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Abstract

The ability to compare objects, scenes, or situations is crucial for effective decision-
making and problem-solving in everyday life. For instance, comparing the fresh-
ness of apples enables better choices during grocery shopping, while comparing
sofa designs helps optimize the aesthetics of our living space. Despite its sig-
nificance, the comparative capability is largely unexplored in artificial general
intelligence (AGI). In this paper, we introduce MLLM-COMPBENCH, a bench-
mark designed to evaluate the comparative reasoning capability of multimodal
large language models (MLLMs). MLLM-COMPBENCH mines and pairs images
through visually oriented questions covering eight dimensions of relative compari-
son: visual attribute, existence, state, emotion, temporality, spatiality, quantity, and
quality. We curate a collection of around 40K image pairs using metadata from
diverse vision datasets and CLIP similarity scores. These image pairs span a broad
array of visual domains, including animals, fashion, sports, and both outdoor and
indoor scenes. The questions are carefully crafted to discern relative characteris-
tics between two images and are labeled by human annotators for accuracy and
relevance. We use MLLM-COMPBENCH to evaluate recent MLLMs, including
GPT-4V(ision), Gemini-Pro, and LLaVA-1.6. Our results reveal notable shortcom-
ings in their comparative abilities. We believe MLLM-COMPBENCH not only
sheds light on these limitations but also establishes a solid foundation for future
enhancements in the comparative capability of MLLMs.

1 Introduction

The concept of “relativity” is integral in our daily lives. For example, relative freshness affects our
decision to purchase fruits; relative spaciousness affects our decision to choose living or working
space; relative crowdedness indicates which paths to select; (relative) change between two scenes
reveals what happened to the environment. In short, the ability to compare objects, scenes, or
situations and reason about their relativity is vital for us to make informed decisions, solve problems
effectively, and acquire knowledge efficiently, enabling us to make sense of the surrounding world.

The recent advance of multimodal large language models (MLLMs), a.k.a. large multimodal models
(LMMs), [1, 3, 58, 33, 32, 14, 6] has demonstrated promising progress toward artificial general
intelligence (AGI) [65, 36] and achieved unprecedented results in a variety of vision and language
(V&L) tasks, ranging from free-formed visual recognition [15, 10, 13] and visual captioning [10, 2]
to visual question answering [21, 22, 53]. Yet, much less attention has been paid to tasks that involve
relativity and comparison between multiple visual inputs, e.g., two images. In essence, most of the
existing datasets for visual recognition [15, 10, 13] and V&L tasks [21, 2, 40, 31, 16, 65] comprise
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Figure 1:MLLM-C omPBENCH offers diverse triplets comprising two images, a question about their relativity,
and an answer to cover eight types of relativity (see §1). See examples along with predictions of GPT-4V [1].

examples with only single visual inputs (e.g., an image or a video clip), making them infeasible to
assess MLLMs' comparative capability.

In this paper, we introduc®ILLM-C oMPBENCH, a V&L benchmark dedicated to evaluating the
comparative reasoning capabilities of MLLMs (Figure MLLM-C oMPBENCH comprises39:8K

triplets, each containing 1)pair of visually or semantically relevant images 2) a question about their
relativity, and 3) a ground-truth answer. We consider a wide range of questions categorized into eight
aspects of relativityAttribute Relativity tests the ability to recognize relative attributég][such

as size, color, texture, shape, and pattern. For instance, given two images of birds, we ask MLLMs
to compare the length of their beaks (e.g., “Which bird has longer bealsdstential Relativity
assesses the comprehension of existence in comparisons, asking questions like “Which trait is in
the left butter y but not in the right butter y?”.State/Emotion Relativity examines if MLLMs

can identify state variations, such as different degrees of baking and sniéingporal Relativity
evaluates the understanding of time-related changes between two objects or scenes (e.g., “Which
video frame happens earlier during a free kickBpatial Relativity checks the ability to tell spatial
differences (e.g., “Which cup looks further?”). FinalQuantitiy/Quality Relativity investigates
whether an MLLM understands the relativity of quantity and quality (e.g., “Which image contains
more animal instances?”).

We systematically benchmark representative MLLMs\MbLM-C oMPBENCH, including GPT-

4V [1], Geminil.0-Pro p8], LLaVA-1.6 [33], and VILA-1.5 [32]. Speci cally, we concatenate two
images horizontally (i.e., left and right) as the visual input. We then prompt MLLMs to answer
questions about the relativity between these two images. When applicable, we also investigate a
two-stage reasoning strategy, starting by asking a re ned question about each image independently
(e.g., “How many animal instances are in the image?”), followed by a pure language question (e.g.,
“Based on the descriptions, which image has more animal instances?”). Our results reveal notable
shortcomings in existing MLLMs' comparative abilities, especially in Existence, Spatiality, and
Quantity Relativity. We conduct further analyses of error cases, offering insights for future MLLMs'
improvements.

In sum,MLLM-C oMPBENCH has several advantages: MLLM-C oMPBENCH introduces new
perspectives to evaluate MLLMs — comparative reasoning capabilities about relativityiL({iM-
CoMPBENCH provides extensive coverage across eight relativities and fourteen domains. (iii)
MLLM-C omPBENCH benchmarks recent MLLMs, accompanied by detailed analyses and insights
for future improvement. (VMLLM-C oMPBENCH is extensible — we identify multiple data sources
that can be further incorporated.



Remark. During the conference, we noticed a concurrent work by Kazemi et&lttiat also studies
MLLM's reasoning capability with multiple images, speci cally focusing on math, physics, logic,
code, table/chart understanding, spatial and temporal domains. We encourage readers to consult their
work as well.

2 Related Work

Multimodal LLMs (MLLMs). Large Language Models (LLMsS)[58, 4, 5, 23, 59, 63] have made

signi cant strides in various NLP and Al tasks. Many recent works3| 58, 33, 32, 14, 6, 29, 69,

45, 61] have extended LLMs' capabilities into the multimodal domain, particularly for vision and
language (V&L) tasks. At a higher level, this advancement involves integrating a pre-trained vision
encoder (e.g., CLIP4R]) with LLMs via a bridge module (e.g., an adapt@3[ 14]). Different
strategies are developed to pre-train these multimodal LLMs (MLLMs), such as optimizing the LLMs
and bridge module while keeping the vision encoder frozshgr training the bridge part onlyl[].

MLLM benchmarks. Earlier, MLLMs were evaluated on traditional V&L tasks, such as visual
question answering (VQAYJL, 22, 53], image captioning10, 2], and image-text retreivaB[L, 11].
Recently, a range of new and intriguing V&L taska/] 56] have emerged to assess MLLMs'
capabilities across various dimensions. These include comprehension and reasoning aboGgtharts [
diagrams B9, scene text$4, 40], web navigation [ €], expert-level multimodal understandingd],

etc. OurMLLM-C oMPBENCH complements these efforts by focusing on a new dimension, MLLMs'
comparative reasoning capacity on a pair of visually or semantically relevant images.

Multi-image datasets. Several existing dataset$4, 57, 17, 25, 67, 27] provide multi-image data

(e.g., pairs of images), but they serve different purposes (e.g., not for evaluating MLLMSs) or have
relatively limited scopes. NLVR2/] labels each image pair with a caption that may or may not be
relevant to the images, asking models to predict the caption's relevance (i.e., image-text matching). A
few datasets]7, 7, 66] synthesize multi-image data for instruction tuning (e.g., image editing). More
relevant to ours arel[/, 25, 67, 44]. Birds-to-Words [L7] aims to describe the difference between

two birds; Sopt-the-diff25] focuses on the difference between two outdoor scenes; Q-befich2 |
compares the quality (e.g., blurriness) between two images; Relative Attriddlempares the
relativeness of attributes between two facial or natural images. However, these datasets have limited
scopes, only targeting speci c domains or questions. In contrastyiauirM-C oMPBENCH de nes

eight relative comparisons, covering a wide range of relativities in the real world. Our image pairs
are curated from fourteen diverse visual domains. We believe this offers the V&L community a more
comprehensive benchmark to assess the comparative capabilities of current leading MLLMs.

Learning to rank & learning with preference. Several research topics are relevant to ours and may
bene t from ourMLLM-C oMPBENCH. Learning to rank (LTR)30, 34, 8] aims to realize a scoring
function that can rank examples (e.g., images) based on certain aspects, such as facia) alpasq
degrees of attributes’ presenc®gl]. Typically, an LTR model takes one example as input; the model

is trained with pairs of examples such that the output scores match the ground-truth orders. Recently,
learning with preference informatioi§] has become a mainstream approach to ne-tuning LLMs

for alignment p0, 12]. Unlike our focus, these works usually collect pairs of outputs (e.g., answers

to a question) with humans' preferences to supervise model ne-tuning.

3  Why Do We Study Comparative Reasoning?

To date, most of the existing visual recognition and V&L benchmarks focus on a single visual input
(e.g., an image or a video clip), aiming to assess and proaiseluteinference and reasoning within

it, for example, identifying objects, recognizing their properties/states/actions, and describing and
reasoning about their interactions within in the scene.

In reality, not all the inference and reasoning could be made absolute, or need to be absolute. For
example, it is hard and ambiguous to describe the absolute degree of siljnigut it is relatively
easy to compare two faces and tell which one smiles more. This fact applies to other visual properties
like attributes (e.qg., length), states (e.g., steps in cooking), and spatial locations (e.g., longitude and
latitude). Often, comprehending theativity is suf cient for us to make sense of the real world.



Figure 2:MLLM-C omPBENCH curation pipeline, including data selection, question generation, answer
annotation, and veri cation. We rely on combinations of humans, computer programs, MLLMs (speci cally
GPT-4V [1]), and CLIP similarity 9] to select images and generate questions, based on relativity types and
available metadata.

Furthermore, learning to infer and reason abelativity could naturally and more ef ciently facilitate

Al models to graspne-grained details. For instance, learning to describe a complex scene (e.g.,
captioning) often results in a model mastering common objects and properties but missing rare and
subtle ones. In contrast, learning to tell the difference between two scenes promotes the model to
identify subtle changes and describe them.

Last but not least, the ability to perform comparative reasoning is integral to our daily decision-making
and problem-solving (see 81 for some examples). Humans' comparative capability, e.g., providing
preferences between instances, has also been widely leveraged to supervise foundation models like
LLMs to align their outputs with application requirements and societal expectationsd. We

thus believe it is crucial to assess and promote comparative reasoning about relativity in AGI.

4 MLLM-C omMPBENCH Benchmark

We introduceMLLM-C oMPBENCH, a multimodal benchmark designed to assess the comparative
reasoning abilities of MLLMs across various dimensions. In what follows, we rst describe the
types of comparative capabilities thislil LM-C oMPBENCH aims to evaluate (84.1). Next, we
outline our methodology for collecting images, followed by how we annotate associated questions
and answers to evaluate these capabilities (§4.2). Lastly, we provide detailed statidtics bh
CoMPBENCH and discuss its data quality (84.3). Figure 2 illustrates the overall pipeline used to
develop MLLM-COMPBENCH.

4.1 Types of Relativity

Building upon 83, we consider eight comparison categories to evaluate MLLMs' abilities to discern
differences between two similar images (Figure 1).

(1) Visual Attribute focuses on ve common visual properties — Size, Color, Texture, Shape, and
Pattern — and tests whether the model can identify the relative magnitude of these attributes between
images.(2) Existenceassesses the model's capacity to identify ne-grained variations by detecting
subtle changes between imag. Stateinvolves comparing the conditions or status of objets.
Emotion assesses the model's capability to interpret degrees of human emdg&ipmemporality

and(6) Spatiality evaluate the model's ability to recognize differences in images caused by temporal

or spatial differences. These categories require both commonsense and comprehension of the physical
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