
Direct Preference Optimization for Perceptual

Alignment via Vision-Language Consistency

Seungyeon Lee1 and Dong-Gyu Lee1 ?

Department of Artificial Intelligence, Kyungpook National University,
Daegu, Republic of Korea

{statai3237,dglee}@knu.ac.kr

Abstract. Recent advances in Large Vision Language Models (LVLMs)
have led to interest in alignment methods such as Direct Preference
Optimization (DPO), which improves multi-modal instruction following
without costly supervision or explicit reward modeling. However, pre-
vious attempts to improve DPO through data augmentation and pref-
erence ranking fall short of bridging vision-language perceptual gaps,
limiting consistent multi-modal alignment. In this paper, we propose
a novel Vision-Language Consistency based Direct Preference

Optimization (VLC-DPO), which automatically constructs prefer-
ence data and leverages consistent information from visual inputs and
corresponding textual descriptions as alignment signals. The VLC-DPO
consists of three key components: (1) an initial response generation that
produces image- and description-based responses to bridge the modal-
ity gap in LVLMs by capturing complementary aspects of visual un-
derstanding, (2) a preference data construction via vision-language con-
sistency score that automatically selects high-quality preference pairs
based on response consistency, and (3) a VLC-DPO training that uses
consistency-based implicit rewards to optimize preferences, assigning dy-
namic weights to less image-related or distant samples to improve DPO
learning. Extensive experiments on hallucination mitigation and zero-
shot VQA demonstrate the e↵ectiveness of our method, which outper-
forms existing approaches.

Keywords: Vision-Language Consistency · Direct Preference Optimiza-
tion · Vision-Language Model

1 Introduction

Large Vision Language Models (LVLMs) have significantly improved visual com-
prehension with language instruction following ability across a wide range of
multi-modal tasks such as visual question answering (VQA), hallucination miti-
gation [47,2,19]. Despite these advances, LVLMs are prone to generating plausi-
ble responses that include unnecessary or contextually irrelevant content, result-
ing in outputs misaligned with user preferences [51,46]. Addressing these issues
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Fig. 1. Comparison between image-based and description-based responses from the
same LVLMs. Although the image shows that the left door of the truck is open, the
image-based response incorrectly states that the right door is open. In contrast, the
description-based response directly identifies the left door. The example shows that it
occurs due to the discrepancy in information contained in the visual-language model.

involves improving instruction-following capabilities, which in turn requires high-
quality data collection and training, both of which demand substantial time and
resources [45,40]. Recent research has increasingly investigated alignment tech-
niques aimed at reducing reliance on high-quality labeled data and costly reward
models, including those employed in reinforcement learning with human feedback
(RLHF) [37,42].

A representative approach is Direct Preference Optimization (DPO) [26],
which aligns models directly to preference data without the need for explicit
reward modeling or reinforcement learning. In an e↵ort to improve the perfor-
mance and preference alignment quality of DPO, researchers have investigated
methods for augmenting training data, including the use of synthetic variations
and the integration of AI-generated preferences and rankings [24,42,20].

While prior studies have shown promising results, a key challenge remains:
perceptual discrepancies between vision and language modalities, referring to
the distinct methods each modality uses to represent and interpret the same
information. The discrepancies cause inconsistencies and distortions in prefer-
ence alignment, undermining the multi-modal understanding and reliability of
the model [49,50,4]. As shown in Figure 1, existing LVLMs generate inconsis-
tent outputs when responding to an image input versus a text description of
the same content. These inconsistent results demonstrate that modality-specific
di↵erences in interpretation reduce the reliability and interpretability of model
outputs. In light of these observations, the presence of unaddressed modality-
specific discrepancies in the training data distorts preference signals, causing
suboptimal alignment and degraded model performance.

Motivated by these limitations, we propose a novel Vision-Language Con-
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sistency based Direct Preference Optimization (VLC-DPO) method
that optimizes preferences using open-source LVLMs while ensuring consistency
between the vision and language modalities. Specifically, VLC-DPO integrates
visual and language-based representations by converting visual inputs into ex-
plicit textual descriptions and leveraging modality-consistency to guide pref-
erence optimization. The proposed VLC-DPO method consists of three main
components: (1) Initial Response Generation obtains information from two
modalities: it generates an image-based response using the input image and
instruction, and a description-based response by producing a detailed caption
from the image, then generating a response based on that caption. (2) Pref-
erence data construction via vision-language consistency score (VLC
score) involves selecting automatically consistent response pairs using a new
proposed VLC score, which measures the consistency between image-based and
description-based outputs and their relevance with the input image. (3) VLC-
DPO training aims to optimize preference using a self-generated preference
pair dataset. The VLC-DPO objective assigns stronger penalties to preference
pair when the two candidates exhibit substantial di↵erences in vision-language
consistency or image-text alignment. To steer the model e↵ectively away from
generating incoherent or irrelevant outputs.

We conduct extensive experiments on four hallucination mitigation bench-
marks: MMHal-Bench [31], Object HalBench [27], AMBER [35], and POPE [16],
and two VQA benchmarks: A-OKVQA [29], OK-VQA [22]. In the experiments,
the VLC-DPO achieves state-of-the-art performance on the hallucination bench-
marks AMBER and POPE, surpassing existing methods. Moreover, our ap-
proach outperforms prior methods in the zero-shot VQA setting, achieving a
15.1% relative improvement on A-OKVQA and a 5.3% gain on OK-VQA.
The main contributions are summarized as follows:

– We propose a novel VLC-DPO that leverages multi-modal consistency be-
tween vision and language to optimize the learning of response preference
without any human-written data, ground-truth labels, or using a proprietary
model.

– We introduce a new VLC score that jointly evaluates inter-response consis-
tency and image-grounded relevance, enabling the automatic and scalable
collection of high-quality preference pairs.

– We conduct comprehensive experiments to demonstrate the e↵ectiveness of
our proposed method across both hallucination mitigation, as well as zero-
shot VQA tasks.

2 Related Work

2.1 Direct preference optimization in LVLMs

Direct preference optimization in LVLMs aims to align model outputs with
human-like preferences of multi-modal responses. Wang et al. [34] introduces
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mDPO, which prevents the decrease in response probability by introducing a re-
ward anchor that forces the reward for the selected response to be positive. SeVa
[53] proposes an unsupervised preference-ranking framework that constructs cho-
sen and rejected responses from original-augmented image pairs, enabling ro-
bust answer learning via DPO training. Deng et al. [5] conduct self-training
to generate preference data from unlabeled images and enhance reasoning with
self-generated descriptions appended to instruction-tuning prompts. RLAIF-V
[45] aligns LVLMs using iterative feedback of open-source models generated via
a deconfounded divide-and-conquer approach. OPA-DPO [42] proposes as an
on-policy alignment framework to correct hallucination responses by leveraging
expert feedback and to align original responses with expert-corrected responses
in an on-policy manner. HSA-DPO [37] presents a detect-and-rewrite pipeline
using a proprietary model and introduce a hallucination severity-aware DPO
that incorporates the severity of hallucinations into training. Compared to prior
studies, we leverage vision-language consistency to construct high-reliability data
and use consistency and image-text matching as adaptive reward signals.

2.2 Inconsistency in Vision-Language Modalities

Ensuring consistent responses from LVLMs is increasingly recognized as a cru-
cial factor for building reliable and trustworthy systems [49,13,50]. Zhang et al.
[50] point out that inconsistent responses from LVLMs to diverse prompts re-
duce user trust, and construct discriminative prompts based on low-confidence
words. Wang et al. [33] suggest a caption bridge-based cross-modality alignment
and contrastive learning model that leverages auxiliary captions closely related
to visual information to reduce the semantic gap between vision and language
modalities. Li et al. [15] use a visual description module to generate object-level
and image-level text, enriching semantic information and reducing the modality
gap by providing detailed descriptions. OmniCaptioner [21] bridges the vision-
language modalities gap by generating fine-grained textual descriptions across
diverse visual domains. KnowAda [43] addresses the modality gap through a
data-centric fine-tuning method that adapts captions to an existing knowledge
of model, e↵ective reducing hallucinations while preserving descriptiveness. In
this work, we construct training data for DPO using a newly proposed VLC
score, which comprehensively evaluates both vision-language consistency and
image-text alignment to select reliable preference pairs.

3 Method

3.1 Problem Definition

We consider the preference optimization task in vision-language response gener-
ation to mitigate hallucination. Given an initial set of responses D = {RI , RT }
generated from two modalities (image, text), the proposed method is able to
automatically construct preference pairs by leveraging a VLC score. We assess
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Fig. 2. Our proposed VLC-DPO consists of three main components: (1) Initial response
generation from vision-language modalities, (2) Preference Data Construction via VLC
Score, and (3) Preference optimization for VLC-DPO training using self-generated
preference data pairs.

the degree of consistency and semantic alignment between the responses and
their corresponding visual-textual inputs. The VLC-DPO training objective is
to apply the magnitude of discrepancy in consistency and alignment between
response pairs to enforce adaptive penalties. The overall flow of our proposed
VLC-DPO is shown in Figure 2.

3.2 Preliminaries

Direct Preference Optimization. Direct Preference Optimization (DPO)
[26] is a recently utilized alternative to traditional RLHF that simplifies the
training pipeline without explicit reward modeling and reinforcement learning.
DPO directly fine-tunes a policy model using preference data instead of opti-
mizing a reward function. DPO optimizes a likelihood-based loss function that
encourages the policy to prefer responses judged favorable by humans. Given
a dataset of pairwise preference D = {x, yw, yl}, where yw is the preferred re-
sponse and yl the dispreferred one for input x. DPO seeks to optimize policy ⇡

by maximizing the relative log-likelihood of the preferred responses relative to
the dispreferred ones.
The DPO objective function is as follows:

LDPO(⇡✓;⇡ref) =� E(x,yw,yl)⇠D

h
log �

⇣
� log ⇡✓(yw|x)

⇡ref(yw|x)

� � log ⇡✓(yl|x)
⇡ref(yl|x)

⌘i
, (1)

log ⇡(y|x) is formulated as:
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log ⇡(y|x) =
X

yi2y

log p(yi|x, y<i), (2)

Here, ⇡✓ is the current policy model parameterized by ✓, and ⇡ref is a fixed
reference model. The The � is a hyperparameter that controls how strongly the
new policy deviates from the reference policy. The � is a sigmoid function that
maps the scaled log-likelihood di↵erence to a probability, enabling preference
learning as a binary classification task.

3.3 Initial Response Generation

In this paper, we introduce a method to build preference data for VLC-DPO
training using open-source LVLMs, rather than using human-written or propri-
etary models (e.g., GPT-4V). We use a portion of the RLAIF-V [45] dataset
to generate image and description-based responses. First, given an input im-
age Ii, we generate the corresponding response RIi by using the open-source
model LLaVA-1.5 [19], which is designed to elicit an instruction-aware response.
Then, for each image Ii, we generate a detailed description Di using LVLMs.
The Di and instructions are then used as input to a language-only model, such
as Llama 2 [32], to produce the final text-based response RTi . Description-based
responses serve as intermediate representations to connect visual and textual
modalities, performing the role of bridging the gap between the multi-modal,
following the approach of prior works [33,7]. We build an initial set of responses
D = {RIi , RTi}Ni using image and text-based responses, where N is the total
number of data.

3.4 Preference Data Construction via Vision-Language Consistency

In this phase, we introduce a vision-language consistency based data selection
method for constructing preference data pairs from responses obtained for images
and text. We present a new VLC score (SVLC) by synthesizing vision-language
semantic consistency (SSC) and image-text matching (SITM) scores. The pro-
posed VLC score is employed during data construction to evaluate the semantic
consistency and image-text matching scores, e↵ectively filtering out inaccurate
captions and reducing the risk of misleading training feedback.

Semantic Consistency of Each Response. We evaluate sentence-level se-
mantic consistency to filter out inconsistent image- and text-based responses
from the initial response set D. Specifically, we employ a model pre-trained
on natural language inference datasets to estimate the semantic relationship be-
tween sentence pairs 1. Based on prior observations that low semantic consistency
is associated with instability or hallucinated outputs [1,9,25], the resulting score
is used to remove semantically inconsistent response pairs. Given two responses
r1 and r2, we denote their respective token embedding matrices as H1 2 RL1⇥d

1
https://huggingface.co/sentence-transformers/nli-mpnet-base-v2

https://huggingface.co/sentence-transformers/nli-mpnet-base-v2


VLC-DPO 7

andH2 2 RL2⇥d, where Li is the token length of response and d is the embedding
dimension. The corresponding attention masks are given as m1,m2 2 {0, 1}Li .
We compute sentence embeddings e1 and e2 as the attention-weighted mean of
token embeddings:

ei =

PLi

j=1 m
j
i · h

j
iPLi

j=1 m
j
i

, for i 2 {1, 2} (3)

where h
j
i is the embedding of the j-th token in response ri, and m

j
i is the

corresponding attention mask.
Finally, the semantic consistency score SSC between two responses is computed
as the cosine similarity of their embeddings:

SSC =
e1 · e2

||e1|| · ||e2||
(4)

Image-Text Matching Score. The image-text matching score is calculated
using the weights of a pre-trained model that predicts the likelihood of an an-
swer given an image and a question, which combines the image encoder CLIP
and Flan-T5 with an encoder-decoder structure [18]. To evaluate the overall
alignment between an image and a response, we decompose the response into
individual sentences and compute the alignment score for each sentence. Specif-
ically, for a given image I and a set of sentences {s1, s2, · · · , sn} extracted from
the response, we compute the generative likelihood of answering “yes” to a ques-
tion derived from each sentence. The image-text matching score SITM is obtained
by summing the individual sentence-level scores and dividing by the number of
sentences:

SITM =
1

n

nX

i=1

P (“yes”|I,Q(si)) (5)

Here, Q(si) is a natural language question derived from the sentence si, using
the prompt template following [18], where question prompt is “Does this fig-
ure show si? Please answer yes or no”. The SITM allows for assessing whether
the image semantically supports each sentence from the response, enabling fine-
grained alignment scoring.

Vision-Language Consistency Score. We present a new VLC score that
combines inter-response semantic consistency with image-text matching scores
to generate high-quality preference data pairs. We begin by considering response
pairs whose mutual consistency exceeds a pre-defined ⌧ and assign a final score
based on how closely each response aligns with the given image.

SVLC =

(
↵ · SSC + (1� ↵) · SITM, if SSC � ⌧

0, otherwise
(6)



8 Lee et al.

where ↵ adjusts the balance between SSC and SITM, and ⌧ is the threshold of the
consistency score. The SVLC reflects the internal agreement between responses
and their individual relevance to the image. We ensure that selected responses
are coherent and grounded in visual content by enforcing thresholds on both
consistency and the composite score. We compute SVLC for each RI and RT

pair to obtain a final response score, as referred to S
I
VLC and S

T
VLC. We con-

struct a preference pair where the response with a higher score is Rchosen, and
the response with a lower score is Rrejected. To e↵ectively optimize DPO training,
it is crucial to construct high-confidence response pairs in which the distinction
in rewards between the chosen and rejected responses is unambiguous [52,20,30].
That is, ensuring a su�ciently meaningful preference margin during DPO data
construction helps the model better distinguish between chosen and rejected re-
sponses and contributes to more stable optimization [28,5]. To this end, we adopt
a strategy of intentionally injecting noise into responses with relatively low scores
when the scores of two responses are excessively similar. As part of our noise
injection strategy, we perturb the response by randomly replacing words, mask-
ing words, or shu✏ing word order within the sentence. These perturbations are
designed to slightly degrade the response quality while preserving grammatically
and overall plausibility, rather than producing broken or nonsensical sentences.
This noise injection strategy ensures that rejected responses have lower scores
than the chosen responses, resulting in a clearer reward margin between the two
responses.

3.5 VLC-DPO Training

We now conduct preference training using the automatically generated prefer-
ence pair data based on VLC scores. To train VLC-DPO, we simply modify the
standard DPO objective function in Eq. 1 to adjust the penalty using VLC score.
The VLC-DPO adaptively optimizes preference by increasing the log-likelihood
of chosen response yw and decreasing the log-likelihood of rejected response yl. In
detail, our proposed method for VLC-DPO utilizes the di↵erence in VLC scores
as a consistency signal between S

I
VLC and S

T
VLC to assign a penalty with a large

score di↵erence. We adaptively incorporate the di↵erence in VLC scores into the
implicit reward model of DPO, so that responses with larger discrepancies in
VLC scores receive stronger penalties. In this way, VLC-DPO encourages the
model to prefer chosen responses, particularly those that higher consistency or
semantic alignment. The proposed VLC-DPO method adjusts the contribution
of each preference pair during optimization based on the di↵erence score of VLC
score as |wc|. The continuous |wc| is the absolute value of the di↵erence between
S
I
VLC and S

T
VLC.

LVLC-DPO(⇡✓;⇡ref) =

� E(x,yw,yl)⇠D

"
log �

 
� log

⇡✓(yw|x)
⇡ref(yw|x)

� |wc| · � log
⇡✓(yl|x)
⇡ref(yl|x)

!#
, (7)
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where |wc| is the absolute value of the di↵erence between S
I
VLC and S

T
VLC. The

|wc| is scaled by 10 to amplify its role as a penalty during training, while being
capped at a maximum of 3 to preserve optimization stability. The penalty value
serves to suppress responses that lack consistency or relevance. We report the
e↵ectiveness of the VLC score in detail in Section 4.5 and the Appendix.

4 Experiments

4.1 Datasets

In the training, we construct a self-generated preference dataset by extracting
16k image-instruction pairs from the RLAIF-V [45] dataset, to accommodate
a diverse range of knowledge sources2. After filtering, we use 11.5k (approxi-
mately 72%) preference pairs for training. We evaluate the performance of our
proposed VLC-DPO against other baseline models on four hallucination bench-
marks: MMHal-Bench [31], Object HalBench [27], AMBER [35], and POPE [16].
We also use two VQA benchmarks to compare the performance of zero-shot
VQA: A-OKVQA [29] and OK-VQA [22].
Hallucination benchmarks: (1) MMHal-Bench is a benchmark designed to
evaluate the hallucination problem in LVLMs under real-world scenarios, consist-
ing of 96 samples across 12 object topics. The evaluation metric uses GPT-4 to
compare model responses against ground-truth, measuring both response quality
and hallucination rate. (2) Object HalBench is a dataset used for evaluating
object-level hallucination. Following [44], we use 300 instances evaluated using
8 diverse prompts, with two metrics: response-level and mention-level halluci-
nation rate. (3) AMBER is a multi-dimensional benchmark for hallucination
analysis, consisting of over 15,000 examples. We use the discriminative task of
the dataset and present results in terms of accuracy and F1-score. (4) POPE is a
benchmark that evaluates the hallucination discrimination ability of LVLMs by
designing binary (yes or no) questions about the presence of objects in images.
We use adversarial part of the dataset and evaluate the accuracy.
VQA benchmarks: (1) A-OKVQA is a crowdsourced dataset that requires
general knowledge and knowledge to answer 25k questions. The train, valida-
tion, and test sets comprise 17.1k, 1.1k, and 6.7k and are composed into im-
age/question/answer/rationale triplets. (2) OK-VQA is a knowledge-based vi-
sual question-answering dataset that requires external knowledge, containing
more than 14k open-ended questions. It uses random images from the COCO
[17] dataset, and consists of about 9k train sets and 5k test sets. We use the
validation set of A-OKVQA and the test set of OK-VQA.
In this study, these datasets are utilized to investigate the e↵ectiveness of DPO
training in enhancing multi-modal responses. Specifically, hallucination datasets
measure the model’s ability to generate text faithful to visual content, directly

2 In our preference learning, we use a subset of LCS-558K, COCO, VQAv2, OCR-
VQA, ShareGPT4V, MovieNet, ART500K, and Google-Landmark as knowledge
sources.
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Table 1. Performance comparison with state-of-the-art methods on MMHal-Bench
and Object HalBench benchmarks. Value in bold indicates the best performance, and
the second best results are underlined. G.T indicates whether ground-truth is used
during training. The 4 iter. indicates that RLAIF-V [45] was applied with 4 feedback
iteration.

Model Size G.T Feedback
MMHal-Bench Object HalBench
Score (") Hall. (#) Rsp. (#) Men. (#)

AMP-MEG [48] 13B 7 Rule 3.08 0.37 31.7 20.6
V-DPO [38] 7B 7 LLaVA-1.5 2.16 0.56 - -
mDPO [34] 7B 3 GPT-4V 2.39 0.54 35.7 9.8
POVID [52] 7B 3 Rule 1.98 0.60 39.9 19.9
RLHF-V [44] 13B 7 Human 2.45 0.51 12.2 7.5
RLAIF-V [45] 7B 7 LLaVA-NeXT (4 iter.) 2.95 0.32 10.5 5.2
oDPO [8] 7B 3 LLaVA-1.5 2.50 0.49 34.3 9.5
OPA-DPO [42] 7B 3 GPT-4V 2.83 0.45 13.0 4.25
HSA-DPO [37] 13B 7 GPT-4, GPT-4V 2.61 0.48 5.3 3.2
DAMA [20] 7B 3 LLaVA-1.5 2.76 0.41 9.1 4.7
LLaVA-1.5 [19] 7B 7 7 1.86 0.64 54.5 27.8
+ VLC-DPO (ours) 7B 7 LLaVA-1.5 2.95 0.33 9.6 5.0
LLaVA-1.5 [19] 13B 7 7 2.36 0.56 50.0 23.6
+ VLC-DPO (ours) 13B 7 LLaVA-1.5 2.98 0.32 10.1 5.6
GPT-4V [23] - - Unknown 3.49 0.28 13.6 7.3

reflecting its capability to maintain factual consistency. VQA datasets assess
a model’s ability to integrate and reason over visual and textual information,
providing a measure of multi-modal understanding. These two tasks provide a
comprehensive evaluation of both factual grounding and reasoning skills, which
are central to the objectives of VLC-DPO training.

4.2 Baselines

For hallucination mitigation task, we compare the proposed VLC-DPO with mul-
tiple vision-language alignment models for LVLMs, including AMP-MEG [48],
V-DPO [38], mDPO [34], POVID [52], RLHF-V [44], RLAIF-V [45], oDPO [8],
OPA-DPO [42], HSA-DPO [37], LLaVA-1.5 [19], and GPT-4V [23]. The results
are taken from [45,42,20,37].
For zero-shot VQA task, we compare our proposed method with previous state-
of-the-art methods. We use PICa [41], Img2LLM [7], LAMOC [6], L2A [39],
VCTP [3], DIETCOKE [14], Brote-IM-XXL [36], and LLaVA-1.5 [19] as baseline
models. The results are taken from [7,6,39,3,14,36]. We compare our method with
several baselines using standard VQA scores: min(#human that provided that answer

3 , 1).

4.3 Implementation Details

We conduct experiments using LLaVA-1.5 7B and 13B, combining CLIP ViT-
L/14@336px as a visual encoder and Vicuna 1.5 as a language decoder. Our
backbone is chosen due to its strong reasoning performance on multi-modal
instruction-tuning benchmarks and its widespread adoption in prior DPO studies
[19,52,45]. Following prior work, we adopt the same backbone to enable fair
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Table 2. Performance comparison with state-of-the-art methods on AMBER (Discrim-
inative part) and POPE (Adversarial setting) benchmarks.

Model Size G.T Feedback
AMBER (Disc.) POPE (Adv.)
Acc. F1 Acc.

AMP-MEG [48] 13B 7 Rule 79.5 84.6 -
V-DPO [38] 7B 7 LLaVA-1.5 - 81.6 -
POVID [52] 7B 3 Rule 75.2 79.9 84.7
RLHF-V [44] 13B 7 Human 72.6 75.0 -
RLAIF-V [45] 7B 7 LLaVA-NeXT (4 iter.) 76.8 84.5 81.6
oDPO [8] 7B 3 LLaVA-1.5 80.2 84.1 -
OPA-DPO [42] 7B 3 GPT-4V - - 82.6
HSA-DPO [37] 13B 7 GPT-4, GPT-4V - - 84.0
DAMA [20] 7B 3 LLaVA-1.5 83.3 87.0 -
LLaVA-1.5 [19] 7B 7 7 73.5 77.7 80.8
+ VLC-DPO (ours) 7B 7 LLaVA-1.5 83.1 87.2 85.2
LLaVA-1.5 [19] 13B 7 7 71.2 73.0 83.5
+ VLC-DPO (ours) 13B 7 LLaVA-1.5 83.5 86.8 85.6
GPT-4V [23] - - Unknown 83.4 87.4 -

comparison and ensure reproducibility. Our method is model-agnostic, and we
further validate its applicability on additional LVLM backbones in the Appendix.
We perform the experiments using 8 NVIDIA RTX A6000 GPUs. We train the
VLC-DPO model for five epochs with a learning rate of 2e-7, a batch size of
16, and hyperparameters ↵ = 0.5 and � = 0.1. We fine-tune the LLaVA-1.5
model e�ciently using LoRA (Low-Rank Adaptation) [10], with a rank of 128
and alpha set to 256. We also use Flash Attention to accelerate the training
process by improving computational e�ciency.

4.4 Main Results

Performance on Hallucination Mitigation Tables 1 and 2 report the quan-
titative results of our VLC-DPO compared to existing baselines. Our method
achieves state-of-the-art performance, particularly on the AMBER (F1-score)
and POPE benchmarks, demonstrating the e↵ectiveness of our hallucination
mitigation. In this work, we utilize the open-source LLaVA-1.5 7B model with-
out incorporating any ground-truth answers or feedback from proprietary mod-
els during training or inference. Despite this setup, our method outperforms
prior approaches in reducing hallucinations, achieving superior results without
reliance on external annotations. This demonstrates the e↵ectiveness of leverag-
ing vision-language consistency for data construction and adaptively assigning
more substantial penalties to rewards plays a critical role in improving halluci-
nation mitigation performance.

Performance on zero-shot VQA As shown in Table 3, VLC-DPO outper-
forms the baseline models on the A-OKVQA and OK-VQA datasets. Following
[19], we append a prompt “Answer the question using a single word or phrase.”
to the end of the question to handle short answers. The VLC-DPO demonstrates
strong performance in zero-shot VQA settings. These results show that ensuring
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Table 3. Main experimental results on A-OKVQA and OK-VQA for zero-shot VQA
performance comparison. Value in bold indicate the best performance, and the second
best results are underlined.

Method A-OKVQA OK-VQA

PICa [41] 42.4 42.9
Img2LLM [7] 42.9 45.6
LAMOC [6] 37.9 40.3
L2A [39] 48.5 46.2
VCTP [3] 53.2 56.2
DIETCOKE [14] 47.5 49.2
Brote-IM-XXL [36] 57.8 -
LLaVA-1.5 7B [19] 46.2 46.4
+ VLC-DPO (ours) 60.7 57.3
LLaVA-1.5 13B [19] 52.3 51.8
+ VLC-DPO (ours) 66.5 59.2

Table 4. Ablation results of vision-language consistency usage strategies on the AM-
BER and POPE benchmarks.

Methods
AMBER POPE

Accuracy F1 Accuracy
VLC-DPO (7B) 83.1 87.2 85.2

w/o description 80.4 82.0 82.6
w/o consistency 78.5 81.7 81.8
w/o penalty (wc) 75.0 77.9 81.0

vision-language consistency plays a significant role in the overall performance
improvements. On the A-OKVQA dataset, VLC-DPO achieves a VQA score
of 66.5, representing an improvement of approximately 15.1% over the prior
state-of-the-art score of 57.8. Similarly, on the OK-VQA dataset, our approach
achieved 59.2, surpassing previous methods and setting a new state-of-the-art
performance. We attribute this improvement to our use of vision-language con-
sistency as a guiding signal for alignment, which e↵ectively filters and guides
the model toward more faithful and contextually relevant responses, thereby
enhancing zero-shot VQA performance.

4.5 Ablation study

E↵ect of vision-language consistency strategy. We conduct an ablation
study comparing model input selection strategies to prove the e↵ect of vision-
language consistency. Specifically, we evaluate model performance when gen-
erating responses based on (1) image-only responses, (2) consistency disabled,
and (3) vision-language responses without an added consistency constraint. Ta-
ble 4 shows that incorporating vision-language consistency enables more accu-
rate response data filtering, which facilitates the construction of high-quality
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Table 5. Ablation results of the VLC scores threshold (⌧) on the AMBER and POPE
benchmarks.

Threshold (⌧)
AMBER POPE

Accuracy F1 Accuracy
0.5 81.0 82.9 83.2
0.6 82.4 86.0 84.1
0.7 83.1 87.2 85.2

0.8 82.6 86.1 84.7

Table 6. Impact of di↵erent noise types (noise-free, replacement, masking, order shuf-
fling, mixture) on rejected responses.

Type of Noise
AMBER POPE

Accuracy F1 Accuracy
Noise-free 80.1 81.4 81.6

Replacement 81.9 86.1 83.9
Masking 80.8 82.5 83.0

Order Shu✏ing 76.2 79.0 81.3
Mixture 83.1 87.2 85.2

training data and training. This improved data quality contributes to better
performance in hallucination mitigation. We observe that leveraging consistency
across modalities e↵ectively guides the model toward faithful and semantically
aligned responses, while also serving as a training signal.

E↵ect of VLC score. In Table 5, we assess the impact of the VLC score by
comparing performance under di↵erent threshold values ⌧ , which controls how
strongly the score influences preference response selection. We use a VLC score
that reflects both image-text alignment and internal response consistency to
guide data selection. We find that a ⌧ value of 0.7 yields the best overall per-
formance, automatically selecting high-quality preference training data samples.
This suggests that the threshold of 0.7 results in stable and reliable perfor-
mance, retaining visually relevant and coherent data. We further validate the
e↵ectiveness of our proposed VLC score based training by constructing prefer-
ence data pairs through an LVLM-as-a-Judge based on LLaVA-1.5 13B. The
results are presented in Figure 3. The experimental results demonstrate that our
VLC score-based method achieves superior performance compared to the simple
LVLM-as-a-Judge approach. Interestingly, we have observed that constructing
chosen-rejected pairs using an LVLM-as-a-Judge through pairwise comparisons
is susceptible to position bias, exhibiting order-dependent judgments similar to
those observed in previous works [11,12]. These observations further underscore
the importance of the proposed VLC score-based data construction strategy.
Impact of noise injection on model performance. We compare di↵erent
noise strategies applied to rejected responses to assess their role in increasing
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Fig. 3. Accuracy comparison of the base LLaVA-1.5 7B, LVLM-as-a-Judge, and the
proposed VLC score based method on the POPE and AMBER benchmarks.

Fig. 4. Qualitative results of VLC-DPO. Comparison of model outputs: (Top) MMHal-
Bench for hallucination mitigation, and (Bottom) A-OKVQA for VQA task.

distinction from chosen responses under the VLC score filtering. To analyzing the
impact of di↵erent noise types on overall performance, we conduct a comparative
study using perturbation strategies: word replacement, masking, order shu✏ing,
and mixture setting. The mixture setting is composed of 40% replacement, 40%
masking, and 20% order shu✏ing, which yields the best performance. Table 6
shows that incorporating diverse noise types during data generation helps the
model generalize better and learn more robust patterns, compared to using any
single noise type or a noise-free setting.

4.6 Qualitative Analysis

Figure 4 shows qualitative results that the VLC-DPO model generates more
accurate and reliable responses than the LLaVA-1.5 on both the hallucination
and VQA tasks. In the hallucination task, the VLC-DPO model substantially
reduces the generation of content that is unsupported by the image. This result
indicates improved vision-language alignment, resulting in responses that are
faithful to the visual evidence and semantically consistent with the input images.
For the VQA task, our model generates answers that are closely aligned with the
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visual content than those generated by LLaVA-1.5. These results highlight that
our approach enhances the model’s ability to align visual cues with linguistic
context, resulting in more accurate and contextually relevant responses.

5 Discussion

In this study, we propose a new preference data construction and optimiza-
tion strategy to ensure consistency between the vision and language modalities.
In contrast to existing methods, our VLC-DPO method incorporates visual-
language consistency to guide preference data construction and alignment, re-
ducing inconsistencies and distortions and enhancing multi-modal understand-
ing. This leads to improved alignment between visual and textual modalities,
yielding more consistent and reliable model outputs. The proposed VLC score is
designed to improve robustness against false positive in data construction phase
and ensure compatibility with various LVLMs architectures. Despite these con-
siderations, our DPO training is conducted at the response level without incor-
porating local feedback on specific tokens, phrases, or objects, which limits the
model’s ability to detect fine-grained errors and e↵ectively reduce hallucinations.
Although our data construction e↵ectively isolates alignment and consistency
di↵erences, some pairs happen to share the same hallucination across both re-
sponses, an issue worth addressing in subsequent work. In future work, we plan
to extend reward modeling to the object or token level to enable finer-grained
learning, which will also help address the shared hallucination issue and further
improve multi-modal consistency and reliability.

6 Conclusion

In this work, we present a novel VLC-DPO that ensures consistency between the
vision and language modalities. The proposed method increases the trustworthi-
ness and correctness of open-source LVLMs without any human intervention,
ground-truth labels, or proprietary model. To bridge the gap between vision and
language information, we propose a new VLC score, which incorporates both re-
sponse consistency and alignment with the image. Our method is able to utilize
the proposed VLC score to automatically generate high-quality responses and
use them as preference training data. Moreover, we use the di↵erence in VLC
scores between image and description-based responses as an adaptive reward
signal, encouraging the model to maximize the reward margins. Extensive ex-
periments have demonstrated the e↵ectiveness of our VLC-DPO in hallucination
mitigation and VQA tasks.
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