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MLLMS ARE DEEPLY AFFECTED BY MODALITY BIAS
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ABSTRACT

Recent advances in Multimodal Large Language Models (MLLMs) have shown
promising results in integrating diverse modalities such as texts and images.
MLLMs are heavily influenced by modality bias, often relying on language while
under-utilizing other modalities like visual inputs. This position paper argues
that MLLMs are deeply affected by modality bias. Firstly, we diagnose the cur-
rent state of modality bias, highlighting its manifestations across various tasks.
Secondly, we propose a systematic research road-map related to modality bias in
MLLMs. Thirdly, we identify key factors of modality bias in MLLMs, including
data characteristics, imbalanced backbone capabilities, and training objectives,
offering actionable suggestions for future research to mitigate it. These findings
highlight the need for balanced training strategies and model architectures to better
integrate multiple modalities in MLLMs. We call for interdisciplinary efforts to
tackle these challenges and drive innovation in MLLM research. Our work provides
a fresh perspective on modality bias in MLLMs and offers insights for developing
more robust and generalizable multimodal systems—advancing progress toward
Artificial General Intelligence.

1 INTRODUCTION

1.1 BACKGROUND

Multimodal Large Language Models (MLLMs) (Bai et al., 2025} (Chen et al., [2024c) have revo-
lutionized the ability to handle diverse modalities, including text, image, audio, video, and other
emerging modalities (tactile (Dahiya et al.l2009), event (Gallego et al., 2020; Rebecq et al.| [2019),
panoramic image (Zhong et al., [2023)), etc). This expansion into the multimodal domain typically
involves pretraining with multimodal data pairs or fine-tuning on specialized multimodal instruction
datasets (Liu et al.,[2024¢}; |[Fang et al.|, [2024). MLLMs excel at understanding complex multimodal
patterns and translating them into a coherent language representation space (Wu et al.,[2024). Despite
significant advancements, challenges remain, where one major issue is '"Modality Bias'. As in
(Zhang et al., 2024), MLLMs often generate content that is disproportionately influenced by the un-
derlying language model used during pretraining, rather than the input images or other modalities. In
cases where images are noisy or even absent, MLLMs still confidently generate answers, highlighting
a clear bias towards learned language patterns over multimodal integration (Park et al., 2025} Tong
et al., [2024).

An ideal MLLM should be modality-balanced, effectively integrating useful information from all
modalities to provide reliable, accurate, and comprehensive answers (Chen et al., [2024a). Achieving
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this balance is crucial for overcoming modality bias and ensuring that the model can leverage the full
potential of each modality in multimodal tasks (Chen et al., [2024b; [Yue et al.| 2024b)).

1.2 MODALITY BIAS PHENOMENON

Multimodal learning improves neural networks’ cross-modal comprehension by fusing heterogeneous
data modalities (e.g., images, text, audio, and video), thereby enabling better world modeling (Xu
et al., [2023}; [Brodermann et al.| 2025). It is widely assumed that leveraging multiple input modalities
will lead to improved model performance (Manzoor et al.,[2023)). However, research has demonstrated
that these modalities are not always utilized to their full potential (Wei et al.l 2024} Zheng et al.|
2024ab). Despite achieving superior performance over unimodal models, multimodal models still
fail to fully exploit the capabilities of each modality (Peng et al., 2022).

As noted by (Alabdulmohsin et al.), multimodal models, particularly those employing contrastive
learning techniques such as CLIP (Radford et al.,2021), learn representations from multimodal data
but may inadvertently inherit biases due to the imbalanced and biased nature of the training data. As
discussed in (Xu et al.|[2025)), this issue severely hinders the effectiveness of multimodal learning. In
detail, such a condition occurs when certain modalities dominate the training process while others
remain underrepresented, constraining the model’s capacity to capture the comprehensive information
embedded in multimodal data distributions. Such dominance can lead to models’ over-reliance on the
dominant modality, which impedes their ability to generalize effectively to unseen data or situations
where the dominant modality is absent.

Moreover, in multimodal systems, modality bias can manifest in several other ways. For instance, if a
model is primarily trained on image-text pairs, but audio or video data is only sparsely represented, the
model may learn representations that are disproportionately influenced by the image-text modalities,
while neglecting the rich information available from the audio or video inputs. This type of imbalance
leads to a model that may perform well under normal circumstances but struggles to generalize when
the dominant modality is absent.

From a model learning perspective, (Yang et al.,[2024) identifies the differing convergence rates of
modalities as a core cause of modality bias. The varying levels of difficulty in fitting category labels
across different modalities contribute to this disparity. Some modalities may align more easily with
the target labels, leading to an unequal contribution to the final learned representations. This uneven
convergence further exacerbates the problem, reinforcing the bias towards certain modalities.

Recent studies in multimodal scene understanding have further highlighted this issue. For example,
research by (Zheng et al.| [2024a) and (Liao et al., [2025) shows that multimodal segmenters often
over-rely on certain modalities, resulting in significant performance degradation when these dominant
modalities are missing or unavailable. These findings underscore the need to address modality
imbalance to ensure all modalities contribute effectively to the learning process.

1.3 OUR POSITION

In the context of Multimodal Large Language Models (MLLMs), the presence of modality bias is also
evident. For instance, empirical results in (Zhang et al., 2024) reveal that MLLMs exhibit modality
bias in the generated content. Specifically, the output of MLLMs is often primarily influenced by
the language model’s prior knowledge, rather than by the input images. That is, MLLMs frequently
produce confident responses even when relevant images are absent or when incongruent visual input
is provided. This phenomenon is also validated by our experiments in Sec.[d Moreover, work (Leng
et al., [2024)) further confirms that the modality bias in MLLMs stems from the complex interactions
between multiple modalities, which complicates the multimodal debiasing process. Thus, we propose
the position that MLLMs are deeply affected by modality bias. Firstly, we offer the definition of
modality bias in Sec. |2} Secondly, we review the research roadmap about modality bias in MLLMs in
Sec.[3.1} Thirdly, we analysis the key factors of modality bias in MLLMs in Sec. [3.2] accompanied
with a case study in Sec.[d] Finally, we conclude further the targeted solutions of modality bias in
MLLMs, including current works and future directions in Sec. [5]and Fig.
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2 PROPOSED DEFINITION OF MODALITY BIAS

Modality bias arises when certain modalities dominate the learning process, while others are under-
utilized or contribute less effectively (Guo et al., 2023)). This imbalance often results in a model that
is biased towards the dominant modality, thus failing to fully leverage the potential of the under-
represented modalities (Vosoughi et al., 2024). As a result, the model’s performance can degrade
significantly when the dominant modality is missing, unavailable, or unreliable.

To mathematically describe this imbalance, let us define the contribution of each modality M; as
C(M;), where i € {1,2,...,n} represents the different modalities (e.g., image, text, audio). The
total contribution of all modalities is given by the sum of these individual contributions:

Ctotal = Z C(M’L) (1)
=1

If certain modalities dominate, the distribution of contributions becomes imbalanced, such that
C(M;) > {C(M,),C(My),---,C(M.)} for some i # {x,y,---,z}, as shown in Fig.[1} This
imbalance can lead to several issues:

@D Over-reliance on dominant
modalities: The model may be-
come overly sensitive to the dominant
modality M, resulting in biased pre-
dictions that fail to incorporate the full
diversity of information from the mul-
timodal data.

Three Potential Results of
Modality Bias

modalities

modalities
@ Underutilization of certain Ty
modalities: Modalities that are under-
represented in the training data, such
as audio or video, contribute less to
the learned representations, leading
to models that lack robustness when
these modalities are needed.

Figure 1: Further definition of modality bias and three poten-
tial results.

(® Decreased performance in missing modality scenarios: When a dominant modality is missing
during inference (for example, if an image is unavailable), the model’s performance can drastically
drop, as it has not sufficiently learned how to balance the different modalities during training.

To capture the extent of modality bias, we can define a relative measure of imbalance, known as the
modality imbalance ratio Apodaity» as the ratio of the contribution of the dominant modality to the

underutilized modalit

C((deominam)

C (Munderutilized ) ( )

Amodality =

This ratio quantifies the disparity between the contributions of the modalities and can serve as a
diagnostic tool to identify and address modality bias. A high value of Aoy indicates a strong bias
towards the dominant modality, which can hinder the model’s ability to generalize effectively.

In conclusion, modality bias is a fundamental issue in multimodal learning that arises from the
unequal contributions of different modalities. It leads to suboptimal learning outcomes and impairs
the model’s ability to generalize, especially when certain modalities are missing or unavailable.
Addressing modality bias involves ensuring that all modalities are effectively utilized and contribute
in a balanced manner, thereby improving the robustness and performance of multimodal systems.

'The definition is for better illustration of modality bias, not for calculating.
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3 How ARE MLLMS DEEPLY AFFECTED BY MODALITY BIAS?

3.1 RESEARCH ROAD-MAP

The exploration process of modality bias in MLLMs can be divided into three directions: (a)
How to prove the bias? (b) How to solve the bias through datasets? (c) How to solve the bias
through methods? These three directions are defined by their different focuses, including bias/debias,
datasets/methods, collaborating to highlight and solve modality bias in MLLMs.

(D How to prove the bias?

With the modality bias in MLLMs emerging gradually as research focus, several datasets and
benchmarks have been proposed to measure the modality bias in MLLMs (Park et al.| 2025} [Tong
et al.,|2024; |Lee et al., 2024} Leng et al.,[2024; [Liu et al., 2024d). Park et al. (Park et al.,2025)) directly
proposed a metric named Modality Importance Score (MIS) to measure each modality’s contribution
in the video question answering task. Based on a comprehensive benchmark, the modality imbalance
in current multimodal datasets is proven. Lee et al. (Lee et al., |2024) and Leng et al. (Leng et al.,
2024) mainly emphasized the modality prior, which is a key reason for modality bias in MLLMs.
Specifically, Lee et al. (Lee et al.||2024) introduced counterfactual images in VLind-Bench to measure
the language priors of LVLMs, proving LVLMs have a great over-reliance on language priors. Leng et
al. (Leng et al.,2024) proposed a more comprehensive benchmark, namely Curse of Multi-Modalities
(CMM), including three modalities: language, visual, and audio. The results of CMM further explain
the contributors to hallucinations, where the over-reliance on unimodal priors plays an important
role. Liu et al. (Liu et al.l 2024d) explored the bias from the perspective of vision-knowledge
conflicts, proving the over-reliance of MLLMs on texts. Moreover, Tong et al. (Tong et al., [2024)
proposed the Multimodal Visual Patterns (MM VP) benchmark, further exploring the contrastive
language-image pre-training (CLIP)’s weaknesses, which lead to MLLMs’ failures in understanding
visual information.

(@ How to solve the bias through datasets?

With the modality bias proven to be a common phenomenon in datasets, which is the foundation
of training and validation for MLLMs, researchers set their sights on how to solve the bias in
datasets (Chen et al., 2024a3b; [Yue et all [2024b). Chen ef al. (Chen et al. |2024b) proposed
MORE, a VQA dataset that requires multi-hop reasoning and overcoming unimodal biases, providing
counterexample data to drive the LVLMs to overcome modality bias. Meanwhile, several works
focus on decreasing the modality bias in multimodal datasets. Chen et al. (Chen et al.| 2024a)
proposed MMStar, a meticulously designed multimodal benchmark, of which each sample shows
visual dependency, avoiding the modality bias in datasets. Yue et al. (Yue et al.l 2024b)) built a
robust benchmark MMMU-Pro based on MMMU (Yue et al.| 2024a). Through steps such as making
questions embedded in images, MMMU-Pro is equipped with the ability to force MLLMs to both
"see" and "read".

3 How to solve the bias through methods?

Besides datasets, applying specific methods to reduce the modality bias in MLLMs is another
tendency (Zhang et al.| 2024; Tong et al., [2024; Zhao et al.,|2024a; Pi et al., 2024; |L1u et al., 2024dic;
Zhao et al.| [2024b; Zhang et al.|, 2025b; [L1 et al., [2025). Typically, Pi er al. (P1 et al.,[2024) and
Zhang et al. (Zhang et al., [2025b)) introduced preference learning methods, such as Bootstrapped
Preference Optimization (BPO) and Noise-Aware Preference Optimization (NaPO), solving the
modality bias problem based on building negative response datasets. Meanwhile, Zhang et al. (Zhang
et al.,|2024), Liu et al. (Liu et al., 2024d), and Tong et al. (Tong et al.,2024) proposed frameworks and
methods to "force" MLLMs to pay more attention to images and boost MLLMs’ visual understanding
abilities. Moreover, Li et al. (Li et al., |2025)) focused on the Multimodal Reward Models (MM-RM:s)
for MLLMs, proposing a shortcut-aware MM-RM learning algorithm, decreasing MLLMS’ reliance
on unimodal spurious correlations. Most above works consider unimodal dependency, especially on
textual modality, as the key reason for modality bias. Thus, the boosting of visual modality gradually
turns into a major research topic.
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3.2 KEY FACTORS OF MODALITY BIAS IN MLLMS

Based on Sec the key factors of modality bias in MLLMs can be concluded as follows: dataset
imbalances, varying modal capabilities, training objectives, and the interactions between modalities.
These factors contribute to the unequal utilization of modalities during training, leading to biases
towards certain modalities and suboptimal performance. We summarize three key factors as follows:

(D Dataset Imbalances: The training dataset composition significantly influences modality utiliza-
tion. Datasets often have imbalanced modality distributions, where modalities, such as text or images,
are more abundant or have different information density (Chen et al.| [2024a3b; |Yue et al., [2024b)).
This imbalance leads to models learning representations biased towards the more frequent modalities,
while under-utilizing the less represented ones, even when multiple modalities are available. In addi-
tion, textual data is more semantically dense or informative than visual data in certain tasks, due to its
structured and explicit nature. As a result, models tend to prioritize textual inputs during learning,
treating accompanying modalities such as images merely as auxiliary cues, further amplifying the
reliance on dominant modalities.

(@ Asymmetric Modal Backbone Capabilities: Different modalities vary in complexity and
in the architectural designs used to process them. Language models often benefit from mature
and highly optimized transformer-based architectures (Liu et al 2024a} Bi et al.| [2024} Naveed
et al.| 2023)), which are not only effective but also backed by extensive research and industrial-
scale pretraining. In contrast, processing visual or acoustic data typically requires more diverse and
specialized backbones (Ren et al.,[2023;|Han et al., 2022; |Ren et al.| |2024b; Liu et al., 2021; Ren et al.|
2024a}; [Huang et al.,|2024) and may not benefit from equally massive pretraining corpora. Moreover,
the rapid advancement of language models, fueled by large-scale datasets and sustained community
focus, has further widened the performance gap across modalities. As a result, multimodal models
with strong language backbones tend to over-rely on text inputs, under-utilizing other modalities,
particularly those that demand more complex or less mature processing pipelines.

@ Training Objectives: The choice of training objectives fundamentally shapes how multimodal
models utilize different modalities and often exacerbates modality bias. Pretraining strategies in many
state-of-the-art multimodal models—such as CLIP-style contrastive learning, image—text matching
(ITM), masked language modeling (MLM), or caption generation—tend to prioritize text—image
alignment due to the abundance of paired data and the relative ease of textual supervision. These
objectives implicitly encourage the model to rely heavily on language as the semantic anchor, such
as LanguageBind (Zhu et al. [2024) and UniBind (Lyu et al) 2024b)). Consequently, modalities
like audio, video, point clouds, or thermal data—which are harder to align, less semantically rich
in isolation, or lack large-scale supervision—are under-optimized during pretraining. Furthermore,
most objectives do not explicitly encourage consistent cross-modal alignment or robust fusion across
diverse modalities, resulting in imbalanced feature representations and limited generalization to
underrepresented input types.

Additionally, two other factors contribute to modality bias:

@ Differences in Convergence Rates: Each modality converges at different rates during training.
Some modalities, like images and text, are more easily aligned with target labels due to their
structure and high information density, while others, such as audio or video, require more complex
processing. This disparity results in certain modalities being more influential in the model’s final
learned representation, amplifying modality bias.

(® Modal Interactions and Integrations: The interaction between modalities also affects modality
bias. If relationships between modalities are not explicitly learned, the model may favor the more
easily processed modality, like text, over others. The complexity of integrating multimodal informa-
tion can exacerbate bias, as the model may struggle to effectively combine all modalities, resulting in
predictions that under-utilize available data.

In summary, modality bias is driven by factors such as dataset imbalances, differences in modal
capabilities, training objectives, and the interactions between modalities. Addressing these factors is
essential to mitigating modality bias and improving multimodal model performance. Strategies to
balance modality contributions during training, optimize multimodal integration, and address dataset
imbalances are critical for building fairer and more robust multimodal systems.
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Figure 2: Case study for exploring modality bias in MLLMs. Dataset: MMMU-Pro, MLLM:
Qwen2.5VL. Based on this case study, the three main factors proposed in Sec. [3.2] are further
illustrated and proved. "white" means the image pixels are all set to 255. "black" means the image
pixels are all set to 0. Results come from a single run.

4 CASE STUDY

Table 1: Directly applying missing modality evaluation with MVLMs on MMMU-pro dataset. Basic
prompt (B-P) for Image only is: "Based on the provided images, please answer the question."

| e | Standard 4 | Standard 10
Model Inference
| | Image-Text | Text /w white | Image | Image-Text | Text w/ white | Image w/ B-P
| . | 4832 3491 2873 | 3157 21.73 14.91
Direct

Owen25-VL-781 | B 13410 -19590] - 15.84 | 22661

| CoT | 5214 35.20 2838 | 39.94 21.39 14.97

\ - 1694  23761| - 18551 24971

‘ Direct ‘ 57.80 40.17 27.23 ‘ 43.94 28.32 15.38
Qwen25-vL3251 e 1763, 3057)| - 15621 2856 )

| CoT | 59.88 40.12 2636 | 4855 26.82 14.34

| [ 19764 33520 - 21731 3421

Model | Inference | Standard 4 | Standard 10

| | Image-Text | Text /w black | Image | Image-Text | Text w/ black | Image w/ B-P

R 3486 2902 | 37.63 21.62 1451
Qwen2.5-VL7B1 | | - 13460 -19.304 | - -16.01 4 23124

‘ CoT ‘ 52.08 21.45 28.38 ‘ 39.94 21.45 14.86

| | - -30.63 | 23704 | - -18.49 | -25.08 |

| Direct | 57.80 40.17 2699 | 43.87 28.21 15.03
owenz.5-vL.328.1 | - 17631 30811] - 15661 28841

| cor | 5983 4035 2665 | 4844 26.82 1486

‘ ‘ - -19.48 | -33.18 | ‘ - -21.62 | -33.58 |

Model | Inference | Standard 4 | Standard 10

| | Image-Text | Text w/ noise | Image | Image-Text | Text w/ noise | Image w/ B-P

‘ Direct ‘ 48.32 34.97 26.99 ‘ 37.57 21.56 14.86
owen2.5.vL7B1 | | 3350 21334 - G601y 2271

‘ CoT ‘ 51.73 35.66 27.40 ‘ 40.00 21.27 13.35

| - 1607, 2433y - 1873 22665

‘ Direct ‘ 57.75 40.23 26.13 ‘ 43.70 28.27 14.28
Qwen2.5-VL-32B-1 | | - -17.52 | -31.62 | | - -1543 | -29.42 |

‘ CoT ‘ 60.12 40.12 28.03 ‘ 48.03 27.17 13.99

| [ 2000, 3200 - 20861 3404

The results presented in Tab. [T|and Tab. 2] reveal several key insights regarding the performance of the
multimodal large model when tested with different input combinations across the MMMU-pro (Yue
et al.| 2024b) dataset. The process of case study is shown in Fig.[2] These insights can be linked to the
three key factors identified in our analysis of modality bias in Multimodal Large Language Models
(MLLMs): (D) dataset imbalances, (2) asymmetric modal backbone capabilities, and @) training
objectives.

Lower Consistency with Image-only Inputs 27.17% (Complete & Image-only, Direct) and 28.21%
(Complete & Image-only, CoT): The relatively low consistency between the complete input and
image-only input suggests that the image modality alone is not sufficient for the model to make
consistent predictions. When the model only has access to visual data, its predictions tend to be
less reliable, underscoring the inadequacies of the model in processing visual data in isolation. This
result supports the factor of (I) dataset imbalances, where the richness and complexity of image data,
compared to more compact textual data, pose challenges for the model. Although images provide



Published at ICLR 2026 Workshop on Multimodal Intelligence

Table 2: Prediction consistency analysis of Qwen2.5-VL-7B-Instruct model on MMMU-pro. Com-

plete means both images and text are used as input; Direct and CoT refer to the inference techniques.
| Standard 4 (Direct) | Standard 4 (CoT) | Standard 10 (Direct) | Standard 10 (CoT)

| Num. Percentage | Num. Percentage | Num. Percentage | Num. Percentage

Choices

All Samples

Complete & Text-only | 978 56.53% | 755 43.64% | 821 47.46% | 568 32.83%
Consistent Complete & Image-only ‘ 470 27.17% ‘ 488 28.21% ‘ 262 15.14% ‘ 260 15.03%
Text-only & Image-only ‘ 463 26.76% ‘ 449 25.95% ‘ 234 13.53% ‘ 232 13.41%
All ‘ 267 15.43% ‘ 220 12.72% ‘ 112 6.47% ‘ 87 5.03%
Complete & Text-only ‘ 752 43.47% ‘ 975 56.36% ‘ 909 52.54% ‘ 1162 67.17%
Inconsistent ~ Complete & Image-only | 1260 72.83% | 1242 71.70% | 1468 84.86% | 1470 84.97%
Text-only & Image-only ‘ 1267 73.24% ‘ 1281 74.05% ‘ 1496 86.47% ‘ 1498 86.59%
All ‘ 353 20.40% ‘ 478 27.63% ‘ 637 36.82% ‘ 844 48.79%

Correct Samples
Complete & Text-only ‘ 456 26.32% ‘ 417 24.08% ‘ 284 16.42% ‘ 231 13.36%
Consistent Complete & Image-only | 254 14.67% | 264 1526% | 126 7.28% | 135 7.80%
Text-only & Image-only ‘ 185 10.68% ‘ 174 10.05% ‘ 61 3.53% ‘ 56 3.24%
All | 142 820% | 125 122% | 49 283% | 42 243%

Wrong Samples
Complete & Text-only ‘ 522 30.15% ‘ 338 19.51% ‘ 537 31.04% ‘ 337 19.46%
Consistent Complete & Image-only ‘ 216 12.49% ‘ 224 12.94% ‘ 136 7.86% ‘ 125 7.22%
Text-only & Image-only | 278 16.06% | 275 1591% | 173 9.99% | 176 10.16%
All ‘ 125 7.22% ‘ 95 5.49% ‘ 63 3.64% ‘ 45 2.60%

important visual cues, the model struggles to effectively utilize the image modality alone, indicating
that the image modality is underutilized in the absence of complementary text data.

Consistency between Complete and Text-only Inputs 56.53% (Complete & Text-only, Direct) and
43.64% (Complete & Text-only, CoT): The finding that over half of the samples show consistency
between the complete (both image and text) and text-only inputs across both inference techniques
(Direct and CoT) is significant. It suggests that textual information alone is a strong foundation for the
model’s predictions, and in many cases, the image modality does not substantially alter the model’s
output. This highlights the dominance of the language modality, which is particularly advantageous
due to its well-established processing capabilities. This result is consistent with the factor of 2)
asymmetric modal backbone capabilities, where models with stronger language backbones, such
as this one, tend to perform better on language tasks, often overshadowing the visual modality and
limiting the model’s ability to effectively integrate multimodal information.

Inconsistency between Text-only and Image-only Inputs 26.76% (Text-only & Image-only, Direct)
and 25.95% (Text-only & Image-only, CoT): The low consistency between text-only and image-only
inputs highlights the challenge the model faces when dealing with these two distinct modalities
separately. This discrepancy suggests that both text and image provide complementary yet crucial
information for accurate predictions. Textual data offers rich semantic context, nuances, and detail
that images alone cannot convey, while images provide visual cues and spatial relationships that
text cannot fully express. The low consistency between these two modalities, especially in the CoT
setting, where reasoning and integration are critical, points to the challenge of combining these
modalities effectively. This underscores the factor of () training objectives, where existing training
strategies often fail to adequately balance multimodal learning, leading to modality-specific shortcuts.
In the case of this model, the failure to effectively combine text and image information results in
inconsistent predictions, especially when reasoning across modalities is required.

Our findings underscore the importance of balanced training strategies and model architectures to
address modality bias and improve multimodal integration. This also highlights the need for future
research aimed at developing MLLMs that can more effectively process and combine diverse sources
of information, mitigating the impact of modality bias.

5 TARGETED SOLUTIONS

5.1 CURRENT WORKS

(D Enhance visual modality’s contribution in datasets: With the in-depth exploration in modality
bias, especially in the vision-language modality combination, visual information tends to be proven
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to be ignored, resulting in MLLMs’ over-reliance on the textual modality (Zhang et al.| 2024). Thus,
researchers naturally attempt to enhance visual modality’s contribution in datasets to balance the
information from different modalities. Typical cases include MMStar (Chen et al., 2024a)) and
MMMU-Pro (Yue et al.l 2024b)), where MMStar carefully selects visually dependent samples and
MMMU-Pro not only filters out visually independent samples but also embeds questions into images.
Such works provide an optimization direction for current multimodal datasets. While few works
contain a systematic index to evaluate the modality bias in datasets (Park et al.| [2025)), the others
tend to prove the datasets’ necessity based on MLLMs’ disappointing results. More modality bias
evaluation methods need to be explored to construct a better debias multimodal datasets. Importantly,
the feedback from MLLMs on these datasets should also be considered, as their performance can
inform how datasets are optimized, offering valuable insights for future improvements.

(@ Turn the focus of MLLMs from textual information
into visual information: Considering the ignorance of

. .. . T . . Targeted Solutions of
visual modality in the inference of MLLMs, it is an intu- Modality Bias in MLLMs &

itive approach to force MLLMs to lay more emphasis on -

visual modality. Works such as (Liu et al.,[2024c} Zhang [@ Enhance visual modality ]

et al.,|2024) apply strategies, mostly training-free, to guide Current
MLLMs towaggsyvisual%nodality. %/Vhile Zﬁao et al.(gZhao [® Turn the focus of MLLMs ] Works
et al.| 2024b) proposed a novel framework to help MLLMs [@ Apply preference optimization ]

compress the influence of textual bias, enhancing visual = S

modality across the model. However, due to the excessive [® Measure modality bias ]

focus on the visual modality in such works, there’s diffi- [@ More modality combinations ] L Future
culty in applying them to broader modality bias situations. Directions
The real-world application requires the exploration of bias [@App'y XA ] ]

in richer modality combination. e

3 Apply preference optimization strategies: Besides
the adjustments of multimodal datasets’ content and
MLLMs’ focus, another popular method is to use a pref-
erence optimization strategy to correct modality bias in-
ternally (Pi et al} 2024} |Zhang et al., [ 2025b). Pi et al. (Pi
et al.| 2024)) built a preference dataset containing samples reflecting modality bias generated from the
pretraining process. Zhang et al. (Zhang et al.||2025b) forced MLLM:s to generate answers according
to a specific modality through adding noise, thus creating the preference dataset. Considering solving
modality bias as a preference optimization goal is a creative and reasonable idea that brings new
insights to researchers. However, existing preference optimization methods only generate modality
bias samples in limited ways, while the real causes of modality bias are complex and multi-stage,
which await further exploration.

Figure 3: Targeted solutions of modality
bias in MLLMs, including current works
and future directions.

5.2 FUTURE DIRECTIONS

(D Measure modality bias in MLLMs: The exploration of an objective and systematic metric to
measure modality bias is crucial for the development of related research. For example, for dataset
construction, a metric is needed as a flag that offers researchers a clear direction to make progress.
Fields like semantic segmentation (Rahman & Wang 2016} Rezatofighi et al. 2019) and image
restoration (Hu et al.,2020) have seen a huge development with the existence and optimization of
evaluation metrics, where modality bias in MLLMs still remains almost blank. Therefore, more
research works are being called for regarding measuring modality bias in MLLMs.

(@ Explore modality bias in more modality combinations: Despite several works attempting
to address the modality bias problem, the research focus is mainly set on the modality bias in
LVLMs, which is part of the MLLMs. Although the textual information and visual information show
great importance for world understanding (Xu et al.| |2024)), modalities like audio and tactile also
matter (Liu et al., [2024b; [Dave et al., 2024; [Lyu et al.| [2024a). As to the robotics field (Zhang et al.,
2025a; |[Kirschner et al., 2025; |Agarwal et al., [2023)), tactile information is indispensable for robots to
understand environments and handle downstream tasks such as dexterous manipulation (Gbagbe et al.|
2024). Due to the modality limitation of current debiasing methods, it is hard for them to be applied
in broader situations, hindering their applications in the real world. Thus, more generalized debiasing
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strategies are required in real-world applications to handle conditions that are more complex and have
more modalities besides images and texts.

3 Apply XAI for modality bias in MLLMs: Last but not least, finding the causes of modality bias
in MLLMs and visualizing them will have a great positive influence on future works. Even though
current works attempt to dig out the reasons for modality bias in MLLMs, they propose opinions
from the phenomenon level. The internal mechanism of modality bias still lacks exploration, which
is theoretical evidence and guidance to support future works. Thus, explainable Al (Bennetot et al.|
2024; [Dwivedi et al., [2023) is required here, such as visualizing the interaction process between
modalities, to deeply analyze the theoretical causes and working mechanism of modality bias in
MLLMs, which can be a more solid inspiration for future works.

6 CONCLUSION

This paper aims to highlight the phenomenon of modality bias in MLLMs and call for research work
targeted at better integrating multiple modalities. Our position is that MLLMs are deeply affected
by modality bias, which is proved and explored by both the theoretical analysis and case study.
Moreover, we offer an in-depth discussion targeted at modality bias in MLLMs, including the key
factors, potential results, and targeted solutions, hoping to bring new insights to the development of
more robust and generalizable multimodal systems.
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