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Abstract

Recent advancements in Multimodal Large
Language Models (MLLMs) have demon-
strated exceptional capabilities in visual per-
ception and understanding. However, these
models also suffer from hallucinations, which
limit their reliability as Al systems. We believe
that these hallucinations are partially due to the
models’ struggle with understanding what they
can and cannot perceive from images, a capabil-
ity we refer to as self-awareness in perception.
Despite its importance, this aspect of MLLMs
has been largely unexplored in prior studies.
The study in this paper aims to define and evalu-
ate the self-awareness of MLLMs in perception.
To do this, we first introduce the knowledge
quadrant in perception, which helps define what
MLLMs know and do not know about images.
Using this framework, we propose a novel
benchmark, the Self-Awareness in Perception
for MLLMs (MM-SAP), specifically designed
to assess this capability. We apply MM-SAP to
a variety of popular MLLMs, offering a com-
prehensive analysis of their self-awareness and
providing detailed insights. The experiment
results reveal that current MLLMs possess lim-
ited self-awareness capabilities, pointing to a
crucial area for future advancement in the de-
velopment of reliable MLLMs.

1 Introduction

Recently, breakthrough advances in large language
models (LLMs) have greatly reshaped the artifi-
cial intelligence landscape (Brown et al., 2020;
Chowdhery et al., 2023; Touvron et al., 2023; Ope-
nAl, 2023a; Bubeck et al., 2023). Recognizing
the fundamental role of visual perception in hu-
man cognition, researchers have begun to inte-
grate visual understanding capabilities into LL.Ms.
This integration has led to the emergence of Mul-
timodal Large Language Models (MLLMs) (Yin
et al., 2023a; Zhang et al., 2024). Early works ex-
panded the capabilities by incorporating visual en-
coders (Zhu et al., 2023; Dai et al., 2023; Liu et al.,
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Figure 1: Self-awareness of a trustworthy MLLM. A
trustful MLLM can be aware of what it knows and what
it does not know. Top: For the questions it knows, it
would provide correct answers as a reliable Al system.
Bottom: It can recognize unknown questions and refuse
to give answers, preventing the generation of incorrect
responses.

2023c), thus enabling them to recognize image
content. Subsequent developments, exemplified by
GPT-4V (OpenAl, 2023b) and Gemini (Team et al.,
2023), have further demonstrated the immense po-
tential of MLLMs.

Despite their impressive vision-language under-
standing capabilities, MLLMs are not yet consid-
ered trustworthy Al systems (Li et al., 2023a). Prior
researches have shown that these models can gen-
erate inconsistent responses to input images, a phe-
nomenon often referred to as ‘hallucination’ (Liu
et al., 2023a; Li et al., 2023c). A key reason for
this is the MLLMs’ limited self-awareness, mean-
ing their understanding of what they know and
what they do not know. This gap in self-awareness



often leads to overconfidence in their outputs, re-
gardless of whether the generated content matches
the images or not. Enhancing MLLMs’ ability
to recognize their own limitations is essential for
enabling them to accurately determine when to ex-
press uncertainty in their responses, thereby avoid-
ing hallucinations. Previous studies have inves-
tigated the self-awareness of LLMs (Yin et al.,
2023b; Amayuelas et al., 2023). These studies cat-
egorize the knowledge of LLMs using the knowl-
edge quadrant shown in Figure 2a, and explore
how LLMs respond to unknown questions. Cheng
et al. (2024) further constructed an ‘Idk’ dataset to
enhance LLMs’ self-awareness, resulting in more
truthful AI assistants. However, these studies have
not explored the self-awareness of MLLMs, which
is more complex than that of LLMs due to the mul-
timodal inputs.

In this paper, we delve into the pivotal role of
self-awareness in image perception for MLLMs,
underscoring its importance for the creation of
trustworthy Al systems. Self-awareness, the ability
of MLLMs to assess their own knowledge bound-
aries, enabling them to deliver reliable responses
while acknowledging their limitations. This ca-
pability ensures that MLLMs can provide pre-
cise answers when confident and, crucially, refrain
from offering responses when the query surpasses
their understanding or the visual information pro-
vided(Figure 1). Our exploration reveals that ef-
fective self-awareness not only involves recogniz-
ing what is known (knowns) but also identifying
what lies beyond the model’s comprehension (un-
knowns), a duality encapsulated in our newly pro-
posed Knowledge Quadrant for MLLMs.

Recognizing the insufficiency of existing frame-
works, which are primarily tailored to unimodal
LLMs, our work introduces an expanded Knowl-
edge Quadrant that incorporates visual inputs, offer-
ing a more nuanced and comprehensive approach
to evaluating self-awareness in MLLMs. This inno-
vative quadrant, illustrated in Figure 2b, is specifi-
cally designed to address the complexities and chal-
lenges inherent in multimodal scenarios. By sys-
tematically mapping out the landscape of knowns
and unknowns in the context of visual perception,
our proposed Knowledge Quadrant lays the foun-
dation for enhancing the reliability and trustwor-
thiness of MLLMs. It represents a significant leap
forward in our understanding and development of
self-aware Al, ensuring that MLLMs can navigate
the intricacies of multimodal inputs with an un-

precedented level of sophistication and precision.

Furthermore, leveraging the proposed Knowl-
edge Quadrant for MLLMs, we design and intro-
duce the Self Awareness in Perception for MLLMs
(MM-SAP) benchmark, a tool designed to specifi-
cally evaluate MLLMs’ self-awareness in percep-
tion. MM-SAP stands out by assessing both the
models’ ability to interpret visual information and
the recognition of their limitations, marking a sig-
nificant difference from existing benchmarks. This
dual-focus evaluation provides a holistic view of
MLLMSs’ self-awareness capabilities. Our exten-
sive evaluation of twelve prominent MLLMs using
MM-SAP has yielded insightful findings, show-
casing how these models manage their knowledge
boundaries.In summary, our main contributions are
as follows:

* Developing the Knowledge Quadrant for
MLLMs: We propose a novel framework,
the Knowledge Quadrant for MLLMs, de-
signed to enhance our understanding of self-
awareness in MLLMs. This framework inno-
vatively incorporates visual perception into
the assessment of MLLMs’ self-awareness,
offering a structured approach to examining
how these models process and interpret mul-
timodal information. It lays the groundwork
for future advancements in improving self-
awareness in MLLMs and creating more trust-
worthy MLLMs.

* A Pioneering Benchmark for MLLM Eval-
uation: The MM-SAP dataset we introduce
in this paper serves as a novel benchmark
for evaluating the self-awareness of MLLMs,
specifically in their ability to perceive and in-
terpret visual information. This benchmark
is designed to test MLLMs on their recogni-
tion of what they know and what they do not
know, providing a crucial tool for this field.
MM-SAP stands out for its focus on both
knowns and unknowns, facilitating a deeper
understanding of where MLLMs excel and
where they fall short, thereby guiding future
enhancements in model development.

e Comprehensive Assessment of MLLMs’
Self-Awareness Capabilities: Our evaluation
of twelve prominent MLLMs using the MM-
SAP benchmark yields insightful results re-
garding the current capabilities of MLLMs in
terms of self-awareness. While these models



show competence in dealing with information
within their knowledge base, they often falter
in recognizing the limits of their understand-
ing. This analysis highlights a vital area for
improvement in MLLM research, suggesting
a clear need for strategies that bolster mod-
els’ ability to identify and acknowledge their
informational boundaries.

2 Related work
2.1 Self-awareness of LLMs

Previous works have explored LLMs’ self-
awareness, assessing their abilities to recognize
their limitations. Amayuelas et al. (2023) col-
lected a dataset named the Known-Unknown Ques-
tions (KUQ) to assess the LLMs’ ability to clas-
sify known and unknown questions. Yin et al.
(2023b) introduced SelfAware, comprising unan-
swerable questions and their answerable counter-
parts, to evaluate the uncertainty in LLM’s re-
sponses. Cheng et al. (2024) aligned Al assistants
with an "I don’t know’ (Idk) dataset which contains
both known and unknown questions, enhancing
their reliability. Distinct from these endeavors, our
work pioneers the exploration of self-awareness
within the context of multimodal scenarios, ad-
dressing a critical gap in existing research.

2.2 Hallucination on MLLMs

For MLLMs, hallucinations are generally defined
as situations where the generated responses con-
tain information that is not present in the im-
age (Cui et al., 2023). Previous studies have pur-
posed various dataset to assess the hallucinations
of MLLMs (Wang et al., 2023a; Cui et al., 2023;
Li et al., 2023b; Guan et al., 2023). To allevi-
ate this problem, Liu et al. (2023a) developed
a balanced instructions datasets comprising both
positive and negative samples. Yu et al. (2023a)
proposed RLHF-V to enhances MLLM trustworthi-
ness. However, the connection between MLLMs’
self-awareness and hallucinations remains unex-
plored. Our work addresses this gap by propos-
ing the Knowledge Quadrant for MLLMs and the
MM-SAP, marking a novel direction in improving
self-awareness to mitigate hallucination.

2.3 Benchmarks for MLLMs

The evolution of MLLMs has spurred the develop-
ment of benchmarks like MME (Fu et al., 2023),
MMBench (Liu et al., 2023d), MM-Vet (Yu et al.,

2023b), and MathVista (Lu et al., 2023), each de-
signed to assess various aspects of MLLM perfor-
mance. These benchmarks have significantly ad-
vanced our understanding of MLLMs’ perceptual,
cognitive, and reasoning capabilities. Distinctively,
our works introduce a novel focus on evaluating
MLLMs’ self-awareness, emphasizing the critical
need for MLLMs to recognize what they know and
what they do not. This marks a pivotal step to-
wards developing more reliable and trustworthy
MLLMs.

3 Self-awareness in Perception

Self-awareness refers to a model’s ability to recog-
nize its information limitations, encompassing their
capabilities to discern ‘knowns’ and ‘unknowns’.
For LLMs, we can categorize their knowledge us-
ing the knowledge quadrant framework to eval-
uate their self-awareness. However, this frame-
work encounters greater complexity when applied
to MLLMs due to the inclusion of visual inputs. In
this work, we narrow our focus to self-awareness
in image perception, namely, the ability of MLLMs
to recognize the information they can and cannot
perceive from images.

3.1 Knowledge Quadrant for MLLMs

First, we analyze the information needed to answer
various types of perceptual questions. We divide
these questions into two categories: those that can
be answered with the image content, and those that
require information outside the image. The latter is
always beyond the reach of MLLMs, as they cannot
access the necessary information. For the questions
that can be addressed with the image content, we
base our classification on the need for knowledge to
provide an answer. For perceptual questions that do
not require external knowledge, such as those ask-
ing about object attributes, MLLMs need to pull out
basic visual information like color or shape from
images. We suggest that MLLMs have grasped
these basic visual concepts through multimodal in-
struction tuning. As a result, we categorize these
questions as known to MLLMs. However, there
are times when MLLMs need visual knowledge to
recognize image content, like brand and landmark
recognition. Whether these instances are consid-
ered knowns or unknowns depends on the models’
knowledge boundaries.

Based on the above analysis, we categorize in-
formation in image perception into three types: ba-
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original quadrant horizontally to develop the knowledge quadrant for MLLMs.
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Figure 3: Overview of MM-SAP. Our MM-SAP bench-
mark comprises three sub-datasets, namely BasicVisQA,
KnowVisQA, and BeyondVisQA, and includes a total
of 19 subtasks. The white dashed line indicates that
the delineation between ‘Knowns’ and ‘Unknowns’ is
model-specific. The number in square brackets in the
middle ring represents the size of the subset, while the
number in the outer ring indicates the proportion of each
subtask within the subset.

sic visual information, knowledge-intensive visual
information, and information beyond the input im-
ages. We classify both basic visual information and
the model’s inherent visual knowledge as ‘knowns’,
whereas visual information that lies beyond the im-
age and the model’s unknown visual knowledge is
categorized as ‘unknowns’. In light of this cate-
gorization, we consider visual information in our
analysis, describe ‘knowns’ and ‘unknowns’ for
MLLMs in the context of image perception, and
further introduce a knowledge quadrant specifically
tailored for MLLMs, as shown in Figure 2b.

The knowledge quadrant categorizes infor-

mation in image perception into four seg-
ments: Known Knowns, Known Unknowns, Un-
known Knowns, and Unknown Unknowns.Known
Knowns are information that models know and are
aware of knowing. In contrast, Known Unknowns
are information that models correctly recognize as
unknowns, which is essential for developing trust-
worthy Al. A model’s self-awareness capability is
directly proportional to its grasp of information
within the Known Knowns and Known Unknowns
quadrants. It is crucial for models to identify their
limitations in processing information to avoid pro-
viding incorrect responses, a consideration existing
benchmarks have often overlooked. Thus, in the
following sections, we detail our approach to con-
structing data that assesses the self-awareness of
MLLMs according to the proposed quadrant.

3.2 MM-SAP Benchmark

To evaluate the self-awareness of MLLMs, we pro-
posed the MM-SAP benchmark, consisting of three
VQA datasets that respectively correspond to the
previously mentioned categories of information.
We provides a comprehensive overview in Figure 3,
illustrating the sub-datasets of MM-SAP along with
their respective proportions. Furthermore, Figure 4
displays examples from each sub-datasets. In this
section, we introduce the construction of the three
individual sub-datasets in detail.

BasicVisQA Basic Visual Information QA (Ba-
sicVisQA) is specifically designed to evaluate the
model’s self-awareness capability, particularly in
‘known knowns’. This dataset includes questions
that cover eight types of basic visual information,
as illustrated in Figure 3, such as coarse-grain ob-
ject recognition and color recognition. As pre-
viously discussed, these information categories
are all considered ‘knowns’ to MLLMs. To con-
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Figure 4: Examples for each sub-dataset. In MM-SAP, all samples include a refusal option. In BeyondVisQA, the
model can only choose the refusal option. In KnowVisQA, the model has the option to select either the correct
answer or to correctly refuse to answer. In BasicVisQA, the model is restricted to choosing the correct option only.

struct BasicVisQA, we sampled questions from the
VQAV2 (Goyal et al., 2017) validation set that
pertained to basic visual information. To increase
the dataset’s complexity, we manually crafted ad-
ditional 150 questions using images sourced from
COCO (Linetal., 2014) and Visual Genome (Kr-
ishna et al., 2017). Moreover, for each question,
we generated three incorrect yet plausible options
alongside the correct one. We also introduced a
refusal option for each question, as depicted in
Figure 4, allowing the model to opt out of answer-
ing. Consequently, BasicVisQA comprises 400
questions accompanied by 397 images, with each
question offering five distinct choices.

KnowVisQA Knowledge-intensive Visual Infor-
mation QA (KnowVisQA) consists of perceptual
questions that require visual knowledge for answer-
ing. We focus on six distinct domains as illus-
trated in Figure 3: animals and plants, brands
and products, art, landmarks, food, and orga-
nizations. Images for these domains were col-
lected from various online sources, followed by
the meticulous formulation of 350 questions, each
accompanied by five options, as seen in Figure 4.
Unlike previous knowledge-based VQA datasets
such as OKVQA (Marino et al., 2019) or A-
OKVQA (Schwenk et al., 2022), Know VisQA fo-
cus on visual knowledge and incorporates a refusal
option for evaluation.

BeyondVisQA We have developed a novel VQA
dataset named Beyond Visual Information QA (Be-
yondVisQA), This dataset is specifically designed
to assess the ‘known unknowns’ self-awareness
capability of a MLLM. It includes questions that

require information beyond what the input im-
ages provide. We have divided these questions
into six distinct categories, as shown in Figure 3.
The details of the categories are provided in Ap-
pendix A.We meticulously crafted 400 unanswer-
able questions based on a sample of 308 images
from the COCO and Visual Genome datasets. Ad-
ditionally, for each question, we generated four
plausible yet misleading options along with one
refusal option. This dataset serves as a crucial com-
ponent in assessing the self-awareness capabilities
of various MLLMs regarding ‘known unknowns’.
It helps measure their ability to identify informa-
tion beyond what is visible in images.

4 Experiments

4.1 Evaluation Strategy

Self-awareness encompasses the abilities to rec-
ognize ‘knowns’ and ‘unknowns’. Accordingly,
we introduce three metrics to measure a model’s
self-awareness within the MM-SAP benchmark.

* scoregr: It represents the proportion of the
question answer correctly by the model.

* scorey,: It represents the proportion of ques-
tions that the model correctly rejects.

e scoregy: Itis the sum of scoreyy, and scoreg,,,
representing the self-awareness of a model.

Before describing the calculation of the above
metrics, we first define some indicators to avoid
confusion. For each question ¢; in the test set q,
we denote the indexes of the correct option and
the refusal option as ¢; and r;, respectively. Note



Model BasicVisQA KnowVisQA BeyondVisQA Total
Scoreg SCOT€eRL  SCOT€y SCOT €Ly, SCOT€EKL  SCOT€Ky  SCOTE€gq
LLaVA-7b 60.75 46.06 1.37 25.70 35.15 9.36 44.50
LLaVA-13b 66.35 48.86 1.49 30.85 37.95 11.18 49.13
InfMLLM-7b 70.10 46.17 4.11 38.05 38.43 14.49 52.92
InternLM-XComposer2-VL-7b 73.05 53.49 0.74 37.55 41.69 13.29 54.97
Yi-VL-6B 60.65 52.74 5.49 25.25 37.15 10.45 47.60
ShareGPT4V-7b 65.80 48.51 1.83 36.80 37.65 13.36 51.01
ShareGPT4V-13b 66.30 51.89 0.80 25.75 38.85 9.20 48.05
CogVLM-17b 65.20 61.66 0.69 29.85 41.44 10.59 52.03
Qwen-VL-Chat-7b 62.15 63.31 1.43 18.90 40.89 7.01 47.90
Qwen-VL-Plus* 70.50 71.71 2.86 63.50 46.35 24.18 70.53
Qwen-VL-Max* 75.00 78.00 3.77 70.25 49.83 25.58 75.41
GPT-4V* 63.20 63.60 12.06 77.25 41.34 30.54 71.88

Table 1: Overall results of various MLLMs on MM-SAP. We present only the value of scoreg, for BasicVisQA, as
the questions within it are all known for MLLMs. Similarly, we only display the value of scorey,, for BeyondVisQA.
Bold values indicate the highest mean score in each column. Closed-source MLLMs are marked with **’.
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where p; represents the prediction of the evaluated
MLLM for ¢;. We omit the term I(g; is known) in
Equation 1 because the questions that model can
correctly answer are all considered ‘knowns’.

For ¢; in BasicVisQA and BeyondVisQA, deter-
mining the value of I(g; is unknown) is straightfor-
ward because they are respectively ‘knowns’ and
‘unknowns’ for models. For ¢; € qgynow, the con-
dition p; = r; does not necessarily imply that g; is
unknown, as models might refuse to answer ques-
tions they actually know. To address this issue, we
remove the refusal option and compel the model
to choose an answer. If the model selects the cor-
rect one, it indicates that the model actually knows
the answer. Consequently, [(g; is unknown) can be
defined as follows:

I(g; is unknown) =
0 if qi € Qbasic;
I(p; #ci | pi =1i)  if ¢ € Qrnow,
1 if qi € Qbeyond

3)

where p/, is the model’s prediction without the re-
fusal option. The self-awareness score(scores,) is
then calculated as:

“

SCOregq = SCOregk —+ SCOT€Ly,

4.2 Inference Settings

For all the MLLMs tested in this study, we set the
decoding temperature to ¢ = 0 and the decoding
beam size to b = 1. To reduce the uncertainty of
the scores, each model is requested to predict the
answer five times, with the order of the options
randomly shuffled. We then calculate the mean of
all scores as the result.



Model BasicVisQA KnowVisQA BeyondVisQA

Answer Rate™ Answer Acc” Answer Rate™ Answer Acc™ Answer Rate!
LLaVA-7b 98.70% 61.55% 98.46% 46.78% 74.30%
LLaVA-13b 99.10% 66.95% 97.60% 50.05% 69.15%
InfMLLM-7b 98.35% 71.28% 92.86% 49.72% 61.95%
InternLM-XComposer2-VL-7b 99.45 % 73.45% 98.86% 54.10% 62.45%
Yi-VL-6B 98.10% 61.83% 91.89% 57.41% 74.75%
ShareGPT4V-7b 97.60% 67.42% 97.54% 49.74% 63.20%
ShareGPT4V-13b 99.10% 66.10% 98.57% 52.63% 74.25%
CogVLM-17b 98.85% 65.96% 98.97% 62.30% 70.15%
Qwen-VL-Chat-7b 97.40% 63.81% 99.71% 63.50% 81.10%
Qwen-VL-Plus* 98.25% 71.76% 96.86% 74.04% 36.50%
Qwen-VL-Max* 97.95% 76.57% 96.91% 80.48% 29.75%
GPT-4V* 94.45% 66.90% 83.83% 75.87% 22.75%

Table 2: Results of Answer Rate and Answer Accuracy of MLLMs on MM-SAP. Except for the Answer Rate in
BeyondVisQA, where a lower rate is better, higher values indicate better performance for all other metrics. Bold
numbers highlight the best mean value in each column. Models marked with **’ are closed-source.

4.3 Main Results

A total of twelve popular MLLMs were eval-
vated on our MM-SAP benchmark, including
LLaVA-7B, LLaVA-13B (Liu et al., 2023b,c),
ShareGPT4V-7B, ShareGPT4V-13B (Chen et al.,
2023), CogVLM-17B (Wang et al., 2023b), Yi-
VL-6B (Yi, 2023), Qwen-VL-Chat, Qwen-VL-
Plus, Qwen-VL-Max (Bai et al., 2023), InfMLLM-
7B (Zhou et al., 2023), InternLM-XComposer2-
VL-7B (Dong et al., 2024), and GPT-4V (OpenAl,
2023b). The self-awareness scores scoreg, of these
MLLMs are presented in Table 1.

As shown in Table 1 and Figure 5, there is a sig-
nificant difference in the scoregz, between closed-
source and open-source MLLMs. Qwen-VL-Max
achieves the highest scoreg,, with the other two
closed-source models also scoring closely, signifi-
cantly outperforming open-source models. In terms
of ‘known knowns’, Qwen-VL-Plus and Qwen-VL-
Max achieve high scoreg; on both BasicVisQA
and KnowVisQA, while GPT-4V does not show
obvious advantage compared to open-source mod-
els. When it comes to scorey,,, however, GPT-4V
demonstrates particularly notable performance. In
BeyondVisQA, the proportion of correctly refused
questions by open-source models does not exceed
40%, while closed-source models reach up to 70%.
The ability to recognize unknowns—information
not provided in the images—among Qwen-VL-
Plus, Qwen-VL-Max, and GPT-4V is relatively
similar. However, only GPT-4V clearly demon-
strates the ability to refuse to answer questions
beyond its intrinsic visual knowledge. This is evi-
dent in KnowVisQA, where GPT-4V’s scorey,, of
12.06% significantly surpasses those of the other

models, indicating GPT-4V’s superior awareness of
its visual knowledge boundaries. Despite a lower
scoreg, compared to Qwen-VL-Max, GPT-4V’s
ability to identify ‘unknowns’ is distinctly superior.

4.4 Refusal Behavior of MLLMs

To provide a more comprehensive analysis, we de-
fine the following two indicators to study the mod-
els’ refusal behavior.

lal _
Answer Acc = 2= I(pi = ci) 5)
Z|CI| I(p; # r7)
|a] , A
Answer Rate = 2i=1 Hﬁf{ 7 7i) (6)

where the Answer Accuracy is the proportion of
the correct predictions among the questions that
answered, and the Answer Rate is the proportion
of all questions that the model attempts to answer.

Table 2 presents the results for the Answer Rate
and Answer Accuracy of MLLMs. The results re-
veal that the Answer Rates for most open-source
models on BasicVisQA and Know VisQA are nearly
100%. GPT-4V exhibits the lowest Answer Rate,
indicating its superior ability to recognize what
it does not know. Additionally, it is noted that
GPT-4V incorrectly rejects some questions in Ba-
sicVisQA, suggesting that its tendency towards
refusal somewhat impacts its ability to process
known information. For KnowVisQA, GPT-4V ex-
hibits the lowest Answer Rate, highlighting its ca-
pability to decline answering some unknown ques-
tions and avoide generate incorrect responses.

To delve deeper into the refusal behavior on
KnowVisQA, we selected four models with rel-
atively low Answer Rates for further analysis. We



Model BasicVisQA KnowVisQA BeyondVisQA Total

scoregy, scoregy,  SCOT€jy, scorep, scoreg  SCOT€R, SCOT€sq
InfMLLM-7b 70.10 46.17 4.11 38.05 38.43 14.49 52.92
InfMLLM-7b + prompt 64.90 42.06 10.63 56.35 35.37 22.83 58.21
ShareGPT4V-7b 65.80 48.51 1.83 36.80 37.65 13.36 51.01
ShareGPT4V-7b+prompt 64.70 48.06 3.03 41.30 37.13 15.29 52.42
GPT-4V* 63.20 63.60 12.06 77.25 41.34 30.54 71.88
GPT-4V *+prompt 58.85 59.20 16.86 87.00 38.49 35.39 73.88

Table 3: Results of the prompting strategy. Bold values indicate the highest mean score in each column. Closed-

source MLLMs are marked with **’

Model Refusal Num  Unknown Knowns Rate ‘refusal prompt’, is as follows: “Answer with the op-
InfMLLM-7b 25.0 42.47% tion’s letter from the given choices directly. If you
Yi-VL-6b 28.4 32.10% don’t know the answer, please reply with ‘Sorry, I
Qwen-VL-Max* 10.8 14.27% s IR .
GPT4V* 6.6 26.19% can’t help with it’.”. Experiments were conducted

Table 4: Results of the Refusal Num and the Unknown
Knowns Rate of MLLMs. Closed-source MLLMs are
marked with **’.For each MLLM, we conducted five
experiments and report the mean result, which explains
why the Refusal Num is not an integer.

define the following two indicators:

on three MLLMs with relatively high scorey,, , to
evaluate the effectiveness of this prompting strat-
egy.

Table 3 demonstrates the comparative results
before and after using the refusal prompt. The in-
troduction of the refusal prompt notably improves
the scoreg,,, yet the scores on KnowVisQA remain
considerably low. Additionally, the refusal prompt
negatively affects scoregy. Therefore, the applica-

‘qknow| . . . . . .
tion of simple prompting strategy results in limited
Refusal Num = Z I(pi = ri) (7 improvement in the model’s scoreg,, indicating the
i=1

Unknown Knowns Rate =

St = ) -1 = ) B
’(Iknow|

Table 4 shows that the Unknown Knowns Rate
for INfMLLM-7b is 42.47%, indicating that nearly
half of the questions it refused were actually known
to it. While Qwen-VL-Max exhibits the lowest Un-
known Knowns Rate, its Refusal Number is com-
paratively low. GPT-4V has the highest Refusal
Number and a relatively low Unknown Knowns
Rate, suggesting its capability to refuse some un-
known questions. However, considering the An-
swer Accuracy detailed in Table 2, we observe
that current models struggle to accurately identify
unknown visual knowledge, indicating significant
room for improvement.

4.5 Recognizing Unknows through Prompting

Given the capability of many MLLMs to follow
instructions, we attempted to directly instruct an
MLLM to choose the refusal option when con-
fronted with unknown questions by appending a
prompt to the text input. This prompt, termed the

necessity for further research to effectively enhance
the self-awareness capabilities of MLLMs.

5 Conclusion

In this paper, we introduce MM-SAP, a novel
benchmark designed to evaluate self-awareness in
perception for MLLMs. By innovatively integrat-
ing image information with knowledge quadrants,
we have developed a modified quadrant specifi-
cally tailored for MLLMs. Building on this, we
present the MM-SAP benchmark, which comprises
three distinct sub-datasets. We conducted evalua-
tions of various MLLMs using this benchmark and
analyzed their results to gain insights into the self-
awareness capabilities of these models. We believe
that the MM-SAP benchmark offers a nuanced
and detailed perspective on the self-awareness of
MLLMs, contributing significantly to the develop-
ment of more trustworthy and reliable Al systems.

6 Limitations

In our study, we specifically assess self-awareness
in perception, omitting the more intricate cogni-
tive tasks. While these aspects are significant,



they introduce complexity into data collection and
analysis. Furthermore, the proposed MM-SAP
benchmark comprises only multiple-choice prob-
lems. However, the actual application scenarios for
MLLMs typically involve open-ended questions
and interactions. Providing models with options
could potentially give them hints and simplify the
task’s complexity, thereby resulting in an overesti-
mation of the models’ self-awareness compared to
their performance in real-world applications.

References

Alfonso Amayuelas, Liangming Pan, Wenhu Chen, and
William Wang. 2023. Knowledge of knowledge: Ex-
ploring known-unknowns uncertainty with large lan-
guage models. arXiv preprint arXiv:2305.13712.

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

Tom Brown, Benjamin Mann, Nick Ryder, Melanie
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind
Neelakantan, Pranav Shyam, Girish Sastry, Amanda
Askell, Sandhini Agarwal, Ariel Herbert-Voss,
Gretchen Krueger, Tom Henighan, Rewon Child,
Aditya Ramesh, Daniel Ziegler, Jeffrey Wu, Clemens
Winter, Chris Hesse, Mark Chen, Eric Sigler, Ma-
teusz Litwin, Scott Gray, Benjamin Chess, Jack
Clark, Christopher Berner, Sam McCandlish, Alec
Radford, Ilya Sutskever, and Dario Amodei. 2020.
Language models are few-shot learners. In Ad-
vances in Neural Information Processing Systems,
volume 33, pages 1877-1901. Curran Associates,
Inc.

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

Lin Chen, Jisong Li, Xiaoyi Dong, Pan Zhang, Con-
ghui He, Jiaqi Wang, Feng Zhao, and Dahua
Lin. 2023. Sharegpt4v: Improving large multi-
modal models with better captions. arXiv preprint
arXiv:2311.12793.

Qinyuan Cheng, Tianxiang Sun, Xiangyang Liu, Wen-
wei Zhang, Zhangyue Yin, Shimin Li, Linyang Li,
Kai Chen, and Xipeng Qiu. 2024. Can ai assis-
tants know what they don’t know? arXiv preprint
arXiv:2401.13275.

Aakanksha Chowdhery, Sharan Narang, Jacob Devlin,
Maarten Bosma, Gaurav Mishra, Adam Roberts, Paul
Barham, Hyung Won Chung, Charles Sutton, Sebas-
tian Gehrmann, et al. 2023. Palm: Scaling language

modeling with pathways. Journal of Machine Learn-
ing Research, 24(240):1-113.

Chenhang Cui, Yiyang Zhou, Xinyu Yang, Shirley Wu,
Linjun Zhang, James Zou, and Huaxiu Yao. 2023.
Holistic analysis of hallucination in gpt-4v (ision):
Bias and interference challenges. arXiv preprint
arXiv:2311.03287.

Wenliang Dai, Junnan Li, Dongxu Li, Anthony
Meng Huat Tiong, Junqi Zhao, Weisheng Wang,
Boyang Li, Pascale Fung, and Steven Hoi. 2023. In-
structblip: Towards general-purpose vision-language
models with instruction tuning.

Xiaoyi Dong, Pan Zhang, Yuhang Zang, Yuhang Cao,
Bin Wang, Linke Ouyang, Xilin Wei, Songyang
Zhang, Haodong Duan, Maosong Cao, Wenwei
Zhang, Yining Li, Hang Yan, Yang Gao, Xinyue
Zhang, Wei Li, Jingwen Li, Kai Chen, Conghui
He, Xingcheng Zhang, Yu Qiao, Dahua Lin, and
Jiaqi Wang. 2024. Internlm-xcomposer2: Mastering
free-form text-image composition and comprehen-
sion in vision-language large model. arXiv preprint
arXiv:2401.16420.

Chaoyou Fu, Peixian Chen, Yunhang Shen, Yulei Qin,
Mengdan Zhang, Xu Lin, Jinrui Yang, Xiawu Zheng,
Ke Li, Xing Sun, et al. 2023. Mme: A comprehensive
evaluation benchmark for multimodal large language
models. arXiv preprint arXiv:2306.13394.

Yash Goyal, Tejas Khot, Douglas Summers-Stay, Dhruv
Batra, and Devi Parikh. 2017. Making the V in VQA
matter: Elevating the role of image understanding
in Visual Question Answering. In Conference on
Computer Vision and Pattern Recognition (CVPR).

Tianrui Guan, Fuxiao Liu, Xiyang Wu, Ruiqi Xian,
Zongxia Li, Xiaoyu Liu, Xijun Wang, Lichang Chen,
Furong Huang, Yaser Yacoob, Dinesh Manocha, and
Tianyi Zhou. 2023. Hallusionbench: An advanced
diagnostic suite for entangled language hallucination
& visual illusion in large vision-language models.

Ranjay Krishna, Yuke Zhu, Oliver Groth, Justin John-
son, Kenji Hata, Joshua Kravitz, Stephanie Chen,
Yannis Kalantidis, Li-Jia Li, David A. Shamma,
Michael S. Bernstein, and Li Fei-Fei. 2017. Vi-
sual genome: Connecting language and vision us-
ing crowdsourced dense image annotations. Int. J.
Comput. Vis., 123(1):32-73.

Bo Li, Peng Qi, Bo Liu, Shuai Di, Jingen Liu, Jiquan Pei,
Jinfeng Yi, and Bowen Zhou. 2023a. Trustworthy
ai: From principles to practices. ACM Computing
Surveys, 55(9):1-46.

Yifan Li, Yifan Du, Kun Zhou, Jinpeng Wang,
Wayne Xin Zhao, and Ji-Rong Wen. 2023b. Eval-
uating object hallucination in large vision-language
models. In Proceedings of the 2023 Conference on
Empirical Methods in Natural Language Process-
ing, EMNLP 2023, Singapore, December 6-10, 2023,
pages 292-305. Association for Computational Lin-
guistics.


https://proceedings.neurips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
http://arxiv.org/abs/2305.06500
http://arxiv.org/abs/2305.06500
http://arxiv.org/abs/2305.06500
http://arxiv.org/abs/2305.06500
http://arxiv.org/abs/2305.06500
http://arxiv.org/abs/2310.14566
http://arxiv.org/abs/2310.14566
http://arxiv.org/abs/2310.14566
http://arxiv.org/abs/2310.14566
http://arxiv.org/abs/2310.14566
https://doi.org/10.1007/S11263-016-0981-7
https://doi.org/10.1007/S11263-016-0981-7
https://doi.org/10.1007/S11263-016-0981-7
https://doi.org/10.1007/S11263-016-0981-7
https://doi.org/10.1007/S11263-016-0981-7
https://aclanthology.org/2023.emnlp-main.20
https://aclanthology.org/2023.emnlp-main.20
https://aclanthology.org/2023.emnlp-main.20
https://aclanthology.org/2023.emnlp-main.20
https://aclanthology.org/2023.emnlp-main.20

Yunxin Li, Longyue Wang, Baotian Hu, Xinyu Chen,
Wangqi Zhong, Chenyang Lyu, and Min Zhang. 2023c.
A comprehensive evaluation of gpt-4v on knowledge-
intensive visual question answering. arXiv preprint
arXiv:2311.07536.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James
Hays, Pietro Perona, Deva Ramanan, Piotr Dollar,
and C Lawrence Zitnick. 2014. Microsoft coco:
Common objects in context. In Computer Vision—
ECCV 2014: 13th European Conference, Zurich,
Switzerland, September 6-12, 2014, Proceedings,
Part V 13, pages 740-755. Springer.

Fuxiao Liu, Kevin Lin, Linjie Li, Jianfeng Wang, Yaser
Yacoob, and Lijuan Wang. 2023a. Mitigating hal-
lucination in large multi-modal models via robust
instruction tuning. arXiv preprint arXiv:2306.14565,
1(2):9.

Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae
Lee. 2023b. Improved baselines with visual instruc-
tion tuning. arXiv preprint arXiv:2310.03744.

Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae
Lee. 2023c. Visual instruction tuning. arXiv preprint
arXiv:2304.08485.

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

Pan Lu, Hritik Bansal, Tony Xia, Jiacheng Liu, Chun-
yuan Li, Hannaneh Hajishirzi, Hao Cheng, Kai-
Wei Chang, Michel Galley, and Jianfeng Gao. 2023.
Mathvista: Evaluating math reasoning in visual con-
texts with gpt-4v, bard, and other large multimodal
models. arXiv e-prints, pages arXiv—2310.

Kenneth Marino, Mohammad Rastegari, Ali Farhadi,
and Roozbeh Mottaghi. 2019. Ok-vqa: A visual ques-
tion answering benchmark requiring external knowl-
edge. In Conference on Computer Vision and Pattern
Recognition (CVPR).

OpenAl. 2023a. GPT-4 technical report.
OpenAl. 2023b. Gpt-4v(ision) system card.

Dustin Schwenk, Apoorv Khandelwal, Christopher
Clark, Kenneth Marino, and Roozbeh Mottaghi. 2022.
A-okvqga: A benchmark for visual question answer-
ing using world knowledge. arXiv.

Gemini Team, Rohan Anil, Sebastian Borgeaud,
Yonghui Wu, Jean-Baptiste Alayrac, Jiahui Yu,
Radu Soricut, Johan Schalkwyk, Andrew M Dai,
Anja Hauth, et al. 2023. Gemini: a family of
highly capable multimodal models. arXiv preprint
arXiv:2312.11805.

Hugo Touvron, Thibaut Lavril, Gautier Izacard, Xavier
Martinet, Marie-Anne Lachaux, Timothée Lacroix,
Baptiste Roziere, Naman Goyal, Eric Hambro,

10

Faisal Azhar, et al. 2023. Llama: Open and effi-
cient foundation language models. arXiv preprint
arXiv:2302.13971.

Junyang Wang, Yiyang Zhou, Guohai Xu, Pengcheng
Shi, Chenlin Zhao, Haiyang Xu, Qinghao Ye, Ming
Yan, Ji Zhang, Jihua Zhu, et al. 2023a. Evaluation
and analysis of hallucination in large vision-language
models. arXiv preprint arXiv:2308.15126.

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

Yi. 2023. A series of large language models trained
from scratch by developers at Ol-ai. https://
github.com/@1-ai/Yi.

Shukang Yin, Chaoyou Fu, Sirui Zhao, Ke Li, Xing Sun,
Tong Xu, and Enhong Chen. 2023a. A survey on
multimodal large language models. arXiv preprint
arXiv:2306.13549.

Zhangyue Yin, Qiushi Sun, Qipeng Guo, Jiawen Wu,
Xipeng Qiu, and Xuanjing Huang. 2023b. Do large
language models know what they don’t know? In
Findings of the Association for Computational Lin-
guistics: ACL 2023, Toronto, Canada, July 9-14,
2023, pages 8653-8665. Association for Computa-
tional Linguistics.

Tianyu Yu, Yuan Yao, Haoye Zhang, Taiwen He, Yifeng
Han, Ganqu Cui, Jinyi Hu, Zhiyuan Liu, Hai-Tao
Zheng, Maosong Sun, et al. 2023a. Rlhf-v: Towards
trustworthy mllms via behavior alignment from fine-
grained correctional human feedback. arXiv preprint
arXiv:2312.00849.

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

Duzhen Zhang, Yahan Yu, Chenxing Li, Jiahua Dong,
Dan Su, Chenhui Chu, and Dong Yu. 2024. Mm-
llms: Recent advances in multimodal large language
models. arXiv preprint arXiv:2401.13601.

Qiang Zhou, Zhibin Wang, Wei Chu, Yinghui Xu,
Hao Li, and Yuan Qi. 2023. Infmllm: A unified
framework for visual-language tasks. arXiv preprint
arXiv:2311.06791.

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


https://doi.org/10.48550/ARXIV.2303.08774
https://github.com/01-ai/Yi
https://github.com/01-ai/Yi
https://github.com/01-ai/Yi
https://doi.org/10.18653/V1/2023.FINDINGS-ACL.551
https://doi.org/10.18653/V1/2023.FINDINGS-ACL.551
https://doi.org/10.18653/V1/2023.FINDINGS-ACL.551

A The Categories of Questions in
BeyondVisQA

BeyondVisQA encompasses six distinct categories
of questions as follows:

* Nonexistent Objects: Questions about ele-
ments not present in the image, requiring infer-
ence beyond the visual information provided.

* Background Information: Questions that seek
background details about objects not depicted
in the image.

» Temporal Unpredictability: Questions about
events or conditions that occurred before or
after the moment captured in the image.

* Missing Visual Information: Questions about
details that are visually unclear, hidden, or
blurred in the image.

* Other Modalities Information : Questions that
require information from non-visual modal-
ities, such as sound or smell, which images
cannot convey.

¢ Intractable Quantity: Questions that involve
quantifying elements that cannot be accurately
determined from the image’s visual informa-
tion alone.

All these questions are considered unknowns be-
cause they require information beyond the image
provided to be answered.

B Additional Examples in MM-SAP

In this section, we provide supplementary examples
from our MM-SAP dataset as shown in Figure 6,
Figure 7, and Figure 8.
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BasicVisQA

Type: Action Type: Color Type: Counting

Q: What is the man in the green Q: What color are the skater's Q: How many types of fruits are
hat doing? pants? in the picture?

A. Wiping his hands A. Black A. Sorry, I can't help with it

B. Tying his shoelaces B. Sorry, I can't help with it B.3

C. Sorry, I can't help with it C. White C.5

D. Reading a newspaper D. Red D.7

E. Drinking a cup of coffee E. Blue E.2

Type: Objects Recognition

B q g Type: Position Type: OCR
S}.f:ghat is the object on the red Q: Where is the microwave? o o ey
A. It's next to the coffee maker A. Sorry, I can't help with it
[;' Izlr,el::::)zﬁok B. Sorry, I can't help with it B. CROSSTWON
C. iA redmillow] C. It's under the stove C. UPTOWN
D.A | h}:rical chandelier D. It's above the stove D. DOWNTOWN
AP E. It's near the sink E.CBD

E. Sorry, I can't help with it

Figure 6: Supplementary Examples in BasicVisQA.

KnowVisQA

Type: Animal & Plant Type: Art Type: Brand & Product

Q: What is the plant in the picture? Q: What is the title of this Q: Can you identify the model of
profound piece of modern art? this smartphone?

A. Decaisnea fargesii

B. Citrus australasica A. Blue Monologue A. Sorry, I can't help with it

C. Hymenaea courbaril B. Azure Affinity B. OnePlus open

D. Inga feuilleei C. Sorry, I can't help with it C. OnePlus Ace 3

E. Sorry, I can't help with it D. Onement D. iPhone 13 Pro Max
E. Vertical Reverie E. OnePlus 9 Pro

Type: Landmarks Type: Organizations ) Type: Food
Q: What is the name of the lake Q: The logo on the blue bag is the Q: Can you tell me the name of
shown in this aerial photograph? symbol of which organization? the dish?
A. Lake Tahoe zjntcrnationallRundifor A. Sorry, I can't help with it
B. Lake Pinatubo Agricultural Developmen ’ R 1V
. B. Ma La Xiang Guo
C. Lake Nyos B. Sorry, I can't help with it C. Chili Con Carne
D. Sorry, I can't help with it C. United Nations ) i ili
E. Lake i3aika D. World Food Programme DalcectzaCLy

E. United Nations Children's Fund Lo I ETED TR

Figure 7: Supplementary Examples in KnowVisQA
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BeyondVisQA

Type: Nonexistent Objects
Q: What color is the cat's collar on
the bed?

A. Sorry, I can't help with it
B. Black

C. Yellow

D. Green

E. Brown

Type: Intractable Quantity
Q: How many milliliters of water
can the bathtub hold?

A. 150 liters
B. Sorry, I can't help with it
C. 250 liters
D. 200 liters
E. 300 liters

Type: Other modalities Information
Q: What does the room smell like?

A. Sorry, I can't help with it
B. Fresh linen

C. Vanilla

D. Stinky

E. Musty

Type: Missing Visual Information
Q: What is the title of the book
lying on the bed?

A. The Great Gatsby

B. 1984

C. To Kill a Mockingbird

D. little Prince

E. Sorry, I can't help with it

Type: Temporal Unpredictability
Q: How long has the truck been
parked in this spot?

A. Less than a week

B. A few months

C. Several years

D. Sorry, I can't help with it
E. It's in motion right now

Type: Background Information
Q: What is the name of the cat in
the image?

A. Oliver

B. Whiskers

C. Sorry, I can't help with it
D. Mittens

E.Leo

Figure 8: Supplementary Examples in BeyondVisQA
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