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Abstract
Multimodal large language models (MLLMs) demonstrate
strong capabilities in multimodal understanding, reasoning,
and interaction but still face the fundamental limitation of
hallucinations, where they generate erroneous or fabricated
information. Most existing research induces hallucinations
by manually perturbing visual or instruction inputs, then
uses output differences or model-generated descriptions as
references to mitigate hallucinations and improve response-
visual consistency. However, these methods are constrained
by model capabilities and prone to hallucination propagation.
We propose Visual Clue Guided Decoding (VCGD), a novel
decoding strategy that introduces an auxiliary Caption Model
to generate precise visual clues during decoding for guiding
model generation. It further incorporates image confidence
constraints to critically suppress hallucination propagation
during generation, thereby significantly improving content
reliability and visual consistency. Specifically, VCGD lever-
ages high-quality visual descriptions to guide MLLMs in cor-
recting perceptual biases while generating answers. Further-
more, we introduce a Reinforcement Learning-based training
paradigm for the Caption Model, in which a Reward Agent
provides feedback on the quality of visual clues, further en-
hancing the accuracy of visual information. Extensive experi-
ments across multiple benchmark datasets and state-of-the-art
MLLMs demonstrate that VCGD significantly reduces hal-
lucination rates and improves cross-modal consistency. Our
method exhibits strong generalizability and scalability, offer-
ing an effective decoding enhancement strategy that can be
seamlessly integrated into existing multimodal frameworks.

Introduction
Large Language Models (LLMs) (OpenAI 2023; Touvron
et al. 2023; Jiang et al. 2023; Bai et al. 2023a) have
marked a pivotal advancement in natural language pro-
cessing. Building upon their success, researchers have ex-
panded these models into multimodal domains, giving rise
to Multimodal Large Language Models (MLLMs) (Liu et al.
2024b; Team et al. 2023; Bai et al. 2023b). While MLLMs
demonstrate remarkable proficiency in tackling a wide ar-
ray of visual tasks (Li et al. 2024; Black et al. 2024), as
well as in understanding (Lai et al. 2024) and generat-
ing complex content (Brooks, Holynski, and Efros 2023;
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Figure 1: The left figure shows the difference between our
VCGD and a state-of-the-art method CODE (Kim et al.
2024). The right shows the performance of LLaVA-1.5-13B
on the MMVP benchmark (Tong et al. 2024).

Geng et al. 2024), they are not without limitations. A par-
ticularly critical issue is the so-called “Hallucination” phe-
nomenon. In practice, MLLMs often produce inaccurate or
fabricated responses when interpreting user-provided im-
ages and prompts—ranging from irrelevant or nonsensical
descriptions to misidentified colors, incorrect object counts,
and erroneous spatial relationships within the scene. Such
tendencies severely undermine their reliability and present
substantial obstacles to their deployment in applications.

The issue of hallucinations in MLLMs originates from
the intricacies of their training pipeline, which typically in-
cludes an alignment-based projection during pre-training,
followed by fine-tuning on a relatively limited amount of
instruction-following data. To tackle these hallucination
problems, various strategies have been proposed. Some fo-
cus on resolving inconsistencies by refining data quality and
alignment (Liu et al. 2023a; Wang et al. 2024a), while oth-
ers emphasize scaling up model architectures (Zhai et al.
2023) or incorporating reinforcement learning-based tech-
niques (Yu et al. 2023; Sun et al. 2023). A distinct line
of work involves reactive techniques (Huang et al. 2024a;
Deng, Chen, and Hooi 2024), which intervene directly dur-
ing the decoding process to suppress inaccurate outputs. In-
spired by contrastive decoding (CD) strategies introduced
by Li et al. (2023b), which compare the outputs of expert and
amateur models, recent developments in CD-based methods
for MLLMs have explored contrasting visual-conditioned
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generations to suppress hallucinations, taking into account
factors such as visual noise (Leng et al. 2023), image-
induced bias (Zhu et al. 2024), detailed visual ground-
ing (Chen et al. 2024), and self-generated description (Kim
et al. 2024).

We investigate the following research question: If the
model’s own perceptual capabilities are very limited, then
no matter what contrastive decoding method is used, it will
be unable to convey key effective information to the model.
Therefore, a key question arises: can auxiliary models be in-
corporated to provide precise visual clues during decoding,
thereby reducing the likelihood of hallucination? To address
this issue, we propose a novel Visual Clue Guided Decod-
ing strategy. Specifically, we leverage a caption model to
provide precise visual clues during decoding, thereby mit-
igating the inherent biases of the model in visual percep-
tion. To further enhance caption quality, we introduce a re-
inforcement learning algorithm based on a Reward-Agent
framework, termed RA-GRPO. This algorithm optimizes
the caption generation process by providing reward signals
across four dimensions: format, accuracy, informativeness,
and redundancy control. As a result, it facilitates the gen-
eration of more precise and pragmatically useful image de-
scriptions. To avoid the propagation of hallucinations, we
also introduce image confidence constraints during the de-
coding process, which prevent the propagation of hallucina-
tions. As show in Figure 1, the Caption Model can gener-
ate more and more critical visual clues, and reduces hallu-
cination propagation through image confidence constraints.
Moreover, it outperforms other contrastive decoding meth-
ods on MMVP (Tong et al. 2024).

By conducting extensive experiments and analyses on
prevailing cutting-edge MLLMs (Liu et al. 2023b; Chen
et al. 2023b; Liu et al. 2024a), we demonstrate the effec-
tiveness of our method in reducing hallucination in various
benchmarks (Li et al. 2023c; Liu et al. 2024b; Tong et al.
2024). Our contribution can be summarized as follows:

• We propose Visual Clue Guided Decoding (VCGD),
a novel decoding strategy that enhances the model’s vi-
sual perception by leveraging precise visual clues. These
clues are derived from captions generated by an external
Caption Model, while suppressing the model’s own per-
ception to reduce visual bias.

• We propose an approach for training the Caption Model
using reinforcement learning to generate accurate and in-
formative visual clues that effectively guide the decoding
process.

• We introduce a reward mechanism for a dedicated Re-
ward Agent, which evaluates the quality of the generated
captions based on four dimensions: format, accuracy, in-
formativeness, and redundancy control.

• We introduced image confidence constraints during the
decoding process to avoid the propagation of hallucina-
tions.

• We evaluate the proposed decoding approach on various
benchmarks using state-of-the-art MLLMs. Experimen-
tal results demonstrate that VCGD significantly reduces
hallucinations.

Related Work
Multimodal Large Language Models
Recent advancements in MLLMs research are primarily at-
tributed to the evolution of LLMs (Wang et al. 2024c; Zhuo
et al. 2024; Lu et al. 2024). With the aid of advanced LLMs
like LLaMA (Touvron et al. 2023) and Qwen (Bai et al.
2023a), a batch of MLLMs such as LLaVA-1.5 (Liu et al.
2024b), Qwen-VL (Bai et al. 2023b), LLaVA-NEXT (Liu
et al. 2024a) and InternVL (Chen et al. 2023b) have
emerged, which can comprehend and generate a wide array
of content by utilizing information from distinct modalities
like texts and images. Despite the success, current MLLMs
suffer from serious hallucination problems. Thus, in this pa-
per, we focus on mitigating hallucination problems to pro-
mote the use of MLLMs in practical scenarios.

Hallucinations in MLLMs
Hallucinations in MLLMs have significantly impeded their
usage in the real world, especially for tasks that rely on
precise captions. Recently, numerous studies focus on the
construction of datasets for evaluating hallucination phe-
nomena (Rohrbach et al. 2018; Li et al. 2023c; Wang et al.
2023; Sun et al. 2023; Zhong et al. 2024; Tong et al. 2024;
Cao et al. 2024; Huang et al. 2024b; Wan and Bansal 2022;
Zhang, Zuo, and Jing 2024; Min et al. 2023; Yan et al. 2024).
Concurrently, significant attention is directed towards an-
alyzing the underlying causes of hallucinations (Sui et al.
2024; Fadeeva et al. 2024).

Moreover, various approaches have been proposed to mit-
igate hallucinations in MLLMs, including training-free and
training-based approaches. Training-based approaches seek
to mitigate hallucinations in MLLMs via further training,
such as Supervised Fine-Tuning (SFT) (Liu et al. 2023a)
or preference learning (Sun et al. 2023; Yu et al. 2023; Li
et al. 2023a; Zhao et al. 2023; Liu et al. 2023a; Yu et al.
2024; Zhou et al. 2024; Jiang et al. 2024; Chen et al. 2025).
Training-free approaches address potential hallucinations by
post-processing the outputs of MLLMs (Leng et al. 2023;
Huang et al. 2024a; Manevich and Tsarfaty 2024; Wang
et al. 2024b; Kim et al. 2024). For example, VCD (Leng
et al. 2023) aims to address the model’s over-reliance on lin-
guistic priors and statistical biases by comparing the out-
put distributions from unaltered and visually perturbed in-
puts. ICD (Wang et al. 2024b) suppresses hallucinations
through disturbance instructions affecting multimodal align-
ment. Similarly, LCD (Manevich and Tsarfaty 2024) uses
visual noise to guide the decoding process to leverage the
language modality to mitigate hallucinations. CODE (Kim
et al. 2024) utilize self-generated description as contrasting
visual counterpart and correct hallucinatory responses based
on the model understanding. Inspired by Kim et al. (2024),
our work aligns with CD-based approaches that utilize vi-
sual clues from Caption Models to guide decoding. Unlike
previous works that focus on manipulating information or
self-generated descriptions, we argue that if the model fails
to accurately identify the visual content and self-generated
description, no amount of correction can resolve hallucina-
tions. We propose to utilize visual clues from Caption Mod-
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𝐑𝐞𝒘𝒂𝒓𝒅	 = 	𝑹𝑭𝒐𝒓𝒎𝒂𝒕+	𝑹'((+ 𝑹𝑴𝒂𝒕𝒄𝒉 +	𝑹𝑰	𝑪

Please generate some 
visual clues that would be 
more helpful for 
answering the following 
questions about image.
{question}

1. The fruit is on the plate.
2. The plate is on the table.
3. There are 6 types of food.
…
n. There are 4 pieces of orange.
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Figure 2: Caption Model Training framework: (1) Our designed Reward Agent contains Format Reward, Accuracy Reward,
Matching Reward, and Image-Consistency Reward. “Atomic Visual Clue” denotes splitting the Visual Clue by index. (2) Train-
ing: The Reward Agent evaluates the corresponding answer candidate and assigns a reward score. The parameters are then
optimized using our proposed RA-GRPO framework.

els as a contrasting visual counterpart to correct hallucina-
tory responses.

Methodology
Our VCGD framework consists of two main components:
Caption Model Training and Visual Clue Guided Decoding.

Caption Model
Overview To provide more precise visual clues (vc) dur-
ing the model’s decoding process, we propose a novel
Caption Model training method to generate accurate and
informative visual clues based on our designed Reward-
Agent framework (RA-GRPO). We sample data from
ShareGPT4V (Chen et al. 2023a) and LLaVA-CoT (Xu et al.
2024), and utilize GPT-4 to filter and augment some inappro-
priate original data to meet our training task requirements.
We also use GPT-4 to inductively summarize the original
questions (Q) and answers (A), extracting key points (Key)
that are crucial for problem-solving, which are used for sub-
sequent Matching Reward calculation in the Reward Agent.
The final curated and processed data constitute ourtraining
dataset Ds.

Reward Agent We carefully design a Reward Agent com-
prising four reward signals as illustrated in Figure 2: the
Format Reward, the Accuracy Reward, the Matching Re-
ward, and the Image-Consistency Reward.

Format Reward. Format reward is primarily used to con-
strain the model to output visual clues in a fixed format,

thereby affecting readability and the validation of other re-
wards.

Accuracy Reward. In order that the vc can effectively cap-
ture visual information and assist the model in understand-
ing image content, we use GPT-4 (No visual input) as Large
Language Model (LLM), incorporating the vc as contextual
input—essentially allowing the vc to serve as the LLM’s
“eyes”. These clues represent the visual perception available
to the LLM, based on which it generates an answer to the
given question. A reward is then assigned depending on the
correctness of the answer. The reward is defined as follows:

RAcc =

{
1.0, if RolloutQ+vc = True
0.0, if RolloutQ+vc = False

(1)

Matching Reward. This reward signal is designed to en-
courage the Caption Model to generate the vc that minimize
the inclusion of redundant information related to the image
content but irrelevant to the given question. To achieve this,
we still use GPT-4 to calculate the matching degree between
the vc and key points (Key). This mechanism suppresses the
generation of redundant content irrelevant to answering the
question and encourages the generation of key content.

RMatch =
1

|K|

|K|∑
i=1

(Ki ⊆ vc) (2)

Image Consistency Reward. The image consistency re-
ward aims to reduce hallucination phenomena induced by
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How many colors does the umbrella have?
Caption
Model

(RA-GRPO)

1. There is an umbrella on the beach.
2. There is a chair on the beach.
3. The umbrella is colored purple, yellow, green, and orange…

MLLMs

Output tokens:

Visual Clues: vc

<or>
v:

vc:

Visual Content: v

𝒍𝒐𝒈𝒊𝒕𝜽(𝒗, 𝒙, 𝒚"𝒕)

𝒍𝒐𝒈𝒊𝒕𝜽(𝒗𝒄, 𝒙, 𝒚"𝒕)

𝟏 − 𝜶𝒕 𝒍𝒐𝒈𝒊𝒕𝜽 𝒗, 𝒙, 𝒚"𝒕 +
𝜶𝒕𝒍𝒐𝒈𝒊𝒕𝜽 𝒗𝒄, 𝒙, 𝒚"𝒕

Final Response:
The umbrella in the 
picture has four colors. 

Visual Clue 
Guided Decoding

Ongoing Response:
The umbrella in the picture has ____

Figure 3: The overall decoding procedure of VCGD. After the Caption Model generates Visual Clues for the image, the model
recursively outputs logits from each v and vc. By contrasting between two log-likelihoods, VCGD produces more contextual
and correct responses that match the given visual content suppressing inconsistent words (serveral→four).

the vc. Specifically, we employ the FG-CLIP (Xie et al.
2025) model to compute the CLIP-Score for each vc, fol-
lowed by a normalization process, as formalized in Equa-
tion (3). This score quantifies the consistency between the
visual clue and the corresponding image content.

RIC =

∑N
i=1 CLIP-Score(vci, Image)

N
(3)

Final Reward. The final reward signal produced by the
Reward Agent is a composite of the four aforementioned
sub-rewards, as follows:

Reward = RFormat +RAcc +RMatch +RIC (4)

Reward-Agent framework (RA-GRPO) To further en-
hance caption quality, inspired by Dai et al. (2024) and Guo
et al. (2025), we propose a Reward-Agent framework (RA-
GRPO), as shown in Figure 2. RA-GRPO is a reinforce-
ment learning (RL) algorithm that avoids learning a value
critic by computing normalized advantages within a group
of sampled actions.

Specifically, given a prompt Q, we sample G outputs
{o1, ..., oG} ∼ πθ(·|Q), evaluate them with a reward func-
tion r(Q, o) from Reward Agent. We compute the reward as
ri, and repeatedly compute the rewards for all paths from
group, i.e., {r1, r2, ..., rG}.

To estimate the advantage of each trajectory, we normal-
ize its reward relative to the group as follow:

Ai =
ri − mean({r1, r2, ..., rG})

std({r1, r2, ..., rG})
, (5)

where the mean group reward serves as the baseline, and Ai

measures how much better or worse ri is compared to other

trajectories within the group. Following this, we optimize
the policy model with the loss defined as:

LRA−GRPO = − E
Q∈Ds

[
1

M

M∑
i=1

(
πθ(o

i|Q)

[πθ(oi|Q)]no grad
Ai

− βDKL(πθ||πref )],

(6)

where Ds denotes the training dataset, and oi denotes a
group of outputs sampled for a given query Q (Q ∈ Ds) and
β is a hyperparameter in [0, 1]. KL divergence is adopted
to regularize the policy model, preventing excessive devia-
tion from the reference model. The reference model is typ-
ically initialized as the same model as the policy model but
remains frozen during RL training. The KL divergence be-
tween the policy model and the reference model is estimated
as in (Shao et al. 2024):

DKL(πθ||πref ) =
πref (o

i|Q)

πθ(oi|Q)
− log

πref (o
i|Q)

πθ(oi|Q)
− 1. (7)

Visual Clue Guided Decoding
An overview of our proposed Visual Clue Guided Decoding
(VCGD) framework is shown in Figure 3.

Problem Setup and Preliminaries Let Mθ denote a
MLLM parameterized by θ that auto-regressively generates
responses for the given visual content v and input textual
query x. Then the model maps the logit distribution to the
next token prediction output yt ∈ R|V| at time step t in
the vocabulary set V such that yt ∼ pθ(yt|v, x, y<t) ∝
logitθ(yt|v, x, y<t), where y<t indicates all previously gen-
erated tokens.

20044



Contrastive Decoding with Disturbance We can obtain a
pair of visual content and precise visual clues from the Cap-
tion Model (v, vc), where v represents the image informa-
tion and vc corresponds to Caption(y|v, x0). By contrast-
ing the logit variations between the set of information during
model response generation, we can formulate the next-word
prediction using our proposed VCGD method:

yt ∼ Softmax [(1− αt) logitθ (yt | v, x, y<t)

+αt logitθ (yt | vc, x, y<t)] ,
(8)

αt =

∑N
i=1(CLIP-Score(vci, Image))

1
γ

N
, (9)

where αt denotes the dynamic constraint, and γ is an ad-
justable parameter. To address the hallucination propagation
from vc in the Caption Model, we impose an image confi-
dence constraint on αt, which utilizes CLIP-score of FG-
CLIP(Xie et al. 2025) to calculate the confidence of vc with
respect to the image. When confidence becomes low, we
consider that severe hallucinations have occurred in vc. To
prevent hallucination propagation, αt approaches 0. This re-
duces the dependency on vc.

Adaptive Plausibility Constraint In the VCGD method
described in Formula (8), there is a possibility of wrongly
penalizing reasonable tokens or wrongly rewarding unrea-
sonable ones. To address this issue, we draw inspiration
from the adaptive plausibility constraints method used in
open-ended text generation (Li et al. 2023b) and add adap-
tive plausibility constraints to the VCGD method:

Vhead (y<t) = {yt ∈ V :

pθ (yt | v, x, y<t) ≥ λmax
w

pθ (w | v, x, y<t)},

pvcgd (yt | v, vc, x) = 0, if yt /∈ Vhead (y<t) ,

(10)

where V is the output vocabulary of MLLMs and λ is a hy-
perparameter in [0, 1] for controlling the truncation of the
next token distribution. Larger λ indicates more aggressive
truncation, keeping only high-probability tokens.

Combining the visual contrastive decoding and the adap-
tive plausibility constraint, we obtain the full formulation:

yt ∼ Softmax [(1− αt) logitθ (yt | v, x, y<t)

+αt logitθ (yt | vc, x, y<t)] ,

subject to yt ∈ Vhead (y<t)

(11)

Experiment
In this section, we evaluate the efficacy of our method for
mitigating hallucinations in MLLMs.

Experimental Setup
Evaluation Benchmarks We evaluate the performance of
VCGD on four widely used benchmarks, including POPE
(Li et al. 2023c), MMVP (Tong et al. 2024), MMHalBench
(Sun et al. 2023), and LLaVA-Bench (In-the-Wild) (Liu
et al. 2024b) for MLLMs with a special focus on halluci-
nation.

Baselines We compare our method with six baseline de-
coding strategies. For conventional decoding strategies, we
use greedy decoding, nucleus sampling (Holtzman et al.
2020), and beam search decoding. Additionally, we se-
lect the recent state-of-the-art (SOTA) methods, includ-
ing the OPERA method (Huang et al. 2024a), the VCD
method (Leng et al. 2023), and the CODE method (Kim
et al. 2024) as comparative decoding approaches.

Implementation Details We train Qwen2.5-VL-7B-
Instruct as Caption Model and apply VCGD on three
MLLMs in different sizes, LLaVA-1.5-13B (Liu et al.
2023b), LLaVA-NeXT-34B (Liu et al. 2024a), and
InternVL-26B (Chen et al. 2023b).

Main Results
Table 1 presents the primary experimental results. We ob-
serve the following points:

Results on MMVP. The MMVP benchmark comprehen-
sively evaluate CLIP blind pairs across 9 different visual
modalities. As shown in Table 1, the results indicate a sig-
nificant improvement in average accuracy after employing
VCGD contrastive decoding.

Results on POPE. Our method demonstrates consistent
improvements over previous baselines across various set-
tings. The composition of POPE focuses solely on question-
ing the existence of objects, rather than their absence (e.g.,
“Is there {something} in the image?”). The combinato-
rial results of a high accuracy and F1 score indicate that our
method can boost the existing MLLMs to effectively miti-
gate hallucination by cautiously confirming yes for the ex-
istence of objects (i.e., the model does not often make up
objects).

Results on LLaVA-QA90. To explore the broader appli-
cability of our method beyond basic multiple-choice for-
mats, we evaluate sentence-level model outputs on the
LLaVA-QA90 (Liu et al. 2024b). As shown in Table 1,
VCGD achieves competitive performance compared to other
contrastive decoding methods.

Results on MMHal-Bench. Additionally, we compare
our models in MMHal-Bench (Sun et al. 2023) specialized
to evaluate hallucination effects sourced from more chal-
lenging image-question pairs. As in the result, our method
generally not only improves overall average score with con-
sistent results among other baseline MLLMs, but also effec-
tively mitigates the hallucination ratio.

Ablation Analysis
We conduct analysis on VCGD considering the following
questions: (Q1) Are all four reward functions in the Reward
Agent necessary? (Q2) Is it truly necessary to train the cap-
tion model using reinforcement learning? (Q3) Does the size
of the caption model have an impact? What would happen if
a stronger proprietary caption model is used? (Q4) Does the
caption model contribute to hallucination propagation? (Q5)
Does this decoding strategy introduce inference latency?

A1: All four reward functions in the Reward Agent
are necessary. To validate the contribution of each reward
functions to Reward Agent, we conduct an ablation study in
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Model
MMVP POPE LLaVA

QA90
MMHal
Bench

☼ Û L � , h Ô k � Avg↑ Accadv F1adv Overall Overall Hal ↓
LLaVA-1.5-13B

+ Greedy 30.7 27.2 0.0 12.5 10.0 53.3 16.6 50.0 40.0 30.6 84.0 82.6 82.4 2.39 52.0
+ Beam 19.2 27.2 11.1 25.0 10.0 60.0 16.6 70.0 35.0 32.6 84.1 82.7 83.5 2.33 53.1

+ Nucleus 26.9 27.2 22.2 12.5 20.0 33.3 0.0 60.0 20.0 26.6 80.6 79.4 79.3 2.03 60.4
+ Opera 42.3 36.3 11.1 25.0 10.0 56.6 16.6 70.0 35.0 33.3 84.0 82.5 80.7 2.22 55.0
+ VCD 34.6 18.1 22.2 37.5 50.0 43.3 33.3 40.0 35.0 34.0 81.0 80.3 79.3 2.28 54.0

+ CODE 19.2 31.8 11.1 25.0 20.0 53.3 16.6 80.0 40.0 34.0 84.2 82.8 83.5 2.49 51.0
+ VCGD(ours) 40.2 38.4 22.2 37.5 20.0 60.0 16.6 80.0 45.0 37.2 85.0 84.7 82.2 2.62 49.0

LLaVA-NeXT-34B
+ Greedy 38.4 40.9 16.6 37.5 30.0 60.0 0.0 80.0 35.0 40.6 86.5 87.0 90.7 3.30 34.0
+ Beam 38.4 31.8 22.2 37.5 50.0 60.0 0.0 80.0 30.0 40.6 84.1 82.7 94.5 3.26 35.4

+ Nucleus 34.6 22.7 27.7 25.0 20.0 43.3 0.0 50.0 45.0 33.3 84.9 85.3 90.0 3.08 40.6
+ Opera - - - - - - - - - - - - - - -
+ VCD 42.3 22.7 22.2 37.0 50.0 46.6 16.6 80.0 40.0 39.3 85.2 85.6 92.1 3.16 39.5

+ CODE 34.6 36.3 33.3 25.0 50.0 70.0 0.0 70.0 30.0 42.6 86.9 87.5 95.3 3.43 34.0
+ VCGD(ours) 50.0 40.9 22.2 62.5 50.0 60.0 16.6 60.0 45.0 47.5 87.8 89.3 93.8 3.88 31.3

InternVL-26B
+ Greedy 42.3 36.3 27.7 25.0 30.0 80.0 33.3 80.0 45.0 48.0 85.8 86.4 86.6 3.15 33.3
+ Beam 38.4 45.4 22.2 37.5 50.0 83.3 50.0 70.0 45.0 50.6 86.8 86.6 89.3 3.36 31.2

+ Nucleus 50.0 31.8 27.7 12.5 60.0 70.0 33.3 60.0 25.0 44.0 81.2 81.7 86.4 3.14 37.5
+ Opera 42.3 27.2 16.6 25.0 30.0 76.6 50.0 70.0 50.0 45.3 86.3 86.6 88.7 3.32 32.2
+ VCD 30.7 36.3 11.1 12.5 50.0 66.6 50.0 50.0 55.0 42.0 81.7 82.1 88.3 2.94 42.0

+ CODE 42.3 50.0 44.4 12.5 30.0 83.3 50.0 70.0 40.0 51.3 86.9 87.5 92.2 3.52 30.2
+ VCGD(ours) 42.3 50.0 44.4 50.0 60.0 83.3 56.6 80.0 55.0 55.9 88.2 89.8 94.8 3.48 31.2

Table 1: Experimental results of various hallucination benchmarks on different decoding strategies. The best result for each
metric in each group is in bold.

(A)

(B)

Figure 4: In Figure (A), “VCGD(H)” indicates that we man-
ually injected hallucination information into visual clues and
“wo icc” indicates that we do not use image confidence con-
straints. Figure (B) shows the inference time (seconds) for
each method.

Table 2. The results demonstrate that all reward functions
are essential for achieving the final objectives. To ensure the
verifiability of other reward terms, we kept the format re-
ward term unchanged during ablation experiments.

A2: Our RA-GRPO training method demonstrates
significant effectiveness in Caption Model. As shown in
Table 3, we present the performance of InternVL-26B on
four benchmark. Comparing the results between the “No

Train” versions and the “Train with RA-GRPO” versions us-
ing Qwen2.5-VL-3B and Qwen2.5-VL-7B, we observe im-
provements across all evaluation metrics to varying degrees,
indicating that our RA-GRPO training method significantly
enhances the capabilities of the Caption Model, thereby val-
idating the effectiveness of this approach.

A3: Model scale does indeed impact performance, but
the gains diminish gradually as the scale increases. As
shown in Table 3, we observe significant performance im-
provements when scaling from 3B to 7B models, but the
performance gains tend to saturate with further increases
in model scale. Additionally, the 7B version trained with
RA-GRPO surpasses current open-source and closed-source
SOTA models on multiple datasets, further validating the ef-
fectiveness and scalability of the proposed training method.

A4: Our method demonstrates good robustness in sup-
pressing hallucination propagation. Under VCGD with
injected hallucinations manually (Figure 4(A)), using im-
age confidence constraints maintains stable performance,
while their removal causes significant degradation. The re-
sults highlight that our confidence-aware approach provides
reliable protection against hallucination propagation while
sustaining high overall performance.

A5: Although our approach shows some decline in in-
ference speed compared to the original method, it re-
mains within an acceptable range and outperforms some
comparative methods. As shown in Figure 4(B), among
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RF RA RM RIC

MMVP POPE LLaVA
QA90

MMHal
Bench

Avg Acc F1 Oa Oa Hal ↓

LLaVA-1.5-13B

✓ ✓ 34.8 84.7 84.0 82.3 2.53 51.3
✓ ✓ 32.2 84.3 83.1 80.8 2.29 52.2
✓ ✓ 33.3 83.9 82.5 80.3 2.25 52.7
✓ ✓ ✓ 36.6 84.8 84.2 82.6 2.55 50.6
✓ ✓ ✓ 36.8 84.9 84.4 82.8 2.58 50.0
✓ ✓ ✓ 32.6 84.5 82.9 81.8 2.45 50.2
✓ ✓ ✓ ✓ 37.2 85.0 84.7 82.2 2.62 49.0

LLaVA-NeXT-34B

✓ ✓ 46.1 87.5 88.9 93.0 3.74 31.8
✓ ✓ 45.3 86.9 88.3 92.8 3.68 32.3
✓ ✓ 45.0 87.1 88.2 92.7 3.70 31.9
✓ ✓ ✓ 46.8 87.6 88.9 93.2 3.80 31.5
✓ ✓ ✓ 47.0 87.5 89.0 93.3 3.83 31.0
✓ ✓ ✓ 45.7 87.3 88.3 92.9 3.79 31.7
✓ ✓ ✓ ✓ 47.5 87.8 89.3 93.8 3.88 31.3

InternVL-26B

✓ ✓ 53.8 87.9 88.9 93.8 3.44 31.2
✓ ✓ 52.8 87.8 88.7 93.4 3.38 31.2
✓ ✓ 54.1 88.0 89.2 93.2 3.35 32.5
✓ ✓ ✓ 54.3 88.0 89.3 94.1 3.46 31.0
✓ ✓ ✓ 55.6 88.1 88.4 94.3 3.43 29.0
✓ ✓ ✓ 55.2 87.3 88.7 93.6 3.41 29.0
✓ ✓ ✓ ✓ 55.9 88.2 89.8 94.8 3.48 31.2

Table 2: Ablation results of different reward in Reward
Agent. RF denote RFormat, which is always enabled, RA de-
note RAcc, RM denote RMatch. The results demonstrate that
each component plays an indispensable role in the effective-
ness of the Reward Agent.

various decoding strategies, our method achieves the best
overall performance, while maintaining competitive infer-
ence efficiency, demonstrating a favorable trade-off between
effectiveness and computational cost.

Case Study

To provide a more intuitive demonstration of VCGD’s per-
formance in mitigating hallucinations, we conduct case stud-
ies of the VCGD. As shown in Figure 5, we compare the
performance differences of the InternVL-26B model in gen-
erative tasks under two settings: without and with the VCGD
method. From the perspective of Discriminative Task, the
Caption Model can provide auxiliary visual clues for ques-
tion answering, thus enabling the VCGD method to function
effectively.

Caption Model
MMVP POPE LLaVA

QA90
MMHal
Bench

Avg Acc F1 Oa Oa Hal ↓

No Train

Qwen2.5-VL-3B 44.8 81.7 84.0 82.3 2.53 35.3
Qwen2.5-VL-7B 48.0 85.8 86.4 86.6 3.15 33.3

Qwen2.5-VL-32B 48.2 85.8 86.7 86.6 3.21 32.8
Qwen2.5-VL-72B 52.6 87.9 88.3 91.6 3.55 32.6

OpenAI o3 52.9 87.8 88.2 91.6 3.50 31.6

Train with RA-GRPO

Qwen2.5-VL-3B 51.4 85.6 86.4 87.8 2.82 32.9
Qwen2.5-VL-7B 55.9 88.2 89.8 94.8 3.48 31.2

Table 3: Ablation results with the performance of InternVL-
26B on four benchmarks, comparing the effectiveness of dif-
ferent Caption Model, including “No Train” and a version
trained using our designed RA-GRPO.

Question:
Is there a lemon 
inside the drink in 
the cup or are all the 
lemons outside the 
drink?
A.There is one inside  
B.All are outside

Discriminative Task Visual Clue:
1. There are two lemon slices in 
the cup. 2. One lemon slice is fully 
submerged inside the drink. 3. 
Another lemon slice is placed on 
the rim of the glass, not inside the 
liquid. 4. The submerged lemon 
slice is distorted by the water.
InternVL(Original):
B ❌

InternVL(VCGD):
A✅

Figure 5: Case study on InternVL-26B with VCGD.

Conclusion
In this paper, we propose VCGD, a novel strategy that
uses high-quality visual clues from Caption Model to guide
MLLMs during decoding, reducing hallucinations. The Cap-
tion Model is further improved via reinforcement learning,
where a Reward Agent evaluates the quality of visual clues.
And we introduced image confidence constraints during the
decoding process to avoid the propagation of hallucinations.
Experiments on multiple benchmarks show that VCGD en-
hances cross-modal consistency, lowers hallucination rates,
and integrates seamlessly into existing multimodal systems.
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