
000
001
002
003
004
005
006
007
008
009
010
011
012
013
014
015
016
017
018
019
020
021
022
023
024
025
026
027
028
029
030
031
032
033
034
035
036
037
038
039
040
041
042
043
044
045
046
047
048
049
050
051
052
053

Under review as a conference paper at ICLR 2025

DRAWING THE LINE: ENHANCING TRUSTWORTHI-
NESS OF MLLMS THROUGH THE POWER OF REFUSAL

Anonymous authors
Paper under double-blind review

ABSTRACT

Multimodal large language models (MLLMs) excel at multimodal perception and
understanding, yet their tendency to generate hallucinated or inaccurate responses
undermines their trustworthiness. Existing methods have largely overlooked the
importance of refusal responses as a means of enhancing MLLMs reliability. To
bridge this gap, we present the Information Boundary-aware Learning Framework
(InBoL), a novel approach that empowers MLLMs to refuse to answer user queries
when encountering insufficient information. To the best of our knowledge, InBoL
is the first framework that systematically defines the conditions under which re-
fusal is appropriate for MLLMs using the concept of information boundaries pro-
posed in our paper. This framework introduces a comprehensive data generation
pipeline and tailored training strategies to improve the model’s ability to deliver
appropriate refusal responses. To evaluate the trustworthiness of MLLMs, we
further propose a user-centric alignment goal along with corresponding metrics.
Experimental results demonstrate a significant improvement in refusal accuracy
without noticeably compromising the model’s helpfulness, establishing InBoL as
a pivotal advancement in building more trustworthy MLLMs.

1 INTRODUCTION

Recent advancements in multimodal large language models (MLLMs) have marked a significant
breakthrough in AI research, especially in vision-language tasks (McKinzie et al., 2024; Bai et al.,
2023; Tong et al., 2024; Fu et al., 2024; Li et al., 2024; Zhang et al., 2024b). By integrating visual
information with large language models (LLMs), these models have exhibited profound capabilities
in multimodal understanding and reasoning, allowing them to perform complex tasks. Despite the
impressive progress, MLLMs still face notable challenges. One prominent issue is their tendency to
generate factually incorrect or hallucinated content, where models confidently describe non-existent
visual elements or provide responses that include incorrect knowledge (Bai et al., 2024; Zhong
et al., 2024). Such hallucinations not only reduce the accuracy of the models but also undermine
their truthfulness in practical applications, hindering them from being trustworthy AI assistants.

To improve the trustworthiness of MLLMs, previous works primarily focus on improving multi-
modal alignment algorithms to enhance the models’ perceptual and reasoning capabilities, thereby
increasing the truthfulness of their outputs (Yu et al., 2024a;b; Amirloo et al., 2024). However, all
models have intrinsic limitations in their knowledge and perceptual capabilities, making them prone
to produce inaccurate or misleading responses when confronted with tasks beyond their capabilities.
Therefore, another effective approach to improving trustworthiness is to train these models to rec-
ognize their boundaries and refuse to answer questions when appropriate. While refusal responses
may not directly assist the user, they are truthful since no misinformation is provided.

Despite the critical role of refusal responses, few studies have focused on effectively training
MLLMs for this capability. Existing approaches (Liu et al., 2023b; Cha et al., 2024) primarily
target ambiguous or unanswerable queries, such as those involving non-existent visual elements, but
fall short of addressing the broader challenges related to intrinsic limitations and self-awareness in
MLLMs (Wang et al., 2024b). This gap underscores the need for strategies that enable MLLMs to
recognize their limitations, ensuring they either provide accurate responses or appropriately refuse
to answer when necessary.
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While research on trustworthiness in MLLMs is still limited, efforts to improve reliability by training
models to refuse answering unknown questions have been extensively studied in LLMs (Amayue-
las et al., 2024; Yin et al., 2023; Yang et al., 2023; Cheng et al., 2024; Chen et al., 2024; Liang
et al., 2024). These studies typically generate instruction and preference data that include refusal
responses, guiding models to avoid answering questions beyond their knowledge boundaries. Trust-
worthiness is evaluated by examining how well a model can recognize its limitations—providing
helpful responses within its knowledge scope and abstaining from answering questions outside of it.
However, applying this framework to MLLMs introduces several unique challenges. In multimodal
scenarios, trustworthiness depends not only on the model’s knowledge but also on its interpretation
of visual input and perceptual capabilities, adding complexity to training. Additionally, evaluating
trustworthiness requires classifying test questions as ‘known’ or ‘unknown’ based on the model’s
knowledge boundary—a task complicated by the often ambiguous nature of these boundaries. More-
over, knowledge boundaries vary between models, making consistent comparison of trustworthiness
across models using a common, model-agnostic evaluation set particularly challenging.

To address these limitations, we propose novel approaches for both training and evaluating the trust-
worthiness of MLLMs. For model training, we introduce the Information Boundary-aware Learning
Framework (InBoL), the first to establish the concept of information boundaries and systematically
define the conditions under which MLLMs should appropriately refuse to respond. This marks a
significant advancement in trustworthiness training for MLLMs. Building on these boundaries, we
develop a data construction pipeline that generates ‘I Don’t Know’ (IDK) instruction and preference
data from any VQA dataset. Using this data, we implement two key training methods: IDK Instruc-
tion Tuning (IDK-IT) and Confidence-aware Direct Preference Optimization (CA-DPO), which en-
ables MLLMs to recognize their information boundaries and refuse to answer when necessary. To
evaluate model trustworthiness, we propose a novel alignment objective centered on human prefer-
ences rather than intrinsic model metrics. We argue that users consider an MLLM as trustworthy
when it provides as many helpful responses as possible while minimizing misinformation. This
user-centric approach simplifies evaluation and introduces a model-agnostic framework for assess-
ing trustworthiness. Our experimental results demonstrate that InBoL significantly improves the
trustworthiness of baseline models by enhancing their ability to appropriately refuse responses while
maintaining helpfulness. This work introduces a new paradigm for developing trustworthy MLLMs
and sets the foundation for future advancements in this critical area.

Overall, the key contributions of our work are as follows:

• InBoL Framework: We propose the InBoL framework, which introduces the novel con-
cept of information boundaries and integrates a comprehensive data construction pipeline
along with tailored training methods. InBoL enhances the trustworthiness of MLLMs by
empowering them to recognize these boundaries and refuse to answer when lacking suffi-
cient information, setting a new benchmark for trustworthiness training.

• User-centric Trustworthiness Evaluation: We introduce a novel, user-centered alignment
objective that shifts the focus of evaluation from model-based metrics to human prefer-
ences. This approach simplifies the evaluation process and is model-agnostic. Addition-
ally, we present several metrics that offer a comprehensive and generalizable method for
evaluating the trustworthiness of different MLLMs.

• Experimental Validation: We conduct extensive experiments to validate the effectiveness
of our approach, demonstrating significant improvements in MLLMs’ ability to recognize
information boundaries while preserving helpfulness. Our detailed analyses offer valuable
insights into the broader impact of this method, paving the way for future developments in
trustworthy MLLMs.

2 PROBLEM FORMULATION

2.1 MLLM ALIGNMENT FOR TRUSTWORTHINESS

Previous studies have explored alignment objectives for trustworthiness in LLMs, primarily focusing
on evaluating trustworthiness based on the model’s knowledge boundary. In these works, models
are expected to provide accurate and helpful answers when responding to questions within their
knowledge scope, and to refuse to answer questions beyond this scope. Formally, given a user query
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q and the model-generated response r, the trustworthiness of this response is evaluated by a value
function v(q, r) ∈ {0, 1}. The goal of alignment is to maximize

∑
q∈Dtest

v(q, r).

To determine the value of v(·), these studies first classify the test set questions into known Dk and
unknown Duk categories based on the model’s knowledge boundary. The value function v(·) is then
defined as:

v(q, r) =


1 if q ∈ Dk and r is correct.
1 if q ∈ Duk and r is a refusal response.
0 otherwise

(1)

However, categorizing questions as ‘known’ or ‘unknown’ for each model is challenging due to the
inherent difficulty of precisely determining a model’s knowledge boundary, which makes the eval-
uation process complex. Additionally, Dk and Duk are model-specific, making it difficult to fairly
compare the trustworthiness of different models. Moreover, this formulation is also not well-suited
for multimodal scenarios. For MLLMs, it is essential to consider not only the model’s knowledge
but also its perceptual capabilities, given the involvement of visual input.

To address these challenges, we propose a new model-agnostic alignment objective for trustworthi-
ness that is applicable to MLLMs. Inspired by Xu et al. (2024), our approach evaluates trustworthi-
ness based on user preferences, which can be summarized as follows:

• Correct Responses: Users value answers that are accurate, relevant, and informative.

• Refusal Responses: Users appreciate refusal responses, as they prevent misinformation and
are preferable to incorrect answers.

• Incorrect Responses: Users find incorrect answers highly harmful, as they can lead to con-
fusion and misguidance.

Based on these preferences, we argue that a trustworthy MLLM should aim to maximize helpful
responses while minimizing misinformation. Consequently, the objective of trustworthiness align-
ment is to train MLLMs to prioritize accuracy and generate refusal responses when necessary to
prevent incorrect answers. To reflect this, we redefine the value function as follows:

v(i, q, r) =


1 if r is a correct response,
0 if r is a refusal response,
−1 if r is a incorrect response.

(2)

Consequently, the new objective for trustworthiness alignment is to maximize the sum of values over
the test set:

maximize
θ

∑
(i,q)∈Dtest

v(i, q, r) (3)

This objective encourages models to generate as many correct responses as possible while prior-
itizing refusal when accuracy cannot be guaranteed. Unlike previous approaches, the definition
of v(·) is model-agnostic, allowing for consistent evaluation across different models, regardless of
their intrinsic boundaries. Furthermore, this formulation is more general and can be applied to both
unimodal and multimodal scenarios.

2.2 EVALUATION METRICS

To evaluate the model’s trustworthiness, we intoduce two key metrics—Accuracy (Acc) and Refusal
Rate (RefR)—defined as follows:

Acc =
Nc

N
, RefR =

Nr

N
(4)

where Nc is the number of correct responses, Nr is the number of refusal responses, and N is the
total number of queries.

3
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Figure 1: Information Boundaries of MLLMs. (a) Questions are categorized into three types based
on intrinsic and extrinsic information boundaries. For Type 1 questions, which fall within the in-
trinsic boundary, the model is expected to provide helpful responses. For Type 2 questions, which
require information unknown to the model, the model should refuse to answer. For Type 3 ques-
tions, where the provided image lacks sufficient information, the model should also respond with a
refusal. (b) The intrinsic and extrinsic boundaries are illustrated, highlighting the model’s varying
confidence in answering queries across different regions.

Combining these two metrics, we define the objective for trustworthiness alignment as trustworthi-
ness score strust as follows:

strust =
∑

(i,q)∈Dtest

v(i, q, r) = Acc − (1− Acc − RefR) = 2 · Acc + RefR − 1. (5)

This score reflects the overall trustworthiness of the model, rewarding both accuracy and refusal
responses while penalizing incorrect answers. Unlike previous objectives for LLMs trustworthiness
alignment, our evaluation method is simpler and more general.

3 INFORMATION BOUNDARY-AWARE LEARNING FRAMEWORK

To enhance the trustworthiness of MLLMs, we propose the Information Boundary-Aware Learning
Framework (InBoL). This framework includes a data construction pipeline designed to generate
model-specific ‘IDK’ instruction and preference data by considering the intrinsic and extrinsic in-
formation boundaries of MLLMs. Furthermore, we incorporate ‘IDK’ instruction tuning (IDK-IT)
and confidence-aware direct preference optimization (CA-DPO) for model training. The goal of
this framework is to improve the model’s ability to provide appropriate refusal responses, thereby
reducing misinformation and increasing reliability of MLLMs.

3.1 INFORMATION BOUNDARY

The core of our framework is to train MLLMs to recognize when to refuse, thereby avoiding the gen-
eration of misinformation. While previous work on LLMs generally restricts refusals to questions
outside the model’s knowledge boundary, multimodal scenarios introduce additional complexity, as
both visual information and knowledge must be considered.

To address this, we introduce ‘extrinsic’ and ‘intrinsic’ information boundaries for MLLMs, as
illustrated in Figure 1. In multimodal scenarios, a trustworthy MLLM should answer questions
only when it has sufficient information and refuse when it does not, and these boundaries serve as
guidelines for this decision-making process. We define the information boundaries as follows:

• Extrinsic Information Boundary: In multimodal scenarios, MLLMs depend on extrinsic
visual inputs to respond to user queries. The extrinsic information boundary defines the
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Figure 2: The Pipeline of Data Construction: Given a VQA dataset, we design a pipeline to collect
different types of samples within and beyond the information boundaries. First, we estimate the
confidence for each sample to determine the model’s intrinsic information boundary. Next, we
generate questions that lie beyond the extrinsic boundary, followed by quality filtering. Finally, all
data is formatted into a standardized structure, including correct, incorrect, and refusal responses,
each accompanied by their corresponding confidence scores.

distinction between what is explicitly shown in the image and what is not. For example,
if a question pertains to information that is absent from the image, such as queries about
non-existent objects or additional context, the model should decline to answer.

• Intrinsic infomration boundary: Beyond extrinsic boundaries, a model’s intrinsic infor-
mation boundary is equally important, defined by its inherent capabilities. This boundary
encompasses what the model can infer from the image and the multimodal knowledge em-
bedded in its parameters. For queries that fall outside of this intrinsic boundary, the model
should likewise decline to provide an answer.

Therefore, there are two circumstances under which the model should generate a refusal response.
The first is when the visual input does not contain the necessary information to answer the question.
The second is when the model cannot perceive the required information from the image or lacks spe-
cific multimodal knowledge. For questions within the information boundary, the model is expected
to provide helpful and accurate answers, as it possesses sufficient information to do so.

3.2 DATA CONSTRUCTION

To train MLLMs to appropriately refuse questions, we need to collect the three types of VQA data
outlined in Figure 1. For any given VQA dataset, we propose a data construction pipeline that classi-
fies questions into the first two types based on confidence estimation, while generating unanswerable
questions as the third type from the available data. Additionally, we reorganize the generated data
into a standardized format, as shown in Figure 2, which is then used to create the ‘IDK’ instructions
and preference data.

Estimating the Model’s Confidence We assume that all questions in a given VQA dataset are
answerable based on the provided visual information, placing them within the extrinsic information
boundary. To further determine if these questions fall within the intrinsic information boundary, we
estimate the model’s confidence. Following prior works (Cheng et al., 2024; Xu et al., 2024; Yang
et al., 2023), we sample multiple responses from the original model and calculate the accuracy rate
to estimate its confidence. We found that simple string matching—checking if the correct answers
appear in the generated responses—was insufficient, as the model sometimes generates semantically
similar answers that differ in wording. To address this issue, we develop a hybrid evaluator by
utilizing a LLM to evaluate responses marked as incorrect by the string-matching method. More
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Figure 3: Construction of ‘IDK’ instruction and preference data: The restructured data is catego-
rized into ‘Known,’ ‘Mixed,’ and ‘Unknown’ based on confidence thresholds(δk and δuk). ‘IDK’
instruction generation includes correct responses for known questions, refusal responses for un-
known questions, and the exclusion of mixed data. Preference data samples are constructed by
pairing questions with correct, incorrect, and refusal responses, based on the confidence classifica-
tion of each question.

details about it can be found in Appendix D.1. In addition, we randomly sample a correct and
incorrect answers from the model-generated responses and select a refusal response from the refusal
template (Appendix C), then restructure the data into a standardized format as illustrated in Figure 2.

Generating Unanswerable Questions Next, we generate questions that lie beyond the extrinsic
information boundary. First, we focus on questions that are irrelevant to the provided image, such
as those inquiring about non-existent objects. To create these, we randomly select samples from
the VQA dataset and reorganize them into mismatched image-question pairs. Additionally, we
formulate more complex questions that, while related to the image, cannot be answered due to
incorrect assumptions or insufficient information provided by the image. To achieve this, we design
prompts that instruct GPT-4o to generate unanswerable queries. To ensure the quality of these
generated questions, we implement a filtering mechanism. Specifically, we define several criteria for
determining whether a question is unanswerable and instruct GPT-4o to verify if the questions meet
these criteria. If the model responds “no” to all relevant checks, the question is excluded from the
dataset. For each generated unanswerable question, we assign a confidence score of 0. Additionally,
we collect an incorrect response generated by the original model and select a refusal response from
predefined templates to restructure the data into the standardized format shown in Figure 2. Detailed
descriptions of the generation and filtering processes are provided in Appendix D.2.

Constructing ‘IDK’ Instruction To construct the ‘IDK’ instruction, we categorize the restruc-
tured data into three types based on the confidence thresholds δk and δuk: ‘Known,’ ‘Mixed,’ and
‘Unknown,’ as shown in Figure 3. For known questions, we select the correct answer as the response.
For unknown questions, we utilize the refusal response. Regarding the ‘Mixed’ data, we exclude it
from the instruction data, as the model exhibits relatively high uncertainty for these questions.

Constructing Preference Data A preference data consists of a question, a chosen response, and a
rejected response. For known questions, we use the correct answers as the chosen response and the
refusal as the rejected response. For unknown questions, we utilize the refusal answers as the chosen
response and the incorrect answers as the rejected response. For mixed questions, we construct two
samples, both of which use incorrect answers as the rejected response. In one sample, the chosen
response is the correct answer, while in the other, the chosen response is the refusal.

3.3 MODEL TRAINING FOR INFORMATION BOUNDARY AWARENESS

To enhance the model’s ability to recognize and refuse questions beyond its information boundary,
we propose two training strategies: ‘IDK’ Instruction Tuning (IDK-IT) and Confidence-aware Di-
rect Preference Optimization (CA-DPO). These strategies can teach the model not only to provide
accurate responses but also to give refusal responses when it lacks the necessary information.
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IDK Instruction Tuning Instruction tuning is an effective method for aligning the model’s re-
sponses with desired behaviors. In our framework, we train the model with ‘IDK’ instructions. This
training approach improves models trustworthiness by reducing the generating misinformation.

Confidence-aware Direct Preference Optimization Direct Preference Optimization (DPO) is a
technique that optimizes a model’s policy using preference data (Xu et al., 2023; Rafailov et al.,
2024; Hong et al., 2024; Yuan et al., 2024). While DPO can guide models to prefer correct answers
and learn to refuse when needed, it does not leverage the model’s intrinsic confidence to dynamically
adjust its behavior. To address this, we propose Confidence-aware DPO (CA-DPO), which integrates
the model’s confidence score into the optimization process.

As shown in Figure 3, we define two preference pairs for ‘Mixed’ samples: p1 (correct > incorrect)
and p2 (refusal > incorrect). For consistency, we define ‘Known’ samples with p1 = p2 = (correct
> refusal), and ‘Unknown’ samples with p1 = p2 = (refusal > incorrect). Our approach uses the
confidence score to dynamically balance the emphasis between these preference pairs. The CA-DPO
loss function is defined as:

Lcadpo =− E(x,p1,p2)

[
log σ

(
β log

π∗(yw1|x)
πref(yw1|x)

− β log
π∗(yl1|x)
πref(yl1|x)

)
· confx

+ log σ

(
β log

π∗(yw2|x)
πref(yw2|x)

− β log
π∗(yl2|x)
πref(yl2|x)

)
· (1− confx)

] (6)

where (yw1 > yl1) represents p1, (yw2 > yl2) represents p2, and confx is the model’s confidence
score. The confidence score adjusts the balance between the two preference pairs, particularly for
‘Mixed’ samples. In high-confidence scenarios, the loss function prioritizes correct responses, while
in low-confidence cases, it favors refusal. This adaptive mechanism enables the model to balance
cautiousness and helpfulness more effectively.

4 EXPERIMENTS

4.1 EXPERIMENTAL SETUP

4.1.1 TRAINING DATA

As mentioned in Section 3.1, our work considers both the model’s knowledge and visual infor-
mation. Therefore, we use general VQA datasets and knowledge-intensive VQA datasets for data
construction. Specifically, we utilize VQAV2 (Antol et al., 2015; Zhang et al., 2016; Goyal et al.,
2017), Oven (Hu et al., 2023), and ScienceQA (Lu et al., 2022). We set the confidence thresholds as
δk = 0.8 and δuk = 0.2. For ‘IDK’ instruction tuning, we collected 11k instructions. For CA-DPO,
we gathered about 24k preference pairs. Further training details are provided in Appendix E.

4.1.2 EVALUATION

In our experiments, we utilize the LLaVA1.5 (Liu et al., 2023d;c) model, one of the most widely used
open-source MLLMs. We evaluate models on both in-domain and out-of-domain (OOD) datasets.
For the in-domain evaluation, we draw questions from the validation sets of VQAV2 and Oven,
as well as the test set of ScienceQA. In addition, we generate unanswerable questions (UaVQA)
as described in Section 3.2 and manually filter them for evaluation purposes. The final in-domain
dataset consists of 1,000 samples.

For the OOD evaluation, we assess the model on three types of benchmarks: general VQA,
knowledge-intensive VQA, and unanswerable VQA. For general VQA, we use the AOKVQA vali-
dation set (Schwenk et al., 2022), the GQA test set (Hudson & Manning, 2019), and the MMBench
(en-dev) (Liu et al., 2023e). In the case of knowledge-intensive VQA, we employ the validation set
of MMMU (Yue et al., 2024). For unanswerable VQA, we adopt the BeyondVisQA subset from
MM-SAP (Wang et al., 2024b).

In terms of baselines, we consider both prompt-based and training-based methods. Refusal Prompt
instruct the model to refuse answering when it lacks sufficient information by appending a prompt
to the text input. The refusal prompt is: If you don’t have enough information to answer the ques-
tion, respond with “Sorry, I can not help with it.” We also conduct supervised fine-tuning(SFT) as
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Table 1: Performance on in-domain dataset. We present results on LLaVA1.5-7B and LLaVA1.5-
13B. Bold values indicate the highest trustworthiness score.

Method VQAV2 OVEN SQA UaVQA Overall
Acc RefR Strust Acc RefR Strust Acc RefR Strust RefR Acc RefR Strust

LLaVA1.5-7B 52.00 0.33 4.33 50.33 0.00 0.67 51.33 0.00 2.67 12.00 46.10 1.30 -6.50
+Refusal Prompt 50.67 7.67 9.00 37.33 17.67 -7.67 51.00 0.67 2.67 47.00 41.70 12.50 -4.10
+SFT 53.00 5.67 11.67 50.67 3.00 4.33 60.00 0.00 20.00 81.00 49.10 10.70 8.90
+IDK-IT 41.33 35.00 17.67 42.67 29.67 15.00 44.67 34.00 23.33 92.00 38.60 38.80 16.00
+CA-DPO 52.00 26.33 30.33 50.67 22.67 24.00 61.00 23.00 45.00 87.00 49.10 30.30 28.50
LLaVA1.5-13B 55.33 0.00 10.67 61.00 0.00 22.00 56.33 0.00 12.67 20.00 51.00 2.10 4.10
+Refusal Prompt 54.33 8.33 17.00 46.67 19.00 12.33 56.67 0.00 13.33 62.00 48.20 14.40 10.80
+SFT 56.33 3.67 16.33 56.67 4.00 17.33 65.67 0.00 31.33 78.00 53.60 10.10 17.30
+IDK-IT 49.00 30.67 22.33 47.00 24.33 24.67 43.33 40.67 27.33 89.00 41.80 37.60 21.20
+CA-DPO 51.67 28.33 31.67 53.00 24.33 27.67 58.67 29.67 47.00 93.00 49.00 34.00 32.00

Table 2: Performance on out-of-domain dataset. We present results on LLaVA1.5-7B and
LLaVA1.5-13B. Bold values indicate the highest trustworthiness score.

Method AOKVQA GQA MMMU BeyondVisQA MMBench(en-dev)
Acc RefR Strust Acc RefR Strust Acc RefR Strust RefR Acc RefR Strust

LLaVA1.5-7B 78.56 0.00 57.13 59.65 0.00 19.30 34.70 0.00 -30.60 25.50 62.80 0.00 25.60
+Refusal Prompt 56.77 26.20 39.74 58.65 3.43 20.74 32.22 12.89 -22.67 27.50 59.36 0.69 19.42
+SFT 74.32 3.49 52.14 59.39 2.77 21.55 34.20 1.67 -29.93 56.00 63.32 0.26 26.89
+IDK-IT 55.50 36.24 47.24 50.46 23.88 24.81 15.22 69.67 0.11 75.25 46.39 39.09 31.87
+CA-DPO 72.23 17.64 62.10 60.41 12.95 33.77 19.67 56.67 -4.00 67.75 58.42 18.13 34.97
LLaVA1.5-13B 78.95 0.00 57.90 61.81 0.00 23.63 36.22 0.00 -27.56 33.50 67.96 0.00 35.91
+Refusal Prompt 63.32 18.95 45.59 61.36 1.96 24.69 27.78 19.56 -24.89 46.00 64.69 0.26 29.64
+SFT 77.82 2.62 58.25 61.32 1.69 24.33 38.22 1.78 -21.78 68.75 67.01 0.00 34.02
+IDK-IT 63.93 23.06 50.92 52.27 19.22 23.77 14.22 74.33 2.78 79.50 55.84 23.91 35.60
+CA-DPO 73.89 15.63 63.41 59.70 13.82 33.22 25.89 41.78 -6.44 72.50 62.63 14.69 39.95

baseline. For questions within the extrinsic information boundary, the model is trained using the
correct answers. For questions outside this boundary, since no correct answers exist, we assign an
‘IDK’ response as the label. By constructing the dataset in this manner, we fine-tune models with
about 11k instructions. Further details about evaluation can be found in the Appendix F.

4.2 OVERALL RESULTS

The results on the in-domain datasets are presented in Table 1. Both IDK-IT and CA-DPO demon-
strate notable improvements in trustworthiness scores compared to the baselines. IDK-IT increases
the model’s refusal rate, enabling it to recognize when sufficient information is lacking. Although
IDK-IT does result in a decline in accuracy, it improves the model’s trustworthiness by prioritiz-
ing cautiousness over potential overconfidence. In contrast, CA-DPO achieves a more balanced
outcome by improving the refusal rate while maintaining model accuracy. This suggests that CA-
DPO enables the model to better distinguish between known and unknown queries without sacrific-
ing helpfulness. As illustrated in Table 2, IDK-IT and CA-DPO generalize well to OOD datasets.
IDK-IT continues to significantly boost the refusal rate to improve the trustworthiness score, while
CA-DPO strikes an effective balance between improving the refusal rate and preserving accuracy.

In summary, both IDK-IT and CA-DPO clearly enhance the trustworthiness of models. IDK-IT
is particularly effective at reducing misinformation by increasing the refusal rate, though it may
make models overly cautious. CA-DPO, meanwhile, achieves a more favorable balance between
truthfulness and helpfulness, making models more trustworthy.

4.3 ANALYSIS

4.3.1 AWARENESS OF THE EXTRINSIC INFORMATION BOUNDARY

To comprehensively evaluate the model’s awareness of the extrinsic information boundary, we con-
duct additional experiments on the unanswerable subset of VizWiz (Gurari et al., 2018) and the
validation set of VQAv2-IDK (Cha et al., 2024). VQAv2-IDK comprises questions from VQAv2
annotated with ‘IDK’ keywords. However, we observe that some of these questions, while chal-
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Table 3: Refusal Rate on unanswerable VQA datasets. VizWiz(ua) refers to the unanswerable subset
of the VizWiz dataset, while VQAv2-IDK(filter) represents the filtered subset of VQAv2-IDK, where
only questions with more than one ’IDK’ annotation are retained.

LLaVA1.5-7b LLaVA1.5-13b
Original IDK-IT CA-DPO Original IDK-IT CA-DPO

Vizwiz(ua) 9.00 76.01 69.97 9.60 78.61 73.27
VQAv2-IDK(filter) 2.80 81.42 70.63 2.60 80.14 72.40
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Figure 4: Refusal rate and accuracy of models across different confidence levels. (a) Refusal Rate
by Confidence: The model exhibits dynamic refusal behavior, with higher refusal rates for lower
confidence levels and a tendency to answer directly for high-confidence questions. This indicates
the model’s awareness of its intrinsic information boundary. (b) Answered Accuracy by Confidence:
The accuracy of the IDK-IT and CA-DPO models surpasses that of the original model, demonstrat-
ing that training methods focused on intrinsic boundary recognition improve the model’s ability to
provide accurate responses when choosing to answer.

lenging, can still be answered based on image information, suggesting that they remain within the
extrinsic information boundary. Consequently, we filter out questions that contain only a single
‘IDK’ annotation. VizWiz is a VQA dataset that includes visual questions posed by people who
are blind. We select data labeled as ‘unanswerable’ to form its unanswerable subset. As shown
in Table 3, our models appropriately provides refusal responses on these out-of-domain datasets,
demonstrating their clear awareness of the extrinsic information boundary.

4.3.2 AWARENESS OF THE INTRINSIC INFORMATION BOUNDARY

Although our overall results demonstrate that the proposed training method significantly reduces
misinformation by promoting refusals while maintaining strong performance, we aim to further
investigate the model’s intrinsic awareness of its information boundaries. To this end, we analyze
changes in the refusal rates of both IDK-IT and CA-DPO models relative to the confidence levels
of LLaVA1.5-7B on both an in-domain dataset and the AOKVQA (OOD) dataset, as illustrated
in Figure 4(a). The results indicate that the model exhibits an awareness of its own confidence,
effectively refusing to answer when appropriate. For high-confidence questions, the model typically
provides direct answers, while for lower-confidence questions, it demonstrates a higher likelihood of
refusal. This adaptive refusal behavior reflects the model’s capacity to distinguish between instances
where it possesses sufficient knowledge and those where it does not, underscoring its intrinsic self-
awareness.

Additionally, we calculate the accuracy of the answered questions, defined as: Answered Acc =
Nc

N−Nr
, where Nc is the number of correct answers and Nr is the number of refusals. Figure 4(b)

shows the answered accuracy for the original model, the IDK-IT model, and the CA-DPO model.

9



486
487
488
489
490
491
492
493
494
495
496
497
498
499
500
501
502
503
504
505
506
507
508
509
510
511
512
513
514
515
516
517
518
519
520
521
522
523
524
525
526
527
528
529
530
531
532
533
534
535
536
537
538
539

Under review as a conference paper at ICLR 2025

Table 4: Performance comparison between models trained with different preference data using DPO
and CA-DPO methods.

Model Method Data In-Domain(Avg) Out-Of-Domain(Avg)
Acc RefR Strust Acc RefR Strust

LLaVA1.5-7B

DPO (1) 47.50 30.20 25.20 50.30 29.46 30.06
DPO (2) 51.00 26.30 28.30 55.08 18.62 28.78
DPO (3) 49.50 26.30 25.30 52.88 20.35 26.11
CA-DPO (3) 49.10 30.30 28.50 52.68 26.35 31.71

LLaVA1.5-13B

DPO (1) 47.10 36.10 30.30 52.71 24.14 29.56
DPO (2) 49.60 31.40 30.60 56.37 16.45 29.20
DPO (3) 48.60 33.90 31.10 55.19 20.83 31.21
CA-DPO (3) 49.00 34.00 32.00 55.53 21.48 32.53

Notably, the accuracy curve for the original model is lower than those of both the IDK-IT and CA-
DPO models. This indicates that training the model to recognize its intrinsic information boundaries
through the IDK-IT and CA-DPO methods enhances its ability to more effectively utilize the infor-
mation it possesses, leading to improved overall accuracy.

Thus, training the model to be aware of its information boundaries improves trustworthiness in two
key ways. First, by identifying these boundaries, the model learns to refuse answering when it lacks
sufficient information, significantly reducing the risk of generating misinformation. Second, this
awareness allows the model to provide more accurate responses when it does choose to answer, as
it makes more effective use of its knowledge. Together, these improvements contribute to a more
reliable and trustworthy MLLM.

4.3.3 THE EFFECTIVENESS OF CA-DPO

To evaluate the effectiveness of CA-DPO, we used three types of preference data for the ‘mixed’
samples and trained LLaVA1.5 using the original DPO loss. These preference pairs include: (1)
refusal > incorrect; (2) correct > incorrect; and (3) a combination of both, which also serves as the
training data for CA-DPO. Table 4 presents the average performance on both in-domain and OOD
datasets. The results indicate that models trained with the CA-DPO loss achieve a more balanced
performance between accuracy and refusal rate, resulting in the highest trustworthiness score. This
suggests that the CA-DPO method encourages the model to be more selective in its responses, strik-
ing an effective balance between providing helpful answers and refusing when necessary, thereby
enhancing its overall trustworthiness.

5 CONCLUSION

In this paper, we introduce the InBoL Framework to enhance the trustworthiness of MLLMs. By
defining information boundaries, we create a data generation pipeline and apply novel training
methods—IDK-IT and CA-DPO—to improve models’ ability to avoid misinformation while main-
taining helpfulness. Our user-centric evaluation approach also offers a model-agnostic way to assess
trustworthiness. Experimental results show that our method effectively reduces misinformation and
enhances model reliability, paving a feasible path for the future development of trustworthy MLLMs.
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Figure 5: Predefined refusal template

a self-augmenting process that generates its own instructions to improve dataset quality. Reinforce-
ment Learning and Direct Preference Optimization (Rafailov et al., 2024) have emerged as leading
approaches for alignment, with recent advancements leveraging these methods to address visual
hallucination issues. Sun et al. (2023) collects human preferences and adapts RLHF for multi-
modal alignment, while Yu et al. (2024a) improves MLLM performance by aligning model behav-
ior through fine-grained human feedback corrections. Yu et al. (2024b) proposes a novel framework
for gathering high-quality feedback data and uses an online feedback learning algorithm for model
alignment. Additionally, Wang et al. (2024a) introduces a multimodal DPO objective that optimizes
both image and language preferences, avoiding the over-prioritization of language-only preferences.

A.2 IMPROVING TRUSTWORTHINESS BY REFUSAL

With the increasing capabilities of foundational models and the growing prevalence of AI agents,
the trustworthiness of (multimodal) large language models has garnered significant attention. For
LLMs, researchers primarily focus on the reliability of the model’s knowledge, aiming for mod-
els to acknowledge their limitations and refuse to answer when encountering unknown knowledge.
Yang et al. (2023) construct an honesty alignment dataset based on models’ knowledge boundaries,
replacing incorrect or uncertain LLM responses with “I don’t know,” and fine-tuning the model on
this data. Cheng et al. (2024) proposed the concept of “Knowledge Quadrants,” constructed the IDK
dataset, and applied supervised fine-tuning (SFT) as well as preference-aware optimization to help
models recognize their intrinsic knowledge boundaries. Zhang et al. (2024a) introduced R-tuning,
which involves constructing and fine-tuning on a refusal-aware dataset, enhancing model’s capabili-
ties to refuse answering appropriately. Chen et al. (2024) directly judged whether the knowledge lies
within the boundaries based on the model’s intrinsic state and constructed training data to help the
model express these boundaries. Liang et al. (2024) and Xu et al. (2024) employed Reinforcement
Learning from Knowledge Feedback to teach models to refuse questions outside their knowledge
boundaries, thus reducing hallucinations.

In multimodal scenario, only few works have considered the issue of refusal to answer. Unlike uni-
modal models, which focus on intrinsic boundaries, MLLMs mainly concentrate on the challenge
of unanswerable questions. Liu et al. (2023a) proposed three types of negative instructions involv-
ing misleading or false premises in images, which models must learn to refuse. Cha et al. (2024)
introduce the VQAv2-IDK dataset, which also annotates questions with “I don’t know” answers to
train models to appropriately refuse to respond when faced with unanswerable or ambiguous ques-
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tions. Additionally, Shi et al. (2024) and Wang et al. (2024b) included subsets with unanswerable
questions to evaluate the trustworthiness of MLLMs. Despite these advances, no prior work has
systematically considered both the intrinsic boundaries of models and the extrinsic information pro-
vided in the input. Therefore, we propose the I-BaLF framework, which holistically integrates both
aspects to guide MLLMs in refusing to answer when appropriate, thus significantly improving their
overall trustworthiness.

B LIMITATION

In this work, we did not explore the generation of explanations for refusal responses, an important
and underexamined area. From the model’s perspective, many questions require reasoning processes
to determine whether sufficient information is available to provide an accurate answer. By incorpo-
rating explanations for refusal responses, the model could better learn when to refuse appropriately,
thereby enhancing its awareness of its own limitations and boundaries. From the user’s perspec-
tive, unexplained refusals may lead to confusion or dissatisfaction. Providing clear and interpretable
justifications for refusals could make the refusal mechanism more transparent and user-friendly,
significantly improving the overall user experience.

For future work, we plan to focus on enabling the model to generate well-reasoned and contextually
appropriate refusal explanations. This will involve developing methodologies for constructing rele-
vant datasets and designing robust evaluation frameworks to assess the quality and relevance of the
generated explanations. By making refusal responses more informative and transparent, we aim to
further enhance the trustworthiness of the model while ensuring a more positive and engaging user
experience.

C REFUSAL TEMPLATE

Figure 5 shows the refusal template mentioned in Section 3.2.

D DETAIL OF DATA CONSTRUCTION

D.1 HYBRID EVALUATOR

We found that an MLLM’s output answer can contain the ground truth answer or generate a phrase
with identical semantic meaning. Thus, using string matching only to evaluate an LLM’s capacity is
insufficient. In this paper, we propose to employ hybridized string matching and LLM-based evalu-
ation methods to evaluate the accuracy of models. During our hybrid evaluation, we first use string
matching to filter the model outputs that contain the exact ground truth answer and use Llama2-13B
to check whether the remainder contains phrases that express the same semantic meaning.

To verify the effectiveness of our hybrid evaluator, we randomly sample 200 MLLM outputs from
the VQAV2 and OVEN datasets for human annotators to assess the consistency between our hybrid
evaluator and human evaluation. In these 200 samples, the Cohen’s Kappa coefficient between our
hybrid evaluator and human evaluator is 0.885, which is significantly higher than the coefficient of
0.749 for string matching. This result demonstrates the strong alignment between our method and
human judgment.

The prompt used for our hybrid evaluation is shown in Figure 6.

The two cases shown in Figure 7 further demonstrate that our hybrid evaluator can correctly identify
the sample with valid answers but ignores it when using only the string matching method.

D.2 UNANSWERABLE QUESTIONS GENERATION

We consider three types of reasons that make questions unanswerable. First, questions may refer to
subjects not present in the image, making it impossible to answer based on visual information. Sec-
ond, questions might include incorrect premises about the subjects in the image, leading to mislead-
ing or unanswerable scenarios. Third, some questions may require additional context or information
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Figure 6: LLM prompt for our hybrid evaluation, We use Llama2-13B for LLM evaluation.

Question：

which nation's flag is stitched on to the back 

pocket of the jeans?

Ground Truth Answer: England

MLLM Answer: The jeans have the flag of the 

United Kingdom stitched on to the back pocket.

Str Matching: False

Hybrid elevator: True
Example 1

Question：

what type of fruits are shown? Answer the 

question using a single word or phrase.

Ground Truth Answer: Citrus

MLLM Answer : Oranges

Str Matching: False

Hybrid elevator: True Example 2

Figure 7: Example 1 and Example 2 demonstrate the effectiveness of our hybrid evaluator. “Eng-
land” and “the United Kingdom” represent the same country, and citrus and oranges denote the same
fruit. Using string matching alone can not identify the correct answer from MLLM output, while
our hybrid evaluator can effectively avoid false negatives.

that cannot be inferred from the image alone. Figure 8 shows our prompt for gpt-4o to generate the
unanswerable questions.

Based on these three reasons, we design corresponding questions to assess whether the generated
questions are indeed unanswerable.

1. Does this question inquire about subjects that are not depicted in the image?

2. Does this question include an incorrect or misleading premise?

3. Does this question ask for information that is not available in the image?

Given the generated question and its corresponding image, we prompt GPT-4 to verify whether
the question meets the specified criteria. Questions that receive a ‘no’ for all three criteria are
filtered out. Additionally, we prompt the original model to generate a response to the unanswerable
questions. If the model refuses to answer, those questions are also excluded from our dataset.

Figure 9 illustrates examples of unanswerable questions generated based on the proposed method.
These examples demonstrate the diversity of scenarios leading to unanswerable questions, such as
nonexistent objects or insufficient visual information.

E TRAINING DETAIL

For our experiments, we utilize the 7B and 13B versions of LLaVA-v1.5 as base models. We set
δk = 0.8 and δuk = 0.2. The instruction dataset consists of 11k samples, with approximately 25%
of the responses labeled as ‘IDK.’ Additionally, we generate around 24k preference pairs, with the
ratio of unknown, mixed, and known samples approximately 1:1:2. For preference optimization,
we first train the model on the IDK dataset and then conduct CA-DPO. LoRA is used for model
training, with the LoRA rank r and α set to 16 and 32, respectively. The batch size is 16, and the
learning rate is 2e-4, with training conducted for one epoch.
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Figure 8: Prompt for GPT-4o to Generate Unanswerable Questions

Figure 9: Examples of unanswerable questions.

F EVALUATION DETAIL

We here describe the used datasets:

1. VQAv2 (Antol et al., 2015) is a widely-used dataset containing open-ended questions re-
lated to images, aimed at evaluating visual question answering.

2. OVEN (Hu et al., 2023) contains open-domain visual entity questions based on Wikipedia
entries, requiring the model to possess extensive visual knowledge to provide accurate an-
swers.

3. ScienceQA (Lu et al., 2022) comprises multimodal, multiple-choice questions across a
diverse array of scientific topics.
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Figure 10: Impact of confidence thresholds on performance. The heatmap displays the average
trustworthiness scores across in-domain and OOD datasets, with scores normalized for comparison.
The upper-right region, marked with a red box, demonstrates higher performance compared to other
areas.

4. AOKVQA (Schwenk et al., 2022) is a crowdsourced dataset featuring a wide range of
questions that demand a broad understanding of commonsense and world knowledge.

5. GQA (Hudson & Manning, 2019) is a dataset for real-world visual reasoning and com-
positional question answering. is a dataset designed for real-world visual reasoning and
compositional question answering.

6. MMMU (Yue et al., 2024) is a benchmark developed to assess multimodal models across
a variety of complex, multidisciplinary tasks that require college-level subject knowledge
and advanced reasoning.

7. MMBench (Liu et al., 2023e) is a comprehensive benchmark for evaluating the multi-
modal capabilities of MLLMs, featuring questions that challenge both reasoning and per-
ception.

8. BeyondVisQA (Wang et al., 2024b) is specifically designed to evaluate the self-awareness
of MLLMs, particularly their ability to recognize “known unknowns.” The questions in this
dataset require information beyond the information provided by the input images.

To construct the in-domain evaluation dataset, we sample questions from the validation sets of
VQAV2 and Oven, as well as the test set of ScienceQA. Importantly, we balance the confidence
scores of these sampled questions to ensure that the accuracy of LLaVA1.5-7B is approximately
50%. Additionally, we generate unanswerable questions (UaVQA) and manually filter them for use
in the evaluation.

For both the MMMU and MMBench datasets, we use the following prompt for evaluation: “Answer
with the letter corresponding to the correct option from the given choices.” In contrast, for the
remaining open-ended datasets, we presented only the questions, without any additional prompts.
We use the proposed hybrid evaluator to assess the accucary for in-domain dataset, and we directly
use the string matching strategy for the OOD dataset for simplicity.

18



972
973
974
975
976
977
978
979
980
981
982
983
984
985
986
987
988
989
990
991
992
993
994
995
996
997
998
999
1000
1001
1002
1003
1004
1005
1006
1007
1008
1009
1010
1011
1012
1013
1014
1015
1016
1017
1018
1019
1020
1021
1022
1023
1024
1025

Under review as a conference paper at ICLR 2025

0.9 0.85 0.8 0.75 0.7 0.65
Ratio of Known Data

0.00

0.05

0.10

0.15

0.20

0.25

Av
er

ag
e 

Tr
us

tw
or

th
in

es
s S

co
re

a) Data Composition for IDK-IT

In-domain
OOD

1:1:1 1:1:1.5 1:1:2 1:1:2.5 1:1:3
Unknown : Mixed : Known

0.20

0.22

0.24

0.26

0.28

0.30

0.32

Av
er

ag
e 

Tr
us

tw
or

th
in

es
s S

co
re

b) Data Composition for CA-DPO

In-domain
OOD

Figure 11: Data Composition Analysis. (a) For IDK-IT, varying the ratio of ”known” data shows that
a proportion of 0.75 yields the highest trustworthiness score across in-domain and out-of-domain
datasets. (b) For CA-DPO, adjusting the ratio of ”unknown,” ”mixed,” and ”known” data to 1:1:2
achieves the optimal balance between accuracy and refusal rate, as reflected in the trustworthiness
score.

G SUPPLEMENTARY EXPERIMENTS

G.1 CONFIDENCE THRESHOLD

We conducted experiments to analyze the impact of the confidence thresholds δk and δuk. Both
thresholds were varied within the range δk, δuk ∈ {2, 3, 4, 5, 6, 7, 8}, ensuring that δk > δuk. Us-
ing different combinations of these values, we generated an ’IDK’ instruction dataset to fine-tune
LLaVA1.5-7B. The results are illustrated in Figure 10, which displays average trustworthiness scores
across in-domain and OOD datasets, with scores normalized for comparison.

We can see that the performance in the upper-right region, highlighted by a red box, is notably
higher than in other areas. Specifically, the combination of δk = 8 and δuk = 2 yields the best
performance. This suggests that including data with intermediate confidence scores may not be
beneficial for optimal model performance.

G.2 DATA COMPOSITION

To achieve a balance between increasing the refusal rate and maintaining accuracy, we carefully
adjust the proportions of “unknown,” “mixed,” and “known” data during training. All experiments
in this section were conducted using the LLaVA1.5-7B model. For IDK-IT, we fixed the total train-
ing data size at 11K samples and varied the proportion of “known” data to balance accuracy and
refusal rate. As shown in Figure 11(a), the trustworthiness score is highest when the proportion of
“known” data is 0.75. This balance is consistent across both in-domain and out-of-domain (OOD)
datasets. For CA-DPO, the data consists of three components: “unknown,” “mixed,” and “known.”
To simplify the experiment and focus on balancing accuracy and refusal rate, we fixed the ratio of
“unknown” to “mixed” data at 1:1 and adjusted only the proportion of “known” data. As shown in
Figure 11(b), the optimal trustworthiness score is achieved when the data ratio is 1:1:2, indicating a
well-balanced trade-off between accuracy and refusal rate.

G.3 GENERALIZATION OF THE DATA GENERATION PIPELINE

In Section 3.2, we introduced our data construction pipeline, which leverages a closed-source
MLLM (GPT-4o) to generate and filter unanswerable questions. A natural concern arises regarding
the pipeline’s reliance on GPT-4o and whether similar results can be achieved using other MLLMs,
particularly open-source ones. To evaluate the generalizability of our pipeline, we employed an
open-source MLLM (Qwen2-VL-72B) to generate unanswerable questions and used the resulting
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Table 5: Performance on unanswerable VQA datasets using GPT-4o and Qwen2-VL-72B for data
generation.Bold values highlight the highest refusal rate for each dataset.

GPT-4o-generated data Qwen2-VL-generated data
IDK-IT CA-DPO IDK-IT CA-DPO

Vizwiz(ua) 76.01 69.97 74.49 71.39
VQAv2-IDK(filter) 81.42 70.63 79.25 75.22
BeyondVisQA 75.25 67.75 72.50 69.50

Table 6: Performance on OOD datasets using GPT-4o and Qwen2-VL-72B for data generation.Bold
values highlight the highest trustworthiness scores for each dataset.

Method Model for AOKVQA GQA MMMU MMBench(en-dev)
data generation Acc RefR Strust Acc RefR Strust Acc RefR Strust Acc RefR Strust

IDK-IT GPT-4o 55.50 36.24 47.24 50.46 23.88 24.81 15.22 69.67 0.11 46.39 39.09 31.87
IDK-IT Qwen2-VL-72B 57.12 32.31 46.55 49.95 25.25 25.15 15.11 70.11 0.33 50.95 32.47 34.36
CA-DPO GPT-4o 72.23 17.64 62.10 60.41 12.95 33.77 19.67 56.67 -4.00 58.42 18.13 34.97
CA-DPO Qwen2-VL-72B 71.79 20.35 63.93 58.32 15.25 31.89 21.11 50.33 -7.44 58.08 21.74 37.89

data to train LLaVA1.5-7B. The results shown in Table 6 and 5 demonstrate that the performance
with data generated by Qwen2-VL-72B is comparable to that achieved with GPT-4o. This finding
suggests that our pipeline is flexible and can operate effectively with open-source MLLMs, making
it more accessible and reproducible.

G.4 DISTINGUISHING INTRINSIC AND EXTRINSIC INFORMATION DEFICITS

As mentioned in Section 3.1, we categorize “unknown” questions into two types based on whether
the model fails to answer due to a lack of visual information or internal knowledge. A key question
is whether the model can differentiate between these two cases—that is, whether it can identify the
specific type of information it lacks. To investigate this question, we conducted a linear probing
experiment to explore whether the model’s internal representations encode features that differentiate
between these two types of “unknown” cases.

We selected 2,000 ”unknown” questions from the training dataset, characterized by a confidence
score below 2, and fed them into the MLLM. For each question, we extracted the hidden state
from the final layer of the model. We then trained a three-layer linear classifier to categorize these
”unknown” questions into two classes. To evaluate the classifier, we used a set of 200 “unknown”
questions (confidence scores below 2) from the in-domain test set. The classification accuracy of
the linear probing experiment is shown in Table 7.

The results demonstrate that a simple linear classifier achieves high accuracy in distinguishing be-
tween intrinsic and extrinsic deficits based on the hidden states of the MLLM. This suggests that
the model’s internal representations encode features that effectively differentiate between these two
types of “unknown” questions. This finding indicates that the model has the potential to recognize
the source of missing information, even though its explicit refusal responses do not currently artic-
ulate this distinction. Incorporating this capability into the model’s outputs could further enhance
trustworthiness by providing more transparent refusals. Future work could leverage this potential
by introducing mechanisms for explanation behind refusals, thereby aligning the model’s behavior
more closely with user expectations for trustworthy AI systems.

Model Classification Accuracy (%)
LLaVA 1.5-7B + IDK-IT 87.01
LLaVA 1.5-7B + CA-DPO 80.83

Table 7: Classification accuracy for distinguishing between intrinsic and extrinsic deficits.
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H CASE STUDY

Figure 12 presents examples comparing the performance of LLaVA1.5-7B with models trained using
our framework. Models trained with IDK-IT and CA-DPO are capable of refusing to answer ques-
tions where the original model makes errors. Notably, the CA-DPO model occasionally provides
correct answers. These results demonstrate that our framework effectively mitigates the generation
of misinformation, thereby enhancing the model’s trustworthiness.
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Figure 12: Examples illustrating the comparison between LLaVA1.5-7B and models trained with
our framework (IDK-IT and CA-DPO)
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