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ABSTRACT

Large Vision-Language Models (LVLMs) extend large language models with vi-
sual understanding, but remain vulnerable to hallucination, where outputs are
fluent yet inconsistent with images. Recent studies link this issue to language
bias—the tendency of LVLMs to over-rely on text while neglecting visual inputs.
Yet most analyses remain empirical without uncovering its underlying cause. In
this paper, we provide a systematic study of language bias and identify its root in
modality misalignment during training. Our analysis shows that both Visual In-
struction Tuning (VIT) and Direct Preference Optimization (DPO) often prioritize
textual improvements, which may cause LVLMs to overly lean toward language
modeling rather than balanced multimodal understanding. To address this, we pro-
pose two simple yet effective methods: Language Bias Regularization (LBR),
which mitigates language bias through regularization during instruction tuning,
and Language Bias Penalty (LBP), which penalizes language bias in the DPO
training process. Extensive experiments across diverse models and benchmarks
demonstrate the effectiveness of our approach. LBR consistently improves per-
formance on over ten general benchmarks, while LBP significantly reduces hallu-
cination and improves trustworthiness. Together, these methods not only mitigate
language bias but also advance the overall alignment of LVLMs, all without intro-
ducing any additional data or auxiliary models.

1 INTRODUCTION

Vanilla Multimodal Training Process

Over-rely

(language bias)
Text

Hallucinated output

Language Bias Regularization/Penalty

Balanced Focus
Text

Factual output

Figure 1: Existing multimodal training paradigms
(e.g., Visual Instruction Tuning, Direct Preference
Tuning) often exhibit an over-reliance on text,
which leads to language bias. To counter this, we
propose two distinct methods, Language Bias Reg-
ularization and Language Bias Penalty, which en-
courage the LVLM to balance its focus between vi-
sual and textual modalities during training.

The integration of vision into large lan-
guage models (LLMs) has given rise to Large
Vision-Language Models (LVLMs) (Liu
et al., 2023a; 2024c), marking a pivotal step
forward in multimodal artificial intelligence.
However, this significant leap is shadowed by
a persistent and critical challenge: halluci-
nation (Sun et al., 2024; Zhou et al., 2024;
Huang et al., 2024; Bai et al., 2024). This
failure mode, characterized by the generation
of text that contradicts the visual input, funda-
mentally compromises the factual grounding
of these models. Such unfaithfulness to the
visual context not only degrades the reliabil-
ity of LVLMs but also poses a significant bar-
rier to their deployment in high-stakes, real-
world applications.

Most studies (Wang et al., 2024; Yang et al.,
2025; Yu et al., 2024c; Zhang et al., 2024),
attribute LVLM hallucinations to a dominant
language bias, where the model prioritizes
linguistic fluency over visual consistency. A
key manifestation of this bias, as illustrated in
the top panel of Figure 2, is that the model allocates minimal attention to the image when generating
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Baseline

The image features a man wearing a white outfit, 
standing on a snow-covered slope with skis on. He is 
holding ski poles in his hands, and he appears to be 
enjoying his time on the snowy terrain. The man is 
the main focus of the scene, and he is positioned 
towards the right side of the image.
In the background, there are mountains visible, 
adding to the picturesque winter landscape. The 
man's backpack is placed on the snow, slightly 
behind him, and it is positioned towards the right 
side of the image as well.

Prompt: Please help me describe the image in detail.

LBR (ours)

The image features a person wearing a white outfit, 
standing on a snow-covered field with skis on his 
feet. He is holding ski poles in his hands, ready to 
ski across the snowy landscape. The person appears 
to be enjoying the outdoor winter activity. In the 
background, there are mountains visible, adding to 
the picturesque scenery. The skier is also carrying 
a backpack, likely containing essential items for his 
skiing adventure.

Figure 2: Demonstration of LBR’s effect on mitigating language bias and preventing hallucinations.
(Top) The baseline model shows low visual attention, especially on tokens that require strong visual
grounding, resulting in hallucinations. (Bottom) Our LBR method enables the model to allocate
substantially higher attention to these critical visual details, ensuring a factually accurate response.

lengthy responses. This indicates that the model, in essence, disregards the visual input, relying
predominantly on its internal language model. To counteract this, mitigation methods are typically
categorized as either training-free, which focus on post-processing outputs (Chen et al., 2024b; Leng
et al., 2024), or training-based, which address the issue during fine-tuning (Yu et al., 2024a;c; Yang
et al., 2025).

Yet, the current understanding of language bias remains superficial and lacks a systematic, principled
analysis. We address this gap by investigating its root cause, which we identify as a fundamental
misalignment between the linguistic and visual modalities. Resolving this misalignment is crucial
for both the trustworthiness and overall performance of LVLMs. Consequently, rather than focusing
solely on hallucination scenarios, our work adopts a broader perspective to examine the underlying
mechanisms driving this bias.

We begin by analyzing visual instruction tuning, a pivotal stage in aligning LVLMs. The central
objective of this process is to maximize the conditional probability π(y|x, v), where the model is
expected to generate a response y conditioned on both the instruction x and the visual input v.
However, our findings indicate that this paradigm places insufficient emphasis on the visual modal-
ity. In practice, models tend to over-rely on textual information, such that the improvement in the
text-only likelihood π(y|x) rivals—or even exceeds—that of the multimodal likelihood π(y|x, v).
A comparable tendency is also observed in Direct Preference Optimization (DPO) training. To
capture this phenomenon, we formalize the language bias acquired during vision-language align-
ment as ∆π(y|x). Intuitively, this imbalance provides a principled explanation for the emergence
of language bias: LVLMs systematically underutilize visual signals, drifting toward behavior that
resembles conventional language modeling, as illustrated in the top panel of Figure 1.

Building upon this insight, we explore loss function designs specifically targeting language bias. For
visual instruction tuning, we propose Language Bias Regularization (LBR), a simple yet effective
term that encourages the model to focus more on vision-language alignment, thereby improving
overall performance. For DPO training, we introduce the Language Bias Penalty (LBP), which
discourages the model from increasing its reliance on language-only cues and enhances its trustwor-
thiness in visually grounded tasks. As conceptually depicted in Figure 1 (bottom), both our methods
steer the LVLM to balance its focus between the visual and textual modalities during training. In-
tuitively, as shown in the bottom panel of Figure 2, our LBR method enables the LVLM to sustain
robust attention on the visual input, thereby mitigating language bias and hallucinations.

Extensive experiments conducted across multiple models and benchmarks provide strong evidence
for the effectiveness of both LBR and LBP. Specifically, LBR yields consistent performance gains
across more than ten general-purpose benchmarks, while LBP substantially improves model robust-
ness and trustworthiness on multiple hallucination-focused evaluations.
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Furthermore, our targeted human evaluation confirms that both LBR and LBP effectively mitigate
language bias and the resulting hallucinations. Together, these results not only corroborate the effi-
cacy of our proposed methods but also lend empirical support to our analysis regarding the role of
language bias in LVLMs.

In summary, our contributions are threefold:

• We present a novel perspective on modality misalignment in LVLMs. Through rigorous quan-
titative analysis, we uncover the phenomenon of language bias, where LVLMs neglect visual
information and over-rely on internal language priors during multimodal training.

• We introduce Language Bias Regularization (LBR) and Language Bias Penalty (LBP), two
versatile and easily deployable methods that require neither additional models nor external data.
Each method can be seamlessly integrated into its respective stage—LBR into visual instruction
tuning and LBP into DPO training—to effectively mitigate language bias.

• We conduct extensive evaluations across models of varying scales and a wide range of datasets,
demonstrating the effectiveness and strong generalization capability of LBR and LBP. The results
confirm that our methods significantly improve vision-language alignment in LVLMs, while also
providing empirical validation for our analysis of language bias.

2 RELATED WORK

Language Bias and Hallucination in LVLMs. Hallucination (Sun et al., 2024; Zhou et al., 2024;
Huang et al., 2024; Bai et al., 2024), a phenomenon where the model generates linguistically flu-
ent yet visually inconsistent descriptions of image content, stands as a critical challenge in modern
LVLMs. This issue is widely attributed to language bias (Jiang et al., 2025): the tendency of models
to prioritize linguistic patterns over visual faithfulness. While numerous mitigation strategies have
been proposed, spanning instruction fine-tuning (Liu et al., 2024a; Jiang et al., 2024a), preference
learning (Yu et al., 2024b;c; Yang et al., 2025), and improved decoding methods (Leng et al., 2024;
Li et al., 2025), the underlying mechanisms of language bias remain poorly understood. Specifi-
cally, current understanding is predominantly qualitative; the field lacks a formal definition and the
rigorous quantitative analysis required to address the problem at its core.

3 IN-DEPTH ANALYSIS OF LANGUAGE BIAS

3.1 PRELIMINARIES

Visual Instruction Tuning (VIT). Modern LVLMs undergo a two-stage training process: an ini-
tial Pre-Training (PT) for coarse alignment on large-scale image-text pairs, followed by Visual
Instruction Tuning (VIT) for fine-grained alignment on high-quality instruction data. Our analysis
focuses on the VIT stage, as pre-trained models are typically limited to generating a series of short,
descriptive phrases and exhibit minimal language bias (Figure 10).

The VIT objective is to fine-tune the model autoregressively using Maximum Likelihood Estimation
(MLE). Given an image v, an instruction x, and a response y, the loss function is defined as:

LVIT = −
n∑

t=1

log πθ(yt | x, v, y<t), (1)

where θ represents the model parameters, yt is the token at timestep t, y<t are the preceding tokens,
and n is the total length of the response y.

Direct Preference Optimization (DPO). DPO (Rafailov et al., 2024) aligns models with human
preferences directly from preference data, offering a more streamlined alternative to Reinforcement
Learning from Human Feedback (RLHF) (Stiennon et al., 2020; Ouyang et al., 2022), which often
requires a separate and complex reward model. In the multimodal setting, DPO utilizes a preference
dataset D of tuples (x, v, yw, yl), containing a prompt x, an image v, a preferred response (yw), and
a less preferred one (yl). The optimization objective is:

LDPO = − log σ

(
β log

πθ(yw | x, v)
πref(yw | x, v)

− β log
πθ(yl | x, v)
πref(yl | x, v)

)
, (2)
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(a) (b)

Figure 3: Evolution of language bias and reward (defined in Eq. 5) during the training processes of
(a) Visual Instruction Tuning (VIT) and (b) Direct Preference Optimization (DPO).

where πref is the reference model and β controls the policy divergence. However, DPO can suf-
fer from training instability due to reward hacking. To enhance stability, we follow the approach
of (Wang et al., 2024; Jiang et al., 2024b) and incorporate a margin loss.

LMargin = − log σ

(
β log

πθ(yw | x, v)
πref(yw | x, v)

)
. (3)

The final objective combines both losses, which we adopt as our baseline:
LDPOM = LDPO + LMargin. (4)

For simplicity, we refer to this combined objective LDPOM as DPO throughout the rest of the paper
unless specified.

3.2 DECOMPOSE THE TRAINING PROCESS

In this section, we decompose the training process to quantitatively analyze the emergence of lan-
guage bias. Our analysis begins with the VIT stage. We hypothesize that standard conditional
probability-based training may lead the model to neglect visual tokens due to the inherent modality
gap. To test this, we track two key quantities during LLaVA v1.5 7B’s instruction tuning:

RVIT = log
πθ(y | x, v)
πref(y | x, v)

, BVIT = log
πθ(y | x)
πref(y | x)

, (5)

where πref is the pre-VIT reference model. RVIT (reward) measures the gain on the full multimodal
input, while BVIT (bias) measures the gain from text-only conditioning. As shown in Figure 3(a),
their nearly identical trajectories are strong quantitative evidence that the model’s improvement is
text-driven, substantiating the presence of language bias.

Similarly, we extend this analysis to DPO. We track the corresponding multimodal gain (R) and text-
only gain (B) for both the preferred (yw) and rejected (yl) responses in each preference pair. Our
experiments on the RLHF-V dataset reveal a consistent trend (Figure 3(b)). Notably, the text-only
gain for preferred responses (BDPOw

) even outpaces the multimodal gain (RDPOw
), reinforcing that

preference learning can also exacerbate language bias at the expense of visual grounding. Additional
analysis and visualizations of language bias dynamics during training are provided in Appendix D.1.

Motivated by these findings, we formally define language bias as:

B = log
πθ(y | x)
πref(y | x)

. (6)

Intuitively, B quantifies the model’s performance gain from text-only conditioning relative to a ref-
erence model. A high B value indicates a strong reliance on its internal language priors, diminish-
ing the contribution of the visual modality. This bias is a common artifact of multimodal training
paradigms that rely on conditional probabilities, such as VIT and DPO.

4 SIMPLE AND EFFECTIVE MITIGATION OF LANGUAGE BIAS

Building on our quantitative formulation of language bias from Section 3, we introduce two simple
yet highly effective mitigation strategies.

4
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4.1 LANGUAGE BIAS REGULARIZATION FOR VISUAL INSTRUCTION TUNING

As established in our analysis, language bias is minimal after the pre-training stage. Therefore, the
primary goal during Visual Instruction Tuning (VIT) is not to introduce complex new constraints,
but simply to mitigate the excessive growth of language bias. This prevents the model from over-
relying on the linguistic modality at the expense of visual grounding.

To this end, we propose Language Bias Regularization (LBR), which directly penalizes the mag-
nitude of the language bias term B:

LLBR =
∣∣B∣∣ = ∣∣∣∣log πθ(y | x)

πref(y | x)

∣∣∣∣ . (7)

The overall VIT training objective is then updated to include this regularization term:

L′
VIT = LVIT + α · LLBR, (8)

where α is a hyperparameter controlling the regularization strength. By minimizing LLBR, we con-
strain the model’s text-only output distribution (πθ(y | x)) to remain close to that of the reference
model. This simple mechanism effectively suppresses linguistic drift during training and encourages
the model to better utilize visual information.

4.2 LANGUAGE BIAS PENALTY FOR DIRECT PREFERENCE OPTIMIZATION

Unlike the VIT stage where language bias is nascent, DPO begins with a model that has already
acquired language bias from prior instruction tuning. A mild regularizer like LBR is insufficient for
this scenario; a more potent and targeted penalty is needed to actively suppress this existing bias.

Inspired by the DPO loss formulation, we propose the Language Bias Penalty (LBP):

LLBP = − log σ(B) = − log σ

(
β · log πref(y | x)

πθ(y | x)

)
, (9)

where y can be either the chosen (yw) or rejected (yl) response. The updated DPO objective is:

L′
DPO = LDPOM

+ γ · LLBP, (10)

where γ controls the penalty strength. Minimizing LLBP actively pushes the language bias B towards
negative values. This encourages the model to “unlearn” the bias acquired during VIT and strengthen
its reliance on visual information. Crucially, the properties of the sigmoid function σ(·) prevent this
penalty from becoming excessively large, thus maintaining training stability.

5 EXPERIMENTS

5.1 EXPERIMENTAL SETUP

Models and Datasets. Our experiments utilize the LLaVA-v1.5 (Liu et al., 2024b) (7B, 13B) and
LLaVA-NEXT (3B) models. For LBR (VIT), we train all models on the official LLaVA-v1.5 in-
struction tuning dataset, a widely-recognized, open-source dataset for visual instruction tuning. For
LBP (DPO), we use the LLaVA-v1.5 models and train on RLHF-V (Yu et al., 2024a) (5.7K pairs),
supplemented by 1K and 10K pairs from VLFeedback (Li et al., 2024) for scalability analysis.

Evaluation Benchmarks. We evaluate LBR on a comprehensive suite of benchmarks spanning
four key categories: General LVLM Benchmarks, Text-intensive Tasks, Visual QA Tasks, and Im-
age Caption Tasks. For LBP, our evaluation focuses on three hallucination-centric benchmarks:
MMHalBench, AMBER (which comprises both Generative and Discriminative tasks), and Object
HalBench. Further benchmark details are in Appendix B.1.

Baselines. For LBR, we compare against the vanilla VIT baseline. For LBP, We first compare LBP
with DPO variants such as V-DPO (Xie et al., 2024) and MFPO (Jiang et al., 2024b), as they use
the same model and data, allowing for direct comparison. In additional experiments, we compare
with vanilla DPO (with Margin Loss), which shares the same training process, data, and hyper-
parameters as LBR, but with a different learning objective. In addition, we also report results from
several representative models and methods for reference. Further details are in Appendix B.2.

5
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Table 1: Evaluation of our LBR on text-intensive and visual QA benchmarks.

Model Text-intensive Tasks Visual QA Tasks
VQAChart VQAText VQAInfo OCRBench GQA SQAI VisWiz RWQA

LLaVA-1.5-7B 17.1 45.8 21.5 31.6 62.0 66.8 50.1 55.4
LBR (ours) 17.3 46.0 21.7 32.0 62.7 69.4 54.0 54.9
LLaVA-1.5-13B 17.2 48.0 23.7 34.0 63.4 71.5 55.6 54.4
LBR (ours) 17.4 48.1 23.9 34.4 63.6 72.1 55.1 55.2
LLaVA-NEXT-3B 21.1 56.1 25.0 36.8 61.9 71.1 50.5 55.0
LBR (ours) 21.4 57.9 25.9 37.2 62.4 71.5 54.5 55.5

Table 2: Evaluation of our LBR on general LVLM capabilities and image caption benchmarks.

Model General LVLM Benchmarks Image Caption Tasks
MME MMBen Seedi MMMU MMT MMStar CocoCap TextCap

LLaVA-1.5-7B 1490 64.9 66.2 35.7 47.4 33.6 110.6 98.4
LBR (ours) 1525 65.3 65.9 37.2 47.5 33.9 112.1 99.1
LLaVA-1.5-13B 1525 67.1 67.5 36.7 48.8 34.2 112.1 103.9
LBR (ours) 1527 67.3 68.0 37.9 49.5 35.6 112.3 105.2
LLaVA-NEXT-3B 1420 69.2 71.4 39.6 51.7 42.7 109.4 104.0
LBR (ours) 1424 69.4 71.5 38.8 51.7 44.7 111.5 105.8

Implementation. For VIT training, we follow the official training configurations for all LLaVA
models. Key hyperparameters for our methods are set consistently across experiments: the LBR
strength α is 1 × 10−5. For DPO training, we set β = 0.1 and the LBP strength γ is 1. The 7B
model is fully fine-tuned for 3 epochs, while the 13B model is trained for 4 epochs using LoRA (Hu
et al., 2021). Additional implementation details can be found in Appendix B.3.

5.2 MAIN RESULTS

LBR Enhances General LVLM Capabilities. As detailed in Tables 1 and 2, our LBR method
shows consistent improvements across a wide range of tasks. Across the four major categories of
benchmarks—general understanding, text-intensive VQA, visual reasoning, and image captioning—
LBR surpasses the vanilla VIT baseline on the vast majority of metrics. This broad outperformance
validates LBR’s ability to mitigate language bias and foster superior multimodal alignment.

LBP Improves LVLM Trustworthiness. As shown in Table 3, LBP achieves SOTA performance
on key hallucination benchmarks, including MMHalBench, AMBER, and Object HalBench. LBP
consistently outperforms all baselines across both 7B and 13B models, with particularly strong gains
on benchmarks requiring long-form generation. Notably, with just 5.7K preference pairs, our LBP-
aligned LLaVA-v1.5-7B model matches or exceeds the performance of GPT-4V on two sub-tasks
of AMBER and Object HalBench. This advantage is pronounced on the challenging MMHalBench,
where LBP cuts the hallucination rate of LLaVA-v1.5-7B by 27%, a significant margin over com-
peting methods. While LBP was primarily designed for long-form generation, since language bias
is pronounced in longer responses, it remains competitive on short-response discriminative tasks.

LBR and LBP Demonstrate Strong Generalization. Both LBR and LBP show excellent gener-
alization across different settings. For LBR, we validated its performance across three model sizes
and two distinct architectures. For LBP, as shown in Table 4, we confirmed its robustness by test-
ing on varying scales of preference data (1K and 10K samples from VLFeedback), with full results
presented in Table 12. Crucially, both methods achieved these strong results without any changes to
their respective hyperparameters (α and γ), highlighting the robustness of our proposed techniques.

5.3 ABLATION STUDIES

Ablation Study of LBP. We conduct an ablation study to isolate the performance gains of LBP,
comparing it directly against vanilla DPO and DPOM in Table 5 (detailed results are in Table 13).
The results show that LBP consistently outperforms both baselines across nearly all metrics. The
exception is the CHAIR score on the AMBER Generative Task and Object HalBench. We attribute
this anomaly to a flaw in the CHAIR metric, which scores outputs by matching generated object
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Table 3: Main results of benchmarks measuring trustworthiness, where our LBP is trained on
RLHF-V. Note that only methods using the same base model and training data are directly compa-
rable, with the best result in each group highlighted in bold.

Model MMHalBench Generative Task Discriminative Task Object HalBench
Score ↑ HalRate ↓ CHAIRs ↓ Cover. ↑ HalRate ↓ Cog. ↓ Acc. ↑ F1 ↑ CHAIRs ↓ CHAIRi ↓

Referenced Results (Not Directly Comparable)
–Base Models
LLaVA-v1.5-7B (Liu et al., 2024b) 2.07 0.59 8.5 50.5 39.1 4.6 72.0 74.7 53.6 25.2
LLaVA-v1.5-13B (Liu et al., 2024b) 2.36 0.55 8.8 50.2 37.3 4.3 79.3 84.4 46.3 22.6
GPT-4V (Achiam et al., 2023) 3.49 0.28 4.6 67.1 30.7 2.6 83.4 87.4 13.6 7.3
–LLaVA-v1.5-7B-based Baselines
CCA-LLaVA (Xing et al., 2024) 1.92 0.62 8.1 45.9 32.1 4.1 77.7 81.9 46.7 23.8
mDPO (Wang et al., 2024) 2.39 0.54 4.4 52.4 24.5 2.4 – – 35.7 9.8
RLAIF-V (Yu et al., 2024c) 2.95 0.32 3.0 50.3 16.1 1.0 76.8 84.5 10.5 5.2
OPA-DPO (Yang et al., 2025) 2.83 0.45 2.2 47.9 11.6 0.9 – – 13.0 4.3
–LLaVA-v1.5-13B-based Baselines
RLHF-V (Yu et al., 2024b) 2.45 0.51 6.3 46.1 25.1 2.1 72.6 75.0 12.2 7.5
HSA-DPO (Xiao et al., 2024) 2.61 0.48 2.1 47.3 13.4 1.2 80.8 86.1 5.3 3.2
HALVA (Sarkar et al., 2025) 2.84 0.42 6.4 52.6 30.4 3.2 – 86.5 – –
AMP-MEG (Zhang et al., 2024) 3.08 0.37 11.0 53.8 45.8 5.6 79.5 84.6 31.7 20.6

Directly Comparable Results
–LLaVA-v1.5-7B-based Baselines
V-DPO (Xie et al., 2024) 2.16 0.56 5.6 49.7 27.3 2.7 – 81.6 – –
MFPO (Jiang et al., 2024b) 2.69 0.49 4.1 55.7 22.5 1.9 – – 13.4 6.6
LBP (ours) 2.91 0.43 3.5 53.2 18.5 1.6 78.6 86.1 12.3 6.3
–LLaVA-v1.5-13B-based Baselines
MFPO (Jiang et al., 2024b) 2.94 0.42 3.4 56.1 19.4 1.4 – – 11.4 4.6
LBP (ours) 3.01 0.42 3.3 51.5 16.6 1.3 77.0 85.4 10.7 4.2

Table 4: Additional experimental results for
our LBP method on the LLaVA-v1.5-7B model,
trained on the VLFeedback dataset.

Model MMHalBench Generative Task
Score ↑ HalRate ↓ CHAIRs ↓ HalRate ↓

VLFeedback 1K
DPO 2.25 0.59 8.7 41.5
DPOM 2.39 0.56 8.9 41.1
LBP 2.42 0.54 8.0 37.9

VLFeedback 10K
DPO 2.68 0.55 6.3 35.6
DPOM 2.77 0.47 6.2 31.2
LBP 2.82 0.46 6.1 30.5

Table 5: Ablation study of our LBP method on
the LLaVA-v1.5-7B and 13B models, trained on
the RLHF-V dataset.

Model MMHalBench Generative Task
Score ↑ HalRate ↓ CHAIRs ↓ HalRate ↓

LLaVA-v1.5-7B
DPO 2.11 0.66 3.0 21.6
DPOM 2.42 0.54 4.5 25.9
LBP 2.91 0.43 3.5 18.5

LLaVA-v1.5-13B
DPO 2.61 0.53 2.6 18.2
DPOM 2.83 0.46 3.8 19.7
LBP 3.01 0.42 3.3 16.6

words to ground-truth objects. This scoring mechanism is susceptible to reward hacking; models
can artificially inflate their CHAIR score by repeatedly describing a few salient objects in the
image. A more thorough discussion of the CHAIR metric’s limitations is provided in Appendix D.2.

Table 6: Ablation study on different regularization methods
for LBR, conducted on LLaVA-v1.5 7B.

Method MME SQA MMStar OCRBench VQAText CocoCap
L1 (LBR) 1525 69.4 33.9 32.0 46.0 112.1
L1 mean 1493 69.2 33.8 32.0 45.9 112.5
KL 1469 69.8 33.3 31.2 45.5 110.7
Contrastive 1501.2 69.9 33.8 31.7 45.6 111.8

Alternative Regularization Meth-
ods for LBR. To validate our choice
of regularization for LBR, we investi-
gated several alternative strategies on
the LLaVA-v1.5 7B model, beyond
the proposed L1 penalty on sequence-
level language bias. The alternatives
included: (i) an L1 penalty on the
token-averaged language bias (L1-
Mean), (ii) a KL divergence constraint on the text-only output distribution (KL), and (iii) a DPO-
style contrastive objective (Contrastive). Detailed implementation for each method is provided
in Appendix B.4. As shown in Table 6, the proposed sequence-level L1 regularization yields the
most stable and effective performance, confirming its selection as our final approach.

Hyperparameter Sensitivity. Our ablation studies in Figure 4 reveal that LBP is largely insensitive
to its hyperparameter γ, while LBR exhibits greater sensitivity to its hyperparameter α. We illustrate
this by tracking the language bias dynamics during training under different hyperparameter settings,
as visualized in Figure 9 and appendix D.4. For LBR, the plots show that the magnitude of α directly
controls the regularization strength and onset; a larger α applies the constraint more forcefully,
whereas a value as low as 1 × 10−7 provides a negligible effect. In contrast, the penalty from
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(a) (b) (c)

Figure 4: Ablation study on the hyperparameters for LBR and LBP. (a, b) Performance of our LBR
method with varying values of hyperparameter α. An x-axis value of 0 corresponds to the baseline
where α = 0. (c) Performance of our LBP method across different values of hyperparameter γ.

Table 7: Ablation of LBP on several general benchmarks.

Model GQA MMBenchen MME MMStar MMT SQA VQAText VizWiz
LBP 57.3 65.2 1117 34.7 48.6 68.2 44.6 53.3
DPOM 57.6 65.3 1126 34.5 48.4 68.0 44.5 53.1
DPO 55.5 64.7 1088 34.4 48.1 66.4 42.2 45.0

LBP remains highly consistent across a range of γ values, an observation that aligns with its stable
performance on the MMHalBench benchmark.

6 FURTHER ANALYSIS

6.1 IMPACT OF LBP ON GENERAL CAPABILITIES

A well-known challenge in preference learning is the trade-off between improving model trustwor-
thiness and maintaining general capabilities; enhancing alignment often degrades performance on
standard benchmarks. Our LBP method, however, successfully circumvents this issue. As shown in
Table 7, applying LBP not only preserves the model’s overall performance but, in several cases, even
improves it. This finding indicates that LBP’s penalty mechanism is precisely targeted, allowing it
to suppress language bias without causing collateral damage to the model’s foundational abilities.

6.2 HUMAN EVALUATION OF LANGUAGE BIAS

While our previous sections demonstrate broad performance gains, this section focuses on directly
assessing the mitigation of language bias itself. We find that existing automated hallucination bench-
marks are insufficient for this nuanced task, necessitating a targeted human study.

6.2.1 LIMITATIONS OF EXISTING AUTOMATED HALLUCINATIO BENCHMARKS

A key finding of our study is the discrepancy between LBR’s intended purpose—to mitigate lan-
guage bias—and its measured performance on standard hallucination benchmarks. While designed
to improve visual faithfulness, LBR shows only modest gains on benchmarks such as Object Hal-
Bench and MMHalBench (Appendix C.2 and table 14). This discrepancy led us to hypothesize that
existing benchmarks are ill-suited to capture the nuances of language bias. Specifically, a robust
evaluation requires assessing whether a model can maintain its grounding in fine-grained visual
details throughout the course of generating long-form text. Current benchmarks struggle to ade-
quately test this sustained visual faithfulness, a limitation we discuss further in Appendix D.2.

6.2.2 HUMAN EVALUATION PROTOCOL

To overcome the limitations of automated metrics, we conducted a human evaluation. We prompted
the baseline, LBR, and LBP versions of LLaVA-v1.5-7B to generate detailed descriptions for 100
images randomly sampled from the COCO validation dataset (Lin et al., 2014). Following the
AMBER framework, human evaluators then assessed these descriptions for hallucinations across
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Baseline

The scene depicts a yellow bus driving down a street, with the sun setting in the background. The 
bus is positioned in the middle of the image, and it appears to be a public transit bus. There are no 
passengers visible on the bus. On the right side of the image, there are two cars parked on the side 
of the road. The first car is red and is located towards the right edge of the image, while the 
second car is parked further back and is also red. Additionally, there is a fire hydrant on the left 
side of the image, located near the bus.

Prompt: Please help me describe 
the image in detail.

LBP

The scene depicts a yellow bus driving down a street, with a red car parked on the right side of the 
street. The bus is positioned in the middle of the scene, and the car is located towards the right 
side of the image. There are some buildings visible in the background, with one of them having a sign 
on it. The sky can be seen in the background, and the sun is setting, creating a beautiful atmosphere.

Figure 5: A qualitative case study comparing our LBP-aligned model with the DPO baseline.

Table 8: Experimental results generalizing LBP to the Qwen2.5-VL-3B model trained on the RLHF-
V dataset. While the base model is already highly optimized, LBP consistently surpasses standard
DPO under identical training conditions.

Model MMHalBench Generative Task Discriminative Task Object HalBench
Score ↑ HalRate ↓ CHAIRs ↓ Cover. ↑ HalRate ↓ Cog. ↓ Acc. ↑ F1 ↑ CHAIRs ↓ CHAIRi ↓

Qwen2.5-VL-3B 3.28 0.44 8.5 69.5 52.8 6.0 81.5 86.5 13.4 7.7
DPO 2.98 0.49 5.7 58.2 30.3 2.2 81.0 86.4 17.3 8.7
LBP (Ours) 3.07 0.46 5.4 58.0 28.3 2.0 81.2 86.4 17.0 7.6

six dimensions (Existence, Attribute, State, Number, Action, and Relation) and recorded the number
of errors. The full evaluation protocol is detailed in Appendix B.5.

6.2.3 RESULTS AND ANALYSIS
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Sum

0

25

50

75

100

125

150

N
um

be
r

VIT
LBR (ours)
DPO
LBP (ours)

Figure 6: Human evaluation results.

The results of our human evaluation, presented
in Figure 6, provide clear evidence of our meth-
ods’ success. Both LBR and LBP are shown to
effectively mitigate multiple types of hallucina-
tions compared to the baseline. This outcome
validates our core motivation: that explicitly
targeting and reducing language bias is a po-
tent strategy for enhancing the trustworthiness
of LVLMs.

Furthermore, we observe an interesting trade-
off with the vanilla DPO model (relative to the
VIT baseline). While it significantly reduces
Existence-type hallucinations, it concurrently
increases hallucinations across nearly all other categories. This phenomenon serves as further ev-
idence of language bias acquired during DPO training. It suggests the model is learning to mimic
linguistic patterns in the preference data, rather than achieving a deeper, visually grounded under-
standing of the content.

6.3 CASE STUDY

We present a representative case study in Figure 5 to qualitatively illustrate the benefits of LBP. The
baseline model produces a description with several factual inaccuracies. It erroneously claims there
are two cars, describes the position of a non-existent vehicle, and hallucinates a fire hydrant on the
left. According to our evaluation protocol, these errors constitute one Number and one Existence
hallucination. In contrast, the description generated by our LBP-aligned model is factually accurate
and entirely free of such errors. This example vividly demonstrates LBP’s effectiveness in suppress-
ing object hallucinations and producing more trustworthy, visually grounded responses. Additional
case studies of LBR and LBP are provided in Appendix E.
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Table 9: Ablation on LBR regularization scheduling (α) for LLaVA-1.5-7B, comparing Fixed vs.
Cosine Annealing strategies across text-intensive and visual QA benchmarks.

Method Text-intensive Tasks Visual QA Tasks
VQAChart VQAText VQAInfo OCRBench GQA SQAI VisWiz RWQA

VIT (Baseline) 17.1 45.8 21.5 31.6 62.0 66.8 50.1 55.4
LBR (Fixed) 17.3 46.0 21.7 32.0 62.7 69.4 54.0 54.9
LBR (Cosine) 17.4 46.1 21.8 32.0 62.4 69.3 54.0 55.6

Table 10: Ablation study on regularization scheduling strategies (α) for LLaVA-1.5-7B, on General
LVLM and Image Captioning benchmarks.

Method General LVLM Benchmarks Image Caption Tasks
MME MMBen Seedi MMMU MMT MM-Star CocoCap TextCap

VIT (Baseline) 1490 64.9 66.2 35.7 47.4 33.6 110.6 98.4
LBR (Fixed) 1525 65.3 65.9 37.2 47.5 33.9 112.1 99.1
LBR (Cosine) 1526 64.9 66.4 36.9 47.8 33.6 113.3 100.2

6.4 GENERALIZATION TO STATE-OF-THE-ART ARCHITECTURES

To verify scalability, we applied LBP to Qwen2.5-VL-3B on the RLHF-V dataset, maintaining the
same setup as our main experiments. As shown in Table 8, LBP consistently outperforms standard
DPO across benchmarks, confirming effective generalization to the Qwen architecture. Note that
additional training does not universally yield gains over the Base model, which is expected given its
extensive prior alignment (including DPO). However, the critical takeaway is that under identical
training conditions, LBP is superior to DPO. This robustly validates the effectiveness of our
penalty term, even when applied to advanced, highly optimized architectures.

6.5 DYNAMIC SCHEDULING OF REGULARIZATION STRENGTH

We further investigate a dynamic scheduling strategy for the regularization weight α. Insights from
our training dynamics analysis (Appendix D.4) suggest that while a larger α accelerates early bias
suppression, maintaining it may lead to over-constraint as the model converges. To balance this,
we employ a Cosine Annealing schedule, initializing α at 1 × 10−4 and decaying it to 1 × 10−6.
As shown in Tables 9 and 10, this dynamic approach (LBR (Cosine)) achieves superior perfor-
mance across most benchmarks compared to the fixed-weight baseline. These results underscore
the strong potential of our method and highlight adaptive regularization as a promising direction
for future research. However, to maintain the narrative flow, we do not elaborate further on other
dynamic scheduling algorithms in this work. Furthermore, we provide additional detailed analysis
and extended experiments in Appendix D.

7 CONCLUSION

In this work, we systematically analyze language bias in LVLMs, tracing the model’s over-reliance
on its language modality to a core misalignment in training dynamics, where processes like VIT
and DPO often prioritize textual improvements over visual alignment. Based on this finding, we
propose two targeted interventions: Language Bias Regularization (LBR) for VIT and Language
Bias Penalty (LBP) for DPO. Experiments demonstrate that these simple training modifications
consistently improve general capabilities (LBR) and significantly reduce hallucinations (LBP) with-
out introducing any additional data or auxiliary models. Ultimately, this work offers both a deeper
understanding of language bias and a practical path toward more reliable and aligned LVLMs.

ETHICS STATEMENT

In this paper, we propose methods to analyze and mitigate language bias, a key factor contributing
to hallucinations and undermining the trustworthiness of LVLMs. Our work is intended as a posi-
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tive contribution towards developing more reliable and visually grounded AI systems. The core of
our analysis provides a quantitative framework for auditing and understanding how language bias
emerges during training, which we believe serves the broader goal of AI safety and transparency.
We recognize that any deep analysis of model behavior could potentially identify new vulnerabil-
ities; however, our primary contributions, LBR and LBP, are defensive mechanisms designed to
make models more robust against this bias during training. We welcome community feedback on
the responsible development of these techniques.

REPRODUCIBILITY STATEMENT

To ensure full reproducibility, we provide all necessary details in the main paper and the Appen-
dices. Our experimental setup, including the specific models used and their versions, is detailed
in our methodology. The datasets, evaluation benchmarks, and their specific configurations are
provided in the experimental setup section and further detailed in the appendices (Section 5 and ap-
pendix B). All hyperparameters for our core contributions are specified in the main text (Section 5.1)
and detailed in the appendix (Appendix B.3). We have included implementations of our core meth-
ods in the supplementary materials to facilitate early review. Furthermore, upon acceptance, the full
codebase for our analysis and the implementations of LBR and LBP, along with all scripts required
to reproduce our results, will be made publicly available under an MIT license.
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Minesh Mathew, Viraj Bagal, Rubèn Tito, Dimosthenis Karatzas, Ernest Valveny, and CV Jawahar.
Infographicvqa. In Proceedings of the IEEE/CVF Winter Conference on Applications of Computer
Vision (WACV), pp. 1697–1706, 2022.

Long Ouyang, Jeff Wu, Xu Jiang, Diogo Almeida, Carroll L Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray, et al. Training language models to follow
instructions with human feedback. In Proceedings of the 36th International Conference on Neural
Information Processing Systems (NeurIPS), pp. 27730–27744, 2022.

Rafael Rafailov, Archit Sharma, Eric Mitchell, Christopher D Manning, Stefano Ermon, and Chelsea
Finn. Direct preference optimization: Your language model is secretly a reward model. In Pro-
ceedings of the Advances in Neural Information Processing Systems (NeurIPS), 2024.

Anna Rohrbach, Lisa Anne Hendricks, Kaylee Burns, Trevor Darrell, and Kate Saenko. Object
hallucination in image captioning. In Proceedings of the Conference on Empirical Methods in
Natural Language Processing (EMNLP), pp. 4035–4045, 2018.

Pritam Sarkar, Sayna Ebrahimi, Ali Etemad, Ahmad Beirami, Sercan Ö Arık, and Tomas Pfister.
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A THE USE OF LARGE LANGUAGE MODELS

Throughout the preparation of this manuscript, large language models were employed exclusively
for light stylistic refinement, translation, and occasional grammatical adjustments. Every concep-
tual insight, analytical method, and interpretive conclusion originated solely from the authors; no
algorithmic assistance was used for the framing, design, or substance of the scientific work. Full
responsibility for the content and its claims rests with the human authors alone.

B ADDITIONAL EXPERIMENTAL SETUPS

B.1 DETAILS OF BENCHMARKS

We evaluate LBR on a comprehensive suite of benchmarks spanning four key categories: General
LVLM Benchmarks, Text-intensive Tasks, Visual QA Tasks, and Image Caption Tasks.

Text-intensive Tasks. In Table 1, we use abbreviations for the following benchmarks, which test a
model’s ability to understand and reason about dense text within images:

• TextVQA (VQAText) (Singh et al., 2019): A benchmark that requires models to read and
comprehend text in images to answer questions. We report results on the validation split.

• ChartQA (VQAChart) (Masry et al., 2022): A visual question answering dataset focused on
understanding and reasoning about chart images. Evaluation is performed on the human-
generated subset of the test split.

• InfographicVQA (VQAInfo) (Mathew et al., 2022): A dataset for VQA on infographics,
which contain complex layouts, diverse text, and rich visual elements. We evaluate using
the official val split.

• OCRBench (Liu et al., 2023b): A comprehensive benchmark designed to evaluate a
model’s optical character recognition (OCR) and text-centric visual understanding capa-
bilities across a wide variety of scenarios. We report scores on its official test set.

Visual QA Tasks. In Table 1, we use abbreviations for the following benchmarks:

• GQA (Hudson & Manning, 2019): A visual reasoning and compositional question answer-
ing benchmark built on real-world images and their associated scene graphs. We report
scores on the test-dev-balanced split.

• VizWiz (Gurari et al., 2018): A visual question answering dataset sourced from questions
posed by blind and visually impaired individuals about their surroundings. We evaluate on
the validation split.

• ScienceQA (SQAI) (Lu et al., 2022): A large-scale multimodal benchmark featuring
multiple-choice science questions derived from elementary to high school curricula. We
evaluate on the subset of questions that include image context (SQAI) using the test split.

• RealWorldQA (RWQA) (xAI, 2024): RealWorldQA is a benchmark designed for real-
world understanding. The dataset consists of anonymized images taken from vehicles, in
addition to other real-world images. We report results on the official test split.

General LVLM Benchmarks. In Table 2, we use abbreviations for the following benchmarks,
which are designed to provide a comprehensive evaluation of a model’s core multimodal capabilities:

• MME (Fu et al., 2023): A comprehensive benchmark designed to evaluate both the per-
ception and cognition abilities of LVLMs across 14 different sub-tasks. We report the sum
of perception scores.

• MMBench (MMBen) (Liu et al., 2024d): A multi-dimensional benchmark that evaluates
core multimodal capabilities such as perception, reasoning, and attribute recognition using
a circular evaluation strategy. We report results on the English version using the dev split.

• SEED-Bench (Seedi) (Li et al., 2023): A benchmark designed to assess fine-grained
multimodal understanding across 12 evaluation dimensions, such as identifying attributes,
scenes, and relationships. We evaluate on the image-based version (Seedi).
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• MMMU (Yue et al., 2024): A massive, multi-discipline benchmark that requires expert-
level, college-exam-grade knowledge to answer questions spanning six core disciplines,
from science and engineering to art and design. We report results on the validation set.

• MMT-Bench (MMT) (Ying et al., 2024): A benchmark specifically designed for evaluat-
ing multi-turn multimodal conversation and instruction-following capabilities. We report
scores on its official val set.

• MM-Star (Chen et al., 2024a): A challenging benchmark featuring a wide array of ad-
vanced multimodal capabilities, including coarse- and fine-grained perception, logical rea-
soning, and resilience to difficult negative examples. We report the average score across all
sub-tasks.

Image Caption Tasks. In Table 2, we use abbreviations for the following benchmarks, which
evaluate the model’s ability to generate descriptive text for images:

• COCO Captions (CocoCap) (Chen et al., 2015): The standard benchmark for image cap-
tioning on everyday scenes, based on the COCO (Common Objects in Context) dataset.
We report the CIDEr score on the val split.

• TextCap (Sidorov et al., 2020): A challenging captioning benchmark where models must
read and incorporate textual information present in the image to generate a coherent de-
scription. We report the CIDEr score on the val split.

For LBP, our evaluation focuses on the following three hallucination benchmarks:

• MMHalBench (Sun et al., 2024): Following the official protocol, we use GPT-4 (‘gpt-4-
0613’) to assess the overall quality of generated responses on a scale from 0 to 6 and to
calculate the final hallucination rate.

• AMBER (Wang et al., 2023): This benchmark consists of two parts. For the Discrimina-
tive Task, we report Accuracy and F1 scores. For the Generative Task, we use the official
evaluation tool to report a CHAIR score variant, object coverage, rate of hallucinated re-
sponses, and hallucination rate overlapping with human cognition.

• Object HalBench (Rohrbach et al., 2018): Following prior work (Yu et al., 2024b; Wang
et al., 2024; Fu et al., 2025), we report both the response-level (CHAIRs) and mention-
level (CHAIRi) hallucination rates. Object extraction for this metric is performed using
GPT-3.5-Turbo (‘gpt-3.5-turbo-0125’).

B.2 DETAILS OF BASELINES

For LBR, we also provide results from other MLLMs and methods for reference, which are not
directly comparable due to differences in base models and preference data. These methods and
models include GPT-4V (Achiam et al., 2023), RLAIF-V (Yu et al., 2024c), CCA-LLaVA (Xing
et al., 2024), mDPO (Wang et al., 2024), RLHF-V (Yu et al., 2024b), HSA-DPO (Xiao et al., 2024),
AMP-MEG (Zhang et al., 2024), HALVA (Sarkar et al., 2025), and OPA-DPO (Yang et al., 2025).

B.3 IMPLEMENTATION DETAILS

All experiments were conducted on a single server equipped with eight NVIDIA A800-SXM4-80GB
GPUs. To ensure computational efficiency and minimize resource requirements, we pre-computed
and cached the outputs of the reference model before starting our main training runs. This strategy
allows both our LBR and LBP methods to train with VRAM usage nearly identical to that of the
baseline, incurring negligible memory overhead and only a minor increase in training time.

LBR Implementation. For the Visual Instruction Tuning stage with LBR, we followed the official
training procedure of LLaVA. Training the 7B model required 4 GPUs and took approximately 30
hours, while the 13B model utilized 8 GPUs and took about 36 hours. Given that our setup closely
mirrors the standard LLaVA training, we omit a detailed reiteration of common hyperparameters.
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Table 11: Hyper-parameter settings of LBP training.

Hyper-parameters LLaVA-v1.5-7B LLaVA-v1.5-13B
Epoch 3 4
Learning rate 5e-7 1e-6
Batch size 8 8
Optimizer AdamW AdamW
Weight decay 0.01 0.01
Warmup ratio 0.05 0.05
β 0.1 0.1
Bfloat16 True True
LoRA enable False True
LoRA α – 256
LoRA rank – 128

LBP Implementation. For the Direct Preference Optimization stage with LBP, all experiments
were conducted using 4 GPUs. On the RLHF-V dataset, fine-tuning the LLaVA-v1.5-7B model
for 3 epochs took approximately 1.4 hours. Fine-tuning the LLaVA-v1.5-13B model for 4 epochs
required about 2.6 hours. Training times on the larger VLFeedback dataset scale proportionally with
the data size. A comprehensive list of all hyperparameters for LBP is provided in Table 11.

B.4 REGULARIZATION METHOD IMPLEMENTATION

In our ablation study (Table 6), we compared our proposed sequence-level L1 regularization, LLBR =
|B|, against three alternative strategies. Below are the detailed formulations for these alternatives.

1. Token-Averaged L1 Regularization (L1-Mean). This approach normalizes the language bias
by the length of the generated sequence before applying the L1 penalty. The intuition is to regularize
the average language bias per token rather than the cumulative language bias of the entire sequence.
The loss is defined as:

LLBRmean =

∣∣∣∣∣∣ 1|y|
|y|∑
t=1

log
πθ(yt | x, y<t)

πref(yt | x, y<t)

∣∣∣∣∣∣ =
∣∣∣∣ 1|y| log πθ(y | x)

πref(y | x)

∣∣∣∣ . (11)

2. KL Divergence Constraint (KL). This method constrains the text-only output distribution
of the current model, πθ(y|x), to remain close to that of the reference model, πref(y|x). Instead
of the standard KL divergence, we use a penalty function derived from a Taylor approximation of
the reverse KL divergence. This provides a stable and effective constraint. Let d = log πref(y |
x)− log πθ(y | x); the loss is then defined as:

LLBRKL = exp(d)− d− 1. (12)

3. DPO-Style Contrastive Objective (Contrastive). Inspired by Direct Preference Optimization,
this objective reframes the task as encouraging a positive margin between the full multimodal like-
lihood and the text-only likelihood. It aims to ensure that the gain from adding visual information is
maximized. The loss function is defined as:

LLBRcontrastive = − log σ

(
log

πθ(y | x, v)
πref(y | x, v)

− log
πθ(y | x)
πref(y | x)

)
, (13)

where σ(·) is the sigmoid function.

Hyperparameter Selection. For each of the alternative methods above, we performed a series of
validation experiments to select an appropriate weighting hyperparameter. Based on these experi-
ments, the final weights used for the L1-Mean, KL, and Contrastive objectives in our ablation study
(Table 6) were set to 1× 10−2, 1× 10−4, and 1× 10−1, respectively.
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B.5 HUMAN EVALUATION SETUP

To provide a more nuanced assessment of language bias and its mitigation, we designed and executed
a human evaluation study. The protocol was structured as follows:

1. Stimuli and Task Definition. We randomly sampled 100 images from the COCO 2014 vali-
dation split. For each image, the models were given a single, open-ended instruction: "Please
help me describe the image in detail". This prompt was chosen to encourage the
generation of long-form, descriptive text, which provides a rich context for identifying potential
hallucinations.

2. Models. We compared three versions of the LLaVA-v1.5-7B model:

• Baseline: The standard model after completing Visual Instruction Tuning (VIT) and Direct
Preference Tuning (DPO).

• LBR (ours): The baseline model trained with our Language Bias Regularization.
• LBP (ours): The baseline model trained with our Language Bias Penalty.

3. Hallucination Taxonomy and Annotation Rules. Our evaluation is based on a detailed hallu-
cination taxonomy. Three trained human annotators were tasked with identifying and categorizing
errors in the generated text based on the visual evidence. We categorize hallucinations into six types:

• Existence: The model describes objects that do not exist in the image.
• Attribute: Incorrect properties of an object (e.g., color or size) are hallucinated.
• State: The condition or status of an object is incorrectly described (e.g., “open” vs.

“closed”).
• Number: The count of objects is inaccurately stated.
• Action: Actions or activities that are not occurring are mistakenly attributed to objects.
• Relation: False spatial or semantic relationships between objects are generated.

To ensure consistency in annotation, we established the following rules:

1. For an initial Existence hallucination, any subsequent errors concerning the same non-
existent object (e.g., its attributes, state, or relations) are not counted as additional halluci-
nations to avoid penalizing cascading errors.

2. Descriptions that explicitly convey uncertainty (e.g., “it seems like”, “there might be”)
without introducing a concrete factual error are not considered hallucinations.

The final error count for each generated response was determined by a majority vote among the
annotators.

C DETAILED EXPERIMENTAL RESULTS

C.1 DETAILED EXPERIMENTAL RESULTS FOR LBP

C.1.1 DETAILED RESULTS OF ADDITIONAL EXPERIMENTS

Table 12 presents the comprehensive experimental results on the VLFeedback dataset, serving as the
extended version of Table 4 from the main paper. While the main text demonstrated the efficacy of
our method on 1k and 10k subsets, here we further verify its scalability by conducting an additional
experiment using a larger 30k subset.

As shown in the table, LBP consistently outperforms both the standard DPO and the Modified
DPO (DPOM) baselines on this larger scale. Specifically, LBP maintains a clear advantage on
hallucination-centric benchmarks (MMHalBench, AMBER Generative Task, and Object HalBench)
as the dataset size increases, while achieving comparable performance on the Discriminative Task.
These results confirm that our method scales effectively with data size, robustly maintaining its
advantage over competitive baselines.
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Table 12: Detailed experimental results for our LBP method on the LLaVA-v1.5-7B model, trained
on the VLFeedback dataset with varying data scales (1K, 10K, 30K). This table provides a complete
version of the results in Table 4.

Model MMHalBench Generative Task Discriminative Task Object HalBench
Score ↑ HalRate ↓ CHAIRs ↓ Cover. ↑ HalRate ↓ Cog. ↓ Acc. ↑ F1 ↑ CHAIRs ↓ CHAIRi ↓

VLFeedback 1K
DPO 2.25 0.59 8.7 51.4 41.5 5.0 78.2 83.9 56.0 28.5
DPOM 2.39 0.56 8.9 51.5 41.1 5.2 78.2 83.9 55.0 29.1
LBP 2.42 0.54 8.0 51.4 37.9 4.6 77.8 83.5 54.5 27.2

VLFeedback 10K
DPO 2.68 0.55 6.3 53.9 35.6 3.4 77.7 85.6 42.4 22.8
DPOM 2.77 0.47 6.2 53.0 31.2 3.6 80.1 86.3 38.3 21.2
LBP 2.82 0.46 6.1 53.0 30.5 3.0 80.1 86.3 37.1 20.9

VLFeedback 30K
DPO 2.80 0.54 5.8 53.5 31.9 2.7 79.5 85.9 33.5 18.5
DPOM 3.02 0.41 5.7 50.5 27.9 2.8 79.8 85.8 31.2 17.5
LBP 3.05 0.39 5.4 51.1 26.6 2.7 79.9 85.9 30.1 17.1

Table 13: Detailed ablation study of our LBP method on the LLaVA-v1.5-7B and 13B models,
trained on the RLHF-V dataset. This table presents the complete results corresponding to Table 5.

Model MMHalBench Generative Task Discriminative Task Object HalBench
Score ↑ HalRate ↓ CHAIRs ↓ Cover. ↑ HalRate ↓ Cog. ↓ Acc. ↑ F1 ↑ CHAIRs ↓ CHAIRi ↓

LLaVA-v1.5-7B
DPO 2.11 0.66 3.0 52.7 21.6 1.0 78.7 86.0 11.0 5.2
DPOM 2.42 0.54 4.5 53.6 25.9 1.7 78.3 86.0 15.8 8.0
LBP 2.91 0.43 3.5 53.2 18.5 1.6 78.6 86.1 12.3 6.3

LLaVA-v1.5-13B
DPO 2.61 0.53 2.6 51.0 18.2 0.7 76.2 84.9 9.0 4.5
DPOM 2.83 0.46 3.8 52.2 19.7 1.7 76.4 85.1 14.6 7.8
LBP 3.01 0.42 3.3 51.5 16.6 1.3 77.0 85.4 10.7 4.2

C.1.2 DETAILED RESULTS OF ABLATION EXPERIMENTS

Table 13 shows the detailed ablation results using the RLHF-V dataset as the training data, which
is the full version of Table 5. Consistent with our previous findings, LBP outperforms DPO most
benchmarks, except on the the CHAIR-related benchmarks, which suffers from evaluation limita-
tions. We provide a detailed discussion of the limitations of the CHAIR metric in Appendix D.2.

C.2 LBR EVALUATION ON AUTOMATED HALLUCINATION BENCHMARKS

The results of our evaluation on automated hallucination benchmarks are presented in Table 14. The
table shows that our LBR method consistently outperforms the baseline on both Object HalBench
and MMHalBench, although the numerical gains are modest.

D EXTENDED EXPERIMENTS AND SUPPLEMENTARY ANALYSIS

D.1 ADDITIONAL ANALYSIS OF LANGUAGE BIAS DYNAMICS

To demonstrate the pervasiveness of language bias across diverse datasets and model architectures,
we provide additional training dynamics in Figure 7. Specifically, we plot the trajectories of Lan-
guage Bias and Reward during DPO for (a) LLaVA-v1.5-7B trained on the VLFeedback dataset
and (b) Qwen2.5-VL-3B trained on the RLHF-V dataset. The definitions for all metrics remain
consistent with those in Figure 3(b).

The results confirm that the emergence of language bias is a common phenomenon in DPO train-
ing. However, for the more advanced Qwen2.5-VL-3B model (Figure 7(b)), we observe a more
pronounced gap between the multimodal reward (R) and the text-only bias (B) for chosen responses
compared to LLaVA-v1.5. This indicates that while language bias persists, the more advanced ar-
chitecture exhibits a relatively lower degree of reliance on pure language priors.
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Table 14: Object HalBench and MMHalBench evaluation for LBR.

Method Object HalBench MMHalBench
CHAIRs ↓ CHAIRi ↓ Score ↑ HalRate ↓

LBR (ours) 52.2 26.7 2.10 0.57
LLaVA-1.5-7B 54.7 27.6 2.07 0.59

(a) (b)

Figure 7: Evolution of Language Bias and reward during DPO training across different setups. (a)
LLaVA-v1.5-7B trained on the VLFeedback dataset. (b) Qwen2.5-VL-3B trained on the RLHF-V
dataset. The metrics follow the definitions provided in Section 3.

D.2 LIMITATIONS OF AUTOMATED HALLUCINATION BENCHMARKS

Current automated benchmarks for hallucination primarily fall into two categories, both of which
possess significant limitations: those based on object-matching and those using powerful Large
Language Models (LLMs) as judges.

1. Object-Matching Metrics (e.g., CHAIR). Many benchmarks, including the generative tasks
in AMBER (Wang et al., 2023) and Object HalBench (Rohrbach et al., 2018), rely on metrics like
CHAIR. This approach operates by calculating the lexical overlap between object words in a gen-
erated caption and a pre-defined list of ground-truth objects. While straightforward, this method
suffers from two fundamental flaws:

• Incomplete Ground Truth: Annotations are often incomplete, leading to false positives
where correctly identified objects are penalized simply because they are missing from the
ground-truth list. As illustrated in Figure 8, a model might accurately describe a “stove” and
a “bottle”, yet have them flagged as hallucinations because the ground truth only contains
“orange” and “person”.

• Inability to Assess Relational Errors: By focusing only on individual object words, these
metrics cannot detect more complex errors in attributes, states, or the spatial and semantic
relationships between objects.

2. LLM-as-Judge Methods (e.g., MMHalBench). More recent benchmarks like MMHal-
Bench (Sun et al., 2024) leverage powerful LLMs (e.g., GPT-4) as judges to provide a more nu-
anced, semantic evaluation. While this approach can better assess overall coherence and relational
reasoning compared to simple lexical matching, it is not without its own defects. The core issue is
that the LLM judge does not perform a direct analysis of the image. Instead, it typically compares
the generated text against ground-truth captions or annotations. This means the evaluating LLM
lacks genuine visual grounding and can still fail to detect subtle visual inconsistencies or be misled
by descriptions that are linguistically plausible but factually incorrect with respect to the image.

Given that both major types of automated metrics have inherent limitations, we concluded that a
fine-grained human evaluation study (Section 6.2) was necessary to directly and reliably assess the
impact of language bias on model-generated content.
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Model output

The image features a man wearing an orange shirt, standing in a kitchen 
and preparing food. He is using chopsticks to cook noodles in a wok, which 
is placed on a stove. The man appears to be focused on his task.

In addition to the man and the wok, there are two bottles visible in the 
scene. One bottle can be seen on the left side of the image, and the 
other is located on the left edge of the picture. The presence of these 
bottles suggests that the man might be using them for cooking purposes.

Prompt: Please provide a detailed 
description of the image, including its 
visual elements, such as colors, shapes, 
textures, objects, and people.

Ground Truth Words

"orange", "person"

"Hallucinated" Words

"stove", "bottle"

Figure 8: Illustration of the limitations of the CHAIR metric. The model provides a factually correct
description, but objects like “stove” and “bottle” are penalized as hallucinations due to incomplete
ground-truth object annotations.

(a) (b)

Figure 9: Language bias dynamics during training under different hyperparameter settings for LBR
and LBP. (a) For LBR, the regularization effect is sensitive to the hyperparameter α. (b) In contrast,
the penalty from LBP is robust and remains consistent across a range of γ values.

D.3 VISUALIZATION OF TRAINING DYNAMICS

To visualize the training dynamics of language bias under our proposed methods, we tracked the
value of the language bias term, B, throughout the training process. The visualizations for this
analysis are presented in Figure 9.

The experiments were conducted using the LLaVA-v1.5-7B model. For the LBR visualization
(Figure 9 (a)), we tracked its training dynamics across several different values for the hyperparameter
α, comparing them against the baseline where α = 0. For the LBP visualization (Figure 9 (b)), we
similarly tracked its dynamics across a range of values for the hyperparameter γ.

D.4 ROBUSTNESS OF LBP IN LONG-FORM GENERATION

To rigorously quantify the impact of response length on hallucination rates, we extended the AM-
BER Generative Task by employing targeted prompts designed to induce long-form outputs, allow-
ing for a stratified assessment across increasing token length buckets. As detailed in Table 15, while
LBP and the DPO baseline exhibit comparable performance in short-context scenarios (< 64 to-
kens), a distinct divergence emerges as the response length increases; specifically, in long-context
scenarios (128+ tokens), the hallucination rate for DPO escalates sharply (e.g., reaching 24.6 at
length 128), whereas LBP significantly suppresses this upward trend (maintaining the rate at 19.4),
thereby effectively mitigating the ”long-form hallucination” issue exacerbated by language bias.
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Table 15: Stratified analysis of hallucination metrics on the AMBER Generative Task across dif-
ferent output lengths. LBP demonstrates robust performance improvements, particularly in longer
context windows.

Length DPO LBP (Ours)
CHAIR ↓ Cover ↑ Hal ↓ Cog ↓ CHAIR ↓ Cover ↑ Hal ↓ Cog ↓

16 2.0 23.5 2.8 0.3 1.7 23.5 2.5 0.3
32 2.4 35.4 6.8 0.5 2.4 35.9 6.6 0.5
64 3.1 44.0 12.8 0.9 2.7 43.1 11.7 0.6
128 4.3 55.3 24.6 1.7 3.3 55.1 19.4 1.6
256 4.6 56.8 26.2 1.9 3.5 55.9 20.7 1.7

Table 16: Comparison of Informativeness on MMHal-
Bench. LBP achieves the best balance of Score, Halluci-
nation Rate, and Informativeness.

Model Method Score ↑ HalRate ↓ Info. ↑

LLaVA-v1.5-7B

V-DPO 2.16 0.56 0.28
MFPO 2.69 0.49 0.39
DPO 2.11 0.66 0.36
DPOM 2.42 0.54 0.35
LBP (Ours) 2.91 0.43 0.40

LLaVA-v1.5-13B

MFPO 2.94 0.42 0.40
DPO 2.61 0.53 0.40
DPOM 2.83 0.46 0.40
LBP (Ours) 3.01 0.42 0.42

Table 17: Comparison of average
output length and total hallucination
count on human evaluation samples.

Model Avg. Length # Hal ↓
LLaVA-v1.5-7B 114.52 155
LBR (Ours) 118.32 121
DPO 116.77 137
LBP (Ours) 117.36 83

D.5 DETAILED ANALYSIS OF LBP’S IMPACT ON GENERAL CAPABILITIES

To provide a more comprehensive assessment of LBP’s impact on linguistic fluency and response
quality, we present two additional sets of experimental data.

First, we provide supplementary analysis using the Informativeness metric from MMHalBench. The
MMHalBench score (ranging from 0 to 6) is derived from two factors: hallucination status (scores
0–2 indicate hallucination, while 3–6 indicate valid responses) and information richness (higher
scores reflect greater alignment with the ground truth in terms of detail). Informativeness serves as a
specific metric to quantify the fluency and richness of the model’s output. Formally, it is calculated
as:

Informativeness =
Score
3

− (1− HalRate) (14)

Due to space constraints, these results were omitted from the main text. Table 16 presents the
combined results for both the baselines and our ablation settings. Second, we report the average
output length of the models on the 100 samples used for our human evaluation, as shown in Table 17.

The results in these tables demonstrate that LBP achieves not only the lowest Hallucination Rate but
also the highest Informativeness score. This indicates that LBP does not compromise—and in fact
potentially enhances—the model’s general capability and linguistic fluency. Furthermore, the hu-
man evaluation data confirms that our method produces longer average responses with significantly
fewer hallucinations compared to the baseline. These findings collectively demonstrate that LBP
effectively improves trustworthiness without exerting a negative impact on general capabilities.

D.6 IMPACT OF THE VISUAL ENCODER ON LANGUAGE BIAS

We investigated the visual encoder’s role by freezing it during LLaVA-NEXT training. While this
notably degraded general performance (Table 18), validating that unfreezing the encoder is key to
LLaVA-NEXT’s success, it surprisingly had negligible impact on the training dynamics of language
bias. This suggests that language bias stems primarily from the conditional probability training
objective rather than the learnability (plasticity) of the visual encoder itself.
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Table 18: Ablation study on the effect of freezing the vision encoder on LLaVA-NEXT-3B. Un-
freezing the vision encoder generally yields superior performance across most benchmarks.

Model VQAChart VQAText GQA SQAI MME MMBen MMMU MM-Star CocoCap
LLaVA-NEXT-3B 21.1 56.1 61.9 71.1 1420 69.2 39.6 42.7 109.4
w/ Freeze Vision 20.0 54.5 61.9 70.4 1421 68.2 39.6 41.8 108.7

Model output

The image is a photograph of a person walking on a frozen lake with a backpack on 
their back. The person is wearing white clothing and has a red backpack on their back. 
The sky is blue and there are clouds in the background. The lake is surrounded by 
mountains and trees. The photograph is taken in the winter and the snow is frozen. 
The person is walking on the ice with skis and poles. The photograph is taken with a 
wide angle lens and has a shallow depth of field. The image is taken in the morning and 
the light is soft and diffused. The photograph is taken with a digital camera and has a 
high resolution.

Prompt: Describe the details in this photo.

Figure 10: An example of model output after the Pre-Training (PT) stage. At this point, the model’s
generations consist of a series of short, descriptive phrases and exhibit negligible language bias.

Conversely, encoder architecture plays a significant role. As analyzed in Appendix D.1, Qwen2.5-
VL exhibits a naturally lower tendency for language bias compared to LLaVA-v1.5, likely due to
its redesigned, more powerful Vision Transformer. Although proprietary constraints prevent direct
LBR testing on Qwen, the demonstrated effectiveness of LBP (Table 8) confirms that residual bias
exists in these advanced models. Thus, we infer that LBR would likely remain effective in further
optimizing Qwen’s instruction tuning.

E MORE CASE STUDIES

E.1 MODEL BEHAVIOR AFTER PRE-TRAINING

As mentioned in the main text, our analysis focuses on the Visual Instruction Tuning (VIT) stage
rather than the initial Pre-Training (PT) stage. Figure 10 provides the justification for this focus. It
illustrates that after the PT stage, the model’s capabilities are limited to generating short, descriptive
captions. Critically, at this stage, the model exhibits only minimal language bias. The emergence
and growth of this bias primarily occur during the subsequent VIT process, which is why our work
concentrates on analyzing and mitigating its effects during that phase.

E.2 QUALITATIVE COMPARISON OF LBR AND BASELINE ON HUMAN EVALUATION

In this section, we present several case studies from our human evaluation (Section 6.2) to quali-
tatively demonstrate how our LBR method mitigates language bias compared to the baseline VIT-
trained model. The following examples are illustrated in Figure 11.

• Case 1 (Complex Scene): The baseline model’s description of the first image contains
multiple hallucinations. It incorrectly claims a man and a baby are holding cell phones
(two Action hallucinations), states there are two laptops and one book on the table (two
Number hallucinations), and describes a non-existent chair in the background (one Exis-
tence hallucination). In contrast, the description from our LBR-trained model contains no
hallucinations.

• Case 2 (Object Identification): In the second example, the baseline model incorrectly
identifies an object in the woman’s hand as a “handbag”, resulting in an Existence hallu-
cination. The LBR-trained model correctly describes the object and does not produce any
errors.

• Case 3 (Object Existence): For the third image, the baseline model hallucinates two non-
existent objects, describing “paper rolls” next to the toilet and a “sink” in the scene (two
Existence hallucinations). Again, the LBR-trained model’s description is free of these hal-
lucinations.
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Baseline

The image features a man sitting at a dining table with a baby in his arms. The man is holding a cell phone, possibly showing 
the baby something on the screen. The baby is also holding a cell phone, which is placed in front of them. There are two 
laptops on the table, one on the left side and another on the right side. A book is also present on the table, located near 
the right side of the scene. A chair can be seen in the background, positioned behind the man and the baby

Prompt: Please help me describe the 
image in detail.

LBR

The image features a man sitting at a dining table, holding a baby in his arms. The man is looking at a laptop computer 
placed on the table in front of him. The baby appears to be smiling, enjoying the moment. There are several books 
scattered around the table, with one near the laptop and another close to the edge of the table. A cell phone can also be 
seen on the table, possibly belonging to the man or the baby. The scene captures a heartwarming moment between the man 
and the baby, as they spend time together in a comfortable setting.

Baseline

The image features a woman sitting on a chair, wearing a blue dress. She is holding a brown handbag in her lap, possibly 
resting her hand on it. The woman appears to be looking down, possibly deep in thought or contemplating something. The 
chair she is sitting on is positioned in the center of the scene, and the woman is the main focus of the image. The room she 
is in has a window, which can be seen in the background, providing natural light to the space.

Prompt: Please help me describe the 
image in detail.

LBR

The image features a woman sitting on a chair in a room, wearing a blue dress. She is holding a large, decorative vase in her
hands, possibly admiring it or preparing to place it somewhere. The room has a wooden floor, and there is a window nearby, 
allowing natural light to enter the space. The woman appears to be the main focus of the scene, and her attire and the vase 
she holds contribute to the overall atmosphere of the room.

Prompt: Please help me describe the 
image in detail.

Baseline

The image features a white toilet situated in a bathroom stall. The toilet is positioned in the center of the scene, with the
lid up. The bathroom appears to be clean and well-maintained. In addition to the toilet, there are two toilet paper rolls
placed on the floor, one near the left side of the toilet and the other closer to the right side. The bathroom also has a sink, 
which is located on the right side of the toilet.

LBR

The image features a small, white toilet situated in a bathroom. The toilet is positioned in the corner of the room, with a 
tile floor surrounding it. The bathroom appears to be clean and well-maintained. In addition to the toilet, there is a toilet 
brush placed nearby, ready for use. The overall scene gives the impression of a functional and tidy bathroom.

Figure 11: Qualitative case studies from our human evaluation, showcasing the benefits of LBR.
The figure compares image descriptions generated by the LLaVA-v1.5-7B model trained with LBR
against a standard VIT baseline. Hallucinated text produced by the model is highlighted in red.

These side-by-side examples provide a clear, intuitive demonstration of LBR’s ability to mitigate
language bias, leading to a significant reduction in generated hallucinatory content.

E.3 QUALITATIVE COMPARISON OF LBP AND DPO ON MMHALBENCH

To qualitatively demonstrate the advantages of LBP over a standard DPO baseline, we present a
series of case studies from the MMHalBench benchmark. We compare the LLaVA-v1.5-7B model
fine-tuned with LBP against the same model fine-tuned with DPO, both using the RLHF-V dataset.
Figure 12 illustrates examples from the four question-answering tasks (Counting, Environment, At-
tribute, and Adversarial), while Figure 12 presents three examples from the long-form Holistic de-
scription task.

As shown in Figure 12, when presented with targeted questions, the DPO-trained model frequently
provides incorrect answers or, even when correct, includes extraneous and irrelevant details that are
inconsistent with the image. In contrast, the model trained with our LBP method responds accurately
and concisely, without generating superfluous or factually incorrect text.

The distinction is also clear in long-form generation, as shown in Figure 12. The DPO-trained
model is prone to errors in specific details. Moreover, as its response lengthens, the error rate
tends to increase, in some cases leading to the generation of nonsensical text. Conversely, the LBP-
aligned model can describe the image accurately and comprehensively, with a significantly lower
propensity for hallucination. It maintains a high degree of factual reliability even when generating
long responses.

Taken together, these examples provide a clear, intuitive illustration of how LBP enhances the trust-
worthiness and visual grounding of LVLMs compared to a standard DPO baseline.
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Baseline

In the image, there are at least seven zebras, with five of them facing forward and two of them facing backward.

Prompt: How many zebras are there in 
the image?

LBP

There are six zebras in the image.

Baseline

In the image, there are four books with red, brown, and beige colors, and four books with red, brown, and pink colors. 
There are also two books with red, brown, and pink colors, and two books with red, brown, and beige colors. In total, 
there are eight books with red, brown, and pink colors, and four books with red, brown, and beige colors.

Prompt:What color are these books?

LBP

The books in the image are red, brown, and white.

Baseline

The photo is taken outdoors, as the carpet in the image is light brown and appears to be a carpeted floor.

Prompt: Is this photo taken indoors or 
outdoors?

LBP

The photo is taken indoors, as the carpet appears to be clean and well-maintained.

Baseline

No one is sitting on the bench in the image, but there are two black metal benches visible in the picture. One of the 
black metal benches has graffiti on it.

Prompt:Who is sitting on the bench?

LBP

No one is sitting on the bench.

Baseline

In the image, there is a close-up view of a person's left and right hands, with the left hand having a ring on the ring 
finger, and the right hand having a ring on the ring finger as well. The left hand has a ring on the ring finger, and the 
right hand also has a ring on the ring finger, with the ring on the left hand having a reddish-brown color, while the 
ring on the right hand is silver and gold. The person's skin is visible, and the image is in black and white, except for 
the person's skin, which is in color. The person is wearing a black shirt, and the image is in black and white, except 
for the person's skin, which is in color.

Prompt: Describe the details in this 
photo.

LBP

In the image, a man and a woman are standing close to each other, with the woman's hand placed on top of the man's 
hand. The woman is wearing a wedding ring on her left ring finger, and the man is wearing a wedding ring on his left 
ring finger as well. The woman is wearing a white dress, and the man is wearing a black shirt.

Baseline

The image is a black and white photo of a city street on a rainy day, with a sidewalk on the left side of the image. 
The sidewalk is wet due to the rain, and there is a street on the right side of the image. On the right side of the 
image, there is a set of stairs with four steps and a red fire hydrant visible in the background. There are trees on 
the left side of the image, with some of them being leafless.

On the right side of the image, there is a road with a car on it, and the road appears to be wet. There are four 
street signs on the right side of the image, with two of them located on the right side of the image, and the other 
two located on the left side of the image. 

Prompt: Describe the details in this 
photo.

LBP

The image depicts a rainy day in a city, with a wet street reflecting the surrounding environment. The street is lined 
with trees, creating a pleasant atmosphere despite the rain. There are several cars parked along the side of the 
street, and a bus can be seen further down the road.

In addition to the vehicles, there are a few pedestrians walking along the sidewalk, some of whom are carrying 
umbrellas to shield themselves from the rain. A fire hydrant is also visible on the sidewalk, adding to the urban 
setting. Overall, the scene captures the essence of a typical rainy day in a city, with people going about their daily 
routines despite the wet conditions.

Figure 12: Qualitative examples from MMHalBench comparing our LBP-aligned model against
the DPO baseline across a range of short-form (e.g., Counting, Attribute) and long-form (Holistic)
tasks. In these examples, correctly identified details are highlighted in green, while hallucinations
are highlighted in red.
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