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ABSTRACT

As recent multi-modality large language models (MLLMs) have shown formidable
proficiency on various complex tasks, there has been increasing attention on debat-
ing whether these models could eventually mirror human intelligence. However,
existing benchmarks mainly focus on evaluating solely on task performance, such
as the accuracy of identifying the attribute of an object. Combining well-developed
cognitive science to understand the intelligence of MLLMs beyond superficial
achievements remains largely unexplored. To this end, we introduce the first
cognitive-driven multi-lingual and multi-modal benchmark to evaluate the general
intelligence ability of MLLMs, dubbed M3GIA. Specifically, we identify five key
cognitive factors based on the well-recognized Cattell-Horn-Carroll (CHC) model
of intelligence and propose a novel evaluation metric. In addition, since most
MLLMs are trained to perform in different languages, a natural question arises: is
language a key factor influencing the cognitive ability of MLLMs? As such, we go
beyond English to encompass other languages based on their popularity, including
Chinese, French, Spanish, Portuguese and Korean, to construct our M3GIA. We
make sure all the data relevant to the cultural backgrounds are collected from their
native context to avoid English-centric bias. We collected a significant corpus of
data from human participants, revealing that the most advanced MLLM reaches the
lower boundary of human intelligence in English. Yet, there remains a pronounced
disparity in the other five languages assessed. We also reveals an interesting winner
takes all phenomenon that are aligned with the discovery in cognitive studies.
Our evaluation dataset is released at this anonymous URL, with the aspiration of
facilitating the enhancement of cognitive capabilities in MLLMs.

1 INTRODUCTION

In 1956, researchers across different domains, including mathematics, cognitive psychology and
computer science, pointed out an interesting direction, dubbed artificial intelligence (AI). The formal
definition is “The study is to proceed on the basis of the conjecture that every aspect of learning
or any other feature of intelligence can in principle be so precisely described that a machine can
be made to simulate it.” |McCarthy et al.|(2006). Through extensive efforts in pursuing artificial
intelligence, the field has converged to a paradigm of data-driven machine learning models, which
are still deeply intertwined with cognitive science as they often mirror basic cognitive mechanisms,
e.g. convolutional neural networks |[Krizhevsky et al.|(2012) and the attention mechanism |Vaswani
et al.| (2017). Recent advances, such as GPT-40 OpenAl| (2024), demonstrate that these MLLMs can
outperform human on various complex tasks |Achiam et al.[(2023); Wang et al.[(2023b)) and shed
light to emergent ability with the increasing scale of data and model size Wei et al.|(2022)). In light of
these developments, our aim is to evaluate these state-of-the-art models through the lens of cognitive
science, as it directly aligns with the primary motivation of Al research.

To explore the mental intelligence emerging from these large models, efforts have been directed
toward analyzing these models from a psychological perspective. Some pioneering works report
that LLMs have demonstrated human-like cognition Binz & Schulz (2023); |Kosinski| (2023b). For
instance, Theory of mind (ToM) has been applied to assess large models, revealing that GPT-4
exhibits ToM capabilities similar to human inference patterns Bubeck et al.| (2023)); [Kosinski| (2023b)).
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Figure 1: Overview of multi-lingual multi-modal general intelligence ability benchmark. (Left)
In contrast to traditional benchmarks that focus on evaluating specific task performances, we draw
inspiration from cognitive science to categorize five cognitive factors, try to provide a feasible
evaluation of general intelligence ability (GIA). (Right) Specifically, we adopt the factors from
the CHC theory to disentangle fundamental cognitive abilities with existing evaluation tasks. In
addition, to further understand how language impacts such ability, we collect or design questions in
six languages with large population.

Meanwhile, Multimodal Large Language Models (MLLMs), which use powerful LLMs as brain to
process and integrate multimodal information, have exhibited impressive emergent abilities, such as
generating website code from images [Zhu et al.|(2023)), understanding the meaning of a meme|Yang
et al.|(2023), and math reasoning Driess et al.|(2023)). Thanks to their ability to process information
from a broader spectrum of sources, they exhibit a more holistic cognitive process, resembling human
cognition more closely than models confined to purely linguistic input.

Existing multi-modality benchmarks, such as MMBench [Liu et al.|(2023b), MME [Fu et al.| (2024),
and MM-Vet|Yu et al.|(2023)), have made the attempt to compartmentalize model capabilities across
multiple tasks. For instance, MMBench covers 20 different abilities, encompassing function reasoning,
physical property reasoning, object localization and social reasoning. However, they often fail to
provide a persuasive explanation for their selection of dimensions, as they tend to be mired in
subjectivity and lack a solid theoretical underpinning. Moreover, as depicted in Figure[T] (left), their
ability dimensions are still rather task-oriented, neglecting a systematic evaluation of the models’
underlying cognitive abilities that govern task performance through the lens of cognitive science.
This oversight raises concerns that benchmarks might devolve into mere training targets rather than
instruments for true insight, failing to provide a holistic measure of the models’ capabilities |Schaeffer
et al.| (2024). In short, the ability to solve specific tasks is insufficient to reflect the true level
of intelligence, as supported by a psychological studyPoldrack & Yarkoni| (2016), and formally
evaluating the cognitive factors of MLLMs remains largely unexplored.

In this paper, we close the gap by introducing the first benchmark that comprehensively evaluate
the cognitive abilities of MLLMs under the theoretical umbrella of the well-recognized Cattell-
Horn-Carroll (CHC) Model of Intelligence |Schneider & McGrew|(2012), dubbed M3GIA. As in
Figure [Ifright), based on the CHC Model, we categorizes the cognitive capacities of current MLLMs
into five dimensions: Fluid reasoning (Gf), Comprehension-Knowledge (Gc), Visual processing (Gv),
Reading and Writing (Grw), Quantitative knowledge (Gq), and collect corresponding questions as a
measurement. In addition, as using multi-lingual data to scale up the capability of MLLMs becomes a
de-facto standard, we are curious whether languages make any impact on their cognitive abilities. As
such, we extend our benchmark to include five more languages, including Chinese, Spanish, French,
Portuguese and Korean roughly based on their population, to disentangle the language factor with
cognitive ability.

To evenly assess the five cognitive dimensions, we refer to human intelligence tests, such as the
Raven’s Progressive Matrices Test Raven|(2003)) and the Woodcock-Johnson IV Tests of Cognitive
Abilities (WJ IV) Schrank & Wendling| (2018)), and establish broad question types that correspond to
the these cognitive dimensions, which are further subdivided into 18 narrow question types (see later
Sec.[3). Overall, our M3GIA includes 1.8K high-quality meticulously human-annotated questions,



Under review as a conference paper at ICLR 2025

with over 73% created by professionals due to the non-public nature of human intelligence tests. This
prevents potential data leakage from directly collecting extensive data from existing sources. On the
other hand, it makes the construction of M3GIA labor-intensive and expensive. The test for each
language maintain consistency in terms of the number of questions, structure, and distribution of
question types. In addition, to highlight the multilingual nature of our benchmark, we collect data
relevant to cultural backgrounds from native language sources rather than simply translating them
from English, thereby avoiding the English-centric bias.

We evaluate 24 MLLMSs, including the state-of-the-art close and open-sourced ones. In general,
The latest advancements in MLLMs have achieved performance levels that fall within the lower
boundary of human intelligence in English. Yet, there remains a pronounced disparity in the other
five languages assessed. We also notice that MLLMs’ proficiency in one cognitive domain often
translates into superior performance across other domains as well. This phenomenon interestingly
aligns with the pattern observed in human intelligence which empirically suggests the existence of
General Intelligence Ability (GIA) in MLLMs.

2 RELATED WORKS

Evaluation Benchmark for MLLMs. As multimodal large language models (MLLMs) exhibit
remarkable generalization capabilities across a broad spectrum of downstream tasks, relying exclu-
sively on their performance within single vision-language tasks — such as visual recognition |Goyal
et al.| (2017), image description |Chen et al.| (2015); |Agrawal et al.| (2019); [Young et al.| (2014),
scene text understanding |Singh et al.|(2019); Sidorov et al.| (2020)), and external knowledge Marino
et al.| (2019) — is insufficient to fully uncover the comprehensive performance of MLLMs. People
then turn to a new paradigm to construct all-round benchmarks to assess a broader spectrum of
challenging multimodal tasks |Yin et al.| (2024)); Xu et al.| (2023)); L1 et al.| (2023); [L1u et al.| (2023b);
Fu et al.| (2024); |Yu et al.| (2023)). Another trend in MLLM assessment is the use of human exam
questions [Lu et al.| (2023} 2022)); [Zhong et al.[(2023); Yue et al.| (2023)); Zhang et al.| (2024)). For
instance, AGIEval |Zhong et al.|(2023)) sources questions from standardized exams such as college
entrance exams and lawyer qualification tests. While these benchmarks makes progresses in eval-
uating the human-centric ability of MLLMSs, it may not be suitable to evaluate the intelligence of
MLLMs because research in psychological field points out that the superficial performance on tasks
alone cannot be a solid indicator for human’s intelligence!Poldrack & Yarkoni| (2016)

General Intelligence Ability and the CHC Theory. Arising from the empirical fact that an indi-
vidual’s proficiency in one area frequently correlates with high performance in other areas, Charles
Spearman first introduced General Intelligence Ability (GIA) in 1904 Spearman|(1961). This con-
struct refers to the idea that a single underlying factor, known as the g-factor, can account for the
positive correlations among cognitive abilities and reflect the general intelligence that fundamentally
underlies an individual’s intelligence. To concretely understand GIA, numerous attempts has been
made to model the structure of human cognition. John Carroll’s Three-Stratum Model |Carroll| (1993)
elaborated on this with a hierarchical structure of intelligence, including a general “g” factor and
specific cognitive abilities. Howard Gardner’s Multiple Intelligence Theory [Flynn|(1987) proposed
diverse forms of intelligence, while Sternberg’s Triarchic Theory [Sternberg| (1985) focused on practi-
cal, creative, and analytical aspects. These theories collectively contributed to the development of the
Cattell-Horn-Carroll (CHC) model of intelligence, which is the most comprehensive and empirically
validated structural model of human cognition McGrew & Evans|(2004) to date, integrating various
aspects of cognition into a unified framework.

Comparison with Existing Psychology-inspired Benchmarks. Significant strides have been made
to explore LLMSs’ capabilities using psychological tools. These efforts, however, predominantly
concentrate on aspects such as social reasoning, emotional abilities, values, and personality. In
contrast, M3GIA’s main contribution lies in its commitment to providing the first “IQ test” for
MLLMs, focusing on pure intelligence rather than other psychological dimensions.

¢ ToM benchmarks Jin et al.| (2024)); |Kosinski| (2023a)); [He et al. (2023)); |(Gandhi et al.| (2024)):
Theory of Mind (ToM) is the ability to understand other’s mental states based on their observed
behavior (what someone else is thinking or feeling). It is a hallmark of “social intelligence” that
fall within the scope of Social Quotient (SQ), which is a distinct realm from Intelligence Quotient
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(IQ) and Emotional Quotient (EQ) in psychology studies. ToM’s independence to intelligence is
also validated inRajkumar et al.| (2008]).

* Other psychology-inspired benchmarks: PsychoBench|Huang et al.|(2023) divides psycholog-
ical measurement into PERSONALITY TESTS and ABILITY TESTS, with ABILITY TESTS
subdivided into Knowledge&Skills, Cognitive, and Emotional. However, its ABILITY TESTS only
includes the Emotional Abilities Test and doesn’t include Cognitive Abilities test (target of M3GIA).
As the paper states: “Intelligence Quotient (1Q) tests ... represent one of the most comprehensive,
intricate, and renowned evaluation tools in this category (cognitive tests). However, since these
assessments often incorporate visual elements unsuitable for LLM evaluation, this aspect remains
a potential avenue for future investigation.” Psychometrics Benchmark |Li et al.|(2024b)) advocates
for a comprehensive psychological measurement for LLMs, including personality, values, emotion,
ToM, motivation, and intelligence. However, they didn’t complete the ‘intelligence’ part and only
discussed its potential. CogBench |Coda-Forno et al.| (2024) is a task-oriented benchmark that
focuses on decision-making tasks, such as long-term rewards. Its tasks are highly composite, often
requiring not only intelligence but also value-based judgments. For example, temporal discounting
indicates whether an agent prefers smaller but immediate gains over larger delayed ones, while
BART is used to assess risk-taking behavior. However, the tasks are too high-level to be used as a
means of evaluating the basic factors of intelligence (as they are hard to disentangle and attribute).

3 M3GIA

Concretely, we introduce the first cognition inspired multi-linguistic and multi-modal benchmark to
evaluate the general intelligence accuracy of large models. In short, our M3GIA distinguishes itself
from existing benchmarks as follow:

* Cognition Inspired: In contrast to existing benchmarks that focuses on task-level evaluation,
we study the intelligence of large models from a cognition perspective. The benchmark dissects
the cognitive abilities of contemporary MLLMs into five foundational factors, as per the Cattell-
Horn-Carroll theory. This cognitive theory underpins the structure of our evaluation, informing the
specific types of questions devised to test each cognitive skill.

* Multilingual Coverage: To comprehensively measure the cognitive abilities of multimodal large
models across multiple languages, M3GIA is constructed to span six languages: English, French,
Chinese, Spanish, Portuguese, and Korean. In order to mitigate English-centric bias, all data relevant
to cultural backgrounds have been sourced from native language resources, except for questions
that transcend cultural considerations—such as the Raven test and number series problems.

The subsequent content of this section is organized as follows: In sec.[3.1I] we introduce the five-factor
cognitive model of M3GIA and discuss the design philosophy behind it. In sec.[3.2] we describe how
we designed and collected the questions for M3GIA and provide some statistical data on M3GIA.

3.1 THE FIVE-FACTOR COGNITIVE MODEL OF M3GIA

To formally study the intelligence level of MLLMs, we start from the state-of-the-art cognitive model,
Cattell-Horn-Carroll (CHC) [Schneider & McGrew| (2012)), which is by far the most empirically
validated structure model of human cognition McGrew & Evans|(2004). The CHC theory articulates
a hierarchical framework of human cognitive abilities divided into three strata: general intelligence
“g” (stratum III), broad cognitive abilities (stratum II), and narrow abilities (stratum I). While there is
ongoing discourse regarding the exact delineation of stratum I, stratum II have achieved substantial
consensus and are well-supported by empirical evidence and practical application (Caemmerer et al.
(2020). These include Fluid Reasoning (Gf), Comprehension-Knowledge (Gc), Visual Processing
(Gv), Auditory Processing (Ga), Short-term Memory (Gsm), Long-term Retrieval (Glr), Processing
Speed (Gs), Quantitative Knowledge (Gq), and Reading and Writing Abilities (Grw). These broad
but domain-specific abilities are nevertheless positively associated with one another. This positive
manifold is accounted for in the CHC model by a general factor of intelligence (“g”) at stratum III.

It is important to note that an intelligence test doesn’t need to encompass all CHC factors to be
effective. Rather, it should strategically select a relevant subset of Stratum II factors tailored to the
specific target of the test. For instance, the Stanford-Binet Intelligence Scales |Roid & Pomplun
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Figure 2: Structure of our CHC inspired model of cognitive abilities. (Left) We identified five
key cognitive factors for current MLLMs: Comprehension-Knowledge (Gc), Quantitative knowledge
(Gq), Reading and Writing (Grw), Fluid reasoning (Gf), and Visual-spatial processing (Gv). In the
hierarchical structure, Gf is further subdivided into three narrow factors: I (Induction), RG (Deductive
Reasoning), and RQ (Quantitative Reasoning). (Right) A conceptual map of the five cognitive factors
and their overlaps with each other.

(2012) focus on five specific factors (Ge, Gf, Gq, Gv, Gwm), while the WJ IV Tests of Cognitive
Abilities Schrank et al.|(2016)) incorporate seven (Gce, Gf, Gv, Gwm, Gs, Glr, Ga).

As shown in Fig.[2] the structure of our M3GIA is underpinned by the five-factor hierarchical cognitive
model, which is derived from the CHC model of cognitive abilities. Although Large Language Models
exhibit cognitive processes similar to humans, they also differ in internal mechanisms, particularly
with regard to processing speed (Gs) and memory (Gwm, Glr), which is greatly related to hardware
and external technologies beyond the model itself, such as external databases and retrieval-augmented
generation (RAG) Lewis et al.|(2020). Additionally, given that the majority of current MLLMs are
not yet expanded to embrace the auditory modality, we have not included the Ga (Auditory) factor
in this version of M3GIA, reserving it as one of the directions for future expansion. Consequently,
based on the consultations with psychology experts, we have chosen to assess the cognitive abilities
of current MLLMs in this iteration of M3GIA by focusing on five key CHC factors: Ge, Grw, Gq, Gf,
and Gv. The selection of the five factors is also well-supported by psychological validation through
factor analysis [Phelps et al.|(2005), which shows that Gf (0.98), Gq (0.87), Ge (0.79), and Gv (0.68)
have the highest significant factor loadings related to general intelligence, while Ga and Gs only
have loadings of 0.47 and 0.48. For more details on why these five factors were chosen to evaluate
MLLMs, please refer to the Appendix.

Interestingly, the five factors we select align closely with those of the renowned Stanford-Binet Test,
Fifth Edition (SB5) |Roid & Pomplun|(2012)), which was also constructed upon five cognitive factors
derived from the CHC theory. Specifically, the five cognitive factors identified in the SBS5 are: Fluid
Reasoning (FR), Knowledge (KN), Quantitative Reasoning (QR), Visual-Spatial Processing (VS),
and Working Memory (WM). Except for Working Memory (WM), which we have substituted with
Grw, these factors align directly with our selected factors, corresponding to Gf, Ge, Gq, and Gv,
respectively. This alignment is noteworthy, as the selection of these factors for the SB5 was based on
extensive research on school achievement and expert ratings of the importance of these factors in the
assessment of reasoning, especially in giftedness assessment|Roid & Barram|(2004).

3.2 QUESTION DESIGN AND COLLECTION

Our M3GIA contains a total of 1.8K multiple choice problems, of which 1,200 are Visual Question
Answering (VQA) questions. To prevent potential data leakage and given that human intelligence
tests are not publicly available, 73% of our data is manually crafted by ourselves, while the remaining
27% is sourced from existing materials, following the practices of MMMU |Yue et al.| (2023)) and
M3Exam |[Zhang et al.|(2024), which also derive their data from existing human exams. The dataset
size of M3GIA was carefully determined by balancing several key considerations:
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Options (in French): a

[A] Parce que la jeune fille n'était pas d'accord
avec le contenu de la note.
[B] Parce que lafille a cassé son cookie.

Question: Pourquoi
le gargon était-il triste a
lafin?

Translation: why is
the boy sad at the end?

[C] Parce que la fille a pris la note au pied de la

lettre et a épousé le cookie.
[D] Parce que la fille est tombée amoureuse
d'autres hommes.
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Question:

Please select the
correct tile from
the four options
to complete the
general pattern in
the 3x3 matrix.

Statements: (1) Some swords are
sharp. (2) All swords are rusty.
Conclusions:

1. Some rusty things are sharp.

1. Some rusty things are not sharp.

Options:

[A] Only conclusion | follows.
[B] Only conclusion Il follows.
[C] Neither I nor Il follows

[D] Neither I nor Il follows

[E] Both | and Il follow.

Figure 3: Questions overview of M3GIA. To assess the five CHC cognitive factors—Gf, Ge, Gq,
Grw, Gv correspondingly—we devised five broad question clusters: common sense (orange), visual-
spatial (blue), comprehension (yellow), mathematics (red), and reasoning (green). To prevent the
assessment of any particular ability from being constrained to a fixed and singular perspective, we
have stratified each of the five clusters into 2-4 specialized narrow question types, each narrow
question type reflects a different perspective on the broad CHC ability. This subdivision results in a
total of 18 subtasks. All the QAs are in the format of multiple choice problems whose answers are
marked [A][B][C][D].

* Human Baseline: M3GIA depends on human data to construct the GIA model, which requires
reliable human baseline measurements. Research by |[Converse & Presser] (1986)) indicates that
prolonged tasks can degrade response quality, underscoring the importance of balancing compre-
hensiveness with practicality. To minimize the number of questions while ensuring validity, we
determine the number of questions based on findings from [Burisch| (1997), which revealed that in
cognitive assessments, extending a scale beyond a certain limit can actually undermine its validity.
Interestingly, the validity plateaus when the number of items in a subtest hits 15. Considering
our 18 subtests, we settled on incorporating 300 questions per language (>15 x 18 = 270) to
guarantee a thorough evaluation. Typically, participants require six hours to tackle 300 questions,
often necessitating a whole day to complete the full task.
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* Benchmark Alignment: The data volume aligns with established cognitive benchmarks. For
instance, the U.S. Human Connectome Project’s Spatial Orientation task includes 24 trials, while
the WI-IV test typically comprises 10-30 questions per task.

As shown in Fig.[T] we have devised five broad question clusters: reasoning, visual-spatial, common
sense, mathematics and comprehension, separately corresponding to the assessment of the five
CHC cognitive factors — Gf, Gv, Gc, Gq, and Grw. See Appendix for more details. To prevent the
assessment of any particular ability from being constrained to a fixed and singular perspective, we
have stratified each of the five clusters into 2-4 narrow question types that reflect different perspectives
on a broad CHC construct. This subdivision results in a total of 18 distinct question types, each
designed to tap into different facets of the ability being measured. Consequently, any generalizations
that are made from a cluster are based on two or more samples of ability, which reduces the possibility
of making over-generalizations from a narrow sampling of ability. What is more, we also prioritized
diversity in terms of question design. For example, the common-sense questions encompass various
contexts, including school and residential settings, while comic-based tasks feature a range of formats,
from four-panel comics to fables. This approach helps mitigate the risk of the dataset becoming
overly narrow or repetitive.

Moreover, as illustrated in the right part of Fig. [2 the five cognitive factors are not isolated but
rather overlap with each other. For example, Fluid reasoning (Gf) not only has a process facet
(inductive vs. deductive reasoning) but also has a content facet (verbal, spatial, and quantitative),
each of which overlaps with other broad abilities. |Schneider & McGrew|(2018). In order to conduct
a comprehensive measurement of this overlapping nature, our narrow question types include not
only tests that measure each cognitive factor individually but also cover the parts where these factors
overlap. The corresponding relationships between the question types, the cognitive factors and their
intersections are also shown in Fig.[2]

What is more, to ensure that our assessment remains anchored in reality, we incorporate real-world
problems into the evaluations of cognitive abilities. Specifically, each broad question type includes
not only abstract cognitive test questions but also typical real-world problems that require the use of
one or more cognitive abilities. This approach enables us to conduct a more accurate and practical
assessment of how well these abilities are applied outside controlled, test-like environments. To
ensure a balanced and comprehensive evaluation for each ability, we have tried our best to maintain
an even distribution among problems associated with different abilities during data collection.

Examples of the narrow question types can be seen in Fig. [3] while more detailed descriptions are
included in the Appendix.

3.3 METRICS

We use two type of metrics in our evaluation benchmark. For each narrow question type, we follow
the existing benchmarks |[Liu et al.| (2023b); |[Fu et al.| (2024)) to use accuracy. However, to holistically
compare the cognitive ability, we design a novel metric general intelligence accuracy (GIA) based on
findings in cognitive field. To compute the GIA scores of the models and validate the consistency of
the cognitive structure between MLLMs and human intelligence, we adopted a standard psychometric
approach. This involved utilizing a confirmatory factor analysis (CFA) model, developed from our
collected human evaluation data. See Appendix for more details about the CFA process.

4 EVALUATION RESULTS

In this section, we evaluate a total of 24 MLLMs and 480 human participants using our M3GIA. The
MLLMs comprise both closed-source models, such as GPT-40 |OpenAll (2024), and open-source
models |Liu et al.| (2023a)); [L1 et al.| (20244); [Young et al.| (2024); Bai et al.| (2023)); Wang et al.
(2023a); |Lu et al.| (2024); (Chen et al.|(2023), including LLaVA |Liu et al.|(2023a)) and Mini-Gemini L1
et al.|(2024a). Our evaluation for the MLLMs is conducted under a zero-shot setting to assess the
capability of models to generate accurate answers without fine-tuning or few-shot demonstrations
on our benchmark. For all models, we conduct prompt engineering on the validation set and use the
most effective prompt for the zero-shot setup in the experiments. All experiments are conducted with
NVIDIA A800 GPUs|Liu et al.|(2023al); L1 et al.| (2024 a).
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Table 1: The accuracy results on 24 MLLMs regarding each cognitive ability. The best in bold
and the second-best underlined. All the numbers are presented in decimal and the full score is 100.

Types ViT Gf Overall
(LLM Size) ~ Models Size. 1 RG RQ Overt ¢ 91 O™ OV ac
Human Average Performance - 86.8 60.0 71.2 69.7 791 654 781 81.1 76.9
GPT-40 - 580 592 339 50.1 723 428 796 463 59.8
GPT-4v - 56.7 563 409 519 748 464 715 524 59.2
API Gemini-1.5-Pro - 543 564 418 54.3 758 608 77.1 538 62.4
Gemini-Pro - 39.0 308 227 324 565 317 67.1 431 46.5
Cluade3-Sonnet - 39.7 329 273 34.0 583 342 613 439 47.0
Cluade3-Haiku - 353 358 303 33.1 55.8 333 579 364 43.1
Mini-Gemini-34b 0.3B 377 375 306 34.8 61.0 342 629 457 48.2
0SS Mini-Gemini-8x7b 0.3B 287 30.0 267 30.3 58.1 350 613 419 44.8
(Large) LLaVA-vl.6-34b 0.3B 20.7 40.0 285 30.8 53.8 364 617 404 42.8
¢ Yi-VL-34b 0.6B 250 329 358 29.5 48.1 292 546 357 38.2
InternVL-chat-v1.2-plus 6B 450 425 324 42.5 64.6 414 66.7 475 51.9
0SS Mini-Gemini-13b 0.3B 223 292 233 24.3 415 26.1 442 283 329
(Medium) LLaVA-v1.5-13b 0.3B 177 263 152 19.9 42.1 203 400 288 304
LLaVA-vl.6-vicuna-13b 0.3B 233 196 245 23.1 367 269 475 285 33.2
Fuyu-8b - 217 221 273 233 273 244 271 249 25.1
Mini-Gemini-8b 0.3B 373 296 318 304 515 306 563 36.1 414
LLaVA-v1.5-7b 0.3B 180 250 158 19.7 415 19.7 350 257 28.4

LLaVA-vl.6-vicuna-7b  0.3B 213 229 182 20.5 365 194 329 269 31.5
LLaVA-vl.6-mistral-7b 0.3B 243 258 245 24.9 385 242 367 321 28.9

0SS
(Small) Deepseek-VL-7b 038B 323 292 221 28.3 504 244 542 324 37.5
Yi-VL-6b 0.6B 252 355 262 28.8 356 290 545 308 34.4
Qwen-VL 1.9B 187 238 252 22.5 41.0 275 425 301 32.1

CogVLM2-LLaMA3-Chinese 10B 29.7 217 297 26.5 548 272 379 403 38.7

Human Performance Baseline. To establish a reference for human cognitive levels against
MLLMs, we collected 480 valid sets of test data from human subjects using electronic questionnaires.
These 480 participants were from native countries of the six selected languages, with 80 individuals
per language. The 1,800 questions of M3GIA are then divided into six complete sub-questionnaires by
language, with each individual only responsible for completing the sub-questionnaire corresponding
to their native language. See Appendix for more details.

4.1 ACCURACY SCORE ON FIVE COGNITIVE FACTORS

We report the accuracy of each type of question for the 24 models alongside the average human
performance for each cognitive ability in Table. [T} We categorize the models into groups by their
types, where open-source (OSS) MLLMs are grouped according to the size of their LLMs. It’s
observed that even the most advanced MLLMs only marginally meet the passing line (60) for overall
accuracy, e.g., Gemini-1.5-Pro (62.4) / GPT-40 (59.8) vs human (76.9). Notably, these models excel
in domains related to verbal skills and knowledge, such as Gc and Grw. This success can likely be
attributed to the powerful language capabilities inherent in large language models, bolstered by their
extensive training datasets.

However, a significant gap remains between MLLMs and humans in areas like Visual-Spatial Abilities
(Gv) and Fluid Reasoning (Gf). This is particularly evident in the Visual-Spatial Abilities domain,
where all models lag considerably behind human capabilities, e.g., Gemini-1.5-Pro (53.8) vs human
(81.1). This underscores a substantial opportunity for advancements in the visual aspects of MLLMs.
See Appendix for case studies. Furthermore, our findings also highlight a pronounced deficiency in
the Fluid Reasoning (Gf) capability among all MLLMs, particularly in tasks involving Induction (I)
and Quantitative Reasoning (RQ). However, it is surprising to note that in the domain of Deductive
Reasoning (RG), the most advanced MLLMs, such as GPT-40, are approaching the average human
level with scores of 59.2 compared to 60.0 for human participants. This might be attributed to the
strategy of using synthetic reasoning data to enhance such ability (Chung et al.[(2024).
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Figure 4: (Left) The GIA scores across the six languages. We designate the average human score as
100 and normalize the scores, making the GIA scores comparable across languages. (Right) The GIA
scores of MLLMs, derived using a CFA model based on human data, show high predictive power for
their overall performance, confirming the effectiveness of the g factor in assessing Al performance.

Overall, MLLMs perform well in crystallized intelligence (Gc), possibly owing to their extensive
training data, while the most advanced MLLMs still have a large gap with humans in fluid intelligence.
This proves that our benchmark M3GIA can measure the difference between crystallized intelligence
and fluid intelligence of MLLMs from a cognitive perspective, which is the key difference between
M3GIA and other benchmarks.

Winner Takes All. More importantly, our finding reveals an intriguing Winner Takes All phe-
nomenon that merits further attention beyond the initial observations. Specifically, we noted a
consistent trend within each group of models where proficiency in one cognitive domain often
translates into superior performance across other domains as well in Table|l} In particular, despite
the diversity in score distribution among different abilities, there is a noteworthy pattern: the models
achieving the top and second-best scores across various cognitive abilities are predominantly the
same two models within each group.

This shows an interesting consistency to the pattern observed in human intelligence which empirically
suggests the existence of General Intelligence Ability (see Sec. [2). Therefore, it offers compelling
evidence that general intelligence ability, also identified as the general factor of intelligence (“g”)
at the stratum III of the CHC model, has also emerged in large models. Furthermore, it suggests
that as MLLMs evolve towards more comprehensive cognitive processes, they too demonstrate a
foundational GIA factor that simultaneously governs a variety of cognitive abilities.

4.2 MULTILINGUAL GIA SCORES

By collecting a large amount of testing data from human subjects, we adoptted CFA (Confirmatory
Factor Analysis) model to calculate the GIA scores which can reflect comprehensive intelligence
factors. Since the questions for each language are not exactly the same, we need to establish a
separate CFA model for each language. As shown in Fig. ] (right), the GIA model built with human
data surprisingly showed high explanatory validity for the test results of MLLMs (cor > 0.93). This
indicates, to some extent, that the cognitive structure of MLLMs indeed shows similarities to humans.
We report the GIA scores of each language for some MLLMs of different sizes in Table. 2] Fig.[d
(left) and Fig. E} It’s observed that the current state-of-the-art MLLLLMs have reached the minimum
level within the human subjects’ confidence interval in English. However, these MLLMs still exhibit
a significant performance gap compared to humans in other languages.

To further investigate the influence of LLM size to the GIA score, we conducted an ablation study with
the Qwen series. In order to strictly control variables like different training data and ViT components.
we trained the models by ourselves using the same training data for pretraining and fine-tuning and
we also use the same ViT component (CLIP-ViT-L-14) in the series. Overall, the GIA scores of the
models increase with the rise in LLM parameters. However, we observed a somewhat counterintuitive
phenomenon. There is often no improvement in cognitive abilities from 7B to 13B, and seems to be a
emerging point of General Intelligence Ability between 13B and 34B.
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Table 2: The General Intelligence Ability of different models accross the six languages. The left
side displays the actual GIA scores, while the right side shows the normalized results after setting the
average human GIA scores for each language to 100.0.

Models General Intelligence Ability (GIA) Normalized GIA Scores

En Ch Fr Sp Pt Ko ‘ En Ch Fr Sp Pt Ko
Human 16.01 16.69 1952 1622 16.00 18.05 ‘ 100.0  100.0  100.0 100.0  100.0  100.0
GPT-40 13.85 1146 1237 1312 12.80 13.01 | 86.5 68.7 63.3 80.9 80.0 72.1
GPT-4v 12.61 1095 1383 14.04 1212 1225 | 788 65.6 70.8 86.5 75.8 67.9

LLaVA-1.6-34b 1147 925 1135 7.96 10.67  9.04 71.6 55.4 58.1 49.1 66.7 50.1
LLaVA-1.6-13b  6.96 6.89 8.71 7.75 6.94 7.75 435 41.3 44.6 47.8 43.4 429
LLaVA-1.6-7b 6.75 5.99 7.67 6.74 6.01 593 42.1 359 39.3 41.5 37.6 329

Mini-Gemini-34b 11.00  9.96 1275 11.52  9.45 10.69 | 68.7 59.7 65.3 71.0 59.1 59.2
Mini-Gemini-13b 8.68 7.76 8.65 7.73 7.10 7.98 54.2 46.5 443 47.7 44.4 442
Mini-Gemini-8b 9.32 8.11 11.25  9.76 8.99 7.08 58.2 48.6 57.6 60.2 56.2 39.3

owen-72bt 11.68 1075 1020 1050 9.71 9.76 72.9 64.4 522 64.7 60.7 54.1
Qwen-32bt 10.58  9.79 9.62 10.11  9.25 9.18 66.1 58.7 49.3 62.3 57.8 50.9
Qwen-14bt 8.46 8.76 9.15 8.49 8.79 8.32 52.8 52.5 46.9 52.4 54.9 46.1
owen-7b' 8.56 8.93 8.98 8.42 8.77 8.41 53.4 535 46.0 51.9 54.8 46.6
Qwen-1.8b" 7.34 6.56 8.01 7.37 6.49 6.48 458 39.3 41.0 45.5 40.6 35.9

llaval.6-34b
llaval.6-13b
llaval.6-7b
mini-gemini-34b
mini-gemini-8*7b
mini-gemini-13b
mini-gemini-8b
qwen-72b *
qwen-32b *
qwen-14b *
qwen-7b *
qwen-1.8b *
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Human Level
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P SRsconroneser GIA Score (English)

Figure 5: The GIA scores across the six languages, with Qwen LLM series from 1.8B to 72B.
(Left) Generally, the GIA scores increase with the rise of LLM parameters. However, a threshold is
observed when scaling up the LLMs’ size from 7B to 14B. (Right) Taking English as an example,
we visualized the performance of various models and compared it with the human level.

5 CONCLUSION

This paper has presented M3GIA, the first evaluation benchmark that comprehensively evaluate the
cognitive abilities of MLLMs under the theoretical umbrella of the well-recognized Cattell-Horn-
Carroll (CHC) Model of Intelligence. We identified five key cognitive factors for current MLLMs: Gf,
Gc, Gv, Grw, Gq, and designed five broad types of questions to measure them. In order to meet the
pressing need for multilingual assessment, our data spans across six languages and are collected from
native sources, including English, Chinese, French, Spanish, Portuguese and Korean. We conducted
a series of experiments to analyze the cognitive abilities of MLLMs against human performance, and
discussed how factors like the size of LLM component impact cognitive abilities.

6 LIMITATIONS AND DISCUSSIONS

We plan to expand M3GIA to include more rare languages in the future. Unlike previous benchmarks,
M3GIA not only involves data collection but also requires significant human effort to create original
questions from scratch. This demands a large number of professionals who are native speakers of
these rare languages, which introduces considerable costs in both time and funding. Therefore, we
plan to prioritize the expansion after the current version of M3GIA is released and recognized. Given
the scarcity of multilingual and multi-modal benchmarks in the MLLM community, we believe that
M3GIA, as the first ‘IQ test” for MLLMs, will still make a valuable contribution to the field.

10



Under review as a conference paper at ICLR 2025

REFERENCES

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad, Iige Akkaya, Florencia Leoni Aleman,
Diogo Almeida, Janko Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4 technical report.
arXiv preprint arXiv:2303.08774, 2023.

Harsh Agrawal, Karan Desai, Yufei Wang, Xinlei Chen, Rishabh Jain, Mark Johnson, Dhruv Batra,
Devi Parikh, Stefan Lee, and Peter Anderson. Nocaps: Novel object captioning at scale. In
Proceedings of the IEEE/CVF international conference on computer vision, pp. 8948—-8957, 2019.

Jinze Bai, Shuai Bai, Shusheng Yang, Shijie Wang, Sinan Tan, Peng Wang, Junyang Lin, Chang
Zhou, and Jingren Zhou. Qwen-vl: A frontier large vision-language model with versatile abilities.
arXiv preprint arXiv:2308.12966, 2023.

Marcel Binz and Eric Schulz. Using cognitive psychology to understand gpt-3. Proceedings of the
National Academy of Sciences, 120(6):€2218523120, 2023.

Sébastien Bubeck, Varun Chandrasekaran, Ronen Eldan, Johannes Gehrke, Eric Horvitz, Ece Kamar,
Peter Lee, Yin Tat Lee, Yuanzhi Li, Scott Lundberg, et al. Sparks of artificial general intelligence:
Early experiments with gpt-4. arXiv preprint arXiv:2303.12712, 2023.

Matthias Burisch. Test length and validity revisited. European Journal of Personality, 11(4):303-315,
1997.

Jacqueline M Caemmerer, Timothy Z Keith, and Matthew R Reynolds. Beyond individual intelligence
tests: application of cattell-horn-carroll theory. Intelligence, 79:101433, 2020.

John B. Carroll. Human Cognitive Abilities: A Survey of Factor-Analytic Studies. Cambridge
University Press, 1993.

Xinlei Chen, Hao Fang, Tsung-Yi Lin, Ramakrishna Vedantam, Saurabh Gupta, Piotr Dollar, and
C Lawrence Zitnick. Microsoft coco captions: Data collection and evaluation server. arXiv preprint
arXiv:1504.00325, 2015.

Zhe Chen, Jiannan Wu, Wenhai Wang, Weijie Su, Guo Chen, Sen Xing, Muyan Zhong, Qinglong
Zhang, Xizhou Zhu, Lewei Lu, Bin Li, Ping Luo, Tong Lu, Yu Qiao, and Jifeng Dai. Internvl:
Scaling up vision foundation models and aligning for generic visual-linguistic tasks. arXiv preprint
arXiv:2312.14238, 2023.

Hyung Won Chung, Le Hou, Shayne Longpre, Barret Zoph, Yi Tay, William Fedus, Yunxuan Li,
Xuezhi Wang, Mostafa Dehghani, Siddhartha Brahma, et al. Scaling instruction-finetuned language
models. Journal of Machine Learning Research, 25(70):1-53, 2024.

Julian Coda-Forno, Marcel Binz, Jane X Wang, and Eric Schulz. Cogbench: a large language model
walks into a psychology lab. arXiv preprint arXiv:2402.18225, 2024.

Jean M Converse and Stanley Presser. Survey questions: Handcrafting the standardized questionnaire,
volume 63. Sage, 1986.

Danny Driess, Fei Xia, Mehdi SM Sajjadi, Corey Lynch, Aakanksha Chowdhery, Brian Ichter, Ayzaan
Wahid, Jonathan Tompson, Quan Vuong, Tianhe Yu, et al. Palm-e: An embodied multimodal
language model. arXiv preprint arXiv:2303.03378, 2023.

James R Flynn. Massive iq gains in 14 nations: What iq tests really measure. Psychological bulletin,
101(2):171, 1987.

Chaoyou Fu, Peixian Chen, Yunhang Shen, Yulei Qin, Mengdan Zhang, Xu Lin, Jinrui Yang, Xiawu
Zheng, Ke Li, Xing Sun, Yunsheng Wu, and Rongrong Ji. Mme: A comprehensive evaluation
benchmark for multimodal large language models, 2024.

Kanishk Gandhi, Jan-Philipp Frinken, Tobias Gerstenberg, and Noah Goodman. Understanding
social reasoning in language models with language models. Advances in Neural Information
Processing Systems, 36, 2024.

11



Under review as a conference paper at ICLR 2025

Yash Goyal, Tejas Khot, Douglas Summers-Stay, Dhruv Batra, and Devi Parikh. Making the v in vqa
matter: Elevating the role of image understanding in visual question answering. In Proceedings of
the IEEE conference on computer vision and pattern recognition, pp. 6904-6913, 2017.

Yinghui He, Yufan Wu, Yilin Jia, Rada Mihalcea, Yulong Chen, and Naihao Deng. Hi-tom: A
benchmark for evaluating higher-order theory of mind reasoning in large language models. arXiv
preprint arXiv:2310.16755, 2023.

Jen-tse Huang, Wenxuan Wang, Eric John Li, Man Ho Lam, Shujie Ren, Youliang Yuan, Wenxiang
Jiao, Zhaopeng Tu, and Michael R Lyu. Who is chatgpt? benchmarking 1lms’ psychological
portrayal using psychobench. arXiv preprint arXiv:2310.01386, 2023.

Chuanyang Jin, Yutong Wu, Jing Cao, Jiannan Xiang, Yen-Ling Kuo, Zhiting Hu, Tomer Ullman,
Antonio Torralba, Joshua B Tenenbaum, and Tianmin Shu. Mmtom-qa: Multimodal theory of
mind question answering. arXiv preprint arXiv:2401.08743, 2024.

Michal Kosinski. Evaluating large language models in theory of mind tasks. arXiv e-prints, pp.
arXiv—2302, 2023a.

Michal Kosinski. Theory of mind may have spontaneously emerged in large language models. arXiv
preprint arXiv:2302.02083, 4:169, 2023b.

Alex Krizhevsky, Ilya Sutskever, and Geoffrey E Hinton. Imagenet classification with deep convolu-
tional neural networks. Advances in neural information processing systems, 25, 2012.

Patrick Lewis, Ethan Perez, Aleksandra Piktus, Fabio Petroni, Vladimir Karpukhin, Naman Goyal,
Heinrich Kiittler, Mike Lewis, Wen-tau Yih, Tim Rocktischel, et al. Retrieval-augmented genera-
tion for knowledge-intensive nlp tasks. Advances in Neural Information Processing Systems, 33:
9459-9474, 2020.

Bohao Li, Rui Wang, Guangzhi Wang, Yuying Ge, Yixiao Ge, and Ying Shan. Seed-bench: Bench-
marking multimodal 1lms with generative comprehension. arXiv preprint arXiv:2307.16125,
2023.

Yanwei Li, Yuechen Zhang, Chengyao Wang, Zhisheng Zhong, Yixin Chen, Ruihang Chu, Shaoteng
Liu, and Jiaya Jia. Mini-gemini: Mining the potential of multi-modality vision language models.
arXiv preprint arXiv:2403.18814, 2024a.

Yuan Li, Yue Huang, Hongyi Wang, Xiangliang Zhang, James Zou, and Lichao Sun. Quanti-
fying ai psychology: A psychometrics benchmark for large language models. arXiv preprint
arXiv:2406.17675, 2024b.

Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae Lee. Improved baselines with visual instruction
tuning. arXiv preprint arXiv:2310.03744, 2023a.

Yuan Liu, Haodong Duan, Yuanhan Zhang, Bo Li, Songyang Zhang, Wangbo Zhao, Yike Yuan, Jiaqi
Wang, Conghui He, Ziwei Liu, et al. Mmbench: Is your multi-modal model an all-around player?
arXiv preprint arXiv:2307.06281, 2023b.

Haoyu Lu, Wen Liu, Bo Zhang, Bingxuan Wang, Kai Dong, Bo Liu, Jingxiang Sun, Tongzheng Ren,
Zhuoshu Li, Yaofeng Sun, et al. Deepseek-vl: towards real-world vision-language understanding.
arXiv preprint arXiv:2403.05525, 2024.

Pan Lu, Swaroop Mishra, Tanglin Xia, Liang Qiu, Kai-Wei Chang, Song-Chun Zhu, Oyvind Tafjord,
Peter Clark, and Ashwin Kalyan. Learn to explain: Multimodal reasoning via thought chains for
science question answering. Advances in Neural Information Processing Systems, 35:2507-2521,
2022.

Pan Lu, Hritik Bansal, Tony Xia, Jiacheng Liu, Chunyuan Li, Hannaneh Hajishirzi, Hao Cheng,

Kai-Wei Chang, Michel Galley, and Jianfeng Gao. Mathvista: Evaluating mathematical reasoning
of foundation models in visual contexts. arXiv preprint arXiv:2310.02255, 2023.

12



Under review as a conference paper at ICLR 2025

Kenneth Marino, Mohammad Rastegari, Ali Farhadi, and Roozbeh Mottaghi. Ok-vqa: A visual
question answering benchmark requiring external knowledge. In Proceedings of the IEEE/cvf
conference on computer vision and pattern recognition, pp. 3195-3204, 2019.

John McCarthy, Marvin L Minsky, Nathaniel Rochester, and Claude E Shannon. A proposal for the
dartmouth summer research project on artificial intelligence, august 31, 1955. Al magazine, 27(4):
12-12, 2006.

Kevin S McGrew and Jeffrey J Evans. Internal and external factorial extensions to the cattell-horn-
carroll (chc) theory of cognitive abilities: A review of factor analytic research since carroll’s
seminal 1993 treatise. Institute for Applied Psychometrics, 2004.

OpenAl. Hello gpt-40. https://openai.com/index/hello—-gpt—-40/,2024.

LeAdelle Phelps, Kevin S McGrew, Susan N Knopik, and Laurie Ford. The general (g), broad, and
narrow chc stratum characteristics of the wj iii and wisc-iii tests: A confirmatory cross-battery
investigation. School Psychology Quarterly, 20(1), 2005.

Russell A Poldrack and Tal Yarkoni. From brain maps to cognitive ontologies: informatics and the
search for mental structure. Annual review of psychology, 67:587-612, 2016.

Anto P Rajkumar, Simpson Yovan, Anoop L Raveendran, and Paul Swamidhas Sudhakar Russell.
Can only intelligent children do mind reading: The relationship between intelligence and theory of
mind in 8 to 11 years old. Behavioral and Brain Functions, 4:1-7, 2008.

Jean Raven. Raven progressive matrices. In Handbook of nonverbal assessment, pp. 223-237.
Springer, 2003.

Gale H Roid and R Andrew Barram. Essentials of Stanford-Binet intelligence scales (SB5) assessment,
volume 39. John Wiley & Sons, 2004.

Gale H Roid and Mark Pomplun. The stanford-binet intelligence scales, volume 654. The Guilford
Press New York, NY, USA:, 2012.

Rylan Schaeffer, Brando Miranda, and Sanmi Koyejo. Are emergent abilities of large language
models a mirage? Advances in Neural Information Processing Systems, 36, 2024.

W Joel Schneider and Kevin S McGrew. The cattell-horn-carroll model of intelligence. Contemporary
intellectual assessment: Theories, tests, and issues, pp. 99—144, 2012.

W Joel Schneider and Kevin S McGrew. The cattell-horn-carroll theory of cognitive abilities.
Contemporary intellectual assessment: Theories, tests, and issues, pp. 73—163, 2018.

Fredrick A Schrank and Barbara J Wendling. The woodcock—johnson iv. Contemporary intellectual
assessment: Theories, tests, and issues, 383, 2018.

Fredrick A Schrank, Scott L Decker, and John M Garruto. Essentials of WJ IV cognitive abilities
assessment. John Wiley & Sons, 2016.

Oleksii Sidorov, Ronghang Hu, Marcus Rohrbach, and Amanpreet Singh. Textcaps: a dataset for
image captioning with reading comprehension. In Computer Vision—-ECCV 2020: 16th European
Conference, Glasgow, UK, August 23-28, 2020, Proceedings, Part II 16, pp. 742-758. Springer,
2020.

Amanpreet Singh, Vivek Natarajan, Meet Shah, Yu Jiang, Xinlei Chen, Dhruv Batra, Devi Parikh, and
Marcus Rohrbach. Towards vqa models that can read. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition, pp. 8317-8326, 2019.

Charles Spearman. "general intelligence" objectively determined and measured. The American
Journal of Psychology, 1961.

Robert J Sternberg. Beyond IQ: A triarchic theory of human intelligence. CUP Archive, 1985.

13


https://openai.com/index/hello-gpt-4o/

Under review as a conference paper at ICLR 2025

Ashish Vaswani, Noam Shazeer, Niki Parmar, Jakob Uszkoreit, Llion Jones, Aidan N Gomez, Lukasz
Kaiser, and Illia Polosukhin. Attention is all you need. Advances in neural information processing
systems, 30, 2017.

Weihan Wang, Qingsong Lv, Wenmeng Yu, Wenyi Hong, Ji Qi, Yan Wang, Junhui Ji, Zhuoyi Yang,
Lei Zhao, Xixuan Song, et al. Cogvlm: Visual expert for pretrained language models. arXiv
preprint arXiv:2311.03079, 2023a.

Xuena Wang, Xueting Li, Zi Yin, Yue Wu, and Jia Liu. Emotional intelligence of large language
models. Journal of Pacific Rim Psychology, 17:18344909231213958, 2023b.

Jason Wei, Yi Tay, Rishi Bommasani, Colin Raffel, Barret Zoph, Sebastian Borgeaud, Dani Yogatama,
Maarten Bosma, Denny Zhou, Donald Metzler, et al. Emergent abilities of large language models.
arXiv preprint arXiv:2206.07682, 2022.

Peng Xu, Wenqi Shao, Kaipeng Zhang, Peng Gao, Shuo Liu, Meng Lei, Fanqing Meng, Siyuan
Huang, Yu Qiao, and Ping Luo. Lvim-ehub: A comprehensive evaluation benchmark for large
vision-language models. arXiv preprint arXiv:2306.09265, 2023.

Zhengyuan Yang, Linjie Li, Jianfeng Wang, Kevin Lin, Ehsan Azarnasab, Faisal Ahmed, Zicheng Liu,
Ce Liu, Michael Zeng, and Lijuan Wang. Mm-react: Prompting chatgpt for multimodal reasoning
and action. arXiv preprint arXiv:2303.11381, 2023.

Zhenfei Yin, Jiong Wang, Jianjian Cao, Zhelun Shi, Dingning Liu, Mukai Li, Xiaoshui Huang,
Zhiyong Wang, Lu Sheng, Lei Bai, et al. Lamm: Language-assisted multi-modal instruction-tuning
dataset, framework, and benchmark. Advances in Neural Information Processing Systems, 36,
2024.

Alex Young, Bei Chen, Chao Li, Chengen Huang, Ge Zhang, Guanwei Zhang, Heng Li, Jiangcheng
Zhu, Jianqun Chen, Jing Chang, et al. Yi: Open foundation models by O1. ai. arXiv preprint
arXiv:2403.04652, 2024.

Peter Young, Alice Lai, Micah Hodosh, and Julia Hockenmaier. From image descriptions to visual
denotations: New similarity metrics for semantic inference over event descriptions. Transactions
of the Association for Computational Linguistics, 2:67-78, 2014.

Weihao Yu, Zhengyuan Yang, Linjie Li, Jianfeng Wang, Kevin Lin, Zicheng Liu, Xinchao Wang,
and Lijuan Wang. Mm-vet: Evaluating large multimodal models for integrated capabilities. arXiv
preprint arXiv:2308.02490, 2023.

Xiang Yue, Yuansheng Ni, Kai Zhang, Tianyu Zheng, Ruoqi Liu, Ge Zhang, Samuel Stevens,
Dongfu Jiang, Weiming Ren, Yuxuan Sun, et al. Mmmu: A massive multi-discipline multimodal
understanding and reasoning benchmark for expert agi. arXiv preprint arXiv:2311.16502, 2023.

Wenxuan Zhang, Mahani Aljunied, Chang Gao, Yew Ken Chia, and Lidong Bing. M3exam: A
multilingual, multimodal, multilevel benchmark for examining large language models. Advances
in Neural Information Processing Systems, 36, 2024.

Wanjun Zhong, Ruixiang Cui, Yiduo Guo, Yaobo Liang, Shuai Lu, Yanlin Wang, Amin Saied, Weizhu
Chen, and Nan Duan. Agieval: A human-centric benchmark for evaluating foundation models.
arXiv preprint arXiv:2304.06364, 2023.

Deyao Zhu, Jun Chen, Xiaoqgian Shen, Xiang Li, and Mohamed Elhoseiny. Minigpt-4: En-
hancing vision-language understanding with advanced large language models. arXiv preprint
arXiv:2304.10592, 2023.

14



	Introduction
	Related works
	M3GIA
	The Five-factor Cognitive Model of M3GIA
	Question Design and Collection
	Metrics

	Evaluation Results
	Accuracy Score on Five Cognitive Factors
	Multilingual GIA Scores

	Conclusion
	Limitations and Discussions

