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Abstract

The Multimodal Large Language Model (MLLM)
is currently experiencing rapid growth, driven
by the advanced capabilities of language-based
LLMs. Unlike their specialist predecessors, exist-
ing MLLMs are evolving towards a Multimodal
Generalist paradigm. Initially limited to under-
standing multiple modalities, these models have
advanced to not only comprehend but also gener-
ate across modalities. Their capabilities have ex-
panded from coarse-grained to fine-grained mul-
timodal understanding and from supporting sin-
gular modalities to accommodating a wide array
of or even arbitrary modalities. To assess the
capabilities of various MLLMs, a diverse array
of benchmark test sets has been proposed. This
leads to a critical question: Can we simply assume
that higher performance across tasks indicates a
stronger MLLM capability, bringing us closer to
human-level AI?

We argue that the answer is not as straightfor-
ward as it seems. In this project, we introduce an
evaluation framework to delineate the capabilities
and behaviors of current multimodal generalists.
This framework, named General-Level, es-
tablishes 5-scale levels of MLLM performance
and generality, offering a methodology to com-
pare MLLMs and gauge the progress of existing
systems towards more robust multimodal general-
ists and, ultimately, towards AGI (Artificial Gen-
eral Intelligence). Central to our framework is the
use of Synergy as the evaluative criterion, cate-
gorizing capabilities based on whether MLLMs
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preserve synergy across comprehension and gen-
eration, as well as across multimodal interactions.
To evaluate the comprehensive abilities of vari-
ous generalists, we present a massive multimodal
benchmark, General-Bench, which encom-
passes a broader spectrum of skills, modalities,
formats, and capabilities, including over 700 tasks
and 325,800 instances. The evaluation results that
involve over 100 existing state-of-the-art MLLMs
uncover the capability rankings of generalists,
highlighting the challenges in reaching genuine
AI. We expect this project to pave the way for fu-
ture research on next-generation multimodal foun-
dation models, providing a robust infrastructure
to accelerate the realization of AGI.

Project Page: https://generalist.top/

Leaderboard: https://generalist.top/
leaderboard/

Benchmark: https://huggingface.co/
General-Level/

1 Introduction
Large Language Models (LLMs, e.g., ChatGPT (OpenAI,
2022a) and LLaMA (Touvron et al., 2023)) have revolu-
tionized the NLP field by serving as generalists addressing
a vast spectrum of NLP tasks. This breadth of capability
has edged humans ever closer to the realization of Artificial
General Intelligence (AGI). Yet, human intelligence inher-
ently operates across multiple modalities, not solely through
language. This observation has spurred the development of
multimodal LLMs (Alayrac et al., 2022; Li et al., 2023a;
Liu et al., 2023a; OpenAI, 2022b), i.e., multimodal general-
ists, which are rapidly gaining traction and evolving towards
AGI. The recent progress in MLLMs is marked by signif-
icant advancements. For example, the initial multimodal
agents where LLMs serve as mere task schedulers, later have
evolved into joint foundation MLLMs (Zhu et al., 2023a;
Liu et al., 2023a; Zhang et al., 2023a; OpenAI, 2022b; Wu
et al., 2024a; Chen et al., 2024a; Sun et al., 2024). Also,
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Figure 1: The “intelligence” in most existing multimodal generalists (i.e., MLLMs) hinges on language intelligence (i.e.,
from LLMs) (a), whereas the ideal intelligence mode should be maintaining synergy across all modalities and tasks (b).

MLLMs have progressed from understanding only multi-
modal signals to both comprehending and generating multi-
modal content, even editing capabilities (Wang et al., 2023a;
Munasinghe et al., 2023; Zhang et al., 2024a; Fei et al.,
2024a). Further, these models have advanced from coarse-
grained modal understanding to fine-grained multimodal
comprehension, such as pixel-level visual modeling (Ren
et al., 2023; Yuan et al., 2023a; Rasheed et al., 2023). More
significantly, MLLMs that initially support only singleton
non-textual modalities have now facilitated the understand-
ing and generation of signals across various modalities, even
simultaneously accommodating any modality (Wu et al.,
2024a; Zhan et al., 2024; Lu et al., 2024a).

Accordingly, the community has introduced various bench-
marks to evaluate those MLLMs (Wu et al., 2023a; Xia et al.,
2024a; Yue et al., 2024; Meng et al., 2024a; Liu et al., 2025;
Li et al., 2024a; Ying et al., 2024a; Li et al., 2024b). The
prevailing evaluation mindset might yet be largely outdated,
simplistically assuming that superior performance across
tasks presents a stronger generalist capability (Xu et al.,
2023a; Yu et al., 2023; Fu et al., 2024a; Chen et al., 2024b),
and then being closer to AGI. We contend this perspective
overly simplifies the implication inherent in real multimodal
generalization. Theoretically, it’s effortless to assemble a
“super agent” from all singleton state-of-the-art (SoTA) spe-
cialists to achieve the above goal, while such a simplistic
integration would never suffice to realize genuine AGI. We
argue that the key to advancing towards AGI lies in the syn-
ergy effect—a capability that enables knowledge learned
in one modality or task to generalize and enhance mastery
in other modalities or tasks, fostering mutual improvement
across different modalities and tasks through interconnected
learning.1 As illustrated in Figure 1, most current MLLMs

1Synergy, in essence, can be understood as a form of general-
ization ability.

predominantly build on the language intelligence of LLMs
to simulate the indirect intelligence of multimodality, which
is merely extending language intelligence to aid multimodal
understanding. While LLMs (e.g., ChatGPT) have already
demonstrated such synergy in NLP, reflecting language in-
telligence, unfortunately, the vast majority of MLLMs do
not really achieve it across modalities and tasks.

In this project, we introduce a sophisticated evaluation
framework, General-Level, for more accurately posi-
tioning and assessing the capabilities of current MLLM gen-
eralists, charting a path toward authentic multimodal AGI.
Drawing inspiration from the tiered classification mecha-
nism in the automotive industry for autonomous vehicles
(Yurtsever et al., 2020), General-Level defines five
principal levels of model performance and generality. Cen-
tral to the framework is the synergy ability as the evaluative
criterion, categorizing capabilities based on whether gener-
alists preserve synergy in and across multimodal compre-
hension and generation, as well as cross-modal interactions.
From the lowest to the highest level, the scope of synergy
ability required progressively escalates from single tasks
or modalities to total synergy. As a generalist strives to
advance to a higher level, it must demonstrate significant
enhancements in its synergy capabilities, during which the
difficulty of progression is also inherently increasing.

To effectively evaluate within the General-Level frame-
work, a suitable benchmark is essential. While there are nu-
merous MLLM evaluation benchmarks, e.g., LVLM-eHub
(Xu et al., 2023a), MME (Fu et al., 2024a), MMMU (Yue
et al., 2024), SEED-Bench (Li et al., 2024a), MMT-Bench
(Ying et al., 2024a), and MEGA-Bench (Chen et al., 2024b),
they might have certain limitations that render them inad-
equate for our needs. Firstly, existing benchmarks often
convert all tasks into a uniform multiple-choice QA format
(Fu et al., 2024a; Ying et al., 2024a), simplifying the evalua-
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tion process but consequently restricting assessments to only
the models’ multimodal comprehension capabilities. How-
ever, a true multimodal generalist should support not only
comprehension, but also possess capabilities in multimodal
generation, editing, and beyond. Second, the majority of
current benchmarks (Wu et al., 2023a; Liu et al., 2025; Li
et al., 2024a) predominantly focus on the image modality
and overlook other crucial modalities such as video, audio,
even 3D and beyond, which are vital for a robust multimodal
generalist. Third, these benchmarks are typically limited to
coarse-grained multimodal understanding (Xu et al., 2023a;
Yu et al., 2023; Fu et al., 2024a) and fail to adequately assess
finer-grained ones, which actually lag far behind the current
advancements in MLLMs, i.e., supporting pixel-level im-
age understanding and generation (Fei et al., 2024a; Zhang
et al., 2024a). In response to these challenges, we pro-
pose General-Bench, a massive multimodal evaluation
benchmark, spanning from various modalities (e.g., image,
video, audio, 3D, language, and beyond) in diverse native
formats, covering a wide range of tasks that thoroughly
assess the full capabilities of a multimodal generalist.

Our evaluation of over 100 existing top-performing
LLM/MLLM systems has uncovered critical insights into
their capabilities and rankings as multimodal generalists.
The most notable finding is that most MLLMs lack the cross-
task or cross-modal synergy ability required for higher-level
classifications, with even advanced models like GPT-4V and
GPT-4o not achieving top ranks. This highlights a consider-
able gap in achieving the goals of multimodal generalists.
Also, the majority of existing MLLMs manage only a few
basic multimodal tasks and skills, which negatively affects
their scoring. Most critically, no model has yet demon-
strated the ability to enhance language intelligence through
non-language modalities, underscoring the substantial chal-
lenges in the pursuit of genuine AGI.

Contributions: 1) We introduce a tiered classification sys-
tem called General-Level for multimodal generalists,
establishing a rigorous norm that can guide future MLLM
research. 2) We contribute a new evaluation benchmark
(General-Bench) that provides the most comprehensive
coverage of modalities and tasks available to date.

2 Background and Related Work
More and more tend to recognize that LLMs have unlocked
the potential of language intelligence, bringing unprece-
dented hope to achieve AGI. Essentially, an LLM serves
as a generalist capable of tackling nearly all downstream
NLP tasks. LLMs have subsequently evolved in an effort
to extend this intelligence across various other modalities,
i.e., MLLMs (Bai et al., 2023; Zhang et al., 2023b; Jin
et al., 2023; Li et al., 2024c; Fei et al., 2024b;c). Unlike the
past ‘smaller’ specialists (Van Den Oord et al., 2016; Rad-
ford et al., 2021; Rombach et al., 2022; Liu et al., 2023b),

MLLMs represent an important advancement of unifica-
tion to handle all modalities and tasks with one foundation
model, i.e., multimodal generalists. Naturally, empowering
a multimodal generalist with strong multimodal intelligence
capabilities is an essential pathway toward realizing AGI.

Technically, the vast majority of existing MLLMs have
frameworks that are anchored by an LLM to serve as the core
for reasoning and decision-making. By integrating various
well-trained modules of different modalities or tasks (typi-
cally existing specialists, e.g., CLIP (Radford et al., 2021)
and Stable Diffusion (Rombach et al., 2022)), MLLMs are
facilitated with the comprehension and even generation of di-
verse modalities. Representative MLLMs include Blip2 (Li
et al., 2023a), LLAVA (Liu et al., 2023a), MiniGPT-4 (Zhu
et al., 2023a), Flamingo (Alayrac et al., 2022), and NExT-
GPT (Wu et al., 2024a), among others. However, such an
architectural setup merely simulates ‘pseudo’ multimodal
intelligence, as it still fundamentally relies on the language
intelligence of LLMs without genuine non-language modal-
ity intelligence. As emphasized earlier, a capable generalist
must possess synergy capabilities across all modalities and
tasks, akin to how an LLM (e.g., ChatGPT) generalizes
well to unseen NLP tasks, despite not being exposed to all
tasks during its training. While these current multimodal
generalists can deliver strong performances on multimodal
benchmarks, sometimes even on par with SoTA specialists,
they do not fundamentally achieve true synergy.

Consequently, this paper positions synergy as the central cri-
terion for evaluating multimodal generalists on their journey
toward AGI. Current evaluation methods (Li et al., 2024b)
for MLLMs still adhere to the traditional approach used
for specialists, simply comparing the MLLM performance
on multimodal tasks, assuming that higher scores indicate
greater strength and closer proximity to AGI. Going beyond
that, we propose a new evaluation framework—not only
do we compare whether models support various modalities
and tasks and their performance, but we also rank them
based on the synergy capabilities of multimodal generalists.
Meanwhile, we significantly expand the scope of current
MLLM benchmark datasets in terms of modality and task
coverages, as well as task formats, contributing to the most
comprehensive benchmark dataset to date in the community.

3 General-Level: A 5-Level Taxonomy of
Multimodal Generalists

3.1 Preliminary

3.1.1 OBSERVATIONS AND PRINCIPLES

Observation-1: Multimodal Comprehension vs. Simul-
taneous Multimodal Comprehension and Generation.
Initially, MLLMs are capable only of interpreting multi-
modal signals, meaning their responses are limited to textual
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Figure 2: A specific illustration on synergy effect.

outputs based on user-provided multimodal inputs. How-
ever, an MLLM that only offers multimodal comprehension
operates at the most basic and rudimentary level. More ad-
vanced MLLMs have since emerged, equipped with not only
multimodal comprehension but also the ability to generate
and even edit content across various modalities. It is widely
believed that the more advanced a multimodal generalist
is, the more it should encompass advanced functionalities,
encompassing both comprehension and generation.

Observation-2: Covering Broader Modalities. Being a
multimodal generalist requires the ability to extensively sup-
port and handle a wide range of modal data, including, but
not limited to, text, images, videos, audio, and even 3D. The
extent of modal support is indicative of the breadth of an AI
system’s capabilities. Initially, MLLMs could manage only
a singleton non-linguistic modality, e.g., images, videos, or
audio signals. To date, these models have evolved to simul-
taneously support multiple non-linguistic modalities—such
as combining images with videos, videos with audio, and
even any modality in the current most advanced cases.

Observation-3: Supporting Various Tasks and
Paradigms. To qualify as a true multimodal generalist, it
must be capable of handling a broad range of tasks with
different definitions and requirements. The greater the
variety of tasks supported, the stronger the generalist’s
overall versatility. For example, early visual MLLMs
could only manage coarse-grained image understanding,
but recent advancements have enabled them to achieve
fine-grained, pixel-level multimodal comprehension, such
as pixel-level image/video grounding and editing. This
advancement necessitates that the model’s decoding
components should be versatile enough to generate outputs
in various task formats, not merely restricted to text.

Observation-4: Multimodal Agent vs. Multimodal Foun-
dation Model. Initially, researchers approach multimodal
tasks by using LLMs as task schedulers, where an LLM
orchestrates the execution of tasks by invoking external

tools and modules (often specialists) to handle specific mul-
timodal tasks. This setup is referred to as a multimodal
agent. Subsequently, attention shifted towards building joint
MLLMs, where the LLM is tightly integrated with other
modules, such as multimodal understanding components
(front-end) and multimodal generation components (back-
end), through a shared embedding space. This setup allows
for joint training, where the entire system, including all pa-
rameters, can be updated end-to-end. The complexity of
AGI requires deeper integration and generalization across
tasks and modalities.

3.1.2 SYNERGY AS CORE TO GENERALISTS

We argue that determining whether a multimodal generalist
is stronger cannot be simplistically equated with achieving
higher scores on a benchmark or/and supporting as many
multimodal tasks as possible compared to other models—a
common practice in current MLLM benchmarking and eval-
uation. A simple counterexample can illustrate this point: it
could be comparatively easier to construct a ‘super agent’
by integrating all SoTA specialists for various multimodal
tasks into a single system. Such an agent could achieve top-
level performance across all tasks (on par with the strongest
individual specialist models) while supporting a wide range
of multimodal functionalities. However, such agents can be
far from the multimodal generalist we expect as a pathway
to AGI. Such a type of agent lacks inherent multimodal
intelligence and capabilities, as it relies on an ensemble
of specialized systems rather than embodying true, native
multimodal generalization.

Instead, the ideal multimodal generalist (and ultimately
AGI) we envision should be a multimodal counterpart of an
all-capable OpenAI ChatGPT series. Such a model would
not only surpass SoTA specialists in task-wise performance
across various tasks and modalities but also exhibit ex-
ceptional cross-task, cross-comprehension-generation, and
cross-modality generalization capabilities. In other words,
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Table 1: General-Level framework toward classifying multimodal generalists into FIVE levels based on the synergy
abilities models preserve. We denote the number of tasks within the Comprehension group by M ; the number within the
Generation group by N ; and the number of NLP tasks by T .

Level Definition Scoring Example

Level-1:
Specialists

Various current models, each fine-tuned on a
specific task or dataset of specific modalities,
are task-specific players (i.e., SoTA special-
ists). This includes various learning tasks,
such as linguistic/visual recognition, classifi-
cation, generation, segmentation, grounding,
inpainting, and more.

For each task in the benchmark (i-th task), the
current SoTA specialist’s score is recorded as:

σsota
i

CLIP (Li et al.,
2022), FLUX
(Labs, 2023),
FastSpeech2
(Ren et al., 2021),
· · ·

↓ Upgrading Condition: Supporting as many tasks and functionalities as possible

Level-2:

Generalists of Unified
Comprehension and/or
Generation

Models are task-unified players, e.g.,
MLLMs, capable of supporting different
modalities and tasks. Such MLLMs can
integrate various models through existing en-
coding and decoding technologies to achieve
aggregation and unification of various
modalities and tasks (such as comprehension
and generation tasks).

The average score between Comprehension and
Generation tasks (i.e., across all tasks) represents
the score at this level. A model that can score
non-zero on the data is considered capable of
supporting that task. The more supported tasks
and the higher the scores, the higher its overall
score:

S2 =
1

2

 1

M

M∑
i=1

σC
i +

1

N

N∑
j=1

σG
i



Unified-io-2 (Lu
et al., 2024a),
AnyGPT (Zhan
et al., 2024),
NExT-GPT (Wu
et al., 2024a),
SEED-LLaMA
(Ge et al., 2023),
GPT-4V (Ope-
nAI, 2022b), · · ·

↓ Upgrading Condition: Generalists achieving as stronger synergy and cross as many tasks as possible

Level-3:

Generalists with syn-
ergy in Comprehension
and/or Generation

Models are task-unified players, and syn-
ergy is in Comprehension and/or Generation.
MLLMs enhance several tasks’ performance
beyond corresponding SoTA scores through
joint learning across multiple tasks due to the
synergy effect.

Assign a mask weight of 0 or 1 to each task;
mask=1 only if the corresponding score (σC

i or
σG
i ) exceeds the SoTA specialist’s score, other-

wise mask=0. Then, calculate the average score
between SC and SG. The more tasks to surpass
the SoTA specialist, the higher the S3:

S3 =
1

2
(SG + SC) ,where

SC =
1

M

M∑
i=1

{
σC
i if σC

i ≥ σC
sota

0 otherwise

SG =
1

N

N∑
j=1

{
σG
j if σG

j ≥ σG
sota

0 otherwise

GPT-4o (OpenAI,
2022b), Gemini-
1.5 (Team et al.,
2024a), Claude-
3.5 (Team, 2024),
DeepSeek-VL
(Lu et al., 2024b),
LLaVA-One-
Vision (Li et al.,
2024d), Qwen2-
VL (Wang et al.,
2024a), In-
ternVL2.5 (Chen
et al., 2024c),
Phi-3.5-Vision
(Abdin et al.,
2024), · · ·

↓ Upgrading Condition: Generalists in unified comprehension and generation capability with synergy in between

Level-4:

Generalists with synergy
across Comprehension
and Generation

Models are task-unified players, and synergy
is across Comprehension and Generation.

Calculate the harmonic mean between Compre-
hension and Generation scores. The stronger
synergy a model has between Comprehension
and Generation tasks, the higher the score:

S4 =
2SCSG

SC + SG

Mini-Gemini (Li
et al., 2024c),
Vitron-V1 (Fei
et al., 2024a),
Emu2-37B (Sun
et al., 2024), · · ·

↓ Upgrading Condition: Generalists achieving cross-modal synergy with abductive reasoning ability

Level-5:

Generalists with total
synergy across Compre-
hension, Generation and
Language

Models are task-unified players, preserving
the synergy effect across Comprehension,
Generation, and Language. In other words,
the model not only achieves cross-modality
synergy between Comprehension and Gener-
ation groups but also further realizes synergy
with language. The Language intelligence
can enhance multimodal intelligence and vice
versa; understanding multimodal information
can also aid in understanding language.

Calculate the model’s average score exceeding
SoTA NLP specialists on NLP benchmark data;
normalize it to a [0,1] weight, and multiply it by
the score from level-4 as the level-5 score:

S5 = S4 × wL ,where

wL =
SL

Stotal
,where

SL =
1

T

T∑
k=1

{
σk if σk ≥ σsota
0 otherwise

None found yet
(Let’s wait for
multimodal Chat-
GPT moment!)

the knowledge learned from certain tasks, skills, and modal-
ities should be transferable to other tasks, skills, and modal-
ities—extrapolating the understanding to effectively engage
with other tasks and modalities, and vise versa, creating a
synergistic effect where the combined result exceeds the
sum of individual contributions, achieving a 1+1>2 effect.
ChatGPT on the language side can be a good example: it out-

performs SoTA specialists in unseen tasks without having
undergone specific training for those tasks. This generaliz-
ability is what we claim as the synergy effect.

3.2 Defining Levels Centered on Synergy
Based on the above principles, we introduce a 5-level
taxonomy of multimodal generalists, General-Level.
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Figure 3: Overview of General-Bench, which covers 145 skills for more than 700 tasks with over 325,800 samples under
comprehension and generation categories in various modalities. Appendix § B.6 gives holistic hierarchical taxonomies.

General-Level framework evaluates generalists based on the
levels and strengths of the synergy they preserve. Specifi-
cally, we define three levels and scopes of synergy, ranked
from low to high: ‘task-task’, ‘comprehension-generation’,
and ‘modality-modality’, as illustrated in Figure 2. Achiev-
ing these levels of synergy becomes progressively more
challenging, corresponding to higher degrees of general in-
telligence. Assume we have a benchmark of various modal-
ities and tasks, where we can categorize tasks under these
modalities into the Comprehension group and the Gener-
ation group, as well as the language (i.e., NLP) group, as
illustrated in Figure 5. Now, we can define the scoring
specification of General-Level as in Table 1.

When calculating scores using the corresponding formula,
we normalize all task metrics to a 100-point scale. While
most task evaluation scores typically range from 0-100, such
as F1 and Accuracy, certain metrics, e.g., FID, MAE, and
PSNR, yet yield scores outside this usual range. Thus, we
design some mapping functions to standardize performance
scores. Our framework also incorporates the principle of
diminishing scores: an MLLM (i.e., multimodal generalist)
can achieve scores at multiple levels, but it is classified at
its highest level, where it achieves a non-zero score.

We assume that current MLLMs have already demonstrated
synergy mode from language to non-language modalities.
Then the remaining mission is to confirm the existence
of synergy in the reverse direction, from non-language to
language modalities. Therefore, for level 5—measuring
total synergy—we do not measure the generality across all
modalities and tasks. Instead, we assess whether a model
can improve NLP task performance to exceed that of NLP
SoTA specialists.

4 General-Bench: A Holistic Benchmark for
Multimodal Generalists

We introduce General-Bench, a new benchmark to meet
the outlined criteria and serve as the standard dataset for our
evaluation framework. Appendix §B shows more details
about the benchmark data.

The data compiled for General-Bench is visualized in
Figure 3 visualizes the General-Bench highlights of
task/modality support. Overall, the current version of the
dataset includes those most common modalities (inner ring),
and except for NLP tasks, all modalities distinguish be-
tween comprehension and generation tasks (middle ring).
General-Bench particularly places a strong emphasis
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Table 2: Performance of multimodal generalists on various image comprehension skills. Skill full names and specific tasks
are listed in Appendix. The full performance records of more generalists are shown in Appendix § C.

Image Comprehension Skill (Avg within each #I-C Group) Task Completion Level Score on Image
#1 #2 #3 #4 #5 #6 #7 #8 #9 #10
#11 #12 #13 #14 #15 #16 #17 #18 #19 #20
#21 #22 #23 #24 #25 #26 #27 #28 #29 #30

Model

#31 #32 #33 #34 #35 #36 #37 #38 #39 #40

#Supported
Task

#Win-over-
Specialist Level-2 Level-3 Level-4

51.27 53.32 42.04 22.30 39.02 22.42 46.02 15.67 51.20 28.01
36.40 65.15 43.78 58.90 63.73 87.84 58.66 72.25 34.51 95.70
70.00 50.40 65.97 16.60 78.00 50.48 19.90 53.55 64.10 35.90SoTA Specialist
39.80 57.20 54.60 63.27 29.60 87.10 98.00 39.60 36.42 82.02

/ / / / /

69.42 58.64 39.54 0.00 66.18 36.08 61.74 0.00 16.90 20.88
0.00 0.00 51.04 63.52 0.00 70.90 51.60 0.00 0.00 0.00
71.90 37.12 50.30 16.06 72.20 0.00 0.00 72.51 0.00 97.98GPT-4V
40.05 0.00 90.40 0.00 31.64 89.10 22.22 22.54 18.08 84.84

177 (65.1%) 105 (38.6%) 18.16 12.85 0.00

73.87 63.42 43.23 0.00 71.56 39.65 68.83 0.00 67.80 23.24
0.00 0.00 71.23 61.54 0.00 79.38 55.25 0.00 0.00 0.00
81.30 39.61 48.63 15.12 93.00 0.00 0.00 77.53 0.00 98.79GPT-4o
44.30 0.00 90.40 0.00 33.47 91.20 35.56 24.80 21.12 87.88

177 (65.1%) 112 (41.2%) 19.67 14.51 0.00

72.33 23.41 39.39 0.00 62.38 34.30 66.25 0.00 59.20 23.79
0.00 0.00 60.86 40.10 0.00 0.00 58.09 0.00 0.00 0.00
84.57 31.55 60.87 15.20 86.40 0.00 0.00 76.72 0.00 96.76Gemini-1.5-Pro
36.41 0.00 98.00 0.00 38.45 92.00 30.37 22.18 21.20 83.23

177 (65.1%) 101 (37.1%) 19.67 12.66 0.00

67.00 25.79 37.85 0.00 59.45 29.91 63.61 0.00 56.50 22.19
0.00 0.00 55.22 32.92 0.00 0.00 54.57 0.00 0.00 0.00
80.63 28.97 56.91 16.57 82.60 0.00 0.00 73.57 0.00 93.42Gemini-1.5-Flash
28.53 0.00 96.40 0.00 29.97 90.20 27.96 20.64 18.22 80.40

177 (65.1%) 94 (34.6%) 18.54 10.85 0.00

65.38 57.69 39.95 0.00 63.35 34.50 63.43 0.00 45.62 20.44
0.00 0.00 60.21 58.15 0.00 66.57 51.23 0.00 0.00 0.00
70.39 41.19 54.75 13.87 77.80 0.00 0.00 73.04 0.00 94.65Claude-3.5-Opus
38.28 0.00 91.38 0.00 0.00 87.31 23.87 28.71 25.75 84.65

178 (65.4%) 93 (34.2%) 19.00 11.08 0.00

53.76 7.31 36.62 0.00 41.31 22.22 41.89 0.00 21.20 12.83
0.00 0.00 39.47 12.20 0.00 0.00 44.51 5.28 0.00 0.00
56.33 29.43 45.46 21.45 64.20 0.00 0.00 54.59 0.00 70.34Emu2-32B
17.73 0.00 72.80 0.00 0.00 73.40 31.72 14.09 18.73 56.97

178 (65.4%) 52 (19.1%) 30.90 5.18 1.25

55.32 3.44 34.16 0.00 42.61 42.04 51.34 0.00 0.00 24.35
0.00 0.00 41.00 21.77 0.00 0.00 52.13 11.89 0.00 0.00
67.56 32.32 51.51 23.70 90.10 0.00 0.00 57.68 0.00 52.02

Phi-3.5-Vision-
Instruct

19.31 0.00 83.40 0.00 15.02 80.00 3.98 23.06 25.41 71.31
179 (65.8%) 85 (31.3%) 16.46 9.39 0.00

66.98 5.74 35.64 0.00 56.58 40.50 48.79 0.00 43.18 25.32
0.00 0.00 45.66 29.44 0.00 0.00 59.87 10.89 0.00 0.00
81.86 38.59 58.99 16.17 97.43 0.00 0.00 72.47 0.00 92.41Qwen2-VL-72B
4.33 0.00 77.64 0.00 16.83 79.34 11.65 29.62 32.22 62.83

177 (65.1%) 99 (36.4%) 19.41 12.34 0.00

46.68 0.00 31.85 0.00 40.59 13.48 35.10 0.00 7.20 9.09
0.00 0.00 25.42 8.00 0.00 0.00 33.60 4.76 0.00 0.00
38.53 22.52 32.67 24.96 32.20 0.00 0.00 47.48 0.00 66.19SEED-LLaMA-13B
0.00 0.00 71.60 0.00 0.80 69.80 14.43 13.13 10.19 51.72

174 (64.0%) 39 (14.3%) 26.81 3.49 0.00

53.54 0.00 33.85 0.00 49.78 27.69 50.71 0.00 6.00 9.41
0.00 0.00 35.35 21.59 0.00 0.00 40.14 7.80 0.00 0.00
53.53 19.30 42.69 33.01 5.80 0.00 0.00 51.36 0.00 50.71DeepSeek-VL-7B
20.44 0.00 90.40 0.00 16.83 42.60 9.44 9.78 11.97 65.05

180 (66.2%) 64 (23.5%) 13.13 5.75 0.00

59.96 4.86 24.93 0.00 38.08 35.39 57.54 0.00 7.76 12.46
0.00 0.00 26.68 17.74 0.00 0.00 48.81 8.06 0.00 0.00
30.13 28.37 46.05 16.95 7.82 0.00 0.00 54.99 0.00 74.49InternVL2.5-8B
18.18 0.00 99.60 0.00 10.57 85.90 33.52 9.71 16.91 57.17

183 (67.3%) 71 (26.1%) 25.20 13.09 0.00

47.64 3.90 51.58 2.30 35.66 4.81 39.78 0.00 13.30 13.81
0.00 66.60 39.47 8.19 58.53 82.72 25.13 22.24 14.63 0.00
50.00 28.14 22.28 23.52 0.00 44.96 0.00 52.11 71.89 64.20Vitron-V1
19.07 36.70 51.38 55.85 4.70 69.26 15.34 19.12 24.48 59.07

252 (92.6%) 62 (22.8%) 30.13 7.65 4.59

50.47 1.90 32.31 0.00 42.52 11.84 50.88 0.00 3.80 22.11
0.00 0.00 33.98 19.87 0.00 0.00 41.79 8.62 0.00 0.00
51.13 20.92 26.99 35.40 80.80 0.00 0.00 52.00 0.00 52.73

MoE-LLAVA-
Phi2-2.7B-4e-384

15.69 0.00 50.40 0.00 13.71 84.05 8.70 12.57 15.95 51.52
180 (66.2%) 55 (20.2%) 12.55 5.47 0.00

52.53 0.00 26.00 0.00 36.72 12.35 44.03 0.00 0.60 20.88
0.00 0.00 29.01 18.67 0.00 0.00 31.75 9.39 0.00 0.00
51.60 23.60 41.66 27.08 86.80 0.00 0.00 51.67 0.00 42.51

mPLUG-Owl2-
LLaMA2-7b

15.27 0.00 60.20 0.00 9.00 80.10 8.88 12.14 17.48 70.10
177 (65.1%) 45 (16.5%) 12.21 4.60 0.00

on the diversity of its evaluation data, covering a wide range
of fields and scenarios to assess different aspects of model
capabilities. First, the dataset spans a variety of domains
and disciplines, incorporating 28 major areas within both

the physical sciences (e.g., Physics, Math, Geometry, Biol-
ogy) and the social sciences (e.g., Humanities, Linguistics,
History, Social). The evaluation of a generalist’s skills and
capabilities is categorized into universal modality-invariant
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Table 3: Performance of part of multimodal generalists on image generation skills.

Image Generation Skill (Avg within each #I-G Group) Task Completion Level Score on Image
#1 #2 #3 #4 #5 #6 #7 #8Model
#9 #10 #11 #12 #13 #14 #15

#Supported
Task

#Winning-
Specialist Level-2 Level-3 Level-4

18.70 45.40 33.77 16.30 4.86 24.00 99.29 15.06SoTA Specialist 53.16 16.47 25.33 43.93 20.35 67.44 36.11 / / / / /

SEED-LLaMA-14B 127.10 0.00 37.10 7.51 127.42 98.33 0.00 0.00 35 (77.8%) 0 (0.0%) 26.81 3.49 0.0030.18 87.90 14.58 175.33 0.00 51.82 62.60

93.52 0.00 34.85 8.53 101.80 81.95 0.00 0.00Emu2-32B 40.51 118.55 15.43 154.26 0.00 57.09 58.17 34 (75.6%) 2 (4.4%) 30.90 5.18 1.25

AnyGPT 158.21 0.00 40.47 10.30 117.21 115.91 0.00 0.00 36 (80.0%) 0 (0.0%) 23.10 1.29 0.0028.88 108.06 14.91 193.39 0.00 53.02 64.21

79.79 0.00 31.35 11.87 149.78 59.23 0.00 0.00LaVIT-V2 (7B) 46.40 89.78 15.79 161.54 0.00 50.18 51.68 36 (80.0%) 0 (0.0%) 29.50 3.71 0.00

NExT-GPT-V1.5 49.71 0.00 6.00 3.91 75.71 41.20 0.00 47.30 41 (91.1%) 0 (0.0%) 18.69 3.24 0.0028.19 86.45 6.53 53.42 12.45 38.98 72.72

19.78 0.00 21.17 7.45 32.15 35.33 86.53 23.47Vitron-V1 37.88 24.89 17.95 31.04 0.00 48.30 58.87 42 (93.3%) 3 (6.7%) 30.13 7.65 4.59

abilities and modality-specific skills. The modality-invariant
abilities comprehensively include 12 categories, such as
content recognition, commonsense knowledge, reasoning
ability, causality discrimination, affective analysis, creativ-
ity, and innovation, etc. For modality-specific skills, we
explicitly detail the main capabilities under both compre-
hension and generation for each modality, which correspond
to the meta-tasks (skills) of our dataset.

5 Experiments
In this section, we conduct a comprehensive evaluation on
General-Bench, from which we gain observations and
jump to some conclusions.

5.1 Experimental Settings

For different models, we consistently follow the settings
provided in their respective GitHub repositories, including
model parameters and hyperparameters. We do not per-
form additional pre-training or fine-tuning. Each task and
dataset comes with a predefined instruction prompt text.
During evaluation, we use the same default prompt across
all MLLMs to ensure fairness. The inference time varies
across models. Smaller models complete evaluations within
a few minutes, while larger models require significantly
more time. On pure text-based NLP tasks, model inference
is highly efficient; however, on video tasks, models demand
more memory and have slower inference speeds. Our open-
source codebase supports multi-GPU distributed inference,
effectively accelerating the evaluation process. Also, we
organize personnel into multiple groups to run models in
parallel, further optimizing efficiency. For each task, we
provide predefined evaluation scripts. Once the model gen-
erates outputs, the scripts are used to evaluate performance
systematically.

5.2 Main Evaluation Results
We note that all the generalists run the evaluation on our
General-Bench data set under a zero-shot setting. The
overall results of part of the models on image comprehen-
sion and generation are presented in Table 2 and Table 3,
respectively; Due to space limitations, we move the rest
main results in Appendix §C.2. video results are shown in
Table 11; audio results are shown in Table 12; 3D results
are shown in Table 13; The results of all generalists on
NLP tasks are shown in Table 14. The complete perform-
ing scores of all MLLMs across all tasks and datasets are
presented in Appendix §C. Overall, we have the following
observations.

Observation-1: Lack of task support. From these results,
the first observation is that the vast majority of MLLMs
exhibit a lack of support for a wide range of tasks in our
benchmarks. Even models like OpenAI’s GPT-4V and GPT-
4o, which achieve top rankings on many existing MLLM
benchmarks and leaderboards (Li et al., 2023b; Liu et al.,
2024a), fail to demonstrate satisfactory task support on our
benchmark. Specifically, GPT-4V and GPT-4o support only
177 out of 271 image comprehension tasks (65.1%). Among
open-source models, InternVL2.5-8B achieves a task sup-
port rate of 71% for image comprehension tasks, outper-
forming GPT-4V and GPT-4o. For other modalities—such
as video, audio, and 3D—the task-supporting rates are much
less. Only Vitron-V1 supports over 90% of image tasks, and
Sa2VA-8B achieves 72.2% supporting rate in the video com-
prehension group. This highlights a pervasive issue: current
MLLMs require significant improvements in their architec-
tural design to support as many tasks as possible.

Observation-2: Few generalists surpass the SoTA special-
ist. Also, we can notice that there are few models capable
of surpassing the SoTA generalist. Overall, the tasks and
skills that various MLLMs can surpass the SoTA specialists
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are quite few. As seen, closed-sourced models (e.g., GPT-
4V, GPT-4o, Gemini-1.5, and Claude-3.5) have the highest
winning rate, with over 30% The best open-sourced Qwen2-
VL-72B achieves a rate of 36.4% image comprehension
by surpassing SoTA specialists. In other modalities such
as video, audio, 3D, and language, the chances to surpass
SoTA specialists are much lower. If an MLLM cannot out-
perform the SoTA specialist, it implies that the foundational
conditions of cross-task/ability synergy for these MLLMs
to become multimodal generalists are not met.

Observation-3: Focus more on content comprehension
than supporting generation. For instance, GPT-4V and
GPT-4o achieve better results than the SoTA specialist in
certain skills within image comprehension tasks, and this
improvement is significantly more pronounced than that of
other models. However, GPT-4V and GPT-4o are limited
to image comprehension tasks and provide zero support for
image generation tasks. It is thus evident that GPT-4V and
GPT-4o are not well-rounded multimodal generalists.2 This
trend becomes even more evident in other modalities. A
significantly higher number of MLLMs support multimodal
understanding compared to those supporting generation.
Furthermore, the rate at which MLLMs surpass SoTA spe-
cialists in multimodal understanding benchmarks is much
higher than in multimodal generation benchmarks. We em-
phasize that this imbalance reflects a critical limitation in
the capability building of current multimodal generalists.

Observation-4: Insufficient support for all modalities.
We also found that many MLLMs are unable to support all
modalities simultaneously. Moreover, the vast majority of
existing MLLMs are predominantly focused on understand-
ing or generating image-based modalities. In contrast, much
less attention has been devoted to video, audio, and 3D
modalities (attention: image > video > 3D > audio), with
relatively few multimodal generalists addressing these areas.
Most MLLMs, including the strongest ones, primarily han-
dle image and language tasks, offering little to no support
for other modalities. The completeness of support across
various modalities and functionalities is insufficient for ex-
isting MLLMs to qualify as true multimodal generalists. We
emphasize that to be considered a multimodal generalist,
a model must be capable of understanding and generating
signals from as many modalities as possible simultaneously.

Observation-5: Multimodality does NOT really enhance
language. The ideal multimodal generalists should enable
mutual enhancement across modalities. Unfortunately, our
experimental results (as shown in Table 14) reveal that none
of the current MLLMs provide any improvements in NLP
tasks. Although various MLLMs achieve certain scores on
NLP tasks, none of them surpass the performance of SoTA

2It would thus be more rational to claim the current OpenAI
GPT-4V/4o series as partial generalists, or visual generalists.

specialists in NLP. Furthermore, the performance gap be-
tween MLLMs and SoTA specialists in NLP tasks is larger
than the gap observed in other modalities. While certain rel-
evant research suggests that models, such as Vicuna, Qwen2,
and LLaMA, trained with multimodal data (e.g., images)
can also improve NLP tasks, such improvement has not
yet enabled models to outperform SoTA NLP specialists
on core language tasks. Our large-scale evaluation shows
they still fall short of outperforming fine-tuned language
specialists. We hypothesize that existing MLLMs, despite
utilizing language-centered LLMs as their core, have sig-
nificantly weakened their language capabilities due to an
excessive focus on training and fine-tuning on non-language
modalities. This trade-off not only undermines their lan-
guage understanding but also fails to leverage multimodal
information to enhance language-related tasks.

5.3 More Analyses and Discussions

Due to space limitations of the main article, we show much
more experimental results as well as the analyses and dis-
cussions in Appendix, including:

• The main results of the multimodal generalists on other
modalities, in §C.2;

• The complete results of models on specific tasks, from
§C.6 to §C.10;

• The General-Level scores of leaderboards, in §C.3;
• Capability of tasks and modalities breakDown, in §C.4;
• Analysis and discussion on synergy, in §C.5;
• Future work of this project, in §D.

6 Conclusion
Inspired by the concept of capability levels defined in the au-
tonomous driving industry, we propose General-Level,
a framework that evaluates and categorizes the capabilities
of existing MLLMs through a 5-level hierarchical rating
mechanism based on their ability to maintain synergy across
comprehension, generation, and multimodal interactions.
General-Level provides a structured methodology to
assess MLLMs across diverse tasks, modalities, and syner-
gies, particularly in comprehension and generation. To sup-
port this evaluation, we further present General-Bench,
a large-scale multimodal benchmark that spans a wide spec-
trum of tasks (702), modalities (language, image, video,
audio, 3D, etc.), domains (29), and original formats with
325,800 instances. By benchmarking over 100 popular
LLMs/MLLMs, we uncover the current capability limita-
tions and provide a clear ranking of generalist performance.
We hope the General-Level and General-Bench
in this study will propel the community to develop next-
generation multimodal foundation models to achieve more
sophisticated, general-purpose multimodal intelligence.

9



On Path to Multimodal Generalist: General-Level and General-Bench

Impact Statement
This work adheres to a rigorous ethical framework to en-
sure the responsible development, evaluation, and deploy-
ment of multimodal generalists. Below, we elaborate on
the key ethical considerations. These measures ensure that
General-Bench serves as a responsible and inclusive
benchmark, contributing to the sustainable and equitable
development of multimodal AI systems.

Privacy and Data Protection. The benchmark and eval-
uation process ensure strict compliance with privacy regu-
lations. All tasks and datasets used in General-Bench
are carefully curated to exclude personally identifiable infor-
mation (PII). To safeguard privacy, any data derived from
public sources is anonymized, and sensitive content is fil-
tered out. Our procedures align with relevant data protection
standards, such as GDPR and CCPA, emphasizing our com-
mitment to ethical research practices.

Data Collection. The dataset for General-Bench is
built using publicly available resources or through collabo-
rations with contributors who explicitly consented to their
data being included. Data collection protocols are designed
to prioritize ethical sourcing, ensuring that contributors un-
derstand their rights, including the ability to withdraw their
data at any time. This ensures transparency and fairness
throughout the dataset construction process.

Annotator Compensation. Human annotators play
a crucial role in ensuring the high quality of the
General-Bench dataset. We engage well-trained an-
notators, including postgraduate students and crowdsourc-
ing professionals, and provide fair compensation for their
work. Annotators are either volunteered to contribute, or
paid based on the estimated time required to complete spe-
cific tasks. All are signed to give their best efforts in data
annotation and model implementation to ensure the work
quality.

Bias and Fairness. Recognizing the potential biases in AI
systems, we take active measures to analyze and mitigate
biases related to gender, ethnicity, language, and other so-
ciocultural factors within the dataset and evaluation tasks.
Diverse and representative data collection practices are em-
ployed across multiple modalities and languages. While we
acknowledge that complete eradication of bias is challeng-
ing, we strive to identify and address biases as the bench-
mark evolves.

Intellectual Property Protection. All datasets and tasks
included in General-Bench respect intellectual property
rights. Data collected from external sources is fully repur-
posed and modified, and is used under proper licensing
agreements, ensuring compliance with intellectual property
laws. Open-sourced models are strictly used according to
their licenses. Models evaluated via APIs are handled ac-

cording to their respective terms of use, and no proprietary
content is redistributed without permission.

Misuse Potential. We are aware of the potential risks asso-
ciated with misuse of multimodal intelligence technologies,
such as applications in surveillance or the manipulation of
public opinion. To mitigate such risks, we have developed
guidelines to encourage ethical use. These guidelines em-
phasize the importance of transparency, accountability, and
consent in any application or further development of the
technologies evaluated in this work.

Accessibility and Inclusivity. In alignment with our
commitment to fostering inclusivity in the AI research
community, all code, tasks, and datasets related to
General-Bench are openly available. This ensures that
researchers from diverse backgrounds and varying resource
levels can equally contribute to, and benefit from, advance-
ments in multimodal generalist research.

Evaluations and Performance. We clarify that the per-
formances of all models reported in this paper—including
both specialists and generalists—are influenced by the spe-
cific testing environment. This includes factors such as the
size and content of the dataset, as well as the parameters
used in the reproduced code. As we continuously update
the dataset, the evaluation results presented in this paper
may differ from those obtained in future versions. We em-
phasize that such differences are considered reasonable and
expected deviations, and should not raise any concerns. Our
leaderboard is open and under active development, and we
warmly welcome participation from external practitioners.
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patiraju, Léonard Hussenot, Thomas Mesnard, Bobak
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Figure 5: We categorize tasks of various modalities into Comprehension group, Generation group and NLP group. Each
colored stylish symbol represents a specific task of a certain modality.

A Extension on General-Level Scoring

A.1 Scoring Specification

Assume we have a benchmark of various modalities and tasks, where we can categorize tasks under these modalities into the
Comprehension group and the Generation group, as well as the language (i.e., NLP) group, as illustrated in Figure 5. Then,
we define the scoring specification of General-Level as in Table 1.

Also, except for Level-1 and Level-5, when calculating S2, S3, and S4, we consider a reasonable approach when handling
different modalities. First, we calculate the specific score component Si

k of a generalist in the i-th modality (assuming there
are N modalities in total) for the score Sk. This modality-specific component can accurately reflect the model’s Level-k
capability in the i-th modality. Next, by decomposing each score into its components across different modalities, we sum
the components of each modality with equal weights to obtain the overall score for each level.

Sk =

N∑
i

1

N
Si
k

The advantage of this method is that it reduces the bias introduced by the number of tasks in different modalities. For
example, in our benchmark, image-related tasks (especially comprehension-type tasks) are overwhelmingly more numerous
compared to other modalities, such as audio tasks. Therefore, two generalists with similar capability levels, say one for image
tasks and the other for audio tasks, would have a higher Sk score for the image-generalist over the audio-generalist, due to
the larger number of image tasks. This discrepancy is unrealistic and contrary to our core idea for evaluating multimodal
generalists. To eliminate the bias caused by the number of tasks within each modality, we propose the above calculation
method, which treats the capabilities of different modalities equally. Meanwhile, this method also prioritizes generalists that
can support more modalities. For instance, a model that supports more modalities will certainly have a higher overall score
compared to a generalist that supports only one modality.

This scoring method ensures that as an MLLM climbs to higher levels, its scores progressively decrease, which should
indicate the increasing difficulty of advancing levels. Climbing from level n to level n+ 1 requires specific capabilities,
i.e., demonstrating sufficient synergy capability associated with that level, which we highlight as critical factors in Table 1.
Within the same level, to achieve a higher score, a model must: 1) support as many tasks and modalities as possible, and
simultaneously 2) achieve the highest possible performance on individual tasks.

A.2 Scoring Relaxation

A central aspect of our General-Level framework lies in how synergy effects are computed. According to the standard
understanding of the ‘synergy’ concept, e.g., the performance of a generalist model on joint modeling of tasks A and B (e.g.,
Pθ(y|A,B)) should exceed its performance when modeling task A alone (e.g., Pθ(y|A)) or task B alone (e.g., Pθ(y|B)).
However, adopting this approach poses a significant challenge that hinders the measurement of synergy: there is no feasible
way to establish two independent distributions, Pθ(y|A) and Pθ(y|B), and a joint distribution Pθ(y|A,B). This limitation
arises because a given generalist model has already undergone extensive pre-training and fine-tuning, where tasks A and B
have likely been jointly modeled. It is impractical to retrain such a generalist to isolate the learning and modeling of tasks A
or B independently in order to derive these distributions. Otherwise, such an approach would result in excessive redundant
computation and inference on the benchmark data.
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To simplify and relax the evaluation of synergy, we introduce a key assumption in the scoring algorithm:

Theoretically, we posit that the stronger a model’s synergy capability, the more likely it is to surpass the task perfor-
mance of SoTA specialists when synergy is effectively employed. Then, we can simplify the synergy measurement as:
if a generalist outperforms a SoTA specialist in a specific task, we consider it as evidence of a synergy effect, i.e.,
leveraging the knowledge learned from other tasks or modalities to enhance its performance in the targeted task.

By making this assumption, we avoid the need for direct pairwise measurements between ‘task-task’, ‘comprehension-
generation’, or ‘modality-modality’, which would otherwise require complex and computationally intensive algorithms.

A.3 Properties of General-Level

The General-Level framework possesses several important attributes that play a critical role in supporting the hierarchi-
cal classification and ranking of MLLMs. These properties are also well-grounded in mathematical theory.

Property-1: Independence from Peer Generalists In our scoring framework, the scores of any generalist depend solely
on the dataset and the reference scores of SoTA specialists, without relying on the scores of other tested generalists. These
two components are entirely independent. The dataset defines the specific tasks, while the specialists provide baseline
reference scores used for the calculation of the experimental generalists’ scores. This property ensures that the evaluation of
generalists is free from interdependence, maintaining objectivity and fairness among all systems participating in the ranking.

Property-2: Monotonicity Across Levels Generally, if a generalist is rated at the highest level-k, it is expected to achieve
scores at all levels from 2 to k. We further expect that as the level increases, the corresponding scores for the generalist will
decrease, i.e., Sk−1 > Sk. This is a reasonable and realistic requirement, as higher levels impose stricter demands on the
generalist’s capabilities, naturally leading to lower scores for the same model. Below, we provide proof that the scoring
algorithm of General-Level framework mathematically guarantees the strictly monotonic score decline across levels.

▶ The proof for S3 ≤ S2

S3 =
1

2
(SG + SC)

=
1

2

(
1

M

M∑
i=1

{
σC
i if σC

i ≥ σC
sota

0 otherwise
+

1

N

N∑
j=1

{
σG
j if σG

j ≥ σG
sota

0 otherwise

)

≤1

2

(
1

M

M∑
i=1

σC
i +

1

N

N∑
j=1

σG
i

)
=S2

▶ The proof for S4 ≤ S3

Suppose:

SG =
1

M

M∑
i=1

{
σi if σi ≥ σsota

0 otherwise

SC =
1

N

N∑
j=1

{
σj if σj ≥ σsota

0 otherwise

According to Cauchy-Schwarz Inequality, let’s represent(
SC + SG

2

)2

≥
(

2SCSG

SC + SG

)
Expanding this,

(SC + SG)
2

4
≥ 2SCSG

SC + SG
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Multiplying both sides by 4(SC + SG),

(SC + SG)
3 ≥ 8SCSG(SC + SG)

Simplifying further

S3
C + S3

G ≥ 2SCSG(SC + SG)

This factorizes to

(SC − SG)
2(SC + SG) ≥ 0 .

Finally, we have

S4 =
2SCSG

SC + SG

≤ 1

2
(SC + SG)

= S3 .

▶ The proof for S5 ≤ S4

We have

wL =
SL

Stotal
,where

SL =
1

T

T∑
k=1

{
σk if σk ≥ σsota

0 otherwise

which means,

wL ≤ 1 .

Then

S5 − S4 = S4 ∗ wL − S4

= S4 ∗ (wL − 1)

≤ 0

Thus,

S5 − S4 ≤ 0

Property-3: Encouraging Rich and Balanced Multimodal Task Support.

▶ More Task, The Better. A good multimodal evaluation system should not only reward models for achieving higher
scores on individual tasks and surpassing SoTA specialists but also incentivize a trend where multimodal generalists support
as many diverse multimodal tasks as possible. This is a reasonable expectation, as an ideal multimodal generalist should
inherently support a broader range of modalities and tasks. The scoring algorithm of our General-Level framework
aligns with this objective. For instance, in the case of level-2 scoring:

S2 =
1

M +N

M+N∑
i=1

σi ,

a model that achieves nonzero scores across a greater number of modalities and tasks will naturally obtain a higher average
score, thereby ranking higher within the same level.

▶ More Balance, The Better. Moreover, our scoring algorithm also promotes models that achieve more balanced
performance across tasks. For example, in the case of level-4 scoring, consider the following scenarios:

1) Model A achieves SoTA specialist performance on X tasks in the comprehension category but only Y tasks (where
X ≫ Y ) in the generation category.

2) Model B achieves SoTA specialist performance on X tasks in both the comprehension and generation categories.

23



On Path to Multimodal Generalist: General-Level and General-Bench

According to the properties of the harmonic mean inequality, SA
4 < SB

4 .

▶ The proof for SA
4 < SB

4 when X ≫ Y in level-4

Extreme Assumptions:
- For Model A, the X tasks in the comprehension group have scores of σA

C = 1, and the Y tasks in the generation group have
scores of σA

G = 1, while all other scores are 0.
- For Model B, both comprehension and generation groups have X tasks with scores of σB

C = 1 and σB
G = 1, while all other

scores are 0.
Model-A Scores:
For Model A, the comprehension and generation scores are:

SA
C =

X

M
, SA

G =
Y

N
.

The overall score for Model A is:

SA
4 =

2 · SA
C · SA

G

SA
C + SA

G

=
2 · X

M
· Y
N

X
M

+ Y
N

=
2XY

XN + YM
.

Model-B Scores:
For Model B, both comprehension and generation groups have X tasks with scores of 1, so:

SB
C =

X

M
, SB

G =
X

N
.

The overall score for Model B is:

SB
4 =

2 · SB
C · SB

G

SB
C + SB

G

=
2 · X

M
· X
N

X
M

+ X
N

=
X2

XN +XM
.

Comparison:
We need to compare:

2XY

XN + YM
and

X2

XN +XM
.

Given X ≫ Y , it follows that:
2XY

XN + YM
<

X2

XN +XM
.

Thus, SA
4 < SB

4 .

Through the above mathematical analysis, we have proven that under the same task distribution, the uneven generation score
distribution of Model A results in its level-4 score being lower than that of Model B. This ensures that models with more
balanced performance across comprehension and generation are ranked higher.

Property-4: Dynamic Update on Benchmarking and Specialists Finally, we observe an important point: the more
tasks included in the benchmark used to evaluate models, the more accurate and objective the resulting evaluations and
conclusions. This requirement for the evaluation benchmark to have dynamic properties aligns well with real-world needs.
In practice, new tasks, data, and even new modalities are constantly being introduced, and a generalist should be capable of
covering these newly added tasks and functionalities. Accordingly, in our evaluation system, we allow the benchmark to
evolve dynamically, such as by adding new tasks under various modalities and categories. Once new tasks are added, we
update the scores and rankings of all tested generalists to reflect the expanded benchmark.

On the other hand, we also allow updates to the SoTA specialist models timely for each task, as scoring at higher levels is
anchored to the performance of the SoTA models. This is a reasonable act, as specialists are continually being developed and
improved. Once a baseline specialist advances, generalists must also improve to remain competitive, or risk being surpassed.
Thus, in General-Level framework, the scores corresponding to SoTA specialists are subject to periodic updates. Also,
we dynamically and regularly update the scoring and ranking of all generalists to ensure the evaluation remains accurate and
reflective of the current state of the field.
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A.4 Receipt to Leveling Upper in General-Level

Here we provide a guideline to help better understand how to achieve higher levels in General-Level framework.

Level-1→Level-2: Supporting as many tasks and functionalities as possible. Transitioning from specialists to gen-
eralists requires making the system compatible with various task modeling paradigms, i.e., supporting diverse modality
types and input formats, as well as handling a wide range of model types and output formats (whether for comprehension
and/or generation). Currently, the most popular and widely adopted practice is to use an LLM as the backbone/intelligence
medium, integrating various specialists to build generalists. There are two primary implementation strategies.

First, agent-based generalists (Wu et al., 2023b; Shen et al., 2023). In this approach, the LLM acts as a task scheduler and
dispatcher, facilitating message passing through hard integration (explicit text). This is essentially a pipeline architecture.
However, since gradient propagation across the entire system is not feasible, this method is prone to error propagation. The
performance upper bound of generalists built with this approach is equivalent to the SoTA specialists for all supported tasks,
primarily due to the lack of features, information sharing, and limited task collaboration.

Second, end-to-end generalists (Liu et al., 2023c; Li et al., 2023a; Zhu et al., 2023a). In this type, the entire system is
constructed as a continuous joint model, allowing for full-stack updates via gradient propagation. The most common
architecture in this category uses an LLM as the backbone, achieving soft integration of various encoders and decoders
through input tokenization and feature embedding, combined with overall fine-tuning.

Level-2 → Level-3: Generalists achieving as stronger synergy and cross as many tasks as possible. To advance from
a vanilla generalist to Level-3, the system must demonstrate cross-task synergy capabilities, enabling at least two tasks
(regardless of whether both involve comprehension, generation, or one involves comprehension while the other involves
generation) to share features and achieve mutual performance improvements. The most direct method to realize cross-task
synergy is through multi-task joint training. Specifically, during joint learning, the system must ensure it can maintain
task-shared/persistent common features while preserving each task’s specific features without degradation, e.g., Vitron (Fei
et al., 2024a). Moreover, the model must support synergy across as many tasks as possible and ensure that the synergy effect
is significant enough to achieve higher evaluations at Level-3.

Level-3→Level-4: Generalists in unified comprehension and generation capability with synergy in between. To
advance to Level-4, generalists must first achieve unified comprehension and generation capabilities, regardless of whether
they support a single modality (non-NLP) or multiple modalities. At the same time, the system must meet the requirement
that its capabilities in comprehension and generation synergize and enhance one another. Generally speaking, compared to
acquiring comprehension capabilities, obtaining generation capabilities at the technical level is relatively more challenging.
For instance, the visual comprehension abilities of most visual LLMs tend to be significantly stronger than their visual
generation capabilities. If a generalist can score at Level-4, it indicates that the system not only possesses strong comprehen-
sion capabilities but also maintains these capabilities while further learning and training its generation abilities. To achieve
this, Morph-Token (Pan et al., 2024) introduces a disentangling visual reconstruction loss for generation learning to avoid
interference with the comprehension learning loss.

Level-4→Level-5: Generalists achieving cross-modal synergy with abductive reasoning ability. Achieving Level-5
represents the ultimate goal for generalists, where features, knowledge, and even intelligence learned from tasks in certain
modalities can (to varying degrees) transfer to tasks in other supported modalities. Currently, most multimodal generalists are
limited by architectural developments, primarily enabling language intelligence to support intelligence in other modalities
(as illustrated in Figure 1). However, to truly achieve Level-5, synergy must exist across all modalities. For instance, in
the current MLLM community, this would require MLLMs to enhance performance on NLP tasks as well, while most of
the MLLMs perform unsatisfactorily in NLP tasks. From a technical perspective, generalists must be capable of abductive
reasoning, i.e., the ability to infer and generalize across everything. Also, they need to ensure modality-agnostic context
consistency during reasoning.

B Extension on General-Bench Dataset
This part provides an extension to our General-Bench dataset.
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1. Scope Definition 2. Task List Curation 3. Data Collection 4. Data Cleaning 5. Inspection&Validation

Establishing dataset scope, 
including modalities, meta-tasks, 

and prediction paradigms.

Searching sources (Google, 
GitHub, Kaggle, ArXiv, etc.) to 

confirm a well-defined task list.

Collecting data by sourcing from 
existing benchmarks (Case A) 
and manual creation (Case B).

Filtering low-quality, irrelevant 
data instances, and formatting 

datasets uniformly.

Group Cross-validation by 
annotators and final verification 

by team leaders.

Figure 6: An illustration of the data construction pipeline of General-Bench.

B.1 Data Construction

B.1.1 DESIGN CRITERION

As previously noted, the current benchmarks that rank MLLMs based solely on their performance have significant limitations,
which hinder the encouragement of MLLMs to evolve toward becoming more capable multimodal generalists. Primarily,
nearly all existing benchmarks focus on evaluating MLLMs’ capabilities in visual modalities, particularly images, while
significantly neglecting tasks in other modalities such as video, audio, 3D, etc. Moreover, they often assume that MLLMs
already possess satisfied NLP capabilities, thus omitting evaluations in language.

Secondly, these benchmarks tend to simply convert free-form predictions into fixed QA format of pre-defined
choices—essentially a compromise that reflects the current limitations of MLLM capabilities—allowing many tasks
that MLLMs cannot produce in specific formats to still be executed. We believe that a genuine multimodal generalist
should support tasks in their original formats. Furthermore, most benchmarks only assess MLLMs’ understanding of
visual information; however, a multimodal generalist should inherently possess a wide range of capabilities beyond mere
comprehension, such as generation, editing, etc. Therefore, we expect to construct a benchmark that possesses these
characteristics:

• Covering as broad a range of tasks, skills and modalities as possible.
• Encompassing both comprehension and generation of tasks.
• Including a rich diversity of tasks across various scenarios and domains.
• Preserving the original task-prediction formats.
• Timely maintaining and expanding the dataset dynamically.

B.1.2 CONSTRUCTION PROCESS

The construction of our General-Bench dataset follows a structured 5-step process to ensure both comprehensiveness
and quality. Figure 6 presents the data construction pipeline.

Step-1: Defining Scope and Range. We begin by conducting a series of panel discussions to establish the scope of the
dataset. This involves determining the modalities to include, identifying the core general skills (meta-tasks), and specifying
the prediction paradigms to address. These discussions help outline a comprehensive framework for the dataset, ensuring
that it accommodates diverse tasks and capabilities required for evaluating multimodal generalists.

Step-2: Curating Task List. Based on the defined scope, we curate a comprehensive task list by systematically searching
various sources, including Google, GitHub, Kaggle, ArXiv, and PaperWithCode, etc. For each task, we specify its input-
output targets, select appropriate evaluation metrics, and also identify SoTA specialists as reference points. This step ensures
that each task is well-defined and aligned with existing SoTA practices.

Step-3: Collecting Data. Next, we start collecting the data instances. The data collection process is divided into two
cases for handling two different scenarios:

• Case A: If the data could be sourced from existing benchmark datasets (only from their test sets), modifications are
made to enhance diversity. We will show all the data sources of our benchmark in the following subsections. For textual
data, rephrasing is done using ChatGPT. For non-textual modalities such as images, videos, and audio, semantically
equivalent replacements are identified through retrieval or direct recording from relevant databases or websites.

• Case B: For tasks without available datasets or insufficient enough numbers of samples, we manually create instances.
This involves crafting input-output pairs according to the task definition, running existing models to generate predictions,
and performing manual verification and correction of the results.

We ensure that each task includes (at least) 500 data samples. Also, we ensure that all tasks faithfully retain their original
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input-output prediction structure or format, i.e., not reformatted into QA-based multiple-choice questions.

Step-4: Data Filtering and Cleaning. After collecting datasets for all modalities and tasks, we proceed with data filtering
and cleaning. First, we filter out low-quality instances, including those that do not align well with the task’s evaluation
purpose, lack target modality information, or fail to meet the defined prediction paradigms. For tasks where the number of
instances is insufficient, we restart the data annotation process to supplement the required quantity. Afterward, we organize
all data into a unified storage format according to the designed specifications. For example, textual data is standardized into
JSON files with consistent naming conventions applied to all files.

Step-5: Data Inspection and Validation. Finally, we conduct a rigorous inspection and validation process to guarantee
data quality and consistency. Annotators work in groups of three, independently reviewing the same instance. An instance is
accepted only if all three annotators reach consensus. Finally, team leaders or supervisors conduct an additional round of
verification to ensure the dataset meets the highest standards of consistency and accuracy.

B.2 Evaluation and Splitting

As each task follows the original format, our evaluation metrics vary in rich task types. For instance, we evaluate X-to-text
generation tasks using BLEU/ROUGE/CIDEr scores, image segmentation tasks with mIoU for generating masks, and image
generation tasks using FID, etc. Also, we design some mapping functions to standardize performance scores. In Appendix
§B.4 we present the evaluation metrics as well as the mapping tricks in detail.

For most of the tasks, we maintain around 500 testing instances each. Considering that not all practitioners in the community
may be interested in participating in the leaderboard—for example, some may simply wish to use our dataset for their
research or publications—we propose dividing the test set for each task into a closed set and an open set. The closed set is
reserved for leaderboard evaluations: only the input data is released, and users are required to submit their model’s predicted
outputs for centralized assessment. In contrast, the open set provides full access to both inputs and corresponding outputs,
enabling practitioners to explore and utilize the data more freely. Each task’s test set is split into closed and open subsets
with a ratio of 2:3.

B.3 Leaderboard Re-Scoping

Given the large scale of our dataset, it would be highly costly for practitioners to run the entire dataset under our proposed
General-Level evaluation protocol. Moreover, it’s realized that most existing multimodal generalists (e.g., MLLMs) have not
yet reached the level of capability required to cover a wide range of modalities and tasks, as envisioned in our framework.
As a result, many current models may find it difficult to fully demonstrate their potential on our leaderboard. To improve
usability and encourage broader participation, we further propose a graded structure for the leaderboard by dividing its
scope into four levels of increasing difficulty:

• Scope-A: Full-spectrum leaderboard covering all modalities and tasks, designed for highly capable, general-purpose
multimodal models. This scope has one leaderboard encompassing all levels in General-Level, making it the most
challenging track. We further derive a full version and a quick version leaderboard for easier participation.

• Scope-B: Modality-specific leaderboards, each focusing on a single modality or partially joint modality, and designed
for modality-wise generalists. This scope maintains 4 separate leaderboards, one per modality (except for language).

• Scope-C: Leaderboards focused on either comprehension or generation within a single modality. This scope includes 8
leaderboards: 2× 4 for comprehension/generation across multimodal tasks, with a lower entry barrier for participation.

• Scope-D: Finer-grained, skill-level (task-cluster-specific) leaderboards within each modality, tailored for partial
generalists. This scope includes a large number of specific leaderboards, offering the lowest difficulty for participation.

Figure 7 illustrates this design. Each leaderboard scope reflects a different level of difficulty, allowing practitioners to
flexibly choose which leaderboard to participate in based on the capabilities of their models and the amount of resources
they are willing to invest.

B.4 Evaluation Metrics

Metric List. Since all tasks in General-Bench retain their original task definitions without altering the output or
prediction format, our evaluation methods vary according to the nature of different tasks and data. Table 4 summarizes the
evaluation metrics and methods used across all tasks.
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Full-spectrum leaderboard covering all modalities and tasks, 
for highly capable, general-purpose multimodal models.

Leaderboard Scope-A: Full-spectrum Hero

Modality-specific leaderboards focusing on single modality 
(or partially joint modality) for modality-wise generalists.

Hard:

# Boards:

Leaderboards of comprehension or generation under one 
single modality.

Finer-grained, skill (task-cluster)-specific leaderboards 
under each modality, for partial generalists.

Leaderboard Scope-D: Skill-specific Hero

Leaderboard Scope-B: Modality-specific Unified Hero

Leaderboard Scope-C: Comprehension/Generation Hero

Figure 7: We reorganize General-Bench into 4 scopes, categorized by the level of participation difficulty for practitioners.

Table 4: Overview of all the evaluation metrics in General-Bench. ↑ means the higher the better performance, and vice
versa for ↓.

# Metric Range Calculation Representative Tasks
• General
1 Acc↑ [0,1] Accuracy is defined as the ratio of correctly classified instances to the total number

of instances.
Classification

2 Macro-Acc↑ [0,1] Macro-Acc evaluates how well a model performs on average across all classes,
regardless of class imbalance.

Event Relation Prediction

3 EM-Acc↑ [0,1] Exact Match Accuracy evaluates the percentage of predictions that are exactly the
same as their corresponding references.

QA, machine translation,
or summarization

4 AP↑ [0,1] AP, Average Precision, is a metric used to evaluate the performance of object detection
tasks, reflecting the overall precision-recall trade-off across multiple thresholds.

Anomaly Detection

5 mAP ↑ [0,1] mAP, Mean Average Precision, is the mean of Average Precision values across all
queries or instances:

2D/3D Detection

6 F1↑ [0,1] F1 score is the harmonic mean of Precision and Recall. QA
7 Micro-F1↑ [0,1] Micro-F1 score is the harmonic mean of the Micro-averaged precision and recall. Classification
8 AUC↑ [0,1] AUC is used in binary classification tasks and measures the area under the ROC curve.

It represents the model’s ability to distinguish between classes.
Image Generation

• Ranking-related
9 R@k↑ [0,1] R@k measures the Recall rate at the top k results in tasks like image retrieval, where

the true positive must appear within the top k predicted results.
Image Scene Graph Pars-
ing

10 AP@k↑ [0,1] AP@k is the Average Precision calculated at an IoU threshold of k (k¡1). This metric
is typically used when higher overlap between retrieved items and ground truth items
is required.

Object Detection

11 mAP@k↑ [0,1] mAP@k refers to the mean Average Precision where the Intersection over Union
(IoU) threshold is set to k (k¡1).

Object Detection

12 EM@1↑ [0,1] Exact Match at 1 evaluates the proportion of instances for which the model’s top
prediction exactly matches the correct answer.

3D Question Answering

13 ANLS↑ [0,1] ANLS, Average Normalized Levenshtein Similarity, measures how well a model
ranks items in a list based on their relevance to a query.

OCR

• Regression-related
14 MAE ↓ [0,∞) MAE, Mean Absolute Error, measures the average of the absolute differences between

the predicted values and the actual values. It’s typically used in regression tasks.
Object Counting

15 RMS ↓ [0,∞) RMS, Root Mean Square, is a metric for regression tasks that measures the square
root of the average squared differences between the predicted values and true values.

Image Depth Estimation

16 MSE ↓ [0,∞) MSE, Mean Squared Error, is commonly used for regression tasks and measures the
average squared differences between predicted values and actual values.

Object Matting

17 RMSE ↓ [0,∞) RMSE, Root Mean Squared Error. Time Series Prediction
• Text Generation-related

28



On Path to Multimodal Generalist: General-Level and General-Bench

# Metric Range Calculation Representative Tasks
18 BLEU-1↑ [0,1] BLEU-1, Bilingual Evaluation Understudy (1-gram), calculates the precision of

unigrams (individual words) in the generated text compared to the reference text(s).
Text Generation

19 BLEU-4↑ [0,1] BLEU-4, Bilingual Evaluation Understudy (4-gram). Text Generation
20 CodeBLEU↑ [0,1] CodeBLEU is a metric designed to evaluate the quality of generated code by com-

paring it to reference code. CodeBLEU combines standard BLEU with additional
features specific to code, such as syntax matching, data flow alignment, and weighted
n-gram matching.

Code Generation

21 ROUGE-L↑ [0,1] ROUGE, Recall-Oriented Understudy for Gisting Evaluation of Longest Common
Subsequence, LCS, evaluates text generation tasks, which measures the overlap
between the predicted text and the reference text.

Image/Video Captioning

22 ROUGE-1↑ [0,1] ROUGE in 1-grams (single words). Text Generation
23 CIDEr↑ [0,1] Consensus-based Image Description Evaluation (CIDEr), evaluates the quality of gen-

erated sentences (e.g., image captions) by comparing them against a set of reference
sentences.

Captioning

• Image-related
24 PSNR↑ [0,∞) PSNR, Peak Signal-to-Noise Ratio, measures the quality of a reconstructed or com-

pressed signal, such as images or videos, compared to the original signal.
Image Desnowing

25 MS-SSIM↑ [-1,1] MS-SSIM, Multi-Scale Structural Similarity Index Measure, is a metric used for
image quality assessment that measures the structural similarity between two images
across multiple scales.

Document Image Un-
warping

26 CLIP-Score↑ [0,1] The CLIP score measures the similarity between an image and a textual description
using the CLIP model, commonly used for image-text matching tasks.

Image Editing

27 FID ↓ [0,∞) FID, Fr´echet Inception Distance, measures the distance between two multivariate
Gaussian distributions: one representing the features of real images and the other
representing the features of generated images.

Text-to-Image Genera-
tion

28 SAD↓ [0,∞) SAD, Sum of Absolute Differences, measures the total absolute difference between
the predicted and ground truth values for all pixels in an image or region. It is typically
used in image matting tasks to assess how closely the model replicates fine-grained
image details such as edges and textures.

Object Matting

• Video-related
29 Fram-Acc↑ [0,1] Frame-level Accuracy evaluates how many frames (or time steps) in the sequence are

correctly classified by comparing predictions with the ground truth on a frame-by-
frame basis.

Video Translation

30 FVD ↓ [0,∞) Fréchet Video Distance (FVD) is a metric used to evaluate the quality of generated
video sequences, extending the principles of the FID to videos. FVD calculates the
distance between the feature distributions of real and generated videos, taking into
account both spatial and temporal dynamics.

Video Generation

31 MUSIQ↑ [0,1] MUSIQ, Multi-scale Image Quality, quantifies the distance between the feature
distributions of real and generated videos.

Video Superresolution

32 absRel ↓ [0,∞) absRel (Absolute Relative Error) is a metric commonly used in depth estimation tasks,
which measures the average ratio of the prediction error to the ground-truth depth.

Video Depth Estimation

33 EPE↓ [0,∞) End-Point Error (EPE) is a metric commonly used inoptical flowtasks to evaluate the
accuracy of predicted motion vectors (flow) between consecutive frames in a video
or image sequence. It measures the Euclidean distance between the predicted and
ground truth flow vectors at each pixel, providing an average error across the image.

Optical Flow

34 DINO-Score↑ [0, 1] The DINO Score is calculated as the cosine similarity between the DINOv2 class
embedding of two frames, effectively measuring the consistency of a subject’s identity
across frames. According to the DreamBooth paper, the DINO Score captures more
detailed aspects of subject identity compared to the CLIP Score.

Subject-Driven Image
Generation

35 L1-Dis↑ [0, 1] L1-Dis measures the L1 distance between two consecutive frames, evaluating the
model’s ability to generate static (temporally stable) videos by quantifying the

differences between adjacent frames. L1 = 1
N

∑N
i=1(

1
T−1

∑T
t=1

L1(f
t
i ,f

t+1
i

P
),

L1-Dis = 255−L1
255

.

Static Video Generation

36 OFS↑ [0, 1] OFS, Optical Flow Score, captures the movement of pixels between two consecutive
frames. By applying a threshold to identify ”moving pixels” based on the optical
flow, we calculate the ratio of these moving pixels. This ratio quantifies the degree of
dynamism in the generated videos.

Dynamic Video Genera-
tion
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# Metric Range Calculation Representative Tasks
37 Aesth-Score↑ [0, 1] The aesthetic score (Aesth-score) is calculated using a ViT with a linear head, as

implemented in an improved aesthetic predictor. It has a similar calculation as in
CLIP score.

Artistic Content Text-to-
Video Generation

38 Suc-Rate↑ [0, 1] Successful Rate (Suc-Rate) measures the performance of Video Generation. Suc-Rate
leverages an open-vocabulary detector to identify the subjects specified in the text
prompts. If all the subjects in a text prompt are successfully detected, it classifies the
corresponding frame as a successfully generated video frame, and then calculates the
ratio of successful frames to the total number of generated frames.

Multi-Class-Conditioned
Text-to-Video Genera-
tion, Spatial Relation
Video Generation, Cam-
era Motion Generation

39 ViCLIP-
Score↑

[0, 1] We calculate the cosine similarity between the ViCLIP embeddings of text prompts
and videos. Compared to the CLIP Image model, ViCLIP enables a more com-
prehensive assessment of the video’s style and its overall consistency with the text
prompts.

Image-to-Video Genera-
tion

40 Avg(DINO+
CLIP+OFS
+MSS)↑

[0, 1] For the image-to-video generation task, we conduct a comprehensive evaluation based
on Subject Consistency, Background Consistency, Motion Smooth and Dynamic
Degree. We utilize the DINO-Score and CLIP-Score to assess subject and background
consistency, reflecting the model’s ability to adhere to the image prompt. To evaluate
the motion smoothness, we measure the Motion Smooth Score (MSS) of the frame-
by-frame motion prior via video frame interpolation models. Also, we employ the
Optical Flow Score to measure the dynamic degree of the generated videos, ensuring
that our metrics do not favor static videos.

Image-to-Video Genera-
tion

• 3D-related
41 AMOTA ↑ [0,1] AMOTA (Average Multi-Object Tracking Accuracy) is a performance metric used to

evaluate multi-object tracking (MOT) systems. It combines detection accuracy and
tracking performance by assessing how well a system detects, associates, and tracks
multiple objects over time. AMOTA is calculated by averaging tracking accuracy
over a range of thresholds for the Intersection over Union (IoU) or matching criteria.

3D Tracking

42 RTE ↓ [0,∞) Relative Translation Error (RTE) is a metric commonly used in robotics, pose esti-
mation, and SLAM (Simultaneous Localization and Mapping) tasks. It evaluates the
accuracy of a system’s estimated translation (movement) compared to the ground
truth, typically in scenarios where spatial accuracy is crucial.

3D Pose Estimation

43 CD ↓ [0,∞) Chamfer Distance (CD) is a metric widely used in 3D geometry processing, point
cloud generation, and shape matching tasks. It measures the similarity between
two sets of points (e.g., two point clouds) by quantifying the average closest-point
distance between them. CD is particularly useful for evaluating the alignment and
fidelity of reconstructed or generated 3D shapes compared to ground truth data.

Point Cloud Generation

• Segmentation&Detection-related
44 mIoU↑ [0,1] mIoU, Mean Intersection over Union, calculates the ratio of the intersection area

to the union area between the predicted and ground truth segmentation masks for a
single class.

Image Semantic Segmen-
tation

45 m vIoU↑ [0,1] m vIoU measures the spatiotemporal overlap between predicted and ground-truth
object regions across multiple video frames

Temporal Action Detec-
tion

46 Inst-mIoU↑ [0,1] Inst-mIoU computes the average IoU score for all part instances across a dataset. It
ensures that both over-segmentation and under-segmentation errors are penalized,
focusing on instance-level segmentation quality.

3D Part Segmentation

47 PQ↑ [0,1] PQ, Panoptic Quality, is used for panoptic segmentation tasks, combining both
segmentation quality and detection quality. It is a comprehensive metric that evaluates
both pixel-level segmentation and object detection quality.

Panoptic Segmentation

48 DICE↑ [0,1] DICE, Dice Similarity Coefficient, is a metric commonly used in image segmentation
tasks, measuring the similarity between the predicted segmentation and the ground
truth segmentation.

Bone Fracture Detection

49 S-measure↑ [0,1] Structure Measure (S-measure) is a metric designed to evaluate the structural similar-
ity between a predicted binary map (e.g., an object mask) and a ground truth binary
map. It balances both region-level and boundary-level consistency, ensuring that the
evaluation captures holistic structural integrity and fine-grained details.

Video Object Detection

• Audio-related
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# Metric Range Calculation Representative Tasks
50 CLAP↑ [0,1] CLAP (Contrastive Language-Audio Pretraining) evaluates the alignment between

generated audio and text. It is derived from a contrastive learning framework where
embeddings of audio and text are trained to be close in a shared latent space if they
are semantically related.

Audio Editing

51 Style-CLAP ↑ [0,1] Style-CLAP calculates the CLAP cosine similarity between the generated Mel spec-
trograms and the corresponding textual description of the style to evaluate style
fit.

Music Style Transfer

52 MCD ↓ [0,∞) Mel-cepstral distortion (MCD) measures the spectral distance between the mel-
cepstral coefficients (MCCs) of generated speech and reference speech, providing an
indication of how closely the generated speech resembles the reference in terms of
acoustic characteristics.

Speech Synthesis

53 WER ↓ [0,1] WER (Word Error Rate) measures the percentage of errors in the transcribed output
compared to the reference transcription.

TTS

54 FAD ↓ [0,∞) Frechet audio distance (FAD) evaluates the quality and realism of generated audio,
and measures the similarity between the distribution of features obtained by VGGish
in generated audio and those in a set of real (reference) audio samples.

Video-to-Audio

55 PCC ↑ [0,1] Pitch-Class Consistency (PCC) is a metric used in the evaluation of generated music
to assess how consistent the pitch classes (e.g., notes) are across pairs of bars in a
piece of music. It measures the overlapping area between the pitch-class histograms
of different bars, ensuring that the generated music maintains harmonic coherence.

Music Generation

• Human-aware Evaluation
56 UPR ↑ [0,1] UPR, User Preference Rates, UPR measures the proportion of times a particular

system or model is preferred over alternatives in a set of user evaluations. It reflects
the subjective preferences of users and is often derived from pairwise comparisons or
ranking experiments.

Video Style Transfer

57 MOS ↑ [1,5] Mean Opinion Score (MOS), in which human raters listen to synthesized speech and
assess its naturalness, quality, and intelligibility using a 5-point Likert scale.

Speech Generation

58 GPT-Score ↑ [0,1] GPT-Score evaluates the instruction following rate with GPT assistance, as an alter-
native to human evaluation.

Audio Question Answer-
ing

Mapping Functions of Scoring Metric. Most task evaluation scores, despite utilizing different metrics, fall within a
0-100% range, such as F1, Accuracy (Acc), and ROUGE-L, and follow a monotonically increasing trend. However, certain
task metrics produce scores outside this range. For example, regression-related metrics, as well as FID, FVD, and similar
metrics, range from 0 to infinity and follow a monotonically decreasing trend. In contrast, MOS scores are represented
as a discrete 5-point scale. Due to these varying score ranges across tasks, it becomes intractable to normalize them to a
unified scale for level score calculations. Thus, we design the following mapping functions to standardize these metrics into
a 1-100% range, thereby streamlining the computation of level scoring algorithms.

• Normalizing MAE:

y = 2× sigmoid
(
50

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).

• Normalizing RMS:

y = 2× sigmoid
(
50

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).

• Normalizing MSE:

y = 2× sigmoid
(
5

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).

• Normalizing RMSE:

y = 2× sigmoid
(
5

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).

• Normalizing absRel:

y = 2× sigmoid
(
0.1

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).
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• Normalizing EPE:

y = 2× sigmoid
(
1

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).

• Normalizing FID:

y = 2× sigmoid
(
25

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).

• Normalizing FVD:

y = 2× sigmoid
(
100

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).

• Normalizing FAD:

y = 2× sigmoid
(
10

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).

• Normalizing PSNR:
y = tanh

( x

20

)
, where x ∈ [0,+∞), y ∈ [0, 1).

• Normalizing SAD:

y = 2× sigmoid
(
10

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).

• Normalizing RTE:

y = 2× sigmoid
(
0.5

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).

• Normalizing CD:

y = 2× sigmoid
(
1

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).

• Normalizing MCD:

y = 2× sigmoid
(
5

x

)
− 1, where x ∈ [0,+∞), y ∈ (0, 1).

• Normalizing WER:
y = 1− x, where x ∈ [0, 1], y ∈ [0, 1].

• Normalizing MS-SSIM:

y =
(x+ 1)

2
, where x ∈ [−1, 1], y ∈ [0, 1].

• Normalizing MOS:

y =
x− 1

4
, where x ∈ [1, 5], y ∈ [0, 1].
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B.5 Data Format

To provide a comprehensive understanding of how to utilize our benchmark data, we present examples illustrating how the
data files are stored and organized. Figure 8 displays the code snippets showcasing the structures of some representative
tasks. Figure 9 illustrates how we organize the benchmark datasets in the file system.

Instance 000

Instance 001

Input content

Output content

Task Name

Task paradigm: comprehension or generation

The input and output modality

skills for completing the task

The domain covered in the dataset
The general capability needed 
for completing the task

Data source for constructing the benchmark

Figure 8: An illustrative example of file formats.
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Figure 9: The organization structure of the file system.
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Image

Comprehension

Generation

Image

Comprehension

Generation

Figure 10: Taxonomy and hierarchy of data in terms of Image modality.

B.6 Data Taxonomy and Hierarchy

We visualize a comprehensive hierarchical taxonomy of our benchmark. Due to space constraints, we have separately
illustrated the taxonomy for five major modalities in Figure 10, Figure 11, Figure 12, Figure 13, and Figure 14, respectively.
Each visualization includes comprehension and generation paradigms, skills (meta-tasks), and specific tasks for the respective
modality.

35



On Path to Multimodal Generalist: General-Level and General-Bench

Video

Comprehension

D
yn

a
m

ic V
D

E

Generation

Video

Comprehension

D
yn

a
m

ic V
D

E

Generation

Figure 11: Taxonomy and hierarchy of data in terms of Video modality.
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3D

Comprehension

Generation

3D

Comprehension

Generation

Figure 12: Taxonomy and hierarchy of data in terms of 3D modality.
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Audio

Comprehension

Generation
Audio

Comprehension

Generation

Figure 13: Taxonomy and hierarchy of data in terms of Audio modality.
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NLP
Sem Analy

NLP
Sem Analy

Figure 14: Taxonomy and hierarchy of data in terms of Language modality.
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B.7 Data Distributions

Capability. In Figure 15, we present the distribution of capability evaluations across all tasks in General-Bench. These
capabilities include: Content Recognition, Commonsense Understanding, Reasoning Ability, Causality Discrimination,
Affective Analysis, Problem Solving, Creativity and Innovation, Interactive Capability, and others. As observed, the majority
of tasks focus on Content Recognition or perception-related abilities. This emphasis aligns with the current stage of MLLM
development, where models are not yet equipped with highly advanced cognitive capabilities. We plan to continuously
update the benchmark in the future to accommodate the evolving strengths of more powerful models.

Content Recognition: 399 (43.04%)

Reasoning Ability: 124 (13.38%)

Commonsense Knowledge: 129 (13.92%)

Creativity and Innovation: 125 (13.48%)

Affective Analysis: 34 (3.67%)

Interactive Capability: 22 (2.37%)

Causality Discrimination: 15 (1.62%)

Ethical Awareness: 14 (1.51%)

Planning Ability: 18 (1.94%)

Cognition Understanding: 25 (2.7%)

Temporal Determination: 10 (1.08%)

Figure 15: Distribution of various capabilities evaluated in General-Bench.

General: 

393 (49.06%)

Natural Science: 

159 (19.85%)

Social Science: 

249 (31.09%)

Physics: 8 (1.96%)

Geometry: 8 (1.96%)

Biology: 33 (8.09%)

Medicine: 23 (5.64%)

Chemistry: 7 (1.72%)

Astronomy: 4 (0.98%)

Geography: 6 (1.47%)

Humanities: 54 (13.23%)Linguistics: 18 (4.41%)

History: 13 (3.19%)

Politics: 7 (1.71%)

Culture: 19 (4.66%)

Art: 43 (10.54%)

Math: 10 (2.45%)

Engineering: 24 (5.88%)

Nature: 7 (1.72%)

Climate: 7 (1.72%)

Earth: 3 (0.73%)

Animal: 12 (2.94%)

Code: 7 (1.72%)

Business: 15 (3.68%)

Social: 10 (2.45%)

Ethics: 10 (2.45%)

Finance: 12 (2.94%)

Law: 10 (2.45%)

Philosophy: 5 (1.22%)

Sports: 18 (4.41%)

Daily: 15 (3.68%)

General

Natural Science

Social Science

Physics Math

Geometry Engineering

Geography Nature

Climate

Biology Medicine

Chemistry Astronomy

Earth Animal

Code

Humanities Linguistics

History Politics

Business Social

Ethics Culture

Art Finance

Law Philosophy

Sports Daily

Figure 16: Distribution of various domains and disciplines covered by General-Bench.

Domains and Discipline. Figure 16 illustrates the domains and disciplines covered by our benchmark. While the majority
of tasks belong to the general domain, the benchmark also encompasses significant fields from both Physical Sciences and
Social Sciences. For Physical Sciences, the benchmark includes disciplines such as Physics, Geometry, Biology, Medicine,
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Chemistry, Astronomy, and Geography. For Social Sciences, it spans areas including Humanities, Linguistics, History,
Politics, Culture, Art, and Economics. In other words, our benchmark is designed to evaluate the capabilities of MLLMs
across a wide range of scientific fields and domains. This ensures the broad evaluative advantage of our benchmark, enabling
comprehensive assessment of multimodal generalist models.

Comprehension vs. Generation. We illustrate the task distribution across the two critical paradigms, Comprehension and
Generation, in Figure 17. Currently, the majority of tasks are centered on comprehension, which aligns with the present
capabilities of most MLLMs.

Image

Video

Audio

3D

0 50 100 150 200 250 300

272

128

24

31

45

46

20

22

Comprehension Generation

Figure 17: Distribution of various domains and discipline covered by General-Bench.

Modality. Finally, we present the distribution of tasks across different modalities in Figure 18. Overall, the image modality
constitutes the largest proportion of tasks. We note that beyond the five major modalities—Image, Video, 3D (3D-RGB and
Point-Cloud), Audio, and Language—our benchmark also includes tasks in other modalities such as Time Series, Depth,
Infrared, Spectrogram, Radar, Code, Document, and Graph. These additional modalities play important roles in specific
domains. However, due to the limited number of tasks in these modalities, we have merged and classified their data under
broader categories like Image and Language for ease of management.

Image: 317 (44.71%)

Video: 174 (24.54%)

3D: 53 (7.47%) Audio: 44 (6.21%)

Language: 121 (17.07%)

Image: 317 (44.71%)

Video: 174 (24.54%)

3D: 53 (7.47%) Audio: 44 (6.21%)

Language: 121 (17.07%)

Figure 18: Distribution of different modalities covered in General-Bench.

B.8 Extended Data Insights

General-Bench particularly places a strong emphasis on the diversity of its evaluation data, covering a wide range of
fields and scenarios to assess different aspects of model capabilities, as depicted in Figure 19. First, Table 6 summarizes the
statistics of task and skill numbers in General-Bench.
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Modality-persistent/universal Capability

Natural 
Sciences

Social 
Sciences

Domain & Discipline

Identifying objects, entities, 
and events within the given 
multimo-dal data precisely

Content Recognition

Interpreting intents, subtext, 
and metaphors in a contextual 
and nuanced manner

Cognition Understanding

Solving complex problems or 
questions (e.g., logical, math-
ematical) using reasoning

Reasoning Ability

Detecting causal relationships 
and distinguishing between 
cause and effect

Causality Discrimination

Understanding everyday scen-
arios and basic facts across 
diverse domains

Commonsense Knowledge

Understanding and reasoning 
about spatial relationships in 
various context

Spatial Perception

Generating creative ideas or 
content and synthesizing 
cross-domain information

Creativity and Innovation

Understanding and reasoning 
temporal sequences and rela-
tionships in data

Temporal Determination

Physics Geometry Biology

Medicine

Chemistry

Astronomy

Geography

Humanities Linguistics History Politics Culture

Art

Economics

▪ Linguistic Parsing

▪ Semantic Parsing

▪ Affective Computing

▪ Opinion Mining

▪ Relation Extraction

▪ Event Extraction

▪ Behavioral Analysis

▪ Named Entity 
Recognition

▪ Cognitive QA

▪ Code Problem Solving

▪ Cross-lingual NLP/
Translation

▪ Dialogue Generation

▪ Advanced QA

▪ Ethical NLP

▪ Math Problem Solving

▪ Numerical Prediction

▪ Social QA

▪ Summarization

▪ Text Entailment

▪ Text Generation

▪ Semantic Similarity 
Analysis

▪ … 

LanguageImage

▪ Image Captioning

▪ Image Depth Estimation

▪ Image OCR

▪ Image Recognition

▪ Semantic Segmentation

▪ Image Visual Grounding

▪ Image Visual QA

▪ Scene Recognition

▪ Multimodal Reasoning

▪ Multi-image Visual QA

▪ Object Detection

▪ …

Comprehension

▪ Text-based Img Editing

▪ Text-to-Img Generation

▪ Image Inpainting

▪ Image Enhancement

▪ Image Style Transfer

▪ Layout2Img Generation

▪ Sketch2Img Generation

▪ … 

Generation

Video

▪ Video Action Prediction

▪ Video QA

▪ Object Matching

▪ Object Tracking

▪ Video Grounding

▪ Long Video Tracking

▪ Video Depth Estimation

▪ Video Action Recog

▪ Video Event Recog

▪ Video Object Recog

▪ Optical Flow

▪ …

Comprehension

▪ Conditional Video Gen

▪ Image2Video Generation

▪ Text2Video Generation

▪ Video Action Generation

▪ Video Editing

▪ Video Enhancement

▪ … 

Generation

▪ Audio QA

▪ Animal Sound Analysis

▪ Music Understanding

▪ Audio Content Analysis

▪ Environ Sound Analysis

▪ Speech Accent Analysis

▪ Speech Content Analysis

▪ Speech Emotion 
Analysis

▪ … 

Comprehension

▪ TTS

▪ Audio Edit

▪ Music Style Transfer

▪ Music Synthesis

▪ Speech Style Transfer

▪ Image2Audio Synthesis

▪ Emotional Speech Gen

▪ … 

Generation

Audio

▪ 3D Detection

▪ 3D QA

▪ 3D Motion Analysis

▪ 3D Pose Estimation

▪ 3D Tracking

▪ 3D Human-related 
Object Classification

▪ 3D Indoor Scene Seman-
tic Segmentation

▪ 3D Outdoor Scene Sem-
antic Segmentation

▪ … 

Comprehension

▪ Image to Mesh Gen

▪ Image to Point Cloud 
Generation

▪ RGB-D to Mesh Recon

▪ Point Cloud to Mesh 
Recon

▪ Text to 3D Motion 
Generation

▪ … 

Generation

3D

General

Math Engineering

Nature Climate CodeEarth Animal

Philosophy Sports Business Social Finance Daily

Understanding human emo-
tions, sentiments, and empathy 
in various modalities

Affective Analysis

Formulating plans and strate-
gies to achieve defined goals.

Planning Ability

Evaluating ethical considera-
tions and ensuring responsible 
decision-making

Ethical Awareness

Engaging in multi-turn intera-
ctions and managing context 
effectively

Interactive Capability

Modality-specific Skill

Law

Figure 19: General-Bench covers over 29 domains, evaluating more than 12 modality-persistent capabilities of
generalists, as well as 145 modality-specific skills. In Appendix §B.7 we showcase all tasks and data specification in detail.

B.9 Comparisons with Existing Benchmarks

Table 7 provides a comprehensive comparison of General-Bench with existing MLLM benchmarks. Compared to these
benchmarks, General-Bench demonstrates absolute superiority across all comparison aspects. For instance, it is the first
MLLM benchmark to cover nearly all commonly used modalities while emphasizing both Comprehension and Generation
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Table 6: Summary of numbers of skills, tasks and data instances across modalities.

Image Video Audio 3D Language TOTAL
Comp Gen Comp Gen Comp Gen Comp Gen

#Skill
Single 40 15 20 6 9 11 13 9

22 145
Sum 55 26 20 22

#Task
Single 271 45 126 46 24 20 30 22

118 702
Sum 316 170 44 52

#Instance
Single 124,880 26,610 44,442 16,430 11,247 9,516 23,705 10,614

58,432 325,876
Sum 151,490 60,872 20,763 34,319

as critical evaluation paradigms. Most notably, General-Bench boasts the largest dataset, encompassing 550 tasks with
over 275K instances. Also, it evaluates the largest number of MLLMs tested to date, setting a new standard for benchmark
comprehensiveness and scale.

Table 7: A full comparison of General-Bench with other popular MLLM benchmarks.

Bench.
Aspect Modality Task

Scheme #Domain #Skill #Task #Sample Answer
Form #Metric Annotation #Tested

Models

• Science&Discipline
ScienceQA

(Lu et al., 2022) Txt,Img Comp. 12 1 / 21K MC-QA Acc. Repurposed 10

VisAidMath
(Ma et al., 2024) Txt,Img Comp. 1 1 1 1.2K MC-QA Acc. Repurposed 10

MMMU
(Yue et al., 2024) Txt, Img Comp. 6 6 30 11.5K MC-QA Acc. Manual 24

NaturalBench
(Li et al., 2024e) Txt,Img Comp. 1 / 27 7.6K MC-QA Acc. Repurposed 32

• Audio
AudioBench

(Wang et al., 2024b) Txt, Aud Comp. / 3 8 100K Free-Form WER,METEOR
Llama-score Repurposed 4

MARBLE
(Yuan et al., 2023b) Txt, Aud Comp. / 12 18 / Free-Form Origin(19) Repurposed 0

MMAU
(Sakshi et al., 2024) Txt, Aud Comp. / 12 27 10K MC-QA Acc. Repurposed

Manual 14

• 3D
T3Bench

(He et al., 2023) Txt, 3D Gen. / 3 3 300 Free-From Origin(2) Repurposed 0

3DBench
(Zhang et al., 2024b) Txt, 3D Comp. / 12 12 8K Free-From Origin(6) Repurposed 3

• Video
Video-Bench

(Ning et al., 2023) Txt,Vid Comp. / 3 7 17K MC-QA Acc. Repurposed 8

VideoMME
(Fu et al., 2024b) Txt,Vid Comp. 6 12 12 900 MC-QA Acc. Manual 13

MLVU
(Zhou et al., 2024a) Txt, Vid Comp. 7 9 9 2593 MC-QA

Open
Acc.

GPT-Ranking Manual 20

MVBench
(Li et al., 2024f) Txt,Vid Comp. / 20 20 4k MC-QA Acc. Repurposed 14

AutoEval-Video
(Chen et al., 2024d) Txt,Vid Comp. 12 9 9 327 Open GPT-score Manual 11

VBench
(Huang et al., 2024) Txt,Vid Gen. 8 16 16 100 Open / Manual 4

• Image
MME

(Fu et al., 2023) Txt,Img Comp. / 14 14 2.2K MC-QA Acc. Repurposed 30
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Bench.
Aspect Modality Task

Scheme #Domain #Skill #Task #Sample Answer
Form #Metric Annotation #Tested

Model

LVLM-eHub
(Xu et al., 2023b) Txt, Img Comp. / 6 47 2.1K MC-QA

Open
Acc. CIDEr
top-1 Acc. Repurposed 8

MM-Vet
(Yu et al., 2024) Txt,Img Comp. / 6 1 205 MC-QA GPT-score Repurposed 16

V*Bench
(Wu and Xie, 2024) Txt,Img Comp. 1 2 2 191 MC-QA Acc. Manual 13

MMIE
(Xia et al., 2024b) Txt, Img Comp.

Gen. 10 4 4 20K MC-QA
Open / Manual 8

Mia-bench
(Qian et al., 2024) Txt, Img Comp. 15 8 8 400 Open GPT-score Manual 29

MME-RealWorld
(Zhang et al., 2024c) Txt, Img Comp. 5 43 43 29.4K MC-QA Acc. Manual 29

MLLM-Bench
(Ge et al., 2024) Txt, Img Comp. / 6 6 420 MC-QA

Open GPT-score Manual 21

Q-Bench
(Wu et al., 2024b) Txt, Img Comp. 1 3 3 84.7K MC-QA

Open GPT-score Manual+
Repurposed 15

MUIRBench
(Wang et al., 2024c) Txt,Img Comp. 12 12 12 2.6K MC-QA Acc. Manual+

Repurposed 20

MileBench
(Song et al., 2024) Txt,Img Comp. / 2 2 6.4K MC-QA

Open
Acc.

ROUGE-L
Manual+

Repurposed 22

MMBench
(Liu et al., 2024a) Txt,Img Comp. / 2 20 3K MC-QA Acc. Repurposed 21

• Omini
SEED-Bench

(Li et al., 2023b) Txt,Img,Vid Comp. / 12 12 19K MC-QA Acc. Manual 18

SEED-Bench-2
(Li et al., 2023c) Txt,Img,Vid Comp.

Gen. 3 22 22 24K MC-QA Acc. Manual+
Repurposed 23

CV-Bench
(Tong et al., 2024a) Txt, Img, 3D Comp. 2 4 4 2.6K MC-QA Acc. Repurposed 15

MMIU
(Meng et al., 2024b)

Txt,Img,Vid,
Point-Cloud,Depth Comp. / 7 52 11.7K MC-QA Acc. Repurposed 22

MMT-Bench
(Ying et al., 2024b)

Txt,Img,Vid,
Point-Cloud Comp. / 32 162 31K MC-QA Acc. Repurposed 30

MEGA-Bench
(Chen et al., 2024e) Txt,Img,Vid Comp. / 10 505 8K Free-Form Origin (45) Manual 22

General-Bench
(Ours)

Txt,Img,Vid,Aud,
Time,Depth,3D-RGB,
Point-Cloud,Infrared,
Spectrogram,Radar,
Code,Doc,Graph,· · ·

Comp.+Gen. 29 145 702 325.8K Free-Form Origin (58) Reannotated
+Manual

172 ×
Specialists

&
102 ×

Generalists
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C Extension on Experimental Results
In the main text, we presented a subset of the evaluation performance of MLLMs at the skill level due to space constraints.
Here, we provide the complete results on all specific tasks. The results are organized based on modality and task paradigm
distinctions.

It is important to note that we conducted inference using different MLLMs’ open-source codebases or APIs. However, the
choice of prompts for different tasks can significantly impact the model’s performance on a given task. For instance, some
models require highly detailed and specific in-context instructions in the input prompt to achieve their best performance. To
ensure fairness, our team applied a uniform prompt across all MLLMs for a given task, without any model-specific prompt
tuning. If the model developers are unsatisfied with the presented results, we welcome them to adjust the prompts to obtain
more representative and improved scores.

C.1 Multimodal Specialist and Generalist Systems

SoTA Specialist. For each specific task under a specific modality, we select a SoTA specialist to generate benchmark
results. The selection of specialists is determined based on two criteria: 1) their performance on each task using public
benchmarks and leaderboards, i.e., they must demonstrate top performance; and 2) whether they are widely recognized and
utilized by the community. Meanwhile, we exclude models that lack reliable open-source code or parameters (as we are
unable to run our own data through them), even if such models claim to be SoTA in their own papers. It is important to note
that the specialists we use must have undergone large-scale supervised pretraining on the corresponding tasks, enabling them
to achieve SoTA performances. In our implementation, we directly load their released parameters and perform inference on
the General-Bench test sets. In total, we have 172 specialists.

Multimodal Generalists. We consider a diverse set of existing popular MLLMs that are capable of handling specific or
various modalities and tasks. This includes both open-source systems and closed-source ones (such as the OpenAI GPT
series). For open-source models, we implement them by loading their released parameters and directly performing inference
on the General-Bench test sets. For closed-source models, we utilize their APIs to access the services. We note that,
despite the release of a vast number of MLLMs in the community, due to resource constraints, we only consider a subset of
MLLMs that demonstrate strong and stable capabilities and are widely recognized and utilized. However, our evaluation
system remains open, and we encourage more MLLMs interested in our benchmarking system to participate by running
their own evaluations and submitting their scores. Table 9 summarizes all the multimodal generalists employed, including
their corresponding modality support, characterized skills, parameter sizes, and backbone LLM architectures.

Table 9: A complete list of (multimodal) generalists evaluated on General-Bench.

# Model Backbone Size Modality Support Paradigm
• Language-oriented (Closed/Open-sourced) Models

1 Meta-Llama-3.1-8B-
Instruct (Touvron et al.,
2023)

Llama 8B Language /

2 Gemma-2-9b-it (Team
et al., 2024b)

Gemma 9B Language /

3 GPT-J (Wang and Komat-
suzaki, 2021)

GPT-J 6B Language /

4 ChatGLM-6B (GLM et al.,
2024)

ChatGLM 6B Language /

5 Qwen2.5-7B-Instruct
(Yang et al., 2024)

Qwen2.5 7B Language /

6 InternLM2-Chat-7B (Cai
et al., 2024)

InternLM2 7B Language /

7 Baichuan2-7B-Chat (Yang
et al., 2023)

Baichuan2 7B Language /

8 Vicuna-7b-V1.5 (Chiang
et al., 2023)

Vicuna 7B Language /

9 Falcon3-7B-Instruct
(Almazrouei et al., 2023)

Falcon3 7B Language /
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# Model Backbone Size Modality Support Paradigm

10 Ministral-8B-Instruct-
2410 (Jiang et al., 2024a)

Ministral 8B Language /

11 Yi-lightning (Young et al.,
2024)

Llama 6B Language /

12 GPT-3.5-turbo (OpenAI,
2022a)

GPT3.5 / Language /

• Multimodal Close-sourced Models
1 GPT4-V (OpenAI, 2022b) GPT4 / Language, Image Comprehension
2 GPT4-o-mini (OpenAI,

2022b)
GPT4 / Language, Image Comprehension

3 GPT4-o (OpenAI, 2022b) GPT4 / Language, Image Comprehension
4 GPT4-o-4096 (OpenAI,

2022b)
GPT4 / Language, Image Comprehension

5 ChatGPT-o-latest (OpenAI,
2022b)

GPT4 / Language, Image Comprehension

6 Claude-3.5-Sonnet (Team,
2024)

Claude-3.5-Sonnet / Language, Image Comprehension

7 Claude-3.5-Opus (Team,
2024)

Claude-3.5-Opus / Language, Image Comprehension

8 Gemini-1.5-Pro (Team
et al., 2024a)

Gemini / Language, Image Comprehension

9 Gemini-1.5-Flash (Team
et al., 2024a)

Gemini / Language, Image Comprehension

• Multimodal Open-sourced Models
1 Yi-vision-v2 (Young et al.,

2024)
LLaVa 6B Language, Image Comprehension

2 Emu2-37B (Sun et al.,
2024)

LLaMA-33B 37B Language, Image Comprehension+Generation

3 InternVL2.5-2B (Chen
et al., 2024c)

internlm2 5-1 8b-chat 2B Language, Image Comprehension

4 InternVL2.5-4B (Chen
et al., 2024c)

Qwen2.5-3B-Instruct 4B Language, Image Comprehension

5 InternVL2.5-8B (Chen
et al., 2024c)

internlm2 5-7b-chat 8B Language, Image Comprehension

6 Mini-InternVL-Chat-
2B-V1-5 (Gao et al., 2024)

InternLM2-Chat-1.8B 2B Language, Image Comprehension

7 Mini-InternVL-Chat-
4B-V1-5 (Gao et al., 2024)

Phi-3-mini-128k-instruct 4B Language, Image Comprehension

8 InternLM-XComposer2-
VL-1.8B (Dong et al.,
2024)

InternLM2-Chat-1.8B 1.8B Language, Image Comprehension

9 MoE-LLAVA-Phi2-2.7B-
4e-384 (Lin et al., 2024)

Phi2 2.7B Language, Image Comprehension

10 Monkey-10B-chat (Li et al.,
2024g)

Qwev-7B 10B Language, Image Comprehension

11 mPLUG-Owl2-LLaMA2-
7b (Ye et al., 2024)

LLaMA2-7b 7B Language, Image Comprehension

12 Phi-3.5-Vision-Instruct
(Abdin et al., 2024)

Phi-3 Mini 4.2B Language, Image Comprehension

13 Cambrian-1-8B (Tong
et al., 2024b)

LLaMA3-8B-Instruct 8B Language, Image Comprehension

14 DetGPT (Pi et al., 2023) Vicuna-7B 7B Language, Image Comprehension
15 Otter (Li et al., 2023d) LLaMA-7B 7B Language, image Comprehension
16 NExT-Chat (Zhang et al.,

2023c)
LLaVA 7B Language, Image Comprehension

17 GPT4RoI-7B (Zhang et al.,
2023d)

LLaMA-7B 7B Language, Image Comprehension

18 GLaMM (Rasheed et al.,
2024)

Vicuna-7B 7B Language, Image Comprehension
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# Model Backbone Size Modality Support Paradigm

19 Pixtral-12B (Agrawal et al.,
2024)

Mistral-Nemo-12B 12B Language, Image Comprehension

20 BLIP-2 (Li et al., 2023a) Flan T5-xl 3B Language, Image Comprehension
21 BLIP-3 (XGen-MM) (Xue

et al., 2024)
Phi3-mini 4B Language, Image Comprehension

22 miniMonkey (Li et al.,
2024g)

Qwev-7B 7B Language, Image Comprehension

23 MiniGPT4-LLaMA2-7B
(Zhu et al., 2023a)

LLaMA2-7B-instruct 7B Language, Image Comprehension

24 Show-o (Xie et al., 2024) Show-o 1.3B Language, Image Comprehension+Generation
25 DeepSeek-VL-7B-Base

(Lu et al., 2024b)
DeepSeek-LLM-7b-base 7B Language, Image Comprehension

26 DeepSeek-VL-7B-Chat
(Lu et al., 2024b)

DeepSeek 7B Language, Image Comprehension

27 LISA (Lai et al., 2024) LLaMA-7B 7B Language, Image Comprehension
28 CogVLM-Chat (Wang

et al., 2023b)
Vicuna-v1.5-7B 17B Language, Image Comprehension

29 ShareGPT4V-7B (Chen
et al., 2025)

Vicuna-v1.5-7B 7B Language, Image Comprehension

30 ShareGPT4V-13B (Chen
et al., 2025)

Vicuna-v1.5-13B 13B Language, Image Comprehension

31 GLM-VL-Chat (Du et al.,
2021)

GLM-4V 9B Language, Image Comprehension

32 OMG-LLaVA-
InternLM20B (Zhang
et al., 2024a)

internlm2-7b 7B Language, Image Comprehension

33 Idefics3-8B-Llama3
(Laurençon et al., 2024)

Llama-3.1-8B 8B Language, Image Comprehension

34 MiniCPM3-4B (Hu et al.,
2024a)

MiniCPM3-4B 4B Language, Image Comprehension

35 SEED-LLaMA-13B (Ge
et al., 2023)

Llama2-chat-13B 14B Language, Image Comprehension+Generation

36 LaVIT-V2 (7B) (Jin et al.) LLaMA-7B 7B Language, Image Comprehension+Generation
37 LM4LV (Zheng et al.,

2024)
LLaMA2-7B instruct 7B Language, Video Generation

38 CoLVA-2B (Zhou et al.,
2025)

Qwen2-2B 2B Language, Image, Video Comprehension

39 CoLVA-4B (Zhou et al.,
2025)

Phi3-3.8B 4.1B Language, Image, Video Comprehension

40 Long-LLaVA-9B (Wang
et al., 2024d)

Jamba-9B-Instruct 9B Language, Video Comprehension

41 DeepSeek-VL-2-small (Lu
et al., 2024b)

DeepSeekMoE-16B 2.8B Language, Image Comprehension

42 DeepSeek-VL-2 (Lu et al.,
2024b)

DeepSeekMoE-27B 4.5B Language, Image Comprehension

43 Qwen-VL-Chat (Bai et al.,
2023)

Qwen-7B 7B Language, Image, Video Comprehension

44 Qwen-Audio-Chat (Chu
et al., 2023)

Qwen-7B 7B Language, Audio Comprehension

45 Qwen2-VL-7B (Wang
et al., 2024a)

Qwen2-7B 7B Language, Image, Video Comprehension

46 Qwen2-Audio-Instruct
(Chu et al., 2024)

Qwen-7B 7B Language, Audio Comprehension

47 Qwen2-VL-72B (Wang
et al., 2024a)

Qwen2-72B 72B Language, Image, Video Comprehension

48 LLaVA-NeXT-13B (Liu
et al., 2024b)

Vicuna-13B 13B Language, Image Comprehension

49 LLaVA-NeXT-34B (Liu
et al., 2024b)

Nous-Hermes-2-Yi-34B 34B Language, Image Comprehension
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# Model Backbone Size Modality Support Paradigm

50 LLaVA-One-Vision-7B (Li
et al., 2024d)

Qwen2-7B 7B Language, Image, Video Comprehension

51 LLaVA-One-Vision-72B
(Li et al., 2024d)

Qwen2-72B 72B Language, Image, Video Comprehension

52 Sa2VA-8B (Yuan et al.,
2025)

InternLM2-7B 8B Language, Image, Video Comprehension

53 Sa2VA-26B (Yuan et al.,
2025)

InternLM2-20B 26B Language, Image, Video Comprehension

54 InternVL-2-8B (Chen et al.,
2024c)

InternLM2-7B 8B Language, Image, Video Comprehension

55 InternVL-2.5-8B (Chen
et al., 2024c)

internlm2 5-7b-chat 8B Language, Image, Video Comprehension

56 InternVL-2-26B (Chen
et al., 2024c)

InternLM2-20B 26B Language, Image, Video Comprehension

57 InternVL-2.5-26B (Chen
et al., 2024c)

internlm2 5-20b-chat 26B Language, Image, Video Comprehension

58 Vitron-V1 (Fei et al.,
2024a)

vicuna-7b-v0 7B Language, Image, Video Comprehension+Generation

59 Mini-Gemini (Li et al.,
2024c)

Nous-Hermes-2-Yi-34B 34B Language, Image Comprehension+Generation

60 3D-LLM-2.1B (Hong et al.,
2023)

BLIP2 2.1B Language, 3D Comprehension

61 PointLLM-7B (Xu et al.,
2025)

LLaMA 7B Language, 3D Comrehension

62 PointLLM-13B (Xu et al.,
2025)

LLaMA 13B Language, 3D Comprehension

63 3D-VisTA (Zhu et al.,
2023b)

BERT 1.3B Language, 3D Comprehension

64 AvatarGPT (Zhou et al.,
2024b)

T5-large 770M Language, 3D Comprehension

65 MotionGPT-T5 (Jiang
et al., 2024b)

T5 220M Language, 3D Generation

66 MotionGPT-LLaMA
(Zhang et al., 2023e)

LLaMA 13B Language, 3D Generation

67 LLaMA-mesh (Zhang
et al., 2023e)

LLaMA 7B Language, 3D Generation

68 GAMA (Ghosh et al.,
2024)

Llama-2-7b-chat 7B Language, Audio Comprehension

69 Pengi (Deshmukh et al.,
2023)

GPT2-base 124M Language, Audio Comprehension

70 WavLLM (Hu et al.,
2024b)

LLaMA-2-7B-chat 7B Language, Audio Comprehension

71 SALMONN-7B (Tang
et al., 2023)

Vicuna-7B 7B Language, Audio (Speech) Comprehension

72 SALMONN-13B (Tang
et al., 2023)

Vicuna-13B 13B Language, Audio (Speech) Comprehension

73 SpeechGPT-7B-com
(Zhang et al., 2023a)

LLaMA-2 7B Language, Audio (Speech) Generation

74 AudioGPT-GPT4 (Huang
et al., 2023)

GPT-4 / Language, Audio (Speech, Sound) Generation

75 AnyGPT (Zhan et al.,
2024)

LLaMA-2-7B 8B Language, Image, Audio (Speech, Music) Comprehension+Generation

76 PandaGPT-13B (Su et al.,
2023)

Vicuna-13B-v0 13B Language, Image, Video, Audio Comprehension

77 ImageBind-LLM (Han
et al., 2023)

LLama-1-7B 7B Language, Image, Video, Audio Comprehension

78 ModaVerse-7b-v0 (Wang
et al., 2024e)

Vicuna-7b-V0 7B Language, Image, Video, Audio Comprehension+Generation

79 Unified-io-2-XXL (Lu
et al., 2024a)

UIO-2-XXL 6.8B Language, Image, Video, Audio Comprehension+Generation
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Table 11: Performance of multimodal generalists on video comprehension and generation skills.

Video Comprehension Skill (Avg within each #V-C Group) Task Completion Level Score on Video
#1 #2 #3 #4 #5 #6 #7 #8 #9 #10Model
#11 #12 #13 #14 #15 #16 #17 #18 #19 #20

#Supported
Task

#Win-over-
Specialist Level-2 Level-3 Level-4

37.43 49.64 21.31 23.06 81.85 85.43 54.53 64.83 40.65 30.80SoTA Specialist 45.84 13.92 0.14 48.06 68.96 63.62 77.02 75.08 37.20 44.00 / / / / /

InternVL-2.5-8B 33.15 27.54 14.51 18.83 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 4.85 55 (43.7%) 5 (4.0%) 5.76 1.24 0.00

37.03 32.01 18.71 21.57 0.00 0.00 0.00 0.00 0.00 0.00InternVL-2.5-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 5.30 55 (43.7%) 26 (20.6%) 6.70 3.76 0.00

Qwen2-VL-72B 38.22 32.32 19.35 22.70 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 5.70 55 (43.7%) 22 (17.5%) 6.89 5.22 0.00

21.50 18.90 12.10 12.10 0.00 0.00 0.00 0.00 0.00 0.00DeepSeek-VL-2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 3.20 55 (43.7%) 5 (4.0%) 3.98 0.64 0.00

LLaVA-One-
Vision-72B

31.20 31.30 19.10 10.60 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.70 56 (44.4%) 21 (16.7%) 5.83 3.75 0.00

33.19 25.11 16.75 8.67 0.00 0.00 0.00 71.03 50.95 0.00Sa2VA-8B 0.00 60.28 0.00 0.00 19.85 37.83 46.36 42.58 48.02 1.48 91 (72.2%) 32 (25.4%) 8.31 4.38 0.00

Sa2VA-26B 35.33 26.33 17.58 10.39 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 28.41 38.91 47.10 43.12 48.42 1.70 81 (64.3%) 27 (21.4%) 8.81 4.58 0.00

32.68 26.45 13.55 17.62 0.00 0.00 0.00 0.00 0.00 0.00CoLVA-4B 0.00 0.00 0.00 0.00 45.81 0.00 0.00 0.00 0.00 4.23 63 (50.0%) 8 (6.3%) 4.78 1.24 0.00

InternVL-2-8B 32.69 27.09 14.24 17.61 0.00 0.00 0.00 0.00 0.00 0.00
0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 4.85 55 (43.7%) 0 (0.0%) 5.64 0.46 0.00

36.14 26.25 15.89 15.53 0.00 0.00 0.00 0.00 0.00 0.00Long-LLaVA-9B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 4.20 54 (42.9%) 22 (17.5%) 5.84 3.81 0.00

Video Generation Skill (Avg within each #V-G Group) Task Completion Level Score on VideoModel #1 #2 #3 #4 #5 #6 #Task-Supprt #Win-Spclst Level-2 Level-3 Level-4

SoTA Specialist 69.09 55.79 88.94 62.90 37.79 51.46 / / / / /

VidAgent 52.42 47.73 88.84 63.61 0.00 0.00 30 (65.2%) 0 (0.0%) 25.00 0.00 0.00

LM4LV 0.00 0.00 0.00 0.00 25.90 5.93 8 (17.4%) 0 (0.0%) 6.74 0.00 0.00

NExT-GPT-V1.5 26.78 6.72 130.22 16.03 0.08 0.06 40 (87.0%) 0 (0.0%) 8.34 0.71 0.00

Vitron-V1 36.74 19.32 116.31 25.09 0.08 0.06 40 (87.0%) 0 (0.0%) 18.72 3.04 0.00

# Model Backbone Size Modality Support Paradigm

80 NExT-GPT-V1.5 (Wu et al.,
2024a)

vicuna-7b-v1.5 7B Language, Image, Video, Audio Comprehension+Generation

81 VidAgent† (Shen et al.,
2023)

vicuna-7b-v0 7B Language, Image, Video Comprehension+Generation

Note that, for VidAgent†, we implement HuggingGPT as the prototype agent, and integrate InternVL-2.5-8B (Chen et al.,
2024c) as video comprehension module, and integrate CogVideo (Hong et al., 2022) as video generation module.

C.2 Full Main Evaluation Results

We note that all the generalists run the evaluation on our General-Bench data set under a zero-shot setting. The overall
results of part of the models on image comprehension and generation are presented in Table 2 and Table 3, respectively;
video results are shown in Table 11; audio results are shown in Table 12; 3D results are shown in Table 13; The results of all
generalists on NLP tasks are shown in Table 14. The complete performing scores of all MLLMs across all tasks and datasets
are presented in Appendix §C. Overall, we have the following observations.

Table 15: Leaderboard of multimodal generalists (MLLMs) at level-2.

Model Modality Paradigm Level 2 Score Ranking
of Image of Video of Audio of 3D of Overall

Unified-io-2-XXL C+G 20.62 8.56 25.63 0.00 13.70 1
AnyGPT C+G 23.10 0.00 29.06 0.00 13.04 2
NExT-GPT-V1.5 C+G 18.69 8.34 25.05 0.00 13.02 3
ImageBind-LLM C 19.54 12.54 17.52 0.00 12.40 4
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Model Modality Paradigm Level 2 Score Ranking
of Image of Video of Audio of 3D of Overall

ModaVerse-7b-v0 C+G 15.56 7.32 26.10 0.00 12.25 5
Vitron-V1 C+G 30.13 18.72 0.00 0.00 12.21 6
PandaGPT-13B C 20.78 9.34 16.98 0.00 11.78 7
VidAgent C+G 18.21 25.00 0.00 0.00 10.80 8
InternVL2 5-8B C 25.20 8.44 0.00 0.00 8.41 9
Emu2-37B C+G 30.90 0.00 0.00 0.00 7.73 10
Sa2VA-26B C 21.88 8.81 0.00 0.00 7.67 11
LaVIT-V2 (7B) C+G 29.50 0.00 0.00 0.00 7.38 12
LLaVA-One-Vision-72B C 23.12 5.83 0.00 0.00 7.24 13
Qwen2-Audio-Instruct C 0.00 0.00 28.61 0.00 7.15 14
Qwen-Audio-Chat C 0.00 0.00 28.39 0.00 7.10 15
Mini-Gemini C+G 27.90 0.00 0.00 0.00 6.975 16
SEED-LLaMA-13B C+G 26.81 0.00 0.00 0.00 6.70 17
GAMA C 0.00 0.00 26.35 0.00 6.59 18
Qwen2-VL-72B C 19.41 6.89 0.00 0.00 6.58 19
Sa2VA-8B C 17.33 8.31 0.00 0.00 6.41 20
InternVL-2.5-26B C 18.73 6.70 0.00 0.00 6.36 21
Qwen2-VL-7B C 18.42 6.00 0.00 0.00 6.11 22
InternVL2 5-4B C 24.41 0.00 0.00 0.00 6.10 23
SALMONN-13B C 0.00 0.00 23.95 0.00 5.99 24
InternVL-2-26B C 17.55 6.36 0.00 0.00 5.98 25
WavLLM C 0.00 0.00 23.49 0.00 5.87 26
Monkey-10B-chat C 23.51 0.00 0.00 0.00 5.87 27
InternVL2 5-2B C 23.32 0.00 0.00 0.00 5.83 28
Pengi C 0.00 0.00 23.29 0.00 5.82 29
LLaVA-One-Vision-7B C 18.32 4.34 0.00 0.00 5.67 30
SALMONN-7B C 0.00 0.00 21.09 0.00 5.27 31
InternVL-2.5-8B C 14.70 5.76 0.00 0.00 5.12 32
DeepSeek-VL-7B-Chat C 19.89 0.00 0.00 0.00 4.97 33
InternVL-2-8B C 14.06 5.64 0.00 0.00 4.93 34
GPT4-o C 19.67 0.00 0.00 0.00 4.92 35
GPT4-o-4096 C 19.68 0.00 0.00 0.00 4.92 36
Gemini-1.5-Pro C 19.67 0.00 0.00 0.00 4.92 37
Claude-3.5-Sonnet C 19.38 0.00 0.00 0.00 4.85 38
Claude-3.5-Opus C 19.00 0.00 0.00 0.00 4.75 39
chatgpt4-o-latest C 18.98 0.00 0.00 0.00 4.74 40
Gemini-1.5-Flash C 18.54 0.00 0.00 0.00 4.64 41
CoLVA-4B C 13.59 4.78 0.00 0.00 4.59 42
GPT4-V C 18.16 0.00 0.00 0.00 4.54 43
GPT4-o-mini C 17.79 0.00 0.00 0.00 4.45 44
GLM-VL-Chat C 17.00 0.00 0.00 0.00 4.25 45
Idefics3-8B-Llama3 C 16.71 0.00 0.00 0.00 4.18 46
LLaVA-NeXT-34B C 16.58 0.00 0.00 0.00 4.15 47
Phi-3.5-Vision-Instruct C 16.46 0.00 0.00 0.00 4.12 48
MiniCPM3-4B C 16.46 0.00 0.00 0.00 4.12 49
CogVLM-Chat C 16.31 0.00 0.00 0.00 4.08 50
CoLVA-2B C 11.73 4.47 0.00 0.00 4.05 51
InternVL-Chat-V1-5 C 16.16 0.00 0.00 0.00 4.04 52
DetGPT C 16.05 0.00 0.00 0.00 4.01 53
BLIP-3 (XGen-MM) C 15.40 0.00 0.00 0.00 3.85 54
LLaVA-NeXT-13B C 15.11 0.00 0.00 0.00 3.78 55
Pixtral-12B C 14.74 0.00 0.00 0.00 3.69 56
ShareGPT4V-13B C 14.72 0.00 0.00 0.00 3.68 57
Yi-vision-v2 C 14.61 0.00 0.00 0.00 3.65 58
Qwen-VL-Chat C 13.91 5.34 0.00 0.00 3.48 59
ShareGPT4V-7B C 13.78 0.00 0.00 0.00 3.45 60
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Model Modality Paradigm Level 2 Score Ranking
of Image of Video of Audio of 3D of Overall

Mini-InternVL-Chat-4B-V1-5 C 13.53 0.00 0.00 0.00 3.38 61
InternLM-XComposer2-VL-1.8B C 13.31 0.00 0.00 0.00 3.33 62
DeepSeek-VL-7B-Base C 13.13 0.00 0.00 0.00 3.28 63
MiniGPT4-LLaMA2-7B C 12.89 0.00 0.00 0.00 3.22 64
MoE-LLAVA-Phi2-2.7B-4e-384 C 12.55 0.00 0.00 0.00 3.14 65
mPLUG-Owl2-LLaMA2-7b C 12.21 0.00 0.00 0.00 3.05 66
Cambrian-1-8B C 11.76 0.00 0.00 0.00 2.94 67
BLIP2 C 11.65 0.00 0.00 0.00 2.91 68
miniMonkey C 11.31 0.00 0.00 0.00 2.83 69
NExT-Chat C 10.65 0.00 0.00 0.00 2.66 70
Audio-GPT4 G 0.00 0.00 8.80 0.00 2.20 71
GPT4RoI-7B C 8.49 0.00 0.00 0.00 2.12 72
Show-o C+G 7.78 0.00 0.00 0.00 1.95 73
SpeechGPT-7B-com G 0.00 0.00 7.22 0.00 1.81 74
PointLLM-13B C 0.00 0.00 0.00 7.00 1.75 75
LM4LV G 0.00 6.74 0.00 0.00 1.69 76
PointLLM-7B C 0.00 0.00 0.00 6.53 1.63 77
Long-LLaVA-9B C 10.23 5.84 0.00 0.00 1.46 78
3D-VisTA C 0.00 0.00 0.00 5.41 1.35 79
3D-LLM-2.1B C 0.00 0.00 0.00 5.41 1.35 80
OMG-LLaVA-InternLM20B C 4.56 0.00 0.00 0.00 1.14 81
DeepSeek-VL-2 C 19.21 3.98 0.00 0.00 1.00 82
DeepSeek-VL-2-small C 17.40 3.64 0.00 0.00 0.91 83
Otter C 3.15 0.00 0.00 0.00 0.79 84
LLaMA-mesh G 0.00 0.00 0.00 1.60 0.40 85
LISA C 1.27 0.00 0.00 0.00 0.32 86
GLaMM C 0.94 0.00 0.00 0.00 0.24 87
AvatarGPT C 0.00 0.00 0.00 0.21 0.05 88
MotionGPT-T5 G 0.00 0.00 0.00 0.00 0.00 /
MotionGPT-LLaMA G 0.00 0.00 0.00 0.00 0.00 /
Meta-Llama-3.1-8B-Instruct / 0.00 0.00 0.00 0.00 0.00 /
Gemma-2-9b-it / 0.00 0.00 0.00 0.00 0.00 /
GPT-J / 0.00 0.00 0.00 0.00 0.00 /
ChatGLM-6B / 0.00 0.00 0.00 0.00 0.00 /
Qwen2.5-7B-Instruct / 0.00 0.00 0.00 0.00 0.00 /
InternLM2-Chat-7B / 0.00 0.00 0.00 0.00 0.00 /
Baichuan2-7B-Base / 0.00 0.00 0.00 0.00 0.00 /
Vicuna-7b-V1.5 / 0.00 0.00 0.00 0.00 0.00 /
Falcon3-7B-Instruct / 0.00 0.00 0.00 0.00 0.00 /
Ministral-8B-Instruct-2410 / 0.00 0.00 0.00 0.00 0.00 /
Yi-lightning / 0.00 0.00 0.00 0.00 0.00 /
GPT-3.5-turbo / 0.00 0.00 0.00 0.00 0.00 /

Table 17: Leaderboard of multimodal generalists (MLLMs) at level-3 where Comprehension and Generation.

Model Modality Paradigm Level 3 Score Ranking
of Image of Video of Audio of 3D of Overall

Sa2VA-26B C 14.65 4.58 0.00 0.00 4.81 1
LLaVA-One-Vision-72B C 15.21 3.75 0.00 0.00 4.74 2
Qwen2-VL-72B C 12.34 5.22 0.00 0.00 4.39 3
Mini-Gemini C+G 17.23 0.00 0.00 0.00 4.31 4
Sa2VA-8B C 12.39 4.38 0.00 0.00 4.19 5
InternVL2 5-8B C 13.09 1.82 0.00 0.00 3.73 6
GPT4-o-4096 C 14.68 0.00 0.00 0.00 3.67 7
Qwen2-VL-7B C 12.13 2.47 0.00 0.00 3.65 8
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Model Modality Paradigm Level 3 Score Ranking
of Image of Video of Audio of 3D of Overall

GPT4-o C 14.51 0.00 0.00 0.00 3.63 9
InternVL-2-26B C 8.81 4.81 0.00 0.00 3.41 10
InternVL-2.5-26B C 9.51 3.76 0.00 0.00 3.32 11
ChatGPT-o-latest C 13.02 0.00 0.00 0.00 3.26 12
GPT4-V C 12.85 0.00 0.00 0.00 3.21 13
Gemini-1.5-Pro C 12.66 0.00 0.00 0.00 3.17 14
Claude-3.5-Sonnet C 11.98 0.00 0.00 0.00 3.00 15
GPT4-o-mini C 11.94 0.00 0.00 0.00 2.99 16
LLaVA-One-Vision-7B C 10.21 1.54 0.00 0.00 2.94 17
InternVL2 5-4B C 11.59 0.00 0.00 0.00 2.90 18
Monkey-10B-chat C 11.59 0.00 0.00 0.00 2.90 19
InternVL2 5-2B C 11.45 0.00 0.00 0.00 2.86 20
Claude-3.5-Opus C 11.08 0.00 0.00 0.00 2.77 21
Gemini-1.5-Flash C 10.85 0.00 0.00 0.00 2.71 22
Vitron-V1 C+G 7.65 3.04 0.00 0.00 2.67 23
CoLVA-4B C 9.45 1.24 0.00 0.00 2.67 24
Qwen-Audio-Chat C 0.00 0.00 10.57 0.00 2.64 25
InternVL-Chat-V1-5 C 9.42 0.00 0.00 0.00 2.36 26
Phi-3.5-Vision-Instruct C 9.39 0.00 0.00 0.00 2.35 27
DeepSeek-VL-2 C 8.32 0.64 0.00 0.00 2.24 28
InternVL-2.5-8B C 7.63 1.24 0.00 0.00 2.22 29
GLM-VL-Chat C 8.67 0.00 0.00 0.00 2.17 30
Qwen2-Audio-Instruct C 0.00 0.00 8.53 0.00 2.13 31
LLaVA-NeXT-34B C 8.24 0.00 0.00 0.00 2.06 32
DeepSeek-VL-7B-Chat C 8.19 0.00 0.00 0.00 2.05 33
MiniCPM3-4B C 8.11 0.00 0.00 0.00 2.03 34
Long-LLaVA-9B C 4.21 3.81 0.00 0.00 2.01 35
Yi-vision-v2 C 7.85 0.00 0.00 0.00 1.96 36
CogVLM-Chat C 7.77 0.00 0.00 0.00 1.94 37
InternVL-2-8B C 7.28 0.46 0.00 0.00 1.94 38
Idefics3-8B-Llama3 C 7.70 0.00 0.00 0.00 1.93 39
CoLVA-2B C 6.60 1.04 0.00 0.00 1.91 40
GAMA C 0.00 0.00 7.15 0.00 1.79 41
LLaVA-NeXT-13B C 6.87 0.00 0.00 0.00 1.72 42
BLIP-3 (XGen-MM) C 6.42 0.00 0.00 0.00 1.61 43
ShareGPT4V-13B C 5.97 0.00 0.00 0.00 1.49 44
Qwen-VL-Chat C 5.88 0.00 0.00 0.00 1.47 45
DeepSeek-VL-7B-Base C 5.75 0.00 0.00 0.00 1.44 46
Pixtral-12B C 5.72 0.00 0.00 0.00 1.43 47
DeepSeek-VL-2-small C 5.12 0.52 0.00 0.00 1.41 48
MoE-LLAVA-Phi2-2.7B-4e-384 C 5.47 0.00 0.00 0.00 1.37 49
NExT-GPT-V1.5 C+G 3.24 0.71 1.34 0.00 1.32 50
Mini-InternVL-Chat-4B-V1-5 C 5.21 0.00 0.00 0.00 1.30 51
Emu2-37B C+G 5.18 0.00 0.00 0.00 1.30 52
InternLM-XComposer2-VL-1.8B C 4.78 0.00 0.00 0.00 1.20 53
ShareGPT4V-7B C 4.78 0.00 0.00 0.00 1.20 54
MiniGPT4-LLaMA2-7B C 4.68 0.00 0.00 0.00 1.17 55
mPLUG-Owl2-LLaMA2-7b C 4.60 0.00 0.00 0.00 1.15 56
AnyGPT C+G 1.29 0.00 3.29 0.00 1.15 57
miniMonkey C 4.51 0.00 0.00 0.00 1.13 58
Cambrian-1-8B C 3.84 0.00 0.00 0.00 0.96 59
DetGPT C 3.77 0.00 0.00 0.00 0.94 60
LaVIT-V2 (7B) C+G 3.71 0.00 0.00 0.00 0.93 61
SALMONN-13B C 0.00 0.00 3.61 0.00 0.90 62
ImageBind-LLM C 1.56 0.72 1.26 0.00 0.89 63
NExT-Chat C 3.51 0.00 0.00 0.00 0.88 64
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Model Modality Paradigm Level 3 Score Ranking
of Image of Video of Audio of 3D of Overall

SEED-LLaMA-13B C+G 3.49 0.00 0.00 0.00 0.87 65
WavLLM C 0.00 0.00 3.28 0.00 0.82 66
Unified-io-2-XXL C+G 2.11 0.14 1.01 0.00 0.82 67
ModaVerse-7b-v0 C+G 0.98 0.23 1.14 0.78 0.78 68
PandaGPT-13B C 2.35 0.05 0.65 0.00 0.76 69
Audio-GPT4 G 0.00 0.00 3.02 0.00 0.76 70
BLIP2 C 2.79 0.00 0.00 0.00 0.70 71
GPT4RoI-7B C 2.36 0.00 0.00 0.00 0.59 72
Pengi C 0.00 0.00 1.74 0.00 0.44 73
3D-LLM-2.1B C 0.00 0.00 0.00 1.38 0.35 74
3D-VisTA C 0.00 0.00 0.00 1.07 0.27 75
Show-o C+G 0.84 0.00 0.00 0.00 0.21 76
LISA C 0.82 0.00 0.00 0.00 0.21 77
Otter C 0.68 0.00 0.00 0.00 0.17 78
OMG-LLaVA-InternLM20B C 0.44 0.00 0.00 0.00 0.11 79
GLaMM C 0.41 0.00 0.00 0.00 0.10 80
AvatarGPT C 0.00 0.00 0.00 0.21 0.05 81
PointLLM-7B C 0.00 0.00 0.00 0.00 0.00 /
PointLLM-13B C 0.00 0.00 0.00 0.00 0.00 /
MotionGPT-T5 G 0.00 0.00 0.00 0.00 0.00 /
MotionGPT-LLaMA G 0.00 0.00 0.00 0.00 0.00 /
LLaMA-mesh G 0.00 0.00 0.00 0.00 0.00 /
SALMONN-7B C 0.00 0.00 0.00 0.00 0.00 /
SpeechGPT-7B-com G 0.00 0.00 0.00 0.00 0.00 /
LM4LV G 0.00 0.00 0.00 0.00 0.00 /
VidAgent C+G 0.00 0.00 0.00 0.00 0.00 /
Meta-Llama-3.1-8B-Instruct / 0.00 0.00 0.00 0.00 0.00 /
Gemma-2-9b-it / 0.00 0.00 0.00 0.00 0.00 /
GPT-J / 0.00 0.00 0.00 0.00 0.00 /
ChatGLM-6B / 0.00 0.00 0.00 0.00 0.00 /
Qwen2.5-7B-Instruct / 0.00 0.00 0.00 0.00 0.00 /
InternLM2-Chat-7B / 0.00 0.00 0.00 0.00 0.00 /
Baichuan2-7B-Base / 0.00 0.00 0.00 0.00 0.00 /
Vicuna-7b-V1.5 / 0.00 0.00 0.00 0.00 0.00 /
Falcon3-7B-Instruct / 0.00 0.00 0.00 0.00 0.00 /
Ministral-8B-Instruct-2410 / 0.00 0.00 0.00 0.00 0.00 /
Yi-lightning / 0.00 0.00 0.00 0.00 0.00 /
GPT-3.5-turbo / 0.00 0.00 0.00 0.00 0.00 /

C.3 Level and Leaderboard of Multimodal Generalists

Based on the overall performance of each model across the various modalities and tasks, we rank all the compared models
according to the General-Level scoring defined in § 3.2. Tables 15, 17 and 19 present the specific scores and rankings
of multimodal generalists at different General-Levels. Note that no generalists score non-zero at Level-5, and thus we do not
show a rank at Level-5. Figure 4 visualizes these leaderboards.

As shown, for all the current MLLMs at level 2, Unified-io-2-XXL (Lu et al., 2024a) ranks the best, followed by AnyGPT
(Zhan et al., 2024). Surprisingly, GPT-4V and GPT-4o did not achieve the expected rankings at level 2. While the GPT
series excels in the individual tasks it supports, as generalists, they fall short in skill coverage compared to some open-source
MLLMs. This is because, to rank higher at level 2, models must not only perform well on different tasks but also support as
many modalities and tasks as possible.

Next, MLLMs that can manage to reach level 3 become different. Sa2VA-26B (Yuan et al., 2025) ranks at the top, while
LLaVA-One-Vision-72B (Li et al., 2024d) and Qwen2-VL-72B (Wang et al., 2024a) achieve the second and third places,
respectively. Some high-ranking level-2 models lost their places at level 3. This lies in the fact that most MLLMs are limited
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Table 12: Performance of multimodal generalists on audio comprehension and generation skills.

Audio Comprehension Skill (Avg within each #A-C Group) Task Completion Level Score on AudioModel #1 #2 #3 #4 #5 #6 #7 #8 #9 #Task-Supprt #Win-Spclst Level-2 Level-3 Level-4

SoTA Specialist 87.27 79.08 70.62 79.00 71.87 62.90 58.70 77.90 78.07 / / / / /

Qwen-Audio-Chat 56.93 68.77 76.80 37.70 47.71 19.79 56.44 85.15 78.50 30 (100.0%) 6 (25.0%) 28.39 10.57 0.00

Qwen2-Audio-Instruct72.65 74.80 61.40 36.80 45.82 13.45 61.68 78.95 67.99 24 (100.0%) 6 (25.0%) 28.61 8.53 0.00

GAMA 57.00 64.20 68.00 53.20 18.43 26.95 48.85 85.55 61.80 23 (95.8%) 4 (16.7%) 26.35 7.15 0.00

Pengi 52.88 60.07 56.70 36.78 19.77 19.55 42.95 77.40 61.17 23 (95.8%) 1 (4.2%) 23.29 1.74 0.00

SALMONN-13B 67.89 56.33 67.80 29.45 24.67 19.36 43.95 76.55 56.67 23 (95.8%) 2 (8.3%) 23.95 3.61 0.00

WavLLM 64.45 41.07 71.20 30.08 31.30 26.55 45.75 61.40 64.57 24 (100.0%) 2 (8.3%) 23.49 3.28 0.00

NExT-GPT-V1.5 43.23 29.13 65.80 26.70 14.47 25.65 47.95 70.20 69.43 24 (100.0%) 0 (0.0%) 25.05 1.34 0.00

PandaGPT (13B) 41.80 20.23 45.20 20.98 8.47 20.50 42.25 54.80 65.83 24 (100.0%) 0 (0.0%) 16.98 0.65 0.00

ModaVerse-7b-v0 34.10 16.37 32.80 15.20 6.60 8.90 35.05 49.20 60.13 23 (95.8%) 0 (0.0%) 26.10 1.14 0.00

Any-GPT 44.50 32.13 63.40 48.08 16.27 36.40 52.65 67.95 44.63 23 (95.8%) 1 (4.2%) 29.06 3.29 0.00

Unified-io-2-XXL 30.15 27.60 56.10 28.58 15.47 38.35 38.70 63.50 60.63 24 (100.0%) 0 (0.0%) 25.63 1.01 0.00

Audio Generation Skill (Avg within each #A-G Group) Task Completion Level Score on AudioModel #1 #2 #3 #4 #5 #6 #7 #8 #9 #10 #11 #Task-Supprt #Win-Spclst Level-2 Level-3 Level-4

SoTA Specialist 31.50 3.82 3.64 4.68 41.54 51.40 11.52 6.80 8.33 22.88 20.33 / / / / /

Unified-io-2-XXL 18.36 2.03 5.11 40.52 16.41 24.31 16.97 86.23 94.52 0.25 2.24 17 (85.0%) 0 (0.0%) 25.63 1.01 0.00

Any-GPT 23.50 3.24 4.57 33.58 13.38 14.05 27.49 45.36 83.89 0.25 2.47 17 (85.0%) 1 (5.0%) 29.06 3.29 0.00

NExT-GPT-V1.5 13.60 1.15 4.07 50.51 34.51 1.35 12.36 96.70 99.23 0.25 7.77 17 (85.0%) 1 (5.0%) 25.05 1.34 0.00

AudioGPT 0.50 1.32 4.61 23.10 29.48 0.00 0.00 46.30 79.98 0.25 0.00 13 (65.0%) 1 (5.0%) 8.80 3.02 0.00

SpeechGPT 0.10 2.79 4.44 32.35 0.00 0.00 0.00 30.24 85.54 0.25 0.00 11 (55.0%) 0 (0.0%) 7.22 0.00 0.00

ModaVerse 12.30 1.15 4.29 50.50 28.99 1.05 16.45 100.00 100.00 0.25 4.17 17 (85.0%) 2 (10.0%) 26.10 1.14 0.00

Table 13: Performance of multimodal generalists on 3D comprehension and generation skills.

3D Comprehension Skill (Avg within each #D-C Group) Task Completion Level Score on 3DModel #1 #2 #3 #4 #5 #6 #7 #8 #9 #10 #11 #12 #13 #Task-Supprt #Win-Spclst Level-2 Level-3 Level-4

SoTA Specialist 96.24 98.35 97.78 78.50 70.02 81.20 55.00 88.28 75.20 9.96 68.52 47.14 22.30 / / / / /

3D-VisTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 46.37 0.00 7 (23.3%) 2 (6.7%) 5.41 1.07 0.00
PointLLM-7B 46.16 7.50 72.86 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 8 (26.7%) 0 (0.0%) 6.53 0.00 0.00
PointLLM-13B 48.79 10.00 78.14 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 9 (30.0%) 0 (0.0%) 7.00 0.00 0.00
3D-LLM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 46.34 0.00 7 (23.3%) 1 (3.3%) 5.41 1.38 0.00
AvatarGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 12.70 1 (3.3%) 0 (0.0%) 0.21 0.21 0.00

3D Generation Skill (Avg within each #D-G Group) Task Completion Level Score on 3DModel #1 #2 #3 #4 #5 #6 #7 #8 #9 #Task-Supprt #Win-Spclst Level-2 Level-3 Level-4

SoTA Specialist 0.22 7.12E-5 24.42 25.69 78.06 83.64 6540.02 6540.02 0.23 / / / / /

MotionGPT-T5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.51 1 (4.5%) 0 (0.0%) 0.00 0.00 0.00
MotionGPT-LLaMA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.60 1 (4.5%) 0 (0.0%) 0.00 0.00 0.00
LLaMA-Mesh 0.00 0.00 0.00 17.55 0.00 0.00 0.00 0.00 0.00 1 (4.5%) 0 (0.0%) 1.60 0.00 0.00

to multimodal content comprehension and lack support for generation tasks. GPT-4V and GPT-4o win top-10 positions here.

Finally, only 3 MLLMs that reach level 4 can be seen, i.e., Mini-Gemini, Emu2-37B, and Vitron-V1. At this level, these
models exhibit synergy across both comprehension and generation. Besides these three models, no other systems exhibit
such capability.

Most critically, no model has yet demonstrated the ability to enhance language intelligence through non-language modalities,
underscoring the significant challenges in the pursuit of true AGI. And this is definitely our goal to reach the most capable
multimodal generalists.

C.4 Capability BreakDown

We now take a closer look, as multimodal generalists, at how well different MLLMs support tasks and modalities.
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Table 14: Performance of generalists on language-related (NLP) skills.

Language Skill (Avg within each #L Group) Task Completion Level Score
#1 #2 #3 #4 #5 #6 #7 #8 #9 #10 #11Model
#12 #13 #14 #15 #16 #17 #18 #19 #20 #21 #22

#Supported
Task

#Win-over-
Specialist Level-5

62.62 86.23 76.78 71.00 58.02 62.80 75.11 77.84 79.70 71.91 28.27 / / /SoTA Specialist 86.95 0.31 94.40 91.41 86.05 86.03 84.72 83.67 58.61 77.73 92.38

Meta-Llama-3.1-
8B-Instruct

39.75 56.76 54.21 60.52 20.01 37.17 36.23 29.12 53.23 44.49 14.80 113 (98.3%) 0 (0.0%) 0.0045.34 7.95 76.40 51.80 65.90 41.10 24.49 30.70 8.08 32.40 54.35

28.97 33.24 37.24 46.10 19.39 27.84 18.85 35.88 27.85 38.51 13.93ChatGLM-6b 42.84 10.91 41.80 45.81 24.50 16.45 0.12 8.41 2.70 23.80 45.37 96 (83.5%) 0 (0.0%) 0.00

Vicuna-7b-v1.5 24.78 11.18 33.44 41.19 4.51 13.25 19.94 35.27 54.81 40.58 5.06 72 (62.6%) 0 (0.0%) 0.0043.98 11.41 0.00 0.00 0.00 0.96 0.07 0.47 0.00 23.13 15.40

36.79 58.36 49.91 56.80 21.38 37.12 32.03 42.11 55.79 42.07 15.56Falcon3-7B-Instruct 48.15 5.15 88.80 85.89 45.65 42.86 27.64 34.22 11.19 39.80 58.75 112 (97.4%) 0 (0.0%) 0.00

Ministral-8B-
Instruct-2410

41.74 54.21 49.53 51.92 39.32 40.49 13.00 22.86 56.87 43.46 13.73 112 (97.4%) 0 (0.0%) 0.0023.39 11.08 84.80 72.60 56.70 37.14 6.28 31.38 9.37 25.53 40.44

41.73 60.54 55.39 60.51 20.53 39.83 22.45 43.57 62.52 42.03 15.29Yi-Lightning 52.68 5.37 72.60 56.24 64.75 43.59 28.27 42.84 25.34 29.27 60.49 113 (98.3%) 0 (0.0%) 0.00

GPT-4V 27.55 62.40 34.57 32.55 14.43 27.84 27.79 36.07 65.36 42.11 13.96 113 (98.3%) 0 (0.0%) 0.0044.56 3.16 86.20 83.23 65.10 53.82 54.14 45.45 33.86 26.46 24.24

26.25 62.57 33.98 31.50 16.20 26.26 27.14 36.64 66.86 42.69 14.49GPT-4o 46.41 2.58 85.40 86.30 67.50 56.10 57.42 46.97 39.52 32.07 28.50 113 (98.3%) 0 (0.0%) 0.00

Emu2-32B 32.91 45.43 47.04 39.56 27.74 31.24 39.04 41.72 45.48 46.35 13.05 113 (98.3%) 0 (0.0%) 0.0050.15 9.53 57.54 48.78 43.76 36.67 19.84 24.01 13.78 26.47 31.72

29.97 44.39 55.55 20.36 40.49 57.93 49.85 48.73 27.03 56.76 10.37DeepSeek-VL-7B 79.68 83.00 62.20 50.60 62.30 46.87 4.12 28.46 8.11 31.80 40.97 114 (99.1%) 0 (0.0%) 0.00

Qwen2-VL-7B 23.91 27.51 37.68 46.40 17.84 20.96 36.25 29.29 35.42 35.58 12.62 94 (81.7%) 0 (0.0%) 0.0037.23 6.48 64.00 37.00 3.50 20.50 0.24 4.87 6.00 20.87 21.79

50.44 41.98 54.55 61.13 29.87 56.99 35.24 43.27 55.23 41.49 17.73LLaVA-One-
Vision-72B 43.81 3.55 84.80 10.43 59.35 34.91 42.94 28.63 19.26 52.20 71.95 110 (95.7%) 0 (0.0%) 0.00

InternVL2.5-8B 42.93 47.76 59.54 31.17 42.86 32.72 50.98 43.02 30.85 51.23 9.07 114 (99.1%) 0 (0.0%) 0.0071.96 75.20 55.40 68.40 56.75 55.60 22.12 36.48 9.80 32.13 53.67

26.50 49.49 34.81 39.62 17.83 33.14 20.63 38.44 48.90 38.10 6.30Long-llava 48.44 11.40 68.60 41.70 52.65 31.42 2.33 21.52 7.40 29.47 42.07 107 (93.0%) 0 (0.0%) 0.00

NExT-GPT-V1.5 20.66 22.42 32.55 39.51 4.19 16.47 16.49 32.67 51.49 37.73 5.06 79 (68.7%) 0 (0.0%) 0.0042.09 1.06 68.90 43.20 28.78 9.24 4.44 6.16 7.22 24.17 18.86

18.11 32.55 26.54 25.19 8.80 18.85 11.68 15.89 21.64 23.56 4.80SEED-LLaMA-13B 20.84 11.16 13.20 34.80 28.98 19.93 2.59 10.31 2.10 12.07 12.41 109 (94.8%) 0 (0.0%) 0.00

LLaMA-Mesh 29.34 16.70 47.05 56.85 5.09 14.85 21.27 39.24 57.40 40.65 4.93 84 (73.0%) 0 (0.0%) 0.0044.19 11.41 0.00 0.00 0.00 1.50 0.65 0.56 0.01 23.13 21.57

28.17 15.73 40.98 45.15 3.71 10.99 25.97 43.03 35.22 36.14 10.42MiniGPT4-LLaMA2 42.56 7.46 0.00 0.00 0.00 2.08 6.36 4.52 0.00 17.55 21.23 84 (73.0%) 0 (0.0%) 0.00

Table 19: Leaderboard of multimodal generalists (MLLMs) at level-4, where Comprehension and Generation.

Model Modality Paradigm
Level 4 Score

Ranking
of Image of Video of Audio of 3D of Overall

Mini-Gemini C+G 6.23 0.00 0.00 0.00 1.56 1
Vitron-V1 C+G 4.59 0.00 0.00 0.00 1.15 2
Emu2-37B C+G 1.25 0.00 0.00 0.00 0.31 3

Task Supporting. In Figure 25, we present all skills (meta-tasks) supported by different MLLMs across various modalities
and within the scopes of comprehension and generation. Overall, MLLMs show relatively lower task support for 3D tasks
and skills, compared with the status for other modalities. Also, the coverage of comprehension-related skills by MLLMs
should be generally higher than that of generation-related skills. This trend is consistent with the results observed in previous
experiments. A significant trend we identified is that MLLMs tend to support skills within only one (or a few) task paradigms.
This results in differentiated skill support across different MLLMs, with few models capable of supporting a wide range of
skills across diverse tasks.

Moreover, most MLLMs are inclined to focus on basic skills or tasks with simpler and more straightforward definitions,
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while tasks requiring complex content output and advanced skills are supported by far fewer models. For instance, compared
to coarse-grained visual understanding tasks (e.g., captioning and classification), tasks with more complex definitions—such
as pixel-level object detection, image/3D segmentation, video tracking, and image generation—are supported by far fewer
existing MLLMs. However, we observe that a few MLLMs stand out for their broader support of cross-modal skills, such
as Vitron-V1 (Fei et al., 2024a). Thanks to their architectural designs, these models demonstrate a wider range of task
support compared to others. We emphasize that supporting as many task paradigms as possible is a critical requirement for
developing more capable multimodal generalists.

Modality Supporting. The broader the range of supported modalities, the more general and versatile the model’s
capabilities are. Our benchmark emphasizes the evaluation of MLLMs’ all-modality capabilities. As shown in the
experimental results above, most MLLMs support only a single modality (excluding the language modality, which is
inherently supported by LLMs). To further illustrate this, Figure 20 compares the multimodal support capabilities of several
top-performing MLLMs. In general, there are very few MLLMs capable of supporting multiple modalities simultaneously.
In most cases, MLLMs support one non-language modality, e.g., GPT-4V (OpenAI, 2022b), Emu2-32B (Sun et al., 2024),
Mini-Gemini (Li et al., 2024c), InternVL2.5-8B (Chen et al., 2024c). Only a few MLLMs stand out with broader cross-modal
or even all-modality support capabilities, encompassing language, image, video, and audio modalities. Examples include
NExT-GPT-V1.5 (Wu et al., 2024a), Unified-io-2-XXL (Lu et al., 2024a), and AnyGPT (Zhan et al., 2024), etc. Thanks to
their architectural designs, these systems demonstrate a wider range of modality and task support compared to others.

Capabilities on Comprehension vs. Generation. Within a single modality, tasks and skills can be categorized into
comprehension and generation types. Here, we explore the capabilities of different MLLMs in supporting these two
paradigms. We select several representative MLLMs that can or cannot support both comprehension and generation within
various modalities for comparison. Figure 21 directly presents the statistics on these models’ capabilities in these two aspects.
Overall, support for content comprehension significantly outweighs support for content generation. This phenomenon aligns
with practical realities, as modeling tasks for comprehension typically involve expressing the understood content in language,
which is relatively straightforward. In contrast, generating multimodal content requires additional efforts in model decoding
and extra training, making it a more challenging capability to achieve. It is also evident that different models exhibit varying
balances between comprehension and generation capabilities. Among them, Vitron-V1 (Fei et al., 2024a) demonstrates the
most comprehensive and well-rounded capabilities in both comprehension and generation to date, i.e., supporting the largest
number of both paradigms.

C.5 Analysis and Discussion on Synergy

Next, we conduct a finer-grained analysis of the synergy performance of various MLLMs.
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Figure 22: Visualizations of synergy effects between all different skills of various MLLMs.
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Figure 23: Visualizations (symmetrised) of synergy effects between modalities of various MLLMs.

Synergy Across Skills. First, we examine the different synergy effects exhibited by models across various skills. Skills
are categorized based on different modalities and further divided into comprehension and generation categories. We explore
the synergy effects displayed by top-performing MLLMs within these skill groups. Technically, we calculate the synergy
score for tasks (skills) based on the level-3 score algorithm from General-Level (§ 3.2). Then we count the number
of synergy tasks for each model and use scores exceeding SoTA specialists as weights. Figure 22 visualizes the results
with heatmaps. It is shown that different models exhibit varying levels of cross-task synergy capabilities. Overall, models
that achieve higher level-3 scores tend to display denser clusters of highlighted cells in the heatmap. Also, we observe
that synergy effects are more likely to occur among closely related skills, as knowledge and information are more easily
transferable between similar tasks. This trend is consistent across different modalities. Furthermore, generation tasks seem
to exhibit stronger synergy effects compared to tasks within the comprehension category.
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Synergy Across Modalities. Finally, we analyze whether different models have learned synergy effects across modalities.
The approach is similar to the previous methods, where we calculate instances where performance across modalities exceeds
that of SoTA specialists. Figure 23 visualizes the performance of 6 representative strong-performing MLLMs that cover
as many modalities as possible. Several notable trends emerge. First, we observe that there is significant synergy occurs
between the image and video modalities. This is reasonable, as static image information and dynamic video content are both
fundamentally visual in nature, allowing for substantial information sharing that enhances performance across tasks.

Most strikingly, although language appears to exhibit a synergy effect with various other modalities, this effect is in fact
unidirectional, specifically from language → other modalities. Based on our previous results on NLP tasks, no synergy has
been observed from any other modality to the language modality. While in theory, the audio modality should be closely
related to language, and we would expect to observe synergy between audio and language tasks, this is not reflected in
current results. This limitation is likely due to the reliance of audio-based LLM architectures on the language intelligence of
LLMs, which has not yet translated into performance improvements that exceed those of NLP SoTA specialists. We thus
strongly urge the MLLM community to prioritize enhancing cross-modality synergy capabilities to advance the development
of truly comprehensive multimodal generalists.
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Figure 24: Synergy strength between com-
prehension and generation.

Synergy Across Comprehension and Generation. We further investi-
gate the synergy across comprehension and generation, which represents
a broader type of synergy than at the task level. Using a similar approach,
we calculate the synergy score based on the level-4 score algorithm from
General-Level. Specifically, we count the frequency of synergy occur-
rences for each model and use the performance increments exceeding SoTA
specialists as weights. The total sum (after normalization) constitutes the
synergy score across comprehension and generation. Figure 24 presents
the comparisons for only 3 models. As shown, Mini-Gemini (Li et al.,
2024c) demonstrates the best synergy effects at this level, securing the top
rank on our General-Level leaderboard. Also, we observe that the
cross-comprehension-generation synergy is only pronounced in the image
modality, as these 3 models all support only image modalities.
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Figure 25: Visualization of skill support in various multimodal generalists.

C.6 Results of Image-related Tasks

Image Comprehension Results. The complete results of all models on image comprehension are presented in Table 20 to
Table 38. For the full list of results of all tasks, please visit the arXiv full version of the paper: https://arxiv.org/
abs/2505.04620.
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Table 20: Results on Image Comprehension Group, from #I-C-1 to #I-C-5. Scores over SoTA specialists are bolded.

#I-C-1 #I-C-2 #I-C-3 #I-C-4 #I-C-5
(Behavior Recog) (Code Gen) (Crack Det) (Disease Det) (Disease Recog)Model

#1 ↑ #2 ↑ #3 ↑ #1 ↑ #1 ↑ #2 ↑ #1 ↑ #1 ↑ #2 ↑ #3 ↑ #4 ↑ #5 ↑ #6 ↑

SoTA Specialist 21.70 82.30 49.80 53.32 63.08 21.00 22.30 40.52 40.50 35.90 38.42 16.40 62.40

GPT4V 57.00 87.97 63.30 58.64 79.08 0.00 0.00 56.60 99.75 90.92 38.01 49.40 62.40
GPT4o 58.70 90.10 72.80 63.42 86.46 0.00 0.00 69.25 98.64 94.97 50.89 53.00 62.60
GPT4o-mini 25.70 88.50 70.20 61.38 77.85 0.00 0.00 75.00 96.93 50.14 44.55 40.40 49.60
GPT-4o-4096 24.90 90.00 89.40 0.00 89.54 0.00 0.00 74.43 99.75 99.88 63.56 52.00 62.40
ChatGPT-4o-latest 29.60 66.90 80.40 57.28 85.54 0.00 0.00 63.22 98.40 97.23 37.21 47.20 59.34
Claude-3.5-Sonnet 46.67 87.90 68.60 60.86 80.30 0.00 0.00 66.32 97.72 78.40 44.37 47.38 57.23
Claude-3.5-Opus 43.16 88.58 64.40 57.69 79.90 0.00 0.00 63.10 96.64 76.74 43.48 45.40 54.76
Emu2-32B 32.11 82.26 46.91 7.31 73.23 0.00 0.00 41.67 40.50 35.90 40.99 38.40 50.40
DetGPT 24.49 76.13 55.92 0.00 59.07 16.08 3.25 31.89 39.98 28.73 31.09 26.20 44.60
InternVL2.5-8B 27.10 73.57 79.20 4.86 49.85 0.00 0.00 48.56 53.44 6.15 30.11 27.20 63.00
InternVL2.5-4B 32.30 63.77 39.80 4.97 34.15 0.00 0.00 60.06 46.31 21.65 36.63 25.20 62.20
InternVL2.5-2B 26.80 76.73 61.80 4.64 66.22 0.00 0.00 37.36 90.79 23.04 39.41 31.20 60.40
Monkey-10B-chat 24.60 83.03 47.80 0.00 37.23 0.00 0.00 36.49 94.59 0.00 28.12 38.00 62.40
DeepSeek-VL-7B-Chat 20.00 79.70 60.20 4.27 67.57 0.00 0.00 37.64 100.00 19.57 43.56 28.20 62.40
Qwen2-VL-7B 20.00 85.13 89.40 3.61 58.78 0.00 0.00 72.70 48.86 73.72 42.38 38.40 56.20
Qwen-VL-Chat 20.00 72.66 56.39 3.40 44.30 0.00 0.00 27.01 48.85 40.05 26.93 20.40 63.20
MoE-LLAVA-Phi2-2.7B-4e-384 20.20 67.67 63.55 1.90 64.62 0.00 0.00 52.59 48.86 34.24 36.83 20.00 62.60
mPLUG-Owl2-LLaMA2-7b 21.09 75.76 60.74 0.00 52.00 0.00 0.00 47.87 47.60 40.00 18.02 21.20 45.60
Phi-3.5-Vision-Instruct 20.40 83.97 61.60 3.44 68.31 0.00 0.00 50.86 59.54 54.34 25.74 26.80 38.40
Cambrian-1-8B 11.10 75.73 48.29 0.00 55.08 0.00 0.00 38.51 0.42 43.00 33.66 19.60 5.60
MiniGPT4-LLaMA2-7B 28.80 58.70 27.52 0.40 65.23 0.00 0.00 51.44 82.65 77.18 97.32 10.74 55.03
InternVL-Chat-V1-5 45.80 86.90 81.40 0.00 79.60 0.00 0.00 64.30 83.60 56.00 34.60 32.60 49.60
Mini-InternVL-Chat-4B-V1-5 34.40 81.10 53.40 0.00 72.60 0.00 0.00 64.60 65.70 58.20 27.90 27.00 56.00
InternLM-XComposer2-VL-1.8B 20.60 79.90 43.40 3.40 75.00 0.00 0.00 42.50 78.90 67.50 21.30 21.60 33.40
GPT4RoI 21.70 57.20 35.80 8.10 69.80 0.00 0.00 51.10 24.00 14.30 3.70 16.70 51.60
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 42.60 80.73 66.80 8.67 73.85 0.00 0.00 52.87 51.97 47.21 42.18 35.60 44.80
LLaVA-NeXT-34B 52.60 83.90 70.40 10.32 76.00 0.00 0.00 60.35 56.39 43.44 39.80 37.40 55.20
Pixtral 12B 46.40 77.43 65.20 3.25 65.85 0.00 0.00 54.02 46.07 52.93 34.06 31.80 49.20
SEED-LLaMA-13B 28.30 57.93 53.80 0.00 63.69 0.00 0.00 34.48 46.68 55.87 30.69 28.20 47.60
BLIP2 33.90 71.47 44.60 0.00 51.20 0.00 0.00 46.26 40.91 19.13 30.10 25.00 42.80
MiniMonkey 4.90 34.77 49.40 0.00 12.62 0.00 0.00 0.00 0.00 0.00 0.20 4.08 69.20
DeepSeek-VL-7B 23.30 79.53 57.80 0.00 67.69 0.00 0.00 42.66 95.45 37.50 32.28 26.20 64.60
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 46.35 85.57 64.40 12.32 84.62 0.00 0.00 54.31 58.48 52.51 42.38 36.80 54.20
ShareGPT4V-7B 40.76 78.20 54.20 8.45 72.92 0.00 0.00 38.79 49.51 48.32 30.50 31.40 48.40
ShareGPT4V-13B 44.19 80.03 57.60 10.37 75.69 0.00 0.00 49.43 53.69 51.96 35.45 35.60 52.60
BLIP-3 (XGen-MM) 43.28 82.63 61.80 8.54 82.15 0.00 0.00 52.87 59.71 55.45 37.43 34.20 50.60
AnyGPT 12.20 45.70 47.60 0.00 53.54 0.00 0.00 17.15 43.98 47.17 20.59 11.20 18.00
MiniCPM3-4B 47.30 79.13 68.80 4.68 74.77 0.00 0.00 57.18 56.76 49.16 39.80 36.80 49.20
LaVIT-V2 (7B) 36.90 55.17 55.40 0.00 62.15 0.00 0.00 34.48 49.88 52.23 32.87 27.40 48.60
GLM-VL-Chat 51.10 72.20 70.20 17.92 81.85 0.00 0.00 63.79 53.44 56.28 44.16 39.80 54.80
Gemini-1.5-Pro 47.60 91.20 78.20 23.41 78.77 0.00 0.00 69.54 98.90 54.89 44.55 46.20 60.20
Gemini-1.5-Flash 42.10 87.30 71.60 25.79 75.69 0.00 0.00 67.24 98.03 52.65 40.20 42.20 56.40
OMG-LLaVA-InternLM20B 3.10 4.20 1.40 4.03 3.70 0.00 0.00 6.90 7.25 3.77 1.58 2.60 3.40
Idefics3-8B-Llama3 43.10 79.30 62.80 11.50 72.00 0.00 0.00 58.62 69.41 50.98 42.19 41.80 52.20
NExT-GPT-V1.5 34.89 66.38 39.87 3.70 65.34 0.00 0.00 36.45 43.79 53.47 21.56 15.40 32.50
Vitron-V1 39.78 60.75 42.39 3.90 66.75 36.40 2.30 29.38 50.32 53.46 32.42 13.68 34.70
Otter 0.00 7.70 31.26 0.00 0.00 0.00 0.00 18.15 0.00 0.00 0.00 1.00 0.20
Show-o 20.00 0.18 4.21 0.00 0.00 0.00 0.00 31.89 51.14 54.33 20.19 2.21 37.40
NExT-Chat 19.92 45.76 63.54 0.00 68.12 0.00 0.00 26.82 42.61 47.31 11.74 22.41 16.64
Yi-vision-v2 24.60 79.40 82.96 2.13 76.31 0.00 0.00 47.13 52.95 15.78 40.79 30.20 60.00
Qwen2-VL-72B 24.13 84.73 92.08 5.74 71.27 0.00 0.00 80.79 46.72 53.24 55.30 41.00 62.40
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Table 21: Results on Image Comprehension Group,#I-C-6, part A.

#I-C-6
(Doc VQA)Model

#1 ↑ #2 ↑ #3 ↑ #4 ↑ #5 ↑ #6 ↑ #7 ↑ #8 ↑ #9 ↑ #10 ↑ #11 ↑

SoTA Specialist 32.72 10.64 11.76 19.40 17.80 26.71 20.92 30.94 16.11 23.91 13.79

GPT4V 45.23 40.78 35.64 38.80 46.46 35.61 28.61 27.61 30.61 31.62 28.61
GPT4o 48.16 48.58 41.58 42.63 50.51 39.04 29.04 30.04 31.04 32.04 31.23
GPT4o-mini 41.18 38.30 40.59 38.80 45.45 30.83 30.83 31.83 32.83 33.83 30.23
GPT-4o-4096 49.63 47.52 46.53 46.45 51.18 45.21 43.51 46.41 48.59 42.81 46.29
ChatGPT-4o-latest 44.49 45.39 44.55 40.44 47.81 32.88 39.75 43.65 30.27 30.28 45.85
Claude-3.5-Sonnet 44.38 42.54 39.07 39.97 46.59 34.58 28.74 28.91 31.14 32.49 29.86
Claude-3.5-Opus 42.65 42.22 38.18 36.83 44.33 34.28 26.74 26.22 30.67 27.91 26.64
Emu2-32B 32.72 29.79 28.67 30.42 26.27 25.25 19.06 21.40 18.26 19.45 20.55
DetGPT 30.88 18.44 31.86 34.55 29.40 27.42 19.47 22.87 18.84 19.64 20.93
InternVL2.5-8B 33.45 28.47 43.99 41.89 35.77 30.83 35.06 36.67 41.67 25.49 35.23
InternVL2.5-4B 31.54 26.59 36.50 37.34 30.33 27.89 32.84 35.68 38.71 25.03 33.90
InternVL2.5-2B 31.63 29.07 32.56 37.77 33.72 29.91 32.53 33.15 40.21 22.61 33.48
Monkey-10B-chat 32.42 27.54 34.96 29.52 29.71 29.47 26.77 30.89 35.36 24.40 30.57
DeepSeek-VL-7B-Chat 7.43 7.55 7.40 8.82 8.94 10.65 9.72 8.08 11.39 11.09 10.51
Qwen2-VL-7B 45.83 52.00 46.70 62.66 50.00 46.66 52.94 68.18 51.06 36.73 58.62
Qwen-VL-Chat 18.75 16.66 23.76 19.67 15.48 9.58 15.48 17.12 17.39 15.02 15.72
MoE-LLAVA-Phi2-2.7B-4e-384 11.40 9.57 12.87 8.19 9.76 12.32 11.72 10.77 9.72 10.99 8.73
mPLUG-Owl2-LLaMA2-7b 13.24 9.57 18.81 11.48 11.45 10.96 10.04 11.60 12.28 13.41 7.86
Phi-3.5-Vision-Instruct 34.00 42.00 40.51 40.47 40.00 38.23 40.11 52.00 35.35 35.35 35.00
Cambrian-1-8B 30.95 31.91 29.41 21.21 38.57 18.60 19.83 26.32 30.16 23.73 31.03
MiniGPT4-LLaMA2-7B 14.09 17.45 15.00 17.45 18.79 26.21 20.81 16.11 20.81 11.41 16.78
InternVL-Chat-V1-5 18.00 20.20 13.80 21.70 60.00 33.30 22.20 15.10 57.10 18.90 15.70
Mini-InternVL-Chat-4B-V1-5 32.70 26.50 30.60 19.60 26.20 21.20 25.60 22.90 34.00 26.90 13.70
InternLM-XComposer2-VL-1.8B 15.80 19.80 14.80 18.00 15.10 13.00 20.00 16.20 24.80 17.40 16.50
GPT4RoI 3.30 2.80 3.90 4.30 2.00 3.40 5.00 1.30 5.80 5.10 3.90
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 28.68 28.01 38.61 37.30 33.67 35.62 24.69 28.45 26.85 26.33 27.07
LLaVA-NeXT-34B 31.99 34.04 42.57 42.70 38.05 36.99 28.45 29.83 24.81 28.92 28.82
Pixtral 12B 33.46 35.46 34.65 40.00 35.02 29.45 22.59 25.69 25.58 24.07 24.02
SEED-LLaMA-13B 18.38 19.15 14.85 8.74 7.41 5.48 12.97 10.50 11.76 13.09 14.41
BLIP2 4.78 4.26 7.92 9.84 5.72 6.16 7.11 3.87 4.09 5.98 2.18
MiniMonkey 34.96 31.22 32.67 36.93 33.67 19.17 30.54 27.90 33.73 21.64 25.76
DeepSeek-VL-7B 31.99 25.89 33.66 28.96 30.64 22.60 25.10 30.11 36.06 21.00 26.20
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 30.88 34.40 37.62 42.62 36.03 34.93 25.52 29.56 26.60 25.36 27.95
ShareGPT4V-7B 22.43 24.11 28.71 33.88 29.29 26.71 21.33 23.48 20.20 20.03 20.52
ShareGPT4V-13B 25.37 25.53 32.67 37.16 31.99 29.45 22.59 25.41 21.99 21.65 22.71
BLIP-3 (XGen-MM) 28.68 29.79 33.66 39.34 32.66 32.19 24.27 28.18 24.81 23.10 25.33
AnyGPT 4.78 10.64 6.93 0.00 0.00 0.00 5.44 3.59 2.30 2.26 6.11
MiniCPM3-4B 34.19 36.88 41.58 47.54 36.61 35.62 27.20 30.11 29.16 21.81 23.14
LaVIT-V2 (7B) 16.18 18.79 12.87 12.02 9.29 0.00 11.28 10.50 11.00 12.12 15.28
GLM-VL-Chat 35.66 38.65 42.57 22.95 39.34 39.04 29.71 25.97 27.37 27.14 29.26
Gemini-1.5-Pro 39.71 31.21 42.57 34.97 34.01 33.56 33.89 30.39 33.50 28.27 29.26
Gemini-1.5-Flash 35.29 26.24 35.64 26.23 29.29 28.77 26.78 31.49 29.16 27.14 25.76
OMG-LLaVA-InternLM20B 1.47 1.42 1.98 1.64 1.35 2.05 1.67 1.66 1.53 1.78 2.18
Idefics3-8B-Llama3 29.41 31.91 36.63 30.60 29.97 28.77 30.13 26.52 28.39 24.23 26.20
NExT-GPT-V1.5 3.30 3.80 4.29 5.69 2.36 4.28 6.10 1.60 7.50 6.90 3.70
Vitron-V1 3.56 4.29 8.10 7.59 3.21 4.76 8.36 4.39 3.78 6.52 2.16
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 6.25 7.80 6.93 5.46 4.71 5.48 3.77 5.80 5.37 5.98 3.06
NExT-Chat 13.29 14.55 13.04 12.92 15.41 16.72 16.87 11.33 11.48 18.04 13.63
Yi-vision-v2 40.32 31.03 35.48 29.73 37.50 38.24 31.25 38.78 42.62 34.15 35.71
Qwen2-VL-72B 29.86 37.06 18.37 54.63 30.36 43.27 33.74 55.22 54.27 42.94 36.17
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Table 22: Results on Image Comprehension Group,#I-C-6, part B.

#I-C-6
(Doc VQA)Model

#12 ↑ #13 ↑ #14 ↑ #15 ↑ #16 ↑ #17 ↑ #18 ↑ #19 ↑ #20 ↑ #21 ↑

SoTA Specialist 11.76 21.51 21.51 24.06 14.02 11.64 23.26 16.67 19.51 82.20

GPT4V 32.35 53.70 35.70 34.10 25.90 14.30 51.50 41.20 36.20 43.21
GPT4o 33.82 50.90 44.00 35.70 26.10 43.80 48.70 42.20 34.30 49.16
GPT4o-mini 29.42 40.40 42.00 30.90 33.30 25.00 39.60 40.20 31.60 40.08
GPT-4o-4096 38.24 48.11 44.37 45.94 42.58 44.60 53.49 46.67 47.76 95.90
ChatGPT-4o-latest 30.88 47.03 40.40 40.94 16.13 40.30 51.62 42.38 35.26 48.28
Claude-3.5-Sonnet 31.41 48.16 39.76 32.75 27.96 27.67 46.05 40.66 33.43 43.90
Claude-3.5-Opus 28.32 44.09 37.23 30.11 24.71 24.46 46.05 39.79 30.15 42.83
Emu2-32B 19.82 24.25 8.96 21.35 16.85 19.97 24.98 23.45 21.22 14.03
DetGPT 20.46 26.42 5.82 21.88 16.75 20.36 26.60 24.99 22.42 12.14
InternVL2.5-8B 38.78 27.03 34.99 40.85 23.50 26.54 45.26 41.02 38.20 38.41
InternVL2.5-4B 34.27 25.32 34.40 37.95 20.95 25.62 49.59 38.43 35.43 31.93
InternVL2.5-2B 32.44 23.02 34.67 40.45 23.62 24.74 47.28 39.11 31.78 33.33
Monkey-10B-chat 25.43 27.47 30.88 36.00 22.75 26.32 38.19 32.31 35.43 24.84
DeepSeek-VL-7B-Chat 7.96 8.85 9.96 14.60 10.71 8.59 15.29 11.17 8.66 8.02
Qwen2-VL-7B 45.61 43.90 43.50 46.42 30.55 38.00 32.52 44.47 46.00 45.61
Qwen-VL-Chat 18.37 15.23 17.50 16.17 13.54 14.35 18.60 14.28 16.32 15.06
MoE-LLAVA-Phi2-2.7B-4e-384 11.76 11.89 8.61 12.81 9.03 10.03 11.63 6.19 7.76 42.80
mPLUG-Owl2-LLaMA2-7b 11.35 10.60 8.75 5.88 10.65 11.42 13.95 6.19 11.02 38.94
Phi-3.5-Vision-Instruct 47.90 44.23 43.00 41.30 38.25 33.70 55.11 50.00 47.36 49.00
Cambrian-1-8B 25.00 38.46 11.54 21.18 20.00 22.73 17.65 17.50 26.83 43.46
MiniGPT4-LLaMA2-7B 21.48 18.79 28.08 16.11 14.09 22.82 33.33 22.82 16.78 2.72
InternVL-Chat-V1-5 20.00 33.30 17.20 41.00 22.90 17.50 13.90 46.10 25.00 44.10
Mini-InternVL-Chat-4B-V1-5 32.30 22.10 24.50 33.70 13.70 23.40 34.80 33.80 24.00 41.50
InternLM-XComposer2-VL-1.8B 22.00 14.50 21.10 20.90 17.00 15.50 23.20 13.30 13.40 39.10
GPT4RoI 4.40 4.80 3.90 3.40 7.00 3.80 9.30 1.00 2.40 1.00
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 23.53 32.43 18.60 27.81 20.97 25.15 27.91 30.00 25.71 32.40
LLaVA-NeXT-34B 30.88 35.14 23.50 30.94 24.52 27.62 32.56 35.71 31.84 36.20
Pixtral 12B 20.59 28.65 12.40 25.94 23.55 19.29 20.93 32.38 28.57 30.80
SEED-LLaMA-13B 17.65 15.14 4.80 13.13 14.19 9.57 30.23 7.62 18.37 15.60
BLIP2 2.94 1.99 6.45 5.31 9.68 2.93 9.30 0.95 1.22 16.59
MiniMonkey 27.94 33.11 23.93 36.62 16.77 27.47 34.88 30.00 36.73 20.63
DeepSeek-VL-7B 25.00 25.83 27.53 34.06 22.58 25.77 34.88 31.43 34.29 8.00
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 25.00 34.59 21.19 27.81 22.90 27.16 37.21 30.48 27.35 31.50
ShareGPT4V-7B 17.65 27.57 13.91 22.19 18.39 22.07 23.26 24.76 20.82 24.94
ShareGPT4V-13B 20.59 29.19 17.22 23.75 19.68 24.23 27.91 26.67 23.27 26.19
BLIP-3 (XGen-MM) 26.47 31.35 19.20 25.31 21.61 25.31 32.56 29.05 26.12 28.47
AnyGPT 8.82 5.95 5.96 1.88 4.94 2.16 0.47 0.95 5.71 0.00
MiniCPM3-4B 29.41 37.84 11.26 30.31 24.84 16.05 32.56 34.29 32.65 35.64
LaVIT-V2 (7B) 16.18 20.55 9.27 11.25 12.58 9.10 20.93 6.67 17.55 14.77
GLM-VL-Chat 27.94 36.76 19.21 32.50 24.19 33.02 44.19 30.95 31.02 32.17
Gemini-1.5-Pro 32.35 42.16 35.76 31.25 29.03 25.31 39.60 38.57 34.29 40.60
Gemini-1.5-Flash 29.42 38.92 29.80 29.38 24.19 19.75 34.88 35.24 28.57 36.20
OMG-LLaVA-InternLM20B 2.94 3.24 2.65 2.50 1.61 1.54 0.00 2.38 1.63 0.00
Idefics3-8B-Llama3 26.47 33.11 34.40 28.13 30.00 30.56 32.56 38.57 31.43 29.80
NExT-GPT-V1.5 3.60 5.78 2.63 4.78 7.60 0.36 5.48 1.08 3.75 1.00
Vitron-V1 3.03 2.39 0.24 4.75 8.31 3.96 10.76 1.39 5.68 3.70
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 4.41 8.11 3.97 4.06 3.23 5.40 4.65 4.76 6.94 0.00
NExT-Chat 17.83 16.54 13.70 19.14 12.24 0.00 17.45 11.59 11.93 15.74
Yi-vision-v2 30.77 43.34 36.26 32.39 30.30 25.93 9.30 39.24 34.38 7.38
Qwen2-VL-72B 44.61 25.64 56.50 48.99 40.27 57.94 37.07 25.15 28.00 50.43
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Table 23: Results on Image Comprehension Group, from #I-C-7 to #I-C-10.

#I-C-7 #I-C-8 #I-C-9 #I-C-10
(Emotion Det) (Graph Cls) (Hallucination Det) (Img Cap)Model

#1 ↑ #2 ↑ #3 ↑ #4 ↑ #1 ↑ #1 ↑ #2 ↑ #1 ↑ #2 ↑ #3 ↑ #4 ↑ #5 ↑ #6 ↑

SoTA Specialist 31.12 59.44 41.20 52.30 15.67 41.60 60.80 17.84 62.99 23.05 18.40 17.65 28.10

GPT4V 51.06 61.45 53.83 80.60 0.00 12.80 21.00 2.63 42.22 15.80 18.70 27.21 18.69
GPT4o 63.65 63.86 61.51 86.30 0.00 69.60 66.00 1.30 48.10 16.51 19.81 30.42 23.30
GPT4o-mini 61.38 56.62 64.57 84.30 0.00 40.80 78.20 4.00 43.10 18.64 15.05 25.62 18.60
GPT-4o-4096 65.63 64.66 66.39 88.70 0.00 68.20 70.80 1.00 45.45 17.36 20.68 28.86 15.72
ChatGPT-4o-latest 55.02 62.25 59.41 81.11 0.00 50.00 64.20 1.74 41.23 15.82 15.85 21.03 13.53
Claude-3.5-Sonnet 58.31 59.89 59.92 83.26 0.00 40.40 54.25 1.96 44.25 16.80 17.63 26.82 19.57
Claude-3.5-Opus 57.71 56.41 57.87 81.74 0.00 38.13 53.11 0.74 41.23 16.02 17.73 26.82 20.09
Emu2-32B 32.67 40.76 45.61 48.51 0.00 17.60 24.80 0.54 37.13 12.42 11.34 0.00 15.53
DetGPT 21.64 32.93 41.56 58.69 0.00 6.80 5.20 0.19 29.04 8.65 6.22 0.00 13.86
InternVL2.5-8B 45.54 65.06 47.14 72.41 0.00 4.29 11.23 9.06 16.99 20.42 13.79 7.49 7.02
InternVL2.5-4B 47.10 61.45 45.75 100.00 0.00 13.13 32.62 8.24 16.43 20.53 13.37 14.59 4.61
InternVL2.5-2B 49.79 58.23 50.21 67.22 0.00 3.79 9.41 9.58 16.03 20.62 7.47 7.83 7.36
Monkey-10B-chat 36.78 46.99 20.22 57.78 0.00 5.93 43.69 13.83 2.45 17.89 0.00 0.00 6.35
DeepSeek-VL-7B-Chat 47.67 62.65 48.50 78.52 0.00 3.48 3.18 3.10 12.75 17.77 17.84 19.03 3.64
Qwen2-VL-7B 29.00 61.45 28.73 73.04 0.00 52.20 24.91 4.40 57.14 26.50 20.60 36.62 13.77
Qwen-VL-Chat 32.67 46.98 25.52 64.62 0.00 2.80 36.19 4.00 58.61 26.28 20.66 24.85 15.33
MoE-LLAVA-Phi2-2.7B-4e-384 50.35 56.63 48.26 48.28 0.00 0.00 7.60 4.11 57.39 28.36 18.74 13.29 10.79
mPLUG-Owl2-LLaMA2-7b 42.29 54.62 39.03 40.17 0.00 0.00 1.20 4.07 52.69 26.30 20.00 11.91 10.32
Phi-3.5-Vision-Instruct 19.31 60.64 46.72 78.70 0.00 0.00 0.00 4.63 54.51 26.84 24.50 20.20 15.40
Cambrian-1-8B 14.29 49.80 44.70 51.40 0.00 1.40 1.00 4.20 30.60 19.92 10.44 21.50 10.09
MiniGPT4-LLaMA2-7B 33.66 40.56 74.50 87.25 0.00 46.98 55.70 4.47 37.40 26.54 16.44 0.00 4.54
InternVL-Chat-V1-5 49.30 55.80 49.20 76.20 0.00 38.20 46.40 4.30 20.40 14.20 7.60 4.50 7.90
Mini-InternVL-Chat-4B-V1-5 45.60 41.30 31.50 65.70 0.00 25.80 40.60 4.60 19.90 13.50 3.70 2.70 1.90
InternLM-XComposer2-VL-1.8B 29.30 39.30 47.60 62.70 0.00 7.80 48.20 4.20 25.40 12.20 2.80 1.40 11.30
GPT4RoI 47.80 46.10 40.40 43.30 0.00 4.20 29.80 3.90 18.40 12.70 2.50 0.00 6.80
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 3.80 23.60 13.30 2.90 0.00 7.00
LLaVA-NeXT-13B 36.21 48.59 34.73 62.41 0.00 15.20 18.40 1.18 32.48 22.05 14.32 0.00 18.12
LLaVA-NeXT-34B 45.69 55.42 47.00 71.48 0.00 18.80 25.60 1.04 36.12 23.45 15.96 0.00 17.49
Pixtral 12B 38.47 47.38 39.05 64.07 0.00 16.40 21.20 0.58 30.56 19.85 12.86 0.00 18.01
SEED-LLaMA-13B 26.73 35.74 34.03 43.89 0.00 5.80 8.60 1.12 24.12 9.84 7.56 0.00 11.92
BLIP2 23.06 43.37 29.43 51.11 0.00 18.20 20.40 6.74 15.24 17.26 11.30 0.00 8.30
MiniMonkey 12.16 21.69 11.16 58.63 0.00 4.60 29.80 0.31 29.98 18.91 0.00 0.00 4.42
DeepSeek-VL-7B 26.59 58.78 44.21 73.26 0.00 5.80 6.20 2.02 18.74 19.04 12.60 0.00 4.06
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 44.55 48.59 45.19 69.63 0.00 17.40 23.60 2.56 38.74 22.04 16.47 0.00 23.15
ShareGPT4V-7B 30.13 39.36 30.26 56.85 0.00 14.80 19.20 1.48 33.92 24.46 11.59 0.00 16.72
ShareGPT4V-13B 31.26 45.78 31.24 60.37 0.00 15.60 21.60 1.85 37.30 25.08 13.95 0.00 18.38
BLIP-3 (XGen-MM) 42.57 42.17 43.79 63.33 0.00 16.20 22.40 2.17 29.77 24.45 14.36 0.00 21.79
AnyGPT 23.62 26.03 19.94 34.26 0.00 0.00 0.00 0.42 23.16 16.24 6.63 0.00 11.69
MiniCPM3-4B 48.37 52.21 53.56 64.26 0.00 18.40 22.40 1.24 39.13 20.04 14.91 28.93 22.67
LaVIT-V2 (7B) 37.06 44.18 34.59 46.11 0.00 4.40 14.20 0.91 29.28 12.08 10.08 0.00 16.45
GLM-VL-Chat 46.82 55.02 50.49 74.63 0.00 19.80 26.20 1.97 43.50 23.84 16.30 27.64 27.98
Gemini-1.5-Pro 58.58 69.08 55.65 81.67 0.00 53.80 64.60 4.49 44.50 22.34 19.40 30.73 21.30
Gemini-1.5-Flash 57.85 67.07 52.86 76.67 0.00 52.00 61.00 4.51 39.72 23.58 18.95 28.58 17.80
OMG-LLaVA-InternLM20B 6.36 13.65 3.49 3.89 0.00 2.20 1.60 3.24 22.37 18.28 11.37 0.00 7.50
Idefics3-8B-Llama3 45.83 51.41 35.70 71.30 0.00 28.80 41.20 2.60 42.55 22.76 13.85 22.33 13.10
NExT-GPT-V1.5 28.90 33.57 37.56 46.10 0.00 12.70 10.67 2.65 23.70 19.78 11.57 12.39 2.10
Vitron-V1 33.40 34.10 38.16 53.47 0.00 16.20 10.40 2.36 35.10 21.86 10.39 10.56 2.60
Otter 14.59 10.89 3.91 3.33 7.17 1.33 1.40 0.56 4.26 13.45 0.00 0.00 0.00
Show-o 10.34 12.61 17.15 17.22 0.00 0.00 0.00 0.00 38.07 11.50 0.00 0.00 0.00
NExT-Chat 25.43 70.63 0.00 27.39 0.00 0.00 0.00 3.49 56.19 12.28 15.13 0.00 0.00
Yi-vision-v2 21.07 53.41 16.60 35.48 0.00 66.93 52.79 4.24 22.80 15.02 12.47 0.00 13.49
Qwen2-VL-72B 28.22 61.88 26.47 78.57 0.00 54.31 32.04 4.79 57.37 27.02 16.48 29.30 16.98
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Table 24: Results on Image Comprehension Group, from #I-C-11 to #I-C-14.

#I-C-11 #I-C-12 #I-C-13 #I-C-14
(Img Depth Est) (Img Inst Seg) (Img OCR) (Img Recog)Model

#1 ↓ #1 ↑ #2 ↑ #1 ↑ #2 ↑ #3 ↑ #4 ↑ #1 ↑ #2 ↑

SoTA Specialist 36.40 66.50 63.80 45.03 95.14 10.23 24.70 29.80 88.00

GPT4V ∞ 0.00 0.00 89.71 35.68 60.45 18.30 32.50 94.53
GPT4o ∞ 0.00 0.00 94.07 97.36 74.01 19.46 27.83 95.24
GPT4o-mini ∞ 0.00 0.00 85.10 96.56 73.12 17.42 23.83 91.32
GPT-4o-4096 ∞ 0.00 0.00 94.22 96.67 74.45 0.00 34.00 32.20
ChatGPT-4o-latest ∞ 0.00 0.00 93.36 94.57 73.99 18.43 30.23 93.23
Claude-3.5-Sonnet ∞ 0.00 0.00 89.06 75.64 68.20 17.55 28.04 93.26
Claude-3.5-Opus ∞ 0.00 0.00 87.69 71.88 64.89 16.36 26.57 89.73
Emu2-32B ∞ 0.00 0.00 39.75 61.39 49.12 7.60 24.40 0.00
DetGPT ∞ 0.00 0.00 42.13 64.21 56.19 3.10 13.17 0.00
InternVL2.5-8B ∞ 0.00 0.00 27.46 43.70 35.03 0.54 24.17 11.31
InternVL2.5-4B ∞ 0.00 0.00 24.31 41.53 29.27 0.00 14.83 12.62
InternVL2.5-2B ∞ 0.00 0.00 27.39 31.06 43.47 0.00 12.83 9.34
Monkey-10B-chat ∞ 0.00 0.00 0.00 0.00 0.00 0.00 37.50 1.15
DeepSeek-VL-7B-Chat ∞ 0.00 0.00 22.98 45.90 14.11 0.27 33.33 4.38
Qwen2-VL-7B ∞ 0.00 0.00 16.70 90.78 24.72 4.41 30.47 11.98
Qwen-VL-Chat ∞ 0.00 0.00 20.10 91.52 19.63 4.06 33.50 9.00
MoE-LLAVA-Phi2-2.7B-4e-384 ∞ 0.00 0.00 22.28 93.10 20.15 0.40 33.50 6.24
mPLUG-Owl2-LLaMA2-7b ∞ 0.00 0.00 18.89 84.25 12.90 0.00 33.83 3.50
Phi-3.5-Vision-Instruct ∞ 0.00 0.00 41.67 92.60 26.76 2.97 32.67 10.87
Cambrian-1-8B ∞ 0.00 0.00 16.77 84.19 20.80 0.00 14.00 3.81
MiniGPT4-LLaMA2-7B ∞ 0.00 0.00 22.50 83.35 16.54 0.31 39.50 4.37
InternVL-Chat-V1-5 ∞ 0.00 0.00 42.60 92.50 40.00 0.00 69.30 25.10
Mini-InternVL-Chat-4B-V1-5 ∞ 0.00 0.00 27.80 61.30 38.80 0.00 59.80 18.50
InternLM-XComposer2-VL-1.8B ∞ 0.00 0.00 22.10 12.90 31.70 0.00 31.00 15.50
GPT4RoI ∞ 0.00 0.00 0.00 0.00 0.00 0.00 22.60 14.10
GLaMM ∞ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B ∞ 0.00 0.00 62.38 72.34 62.57 6.40 27.33 7.30
LLaVA-NeXT-34B ∞ 0.00 0.00 69.89 78.05 70.08 8.20 28.67 14.40
Pixtral 12B ∞ 0.00 0.00 42.34 64.34 56.05 4.80 24.33 5.80
SEED-LLaMA-13B ∞ 0.00 0.00 22.03 32.57 47.08 0.00 16.00 0.00
BLIP2 ∞ 0.00 0.00 23.81 44.38 46.92 3.60 38.00 0.00
MiniMonkey ∞ 0.00 0.00 0.00 0.00 0.00 0.00 38.00 2.84
DeepSeek-VL-7B ∞ 0.00 0.00 61.82 47.09 32.15 0.35 37.50 5.67
LISA ∞ 42.09 92.75 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat ∞ 0.00 0.00 72.69 86.53 70.89 8.35 27.00 38.20
ShareGPT4V-7B ∞ 0.00 0.00 54.21 69.44 56.47 6.72 21.50 27.40
ShareGPT4V-13B ∞ 0.00 0.00 59.24 72.31 60.36 7.55 22.83 32.80
BLIP-3 (XGen-MM) ∞ 0.00 0.00 68.57 82.47 63.52 7.24 25.67 35.60
AnyGPT ∞ 0.00 0.00 0.00 31.14 19.76 0.00 6.67 14.80
MiniCPM3-4B ∞ 0.00 0.00 71.96 77.08 71.85 9.80 29.50 73.60
LaVIT-V2 (7B) ∞ 0.00 0.00 43.16 57.98 47.36 0.00 15.17 32.40
GLM-VL-Chat ∞ 0.00 0.00 74.28 61.42 64.27 8.40 25.17 69.00
Gemini-1.5-Pro ∞ 0.00 0.00 83.56 89.73 70.15 0.00 25.83 54.36
Gemini-1.5-Flash ∞ 0.00 0.00 73.48 82.81 64.58 0.00 23.67 42.17
OMG-LLaVA-InternLM20B ∞ 39.50 68.22 18.91 14.63 8.92 0.00 2.00 8.95
Idefics3-8B-Llama3 ∞ 0.00 0.00 43.02 62.25 59.32 0.00 20.50 16.57
NExT-GPT-V1.5 ∞ 0.00 0.00 22.56 56.17 45.68 0.00 13.65 0.00
Vitron-V1 ∞ 68.70 64.50 24.51 63.01 70.34 0.00 16.37 0.00
Otter ∞ 0.00 0.00 11.33 47.72 17.00 0.00 0.00 0.00
Show-o ∞ 0.00 0.00 0.00 0.00 0.00 0.00 25.17 0.00
NExT-Chat ∞ 0.00 0.00 76.75 71.32 61.04 0.00 17.41 0.00
Yi-vision-v2 ∞ 0.00 0.00 83.57 90.28 55.23 0.00 35.67 16.83
Qwen2-VL-72B ∞ 0.00 0.00 26.58 95.27 60.79 0.00 45.16 13.72
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Table 25: Results on Image Comprehension Group, from #I-C-15 to #I-C-16.

#I-C-15 #I-C-16
(Img Sem Seg) (Img Vis Grnd)Model

#1 ↑ #2 ↑ #3 ↑ #4 ↑ #5 ↑ #6 ↑ #7 ↑ #8 ↑ #1 ↑ #2 ↑

SoTA Specialist 19.80 50.40 88.00 98.70 83.65 59.36 47.74 62.15 84.76 90.91

GPT4V 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 67.69 74.11
GPT4o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 76.20 82.56
GPT4o-mini 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 57.18 59.44
GPT-4o-4096 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 80.60 83.33
ChatGPT-4o-latest 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 68.30 70.70
Claude-3.5-Sonnet 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 66.50 71.66
Claude-3.5-Opus 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 62.40 70.73
Emu2-32B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DetGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 48.48 82.23
InternVL2.5-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-2B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Monkey-10B-chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-7B-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MoE-LLAVA-Phi2-2.7B-4e-384 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
mPLUG-Owl2-LLaMA2-7b 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Phi-3.5-Vision-Instruct 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Cambrian-1-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniGPT4-LLaMA2-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-Chat-V1-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mini-InternVL-Chat-4B-V1-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternLM-XComposer2-VL-1.8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4RoI 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLaMM 42.10 0.00 33.90 83.60 0.00 0.00 57.40 64.20 0.00 72.70
LLaVA-NeXT-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-34B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Pixtral 12B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SEED-LLaMA-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BLIP2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniMonkey 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LISA 9.35 90.28 44.45 22.45 88.74 88.65 39.46 0.00 0.00 0.00
CogVLM-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ShareGPT4V-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ShareGPT4V-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BLIP-3 (XGen-MM) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
AnyGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniCPM3-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LaVIT-V2 (7B) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLM-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Pro 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Flash 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
OMG-LLaVA-InternLM20B 49.65 42.57 67.73 20.15 79.05 40.26 44.80 56.49 0.00 0.00
Idefics3-8B-Llama3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 6.40 52.40 81.00 89.70 78.40 38.90 56.70 64.70 78.70 86.73
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Yi-vision-v2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Table 26: Results on Image Comprehension Group,#I-C-17, part A.

#I-C-17
(Img VQA)Model

#1 ↑ #2 ↑ #3 ↑ #4 ↑ #5 ↑ #6 ↑ #7 ↑ #8 ↑ #9 ↑ #10 ↑

SoTA Specialist 14.36 36.40 17.32 43.12 89.38 17.50 34.30 80.75 92.72 78.30

GPT4V 16.20 26.54 52.84 41.04 80.38 45.74 37.00 57.33 87.54 43.33
GPT4o 16.00 23.82 50.31 31.41 85.75 69.03 37.00 53.00 96.10 51.00
GPT4o-mini 11.45 17.45 47.24 29.09 82.01 44.03 34.00 33.33 93.10 37.67
GPT-4o-4096 24.40 22.73 53.78 43.16 89.02 74.15 40.00 52.00 96.63 48.67
ChatGPT-4o-latest 16.82 19.64 49.20 51.64 83.88 69.32 36.98 63.33 84.81 41.67
Claude-3.5-Sonnet 13.98 21.73 49.57 33.44 81.97 52.38 35.48 47.78 91.38 43.34
Claude-3.5-Opus 13.40 20.90 47.42 28.99 77.92 48.74 34.46 43.76 90.51 42.52
Emu2-32B 10.18 34.55 33.25 38.54 65.42 35.51 31.67 43.64 65.32 33.67
DetGPT 9.36 29.09 21.19 28.90 55.84 28.41 25.00 34.55 63.97 28.33
InternVL2.5-8B 3.45 47.27 31.54 39.31 55.74 60.00 70.67 83.64 98.65 43.67
InternVL2.5-4B 10.64 37.82 34.16 40.66 27.02 46.57 38.33 86.36 97.31 44.33
InternVL2.5-2B 29.09 40.55 38.97 39.69 36.48 49.14 84.00 88.18 93.10 38.00
Monkey-10B-chat 6.91 3.60 45.64 8.11 14.92 66.29 55.11 85.67 72.05 26.00
DeepSeek-VL-7B-Chat 3.45 100.00 0.22 0.00 33.78 6.57 66.67 53.10 58.94 24.44
Qwen2-VL-7B 54.91 65.45 54.32 37.34 26.87 0.00 34.00 61.82 54.04 29.30
Qwen-VL-Chat 57.99 52.90 38.96 33.26 67.99 5.71 33.33 54.54 71.54 18.66
MoE-LLAVA-Phi2-2.7B-4e-384 40.00 54.00 33.36 31.44 67.29 7.80 33.67 60.28 66.16 14.67
mPLUG-Owl2-LLaMA2-7b 38.00 46.73 15.67 33.80 53.27 8.12 39.00 37.27 58.58 13.33
Phi-3.5-Vision-Instruct 40.18 60.00 41.60 35.90 78.04 31.14 42.33 81.82 94.95 32.67
Cambrian-1-8B 5.82 1.45 29.00 28.70 32.94 0.00 2.00 28.18 26.26 0.33
MiniGPT4-LLaMA2-7B 34.23 38.26 46.83 30.06 55.03 32.43 28.19 32.11 68.46 38.93
InternVL-Chat-V1-5 11.20 23.90 6.40 47.90 62.90 22.40 34.60 58.30 68.40 26.60
Mini-InternVL-Chat-4B-V1-5 9.80 16.70 4.50 44.30 59.20 16.32 11.33 51.70 62.90 20.00
InternLM-XComposer2-VL-1.8B 6.70 15.60 3.20 40.50 36.80 10.60 33.30 47.90 55.30 23.90
GPT4RoI 4.00 7.40 0.00 52.80 36.00 5.60 23.30 67.80 46.80 68.00
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 14.55 33.30 36.18 40.46 80.14 41.76 30.33 34.55 83.83 37.33
LLaVA-NeXT-34B 15.09 36.80 40.25 48.17 78.84 52.27 33.67 40.00 87.88 43.67
Pixtral 12B 12.00 23.50 33.85 42.78 71.96 44.03 31.00 32.73 74.75 36.00
SEED-LLaMA-13B 10.55 26.70 28.96 31.21 62.85 37.78 28.67 28.18 65.99 32.33
BLIP2 9.45 46.00 27.64 38.84 25.46 29.26 29.00 22.73 59.26 29.33
MiniMonkey 6.01 25.45 39.31 37.80 66.59 45.92 33.33 84.54 93.94 36.00
DeepSeek-VL-7B 12.78 31.25 32.98 35.63 58.18 57.10 41.33 51.82 56.06 23.67
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 11.45 37.09 36.43 45.28 81.31 52.84 35.33 47.27 81.82 44.67
ShareGPT4V-7B 7.82 25.82 27.95 39.11 71.03 42.33 31.33 34.55 75.93 35.67
ShareGPT4V-13B 9.09 30.36 30.44 43.35 76.40 46.88 33.67 41.82 79.97 38.67
BLIP-3 (XGen-MM) 9.45 35.64 28.57 42.58 73.36 49.72 32.00 44.55 77.95 41.00
AnyGPT 0.00 6.36 17.26 29.11 40.19 21.02 3.67 12.73 35.52 3.67
MiniCPM3-4B 12.18 31.45 49.66 50.47 79.91 49.15 31.67 46.37 89.23 40.33
LaVIT-V2 (7B) 9.45 20.36 29.97 42.91 51.87 37.50 15.00 28.19 64.98 32.67
GLM-VL-Chat 12.73 37.64 41.20 51.98 84.11 57.67 34.30 50.91 86.03 44.33
Gemini-1.5-Pro 14.18 18.73 46.72 52.41 86.68 59.94 36.67 83.64 94.44 48.33
Gemini-1.5-Flash 13.27 17.27 43.80 42.77 85.98 54.83 34.00 82.73 90.91 44.67
OMG-LLaVA-InternLM20B 0.00 2.55 22.16 2.12 4.91 1.42 1.67 2.73 2.19 2.67
Idefics3-8B-Llama3 12.91 16.73 36.46 34.30 67.99 44.03 28.67 57.27 82.15 38.33
NExT-GPT-V1.5 3.40 28.90 31.54 30.50 47.60 34.96 13.40 24.63 63.45 29.40
Vitron-V1 5.60 31.50 34.78 27.30 51.40 31.84 20.70 18.90 67.82 24.70
Otter 0.00 0.00 7.34 0.00 14.10 17.29 9.67 0.00 0.00 0.00
Show-o 14.72 39.24 33.47 0.00 0.00 0.85 34.33 1.82 0.51 0.33
NExT-Chat 7.41 34.83 41.67 0.00 38.86 11.63 43.29 41.67 40.37 37.93
Yi-vision-v2 14.00 41.64 53.94 0.00 83.41 45.63 37.00 83.64 96.13 35.67
Qwen2-VL-72B 69.09 51.79 55.10 0.00 0.00 50.58 47.33 59.00 73.82 49.42
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Table 27: Results on Image Comprehension Group,#I-C-17, part B.

#I-C-17
(Img VQA)Model

#11 ↑ #12 ↑ #13 ↑ #14 ↑ #15 ↑ #16 ↑ #17 ↑ #18 ↑ #19 ↑ #20 ↑

SoTA Specialist 49.80 65.40 66.50 74.70 73.58 24.40 71.60 70.70 51.60 71.40

GPT4V 0.00 50.00 75.70 81.82 76.39 34.25 58.70 66.00 47.33 70.40
GPT4o 0.00 68.10 79.44 72.72 78.17 45.00 66.30 68.33 12.70 72.20
GPT4o-mini 0.00 56.90 71.96 77.27 69.27 28.00 56.52 69.67 12.60 63.20
GPT-4o-4096 0.00 64.66 83.18 81.82 79.29 45.25 54.35 68.33 50.33 75.60
ChatGPT-4o-latest 0.00 62.07 79.44 77.27 75.72 45.00 57.61 70.33 47.00 75.20
Claude-3.5-Sonnet 0.00 57.81 75.57 76.59 74.35 35.54 60.07 67.93 24.13 50.60
Claude-3.5-Opus 0.00 54.04 72.74 72.86 71.10 32.88 59.55 64.81 19.68 53.73
Emu2-32B 53.67 47.41 65.42 54.55 66.82 27.50 55.43 54.00 29.67 32.80
DetGPT 34.33 37.07 56.07 31.82 54.34 25.50 43.48 47.33 27.33 34.40
InternVL2.5-8B 72.00 13.79 69.16 72.73 87.31 41.50 36.96 43.66 50.67 53.85
InternVL2.5-4B 47.67 42.24 75.70 77.27 95.09 27.37 71.20 67.72 41.22 86.04
InternVL2.5-2B 99.33 16.09 60.75 77.27 83.96 62.50 41.30 45.77 0.00 87.04
Monkey-10B-chat 50.00 43.10 57.94 54.55 54.34 54.67 57.61 49.30 49.33 81.60
DeepSeek-VL-7B-Chat 50.00 47.90 41.55 52.27 56.94 25.00 51.83 38.25 99.33 83.43
Qwen2-VL-7B 54.28 64.35 37.38 22.73 30.73 34.00 84.78 21.75 54.32 72.00
Qwen-VL-Chat 52.33 42.24 57.94 22.72 56.79 18.25 58.69 70.87 40.33 39.60
MoE-LLAVA-Phi2-2.7B-4e-384 51.67 35.34 50.47 31.82 43.88 25.00 59.78 38.84 44.17 31.20
mPLUG-Owl2-LLaMA2-7b 7.66 33.62 31.78 9.09 32.52 27.21 64.13 33.63 38.90 16.60
Phi-3.5-Vision-Instruct 50.00 55.17 70.09 31.81 81.29 24.00 63.04 53.33 0.00 45.80
Cambrian-1-8B 49.70 34.48 38.32 13.64 24.72 25.00 50.00 42.30 0.00 39.41
MiniGPT4-LLaMA2-7B 79.87 43.48 37.74 33.33 57.05 0.00 48.35 46.53 93.96 43.06
InternVL-Chat-V1-5 54.30 59.40 61.60 68.10 79.40 23.00 76.00 84.20 35.60 54.20
Mini-InternVL-Chat-4B-V1-5 42.00 40.51 50.46 22.70 74.50 21.20 57.60 36.84 15.33 43.60
InternLM-XComposer2-VL-1.8B 51.00 33.60 34.50 54.50 78.30 9.30 58.60 76.30 9.30 52.40
GPT4RoI 47.60 47.40 50.40 68.10 44.50 31.00 28.20 64.40 62.30 0.00
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 54.33 52.59 67.29 63.64 62.36 28.75 51.09 54.67 9.33 45.00
LLaVA-NeXT-34B 48.67 65.52 73.83 72.73 70.82 32.50 61.96 62.33 12.67 50.60
Pixtral 12B 58.67 45.69 63.55 36.37 67.48 30.25 57.61 59.67 8.33 39.40
SEED-LLaMA-13B 30.33 41.38 42.06 45.45 57.46 18.75 28.26 52.33 6.67 27.40
BLIP2 33.67 28.45 43.93 40.91 52.78 19.00 27.17 52.67 6.33 47.20
MiniMonkey 50.00 56.03 61.68 59.09 77.28 29.75 75.00 76.32 65.00 69.20
DeepSeek-VL-7B 48.33 46.55 38.32 50.00 56.79 24.50 52.17 37.33 57.82 75.60
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 55.67 57.76 66.36 77.27 70.60 33.50 55.43 62.00 22.33 52.20
ShareGPT4V-7B 47.67 42.24 52.34 59.09 57.24 28.50 46.74 53.67 15.33 44.80
ShareGPT4V-13B 45.67 49.14 57.94 72.72 61.47 32.00 51.09 55.67 17.33 46.20
BLIP-3 (XGen-MM) 46.00 54.31 58.88 63.64 67.04 31.75 57.61 61.33 19.00 50.60
AnyGPT 36.33 12.07 13.08 18.18 27.39 6.00 14.13 21.33 0.00 20.40
MiniCPM3-4B 52.33 56.03 57.94 63.64 73.72 33.75 66.30 64.00 9.67 54.00
LaVIT-V2 (7B) 36.60 35.34 36.45 40.91 57.91 19.00 26.09 49.00 7.67 26.80
GLM-VL-Chat 55.33 66.38 71.96 77.27 66.59 30.50 59.78 59.67 9.00 56.20
Gemini-1.5-Pro 60.33 65.52 76.64 77.27 70.16 40.00 61.96 67.00 41.00 70.40
Gemini-1.5-Flash 58.33 63.79 73.83 77.27 68.82 33.75 56.52 63.33 33.67 66.80
OMG-LLaVA-InternLM20B 1.67 3.45 4.67 9.09 2.45 2.00 3.26 2.33 2.67 3.20
Idefics3-8B-Llama3 57.00 46.55 70.09 63.64 71.27 36.00 64.13 63.33 32.00 61.20
NExT-GPT-V1.5 38.50 28.40 34.10 36.80 64.27 20.80 31.57 40.37 3.58 0.00
Vitron-V1 41.60 32.70 40.70 34.60 63.45 26.50 34.86 45.21 5.45 0.00
Otter 0.00 6.78 25.10 29.20 33.10 11.50 18.21 37.50 0.00 0.00
Show-o 50.00 1.72 1.87 0.00 2.00 0.25 28.26 62.99 50.00 1.20
NExT-Chat 39.81 44.79 35.29 50.00 38.46 21.69 59.78 43.64 11.48 37.45
Yi-vision-v2 31.33 68.10 71.96 22.73 89.53 28.75 35.87 61.54 45.33 50.23
Qwen2-VL-72B 40.43 1.72 52.55 60.95 58.22 18.42 68.93 69.58 51.69 70.37
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Table 28: Results on Image Comprehension Group,#I-C-17, part C.

#I-C-17
(Img VQA)Model

#21 ↑ #22 ↑ #23 ↑ #24 ↑ #25 ↑ #26 ↑ #27 ↑ #28 ↑ #29 ↑ #30 ↑

SoTA Specialist 70.60 59.30 61.90 61.40 62.80 62.10 70.20 83.80 82.40 68.60

GPT4V 68.60 22.81 20.40 24.10 22.64 22.02 18.01 93.00 91.40 71.20
GPT4o 74.00 37.30 40.30 43.45 35.47 39.87 29.60 93.80 94.30 65.00
GPT4o-mini 65.60 26.34 23.70 29.07 26.52 25.01 25.20 90.50 89.50 68.50
GPT-4o-4096 77.00 27.95 49.51 52.05 43.15 48.03 43.31 94.40 95.60 69.60
ChatGPT-4o-latest 76.00 28.61 40.01 42.66 35.43 37.96 36.81 89.40 92.20 70.60
Claude-3.5-Sonnet 59.95 39.10 45.29 48.88 44.27 54.41 59.85 76.11 82.49 71.90
Claude-3.5-Opus 58.08 42.24 45.67 47.91 42.24 53.51 62.86 76.00 82.54 73.25
Emu2-32B 44.80 24.20 30.80 24.60 22.40 36.20 44.60 71.40 72.60 60.40
DetGPT 36.80 21.40 16.90 20.20 19.50 17.40 17.90 50.60 54.80 54.40
InternVL2.5-8B 100.00 49.75 40.45 58.79 55.26 50.00 57.43 97.10 77.46 59.09
InternVL2.5-4B 84.82 33.70 35.99 54.69 53.03 33.92 57.38 79.13 79.84 64.82
InternVL2.5-2B 83.54 27.33 22.83 31.13 60.27 50.00 63.84 94.11 68.42 68.90
Monkey-10B-chat 80.35 39.10 42.29 65.94 57.99 42.91 47.34 85.53 80.15 44.84
DeepSeek-VL-7B-Chat 84.58 23.27 18.72 30.41 26.98 19.80 54.66 60.99 61.76 47.51
Qwen2-VL-7B 73.60 75.37 71.96 82.41 78.84 69.40 77.60 92.10 94.74 79.20
Qwen-VL-Chat 37.60 50.65 43.55 58.28 52.91 46.69 52.60 72.80 71.00 53.40
MoE-LLAVA-Phi2-2.7B-4e-384 30.60 62.43 58.87 72.02 67.55 57.35 32.63 42.80 43.00 41.80
mPLUG-Owl2-LLaMA2-7b 14.39 44.41 43.98 65.46 63.62 45.78 13.20 18.60 23.60 28.99
Phi-3.5-Vision-Instruct 44.20 64.36 62.71 70.32 72.85 60.24 73.80 84.52 85.27 57.20
Cambrian-1-8B 28.73 49.50 50.61 58.83 52.37 43.35 48.00 0.63 44.40 40.00
MiniGPT4-LLaMA2-7B 30.08 44.68 54.65 60.10 59.00 50.26 51.28 27.80 46.72 47.36
InternVL-Chat-V1-5 52.40 30.30 26.80 33.30 36.90 28.20 73.40 87.70 83.30 70.60
Mini-InternVL-Chat-4B-V1-5 43.00 29.80 26.20 40.10 37.60 24.80 62.00 80.20 65.60 63.00
InternLM-XComposer2-VL-1.8B 52.80 46.75 48.90 69.80 65.40 51.00 52.20 54.20 52.60 74.00
GPT4RoI 0.00 20.80 23.80 31.70 23.90 23.20 37.20 38.20 34.80 28.20
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 46.20 35.60 34.60 46.50 41.20 46.60 58.40 68.80 72.40 60.40
LLaVA-NeXT-34B 52.40 37.80 41.20 46.20 37.80 48.80 61.20 74.60 78.60 65.40
Pixtral 12B 53.40 33.20 38.20 47.90 32.40 51.40 48.60 64.20 74.20 66.20
SEED-LLaMA-13B 42.40 21.90 18.40 20.90 20.80 19.20 18.40 44.20 52.60 59.40
BLIP2 47.80 49.20 48.80 47.40 49.60 50.20 43.80 46.00 42.80 29.60
MiniMonkey 71.60 36.17 39.67 53.55 53.34 39.57 41.64 63.60 71.60 35.80
DeepSeek-VL-7B 78.60 21.81 17.29 30.06 22.76 17.44 53.60 61.80 60.80 43.00
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 56.60 35.30 40.75 47.60 43.57 49.72 58.40 65.20 69.40 64.80
ShareGPT4V-7B 45.20 27.53 32.93 37.34 35.26 40.95 49.80 57.80 61.00 55.40
ShareGPT4V-13B 48.20 29.23 35.92 41.29 38.29 42.94 52.00 60.40 63.60 57.80
BLIP-3 (XGen-MM) 52.00 32.42 38.32 45.82 41.87 46.80 54.60 62.80 65.20 62.40
AnyGPT 27.60 19.90 21.70 26.40 28.40 23.60 20.80 14.80 8.60 26.00
MiniCPM3-4B 57.80 36.70 38.90 50.70 48.70 48.60 63.20 62.80 67.60 62.80
LaVIT-V2 (7B) 43.20 29.40 24.50 33.70 36.70 31.90 35.20 42.00 46.80 48.40
GLM-VL-Chat 55.20 38.80 44.70 51.30 49.60 52.40 59.60 69.80 69.80 67.40
Gemini-1.5-Pro 64.80 35.90 34.50 41.80 39.80 36.50 75.20 91.20 90.00 63.60
Gemini-1.5-Flash 66.00 30.80 28.60 38.70 41.40 33.70 68.40 89.60 86.80 58.40
OMG-LLaVA-InternLM20B 2.60 21.10 21.30 22.20 17.50 12.40 3.20 5.40 4.20 2.80
Idefics3-8B-Llama3 59.80 29.40 36.70 38.40 36.50 32.80 62.60 84.40 85.20 62.20
NExT-GPT-V1.5 0.00 23.58 22.89 21.60 20.65 18.65 15.48 0.00 0.00 0.00
Vitron-V1 0.00 27.41 23.05 31.60 21.78 20.78 16.98 0.00 0.00 0.00
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 0.40 0.44 0.38 0.42 25.00 28.80 1.40 45.29 0.90 0.80
NExT-Chat 12.50 20.67 27.53 25.31 23.40 21.35 40.97 12.88 11.64 26.41
Yi-vision-v2 48.59 8.54 9.81 13.96 16.32 9.28 60.27 34.27 44.59 67.83
Qwen2-VL-72B 74.51 56.19 68.02 86.06 81.24 71.33 78.17 90.91 80.95 83.57
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Table 29: Results on Image Comprehension Group,#I-C-17, part D.

#I-C-17
(Img VQA)Model

#31 ↑ #32 ↑ #33 ↑ #34 ↑ #35 ↑ #36 ↑ #37 ↑ #38 ↑ #39 ↑ #40 ↑

SoTA Specialist 75.00 67.20 68.40 66.80 48.80 56.60 75.80 31.00 20.71 29.20

GPT4V 77.10 70.40 73.90 82.80 89.40 98.20 14.80 19.60 16.83 18.30
GPT4o 74.20 71.80 72.10 83.70 92.40 91.80 27.20 30.20 18.04 19.20
GPT4o-mini 70.50 35.80 39.00 80.60 77.60 63.40 10.60 7.80 15.23 18.70
GPT-4o-4096 75.00 76.60 77.40 83.00 91.00 87.00 25.80 47.51 15.83 0.00
ChatGPT-4o-latest 73.60 74.30 76.60 82.40 92.00 63.00 18.20 34.60 18.24 19.72
Claude-3.5-Sonnet 74.44 67.53 71.63 67.13 86.20 84.12 16.89 18.24 16.43 18.62
Claude-3.5-Opus 74.34 68.98 70.97 66.84 82.41 84.20 16.78 18.21 16.40 15.56
Emu2-32B 66.80 59.00 67.20 62.60 71.40 74.60 22.78 14.60 15.43 14.85
DetGPT 56.40 52.00 38.20 44.60 54.60 60.60 18.64 10.20 8.22 13.83
InternVL2.5-8B 36.11 52.05 50.74 33.71 15.54 18.54 12.40 6.90 2.21 3.17
InternVL2.5-4B 69.37 40.74 40.60 35.92 49.00 30.41 49.21 6.45 1.80 3.39
InternVL2.5-2B 68.93 49.99 46.86 64.26 3.18 1.74 8.25 5.74 3.55 4.59
Monkey-10B-chat 47.56 57.20 59.60 33.94 50.40 51.40 50.20 13.37 2.00 2.32
DeepSeek-VL-7B-Chat 50.05 51.09 56.04 28.06 3.50 6.50 11.57 7.93 1.93 4.11
Qwen2-VL-7B 81.80 13.33 41.91 93.33 91.06 86.67 45.80 48.60 45.36 20.89
Qwen-VL-Chat 54.60 3.20 22.00 61.00 47.00 50.40 45.80 15.40 17.89 5.07
MoE-LLAVA-Phi2-2.7B-4e-384 41.40 6.00 13.60 59.10 51.20 50.80 50.00 37.00 20.10 12.57
mPLUG-Owl2-LLaMA2-7b 25.60 30.20 5.20 14.80 54.40 51.60 44.40 33.60 0.00 9.11
Phi-3.5-Vision-Instruct 61.44 18.40 40.67 44.90 48.97 62.46 49.03 20.00 32.06 18.80
Cambrian-1-8B 64.17 9.70 11.00 49.30 43.98 59.47 43.70 29.20 4.30 16.52
MiniGPT4-LLaMA2-7B 55.68 9.80 18.70 43.70 0.67 48.32 91.28 58.39 18.92 4.13
InternVL-Chat-V1-5 69.20 55.00 55.20 71.00 74.00 76.40 60.20 27.60 0.00 3.00
Mini-InternVL-Chat-4B-V1-5 65.20 44.00 46.60 61.20 61.40 65.00 50.80 24.20 0.00 2.40
InternLM-XComposer2-VL-1.8B 73.40 64.60 62.60 72.20 66.60 49.00 48.80 20.00 1.60 5.80
GPT4RoI 31.60 10.60 8.20 28.00 53.60 50.40 50.00 11.80 0.00 14.60
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 64.20 58.60 59.60 52.40 62.40 64.40 30.20 12.20 12.02 16.42
LLaVA-NeXT-34B 70.60 62.80 65.60 60.40 70.60 72.20 42.40 16.40 15.63 17.93
Pixtral 12B 65.40 60.40 57.60 61.20 68.20 68.20 18.60 17.20 13.63 15.88
SEED-LLaMA-13B 50.20 44.40 35.80 40.80 49.20 58.80 11.40 11.60 8.62 11.73
BLIP2 31.20 11.40 10.80 40.40 52.60 61.80 59.40 6.80 1.40 2.10
MiniMonkey 37.80 46.80 57.40 49.60 48.20 53.60 61.80 28.33 0.00 3.41
DeepSeek-VL-7B 50.80 47.60 47.20 32.00 51.60 49.60 13.58 12.40 1.60 3.73
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 68.40 63.60 64.40 59.40 69.20 67.80 38.40 16.20 12.83 22.14
ShareGPT4V-7B 62.80 54.20 53.20 52.20 63.20 59.60 31.20 13.40 9.82 18.29
ShareGPT4V-13B 66.20 58.40 56.80 55.80 65.80 62.60 33.40 14.60 11.22 20.56
BLIP-3 (XGen-MM) 64.20 61.20 62.00 57.60 67.40 64.40 35.60 15.80 13.83 19.47
AnyGPT 42.20 14.60 6.40 24.80 0.00 34.00 16.40 3.40 5.81 0.00
MiniCPM3-4B 65.00 66.80 62.60 61.20 64.20 72.60 42.80 16.80 12.42 19.74
LaVIT-V2 (7B) 54.80 42.60 46.80 40.60 50.80 57.20 34.60 11.80 8.22 13.07
GLM-VL-Chat 70.80 65.20 63.40 63.80 68.60 78.40 44.00 17.40 15.83 26.34
Gemini-1.5-Pro 65.20 62.00 67.80 74.40 82.60 89.60 74.00 27.20 17.23 18.10
Gemini-1.5-Flash 61.00 53.60 65.60 72.00 77.40 84.00 68.80 20.80 14.63 16.30
OMG-LLaVA-InternLM20B 3.40 2.00 2.60 3.20 7.80 8.40 7.20 0.00 0.00 10.10
Idefics3-8B-Llama3 56.40 54.20 57.60 63.00 74.40 76.20 63.40 17.60 11.22 9.70
NExT-GPT-V1.5 0.00 20.60 0.00 28.60 26.50 36.90 51.40 12.60 2.70 14.60
Vitron-V1 0.00 11.40 0.00 39.40 27.80 59.90 60.70 9.40 1.80 13.47
Otter 0.00 0.00 0.00 0.00 49.89 0.00 0.00 0.00 0.00 0.00
Show-o 0.80 0.90 7.20 0.00 5.40 5.80 0.00 0.00 0.00 0.00
NExT-Chat 27.38 18.52 17.44 36.80 47.44 51.32 58.42 49.85 47.33 11.71
Yi-vision-v2 67.36 7.22 17.04 41.31 46.00 65.80 49.80 48.60 19.70 2.35
Qwen2-VL-72B 88.93 53.39 57.18 87.76 96.32 91.25 56.41 15.06 48.21 20.49
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Table 30: Results on Image Comprehension Group,#I-C-18, part A.

#I-C-18
(Ind-Anomaly Det)Model

#1 ↑ #2 ↑ #3 ↑ #4 ↑ #5 ↑ #6 ↑ #7 ↑ #8 ↑ #9 ↑ #10 ↑

SoTA Specialist 90.30 60.40 56.30 72.80 61.50 88.40 75.60 93.50 83.10 58.70

GPT4V 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4o-mini 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT-4o-4096 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ChatGPT-4o-latest 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Claude-3.5-Sonnet 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Claude-3.5-Opus 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Emu2-32B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DetGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-2B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Monkey-10B-chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-7B-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MoE-LLAVA-Phi2-2.7B-4e-384 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
mPLUG-Owl2-LLaMA2-7b 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Phi-3.5-Vision-Instruct 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Cambrian-1-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniGPT4-LLaMA2-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-Chat-V1-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mini-InternVL-Chat-4B-V1-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternLM-XComposer2-VL-1.8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4RoI 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-34B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Pixtral 12B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SEED-LLaMA-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BLIP2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniMonkey 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ShareGPT4V-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ShareGPT4V-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BLIP-3 (XGen-MM) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
AnyGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniCPM3-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LaVIT-V2 (7B) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLM-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Pro 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Flash 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
OMG-LLaVA-InternLM20B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Idefics3-8B-Llama3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 60.50 26.40 13.50 36.50 25.30 10.70 24.00 33.50 15.70 13.40
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Yi-vision-v2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Table 31: Results on Image Comprehension Group,#I-C-18, part B.

#I-C-18
(Ind-Anomaly Det)Model

#11 ↑ #12 ↑ #13 ↑ #14 ↑ #15 ↑ #16 ↑ #17 ↑ #18 ↑ #19 ↑

SoTA Specialist 90.00 75.20 64.80 81.90 85.20 62.10 76.20 23.10 73.60

GPT4V 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4o-mini 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT-4o-4096 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ChatGPT-4o-latest 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Claude-3.5-Sonnet 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Claude-3.5-Opus 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Emu2-32B 0.00 0.00 0.00 0.00 0.00 35.13 45.12 20.02 0.00
DetGPT 0.00 0.00 0.00 0.00 0.00 26.38 35.36 18.24 0.00
InternVL2.5-8B 0.00 0.00 0.00 0.00 0.00 37.00 25.00 28.69 62.50
InternVL2.5-4B 0.00 0.00 0.00 0.00 0.00 35.38 50.00 40.44 16.25
InternVL2.5-2B 0.00 0.00 0.00 0.00 0.00 34.13 20.71 41.43 45.00
Monkey-10B-chat 0.00 0.00 0.00 0.00 0.00 34.50 71.43 40.03 0.00
DeepSeek-VL-7B-Chat 0.00 0.00 0.00 0.00 0.00 36.75 28.57 45.02 41.43
Qwen2-VL-7B 0.00 0.00 0.00 0.00 0.00 41.12 60.71 68.33 35.00
Qwen-VL-Chat 0.00 0.00 0.00 0.00 0.00 26.75 71.42 58.16 5.00
MoE-LLAVA-Phi2-2.7B-4e-384 0.00 0.00 0.00 0.00 0.00 25.00 71.07 42.63 25.00
mPLUG-Owl2-LLaMA2-7b 0.00 0.00 0.00 0.00 0.00 28.49 56.79 24.30 68.75
Phi-3.5-Vision-Instruct 0.00 0.00 0.00 0.00 0.00 34.75 73.93 60.96 56.25
Cambrian-1-8B 0.00 0.00 0.00 0.00 0.00 22.75 60.71 10.96 37.50
MiniGPT4-LLaMA2-7B 0.00 0.00 0.00 0.00 0.00 15.63 70.00 51.00 57.50
InternVL-Chat-V1-5 0.00 0.00 0.00 0.00 0.00 65.10 79.60 76.40 0.00
Mini-InternVL-Chat-4B-V1-5 0.00 0.00 0.00 0.00 0.00 39.80 65.70 69.30 0.00
InternLM-XComposer2-VL-1.8B 0.00 0.00 0.00 0.00 0.00 36.50 71.40 56.90 0.00
GPT4RoI 0.00 0.00 0.00 0.00 0.00 70.50 70.30 41.60 0.00
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 0.00 0.00 0.00 0.00 0.00 41.00 39.29 39.84 0.00
LLaVA-NeXT-34B 0.00 0.00 0.00 0.00 0.00 38.89 49.29 44.22 0.00
Pixtral 12B 0.00 0.00 0.00 0.00 0.00 34.63 45.36 46.22 0.00
SEED-LLaMA-13B 0.00 0.00 0.00 0.00 0.00 26.13 37.14 27.09 0.00
BLIP2 0.00 0.00 0.00 0.00 0.00 17.23 47.14 33.27 0.00
MiniMonkey 0.00 0.00 0.00 0.00 0.00 26.41 7.86 23.71 0.00
DeepSeek-VL-7B 0.00 0.00 0.00 0.00 0.00 31.57 69.31 47.26 0.00
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 0.00 0.00 0.00 0.00 0.00 43.25 55.71 48.41 0.00
ShareGPT4V-7B 0.00 0.00 0.00 0.00 0.00 31.13 43.93 39.44 0.00
ShareGPT4V-13B 0.00 0.00 0.00 0.00 0.00 33.25 48.57 41.24 0.00
BLIP-3 (XGen-MM) 0.00 0.00 0.00 0.00 0.00 36.88 53.93 41.04 0.00
AnyGPT 0.00 0.00 0.00 0.00 0.00 17.75 37.50 17.53 0.00
MiniCPM3-4B 0.00 0.00 0.00 0.00 0.00 36.75 54.64 37.25 0.00
LaVIT-V2 (7B) 0.00 0.00 0.00 0.00 0.00 25.38 43.57 25.30 0.00
GLM-VL-Chat 0.00 0.00 0.00 0.00 0.00 40.25 57.50 45.42 0.00
Gemini-1.5-Pro 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Flash 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
OMG-LLaVA-InternLM20B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Idefics3-8B-Llama3 0.00 0.00 0.00 0.00 0.00 38.75 51.79 40.04 0.00
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 23.67 38.41 22.30 0.00
Vitron-V1 14.80 7.80 3.40 23.70 19.60 24.89 42.69 26.10 0.00
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-Chat 0.00 0.00 0.00 0.00 0.00 22.72 32.56 39.25 3.85
Yi-vision-v2 0.00 0.00 0.00 0.00 0.00 26.63 53.93 53.98 0.00
Qwen2-VL-72B 0.00 0.00 0.00 0.00 0.00 40.77 71.43 49.46 45.16
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Table 32: Results on Image Comprehension Group, from #I-C-19 to #I-C-20.

#I-C-19 #I-C-20
(Med Seg) (Keypoint Det)Model

#1 ↑ #2 ↑ #3 ↑ #4 ↑ #5 ↑ #6 ↑ #1 ↑

SoTA Specialist 50.10 16.30 25.85 23.55 53.40 37.88 95.70

GPT4V 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4o 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4o-mini 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT-4o-4096 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ChatGPT-4o-latest 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Claude-3.5-Sonnet 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Claude-3.5-Opus 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Emu2-32B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DetGPT 0.00 0.00 0.00 0.00 0.00 35.26 0.00
InternVL2.5-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-2B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Monkey-10B-chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-7B-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MoE-LLAVA-Phi2-2.7B-4e-384 0.00 0.00 0.00 0.00 0.00 0.00 0.00
mPLUG-Owl2-LLaMA2-7b 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Phi-3.5-Vision-Instruct 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Cambrian-1-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniGPT4-LLaMA2-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-Chat-V1-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mini-InternVL-Chat-4B-V1-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternLM-XComposer2-VL-1.8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4RoI 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLaMM 0.00 17.70 0.00 0.00 2.10 41.50 0.00
LLaVA-NeXT-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-34B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Pixtral 12B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SEED-LLaMA-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BLIP2 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniMonkey 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LISA 0.00 0.00 0.00 0.00 0.00 30.22 0.00
CogVLM-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ShareGPT4V-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ShareGPT4V-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BLIP-3 (XGen-MM) 0.00 0.00 0.00 0.00 0.00 0.00 0.00
AnyGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniCPM3-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LaVIT-V2 (7B) 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLM-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Pro 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Flash 0.00 0.00 0.00 0.00 0.00 0.00 0.00
OMG-LLaVA-InternLM20B 1.68 14.53 19.96 17.75 1.02 0.00 0.00
Idefics3-8B-Llama3 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 2.00 10.70 35.60 10.40 12.30 16.78 0.00
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Yi-vision-v2 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Table 33: Results on Image Comprehension Group, from #I-C-21 to #I-C-22.

#I-C-21 #I-C-22
(Multi-img VQA) (MM Dialog)Model

#1 ↑ #2 ↑ #3 ↑ #4 ↑ #5 ↑ #6 ↑ #1 ↑ #2 ↑ #3 ↑ #4 ↑ #5 ↑ #6 ↑

SoTA Specialist 88.20 87.60 75.00 49.60 59.80 59.80 51.90 51.60 53.40 53.10 51.60 40.80

GPT4V 46.20 47.20 82.40 94.00 84.80 76.80 23.45 55.06 28.00 52.38 37.05 26.80
GPT4o 61.60 59.80 95.60 98.20 85.00 87.60 21.84 62.09 28.13 53.13 38.09 34.40
GPT4o-mini 26.80 28.40 96.60 97.80 80.80 66.20 22.79 47.74 24.94 42.82 32.13 11.60
GPT-4o-4096 51.40 50.00 96.00 98.80 91.00 78.20 20.88 59.21 30.22 50.20 40.12 2.40
ChatGPT-4o-latest 25.60 27.00 95.80 97.60 76.20 79.20 22.11 54.44 28.35 49.62 38.09 17.25
Claude-3.5-Sonnet 44.28 45.04 90.56 96.56 83.38 75.94 30.71 49.91 35.13 45.96 39.53 38.68
Claude-3.5-Opus 41.96 40.65 89.46 94.03 81.52 74.70 33.72 49.87 35.39 44.50 42.15 41.51
Emu2-32B 48.40 53.60 62.60 66.80 52.40 54.20 28.13 35.60 27.87 27.40 23.40 34.20
DetGPT 39.00 31.00 42.60 29.20 28.40 38.40 22.96 25.60 19.67 19.70 20.70 22.40
InternVL2.5-8B 50.00 49.43 23.91 21.26 18.94 17.21 17.52 30.35 27.96 35.52 29.30 29.54
InternVL2.5-4B 69.13 68.27 49.40 50.84 47.48 50.00 15.29 19.40 20.64 17.25 17.52 27.47
InternVL2.5-2B 46.79 43.02 7.18 7.30 2.62 53.00 17.31 28.54 28.46 18.99 20.63 28.09
Monkey-10B-chat 43.80 39.73 49.40 47.60 50.80 50.00 10.09 11.47 12.55 17.38 10.93 37.07
DeepSeek-VL-7B-Chat 59.73 56.20 8.92 7.86 8.58 4.02 14.36 17.99 33.17 19.04 28.30 27.59
Qwen2-VL-7B 78.83 77.52 87.60 96.39 61.80 83.60 20.50 47.01 33.01 53.50 42.38 31.20
Qwen-VL-Chat 35.60 33.60 64.80 73.00 64.80 45.80 18.26 30.91 25.80 39.69 27.22 21.09
MoE-LLAVA-Phi2-2.7B-4e-384 55.60 53.20 49.60 49.40 50.40 48.60 17.05 21.81 23.38 23.71 22.26 17.32
mPLUG-Owl2-LLaMA2-7b 55.40 52.40 53.00 51.80 47.20 49.80 18.38 30.96 25.06 31.02 27.30 8.90
Phi-3.5-Vision-Instruct 67.26 58.51 70.34 88.00 62.80 58.45 21.42 31.49 29.88 42.70 39.67 28.73
Cambrian-1-8B 48.44 50.31 59.12 64.07 45.46 23.97 8.53 26.70 26.29 18.90 9.37 22.80
MiniGPT4-LLaMA2-7B 95.97 85.91 12.08 8.05 45.64 1.34 18.96 18.93 26.05 23.41 18.97 17.49
InternVL-Chat-V1-5 63.40 84.20 53.00 65.20 55.60 45.60 11.60 17.20 17.20 19.10 16.80 42.60
Mini-InternVL-Chat-4B-V1-5 80.20 82.40 52.40 59.60 51.60 42.80 11.90 16.80 17.80 17.20 15.30 33.20
InternLM-XComposer2-VL-1.8B 75.20 68.80 50.00 49.20 46.90 38.50 20.50 23.40 22.00 26.10 24.10 34.70
GPT4RoI 54.60 53.60 8.20 25.80 50.00 35.20 15.10 28.00 27.40 39.90 24.50 0.00
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 54.60 34.20 52.60 53.40 41.40 57.60 22.16 38.40 23.04 37.40 37.40 29.80
LLaVA-NeXT-34B 62.40 51.20 66.40 65.60 58.20 69.80 27.24 42.40 25.18 40.20 36.40 32.20
Pixtral 12B 52.40 46.40 56.20 57.80 50.20 36.40 24.14 43.80 27.24 41.80 34.20 31.00
SEED-LLaMA-13B 41.80 28.40 44.40 28.60 25.60 62.40 17.25 34.40 16.85 24.20 20.80 21.60
BLIP2 57.20 58.40 48.60 44.40 53.00 58.80 35.40 36.00 32.80 33.60 35.00 39.60
MiniMonkey 69.00 43.40 59.40 63.20 33.60 67.20 15.63 13.52 16.89 15.26 10.19 33.20
DeepSeek-VL-7B 56.40 58.80 47.20 39.80 57.60 61.40 11.86 14.69 29.66 18.97 17.21 23.40
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 53.40 47.20 64.60 62.40 56.80 67.20 21.03 41.90 23.47 41.60 39.36 30.40
ShareGPT4V-7B 45.80 41.60 56.20 56.20 49.80 61.60 16.22 34.19 18.39 34.27 35.84 22.00
ShareGPT4V-13B 48.60 43.20 58.40 57.40 52.60 62.40 17.97 36.58 19.45 36.89 38.50 24.60
BLIP-3 (XGen-MM) 51.20 45.80 62.20 60.80 54.20 65.80 19.58 38.67 21.48 39.23 40.56 26.80
AnyGPT 0.00 0.00 27.60 12.40 6.80 14.20 11.34 18.40 8.64 17.10 17.40 6.80
MiniCPM3-4B 49.40 34.60 78.00 64.00 56.60 57.40 20.62 45.90 24.07 47.30 44.60 29.60
LaVIT-V2 (7B) 43.20 0.00 45.80 26.80 21.40 27.40 15.53 31.70 15.31 25.80 21.50 19.40
GLM-VL-Chat 54.20 50.40 67.40 56.80 42.80 64.60 22.47 42.40 27.39 46.40 43.10 31.40
Gemini-1.5-Pro 88.80 86.20 82.20 84.60 82.60 83.00 25.60 33.40 30.30 32.60 28.40 39.00
Gemini-1.5-Flash 84.20 81.40 77.60 83.00 78.20 79.40 22.80 30.30 27.40 34.00 25.70 33.60
OMG-LLaVA-InternLM20B 6.20 8.80 7.60 8.40 8.00 7.00 16.60 15.90 14.60 19.10 13.90 1.80
Idefics3-8B-Llama3 68.60 61.40 71.20 59.80 64.80 63.40 22.50 26.10 24.60 32.80 22.70 36.20
NExT-GPT-V1.5 57.60 57.30 47.90 45.80 51.60 16.40 18.60 28.40 28.70 31.76 22.36 36.81
Vitron-V1 59.20 60.30 48.60 47.40 55.80 28.70 18.70 29.60 25.60 35.29 18.65 41.00
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 50.60 49.80 48.20 43.40 46.80 49.60 0.20 0.10 0.10 0.10 0.10 0.00
NExT-Chat 33.79 28.95 52.40 64.29 61.55 13.79 16.32 17.81 19.15 20.38 20.05 21.37
Yi-vision-v2 50.40 49.80 61.80 69.40 66.40 66.80 12.12 18.30 25.74 20.58 25.82 7.75
Qwen2-VL-72B 80.41 80.15 89.60 98.43 75.21 67.34 24.95 48.33 33.34 50.70 44.23 30.01
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Table 34: Results on Image Comprehension Group, #I-C-23.

#I-C-23
(MM Reason)Model

#1 ↑ #2 ↑ #3 ↑ #4 ↑ #5 ↑ #6 ↑ #7 ↑ #8 ↑ #9 ↑ #10 ↑ #11 ↑ #12 ↑ #13 ↑ #14 ↑

SoTA Specialist 68.80 69.80 77.20 50.00 49.80 64.60 80.20 70.60 80.60 47.20 66.20 67.60 74.20 56.80

GPT4V 0.00 0.00 72.40 22.80 17.80 91.00 91.20 79.00 81.80 23.80 56.00 56.60 80.90 30.90
GPT4o 0.00 0.00 62.20 10.40 8.80 97.40 97.40 75.80 77.40 37.00 50.40 51.40 81.40 31.20
GPT4o-mini 0.00 0.00 76.40 18.80 19.20 92.40 92.60 71.60 66.80 17.80 56.40 53.20 73.20 34.10
GPT-4o-4096 0.00 40.60 75.00 7.80 6.60 96.00 96.60 77.80 79.20 31.60 51.00 52.00 82.20 39.00
ChatGPT-4o-latest 0.00 0.00 69.72 13.00 12.80 93.28 93.80 76.20 73.00 25.60 53.00 54.00 82.00 37.80
Claude-3.5-Sonnet 53.91 53.14 65.54 17.24 25.84 40.84 81.56 74.82 78.57 28.13 65.19 67.70 73.57 36.80
Claude-3.5-Opus 55.67 53.32 68.41 18.09 23.93 40.69 84.83 72.19 80.09 27.42 67.96 64.57 71.38 37.88
Emu2-32B 40.20 36.40 54.60 10.40 18.80 29.60 76.40 66.40 71.20 21.40 58.40 59.60 62.40 30.60
DetGPT 36.40 35.80 33.20 3.20 11.60 5.60 62.40 49.60 46.80 14.20 48.80 40.20 40.00 20.60
InternVL2.5-8B 33.33 45.06 78.66 34.18 34.83 34.18 62.71 58.45 57.98 47.62 37.98 37.84 42.41 39.46
InternVL2.5-4B 44.61 44.28 65.00 33.06 31.97 28.81 46.20 52.54 51.95 31.81 43.42 44.95 45.29 28.93
InternVL2.5-2B 11.63 45.45 60.20 33.50 33.68 32.72 70.83 65.98 43.25 34.02 36.14 29.62 46.42 40.53
Monkey-10B-chat 45.40 32.20 45.60 32.94 33.04 32.31 45.00 55.60 36.42 33.79 52.99 52.60 41.76 37.00
DeepSeek-VL-7B-Chat 46.52 68.60 56.20 39.84 39.64 41.70 55.40 31.82 39.97 37.03 38.72 39.45 42.71 56.60
Qwen2-VL-7B 52.00 51.40 81.41 43.40 44.00 43.40 57.71 72.40 42.20 53.20 59.35 59.49 68.20 13.33
Qwen-VL-Chat 37.60 40.00 62.20 49.20 49.80 31.20 45.80 45.50 14.20 52.80 20.00 20.70 58.19 40.20
MoE-LLAVA-Phi2-2.7B-4e-384 4.80 4.40 55.91 54.00 52.60 45.60 1.00 22.60 9.40 34.40 22.00 20.00 47.40 3.80
mPLUG-Owl2-LLaMA2-7b 53.00 62.40 55.71 28.00 27.80 28.20 55.20 56.30 29.20 14.60 39.40 41.20 35.00 57.20
Phi-3.5-Vision-Instruct 59.72 66.40 67.40 51.06 48.00 40.76 54.20 37.40 38.50 54.00 55.20 48.77 60.05 39.65
Cambrian-1-8B 36.54 49.62 56.20 44.36 39.81 29.74 46.00 39.10 19.82 46.60 40.27 19.20 37.60 25.78
MiniGPT4-LLaMA2-7B 39.83 44.34 48.90 39.46 35.90 33.26 39.83 38.69 20.00 48.96 41.28 22.17 27.61 28.00
InternVL-Chat-V1-5 46.40 47.60 61.80 68.40 75.60 68.20 56.40 61.60 61.00 74.80 53.00 53.20 68.20 43.00
Mini-InternVL-Chat-4B-V1-5 44.20 46.40 57.60 53.40 69.80 63.90 51.20 61.20 33.40 55.20 47.20 46.80 69.20 46.00
InternLM-XComposer2-VL-1.8B 48.20 45.40 60.60 41.90 56.90 53.70 45.40 53.20 48.60 73.40 54.00 53.00 54.80 37.00
GPT4RoI 39.20 22.60 38.60 0.00 0.00 0.00 27.20 50.20 19.60 0.00 47.00 47.40 28.40 36.40
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 49.20 47.00 54.60 7.20 14.40 28.80 68.40 63.40 68.20 16.60 54.20 49.20 60.60 26.80
LLaVA-NeXT-34B 51.00 53.40 60.20 10.80 17.40 37.60 75.60 68.40 70.40 20.20 56.80 56.20 65.20 28.60
Pixtral 12B 42.80 43.20 56.00 8.60 15.60 35.40 74.80 67.80 74.20 17.80 53.40 51.20 66.40 30.20
SEED-LLaMA-13B 43.20 39.80 46.80 2.80 4.20 8.40 64.80 37.80 42.40 10.20 48.40 44.60 46.60 17.40
BLIP2 43.00 44.40 53.40 1.60 2.00 0.20 41.60 58.80 30.20 0.00 46.20 43.40 34.80 37.80
MiniMonkey 42.40 29.80 42.88 29.80 18.80 29.40 40.40 52.40 31.20 28.00 48.60 44.20 36.40 37.00
DeepSeek-VL-7B 42.20 63.80 51.80 33.60 37.60 37.60 55.20 29.60 34.80 36.80 38.80 40.60 41.80 53.40
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 50.40 54.20 62.80 10.40 15.80 31.60 77.40 66.40 76.00 14.20 59.40 57.80 65.80 29.40
ShareGPT4V-7B 42.00 46.60 54.40 8.20 13.60 26.80 69.40 60.60 64.20 11.40 51.20 48.80 61.60 24.80
ShareGPT4V-13B 44.20 48.40 56.80 9.60 15.20 28.20 71.80 62.40 68.60 12.80 54.80 51.40 58.20 26.40
BLIP-3 (XGen-MM) 48.60 52.80 60.20 8.40 14.00 29.40 74.60 64.80 72.20 13.60 57.20 54.40 63.20 27.20
AnyGPT 26.80 31.20 24.80 1.40 0.00 0.00 32.40 2.80 26.40 1.20 10.60 12.40 21.40 8.60
MiniCPM3-4B 52.20 53.80 66.40 10.60 18.60 27.60 76.20 69.40 74.60 11.60 62.80 60.80 61.40 29.40
LaVIT-V2 (7B) 43.00 38.80 49.60 3.40 3.60 7.60 66.60 34.00 40.60 9.60 48.40 51.00 48.20 14.20
GLM-VL-Chat 50.60 57.40 64.80 12.20 14.60 32.40 79.80 70.20 79.80 15.40 61.00 65.20 66.80 28.80
Gemini-1.5-Pro 46.20 40.60 77.40 37.80 37.20 91.60 93.20 76.40 74.80 40.60 56.20 55.40 72.60 52.20
Gemini-1.5-Flash 44.80 38.20 69.20 33.00 33.60 89.20 90.40 71.80 73.00 37.80 48.40 52.20 68.40 46.80
OMG-LLaVA-InternLM20B 2.60 2.20 3.80 1.80 2.20 2.80 4.00 2.20 3.00 2.20 2.60 2.40 2.40 2.60
Idefics3-8B-Llama3 43.80 41.20 58.40 23.20 28.80 45.60 78.80 64.20 72.20 38.40 43.20 48.80 48.20 43.20
NExT-GPT-V1.5 19.60 18.40 18.60 10.70 24.78 28.96 10.36 0.00 37.98 51.30 13.40 3.40 10.30 34.60
Vitron-V1 38.41 20.57 21.50 9.45 22.16 31.20 14.89 0.00 28.64 52.38 17.50 4.80 14.60 35.80
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 42.80 45.60 25.00 7.20 0.00 9.00 45.00 33.20 15.20 0.00 39.80 41.00 11.60 37.00
NExT-Chat 37.08 61.76 57.80 13.71 13.36 25.66 33.93 45.37 25.61 35.98 15.73 29.35 23.68 44.30
Yi-vision-v2 45.09 37.80 70.03 26.40 14.40 36.62 61.23 49.79 21.90 24.75 58.08 57.06 35.16 39.49
Qwen2-VL-72B 53.06 55.56 90.86 46.67 37.13 49.32 52.23 81.24 54.42 57.17 64.46 52.34 79.93 51.51

74



On Path to Multimodal Generalist: General-Level and General-Bench

Table 35: Results on Image Comprehension Group, from #I-C-24 to #I-C-25.

#I-C-24 #I-C-25
(Object Count) (NMT)Model

#1 ↓ #2 ↓ #3 ↓ #4 ↓ #5 ↓ #6 ↓ #7 ↓ #8 ↓ #9 ↓ #1 ↑

SoTA Specialist 5.95 9.00 26.84 8.13 16.41 17.91 28.16 10.00 27.00 78.00

GPT4V 8.41 3.20 31.29 9.79 26.91 10.72 10.86 32.21 11.14 72.20
GPT4o 9.32 2.30 31.17 11.85 26.65 10.76 5.29 23.01 15.70 93.00
GPT4o-mini 10.06 2.80 30.98 13.62 43.87 12.87 10.56 26.30 14.66 83.00
GPT-4o-4096 7.47 23.66 31.11 14.65 21.75 9.93 4.69 16.26 16.00 88.40
ChatGPT-4o-latest 10.41 2.60 29.23 9.66 21.44 10.41 5.86 14.04 22.35 76.52
Claude-3.5-Sonnet 9.21 1.89 30.73 11.01 31.93 11.08 8.24 26.30 13.42 82.23
Claude-3.5-Opus 8.50 0.24 28.21 9.29 27.59 7.29 8.40 23.33 11.99 77.80
Emu2-32B 10.57 1.85 33.37 26.23 39.15 14.24 17.58 37.24 12.83 64.20
DetGPT 11.08 1.54 31.34 31.65 42.41 13.58 16.28 42.12 12.94 38.40
InternVL2.5-8B 9.11 0.37 35.40 10.84 27.17 9.81 21.69 23.68 14.48 7.82
InternVL2.5-4B 12.58 0.59 32.88 16.09 39.62 15.38 27.88 24.67 14.41 33.27
InternVL2.5-2B 14.11 1.07 37.27 37.15 69.25 20.03 24.69 28.67 21.02 20.00
Monkey-10B-chat 8.35 1.04 37.09 63.28 73.40 13.91 32.71 24.52 14.68 52.20
DeepSeek-VL-7B-Chat 25.84 1.63 36.38 69.02 100.00 24.81 34.30 24.52 14.58 5.34
Qwen2-VL-7B 12.49 0.27 30.30 41.30 46.49 12.50 27.79 16.00 12.57 97.20
Qwen-VL-Chat 7.41 1.40 25.89 36.60 67.19 7.42 21.29 16.45 11.09 94.80
MoE-LLAVA-Phi2-2.7B-4e-384 26.49 1.05 33.91 69.43 102.00 19.28 30.47 21.66 14.33 80.80
mPLUG-Owl2-LLaMA2-7b 14.28 2.30 35.22 55.12 69.30 13.37 20.19 21.57 12.35 86.80
Phi-3.5-Vision-Instruct 19.31 0.80 26.80 47.26 52.80 10.12 22.80 22.40 11.03 90.10
Cambrian-1-8B 14.08 2.73 39.15 50.61 95.19 9.85 26.40 22.06 10.11 71.40
MiniGPT4-LLaMA2-7B 9.60 2.10 41.20 65.30 4.40 20.03 28.49 20.58 10.92 76.32
InternVL-Chat-V1-5 14.30 0.60 34.60 41.60 69.60 10.70 16.90 23.90 17.30 85.20
Mini-InternVL-Chat-4B-V1-5 18.20 1.94 36.80 40.10 68.30 14.10 22.10 25.20 17.25 80.40
InternLM-XComposer2-VL-1.8B 13.30 2.59 39.00 54.80 62.30 12.40 24.70 26.50 16.70 79.30
GPT4RoI ∞ 3.29 ∞ ∞ ∞ ∞ ∞ ∞ ∞ 0.00
GLaMM ∞ ∞ ∞ ∞ ∞ ∞ ∞ ∞ ∞ 0.00
LLaVA-NeXT-13B 15.38 3.81 34.40 17.94 43.35 13.38 22.44 34.08 15.24 56.80
LLaVA-NeXT-34B 13.86 3.60 32.42 18.02 38.71 14.46 20.06 30.04 14.53 68.40
Pixtral 12B 12.07 4.52 34.65 18.52 45.04 12.98 17.02 36.14 16.29 60.40
SEED-LLaMA-13B 14.50 5.40 38.60 28.06 47.52 15.02 16.42 38.64 20.49 32.20
BLIP2 19.20 2.67 37.50 33.22 37.21 21.10 39.20 28.70 20.60 23.60
MiniMonkey 13.98 3.78 38.72 53.10 74.57 15.80 23.64 26.64 23.62 24.20
DeepSeek-VL-7B 27.29 3.06 38.61 62.59 68.83 22.63 33.49 21.59 18.97 5.80
LISA ∞ ∞ ∞ ∞ ∞ ∞ ∞ ∞ ∞ 0.00
CogVLM-Chat 11.61 3.02 33.17 15.68 35.92 11.63 18.34 32.87 19.35 65.60
ShareGPT4V-7B 12.47 4.15 38.94 25.19 42.41 13.19 22.68 26.38 21.94 56.20
ShareGPT4V-13B 12.62 2.84 38.20 26.77 40.75 12.22 21.54 28.49 23.58 59.60
BLIP-3 (XGen-MM) 14.47 3.54 34.17 13.45 38.34 14.21 23.58 34.36 17.62 63.20
AnyGPT 13.92 7.43 40.82 42.57 62.53 14.25 30.94 36.07 26.84 14.60
MiniCPM3-4B 10.36 3.24 35.25 14.45 44.38 10.30 19.64 28.07 15.03 73.40
LaVIT-V2 (7B) 10.98 4.62 35.93 24.16 60.17 10.41 15.64 34.88 18.21 45.00
GLM-VL-Chat 9.09 4.21 33.44 17.28 34.36 9.67 9.99 27.88 11.14 68.80
Gemini-1.5-Pro 7.74 0.32 32.19 10.78 28.85 9.90 8.28 26.73 12.03 86.40
Gemini-1.5-Flash 11.23 1.78 33.03 12.36 33.17 10.75 10.05 25.00 11.80 82.60
OMG-LLaVA-InternLM20B 22.85 2.89 38.65 57.65 71.08 21.00 38.74 39.44 28.58 3.40
Idefics3-8B-Llama3 12.51 3.71 35.69 22.25 41.75 12.25 13.68 27.50 16.84 63.40
NExT-GPT-V1.5 11.58 4.73 36.77 31.25 67.40 13.59 16.47 30.58 23.31 0.00
Vitron-V1 12.34 3.69 35.91 27.59 56.70 11.50 15.46 28.15 20.36 0.00
Otter 22.04 1.12 38.34 60.17 91.58 27.75 36.11 27.67 9.33 0.00
Show-o 71.14 89.42 ∞ ∞ ∞ 72.13 ∞ 73.30 ∞ 0.00
NExT-Chat 29.56 10.03 36.84 69.78 89.27 21.55 14.38 28.68 25.24 43.52
Yi-vision-v2 13.63 0.44 29.83 24.51 44.48 14.09 20.14 13.23 15.67 8.77
Qwen2-VL-72B 9.64 0.30 27.13 9.81 42.55 9.47 21.86 10.40 14.34 97.43
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Table 36: Results on Image Comprehension Group,#I-C-26, part A.

#I-C-26
(Object Det)Model

#1 ↑ #2 ↑ #3 ↑ #4 ↑ #5 ↑ #6 ↑ #7 ↑ #8 ↑ #9 ↑ #10 ↑ #11 ↑ #12 ↑ #13 ↑

SoTA Specialist 87.20 87.80 32.60 41.10 73.80 29.00 34.00 62.40 93.20 26.20 37.60 18.10 61.60

GPT4V 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4o-mini 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT-4o-4096 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ChatGPT-4o-latest 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Claude-3.5-Sonnet 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Claude-3.5-Opus 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Emu2-32B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DetGPT 0.00 85.99 30.69 39.93 67.60 25.20 26.38 56.40 88.80 3.00 33.40 9.00 55.60
InternVL2.5-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-2B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Monkey-10B-chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-7B-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MoE-LLAVA-Phi2-2.7B-4e-384 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
mPLUG-Owl2-LLaMA2-7b 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Phi-3.5-Vision-Instruct 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Cambrian-1-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniGPT4-LLaMA2-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-Chat-V1-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mini-InternVL-Chat-4B-V1-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternLM-XComposer2-VL-1.8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4RoI 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLaMM 37.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-34B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Pixtral 12B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SEED-LLaMA-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BLIP2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniMonkey 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ShareGPT4V-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ShareGPT4V-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BLIP-3 (XGen-MM) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
AnyGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniCPM3-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LaVIT-V2 (7B) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLM-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Pro 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Flash 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
OMG-LLaVA-InternLM20B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Idefics3-8B-Llama3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 12.34 37.84 50.36 43.50 82.10 16.40 38.00 56.80 75.80 32.40 31.70 46.70 60.34
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Yi-vision-v2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Table 37: Results on Image Comprehension Group,#I-C-26, part B.

#I-C-26
(Object Det)Model

#14 ↑ #15 ↑ #16 ↑ #17 ↑ #18 ↑ #19 ↑ #20 ↑ #21 ↑ #22 ↑ #23 ↑ #24 ↑ #25 ↑ #26 ↑

SoTA Specialist 27.20 68.30 81.10 86.40 18.20 17.20 31.60 78.90 28.30 48.10 3.50 39.40 22.40

GPT4V 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4o-mini 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT-4o-4096 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ChatGPT-4o-latest 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Claude-3.5-Sonnet 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Claude-3.5-Opus 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Emu2-32B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DetGPT 21.40 66.20 80.60 83.60 10.40 9.40 21.80 69.80 19.00 42.80 2.60 0.00 0.40
InternVL2.5-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-2B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Monkey-10B-chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-7B-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MoE-LLAVA-Phi2-2.7B-4e-384 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
mPLUG-Owl2-LLaMA2-7b 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Phi-3.5-Vision-Instruct 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Cambrian-1-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniGPT4-LLaMA2-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-Chat-V1-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mini-InternVL-Chat-4B-V1-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternLM-XComposer2-VL-1.8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4RoI 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-34B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Pixtral 12B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SEED-LLaMA-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BLIP2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniMonkey 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ShareGPT4V-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ShareGPT4V-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BLIP-3 (XGen-MM) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
AnyGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniCPM3-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LaVIT-V2 (7B) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLM-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Pro 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Flash 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
OMG-LLaVA-InternLM20B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Idefics3-8B-Llama3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 21.47 56.70 64.20 87.36 23.40 36.50 42.70 53.70 34.60 56.10 10.40 3.60 1.80
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Yi-vision-v2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Table 38: Results on Image Comprehension Group,#I-C-26, part C.

#I-C-26
(Object Det)Model

#27 ↑ #28 ↑ #29 ↑ #30 ↑ #31 ↑ #32 ↑ #33 ↑ #34 ↑ #35 ↑ #36 ↑ #37 ↑

SoTA Specialist 67.60 63.40 10.90 48.60 38.00 97.10 61.10 97.50 25.90 58.20 64.20

GPT4V 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4o-mini 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT-4o-4096 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ChatGPT-4o-latest 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Claude-3.5-Sonnet 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Claude-3.5-Opus 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Emu2-32B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DetGPT 26.80 58.98 9.39 47.68 30.55 93.93 52.23 92.80 22.83 57.04 59.71
InternVL2.5-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2.5-2B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Monkey-10B-chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-7B-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MoE-LLAVA-Phi2-2.7B-4e-384 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
mPLUG-Owl2-LLaMA2-7b 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Phi-3.5-Vision-Instruct 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Cambrian-1-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniGPT4-LLaMA2-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-Chat-V1-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mini-InternVL-Chat-4B-V1-5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternLM-XComposer2-VL-1.8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4RoI 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-34B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Pixtral 12B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SEED-LLaMA-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BLIP2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniMonkey 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LISA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ShareGPT4V-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ShareGPT4V-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
BLIP-3 (XGen-MM) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
AnyGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MiniCPM3-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LaVIT-V2 (7B) 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLM-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Pro 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Gemini-1.5-Flash 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
OMG-LLaVA-InternLM20B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Idefics3-8B-Llama3 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 37.50 74.10 45.70 63.30 26.40 85.70 56.40 87.60 35.60 47.80 26.70
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Yi-vision-v2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 7.24 0.00 0.00
Qwen2-VL-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Image Generation Results. The complete results of all models on image generation are presented in Table 39 to Table 42.

Table 39: Results on Image Generation Group, from #I-G-1 to #I-G-3.

#I-G-1 #I-G-2 #I-G-3

(Edge2Img Gen) (EEG2Img Gen) (Img Denose)Model

#1↓ #1↑ #1↑ #2↑ #3↑ #4↑ #5↑ #6↓ #7↑

SoTA Specialist 18.70 45.40 34.56 34.55 31.45 33.92 34.60 42.05 25.28

Emu2-32B 93.52 0.00 15.77 19.91 20.31 20.57 23.46 143.93 0.00

SEED-LLaMA-13B 127.10 0.00 15.29 16.85 18.45 18.72 19.71 170.65 0.00

AnyGPT 158.21 0.00 17.69 15.93 19.46 20.04 20.45 189.73 0.00

LaVIT-V2 (7B) 79.79 0.00 18.76 20.87 21.59 23.20 24.02 111.03 0.00

Next-GPT-V1.5 49.71 0.00 10.45 11.36 13.62 6.38 0.00 0.00 0.00

Vitron-V1 19.78 0.00 14.59 12.68 16.82 7.56 19.55 76.86 0.00

Show-o ∞ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 40: Results on Image Generation Group, from #I-G-4 to #I-G-8.

#I-G-4 #I-G-5 #I-G-6 #I-G-7 #I-G-8

(Img Enhance) (Img Inpaint) (Img-Style Trans) (Img2Mask Gen) (Img2Sketch Gen)Model

#1↓ #2↑ #3↑ #4↑ #5↑ #6↑ #1↓ #1↓ #2↑ #1↑ #1↓

SoTA Specialist 3.29 27.35 24.49 0.54 22.16 19.97 4.86 16.73 31.26 99.29 15.06

Emu2-32B ∞ 19.21 14.37 0.00 17.58 0.00 101.80 147.95 15.95 0.00 ∞

SEED-LLaMA-13B ∞ 15.77 13.17 0.00 15.09 0.00 127.42 179.87 16.79 0.00 ∞

AnyGPT ∞ 15.92 14.67 0.00 13.40 15.81 117.21 214.33 17.49 0.00 ∞

LaVIT-V2 (7B) ∞ 19.67 16.50 0.00 14.79 17.25 149.78 98.58 19.88 0.00 ∞

Next-GPT-V1.5 20.45 2.63 0.00 0.00 0.00 0.00 75.71 65.89 16.51 0.00 47.30

Vitron-V1 15.89 3.78 17.86 0.15 6.90 0.00 32.15 51.48 19.17 86.53 23.47

Show-o ∞ 0.00 0.00 0.00 0.00 0.00 ∞ ∞ 0.00 0.00 ∞
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Table 41: Results on Image Generation Group, from #I-G-9 to #I-G-14.

#I-G-9 #I-G-10 #I-G-11 #I-G-12 #I-G-13 #I-G-14

(Img Edit) (Layout2Img Gen) (Mask2Img Gen) (Sketch2Img Gen) (Sound2Img Gen) (Text-based Img Edit)Model

#1↑ #2 ↑ #3↑ #1↓ #1↑ #1↓ #2↓ #3↓ #4↑ #1↑ #1↓ #2↑ #3↑ #4↓

SoTA Specialist 19.27 70.90 69.30 16.47 25.33 15.78 64.50 67.32 28.10 20.35 31.38 65.80 70.10 102.46

Emu2-32B 22.72 50.17 48.63 118.55 15.43 162.90 201.94 232.23 19.96 0.00 168.23 0.00 60.13 ∞

SEED-LLaMA-13B 14.24 37.01 39.28 87.90 14.58 159.50 238.79 289.85 13.17 0.00 160.10 0.00 47.17 ∞

AnyGPT 16.49 37.17 32.98 108.06 14.91 176.46 275.20 305.26 16.65 0.00 177.20 0.00 34.87 ∞

LaVIT-V2 (7B) 17.81 60.78 60.61 89.78 15.79 123.75 246.68 256.77 18.96 0.00 144.22 0.00 56.51 ∞

NExT-GPT-V1.5 2.60 45.38 36.59 86.45 6.53 32.67 89.39 75.86 15.76 12.45 76.59 38.65 60.69 ∞

Vitron-V1 3.70 56.49 53.44 24.89 17.95 13.76 36.45 57.59 16.34 0.00 89.62 43.78 59.78 ∞

Show-o 0.00 0.00 0.00 ∞ 0.00 ∞ ∞ ∞ 0.00 0.00 ∞ 0.00 0.00 ∞

Table 42: Results on Image Generation Group, from #I-G-15.

#I-G-15

(Txt2Img Gen)Model

#1↓ #2↑ #3↓ #4↓ #5↓ #6↓ #7↑ #8↑ #9↑ #10↓ #11↑

SoTA Specialist 19.86 32.57 10.58 15.66 177.30 9.71 31.20 27.86 29.91 12.52 30.07

Emu2-32B 87.59 22.97 71.44 ∞ 167.91 97.15 18.26 15.79 14.59 126.80 17.40

SEED-LLaMA-13B 78.91 26.53 84.25 ∞ 224.63 74.42 16.92 16.37 15.77 133.85 16.91

AnyGPT 94.82 17.64 88.13 ∞ 243.63 66.10 17.97 15.55 16.78 127.49 18.21

LaVIT-V2 (7B) 66.93 21.05 65.39 ∞ 181.58 57.33 21.22 16.48 17.44 101.92 19.12

NExT-GPT-V1.5 77.38 26.75 70.14 102.24 234.65 86.78 24.65 16.58 14.26 125.86 20.58

Vitron-V1 49.58 21.38 46.56 95.68 203.86 73.64 19.87 13.64 10.97 93.78 18.63

Show-o 120.36 9.21 119.19 220.46 290.44 199.99 10.44 7.55 8.2 181.22 9.73
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C.7 Results of Video-related Tasks

Video Comprehension Results. The complete results of all models on video comprehension are presented from Table 43
to Table 55.

Table 43: Results on Video Comprehension Group, from #V-C-1 (a).

#V-C-1
(Video QA)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑

SoTA Specialist 27.70 9.80 17.80 20.50 24.80 25.70 26.40 25.20 21.20

InternVL-2.5-8B 21.10 7.50 13.10 12.40 16.20 24.50 21.70 18.50 14.90
InternVL-2-26B 40.00 14.10 31.90 34.50 20.30 16.10 22.60 18.60 23.50
InternVL-2.5-26B 25.60 8.20 15.10 19.50 22.30 26.40 25.10 23.70 17.80
Qwen2-VL-7B 27.70 7.40 16.40 19.80 22.30 25.10 25.20 16.80 15.70
Qwen2-VL-72B 27.70 9.80 17.80 20.50 25.80 27.20 26.10 24.50 18.90
DeepSeek-VL-2-small 9.70 7.30 2.60 6.10 10.40 7.60 8.40 10.70 9.30
DeepSeek-VL-2 8.50 6.50 5.00 5.80 11.30 10.50 8.20 10.10 8.60
LLaVA-One-Vision-7B 18.70 10.50 6.40 12.60 11.50 10.20 9.40 12.20 8.60
LLaVA-One-Vision-72B 18.50 9.40 3.10 12.30 17.10 15.80 15.10 17.60 16.60
Sa2VA-8B 24.40 10.30 25.30 21.20 12.60 13.40 18.40 14.80 19.60
Sa2VA-26B 25.30 10.90 26.10 22.60 15.20 14.90 19.60 17.80 20.10
CoLVA-2B 17.10 6.90 11.60 11.50 15.30 21.80 19.80 17.20 13.90
CoLVA-4B 19.60 7.30 13.00 12.20 16.10 24.40 21.50 18.20 14.80
Long-LLaVA-9B 41.30 14.50 33.20 39.10 16.50 13.60 19.60 18.60 18.60
NExT-GPT-V1.5 7.50 4.60 1.50 5.60 15.70 5.60 8.70 13.40 13.40
Vitron-V1 7.20 4.80 3.70 5.80 12.40 6.30 8.90 14.10 15.20
InternVL-2-8B 19.20 7.30 12.90 13.20 15.30 23.50 19.30 18.00 14.90
VidAgent 24.80 10.80 25.90 22.20 13.60 15.40 20.40 16.70 20.30

Table 44: Results on Video Comprehension Group, from #V-C-1 (b).

#V-C-1
(Video QA)Model

#10↑ #11↑ #12↑ #13↑ #14↑ #15↑ #16↑ #17↑

SoTA Specialist 100.00 100.00 85.50 20.40 32.10 18.20 63.10 17.90

InternVL-2.5-8B 100.00 100.00 80.20 18.50 27.40 14.00 58.20 15.40
InternVL-2-26B 100.00 100.00 82.70 13.70 14.50 12.40 79.30 16.20
InternVL-2.5-26B 100.00 100.00 83.30 22.50 31.00 19.20 69.20 20.60
Qwen2-VL-7B 100.00 100.00 85.50 20.40 32.10 18.20 64.40 18.30
Qwen2-VL-72B 100.00 100.00 86.90 22.30 32.30 19.40 70.20 20.40
DeepSeek-VL-2-small 74.30 100.00 64.00 7.40 2.10 13.60 49.30 8.40
DeepSeek-VL-2 53.50 100.00 72.50 4.80 1.90 1.50 46.70 10.40
LLaVA-One-Vision-7B 100.00 100.00 64.60 4.50 11.60 6.80 69.00 10.10
LLaVA-One-Vision-72B 100.00 100.00 70.00 6.20 13.60 13.50 83.70 17.40
Sa2VA-8B 100.00 100.00 80.80 12.70 13.30 7.70 77.70 12.10
Sa2VA-26B 100.00 100.00 83.10 16.80 20.40 14.10 79.60 14.10
CoLVA-2B 100.00 100.00 76.00 17.20 16.60 8.60 54.20 12.60
CoLVA-4B 100.00 100.00 80.00 18.10 26.50 13.10 56.30 14.50
Long-LLaVA-9B 100.00 100.00 76.20 11.50 12.90 10.10 72.30 16.40
NExT-GPT-V1.5 83.50 100.00 64.50 3.20 8.90 1.20 51.70 4.30
Vitron-V1 100.00 98.00 73.80 3.70 7.10 3.50 56.70 5.20
InternVL-2-8B 100.00 99.00 78.6 17.50 27.90 14.70 58.70 15.70
VidAgent 100.00 100.00 82.80 14.20 24.30 10.70 75.70 12.30
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Table 45: Results on Video Comprehension Group, from #V-C-2 (a).

#V-C-2
(Vid-Obj Recog)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑

SoTA Specialist 11.10 21.00 29.10 4.50 65.90 10.50 66.70 64.10 76.60

InternVL-2.5-8B 8.50 21.50 22.10 3.90 56.20 8.10 62.20 60.80 77.90
InternVL-2-26B 17.10 24.50 2.60 8.40 88.90 15.00 78.90 75.00 82.20
InternVL-2.5-26B 13.20 25.10 25.50 4.60 65.20 13.20 75.30 70.20 80.20
Qwen2-VL-7B 13.10 20.30 29.10 4.50 65.90 10.50 61.30 63.30 63.20
Qwen2-VL-72B 15.80 24.80 32.10 4.50 65.20 12.20 73.20 74.50 70.50
DeepSeek-VL-2-small 12.00 10.70 0.00 4.80 18.60 8.70 50.00 50.00 44.40
DeepSeek-VL-2 9.00 8.70 2.90 6.50 30.00 8.50 56.70 40.00 50.00
LLaVA-One-Vision-7B 13.80 22.30 11.50 5.00 46.50 5.00 51.10 53.00 52.20
LLaVA-One-Vision-72B 16.70 24.20 17.40 8.80 50.50 6.90 80.00 80.00 77.80
Sa2VA-8B 10.00 9.20 0.00 5.30 0.00 12.70 80.00 76.00 80.00
Sa2VA-26B 12.80 12.50 0.00 6.40 0.00 13.20 82.40 78.50 80.20
CoLVA-2B 7.20 17.70 17.40 3.90 50.20 6.50 56.00 54.40 71.60
CoLVA-4B 8.10 20.10 20.00 3.70 55.40 7.10 60.00 58.80 75.00
Long-LLaVA-9B 16.60 29.30 1.50 9.40 4.00 14.00 72.20 67.00 71.10
NExT-GPT-V1.5 4.60 6.10 0.00 1.20 12.10 5.30 64.80 53.10 68.40
Vitron-V1 3.80 7.20 0.00 2.40 14.00 6.10 70.10 68.30 77.10
InternVL-2-8B 7.80 20.50 20.80 4.20 55.80 7.10 60.70 60.60 75.60
VidAgent 11.30 13.30 14.20 6.30 53.20 6.50 63.20 74.30 80.00

Table 46: Results on Video Comprehension Group, from #V-C-2 (b).

#V-C-2
(Vid-Obj Recog)Model

#10↑ #11↑ #12↑ #13↑ #14↑ #15↑ #16↑ #17↑

SoTA Specialist 60.10 57.70 23.00 24.70 92.80 91.00 71.30 73.80

InternVL-2.5-8B 55.30 50.70 18.60 22.40 0.00 0.00 0.00 0.00
InternVL-2-26B 65.70 59.40 22.00 24.60 0.00 0.00 0.00 0.00
InternVL-2.5-26B 65.70 59.40 22.00 24.60 0.00 0.00 0.00 0.00
Qwen2-VL-7B 58.10 52.10 17.90 21.30 0.00 0.00 0.00 0.00
Qwen2-VL-72B 67.20 62.00 22.90 24.50 0.00 0.00 0.00 0.00
DeepSeek-VL-2-small 36.70 46.70 5.40 8.90 0.00 0.00 0.00 0.00
DeepSeek-VL-2 42.20 42.20 10.50 14.90 0.00 0.00 0.00 0.00
LLaVA-One-Vision-7B 58.90 66.70 7.40 6.40 0.00 0.00 0.00 0.00
LLaVA-One-Vision-72B 73.30 74.40 12.50 9.80 0.00 0.00 0.00 0.00
Sa2VA-8B 63.30 80.00 6.00 4.40 0.00 0.00 0.00 0.00
Sa2VA-26B 65.60 82.20 8.00 5.80 0.00 0.00 0.00 0.00
CoLVA-2B 50.40 48.20 14.40 19.80 0.00 0.00 0.00 0.00
CoLVA-4B 53.30 50.10 17.60 20.50 0.00 0.00 0.00 0.00
InternVL-2-26B 72.20 80.00 3.70 4.80 0.00 0.00 0.00 0.00
Long-LLaVA-9B 66.70 65.60 15.00 13.80 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 57.20 64.70 10.70 9.60 0.00 0.00 0.00 0.00
Vitron-V1 60.80 65.20 11.90 11.30 0.00 0.00 0.00 0.00
InternVL-2-8B 55.60 50.90 19.60 21.40 0.00 0.00 0.00 0.00
VidAgent 63.30 80.00 6.50 14.40 0.00 0.00 0.00 0.00
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Table 47: Results on Video Comprehension Group, from #V-C-3 (a).

#V-C-3
(Vid Act Recog)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑

SoTA Specialist 17.60 14.60 20.10 17.40 21.30 13.50 17.70 26.00

InternVL-2.5-8B 13.20 10.50 14.20 15.10 17.40 6.80 14.90 22.60
InternVL-2-26B 19.40 13.70 19.80 15.80 20.80 12.40 17.30 24.10
InternVL-2.5-26B 19.40 13.70 19.80 15.80 20.80 12.40 17.30 24.10
Qwen2-VL-7B 14.10 9.80 13.90 14.80 18.40 9.00 15.20 13.50
Qwen2-VL-72B 20.80 12.90 20.20 16.90 23.00 15.90 17.80 18.90
DeepSeek-VL-2-small 7.40 4.30 7.90 14.10 8.50 6.30 14.30 13.70
DeepSeek-VL-2 14.60 7.90 14.00 17.70 10.80 15.50 21.00 19.60
LLaVA-One-Vision-7B 10.10 8.60 11.20 10.60 11.10 10.80 9.90 13.70
LLaVA-One-Vision-72B 20.60 16.20 22.10 17.10 23.00 15.80 17.40 21.50
Sa2VA-8B 17.80 22.40 22.50 22.40 21.90 19.80 25.30 27.50
Sa2VA-26B 18.80 22.60 24.10 24.60 23.10 20.40 26.40 28.20
CoLVA-2B 11.30 9.20 10.90 13.90 14.40 5.30 12.20 20.00
CoLVA-4B 12.40 9.90 13.00 14.30 16.60 6.10 13.80 21.10
InternVL-2-26B 20.20 20.50 25.50 24.40 20.60 27.30 29.10 23.30
Long-LLaVA-9B 21.90 18.90 21.00 20.00 18.70 22.40 23.10 21.60
NExT-GPT-V1.5 16.50 14.90 16.50 10.70 17.60 11.60 8.70 12.60
Vitron-V1 13.60 16.20 17.40 13.50 17.20 12.00 9.10 10.80
InternVL-2-8B 12.20 10.60 14.20 15.10 17.30 6.80 13.80 21.50
VidAgent 12.30 14.40 12.30 22.30 20.80 19.80 22.30 23.50

Table 48: Results on Video Comprehension Group, from #V-C-3 (b).

#V-C-3
(Vid Act Recog)Model

#9↑ #10↑ #11↑ #12↑ #13↑ #14↑ #15↑ #16↑

SoTA Specialist 18.00 24.90 20.40 61.30 17.20 6.50 19.60 24.80

InternVL-2.5-8B 15.70 22.00 15.80 0.00 16.80 14.20 14.30 18.70
InternVL-2-26B 17.40 25.40 21.20 0.00 24.30 18.90 23.40 25.40
InternVL-2.5-26B 17.40 25.40 21.20 0.00 24.30 18.90 23.40 25.40
Qwen2-VL-7B 14.90 22.80 14.80 0.00 18.40 13.60 13.80 19.20
Qwen2-VL-72B 19.20 26.20 22.30 0.00 25.90 19.80 21.10 28.70
DeepSeek-VL-2-small 8.70 13.20 7.40 0.00 15.50 14.20 16.40 0.80
DeepSeek-VL-2 14.80 17.10 12.20 0.00 11.50 4.90 5.30 6.40
LLaVA-One-Vision-7B 10.90 12.70 10.90 0.10 15.00 3.20 12.70 8.00
LLaVA-One-Vision-72B 18.40 22.50 20.70 0.20 26.90 12.50 19.60 30.40
Sa2VA-8B 23.20 26.50 20.00 0.00 11.30 7.40 0.00 0.00
Sa2VA-26B 23.60 26.80 20.80 0.00 13.10 8.80 0.00 0.00
CoLVA-2B 12.80 18.90 13.20 0.00 14.20 11.90 13.10 15.30
CoLVA-4B 13.60 19.80 15.40 0.00 16.20 13.70 14.00 16.90
InternVL-2-26B 21.00 21.80 19.40 0.00 13.60 7.60 19.10 37.60
Long-LLaVA-9B 21.10 22.20 21.00 0.40 12.20 9.70 0.00 0.00
NExT-GPT-V1.5 14.20 6.30 9.20 0.00 8.50 4.10 0.00 0.00
Vitron-V1 16.50 7.40 10.50 0.00 7.80 4.70 0.00 0.00
InternVL-2-8B 14.90 22.30 16.80 0.00 15.80 14.80 14.00 17.70
VidAgent 20.30 24.50 20.40 0.00 12.30 8.80 13.00 15.30
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Table 49: Results on Video Comprehension Group, from #V-C-4 to #V-C-5.

#V-C-4 #V-C-5
(Vid Understand) (IW VOS)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑ #1↑ #2↑ #3↑ #4↑

SoTA Specialist 23.80 21.50 26.70 23.00 25.90 14.50 16.70 25.80 29.60 78.30 82.90 86.60 79.60

InternVL-2.5-8B 22.60 18.70 21.20 19.30 22.90 8.40 14.20 19.80 22.40 0.00 0.00 0.00 0.00
InternVL-2.5-26B 24.90 19.60 24.20 22.10 24.10 10.30 15.80 24.20 28.90 0.00 0.00 0.00 0.00
Qwen2-VL-7B 19.70 17.90 24.80 20.10 21.90 9.70 13.90 16.80 25.80 0.00 0.00 0.00 0.00
Qwen2-VL-72B 22.20 24.80 25.10 21.80 26.70 11.70 14.00 25.30 32.70 0.00 0.00 0.00 0.00
DeepSeek-VL-2-small 15.30 5.00 9.10 6.40 9.10 4.30 5.40 10.50 5.80 0.00 0.00 0.00 0.00
DeepSeek-VL-2 16.20 6.70 13.40 9.20 13.20 9.20 14.40 10.10 16.60 0.00 0.00 0.00 0.00
LLaVA-One-Vision-7B 7.50 4.10 12.10 12.30 6.30 2.00 3.40 9.10 6.10 0.00 0.00 0.00 0.00
LLaVA-One-Vision-72B 8.70 5.80 24.40 19.30 8.30 3.80 5.80 11.60 7.40 0.00 0.00 0.00 0.00
Sa2VA-8B 4.30 4.60 30.00 14.90 5.60 4.00 4.30 5.30 5.00 0.00 0.00 0.00 0.00
Sa2VA-26B 6.60 6.90 32.20 16.90 6.20 5.60 5.80 6.90 6.40 0.00 0.00 0.00 0.00
CoLVA-2B 18.20 13.70 19.30 17.30 18.20 5.40 12.40 16.90 19.70 0.00 0.00 0.00 0.00
CoLVA-4B 20.10 17.70 21.00 18.70 20.40 7.90 12.90 18.70 21.20 0.00 0.00 0.00 0.00
Long-LLaVA-9B 13.90 14.70 14.00 16.80 14.70 16.20 22.40 14.30 12.80 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 1.40 5.40 13.40 7.80 0.00 3.40 5.00 14.50 3.50 0.00 0.00 0.00 0.00
Vitron-V1 2.30 5.70 14.10 6.20 0.00 3.70 5.70 13.60 3.90 59.80 60.20 54.20 36.40
InternVL-2-8B 22.30 17.60 20.20 19.30 20.30 8.40 14.20 18.80 17.40 0.00 0.00 0.00 0.00
VidAgent 20.30 14.60 32.20 15.40 13.60 4.30 14.30 15.30 12.30 0.00 0.00 0.00 0.00

Table 50: Results on Video Comprehension Group, from #V-C-6 to #V-C-9.

#V-C-6 #V-C-7 #V-C-8 #V-C-9
(General VOS) (Street VOS) (RVOS) (ReVOS)Model

#1↑ #2↑ #3↑ #4↑ #1↑ #2↑ #3↑ #1↑ #2↑ #3↑ #1↑ #2↑

SoTA Specialist 92.60 88.60 89.40 71.10 64.70 50.50 48.40 69.70 72.40 52.40 40.70 40.60

InternVL-2.5-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-2.5-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-2-small 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-One-Vision-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-One-Vision-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Sa2VA-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 80.40 73.60 59.10 55.00 46.90
Sa2VA-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CoLVA-2B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CoLVA-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-2-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Long-LLaVA-9B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 74.20 64.10 45.30 63.10 12.70 20.40 6.80 68.40 63.80 50.30 45.20 41.30
InternVL-2-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
VidAgent 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Table 51: Results on Video Comprehension Group, from #V-C-10 to #V-C-13.

#V-C-10 #V-C-11 #V-C-12 #V-C-13
(Temp Act Det) (C-ReVOS) (Vid-Ground) (Vid-Depth Est)Model
#1↑ #2↑ #1↑ #2↑ #3↑ #4↑ #5↑ #1↑ #2↑ #3↑ #1↓ #2↓ #3↓ #4↓

SoTA Specialist 26.00 35.60 40.20 73.00 35.10 38.70 42.20 31.30 16.30 21.60 0.27 0.12 0.07 0.10

InternVL-2.5-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
InternVL-2.5-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
Qwen2-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
Qwen2-VL-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
DeepSeek-VL-2-small 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
DeepSeek-VL-2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
LLaVA-One-Vision-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
LLaVA-One-Vision-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
Sa2VA-8B 0.00 0.00 58.40 86.20 41.20 58.90 56.70 0.00 0.00 0.00 ∞ ∞ ∞ ∞
Sa2VA-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
CoLVA-2B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
CoLVA-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
InternVL-2-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
Long-LLaVA-9B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
Vitron-V1 6.70 3.60 51.70 81.50 33.60 36.90 53.90 36.40 15.70 10.80 ∞ ∞ ∞ ∞
InternVL-2-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
VidAgent 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞

Table 52: Results on Video Comprehension Group, from #V-C-14.

#V-C-14
(Obj Match)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑

SoTA Specialist 40.90 31.00 47.60 76.60 50.60 51.20 39.80 46.80

InternVL-2.5-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-2.5-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-2-small 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-One-Vision-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-One-Vision-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Sa2VA-8B 13.60 20.70 22.40 24.70 11.60 24.00 23.30 18.50
Sa2VA-26B 24.80 14.30 33.60 43.80 16.80 31.20 31.80 31.00
CoLVA-2B 40.90 31.00 47.70 68.80 50.60 49.60 33.50 38.40
CoLVA-4B 38.30 31.00 41.10 76.60 41.70 51.20 39.80 46.80
InternVL-2-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Long-LLaVA-9B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-2-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
VidAgent 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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Table 53: Results on Video Comprehension Group, from #V-C-15 to #V-C-16.

#V-C-15 #V-C-16
(Obj Track) (Long-Vid Track)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #1↑ #2↑ #3↑ #4↑ #5↑

SoTA Specialist 66.60 81.80 71.10 69.50 72.20 61.10 60.40 76.30 18.30 82.90 80.20 60.40

InternVL-2.5-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-2.5-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-2-small 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-One-Vision-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-One-Vision-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Sa2VA-8B 22.60 77.80 56.70 49.30 38.20 14.30 5.90 61.20 4.60 71.80 69.20 25.00
Sa2VA-26B 24.10 78.30 59.10 49.60 38.10 15.60 7.60 63.30 5.10 71.60 69.60 25.90
CoLVA-2B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CoLVA-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-2-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Long-LLaVA-9B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-2-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
VidAgent 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 54: Results on Video Comprehension Group, from #V-C-17 to #V-C-18.

#V-C-17 #V-C-18
(UAV Track) (UW Track)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #1↑ #2↑ #3↑ #4↑ #5↑

SoTA Specialist 80.60 78.50 59.90 84.20 81.90 78.60 78.90 77.10 76.90 63.90

InternVL-2.5-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-2.5-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen2-VL-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-2-small 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
DeepSeek-VL-2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-One-Vision-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-One-Vision-72B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Sa2VA-8B 56.80 47.70 25.20 23.80 59.40 44.50 58.50 64.80 43.20 29.10
Sa2VA-26B 57.80 48.10 25.40 24.70 59.60 44.70 58.60 65.30 43.70 29.80
CoLVA-2B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CoLVA-4B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-2-26B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Long-LLaVA-9B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-2-8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
VidAgent 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

86



On Path to Multimodal Generalist: General-Level and General-Bench

Table 55: Results on Video Comprehension Group, from #V-C-19 to #V-C-20.

#V-C-19 #V-C-20

(UAV Track) (UW Track)Model

#1↓ #2↓ #3↓ #1↑ #2↑ #3↑ #4↑

SoTA Specialist 49.20 39.40 23.00 22.70 71.80 48.51 32.98

InternVL-2.5-8B ∞ ∞ ∞ 19.40 0.00 0.00 0.00

InternVL-2.5-26B ∞ ∞ ∞ 21.20 0.00 0.00 0.00

Qwen2-VL-7B ∞ ∞ ∞ 19.90 0.00 0.00 0.00

Qwen2-VL-72B ∞ ∞ ∞ 22.80 0.00 0.00 0.00

DeepSeek-VL-2-small ∞ ∞ ∞ 6.10 0.00 0.00 0.00

DeepSeek-VL-2 ∞ ∞ ∞ 12.90 0.00 0.00 0.00

LLaVA-One-Vision-7B ∞ ∞ ∞ 5.10 0.00 0.00 0.00

LLaVA-One-Vision-72B ∞ ∞ ∞ 6.80 0.00 0.00 0.00

Sa2VA-8B ∞ ∞ ∞ 5.90 0.00 0.00 0.00

Sa2VA-26B ∞ ∞ ∞ 6.80 0.00 0.00 0.00

CoLVA-2B ∞ ∞ ∞ 14.40 0.00 0.00 0.00

CoLVA-4B ∞ ∞ ∞ 16.90 0.00 0.00 0.00

InternVL-2-26B ∞ ∞ ∞ 3.80 0.00 0.00 0.00

Long-LLaVA-9B ∞ ∞ ∞ 16.80 0.00 0.00 0.00

NExT-GPT-V1.5 ∞ ∞ ∞ 0.20 0.00 0.00 0.00

Vitron-V1 ∞ ∞ ∞ 0.10 0.00 0.00 0.00

InternVL-2-8B ∞ ∞ ∞ 19.4 0.00 0.00 0.00

VidAgent ∞ ∞ ∞ 15.5 0.00 0.00 0.00
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Video Generation Results. The complete results of all models on video generation are presented from Table 56 to
Table 59.

Table 56: Results on Video Generation Group, from #V-G-1.

#V-G-1
(Txt2Vid Gen)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑ #10↑ #11↑ #12↑ #13↓

SoTA Specialist 96.88 97.03 99.72 64.20 60.92 69.13 83.62 79.44 47.82 48.20 55.08 24.86 71.27

VidAgent 94.58 95.79 97.75 38.40 54.40 53.53 68.26 48.23 0.00 0.00 34.91 22.38 73.25
LM4LV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞
NExT-GPT-V1.5 43.20 36.40 55.10 12.00 13.40 30.70 36.10 10.70 0.00 0.00 6.90 6.10 97.56
Vitron-V1 63.50 46.70 68.40 15.70 15.60 47.80 58.90 13.80 0.00 0.00 28.40 12.50 106.30

Table 57: Results on Video Generation Group, from #V-G-2 and #V-G-3.

#V-G-2 #V-G-3
(Condt Vid Gen) (Act Txt2Vid Gen)Model

#1↑ #2↑ #3↑ #1↑ #2↓ #3↓ #4↓ #5↓

SoTA Specialist 25.41 90.75 51.20 95.61 72.74 105.62 95.36 75.36

VidAgent 22.36 83.43 37.40 53.20 87.38 111.62 102.62 89.40
LM4LV 0.00 0.00 0.00 0.00 ∞ ∞ ∞ ∞
NExT-GPT-V1.5 3.45 2.40 14.30 2.60 126.74 140.70 254.12 126.94
Vitron-V1 6.67 33.80 17.50 44.90 98.50 135.90 186.47 115.78

Table 58: Results on Video Generation Group, from #V-G-4.

#V-G-4
(Img2Vid Gen)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑ #10↑ #11↑

SoTA Specialist 59.46 61.55 60.79 62.89 67.37 63.17 59.21 61.97 62.18 65.45 67.89

VidAgent 60.45 62.31 61.95 62.89 67.19 62.94 60.13 65.14 63.35 64.19 69.20
LM4LV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-GPT-V1.5 10.53 18.76 20.91 17.53 16.79 14.63 18.52 13.84 14.52 16.51 13.74
Vitron-V1 23.40 36.10 15.20 36.40 47.80 26.10 23.70 18.50 17.90 16.57 14.37

Table 59: Results on Video Generation Group, from #V-G-5 and #V-G-6.

#V-G-5 #V-G-6
(Vid Enhance) (Vid Edit)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑ #1↑ #2↑ #3↑ #4↑ #5↑

SoTA Specialist 27.53 38.15 36.60 37.87 25.32 25.75 33.86 56.71 58.29 34.27 34.16 36.75 97.50 54.60

VidAgent 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LM4LV 24.17 33.05 0.00 0.00 22.28 22.46 28.69 50.12 52.33 0.00 0.00 29.64 0.00 0.00
NExT-GPT-V1.5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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C.8 Results of Audio-related Tasks

Audio Comprehension Results. The complete results of all models on audio comprehension are presented in Table 60
and Table 61.

Table 60: Results on Audio Comprehension Group, from #A-C-1 to #A-C-4.

#A-C-1 #A-C-2 #A-C-3 #A-C-4
(Acnt Analy) (Ctnt Analy) (SpeechEmo Analy) (Music Analy)Model

#1↑ #2↑ #3↑ #4↑ #1↑ #2↑ #3↑ #1↑ #1↑ #2↑ #3↑ #4↑

SoTA Specialist 75.20 85.60 90.33 97.95 98.76 95.29 43.20 70.62 83.50 69.3 74.00 89.20

Qwen-Audio-Chat 56.70 75.00 55.40 40.60 93.00 76.80 36.50 76.80 61.20 55.20 33.00 1.40
Qwen2-Audio-Instruct 45.80 99.20 53.20 92.40 94.40 82.80 47.20 61.40 75.20 47.80 19.40 4.80
GAMA 23.40 86.50 32.40 85.70 80.90 77.50 34.20 68.00 63.50 63.90 85.40 0.00
Pengi 21.40 78.90 35.00 76.20 78.00 65.70 36.50 56.70 61.90 39.20 46.00 0.00
SALMONN-7B 24.70 80.50 85.00 65.10 65.40 58.30 24.10 45.56 60.50 16.20 33.70 0.00
SALMONN-13B 26.04 84.20 93.50 67.80 68.70 68.90 31.40 67.80 63.80 19.40 34.60 0.00
WavLLM 37.45 70.15 90.00 60.20 35.60 63.10 24.50 71.20 56.80 49.80 12.50 1.20
NExT-GPT-V1.5 12.50 55.40 40.50 64.50 30.50 36.80 20.10 65.80 56.80 43.70 5.50 0.80
PandaGPT (13B) 6.50 58.30 57.30 45.10 24.50 26.40 9.80 45.20 32.40 45.60 5.40 0.50
ImageBind-LLM 10.50 65.00 25.40 50.10 40.70 38.50 18.50 56.80 42.30 25.70 10.40 0.00
ModaVerse-7b-v0 10.50 50.40 35.20 40.30 18.70 20.10 10.30 32.80 24.00 32.60 4.20 0.00
Any-GPT 34.60 62.10 15.00 66.30 37.40 46.10 12.90 63.40 68.40 78.90 45.00 0.00
Unified-io-2-XXL 22.50 45.90 13.50 38.70 34.50 32.50 15.80 56.10 56.70 36.80 20.10 0.70

Table 61: Results on Audio Comprehension Group, from #A-C-5 to #A-C-9.

#A-C-5 #A-C-6 #A-C-7 #A-C-8 #A-C-9
(Aud-Tech Analy) (Aud Analy) (Aud QA) (Animal-Sound Det) (Envir-Sound Det)Model

#1↑ #2↑ #3↑ #1↑ #2↑ #1↑ #2↑ #1↑ #2↑ #1↑ #2↑ #3↑

SoTA Specialist 69.40 80.30 65.90 70.50 55.30 38.90 78.50 77.60 78.20 76.40 86.70 71.10

Qwen-Audio-Chat 63.40 58.40 21.34 19.32 20.25 31.27 81.60 86.30 84.00 86.11 92.60 56.80
Qwen2-Audio-Instruct 65.70 61.40 10.36 16.82 10.08 34.56 88.80 87.50 70.40 71.58 86.80 45.60
GAMA 23.50 25.40 6.40 25.40 28.50 23.60 74.10 89.60 81.50 72.30 80.50 32.60
Pengi 38.40 15.70 5.20 16.80 22.30 15.40 70.50 83.60 71.20 68.40 78.40 36.70
SALMONN-7B 31.70 17.90 5.10 15.40 15.60 17.80 60.40 75.80 65.00 57.80 66.40 24.60
SALMONN-13B 32.30 35.40 6.30 21.00 17.72 19.00 68.90 79.60 73.50 60.60 75.90 33.50
WavLLM 53.60 31.40 8.90 29.70 23.40 13.50 78.00 86.40 36.40 74.30 77.80 41.60
NExT-GPT-V1.5 24.60 16.50 2.30 16.80 34.50 25.60 70.30 76.90 63.50 69.50 80.90 57.90
PandaGPT-13B 21.50 3.60 0.30 10.50 30.50 15.30 69.20 52.90 56.70 61.50 80.10 55.90
ImageBind-LLM 26.70 14.30 2.00 14.30 22.50 23.40 67.30 63.40 59.20 36.50 72.60 57.10
ModaVerse-7b-v0 14.20 4.10 1.50 2.50 15.30 13.80 56.30 46.80 51.60 58.70 75.70 46.00
Any-GPT 28.40 10.80 9.60 36.10 36.70 28.90 76.40 62.10 73.80 45.20 52.30 36.40
Unified-io-2-XXL 33.10 5.40 7.90 41.30 35.40 12.30 65.10 57.30 69.70 56.80 79.40 45.70
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Audio Generation Results. The complete results of all models on audio generation are presented in Table 62 and Table 63.

Table 62: Results on Audio Generation Group, from #A-G-1 to #A-G-7.

#A-G-1 #A-G-2 #A-G-3 #A-G-4 #A-G-5 #A-G-6 #A-G-7
(Audio Edit) (Dialog Gen) (EmoSpeech Gen) (TTS) (Txt2Aud) (Img2Aud Gen) (V2A)Model

#1↑ #1↑ #1↓ #2↑ #1↓ #2↑ #1↑ #2↑ #1↑ #1↓

SoTA Specialist 31.50 3.82 4.12 3.15 5.60 3.76 47.04 36.03 51.40 11.52

LLaMA-Omni 0.00 3.01 5.61 2.36 20.15 0.00 0.00 0.00 0.00 ∞
Unified-io 2 18.36 2.03 7.86 2.35 78.50 2.54 21.78 11.03 24.31 16.97

Any-GPT 23.50 3.24 6.98 2.15 65.80 1.35 16.52 10.24 14.05 27.49

Next-GPT-V1.5 13.60 1.15 6.78 1.35 100.00 1.02 53.68 15.34 1.35 12.36

AudioGPT 0.50 1.32 5.32 3.89 45.20 0.00 48.63 10.32 0.00 ∞
SpeechGPT 0.10 2.79 5.74 3.14 63.70 0.00 0.00 0.00 0.00 ∞
ModaVerse 12.30 1.15 7.52 1.05 100.00 1.00 50.33 7.65 1.05 16.45

Table 63: Results on Audio Generation Group, from #A-G-8 to #A-G-11.

#A-G-8 #A-G-9 #A-G-10 #A-G-11
(Style Trans) (Speech Trans) (Music Gen) (Music Trans)Model

#1↓ #1↓ #2↓ #3↓ #1↑ #2↑ #3↑ #4↓ #1↑ #2↑

SoTA Specialist 6.80 7.10 7.70 10.20 25.80 59.01 2.85 3.87 28.16 12.50

LLaMA-Omni 45.30 89.36 93.56 100.00 0.00 0.00 0.00 ∞ 0.00 0.00

Unified-io 2 86.23 93.21 100.00 90.36 0.00 0.00 0.00 ∞ 3.15 1.32

Any-GPT 45.36 56.89 95.45 99.34 0.00 0.00 0.00 ∞ 1.28 3.65

Next-GPT 96.70 99.30 98.40 100.00 0.00 0.00 0.00 ∞ 8.76 6.78

AudioGPT 46.30 45.68 94.25 100.00 0.00 0.00 0.00 ∞ 0.00 0.00

SpeechGPT 30.24 57.96 98.67 100.00 0.00 0.00 0.00 ∞ 0.00 0.00

ModaVerse 100.00 100.00 100.00 100.00 0.00 0.00 0.00 ∞ 3.59 4.75
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C.9 Results of 3D-related Tasks

3D Comprehension Results. The complete results of all models on 3D comprehension are presented in Table 64 to
Table 66.

Table 64: Results on 3D Comprehension Group, from #D-C-1 to #D-C-4.

#D-C-1 #D-C-2 #D-C-3 #D-C-4
(3D-Human Cls) (3D-Struct Cls) (Tech Cls) (Indoor-Scene Seg)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #1↑ #2↑ #1↑ #2↑ #1↑

SoTA Specialist 91.18 96.25 94.29 99.50 100.00 99.20 97.50 95.56 100.00 78.50

3D-VisTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

PointLLM-7B 6.36 59.28 45.55 48.12 71.50 0.00 15.00 65.71 80.00 0.00

PointLLM-13B 5.90 56.42 52.77 49.87 79.00 5.00 15.00 69.28 87.00 0.00

3D-LLM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

AvatarGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 65: Results on 3D Comprehension Group, from #D-C-5 to #D-C-9.

#D-C-5 #D-C-6 #D-C-7 #D-C-8 #D-C-9
(Outdoor-Scene Seg) (Indoor-Inst Seg) (Pose Est) (Part Seg) (3D Track)Model

#1↑ #1↑ #1↓ #1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #1↑

SoTA Specialist 70.02 81.20 55.00 87.31 93.40 88.62 89.38 81.44 89.52 75.20

3D-VisTA 0.00 0.00 ∞ 0.00 0.00 0.00 0.00 0.00 0.00 0.00

PointLLM-7B 0.00 0.00 ∞ 0.00 0.00 0.00 0.00 0.00 0.00 0.00

PointLLM-13B 0.00 0.00 ∞ 0.00 0.00 0.00 0.00 0.00 0.00 0.00

3D-LLM 0.00 0.00 ∞ 0.00 0.00 0.00 0.00 0.00 0.00 0.00

AvatarGPT 0.00 0.00 ∞ 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Table 66: Results on 3D Comprehension Group, from #D-C-10 to #D-C-13.

#D-C-10 #D-C-11 #D-C-12 #D-C-13
(3D-Geo Analy) (3D Det) (3D QA) (3D-Motion Analy)Model

#1↓ #1↑ #1↑ #2↑ #1↑ #2↑ #1↑ #2↑ #1↑ #1↑

SoTA Specialist 9.96 68.52 12.40 35.60 67.20 48.50 71.40 49.10 45.80 22.30

3D-VisTA ∞ 0.00 16.00 34.80 63.30 45.40 69.80 47.20 48.10 0.00

PointLLM-7B ∞ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

PointLLM-13B ∞ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

3D-LLM ∞ 0.00 12.00 36.50 65.60 47.20 68.80 48.00 46.30 0.00

AvatarGPT ∞ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 12.70
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3D Generation Results. The complete results of all models on 3D generation are presented in Table 67 and Table 68.

Table 67: Results on 3D Generation Group, from #D-G-1 to #D-G-4.

#D-G-1 #D-G-2 #D-G-3 #D-G-4

(PC Complt) (PC2M Recon) (Txt2PC Gen) (Txt2M Gen)Model

#1↓ #1↓ #2↓ #1↑ #2↑ #3↑ #4↑ #1↑ #2↑ #3↑ #4↑

SoTA Specialist 0.22 9.32E-05 4.93E-05 24.94 25.10 24.07 23.56 26.42 25.22 25.93 25.18

MotionGPT-1 ∞ ∞ ∞ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

MotionGPT-2 ∞ ∞ ∞ 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

LLaMA-Mesh ∞ ∞ ∞ 0.00 0.00 0.00 0.00 20.06 14.43 18.06 17.65

Table 68: Results on 3D Generation Group, from #D-G-5 to #D-G-9.

#D-G-5 #D-G-6 #D-G-7 #D-G-8 #D-G-9

(Img2PC Gen) (Img2M Gen) (RGBD2PC Recon) (RGBD2Mesh Recon) (Txt2Motion Gen)Model

#1↑ #2↑ #3↑ #4↑ #1↑ #2↑ #3↑ #4↑ #1↓ #1↓ #1↓

SoTA Specialist 77.06 78.27 78.87 78.04 83.30 82.88 84.43 83.96 6540.02 6540.02 0.23

MotionGPT-1 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ 0.51

MotionGPT-2 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ 0.60

LLaMA-Mesh 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 ∞ ∞ ∞
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C.10 Results of NLP Tasks

All the results of all generalists on NLP tasks are shown in Table 69, Table 71, Table 73, Table 75, Table 77, Table 79,
Table 81, Table 83, Table 85, Table 87, and Table 89.

Table 69: Results on NLP Group, #L-1.

#L-1
(Cog QA)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑

SoTA Specialist 87.33 95.00 31.47 28.42 80.00 33.80 40.75 86.45 80.39

Meta-Llama-3.1-8B-Instruct 74.90 82.40 13.11 5.18 65.80 6.89 16.26 43.00 50.20
Qwen2.5-7B-Instruct 74.71 82.00 16.36 4.46 67.80 6.30 19.38 53.65 37.99
Gemma-2-9b-it 80.59 78.60 20.79 8.08 75.60 9.28 17.19 29.19 59.65
ChatGLM-6b 52.75 67.40 8.27 2.69 43.80 13.03 5.57 43.00 24.21
Vicuna-7b-v1.5 44.51 63.80 0.35 1.01 46.40 0.47 0.08 44.18 22.24
InternLM-Chat-7b 78.24 60.20 13.40 2.53 49.20 9.96 6.79 43.20 25.20
GPT-J-6B 20.39 47.00 0.50 0.23 38.60 0.32 0.52 51.28 27.95
Falcon3-7B-Instruct 74.31 78.60 18.71 4.24 51.20 7.27 11.83 57.79 27.17
Baichuan2-7B-Base 20.98 47.80 0.07 1.11 40.80 0.12 1.29 54.64 25.20
Ministral-8B-Instruct-2410 71.76 80.20 22.14 19.35 65.00 21.33 20.19 37.48 38.19
Yi-Ligntning 79.22 84.60 13.31 6.30 74.20 7.42 22.78 54.44 33.27
GPT-3.5-turbo 20.78 47.40 12.83 3.32 41.00 3.11 23.15 55.42 26.18
GPT-4v 20.78 47.40 14.62 2.26 41.00 2.87 37.43 55.42 26.18
GPT-4o 20.78 47.40 16.00 2.92 41.00 3.20 23.34 55.42 26.18
GPT4o-mini 20.78 47.40 14.04 2.04 41.00 2.72 18.71 55.42 26.18
GPT-4o-4096 20.78 47.40 17.68 3.77 41.00 3.89 23.28 55.42 26.18
ChatGPT-4o-latest 20.78 47.40 15.33 3.57 41.00 3.35 21.56 55.42 26.18
Claude-3.5-Sonnet 64.71 73.20 22.28 7.37 56.20 22.85 20.34 54.24 43.90
Claude-3.5-Opus 60.78 75.60 17.11 5.91 50.00 15.25 25.56 44.18 38.58
Emu2-32B 56.27 64.80 14.94 3.58 47.20 11.24 17.72 44.18 36.22
DetGPT 51.18 62.80 12.78 0.09 42.40 4.18 10.66 38.46 31.10
InternVL2.5-8B 78.43 77.60 21.57 8.00 65.40 15.71 20.55 44.18 54.92
InternVL2.5-4B 81.37 78.60 20.75 6.41 61.60 20.25 19.66 34.71 50.00
NExT-GPT-V1.5 43.26 56.84 0.35 0.76 40.58 0.39 0.08 43.65 0.00
InternVL2.5-2B 72.35 76.00 16.36 2.49 43.00 11.23 14.74 25.83 33.07
Monkey-10B-chat 26.27 52.20 2.46 15.99 37.80 3.05 5.97 41.42 24.01
DeepSeek-VL-7B 72.54 80.60 11.05 3.70 14.20 7.64 14.20 35.89 29.92
Qwen2-VL-7B 36.00 60.00 11.63 3.97 33.00 6.63 12.00 19.00 33.00
Qwen-VL-Chat 59.80 63.80 0.29 0.92 47.40 0.42 0.64 36.88 26.97
Qwen-Audio-Chat 59.80 56.40 9.89 3.04 48.60 6.08 6.05 41.42 23.62
Qwen2-Audio-Instruct 85.00 82.00 4.77 2.87 0.00 5.58 19.43 60.00 0.00
MoE-LLAVA-Phi2-2.7B-4e-384 64.71 71.80 13.75 4.24 53.80 8.76 9.78 35.50 26.77
mPLUG-Owl2-LLaMA2-7b 61.96 73.40 11.24 2.26 58.00 13.03 6.52 41.42 25.59
Phi-3.5-Vision-Instruct 74.71 82.00 19.05 5.06 62.40 19.57 21.83 40.83 29.92
Cambrian-1-8B 21.76 49.20 4.95 2.57 41.00 6.13 8.56 55.42 26.38
MiniGPT4-LLaMA2 72.55 47.40 0.35 1.22 63.60 0.44 0.00 37.28 30.71
InternVL-Chat-V1-5 73.13 68.20 14.61 5.80 59.40 7.43 7.46 39.84 35.43
Mini-InternVL-Chat-4B-V1-5 60.39 75.60 15.56 5.50 53.80 12.21 14.69 40.03 27.75
InternLM-XComposer2-VL-1.8B 65.88 76.40 15.13 2.33 46.60 6.33 6.98 31.75 22.04
GPT4RoI 21.56 47.60 1.27 2.77 41.20 2.50 0.72 55.42 26.18
GLaMM 20.78 47.40 0.00 0.00 41.00 1.28 4.77 55.42 26.18
LLaVA-NeXT-13B 37.25 62.60 9.47 3.64 43.60 6.05 6.63 42.80 27.56
LLaVA-NeXT-34B 43.92 64.60 17.93 5.88 47.20 7.71 8.66 40.83 28.74
Pixtral-12B 46.67 72.40 18.95 6.25 47.80 6.43 7.10 42.21 29.13
SEED-LLaMA-13B 15.29 46.60 6.67 1.03 19.20 2.76 5.43 41.42 24.61
BLIP2 43.13 48.60 11.41 1.08 3.40 4.62 13.49 39.05 32.09
MiniMonkey 70.78 76.20 17.02 2.31 51.00 7.10 17.49 37.48 27.76
DeepSeek-VL-7B 46.86 0.00 5.00 6.84 44.20 6.93 0.00 46.35 26.18
LISA-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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#L-1
(Cog QA)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑

CogVLM-Chat 55.88 69.20 14.16 6.53 53.00 13.59 19.73 44.38 35.43
ShareGPT4V-7B 47.45 62.00 10.76 4.26 42.00 8.30 17.69 41.62 27.76
ShareGPT4V-13B 54.51 67.00 15.50 5.37 50.40 9.17 18.78 39.64 35.24
BLIP-3 (XGen-MM) 51.57 62.80 16.86 5.79 49.20 10.97 17.94 40.24 36.61
AnyGPT 21.96 24.00 6.33 4.84 17.00 6.16 7.87 19.92 17.91
MiniCPM3-4B 52.35 72.80 18.91 6.17 55.80 16.15 20.25 47.93 37.01
LaVIT-V2 (7B) 39.41 60.20 12.92 11.42 45.20 14.59 14.48 37.28 28.94
GLM-VL-Chat 55.69 71.40 16.78 5.44 55.60 14.07 20.71 49.51 39.96
Gemini-1.5-Pro 81.76 83.40 20.86 7.25 62.80 21.03 22.85 54.24 53.15
Gemini-1.5-Flash 74.51 76.60 19.27 6.63 56.00 18.49 17.74 44.18 46.26
OMG-LLaVA-InternLM20B 49.02 47.20 13.64 2.83 41.20 9.21 13.07 36.65 27.59
Idefics3-8B-Llama3 78.04 76.40 16.71 6.39 57.80 16.36 18.20 43.00 41.54
Yi-Vision-v2 20.78 47.40 16.18 6.34 41.00 2.82 22.19 55.42 26.18
Qwen2-VL-72B 41.33 63.95 20.84 8.31 45.77 9.65 25.04 56.93 27.34
Otter 30.00 49.10 1.78 0.76 40.80 0.76 1.01 54.83 26.57
Show-o 18.00 45.00 1.17 8.62 20.00 7.19 12.64 29.10 31.00
NExT-Chat 20.78 47.40 2.88 1.19 41.00 1.04 3.52 55.42 26.18
InternVL2-26B 81.70 68.00 18.40 6.50 63.80 10.70 19.20 42.90 33.80
Qwen2-VL-72B 81.50 86.60 24.80 14.10 76.00 29.50 22.20 50.60 73.40
DeepSeek-VL-2-small 74.30 80.20 8.90 4.20 57.20 6.20 12.00 36.70 28.00
DeepSeek-VL-2 77.80 79.00 11.10 3.70 65.60 6.90 16.70 46.20 28.70
LLaVA-One-Vision-7B 76.50 79.00 19.90 5.60 64.60 15.30 18.80 42.80 46.30
LLaVA-One-Vision-72B 85.90 87.40 27.80 6.90 76.80 25.90 26.00 53.50 64.00
Sa2VA-8B 84.90 82.20 25.60 14.60 71.40 18.60 22.50 49.10 59.10
Sa2VA-26B 76.50 79.80 20.60 7.30 75.40 22.10 13.40 45.40 68.90
CoLVA-2B 49.60 68.80 11.00 2.90 42.20 9.40 12.10 27.60 20.90
CoLVA-4B 84.90 84.80 16.70 5.00 69.40 11.20 16.40 39.80 50.40
Long-LLaVA 26.90 49.60 13.30 2.50 41.20 10.90 13.30 55.40 25.40
LM4LV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 40.32 56.84 3.50 1.67 35.42 2.56 1.09 40.37 0.00
PandaGPT (13B) 15.78 67.54 0.14 0.90 0.00 0.45 0.00 47.32 0.00
AnyGPT 21.96 24.00 6.33 4.84 17.00 6.16 7.87 19.92 17.91
GAMA 34.60 57.80 4.75 2.29 0.00 4.85 0.35 76.50 0.00
Pengi 20.40 40.80 2.56 1.89 3.45 3.24 0.23 56.80 0.00
SALMONN-7B 23.53 70.90 1.84 1.03 0.00 1.48 0.61 68.23 0.00
SALMONN-13B 24.31 71.20 1.78 0.90 23.40 2.13 0.65 69.60 0.00
WavLLM 32.50 57.46 4.32 2.01 0.00 4.32 0.21 83.10 0.00
ImageBind-LLM 28.70 56.71 3.45 1.78 0.00 2.56 0.10 58.30 0.00
Unified-io-2-XXL 21.56 47.60 1.27 2.77 41.20 2.50 0.72 55.42 26.18
ModaVerse-7b-v0 15.78 37.23 3.10 0.50 0.00 0.34 0.00 43.24 0.00
AudioGPT-GPT4 21.45 42.34 10.23 2.04 39.80 2.68 38.56 54.98 25.38
SpeechGPT-7B-com 38.60 54.23 4.23 1.99 0.00 4.09 0.12 45.70 0.00
LLaMA-Omni 56.67 63.50 13.11 5.18 15.60 6.89 16.26 43.00 0.00
3D-LLM 20.78 47.40 17.55 8.61 41.00 21.31 7.92 55.42 26.18
PointLLM-7B 20.78 47.40 0.35 1.15 41.00 0.48 0.87 55.42 26.18
PointLLM-13B 20.20 47.40 0.35 1.20 40.80 0.47 0.88 55.42 26.77
3D-VisTA 20.78 47.40 2.48 0.28 41.00 0.56 3.65 55.42 26.18
MotionGPT-T5 20.78 47.40 0.27 0.11 41.00 0.04 5.52 55.42 26.18
MotionGPT-LLaMA 23.14 47.40 0.98 1.14 36.00 0.81 0.90 50.10 23.43
AvatarGPT 20.78 47.40 2.82 0.30 41.00 0.58 4.17 55.42 26.18
LLaMA-Mesh 65.69 72.40 0.35 1.64 57.20 0.48 0.85 39.45 25.98
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Table 71: Results on NLP Group, #L-2.

#L-2
(Ethics NLP)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑

SoTA Specialist 95.62 45.39 75.00 79.80 94.20 95.40 99.88 95.80 95.00

Meta-Llama-3.1-8B-Instruct 83.40 24.08 48.80 67.00 56.00 81.00 45.40 94.20 11.00
Qwen2.5-7B-Instruct 84.80 32.24 36.60 46.80 80.40 66.40 91.40 55.60 62.80
Gemma-2-9b-it 89.60 35.31 35.00 57.40 86.60 25.40 95.00 58.60 54.80
ChatGLM-6b 68.40 28.98 31.80 0.00 1.60 6.60 67.20 51.80 42.80
Vicuna-7b-v1.5 50.40 20.44 29.80 0.00 0.00 0.00 0.00 0.00 0.00
InternLM-Chat-7b 75.60 26.83 36.00 43.80 9.40 25.80 27.80 29.00 6.00
GPT-J-6B 72.00 3.76 21.00 0.00 0.00 0.00 0.00 0.00 0.00
Falcon3-7B-Instruct 87.20 31.23 44.20 49.20 82.60 68.00 40.40 54.80 67.60
Baichuan2-7B-Base 82.40 4.46 20.20 0.00 0.00 0.00 0.00 0.00 0.00
Ministral-8B-Instruct-2410 87.40 21.66 42.80 48.20 79.60 40.40 88.40 41.80 37.60
Yi-Ligntning 91.40 34.43 53.40 55.60 74.60 42.60 96.40 45.20 51.20
GPT-3.5-turbo 84.40 26.35 20.20 56.40 78.40 47.00 69.00 48.80 76.20
GPT-4v 84.40 29.63 20.20 54.00 82.60 77.40 99.60 64.00 49.80
GPT-4o 84.40 30.29 20.20 54.20 80.40 75.60 99.00 63.60 55.40
GPT4o-mini 84.40 29.33 20.20 55.00 80.20 63.60 98.80 59.60 59.00
GPT-4o-4096 84.40 30.83 20.20 55.20 84.20 55.80 99.20 65.40 66.20
ChatGPT-4o-latest 84.40 27.61 20.20 53.40 82.00 71.00 99.20 61.80 68.00
Claude-3.5-Sonnet 85.40 39.21 38.80 39.75 55.21 45.19 59.26 57.57 60.07
Claude-3.5-Opus 86.40 34.19 35.40 43.75 43.99 38.95 55.59 57.13 49.76
Emu2-32B 79.60 29.15 36.00 34.44 46.40 37.46 48.13 53.04 44.61
DetGPT 73.40 18.91 28.80 29.53 36.38 31.68 45.03 45.16 44.91
InternVL2.5-8B 85.20 24.83 45.60 22.99 23.17 33.21 35.42 80.80 78.58
InternVL2.5-4B 78.80 18.69 39.00 20.49 20.76 33.75 32.58 80.80 78.98
NExT-GPT-V1.5 50.78 20.44 30.74 23.10 18.60 10.98 21.43 25.70 0.00
InternVL2.5-2B 70.60 23.56 21.88 21.88 17.97 31.47 34.11 64.80 65.25
Monkey-10B-chat 69.00 5.13 23.20 5.35 5.97 12.17 8.54 43.20 43.63
DeepSeek-VL-7B 85.00 29.48 35.80 18.12 26.04 33.82 33.59 68.00 69.69
Qwen2-VL-7B 27.00 25.58 29.00 46.00 34.00 1.00 26.00 47.00 12.00
Qwen-VL-Chat 82.00 9.65 32.00 0.00 0.00 0.00 0.00 0.00 0.00
Qwen-Audio-Chat 49.00 32.49 31.40 46.80 43.60 68.30 60.40 31.50 7.80
Qwen2-Audio-Instruct 66.85 33.24 0.00 47.00 49.60 68.20 61.60 30.00 6.20
MoE-LLAVA-Phi2-2.7B-4e-384 79.20 30.48 28.40 52.20 80.20 13.00 39.60 47.00 63.40
mPLUG-Owl2-LLaMA2-7b 82.40 31.59 35.20 53.60 78.40 46.40 76.40 48.60 29.80
Phi-3.5-Vision-Instruct 83.40 30.88 41.40 50.60 83.20 91.20 89.20 60.60 55.20
Cambrian-1-8B 84.40 22.09 20.40 44.20 1.80 3.80 0.20 0.00 0.80
MiniGPT4-LLaMA2 81.60 16.20 43.80 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-Chat-V1-5 87.80 27.53 39.20 22.83 26.50 34.19 32.93 75.00 69.09
Mini-InternVL-Chat-4B-V1-5 71.80 22.41 35.80 19.28 23.91 32.03 31.11 74.20 74.34
InternLM-XComposer2-VL-1.8B 75.20 29.08 32.20 18.52 8.52 32.73 26.87 59.60 68.88
GPT4RoI 84.20 19.25 20.40 24.20 20.29 12.94 21.43 47.20 33.13
GLaMM 84.40 15.21 20.20 8.33 9.58 12.72 12.72 48.20 33.13
LLaVA-NeXT-13B 75.60 27.81 24.80 53.20 56.80 36.20 64.40 49.60 53.20
LLaVA-NeXT-34B 78.60 36.41 28.20 49.20 62.80 44.80 71.20 51.20 58.40
Pixtral-12B 80.20 38.20 34.40 52.40 61.40 40.20 74.20 52.00 59.60
SEED-LLaMA-13B 44.20 14.32 14.60 38.80 47.60 17.40 45.60 39.80 30.60
BLIP2 76.80 43.59 40.60 49.00 60.80 38.60 62.80 43.60 57.20
MiniMonkey 72.40 35.01 34.00 54.80 56.60 13.60 71.20 48.40 78.00
DeepSeek-VL-7B 76.40 31.40 22.80 22.28 22.42 28.05 0.00 52.40 47.68
LISA-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 83.20 24.30 33.60 34.64 44.71 41.14 47.47 48.75 44.84
ShareGPT4V-7B 72.60 21.24 30.80 28.76 36.28 30.66 44.28 47.46 40.08
ShareGPT4V-13B 78.00 25.67 34.00 36.74 45.58 33.09 43.25 51.01 42.50
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#L-2
(Ethics NLP)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑

BLIP-3 (XGen-MM) 78.80 25.63 36.00 35.55 41.23 38.53 45.28 48.25 47.43
AnyGPT 29.20 9.42 12.80 14.54 16.12 15.31 17.22 19.70 15.66
MiniCPM3-4B 86.60 26.23 32.20 33.08 46.01 33.86 48.91 58.84 52.47
LaVIT-V2 (7B) 64.40 21.72 27.80 26.72 33.86 26.62 36.15 44.13 43.77
GLM-VL-Chat 86.80 27.19 30.40 32.97 43.97 32.48 49.16 57.70 51.78
Gemini-1.5-Pro 87.00 34.33 44.20 51.60 69.80 69.00 81.20 62.60 78.40
Gemini-1.5-Flash 83.40 29.98 40.60 47.00 60.80 63.60 77.40 58.00 75.20
OMG-LLaVA-InternLM20B 59.80 12.26 21.20 19.20 17.00 9.40 24.20 20.20 32.60
Idefics3-8B-Llama3 82.20 27.71 39.60 48.20 63.60 61.20 76.40 59.80 73.20
Yi-Vision-v2 84.40 20.63 20.20 53.60 67.60 41.99 96.20 58.80 48.60
Qwen2-VL-72B 89.20 25.73 20.27 46.67 74.67 80.02 96.00 47.33 62.67
Otter 69.00 10.33 20.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 79.00 6.89 23.00 26.73 17.75 39.24 31.10 36.87 21.54
NExT-Chat 20.78 7.15 20.20 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2-26B 90.00 29.10 43.40 51.20 81.50 41.40 91.40 53.70 64.00
Qwen2-VL-72B 91.80 32.80 59.40 52.40 73.40 77.40 93.40 54.20 62.20
DeepSeek-VL-2-small 83.80 34.20 39.20 53.60 65.60 24.80 68.40 26.40 36.20
DeepSeek-VL-2 86.80 35.10 42.20 56.60 81.20 65.80 78.80 28.40 69.00
LLaVA-One-Vision-7B 89.20 25.30 49.00 54.80 82.80 58.80 90.20 56.80 61.60
LLaVA-One-Vision-72B 92.40 24.70 58.00 0.20 0.00 44.80 99.40 54.60 3.80
Sa2VA-8B 89.20 30.40 48.80 48.60 84.40 38.20 76.20 39.80 62.80
Sa2VA-26B 91.60 28.90 52.60 51.00 85.40 41.60 98.80 54.80 71.20
CoLVA-2B 67.40 29.00 30.20 51.20 77.40 1.80 6.20 55.80 34.40
CoLVA-4B 81.40 30.50 44.40 54.00 71.60 28.60 93.80 36.40 58.80
Long-LLaVA 87.20 30.80 22.00 36.60 45.20 64.40 66.80 60.20 32.20
LM4LV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 57.83 10.32 23.45 13.50 38.40 10.98 23.45 27.50 0.05
PandaGPT (13B) 60.40 19.32 0.00 1.20 2.10 0.00 0.00 0.00 0.00
AnyGPT 29.20 9.42 12.80 14.54 16.12 15.31 17.22 19.70 15.66
GAMA 35.87 17.47 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Pengi 68.51 14.35 0.00 0.00 0.00 0.00 0.00 0.00 0.00
SALMONN-7B 1.00 21.59 0.00 1.60 4.40 1.60 1.00 1.00 1.60
SALMONN-13B 1.20 22.67 0.00 1.50 4.70 1.40 1.10 0.00 0.00
WavLLM 25.83 14.56 0.00 1.40 4.30 2.40 1.30 0.00 0.00
ImageBind-LLM 56.40 13.60 0.00 1.10 4.50 1.70 1.10 0.00 0.00
Unified-io-2-XXL 56.80 17.56 17.80 16.50 18.50 10.30 11.40 4.30 23.60
ModaVerse-7b-v0 49.39 15.80 0.00 1.02 1.90 0.00 0.00 0.00 0.00
AudioGPT-GPT4 84.30 30.40 20.10 54.10 81.90 77.40 98.70 63.60 49.70
SpeechGPT-7B-com 45.60 13.56 0.00 1.20 4.10 0.00 0.00 0.00 0.00
LLaMA-Omni 44.50 24.08 0.00 45.30 34.20 45.30 23.10 14.50 11.00
3D-LLM 84.40 9.29 20.20 1.20 18.00 0.00 0.00 0.00 0.20
PointLLM-7B 84.40 19.91 20.20 0.00 0.00 0.00 0.00 0.00 0.00
PointLLM-13B 84.60 19.69 23.60 0.00 0.00 0.00 0.00 0.00 0.00
3D-VisTA 84.40 0.64 20.20 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-T5 84.40 3.56 20.20 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-LLaMA 71.20 5.30 28.40 0.00 0.00 0.00 0.00 0.00 0.00
AvatarGPT 84.40 11.48 20.20 0.00 0.00 0.00 0.00 0.00 0.00
LLaMA-Mesh 87.20 17.93 45.20 0.00 0.00 0.00 0.00 0.00 0.00
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Table 73: Results on NLP Group, from #L-3 to #L-4.

#L-3 #L-4
(Domain QA) (Social QA)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #↑6 #7↑ #1↑ #2↑ #3↑ #4↑ #5↑ #6↑

SoTA Specialist 82.62 48.79 73.55 53.31 94.50 96.67 88.00 48.73 82.00 49.21 97.30 91.00 57.74

Meta-Llama-3.1-8B-Instruct 29.20 22.89 36.90 41.42 83.00 84.24 81.80 42.66 63.80 29.39 94.40 93.00 39.89
Qwen2.5-7B-Instruct 20.56 27.48 41.47 27.69 86.80 83.43 77.20 35.58 63.00 20.48 94.20 93.80 22.69
Gemma-2-9b-it 15.78 28.87 37.97 15.70 89.80 80.40 77.20 23.13 62.60 14.85 93.40 93.80 13.42
ChatGLM-6b 19.60 23.32 30.54 27.28 52.60 55.76 51.60 31.83 57.60 22.98 68.60 71.00 24.59
Vicuna-7b-v1.5 15.63 23.22 15.62 14.90 59.00 48.08 57.60 18.83 55.40 19.06 67.40 71.00 15.46
InternLM-Chat-7b 14.20 15.81 29.55 20.55 67.20 73.13 70.80 23.91 67.80 17.15 84.60 81.60 15.51
GPT-J-6B 12.50 12.93 6.11 10.87 43.40 32.12 36.60 7.86 48.20 10.40 36.20 31.60 12.42
Falcon3-7B-Instruct 24.60 26.11 38.93 38.45 81.20 65.45 74.60 41.65 65.20 27.99 87.80 87.80 30.33
Baichuan2-7B-Base 12.63 14.51 8.38 12.63 48.20 33.13 39.20 9.04 51.40 9.78 35.40 30.00 13.65
Ministral-8B-Instruct-2410 16.39 27.41 38.60 21.27 82.60 83.84 76.60 28.74 66.60 14.68 92.20 92.40 16.87
Yi-Ligntning 27.08 26.62 41.18 37.58 89.60 85.45 80.20 42.34 68.20 28.95 95.00 94.00 34.55
GPT-3.5-turbo 14.22 29.65 36.26 24.38 48.20 33.13 40.00 28.14 51.20 14.95 35.60 30.00 13.58
GPT-4v 22.56 25.12 36.75 36.22 48.20 33.13 40.00 37.08 51.20 25.99 25.60 30.00 25.40
GPT-4o 19.95 26.31 43.04 27.21 48.20 33.13 40.00 33.32 51.20 19.45 35.60 30.00 19.43
GPT4o-mini 21.42 28.98 41.72 33.83 48.20 33.13 40.00 38.67 51.20 23.10 35.60 30.00 24.83
GPT-4o-4096 19.36 27.90 42.29 27.30 48.20 33.13 40.00 33.38 51.20 20.36 35.60 30.00 19.12
ChatGPT-4o-latest 19.67 28.22 43.00 26.80 48.20 33.13 40.00 32.25 51.20 18.64 35.60 30.00 17.50
Claude-3.5-Sonnet 47.83 37.75 53.34 37.66 69.60 76.20 54.40 41.68 60.20 30.02 58.60 61.00 42.93
Claude-3.5-Opus 46.29 33.32 43.88 28.87 69.40 71.20 49.60 34.60 57.00 24.78 59.60 51.00 33.36
Emu2-32B 40.15 29.51 46.14 26.70 67.60 69.40 49.80 30.88 48.40 23.51 51.80 49.20 33.57
DetGPT 36.27 21.60 40.13 21.79 61.00 62.80 42.00 28.70 46.00 18.50 43.40 43.00 27.02
InternVL2.5-8B 74.80 37.58 65.80 24.73 92.20 90.60 31.10 24.89 25.92 33.72 26.24 31.72 44.54
InternVL2.5-4B 78.40 34.30 65.00 22.55 91.80 90.60 26.21 26.87 33.41 19.32 38.71 36.48 36.36
NExT-GPT-V1.5 15.46 34.87 10.56 12.50 54.74 46.50 53.20 18.56 53.40 18.40 63.50 69.50 13.68
InternVL2.5-2B 65.80 35.48 61.20 25.94 77.20 75.40 28.97 22.94 33.01 12.06 28.83 31.40 25.34
Monkey-10B-chat 41.80 8.41 47.60 6.09 37.40 43.00 7.65 8.59 11.82 14.87 6.21 11.28 18.78
DeepSeek-VL-7B 69.60 37.17 58.80 25.01 84.00 85.20 29.07 24.30 21.08 18.84 19.38 19.90 18.63
Qwen2-VL-7B 27.22 19.56 24.37 35.59 37.00 67.00 53.00 32.20 42.00 29.45 67.00 69.00 38.75
Qwen-VL-Chat 18.43 14.25 7.97 15.07 56.20 72.20 60.00 11.93 60.60 16.52 72.20 61.60 17.60
Qwen-Audio-Chat 23.20 27.51 35.14 32.37 54.20 58.98 59.00 37.24 51.00 25.99 81.20 74.00 28.59
Qwen2-Audio-Instruct 22.04 26.94 35.01 31.89 65.33 86.60 78.58 37.84 78.65 24.22 90.11 0.00 26.65
MoE-LLAVA-Phi2-2.7B-4e-384 24.06 28.98 34.26 32.01 60.00 71.00 55.40 36.03 59.60 26.12 71.00 66.60 28.89
mPLUG-Owl2-LLaMA2-7b 25.13 23.25 34.04 35.23 71.80 83.60 75.40 39.15 66.40 28.12 83.60 83.00 32.44
Phi-3.5-Vision-Instruct 24.27 26.39 38.03 37.09 79.40 91.00 78.20 40.94 66.60 26.73 91.00 88.00 34.85
Cambrian-1-8B 26.77 17.90 26.20 37.79 48.40 37.00 41.20 28.41 51.20 24.05 37.00 32.20 36.13
MiniGPT4-LLaMA2 26.85 14.42 19.58 0.00 68.20 84.60 73.20 23.81 63.40 0.00 84.60 66.40 32.67
InternVL-Chat-V1-5 68.80 36.29 61.20 25.20 84.60 86.00 28.85 24.68 19.83 16.15 18.50 18.16 25.45
Mini-InternVL-Chat-4B-V1-5 72.00 33.38 61.60 21.77 87.80 86.80 25.55 27.77 26.71 12.11 22.99 25.42 30.81
InternLM-XComposer2-VL-1.8B 57.80 34.44 57.20 22.75 75.80 76.80 25.04 26.40 18.82 8.95 17.57 21.57 16.96
GPT4RoI 40.60 17.49 51.40 23.36 36.40 29.60 26.25 3.25 5.47 6.68 0.90 0.60 0.00
GLaMM 40.00 12.46 51.20 8.70 35.60 30.00 7.40 20.24 9.04 3.07 9.16 9.55 0.00
LLaVA-NeXT-13B 27.85 23.33 36.21 20.22 46.40 55.60 46.60 32.13 60.40 19.74 62.60 51.60 27.55
LLaVA-NeXT-34B 23.78 26.84 33.25 31.89 56.60 58.80 50.20 35.24 57.20 23.19 67.40 61.20 26.64
Pixtral-12B 24.67 24.33 36.94 32.92 62.20 62.00 55.60 40.17 62.40 21.02 69.80 66.80 29.71
SEED-LLaMA-13B 12.05 13.95 24.67 15.48 29.20 47.60 42.80 19.07 38.40 15.16 33.60 24.40 20.49
BLIP2 29.27 23.32 41.83 37.69 64.20 63.00 59.20 46.29 68.40 41.84 79.60 88.40 52.61
MiniMonkey 17.43 15.90 31.21 25.90 62.80 65.86 64.40 32.76 58.00 23.26 80.40 78.40 23.68
DeepSeek-VL-7B 50.80 33.74 56.20 0.00 61.80 58.00 0.00 24.40 15.43 12.02 14.56 17.63 1.53
LISA-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 45.61 25.47 46.78 34.10 63.40 67.80 53.20 29.83 49.60 27.09 49.60 48.20 35.70
ShareGPT4V-7B 33.20 24.84 41.18 22.86 62.60 64.20 42.20 27.93 46.40 20.43 46.00 45.60 27.66
ShareGPT4V-13B 36.19 23.32 40.73 26.17 65.40 64.40 47.80 30.45 44.60 22.43 50.40 49.40 27.20
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#L-3 #L-4
(Domain QA) (Social QA)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #1↑ #2↑ #3↑ #4↑ #5↑ #6↑

BLIP-3 (XGen-MM) 41.17 26.99 44.56 25.79 65.40 68.40 47.60 33.70 46.00 24.40 48.80 45.60 30.89
AnyGPT 13.45 10.84 16.73 10.64 24.80 24.20 18.00 0.00 16.00 7.96 18.60 18.20 10.80
MiniCPM3-4B 51.94 34.47 52.23 31.14 69.80 73.00 45.20 33.55 46.00 25.14 56.40 54.00 37.87
LaVIT-V2 (7B) 40.36 23.12 39.05 25.22 61.60 58.60 36.40 25.57 37.80 23.52 45.20 39.00 26.88
GLM-VL-Chat 50.08 36.02 52.19 31.23 68.00 71.00 43.60 29.72 43.20 25.78 56.40 53.80 37.28
Gemini-1.5-Pro 29.14 34.32 41.77 36.41 89.60 90.20 84.20 42.15 81.40 27.23 86.60 88.40 40.45
Gemini-1.5-Flash 26.93 30.08 37.04 33.83 86.20 84.40 78.20 38.47 72.60 23.78 80.20 82.60 36.83
OMG-LLaVA-InternLM20B 16.07 14.54 26.76 12.95 53.80 51.20 29.80 15.42 14.80 12.91 14.80 16.20 12.86
Idefics3-8B-Llama3 28.54 29.32 35.93 31.89 87.80 88.20 73.60 39.30 74.40 22.05 78.00 79.60 36.13
Yi-Vision-v2 15.03 23.04 37.95 30.74 48.20 33.13 40.00 35.67 51.20 16.25 35.60 30.00 21.46
Qwen2-VL-72B 16.47 25.99 34.25 31.83 69.32 46.24 66.31 34.96 66.34 21.97 47.88 61.92 22.47
Otter 19.58 18.72 9.86 21.66 44.60 38.38 46.00 15.12 47.40 18.77 40.60 34.20 20.50
Show-o 14.13 9.84 13.04 23.23 57.00 38.00 46.00 19.57 38.00 18.65 32.00 28.00 27.79
NExT-Chat 11.62 12.13 6.66 14.17 48.20 33.13 40.00 12.88 51.20 16.85 35.60 30.00 19.15
InternVL2-26B 19.30 19.70 33.40 27.10 81.60 75.90 71.40 32.70 65.00 21.70 86.20 86.40 24.70
Qwen2-VL-72B 22.80 27.80 38.50 36.50 91.20 83.80 79.20 39.50 70.10 25.00 95.40 96.20 28.20
DeepSeek-VL-2-small 21.40 29.20 40.50 29.70 77.00 80.20 81.40 37.40 65.80 26.50 92.80 92.60 28.20
DeepSeek-VL-2 21.90 28.10 42.40 31.80 80.60 82.80 80.80 40.30 67.60 24.70 92.60 95.40 26.80
LLaVA-One-Vision-7B 20.40 21.90 35.30 32.80 82.60 78.20 73.80 33.80 64.80 23.60 88.20 93.00 28.70
LLaVA-One-Vision-72B 23.50 25.00 36.60 39.30 91.20 85.30 81.00 41.10 70.00 28.10 96.40 96.00 35.20
Sa2VA-8B 23.30 26.50 38.20 37.60 84.60 82.60 78.80 40.50 66.80 26.80 92.80 91.40 32.90
Sa2VA-26B 26.20 27.10 38.40 40.00 87.20 77.40 76.20 41.70 68.40 28.40 89.00 89.00 34.80
CoLVA-2B 19.90 20.20 33.50 30.70 53.20 54.30 51.40 34.20 49.80 24.20 66.40 60.60 27.30
CoLVA-4B 21.20 27.80 38.30 30.90 83.60 79.80 80.80 36.20 68.60 23.60 93.00 89.40 26.80
Long-LLaVA 23.10 25.70 30.90 34.80 50.20 36.40 42.60 34.40 54.00 28.10 38.40 46.60 36.20
LM4LV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 13.47 14.58 15.60 13.20 54.74 45.60 52.30 20.56 49.82 13.40 60.34 62.34 16.83
PandaGPT (13B) 9.78 5.34 17.61 14.90 45.10 22.08 0.00 15.89 10.38 11.15 56.90 24.00 15.46
AnyGPT 13.45 10.84 16.73 10.64 24.80 24.20 18.00 0.00 16.00 7.96 18.60 18.20 10.80
GAMA 22.58 35.84 24.29 28.91 0.00 63.83 65.50 27.30 0.00 21.57 0.00 47.21 25.57
Pengi 14.35 30.46 20.67 26.63 0.00 67.00 45.60 20.40 0.00 20.89 0.00 45.30 15.67
SALMONN-7B 11.63 7.06 28.09 18.58 66.36 32.00 0.00 21.90 20.00 14.68 68.44 28.00 19.19
SALMONN-13B 11.87 7.31 29.78 17.91 76.53 32.13 0.00 22.50 22.10 13.02 77.80 29.70 17.40
WavLLM 21.45 36.79 25.43 29.01 0.00 66.55 57.35 28.09 0.00 22.12 0.00 68.85 26.23
ImageBind-LLM 23.50 45.60 24.30 28.70 0.00 78.00 56.00 29.80 0.00 12.40 0.00 48.75 15.40
Unified-io-2-XXL 16.51 14.35 15.67 12.40 21.34 24.67 20.56 2.50 5.03 6.78 0.80 0.60 0.00
ModaVerse-7b-v0 9.45 4.56 12.40 11.37 10.34 20.45 0.00 14.50 9.68 10.32 46.78 23.60 16.67
AudioGPT-GPT4 22.76 25.05 36.89 36.48 43.10 32.18 39.78 37.09 51.10 25.34 25.70 29.80 25.30
SpeechGPT-7B-com 20.34 34.23 24.34 28.35 0.00 65.40 45.60 13.09 0.00 20.40 0.00 67.50 16.34
LLaMA-Omni 27.60 22.89 36.90 41.42 83.00 74.56 80.20 43.30 63.20 28.37 84.40 65.30 19.78
3D-LLM 4.24 1.03 17.38 8.69 48.20 33.13 40.00 12.15 51.20 6.40 35.60 30.00 5.32
PointLLM-7B 16.65 23.89 16.02 17.27 48.20 33.13 40.00 20.15 51.20 20.26 35.60 30.00 18.32
PointLLM-13B 17.24 23.20 16.45 16.99 45.80 32.93 32.20 20.01 51.20 19.91 34.80 30.60 18.39
3D-VisTA 0.20 0.00 0.31 0.05 48.20 33.13 40.00 0.23 51.20 0.10 35.60 30.00 0.05
MotionGPT-T5 1.27 0.00 5.00 0.91 48.20 33.13 40.00 1.82 51.20 1.13 35.60 30.00 0.55
MotionGPT-LLaMA 18.53 19.87 8.41 6.14 43.40 33.54 41.80 11.64 46.00 14.46 39.40 39.20 21.27
AvatarGPT 7.99 2.38 13.69 7.64 48.20 33.13 40.00 11.84 51.20 7.48 35.60 30.00 6.09
LLaMA-Mesh 28.67 22.44 23.21 34.27 71.60 76.16 73.00 27.88 69.60 29.28 90.80 86.40 37.13
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Table 75: Results on NLP Group, from #L-5 to #L-7.

#L-5 #L-6 #L-7
(Non-Trad QA) (Advance QA) (Math Ability)Model

#1↑ #2↑ #3↑ #1↑ #2↑ #3↑ #4↑ #5↑ #1↑ #2↑ #3↑

SoTA Specialist 43.46 77.01 53.59 48.87 61.77 83.33 32.01 88.00 75.00 81.00 69.34

Meta-Llama-3.1-8B-Instruct 26.80 18.10 15.14 17.70 17.43 46.32 33.22 71.20 48.60 29.20 30.89
Qwen2.5-7B-Instruct 28.44 17.60 14.79 18.52 20.58 18.50 18.91 70.60 32.80 11.20 26.82
Gemma-2-9b-it 33.64 21.78 15.99 20.32 21.18 57.76 29.47 72.60 46.20 24.20 34.41
ChatGLM-6b 29.10 21.31 7.75 26.56 24.08 12.04 21.72 54.80 24.40 0.00 32.15
Vicuna-7b-v1.5 3.30 6.10 4.14 2.27 0.73 1.05 2.19 60.00 23.40 0.00 36.43
InternLM-Chat-7b 30.64 22.06 9.71 22.50 26.23 12.30 21.58 71.60 26.20 1.80 33.92
GPT-J-6B 2.03 1.86 0.93 1.08 0.05 0.41 1.22 56.40 24.40 0.00 25.68
Falcon3-7B-Instruct 26.33 23.70 14.10 18.79 21.22 49.90 25.67 70.00 27.20 35.00 33.89
Baichuan2-7B-Base 1.12 1.11 4.19 0.52 0.69 9.47 0.61 63.00 24.40 22.40 29.18
Ministral-8B-Instruct-2410 34.01 42.06 41.87 36.71 45.25 15.73 29.36 75.40 30.80 0.00 8.19
Yi-Ligntning 25.42 20.37 15.79 16.91 19.55 55.99 20.86 85.83 25.80 18.60 22.95
GPT-3.5-turbo 30.46 12.26 5.86 18.50 12.41 27.83 20.27 64.00 24.40 0.00 43.85
GPT-4v 25.48 10.78 7.04 12.22 10.99 34.89 17.12 64.00 24.40 37.05 21.91
GPT-4o 29.30 11.67 7.64 13.55 11.79 22.52 19.45 64.00 24.40 35.05 21.97
GPT4o-mini 27.23 11.65 7.28 12.92 12.92 23.57 16.45 64.00 24.40 34.42 20.65
GPT-4o-4096 29.82 13.40 8.30 13.97 13.12 24.63 23.01 64.00 24.40 0.00 20.47
ChatGPT-4o-latest 30.07 13.75 7.05 14.22 12.06 28.23 22.35 64.00 24.40 0.00 18.59
Claude-3.5-Sonnet 31.26 40.07 28.78 32.27 35.84 32.42 39.32 64.60 41.40 52.00 47.62
Claude-3.5-Opus 25.90 41.43 26.53 29.89 28.32 26.08 32.91 59.20 39.00 39.60 42.33
Emu2-32B 26.88 34.62 21.72 22.77 25.92 25.93 28.18 53.40 37.80 40.60 38.71
DetGPT 19.99 31.33 17.94 20.13 19.03 20.62 27.87 50.00 34.60 32.00 29.10
InternVL2.5-8B 31.39 45.60 51.60 39.12 25.42 17.02 50.29 31.76 51.66 52.69 48.58
InternVL2.5-4B 42.78 69.20 44.60 38.83 26.18 8.28 50.89 31.73 50.05 31.95 41.91
NExT-GPT-V1.5 3.30 5.40 3.87 1.67 0.73 9.05 11.60 59.30 20.80 0.00 28.67
InternVL2.5-2B 26.67 60.20 36.80 33.95 22.26 15.69 50.69 28.50 38.05 46.41 38.50
Monkey-10B-chat 3.61 57.60 19.60 35.77 31.43 20.13 53.69 24.29 55.51 29.66 51.58
DeepSeek-VL-7B 21.28 70.60 29.60 38.93 38.93 70.60 70.60 70.60 70.60 57.66 21.28
Qwen2-VL-7B 28.90 15.17 9.45 14.99 18.27 3.21 9.33 59.00 28.00 41.96 38.80
Qwen-VL-Chat 2.77 2.71 2.83 1.71 0.61 0.14 1.70 63.70 22.60 7.78 27.42
Qwen-Audio-Chat 25.48 18.21 11.82 16.40 16.65 5.38 16.29 61.40 24.60 0.00 34.70
Qwen2-Audio-Instruct 25.10 20.82 9.67 17.08 18.48 14.83 22.94 72.30 0.00 0.00 36.75
MoE-LLAVA-Phi2-2.7B-4e-384 24.98 22.15 15.64 18.48 20.99 31.77 21.40 55.40 25.00 43.29 27.91
mPLUG-Owl2-LLaMA2-7b 28.29 24.61 11.98 22.22 31.37 8.96 11.52 53.72 27.00 36.59 30.15
Phi-3.5-Vision-Instruct 30.25 35.99 20.52 33.28 34.39 54.86 27.17 59.44 30.40 44.65 42.87
Cambrian-1-8B 22.34 15.39 10.86 15.86 16.65 28.93 14.32 48.28 24.40 42.66 34.28
MiniGPT4-LLaMA2 3.19 3.57 4.36 2.03 0.72 0.16 1.93 50.13 31.20 7.78 38.93
InternVL-Chat-V1-5 17.79 63.00 37.20 2.20 42.92 14.65 52.49 30.51 9.17 51.42 50.62
Mini-InternVL-Chat-4B-V1-5 32.81 63.80 23.20 5.00 44.55 22.60 50.09 30.43 16.63 1.30 44.39
InternLM-XComposer2-VL-1.8B 16.86 56.80 28.60 0.00 24.36 12.91 53.89 27.50 25.00 0.00 44.65
GPT4RoI 1.00 63.60 24.80 0.00 24.10 0.00 46.30 5.37 20.01 0.00 10.79
GLaMM 2.96 64.00 24.40 0.00 0.00 10.70 46.30 25.00 25.00 0.00 12.95
LLaVA-NeXT-13B 25.73 22.48 8.39 23.73 19.67 18.19 18.58 57.20 22.80 2.60 28.53
LLaVA-NeXT-34B 25.01 23.54 10.19 18.67 22.67 17.56 19.65 67.40 25.40 4.20 35.85
Pixtral-12B 27.67 27.40 11.43 23.07 20.02 24.11 22.53 63.80 27.20 4.80 36.67
SEED-LLaMA-13B 14.78 8.88 2.75 10.86 13.24 13.61 13.12 43.40 14.60 1.20 19.23
BLIP2 29.63 33.93 11.57 31.67 22.47 30.97 26.53 67.60 27.80 0.00 35.29
MiniMonkey 24.32 20.98 8.68 17.47 24.01 28.28 19.85 55.20 31.80 3.20 36.68
DeepSeek-VL-7B 9.17 64.40 27.00 0.40 39.87 7.19 47.70 24.55 46.70 21.73 17.69
LISA-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 25.04 37.77 24.74 25.41 26.30 23.17 33.51 57.40 41.60 42.80 39.87
ShareGPT4V-7B 23.19 28.22 15.83 18.39 16.80 19.34 23.24 48.40 36.00 35.20 32.22
ShareGPT4V-13B 23.23 29.06 21.96 26.99 24.93 23.99 29.35 51.60 35.60 40.60 38.75
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#L-5 #L-6 #L-7
(Non-Trad QA) (Advance QA) (Math Ability)Model

#1↑ #2↑ #3↑ #1↑ #2↑ #3↑ #4↑ #5↑ #1↑ #2↑ #3↑

BLIP-3 (XGen-MM) 24.30 34.92 24.63 26.70 21.70 23.61 33.51 53.40 35.20 41.60 38.25
AnyGPT 10.04 13.99 0.00 11.03 7.64 8.71 13.25 18.80 14.20 13.00 13.45
MiniCPM3-4B 32.94 37.32 22.96 24.09 29.80 27.26 31.46 55.20 43.40 48.20 41.36
LaVIT-V2 (7B) 21.39 31.47 18.52 24.23 24.22 23.68 32.52 39.40 28.20 29.20 30.68
GLM-VL-Chat 32.60 38.71 19.90 21.72 26.52 24.85 29.63 54.20 41.00 46.80 41.84
Gemini-1.5-Pro 29.58 23.54 14.52 34.49 32.95 23.57 25.68 66.60 29.40 38.20 36.80
Gemini-1.5-Flash 31.04 19.82 11.75 31.64 28.39 21.68 26.45 61.60 26.80 34.20 35.40
OMG-LLaVA-InternLM20B 7.09 9.38 8.61 6.24 8.62 6.21 18.07 18.80 15.80 6.40 17.80
Idefics3-8B-Llama3 30.14 22.15 12.56 32.20 26.36 18.62 22.47 60.20 25.20 33.20 31.80
Yi-Vision-v2 23.42 15.03 15.12 14.57 11.36 22.98 18.79 64.00 24.40 33.49 20.04
Qwen2-VL-72B 29.19 18.23 11.01 30.03 17.87 32.39 18.81 67.21 27.30 43.00 31.16
Otter 41.37 1.81 2.26 2.34 1.78 0.23 3.41 60.03 23.60 7.84 20.83
Show-o 10.81 30.80 6.87 19.14 24.04 11.25 8.43 37.82 31.00 6.57 7.14
NExT-Chat 14.70 3.92 7.27 6.41 6.93 0.00 3.96 64.00 24.40 0.00 8.57
InternVL2-26B 25.60 22.40 15.20 21.60 29.90 39.10 25.20 70.60 29.40 12.80 43.50
Qwen2-VL-72B 31.70 38.10 41.20 41.70 40.40 68.80 25.10 73.40 30.10 47.80 35.10
DeepSeek-VL-2-small 25.90 21.60 12.00 17.30 18.30 25.90 17.60 72.00 26.60 4.40 29.20
DeepSeek-VL-2 25.60 18.60 12.30 17.10 18.60 33.80 20.10 73.80 29.40 15.20 28.40
LLaVA-One-Vision-7B 33.10 27.90 12.60 28.80 35.90 63.50 35.40 71.40 44.20 7.00 45.20
LLaVA-One-Vision-72B 34.40 22.60 32.60 35.80 43.20 75.80 53.20 77.00 52.20 8.60 44.90
Sa2VA-8B 28.60 33.70 45.60 26.80 37.80 52.70 33.80 74.40 51.80 15.80 34.20
Sa2VA-26B 28.70 23.60 24.10 21.30 24.10 59.20 30.20 73.00 55.20 17.40 35.20
CoLVA-2B 27.60 28.40 9.10 24.30 30.90 20.60 23.70 61.60 23.60 5.40 27.50
CoLVA-4B 30.60 22.00 12.20 21.20 26.10 29.40 32.30 72.60 47.80 14.00 34.80
Long-LLaVA 22.50 22.40 8.60 18.00 31.10 31.70 18.30 66.60 24.20 0.60 37.10
LM4LV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 3.10 14.30 3.87 13.76 0.73 9.05 16.10 53.90 21.20 0.00 26.87
PandaGPT (13B) 2.30 4.70 3.19 1.94 0.73 0.94 2.07 56.96 5.63 0.00 8.75
AnyGPT 10.04 13.99 0.00 11.03 7.64 8.71 13.25 18.80 14.20 13.00 13.45
GAMA 21.54 15.39 7.79 18.91 13.97 0.31 1.16 68.30 0.00 0.00 7.03
Pengi 19.78 13.67 4.58 15.34 13.89 0.23 1.02 58.33 0.00 0.00 3.98
SALMONN-7B 9.98 5.37 5.39 2.83 3.56 0.06 2.41 62.52 20.00 0.00 14.51
SALMONN-13B 10.32 5.68 6.89 3.21 5.76 0.00 3.20 48.15 20.40 0.00 15.78
WavLLM 20.73 14.67 6.45 16.78 14.34 0.32 1.07 29.78 0.00 0.00 11.45
ImageBind-LLM 10.45 7.56 4.34 6.78 8.45 0.34 1.04 35.22 0.00 0.00 10.29
Unified-io-2-XXL 1.20 11.10 5.67 0.00 0.89 0.00 13.56 55.40 10.40 0.00 6.57
ModaVerse-7b-v0 2.10 4.50 2.57 1.54 1.56 0.30 1.34 54.36 5.06 0.00 8.34
AudioGPT-GPT4 24.58 10.70 7.04 12.22 10.23 34.67 15.67 63.59 24.30 37.01 21.89
SpeechGPT-7B-com 18.34 14.67 6.45 15.34 13.45 0.20 1.00 78.60 0.00 0.00 8.35
LLaMA-Omni 26.80 18.10 15.14 16.70 7.45 6.23 32.23 73.40 48.60 29.20 30.89
3D-LLM 18.51 35.77 16.70 44.61 43.83 0.00 30.84 63.80 24.40 0.00 12.09
PointLLM-7B 3.27 6.15 4.13 2.20 0.72 0.77 2.13 64.00 24.40 0.00 34.64
PointLLM-13B 3.30 6.08 4.29 2.25 0.73 0.00 2.12 55.40 23.80 0.00 31.16
3D-VisTA 0.51 0.62 3.47 0.61 0.33 0.26 0.11 64.00 24.40 0.00 0.00
MotionGPT-T5 0.81 0.00 0.85 0.09 0.16 0.00 0.07 64.00 24.40 0.00 0.03
MotionGPT-LLaMA 4.75 2.24 3.56 2.31 1.68 1.52 1.66 55.20 24.80 0.00 14.34
AvatarGPT 8.53 2.16 3.77 1.59 1.58 0.11 1.19 64.00 24.40 0.00 0.90
LLaMA-Mesh 3.24 6.05 5.98 2.10 0.72 0.93 1.92 68.60 24.60 0.00 39.22
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Table 77: Results on NLP Group, from #L-8 to #L-11.

#L-8 #L-9 #L-10 #L-11
(Code Ability) (X-Lan&NMT) (Txt Sum) (Dialog Gen)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #1↑ #2↑ #3↑ #4↑ #1↑ #2↑ #3↑ #1↑

SoTA Specialist 80.50 79.50 75.06 76.94 77.20 71.06 83.61 72.83 91.30 48.16 76.23 91.35 28.27

Meta-Llama-3.1-8B-Instruct 19.72 47.31 32.72 37.18 8.67 54.06 61.57 21.24 76.06 47.56 35.00 50.92 14.80
Qwen2.5-7B-Instruct 11.72 54.49 35.18 53.19 54.39 56.55 66.23 30.63 76.70 47.90 33.47 49.16 15.34
Gemma-2-9b-it 18.11 49.10 33.06 59.71 55.22 53.25 71.21 11.99 79.77 36.49 36.88 50.18 13.34
ChatGLM-6b 11.13 46.71 22.25 56.28 43.05 23.50 39.20 24.54 24.16 43.80 22.69 49.04 13.93
Vicuna-7b-v1.5 3.79 53.69 24.58 52.13 42.18 53.36 60.79 30.15 74.92 45.00 28.18 48.56 5.06
InternLM-Chat-7b 7.33 53.69 26.96 54.17 1.50 42.63 51.67 25.74 59.02 43.33 26.05 47.63 13.01
GPT-J-6B 2.21 53.19 17.64 44.19 8.13 8.48 17.59 0.98 13.83 22.76 10.61 27.38 3.02
Falcon3-7B-Instruct 12.70 53.29 35.64 47.73 61.20 54.26 59.21 30.75 78.92 46.71 32.30 47.20 15.56
Baichuan2-7B-Base 18.02 46.51 33.39 49.72 50.66 37.06 54.76 13.24 58.91 22.42 12.63 20.43 4.92
Ministral-8B-Instruct-2410 16.74 49.90 12.77 5.34 29.54 56.93 70.39 21.21 78.95 47.77 33.55 49.06 13.73
Yi-Ligntning 20.95 49.70 37.06 56.55 53.59 60.59 74.60 31.47 83.43 43.32 32.40 50.38 15.29
GPT-3.5-turbo 17.51 54.09 33.62 39.57 37.16 63.11 77.81 33.81 86.27 46.69 32.20 50.18 14.40
GPT-4v 27.81 48.70 35.28 35.05 33.51 63.12 79.38 32.70 86.25 43.08 32.87 50.39 13.96
GPT-4o 28.47 51.70 33.80 36.01 33.20 64.63 81.15 34.15 87.52 44.59 32.80 50.67 14.49
GPT4o-mini 29.30 51.30 36.24 37.52 32.79 64.87 79.53 34.15 87.63 44.44 33.42 50.97 13.51
GPT-4o-4096 29.30 47.90 34.00 36.37 33.50 64.24 80.61 33.27 87.42 43.00 32.65 51.12 15.49
ChatGPT-4o-latest 28.60 49.30 35.93 35.82 33.28 64.18 80.93 33.16 87.38 44.10 33.39 50.28 15.08
Claude-3.5-Sonnet 33.84 54.49 51.79 59.84 41.81 55.89 52.89 31.70 65.44 43.18 44.77 73.60 20.70
Claude-3.5-Opus 37.47 51.30 46.75 56.24 45.08 57.25 52.53 29.57 63.71 36.54 46.37 62.96 17.39
Emu2-32B 32.04 44.91 45.72 46.81 39.13 52.12 47.20 25.60 56.98 35.04 37.31 66.70 13.05
DetGPT 21.64 38.92 37.46 42.17 33.02 42.92 40.35 20.22 50.60 33.39 33.55 57.84 11.12
InternVL2.5-8B 55.64 27.19 62.17 39.17 30.91 44.99 13.88 33.23 31.30 19.89 44.79 89.00 9.07
InternVL2.5-4B 50.96 25.71 57.20 42.76 29.77 46.58 12.58 26.61 30.53 24.94 41.01 89.68 7.82
NExT-GPT-V1.5 2.60 50.34 19.56 50.25 40.61 51.90 56.63 29.68 67.75 41.50 25.40 46.30 5.06
InternVL2.5-2B 32.80 27.27 47.17 40.82 27.67 42.10 12.37 35.38 27.72 22.89 42.25 86.33 9.07
Monkey-10B-chat 61.05 26.19 72.42 45.67 32.96 45.92 7.21 36.08 33.61 8.00 62.68 91.14 11.00
DeepSeek-VL-7B 61.84 30.88 72.05 47.26 31.63 47.87 14.46 43.94 1.83 30.94 51.35 88.00 10.37
Qwen2-VL-7B 7.19 52.00 21.93 40.53 24.82 29.55 51.07 15.98 45.08 35.21 23.71 47.81 12.62
Qwen-VL-Chat 2.37 53.69 26.76 45.80 9.56 35.24 50.27 15.34 63.81 24.47 16.08 40.63 12.83
Qwen-Audio-Chat 8.70 50.89 19.75 42.35 48.19 53.76 61.65 29.92 76.89 44.99 26.21 48.40 10.47
Qwen2-Audio-Instruct 13.57 53.69 20.76 43.56 40.36 57.88 60.68 28.59 78.96 41.77 29.40 48.45 12.08
MoE-LLAVA-Phi2-2.7B-4e-384 8.13 53.69 23.32 53.18 53.79 55.75 62.18 11.40 75.50 46.05 33.73 48.80 11.16
mPLUG-Owl2-LLaMA2-7b 8.50 46.91 31.44 50.86 43.54 31.63 27.47 12.00 50.07 43.70 31.77 48.15 10.65
Phi-3.5-Vision-Instruct 18.92 53.09 33.90 58.48 54.41 55.85 49.05 13.62 74.88 47.24 31.66 49.57 12.74
Cambrian-1-8B 2.37 53.49 24.93 63.10 14.25 36.46 60.68 10.69 54.16 34.43 28.95 34.16 8.90
MiniGPT4-LLaMA2 2.51 53.69 35.05 55.30 68.62 35.30 46.96 11.57 47.05 37.60 22.71 48.11 10.42
InternVL-Chat-V1-5 57.70 30.73 65.14 44.44 44.44 47.94 13.49 43.81 28.73 16.33 39.75 83.44 0.00
Mini-InternVL-Chat-4B-V1-5 41.39 24.82 61.32 43.74 29.68 46.01 12.77 36.12 29.01 13.13 43.70 84.72 0.00
InternLM-XComposer2-VL-1.8B 38.12 26.67 58.53 46.80 32.32 46.73 12.45 18.42 18.91 22.65 36.37 89.48 0.00
GPT4RoI 15.18 7.10 17.79 22.13 13.56 20.58 4.23 9.92 17.10 2.52 17.63 23.03 0.00
GLaMM 20.84 0.00 5.40 16.10 13.26 21.56 7.96 2.14 4.94 0.00 21.51 40.08 0.00
LLaVA-NeXT-13B 6.32 36.33 20.27 33.54 19.56 36.23 32.17 8.47 36.07 32.18 25.54 44.36 9.57
LLaVA-NeXT-34B 8.54 34.93 29.87 45.67 27.05 40.98 35.86 14.76 57.21 36.32 34.89 45.60 12.88
Pixtral-12B 11.12 48.70 27.43 40.28 26.79 37.43 36.27 13.24 45.04 36.25 32.56 44.09 12.00
SEED-LLaMA-13B 6.32 27.94 15.79 22.01 7.39 26.19 32.94 7.26 20.15 24.31 14.23 32.14 4.80
BLIP2 3.67 22.18 16.73 29.64 6.22 37.23 31.77 13.81 48.51 33.50 34.77 44.32 8.56
MiniMonkey 14.91 53.09 28.92 51.37 49.53 46.17 39.55 31.19 63.30 42.16 29.16 49.10 12.73
DeepSeek-VL-7B 34.22 4.67 23.61 29.68 16.64 43.10 11.22 30.94 15.02 20.13 17.55 67.17 11.07
LISA-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 27.55 44.31 46.48 46.92 40.04 52.95 50.06 26.57 58.20 35.14 41.01 61.89 16.03
ShareGPT4V-7B 25.34 40.32 39.39 44.56 33.93 43.31 38.89 20.14 49.65 33.37 32.77 57.34 10.51
ShareGPT4V-13B 27.13 45.11 40.78 46.31 34.36 48.81 43.03 23.19 55.32 36.16 34.16 61.82 12.86
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#L-8 #L-9 #L-10 #L-11
(Code Ability) (X-Lan&NMT) (Txt Sum) (Dialog Gen)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #1↑ #2↑ #3↑ #4↑ #1↑ #2↑ #3↑ #1↑

BLIP-3 (XGen-MM) 29.16 44.71 46.65 50.89 39.95 50.52 44.40 23.96 57.25 34.78 34.46 63.27 13.21
AnyGPT 12.37 17.40 17.53 17.56 14.45 18.44 17.13 9.47 19.59 12.22 15.13 21.36 0.00
MiniCPM3-4B 35.26 43.60 48.38 47.14 45.70 46.22 45.74 34.05 54.93 37.62 41.81 65.77 19.79
LaVIT-V2 (7B) 24.75 39.80 36.70 45.34 28.72 39.30 33.25 26.56 41.02 28.57 35.75 54.39 13.20
GLM-VL-Chat 30.68 44.40 48.68 48.28 45.02 47.93 45.57 31.90 53.90 34.14 38.47 63.65 20.85
Gemini-1.5-Pro 25.60 52.30 35.24 40.91 43.54 58.65 68.28 38.72 85.46 44.08 32.73 49.32 14.27
Gemini-1.5-Flash 23.21 48.70 33.05 36.72 33.20 52.75 64.15 32.93 80.12 38.24 31.34 50.15 12.74
OMG-LLaVA-InternLM20B 9.38 14.98 25.23 26.27 18.30 25.69 9.41 7.47 23.35 12.62 12.47 26.74 3.02
Idefics3-8B-Llama3 18.49 51.30 32.80 36.87 32.96 47.93 52.87 14.33 68.93 36.85 28.12 51.32 11.08
Yi-Vision-v2 5.47 53.09 31.72 35.39 31.72 60.47 72.07 21.26 54.83 46.97 27.92 48.72 12.69
Qwen2-VL-72B 25.07 52.66 32.31 39.28 50.83 64.91 82.45 28.42 84.52 45.12 31.45 49.72 17.27
Otter 5.43 47.33 17.20 18.67 9.76 9.96 30.37 2.25 9.22 28.02 17.26 24.31 6.51
Show-o 3.41 23.81 3.65 7.61 1.37 4.43 13.22 5.89 9.60 10.73 0.00 0.00 0.00
NExT-Chat 0.00 46.30 4.54 25.11 2.39 6.91 12.16 3.62 10.40 27.04 20.52 29.58 8.18
InternVL2-26B 18.20 51.10 31.80 50.80 54.10 41.30 54.50 26.90 61.00 44.20 29.70 48.20 13.80
Qwen2-VL-72B 24.80 53.40 32.30 52.10 26.10 61.10 75.40 30.60 84.10 45.30 31.70 49.90 17.80
DeepSeek-VL-2-small 13.80 46.90 29.80 66.20 49.40 56.00 60.70 30.80 73.60 41.30 29.90 46.00 15.20
DeepSeek-VL-2 20.00 44.70 31.90 62.60 55.50 56.10 64.60 31.30 75.30 43.50 30.10 46.80 16.30
LLaVA-One-Vision-7B 21.50 53.70 34.10 63.10 59.50 53.30 62.40 29.50 75.70 44.90 23.20 49.30 17.70
LLaVA-One-Vision-72B 11.80 53.50 35.30 45.30 70.50 56.40 70.60 18.30 75.70 44.10 29.40 50.90 17.70
Sa2VA-8B 14.40 52.30 35.60 59.90 56.60 57.30 62.80 31.10 76.00 45.60 33.20 49.60 18.60
Sa2VA-26B 13.40 51.30 35.60 58.50 45.50 59.70 60.90 34.20 79.80 25.70 33.30 50.50 16.90
CoLVA-2B 8.80 54.10 29.10 42.80 51.80 42.20 36.20 26.40 58.20 41.90 27.90 46.40 12.80
CoLVA-4B 11.80 53.70 34.00 52.10 55.10 54.30 60.50 29.70 74.50 44.70 30.90 49.40 17.20
Long-LLaVA 16.90 46.30 25.20 62.30 41.50 44.30 46.00 30.30 75.00 43.30 21.90 49.10 6.30
LM4LV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 12.30 50.34 15.62 50.23 41.09 50.37 46.63 26.78 67.75 41.30 24.60 44.60 5.30
PandaGPT (13B) 0.68 45.37 24.58 52.13 54.58 7.56 5.37 3.84 22.39 7.37 3.89 6.46 0.00
AnyGPT 12.37 17.40 17.53 17.56 14.45 18.44 17.13 9.47 19.59 12.22 15.13 21.36 0.00
GAMA 5.49 53.69 18.79 34.56 67.50 0.08 0.59 0.00 0.03 0.38 0.34 0.65 7.01
Pengi 3.54 23.56 14.34 24.78 67.50 0.05 0.34 0.00 0.05 0.23 0.27 0.04 4.58
SALMONN-7B 1.11 53.89 10.89 25.56 56.36 11.43 12.42 6.40 15.42 9.99 2.65 9.87 1.15
SALMONN-13B 1.39 55.89 11.24 27.34 48.33 12.54 13.69 6.56 17.65 11.54 2.99 11.34 1.37
WavLLM 5.60 54.67 19.20 30.68 67.50 0.09 0.56 0.00 0.06 0.36 0.45 0.58 6.45
ImageBind-LLM 5.46 46.78 15.45 29.58 67.50 0.06 0.34 0.00 0.03 0.00 0.00 0.00 6.32
Unified-io-2-XXL 3.67 6.70 10.46 15.84 10.31 15.78 4.21 5.75 14.67 2.52 13.56 21.50 0.00
ModaVerse-7b-v0 0.68 43.50 23.60 46.60 54.58 7.56 5.37 3.84 22.39 7.37 3.89 6.46 0.00
AudioGPT-GPT4 27.56 48.50 35.46 35.45 33.51 63.05 78.50 33.24 84.34 43.08 32.45 51.23 14.05
SpeechGPT-7B-com 5.67 45.67 20.34 36.59 67.50 0.05 0.61 0.00 0.03 0.45 0.41 0.23 6.79
LLaMA-Omni 19.72 47.31 32.72 37.18 8.67 54.06 61.57 21.24 16.45 17.56 15.00 20.94 4.80
3D-LLM 2.13 46.31 0.00 0.00 0.65 27.70 35.62 51.18 4.04 32.50 29.52 22.22 4.87
PointLLM-7B 3.69 53.69 0.00 0.00 31.93 30.18 50.53 20.17 63.64 42.48 25.13 40.92 4.79
PointLLM-13B 3.53 53.69 0.00 0.00 41.05 42.57 55.99 25.94 70.58 44.87 30.72 41.31 4.71
3D-VisTA 0.65 46.31 0.00 0.00 0.01 0.86 2.93 0.06 0.05 2.41 2.42 1.70 0.21
MotionGPT-T5 0.23 46.31 4.94 0.05 0.40 0.02 0.01 0.08 0.02 0.31 0.66 0.46 0.26
MotionGPT-LLaMA 2.58 46.91 20.50 0.34 5.88 18.54 26.14 45.71 7.41 41.80 20.25 43.45 3.50
AvatarGPT 10.73 46.31 3.63 1.06 0.98 2.24 8.00 0.00 1.64 9.50 9.42 8.44 8.63
LLaMA-Mesh 3.86 53.69 30.35 53.56 54.75 54.69 72.44 26.26 76.21 45.89 28.61 47.44 4.93
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Table 79: Results on NLP Group, from #L-12 to #L-16.

#L-12 #L-13 #L-14 #L-15 #L-16
(TxT Gen) (Time Series) (Txt Cls) (Txt Entail) (Sem Analy)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #1↑ #1↑ #1↑ #1↑ #2↑ #3↑ #4↑

SoTA Specialist 93.02 75.19 83.46 85.89 97.19 0.31 94.40 91.41 88.00 98.00 85.40 72.80

Meta-Llama-3.1-8B-Instruct 39.83 29.90 31.12 42.10 83.74 7.95 76.40 51.80 44.79 80.00 75.00 63.80
Qwen2.5-7B-Instruct 50.67 33.58 31.85 47.24 90.90 5.74 88.20 79.35 66.40 49.00 63.80 46.80
Gemma-2-9b-it 36.37 25.40 22.22 9.33 86.00 5.75 84.46 55.82 75.60 83.80 62.20 48.00
ChatGLM-6b 32.84 27.89 30.32 48.30 74.85 10.91 41.80 45.81 50.20 47.80 0.00 0.00
Vicuna-7b-v1.5 30.01 30.10 23.34 46.16 90.29 11.41 0.00 0.00 0.00 0.00 0.00 0.00
InternLM-Chat-7b 32.59 26.43 22.48 9.72 91.15 10.23 77.80 6.87 58.80 14.20 31.00 3.60
GPT-J-6B 13.98 9.38 31.53 10.69 9.46 11.41 0.00 0.00 0.00 0.00 0.00 0.00
Falcon3-7B-Instruct 44.34 35.09 26.53 44.22 90.59 5.15 88.80 85.89 64.20 26.80 44.40 47.20
Baichuan2-7B-Base 49.50 36.31 14.53 55.40 93.31 7.85 0.00 0.00 0.00 0.00 0.00 0.00
Ministral-8B-Instruct-2410 15.54 16.33 32.30 23.68 29.11 11.08 84.80 72.60 53.80 67.00 61.60 44.40
Yi-Ligntning 52.74 34.45 28.52 52.30 95.39 5.37 72.60 56.24 78.20 70.60 66.40 43.80
GPT-3.5-turbo 35.00 31.90 27.20 38.32 83.48 1.55 73.80 63.19 50.20 41.80 55.80 28.00
GPT-4v 40.36 32.15 28.03 39.08 83.20 3.16 86.20 83.23 85.60 80.60 66.20 28.00
GPT-4o 43.98 33.99 29.40 41.49 83.20 2.58 85.40 86.30 71.40 90.20 69.00 39.40
GPT4o-mini 42.97 32.93 25.60 42.10 82.31 4.24 82.00 86.50 82.00 84.40 58.60 47.40
GPT-4o-4096 43.32 34.24 28.16 43.04 83.06 3.08 87.40 83.84 80.20 88.00 71.20 40.40
ChatGPT-4o-latest 41.21 32.09 22.33 42.67 82.63 2.73 88.60 77.51 80.40 89.60 69.00 41.60
Claude-3.5-Sonnet 59.94 48.94 44.02 47.91 90.18 3.88 68.59 52.58 47.87 51.86 59.26 41.41
Claude-3.5-Opus 58.00 47.16 35.40 42.21 88.65 3.67 30.74 30.74 30.74 30.74 30.74 30.74
Emu2-32B 51.27 43.36 31.58 42.43 82.09 9.53 57.54 48.78 44.02 46.12 50.11 34.79
DetGPT 44.80 38.08 26.30 37.63 76.72 16.87 52.97 46.25 42.05 43.83 44.60 30.15
InternVL2.5-8B 87.00 72.20 54.60 54.60 91.40 75.20 55.40 68.40 48.80 52.40 82.80 42.99
InternVL2.5-4B 81.80 70.40 69.00 69.20 90.20 70.80 46.00 61.80 48.20 54.60 80.60 39.20
NExT-GPT-V1.5 25.40 30.40 22.98 45.23 86.43 1.06 68.90 43.20 32.43 28.90 33.65 20.15
InternVL2.5-2B 83.20 69.20 25.40 30.20 85.40 79.60 50.60 51.40 48.20 51.60 83.60 42.40
Monkey-10B-chat 38.60 8.80 0.00 0.00 65.60 20.40 0.20 3.00 10.60 4.00 16.80 8.60
DeepSeek-VL-7B 78.40 68.80 83.00 83.00 85.20 83.00 62.20 50.60 54.20 54.20 84.40 56.40
Qwen2-VL-7B 32.99 17.98 14.83 34.13 86.23 6.48 64.00 37.00 0.00 0.00 2.00 12.00
Qwen-VL-Chat 14.75 22.33 32.49 8.70 8.24 7.46 0.00 0.00 0.00 0.00 0.00 0.00
Qwen-Audio-Chat 44.56 34.02 30.28 45.78 89.65 0.98 74.50 58.43 59.30 37.50 50.10 45.30
Qwen2-Audio-Instruct 43.34 32.16 30.73 40.75 88.39 1.23 77.60 58.69 61.00 38.40 51.40 47.40
MoE-LLAVA-Phi2-2.7B-4e-384 38.88 31.12 2.10 40.69 91.02 6.35 64.20 60.94 58.80 78.20 53.00 43.00
mPLUG-Owl2-LLaMA2-7b 34.43 33.43 28.22 44.03 90.75 6.16 76.20 38.04 36.20 25.80 59.00 32.40
Phi-3.5-Vision-Instruct 47.43 35.54 27.99 42.16 92.78 3.80 58.40 68.92 70.40 77.00 59.20 46.80
Cambrian-1-8B 31.08 27.58 2.68 41.38 90.04 3.14 59.80 0.00 13.40 30.40 19.80 3.20
MiniGPT4-LLaMA2 28.55 34.40 32.58 31.91 85.35 7.46 0.00 0.00 0.00 0.00 0.00 0.00
InternVL-Chat-V1-5 65.80 73.20 69.80 68.40 89.20 73.80 48.40 65.80 54.40 55.60 79.80 30.00
Mini-InternVL-Chat-4B-V1-5 65.80 44.60 53.40 56.80 84.80 68.60 48.60 50.80 50.20 52.40 64.40 72.40
InternLM-XComposer2-VL-1.8B 72.80 60.60 52.40 52.40 85.60 5.60 0.00 3.20 0.00 0.00 0.00 21.20
GPT4RoI 0.00 0.00 0.00 0.00 0.00 ∞ 0.00 0.00 0.00 0.00 0.00 0.00
GLaMM 0.00 0.00 0.00 0.00 0.00 ∞ 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 30.70 21.54 23.34 28.77 70.14 10.24 77.24 68.83 49.40 66.80 48.80 45.00
LLaVA-NeXT-34B 27.31 25.17 21.52 30.19 79.86 8.85 74.83 72.25 49.60 72.60 53.40 46.20
Pixtral-12B 34.42 26.08 23.77 33.09 77.35 8.12 80.91 66.31 54.80 71.20 51.80 44.80
SEED-LLaMA-13B 17.58 13.29 13.04 17.92 42.39 11.16 13.20 34.80 30.20 32.20 25.10 28.40
BLIP2 27.41 22.16 25.04 18.99 84.01 6.43 79.00 66.20 48.40 73.80 52.20 46.40
MiniMonkey 37.57 33.30 21.51 52.99 88.93 10.57 84.00 68.92 46.00 74.60 50.80 46.80
DeepSeek-VL-7B 1.40 0.00 0.80 2.80 0.35 ∞ 0.80 28.40 32.00 2.20 0.00 0.00
LISA-7B 0.00 0.00 0.00 0.00 0.00 ∞ 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 53.67 42.22 31.42 42.56 81.70 20.45 53.55 51.28 45.25 47.31 49.32 29.67
ShareGPT4V-7B 48.38 36.65 30.58 38.87 79.03 27.95 49.45 44.62 37.27 44.93 48.38 27.06
ShareGPT4V-13B 52.42 39.82 29.59 38.93 81.80 24.69 54.03 49.62 45.91 43.94 48.08 34.05
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#L-12 #L-13 #L-14 #L-15 #L-16
(TxT Gen) (Time Series) (Txt Cls) (Txt Entail) (Sem Analy)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #1↑ #1↑ #1↑ #1↑ #2↑ #3↑ #4↑

BLIP-3 (XGen-MM) 51.43 38.84 31.86 41.39 84.73 21.54 55.67 48.61 47.80 48.81 53.39 31.05
AnyGPT 17.27 16.66 12.12 15.78 28.03 33.39 19.48 16.48 17.92 18.21 17.06 11.55
MiniCPM3-4B 52.48 51.50 43.03 46.59 91.38 19.62 57.84 52.66 46.27 55.05 54.65 36.88
LaVIT-V2 (7B) 45.79 36.18 31.67 40.84 67.22 24.13 42.71 37.63 33.18 38.75 43.22 26.92
GLM-VL-Chat 54.43 49.68 41.76 44.94 88.66 21.37 58.65 49.30 46.31 52.65 53.46 37.94
Gemini-1.5-Pro 52.98 41.15 37.65 46.32 92.34 4.78 84.20 83.70 82.40 86.40 64.80 47.20
Gemini-1.5-Flash 49.43 33.48 30.06 41.47 88.95 7.92 80.60 77.41 74.20 80.20 58.60 39.80
OMG-LLaVA-InternLM20B 24.83 21.02 15.89 18.73 52.60 56.52 26.20 19.08 28.60 20.40 21.60 13.20
Idefics3-8B-Llama3 47.65 34.92 29.01 42.15 84.39 4.31 74.20 76.90 71.00 78.20 60.40 38.40
Yi-Vision-v2 35.39 29.41 25.08 36.80 76.91 7.32 59.60 49.69 63.20 85.40 60.20 42.60
Qwen2-VL-72B 31.34 31.24 37.84 38.85 84.19 4.45 90.00 80.67 85.33 82.00 69.33 44.00
Otter 13.98 17.65 9.29 11.66 14.88 11.51 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 11.20 4.53 3.11 8.26 4.35 ∞ 0.00 0.00 0.00 0.00 0.00 0.00
NExT-Chat 11.43 16.88 1.92 9.43 26.49 11.54 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2-26B 41.20 31.20 15.40 38.90 88.40 64.60 80.20 79.90 64.00 64.80 52.00 42.40
Qwen2-VL-72B 42.50 35.30 0.30 42.30 94.70 3.90 83.60 83.60 84.60 86.60 68.00 43.20
DeepSeek-VL-2-small 39.30 34.60 28.20 44.90 92.60 12.90 60.40 55.00 59.00 86.20 61.80 46.40
DeepSeek-VL-2 41.00 35.90 26.20 44.50 94.00 8.80 81.80 68.50 64.20 85.60 60.80 49.40
LLaVA-One-Vision-7B 29.90 34.30 11.20 42.80 93.90 5.90 77.40 65.40 65.20 60.40 45.80 47.80
LLaVA-One-Vision-72B 51.80 32.30 11.30 39.70 83.90 3.60 84.80 10.40 82.40 61.20 64.40 29.40
Sa2VA-8B 41.40 35.90 26.00 45.40 93.80 10.20 86.80 76.90 83.80 65.40 59.00 47.20
Sa2VA-26B 41.50 36.10 27.20 46.10 94.40 5.70 86.60 85.10 75.20 59.00 65.00 44.60
CoLVA-2B 30.90 33.10 21.20 54.90 90.00 11.00 75.40 3.10 30.40 67.30 25.40 35.80
CoLVA-4B 47.60 33.70 24.90 44.80 92.30 9.80 84.40 76.90 79.00 66.20 27.60 45.60
Long-LLaVA 41.20 29.80 31.60 50.40 89.20 11.40 68.60 41.70 41.40 66.80 56.20 46.20
LM4LV 0.00 0.00 0.00 0.00 0.00 ∞ 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 27.80 30.20 23.10 45.68 85.93 2.47 68.70 43.20 33.47 26.80 31.51 23.62
PandaGPT (13B) 4.78 5.47 6.07 36.48 28.67 0.41 0.00 40.80 0.00 0.00 15.60 0.00
AnyGPT 17.27 16.66 12.12 15.78 28.03 33.39 19.48 17.92 18.21 17.06 11.55 19.32
GAMA 8.11 0.29 1.92 6.04 7.74 0.78 0.00 0.00 0.00 0.00 0.00 0.00
Pengi 7.94 0.05 0.89 10.89 6.43 0.45 0.00 0.00 0.00 0.00 0.00 0.00
SALMONN-7B 4.38 9.57 6.03 30.93 81.93 0.78 1.40 0.61 6.60 0.00 22.20 7.20
SALMONN-13B 4.86 10.76 6.45 30.78 84.67 1.56 0.00 0.00 0.00 0.00 15.60 0.00
WavLLM 18.95 0.46 1.64 11.32 5.46 0.69 0.00 0.00 0.00 0.00 5.40 0.00
ImageBind-LLM 13.27 0.21 1.23 5.78 3.26 0.83 0.00 0.00 0.00 0.00 3.40 0.00
Unified-io-2-XXL 0.00 0.00 0.00 0.00 0.00 ∞ 23.50 34.60 44.30 5.60 23.50 0.00
ModaVerse-7b-v0 4.78 5.47 6.07 36.48 28.67 0.41 0.00 40.80 0.00 0.00 15.60 0.00
AudioGPT-GPT4 40.23 33.16 28.04 39.05 84.34 3.15 85.90 84.53 84.70 86.50 66.40 29.70
SpeechGPT-7B-com 8.94 0.37 1.56 15.78 9.29 0.58 0.00 0.00 0.00 0.00 0.00 0.00
LLaMA-Omni 3.89 9.90 31.12 42.10 68.40 5.34 37.50 35.80 43.81 60.30 25.40 34.50
3D-LLM 2.08 24.46 2.85 59.26 65.27 ∞ 47.00 33.95 0.40 0.00 51.00 53.60
PointLLM-7B 27.05 27.77 1.32 31.27 79.90 ∞ 0.00 0.00 0.00 0.00 0.00 0.00
PointLLM-13B 28.84 28.58 1.01 35.02 78.19 ∞ 0.00 0.00 0.00 0.00 0.00 0.00
3D-VisTA 0.00 0.30 0.00 1.31 1.45 ∞ 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-T5 0.00 0.08 0.00 0.86 5.92 11.11 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-LLaMA 19.65 7.15 20.58 14.94 9.31 11.06 0.00 0.00 0.00 0.00 0.00 0.00
AvatarGPT 1.65 12.21 0.09 8.15 7.88 11.11 0.00 0.00 0.00 0.00 0.00 0.00
LLaMA-Mesh 30.73 32.20 31.62 41.21 85.18 11.41 0.00 0.00 0.00 0.00 0.00 0.00
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Table 81: Results on NLP Group, #L-17, part A.

#L-17
(Affect Computing)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑

SoTA Specialist 93.40 95.80 97.33 95.80 96.80 97.40 85.93 95.80 84.71

Meta-Llama-3.1-8B-Instruct 60.40 53.40 79.60 83.60 75.20 51.80 47.60 50.66 80.20
Qwen2.5-7B-Instruct 53.20 63.60 92.40 79.80 77.40 57.40 27.31 86.40 22.73
Gemma-2-9b-it 56.80 68.60 89.40 77.80 74.60 55.40 58.92 88.40 41.41
ChatGLM-6b 3.00 0.00 83.80 0.00 60.20 0.00 30.70 22.20 19.86
Vicuna-7b-v1.5 0.00 0.00 0.00 0.00 0.00 0.00 16.80 0.00 0.30
InternLM-Chat-7b 49.00 59.40 59.00 19.60 63.00 1.80 30.76 49.00 17.25
GPT-J-6B 0.00 0.00 0.00 0.00 0.00 0.00 13.97 0.00 0.36
Falcon3-7B-Instruct 53.60 65.80 90.60 87.00 72.60 60.00 43.21 85.20 23.67
Baichuan2-7B-Base 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.18
Ministral-8B-Instruct-2410 53.00 60.20 83.20 73.00 60.00 52.40 42.80 84.40 19.50
Yi-Ligntning 46.60 73.60 94.20 85.20 78.20 59.00 48.38 88.40 14.00
GPT-3.5-turbo 53.80 65.80 92.60 83.40 69.60 52.20 46.65 89.60 41.10
GPT-4v 62.00 68.40 94.00 92.00 76.60 59.40 57.19 88.40 53.92
GPT-4o 59.60 80.20 92.20 92.00 80.00 60.40 56.09 85.60 58.60
GPT4o-mini 53.60 72.60 91.60 81.40 75.00 56.80 50.47 87.40 50.45
GPT-4o-4096 58.60 80.60 85.20 90.60 79.20 60.40 54.04 85.20 40.77
ChatGPT-4o-latest 57.40 80.20 92.20 91.00 78.00 59.40 57.20 87.00 55.85
Claude-3.5-Sonnet 65.61 51.42 67.78 72.64 60.45 51.51 54.36 71.67 39.57
Claude-3.5-Opus 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74
Emu2-32B 53.44 47.58 57.62 63.95 53.24 39.91 42.49 60.45 25.76
DetGPT 48.97 42.55 48.73 58.75 45.39 37.59 40.39 60.73 25.05
InternVL2.5-8B 92.00 45.70 55.60 75.25 78.60 41.99 56.25 86.80 35.21
InternVL2.5-4B 92.60 42.99 41.60 82.41 67.20 43.79 53.89 87.59 30.10
NExT-GPT-V1.5 0.00 15.34 0.00 21.34 18.59 13.29 15.78 0.00 0.30
InternVL2.5-2B 44.80 34.40 43.20 85.27 39.00 43.20 40.14 81.00 24.36
Monkey-10B-chat 45.40 25.40 5.40 37.21 49.60 0.60 39.34 0.60 6.73
DeepSeek-VL-7B 87.00 46.00 66.80 59.91 48.60 46.60 51.86 86.40 24.87
Qwen2-VL-7B 56.00 53.00 27.00 59.00 9.00 41.00 25.36 27.00 6.55
Qwen-VL-Chat 0.00 0.00 0.00 0.00 0.00 0.00 14.82 0.00 8.01
Qwen-Audio-Chat 46.60 45.80 68.30 47.50 74.50 31.90 42.50 83.40 19.01
Qwen2-Audio-Instruct 48.20 48.60 70.00 47.80 73.20 32.20 40.89 84.20 19.89
MoE-LLAVA-Phi2-2.7B-4e-384 49.80 56.00 92.20 80.00 92.20 47.40 40.25 92.20 21.41
mPLUG-Owl2-LLaMA2-7b 53.80 55.60 84.80 54.80 68.80 43.40 31.38 84.80 7.98
Phi-3.5-Vision-Instruct 57.60 50.60 88.60 86.20 60.20 58.20 59.53 88.60 24.95
Cambrian-1-8B 45.00 42.40 0.00 63.40 3.00 53.60 22.87 0.00 23.69
MiniGPT4-LLaMA2 0.00 0.00 0.00 0.00 0.00 0.00 18.67 0.00 8.98
InternVL-Chat-V1-5 82.60 39.80 61.00 77.70 66.20 38.80 52.50 65.40 38.67
Mini-InternVL-Chat-4B-V1-5 69.00 47.00 54.00 62.78 61.80 39.00 44.62 81.80 27.36
InternLM-XComposer2-VL-1.8B 0.00 40.20 20.40 75.66 24.20 1.60 28.34 67.20 24.27
GPT4RoI 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLaMM 0.00 0.00 0.00 32.31 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 47.20 51.60 81.60 60.20 62.20 53.40 34.65 82.80 27.98
LLaVA-NeXT-34B 56.80 52.20 82.20 63.40 65.50 56.80 37.59 83.20 31.87
Pixtral-12B 53.40 57.20 88.80 67.40 67.30 57.80 42.07 85.40 37.98
SEED-LLaMA-13B 27.80 35.40 57.40 16.75 39.60 26.20 22.53 44.60 17.43
BLIP2 51.60 53.60 84.40 64.80 67.20 51.80 29.43 83.00 18.33
MiniMonkey 57.80 54.80 90.60 61.60 64.60 54.40 37.92 83.80 22.22
DeepSeek-VL-7B 0.00 0.00 13.60 0.00 0.00 0.00 17.03 0.00 3.60
LISA-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 59.80 45.53 57.04 68.49 52.96 44.74 47.84 61.99 32.61
ShareGPT4V-7B 51.16 39.94 51.54 62.69 45.67 40.59 36.31 55.02 25.49
ShareGPT4V-13B 52.77 46.04 50.41 65.68 52.99 37.92 42.55 58.30 30.48
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#L-17
(Affect Computing)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑

BLIP-3 (XGen-MM) 54.88 50.33 51.44 68.68 52.94 41.51 44.27 59.55 30.82
AnyGPT 19.32 0.00 20.85 22.88 20.28 16.73 17.69 23.17 10.67
MiniCPM3-4B 56.27 45.12 53.29 62.79 50.98 43.43 47.19 59.28 31.01
LaVIT-V2 (7B) 48.87 34.25 41.14 50.13 41.12 33.80 34.92 51.52 23.71
GLM-VL-Chat 56.44 45.58 55.63 60.20 53.13 42.98 49.83 57.31 27.52
Gemini-1.5-Pro 59.00 78.40 92.40 89.20 83.40 57.60 56.09 88.20 51.21
Gemini-1.5-Flash 53.40 74.60 88.20 85.60 75.60 52.20 52.11 84.20 38.73
OMG-LLaVA-InternLM20B 22.40 20.60 26.40 28.20 49.60 24.40 38.46 22.60 13.01
Idefics3-8B-Llama3 53.60 68.60 89.00 83.40 76.60 51.20 53.65 82.00 39.89
Yi-Vision-v2 50.00 64.40 89.00 82.00 48.40 54.60 47.46 87.40 30.27
Qwen2-VL-72B 59.33 78.66 96.00 90.00 79.33 56.67 67.40 82.00 55.80
Otter 0.00 0.00 0.00 0.00 0.00 0.00 18.40 0.00 0.80
Show-o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.60 0.00 0.00
InternVL2-26B 58.60 61.80 90.20 80.60 66.10 54.20 38.90 76.40 44.00
Qwen2-VL-72B 55.40 77.60 94.40 90.80 77.60 58.40 59.80 85.20 57.10
DeepSeek-VL-2-small 51.20 49.00 91.00 49.00 52.80 44.40 35.60 88.60 18.60
DeepSeek-VL-2 54.40 49.80 88.80 77.00 66.60 50.20 41.10 88.20 31.70
LLaVA-One-Vision-7B 49.60 49.20 86.60 60.60 61.40 45.20 47.70 88.20 24.40
LLaVA-One-Vision-72B 33.20 22.40 91.20 49.40 77.80 0.00 57.10 19.80 38.90
Sa2VA-8B 57.80 65.80 92.00 79.20 74.00 56.00 52.70 82.00 34.50
Sa2VA-26B 52.40 77.40 93.60 86.60 78.80 57.40 40.00 86.20 14.00
CoLVA-2B 50.80 56.00 87.00 72.80 44.80 51.40 48.70 82.40 14.90
CoLVA-4B 50.60 56.00 90.00 56.00 76.60 51.60 36.40 83.60 25.70
Long-LLaVA 56.80 49.40 88.20 53.80 42.20 55.20 37.90 66.20 16.30
LM4LV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 0.00 24.57 0.00 21.34 23.47 15.94 25.85 0.32 0.30
PandaGPT (13B) 5.70 0.40 0.00 0.00 2.60 0.80 0.00 0.00 0.10
AnyGPT 0.00 20.85 22.88 20.28 16.73 17.69 23.17 10.67 14.45
GAMA 3.70 0.40 0.00 0.00 0.00 0.80 15.78 0.00 0.30
Pengi 0.00 0.10 0.00 0.00 1.10 0.20 0.00 0.00 0.10
SALMONN-7B 10.00 3.80 1.20 0.80 3.20 2.20 21.42 3.00 12.13
SALMONN-13B 12.40 0.40 0.00 0.00 2.60 0.80 23.45 3.40 13.04
WavLLM 3.60 0.00 0.00 0.00 2.30 0.00 16.12 0.00 0.30
ImageBind-LLM 5.60 0.40 0.00 0.00 2.60 0.80 0.00 0.00 0.10
Unified-io-2-XXL 5.40 64.10 56.30 45.90 0.00 0.00 0.00 0.00 0.00
ModaVerse-7b-v0 5.70 0.40 0.00 0.00 2.60 0.80 0.00 0.00 0.10
AudioGPT-GPT4 65.90 69.50 93.60 89.60 75.40 53.51 56.14 86.49 54.37
SpeechGPT-7B-com 0.00 0.00 0.00 0.00 0.00 0.00 15.78 0.00 0.30
LLaMA-Omni 43.50 35.70 19.70 13.60 15.20 11.80 17.40 20.66 20.20
3D-LLM 0.40 0.20 84.20 17.40 55.60 0.00 2.95 52.80 16.49
PointLLM-7B 0.00 0.00 0.00 0.00 0.00 0.00 16.80 0.00 0.30
PointLLM-13B 0.00 0.00 0.00 0.00 0.00 0.00 16.82 0.00 0.30
3D-VisTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-T5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-LLaMA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 7.66 0.00
AvatarGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.27 0.00
LLaMA-Mesh 0.00 0.00 0.00 0.00 0.00 0.00 0.00 15.97 0.00
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Table 83: Results on NLP Group, #L-17, part B.

#L-17
(Affect Computing)Model

#10↑ #11↑ #12↑ #13↑ #14↑ #15↑ #16↑ #17↑ #18↑

SoTA Specialist 78.40 62.22 77.51 90.32 91.55 92.98 36.80 95.57 80.20

Meta-Llama-3.1-8B-Instruct 18.33 39.00 35.30 31.53 0.00 29.25 1.10 0.65 2.12
Qwen2.5-7B-Instruct 59.40 46.59 49.22 0.00 44.98 0.72 4.67 75.60 1.59
Gemma-2-9b-it 69.80 50.29 54.08 0.00 50.73 4.51 4.07 64.40 1.89
ChatGLM-6b 7.00 0.27 0.27 0.00 0.14 0.00 0.00 68.60 0.00
Vicuna-7b-v1.5 0.00 0.08 0.00 0.09 0.00 0.02 0.00 0.00 0.00
InternLM-Chat-7b 2.20 0.88 0.51 0.00 0.69 0.00 0.00 63.20 0.00
GPT-J-6B 0.00 0.06 0.00 0.07 0.03 0.02 0.00 0.00 0.00
Falcon3-7B-Instruct 24.60 31.51 31.91 0.00 30.03 0.00 3.02 68.20 0.46
Baichuan2-7B-Base 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Ministral-8B-Instruct-2410 14.00 12.41 17.72 0.00 27.96 0.12 0.22 67.40 0.11
Yi-Ligntning 56.60 6.69 15.54 0.00 43.75 0.25 5.96 1.02 67.20
GPT-3.5-turbo 47.60 44.48 40.65 0.00 51.93 0.46 5.08 70.00 1.29
GPT-4v 67.80 42.53 50.08 0.00 68.14 0.90 12.11 73.00 2.35
GPT-4o 73.40 51.79 58.21 0.00 63.77 5.70 11.35 77.40 3.56
GPT4o-mini 64.20 52.58 57.97 0.00 61.64 2.32 9.14 72.60 1.40
GPT-4o-4096 72.80 52.57 58.51 0.00 69.79 6.23 10.55 74.00 3.51
ChatGPT-4o-latest 71.00 51.79 58.88 0.00 66.71 3.71 10.62 74.90 2.21
Claude-3.5-Sonnet 44.31 30.21 33.02 24.35 44.93 26.17 10.88 50.31 35.37
Claude-3.5-Opus 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74
Emu2-32B 35.85 19.48 25.50 11.72 40.02 14.10 5.42 39.99 23.62
DetGPT 31.89 14.01 18.71 9.20 33.16 9.58 2.75 34.90 18.84
InternVL2.5-8B 58.20 34.88 43.77 86.80 50.65 86.80 1.12 0.24 71.00
InternVL2.5-4B 48.40 38.29 35.97 0.00 33.47 1.64 0.73 0.42 72.60
NExT-GPT-V1.5 0.00 8.08 5.09 16.42 0.00 3.02 14.37 34.70 0.00
InternVL2.5-2B 37.40 15.14 12.96 0.00 10.30 0.20 0.00 0.11 72.40
Monkey-10B-chat 0.00 0.24 0.00 0.60 0.00 0.00 0.00 0.00 1.80
DeepSeek-VL-7B 40.80 3.95 5.12 86.40 36.00 86.40 0.15 0.15 66.60
Qwen2-VL-7B 12.00 0.00 0.00 0.00 26.00 0.00 0.00 27.00 0.00
Qwen-VL-Chat 0.00 0.19 0.24 0.06 0.00 0.02 0.00 0.00 0.00
Qwen-Audio-Chat 4.70 0.45 0.56 0.00 3.56 0.00 0.34 60.13 0.01
Qwen2-Audio-Instruct 4.80 0.58 0.68 0.00 4.16 0.00 0.26 60.60 0.09
MoE-LLAVA-Phi2-2.7B-4e-384 7.00 0.38 1.15 0.00 39.60 0.00 0.00 92.20 0.00
mPLUG-Owl2-LLaMA2-7b 37.20 1.82 0.25 0.00 76.40 0.00 0.00 84.80 0.00
Phi-3.5-Vision-Instruct 57.00 22.39 20.94 0.00 89.20 0.08 0.89 88.60 0.20
Cambrian-1-8B 6.20 13.05 4.13 0.00 0.20 0.14 0.91 0.00 0.18
MiniGPT4-LLaMA2 0.00 4.27 5.38 0.06 0.00 0.02 0.14 0.00 0.00
InternVL-Chat-V1-5 25.40 27.88 32.06 0.00 36.49 0.00 0.00 0.18 69.00
Mini-InternVL-Chat-4B-V1-5 41.80 7.72 16.57 0.00 29.42 0.00 0.00 0.00 61.00
InternLM-XComposer2-VL-1.8B 12.80 0.00 0.00 0.00 0.00 0.00 0.00 0.00 60.20
GPT4RoI 0.00 0.00 0.00 0.00 10.77 0.00 0.00 0.00 0.00
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 40.20 16.07 22.60 0.00 17.83 0.00 0.51 68.40 0.43
LLaVA-NeXT-34B 52.60 22.65 24.35 0.00 14.75 0.12 0.77 72.40 0.67
Pixtral-12B 51.40 32.78 17.4‘ 0.00 26.12 0.06 1.16 70.80 0.64
SEED-LLaMA-13B 32.20 4.51 2.17 0.00 1.78 0.00 0.00 30.40 0.00
BLIP2 31.60 40.94 24.82 0.00 29.08 0.00 0.88 67.40 0.57
MiniMonkey 37.00 0.25 0.88 0.00 0.21 0.00 0.00 66.40 0.00
DeepSeek-VL-7B 0.20 0.18 0.00 0.00 1.80 0.00 0.00 0.00 0.20
LISA-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 36.30 25.60 27.64 12.07 40.89 13.97 7.55 35.65 25.95
ShareGPT4V-7B 29.86 15.82 19.33 11.63 33.60 13.18 5.58 32.50 16.51
ShareGPT4V-13B 32.91 23.36 19.63 11.00 40.88 13.60 6.07 35.32 20.79
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#L-17
(Affect Computing)Model

#10↑ #11↑ #12↑ #13↑ #14↑ #15↑ #16↑ #17↑ #18↑

BLIP-3 (XGen-MM) 39.56 20.57 19.83 14.77 38.76 17.31 5.44 37.51 19.70
AnyGPT 14.45 8.84 8.39 4.93 15.69 6.82 3.98 15.07 10.04
MiniCPM3-4B 39.65 26.91 28.14 22.07 37.25 15.44 10.46 31.81 28.96
LaVIT-V2 (7B) 27.53 20.62 20.58 13.19 31.68 13.61 8.48 20.76 28.42
GLM-VL-Chat 39.69 26.90 26.00 20.48 37.62 12.36 9.68 28.40 28.79
Gemini-1.5-Pro 67.20 45.61 47.57 2.02 51.96 4.78 6.17 75.20 0.60
Gemini-1.5-Flash 58.40 35.49 38.14 1.24 43.26 2.39 4.08 69.60 0.40
OMG-LLaVA-InternLM20B 9.60 1.42 0.88 0.00 1.10 0.00 0.00 20.20 0.00
Idefics3-8B-Llama3 42.20 28.71 28.65 2.28 33.57 2.54 2.25 63.40 0.00
Yi-Vision-v2 38.60 32.69 32.36 0.00 37.49 0.24 3.18 71.43 0.47
Qwen2-VL-72B 69.34 55.78 61.37 0.00 78.03 2.49 10.18 75.81 2.59
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 33.67 0.00
InternVL2-26B 48.80 34.10 35.40 0.00 38.90 0.00 0.00 63.40 0.00
Qwen2-VL-72B 73.20 55.30 60.60 0.10 74.10 0.30 0.90 76.60 0.30
DeepSeek-VL-2-small 41.60 11.50 13.30 0.00 27.80 0.10 1.10 67.00 0.10
DeepSeek-VL-2 34.20 26.10 32.00 0.00 26.60 0.00 0.00 69.60 0.40
LLaVA-One-Vision-7B 57.00 14.50 10.70 0.00 16.60 0.30 0.90 65.80 0.20
LLaVA-One-Vision-72B 0.20 53.90 50.40 0.00 58.60 2.50 11.30 60.20 1.50
Sa2VA-8B 60.60 27.20 33.10 0.00 51.20 0.70 1.00 69.80 0.70
Sa2VA-26B 60.80 37.40 36.00 0.00 36.50 0.20 5.40 73.60 1.30
CoLVA-2B 23.80 0.50 2.90 0.00 21.20 0.00 0.00 62.00 0.00
CoLVA-4B 22.00 28.90 29.50 0.00 34.50 1.70 1.30 75.60 0.30
Long-LLaVA 42.60 1.50 0.40 0.00 1.00 0.00 0.00 54.00 0.00
LM4LV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 0.00 8.12 7.24 13.57 0.00 3.01 4.79 35.62 0.00
PandaGPT (13B) 0.00 0.04 0.00 0.09 0.00 0.01 0.00 0.00 0.00
AnyGPT 8.84 8.39 4.93 15.69 6.82 3.98 15.07 10.04 7.82
GAMA 0.00 0.08 0.00 0.09 0.00 0.02 0.00 34.70 0.00
Pengi 0.00 0.04 0.00 0.05 0.00 0.01 0.00 23.50 0.00
SALMONN-7B 1.20 0.00 0.00 0.00 1.17 0.00 0.00 5.60 3.40
SALMONN-13B 1.40 0.04 0.00 0.09 1.19 0.01 0.00 5.90 0.00
WavLLM 0.00 0.07 0.00 0.06 0.00 0.02 0.00 33.78 0.00
ImageBind-LLM 0.00 0.04 0.00 0.09 0.00 0.01 0.00 0.00 0.00
Unified-io-2-XXL 0.00 0.00 0.00 0.00 4.67 0.00 0.00 0.00 0.00
ModaVerse-7b-v0 0.00 0.04 0.00 0.09 0.00 0.01 0.00 0.00 0.00
AudioGPT-GPT4 66.40 41.05 51.08 0.00 67.96 0.80 12.01 72.00 2.31
SpeechGPT-7B-com 0.00 0.08 0.00 0.09 0.00 0.02 0.00 34.70 0.00
LLaMA-Omni 16.40 18.50 5.40 1.56 0.00 29.25 1.10 0.33 2.02
3D-LLM 5.80 0.00 0.00 0.00 0.00 0.00 0.00 65.60 0.00
PointLLM-7B 0.00 0.09 0.00 0.10 0.00 0.03 0.00 0.00 0.00
PointLLM-13B 0.00 0.09 0.00 0.10 0.00 0.03 0.00 0.00 0.00
3D-VisTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-T5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-LLaMA 0.10 0.00 0.00 0.00 0.00 0.00 0.05 0.00 0.00
AvatarGPT 0.10 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaMA-Mesh 6.12 0.00 1.62 0.89 0.07 2.21 0.05 0.05 0.00
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Table 85: Results on NLP Group, #L-18.

#L-18
(NER)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑ #10↑ #11↑ #12↑ #13↑

SoTA Specialist 83.51 74.45 67.00 76.02 92.00 88.08 94.21 97.65 96.74 81.97 78.21 89.18 82.32

Meta-Llama-3.1-8B-Instruct 6.81 17.76 15.53 5.86 14.09 18.77 25.43 30.05 51.57 72.00 12.70 31.22 16.62
Qwen2.5-7B-Instruct 40.07 26.85 25.67 27.54 26.97 36.38 56.83 79.95 45.58 17.98 40.24 23.05 18.58
Gemma-2-9b-it 43.03 32.32 26.62 38.48 33.81 39.95 73.65 82.90 78.18 18.78 43.01 28.66 34.53
ChatGLM-6b 0.05 0.13 0.03 0.00 0.01 0.00 0.18 0.00 0.00 0.00 0.39 0.57 0.15
Vicuna-7b-v1.5 0.04 0.00 0.02 0.00 0.00 0.56 0.00 0.17 0.00 0.00 0.00 0.03 0.13
InternLM-Chat-7b 1.65 0.12 0.47 1.20 1.37 0.72 0.19 13.63 0.00 0.52 12.40 1.31 0.78
GPT-J-6B 0.04 0.00 0.01 0.00 0.00 0.52 0.00 0.00 0.00 0.00 0.00 0.03 0.13
Falcon3-7B-Instruct 30.52 15.97 14.21 22.00 7.11 13.81 30.45 78.19 48.84 11.30 41.06 22.58 23.29
Baichuan2-7B-Base 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Ministral-8B-Instruct-2410 6.46 6.20 0.52 4.57 5.11 1.75 2.11 29.85 3.11 3.36 8.65 4.90 5.08
Yi-Ligntning 19.60 38.11 24.46 48.11 25.09 25.29 25.00 31.84 44.80 37.15 1.81 42.17 4.14
GPT-3.5-turbo 40.48 41.50 9.12 21.80 26.01 28.93 0.91 59.32 2.34 14.68 39.67 24.06 27.84
GPT-4v 47.34 57.67 29.84 50.56 70.18 49.48 61.78 96.06 87.41 23.94 50.49 41.81 37.24
GPT-4o 60.84 48.43 36.26 50.89 74.90 50.71 82.38 94.89 85.62 29.12 49.34 46.08 37.00
GPT4o-mini 53.21 39.40 33.52 42.35 40.03 48.17 78.55 95.78 93.14 27.61 42.31 37.98 35.95
GPT-4o-4096 60.07 51.72 34.95 50.73 72.61 47.95 81.52 96.30 77.38 28.60 49.36 45.90 36.41
ChatGPT-4o-latest 55.99 46.35 35.81 50.06 72.10 47.39 76.72 95.28 56.99 28.39 49.87 45.55 33.16
Claude-3.5-Sonnet 28.75 21.09 20.31 29.93 24.02 25.56 30.27 41.19 36.19 19.92 23.67 34.53 26.76
Claude-3.5-Opus 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74
Emu2-32B 16.88 14.72 14.19 21.02 17.85 16.18 24.75 32.26 28.44 13.39 18.51 23.37 16.32
DetGPT 10.75 15.19 9.71 12.47 15.07 10.30 15.66 29.04 23.02 6.23 16.82 18.50 13.25
InternVL2.5-8B 7.37 30.33 17.51 33.97 7.54 15.29 9.72 21.90 33.78 13.19 13.52 73.71 9.71
InternVL2.5-4B 8.71 28.29 18.36 26.35 17.75 13.19 6.16 23.17 17.07 14.97 58.62 78.65 55.51
NExT-GPT-V1.5 9.04 0.00 0.02 0.00 0.00 0.07 5.85 0.17 8.53 12.46 8.45 3.03 10.13
InternVL2.5-2B 0.65 1.36 2.09 9.17 1.21 1.13 2.03 2.91 1.27 0.52 0.47 9.23 1.74
Monkey-10B-chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.20 0.00
DeepSeek-VL-7B 0.25 0.81 1.86 5.42 1.05 0.65 1.34 2.07 4.07 1.51 2.32 30.05 2.19
Qwen2-VL-7B 0.00 0.58 0.00 0.00 0.00 0.42 0.00 1.08 0.00 0.00 0.35 0.00 0.65
Qwen-VL-Chat 1.00 0.27 0.11 0.22 0.47 0.70 1.78 2.19 0.09 0.09 0.83 0.08 0.81
Qwen-Audio-Chat 1.58 4.47 1.03 2.65 0.45 2.56 10.32 7.60 16.78 0.13 12.45 2.89 1.45
Qwen2-Audio-Instruct 1.59 4.41 1.22 2.92 0.62 3.35 11.62 8.10 18.72 0.27 13.19 2.97 2.21
MoE-LLAVA-Phi2-2.7B-4e-384 1.13 1.42 1.70 1.96 0.80 2.00 12.35 25.27 10.40 0.23 2.87 0.36 1.83
mPLUG-Owl2-LLaMA2-7b 0.08 0.10 0.04 1.72 0.20 0.56 2.38 11.95 0.87 0.32 2.54 0.17 0.27
Phi-3.5-Vision-Instruct 5.41 3.86 0.41 3.73 0.90 3.31 23.37 61.43 29.48 1.73 21.49 6.07 5.61
Cambrian-1-8B 0.30 4.95 0.55 2.45 1.30 2.56 0.00 2.44 0.00 0.00 3.53 1.27 0.32
MiniGPT4-LLaMA2 8.34 1.54 2.07 6.74 12.56 3.49 7.42 15.11 7.58 3.27 8.67 3.44 2.45
InternVL-Chat-V1-5 6.38 29.98 15.53 31.03 8.93 13.62 4.20 22.11 14.35 7.80 12.32 70.80 14.85
Mini-InternVL-Chat-4B-V1-5 3.11 16.73 5.84 20.87 4.56 10.52 5.20 15.31 5.30 9.81 32.76 61.38 26.63
InternLM-XComposer2-VL-1.8B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GPT4RoI 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 5.01 5.43 2.28 3.34 0.68 2.59 22.10 52.72 31.21 0.22 3.88 1.34 3.08
LLaVA-NeXT-34B 7.45 7.92 5.13 4.98 1.75 3.68 26.94 61.26 32.22 0.74 8.85 2.34 2.42
Pixtral-12B 8.23 6.65 4.74 13.72 0.69 4.74 25.01 63.06 34.76 0.82 14.16 5.72 4.76
SEED-LLaMA-13B 1.74 0.65 0.66 2.85 0.10 0.57 4.82 16.58 4.76 0.03 0.42 0.18 0.25
BLIP2 1.42 3.49 0.45 16.51 0.00 2.17 4.56 35.70 19.64 0.00 7.83 0.18 0.31
MiniMonkey 0.32 0.79 0.21 2.78 0.00 0.38 5.74 27.81 25.35 0.21 3.46 0.22 0.32
DeepSeek-VL-7B 0.00 0.05 0.09 0.12 0.05 0.07 0.00 0.00 0.00 0.27 1.14 0.61 0.44
LISA-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 17.28 21.47 9.66 19.91 20.38 14.37 25.75 38.26 26.80 13.30 22.25 23.08 20.29
ShareGPT4V-7B 10.53 14.50 5.39 14.02 14.62 12.19 14.38 31.20 21.91 4.94 15.69 18.11 8.88
ShareGPT4V-13B 17.46 17.27 9.05 17.92 15.32 14.32 17.51 31.09 23.35 11.16 20.00 20.46 16.81
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#L-18
(NER)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑ #10↑ #11↑ #12↑ #13↑

BLIP-3 (XGen-MM) 18.38 15.56 13.15 16.92 16.46 13.65 18.39 33.99 29.00 9.63 18.34 22.41 12.03
AnyGPT 7.82 8.57 5.26 0.00 6.02 5.71 10.10 10.93 10.35 6.15 9.54 9.06 7.64
MiniCPM3-4B 17.83 15.66 14.07 19.69 16.49 12.26 26.47 29.23 26.81 10.83 19.29 31.37 17.12
LaVIT-V2 (7B) 11.16 14.05 9.28 11.98 9.97 11.13 11.15 23.96 15.05 9.25 18.54 26.57 17.22
GLM-VL-Chat 16.49 17.01 11.54 17.76 13.38 10.06 23.00 28.73 24.81 8.91 20.49 31.68 16.10
Gemini-1.5-Pro 48.53 50.66 29.19 43.31 49.74 46.51 67.45 90.12 82.53 19.62 47.10 42.75 36.80
Gemini-1.5-Flash 41.72 42.52 27.37 37.98 40.29 42.16 60.03 82.95 79.40 16.23 43.91 38.49 32.13
OMG-LLaVA-InternLM20B 4.55 7.28 2.20 4.43 2.26 3.80 6.82 11.64 13.71 0.00 3.47 2.05 2.33
Idefics3-8B-Llama3 27.46 32.75 21.06 28.65 26.51 25.56 45.38 73.20 66.23 14.18 19.59 25.97 26.54
Yi-Vision-v2 25.61 19.34 5.84 22.92 21.08 7.48 38.30 76.28 58.70 13.61 35.33 17.81 23.02
Qwen2-VL-72B 50.59 56.57 23.52 40.31 48.31 40.65 85.92 93.81 87.47 18.33 52.48 43.63 35.58
Otter 0.00 0.00 0.00 0.00 0.00 0.18 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2-26B 29.30 19.90 0.60 25.20 20.70 15.00 0.90 73.30 21.70 0.70 34.50 13.10 17.30
Qwen2-VL-72B 47.00 52.20 26.20 43.10 54.20 45.10 84.90 94.20 84.90 19.00 49.20 40.00 33.20
DeepSeek-VL-2-small 5.50 12.40 0.10 4.40 3.50 1.20 15.70 55.70 12.90 3.30 16.10 2.60 3.40
DeepSeek-VL-2 20.90 14.60 1.70 15.50 10.30 3.80 13.70 80.60 15.30 3.70 21.80 3.70 1.70
LLaVA-One-Vision-7B 3.10 3.80 2.70 11.90 5.40 7.30 0.80 2.70 0.10 1.00 11.60 1.40 2.70
LLaVA-One-Vision-72B 44.40 32.70 11.90 35.00 62.00 11.10 71.30 91.00 81.10 19.20 32.60 37.10 28.80
Sa2VA-8B 29.50 13.50 8.00 22.70 38.60 16.90 24.50 73.50 0.00 7.70 45.70 4.80 6.90
Sa2VA-26B 32.20 21.40 11.30 25.20 6.70 22.90 60.00 80.50 4.40 10.80 42.20 15.30 18.30
CoLVA-2B 3.00 1.20 0.40 0.70 2.80 0.80 5.20 17.60 0.00 0.20 2.20 0.50 0.10
CoLVA-4B 29.50 6.80 2.70 14.40 18.50 12.70 65.60 77.50 58.80 4.40 23.90 11.30 4.60
Long-LLaVA 0.10 0.20 0.10 1.20 0.10 0.60 1.10 26.20 0.10 0.00 0.40 0.00 0.20
LM4LV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 10.03 0.00 0.02 0.00 0.00 0.07 9.08 0.17 10.30 10.35 16.74 5.03 8.19
PandaGPT (13B) 0.04 0.00 0.02 0.00 0.00 0.56 0.00 0.17 0.00 0.00 0.00 0.03 0.13
AnyGPT 8.57 5.26 0.00 6.02 5.71 10.10 10.93 10.35 6.15 9.54 9.06 7.64 10.00
GAMA 0.04 0.00 0.02 0.00 0.00 0.58 5.93 0.17 8.05 0.00 0.00 0.03 0.13
Pengi 0.04 0.00 0.02 0.00 0.00 0.13 0.00 0.15 0.00 0.00 0.00 0.01 0.08
SALMONN-7B 0.00 0.14 0.00 0.11 0.00 0.21 1.67 4.74 0.00 0.00 0.86 0.00 0.31
SALMONN-13B 0.04 0.18 0.02 0.00 0.00 0.56 1.89 5.17 0.00 0.00 0.00 0.03 0.13
WavLLM 0.03 0.00 0.02 0.00 0.00 0.07 5.69 0.23 8.23 0.00 0.00 0.03 0.12
ImageBind-LLM 0.04 0.00 0.02 0.00 0.00 0.56 0.00 0.17 0.00 0.00 0.00 0.03 0.13
Unified-io-2-XXL 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ModaVerse-7b-v0 0.04 0.00 0.02 0.00 0.00 0.56 0.00 0.17 0.00 0.00 0.00 0.03 0.13
AudioGPT-GPT4 46.90 56.18 29.14 49.32 78.34 45.90 61.78 95.67 85.41 20.56 23.45 40.81 35.23
SpeechGPT-7B-com 0.04 0.00 0.02 0.00 0.00 0.07 5.85 0.17 8.53 0.00 0.00 0.03 0.13
LLaMA-Omni 6.23 14.67 15.40 5.86 12.40 14.30 23.50 28.95 13.45 0.00 0.00 5.22 4.34
3D-LLM 0.00 0.00 0.00 0.00 0.00 0.11 0.00 0.00 0.00 0.16 0.00 0.00 0.24
PointLLM-7B 0.04 0.00 0.02 0.00 0.00 0.56 0.00 0.00 0.00 0.00 0.00 0.03 0.16
PointLLM-13B 0.04 0.00 0.02 0.00 0.00 0.56 0.00 0.00 0.00 0.00 0.00 0.03 0.16
3D-VisTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-T5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-LLaMA 0.00 0.00 0.00 0.00 0.00 0.00 0.16 0.00 0.00 0.00 0.04 0.00 0.00
AvatarGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaMA-Mesh 0.00 1.05 0.19 0.06 1.24 0.57 0.94 0.62 2.49 0.17 0.06 0.68 0.44
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Table 87: Results on NLP Group, #L-19.

#L-19
(Cog QA)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑

SoTA Specialist 91.87 95.27 83.64 75.57 91.61 65.23 89.20 72.40 88.20

Meta-Llama-3.1-8B-Instruct 43.70 38.80 70.40 0.00 21.74 7.65 42.00 46.80 5.20
Qwen2.5-7B-Instruct 59.80 72.20 0.00 29.29 83.00 10.80 28.20 48.40 8.60
Gemma-2-9b-it 64.40 76.20 0.00 39.48 68.60 6.95 43.20 48.20 15.60
ChatGLM-6b 6.40 46.00 0.00 3.52 0.20 0.00 1.20 16.80 1.60
Vicuna-7b-v1.5 0.00 0.00 0.00 4.26 0.00 0.00 0.00 0.00 0.00
InternLM-Chat-7b 8.20 27.00 0.00 4.94 21.60 1.19 23.00 20.80 5.00
GPT-J-6B 0.00 0.00 0.00 3.86 0.00 0.00 0.00 0.00 0.00
Falcon3-7B-Instruct 51.00 70.20 0.00 40.25 74.80 6.97 6.80 47.60 10.40
Baichuan2-7B-Base 0.00 0.00 0.00 0.08 0.00 0.00 0.00 0.00 0.00
Ministral-8B-Instruct-2410 47.60 62.60 0.00 14.00 63.40 5.85 40.00 42.80 6.20
Yi-Ligntning 76.80 77.60 0.00 45.33 72.40 6.19 44.80 49.40 13.00
GPT-3.5-turbo 52.00 81.80 0.00 29.30 80.00 8.18 43.00 48.40 11.20
GPT-4v 70.00 86.20 0.00 67.28 77.40 9.78 45.80 47.80 4.80
GPT-4o 83.20 85.90 0.00 63.34 76.80 8.69 45.80 48.80 10.20
GPT4o-mini 69.80 83.00 0.00 35.21 75.79 9.44 43.20 48.80 15.60
GPT-4o-4096 79.60 86.20 0.00 60.19 75.80 9.87 46.20 48.20 5.00
ChatGPT-4o-latest 80.20 86.80 0.00 59.31 73.80 8.97 44.60 48.40 8.00
Claude-3.5-Sonnet 41.60 57.67 6.36 24.33 66.38 11.04 34.29 39.44 11.05
Claude-3.5-Opus 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74
Emu2-32B 30.80 44.61 0.00 20.31 56.97 5.94 22.64 34.82 0.00
DetGPT 23.02 41.98 0.00 16.31 50.67 2.95 15.86 32.02 0.00
InternVL2.5-8B 49.40 76.20 0.00 27.01 77.20 6.93 38.00 48.00 5.60
InternVL2.5-4B 40.00 67.00 0.00 19.77 72.00 4.68 30.20 46.80 7.60
NExT-GPT-V1.5 19.05 4.32 8.59 5.43 2.30 9.44 6.32 0.00 0.00
InternVL2.5-2B 19.60 36.00 0.00 11.90 71.00 1.31 3.00 43.40 4.40
Monkey-10B-chat 3.00 0.80 0.00 3.49 11.20 0.00 1.20 7.40 0.00
DeepSeek-VL-7B 39.00 64.60 0.00 5.27 73.20 4.02 23.00 46.80 0.21
Qwen2-VL-7B 0.00 1.00 0.00 4.20 0.00 1.18 11.83 25.60 0.00
Qwen-VL-Chat 1.00 0.00 0.00 4.60 0.00 0.12 13.08 26.91 0.08
Qwen-Audio-Chat 13.50 49.78 0.00 5.34 0.80 5.34 6.30 27.50 3.20
Qwen2-Audio-Instruct 15.20 50.60 0.00 5.52 1.00 5.27 6.20 30.00 3.80
MoE-LLAVA-Phi2-2.7B-4e-384 1.13 53.60 0.00 3.73 64.00 6.09 4.47 16.47 0.36
mPLUG-Owl2-LLaMA2-7b 0.08 20.60 0.00 2.06 31.40 0.16 8.20 21.21 0.17
Phi-3.5-Vision-Instruct 5.41 75.20 0.00 4.17 68.80 6.13 9.31 22.83 6.07
Cambrian-1-8B 0.30 5.80 0.00 2.28 83.40 3.67 0.00 16.70 1.27
MiniGPT4-LLaMA2 8.34 0.00 0.00 3.96 0.00 0.78 4.86 19.31 3.44
InternVL-Chat-V1-5 53.20 66.80 0.00 32.30 69.80 4.64 19.00 42.20 4.00
Mini-InternVL-Chat-4B-V1-5 27.00 50.80 0.00 12.96 66.60 5.46 33.60 48.00 5.20
InternLM-XComposer2-VL-1.8B 5.00 17.60 0.00 0.00 46.80 0.00 85.20 27.60 2.80
GPT4RoI 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
GLaMM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaVA-NeXT-13B 17.77 49.94 0.00 17.63 63.20 5.36 18.80 37.40 4.40
LLaVA-NeXT-34B 21.08 63.60 0.00 33.85 67.40 6.47 17.40 47.60 5.00
Pixtral-12B 23.71 61.74 0.00 32.45 72.20 7.12 20.20 48.80 5.40
SEED-LLaMA-13B 1.03 14.22 0.00 7.55 34.60 0.76 7.60 26.20 0.80
BLIP2 23.31 41.16 0.00 8.77 57.60 2.04 19.80 46.20 1.00
MiniMonkey 16.20 36.60 0.00 9.63 62.20 0.18 16.40 48.60 0.60
DeepSeek-VL-7B 0.00 0.20 2.00 2.05 14.20 0.00 0.00 0.00 4.00
LISA-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 26.85 50.96 0.00 19.45 53.17 6.88 20.10 36.22 4.88
ShareGPT4V-7B 26.63 43.07 0.00 15.45 49.86 1.22 17.29 31.63 1.56
ShareGPT4V-13B 26.69 42.06 0.00 17.01 53.13 3.64 19.02 33.37 2.05
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#L-19
(Cog QA)Model

#1↑ #2↑ #3↑ #4↑ #5↑ #6↑ #7↑ #8↑ #9↑

BLIP-3 (XGen-MM) 31.79 49.11 0.00 17.94 54.09 4.65 20.88 34.96 5.53
AnyGPT 10.00 18.03 3.13 7.06 18.88 3.42 8.66 11.78 0.00
MiniCPM3-4B 27.08 46.04 6.44 17.45 59.27 13.48 24.74 36.41 15.05
LaVIT-V2 (7B) 20.80 39.84 3.73 10.97 41.93 5.39 14.56 26.45 9.32
GLM-VL-Chat 25.03 45.62 7.49 15.81 59.68 13.30 23.83 37.89 15.67
Gemini-1.5-Pro 52.34 85.00 0.00 36.45 75.24 7.30 44.20 46.80 6.00
Gemini-1.5-Flash 48.95 79.53 0.00 32.93 70.45 6.96 40.80 39.40 7.00
OMG-LLaVA-InternLM20B 5.26 10.14 0.00 3.10 28.71 0.00 7.60 9.40 0.00
Idefics3-8B-Llama3 38.09 62.18 0.00 22.93 69.20 5.24 31.00 40.20 4.80
Yi-Vision-v2 53.80 50.03 0.00 12.43 72.20 6.61 42.80 27.25 8.40
Qwen2-VL-72B 63.33 71.85 0.00 61.37 77.33 18.97 16.00 58.67 11.33
Otter 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Show-o 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
NExT-Chat 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
InternVL2-26B 60.40 78.00 0.00 31.70 70.80 0.70 41.40 45.20 0.60
Qwen2-VL-72B 66.60 83.40 0.00 38.60 75.40 0.90 43.60 48.20 0.80
DeepSeek-VL-2-small 23.80 31.00 0.00 7.80 67.20 5.40 10.40 45.60 11.40
DeepSeek-VL-2 33.00 72.80 0.00 1.70 72.00 6.40 44.40 48.60 1.40
LLaVA-One-Vision-7B 48.80 68.00 0.00 24.10 74.60 4.20 8.60 45.60 7.80
LLaVA-One-Vision-72B 60.00 76.00 0.00 62.70 0.00 7.60 44.00 0.20 7.20
Sa2VA-8B 55.60 78.80 0.00 13.30 80.80 9.40 42.80 47.40 1.60
Sa2VA-26B 72.40 76.40 0.00 46.80 75.00 6.40 46.00 45.80 9.80
CoLVA-2B 14.00 7.40 0.00 3.30 42.00 1.20 2.40 22.80 3.00
CoLVA-4B 38.20 66.20 0.00 27.10 75.60 8.80 17.00 47.20 10.60
Long-LLaVA 9.40 51.60 0.00 18.20 80.00 5.70 2.80 22.00 4.00
LM4LV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 32.16 14.35 8.59 5.43 3.40 9.54 3.63 0.00 0.00
PandaGPT (13B) 0.00 0.00 0.00 2.76 0.00 0.00 0.00 0.00 0.00
AnyGPT 18.03 3.13 7.06 18.88 3.42 8.66 11.78 0.00 4.43
GAMA 0.00 0.00 0.00 4.23 0.00 0.00 0.00 0.00 0.00
Pengi 0.00 0.00 0.00 2.16 0.00 0.00 0.00 0.00 0.00
SALMONN-7B 0.40 0.20 0.00 0.25 0.80 0.00 4.80 3.40 8.20
SALMONN-13B 0.80 0.40 0.00 0.76 1.10 0.00 5.00 3.60 8.50
WavLLM 0.00 0.00 0.00 4.57 0.00 0.00 0.00 0.00 0.00
ImageBind-LLM 0.00 0.00 0.00 2.76 0.00 0.00 0.00 0.00 0.00
Unified-io-2-XXL 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
ModaVerse-7b-v0 0.00 0.00 0.00 2.76 0.00 0.00 0.00 0.00 0.00
AudioGPT-GPT4 71.34 83.45 0.00 56.80 73.20 9.45 42.10 45.35 4.30
SpeechGPT-7B-com 0.00 0.00 0.00 4.65 0.00 0.00 0.00 0.00 0.00
LLaMA-Omni 0.00 0.00 0.00 0.00 20.56 7.85 1.80 4.60 4.60
3D-LLM 3.80 0.00 0.00 7.90 0.40 0.00 0.00 0.00 0.00
PointLLM-7B 0.00 0.00 0.00 4.26 0.00 0.00 0.00 0.00 0.00
PointLLM-13B 0.00 0.00 0.00 4.26 0.00 0.00 0.00 0.00 0.00
3D-VisTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-T5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-LLaMA 0.18 0.00 0.00 0.00 1.19 0.00 0.00 0.00 0.00
AvatarGPT 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
LLaMA-Mesh 0.27 0.00 0.00 0.00 4.68 0.00 0.10 0.00 0.00
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Table 89: Results on NLP Group, from #L-20 to #L-22.

#L-20 #L-21 #L-22
(Event Ext) (Sem Par) (Ling Par)Model

#1↑ #2↑ #1↑ #2↑ #3↑ #1↑ #2↑ #3↑

SoTA Specialist 62.89 54.32 69.00 89.40 74.80 93.30 91.40 92.43

Meta-Llama-3.1-8B-Instruct 1.36 14.80 34.00 38.00 25.20 57.80 36.80 68.46
Qwen2.5-7B-Instruct 3.67 27.80 51.20 57.60 29.40 78.40 49.60 44.49
Gemma-2-9b-it 18.60 20.20 48.60 47.80 30.20 84.40 55.40 72.27
ChatGLM-6b 0.00 5.40 28.20 20.40 22.80 64.60 50.60 20.91
Vicuna-7b-v1.5 0.00 0.00 26.20 20.40 22.80 24.20 21.20 0.79
InternLM-Chat-7b 0.02 6.60 35.80 24.00 21.40 54.40 31.00 21.86
GPT-J-6B 0.00 0.00 26.20 20.40 22.80 24.20 21.20 23.80
Falcon3-7B-Instruct 3.77 18.60 42.60 45.20 31.60 79.80 48.00 48.46
Baichuan2-7B-Base 0.00 0.00 6.15 0.00 0.00 0.00 0.00 0.00
Ministral-8B-Instruct-2410 0.33 18.40 28.00 24.40 24.20 53.80 34.40 33.12
Yi-Ligntning 21.67 29.00 38.40 20.80 28.60 83.60 67.00 30.88
GPT-3.5-turbo 15.30 19.20 0.00 0.00 0.00 0.00 0.00 70.06
GPT-4v 35.72 32.00 32.00 42.99 4.40 0.20 3.80 68.72
GPT-4o 42.03 37.00 37.00 45.60 13.60 1.40 5.40 78.69
GPT4o-mini 25.02 25.00 25.00 53.60 8.80 0.60 6.80 70.90
GPT-4o-4096 39.20 38.80 60.80 87.20 36.40 86.60 1.00 56.27
ChatGPT-4o-latest 38.29 32.40 59.60 79.80 25.60 61.40 0.00 41.54
Claude-3.5-Sonnet 14.30 25.37 36.00 43.00 28.60 33.40 30.20 39.97
Claude-3.5-Opus 30.74 30.74 30.74 30.74 30.74 30.74 30.74 30.74
Emu2-32B 10.58 16.97 25.60 28.60 25.20 30.40 27.40 37.35
DetGPT 2.19 10.62 24.40 29.40 18.20 23.20 21.20 28.58
InternVL2.5-8B 1.20 18.40 40.59 30.40 25.40 66.20 41.99 52.82
InternVL2.5-4B 2.87 16.20 37.80 24.80 25.60 39.40 38.80 34.23
NExT-GPT-V1.5 4.63 9.80 28.95 21.45 22.10 32.70 19.50 4.37
InternVL2.5-2B 0.00 7.80 29.60 32.80 24.60 53.20 26.60 25.63
Monkey-10B-chat 0.00 1.40 5.20 20.00 22.40 19.20 10.00 0.00
DeepSeek-VL-7B 0.21 16.00 34.80 36.60 24.00 59.60 39.00 24.30
Qwen2-VL-7B 0.00 12.00 19.06 20.17 23.38 21.00 29.00 15.38
Qwen-VL-Chat 0.01 0.64 20.80 20.31 19.63 18.59 21.20 9.12
Qwen-Audio-Chat 0.00 4.60 30.40 23.10 22.50 49.60 38.70 20.30
Qwen2-Audio-Instruct 0.00 5.00 31.80 24.00 23.60 50.80 39.60 21.11
MoE-LLAVA-Phi2-2.7B-4e-384 0.00 9.78 16.40 19.80 21.00 20.30 40.80 23.77
mPLUG-Owl2-LLaMA2-7b 0.06 6.52 16.79 18.50 21.01 19.43 25.40 23.83
Phi-3.5-Vision-Instruct 0.03 21.83 15.82 20.06 25.37 21.30 33.00 19.64
Cambrian-1-8B 0.00 8.56 12.86 21.60 17.88 20.74 2.40 22.24
MiniGPT4-LLaMA2 0.00 0.00 13.40 18.94 20.32 17.55 24.00 22.15
InternVL-Chat-V1-5 0.00 11.80 32.80 27.60 26.00 61.60 40.00 43.23
Mini-InternVL-Chat-4B-V1-5 0.00 15.80 33.40 27.60 23.40 55.20 30.00 36.06
InternLM-XComposer2-VL-1.8B 0.00 0.00 31.60 34.00 31.60 61.60 38.20 18.72
GPT4RoI 0.00 0.00 1.40 9.00 22.40 6.00 10.20 0.00
GLaMM 0.00 0.00 0.00 0.00 0.00 1.40 0.00 0.00
LLaVA-NeXT-13B 0.00 16.20 28.80 25.60 22.20 21.20 29.20 23.45
LLaVA-NeXT-34B 0.00 17.20 30.60 28.60 20.40 32.20 33.40 22.17
Pixtral-12B 0.46 24.80 33.80 32.80 26.20 24.60 31.20 28.89
SEED-LLaMA-13B 0.00 4.20 11.60 17.80 6.80 15.80 14.20 7.23
BLIP2 0.33 5.80 33.60 25.80 21.40 49.80 33.60 29.06
MiniMonkey 0.00 3.60 30.20 26.00 21.80 51.60 31.80 20.80
DeepSeek-VL-7B 0.00 0.00 22.40 20.80 22.60 24.20 26.40 24.79
LISA-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
CogVLM-Chat 13.80 19.88 26.40 34.00 20.00 27.00 24.20 33.50
ShareGPT4V-7B 5.70 13.20 20.40 28.00 20.80 20.60 20.40 27.92
ShareGPT4V-13B 7.48 14.39 25.20 32.80 19.40 25.20 21.80 32.65
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#L-20 #L-21 #L-22
(Event Ext) (Sem Par) (Ling Par)Model

#1↑ #2↑ #1↑ #2↑ #3↑ #1↑ #2↑ #3↑

BLIP-3 (XGen-MM) 6.27 14.19 26.80 31.60 22.20 25.00 23.40 33.68
AnyGPT 4.43 5.69 9.60 11.20 10.20 11.00 9.80 11.72
MiniCPM3-4B 13.48 21.15 29.80 35.80 28.60 31.80 35.60 41.51
LaVIT-V2 (7B) 7.11 14.27 24.80 24.20 24.60 27.40 26.40 28.87
GLM-VL-Chat 10.77 22.53 29.00 32.60 24.00 29.60 33.20 40.37
Gemini-1.5-Pro 22.16 28.62 48.60 56.40 29.40 83.80 73.20 71.42
Gemini-1.5-Flash 13.45 22.31 43.20 49.20 27.20 82.60 66.20 62.03
OMG-LLaVA-InternLM20B 0.00 2.40 13.60 10.40 6.80 9.00 5.60 11.67
Idefics3-8B-Llama3 13.92 18.00 35.80 43.80 28.20 69.40 68.60 58.39
Yi-Vision-v2 7.89 15.60 12.40 2.40 25.87 6.20 0.60 41.90
Qwen2-VL-72B 27.94 23.33 55.33 62.00 30.32 87.33 0.00 70.02
Otter 0.00 0.00 26.67 12.67 17.62 18.00 19.33 17.69
Show-o 0.00 0.00 0.00 0.00 0.00 5.30 1.20 7.84
NExT-Chat 0.00 0.00 2.00 4.66 7.91 1.33 24.66 3.43
InternVL2-26B 0.00 12.40 36.80 38.20 25.20 73.80 37.40 41.90
Qwen2-VL-72B 24.80 23.60 54.60 73.40 38.10 89.80 71.60 73.20
DeepSeek-VL-2-small 0.30 15.00 30.60 30.60 24.40 53.20 46.20 28.00
DeepSeek-VL-2 0.20 10.60 35.80 28.00 24.80 62.40 41.00 41.60
LLaVA-One-Vision-7B 0.10 14.60 42.00 31.00 27.20 71.40 46.00 34.30
LLaVA-One-Vision-72B 8.30 30.20 46.00 74.20 36.40 91.40 67.40 57.00
Sa2VA-8B 1.90 19.20 45.40 20.60 27.80 75.00 38.40 49.70
Sa2VA-26B 2.80 18.60 43.00 20.40 28.40 81.80 49.20 43.60
CoLVA-2B 0.00 1.20 25.60 20.20 22.40 44.60 37.40 12.60
CoLVA-4B 2.60 13.80 38.60 30.60 26.40 76.80 37.00 31.90
Long-LLaVA 0.00 14.80 28.00 35.20 25.20 58.00 43.20 25.00
LM4LV 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Vitron-V1 3.62 9.60 24.36 19.37 22.30 31.60 20.70 5.23
PandaGPT (13B) 0.00 0.00 13.60 25.80 12.50 16.30 25.70 1.45
AnyGPT 5.69 9.60 11.20 10.20 11.00 9.80 11.72 2.57
GAMA 0.00 0.00 15.67 19.86 24.10 18.45 21.32 4.35
Pengi 0.00 0.00 13.60 25.80 12.50 10.75 16.98 0.65
SALMONN-7B 0.00 0.00 15.20 4.80 20.00 16.80 7.60 11.98
SALMONN-13B 0.00 0.00 15.60 5.80 12.50 17.30 7.90 12.66
WavLLM 0.00 0.00 15.69 20.81 24.32 19.54 20.23 3.45
ImageBind-LLM 0.00 0.00 13.60 25.80 12.50 16.30 25.70 0.66
Unified-io-2-XXL 0.00 5.60 1.50 2.50 15.40 3.10 8.40 0.00
ModaVerse-7b-v0 0.00 0.00 13.60 25.80 12.50 16.30 25.70 0.66
AudioGPT-GPT4 32.37 23.00 31.80 40.22 4.40 0.20 3.40 73.34
SpeechGPT-7B-com 0.00 0.00 27.40 20.80 23.10 23.80 20.10 0.65
LLaMA-Omni 1.23 15.10 13.00 17.80 15.10 26.40 13.40 17.34
3D-LLM 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.35
PointLLM-7B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.08
PointLLM-13B 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
3D-VisTA 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-T5 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
MotionGPT-LLaMA 0.00 0.00 12.28 19.80 22.80 22.80 22.20 0.00
AvatarGPT 0.00 0.00 0.00 0.40 0.00 0.00 0.80 0.00
LLaMA-Mesh 0.02 0.00 26.20 20.40 22.80 24.20 21.10 19.42
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D Discussions and Future Investigation
We propose a leveled evaluation of MLLMs, with a hierarchical framework called General-Level, and a large-scale
benchmark dataset General-Bench. Yet we believe several aspects of this work can be further improved. In addition,
as the next step to achieve more capable multimodal generalists toward AGI, we believe some points are worth further
investigation.

Further refinement of the General-Level framework. Although this framework is a concrete starting point for
building true multimodal generalists, there are still areas for improvement, especially in terms of the algorithms. For example,
the coordination average used to compute Level-3 in the General-Level framework assumes a balance between the
number of comprehension and generation tasks, which is an unrealistic assumption. Additionally, we have relaxed the
measurement of synergy by assuming that a model’s synergy capability is reflected in its ability to surpass SoTA specialists
in task performance, avoiding a direct measurement of the synergy effect. Future work will consider optimizing this aspect
to provide a more robust definition.

Expanding the General-Bench dataset to include more comprehensive tasks and modalities. To ensure the
evaluation of multimodal generalists is complete and unbiased, the General-Bench dataset should be further expanded.
Currently, the dataset is somewhat imbalanced across different modalities and tasks; for example, there is more data for
image-related tasks than for audio and 3D modalities, and there are more comprehension tasks than generation tasks.
Moreover, multimodality should be more broadly defined to include not just visible information such as language, vision,
and sound, but also other signals and types of information. For instance, LLMs’ reasoning abilities have been shown to be
significantly enhanced through learning code. As multimodal models, it is necessary to support some coding capabilities,
which, in turn, could theoretically improve the model’s understanding and reasoning in other modalities, such as vision.
Finally, our current benchmark primarily considers tasks in which individual modality is operated in isolation. However, in
reality, a good multimodal generalist should be capable of modality-switching and modality-interleaved reasoning (in both
comprehension and generation) under multi-turn user-machine interactions. In the future, we plan to incorporate tasks and
datasets that assess interleaved modality capabilities.

Rethinking Evaluation Paradigm for Model Capabilities. Many current task evaluation methodologies still follow
conventional paradigms. In most cases, automatic and scalable evaluation strategies are preferred (we provide a detailed
overview in Appendix §B.4). While such approaches may suffice for relatively straightforward tasks—such as multiple-
choice or classification—they often fall short when applied to format-free tasks, particularly those involving multimodal
generation. For instance, in video or 3D generation, traditional metrics like FID or FVD are increasingly considered
inadequate, as they fail to reliably capture the quality and fidelity of the generated content. Consequently, there is a growing
reliance on human evaluations. To improve scalability, many recent works have begun employing LLMs to simulate
human-level judgment (Zheng et al., 2023). However, this “LLM-as-a-judge” approach introduces challenges in terms
of evaluation stability and reproducibility, which remain open research problems. In addition, our current General-Level
evaluation framework adopts a single primary metric per task, which may inherently introduce bias. We argue that future
evaluations should incorporate multiple complementary metrics to provide a more comprehensive assessment. Lastly, as
multimodal generalist models continue to evolve with stronger reasoning capabilities, corresponding benchmarks should
also be upgraded to evaluate the interpretability and traceability of their intermediate reasoning processes.

Optimizing model architecture to support more functionalities and modalities with stronger performance. Our
above experiments reveal that very few MLLMs currently achieve unified capabilities. Most models support only 1-2
modalities or abilities, which severely limits their qualifications as generalists. Some models, while supporting multiple
tasks and modalities, still exhibit limited performance in individual tasks. Future research could focus on optimizing model
architectures to support as many functions and modalities as possible while also delivering stronger performance. We note
that simply integrating multiple models or modules using an agent-based approach can increase the number of supported
functions and modalities but does not necessarily improve performance (i.e., it still cannot surpass individual specialists). A
more promising approach may be to leverage the Mixture of Experts (MoE) strategy to construct more unified MLLMs.
Recently, more advanced understanding and generation capabilities have also been achieved through some of the latest
architectures, such as those that combine autoregressive and diffusion frameworks.

Strengthening synergy capabilities is the key focus. As emphasized in this work, achieving synergy is the fundamental
requirement, and it is crucial for ensuring the model has more powerful capabilities (compared to specialists). To accomplish
this, several aspects need to be considered. First, at the architectural level, it is necessary to design essential modules or
mechanisms that allow the model to flexibly and effectively transfer features learned from different tasks and modalities (Fei
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et al., 2024a; Pan et al., 2025). This is key to enabling the “learning by analogy” capability. Second, at the learning level, to
achieve stronger capabilities across multiple tasks and modalities, the model must be trained in a way that prevents it from
forgetting previously learned knowledge when learning new tasks. Also, recently, by incorporating training techniques such
as Reinforcement Learning from Human Feedback (RLHF), models have achieved more powerful reasoning capabilities
and improved generalization.

E Author Contribution
All authors contributed to this project in various capacities, including idea conceptualization, data annotation, model
implementation, paper writing, and project supervision. To provide a transparent overview, Table 91 summarizes the
contributions and responsibilities of all co-authors. Given the extensive scope and workload of this project, we enlisted the
help of a large group of contributors. Among them, some individuals made contributions but did not qualify for co-authorship
due to partial involvement or insufficient or voluntary contributions. Nevertheless, we acknowledge their efforts and list
them in Table 93 to express our gratitude for their support.

Table 91: Detailed author list and contribution statement.

# Name Group Role Responsible Datasets Responsible Models
1 Hao Fei All 1) Project general leader: design and imple-

ment the idea, including General-Level evalua-
tion and General-Bench planning.
2) Worker for the audio group.
3) Designed data collection methods and se-
lected models for verification.
4) Responsible for all paper writing, illustra-
tions, and polishing.
5) Managed online deployment of data and au-
tomated evaluation systems.
6) Maintained the project website. 7) Provided
computing resources.

All audio-generation
datasets

All specialists in audio-
generation tasks
Audio MLLMs: WavLLM,
ImageBind-LLM, Unified-
io-2-XXL, ModaVerse-7b-
v0, AudioGPT-GPT4,
SpeechGPT-7B-com,
LLaMA-Omni

2 Yuan Zhou Working for
Image group

1) Project co-leader: give the formal text and
formula definitions for the 5 levels of the
General-Level evaluation framework, along
with the corresponding formula derivation.
2) Led the image group, managing tasks and
execution.
3) Constructed and polished over 150 datasets;
implemented around 30 SoTA specialists and
2 MLLMs.
4) Verified task and data management, and de-
ployed systems.
5) Developed evaluation scripts and automated
testing systems.

All image-related
datasets

Image-oriented MLLMs:
GPT4-o, GPT4-o-mini,
GPT4-V

3 Juncheng Li Working for
Image group

Project co-leader for image group: Led the
image group for supervised dataset collection
and image-based MLLMs evaluation.

All image-related
datasets

Specialists and MLLMs sup-
porting image-related skills

4 Xiangtai Li Working for
Video group

Project co-leader for video group: Led the
video group for supervised datasets collection
and video-based MLLMs evaluation.

All video-related datasets Specialists and MLLMs sup-
porting video-related skills

5 Qingshan Xu Working for
3D group

Project co-leader for 3D group: Led the 3D
group for supervised datasets collection and
3D-based MLLMs evaluation.

All 3D-related datasets Specialists and MLLMs sup-
porting 3D-related skills
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# Name Group Role Responsible Datasets Responsible Models
6 Bobo Li Working for

Language
group

Project co-leader for Language group: Led the
Language group for supervised datasets collec-
tion and Language-based MLLMs evaluation.

Language-related
datasets: L-2, 14, 15, 16,
17, 18, 19, 20, 21, 22

Specialists supporting L-2,
14, 15, 16, 17, 18, 19, 20,
21, 22 skills, and MLLMs in-
cluding Qwen2.5-7B-Instruct,
Baichuan2-7B-Base, Vicuna-
7b-V1.5, Falcon3-7B-Instruct,
Ministral-8B-Instruct-2410

7 Shengqiong Wu Working for
Audio group

Project co-leader for the audio group: Led the
audio comprehension group for the collection
of supervised datasets and the evaluation of
audio-based MLLMs.

Audio-related datasets:
A-C-1, 2, 3, 4, 5, 6, 7, 8,
9

Specialists supporting A-C-1,
2, 3, 4, 5, 6, 7, 8, 9 skills,
and MLLMs including
Qwen-Audio-Chat, Qwen2-
Audio-Instruct, Vitron-V1,
GAMA, Pengi, WavLLM,
SALMONN-7B SALMONN-
13B SpeechGPT-7B-com,
AudioGPT-GPT4, AnyGPT,
PandaGPT-13B, ImageBind-
LLM, ModaVerse-7b-v0,
Unified-io-2-XXL, NExT-
GPT-V1.5

8 Yaoting Wang Working for
Image group

Implement image-related MLLMs for evalua-
tion

/ MLLMs including Qwen2-
VL-7B, Qwen-VL-Chat,
MoE-LLAVA-Phi2-2.7B-
4e-384, mPLUG-Owl2-
LLaMA2-7b, Phi-3.5-Vision-
Instruct, Cambrian-1-8B,
MiniGPT4-LLaMA2-7B

9 Junbao Zhou Working for
3D group

Collect 3D-related datasets and Implement 3D-
related Specialists and MLLMs for evaluation

3D-related datasets: D-C-
1, 2, 3, 4, 5, 6, 7, 8, 9, 10,
11, 12, 13

Specialists supporting D-C-1,
2, 3, 4, 5, 6, 7, 8, 9, 10, 11,
12, 13 skills, and MLLMs
including 3D-LLM-2.1B,
PointLLM-7B, PointLLM-
13B, 3D-VisTA

10 Jiahao Meng Working for
Video group

Collect video-related datasets and Implement
video-related Specialists and MLLMs for eval-
uation

Video-related datasets: V-
C-2, 3, 4, 20

Specialists supporting
V-C-2, 3, 4, 20 skills,
and MLLMs including
Long-LLaVA-9B, DeepSeek-
VL-2-small, DeepSeek-VL-2,
LLaVA-One-Vision-7B,
LLaVA-One-Vision-72B

11 Qingyu Shi Working for
Video group

Collect video-related datasets and Implement
video-related Specialists and MLLMs for eval-
uation

Video-related datasets: V-
G-1, 2, 3, 4

Specialists supporting V-G-1,
2, 3, 4 tasks, and MLLMs in-
cluding VidAgent

12 Zhiyuan Zhou Working for
Image group

Collect image-related datasets and Implement
image-related Specialists and MLLMs for eval-
uation

Image-related datasets: I-
C-5, 7, 14, 15, 26, 28, 30,
34

Specialists supporting I-C-5,
7, 14, 15, 26, 28, 30, 34
skills, and MLLMs includ-
ing InternVL2 5-2B, In-
ternVL2 5-4B, InternVL2 5-
8B, Monkey-10B-chat,
DeepSeek-VL-7B-Chat

13 Liangtao Shi Working for
Image group

Collect image-related datasets and Implement
image-related Specialists and MLLMs for eval-
uation

Image-related datasets: I-
C-5, 13, 19, 26, 27, 28

Specialists supporting I-
C-5, 13, 19, 26, 27, 28
skills, and MLLMs includ-
ing InternVL-Chat-V1-5,
Mini-InternVL-Chat-4B-V1-5,
InternLM-XComposer2-VL-
1.8B, GPT4RoI-7B, GLaMM
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# Name Group Role Responsible Datasets Responsible Models
14 Minghe Gao Working for

Image group
Collect image-related datasets and Implement
image-related Specialists and MLLMs for eval-
uation

Image-related datasets: I-
C-8, 9, 17, 21, 25, 26, 28,
31, 35

Specialists supporting I-C-
8, 9, 17, 21, 25, 26, 28,
31, 35 skills, and MLLMs
including BLIP2, miniMon-
key, DeepSeek-VL-7B-Base,
LISA

15 Daoan Zhang Working for
3D group

Collect 3D-related datasets and Implement 3D-
related Specialists and MLLMs for evaluation

3D-related datasets: D-G-
1, 2, 3, 4, 5, 6, 7, 8, 9

Specialists supporting
D-G-1, 2, 3, 4, 5, 6, 7,
8, 9 skills, and MLLMs
including MotionGPT-
T5, MotionGPT-LLaMA,
AvatarGPT, LLaMA-mesh

16 Zhiqi Ge Working for
Image group

Collect image-related datasets and Implement
image-related Specialists and MLLMs for eval-
uation

Image-related datasets: I-
C-4, 26, 34

Specialists supporting I-C-4,
26, 34 skills, and MLLMs
including Claude-3.5-Sonnet,
Claude-3.5-Opus, Emu2-37B,
DetGPT

17 Weiming Wu Working for
Image group

Implement image-related MLLMs for evalua-
tion

/ MLLMs including Otter,
Show-o, NExT-Chat, Yi-
vision-v2, Qwen2-VL-72B

18 Siliang Tang Working for
Image group

Collect image-related datasets and Implement
image-related Specialists and MLLMs for eval-
uation

Image-related datasets: I-
C-26, 34

Specialists supporting I-C-
26, 34 skills, and MLLMs
including Claude-3.5-Sonnet,
Claude-3.5-Opus, Emu2-37B,
DetGPT

19 Kaihang Pan Working for
Image group

Collect image-related datasets and Implement
image-related Specialists and MLLMs for eval-
uation

Image-related datasets: I-
C-17, 22, 23, 38, 39

Specialists supporting I-C-
17, 22, 23, 38, 39 skills,
and MLLMs including
Pixtral-12B, SEED-LLaMA-
13B, LLaVA-NeXT-13B,
LLaVA-NeXT-34B

20 Yaobo Ye Working for
Image group

Collect image-related datasets and Implement
image-related Specialists and MLLMs for eval-
uation

Image-related datasets: I-
C-3, 7, 28, I-G-1, 3, 4, 5,
6, 7, 8, 12, 14, 15

Specialists supporting I-C-3,
7, 28, I-G-1, 3, 4, 5, 6, 7,
8, 12, 14, 15 skills, and
MLLMs including BLIP-3
(XGen-MM), CogVLM-
Chat, ShareGPT4V-7B,
ShareGPT4V-13B

21 Haobo Yuan Working for
Video group

Collect video-related datasets and Implement
video-related Specialists and MLLMs for eval-
uation

Video-related datasets: V-
C-5, 6, 7, 8, 9, 10, 11, 12,
13

Specialists supporting V-C-5,
6, 7, 8, 9, 10, 11, 12, 13
skills, and MLLMs including
InternVL-2-8B, InternVL-
2.5-8B, InternVL-2-26B,
InternVL-2.5-26B

22 Tao Zhang Working for
Video group

Collect video-related datasets and Implement
video-related Specialists and MLLMs for eval-
uation

Video-related datasets: V-
C-14, 15, 16, 17, 18, 19

Specialists supporting V-C-
14, 15, 16, 17, 18, 19
skills, and MLLMs includ-
ing CoLVA-2B, CoLVA-4B,
Sa2VA-8B, Sa2VA-26B

23 Tianjie Ju Working for
Language
group

Collect language-related datasets and Imple-
ment language-related Specialists and MLLMs
for evaluation

Language-related
datasets: L-1, 2, 3, 4, 5,
6, 7, 8, 9, 10, 11, 12, 13

Specialists supporting L-1,
2, 3, 4, 5, 6, 7, 8, 9, 10, 11,
12, 13 skills, and MLLMs
including Meta-Llama-3.1-
8B-Instruct, Gemma-2-9b-it,
GPT-J ChatGLM-6B,
InternLM2-Chat-7B, Yi-
lightning
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# Name Group Role Responsible Datasets Responsible Models
24 Zixiang Meng Working for

Image and
Video group

Collect image, video-related datasets and Im-
plement image, video-related Specialists and
MLLMs for evaluation

Image-related datasets: I-
C-6, 28, 38, and Video-
related datasets: V-C-20

Specialists supporting I-C-6,
28, 38 and V-C-20 skills, and
MLLMs including Gemini-
1.5-Pro, Gemini-1.5-Flash,
OMG-LLaVA-InternLM20B,
Idefics3-8B-Llama3

25 Shilin Xu Working for
Video group

Collect video-related datasets and Implement
video-related Specialists and MLLMs for eval-
uation

Video-related datasets: V-
C-1, 2, 4

Specialists supporting V-C-
1, 2, 4 skills, and MLLMs
including InternVL-2.5-8B,
InternVL-2.5-26B, Qwen2-
VL-7B, Qwen2-VL-72B

26 Liyu Jia Work for im-
age group

Collect image-related datasets and Implement
image-related Specialists and MLLMs for eval-
uation

image-related dataset col-
lection: I-C-6, 17, and

MLLMs including GPT4-o-
4096.

27 Wentao Hu Work for im-
age group

Collect image-related datasets and Implement
image-related Specialists and MLLMs for eval-
uation

image-related dataset col-
lection: I-C-17, 28

MLLMs including gpt-3.5-
turbo, chatgpt4-o-latest.

28 Meng Luo Working for
Video group

Collect video-related datasets and Implement
video-related Specialists and MLLMs for eval-
uation

Video-related datasets: V-
C-2, V-G-1, 5, 6

Specialists supporting V-C-
2, V-G-1, 5, 6 skills, and
MLLMs including LM4LV

29 Jiebo Luo Discussion
& Advisory

Discussed the high-level directions and goals
of the project. Provided important and insight-
ful feedback for the overall system design.

/ /

30 Tat-Seng Chua Discussion
& Advisory

Discussed the high-level directions and goals
of the project. Provided important and insight-
ful feedback for the overall system design.

/ /

31 Hanwang Zhang Project
Supervision

1) Project co-supervisor, conceptualized the
idea of General-Level, and the entire process.
2) Provided computing resources.

/ /

32 Shuicheng Yan Project
Supervision

1) Project co-supervisor, co-conceptualized the
idea of General-Level, and supervised the en-
tire process.
2) Provided computing resources.

/ /
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Table 93: List of some contributors without authorship.

# Name Contribution

1 Zhengzhe Liu Contributed to image group: assisted in image-oriented dataset preparation and model testing.

2 Zhongze Luo Evaluating Yi-vision-v2 on 77 dataset; evaluating Show-o on 65 datasets.

3 Chunhan Li Evaluating Show-o on 136 image comprehension datasets and partial 67 datasets.

4 Qirui Huang Evaluating Yi-lightning on 117 NLP datasets and evaluating Show-o on 44 image generation.

5 Jiaxin Zhu Assist in evaluating certain MLLMs on certain datasets.

6 Ming Lei Evaluating Otter on certain datasets.

7 Zhangyu Wang Evaluating Otter on certain datasets.

8 Lin Liu Contributed to the preparation of image-related task data during phases 1 and 2.

9 Chengjie Zhou Contributed to the preparation of NLP task data during phase 1.

10 Yucheng Han Contributed to the preparation of image-related task data during phase 1.

11 Peng Zhou Contributed to the preparation of image-related task data during phase 1.

12 Luanyuan Dai Contributed to the preparation of image-related task data during phase 2.

13 Yuxuan Liu Contributed to the preparation of image-related task data during phase 2.

14 Xun Jiang Contributed to the preparation of image-related task data during phase 2.

15 Peisuo Li Contributed to the preparation of image-related task data during phase 2.

16 Xu Zhang Contributed to the preparation of image-related task data during phase 2.

17 Wenjie Zhuo Contributed to the preparation of image-related task data during phase 2.

18 Lianyuan Fan Contributed to 3D generation-related data collection during phase 2 (incomplete).

120


	Introduction
	Background and Related Work
	General-Level: A 5-Level Taxonomy of Multimodal Generalists
	Preliminary
	Observations and Principles
	Synergy as Core to Generalists

	Defining Levels Centered on Synergy

	General-Bench: A Holistic Benchmark for Multimodal Generalists
	Experiments
	Experimental Settings
	Main Evaluation Results
	More Analyses and Discussions

	Conclusion
	Extension on General-Level Scoring
	Scoring Specification
	Scoring Relaxation
	Properties of General-Level
	Receipt to Leveling Upper in General-Level

	Extension on General-Bench Dataset
	Data Construction
	Design Criterion
	Construction Process

	Evaluation and Splitting
	Leaderboard Re-Scoping
	Evaluation Metrics
	Data Format
	Data Taxonomy and Hierarchy
	Data Distributions
	Extended Data Insights
	Comparisons with Existing Benchmarks

	Extension on Experimental Results
	Multimodal Specialist and Generalist Systems
	Full Main Evaluation Results
	Level and Leaderboard of Multimodal Generalists
	Capability BreakDown
	Analysis and Discussion on Synergy
	Results of Image-related Tasks
	Results of Video-related Tasks
	Results of Audio-related Tasks
	Results of 3D-related Tasks
	Results of NLP Tasks

	Discussions and Future Investigation
	Author Contribution

