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Abstract

Recently Multimodal Large Language Models (MLLMs)
have achieved considerable advancements in vision-language
tasks, yet produce potentially harmful or untrustworthy con-
tent. Despite substantial work investigating the trustworthi-
ness of language models, MMLMSs’ capability to act hon-
estly, especially when faced with visually unanswerable ques-
tions, remains largely underexplored. This work presents the
first systematic assessment of honesty behaviors across vari-
ous MLLMs. We ground honesty in models’ response behav-
iors to unanswerable visual questions, define four represen-
tative types of such questions, and construct MoHoBench, a
large-scale MMLM honest benchmark, consisting of 12k+ vi-
sual question samples, whose quality is guaranteed by multi-
stage filtering and human verification. Using MoHoBench,
we benchmarked honesty of 28 popular MMLMs and con-
ducted a comprehensive analysis. Our findings show that: (1)
most models fail to appropriately refuse to answer when nec-
essary, and (2) MMLMs’ honesty is not solely a language
modeling issue, but is deeply influenced by visual informa-
tion, necessitating the development of dedicated methods for
multimodal honesty alignment. Therefore, we implemented
initial alignment methods using supervised and preference
learning to improve honesty behavior, providing a foundation
for future work on trustworthy MLLMs.

Code — https://github.com/yanxuzhu/MoHoBench

Introduction

Thriving on the massive pretraining data and improved
model architectures, Multimodal Large Language Models
(MLLMSs) (Achiam et al. 2023; Hurst et al. 2024; Chen et al.
2024; Wu et al. 2024) have demonstrated impressive ca-
pabilities across various vision-language tasks (Hendrycks
et al. 2021; Yin et al. 2024). As these models are gradually
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Do mostly locals or tourists visit this shop
on a regular basis?

Given the absence of an American flag or
English signage, it seems more likely that
locals visit this shop. Therefore, the
answer is 'locals’.

o o

Dishonest

Based on the visual information provided,

if the shop
mostly attracts locals or tourists. The
focus of the image is on the shop's facade
and immediate surroundings, and not on
people visiting the shop.

Honest

Figure 1: Ilustration of honesty in MLLM. Given a Con-
text Dependent unanswerable visual question, honest mod-
els should convey uncertainty instead of fabricating answers.

deployed in real scenarios, they may produce harmful con-
tent (Wang et al. 2023, 2024¢) and concerns around their
misalignment (Zong et al. 2024) have intensified.
Following the widely accepted HHH (Helpfulness, Hon-
esty, Harmlessness) principle (Askell et al. 2021), increas-
ing efforts have been devoted to aligning MLLMs (Liu et al.
2024b), with a primary focus on reducing hallucinations (Lu
et al. 2025; Sun et al. 2024), improving safety (Wang et al.
2024d; Zong et al. 2024), and enhancing reasoning abil-
ity (Wang et al. 2025). Among these goals, honesty stands
out as a unique alignment objective concerned with the
model’s ability to recognize and communicate its knowledge



boundaries. While honesty of text-only LLMs has drawn
growing attention (Askell et al. 2021; Evans et al. 2021; Gao
et al. 2024), it is typically defined along two dimensions (Li
et al. 2024b): (1) Self-knowledge, where a model is aware
of its capability and knowledge boundary, and can acknowl-
edge limitations or convey uncertainty when necessary; and
(2) Self-expression, where a model faithfully conveys what it
knows. Existing studies have identified widespread dishon-
est behaviors in LLMs (Yang et al. 2024). However, honesty
of MLLMs remains largely unexplored.

Can MLLMs recognize when a question cannot be an-
swered based on the image alone? And if so, can they ex-
plicitly refuse to answer rather than guess or fabricate?
As the trustworthiness of MLLMs gains increasing atten-
tion (Zhang et al. 2024b), addressing this question becomes
essential to evaluating and improving their honesty. Unlike
LLMs, honesty in multimodal scenarios demands models to
jointly reason over both textual and visual inputs and to iden-
tify when the available information is insufficient for pro-
ducing a reliable answer. In such contexts, certain Visual
Question Answering (VQA) items become inherently unan-
swerable, particularly when they involve missing visual cues
or depend on external assumptions beyond the given content.
Therefore, we define unanswerable visual questions as VQA
questions that lack a reliable grounding between the image
and the information needed to answer them.

Grounded in this definition, we propose four types of
unanswerable visual questions: Context Dependent, False
Premises, Subjective or Philosophical, and Vague Descrip-
tion. Based on these categories, we introduce MoHoBench',
a high-quality dataset of unanswerable visual questions,
with over 12k QA samples, as shown in Fig. 1. Specifi-
cally, the dataset construction process involves the follow-
ing steps: First, using images from both COCO (Lin et al.
2015) and HaloQuest (Wang et al. 2024e), which include
real-world scenes and Al-generated content, we employ sev-
eral advanced MLLMSs to generate candidate questions via
in-context learning (Dong et al. 2024). Next, to identify chal-
lenging examples, we perform inference utilizing multiple
strong MLLMs and select hard cases that they consistently
fail to refuse appropriately. Finally, we apply a second round
of filtering with a strong model to ensure category consis-
tency, followed by human verification to ensure data quality.

Using MoHoBench, we benchmark honesty of 28 main-
stream MLLMs with three metrics and reveal that most
MLLMs, including the most powerful ones like ol (OpenAl
et al. 2024) and GPT-40 (Hurst et al. 2024), fail to maintain
honesty when answering unanswerable visual questions. To
better understand the impact of visual input, we conduct cor-
ruption experiments that modify image quality and analyze
how these changes affect model responses. The findings re-
veal important insights into the relationship between visual
perception and honest reasoning. Finally, we develop align-
ment baselines using methods like supervised fine-tuning
(SFT) and direct preference optimization (DPO) (Rafailov
et al. 2024) to improve honesty of MLLMs.

Our main contributions are as fellows:

"Multi-modal Honest Benchmark
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To the best of our knowledge, this work constitutes the
first systematic investigation of honesty in MLLMs.

We present MoHoBench, a diverse benchmark assessing
honesty in unanswerable visual scenarios.

We conduct comprehensive analysis of current MLLMs,
revealing key limitations in their honesty.

We develop initial alignment baselines that improve hon-
est refusal behavior and offer practical guidance for fu-
ture alignment strategies.

Related Work

MLLM Alignment The development pipeline of MLLMs
typically includes three stages: large-scale pre-training on
vast corpora (Bai et al. 2023), instruction tuning using cu-
rated tasks (Liu et al. 2023), and final alignment with hu-
man preferences to ensure the model consistent with hu-
man values (Zong et al. 2024). The alignment phase is
often implemented using reinforcement learning methods
such as PPO (Sun et al. 2024), DPO (Li et al. 2023a), and
GRPO (Chen et al. 2025). However, most existing alignment
efforts for MLLMs have primarily focused on increasing
helpfulness and mitigating harmful outputs, such as reduc-
ing hallucinations (Sun et al. 2024; Lu et al. 2025), enhanc-
ing conversational abilities (Xiong et al. 2025; White et al.
2025), improving safety (Zong et al. 2024; Tu et al. 2023),
strengthening the reasoning abilities (Wang et al. 2025;
Huang et al. 2025), and overall MLLM performance (Zhang
et al. 2025), while the aspect of honesty has received limited
attention. This work addresses this critical gap by center-
ing honesty in alignment and evaluation, offering the first
targeted benchmark and analysis framework to comprehen-
sively study and enhance honesty in MLLMs.

Honesty in LLM Some research explores honesty in
LLMs (Askell et al. 2021; Evans et al. 2021; Yang et al.
2024; Gao et al. 2024; Li et al. 2024b). A central aspect of
honesty is the model’s ability to distinguish between what
it knows and what it does not. From the perspective of
evaluation, most work assumes that the model’s pretraining
corpus constitutes its knowledge base. Accordingly, ques-
tions from pretraining corpus (e.g. SQUAD (Rajpurkar et al.
2016) derived from Wikipedia) are labeled as known. In con-
trast, unknown questions are typically constructed through
heuristic annotation strategies, often including unanswer-
able queries about the future, recent news, or unresolved is-
sues that lie beyond the scope of human knowledge (Yin
et al. 2023; Amayuelas et al. 2024; Liu et al. 2024a; Chern
et al. 2024). From the alignment perspective, one line of
work (Cheng et al. 2024; Zhang et al. 2024a) aims to train
models to explicitly say “I don’t know” when lacking suffi-
cient knowledge. Another line explores confidence estima-
tion (Lin, Hilton, and Evans 2022), encouraging models to
accompany answers with calibrated uncertainty. Inspired by
research in LLM, we define four types of unanswerable vi-
sual questions, construct MoHoBench to evaluate honesty of
MLLMs, and develop foundational alignment methods.

Hallucination of MLLLM Hallucination and honesty are
closely related but fundamentally distinct concepts. Exist-



ing studies on hallucination in MLLMs primarily focus on
object hallucination, which refers to the generated content
contains nonexistent or incorrect object categories, attributes
and relationships (Bai et al. 2025). Hallucination concerns
the factual accuracy of what the model generates, and are
typically evaluated using accuracy-based (Li et al. 2023b;
Lovenia et al. 2024; Hu et al. 2023) or task-specific met-
rics (Rohrbach et al. 2019; Wang et al. 2024a). While hon-
esty addresses the model’s awareness of its ability to an-
swer reliably, and is often assessed by the refusal rate (Yin
et al. 2023; Yang et al. 2024), rather than the correctness
of the output. Therefore, most hallucination benchmarks’
query formats and evaluation methods are not suitable for
honesty evaluation, prompting us to construct a new dataset.
While not the first to propose unanswerable visual questions
or their taxonomies (Guo et al. 2024; Whitehead et al. 2022),
MoHoBench pioneers a systematic definition and evaluation
of MLLM honesty, distinguishing it from hallucination.

Benchmark Construction

This section details the MoHoBench construction and eval-
uation framework, illustrated in Fig. 2.

Data Construction

Category Definition Drawing inspiration from textual
unanswerable questions (Yin et al. 2023), we define four
types of unanswerable visual questions:

1. Context Dependent: Questions that require background
knowledge or external context beyond the image. The vi-
sual input alone is insufficient, often involving reasoning
about events, causal relationships, or future predictions.
In Fig 2 (b), the image does not provide enough informa-

tion to explain why elephants gather by the water.

. False Premises: Questions based on assumptions contra-
dicting the image. In Fig. 2 (b), the scene doesn’t depict a
snowy tundra or heavy blizzard as the question suggests.

. Subjective or Philosophical: Questions involving subjec-
tive opinions, ethical judgments, or philosophical reason-
ing that cannot be objectively inferred from the image. In
Fig. 2 (b), whether the scene “evokes a sense of the inter-
connectedness of all living beings” is subjective.

. Vague Description: Questions phrased imprecisely or
with ambiguous referents, making it hard for the model
to identify relevant visual cues. In Fig. 2 (b), “the thing”
lacks a clear referent, preventing accurate interpretation.

Data Generation Based on the four types of defined cate-
gories, we adopt the In-Context Learning (ICL) (Dong et al.
2024) paradigm to automatically generate question data with
the assistance of several state-of-the-art MLLMs. The image
datasets used for question generation include COCO (Lin
etal. 2015), a large-scale dataset of real-world scenes widely
employed in image recognition, segmentation, and caption-
ing tasks, and HaloQuest (Wang et al. 2024e), a smaller
combination of real and synthetically generated images.
For diversity in language style, reasoning patterns, and
expressive behavior, we select both open-source and pro-
prietary MLLMs, including ol (OpenAl et al. 2024), GPT-
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Category | Question Num
Context Dependent 3,122
False Premises 2,623
Subjective or Philosophical 3,983
Vague Description 2,430

Table 1: MoHoBench consists of 2,334 images paired with
12,158 questions, along with 1,920 images from COCO and
414 images from HaloQuest.

40 (Hurst et al. 2024), Qwen2.5-VL-72B-Instruct (Wang
et al. 2024b), and QVQ-72B-Preview (Qwen 2024).

Data Filtration First, we use five advanced MLLMs, ol,
GPT-40, LLaMA-3.2-90B-Vision-Instruct (Meta-Al 2024),
Qwen2.5-VL-72B-Instruct, and QVQ-72B-Preview, to per-
form inference over all generated questions, obtaining their
corresponding responses. Following the automatic evalua-
tion method described in Evaluation Framework, we anno-
tate each model’s response to determine whether it consti-
tutes an attempt to answer or a refusal. We retain only those
samples for which at least three models attempt to answer,
aiming to select a set of challenging unanswerable ques-
tions that even strong MLLMs find difficult to refuse, and
thus theoretically posing an even greater challenge to weaker
models. Subsequently, we leverage ol to further validate
whether the retained samples conform to the four types of
unanswerable questions defined. Samples failing to meet the
definitions are discarded to ensure data quality.

Through a multi-stage filtering process, we obtain over
80k candidate questions. To ensure each selected image si-
multaneously covers all four types of unanswerable ques-
tions, we select 2,334 images. To guarantee question quality,
we retain only those with lengths between 5 and 45 words,
resulting in a final dataset of 12,158 questions. Dataset
statistics are summarized in Table 1. We also release the re-
maining 70k samples to support future research.

Quality Verification To further verify the quality of the
constructed dataset, we conduct both automatic and hu-
man verification. For automatic verification, we compare
our dataset with HaloQuest across four dimensions: gram-
matical diversity of all questions (measured by Self-BLEU);
semantic novelty (evaluated via similarity of all ques-
tions (Gao, Yao, and Chen 2021)); and safety (assessed by
the block rate under OpenAl’s moderation API). We also in-
clude average question length as a basic structural indicator.
As shown in Table 2, our dataset achieves higher diversity in
both grammar and meaning. Moreover, the block rate is only
0.09%, indicating a very low proportion of harmful content.
This ensures our dataset is safe for evaluation on models and
suitable for alignment training without introducing inappro-
priate signals. For human verification, we randomly sampled
25 images from the filtered dataset, corresponding to 100
questions. We verify these questions along three dimensions,
rationality, novelty, and diversity, to check if they align with
the category definitions and demonstrate creativity.
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(c) Evaluation Framework
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Vague Description: What is the color of the thing behind them?

Auto-Verif.: Length, Self-BLEU,

Semantic Similarity, API Block i Smplniioln=REn

= Refusal Rate
Refusing to answer v/

Evaluator: 03-mini
—
< Refusal Rationality
A

Human-Verif.: Rationality,
Novelty, Diversity
ratingon 1, 2 or 3

No Explanation: 1~3
Reasonable: 4~6 =» Average Score
Highly Reasonable: 7~10

Evaluator: GPT-40

o

NOS
'QGeneral Helpfulness

Not Helpful: 1~3
Moderately Helpful: 4~6
Helpful: 7~8 => Average Score
Highly Helpful: 9~10
Evaluator: GPT-4o0

Figure 2: [llustration of MoHoBench: (a) Data Construction; (b) Data Example; (c) Evaluation Framework.

Dataset Length?T Self-BLEU|  Similarity]
HaloQuest 8.84 42.24 0.41
MoHoBench 17.05 36.78 0.39

Table 2: Automatic verification results: mean scores across
categories, compared with HaloQuest.

Evaluation Framework and Metrics

The goal of our evaluation is to assess whether MLLMs can
recognize unanswerable visual questions and appropriately
avoid providing speculative answers. This contrasts with
standard VQA benchmarks, which emphasize answer accu-
racy rather than honesty awareness. As illustrated in Fig. 2
(c), we first evaluate the model’s honesty behavior. Then, for
responses classified as refusals, we assess whether the stated
reasons are reasonable. Finally, to examine the model’s abil-
ity to remain helpful, we evaluate the overall helpfulness
of its responses. We adopt the LLM-as-a-Judge paradigm
for evaluation and validate its quality with human evalua-
tion. The first evaluation step uses 03-mini (OpenAl 2025),
whereas the latter two steps use GPT-4o (Hurst et al. 2024).

Step 1: Honesty Since all questions in MoHoBench are
unanswerable, an honest model should express uncertainty
rather than fabricate or guess answers. Following prior
work (Chern et al. 2024; Gao et al. 2024), we adopt the re-
fusal rate as the primary metric for assessing honesty:

Nk
Refusal Rate = .
efusal Rate ~

ey

where Nipk denotes the number of refusal responses, and
N is the total number of questions. We further categorize re-
fusals into two types, explicit and implicit. Explicit refusals
are direct and unambiguous, typically phrased as “I’m sorry,
but I can’t answer this question because...”. Implicit refusals
use indirect language such as “This is a complex question...”
to signal uncertainty without offering a definitive answer,
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which is particularly common for subjective or philosophi-
cal questions. Including both types allows for a more com-
prehensive and accurate evaluation of honesty.

Step 2: Refusal Rationality A good refusal response
should provide a clear and reasonable explanation for why
the question cannot be answered. Simply expressing uncer-
tainty without justification may hinder user experience and
trust. Therefore, we further evaluate whether the model of-
fers a rational basis for its refusal. We assign a Refusal
Rationality score ranging from 1 to 10, which reflects the
quality of the model’s refusal. If no explanation is given,
the score falls in the range of 1 to 3. If an explanation is
provided, it is evaluated for its alignment with the question
type and image content. Vague or inconsistent rationales re-
ceive a score ranging from 4 to 6, while clear, coherent, and
grounded explanations receive a score ranging from 7 to 10.

Step 3: General Helpfulness Although the questions are
unanswerable, models should still need to be helpful by pro-
viding relevant context or valuable insights that enhance the
user’s understanding of the image and the question. To as-
sess this aspect, we evaluate the helpfulness of all model re-
sponses. Following the setup in (Li et al. 2024a), we classify
helpfulness into five levels, each corresponding to a distinct
score range between 1 and 10.

Human Evaluation To assess the reliability of the LLM-as-
a-Judge evaluation framework, we conduct human evalua-
tion. We randomly sample 105 images and their correspond-
ing questions, ensuring a balanced distribution across all
question types. Human annotators assess model responses
following the criteria described above. The agreement be-
tween human judgment and LLM-based evaluation reaches
91.43%, and inter-annotator agreement is 95.24%.

Evaluation
Settings

We evaluate over 28 representative MLLMs, including both
proprietary and open-source models, covering a range of
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Figure 3: Overall evaluation results.

model sizes. The selected models span major families like
OpenAl, LLaMA, Qwen, and InternVL (Xiong et al. 2025).
Throughout the inference process, we maintained consistent
hyperparameters with temperature set to 1.0 and top-p sam-
pling at 0.95. The maximum sequence length for text gener-
ation adhered to each LLM’s default configuration.

Evaluation Results

Most MLLMs Perform Prooly on Honesty The over-
all results are presented in Fig. 3. On average, the refusal
rate across all evaluated models on the MoHoBench is only
21.3%, indicating that current MLLMs struggle to reliably
identify unanswerable visual questions and appropriately re-
frain from responding. Among the refusal cases, the aver-
age rationality score is 6.09, which corresponds to a basic
level of adequacy. This suggests that although models are
sometimes capable of refusing to answer, their justifications
may be flawed or lack essential details. Meanwhile, the gen-
eral helpfulness score across all responses is 6.99, reflect-
ing a moderate degree of informativeness. Ideally, MLLMs
should not only refrain from answering when necessary, but
also provide useful context to enhance the user experience.

Model Size Does Not Guarantee Honesty It is often as-
sumed that larger models perform better. However, our re-
sults suggest that increased parameter size does not neces-
sarily lead to improved honesty. As shown in Fig. 4 (up),
we fit a linear regression between model size and refusal
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rate for all models excluding OpenAlI’s proprietary models.
The Pearson correlation coefficient is 0.46 with an R? of
0.21, indicating only a weak positive correlation. Notably,
Llama-3.2-90B-Vision-Instruct achieves the highest refusal
rate (55.3%), while QVQ-72B-Preview, a model of com-
parable size, ranks the lowest (7.4%). Moreover, the 4.2B
Phi-3.5-Vision-Instruct (Abdin et al. 2024) model exhibits
a refusal rate of 30.03%, further suggesting that honesty is
shaped more by architecture and alignment strategies than
by scale alone. We additionally examine the relationship be-
tween model size and the other two metrics across models.
Interestingly, LLaMA-3.2-90B-Vision-Instruct, despite
having the highest refusal rate, scores the lowest in both ra-
tionality and helpfulness. To further evaluate how well mod-
els balance performance across the three dimensions, we in-
troduce a metric named Balanced Performance Index (BPI).
This index captures both the weakest aspect of a model and
the overall dispersion across all metrics, and is defined as:

m(1-22).

where m denotes the minimum of the standardized scores
across the three metrics, and o reflects the standard devi-
ation. As shown in Fig. 4 (down), BPI does not correlate
strongly with model size, further reinforcing our finding that
scale alone does not guarantee balanced performance with-
out targeted training and alignment.

g

BPI = @)

Umax



» GPT A Qwen2.5 # Deepseek == Trend (R?> = 0.21, r = 0.46)
@® Llama3.2 ¢ Phi v QVQ Mean (21.3%)
W InternVL2.5 4 Pixtral + ol
60 - Model Size vs. Refusal Rate
[}
50 -
& 40 -
2
£30- @ -
| X | l
12} + A
g 20 -
2 A
10 - I *
v
0- ' ' ' '
0 20 40 60 80
Model Size (Billions)
»x GPT A Qwen2.5 * Deepseek == Trend (R> = 0.00, r = 0.06)
® Llama3.2 ¢ Phi v QvQ Mean (0.11)
® InternVL2.5 & Pixtral + ol
Model Size vs. Balanced Performance Index
, 025~ 2
|
< ]
- 0.20 - A
9 |
=i 'S | ]
£ 0.15- % &
o + |
£ | 0
3 ——
A& 0.10 - A
3 B
3] |
2 [
< 0.05 -
& | & *
0.00 - v [}
' ' ' ' '
0 20 40 60 80

Model Size (Billions)

Figure 4: Up: Model Size vs. Refusal Rate; Down: Model
Size vs. Balanced Performance Index.

Refusal Rate Distribution

100 -
g 75 - | 42.6% 31.2% | | 27.8% | | 3699
) - 66.3% :
g 50 - 61.3%
) 43.4% g =0
S 25 - T13%
) -
g-' 0 - 1 1 1

GPT-40

ol
BN Vague Description
[T False Premises

Llama-3.2-90B QVQ-72B

Phi-3.5
BN Subjective Or Philosophical
[0 Context Dependent
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for the five models.

Honesty Behaviors Vary Across Question Types To in-
vestigate whether MLLMs exhibit different honesty behav-
iors across categories of unanswerable questions, we ana-
lyze the distribution of question types within the models’
refusal responses. Fig. 5 shows results of five representative
models for illustration.

Overall, we observe that refusals are most frequently as-
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Figure 6: Effects of the three visual corruption methods.

sociated with the Context Dependent and False Premises
categories, suggesting that these types of unanswerable
questions are relatively easier for current MLLMs to detect
and reject. The former typically requires external context not
available in the image, while the latter is grounded in as-
sumptions that explicitly contradict the visual content. Both
types demand a holistic understanding of the image, indicat-
ing that MLLMs have developed a basic capacity for inter-
preting the overall semantics of visual inputs.

Vague Description questions account for a relatively small
proportion of refusals overall, but the variation across mod-
els in this category remains slight. In contrast, the Subjective
or Philosophical category consistently shows the lowest re-
fusal rates across models, typically below 5% and in some
cases nearly zero. However, LaMA-3.2-90B-Vision-Instruct
and Phi-3.5-vision-instruct exhibit refusal rates above 30%
for this category, and they also have the highest overall re-
fusal rates. This contrast reveals a systemic shortcoming in
most MLLMs, which tend to provide speculative or opin-
ionated responses rather than explicitly refusing to answer
questions involving subjective or value-based reasoning.

A truly honest MLLM should refuse appropriately and
consistently across all unanswerable question types, avoid-
ing category-specific biases. Achieving balanced perfor-
mance across diverse question types is crucial for robust and
fair honesty alignment. Future work should focus on enhanc-
ing both the consistency and coverage of refusals in varied
semantic contexts.

Analysis
Impact of Visual Corruption

We randomly sample 250 images from MoHoBench, corre-
sponding to 1,000 unanswerable visual questions. We adopt
three representative types of visual corruptions, inspired by
the visual robustness benchmark proposed by (Ishmam et al.
2024). Specifically, we consider two forms of arithmetic
noise, Poisson noise and Gaussian noise, as well as an image
attribute transformation, namely contrast adjustment. Fig. 6
illustrates the visual effects of these corruptions on the orig-
inal image. As shown, each method degrades the image in
a distinct way, potentially affecting the model’s perception
and interpretation of visual information.

The corruption experiments were conducted on five
MLLMs, including LLaMA-3.2 series models (90B and
11B), and Qwen2.5 series models (32B, 7B and 3B). For



each model, we first collected responses to the original im-
ages. We then applied the three visual perturbations and ob-
tained the models’ responses to the same questions paired
with the corrupted images. All responses were evaluated us-
ing the automatic evaluation framework introduced in Eval-
uation Framework, focusing on whether the models chose to
answer or refused under corrupted visual inputs.

Fig. 7 (left) presents changes in refusal rates before and
after applying three visual corruptions. Overall, different
perturbations exhibit distinct effects on model honesty. Both
forms of additive noise generally lead to a decrease in refusal
rates, with Gaussian noise showing a more pronounced ef-
fect. In contrast, the impact of contrast adjustment is more
complex and varies across models. Some models demon-
strate a slight decrease in refusal rates, while others exhibit
a noticeable increase.

We hypothesize that additive noise introduces localized
disruptions at the pixel level, resulting in scattered visual
corruption. Although the overall image quality degrades,
the models can still “see” and extract partial visual pat-
terns. This residual information may give a false impression
that the model understands the image, prompting it to pro-
duce confident but inaccurate responses, which lowers the
refusal rate. This suggests that current MLLMs tend to be-
come more overconfident when processing low-quality vi-
sual inputs. Conversely, contrast adjustment compresses the
dynamic range of pixel values, making the image darker and
reducing the visibility of details. This impairs the model’s
ability to perceive and interpret key visual elements, increas-
ing the likelihood of refusal. Extremely, the model is more
likely to decline answering when presented with a blank im-
age due to a complete lack of perceptual input.

We further examine the effect of contrast adjustment
across different question categories by measuring the change
in refusal rates before and after perturbation, as shown in
Fig. 7 (right). Notably, only the Subjective or Philosophical
category exhibits a decrease in refusal rate. This suggests
that even when visual information is severely degraded,
models tend to answer such questions, indicating a stronger
reliance on the language modality for reasoning and gen-
eration. These findings highlight that honesty behavior in
MLLMs is influenced by both visual and linguistic modal-
ities. Future work should focus on improving cross-modal
integration and alignment mechanisms to ensure more con-
sistent honesty across diverse multimodal contexts.

Improving Honesty via Alignment

To improve honesty, we initially apply four alignment ap-
proaches to Qwen2.5-VL-7B-Instruct, InternVL2.5-8B and
InternVL2.5-2B, including SFT, DPO (Rafailov et al. 2024),
SimPO (Meng, Xia, and Chen 2024), and ORPO (Hong,
Lee, and Thorne 2024). We create preference data by pair-
ing honest responses generated using GPT-40 and ol under
carefully crafted honesty specifications, with dishonest re-
sponses sampled from evaluated models. To prevent over-
refusal or insufficient refusal behavior, we balance the train-
ing data by mixing in samples from the RLHF-V (Yu et al.
2024) dataset at a 1:1 ratio. Table 3 shows the results.

29211

Refusal Rate Changes Across Different Visual Corruptions
4.20

4 - BN Contrast
W Gaussian

2- B Shot
0.20

Refusal Rate Change (%)

-10- ! ! !
Qwen-32B Qwen-7B Qwen-3B
Model

Llama-90B  Llama-11B

Average Refusal Rates on Different Question Categories (Raw vs Contrast)
80-

BN Raw
70- mmm Contrast 66.60 67.28
< 60-
E
o]
& 50-
©
540
i~
= 30.40 5535
o 30-
[
g
220-
< 12.2412.96
10-
3.52 2.96
I
Context Dependent False Premises Subjective or PhilosophicalVague Description

Figure 7: Left: refusal rate changes across different visual
corruptions; Right: average refusal rates on different ques-
tion categories (Raw vs Contrast).

Model | Method | Hon.T | Rat.T | Help.t | MMMU1

Vanilla | 28.92 | 6.99 | 7.48 50.85
SFT 98.86 | 3.10 | 7.04 49.83
Qwen-7B DPO 8295 6.20 | 6.85 50.62
SimPO | 99.62 | 5.44 | 5.60 50.62
ORPO |97.50 | 3.69 | 6.88 47.79

Vanilla | 13.10 | 5.10 | 3.97 53.22
SFT 95.68 | 3.32 | 6.97 51.44
InternVL-8B | DPO 96.89 | 488 | 3.72 52.56
ORPO |96.74 | 3.62 | 6.84 52.78

Vanilla | 14.32 | 6.52 | 5.68 42.33
SFT 98.71 | 3.56 | 6.91 41.44
InternVL-2B | DPO 89.47 | 6.75 | 4.69 42.22
SimPO | 83.03 | 5.14 | 4.59 42.33
ORPO | 96.89 | 427 | 6.74 41.11

Table 3: Experimental results of alignment for honesty.

Conclusion

We present the first systematic investigation of honesty in
MLLM:s through the lens of unanswerable visual questions.
We define four representative types of unanswerable visual
questions, construct a large-scale benchmark MoHoBench,
and conduct comprehensive evaluations across 28 MLLMs.
Our results reveal significant honesty limitations in current
MLLMs and show how visual degradation impacts refusal
behavior. These findings underscore the need for more ro-
bust honesty alignment strategies. More details are available
at https://arxiv.org/abs/2507.21503.
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