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Abstract

Multimodal Large Language Models (MLLMs) excel in
various tasks, yet often struggle with modality bias, where
the model tends to rely heavily on a single modality and over-
look critical information in other modalities, which leads
to incorrect focus and generating irrelevant responses. In
this paper, we propose using the paradigm of preference
optimization to solve the modality bias problem, including
RLAIF-V-Bias, a debiased preference optimization dataset,
and a Noise-Aware Preference Optimization (NaPO) algo-
rithm. Specifically, we first construct the dataset by intro-
ducing perturbations to reduce the informational content of
certain modalities, compelling the model to rely on a specific
modality when generating negative responses. To address
the inevitable noise in automatically constructed data, we
combine the noise-robust Mean Absolute Error (MAE) with
the Binary Cross-Entropy (BCE) in Direct Preference Opti-
mization (DPO) by a negative Box-Cox transformation, and
dynamically adjust the algorithm’s noise robustness based
on the evaluated noise levels in the data. Extensive exper-
iments validate our approach, demonstrating not only its
effectiveness in mitigating modality bias but also its signifi-
cant role in minimizing hallucinations. The code and data is
available at https://github.com/zhangzef/NaPO.

1. Introduction

Multimodal Large Language Models (MLLMs) have
achieved powerful multimodal understanding capabili-
ties [46, 61, 64] through pretraining on large-scale image-
text data, significantly advancing Al research [2, 4, 31, 33,
34, 56, 69]. These MLLMs fuse large-scale pre-trained vi-
sion models into the representation space of the Large Lan-
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Figure 1. Examples of different types of modality-biased responses
and their preferred counterparts. Left: The model relies excessively
on prior knowledge, assuming a bear is brown while overlooking
the image, which shows a polar bear. Right: Although the model
answers the question correctly, it provides unnecessary image de-
tails that are irrelevant to the question.

guage Models (LLMs), allowing the LLMs access to the
visual representations. However, MLLMs continue to strug-
gle with the modality bias [11, 28, 62], where the model
tends to rely heavily on one of the involved modalities and
overlook critical information from other modalities, leading
to incorrect focuses and irrelevant responses. Specifically,
in models with both text and image inputs, modality biases
are mainly manifested as the language bias and vision bias.
Figure 1 (a) shows an example of the language bias: for the
question “Is the color of the bear white?”, the model overly
relies on the language priors [70] that most bears are brown,
and overlooks the critical information of “polar bear”” with
white color in the input image. This bias inevitably leads to
incorrect responses and would be even worse when larger



LLMs dominate MLLMs. Besides, Figure | (b) shows an
example of the vision bias: when asking “Is the house on
the left side?”, the model focuses too much on image details,
resulting in a lack of accurate understanding of the textual
question. Such modality bias would add trivial irrelevant
information in model responses, exacerbating the challenge
of instruct following [67].

An ideal MLLM ought to be modality-unbiased, effec-
tively integrating information from all modalities to pro-
vide accurate and complete answers [62]. Existing stud-
ies have attempted balanced dataset distribution for train-
ing [19, 27], or devise strategies to identifying and miti-
gating bias during training or inference [24, 38, 49]. How-
ever, these studies mostly require additional large-scale su-
pervised fine-tuning, which risks losing valuable existing
knowledge in MLLMSs [16, 51]. In contrast, we notice that
debiasing MLLMs can be seen as a preference optimization
problem [37] in LLMs, which can enhance alignment with
human preferences by increasing the probability gap between
preferred (unbiased) and non-preferred (biased) generated
responses. In other words, by increasing the generation prob-
ability of unbiased responses over biased ones, the model is
expected to incorporate critical information from all modal-
ities, thus alleviating the bias on a single modality. In this
way, this debiasing design adjusts the model preference on
response generation, yet remains most existing knowledge
in MLLMs with original capabilities. Additionally, it is still
challenging to derive high-quality datasets for preference
optimization. To our knowledge, there are few preference
optimization datasets specifically for MLLM debiasing, and
automatically constructed datasets often contain significant
noise since biased responses, though present, are not always
of low quality. This makes standard preference optimization
algorithms struggle when facing potentially noisy (incorrect)
unbiased and biased preference optimization data.

To this end, starting from the queries in RLAIF-V [58],
we design a data construction method to generate biased data
by perturbing other modalities to prompt the model to rely ex-
cessively on a single modality and produce biased responses.
Specifically, we generate language-biased and vision-biased
responses by selectively masking visual and textual informa-
tion in the input, attach such biased responses to RLAIF-V
as negative samples, and finally achieve a new preference op-
timization dataset with modality bias, termed RLAIF-V-Bias.
Besides, we propose introducing Noise-Aware Preference
Optimization (NaPO) to dynamically identify noisy data
and reduce optimization weights for these samples. Specif-
ically, NaPO builds on Generalized Cross Entropy [63] by
applying a negative Box-Cox transformation [6], combining
noise-robust Mean Absolute Error (MAE)[18] with Binary
Cross-Entropy (BCE) from Direct Preference Optimization
(DPO)'. NaPO’s noise robustness coefficient is dynamically

I'See Section2.2 for a detailed comparison of the two loss functions.
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adjusted by assessing the noise level of training samples.

To evaluate effectiveness, we take LLaVA-v1.5-7b [33]
as the base model to generate negative samples and perform
preference optimizations, following the setup of RLAIF-
V [58]. Next, we evaluate the proposed RLAIF-V-Bias
dataset and the NaPO algorithm on VLind-Bench [28] (a
benchmark for language priors and commonsense biases
in MLLMs) as well as on common hallucination bench-
marks: Object HalBench [40], MMHalBench [44], and AM-
BER [50]. Compared to the original training set and DPO,
our approach showed approximately 19.5% and 18.6% im-
provements in reducing bias and language priors, with a
notable reduction in hallucinations relative to the baseline.
We also tested the effectiveness of our method and dataset
on models with varying parameter sizes.

Our contributions are threefold: First, we develop a data
construction method based on the causes of modality bias
and practice it to create a debiasing-oriented preference opti-
mization dataset RLAIF-V-Bias. Second, we propose NaPO,
which applies the negative Box-Cox transformation to DPO,
enabling it to adjust the loss function’s noise robustness, and
we further design a dynamic noise assessment method that
allows NaPO to adapt its noise robustness dynamically dur-
ing training based on data analysis. Lastly, we demonstrate
through experiments on language-prior and hallucination
benchmarks that our method effectively mitigates the modal-
ity bias problem in MLLMs.

2. Preliminaries

2.1. Preference Optimization

Preference optimization aims to align LLMs with human
preferences, thereby enhancing their responsiveness to hu-
man needs. The RL-based preference optimization method
first trains a Supervised Fine-Tuning (SFT) model using
human-labeled preference data to obtain a reward model.
Then, it simulates the environment through the reward model
and uses algorithms such as Proximal Policy Optimization
(PPO) to maximize the LMs’ reward, achieving alignment
with human preferences [13]. Due to the complexity and
high resource consumption of RL-based methods, many stud-
ies focus on designing simplified loss functions that enable
LLMs to align with human preferences directly using this
loss function and human-labeled preference data. DPO [39]
is one of the promising approaches. Given an input  and a
response y, DPO defines its reward r(z, y) as:

7o (y|)

1
ﬂ-ref(y|$) ( )

r(x,y) = flog + Blog Z(x),

where Z(x) is a partition function, § is a hyperparameter that
controls the deviation from the reference model, 7y and 7.
denote the policy model and the reference model, respec-
tively. Given a preference optimization sample (2, Y., ¥1),



where v, denotes the preferred response and y; the rejected
response, DPO aligns the LLM with human values by maxi-
mizing the reward margin between y,, and y; based on the
Bradley-Terry model [7]:

{wz(x,ywvyz) ﬁlogﬁ) Blo gﬂ’fjﬁy;l%) .
_ T (Yw | T T (Y1 |T
V(@ Yus 1) = o7 108 THGLT T Tl 198 7oy ()

where ¢y, denotes calculating the reward margin using the
sum of log probabilities (logP), while 1), denotes calculating
the reward margin using the average logP. |y| denotes the
length of the token sequence. With the default setting of
15y, DPO uses a BCE loss to enhance the reward difference
between the ¥, and y; for LLMs:

3)

7o (Y |2) .
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A loss function is considered noise-robust if it minimizes
risk similarly with both noisy and noise-free labels [18]. This
means the loss function can suppress or reduce the impact of
noisy data on the optimization process. As a commonly used
classification loss, BCE converges quickly but is prone to
overfitting on noisy data, whereas MAE is noise-robust but
converges slowly, which can result in undertrained models.
Here we compare these two loss functions from the perspec-
tives of symmetric loss and gradients. Now, let’s consider a
simple binary classification scenario. For a training sample
{z,y},y € {0,1}, MAE and BCE can be formalized as:
Lyak = |y — f(z)],

{EBCE = ylog(f(z)) + (1 = y)log(1 — f()).

For the first perspective, Ghosh et al. [18] have proven that
symmetric loss functions exhibit superior noise robustness.
A loss function £ is a symmetric loss if and only if it satisfies
the following equation for any x and classifier f [18]:

L(f(@),y) + L(f(x), 1 —y) = ©)

where C' is a constant. When the loss function £ is MAE,
C = 1. However, when the loss function £ is BCE, the
result of the Equation (5) is — (log(f(x)) + log(1 — f(z)))
, which is not a constant. Therefore, MAE has better noise
robustness compared to BCE. From the perspective of gradi-
ents, the gradients of the two are as follows:

OL(fo(2),y) _ {—
o6 -

So the smaller fp(x) or larger 5 ( - are implicitly weighed
more than samples with predlctlons that agree more with

mo(y1|w)
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2.2. Noise Robustness Analysis

“

c,

7ty Vofo(z) for BCE,

(6)
Vofo(x) for MAE.
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provided labels in the gradient update. This implies that in
BCE training, greater emphasis is placed on harder sam-
ples, helping the model to converge quickly but potentially
causing it to overfit on noisy data. In summary, while BCE
converges quickly, it tends to overfit on noisy data, whereas
MAE is noise-robust but converges more slowly, which may
lead to suboptimal training performance [63].

3. Method

This section details modality bias mitigation in MLLMs
within the Bradley-Terry preference optimization framework,
achieved by reducing biased response probabilities and in-
creasing ground truth likelihoods. The approach consists of
two main components: biased response generation and noise-
aware preference optimization. In Section 3.1, we describe
the biased response generation process, while Section 3.2
covers noise-aware preference optimization and includes an
analysis of data for noise distribution to guide bias reduction.

3.1. Modality Biase Response Generation

A biased response is one where the model disproportionately
relies on a single modality. To encourage this, we introduce
controlled disturbances to other modalities, reducing their
informational weight and increasing reliance on the target
modality. We generate biased responses using the RLAIF-V
dataset [58], a multimodal preference optimization dataset
built through iterative feedback from open-source models.

Language-biased response generation. Language bias
refers to the model’s excessive reliance on prior knowledge
or textual information when generating answers. For a multi-
modal input z = (v, t), where v is the visual information and
t 1s the instruction and textual context, we reduce the model’s
reliance on the visual modality to encourage language-biased
responses. Specifically, by masking out all visual informa-
tion, we guide the model to produce responses that depend
primarily on textual information and prior knowledge:

yi = MLLM ([MASK];t), @)
where y;; is the language-biased response, [M AS K] denotes
the mask tokens used to mask all visual information.

Vision-biased response generation. Visual bias occurs
when the model focuses too heavily on visual information,
producing irrelevant image details in its responses. For a
multimodal input (v, t), we reduce the model’s reliance on
textual input to encourage vision-biased responses. Simi-
lar to the language-biased response generation, by masking
out all textual information, we guide the model to generate
responses that depend mainly on visual information:

Yoy = MLLM (v; [MASK]), @)
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Figure 2. Method details. First, biased responses are constructed by using masking to guide the model toward over-relying on prompts
and generating responses based on the base model. Next, NaPO is applied for noise-robust preference optimization to counteract noise in
automatically constructed data, dynamically assessing data noise levels to calculate NaPO’s noise robustness coefficient g (see Equation (12)).
Here we assumed that the original data is of high quality, so DPO is used to train on it directly. Additional experiments were conducted with
NaPO on the original data, and the results can be found in Appendix A.

where y,,, refers to vision-biased response, and [M ASK]| where ¢ € (0,1] is the noise robustness coefficient. By
denotes the mask tokens used to mask all textual information. L’Hopital’s rule, as g approaches 0, the function’s limit con-
verges to the BCE:

3.2. Noise-Aware Preference Optimization

Automatically constructed data inevitably contain noise, al- lim 1(1 — %) = —log(x). (10)

lowing some unbiased responses to appear among the gen- 04

erated biased ones, which adversely affects model training. Therefore, when ¢ € (0, 1], the range of values for Lxgpo is:

Standard preference optimization methods, however, lack

robustness. to noise and incorporating noise robustness often Laiae < Lnapo < LBcE. (11)

compromises model convergence [63]. In this section, we

propose a NaPO algorithm. We first start by combining the We can observe the differences between the various loss

BCE from DPO with the noise-robust MAE using a negative functions in Figure 3. As the value of ¢ increases, the NaPO

Box-Cox transformation. Then, based on data analysis, we becomes more similar to MAE, resulting in stronger noise ro-

introduce an adaptive noise-aware method to dynamically bustness but slower convergence. Conversely, as g decreases,

adjust the noise robustness coefficient in NaPO. NaPO approaches BCE, which reduces noise robustness but
For a given preference optimization training sample accelerates convergence. This also indicates that the upper

(2, Yw, Y1), DPO uses BCE loss to fit the reward margin bound of NaPO is DPO.
activated by the sigmoid function to 1, enhancing the re-

ward difference between the preferred sample y,, and the Adaptive noise robustness coefficient (¢). The long-tail
non-preferred sample y;. As shown in Section 2.2, BCE issue in LLMs’ knowledge [26] causes varying degrees of
converges quickly but can be prone to overfitting, whereas biases in responses to common and rare questions, making a
MAE is highly noise-robust but converges more slowly. To fixed noise robustness coefficient insufficient and less flex-
combine these advantages, we use the negative Box-Cox ible. For instance, the model may answer correctly about
transformation as the loss to achieve both fast convergence a brown bear’s color without visual input (coincidentally
(from BCE) and noise robustness (from MAE): unbiased response), and produce an incorrect response when
asked about a polar bear (biased response). In this section, we
Lnapo (T, Yo 1) = 1 (1 — ( Blog o (Yu|z) would like to design a dynamic noise robustness coefficient

q Tret (Y |) for biased samples based on data observations.
mo(yilx) \? For a given input x, the sum of log probabilities of the an-
— Blog et (Y1 |0) ) > swer y can reflect the LLM’s confidence, where a smaller log
9) probability margin indicates greater similarity to the ground

9426



0.0

0.2

0.4 0.6 0.8 1.0
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noise robustness and the rapid convergence ability of NaPO.
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Figure 4. Analysis of noise and margin distribution in automati-
cally constructed data. The first row shows LogP margins between
each biased response type and the ground truth, while the second
row shows avg LogP margins. In language-biased responses, biased
(noise-free) data have a higher avg LogP margin than unbiased
(noise) data. Similarly, in vision-biased responses, biased (noise-
free) data show a higher LogP margin than unbiased (noise) data.

truth. We randomly sample 100 data points and manually
annotate each automatically generated response as either bi-
ased (noise-free) or unbiased (noise) for ease of observation.
Figure 4 shows that, for language-biased responses, the avg
LogP margin of noise data is generally smaller than that of
noise-free data. Similarly, in vision-biased responses, the
LogP margin for noise data is smaller than that for noise-
free data’. Since a larger coefficient ¢ indicates stronger

2A detailed analysis of this phenomenon is provided in the Appendix B.2,
and experimental evidence supporting this conclusion can be found in
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noise robustness, we observe an inverse trend, i.e., ¢ and the
margin value ought to be generally inversely proportional.
Based on the above observations, we dynamically derive the
coefficient g as follows:

q=1-o(a(@,yuw,u)), (12)
where ¥ (2, Y., y;1) is the reward margin formula ) in Equa-
tion (2), and « is a scaling factor that normalizes the reward
margin within the high-gradient range of the sigmoid func-
tion for effective reward capture. We use the 9, to calculate
q for language-biased responses and the 5, for vision-biased
responses based on the above observation. To ensure training
stability, we use the batch-average reward margin to calculate
1) and finally derive q.

Final optimization objective. From Figure 4, we observe
that the margin value is positively correlated with data qual-
ity: noisy samples typically have smaller margins, while
noise-free samples generally have larger margins. Therefore,
we introduce a margin-based dynamic weight in the final
optimization objective to balance the loss functions:

v = 1/)2(1:’ Yws y1)
' Ziqpﬁ(xaywvyi)?

where ¥y (2, Y, ¥;) is the calculation of the reward margin
using the sum of LogP in Equation (2). Based on, we obtain
the final optimization objective as follows:

i€ s yins Yoo}, (13)

Ly, = vy, Lopo(T, Yuw, Y1)
+ Yy LN&PO(Iv Yw, ylb)
+ Yy LNaPO (5 Y, Yob)

(14)

where £, means the weighted sum of the Lnapo and Lppo
with 7. In this way, we adaptively adjust the weights of
the loss function to balance the optimization of the general
preference, language bias, and vision bias.

4. Experiments

4.1. Experimental Setup

In this section, we briefly introduce the implementation de-
tails, baselines, and evaluation settings.

Implementation details. Following RLAIF-V [58], we
use LLaVA-v1.5-7B as the backbone model to construct our
training dataset RLAIF-V-Bias, which is an extension of
RLAIF-V, containing both the original data from RLAIF-V
and additional bias data. Consistent with RLAIF-V settings,
we set 3 to 0.1, used a learning rate of 5Se-7, trained for 4
epochs, and set the batch size to 4. On an 8xA100 80GB

Table 4.



machine, data construction took 24 hours, and training took
7 hours. We also tested our method on LLaVA-v1.5-13B, us-
ing the same parameters as for LLaVA-v1.5-7B but training
for only one epoch. For NaPO, we calculate the noise robust-
ness coefficient ¢ for language-biased data using the reward
margin based on avg logp with « set to 0.5. For vision-biased
data, we calculate ¢ using the reward margin based on logp,
with « set to 0.01. For dynamic loss weights, we derive the
values of a, b, and ¢ based on the logp reward margin during
training. In practice, both ¢ and the dynamic loss weight
a, b, ¢ are truncated to the range [0.01, 1].

Baseline approaches. We primarily compare our method
with standard DPO [39]. Although MDPO [48] is designed
for hallucination issues, its approach to addressing language
bias is similar to ours; thus, we reproduced MDPO using
default settings for comparison. We also include results
from other multimodal LLMs—GPT-4V [2], LLAVAv1.5-
13B [33], POVID [68], OPERA [25], VCD [29], EOS [54],
HA-DPO [66], HALVA [41], RLHF-V [57], HSA-DPO [55],
Silkie [32], and RLAIF-V [58]—for reference. However,
these results are not directly comparable due to differences
in base models, preference data, and alignment methods. No-
tably, RLAIF-V’s training involves iterative feedback from
multiple open-source models, making it challenging to re-
produce exactly; thus, we present DPO-based results under
default settings for reference.

Evaluation benchmarks. We tested our method on a
benchmark for evaluating language and commonsense bias in
MLLMs, as well as on two hallucination-specific evaluation
sets for MLLMs. VLind-Bench [28] measures language pri-
ors and commonsense bias in MLLMs. It has two of the main
metrics, Language Prior (LP) and Commonsense Bias (CB),
which are used to evaluate the linguistic and visual bias of
the model, respectively. Object HalBench [40] is a standard
benchmark for object hallucination. Following Yu et al. [58],
we augment it with eight diverse prompts for 300 instances
and report CHAIR scores [40] for hallucination rate at the re-
sponse (CHAIRs) and object (CHAIRI) levels. AMBER [50]
is a multimodal LLM hallucination benchmark with detailed
object annotations, focusing on generative tasks with 1K
images. Using the official evaluation tool, we report CHAIR
score variants, object coverage, hallucinated response rate,
and hallucination overlap with human cognition. We addi-
tionally tested on the GPT-4-based hallucination evaluation
dataset MMHalBench [44], a practical question-answering
benchmark with eight question categories and 12 object top-
ics, using GPT-4 [2] to assess response quality (scored from
zero to six) and hallucination rate.
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4.2. Main Results

Table 1 presents our main experimental results, from which
we can draw the following conclusions: (1) Our method ef-
fectively mitigates modality bias in MLLMs. Compared to
the strongest baseline, our approach achieves an average
improvement of 19% on the modality bias benchmark for
MLLMs. (2) The optimization objective is crucial in address-
ing modality bias in MLLMs. Although MDPO is designed
for hallucination issues, its approach is similar to ours in
addressing language bias. However, the results on the bias
benchmark indicate that MDPO does not effectively miti-
gate modality bias in MLLMs. (3) There is a connection
between hallucination and modality bias issues in MLLMs.
In addition to DPO, our enhancements—bias preference
optimization data and NaPO—show that our approach re-
duces hallucination in MLLMs while mitigating modality
bias. These observations underline the effectiveness of our
method in addressing both modality bias and hallucination.

4.3. Variant Analysis

To better understand the contribution of each module in our
method, we selected VLind-Bench, a bias benchmark, and
Object HalBench, a hallucination benchmark, as our main
evaluation sets. We conducted detailed variant experiments,
as shown in Table 2. The experiments are divided into three
groups: full data variant analysis (A), language-bias variant
analysis (LB), and vision-bias variant analysis (VB). Here,
w/o denotes without, and repl. indicates replace with.
Through observation and analysis of the variant exper-
iment results, we can draw the following conclusions: (1)
Dynamic weighting effectively balances the optimization
magnitude of different losses. By comparing Al and A2 in
Table 2, we observe a noticeable decline in overall model
performance when dynamic weighting is removed. (2) DPO
performs poorly when handling noisy data. By comparing
A3, B2, and VB2 in Table 2 with their default settings, we
observe that DPO not only increases hallucination but also
degrades the model’s performance on bias-related issues.
(3) Language-bias data is more effective than vision-bias
data in addressing the model’s language prior issues, while
vision-bias data better alleviates commonsense bias. Com-
paring LB1 and VB1, we observe that LB1 is more effective
for language prior issues, whereas VB1 performs better on
commonsense bias issues. (4) The two types of data exhibit a
synergistic effect. Comparing the full dataset (A2) with LB1
and VBI1 individually, we observe that mixed training with
both data types enhances the model’s performance on both
bias issues while also reducing hallucinations. (5) Vision-
bias data is more effective in suppressing hallucinations in
the model. This can be understood in two ways: first, vision-
bias data reduces the model’s focus on irrelevant details,
preventing it from outputting unrelated elements. Secondly,
comparing VB1, LB1, and A2, we observe that vision-bias



Model ‘ VLindBench Object HalBench AMBER MMHalBench
‘ CB 1 LP 1T CHAIRSs | CHAIRI | CHAIRSs | Cover. T HalRate | Cog. | Score T HalRate |

GPT-4V ‘ 91.1 75.6 13.6 7.3 4.6 67.1 30.7 2.6 3.49 0.28
LLaVA-v1.5-7B 0.0 0.0 53.6 252 7.8 51.0 36.4 42 2.11 0.54
+ HACL - - - - - - - - 2.13 0.50
+ OPERA - - 45.1 223 - - - - 2.15 0.54
+ POVID - - 48.1 24.4 - - - - 2.08 0.56
+VCD - - 48.8 24.3 - - - - 2.12 0.54
+ EOS - - 40.3 17.8 5.1 49.1 22.7 2.0 2.03 0.59
+ HA-DPO - - 39.9 19.9 6.7 49.8 30.9 33 1.97 0.60
+ HALVA - - - - 6.6 53.0 322 34 2.25 0.54
+ MDPO-10K - - 35.7 9.8 44 52.4 24.5 24 2.39 0.54
+ RLAIF-V-Iterative 54.3 353 8.5 43 - - - - 3.06 0.29
LLaVA-v1.5-13B 31.5 20.9 53.3 14.5 8.5 50.9 37.6 4.2 3.03 0.47
+ RLHF-V - - 12.2 75 6.3 46.1 25.1 2.1 2.81 0.49
+ HSA-DPO - - 5.2 32 2.1 473 134 1.2 2.61 0.48
+ HALVA - - - - 6.4 52.6 30.4 32 2.58 0.45
LLaVA-v1.5-7B 0.0 0.0 53.6 25.2 7.8 51.0 36.4 4.2 2.11 0.54
+ Lppo with RLAIF-V 39.4 254 32.0 8.5 4.9 52.0 234 1.6 3.23 0.38
+ Lyppo with RLAIF-V 0.3 0.4 35.3 10.5 4.2 53.1 224 22 3.28 0.42
+ L, with RLAIF-V-Bias 58.9 44.0 25.7 6.2 4.0 54.1 20.7 14 3.31 0.35
LLaVA-v1.5-13B 31.5 20.9 533 14.5 8.5 50.9 37.6 4.2 3.03 0.47
+ Lppo with RLAIF-V 37.1 21.2 25.8 6.3 33 50.5 19.9 13 3.39 0.35
+ Lyppo with RLAIF-V 32.8 16.9 30.3 9.1 34 52.6 18.1 1.4 3.72 0.30
+ L~ with RLAIF-V-Bias 42.1 25.1 23.7 5.9 3.5 55.7 19.0 1.2 3.55 0.33

Table 1. Main experimental results. We evaluated our method based on LLaVA-v1.5-7B on bias and hallucination benchmarks, using DPO
and MDPO as primary comparisons. Due to differences in training data, model scale, and training strategies, we included additional results
for reference. Our method showed an average improvement of 19% on the bias benchmark and a notable reduction in hallucinations across

benchmarks.
No. Variant |  VLindBench Object HalBench Data | VLindBench Object HalBench

| CB? LP 1 CHAIRSs | CHAIRI | | CBT LPT CHAIRs] CHAIRi]
Al - 58.9 44.0 25.7 6.2 RLAIF-V-Bias 58.9 44.0 25.7 6.2
A2 w/o 7, 50.0 38.2 27.7 8.0 RLAIF-V 39.4 25.4 32.0 8.5
A3 repl. DPO 43.4 322 29.0 8.3 RLAIF-V-Bias (Random) 51.3 40.9 28.3 7.2
LB1 w/o VB 40.4 36.4 28.0 6.4
LB2 repl. DPO 44.7 29.9 28.3 6.8 Table 3. Quantitative analysis of training data. We use the same
VB1 wio LB 623 314 263 76 tra%m.ng settings as in the.mam experlment.buF vary the amount of
VB2 repl. DPO 55.3 285 277 74 training data for comparison. “Random” indicates that, for each

Table 2. Variant analysis. We divided the variant experiments into
three groups based on the data scale. Using controlled variable
ablations, we conducted a detailed analysis of the contributions
of dynamic weighting, NaPO, language-bias data, and vision-bias
data to the final results.

data leads to significantly lower hallucination rates.

4.4. Further Analysis

Quantitative analysis of training data. In this part, we
aim to construct a training dataset of equal size to RLAIF-
V, while effectively leveraging the advantages of different
data types within RLAIF-V-Bias for comparison. All ex-
perimental settings are consistent with those in the main
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batch, we randomly select one type of data from the original,
language-bias, or vision-bias data, ensuring the total training data
volume matches the original RLAIF-V dataset. The results show
that while reducing data volume leads to performance degradation,
our data is more effective than the original data at the same volume.

experiment. Specifically, for each batch, we randomly select
one type of training data—original, language-bias, or vision-
bias—as the current batch’s training data. This approach can
be viewed as randomly selecting one of the three losses in the
final optimization objective (Equation (14)) for each batch,
setting its weight to 1 while setting the others to 0, to enable
a quantitative analysis of the training data. Observation and
analysis of the experimental results in Table 3 indicate that
with an equivalent amount of training data, RLAIF-V-Bias



. |  VLindBench Object HalBench
Margin
CB+ LP{ CHAIRs| CHAIRi
LB with ¢y 34.8 22.2 28.7 7.1
LB with ¢, (default) 40.4 36.4 28.0 6.4
VB with 15, (default) 62.3 41.4 26.3 7.6
VB with v, 52.3 29.5 28.7 7.8

Table 4. Relationship between ¢ calculation method and data
type. We used the same hyperparameter settings as in the main
experiment and tested various methods for calculating ¢ across
different datasets, where the calculation of the v,, and 1), is shown
in Equation (2). The results indicate that using inappropriate noise
estimation methods to calculate the noise robustness coefficient
leads to performance degradation.

(Random) still outperforms RLAIF-V in mitigating hallucina-
tion and bias issues, which demonstrate the effective of our
motivation. However, the performance of the RLAIF-V-Bias
(Random) still falls short compared to the RLAIF-V-Bias.

Noise evaluation metric analysis. In this chapter, we ana-
lyze the impact of different noise evaluation methods on the
final results by applying distinct noise assessment methods
to various data types. All experimental settings and hyper-
parameters remain consistent with those in the main exper-
iment. Specifically, for the scale factor o in Equation (12),
we use the default settings: a« = 0.5 for reward margins
1,, calculated using average logp, and av = 0.01 for reward
margins 1y, calculated using logp, to ensure comparability
of results. Observing the experimental results in Table 4,
we see that using inappropriate noise evaluation methods
leads to a sharp decline in model performance. This may
be because incorrect noise assessment increases the gradi-
ent for noisy data in the loss function while decreasing it
for non-noisy data. As a result, the model may overfit to
noisy data and overlook high-quality data during optimiza-
tion. This outcome also supports the pattern we summarized
in Section 3.2 based on our analysis of Figure 4.

5. Related Work
5.1. Modality Bias in MLLMs

Modality bias occurs when a model overly relies on one
modality or prior knowledge, neglecting other relevant
modalities [11, 21]. This leads to a focus on incorrect in-
formation and weakens generalization, manifesting as lan-
guage bias [1, 3, 8, 70] or vision bias [22, 43]. Related to
the hallucination problem [62], modality bias has been ex-
tensively studied in VQA tasks [3, 8, 11, 19, 21, 36, 70].
However, most prior work has focused on balanced datasets
and complex training strategies, which do not generalize
well to MLLMs. Recent studies addressing modality bias
in MLLMs include benchmarks for evaluating bias [28],
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datasets for assessing modality bias [11], and methods like
contrastive decoding to reduce language priors [62]. While
MDPO [48] takes an approach similar to ours, it targets hal-
lucination by lowering the probability of preferred samples
when images are absent, differing from our method that di-
rectly reduces the probability of biased responses without
images. Additionally, works such as [14, 42, 52, 60] address
social and group biases in vision-language models like CLIP.
Although similar in theme, these studies primarily focus on
social biases, which diverges from our focus on modality
bias in MLLMs.

5.2. Preference Optimization

Preference optimization algorithms enhance LLMs by align-
ing them with human values [37]. While RLHF[5, 10, 12,
13, 37, 47] is effective, its complexity has led to exploration
of simpler alternatives. RAFT [15] selects optimal samples
with existing reward models, RRHF [59] uses a simpler rank-
ing loss, and DPO [39] employs a preference-based loss
for improved stability. SLiC-HF [65], KTO [17], RSO [35],
and ORPO [23] focus on preference calibration and efficient
modeling. 5-DPO [53] dynamically adjusts 5 based on data
distribution. With the increasing scale of models and training
datasets, obtaining human-annotated gold data has become
increasingly challenging [9]. Recently, LLM-synthesized
data [45] has garnered significant attention. However, syn-
thesized data inevitably introduces noise. Current research
primarily focuses on leveraging automatically constructed
data [45] and Al-based feedback [20, 30] to address exist-
ing challenges, while relatively little attention has been paid
to enhancing the noise robustness of training methods. In
contrast, NaPO integrates noise-robust MAE into DPO and
dynamically adjusts noise robustness based on data noise,
enhancing stability and resilience in noisy environments.

6. Conclusion

We introduce RLAIF-V-Bias, a dataset designed to optimize
preferences in MLLMs and reduce modality bias by includ-
ing both language and visual bias data. To handle noise in
automatically constructed data, we propose NaPO, which
combines BCE loss from DPO with noise-robust MAE loss
using a negative Box-Cox transformation, allowing dynamic
noise detection and robustness adjustment. Experimental re-
sults demonstrate that our method effectively mitigates bias
and significantly reduces hallucinations in the model out-
puts. Compared to DPO, NaPO exhibits stronger resilience
to noise in automatically constructed data. However, two
clouds still linger behind our research: whether NaPO can
robustly handle noise originating from LLM-synthesized data
in broader contexts, and whether bias is always harmful.



Acknowledgement

We

would like to thank the anonymous reviewers for

their comments. This work is supported by the National
Natural Science Foundation of China (N0.62406319),

the

Youth Innovation Promotion Association of CAS

(No0.2021153), and the Postdoctoral Fellowship Program
of CPSF (No.GZ(C20232968).

References

(1]

(2]

(3]

[4]

(5]

(6]

(7]

8]

(9]

(10]

[11]

Ehsan Abbasnejad, Damien Teney, Amin Parvaneh, Javen
Shi, and Anton van den Hengel. Counterfactual vision and
language learning. In Proceedings of the IEEE/CVF con-
ference on computer vision and pattern recognition, pages
10044-10054, 2020. 8

Josh Achiam, Steven Adler, Sandhini Agarwal, Lama Ahmad,
Ilge Akkaya, Florencia Leoni Aleman, Diogo Almeida, Janko
Altenschmidt, Sam Altman, Shyamal Anadkat, et al. Gpt-4
technical report. arXiv preprint arXiv:2303.08774,2023. 1,6
Aishwarya Agrawal, Dhruv Batra, Devi Parikh, and Anirud-
dha Kembhavi. Don’t just assume; look and answer: Over-
coming priors for visual question answering. In Proceedings

of the IEEE conference on computer vision and pattern recog-
nition, pages 4971-4980, 2018. 8

Jinze Bai, Shuai Bai, Shusheng Yang, Shijie Wang, Sinan
Tan, Peng Wang, Junyang Lin, Chang Zhou, and Jingren
Zhou. Qwen-vl: A frontier large vision-language model with
versatile abilities. arXiv preprint arXiv:2308.12966, 2023. 1

Yuntao Bai, Andy Jones, Kamal Ndousse, Amanda Askell,
Anna Chen, Nova DasSarma, Dawn Drain, Stanislav Fort,
Deep Ganguli, Tom Henighan, et al. Training a helpful and
harmless assistant with reinforcement learning from human
feedback. arXiv preprint arXiv:2204.05862, 2022. 8

George EP Box and David R Cox. An analysis of transfor-
mations. Journal of the Royal Statistical Society Series B:
Statistical Methodology, 26(2):211-243, 1964. 2

Ralph Allan Bradley and Milton E Terry. Rank analysis of in-
complete block designs: I. the method of paired comparisons.
Biometrika, 39(3/4):324-345, 1952. 3

Remi Cadene, Corentin Dancette, Matthieu Cord, Devi Parikh,
et al. Rubi: Reducing unimodal biases for visual question an-
swering. Advances in neural information processing systems,
32,2019. 8

Boxi Cao, Keming Lu, Xinyu Lu, Jiawei Chen, Mengjie Ren,
Hao Xiang, Peilin Liu, Yaojie Lu, Ben He, Xianpei Han, et al.
Towards scalable automated alignment of llms: A survey.
arXiv preprint arXiv:2406.01252, 2024. 8

Huayu Chen, Guande He, Lifan Yuan, Ganqu Cui, Hang Su,
and Jun Zhu. Noise contrastive alignment of language models
with explicit rewards. arXiv preprint arXiv:2402.05369, 2024.
8

Meiqi Chen, Yixin Cao, Yan Zhang, and Chaochao Lu. Quan-
tifying and mitigating unimodal biases in multimodal large
language models: A causal perspective. arXiv preprint
arXiv:2403.18346,2024. 1, 8

9431

[12]

[13]

[14]

[15]

[16]

(171

[18]

(19]

(20]

(21]

(22]

(23]

(24]

Sayak Ray Chowdhury, Anush Kini, and Nagarajan Natarajan.
Provably robust dpo: Aligning language models with noisy
feedback. arXiv preprint arXiv:2403.00409, 2024. 8

Paul F Christiano, Jan Leike, Tom Brown, Miljan Martic,
Shane Legg, and Dario Amodei. Deep reinforcement learning
from human preferences. Advances in neural information
processing systems, 30,2017. 2, 8

Ching-Yao Chuang, Varun Jampani, Yuanzhen Li, Antonio
Torralba, and Stefanie Jegelka. Debiasing vision-language
models via biased prompts. arXiv preprint arXiv:2302.00070,
2023. 8

Hanze Dong, Wei Xiong, Deepanshu Goyal, Yihan Zhang,
Winnie Chow, Rui Pan, Shizhe Diao, Jipeng Zhang, Kashun
Shum, and Tong Zhang. Raft: Reward ranked finetuning
for generative foundation model alignment. arXiv preprint
arXiv:2304.06767,2023. 8

Qingxiu Dong, Damai Dai, Yifan Song, Jingjing Xu, Zhifang
Sui, and Lei Li. Calibrating factual knowledge in pretrained
language models. In Findings of the Association for Compu-
tational Linguistics: EMNLP 2022, Abu Dhabi, United Arab
Emirates, December 7-11, 2022, pages 5937-5947. Associa-
tion for Computational Linguistics, 2022. 2

Kawin Ethayarajh, Winnie Xu, Niklas Muennighoff, Dan
Jurafsky, and Douwe Kiela. Kto: Model alignment as prospect
theoretic optimization. arXiv preprint arXiv:2402.01306,
2024. 8

Aritra Ghosh, Naresh Manwani, and PS Sastry. Making risk
minimization tolerant to label noise. Neurocomputing, 160:
93-107,2015. 2,3

Tejas Gokhale, Pratyay Banerjee, Chitta Baral, and Yezhou
Yang. Mutant: A training paradigm for out-of-distribution
generalization in visual question answering. arXiv preprint
arXiv:2009.08566, 2020. 2, 8

Jiawei Gu, Xuhui Jiang, Zhichao Shi, Hexiang Tan, Xuehao
Zhai, Chengjin Xu, Wei Li, Yinghan Shen, Shengjie Ma,
Honghao Liu, et al. A survey on llm-as-a-judge. arXiv
preprint arXiv:2411.15594,2024. 8

Yangyang Guo, Ligiang Nie, Harry Cheng, Zhiyong Cheng,
Mohan Kankanhalli, and Alberto Del Bimbo. On modality
bias recognition and reduction. ACM Transactions on Multi-
media Computing, Communications and Applications, 19(3):
1-22,2023. 8

Vipul Gupta, Zhuowan Li, Adam Kortylewski, Chenyu Zhang,
Yingwei Li, and Alan Yuille. Swapmix: Diagnosing and regu-
larizing the over-reliance on visual context in visual question
answering. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, pages 5078-5088,
2022. 8

Jiwoo Hong, Noah Lee, and James Thorne. Orpo: Mono-
lithic preference optimization without reference model. arXiv
preprint arXiv:2403.07691, 2(4):5, 2024. 8

Jiangiang Huang, Yu Qin, Jiaxin Qi, Qianru Sun, and Han-
wang Zhang. Deconfounded visual grounding. In Thirty-Sixth
AAAI Conference on Artificial Intelligence, AAAI 2022, Thirty-
Fourth Conference on Innovative Applications of Artificial
Intelligence, IAAI 2022, The Twelveth Symposium on Educa-
tional Advances in Artificial Intelligence, EAAI 2022 Virtual



(25]

(26]

(27]

(28]

[29]

(30]

(31]

(32]

(33]

[34]

(35]

(36]

Event, February 22 - March 1, 2022, pages 998-1006. AAAI
Press, 2022. 2

Qidong Huang, Xiaoyi Dong, Pan Zhang, Bin Wang, Conghui
He, Jiaqi Wang, Dahua Lin, Weiming Zhang, and Nenghai
Yu. Opera: Alleviating hallucination in multi-modal large
language models via over-trust penalty and retrospection-
allocation. In Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition, pages 13418—
13427,2024. 6

Nikhil Kandpal, Haikang Deng, Adam Roberts, Eric Wallace,
and Colin Raffel. Large language models struggle to learn
long-tail knowledge. In International Conference on Machine
Learning, pages 15696-15707. PMLR, 2023. 4

Camila Kolling, Martin D. Mére, Nathan Gavenski, Eduardo
H. P. Pooch, Otdvio Parraga, and Rodrigo C. Barros. Efficient
counterfactual debiasing for visual question answering. In
IEEE/CVF Winter Conference on Applications of Computer
Vision, WACV 2022, Waikoloa, HI, USA, January 3-8, 2022,
pages 2572-2581. IEEE, 2022. 2

Kang-il Lee, Minbeom Kim, Seunghyun Yoon, Minsung Kim,
Dongryeol Lee, Hyukhun Koh, and Kyomin Jung. Vlind-
bench: Measuring language priors in large vision-language
models. arXiv preprint arXiv:2406.08702,2024. 1, 2, 6, 8
Sicong Leng, Hang Zhang, Guanzheng Chen, Xin Li, Shijian
Lu, Chunyan Miao, and Lidong Bing. Mitigating object hal-
lucinations in large vision-language models through visual
contrastive decoding. In Proceedings of the IEEE/CVF Con-
ference on Computer Vision and Pattern Recognition, pages
13872-13882, 2024. 6

Dawei Li, Bohan Jiang, Liangjie Huang, Alimohammad Beigi,
Chengshuai Zhao, Zhen Tan, Amrita Bhattacharjee, Yuxuan
Jiang, Canyu Chen, Tianhao Wu, et al. From generation to
judgment: Opportunities and challenges of 1lm-as-a-judge.
arXiv preprint arXiv:2411.16594, 2024. 8

Junnan Li, Dongxu Li, Silvio Savarese, and Steven Hoi. Blip-
2: Bootstrapping language-image pre-training with frozen
image encoders and large language models. In International
conference on machine learning, pages 19730-19742. PMLR,
2023. 1

Lei Li, Zhihui Xie, Mukai Li, Shunian Chen, Peiyi Wang,
Liang Chen, Yazheng Yang, Benyou Wang, and Lingpeng
Kong. Silkie: Preference distillation for large visual language
models. arXiv preprint arXiv:2312.10665, 2023. 6

Haotian Liu, Chunyuan Li, Yuheng Li, and Yong Jae Lee.
Improved baselines with visual instruction tuning. In Pro-
ceedings of the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 26296-26306, 2024. 1,2, 6
Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee.
Visual instruction tuning. Advances in neural information
processing systems, 36,2024. 1

Tiangi Liu, Yao Zhao, Rishabh Joshi, Misha Khalman, Mo-
hammad Saleh, Peter J Liu, and Jialu Liu. Statistical rejection
sampling improves preference optimization. arXiv preprint
arXiv:2309.06657,2023. 8

Yulei Niu, Kaihua Tang, Hanwang Zhang, Zhiwu Lu, Xian-
Sheng Hua, and Ji-Rong Wen. Counterfactual vqa: A cause-
effect look at language bias. In Proceedings of the IEEE/CVF

9432

(37]

(38]

(39]

(40]

[41]

[42]

[43]

[44]

[45]

[40]

[47]

(48]

conference on computer vision and pattern recognition, pages
12700-12710, 2021. 8

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida, Car-
roll Wainwright, Pamela Mishkin, Chong Zhang, Sandhini
Agarwal, Katarina Slama, Alex Ray, et al. Training language
models to follow instructions with human feedback. Advances
in neural information processing systems, 35:27730-27744,
2022. 2,8

Vaidehi Patil, Adyasha Maharana, and Mohit Bansal. Debias-
ing multimodal models via causal information minimization.
In Findings of the Association for Computational Linguis-
tics: EMNLP 2023, Singapore, December 6-10, 2023, pages
4108-4123. Association for Computational Linguistics, 2023.
2

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christopher D
Manning, Stefano Ermon, and Chelsea Finn. Direct prefer-
ence optimization: Your language model is secretly a reward
model. Advances in Neural Information Processing Systems,
36,2024. 2,6, 8

Anna Rohrbach, Lisa Anne Hendricks, Kaylee Burns, Trevor
Darrell, and Kate Saenko. Object hallucination in image
captioning. arXiv preprint arXiv:1809.02156, 2018. 2, 6
Pritam Sarkar, Sayna Ebrahimi, Ali Etemad, Ahmad Beirami,
Sercan O Arik, and Tomas Pfister. Mitigating object halluci-
nation via data augmented contrastive tuning. arXiv preprint
arXiv:2405.18654,2024. 6

Ashish Seth, Mayur Hemani, and Chirag Agarwal. Dear:
Debiasing vision-language models with additive residuals.
In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 6820-6829, 2023. 8
Qingyi Si, Fandong Meng, Mingyu Zheng, Zheng Lin,
Yuanxin Liu, Peng Fu, Yanan Cao, Weiping Wang, and Jie
Zhou. Language prior is not the only shortcut: A benchmark
for shortcut learning in vqa. arXiv preprint arXiv:2210.04692,
2022. 8

Zhiging Sun, Sheng Shen, Shengcao Cao, Haotian Liu, Chun-
yuan Li, Yikang Shen, Chuang Gan, Liang-Yan Gui, Yu-
Xiong Wang, Yiming Yang, et al. Aligning large multi-
modal models with factually augmented rlhf. arXiv preprint
arXiv:2309.14525,2023. 2, 6

Zhen Tan, Dawei Li, Song Wang, Alimohammad Beigi, Bo-
han Jiang, Amrita Bhattacharjee, Mansooreh Karami, Jun-
dong Li, Lu Cheng, and Huan Liu. Large language models
for data annotation and synthesis: A survey. In Proceedings
of the 2024 Conference on Empirical Methods in Natural
Language Processing, pages 930-957, 2024. 8

Hengzhu Tang, Zefeng Zhang, Zhiping Li, Zhenyu Zhang,
Xing Wu, Li Gao, Suqi Cheng, and Dawei Yin. Multi-branch
collaborative learning network for video quality assessment
in industrial video search. arXiv preprint arXiv:2502.05924,
2025. 1

Hugo Touvron, Louis Martin, Kevin Stone, Peter Albert, Am-
jad Almabhairi, Yasmine Babaei, Nikolay Bashlykov, Soumya
Batra, Prajjwal Bhargava, Shruti Bhosale, et al. Llama 2:
Open foundation and fine-tuned chat models. arXiv preprint
arXiv:2307.09288, 2023. 8

Fei Wang, Wenxuan Zhou, James Y Huang, Nan Xu, Sheng
Zhang, Hoifung Poon, and Muhao Chen. mdpo: Conditional



[49]

(501

[51]

[52]

[53]

[54]

[55]

[56]

[57]

(58]

[59]

preference optimization for multimodal large language mod-
els. arXiv preprint arXiv:2406.11839, 2024. 6, 8

Jialu Wang, Yang Liu, and Xin Eric Wang. Are gender-neutral
queries really gender-neutral? mitigating gender bias in image
search. In Proceedings of the 2021 Conference on Empirical
Methods in Natural Language Processing, EMNLP 2021, Vir-
tual Event / Punta Cana, Dominican Republic, 7-11 Novem-
ber, 2021, pages 1995-2008. Association for Computational
Linguistics, 2021. 2

Junyang Wang, Yuhang Wang, Guohai Xu, Jing Zhang, Yukai
Gu, Haitao Jia, Ming Yan, Ji Zhang, and Jitao Sang. An llm-
free multi-dimensional benchmark for mllms hallucination
evaluation. arXiv preprint arXiv:2311.07397,2023. 2, 6
Zecheng Wang, Xinye Li, Zhanyue Qin, Chunshan Li, Zhiy-
ing Tu, Dianhui Chu, and Dianbo Sui. Can we debias multi-
modal large language models via model editing? In Proceed-
ings of the 32nd ACM International Conference on Multime-
dia, MM 2024, Melbourne, VIC, Australia, 28 October 2024 -
1 November 2024, pages 3219-3228. ACM, 2024. 2
Zecheng Wang, Xinye Li, Zhanyue Qin, Chunshan Li, Zhiy-
ing Tu, Dianhui Chu, and Dianbo Sui. Can we debias multi-
modal large language models via model editing? In Proceed-
ings of the 32nd ACM International Conference on Multime-
dia, pages 3219-3228, 2024. 8

Junkang Wu, Yuexiang Xie, Zhengyi Yang, Jiancan Wu,
Jinyang Gao, Bolin Ding, Xiang Wang, and Xiangnan He.
[-dpo: Direct preference optimization with dynamic (3. arXiv
preprint arXiv:2407.08639, 2024. 8

Yue Wu, Zhiqing Sun, Huizhuo Yuan, Kaixuan Ji, Yim-
ing Yang, and Quanquan Gu. Self-play preference opti-
mization for language model alignment. arXiv preprint
arXiv:2405.00675, 2024. 6

Wenyi Xiao, Ziwei Huang, Leilei Gan, Wanggui He, Haoyuan
Li, Zhelun Yu, Hao Jiang, Fei Wu, and Linchao Zhu. De-
tecting and mitigating hallucination in large vision lan-
guage models via fine-grained ai feedback. arXiv preprint
arXiv:2404.14233,2024. 6

Qinghao Ye, Haiyang Xu, Guohai Xu, Jiabo Ye, Ming Yan,
Yiyang Zhou, Junyang Wang, Anwen Hu, Pengcheng Shi,
Yaya Shi, et al. mplug-owl: Modularization empowers
large language models with multimodality. arXiv preprint
arXiv:2304.14178,2023. 1

Tianyu Yu, Yuan Yao, Haoye Zhang, Taiwen He, Yifeng Han,
Ganqu Cui, Jinyi Hu, Zhiyuan Liu, Hai-Tao Zheng, Maosong
Sun, et al. Rlhf-v: Towards trustworthy mllms via behavior
alignment from fine-grained correctional human feedback.
In Proceedings of the IEEE/CVF Conference on Computer
Vision and Pattern Recognition, pages 13807-13816, 2024. 6
Tianyu Yu, Haoye Zhang, Yuan Yao, Yunkai Dang, Da Chen,
Xiaoman Lu, Ganqu Cui, Taiwen He, Zhiyuan Liu, Tat-Seng
Chua, et al. Rlaif-v: Aligning mllms through open-source
ai feedback for super gpt-4v trustworthiness. arXiv preprint
arXiv:2405.17220,2024. 2,3,5,6

Zheng Yuan, Hongyi Yuan, Chuanqgi Tan, Wei Wang, Song-
fang Huang, and Fei Huang. Rrhf: Rank responses to align
language models with human feedback without tears. arXiv
preprint arXiv:2304.05302, 2023. 8

9433

[60]

[61]

[62]

[63]

[64]

[65]

[66]

[67]

[68]

[69]

[70]

Jie Zhang, Sibo Wang, Xiangkui Cao, Zheng Yuan, Shiguang
Shan, Xilin Chen, and Wen Gao. Vlbiasbench: A comprehen-
sive benchmark for evaluating bias in large vision-language
model. arXiv preprint arXiv:2406.14194,2024. 8

Wenyuan Zhang, Jiawei Sheng, Shuaiyi Nie, Zefeng Zhang,
Xinghua Zhang, Yongquan He, and Tingwen Liu. Revealing
the challenge of detecting character knowledge errors in llm
role-playing. arXiv preprint arXiv:2409.11726, 2024. 1
Yi-Fan Zhang, Weichen Yu, Qingsong Wen, Xue Wang,
Zhang Zhang, Liang Wang, Rong Jin, and Tieniu Tan.
Debiasing large visual language models. arXiv preprint
arXiv:2403.05262,2024. 1,2, 8

Zhilu Zhang and Mert Sabuncu. Generalized cross entropy
loss for training deep neural networks with noisy labels. Ad-
vances in neural information processing systems, 31, 2018. 2,
3,4

Zeteng Zhang, Jiawei Sheng, Chuang Zhang, Yunzhi Liang,
Wenyuan Zhang, Siqi Wang, and Tingwen Liu. Optimal
transport guided correlation assignment for multimodal entity
linking. arXiv preprint arXiv:2406.01934,2024. 1

Yao Zhao, Rishabh Joshi, Tianqi Liu, Misha Khalman, Mo-
hammad Saleh, and Peter J Liu. Slic-hf: Sequence like-
lihood calibration with human feedback. arXiv preprint
arXiv:2305.10425,2023. 8

Zhiyuan Zhao, Bin Wang, Linke Ouyang, Xiaoyi Dong, Jiaqi
Wang, and Conghui He. Beyond hallucinations: Enhancing
Ivlms through hallucination-aware direct preference optimiza-
tion. arXiv preprint arXiv:2311.16839, 2023. 6

Jeftfrey Zhou, Tianjian Lu, Swaroop Mishra, Siddhartha
Brahma, Sujoy Basu, Yi Luan, Denny Zhou, and Le Hou.
Instruction-following evaluation for large language models.
CoRR, abs/2311.07911, 2023. 2

Yiyang Zhou, Chenhang Cui, Rafael Rafailov, Chelsea Finn,
and Huaxiu Yao. Aligning modalities in vision large lan-
guage models via preference fine-tuning. arXiv preprint
arXiv:2402.11411,2024. 6

Deyao Zhu, Jun Chen, Xiaogian Shen, Xiang Li, and Mo-
hamed Elhoseiny. Minigpt-4: Enhancing vision-language
understanding with advanced large language models. arXiv
preprint arXiv:2304.10592, 2023. 1

Xi Zhu, Zhendong Mao, Chunxiao Liu, Peng Zhang, Bin
Wang, and Yongdong Zhang. Overcoming language priors
with self-supervised learning for visual question answering.
arXiv preprint arXiv:2012.11528, 2020. 1, 8




<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (None)
  /CalCMYKProfile (None)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.7
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<


    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200036002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>



    /HUN <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 6.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200036002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 6.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>


    /SKY <>

    /SUO <>
    /SVE <>
    /TUR <>

    /ENU (Use these settings to create Adobe PDF documents suitable for reliable viewing and printing of business documents.  Created PDF documents can be opened with Acrobat and Adobe Reader 6.0 and later.)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


