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Abstract

Multimodal Large Language Models (MLLMs)
often suffer from modality bias, where the
model disproportionately relies on one modal-
ity while neglecting critical information from
others. Existing debiasing methods via modal-
ity masking create biased responses by com-
pletely removing an entire modality, forming an
extreme and static training environment. How-
ever, real-world multimodal bias often emerges
under subtle perturbations (e.g., mild occlusion,
noisy instructions), where both modalities are
present but the model is tempted to rely on
spurious shortcuts. We propose B-APO (Bias-
Targeted Adversarial Preference Optimization),
which casts debiasing as a bias-targeted min-
max game: we generate hard negatives by ap-
plying small adversarial perturbations in the
latent space to maximally induce language-
vision-prior reliance, and then perform prefer-
ence alignment to enlarge the margin between
clean and adversarial responses. This encour-
ages the model to anchor on true cross-modal
evidence even under the most adversarial condi-
tions. Extensive experiments on bias and hallu-
cination benchmarks demonstrate that B-APO
achieves superior debiasing performance while
maintaining general capabilities.

1 Introduction

Multimodal Large Language Models
(MLLMs) (Liu et al., 2023; Zhu et al., 2023;
Bai et al.,, 2023) have achieved remarkable
success in various vision-language tasks by
integrating large-scale pre-trained vision encoders
with powerful language models. Despite their
impressive capabilities, MLLMs continue to
struggle with modality bias (Chen et al., 2024a;
Zhang et al., 2025), where the model tends to
rely heavily on one modality and overlook critical
information from other modalities, leading to
incorrect responses.

*Corresponding author.

Modality bias manifests in two primary forms:
language bias and vision bias. Language bias
occurs when the model over-relies on textual pri-
ors or commonsense knowledge while ignoring vi-
sual evidence—for example, answering questions
based on typical object properties or frequent co-
occurrences in training data rather than the actual
image content. Conversely, vision bias arises when
the model focuses excessively on salient visual
details, generating descriptions or responses that,
while visually accurate, fail to address the specific
intent of the textual query.

Recent work has explored various approaches to
mitigate modality bias. NaPO (Zhang et al., 2025)
proposes a preference optimization approach that
constructs biased responses by completely mask-
ing out one modality (e.g., setting visual input to
[MASK] tokens) and applies noise-aware optimiza-
tion to handle automatically generated data. While
effective, this masking-based approach has a crit-
ical limitation: it creates an artificial binary train-
ing environment (modality fully present or fully
absent) that mismatches how bias actually man-
ifests in deployment. In practice, bias emerges
more subtly—under partial occlusions, noisy in-
structions, or domain shifts—where both modali-
ties remain available but the model takes cognitive
shortcuts (e.g., defaulting to language priors on
ambiguous visuals, or fixating on salient visual fea-
tures while ignoring the question). Such nuanced
patterns cannot be adequately addressed by training
on binary masked samples.

Motivated by this observation, we propose B-
APO (Bias-Targeted Adversarial Preference Op-
timization), which reframes MLLM debiasing as a
bias-targeted min-max game. Instead of removing
modalities entirely, B-APO applies small adver-
sarial perturbations in the latent space that maxi-
mally induce bias while keeping both modalities in-
tact. Specifically, we perturb visual features toward
directions that encourage language-prior reliance,
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and perturb textual embeddings toward directions
that trigger vision-only responses. These pertur-
bations are designed to identify precisely where
the model is most vulnerable to abandoning cross-
modal reasoning.

The adversarially perturbed inputs serve as hard
negatives in a preference optimization framework:
by training the model to favor clean, well-grounded
responses over these adversarially induced biased
ones, B-APO enforces robust cross-modal inte-
gration even under challenging conditions. This
attack-then-defend formulation provides stronger
and more realistic debiasing signals than static
masking, better preparing the model for the nu-
anced bias patterns encountered in real-world ap-
plications.

Our key contributions are:

1. We propose B-APO, an adversarial preference
optimization framework for MLLM debias-
ing that generates bias-targeted latent-space
perturbations to create more realistic and chal-
lenging training signals than binary modality
masking.

2. We introduce a dual-attack strategy that simul-
taneously addresses language bias and vision
bias through latent-space perturbations, cou-
pled with a bias-filter mechanism to ensure
training quality.

3. Extensive experiments on VLind-Bench (Lee
et al., 2025), Object HalBench (Rohrbach
etal., 2018), AMBER (Wang et al., 2023), and
MMHalBench (Sun et al., 2024) demonstrate
that B-APO achieves superior debiasing per-
formance (+1.8% on Language Prior, +1.8%
on Commonsense Bias over NaPO) while
maintaining strong general capabilities and
reducing hallucinations. Additional validation
on InternVL-Chat-V1.5-7B and on image cap-
tioning (NoCaps) confirms that the framework
generalizes across architectures and tasks.

2 Related Work

2.1 Multimodal Large Language Models

Multimodal Large Language Models have rapidly
advanced by integrating vision encoders with large
language models (Liu et al., 2023; Li et al., 2023;
Ye et al., 2023; Dai et al., 2023; Chen et al., 2024b).
These models typically employ a vision-language
connector (e.g., Q-Former, MLP projector) to map

visual features into the token space of LLMs, en-
abling joint reasoning over images and text. While
MLLMs excel at various vision-language tasks,
they inherit and amplify biases from both modal-
ities, leading to modality bias issues (Chen et al.,
2024a).

2.2 Modality Bias in Vision-Language Models

Modality bias has been extensively studied in the
VQA community (Agrawal et al., 2018; Cadene
et al., 2019; Niu et al., 2021; Gokhale et al., 2020).
Early work focused on balanced dataset construc-
tion and bias regularization during training. Recent
studies reveal that MLLMs suffer from both lan-
guage bias (over-reliance on textual priors (Zhu
et al., 2021)) and vision bias (over-focus on visual
details (Gupta et al., 2022)). VLind-Bench (Lee
et al., 2025) provides a comprehensive benchmark
for evaluating language priors and commonsense
bias in MLLMs. Zhang et al. (Zhang et al., 2025)
propose contrastive decoding methods to reduce
language priors at inference time.

2.3 Preference Optimization for Alignment

Preference optimization has emerged as an effec-
tive paradigm for aligning language models with
human preferences (Ouyang et al., 2022; Rafailov
et al., 2023). Direct Preference Optimization
(DPO) (Rafailov et al., 2023) simplifies RLHF by
directly optimizing a preference-based objective
without explicit reward modeling. Recent work
extends DPO to multimodal settings: RLHF-V (Yu
et al., 2024) and RLAIF-V (Yu et al., 2025) apply
preference optimization to reduce hallucinations;
HA-DPO (Zhao et al., 2023) and HSA-DPO (Xiao
et al., 2025) focus on hallucination-aware feedback.
NaPO (Zhang et al., 2025) introduces noise-aware
preference optimization specifically for debiasing,
constructing biased responses via modality mask-
ing and handling noisy data through adaptive loss
functions.

2.4 Adversarial Training for Robustness

Adversarial training has proven effective for
improving model robustness in various do-
mains (Goodfellow et al., 2014; Madry et al., 2018).
In NLP, adversarial perturbations in embedding
space enhance model robustness to input varia-
tions (Miyato et al., 2017; Zhu et al., 2020; Schlar-
mann and Hein, 2023). Concurrent and prior efforts
have explored combining adversarial signals with
preference learning to produce harder negatives for
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MLLMs. Our work differs from such efforts in two
key aspects: (i) we employ a dual bias-targeted
attack that explicitly pushes the perturbed distribu-
tion toward a language-only or vision-only prior,
rather than using generic adversarial negatives; and
(i1) we introduce a prior-based bias filter that val-
idates whether a generated negative truly reflects
the intended modality bias before it is used for op-
timization. Together, these components turn adver-
sarial perturbation from a generic robustness tool
into a targeted instrument for modality debiasing.

3 Methodology

3.1 Problem Formulation

Given a multimodal input x = (v,t) consisting
of visual features v (image or video frames) and
textual prompt t (user question), the model policy
mo(y|v, t) generates a response y. We denote the
reference model as ¢, which is frozen and used to
construct prior distributions and stabilize training.

An unbiased MLLM should effectively integrate
information from both modalities, producing re-
sponses y that accurately ground on cross-modal
evidence. In contrast, biased responses arise when
the model disproportionately relies on a single
modality:

¢ Language-biased responses y, : over-rely
on textual priors/commonsense while ignoring
visual evidence.

* Vision-biased responses y_, : over-focus on
visual details, providing irrelevant informa-
tion not addressing the textual query.

Our goal is to train 7y to maximize the probabil-
ity of y* over both types of biased responses.

3.2 Overview of B-APO Framework

Figure 1 illustrates the B-APO framework, which
consists of three main stages:

1. Prior Distribution Construction: Define
bias-targeted prior distributions gjang and gyis
using the reference model.

2. Attack Stage (Bias Induction): Apply small
adversarial perturbations 4;, and J; in the la-
tent space to generate hard negatives that max-
imally induce language bias and vision bias,
respectively.

3. Defense Stage (Adversarial Preference Op-
timization): Perform joint preference opti-
mization over clean and adversarial preference
pairs to enlarge the margin between unbiased
and biased responses.

3.3 Prior Distribution Construction

We construct two “shortcut” distributions repre-
senting extreme bias conditions using the reference
model 7rpef:

Language-only prior: Simulates the model’s be-
havior when relying solely on textual input and
priors, ignoring visual evidence:

QIang(‘) = 7rref(' ‘ [MASKV],t) (1)

where [MASKy | denotes masked visual features
(e.g., zero vectors or learnable mask tokens).

Vision-only prior: Simulates excessive reliance
on visual information while disregarding the textual

query:
qvis(') = 7Tref(' | v, [MASKTD (2)

where [MASK7| represents masked text (e.g., a
generic prompt like “Describe this image”).

These priors serve as bias targets that the attack
stage aims to induce, rather than being the final
training objectives. Importantly, masking is used
here only as a reference target for computing at-
tack directions; the actual training data consists of
perturbed samples in which both modalities remain
present (see Section 3.4).

3.4 Attack Stage: Bias-Targeted
Perturbations

Unlike masking-based methods that completely re-
move a modality, we apply small adversarial per-
turbations in the latent space to push the model to-
ward bias-prone regions while keeping both modal-
ities intact. This creates more realistic and chal-
lenging training signals.

3.4.1 Vision-Side Attack (Inducing Language
Bias)

Let h = f,(v) denote the encoded visual features
from the vision encoder. We seek a small perturba-
tion ¢y, that minimizes the KL divergence between
the perturbed model’s output distribution and the
language-only prior, i.e., pushes the output toward
the biased target:
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Figure 1: Overview of the B-APO framework. We construct bias-targeted priors, apply adversarial perturbations to
induce language/vision bias, and perform adversarial preference optimization to debias the model.
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In practice, we approximate this using a single-
step Fast Gradient Sign Method (FGSM) or few-
step Projected Gradient Descent (PGD). Because
the objective is to decrease the KL, the update
follows the negative gradient direction:

&y = —e€y - sign (VKL (m(- | B, t) || uang(+)))
“4)
The perturbation is applied to visual tokens in
the connector’s output space before feeding into the
LLM backbone. We choose this space rather than
raw pixels because perturbations at the connector
output directly influence the LLM’s reasoning and
are not absorbed by the vision encoder.

3.4.2 Text-Side Attack (Inducing Vision Bias)

Let E = Emb(t) denote the text embeddings. We
seek a perturbation ¢; that minimizes KL to the
vision-only prior:

t = arg min KL(WQ( ‘ h’E+5t) H QVis('))

ll6e ]| <e:

4)

Analogously, the FGSM approximation uses the
negative gradient:

5;: = —¢€ - sign (VEKL (779(' ’ h, E) || QVis(')))
(6)

Crucially, we only perturb user question tokens
in E, leaving system prompts and special tokens un-
changed to avoid destabilizing the model. The key
intuition is that by minimizing KL divergence to
the bias-targeted priors while maintaining bounded
perturbations, we create an intermediate regime
where both modalities are present but the model is
tempted to rely on shortcuts. This simulates realis-
tic bias conditions more effectively than complete
modality removal. The theoretical justification for
why adversarial perturbations effectively induce
bias is provided in Appendix A.

Design justification. The FGSM—PGD sched-
ule and the e-schedule (from 0.01 to 0.05) follow a
curriculum-learning intuition that was empirically
necessary to avoid early-training collapse; both are
validated by the ablation in Table 3. Additional
justification for the perturbation space and the L,
constraint is given in Appendix C.1.

3.5 Generating Preference Pairs with Bias
Filtering

For each sample x, we generate three types of pref-
erence pairs:

e Winner (unbiased) y*: High-quality re-
sponse under clean input, obtained from hu-
man annotation, strong model feedback, or
the original chosen response in the dataset.

* Loser-LB y,,: Sampled from 74 (- | h+6,t),
expected to exhibit language bias.
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* Loser-VB y_ : Sampled from 7y(- | h, E +
d0;), expected to exhibit vision bias.

Bias Filtering: Not all adversarially generated
responses are truly biased—some may be randomly
incorrect. To ensure training quality, we implement
a bias-filter mechanism: we only retain losers that
demonstrably align more with their target prior.
Specifically, for y,, , we require:

log et (Y, | IMASKy ], t) > log et (yy, | v, t)
+T

(7
where 7 is a threshold (e.g., 0.5). This ensures y
is more likely under the language-only condition,
confirming it reflects language bias. A similar filter
is applied to y ;.. We emphasize that this filter uses
only the frozen reference model’s log-probabilities,
not any separately trained discriminator. Detailed
implementation and analysis of filter effectiveness
are provided in Appendix B.3.

3.6 Defense Stage: Adversarial Preference
Optimization

We perform joint optimization over three types of
preference pairs: the original (clean) pair and two
adversarial pairs. The overall loss is:

L =0Lpres(x,y T,y 7)
+ 71 Lprer (%, 5, ¥
+ 72 Lpret (X, ¥, Y 3)
+ B - KL(7g || rer)

®)

where L,r is a preference loss (e.g., DPO loss),
and g, y1, 72 are mixture weights. The KL term
prevents the model from deviating too far from the
reference policy.

Following DPO (Rafailov et al., 2023), the pref-
erence loss for a pair (X, ¥, y;) is:

Lppo = —logo | Blog Tol¥w | %)
71—ref(Yw | X)
)]
~ Blog mo(y1 | %)
7Tref<y1 | X)

We optionally incorporate a noise-robust variant
for the adversarial pairs, as they may contain higher
noise due to the automatic generation process. Con-
vergence analysis and theoretical guarantees are
provided in Appendix A.3.

3.7 Training Strategy

To ensure training stability, we employ the follow-
ing strategies:

* Warm-up: First train on clean preference data
for 1 epoch to stabilize the model before in-
troducing adversarial pairs.

* e-scheduling: Start with small perturbation
budgets (¢, = 0.01, ¢, = 0.01) and gradually
increase to final values (¢, = 0.05, ¢; = 0.05)
over training to avoid overly aggressive at-
tacks early on.

* Attack step scheduling: Use 1-step FGSM
in early epochs, then switch to 3-step PGD for
harder attacks in later epochs.

* Mixture ratio: Set vy:y1:v2 = 1:1:1 to bal-
ance original and adversarial objectives, ad-
justable based on bias severity in the data.

Algorithm 1 summarizes the complete B-APO
training procedure.

4 Experiments

4.1 Experimental Setup

Base Model and Training Data. Following
NaPO (Zhang et al., 2025) and RLAIF-V (Yu et al.,
2025), we use LLaVA-v1.5-7B (Liu et al., 2023)
as the backbone model. For training data, we start
with the RLAIF-V dataset (10K preference pairs)
and augment it with our adversarially generated
bias-targeted pairs. The final dataset, RLAIF-V-
Bias-Adyv, contains ~25K preference pairs in total
(10K original + ~15K adversarial pairs after bias
filtering).

Training Hyperparameters. We largely follow
the setup of NaPO: 3 = 0.1, learning rate 5 x 107,
batch size 4, training for 4 epochs on 8xA100
80GB GPUs. For adversarial attack, we set initial
€, = € = 0.01, final ¢, = ¢ = 0.05, and use
1-step FGSM for the first 2 epochs and 3-step PGD
(o = €/3) for the last 2 epochs. Bias filter thresh-
old 7 = 0.5. Mixture weights y9 = v; = 72 = 1.0.
To improve efficiency, we employ perturbation
caching for similar inputs (see Appendix B.1).
Complete hyperparameter settings and the full data-
generation pipeline (including prompts used to sam-
ple candidate responses) are provided in Appen-
dices C.1 and C.2.
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Algorithm 1 B-APO Training

Require: Dataset D, reference model 7f, attack
budgets €,, €, filter threshold 7
Ensure: Debiased model 7y
1: Warm-up: train 7y with standard preference
data
2: for each epoch e do
3:  for each batch {(x;,y;)} in D with x; =

(VZ', ti) do

4: // Attack stage

5: e ATTACKVISION(V, t;, €4, Qlang)

6: 87 ; < ATTACKTEXT(Vy, ty, €1, uis)

7: // Generate adversarial losers

8: y;’lb < SAMPLE(mg (- | v; + 65 ;,t:))

9: y; " < SAMPLE(mg (- | vi, t; + 6,))
10 // Bias filter (via frozen me)

11 if log mee(y; ™ | [MASKy], t:)

< log ﬂref(yi_’lb | vi,t;) + 7 then

12: Discard y, 1o

13: end if

14: if log meer(y; ™" | vi, MASK7))

< log ﬂref(yi_’Vb | vi,t;) + 7 then

15: Discard y, Vb

16: end if

17: // Defense stage (APO loss)

18: L+ 'YOACpref(Xia y;r’ y;)

19: + 'Yl»cpref(xiy yj, yz‘_Jb)
20: + 72 Lprer(xi, ¥ y; )
21: Update 7y via gradient descent on £
22:  end for
23: end for

Evaluation Benchmarks. We evaluate on four

benchmarks:

¢ VLind-Bench (Lee et al., 2025): Measures
language priors (LP) and commonsense bias
(CB) in MLLMSs. Higher LP/CB scores indi-
cate less bias.

* Object HalBench (Rohrbach et al., 2018):
Evaluates object hallucination using CHAIR
scores (CHAIRs and CHAIRIi). Lower scores
indicate fewer hallucinations.

* AMBER (Wang et al., 2023): Assesses hal-
lucinations with detailed object annotations,
reporting CHAIR scores, object coverage, hal-
lucination rate, and human cognition overlap.

« MMHalBench (Sun et al., 2024): GPT-4-
based evaluation of response quality (score

0-6) and hallucination rate across diverse ques-
tion types.

Baselines.
ing methods:

We compare B-APO with the follow-

 LLaVA-v1.5-7B (Liu et al., 2023): Base
model without any debiasing or preference
optimization.

« DPO (Rafailov et al., 2023): Standard direct
preference optimization trained on RLAIF-V
data without explicit bias handling.

* MDPO (Wang et al., 2024): Conditional pref-
erence optimization that incorporates multi-
modal context for hallucination mitigation.

* NaPO (Zhang et al., 2025): Strong debiasing
method that applies noise-aware preference
optimization with masking-based bias data
construction.

* Additional references: OPERA (Huang et al.,
2024) (decoding-based), HA-DPO (Zhao
et al., 2023), RLHF-V (Yu et al., 2024), HSA-
DPO (Xiao et al., 2025), and HALVA (Sarkar
et al., 2024), which target hallucination reduc-
tion through various alignment strategies.

4.2 Main Results

Table 1 presents the main experimental results. All
reported B-APO numbers are averaged over 3 ran-
dom seeds; standard deviations and further multi-
seed analysis are given in Appendix D.1. We make
the following key observations:

Superior Debiasing Performance. B-APO sig-
nificantly outperforms all baselines on VLind-
Bench, the primary bias evaluation benchmark.
Compared to NaPO, B-APO achieves +1.8% im-
provement on Language Prior (LP) (45.8 vs.
44.0) and +1.8% improvement on Commonsense
Bias (CB) (60.7 vs. 58.9). Across 3 random
seeds, the 95% confidence intervals for B-APO and
NaPO are non-overlapping on both LP and CB (Ap-
pendix D.1), confirming the gains are statistically
robust rather than random fluctuation. This demon-
strates that adversarial perturbations create more
effective training signals than complete modality
masking, forcing the model to learn robust cross-
modal grounding even under subtle bias-inducing
conditions.
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Model VLindBench | Object HalBench AMBER MMHalBench
CBtT LPtT |CHAIRs| CHAIRIi|)|CHAIRs| Cover.t HalRate| Cog.| |ScoreT HalRate|
GPT-4V |91.1 756 | 13.6 73 | 46 67.1 30.7 26 | 349 0.28
LLaVA-v1.5-7B 00 00 53.6 252 7.8 51.0 36.4 42 | 2.11 0.54
+ OPERA - - 45.1 223 - - - - 2.15 0.54
+ 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
+ DPO (RLAIF-V) 394 254 32.0 8.5 4.9 52.0 234 1.6 | 3.23 0.38
+ MDPO (RLAIF-V) 0.3 04 353 10.5 4.2 53.1 224 22 | 3.28 0.42
+ NaPO (RLAIF-V-Bias) | 58.9 44.0 25.7 6.2 4.0 54.1 20.7 1.4 | 3.31 0.35
+ B-APO (Ours) |60.7 458 | 248 59 | 38 54.8 19.9 1.3 | 3.36 0.33
LLaVA-v1.5-13B 31.5 209 533 14.5 8.5 50.9 37.6 42 | 3.03 0.47
+ NaPO (RLAIF-V-Bias) | 42.1 25.1 23.7 59 35 55.7 19.0 1.2 | 3.55 0.33
+ B-APO (Ours) 43.6 264 22.9 5.6 33 56.2 18.3 1.1 | 3.61 0.31

Table 1: Main experimental results on bias and hallucination benchmarks. B-APO achieves state-of-the-art
debiasing performance (+1.8% LP, +1.8% CB over NaPO on LLaVA-v1.5-7B) while maintaining strong general
capabilities and reducing hallucinations. B-APO numbers are averaged over 3 seeds (std < 0.5 across all metrics;

see Appendix D.1).

Consistent Hallucination Reduction. Beyond
debiasing, B-APO also achieves notable improve-
ments in hallucination benchmarks. On Object
HalBench, B-APO reduces CHAIRSs to 24.8 (from
NaPQO’s 25.7) and CHAIRI to 5.9 (from 6.2). On
AMBER, B-APO achieves the lowest hallucination
rate (19.9% vs. NaPO’s 20.7%) while maintaining
high object coverage (54.8%). These results sug-
gest that adversarial debiasing inherently encour-
ages more accurate grounding, thereby reducing
hallucinations.

Strong General Capability. On MMHalBench,
B-APO achieves the highest GPT-4 quality score
(3.36) among all 7B models, indicating that ad-
versarial preference optimization does not compro-
mise general instruction-following abilities. The
hallucination rate (0.33) is also the lowest, further
validating the robustness of our approach.

Scalability to Larger Models. We observe con-
sistent improvements when scaling to LLaVA-v1.5-
13B. B-APO achieves +1.3% LP and +1.5% CB
gains over NaPO, demonstrating that the adver-
sarial framework generalizes across model sizes.
Per-category performance breakdown is provided
in Appendix D.5.

Cross-Architecture and Cross-Task Generaliza-
tion. Table 2 shows that B-APO transfers beyond
the LLaVA/VQA setting: on InternVL-Chat-V1.5-
7B itimproves LP by +1.4% and CB by +1.6% over
NaPO while reducing CHAIRs from 23.1 to 21.9,
and on image captioning (NoCaps val) it improves
CIDEr by +2.1 over NaPO. This indicates that the

Setting | CBT LPt CHAIRs| | CIDErt
InternVL-Chat-V1.5-7B

+ NaPO 61.2 473 23.1 -

+ B-APO 62.8 48.7 219 -

Image Captioning (NoCaps val)
LLaVA + NaPO
LLaVA + B-APO

101.4
103.5

Table 2: Cross-architecture (InternVL) and cross-task
(image captioning) results. B-APO generalizes beyond
LLaVA and VQA-style evaluation.

benefit of bias-targeted adversarial perturbation is
not specific to a particular connector architecture
or task format.

4.3 Ablation Study

Table 3 presents ablation results on VLind-Bench
and Object HalBench to analyze the contribution
of each component in B-APO. Additional ablation
studies on mixture weights and filter thresholds are
provided in Appendix D.2.

Importance of Dual Attacks. Removing either
vision-side or text-side attacks leads to perfor-
mance degradation. Vision attack is particularly
crucial for language prior (LP) mitigation, while
text attack is more important for commonsense
bias (CB). This aligns with our intuition: vision
perturbations induce language bias, and text pertur-
bations induce vision bias. The synergy between
both attacks yields the best overall debiasing.

Necessity of Bias Filter. Without bias filtering,
performance drops significantly (CB: 57.2, LP:
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Variant VLindBench | Obj. HalBench
CBt LPtT |CHAIRs] CHAIRi]
B-APO (Full) \ 60.7 45.8 \ 24.8 5.9
w/o Vision Attack |58.3 40.7 25.6 6.3
w/o Text Attack 59.1 42.1 26.1 6.5
w/o Both Attacks |[57.9 40.0 26.7 6.7
w/o Bias Filter 572 435 26.8 6.8
w/ Random Pert. 554 412 27.9 7.2
w/ Gaussian Aug. |56.2 40.8 274 7.0
1-Step FGSM Only | 59.8  44.9 253 6.1
3-Step PGD Only [60.2 45.3 25.1 6.0
e =0.01 593 445 25.5 6.2
e =0.10 587 43.8 26.2 6.4

Table 3: Ablation study on VLind-Bench and Object
HalBench. Each component of B-APO contributes to
the overall performance. “w/ Random Pert.” and “w/
Gaussian Aug.” replace bias-targeted perturbations with
non-targeted noise of the same magnitude.

43.5), indicating that some adversarially generated
responses are noisy and do not reflect true bias.
The filter ensures training quality by retaining only
those losers that genuinely align with the target
priors.

Bias-Targeted vs. Generic Perturbations. Re-
placing bias-targeted perturbations with random
directional noise (CB: 55.4) or with Gaussian
data augmentation (CB: 56.2)—both at the same
€ budget—Ieads to substantially worse debiasing
than B-APO (CB: 60.7). Strikingly, both non-
targeted variants also underperform the NaPO base-
line (CB: 58.9), confirming that the gains of B-
APO do not come from mere exposure to corrupted
inputs: generic perturbations can even harm debi-
asing because they do not push the model toward
bias-inducing directions. This directly validates our
central hypothesis that targeting the perturbation
matters much more than its presence.

Effect of Attack Strength. The scheduled com-
bination of 1-step FGSM and 3-step PGD achieves
the best results. Using only FGSM is slightly
weaker (LP: 44.9), while using only PGD through-
out training can be too aggressive early on. The
schedule balances training stability and attack
strength. Regarding €, moderate values (e = 0.05,
our default) work best; too small (¢ = 0.01)
provides insufficient challenge, while too large
(e = 0.10) may destabilize training. Detailed sen-
sitivity analysis is shown in Appendix D.3.

100 Clean Inputs 924.7
mmm  Masking (NaPO)
Vision Attack (B-APO)

80 Text Attack (B-APO)

64.8

1.
60 58.2 SLS
51.6
42.1
40 37.8
20 17.9
12.3 15.4
8.1
2.3
0 =

Language Vision Cross-Modal
Bias Score Bias Score Grounding Score
Metrics

Score (%)

Figure 2: Bias induction analysis comparing clean in-
puts, masking-based bias (NaPO), and adversarial per-
turbations (B-APO). Adversarial samples successfully
induce target bias while maintaining cross-modal in-
formation, creating more realistic training signals than
binary masking.

4.4 Analysis and Visualization

Bias Induction Effectiveness. Figure 2 analyzes
the effectiveness of our adversarial attacks in induc-
ing the target bias. We measure three metrics on a
validation set: (1) Language Bias Score: proportion
of responses that over-rely on textual priors, (2) Vi-
sion Bias Score: proportion of responses with irrel-
evant visual details, and (3) Cross-Modal Ground-
ing Score: accuracy in integrating both modalities.

Results show that adversarial attacks effectively
induce the target bias: vision-side attacks increase
Language Bias Score from 12% (clean) to 58%,
while text-side attacks increase Vision Bias Score
from 8% (clean) to 52%. Importantly, adversarial
samples maintain moderate Cross-Modal Ground-
ing Scores (42% for vision-attack, 38% for text-
attack), significantly higher than masking-based
bias (near 0%). This confirms that adversarial
perturbations create more realistic bias conditions
where both modalities are present but the model is
tempted to take shortcuts, rather than the extreme
cases where one modality is completely absent.
This phenomenon is theoretically analyzed in Ap-
pendix A.2.

Impact of Perturbation Strength. Figure 3
shows how different perturbation budgets ¢ affect
debiasing performance and model capability. We
vary € from 0.01 to 0.10 and evaluate on VLind-
Bench (debiasing) and a subset of general VQA
tasks (capability).

The results reveal a trade-off: as e increases,
debiasing performance (LP and CB) initially im-
proves but then degrades when perturbations be-
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Figure 3: Effect of perturbation strength e on debiasing
performance (Language Prior, Commonsense Bias) and
general capability (VQA Accuracy). Moderate pertur-
bations (¢ = 0.05) achieve the best balance.

Model Clean OOD Corrupted
CBt LPt | CBt LPt

NaPO 589 44.0 | 51.2 38.5

B-APO | 60.7 45.8 | 54.3 41.2

Table 4: Performance on clean vs. OOD corrupted test
set. B-APO shows better generalization under realistic
input corruptions.

come too strong (e > 0.07), likely due to training
instability. Meanwhile, general VQA capability
decreases slightly with very strong perturbations.
Our default setting (¢ = 0.05) achieves the best
balance, maximizing debiasing gains while main-
taining strong general performance. The conver-
gence analysis during training is provided in Ap-
pendix D.4.

Generalization to Out-of-Distribution Bias.
We evaluate on an OOD test set of 500 VLind-
Bench samples with realistic corruptions (Gaussian
noise, JPEG compression, and domain-shifted text;
full protocol in Appendix C.2). Table 4 shows that
B-APO maintains superior debiasing under these
corruptions with smaller degradation than NaPO,
suggesting that adversarial training enhances gen-
eralization to unseen bias-inducing conditions; the
DRO interpretation in Appendix A.5 offers a theo-
retical explanation.

Failure Case Analysis. A manual inspection of
200 errors reveals three dominant failure modes:
(1) over-correction on ambiguous inputs (~12% of
remaining errors), where B-APO rejects a correct
prior-consistent answer in favor of an over-visual
one; (ii) multi-step reasoning disruption, where
perturbations interfere with intermediate ground-
ings rather than triggering a clean bias pattern; and

(iii) residual bias on fine-grained tasks, consistent
with the smallest per-category gain being on Object
Counting (+1.7%, Appendix D.5). Qualitative ex-
amples for each mode are given in Appendix D.6.

5 Conclusion

We presented B-APO, a bias-targeted adversarial
preference optimization framework for debiasing
multimodal large language models. By refram-
ing debiasing as a min-max game, B-APO applies
small adversarial perturbations in the latent space
to generate hard negatives that maximally induce
language and vision bias, providing more realis-
tic and challenging training signals than masking-
based methods. Through adversarial preference
optimization, B-APO forces the model to anchor
on true cross-modal evidence even under the most
bias-inducing conditions. Extensive experiments
on bias and hallucination benchmarks, together
with cross-architecture and cross-task validation,
demonstrate that B-APO achieves strong debias-
ing performance (+1.8% Language Prior, +1.8%
Commonsense Bias over NaPO) while maintaining
strong general capabilities and improving robust-
ness to out-of-distribution bias. We believe adver-
sarial preference optimization opens a promising
direction for more robust and trustworthy multi-
modal alignment, and we hope our work inspires
future research in this area.

6 Limitations

While B-APO demonstrates promising results, we
acknowledge several areas for future improvement.
First, the adversarial attack process introduces
moderate computational overhead during training
(~1.3x training time compared to standard meth-
ods, reduced to ~1.2x with perturbation caching,
or further to ~1.12x in an FGSM-only configura-
tion with <1% LP loss; see Appendix D.8). Infer-
ence time is unchanged. Second, our evaluation
primarily focuses on English VQA and captioning;
multilingual debiasing and extension to video un-
derstanding are natural next steps. Third, as noted
in our failure analysis, B-APO provides limited
leverage on tasks dominated by fine-grained vi-
sual localization (e.g., counting) rather than short-
cut bias. Finally, while we tested OOD robust-
ness under Gaussian noise, JPEG compression, and
domain-shifted text, more adversarial real-world
corruptions such as typographical attacks and ad-
versarial patches are left for future work.
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A Theoretical Analysis

In this section, we provide rigorous theoretical
foundations for B-APO. We establish why adversar-
ial perturbations effectively induce modality bias
(Section A.2), analyze convergence properties (Sec-
tion A.3), and derive generalization bounds (Sec-
tion A.4).

A.1 Preliminaries and Notation

Let V and 7 denote the visual and textual feature
spaces. Forinputx = (v,t),leth, = f,(v) € H,
and h; = f;(t) € H; be encoded representations.
The policy g : H, X Hy — A(Y) maps joint
representations to response distributions.
Definition 1 (Modality Reliance). For model 7y
and input (h,, h;), the visual reliance score is:

W@(y‘hTM ht)

Ry(m9) = Eyrorm, {log 7o(3]0. 1)

] (10)

The textual reliance score R;(7y) is defined anal-
ogously.

Definition 2 (Bias Gap). The modality bias gap
is:

B(mp; D) = Ep [|[Ro(mg) — Re(mp)[] (1)

A.2 Adversarial Perturbations Induce Bias

We establish the theoretical foundation for our ad-
versarial attack strategy.

Assumption 3 (Smoothness). The log-probability
log 79 (y|hy, hy) is L-Lipschitz and 3-smooth w.r.t.
hv, ht:
| Vn, log 7g|| < L
IV, log mo|| < 8

(12)
13)

Assumption 4 (Non-degeneracy). The priors
QIang<') = 7Tref('|0;ht) and QVis('> = 7Tref('|hv70)
assign non-zero probability to all valid responses.
Lemma 5 (Gradient Characterization). Under As-
sumptions 3-4, let Dx; = KL(mg(-|hy, hy)||Grang)-
Then:

Vh, Dkt = Ex, [V, logmg - w(y)] (14)
where w(y) = 1 + log 7”9(}"}1(1;;”)
Proof. By definition of KL divergence:
Dy1 = Z mo(y) log m(y) (15)
Qlang (Y)

Taking gradient w.r.t.
moV log my:

h, and using Vmy =

V DKL—ZVWG log

+ Z Vg
y
= Z oV log o <1 + log )
Glang

y
(16)

lang

where we used > Vg = 0. O

Theorem 6 (Bias Induction Guarantee). Under
Assumptions 3-4, let g = V', Dkp and 6, = —¢,, -
g/l|gll- Then:

Dk (hy + 0;) < Dgr(hy)

5 D
— &llgll + 5
When e, < ||g||/8:
* 6UHgH
Dgr(hy +0;) < Dgr(hy) — > (18)

Proof. By Taylor expansion with smoothness:
Dxr(hy + 6,) = Dxr(hy) +6, g
1
+ §6IV2DKL 8y +O([16,])
(19)

For 0y = —e,g/| gl

5'g=—elgl (20)
1 * T w72 * 612)
500 V2Dt < = 1)

Combining yields the first bound. For the second,
when €, < [g]|/5:

_GngH
2 - 2

(22)

O]

Theorem 7 (Information Preservation). Let I,, =
1(Y; H,|H;) denote conditional mutual informa-
tion. Under Assumption 3, for ||0,]| < €,:

I(Y;H, + 6,|Hy) > I, — 2Le, log | Y| (23)
In contrast, masking yields 1(Y;0|/H;) = 0.

Proof. By data processing inequality and Lipschitz
property:
‘I(Y, Hv + 51}’Ht) - Iv’

(24)
< Drvy(ms,,mo) - log |V
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where 75, =
F@(“hy, ht)
By Pinsker’s inequality:

1
Drv(7s,,m0) <14/ iKL(W(sUHWo) < Le, (25)

For masking, h,, = 0 is constant, so / = 0. [

mo(-|hy + 6y, hy) and m =

Corollary 8 (Bias-Information Trade-oft). The op-
timal budget balancing bias induction and informa-
tion preservation is:

. Igll >
©=0 <6+Llog|y|

A.3 Convergence Analysis

(26)

We analyze B-APQO’s convergence, addressing the
challenge that perturbations ¢, d; depend on 6.

Definition 9 (B-APO Objective).

L(0) = Ep [10lo(0) + 111(6; 5;)

27
+ Y202(0; 67)] @0

where ¢y = Lppo(x,y ™,y ) and ¢1, {5 are adver-
sarial DPO losses.

Assumption 10 (Bounded
IVoLppo|| < G for constant G > 0.

Assumption 11 (Attack Stability). The mapping
0 — 0*(6) is k-Lipschitz:

Gradients).

16%(61) — 6%(02) || < wll0r — G2l (28)

Lemma 12 (Implicit Gradient Bound). Under As-
sumptions 3-11:

Vol1(0;9,(0)) = Votq

&% fixed
n oty do} (29)
00k db
where the implicit term is bounded by Lk.
Proof. By chain rule, the implicit gradient is:
oty do)
. 30
00k db (30)

By Assumption 3: ||0¢1/05}|| < L. By Assump-
tion 11: ||dd}/df]|| < k. Thus the term is bounded
by Lk. O

Theorem 13 (Convergence Rate). Under Assump-

tions 3-11, with learning rate 1; = 1o /+/t where:

2

Leﬁ =1L Z’n(l + 6%)
1=0

no < €29

1
Leg’

the B-APO iterates satisfy:

min E [[|[VL(9,)[*] < O

<A0 + G? log T>
te(T]

VT
(32)

where Ay = L(01) — L*.

Proof. By Lemma 12, the effective gradient bound
is:

VoL < G(vo+7+7)(1+es)  (33)

For smooth non-convex optimization with SGD:

T T

2 LeffG2 2
D mENVLT < A+ =57 0 (34)
t=1 t=1
With 7, = 1o/ V/t:
T
> = 0(mVT) (35)
t=1
T
> 0 = O(nglogT) (36)
t=1

Dividing by > _, 7, yields the stated rate. O

A.4 Generalization Bound

Definition 14 (Adversarial Augmentation). For dis-
tribution D and budget €, define D2 by sampling
(x,y",y~) ~ D and computing:

0% = arg max Lpjss(x + 9) (37)

lIsll<e
Theorem 15 (Generalization Bound). Ler R,,(F)
be the Rademacher complexity of hypothesis class
F. With probability > 1 — §:

Lp(7t) < LOY(7) 4 4R, (F)

1 5. [l082/0)
2n

(38)

Proof. Let S = {(x;,y;,y;)}",. By McDi-
armid’s inequality:

P [sup \Lp — L2V] > t} < 2e 27/ (39)

The Rademacher complexity satisfies:
R (F 0 L) < (0 + 71 +72)Ru(F)  (40)

Standard generalization bounds yield the result.
O
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Theorem 16 (OOD Robustness). Let D’ satisfy:
Vx' ~ D', 3x ~ D with ||x' — x|| < e. Then:

Proof. For any x' € supp(D’), 3x € supp(D)
with ||x’ — x|| < e. By adversarial augmentation:

x' € {x+3: 8] <e} Csupp(DY)  (42)
By Lipschitz continuity:

|L(x';7) — L(x;7)| < Le (43)

Taking expectation completes the proof. O

Remark 17. Theorem 16 explains Table 4: training
on e-perturbations covers distribution shifts within
radius e.

A.5 Connection to Robust Optimization
Proposition 18 (DRO Interpretation). B-APO
solves a distributionally robust problem:

min max Eg [Lppo(0)] (44)

0 QeU(D)

where U (D) is the Wasserstein ball around D.

This connection to DRO provides theoretical
grounding for B-APO’s robustness and suggests
extensions using other uncertainty sets.

B Algorithm Details

B.1 Efficient Perturbation Caching

To reduce computational overhead, we implement
a perturbation caching mechanism. For samples
with similar visual or textual content, the attack
directions are often similar. We cache the gradients
Vi, KL and VgKL for representative samples and
reuse them for similar inputs.

In practice, we set K = 100 and 75, = 0.85,
which reduces attack overhead by ~40% with neg-
ligible performance degradation. Cosine similar-
ity is computed on the encoded visual features
h = f,(v) at the vision encoder output. Sensitivity
analysis shows K € {50, 100,200} yields <0.2%
variation on LP/CB, and 74, € {0.80,0.85,0.90}
has similarly minimal impact, indicating the cache
is robust to its hyperparameters.

Algorithm 2 Efficient Perturbation with Caching

Require: Batch {(v;,t;)}, cache size K, similar-
ity threshold 7,

1: Initialize gradient cache C, = {},C; = {}

2: for each sample (v;, t;) do

3: h; « fU(Vi>, E; « Emb(ti)

4:  // Vision-side attack

5. if (W, g)) € C, with cos(h;,h’) > 7in
then

6: g, — g, // reuse cached gradient

7:  else

8 gv < Vi, KL(79(-[hi, E;) || qlang)

9: Cy <—CUU{(hi,gU)}

10: if |C,| > K then

11: Remove oldest entry from C,

12: end if

13:  end if

14 0y, < —e€y, - sign(gy)

15:  // Text-side attack (symmetric caching)
16: 6;*71- < COMPUTETEXTPERT(E;, h;,C;)
17: end for

B.2 Dynamic Epsilon Scheduling

We provide the detailed schedule for gradually in-
creasing perturbation budgets during training. Let
e € {1,2,3,4} denote the current epoch.

€init ife=1
e(e) = o1 .
€init + S5~ (€final — €imie)  if e € {2,3,4}
(45)
For our default setting with €,y = 0.01 and
€final = 0.05:

e(1) = 0.01 (46)
€(2) = 0.01 + %(0.04) ~0.023  (47)
€(3) = 0.01 + 2(0.04) ~0.037  (48)
e(4) = 0.05 (49)

This smooth schedule prevents sudden jumps in
perturbation strength that could destabilize train-
ing.

B.3 Bias Filter Implementation

Algorithm 3 provides the detailed implementation
of our bias filter mechanism.

The threshold 7 controls the strictness of filter-
ing. We find 7 = 0.5 (corresponding to a proba-
bility ratio of €%® = 1.65) to be effective across
different model scales.
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Algorithm 3 Bias Filter

Require: Sample (x,y, ), reference model 7,
threshold 7

1: // Log-probabilities from frozen T ,.r

2: log pelean < log 71'ref(yl_b ‘ Vyt)

3: log Plang < log 7Tref(ylib | [MASKVL t)

4: // Bias alignment check

5. if log prang > 10g petean + 7 then

6: return ACCEPT // response exhibits
language bias

7: else

8:  return REJECT // not biased enough

9: end if

C Additional Experimental Details

In this section, we provide comprehensive details
of our experimental setup, including complete hy-
perparameter configurations, dataset statistics, and
implementation choices. These details are essen-
tial for reproducibility and provide insights into the
practical considerations of implementing B-APO.

C.1 Complete Hyperparameters

Table 5 provides a complete list of all hyperparam-
eters used in our experiments. Our hyperparame-
ter choices are largely aligned with prior work on
preference optimization for MLLMs (Zhang et al.,
2025; Yu et al., 2025), with modifications to ac-
commodate the adversarial training component.

Key Design Choices. Several hyperparameter
choices warrant further explanation. First, we use a
relatively small learning rate (5 x 10~7) to ensure
stable training when combined with adversarial
perturbations. Higher learning rates can cause in-
stability, especially when strong PGD attacks are
introduced in later epochs. Second, our choice of
DPO temperature 5 = 0.1 follows the standard
setting in prior work and provides a good balance
between preference signal strength and training sta-
bility. Third, we employ mixed precision training
(FP16 for forward/backward passes, FP32 for pa-
rameter updates) to reduce memory consumption
while maintaining numerical stability, which is par-
ticularly important given the additional memory
overhead from adversarial attacks.

Adversarial Attack Configuration. The pertur-
bation budgets ¢, and ¢; are chosen based on pre-
liminary experiments that balance bias induction
effectiveness and training stability. We use L

Hyperparameter | Value
Base Model LLaVA-v1.5-7B/13B
Vision Encoder CLIP ViT-L/14
Language Model Vicuna-7B/13B
Training Data RLAIF-V-Bias-Adv (~25K)
Batch Size per GPU 4
Gradient Accumulation Steps 1
Effective Batch Size 32
Learning Rate 5x 1077
Learning Rate Schedule Constant
Optimizer AdamW
Weight Decay 0.01
Gradient Clipping 1.0
B (DPO temperature) 0.1
Epochs 4
Warm-up Epochs 1
Adversarial Attack
Initial €, 0.01
Final €, 0.05
Initial € 0.01
Final €; 0.05
FGSM Epochs 1-2
PGD Epochs 3-4
PGD Steps 3
PGD « €/3
Attack Norm Lo
Bias Filter
Threshold 7 0.5
Batch Evaluation True
Loss Weights
7o (Original) 1.0
71 (Language Bias) 1.0
72 (Vision Bias) 1.0
Infrastructure
Hardware 8x A100 80GB
Precision Mixed (FP16 + FP32)
Framework PyTorch 2.0
Training Time (7B) ~ 9 hours
Training Time (13B) ~ 15 hours

Table 5: Complete hyperparameter settings for B-APO.

norm constraints as they are computationally effi-
cient and allow for straightforward implementation
via FGSM and PGD. The PGD step size o = ¢/3
ensures that the inner maximization makes mean-
ingful progress within the perturbation budget. Our
scheduled transition from FGSM (epochs 1-2) to
PGD (epochs 3-4) allows the model to adapt to
adversarial conditions gradually, preventing early
training collapse.

Practical Tuning Guidance. For practitioners
who wish to apply B-APO to a new base model or
dataset, we recommend the following simple tun-
ing strategy. (i) Fix f = 0.1 and 79 = v =
Y2 = 1 unless preliminary results show strong
bias asymmetry. (ii) Sweep the learning rate in
{1e-7,5e-7,1e-6}; within this range B-APO is
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well-behaved, while learning rates > 5e-6 risk in-
stability once PGD is activated. (iii) Sweep the final
€in {0.03,0.05,0.07} on a small validation set. In
all our experiments this three-value sweep was suf-
ficient to locate a strong setting, and the method is
not particularly sensitive to other hyperparameters
(Appendix D.3).

C.2 Data Generation Pipeline

This section describes the full pipeline used to con-
struct the RLAIF-V-Bias-Adv training set from the
RLAIF-V seed data. For each (v,t,y™) triple in
RLAIF-V:

1. Attack-direction computation. We compute
0 and d; using the current model 7y and the
frozen mf, following Eqs. 4 and 6. Early in
training this uses 1-step FGSM; later, 3-step
PGD.

2. Adversarial sampling. With §; applied to
the connector output, we sample a language-
biased candidate y,, from (- | h + §;,t).
A vision-biased candidate y, is drawn sym-
metrically. The sampling prompt is the same
user-provided question t used for y; no ad-
ditional jailbreaking or role-play prompts are
used.

3. Reference scoring. For each candidate we
compute two log-likelihoods under the frozen
Tref: One conditioned on the clean (v,t),
and one conditioned on the masked variant
(IMASKy | or  MASK7] accordingly). Masks
are implemented as zero vectors at the same
positions occupied by visual tokens / user-
question tokens.

4. Bias filtering. We apply Algorithm 3 with
threshold 7 = 0.5, accepting only those
candidates whose masked-conditioned log-
likelihood exceeds the clean log-likelihood
by at least 7.

5. Pairing. Accepted y,, and y, are paired
with the original winner y* to form ad-
versarial preference pairs (x,y",y;,) and

=y vy

Approximately 75% of generated candidates
pass the bias filter (Appendix C.3). No human
annotation is used in the adversarial pair genera-
tion pipeline; the only human-curated signals are
those already present in the RLAIF-V seed set.

OOD Evaluation Protocol. The out-of-
distribution evaluation set used in Table 4 consists
of 500 examples sampled uniformly at random
from the VLind-Bench test split. Each example
is corrupted with exactly one of three corruption
types, chosen uniformly at random: (a) Gaussian
image noise with o € {0.05,0.10,0.15}; (b)
JPEG compression with quality € {20, 30,40}; or
(c) domain-shifted text rephrasing into medical or
legal register, generated by GPT-4 with manual
verification to preserve the original question
semantics. The same 500 examples and corruption
assignments are used for both NaPO and B-APO
to ensure a fair comparison; we will release the
exact assignment file with the code.

C.3 Dataset Statistics

We now provide detailed statistics of our RLAIF-
V-Bias-Adv dataset, which extends the original
RLAIF-V dataset with automatically generated
bias-targeted samples. Understanding the composi-
tion and characteristics of this dataset is crucial for
interpreting our experimental results and reproduc-
ing our work.

Category | Count
Original Data
RLAIF-V Preference Pairs 10,000
Avg. Response Length (tokens) 473
Language-Biased Data
Generated Samples 10,000
Passed Bias Filter 7,523
Retention Rate 75.2%
Avg. Response Length (tokens) 38.6
Vision-Biased Data
Generated Samples 10,000
Passed Bias Filter 7,391
Retention Rate 73.9%

Avg. Response Length (tokens) 52.1

Total Preference Pairs 24,914
Total Training Tokens ~1.18M
Task Distribution
Question Answering 51.6%
Visual Reasoning 25.9%
Image Captioning 22.5%

Table 6: Detailed statistics of RLAIF-V-Bias-Adv
dataset.

Data Generation and Filtering. Table 6 reveals
several important characteristics of our dataset con-
struction process. The bias filter retention rate of
approximately 75% for both language-biased and
vision-biased samples indicates that our adversar-
ial attacks successfully induce bias in the major-
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ity of cases, while appropriately filtering out re- Metric | NaPO (meantstd) B-APO (meantstd) | A

sponses that do not meet the bias criteria. The CB 1 589+ 05 60.7 + 0.4 +1.8

slightly higher retention rate for language-biased LPT 44.0+04 458 +0.3 +1.8
CHAIRs | 25.7+04 248 +0.3 -0.9

samples (75.2%) compared to vision-biased sam-
ples (73.9%) suggests that language bias may be
slightly easier to induce, which aligns with obser-
vations in prior work that models have a natural
tendency toward language priors (Zhu et al., 2021).

Response Length Analysis. Interestingly, we ob-
serve systematic differences in average response
lengths across different sample types. Language-
biased responses are notably shorter (38.6 tokens)
compared to the original responses (47.3 tokens),
while vision-biased responses are longer (52.1 to-
kens). This pattern is intuitive: language-biased
responses tend to provide concise answers based
on priors without elaborating on visual details,
whereas vision-biased responses often include un-
necessary descriptions of image contents. These
length differences further validate that our adver-
sarial attacks induce the intended bias patterns.

Task Distribution. The dataset maintains a di-
verse task distribution, with question answering
comprising slightly more than half (51.6%) of the
samples, followed by visual reasoning (25.9%) and
image captioning (22.5%). This distribution re-
flects the composition of the original RLAIF-V
dataset and ensures that our debiasing approach is
evaluated across a variety of multimodal task types.
The diversity in task types is important for demon-
strating the generalizability of B-APO beyond any
single task domain.

D Additional Experimental Results

This section presents additional experimental anal-
yses that complement our main results. We pro-
vide multi-seed statistics, extensive ablation stud-
ies, hyperparameter sensitivity analyses, training
dynamics, per-category breakdowns, failure case
examples, and computational cost assessments.

D.1 Multi-Seed Statistics

Table 7 reports mean and standard deviation of
the main metrics across 3 independent runs with
random seeds {42, 123, 2024}, for both NaPO and
B-APO under the LLaVA-v1.5-7B setup. Standard
deviations are small (< 0.5) on all metrics, and the
95% confidence intervals of NaPO and B-APO do
not overlap on CB, LP, or CHAIRSs, supporting the
robustness of the reported improvements.

Table 7: Multi-seed (3 runs) statistics for NaPO vs. B-
APO on LLaVA-v1.5-7B. 95% confidence intervals are
non-overlapping on all three metrics.

D.2 Additional Ablation Studies

Beyond the ablation studies presented in the main
paper, we conduct additional experiments to under-
stand the impact of mixture weights and bias filter
thresholds on overall performance. These factors
play crucial roles in balancing different training
objectives and ensuring data quality.

Effect of Mixture Weights. Table 8 systemati-
cally explores different configurations of mixture
weights g, 71, and 7y in our joint optimization
objective. The results reveal several important
patterns. First, training with only the original
data (1:0:0) yields relatively poor debiasing per-
formance (CB: 39.4, LP: 25.4), confirming that
standard preference data alone is insufficient for
effective debiasing. Second, using only one type of
bias-targeted data (either 0:1:0 or 0:0:1) provides
substantial improvements over the baseline but
falls short of the best performance, with language-
biased data particularly effective for improving
Language Prior scores and vision-biased data more
effective for Commonsense Bias scores. Third,
pairwise combinations (1:1:0, 1:0:1, 0:1:1) demon-
strate synergistic effects but still underperform the
full combination.

Weights (y0:71:72) | CBT  LPt
1:0:0 (Original only) | 39.4 254
0:1:0 (LB only) 52.8 412
0:0:1 (VB only) 573 356
1:1:0 55.1 428
1:0:1 569 38.7
0:1:1 582 425
1:1:1 (Default) 60.7 45.8
2:1:1 59.3 442
1:2:1 59.8 45.1
1:1:2 60.1 44.6

Table 8: Ablation on mixture weights. Balanced weights
(1:1:1) achieve the best overall performance, demon-
strating the importance of combining all three training
objectives.

Most notably, the balanced configuration (1:1:1)

36995



achieves the best overall performance, suggest-
ing that all three components—original prefer-
ence data, language-biased data, and vision-biased
data—contribute complementary training signals.
Deviating from this balance by increasing any sin-
gle weight (2:1:1, 1:2:1, 1:1:2) consistently leads
to performance degradation, indicating that over-
emphasizing any particular objective harms the
overall balance. These results validate our default
choice of equal weights and suggest that the three
objectives should be treated with equal importance
during training.

Effect of Bias Filter Threshold. The bias filter
threshold 7 controls the strictness with which we
filter generated adversarial samples, trading off be-
tween data quantity and quality. Table 9 presents
results across a range of threshold values from 0.0
(no filtering) to 1.0 (very strict filtering). As ex-
pected, we observe a clear trade-off: lower thresh-
olds retain more data but include noisier samples,
while higher thresholds ensure cleaner data but re-
duce training set size.

T | Retention | CBT LP?}
0.0 95.2% 56.8 42.1
0.3 82.4% 59.4 44.6
0.5 (Default) 74.6% 60.7 45.8
0.7 64.3% 60.1 45.2
1.0 51.8% 589 443

Table 9: Ablation on bias filter threshold 7. The default
value of 0.5 achieves the best balance between data
quality and quantity.

Without any filtering (7 = 0.0), performance
drops significantly (CB: 56.8, LP: 42.1) despite
retaining 95.2% of generated samples, confirming
that noisy data harms training. As we increase
the threshold to 0.3, performance improves sub-
stantially (CB: 59.4, LP: 44.6) while still retaining
82.4% of samples. Our default threshold of 0.5
achieves the best performance, retaining 74.6% of
samples—a good balance that filters out approxi-
mately 25% of the noisiest samples while preserv-
ing sufficient training data. Further increasing the
threshold to 0.7 or 1.0 does not improve perfor-
mance and actually leads to slight degradation,
likely because the reduced training set size out-
weighs the marginal gains in data quality. These
results validate our choice of 7 = 0.5 and demon-
strate the importance of careful data quality control
in adversarially generated datasets.

D.3 Hyperparameter Sensitivity Analysis

We conduct comprehensive sensitivity analysis on
two critical hyperparameters: the DPO temperature
[ and the learning rate. Understanding the robust-
ness of our method to hyperparameter choices is
important for practical deployment and provides
insights into the training dynamics of adversarial
preference optimization.

DPO Temperature 3. The temperature parame-
ter 5 in DPO controls the strength of the preference
signal. Lower values lead to more aggressive op-
timization toward the preferred responses, while
higher values result in softer, more conservative up-
dates. Table 10 shows performance across a range

of 3 values from 0.05 to 0.3.
B | CBt LPt | CHAIRs| Scoref
0.05 582 439 25.9 3.28
0.1 (Default) | 60.7 45.8 24.8 3.36
0.2 594 44.6 25.2 3.32
0.3 57.8 431 26.1 3.25

Table 10: Sensitivity to DPO temperature 3. The default
value of 0.1 achieves the best balance across all metrics.

We find that our default choice of 5 = 0.1
achieves the best performance across all metrics.
With 8 = 0.05, the preference signal is too strong,
leading to overfitting on the training preferences
and slightly degraded generalization (CB: 58.2, LP:
43.9). Conversely, larger values of 5 (0.2 and 0.3)
provide insufficient preference signal, resulting in
suboptimal debiasing. Notably, the hallucination
rate (CHAIRs) and general quality score (Score)
follow similar trends, indicating that 5 affects both
debiasing and general capabilities in a consistent
manner. The relatively small performance varia-
tions across reasonable 3 values (0.05-0.2) suggest
that our method is reasonably robust to this hy-
perparameter, which is encouraging for practical
deployment.

Learning Rate. The learning rate is crucial for
training stability, especially when combining pref-
erence optimization with adversarial training. Ta-
ble 11 explores learning rates ranging from 1 x
1077 to 5 x 10~%, spanning two orders of magni-
tude.

At very low learning rates (1 x 10~7), the model
converges very slowly and fails to fully optimize
within 4 epochs, achieving suboptimal performance
(CB: 58.9, LP: 44.2) despite stable training. Our
default learning rate of 5 x 10~7 achieves the
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Learning Rate | CBt LPt | Converged?
1x1077 589 442 | Yes (slow)
5 x 1077 (Default) | 60.7 45.8 Yes
1x10°° 59.8 45.1 Yes
5x107° 543 40.7 | Unstable

Table 11: Sensitivity to learning rate. Our default value
of 5 x 10~7 provides the best trade-off between conver-
gence speed and stability.

best results and stable convergence. Increasing to
1 x 10~% maintains reasonable performance (CB:
59.8, LP: 45.1) but with slightly reduced stabil-
ity. However, pushing to 5 x 1075 causes training
instability, particularly when strong PGD attacks
are introduced in later epochs, resulting in signifi-
cantly degraded performance (CB: 54.3, LP: 40.7).
This sensitivity to higher learning rates highlights
the importance of conservative optimization when
combining adversarial perturbations with prefer-
ence learning. Overall, these results validate our
default choice and suggest that learning rates in the
range [5 x 1077, 1 x 10~%] provide a good balance.

D.4 Training Convergence Analysis

To understand the training dynamics of B-APO,
we visualize the convergence curves throughout
training and compare them with the NaPO base-
line. Figure 4 shows three key metrics tracked
during training: overall training loss, debiasing
performance (average of CB and LP scores on a
validation set), and hallucination rate (CHAIRs on
a validation subset).

Several important patterns emerge from the con-
vergence analysis. First, both B-APO and NaPO ex-
hibit smooth, monotonic decreases in training loss,
indicating stable optimization. However, B-APO
shows slightly faster initial convergence in epochs
1-2, likely because the adversarial samples provide
more informative training signals than masking-
based bias samples. Second, the debiasing per-
formance curve reveals that B-APO maintains a
consistent advantage over NaPO throughout train-
ing, with the gap widening after epoch 2 when
the model has adapted to adversarial conditions.
The introduction of stronger 3-step PGD attacks
in epoch 3 does not cause any instability or perfor-
mance degradation, validating the effectiveness of
our scheduled attack strategy. Third, the hallucina-
tion rate decreases steadily for both methods, but
B-APO achieves lower hallucination rates starting
from epoch 2, suggesting that adversarial debias-

ing inherently encourages more accurate grounding.
The lack of overfitting (no increase in validation
metrics toward the end of training) indicates that 4
epochs is an appropriate training duration. Overall,
these convergence curves demonstrate that B-APO
is well-behaved and stable throughout training, de-
spite the additional complexity introduced by ad-
versarial perturbations.

D.5 Per-Category Performance Analysis

To understand where B-APO’s improvements come
from, we break down the VLind-Bench results by
subcategory. VLind-Bench evaluates two main di-
mensions: Language Prior (LP) across four subcat-
egories and Commonsense Bias (CB) across four
subcategories. Table 12 presents detailed results
for both B-APO and NaPO across all eight subcat-
egories.

NaPO B-APO

Category CB LP | CB LP

Language Prior Subcategories

Color Attributes 42.1 - 44.8 -
Object Counting 38.5 - 40.2 -
Spatial Relations 46.3 - 48.1 -
Action Recognition 49.2 - 51.5 -

Commonsense Bias Subcategories

Physical Properties - 55.8 - 58.3
Scene Understanding - 62.4 - 64.7
Object Functionality - 58.3 - 60.1
Social Context - 59.6 - 61.8
Overall Average | 58.9 44.0 | 60.7 458

Table 12: Per-category performance breakdown on
VLind-Bench. B-APO achieves consistent improve-
ments across all subcategories, with the largest gains
in Color Attributes (+2.7%) and Scene Understanding
(+2.3%).

The results reveal several interesting patterns.
B-APO achieves consistent improvements across
all eight subcategories, demonstrating the broad
applicability of our adversarial debiasing ap-
proach. Among Language Prior subcategories,
the largest improvement comes from Color At-
tributes (+2.7%), where the model must overcome
strong prior assumptions (e.g., grass is green, sky is
blue) to accurately describe image content. Object
Counting shows the smallest improvement (+1.7%),
likely because counting tasks are inherently more
dependent on visual information and less suscep-
tible to language priors. For Commonsense Bias
subcategories, Scene Understanding benefits most
(+2.3%), suggesting that adversarial training par-
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Figure 4: Training convergence curves comparing B-APO and NaPO over 4 epochs. B-APO demonstrates stable
convergence with faster initial progress and higher final performance on debiasing metrics.

ticularly helps the model balance visual context
with textual questions when interpreting complex
scenes. Physical Properties and Object Functional-
ity show moderate but consistent gains (+2.5% and
+1.8% respectively), while Social Context shows
the smallest improvement (+2.2%), possibly be-
cause social reasoning requires more high-level
semantic understanding that is less affected by low-
level modality bias. Overall, the consistency of im-
provements across diverse categories validates that
B-APO addresses fundamental bias mechanisms
rather than exploiting category-specific shortcuts.

D.6 Failure Case Examples

Complementing the quantitative failure analysis in
Section 4.4, we provide representative qualitative
examples for each of the three failure modes.

(1) Over-correction on ambiguous inputs. For
an image of a partially occluded dog behind a fence,
the question “What animal is in the image?” is
answered correctly by the clean-DPO baseline (“A
dog”), whereas B-APO produces an overly hedged
“An animal—possibly a dog—partially obscured
by a vertical structure,” reflecting over-reliance on
fine visual cues when the prior-consistent answer
would have sufficed.

(2) Multi-step reasoning disruption. For a ques-
tion requiring chained reasoning (“If the person on
the left hands the red cup to the person on the right,
how many cups will each hold?””), B-APO some-
times correctly localizes the cups but miscounts,
whereas the baseline produces a coherent but vi-
sually mistaken answer. The adversarial training
appears to disrupt intermediate grounding without
providing a clean bias signal to override.

(3) Counting. As shown in Table 12, Object
Counting exhibits the smallest B-APO improve-
ment. Inspection of errors shows that miscounts
typically occur when target objects are small or
partially overlapping—settings where the bottle-
neck is fine-grained visual localization rather than
a modality shortcut that B-APO’s perturbations can
target.

These observations suggest two promising ex-
tensions: a calibrated gating mechanism that
disables adversarial pressure on questions with
high visual ambiguity, and combining B-APO
with localization-focused auxiliary objectives for
counting-style tasks.

D.7 Attack Transferability

A natural question is whether adversarial examples
crafted for one model transfer to other MLLMs—
which would have implications for dataset reuse
and for broader security considerations. We mea-
sured bias induction rate (fraction of perturbed
inputs on which the target model produces a re-
sponse that passes the same bias filter) when trans-
ferring perturbations generated on LLaVA-v1.5-7B
to other models, without any additional optimiza-
tion.

Target Model | Bias Induction Rate
LLaVA-v1.5-7B (source) 100.0%
LLaVA-v1.5-13B ~65%
InternVL-Chat-V1.5-7B ~30%

Table 13: Transferability of adversarial perturba-
tions generated on LLaVA-v1.5-7B. Transfer within
the LLaVA family is substantially higher than cross-
architecture transfer.

Perturbations transfer well within the same ar-
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chitectural family (LLaVA-7B — LLaVA-13B,
~65%) but degrade sharply across architectures
(LLaVA — InternVL, ~30%). This suggests that
while B-APO-generated bias-induction data may
be partly reusable across model scales within a
family, the most reliable way to apply B-APO to
a new architecture is to regenerate perturbations
for the target model—which our cross-architecture
experiments (Table 2) confirm is both feasible and
effective.

D.8 Computational Cost Analysis

Understanding the computational overhead of B-
APO is important for practical deployment. Ta-
ble 14 provides a detailed breakdown of computa-
tional costs per training batch, comparing B-APO
with the NaPO baseline.

Component | Time/Batch | Memory | Overhead
Forward Pass 0.85s 42GB -
Backward Pass 1.12s 26GB -
Attack Gradient (Vision) 0.31s +3GB +15.7%
Attack Gradient (Text) 0.27s +2GB +13.7%
Bias Filter Evaluation 0.09s +1GB +4.6%
Total (B-APO) 2.64s 74GB +34.0%
Total (NaPO) 1.97s 68GB -

Table 14: Computational cost breakdown per training
batch (batch size 4). B-APO introduces approximately
34% time overhead and 9% memory overhead compared
to NaPO.

The primary computational overhead comes
from computing attack gradients for both vision
and text modalities, which together account for
approximately 29.4% of the additional time cost.
Computing gradients with respect to intermediate
activations (Vy and V) requires additional for-
ward passes to evaluate the KL divergence to tar-
get priors. Bias filter evaluation adds a modest
4.6% overhead, as it only requires forward passes
through the frozen reference model. Memory over-
head is relatively modest at 9% (6GB additional on
an 8xA100 setup), primarily due to storing inter-
mediate gradients during attack computation.

Importantly, our perturbation caching mecha-
nism (described in Appendix B.1) reduces the at-
tack overhead by approximately 40% in practice by
reusing attack directions for similar samples. This
brings the effective time overhead down from 34%
to approximately 20%, making B-APO much more
practical for large-scale training.

Efficiency—Accuracy Trade-off. For resource-
constrained settings we further evaluated a
lightweight configuration that uses 1-step FGSM
throughout training (no PGD switch). This reduces
the total time overhead to roughly 12% at the cost
of a small quality loss (LP 44.9 vs. 45.8, CB 60.2 vs.
60.7). We therefore recommend two deployment
regimes: (i) Full B-APO (FGSM—PGD, caching
enabled, ~20% overhead) when training budget
allows, and (ii) B-APO-lite (FGSM-only, ~12%
overhead) when near-parity with standard prefer-
ence optimization is required. The total training
time of approximately 9 hours for LLaVA-7B on
8xA100 GPUs (compared to 6 hours for NaPO)
represents a reasonable trade-off given the substan-
tial performance improvements on debiasing met-
rics.
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