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ABSTRACT

The advent of large Vision-Language Models (VLMs) has significantly advanced
multimodal understanding, enabling more sophisticated and accurate integration
of visual and textual information across various tasks, including image and video
captioning, visual question answering, and cross-modal retrieval. Despite VLMs’
superior capabilities, researchers lack a comprehensive understanding of their
compositionality — the ability to understand and produce novel combinations of
known visual and textual components. Prior benchmarks provide only a relatively
rough compositionality evaluation from the perspectives of objects, relations, and
attributes while neglecting deeper reasoning about object interactions, counting,
and complex compositions. However, compositionality is a critical ability that
facilitates coherent reasoning and understanding across modalities for VLMs. To
address this limitation, we propose MM COMPOSITION, a novel human-annotated
benchmark for comprehensively and accurately evaluating VLMs’ compositionality.
Our proposed benchmark serves as a complement to these earlier works. With
MMCOMPOSITION, we can quantify and explore the compositionality of the
mainstream VLMs. Surprisingly, we find GPT-40’s compositionality inferior to the
best open-source model, and we analyze the underlying reasons. Our experimental
analysis reveals the limitations of VLMs in fine-grained compositional perception
and reasoning, and points to areas for improvement in VLM design and training.

1 INTRODUCTION

Pre-trained vision-language models, such as GPT-40 (Achiam et al.l 2023, LLaVA (Liu et al.,
2024b)), Intern VL (Chen et al., |2024b)), and VILA (Lin et al.,|2024), have demonstrated impressive
capabilities in complex reasoning, and have achieved remarkable results in various vision-language
(VL) tasks. Despite these advancements, contemporary state-of-the-art VLMs still struggle with
understanding fine-grained multimodal compositional information (Yuksekgonul et al.| 2022 |Thrush
et al.,2022). For instance, VLMs often fail at counting objects in images, especially when the objects
are mixed with other items or occluded, while humans can handle this task easily. This reveals
a compositionality gap between humans and models. However, compositionality is recognized as
a core capability for VLMs (Yuksekgonul et al., [2022)), referring to the ability to understand and
produce a potentially infinite number of novel combinations of known visual and textual components,
i.e., to make “infinite use of finite means” (Chomskyl, 2014). Compositionality is essential for
tackling challenging questions in image captioning, visual question answering (VQA), and scene
understanding, where complex interactions between objects and attributes need to be communicated
in natural language.

In recent years, there has been a growing focus on evaluating the comprehensive capabilities of
large VL models, such as MMBench (Liu et al., [2023b), MMMU (Yue et al., [2023), MM Vet (Yu
et al.,[2024a:b), MME (Fu et al.|[2023)), Seed-bench (Li et al.| [2023a)), MMStar (Chen et al., [2024a)),
MathVista (Lu et al., |2023)), and LLaVA-Bench (Liu et al., [2024b). These benchmarks evaluate
VLMSs’ capabilities in recognition, OCR, knowledge, language generation, spatial awareness, and
mathematical reasoning. While some of these benchmarks include visual compositional question-
answering (QA) pairs (Fu et al.| |2024; |L1 et al., 2023a; [Tong et al., [2024b), none are specifically
designed to comprehensively evaluate the models’ fine-grained VL compositional perception and

'All data and code will be released upon publication of this paper.
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Figure 1: MMCOMPOSITION comprises 13 categories of high-quality VL composition QA pairs,
covering a wide range of complex compositions. In the example, GPT-4o failed to understand the
compositional aspects of the visual and textual components, misidentifying a three-story building as
a double-decker structure. This misinterpretation highlights the limitations of current VLMs.

reasoning abilities. Additionally, some existing benchmarks (Yuksekgonul et al.l 2022; [Hsieh et al.]
[2024}; [Zhao et all, 2022} [Thrush et all, 2022} Ray et al., 2023} [Ma et al., [2023)) evaluate models’

compositionality roughly from the perspective of attribute, relation, and object perception. These
benchmarks have limitations in evaluating fine-grained visual composition and reasoning. They
mainly focus on image-to-text retrieval tasks, assessing basic object, relation, and attribute recognition
but neglecting deeper reasoning about object interactions, counting, and complex compositions. As a
result, researchers currently have an incomplete understanding of VLMs’ compositionality.

To address these issues, we propose MM COMPOSITION, a novel, human-annotated, high-quality
benchmark for the comprehensive evaluation of VLMs’ compositionality. MMCOMPOSITION
evaluates the compositionality of VLMs in three main dimensions: VL compositional perception,
reasoning, and probing, which are further divided into 13 distinct categories of questions, as illustrated
in Figure[T] While previous evaluation benchmarks have primarily focused on text-to-image retrieval,
single-choice questions, and open-ended text generation, MM COMPOSITION introduces a more
diverse and challenging set of tasks. The benchmark encompasses 4,342 questions, covering both
single-image and multi-image scenarios, as well as single-choice and indefinite-choice formats. This
expanded range of tasks is designed to evaluate the complex interplay between vision and language
in VLMs more effectively. By incorporating a wider variety of complex composition questions,
MMCOMPOSITION provides a more comprehensive and in-depth assessment of models’ capabilities
in cross-modal compositionality, surpassing the evaluations offered by earlier benchmarks like ARO
(Yuksekgonul et al.| 2022) and Winoground (Thrush et al., [2022). Table [§| highlights the differences
between MM COMPOSITION and other existing datasets that focus on VL compositionality.

In addition to the new benchmark, we also provide a comprehensive analysis of the models’ capabili-
ties in fine-grained VL compositional perception and reasoning. Our experiments show that most
SOTA VLMs exhibit deficiencies in compositional understanding. Even GPT-4o, despite its advanced
capabilities, struggles with tasks requiring nuanced compositional reasoning. These findings highlight
the need for further research and development to enhance the compositional abilities of VLMs. Our
benchmark serves as a tool for identifying these gaps and inspiring future improvements in VLM
design and training. Moreover, we analyze the critical factors in VLM architecture and training that
may influence the compositionality of VLMs. According to the empirical results, we reach three
findings: (1) Visual Encoder Design: While a mixture-of-encoder architecture can enhance composi-
tionality, adding more encoders does not necessarily improve performance. Moreover, models that
encode images with minimal degradation of image quality — preserving the original high resolution
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Table 1: Comparison with related VL compositional benchmarks: “Yes/No Ratio” refers to the pro-
portion of yes/no questions, “Fine-grained” indicates whether the data provide detailed breakdowns of
VL compositional information, and “IT Mismatch Detec.” means “Image Text Mismatch Detection”.

Dataset | Yes/No Ratio  Size Human Annotation Multi-Image Indefinite-Choice Task Fine-grained
Winoground (Thrush et al.;[2022}) - 400 v 4 Compositional Reasoning X
ARO (Yuksekgonul et al.[[2022} - 50k X X T2I Retrieval X
Sugarcrepe (Hsieh et al.][2024) - 7,512 X X T2I Retrieval X
VL-Checklist (Zhao et al.|[2022} - 410k X X T2I Retrieval X
Cola (Ray et al.|[2023} - 1,200 X X T2I Retrieval X
FineMatch (Hua et al.}[2024a) - 49.9k v X - IT Mismatch Detec. v
GQA (Hudson & Manning;2019) 0.774 22M X X X Compositional QA v
MMCOMPOSITION (ours) \ 0.038 4,342 4 v v Compositional QA v

and aspect ratio — exhibit superior compositionality compared to those that utilize downsampling
during the encoding process. (2) Language Decoder Size: Larger language decoders are associated
with improved compositionality. (3) The Volume of Training Data: Fine-tuning models on more
diverse datasets helps mitigate some compositionality limitations, driving more robust compositional
understanding. In addition, although GPT-40 includes a powerful language model, we find that
for relatively simple QA tasks, only a small portion of its language capabilities are utilized
(compared to the models outperform GPT-40, whose language model size is only 70B). Once the
language decoder size reaches a certain threshold (e.g., 34B, 70B), the visual encoder has a
more significant impact on the model’s compositionality. We demonstrate in Figure [13[that the
downsampling image processing in GPT-40 contributes to its inferior performance. Our experimental
analysis highlights the limitations of large-scale VLMs in fine-grained compositional perception and
reasoning. Our empirical analysis provides a systematic framework for evaluating and enhancing
models’ capability, pinpointing areas where large models still struggle.

Our main contributions are three-fold:

* We introduce MM COMPOSITION, a novel, human-annotated, high-quality benchmark
designed to evaluate the compositionality of pre-trained VLMs. MM COMPOSITION assesses
compositionality across three dimensions: compositional perception, reasoning, and probing,
which are further divided into 13 distinct categories of questions. The benchmark includes a
diverse set of 4,342 questions, encompassing both single-image and multi-image scenarios,
as well as single-choice and indefinite-choice questions, providing a comprehensive and
robust evaluating framework for VLM compositionality.

* We comprehensively evaluate 54 well-known VLMs with MM COMPOSITION. The empir-
ical results highlight the challenging nature of MM COMPOSITION, as the highest model
accuracy reached only 67.95%, compared to 90.31% for human performance. This evalua-
tion reveals a substantial gap between state-of-the-art VLMs and human capabilities and
provides insights into the limitations of current VLMs.

* We systematically analyze critical factors in VLM architecture that may influence the
compositionality of VLMs, including the size of language decoders, the volume of training
data, and the visual encoder design. Furthermore, we provide an interpretable analysis of
models’ limitations in complex compositional understanding. This analysis identifies critical
areas for model improvement and suggests directions for future advancements.

2 RELATED WORK

2.1 VLM EVALUATION BENCHMARKS

The advent of large-scale VLMs has led to the development of numerous benchmarks designed to
evaluate various model capabilities. Among the most commonly evaluated are image captioning (Lin
et al.; [Onoe et al.l [2024; Masry et al., 2022), which tests a VLM’s ability to generate natural
language descriptions of images; VQA (Antol et al., [2015; Marino et al., [2019; Mathew et al.,
2020), which assesses the model’s capacity to answer image-based questions by integrating visual
perception with language understanding or external knowledge; and Visual Reasoning (Johnson
et al.,[2017; [Suhr et al.l 2017), which evaluates a model’s understanding of spatial relationships and
logical reasoning based on visual input. In recent years, researchers have built benchmarks that
aim to evaluate the comprehensive capabilities of VLMs (Li et al.| [2023a} [Liu et al., 2023b; [Yue
et al., 2023 |[Fu et al., 2023} Yu et al., 20244} Lu et al., 2023} |Guan et al., [2024)). Although some
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benchmarks include QA pairs related to compositional reasoning, such as BLINK (Fu et al., 2024),
MMVP (Tong et al., [2024b)), and Seed-bench (Li et al., [2023a), these are often mixed with other
types of QA pairs, making it challenging to assess a model’s compositionality precisely. In contrast,
MMCOMPOSITION consolidates and refines existing categories of VL compositionality, offering a
diverse set of compositional QA pairs that provide a more precise evaluation of model performance.

2.2 COMPOSITIONALITY FOR VISION-LANGUAGE MODELS

Compositional understanding of images and text is a critical capability for VLMs. Research indicates
that VLMs struggle to distinguish hard negative examples, i.e., image-text pairs that mismatch in
at least one aspect (e.g., attribute, relation, object), as there is little incentive for them to learn
compositionality during contrastive pre-training (Yuksekgonul et al., |2022). Hsieh et al.| (2024)
illustrate that contrastive pre-training with generated hard negative examples can improve models’
performance on downstream tasks. Various benchmarks have been proposed to assess the capabilities
of VLMs in compositional vision-language perception, including VL-Checklist (Zhao et al.} 2022),
ARO (Yuksekgonul et al.l |2022), FineMatch (Hua et al., [20244), Sugarcrepe (Hsieh et al., [2024),
Crepe (Ma et al.| [2023), Cola (Ray et al.}2023), CheckList (Zhao et al.,[2022), etc. However, these
benchmarks often evaluate models’ capabilities from limited perspectives, such as object, attribute,
and relation perception, and primarily focus on simple tasks like binary image-to-text retrieval, where
models need to select the correct caption from pairs containing a correct and a hard negative caption.
Moreover, the aforementioned benchmarks often contain a limited range of relations or attributes (e.g.,
ARO includes 48 relations and 117 attributes). GQA (Hudson & Manning, [2019)) includes a diverse
set of QA pairs focused on compositional reasoning, but the majority of the questions (77.74%) are
simple Yes/No format. In contrast, MM COMPOSITION offers a more comprehensive assessment with
various compositional scenarios, including multi-image and indefinite choice questions, providing
a more comprehensive assessment. Furthermore, MMCOMPOSITION evaluates the robustness in
detecting complex relationships, including subtle scene composition, object interactions, and higher-
order concepts beyond basic perception.

2.3  PRE-TRAINED VISION-LANGUAGE MODELS

Vision-language models (Radford et al., 2021} |Liu et al., [2024a; Hua et al., 2024b; |Ye et al., 2023}
Tang et al.| 20245 (Chen et al., [2024b; [Bi et al.| [2024; [Li et al.,|2022; [Tong et al.,[20244a) aim to achieve
multimodal intelligence by jointly understanding and generating visual and language information.
Inspired by the remarkable success of recent large language models (LLMs) (Touvron et al.| 2023}
Chiang et al.,[2023 |Hua et al.,2021)), researchers are now exploring large VLMs that combine pre-
trained visual encoders and language decoders to tackle complex multimodal tasks. Flamingo (Alayrac
et al,[2022) and BLIP-2 (Li et al.) are two of the early works that explore the integration of LLMs into
vision-language pre-training. These models are trained as VL foundation models. Beginning with
LLaVA (Liu et al., [20244), researchers have used LLM-synthesized instruction-following chat data
in VQA format for instruction tuning, achieving significantly improved results (Hua et al., |20244a).
Subsequent studies have expanded to explore the broader capabilities of multimodal LLMs (Hu et al.|
2023;|Guan et al., 2024; [Lin et al., 2023; Yu et al.l 2024c; [Tang et al., [2023)). However, these efforts
place less emphasis on improving the models’ ability to fine-grained compositional perception and
reasoning.

3 MMCOMPOSITION

3.1 DATA CURATION

To ensure a comprehensive and high-quality benchmark, we develop an efficient pipeline for curating
VQA data that accurately reflects compositional information.

Data Collection. We use various datasets with the potential to construct VL. compositional QA
pairs as our seed data. This collection includes datasets that contain the description of objects,
attributes, relations, and counting, such as VL-CheckList (Zhao et al.}|2022), Sugar-Crepe (Hsieh
et al.} [2024), ARO (Yuksekgonul et al., 2022)), Crepe (Ma et al., 2023), and DOCCI (Onoe et al.,
2024)). Additionally, we incorporate sources that are well-suited for constructing VL. compositional
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Figure 2: The statistics of 13 distinct categories of QA pairs in MMCOMPOSITION and some models’
performance on each category.

reasoning QA pairs, including SVO-Probes (Hendricks & Nematzadeh| 2021}, VSR (Liu et al.,
2023al), BLINK (Fu et al.| [2024), GQA (Hudson & Manning, |[2019), Visual Genome (Krishna et al.|
2016)), and CLVER (Johnson et al.,|2017). It also contains datasets with multiple images in each
sample, such as Winoground (Thrush et al.| 2022)), MuriBench (Wang et al., 2024) and NLVR2 (Suhr
et al., 2017).

Question and Answer Construction. We obtain QA pairs from the seed data in through several
methodologies:

For the seed data that only contain positive and negative captions (e.g., ARC (Yuksekgonul et al.|
2022)), we first generate sentence embeddings for each caption using Sentence-BERT (Reimers &
Gurevych, 2019). We then utilize these embeddings to retrieve the most similar captions from the
Visual Genome (Krishna et al.,|2016) dataset. This process results in four captions per image in each
sample, forming four answer options per question.

For data samples containing multiple images — such as those in the image difference spotting task,
which includes two images per question — we concatenate the two images side by side and label them
Left and Right beneath each sub-image. This setup allows for two types of question-answer options:
Left and Right for questions asking which sub-image is described by a caption, and True and False
for questions determining the accuracy of a caption describing the image difference. For tasks that
include more than two images per question (e.g., visual similarity assessments), we concatenate all
images into a single composite image and label each sub-image as Image,, ..., Image,.

For the probing task, we select several captions from the dense captions in Visual Genome (Krishna
et al.l 2016)) as the correct options and write the misaligned captions manually for the image. Then,
we randomly select « € {1,2,3,4} captions from the set of accurate captions for a given image
and complement these with 4 — x incorrect options drawn from a set of conflict captions. With this
approach, we can obtain the indefinite-choice QA pairs.

Data Filtering and Difficulty Classification. We divide the data into different difficulty levels: easy,
medium, hard, and super hard. To achieve this, we use a voting system with six models, ranging
from weaker to stronger, including LLaVA-1.5-13B (Liu et al.,[2024b)), LLaVA-1.6-Mistral-7B (Liu
et al.| |20244a), LLaVA-1.6-Vicuna-13B (Liu et al.l|[2024a)), Phi-3-Vision-128K-Instruct (Abdin et al.|
2024])), InternVL-Chat-V 1.5 (Chen et al.,|2024b), and Qwen-VL-Chat (Bai et al.,|2023). Based on the
accuracy of model predictions for each question, questions are categorized into different difficulty
levels. Questions with zero correct predictions are classified as super hard, those with one or two
correct predictions are labeled as hard, questions with three or four correct predictions are considered
medium, and those with more than five correct predictions are categorized as easy. The overall
difficulty of the dataset is then controlled by adjusting the ratio of questions at each difficulty level.
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Human Annotation. All QA pairs in the benchmark are human-annotated. Annotators first assess
image quality to ensure it meets the required standards. For human-created data, annotators are first
trained with detailed instructions to develop a thorough understanding of the compositional aspects
in our dataset. During annotation, they generate QA pairs based on the provided aspect prompts.
For GPT-synthesized data sourced from DOCCI, annotators verify whether the question accurately
reflects the compositional information in the image and whether the answer appropriately corresponds
to the question.

3.2 EVALUATION METRIC

LetD = {D,, = {T:}}*, }lfil denotes our dataset , where each catagory D,,, consists of 7; subtasks.
For each subtask, we calculate the accuracy across all annotations. For each question ¢ € D, let A,
be the set of correct options, P, be the set of predicted (selected) options. The score for question ¢,
denoted as s, is calculated as:

1,  ifP, = A,

P .
Sq = —‘lAzl‘, if P, C Ay
0, otherwise
Here, | - | denotes the number of options selected by the participant and the number of correct

options, P, C A, means all selected options are correct, but some correct options are missing (under-
selection). The “otherwise” case covers instances where incorrect options are selected (wrong or over-
selection). This equation applies to both the single-choice and indefinite-choice questions. The final
weighted average accuracy across all categories is calculated as ACC = Z‘rﬂl tTi1 Sq X |Ti|/|Dal,
where | - | is the question number in one set.

3.3 QUANTITATIVE ANALYSIS

MMCOMPOSITION contains 13 different VL composition tasks, including Attribute Perception
(Attr-P), Object Perception (Obj-P), Counting Perception (Count-P), Relation Perception (Rel-
P), Difference Spotting (Diff-S), Text Rendering (TR), Visual Similarity (Visual-Sim), Attribute
Reasoning (Attr-R), Object Reasoning (Obj-R), Counting Reasoning (Count-R), Relation Reasoning
(Rel-R), Object Interaction (Obj-Interact), and Compositional Probing (Prob). We use GPT-4o to
label each question category via in-context learning, followed by manual verification for accuracy.
Figure 4] illustrates the difficulty distribution of MMCOMPOSITION, highlighting the challenging
nature of our dataset. Figure [5]depicts the distribution of option counts per question, with over half
of the data containing more than four options. To analyze the impact of input resolution on model
performance, we further display the resolution distribution of images in Figure[6] which reflects the
image quality of our data. For textual analysis, we visualize the phrase distribution of questions using
a word cloud diagram in Figure[/| clearly depicting the word frequency and distribution across the
questions. We also provide a detailed explanation for these 13 categories in Section|A.3

4 REVISITING THE COMPOSITIONALITY OF PRE-TRAINED
VISION-LANGUAGE MODELS

In this section, we quantify and explore the compositionality of state-of-the-art VLMs and provide a
comprehensive evaluation of VLMs. For all experiments, we use a consistent prompt template and
the official default hyperparameters for each model.

Overall performance. The overall performance indicates that models struggle with perceiving
and reasoning about fine-grained VL compositional information. The best human expert achieves
an accuracy of 90.31%, significantly outperforming all the models reported in the table. This
demonstrates the still existing gap between human expertise and the performance of current models
on the MM COMPOSITION benchmark. This reflects the benchmark’s rigorous standards. The open-
source InternVL2 (Chen et al., [2024c) series models secured first and second place on the leaderboard.
InternVL2-40B performs better than InternVL2-76B. Among the API-based models, Qwen2-VL and
GPT-40 achieved the best and second best performance. The superior performance of open-source
models with relatively smaller language models compared to GPT-40, which has a larger language
model, is due to their more effective visual encoders. The mean accuracy of 7B and 13B open-source
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Table 2: The comprehensive performance of 54 VLMs on Acc, including open source models and
API-based models . The best and second best results are in bold and underlined, respectively.

| Perception! | ing] | Probing] |

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 1
Human 9794 9804 9306 9200 7902 8571 8654 | 9120 7883 10000 7735 8800 | 9184 9031
InternVL2-40B {Chen ct al 12024b 7222 7769 4521 7253 3112 7321 4865 8378 8257 8451  69.20 65.85 59.59 67.95
InternVL2-76B (Chen et al. 7065 7675 4828 7000 1909 7857 4865 85.14 8349 8540 7093 67.07 58.46 67.28
Quen2-VL-728 flcam 12024 5957 5180 5249 6252 4523 8214 6757 8784 8440 8451 7151 70.12 69.57 65.24
InternVL-Chat-V I 69.81 6673 4368  69.02 3112 7857 2838 7883 7798 8053 67.13 60.98 65.80 64.94
InternVL2-26B {Chen et a 6846 6957 4023 6696 2282 8036  62.16 7928 7982 8186  64.59 63.41 5243 63.08
VILA-40B {Lin ct al 6570  66.16 4521 6365 2365 7500 4459 7072 7706 6726  69.32 59.15 62.16 62.38
GPT-4o (Achiam et a 6397 5898 3793 6676 3237 8214 6081 6261 7982 6195 6113 75.00 5465 59.71
InternVL- 64.58 6408 4138 6298 2573 7679 2973 63.06 7156  61.06  63.44 65.24 60.71 59.61
InternVL-Chat-V 1.5 5944 6238 3831 6047 2158 7679 5135 7793 8349 7832 6205 63.41 57.01 59.58
InternVL2-8B (Chen 6268 6144 3180 5954 2531 7321 3378 7883 7523 7389 6205 62.20 54.10 5847
LLaVA-V1.6-33B (L 6724 6900 4406 6131 2573 7679 2162 5315 6789 5310 6159 5427 58.17 58.25
MiniCPM-V2.6 {Yao 65.19 6106 4100 6180 2199 7321  37.84 6396 7339 68.14 5525 60.98 5443 57.01
InternLM-XCompose 6224 5803 3908 5836 2365 6786  27.03 7072 7431 60.18 5871 59.15 60.02 56.60
Qwen-VL-Max (B: 376 5482 3640 5867 2282 8036  41.89 5360  65.14 5398 6136 62.80 63.87 55.18
InternLM-XComposer2. | 5668 5784 3793 5682 2158 7143 2838 TL17 7523 6106 60.55 60.98 49.64 | 5510
Hunyuan-Vision 6195 6503 3716 5858 2697 7679 3649 6126 7248 5619 5409 59.15 45.03 5464
InternLM- XComoserZVVLJB | 59.18 5539 4023 5691 2531 6607 3108 67.57 7339 61.06  55.02 53.66 5715 | 5462
Gemini-1.5-Pro 2024] 5530 5350 3946  S7.11 2448 6786 5541 5991 7431 5044 5629 65.24 49.60 5327
Mini-Genmini-345 (L1 et al.. mmq 5835 5917 3793 5370 2531 7321 39.19 5450 7339 5841 57.90 61.59 41.79 53.06
7 W 5382 5501 3142 5217 1826 7321 2568 7703 7156 7257 5640 55.49 41.18 52.03
5482 5898 3602 5580 3029 69.64  29.73 5090 6789 5133 5329 60.98 49.17 5201
5193 5123 3640 4988 1992 7679 2027 69.37 7706  68.14 5813 62.20 4179 51.54
5495 5236 3755 4835 2780 7321 4054 5991 7248 5885  60.09 66.46 3591 51.48
5816 53.50 3487 5407 2158 5000 1216 4595 6606 5310 5167 57.32 59.44 50.81
5225 5936 2682 5253 2656 7321 1892 6892 6514 5929 5271 50.00 4237 50.41
5501 4839 3027 5261 2116 6607 3108 4505 6330 5310 5640 53.66 5465 50.02
5767 5444 3448 5169 3817 5714 4865 5090 6514 4735 4475 59.15 50.69 49.84
5530 4386 3027 5161 2531 6964 4054 4505 65.14 4779 4879 60.37 56.75 48.52
Yi-VL-34B [Al et al. 5302 39.89 3027 5033 2614 6429  17.57 5045 5688 5531 5294 52.44 53.88 47.86
Step-1V-321 46011 4216 2644 4625 2531 6786 4324 66.67 6697 6283 5213 59.76 45.46 47.64
ConvLLaVA-1024-7B (Ge et al. 5173 4726 3257 4496 2822 6964 2162 5541 6514 5310  53.06 54.88 40.89 47.32
Yi-VL-6B (Al et al. |21 5199 4575 3027 4934 2573 6071 2027 4505 5138 5221 5156 51.83 48.76 46.87
Bunny-3B {Fe cal. 4997 5066 2682 4879 2573 5000 1216 4640 6147 4779 46.14 5122 55.08 46.32
Bunny-4B-VTU{He et al.| 2024 5250 4764 3908 4600 2116 5179 1757 4369 6239 5221 49.94 52.44 42.66 46.07
LLaVA-HR-13B {Luo et al 12004 5032 4291 3525 3981 3237 6607  27.03 4550 6055 4558 5190 5732 48.80 46.02
ConvLLaVA-1536-7B {Ge ct al 12024 5003 4650 2835 4125 2739 69.64 2973 5135 6422 5221 5213 64.02 3420 45.52
InternVL2-2B {Chen et al. 4332 5482 2682 4579 2282 6786 1757 63.06 5872 49.56  46.94 53.66 38.16 45.11
Monkey-Chat (L1 et al.12 4920 4953 2414 4713 1660 69.64 1351 5135 5872 4425 46.60 5122 4891 44.90
Mini-Gemini-13B (L1 et al. 12023b, 4371 4121 2720 4163 2158 6250 3378 5586 6881 5044  53.06 57.32 3228 43.74
SME-7B (Zhang ct al 12 4570 4594 2874 4076 3112 6250 2027 4324 5963 4823 5317 53.05 30.03 4345
INF-LLaV; 4309 4669 3295 4192 2448 5714 2027 5000 6606 5531 4833 5427 3141 43.32
SIiME-8B (Zhang o 2 4650 4329 3218 4027 3029 6071 2568 4459 6147 4779 5329 47.56 29.96 4329
INF-LLaV; 2 4566 4216 27.59 4737 3320 5714 3243 4640 6055 4292 4498 54.88 35.58 43.04
LLaVA-HR: tal.f2024; 40.46 43.67 31.42 4043 2822 64.29 37.84 46.85 60.55 48.67 49.25 56.71 33.04 4273
SHME-13B {Zhang et al.12 4746 4064 2874 4255 2241 6607 1757 4550 5688 4779 49.83 56.10 3355 42.63
ConvLLaVA-768-7B {Ge et al. 12024 4650 4045 2835 3488 1660 6607 2297 5315 6972 5442 49.02 55.49 37.11 42.40
InternVL2-1B (Chen et al. 4303 4802 2299 4329 2324 6429 1892 5405 5872 4902 4591 57.93 27.89 42.06
Mini-Gemini-1SB-HD {L1 et al.| 2023 4229 3837 3218 4020 1867 6786 2432 5135 6330 4558 49.83 5671 3428 41.99
Qwen-VL-Chat (Bai L) 41.97 36.67 25.67 39.13 2448 67.86 16.22 41.89 61.47 53.54 47.52 58.54 41.54 41.64
DeepStack-L-HD-Vicuna- 4329 3705 2874 3574 1867 6071 1757 4685 6055 4513 46.94 59.15 35.88 4026
DeepStack-L-Vicuna-7B 4547 4121 2720 3600 2199 6071 1892 4234 5688 4204  46.83 50.61 3021 3975
LLaVA-V1.6-Vicuna-13B {Liu et al. | 2024 3700 2930 2375 3243 2490 6607 1216 4099 5413 4204 5029 48.78 38.16 38.03
LLaVA-V1.6-Mistral-7B @nm 02%a] 3655 29.68 2404 3924 3112 6429 1351 3694 4771 4204 4118 49.39 38.24 37.18
LLaVA-V1.5-13B {Liu et al. 3092 2836 2835 2089 2946 6429  14.86 4550 4679 3707 43.60 46.34 41.39 36.07
Random Choice 2312 2363 2184 2585 2946 3571 2568 | 3694 4679 3850  35.64 4765 | 2861 30.15

VLMs hovers around 36-38%. For reference, we provide the random guess accuracy (30.15%) as a
lower bound for the benchmark.

The tasks where VLMs exhibit relative strengths and weaknesses. From Table 2] we observe
that VLMs perform relatively better on tasks such as Attribute, Object, and Relation Perception,
as well as Attribute, Object, and Count Reasoning, where they perform much better than other
categories. However, they struggle with tasks such as Count Perception, Difference Spotting, Visual
Similarity, and Probing (see illustrations in Fig. [I). These tasks often involve multiple images,
some with extreme aspect ratios, and the probing tasks include indefinite-choice questions, which
pose additional challenges for the models. 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, aligning with the
limitations outlined in the official GPT-40 documentation. Overall, the models perform relatively
well on mid-level perception and reasoning tasks.

5 DIAGNOSTIC ANALYSIS OF FACTORS INFLUENCING MODEL
COMPOSITIONALITY

In this section, we analyze the factors that may influence the compositionality of VLMs. We focus on
three dominant factors: visual encoder design, language decoder size, and training data volume.

5.1 VISUAL ENCODER DESIGN

High-resolution visual encoders. A common approach to enhance a model’s capability to perceive
fine-grained visual content is to introduce higher-resolution encoders. In this study, we employ the
control variable method, where the input resolution of the encoders is the only variable, while the
training data and text decoders remain fixed. From Table 3] we observe that models with higher
resolution encoders demonstrate superior capability for multimodal compositional perception and
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reasoning. However, for the Mini-Gemini series models, the introduction of a high-resolution encoder
with a patch info mining mechanism unexpectedly resulted in a performance decline.

Table 3: Performance comparison of models with and without high-resolution encoders (Avg. refers
to average resolution).

Perception Reasoning Probing

Method ‘ Resolution  Visual Tokens Avg. 1055813 Avg. 9354535  Avg. 849%530 Overall
ConvLLaVA-768-7B 768 144 36.51 52.46 37.11 42.40
ConvLLaVA-1024-7B (Ge et al.{2024) 1024 256 43.70.7 19 5441 95 40.89 3 78 47321492
ConvLLaVA-1536-7B 1536 576 41.84, 533 54.0941 .63 34.20_¢.69 45524312
LLaVA-1.5-13B (Liu et al.|2024a) 336 576 29.91 43.45 41.39 36.07
LLaVA-HR-13B (Luo et al.[[2024) 1024 1024 41.83 1 11.92 51.26,7.81 48.8047.41 46.02.19.95
DeepStack-L-Vicuna-7B (Meng et al.|2024) 672 2880 36.92 46.60 30.21 39.75
DeepStack-L-HD-Vicuna-7B (Meng et al.|[2024) 1344 14400 35.19_1 73 48.87 1597 35.88. 567 40.260 51
Mini-Gemini-13B (Li et al.|[2023b) 768 576 38.51 54.60 32.28 43.74
Mini-Gemini-13B-HD (Li et al.][2023b) 1536 576 37.24_4 o7 51.07_353 34.28 500 41.99_1.75
Mini-Gemini-34B (Li et al.|[2023b) 768 576 51.25 58.94 41.79 53.06
Mini-Gemini-34B-HD (L1 et al.|[2023b) 1536 576 4773350 61.40.45 46 3591_55s 51.48_ 58

Mixture-of-encoder. Another approach to enhancing visual encoders is the use of a mixture-of-
encoder architecture. In this setup, image features are extracted by a combination of high-resolution
and low-resolution encoders, providing rich visual information to the language decoders. We analyze
the relationship between the mixture-of-encoder architecture and model performance by aggregating
different encoders while keeping the training data and decoders fixed. We use the LLaVA-1.5
pretraining data for stage-1 pretraining and the EAGLE 1.8M dataset (Bi et al., [2024])) for stage-2
fine-tuning. The initial encoder is a CLIP model with 448 resolution (Radford et al.,[2021)), and the
decoder is LLaMA-3-8B (Dubey et al.,[2024). We scale up the encoders using: (A) ConvNeXt (Liu
et al.| 2022)), (B) SAM (Kirillov et al.l 2023)), (C) DINOv2 (Oquab et al.,2023), and (D) Pix2Struct
(Lee et al., 2023). The empirical results in Table E] indicate that combining CLIP with encoder A
improves the models’ performance; however, as the number of visual encoders increases, the models’
performance declines.

Table 4: A comparative analysis of various mixture-of-encoder architectures in relation to model
compositionality.

Method \ Visual Encoders  Relolution Perception Reasoning Probing Overall
LLaVA-1.5 (Liu et al.|[2024a) CLIP 448 44.93 54.16 53.34 49.19
LLaVA-1.5+A CLIP+A 1024 4590097 5334_pg2 5693 359 49.82, 063
LLaVA-1.5+A+B CLIP+A+B 1024 45.96+1 .03 52.46_, 7 49.02,4_32 48.66,(),53
LLaVA-1.5+A+B+C CLIP+A+B+C 1024 4341 150 5214 502 54214087 4774 145
LLaVA-1.5+A+C+D CLIP+A+C+D 1024 4490_p03 51.57_959 54.864155 4839 (90

Visual encoder has a more significant impact on the model’s compositionality, while GPT-40
struggles with processing higher-resolution images. By summarizing the empirical results of this
study, we find that for relatively simple QA tasks, only a small portion of its language capabilities are
utilized (compared to the models outperforming GPT-40, whose language model size is only 70B).
Once the language decoder size reaches a certain threshold (e.g., 34B, 70B), the visual encoder plays
a more critical role in the models’ performance. As discussed in Section[A.2] Qwen2VL processes
images by largely preserving their original resolution and aspect ratio. The Internvl-2 series models
employ a dynamic ’any-resolution’ encoding strategy: images are first mapped to an optimal aspect
ratio from predefined ratios, then divided into 448 x 448 pixel tiles, with each tile converted into
256 image tokens. These approaches enable the encoders to handle images of any resolution and
aspect ratio with minimal degradation of image quality. In contrast, GPT-40 processes images with
downsampling when the image’s longest side > 2048px or shortest side > 768px (our data contains
889 such examples), contributing to its inferior performance compared to other open-source models.

5.2 THE VOLUME OF TRAINING DATA

The volume of training data is a crucial factor influencing models’ performance. In this study, we
conduct a comparison analysis of this factor. In Table [5] we observe a significant performance
increase when the training data is scaled up substantially. For instance, InternVL-Chat-V1.2 and
InternVL-Chat-V1.2-Plus, which use 10 times more training data than the former, show significant
performance improvements.
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GPT-40 Gemini-1.5-Pro Qwen-VL-Max VILA-40B

2

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.

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

B. The person is sitting on the couch.

>4

Vil A

o Object Perception
Is there a person depicted in the yellow colored

— °VL Composition Probing

()] Select the true statement(s) about the image.
i gt

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

G

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

%

W

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.

outline on the upper middle portion of the wall?
A: Yes, it is a small short person. é

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 g
not a depiction of a person. ‘

%

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

‘Y

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.

l o Difference Spotting

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

Contetty (e

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).

V7

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 B: yellow

C: blue 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
the same color.

%

4

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

\

| o Counting Reasoning
How many distinct triangles, each oriented

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 to the correct answer, which is option D.

B: four

D: six

D. The rim of the wheel is designed with six distinct triangles k\
that converge at the center circle. f ‘Y

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

Vil.A

differently and separated but converging at

%

Figure 3: Interpretable analysis of different VLMs. Green letters indicate correct answers, while red

letters represent wrong (predicted) answers.



Under review as a conference paper at ICLR 2025

Table 5: The comparison of models with and without training data scale up.

Method | Dataset Size ~ Perception ~ Reasoning ~ Probing Overall
INF-LLaVA (Ma et al.||2024) ‘ 1.25M 41.80 46.98 35.58 43.04
INF-LLaVA* (Ma et al.|[2024) 2.56M 40.13_167 51394441 3141417 43321008
InternVL-Chat-V1.2 (Chen et al.|2024c) | 1.2M 56.49 63.79 60.71 59.61
InternVL-Chat-V1.2-Plus (Chen et al.|[2024c) 12M 60.731 404 70.78.6.099 65.801500 64.94.5 33
InternVL-Chat-V 1.5 (Chen et al.|[2024b) ‘ - 54.14 68.20 57.01 59.58
InternVL2-26B (Chen et al.[[2024b) - 6040626 70.03, 083 5243 455 63.08.35

5.3 LANGUAGE DECODER SIZE

From Table[2] we observe that models with larger decoders demonstrate stronger performance. To
analyze this relationship more accurately, we compare models with different decoder sizes while
keeping the encoder and training data constant. The results are shown in Table[6} from which we can
conclude that larger language decoders result in better performance.

Table 6: The comparison analysis of text decoder size and models’ compositionality.

Method ‘ Decoder Perception ~ Reasoning Probing Overall
InternVL2-1B (Chen et al.|[2024b) Qwen2-0.5B-Instruct 39.65 49.62 27.89 42.06
InternVL2-2B (Chen et al.|[2024b) InternLM2-Chat-1.8B 42371075 51.074145 381041021 45.114305
InternVL2-4B (Chen et al.||2024b) Phi3-Mini-128K-Instruct 46.94 731 625311201 411841399 52.031997
InternVL2-8B (Chen et al.}|2024b) InternLM2.5-Chat-7B 5344 11379 67.0041735 541049621 584711641
InternVL2-26B (Chen et al.||2024b) InternLM2-Chat-20B 60.40 70.03 5243 63.08
InternVL2-40B (Chen et al.|[2024b) Nous-Hermes-2-Yi-34B 65.44 504 7399396 59.59:i716 67.95;487
InternVL2-76B (Chen et al.||2024b) Hermes-2-Theta-Llama-3-70B  63.41, 5, 7544 5 41 5846603 67.281420
LLaVA-V1.6-Mistral-7B (Liu et al.|[2024a) | Mistral-7B-Instruct 33.64 42.00 38.24 37.18
LLaVA-V1.6-Vicuna-13B (Liu et al.J|2024a) | Vicuna-13B-V1.5 31.15_5. 49 47925 95 38.16_¢.08 38.0310.55
LLaVA-V1.6-34B (Liu et al.||2024a) Nous-Hermes-2-Yi-34B 578219418 58.88:i1688 581711993 58.25.5107
Mini-Gemini-13B (Li et al.|2023b) Vicuna-13B-V1.5 38.51 54.60 32.28 43.74
Mini-Gemini-34B (L1 et al.}[2023b) Nous-Hermes-2-Yi-34B 512511074 5894, 434 4179951  53.0649.32
SIIME-7B (Zhang et al.|2024b) Vicuna-7B-V1.5 40.56 51.51 30.03 43.45
SIiIME-8B (Zhang et al.|2024b) Llama-3-8B-Instruct 4044 12 5126 925 2996 307 43.29 .16
SIiME-13B (Zhang et al.|[2024b) Vicuna-13B-V1.5 39.30_126 50.06_145 33.55;352 42.63_q.s2
LLaVA-HR-7B (Luo et al.|[2024) Vicuna-7B-V1.5 39.38 50.38 33.04 42.73
LLaVA-HR-13B (Luo et al.|[[2024) Vicuna-13B-V1.5 41.831253 S51.264120 48.8041525 46.02,339
Yi-VL-6B (Al et al.|[2024) Yi-6B-Chat 43.80 50.76 48.76 46.87
Yi-VL-34B (Al et al.|[2024) Yi-34B-Chat 4299 81 53.154239 53.88.512  47.86.0.99

5.4 INTERPRETABLE ANALYSIS OF MODEL DEFICIENCIES

We conduct a comprehensive error analysis to better understand the models’ deficiencies in fine-
grained compositional understanding. In this analysis, the models are required to answer questions
and provide explanations in a multi-turn dialogue format. Figures and[I5]illustrate the reasons
why the models fail to predict the correct answers for each task. For example, in the Obj-P task
(example 3), while the "yellow colored outline’ is easily detected by humans, the models struggle to
accurately identify the target objects due to the outline being mixed with numerous other characters.
Additionally, the models face difficulties with fine-grained object counting, especially when several
similar objects are present. In the Count-R (example 6) task, for instance, humans can precisely count
the number of triangles on a wheel, but the models confuse the six irregular polygons for triangles.

6 CONCLUSION

This paper introduces MMCOMPOSITION, a novel high-quality benchmark for evaluating VLM
compositionality. With MM COMPOSITION, we comprehensively evaluate the compositionality of
notable VLMs. Our evaluation reveals a significant gap between these models and human performance,
providing insights into the limitations of existing VLMs. Additionally, we systematically analyze
factors that may influence compositionality, including visual encoder design, training data volume,
and language decoder size. We find that for relatively simple QA tasks, only a small portion of the
language model’s capacity is utilized (as seen in models outperforming GPT-40, whose language
model has 70B parameters). Once the language decoder reaches a certain size threshold (e.g., 34B,
70B), the visual encoder has a more pronounced impact on compositionality. In summary, our work
provides a comprehensive and precise framework for evaluating the compositionality of VLMs,
identifies key areas for improvement, and suggests potential directions for future advancements.

10
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A APPENDIX

A.1 QUANTITIVE RESULTS OF MMCOMPOSITION

In this section, we show statistical results for MMCOMPOSITION in Figure [ through Figure[7]
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Figure 4: Distribution of difficulty levels across  Figure 5: Distribution of option counts per ques-

the question set, illustrating the challenging na- tion, showing the variety in answer choices pro-
ture of tasks. vided to evaluate VLMs.
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Figure 6: Resolution distribution of images in
our benchmark, reflecting the portion of high-
quality images in MM COMPOSITION.

A.2 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
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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 7: 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-40 - 512x 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.3 DEFINITION OF 13 DISTINCT CATEGORIES IN MMCOMPOSITION
* Attribute Perception: The specific attributes or properties of the object perception task that
can be solved by humans “within a blink”.
* Object Perception: Identification or recognition of objects in the image.
* Counting Perception: Counting the number of objects or elements in the image.
* Relation Perception: Understanding the relationships between objects in the image.

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

» Text Rendering: Reading or interpreting text present in the image.

* Visual Similarity: Comparing similarities between objects or elements across multiple
images.

» 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.

* 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.

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

* 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.4 CHARACTERISTICS OF QUESTIONS WHERE MODELS UNDERPERFORM
We define the comprehensive performance value (CPV) for each question as the average score across
54 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 [§]through Figure

A.5 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 presents interpretable examples for the
aforementioned categories.

A.6 MORE INTERPRETABLE EXAMPLES

To provide a clearer and more comprehensive interpretation of the models’ capabilities, we present
additional interpretable examples in Figure [[4]and Figure
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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: Abig plate with some potatoes and meat on it. 8
D: A plate containing potatoes, broccoli, carrots and chicken. w @ V i |_A

)

D. The image shows a plate containing potatoes, broccoli, carrots,
and chicken, which matches the description in option D. The
other options either miss some items or inaccurately describe
the contents on the plate.

Object Perception

Which caption accurately describes the image?
A: Atree underneath a green park bench in a park.

B: A sidewalk next to the outdoor sitting area of a restaurant.& ’|
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. ‘y \’ 1 |_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?
B: Three @ - -

D: Two E: Four

A: One.

c:Five \[{I.A

)

C.InImage 2, there are a total of five pillows of different
colors stacked on top of each other, including purple, yellow,
green, blue-green, and orange.

Counting Perception

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

A: One. B: Four ‘Y image 1

C: Three V||_A {5} D: Two 8 E: Zero

)

image 2.

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?

A: Ablack toilet with a white seat on top of a tiled floor. ‘V @ v
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. 8

)

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. \[{|_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 ‘v ‘%\’“-A
C: Five 8 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?

A1 B2 < 2 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?

ALeft <y @Vil_ﬁ_ B: Right, L.eft

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

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.

\

Relation Reasoning

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

A: attached to 8

C: along

)

B: surroundin,
D:on ‘Y

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

Vil.A A b

%

Figure 12: 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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Figure 13: Performance gap between images whose shortest side > 768px and those < 768px, defined
as gap = Accsrespe — Acc<r6spz. The histogram shows the distribution of performance gaps across
13 tasks. The average performance gap for GPT-4o 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 VL Composition Probing

Select the false statement(s) about
the image.

How many people are
wearing caps?

A:5 & 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

D: The man is caucasian.

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

@ B. There are three people in the image wearing caps. The first
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 to be made of a material

similar to brick or clay, which are typically brown in color. ‘ ) 4
X L J 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

shows a grassy field. The statement is false because the term
"lawn" typically refers to a well-maintained area of grass, often
@ J B. In the image, there are three people wearing caps. One person found in residential or recreational settings, which is not the
<

B i . : p case here. (€) The man is not wearing sneakers; he is wearing
W ';Iv:;ulrs"v‘?;::;ct ;:Z‘e:'::‘:r: egsieatinglclvtfelcapiiandiitie sandals. The statement is false because sneakers are a type of

closed-toe footwear, which is not what the man is wearing.

\, i I A A. The man is not walking on the sidewalk. He is walking on \, i I A

B. The image shows 3 people wearing caps. the grass.

Figure 14: More interpretable analysis of different VLMs. Green indicates correct answers, while red
represents the predicted wrong answers.
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Object Interaction Which caption accurately describes the image?

B: A person on a skateboard on a street. &

A: Aperson on a skateboard in front of a building on a street.

C: A young man doing a jump with his scooter and skateboard in a skate park.

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

8 @ Y

Human GPT-40 Gemini-1.5-Pro
Vil.A
Qwen-VL-Max VILA-40B

(person on a skateboard on a 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

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 L
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.

street.

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

Vil.A

~

Attribute Perception
Based on the overhead view, what is the color

of the small sign?
B. Maroon 8

D: Purple

A. Red
i C:Brown

A. The overhead view clearly shows that the sign is a vibrant red
color, matching the color specified in option (A). The sign has a
consistent red hue, rather than any shades of maroon, brown, or
purple, confirming that the correct answer is "Red."

C. The small sign appears to be made of a material similar to
brick or clay, which are typically brown in color. ‘/

%

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

Vil.A

Relation Reasoning

The dining table is the airplane.
(Choose the most appropriate option)

A: three B: four

D: below 8

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.

C. above

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. Y

1\

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

-

Attribute Reasoning

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

A: None of the choices provided
B: Image 3
C: Image 4
D: Image 2

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

|
A. None of the images provided show the same building
as in Image 1.

(Y

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.

Counting Perception
How many dogs are there?
A: Zero

C:Three D:Four E:One

image 1

)

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

B: None of the choices provided 8

J

Figure 15: More interpretable analysis of different VLMs. Green indicates correct answers, while red

represents the predicted wrong answers.

21



Under review as a conference paper at ICLR 2025

Table 8: 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 v 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 4 X College-Level Subject Knowledge 69.1/88.6
HalBench|Guan et al.|(2024) | 1,129 v X Hallucination 67.58 /-
MMCOMPOSITION (ours) \ 4,342 v v Compositionality 67.95/90.31

A.7 ADDITIONAL EXPERIMENTS

To further verify the challenging nature of MM COMPOSITION and demonstrate the indispensable role
of images, we conducted additional experiments under image-blind settings. The results are presented
in Table[T0} We also conducted experiments to compare different visual-to-language (V2L) adapters
and their impact on model performance, as summarized in Table 0] Additionally, we examined
the models’ abilities to handle multi-hop reasoning questions, the effect of providing in-context
examples, 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[I0] all models experienced significant performance drops
across all evaluation dimensions when visual inputs were removed. For instance, the overall score
of Qwen2-VL-72B decreased by 20.50%, underscoring the indispensable role of images in these
tasks. This substantial decline confirms that MM COMPOSITION effectively evaluates the integration
of visual and linguistic understanding, as models struggle without visual context.

V2L Adapters Comparison. We also compare different V2L adapters. As shown in Table [0} 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 42.03, surpassing
InstructBLIP-13B’s score of 37.06. 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 (Table[IT)) and observe that some models perform better on multi-hop
questions, indicating strength in complex reasoning tasks. For example, Qwen2-VL-72B achieved
an overall score of 70.22 on multi-hop questions, compared to 58.55 on non multi-hop ones. This
demonstrates the model’s enhanced capability to handle questions requiring multiple reasoning steps.

In-context Learning Setting. The results in Table |12 indicate that in-context examples do not
consistently improve performance. For Qwen2-VL-72B, adding one example slightly decreased the
overall score by 0.92%, while adding more examples led to further declines. Similarly, InternVL2-
40B experiences a drop of up to 13.44% with three in-context examples. These results suggest that
the models may not effectively utilize in-context learning for visual reasoning tasks, possibly due to
limitations in their training data or architectural design.

Multi-image Setting. As shown in Table[I3] the performance varies between models. Qwen2-VL-
72B shows an improvement in overall score by 4.14% when multiple images are provided, indicating
effective utilization of additional visual information. In contrast, InternVL2-40B’s performance
decreases by 1.62%, suggesting difficulties in integrating information from multiple images.

These additional experiments reinforce the challenging nature of MM COMPOSITION and highlight
the importance of visual information, adapter architectures, and the complexities involved in multi-
hop reasoning and in-context learning within multimodal models. The findings provide valuable
insights for future research aiming to enhance the capabilities of vision-language models.
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(Relation Reasoning) What size is the shiny
thing that is behind the tiny gray thing and h
in front of the small red cylinder?
A.large "
B. small
Answer: B h

(Attribute Reasoning) Which image, left or |:
right, shows the person with hair to their i
shoulders who has blue eyes, while the other I
person has brown eyes? "
A. Left M
B. Right "
Answer:

(Difference Spotting) Three of the following "
four slides are from the same presentation, h
but one is from a different one. Please "
identify the outlier. h
A. Image 4 N
B. Image 3 h
C. None of the choices provided n
D. Image 2 h

Image 1 Image 2

(Counting Perception) How many different
colored pillows are stacked on top of each n
other in one of the images?
A. One "
B. Three "
C. Five "
D. Two "
E. None of the choices provided M
Answer: E

(Visual Similarity) Is it possible for you to unearth
images containing the identical building as
portrayed in Image 1?

A. Image 2

B. Image 4

C.Image 3

D. None of the choices provided

Answer: D

(Attribute Perception) What is the color of n
the line that horizontally intersects the n
centered 'X' in the image? n
A.Black  B. White C.Red "
D. Blue m
Answer: B "

b,

Left Right

(Object Interaction) Which image (left or o
right) shows a plant that was harmed by ! :
another organism, resulting in the plant I
being broken into pieces? "
A. Left "
B. Right "

=1
Right "
(VL Composition Probing) Which image, the

left or the right, depicts a young person playing
baseball with a blue bat and a green ball?

(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
Answer: C

C.1 D.4 n

Image 3 Image 4

(Object Perception) Which of the following
statements is true?

A. The first sign has a white arrow pointing up
diagonal and the sign next to it has a white arrow
pointing down.

B. The first sign has a white arrow pointing down
and the sign next to it has a white arrow pointing
up diagonal.

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

Answer: B

(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.

(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

(Text Rendering) Is there a red and black sticker
covering any part of the text on the severely
weathered white sign that reads "SKATEBOARDS
OR BICYCLES ALLOWED ON SIDEWALK"?
A. Yes, covering the word "ALLOWED"

B. No, there is no sticker

C. Yes, covering the word "SKATEBOARDS"

D. Yes, covering the word "NO"

Answer: C

Figure 16: Examples of multi-hop questions:

our dataset is 2,459 to 1,841.
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Table 9: Comparison of Different Adapters for Model’s Performance.

Model | Visual Encoder LLM V2L Adapter | Perception Reasoning Probing | Overall
mPLUG-OwI2|Ye et al.|(2024) ViT-L/14 LLaMA2-7B Q-Former 36.90 46.16 30.36 39.59
InstructBLIP-7B|Dai et al.[(2023) ViT-G/14 Vicuna-7B Q-Former 33.22 43.70 31.41 36.86
LLaVA1.5-7B|Liu et al.|[(2024b) ViT-L/14 Vicuna-7B MLP 36.51 47.04 30.32 39.71
InstructBLIP-13B [Dai et al.|(2023) VIiT-G/14 Vicuna-13B Q-Former 35.53 42.70 25.24 37.06
LLaVA1.5-13B|Liu et al.[(2024b) ViT-L/14 Vicuna-13B MLP 37.23 49.75 39.32 42.03

Table 10: Results for Image-Blind Setting.

Model | Perception Reasoning  Probing | Overall
Qwen2-VL-72B 56.53 76.39 70.26 65.24
QWCHZ—VL—72B—blin 45.16,11.37 48.17,2&22 30.76,3950 44.74,20'50
InternVL2-26B 60.40 70.03 52.43 63.08
InternVL2-26B-blind 34.80,25‘60 42.63,27‘40 32-17720426 3739—25.69
InternVL2-40B 64.57 74.12 67.14 67.95
InternVL2-40B-blind 37.88_26‘69 43.35_30_77 34-28—32.86 39-54—28.41
InternVL2-76B 63.41 75.44 58.46 67.28
InternVL2-76B-blind 33.93,29_48 44.08,3]_36 32.68,25_78 37.51,29]77

Table 11: Comparison of models’ performance on multi-hop and non multi-hop questions.

Model | Perception Reasoning Probing | Overall
InternVL2-40B-non-multi-hop 74.11 66.52 - 72.28
InternVL2-40b-multi-hop 51.24 77.01 59.59 64.63
Qwen2-VL-72B-non-multi-hop 55.05 69.37 - 58.55
Qwen2-VL-72B-multi-hop 58.91 79.22 69.57 70.22
VILA-40B-non-multi-hop 66.29 61.49 - 65.14
VILA-40B-multi-hop 44.58 71.62 62.16 60.25
GPT-40-non-multi-hop 63.19 57.77 - 61.90
GPT-40-multi-hop 48.51 66.76 54.65 58.03
LLaVA-1.6-34B-non-multi-hop 66.14 61.27 - 64.98
LLaVA-1.6-34B-multi-hop 44.20 57.91 58.17 53.09
Gemini-1.5-Pro-non-multi-hop 55.68 46.61 - 53.50
Gemini-1.5-Pro-multi-hop 42.39 62.78 49.60 53.09

Table 12: Results for In-context Setting.

Model | Perception Reasoning  Probing | Overall

Qwen2-VL-72B 56.53 76.39 70.26 65.24

QwenZ-VL-72B-lexample 62~19+5.66 73.30,309 43-9472032 64.32,092
Qwen2—VL—72B—Zexample 6306+655 70.84,5,55 46.37,23,89 64.14,1,1()
QwenZ-VL-72B-3example 6161+508 69.46,&93 48.87,2139 63.13,211

InternVL2-40B 64.57 74.12 67.14 67.95

InternVL2—4OB—1example 54-01—10.56 66.62,7,50 36.97,30,17 56.82,11.13
InternVL2-40B-2example 52.37,12.20 6524’7888 36.24,30“()0 5537712.58
InternVL2—4OB—3example 51.05,13_52 63.73,10.39 39.94,27,20 54.51,13.4,1

Table 13: Results for Multi-image Setting.

Model | Perception Reasoning Probing | Overall
Qwen2-VL-72B 55.36 77.17 89.86 71.75
QwenZ—VL—72B—multi 63.01_5_7‘65 80.354_3'18 89.19_0_67 7589+414
InternVL2-40B 42.35 73.27 88.51 65.26
InternVL2-40B-multi 39.29 3.6 7254 735 86.49 5o | 63.64_1 40
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