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Abstract

We propose MM-Vet!, an evaluation benchmark
that examines large multimodal models (LMMs)
on complicated multimodal tasks. Recent LMMs
have shown various intriguing abilities, such
as solving math problems written on the black-
board, reasoning about events and celebrities in
news images, and explaining visual jokes. Rapid
model advancements pose challenges to eval-
uation benchmark development. Problems in-
clude: (1) How to systematically structure and
evaluate the complicated multimodal tasks; (2)
How to design evaluation metrics that work well
across question and answer types; and (3) How
to give model insights beyond a simple perfor-
mance ranking. To this end, we present MM-
Vet, designed based on the insight that the in-
triguing ability to solve complicated tasks often
stems from a generalist model being able to in-
tegrate different core vision-language (VL) capa-
bilities. MM-Vet defines 6 core VL capabilities
and examines the 16 integrations of interest de-
rived from their combinations. For evaluation
metrics, we propose an LLM-based evaluator for
open-ended outputs. The evaluator enables the
evaluation across different question types and an-
swer styles, resulting in a unified scoring met-
ric. We evaluate representative LMMs on MM-
Vet, providing insights into the capabilities of
different LMM system paradigms and model de-
signs. Code and data are available at https://
github.com/yuweihao/MM-Vet, and the
online evaluator at https://huggingface.
co/spaces/whyu/MM-Vet_FEvaluator.

“Equal contribution 'National University of Singapore,
Singapore >Microsoft Azure Al, USA. Correspondence to:
Xinchao Wang <xinchao@nus.edu.sg>, Lijuan Wang <li-
juanw @microsoft.com>.

Proceedings of the 41°% International Conference on Machine
Learning, Vienna, Austria. PMLR 235, 2024. Copyright 2024 by
the author(s).

I'Short for “Multimodal Veterinarian.”

VQA v2 coco

Text VQA

Q: Is the boy happy? GT: The man at bat readies to swing at the Q: What is the largest denomination on table?
GT: Yes pitch while the umpire looks on. GT: 500

Required capability:

Required capabilities: Required capabilities:
Recognition i

Recognition Recognition
Language generation OCR

(a) (b) (c)

MM-Vet (Ours)
Lte L » r‘]t Me: Il do it at 8

ime: 8.05
Me: looks like | gotta wait il 9 now

Q: Can you explain this meme?
GT: This meme is a humorous take on

Q: What will the girl on the right write
on the board? GT: Qatar
GT: 14 procrastination and the tendency to delay
tasks until a specific time ..

Q: Where is this photo taken?

Required capabilities:
Recognition
Knowledge

Required capabilities:
Recognition
Spatial awareness
OCR Recognition
Math Knowledge
Language generation
(U]

Required capabilities:
OCR

(d) (e)

Figure 1: The benchmarks differ in their required capabil-
ities. While standard VL benchmarks (Chen et al., 2015;
Antol et al., 2015; Singh et al., 2019) typically require only
one or two capabilities, MM-Vet focuses on the integration
of multiple core VL capabilities. These include recognition,
OCR, knowledge, language generation, spatial awareness,
and math.

1. Introduction

The breakthroughs in large language models
(LLMs) (Brown et al., 2020a; OpenAl, 2023c; Chowdhery
et al., 2022; Anil et al., 2023; Touvron et al., 2023a; Hoff-
mann et al., 2022) bring generalist AI models that can solve
a wide range of complicated natural language tasks, many
approaching the human-expert-level performance (OpenAl,
2023c; Bubeck et al., 2023; Yang et al., 2023b). Large
multimodal models (LMMs) aim to achieve even stronger
general intelligence via extending LLMs with multimodal
inputs. Since more than 80% of our human being’s
perception, learning, cognition, and activities are mediated
through vision (Politzer), it is natural to start the exploration
by equipping LLMs with “eyes.” One main thread of
LMM works, represented by Frozen (Tsimpoukelli et al.,


https://github.com/yuweihao/MM-Vet
https://github.com/yuweihao/MM-Vet
https://huggingface.co/spaces/whyu/MM-Vet_Evaluator
https://huggingface.co/spaces/whyu/MM-Vet_Evaluator

MM-Vet: Evaluating Large Multimodal Models for Integrated Capabilities

2021), Flamingo (Alayrac et al., 2022), PaLM-E (Driess Most integrated tasks would require comprehensive evalu-
et al., 2023), GPT-4V (OpenAl, 2023c;a), extend LLMs ations from multiple dimensions. Inspired by recent NLP
with the visual understanding capability via end-to-endstudies (Chiang & Lee, 2023; Liu et al., 2023e; Fu et al.,
tuning. There also exists the exploration (Yang et al.2023b) that use LLMs for model evaluation, we propose
2022b; Zeng et al., 2022; Yang et al., 2023c; Shen et algn LLM-based evaluator as the evaluation metric for open-
2023; Gao et al., 2023a) on the modular combinatiorended model outputs. As shown in Table 1, we prompt GPT-
of LLMs and image-to-text vision-language models.4 (OpenAl, 2023c) with few-shot evaluation prompts to
Recently, thanks to the open-source of powerful LLMsobtain an evaluation score ranging fr@to 1, conditioned

like LLaMA (Touvron et al., 2023a), more open-sourced on the question, prediction, and GT annotation. Instead of
LMMs are built, including OpenFlamingo (Awadalla et al., manually de ning the possible answer styles and question
2023a), LLaVA (Liu et al., 2023c), MiniGPT-4 (Zhu et al., types, we include different sample types as few-shot exam-
2023a), Otter (Li et al., 2023c), InstructBLIP (Dai et al., ples and let LLMs infer the scoring criteria automatically.
2023), and many more (Gong et al., 2023; Liu et al., 2023bSuch metric design eases the future extension to more ques-
Ye et al., 2023). These studies showcase the intriguingion types, such as box localization (Chen et al., 2022; Yang
ability to solve various complicated multimodal tasks, suchet al., 2022a; Wang et al., 2023).

as open-world recognition, multimodal knowledge and

. MM-Vet's evaluation category and metric designs allow
commonsense, scene text understanding, and so on.

users to obtain per-capability insights for different LMMs.
Despite the promising qualitative results on LMM's capa-Such model analyses can be more informative than a sin-
bilities, it remains unclear how to systematically evaluategle overall ranking, which highly depends on the dataset
those showcased complicated multimodal tasks, and whatample composition and might be biased. We evaluate
are the relationships among evaluated tasks, which is thievo sets of multimodal systemise., the end-to-end tuned

rst step in developing a quantitative evaluation benchmarkLMMs including OpenFlamingo (Awadalla et al., 2023a),
As shown in Figure 1, existing VL benchmarks (Antol et al., LLaVA (Liu et al., 2023c), MiniGPT-4 (Zhu et al., 2023a),
2015; Chen et al., 2015; Singh et al., 2019) focus on straigh®tter (Li et al., 2023c), InstructBLIP (Dai et al., 2023),
forward VL tasks that test speci ¢ one or two capabilities, etc, and the LLM-tool-using systems (Yang et al., 2023c;
such as recognition, language generation, or OCR, but fatbhen et al., 2023; Gao et al., 2023a; Huggingface, 2023)
short in benchmarking more complicated tasks. In contrassuch as MM-ReAct (Yang et al., 2023c) and Transformers
we examine the integration of multiple core VL capabilities Agent (Huggingface, 2023). Despite not knowing model
for more complicated tasks. This is based on the insightietails, we also evaluate industry solutions such as GPT-
that the intriguing ability to solve complicated multimodal 4V (OpenAl, 2023a) and Bard (Google, 2023), which are
tasks can be achieved by a generalist model mastering arsgparately tagged to avoid unfair direct comparisons. We
integrating these core capabilities. Following this insight, rst discuss the capability analyses of these two system
we propose a hew benchmark for evaluating LMMs, namelyparadigms and their representative models. We then dive
MM-Vet. MM-Vet de nes six core VL capabilities, includ- deeper into the open-sourced LMMs and examine how the
ing recognition, OCR, knowledge, language generation, spdraining data, vision encoder, and LLM selection in uence
tial awareness, and math, which integrate to solve variouthe performance on different capabilities.

complicated multimodal tasks. MM-Vet contains 16 tasks
for quantitative evaluation. For example, in Figure 1(d),
answering the questiotWhat will the girl on the right write

on the board? in MM-Vet requires recognizing the genders
of the three kids, locating queried girl spatially, recognizing
the scene text written by the girl, and nally calculating the
result.

Other than the evaluation category topology, nding effec- * We propose an LLM-based evaluator for open-ended
tive evaluation metric is another challenge in benchmark ~ outputs from LMMs, which unies the evaluation
development, given the diverse answer styles and question ~across different answer styles and question types. The
types. Speci cally:(1) The desired outputs in different mul- evaluation metrics ensure the thorough evaluation of
timodal tasks have diverse formagsg, Figure 1(d)'s math both the factual correctness and text quality of the re-
problem can be answered by a single word, while outputs ~ SPONSes.

for the essay writing question are hundred-words |¢aY;
The core aspect to evaluate in different tasks vagds, vealing the relative strengths and weaknesses of differ-

text generation focuses more on the text quality, recognition gt system paradigms and models, as summarized in
can be considered correct with the key concept recognized. Section 4.6

Our contributions are summarized as follows.

¢ We propose MM-Vet to evaluate LMMs' ability on
complicated multimodal tasks. MM-Vet considaié
emergent tasks, integrated froénde ned core VL
capabilities.

¢ We benchmark representative LMMs on MM-Vet, re-



MM-Vet: Evaluating Large Multimodal Models for Integrated Capabilities

2. Related work

Multimodal models. Vision-language models (Chen et al.,

2015; Goyal et al., 2017; Lu et al., 2019; Chen et al., 2020;

Lietal., 2020; Kim et al., 2021; Wang et al., 2022b;a; Yang

et al., 2022a; Gan et al., 2022) approach multimodal intel-

ligence of jointly understanding and generating vision and

language signals. Inspired by the impressive quality and

genericity in recent large language models (LLMs) (Brown

et al., 2020b; OpenAl, 2023c; Chowdhery et al., 2022; Tou-

vron et al., 2023a), researchers explore large multimodal

models (LMMs) that seamlessly integrate different vision-

language capabilities to solve complicated multimodal tasks.

In approaching such multimodal generalist systems, one

direction is to extend LLMs with the multi-sensory abil-

ity, such as pioneer works Frozen (Tsimpoukelli et al.,Figure 2: MM-Vet proportion of capabilities. (a) The pro-
2021), Flamingo (Alayrac et al., 2022), PaLM-E (Driess portion of each capability. The sum of the proportion is
et al., 2023) and GPT-4V (OpenAl, 2023c;a). Recenfiarger than 100% because most samples have more than
open-sourced LLMs (Zhang et al., 2022; Touvron et al.pne capability. (b) The proportion of capability integrations.
2023a; Peng et al., 2023) also facilitate various researciihe sum of the proportion is equivalent to 100%.

studies including OpenFlamingo (Awadalla et al., 2023a),

LLaVA (Liu et al., 2023c), MiniGPT-4 (Zhu et al,, 2023a), jn NLP (Chiang & Lee, 2023; Liu et al., 2023e; Fu et al.,
Otter (Li et al., 2023c), InstructBLIP (Dai et al., 2023), and 2023h). We show that the technique extends well to mul-
so on (Gong et al,, 2023; Liu et al., 2023b; Ye et al., 2023)timodal tasks, and presents a uni ed prompt to evaluate

On the other hand, multimodal agents (Yang et al., 2023 amples with different answer styles and question types.
Shen et al., 2023; Huggingface, 2023; Gao et al., 2023a)

explore chaining different vision tools with LLMs (Brown 3. MM-V/
et al., 2020b; OpenAl, 2023c) to achieve integrated vision=* -Vet

language capabilities. 3.1. Data collection

VL benchmarks. Classic VL benchmarks focus on speci ¢ gy aim is to develop a multimodal benchmark that requires
capabilities of interest, such as visual recognition (Goyal,omprehensive capabilities, corresponding to realistic sce-
etal., 2017), image description (Chen et al., 2015; Agrawaharios an Al agent might encounter. Consider, for instance,
etal., 2019), as well as other benchmarks for specializegis scenario: Awakening from slumber, you reach out for
capabilit_ies such as scene text understanding (Singh et %ur smartphonerécognition capabilityto check the cur-
2019; Sidorov et al., 2020; Yang et al., 2021), COMMONient time OCR capability. Today, your plan is to visit

sense reasoning (Zellers et al., 2019), and outside knowly, nfamiliar grocery store. With the knowledge that it's

edge (Marino et al., 2019). The recent development ofy.ated opposite a stadium and beside a cinespatial

generalist LMMs posts a strong need for modernized Vg, arenesk you manage to locate it successfully. Remem-

benchma_rks_, which contain com_p_licated multimodal taSksbering your doctor's advice to lose weight, you avoid high-
that require integrated VL capabilities. calorie items and instead pick up milk, vegetables, and fruits

Our MM-Vet is most related to the concurrent evaluation(knowledge capabilify In the dairy section, you saw two
studies (Fu et al., 2023a; Liu et al., 2023d; Li et al., 2023a0ptions of pure milk: one liter at $4 with a 20% discount,
Xu et a|_’ 2023, Liu et a|_’ 2023a) such as MME and MM-and 1.5 liters at $7 with a 25% discount. After some qUiCk
Bench, which design comprehensive evaluation sampledrithmetic, you nd the former is cheapemg@th capability

to facilitate the LMM evaluation. One major difference is @nd select the one-liter carton. Later, as you pass by the
that MM-Vet de nes and studies the integrated VL capabili-Cinéma, you see someone gesturing towards a poster while
ties, allowing the evaluation to provide insights beyond theintroducing a new movielgnguage generation

overall model ranking. From the scenarios of interest, we summarize the following
LLM-based evaluation. MM-Vet adopts the open-ended Six core VL capabilities for evaluation, with corresponding
LLM-based evaluator, allowing the evaluation across anMM-Vet examples shown in Appendix Tables 12-17.

swer styles and question types without requiring binary

LLMs for model evaluation is related to the explorations eral visual recognition capability, including recogniz-
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ing scenes, objects, object attributes (color, materialfable 1: Few-shot prompt for evaluating model outputs

shapeegtd), counting, and various other high-level vi- using GPT-4, wher® is a sample's questior(; is the

sual recognition tasks in computer vision. ground truth andP is the model output for the sample. In
the prompt, there are examples with short and long open-

Knowledge (Know). The knowledge category covers gnged answers, enabling the evaluation of diverse answer

various knowledge-related capabilities, including so+yjes. Taking the prompt lled witlQ, G andP, GPT-4
cial and visual commonsense knowledge, encyclopedig;| generate a soft grading score from 0 to 1.

knowledge, and time-sensitive knowledge like news.

This capability necessitates that the model not on
possesses such knowledge, but also effectively utiliz
it to solve complicated tasks as required.

OCR. Optical character recognition (OCR) refers t(
the scene text understanding and reasoning capabi
The models are tested to read the scene text in imag
and reason over the texts to solve various tasks.

Spatial awareness (Spat)Spatial awareness embod
ies a diverse spectrum of capabilities related to und
standing space, including the comprehension of tf
spatial relationship among object and scene text
gions.

Language generation (Gen)Language generation is
a vital ability that empowers models to articulate the
responses in a clear, engaging, and informative mant
We use questions that demand more extended answ
for language generation capacity evaluation.

Math. Math evaluates the model's arithmetic cap4g
bility in solving math equations or problems in the
wild.

Compare the ground truth and prediction from Al models, to give
a correctness score for the prediction. <AND> in the ground truth
means it is totally right only when all elements in the ground truth
are present in the prediction, and <OR> means it is totally right when
any one element in the ground truth is present in the prediction. The
correctness score is 0.0 (totally wrong), 0.1, 0.2, 0.3, 0.4, 0.5, 0.6,
0.7, 0.8, 0.9, or 1.0 (totally right). Just complete the last space of the
correctness score.

Question | Ground truth | Prediction | Correctness

=[=]=]=

What is x in the equation? | -1 <AND>-5|x =3 0.0

What is x in the equation? | -1 <AND>-5|x=-1|0.5

What is x in the equation? | -1 <AND>-5|x=-5|0.5

What is x in the equation? | -1 <AND>-5|x =-50r5] 0.5

What is x in the equation? | -1 <AND>-5 | x = -1 or x =-5| 1.0

Can you explain this meme? | This meme is poking fun at the fact
that the names of the countries Iceland and Greenland are misleading.
Despite its name, Iceland is known for its beautiful green landscapes
while Greenland is mostly covered in ice and snow. The meme is
saying that the person has trust issues because the names of thege
countries do not accurately represent their landscapes. | The memg
talks about Iceland and Greenland. It's pointing out that despite their
names, Iceland is not very icy and Greenland isn't very green. | 0.4
Can you explain this meme? | This meme is poking fun at the fact
that the names of the countries Iceland and Greenland are misleading.
Despite its name, Iceland is known for its beautiful green landscapes
while Greenland is mostly covered in ice and snow. The meme is
saying that the person has trust issues because the names of these cofn-
tries do not accurately represent their landscapes. | The meme is usin

humor to point out the misleading nature of Iceland's and Greenland's
names. Iceland, despite its name, has lush green landscapes while
Greenland is mostly covered in ice and snow. The text “This is why |
have trust issues' is a playful way to suggest that these contradictiond
can lead to distrust or confusion. The humor in this meme is derived
from the unexpected contrast between the names of the countries an
their actual physical characteristics. | 1.0

QIG|P |

In real-world scenarios, various complicated multimodd
tasks would require the integrations of different core V
capabilities. For instance, explaining visual jokes as shoy
in Appendix Table 12(a) requires recognition, knowledg
of humor, and language generation; reading documents 4
solving math problems as shown in Appendix Table 13(a)
takes OCR, spatial awareness and math; and answering

exam questions given images as shown in Appendix Tabl@019), with the questions and answers modi ed to an open-
16(b) needs OCR, knowledge, spatial awareness. To sohgnhded answering format. Another three images are from
these complicated tasks, LMMs are expected to seamlessfyhestX-ray14 (Wang et al., 2017) to obtain corresponding
integrate different VL capabilities. Therefore, it is crucial medical expert knowledge. In total, our MM-Vet contains
to establish a benchmark that evaluates the performance 800 images, and 218 questions (samples), all paired with
these integrated abilities within LMMs. their respective ground truths. For each question, we have

) ) also identi ed the capacities required to answer them and
To build the benchmark, we have gathered 187 images frongigp|ayed this information statistically in Figure 2.

various online sources and ask 205 questions, each of which

requires one or more capabilities to answer. As show

in Appendix Tables 12-17, these questions are varied irné'z' LLM-based evaluator for open-ended outputs
type and entail open-ended responses of differing lengthQuestions and expected responses in MM-Vet are designed
The ground truths for 155 questions are carefully annotatetb be open-ended to cover the diverse real-world scenarios.
by us to ensure high quality, while the remainder of theThis naturally poses a great challenge in terms of model
answers for 50 questions were gathered from the Internetvaluation and metric design. Drawing inspiration from re-
In addition to the 187 images, ten extra images with higheent NLP studies (Chiang & Lee, 2023; Zheng et al., 2023)
quality questions are collected from VCR (Zellers et al. that utilize LLMs for open-ended evaluations, we leverage

4
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GPT-4 to assist evaluation. As shown in Table 1, we crafifable 2: MM-Vet evaluation results on various LMMs re-
a few-shot prompt for model evaluation. The few-shot degarding eacfcore VL capability For each column, the
sign allows us to de ne the scoring metrics via in-contexthighest, second, and third highest gures are highlighted by
examples and supports easy extension onto new problegreen orangeandbluecolors. Numbers are presented in %
sets. Speci cally, our implemented prompt incorporateswith a full score of 100%.

ve in-context examples with open-ended short answers and Modelf - )Reg 2003R9Kn<;w2 Ge??2 szt Math0 T;il
. Transformers Agent (GPT-4) 18. . . 2 124 40 13

two examples Wlth long answers. We cover examples thatnicpr.4.98 74 150 126 136 203 77 2201
are fully correcti.e., 1.0) or incorrecti(e., 0.0), as well as fLLIF\’/-AZ-;éB 228733 117111 1161;3 12.3 21?211%823282'3'2
H @ H ” aVvA- . . . . i . . .

examples used to de ne different types of “partially correct” iicpTa-148 26.0 161 204 251 252 38 2444
responses. The LLM-based evaluator allows any style of Otter-9|B 273 17.8 142 138 244 3.8 2403
. . . OpenFlamingo-9B 28.7 16.7 16.4 13.1 21.0 7.7 242

model outputs to k_)e evaluated with a uni ed consistent Met- qiyctsLip-148 308 160 08 90 211 105 2563
ric. Furthermore, it also supports easy adaptation to d|verse:I1Lst:>J:tlB§|I3P-8B 3302.94 2104.16 2136.55 2168.42 2123.36 77.77 zzeegi
question types and answer styles by simply modifying the yy.react-cpr-3.5 247315 215 20.732.3 26.2 27.9 0.1
eva|uati0n examples, LLaVA-7B (LLaMA-2) 329 20.1 19.0 20.1 25.7 52 28104

LLaMA-Adapter v2-7B 38.5 20.3 314 334 229 3.8 3140.1

i i : i LLaVA-13B (V1.3,336px) 38.1 22.3 25.2 25.31.3 11.2 325 0.1

By inputting the prompt, GPT,A' automatically genelra}tes LLaVA-13B (LLaMA-2) ~  39.2 22.7 265 29.3 29.6 7.7 32.9 0.1

scores for each sample, conditioned on each sample's inputum-ReAct-GPT-4 33.1 65.7 29.0 35.0 56.8 69.2 44.6 0.2
question, ground truth, and model output. The score for each

sample ranges from O to 1. The total scores are computegly Result analyses
by

The main results of different methods are shown in Table 2

S regarding each capability, and Table 3 for each capability
S= l_lN 100% (1) integration.

wheres; is the score of samplg andN is the sample
: . ... 4.2.1. REGARDING EACH CAPABILITY
number. The score regarding each capability or capability

B

integration can be similarly obtained by Recognition. The “Recognition” category contains the
P s guestions requiring recognition capability to answer. Ex-
S = N L 100% i2C; (2)  amples are shown in Appendix Tables 12(a, b), 13(b), 14(a,
Cc

b), 15(a, b), 16(a, c), and 17(b). The “Rec” column in
whereC is the set of samples requiring a speci ¢ capability Table 2 compares the performance on the “Recognition”.
or capability integration, anll is the sample number of Among the evaluated models, LLaVA-13B (LLaMA-2) is

the set. the best one, obtaining 39.2%. There may be two reasons.
First, LLaVA-13B (LLaMA-2) adopts ViT-L/14 (Dosovit-

4. Evaluation results skiy et al., 2020) from CLIP (Radford et al., 2021) as a
vision model, which is trained by a large amount of data,

4.1. Experiment settings 400 million image-text pairs; 2) Second, it is surprising that

stronger language model can largely boost the recognition
performance. LLaVA-13B (LLaMA-2) obtains 8.3% impor-
‘tant over LLaVA-13B (Vicuna-13B). Stronger LLMs may
"help understand questions better and identify key informa-
tion from visual inputs.

We utilize MM-Vet to evaluate two types of LMMs.e.,
(1) end-to-end tuned LMMs (OpenFlamingo (Alayrac et al.
2022; Awadalla et al., 2023a;b), BLIP-2 (Li et al., 2023d)
LLaVA (Liu et al., 2023c), MiniGPT-4 (Zhu et al., 2023a),
LLaMA-Adapter V2 (Gao et al., 2023b), Otter (Li et al.,
2023c) and InstructBLIP (Dai et al., 2023)); (2) LLM-tool- LLaMA-Adapter v2-7B is another strong model in recog-
using methods (MM-ReAct (Yang et al., 2023c) and Transnition, achieving 38.5%. This outstanding ability may be
formers Agent (Huggingface, 2023)). The summary of thesebtained from its various and large amounts of tuning data,
methods is shown in Appendix Table 11. As shown in TaLAION-400M (Schuhmann et al., 2021), COYO-700M
ble 1, for each sample, we Il the prompt template with its (Byeon et al., 2022), Multimodal C4 (Zhu et al., 2023b)
guestion, ground truth, and output from a speci ¢ LMM. By and tuning data of LLaVA (Liu et al., 2023€}c as shown
taking the lled promptinto GPT-4, GPT-4 will generate a in Table 11. Besides, InstructBLIP-8B (Dai et al., 2023)
score from 0 to 1 for the sample. It is found that outputs ofattains 32.4%. As shown in Table 11, the tuning data of
GPT-4 still exist variance, although the temperature is seinstructBLIP includes 26 publicly available datasets, which
as 0. Therefore, we utilize GPT-4 to evaluate the outputs o€ontain recognition heavily datasets, like VQA v2 (Goyal
LLMs by 5 times. Due to the space limit, we report averageet al., 2017) and GQA (Hudson & Manning, 2019). The
scores for capabilities/capability integrations, and averageromising capability of InstructBLIP in recognition may
as well as variance for total score. bene t from these datasets.
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Table 3: MM-Vet evaluation results on various LMMs regarding ezegbability integration Examples of each capability
integration are shown in Appendix Tables 12-17. For each column, the highest, second, and third highest gures are
highlighted bygreen,orange anblue colors. Numbers are presented in % with a full score of 100%.

Rec Rec Rec
Model Rec OCR OCR OCR Rec OCR Rec OCR OCR Total
Know OCR Spat Rec OCR Rec Know Gen OCR Rec Know Know Gen Spat

Gen Rec Spat Math Spat OCRMath Know Gen Spat Spat OCR Spat Spat Spat Math
Transformers Agent (GPT-4) (Huggingface, 2023) 1.3 491 00 74 458 00 00 0.0 00 95 0.0 250 50.0 49.0 0.0 13405

MiniGPT-4-8B (Zhu et al., 2023a) 142 479 96 143 500 208 00 144 80 429 500 07 00 00 00 22101
BLIP-2-12B (Li et al., 2023d) 73 651 115 7.1 417 212 4! 389 52 85 143 250 16. 50.0 0.0 0.0 22402
LLaVA-7B (Liu et al., 2023c) 17.1 46.6 13. 21.4 417 248 00 289 6.2 452 6.6 500 00 0.0 190 0.0 2386
MiniGPT-4-14B (Zhu et al., 2023a) 211 475 146 7.1 500 167 00 < 18.7 385 183 32! 500 00 00 0.0 24.404
Otter-9B (Li et al., 2023c) 156 54.1 292 7.1 50.0 225 0.0 111 32 6.0 23.1 465 333 0.0 30.0 0.0024.7
OpenFlamingo-9B (Awadalla et al., 2023b) 155 48.6 154 1583 405 0.0 389 45 6.0 286 500 100 00 0.0 0.0 2482
InstructBLIP-14B (Dai et al., 2023) 81743 146 143 500 192 65 111 88 152 1 700 16.7 50.0 150 0.0 25603
InstructBLIP-8B (Dai et al., 2023) 18.069.9 154 143 333 208 00 233 7.8 352 157 250 00 00 0.0 0.0 p&2
LLaVA-13B (Liu et al., 2023c) 252 411 173 7.1 475 20 9.1 180 125 53.8 143 50.C 50.0 0.0 12.0 0.0 26.40.1
MM-ReAct-GPT-3.5 (Yang et al., 2023c) 19.1 3¢ 28.8 35.7 283 60.0 9.1 333 25 478 0.0 25 1000 0.0 35.0 80.0 27.9 0.1
LLaVA-7B (LLaMA-2) (Liu et al., 2023c) 18.8 57.026.9 9.7 500 26.7 0.0 347 102 448 143 500 11.3 00 0.0 0.0 B4l
LLaMA-Adapter v2-7B (Gao et al., 2023b) 353 541 135 7.1 50. 385 0.0 122 225 380 286 480 533 00 0.0 0.0 31401
LLaVA-13B (V1.3, 336px) (Liu et al., 2023c) 255 59.7 25.0 14.0.66.7 258 8.2 278 112 493 143 50.0 3z 50.0 2.0 0.0 325 0.1
LLaVA-13B (LLaMA-2) (Liu et al., 2023c) 29.8 595 21.2 14.:583 36.2 0.0 278 3.5 56.8 286 500 333 0.0 80 0.0329 0.1
MM-ReAct-GPT-4 (Yang et al., 2023c) 225 33 69.2 78.6 25.0 83.0 63.6 444 68.2 88.0 143 50.0 0.0 50.0 80.0 0.0 44.6 0.2

OCR. OCR assesses models' capabilities in recognizingSpatial awareness.“Spatial awareness” involves the un-
scene texts in images and performing various types of reaerstanding of the spatial relationship among visual object
soning including math, spatial, recognitia@ic Examples regions €.g, Appendix Table 12(c)) and scene text regions
are shown in Appendix Tables 12(c), 13(a, c, d), 14(b), 15(a,e.g, Table 15(a, b)). MMReAct-GPT4 (Yang et al., 2023c)
b), 16(a, b), 17(a, b). As shown in Table 11's “OCR” col- has a signi cant lead in this capability (56.8%), because the
umn, MMReAct-GPT4 (Yang et al., 2023c) performs the adopted tools, such as dense captioning and OCR, provide
best (65.7%) in OCR capability with the assistance of an exdetailed object and scene text location information in the
ternal OCR model as a tool. Among end-to-end tuned modorm of coordinates, which can be understood and processed
els, LLaVA-13B (LLaMA-2) (Liu et al., 2023c) achieves the by GPT-4.

highest performance (22.7%). Thi; superior performanc%hen it comes to end-to-end tuned models, LLaVA-13B
may be attributed to LLaVAs adoption of CLIP (Radford (V1.3, 336px) exhibits the best performance of 31.3%. The

etal,, 2021) \AT'.L/M (POSOV'tSk'y etal,, 2020) as Its vision tuning data for LLaVA is partly derived from capturing ob-
model, and the inclusion of a large volume of image-OC ject names and their corresponding coordinates as input
pairings within the training data (Liu et al., 2023f). ! P 9 put.

This procedure ensures the generation of data imbued with

Knowledge. As depicted in Appendix Tables 12(a), 14(a, spgtial informatioq, poteptially giding the models in .d'e'vel-
b) and 16(b, c), the “knowledge” category covers a wide®Ping and enhancing their spatial awareness capabilities.
range of knowledge-related questions, ranging from jqu\/Iath

: . “Math” measures the arithmetic capability on ei-
understanding to encyclopedia knowledge. LLaVA-Adapter, . ; . i
v2-7B is the best model in this capability with a score ofther written equationse(g, Appendix Table 17(b)) or prob

31.4%, as shown in Table 2. It may be bene cial from its lems in the wild €.9, Appendix Table 13(d)). Notably,

large-scale tuning data including GPT-4-LLM (Peng et al. MMReAct-GPT4 (Yang et al., 2023c) consistently outper-

2023). MMReAct-GPT-4 (Yang et al., 2023c) also achievesLforms other models. This good performance may be at-

a good score (29.0%) in this capability, because of its stron {ibuted to the adopted PAL math tool (Program-aided Lan-

LLM backbone (OpenAl, 2023c), coupled with external%uage Models) (Gao et al., 2022).
tools like Bing search for knowledge acquisition. 4.2.2. REGARDING EACH CAPABILITY INTEGRATION

Language generation“Language generation” denotes the R€c0gnition, knowledge, and language generatiorAs
pro ciency to produce uent and informative text outputs, shown in Appendix Table 12(a), this capability integration

as illustrated in Appendix Tables 12(a), 14(b), 15(a), andan enable models to explain visual jokes. LLaMA-Adapter-

17(a). The performance within this category is highly corV2-7B (Gao et al., 2023b) is the best model in this capability
integration. This may be attributed to its large scale of

related with the ef cacy of language modeling. As a result,” ™ )
MMReAct-GPT4 (Yang et al., 2023c) stands out and itstuning data as shown in Table 11. LLaVA-13B (LLaMA-2)

success can be attributed to the GPT-4 on which this systefad LLaVA-13B (V1.3, 336px) (Liu et al., 2023c) are the
is built. other two outstanding models. Stronger language models

and the tuning data in LLava may be the reason for the good
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Table 4: MM-Vet evaluation of LLaVA, MM-ReAct and GPT-4V regarding eaelpability integration For each column,
the highest and second highest gures are highlightedreen andrange colors. Numbers are presented in %.

Rec Rec Rec
Model Rec OCR OCR OCR Rec OCR Rec OCR OCR Total
Know OCR Spat Rec OCR Rec Know Gen OCR Rec Know Know Gen Spat

Gen Rec Spat Math Spat OCRMath Know Gen Spat Spat OCR Spat Spat Spat Math
LLaVA-13B (LLaMA-2) (Liu et al., 2023c) 29.8 59.5 21.2 14.3 583 36.2 0.0 278 35 56.8 286 50.0 333 00 80 0.00329
MM-ReAct-GPT-4 (Yang et al., 2023c) 225 33 69.2 78.6 25.0 83.0 63.6 444 68.2 880 143 50.0 0.0 50.0 80.0 0.0 44.60.2
GPT-4V (OpenAl, 2023a) 55.5 89.2 68.6 73.c 833 775 44t 389 782 76.£ 429 100.0 66.7 50.0 89.0 0.0 67.7 0.3
GPT-4V-Turbo-detail:low (OpenAl, 2023a 52.9 75.7 58.4 50.( 75.0 69.2 455 389 84.8 858 143 75.0 66.7 50.0 87.0 0.0 60.20.3
GPT-4V-Turbo-detail:high (OpenAl, 2023a) 50 77.7 82,5 85.8 75.0 80.0 54.5 38.9 815 78.8 429 100.0 66.7 95.0 90.0 0.0 67.6 0.1

Table 5: MM-Vet evaluation of LLaVA, MM-ReAct and tool from Azure API. Notably, MM-ReAct-GPT-4 is much
GPT-4V regarding eactore VL capability For each col-  petter than MM-ReAct-GPT-3.5 with an improvement of
umn, the highest and second gures are highlightedteen  23.0%, demonstrating the importance of language models

andorange colors. in OCR.
Model Rec OCR Know Gen Spat Math  Total
LLaVA-13B (LLaMA-2) 39.2 22.7 265 29.3 296 7.7 329.1 ici i i
MRt P 1 e 200 b e ses are 02 OCR and math.Thls mtegrathn enables reading text from
GPT-4V 67.5 68.3 56.2 60.7 69.4 58.6 67.7 0.3 real-world scenarios and solving math problems, as shown

GPT-4V-Turbo-detail:higt 62.9 75.9 53.7 57.2 76.8 69.5 67.6 0.1

2023c) obtains the best performance in this capability inte-

performance gration, thanks to the speclized OCR and math tools used.

. . , Other capability integrations. 9 other capability integra-
Recognition (sole). This category contains samples that ¢ o e i long-tailed distribution, where MMReAct-GPT-

only require recognition, as shown in Appendix Table 12(b) 5 cpieves the best scores in 5 integrations out of 9. Their
InstructBLIP-14B and InstructBLIP-8B (Dai et al., 2023) examples are shown in Appendix Tables 14-17

achieve the best performance, which may result from the
tuning data containing relevant datasets, like VQA (Goyal . .
et al., 2017) and GQA (Hudson & Manning, 2019). 4.3. Result discussion

4.3.1. FOUNDATION MODELS AND TUNING DATA

OCR and spatial awarenessFor this integration, an exam- In thi bsecti di LMM modul d lat
ple is shown in Appendix Table 12(c). MM-ReAct-GPT-4 n this subsection, we discuss moau e|s and speculate
how each component may affect the LMMs' capabilities in

(Yang et al., 2023c) is the best method for this integration.,. X
Notably, MM-ReAct-GPT-4 has a signi cant improvement different aspects, evaluated by MM-Vet. We mainly con-

of over 40% than MM-ReAct-GPT-3.5, indicating the im- 'Sl'gj?éthhlfng]gttjgls 2%5262? OLnLgﬁ/le:_(?I'cc))L:Jr\?ri(:l Iélfh;s'zlggéa)
ortance of LLMs in integrating the OCR and location in- K ' " ’
?ormation 9 g Vicuna (Zheng et al., 2023), and LLaMA-2 (Touvron et al.,

2023b).

OCR, spatial awareness, and mathAn example of thisin- . .

tegration is shown in Appendix Table 13(a), which requiresy's'on' For the vision component, tv_vo models are popular

reading the oor plan and conducting arithmetic. Compared!” 4 evaluated end-to-end LMMsg, CLIP-VIT/L14

with the above integration, this combination involves One(Radfor.d.et al., 202.1) (428M.) and EVA-VIT-G (1_.138).
Determining a superior model is currently not possible due

more capability of math. The observation is similar to the in- . :
tegration of OCR and spatial awareness. MM-ReAct-GPT-4° the absence of a comprehensive ablation study (Zeng

. . t al., 2023). However, it's noteworthy that, when paired
Yang et al., 2023c) still achieves the best performance. et .
(Yang ) P with the same language model, Vicuna-7B, InstructBLIP-

Recognition and spatial awareness. Appendix Table 8B excels in recognition tasks, while LLaVA-7B works
13(b) shows an example for this integration. LLaVA-13B Particularly well for OCR.

(V1.3, 336px) (Liu et al., 2023c) performs best for this
category. Compared with LLaVA-13B (LLaMA-2), LLaVA-
13B (V1.3, 336px) obtains an improvement of 8.4%, indi-
cating the signi cant contribution of larger resolution of
images.

Language.There is a notable trend indicating that superior

language models (LLMs) typically yield better performance,
such as comparing the 7B and 13B variants of different
models, except for the outlier of InstructBLIP where the 8B

version performs better than the 14B one.

OCR (sole). This task requires OCR only, as shown in
Appendix Table 13(c). MM-ReAct-GPT-4 (Yang et al.,
2023c) has the best results for sole OCR due to an OC

Tuning data. Increasing the volume of data can enhance
IQerformance. An example is InstructBLIP-8B (Dai et al.,

7
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Table 6: Averaged absolute differences) petween the evaluation scores of various LLM evaluators and those of human-
annotated scores, on MM-ReAct-GPT4's results. A smaller discrepancy indicates a better agreement with the gold standard
of human evaluation, indicating a better evaluator.

Model Keyword LLM-based evaluation
matching LLaMA-2-7B LLaMA-2-13B LLaMA-2-70B Mistral-7B-v0.1 Mistral-7B-Instruct-v0.2 Mixtral-8x7B-Instruct-v0.1 Gemini Pro Claude 3 Opus GPT-3.5 (turbo-0613) GPT-4 (0613)
(#) 0273 0.307 0.254 0.316 0.188 0.173 0.234 0.144 0.137 0.178 0.042

2023), which utilizes more data from 26 publicly available commercial close-sourced LLMs.
datasets to tune the model and achieve higher scores th

BLIP-2-12B. e average difference to the human scoring is reported

in Table 6, represented as. With a maximum poten-
4.3.2. @MPARISON WITH GPT-4V(SION) tial discrepancy of 1.0, the baseline evaluation method,
We evaluate and benchmark the state-of-the-art LMM, GPTkeyword matching, results in a high difference of 0.273.
4V(ison) (OpenAl, 2023c;a;b; gpt, 2023; Yang et al., 2023b)This illustrates the unsuitability of keyword matching for
on MM-Vet. In our queries to GPT-4V, we prepend the MM-Vet when dealing with open-ended answers. Among
prompt with “Generate a short and concise response to thée LLaMA-2/Mistral series, LLaMA-2-13B/Mistral-7B-
following image text pair.” The quantitative results are Instruct-v0.2 performs best, respectively. We notice that the
shown in Tables 4 and 5, and the qualitative results are eperformance of the largest LLaMA-2/Mistral is not satisfac-
pressed in Appendix Figures 3-6. Remarkably, GPT-4\tory, which may be because their larger models are more
achieves a score of 67.7%, surpassing both open-sourcégeative and do not follow our few-shot prompt strictly. The
LMMs (Liu et al., 2023c) and LLM-based multimodal three commercial LLMs perform better than open-sourced
agents (Yang et al., 2023c) by substantial margins. LLMs, while there is still a large gap between Gemini/-

. . Claude and GPT-4.
We aspire that the detailed per-category performance break-

down sheds light on potential avenues for enhancing modeéiVe also explore whether can be reduced when combining
capabilities, thereby bridging the existing performance gagePT-4 with other LLMs, and the results are reported in
To illustrate, integrating specialized tools within agent sysTable 7. We nd that GPT-4 without extra LLMs performs
tems proves advantageous for speci ¢ functionalities likethe best. This may be because other LLMs cannot match the
OCR and math. While other categories, such as recogn@rading accuracy of GPT-4. However, we believe this idea
tion and language generation, would require enhancemenyill work in the future when other LLMs become stronger.
in the core vision and language modules, respectively. ApFherefore, MM-Vet uses GPT-4 (0613) to evaluate the LMM
pendix Figures 3-6 offer an exhaustive analysis, highlightingoutputs.

representative success and failure instances of GPT-4V's

performance. 4.5.Effectiveness of few-shot examples for LLM prompt

ble 7: d absolute diff — h In this section, we explore the effectiveness of few-shot
Table 7: Averaged absolute differences) (between the o5 mjes used in the prompt of LLM-based evaluator. We

evaluation scores of combined LLM evaluators and those oﬁenote the seven grading examples in Table 1 as (1) - (7)
human-annotated scores on MM-ReAct-GPT4's results. , order for ablation study. As Table 8 shows, using all

Combined LLMs o ; ; ;
P4 solely T seven examples together achieves the closest alignment with

GPT-4 + Llama-2-13b-chat 0.1483 human evaluations (lowest).

GPT-4 + Mistral-7B-Instruct-v0.2 0.1078

GPT-4 + Gemini Pro 0.0933

GPT-4 + Claude 3 Opus 0.0896 4.6. Takeaway notes

GPT-4 + Llama-2-13b-chat + . _ ,
Mistral. 7B InSiructv0.2 + Gemini Pro + Claude 3 Opud 1592 We summarize the analyses and discussions as follows:

« In the evaluation of integrated capabilities on MM-Vet

(Sections 4.2 and 4.3.2), GPT-4V (OpenAl, 2023a)
To verify the effectiveness of LLM-based evaluation for outperforms existing open-sourced methods. The
LMM predictions, we select the outputs from MMReAct- tool-using approach, MM-ReAct-GPT-4 (Yang et al.,
GPT-4 on 138 objective questions, which can be objectively ~ 2023c), achieves the second-best performance with ef-
annotated by humans. We compute the absolute value of fective external tools. The pros and cons in different
the difference between the evaluator's output score and the  categories motivate future studies on tool-enhanced
human-annotated score on each sample. In addition tothe LMMs. Among end-to-end LMMs, LLaVA-13B
default evaluator of GPT-4 (0613) in MM-Vet, we exper- (LLaMA-2)/LLaVA-13B (V1.3, 336px) (Liu et al.,
iment with other LLMs. LLaMa-2 and Mixtral represent 2023c) demonstrates the best performance on MM-
open-source LLMs, while GPT-4, Gemini and Claude are  \et.

4.4. Effectiveness analysis of LLM-based evaluation

8
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Table 8: Ablation study of few-shot examples in prompt for LLM-based evaluator

Few-shot examples Remarks

None No grading examples 0.0630
1) (5) Add two examples with totally right/wrong short answer 0.0625
(1) (2) (3) (5) Add more two examples with partially right short answer 0.0619
1) (2) (3) (4) (5) Add more one example with partially right and partially wrong answer 0.0551
@)@ @)@ ©B) Add more one example with fully right long answer 0.0520
1) (2) (3) (4) (5) (6) (7) Add more one example with partially right long answer 0.0423

+ Analysis of open-source LMMs (Section 4.3.1) Acknowledgements

presents some uncertainty about which vision encoder_?_h_ . d by the Mini fEd ion. Si
are optimal for LMMs, based on current model com- Is project is supported by the Ministry of Education, Sin-

parisons. However, it is evident that stronger LLMs gapore, under its Academic Research Fund Tier 2 (Award
can boost the performance of LMMs Number: MOE-T2EP20122-0006). Weihao was partly sup-
' ported by Snap Research Fellowship, Google TPU Research

« For open-ended evaluation (Section 4.4), itis effectivecIOUd (TRC), and Google Cloud Research Credits program.

to use GPT-4 for evaluating the open-ended outputs of
LMMs. The use of less powerful LLMs could resultin Impact Statement
more signi cant deviations from the gold standard of

human evaluation results. This paper presents a new benchmark for evaluating Large

Multimodal Models (LMMs). The signi cance of this con-

« Current top-performing methods, such as GPT-4\/rbution extends in several directions. First, the newly
(OpenAl, 2023a), only achieve scé)res of around 680/(()jeveloped MM-Vet benchmark assesses the capabilities of

on MM-Vet, where full score is 100%. The gap sig- existing LMMs, establishing a solid groundwork for future

ni es that further effort is necessary to enhance theadvancements in this domqin. The growing interest and
performance of LMMs in terms of integrated Capa_demand for advanced LMM infrastructures underscore the

bilities, e.g, by developing stronger LMMs, nding Fime_liness_anq re_levance of our work. Mqreover, MM-Vet
better prompting techniques (Yang et al., 2023b:a), and Pioneering in its approach to evaluating LMMs from
extending LMMs with external tools. integrated cgpabllltles and Iever.aglng LLM_S for based.open-
ended scoring. These innovative evaluation strategies are
. oL poised to profoundly in uence future benchmark develop-
5. Conclusion and Limitation ment. By doing so, MM-Vet aims to not just enhance the

In this paper, we have presented MM-Vet, a new benchmarkeld, of LMMs but also to play a plvoFaI role in driving
designed to evaluate LMMs in terms of their integrated VLSOC'Gtal changes through the application of advanced foun-

capabilities. We have constructed a new multimodal dataseq""t'OnaI models. In the development of MM-Vet, ethical

that requires the integration of multiple VL capabilities to con_5|derat|ons have been paramount. W_e hav_e n_gorously
solve. To facilitate open-ended evaluation, we adopt al)(erlfy the benchmark sample and evaluation criteria to en-

LLM-based evaluator to grade open-ended outputs frongure the_y align v_vith high ethical standards. This diligence
LMMs. We then evaluate various LMMs on MM-Vet, ana- 'S vital in ensuring that. the advgncements in LMMs are
lyzing their results to provide insights into different LMM responsible and bene cial for society at large.

system paradigms and model designs. The evaluation re-

veals that even advanced models like GPT-4V only scor&keferences

around 68% on MM-Vet, highlighting the ongoing need to

enhance the integrated VL capabilities of LMMs. Mpt. https://github.com/mosaicml/

lIm-foundry#mpt , 2023.
For the limitations of this work, rstly, since most popu-
lar LMMs only accept image-text input and output text,
MM-Vet focuses on evaluating this type of modalities, not
covering other modalities. Secondly, we propose to utilize chatgpt-can-now-see-hear-and-speak ’

LLMs to automatically grade LMM output results. How- 2023.

ever, as Table 6 shows, currently only GPT-4 can well matcthagrawal, H., Desai, K., Wang, Y., Chen, X., Jain, R., John-
the human grades, so we set the evaluator's LLM as GPT-4, son, M., Batra, D., Parikh, D., Lee, S., and Anderson, P.
which will bring GPT-4 usage fees. To help researchers from Nocaps: Novel object captioning at scale Piroceedings
non-pro tinstitutes save GPT-4 fees, we host an MM-Vet  of the IEEE/CVF international conference on computer
online evaluatof with our GPT-4 API key. vision pp. 8948-8957, 2019.

Chatgpt can now see, hear, and speak.
https://openai.com/blog/

2https://huggingface.co/spaces/whyu/ MM-Vet_Evaluator
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A. Model details

The details of the models we evaluated are shown in the Table 11.

B. Comparison with Bard

Bard (Google, 2023) is another representative closed-source commercial LMM system. One problem in evaluation is that
Bard refuses to process images containing people faces. To conduct a fair comparison, we constructed a subset of MM-Vet
with 168 samples that Bard could process, henceforth referred to as the Bard set. The results on the Bard set are shown in
Tables 10 and 9. Bard achieves the highest scores in three out of six capabilities, seven out of fteen capability integrations,
and holds the highest overall score (53.5%). MM-ReAct-GPT-4 (Yang et al., 2023c) outperforms in the remaining three out
of six capabilities, and tops the chart in nine out of the fteen capability integrations. Particularly, MM-ReAct performs
better in OCR, spatial awareness, and math capabilities, indicating the potential bene t of having specialized external tools,

even when working with state-of-the-art LMMs. When considering open-sourced end-to-end models such as LLaVA, there
is still a considerable gap.

Table 9: MM-Vet (Bard set) evaluation results on various LMMs regarding eamVL capability For each column, the
highest and second gures are highlighteddreen ancrange colors.

Model Rec OCR Know Gen Spat Math  Total
LLaVA-13B (LLaMA-2) (Liu et al., 2023c) 37.8 22.9 224 27.6 27.2 8.0 3018l
LLaVA-13B (V1.3, 336px) (Liu et al., 2023¢ 39.4 22.3 22.7 24.6 30.6 11.6 316.1
MM-ReAct-GPT-3.5 (Yang et al., 2023c) 22.3 31.4 15.6 16.6 32.9 24.0 OB
MM-ReAct-GPT-4 (Yang et al., 2023c) 34 66.3 25.6 36.6 60.6 72.0 48.1 0.2
Bard (Google, 2023) 56.2 52.5 50.9 61.0 52.0 39.6 53.5 0.2

Table 10: MM-Vet (Bard set) evaluation results on various LMMs regarding eaphbility integration For each column,

the highest and second highest gures are highlightedreen andrange colors. Numbers are presented in % with a full
score of 100%.

Rec Rec Rec
Model Rec OCR OCR OCR Rec OCR Rec OCR OCR Total
Know OCR Spat Rec OCR Rec Know Gen OCR Rec Know Know Gen Spat

Gen Rec Spat Math Spat OCRMath Know Gen Spat Spat OCR Spat Spat Spat Math

Vicuna-13B (LLaMA-2) (Liu et al., 2023c) 26.6 55.2 18.8 14.2157.1 395 00 200 1.3 56.828.6 50.0 333 0.0 80 - 30.30.1
Vicuna-13B (V1.3, 336px) (Liu et al., 2023c) 21. 59.0 22.9 14.3 85.7 255 8.2 20.0 15.0 49.3 14.050.0 333 500 20 - 31501
MM-ReAct-GPT-3.5 (Yang et al., 2023c) 11.3 38.8 31.2 357 286 564 200 0.0 478 0.0 25(100.0 00 350 - 27.60.2
MM-ReAct-GPT-4 (Yang et al., 2023c) 17.0 35 70.8 78.6 28.6 81.5 63.6 40.0 68.3 88.0 14.3 500 0.0 50.0 80.0 - 48.1 0.2
Bard (Google, 2023) 523 70.3 45.2 56.4 429 70.2 182 0.0 77.7 815 286 50.0 66.7 50.0 80.0 - 535 0.2

C. Examples of capability integrations

We show examples of capability integrations in Tables 12-17. More examples are shbwtpsotigithub.com/
yuweihao/MM-Vet/blob/main/README_more_samples.md
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Table 12: Three samples requiring different capability integrations.

@)

Required capabilities:

What occasions would someone use this meme?

This meme, commonly known as "Screaming Panda," is typically used to express

shock, surprise, or fear. It could be used in response to a startling or unexpected
event, or to convey a sense of panic or alarm. Some possible occasions where
someone might use this meme include:

- Reacting to a jump scare in a horror movie

- Responding to a surprising plot twist in a TV show or book

- Expressing shock at a news headline or current event

- Conveying fear or anxiety about an upcoming deadline or exam

- Showing surprise at an unexpected outcome in a sports game or other competition.
Recognition, knowledge, language generation

(b)

Q: How many tomatoes are there?
GT: 5
Required capabilities: Recognition
(c)
Q: Whatis located to the right of the shampoo?
GT: conditioner

Required capabilities:

OCR, spatial awareness
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Table 13: Four samples requiring different capability integrations.

@

Q: Which room is bigger, the double garage or the living room?
GT: double garage

Required capabilities: OCR, spatial awareness, math

(b)

Q: Onthe right desk, what is to the left of the laptop?
GT: table lamp <OR> desk lamp
Required capabilities: Recognition, spatial awareness

©

Q: What are all the scene text in the image?

5:30PM <AND> 88% <AND> Mario Kart 8 Deluxe <AND> MARIO KART
8 DELUXE <AND> SUPER MARIO ODYSSEY <AND> THE LEGEND OF

ZELDA <AND> BREATH OF WILD <AND> Options <AND> Start
Required capabilities: OCR

(d)

Q: How many gallons of supreme gasoline can | get with $507?
GT: 13.6<OR>13.7

Required capabilities: OCR, math
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Table 14: Two samples requiring different capability integrations.

@)

Q: Inwhich country was this photo taken?
GT: Australia

Required capabilities: Recognition, knowledge

(b)

Q: Can you explain this meme?

This meme is a humorous take on procrastination and the tendency to delay tasks
until a speci c time. The person in the meme plans to do something at 8 o'clock,
but when they miss that deadline by a few minutes, they decide to wait until 9
o'clock instead. The image of Kermit the Frog lying in bed represents the person's
laziness and lack of motivation to complete the task.

Required capabilities: Recognition, OCR, knowledge, language generation
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Table 15: Two samples requiring different capability integrations.

@)

GT:

Required capabilities:

The graph below shows the long-term international migration, UK, 1999-2008.
Summarize the information by selecting and reporting the main features, and make
comparisons where relevant.

You should write at least 150 words.

The chart gives information about UK immigration, emigration and net migration
between 1999 and 2008.

Both immigration and emigration rates rose over the period shown, but the gures
for immigration were signi cantly higher. Net migration peaked in 2004 and 2007.

In 1999, over 450,000 people came to live in the UK, while the number of people
who emigrated stood at just under 300,000. The gure for net migration was around
160,000, and it remained at a similar level until 2003. From 1999 to 2004, the
immigration rate rose by nearly 150,000 people, but there was a much smaller rise
in emigration. Net migration peaked at almost 250,000 people in 2004.

After 2004, the rate of immigration remained high, but the nhumber of people
emigrating uctuated. Emigration fell suddenly in 2007, before peaking at about
420,000 people in 2008. As a result, the net migration gure rose to around 240,000
in 2007, but fell back to around 160,000 in 2008.

Recognition, OCR, language generation, spatial awareness

(b)

Q:
GT:
Required capabilities:

Which car is on the parking spot 33?
no <OR> empty
Recognition, OCR, spatial awareness
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Table 16: Three samples requiring different capability integrations.

(@)

Q: Isthis apple organic?

GT:. vyes
Required capabilities: Recognition, OCR
(b)

Q: Which are producers in this food web?
GT. Phytoplankton <AND> Seaweed
Required capabilities: OCR, knowledge, spatial awareness

()

Q: Does the person bigger than the car?
GT: no
Required capabilities: Recognition, knowledge, spatial awareness
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