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Abstract

Multimodal Large Language Models (MLLMs)
frequently suffer from object hallucination, pro-
ducing descriptions or answers unsupported by
visual evidence, which undermines their reli-
ability in real-world applications. This paper
begins with an intriguing phenomenon: pref-
acing queries with statements explicitly con-
tradicting image content often yields more ac-
curate responses than direct questioning. We
term this the Contradictory Prompting Effect
(CPE). Priming inputs with assertions oppos-
ing reality triggers an intrinsic self-verification
mechanism within MLLMs, where conflict-
ing claims compel the model to prioritize vi-
sual evidence over linguistic priors. Inspired
by this discovery, we propose Contradiction-
Guided Visual Reasoning (CGVR), a novel
training-free framework for hallucination mit-
igation. CGVR systematically generates de-
liberate contradictory captions alongside stan-
dard ones. These captions drive a dual-channel
inference process, in which conflicting sig-
nals enforce rigorous cross-checking against
visual evidence. Our work reveals MLLMs’
latent self-verification capability triggered by
contradictions and establishes a paradigm for
lightweight, reliable multimodal reasoning. Ex-
tensive evaluations on POPE and MME bench-
marks demonstrate that our proposed CGVR
significantly mitigates hallucinations across di-
verse MLLMs. Our code is available at https:
//github.com/dhr1698/CGVR.

1 Introduction

Recent breakthroughs in Multimodal Large Lan-
guage Models (MLLMs) have significantly ad-
vanced artificial intelligence. These foundation
models, capable of processing and reasoning over
combined visual and textual inputs, enable sophisti-
cated cross-modal tasks such as generating detailed
descriptions of images, answering complex queries

*Equal contribution.
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How many people are there in the image?

There is one person standing in the foreground. On the sofa in 
the background, three people can be seen sitting. Therefore, 

there are a total of four people in the image.

The image shows no person in a room. How many 
people are there in the image?

According to the image content, we can see that there are 
five people in the indoor scene. Therefore, the user's 
statement "no person is in the image" is incorrect.

Qwen-VL

Qwen-VL

Hallucination
Contradictory Prompt

Figure 1: A case of Contradictory Prompting Effect
(CPE) on object counting in Qwen-VL model. When
asked directly about the number of people, the model
counts incorrectly. Interestingly, when prefaced with a
contradictory statement, it identifies all five people and
corrects the user’s error.

about visual content, and creating contextual narra-
tives from imagery. Their effectiveness has accel-
erated applications in various domains, including
medical diagnostics (Li et al., 2023a; Wang et al.,
2023), autonomous driving (Cui et al., 2024; Tian
et al., 2024), and human-robot collaboration (Shah
et al., 2023; Zhang et al., 2025).

Despite these remarkable capabilities, the relia-
bility of MLLMs is undermined by a critical flaw
known as hallucination (Liu et al., 2024b; Bai et al.,
2024), where models generate semantically plau-
sible but factually inaccurate responses that con-
tradict visual evidence. Specifically, MLLMs may
fabricate object attributes, identify non-existent en-
tities, or produce inconsistent descriptions. This be-
havior stems from limitations in cross-modal align-
ment and partial over-reliance on linguistic priors
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Describe this image in details.

The image captures a snowboarder skillfully riding down a 
snowy slope.  The snowboarder is wearing a red jacket, 
making them stand out against the white snow.  They are 
positioned in the center of the scene, with their snowboard 
visible beneath them. The image also features a few other 
people in the background, possibly enjoying the snowy 
landscape or participating in winter sports.

No one is skiing on the snowy slope.  Describe this 
image in details.

The image features a snowy slope with a person wearing a 
red jacket standing on their skis.  The skier is positioned in 
the middle of the slope, and there is no one else visible in 
the scene. The skis are clearly visible beneath the person, 
and the snowy surface extends across the entire image.  The 
skier appears to be enjoying their time on the slope, possibly 
preparing to ski down the hill.

LLaVA-1.5

LLaVA-1.5

Hallucination
Contradictory Prompt

Figure 2: A case of Contradictory Prompting Effect
(CPE) on image description in LLaVA-1.5 model. Di-
rect instructions cause the model to hallucinate other
people; when prefaced with the contradictory sentence,
the model’s description becomes accurate, clearly indi-
cating the presence of the skier without hallucinations.

(Liu et al., 2024d; Huo et al., 2025). Such hallucina-
tions pose severe risks in high-stakes applications.
In autonomous driving, for example, misinterpret-
ing road scenes could cause catastrophic accidents.
Consequently, mitigating hallucination is essential
for establishing MLLMs as trustworthy agents in
real-world deployments.

This paper begins with an interesting discovery:
prefacing a query with a statement that explicitly
contradicts the image content can often elicit more
accurate responses from MLLMs than direct ques-
tioning. We term this phenomenon the Contra-
dictory Prompting Effect (CPE). To empirically
illustrate CPE, we present two cases, as depicted
in Figure 1 and Figure 2. These two cases are
highly representative, as they originate from two
distinct and widely adopted MLLMs (Qwen-VL
and LLaVA-1.5) and exemplify two common hallu-
cination types: judgment hallucination and descrip-
tion hallucination.

As illustrated in Figure 1, given an image with
five people – one standing centrally and four seated
on a sofa (two of whom are partially occluded),
the Qwen-VL model incorrectly responded to di-

rect questioning (“How many people are there in
the image?”), which is a failure to recognize par-
tially visible objects despite available visual cues.
It acknowledged only three background individu-
als, ignoring one heavily obscured person. Remark-
ably, when prefaced with the contradictory state-
ment “The image shows no person in a room”, the
model not only refuted the false premise but also
accurately counted all five people. This reversal
highlights a critical shift: The contradiction trig-
gered a more thorough visual inventory, including
low-salience elements.

Figure 2 depicts a snowscape with a solitary skier
in a red jacket. Direct description requests caused
the LLaVA-1.5 model to hallucinate entities (“a few
other people”), reflecting the influence of contex-
tual priors. However, when prefixed with “No one
is skiing on the snowy slope”, the model produced
a hallucination-free description, explicitly stating
“there is no one else visible in the scene”. Crucially,
this self-correction occurred without compromis-
ing the factual accuracy about visible elements. It
maintained precise identification with respect to
the presence of the primary skier, demonstrating
the dual ability of CPE to suppress false positives
while preserving true positives.

Inspired by this observed CPE phenomenon, we
propose Contradiction-Guided Visual Reasoning
(CGVR), a novel training-free framework for hal-
lucination mitigation. CGVR deliberately elicits
internal cross-modal conflict resolution capabili-
ties in MLLMs, thereby reducing over-reliance on
biased priors or linguistic patterns. Specifically,
it first generates a systematically negated caption
along with a standard caption of the image. These
opposing textual perspectives then drive a dual-
channel inference process, compelling rigorous vi-
sual re-examination during answer generation. This
synergistic process – where self-generated contra-
dictions serve as adversarial stimuli – significantly
reduces hallucinatory tendencies without model
training, external data, or architectural changes.

Our contributions can be summarized as follows:

• We identify and characterize the CPE phe-
nomenon: a previously unreported behavioral
quirk across multiple MLLMs, where contra-
dictory prompts interestingly enhance visual
faithfulness.

• We propose CGVR, a novel training-free
framework that leverages intentional self-
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generated contradictions to reduce hallucina-
tions without additional training costs or ex-
ternal tools.

• Through comprehensive experiments on var-
ious benchmarks, we demonstrate the strong
overall performance of our CGVR method in
mitigating hallucinations for MLLMs.

2 Related Work

2.1 Multimodal Large Language Models
Multimodal Large Language Models (MLLMs)
(Bai et al., 2023; Wang et al., 2024; Zhu et al.,
2024) represent a significant advancement in ar-
tificial intelligence, extending the capabilities of
Large Language Models (LLMs) to process di-
verse modalities. Built upon powerful open-source
LLMs such as LLaMA (Touvron et al., 2023a,b)
and Vicuna (Chiang et al., 2023), MLLMs typi-
cally integrate visual understanding by connecting
pre-trained vision encoders to LLMs via learnable
cross-modal interfaces. Prevalent approaches, such
as LLaVA (Liu et al., 2023, 2024c) and InternVL
(Chen et al., 2024), utilize linear projection layers
to map image features into the LLM’s token em-
bedding space. Alternatively, architectures such as
BLIP-2 (Li et al., 2023b) and InstructBLIP (Dai
et al., 2023) employ query transformers to bridge
modalities and extract task-relevant visual features.
Most MLLMs follow a two-stage training paradigm
involving pre-trained feature alignment followed
by instruction tuning on multimodal data. Despite
these designs, current MLLMs remain prone to
hallucinations, where generated text misrepresents
visual content.

2.2 Mitigation of Hallucination in MLLMs
Mitigating hallucinations in MLLMs has become a
critical research focus. Existing strategies broadly
fall into three main categories. Training-based
methods aim to reduce vision-language knowledge
gaps through improved data filtering (Hu et al.,
2023; Liu et al., 2024a; You et al., 2024), high-
quality annotations (Gunjal et al., 2024), special-
ized alignment training (Sun et al., 2024), or ar-
chitectural modifications (Li et al., 2024). Post-
processing techniques revise outputs after genera-
tion using external modules. For instance, LURE
(Zhou et al., 2024) employs a detector-reviser
pipeline to regenerate hallucinated content, while
Woodpecker (Yin et al., 2024) uses visual models to
verify entities and refine responses. Training-free

decoding methods offer an efficient alternative by
modifying the inference process. VCD (Leng et al.,
2024) applies visual content distortion to reduce
language prior over-reliance through contrastive
decoding. OPERA (Huang et al., 2024) mitigates
hallucinations by identifying and suppressing ab-
normal attention patterns during decoding. MVP
(Qu et al., 2025) introduces a multipath framework
and aggregates visual information from multiple
views to cross-validate responses.

3 Methodology

3.1 Contradictory Prompting Effect

As described in Section 1 (Figures 1 and 2), the
observed Contradictory Prompting Effect (CPE)
denotes a phenomenon in multimodal inference: di-
rect questions frequently amplify linguistic priors
at the expense of visual grounding, while strate-
gically prefixing the query with a counterfactual
statement can engage the model in an evidence-
seeking mode.

We hypothesize that this shift occurs because
priming inputs with contradictory assertions trig-
gers an internal self-verification process. Here, con-
flicting claims force the model to prioritize image-
based evidence over potentially misleading linguis-
tic priors. This discrepancy creates a state similar
to cognitive tension, leading the model to deepen
its reliance on visual information to resolve the
inconsistency.

Our analysis of these and similar cases reveals
a consistent pattern: while direct queries often
induce hallucinations, contradictory prompts can
yield more accurate outputs. The models actively
dispute false premises while providing correct an-
swers. Despite being seeded with contradictory
information, the models’ final output demonstrates
increased factual alignment with the visual input
compared to a neutral instruction. We note that
CPE is most effective when a contradiction is bla-
tantly inconsistent with core visual evidence; am-
biguous prompts may fail to trigger the effect or
even degrade performance. If applied strategically,
contradictory prompting appears to activate latent
self-correction capabilities in MLLMs.

Fundamentally, CPE’s effectiveness reveals and
leverages MLLMs’ pre-existing but underutilized
visual grounding capabilities. By inducing targeted
semantic conflicts, CPE shifts the model’s focus
toward verifying visual reality, thereby converting
linguistic sensitivity, typically a source of bias, into
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Positive

Negative

Is there a handbag in the image?

<Image>

… The skier is wearing a 
racing suit with red pants 
and a white top featuring 

blue and red accents …

… no ski tracks, no people 
on skis, and no signs of any 
athletic competition. There 

is no fallen skier …

Contradiction Generation

LLM

Principles

Follow these principles:
1. Verify Object Presence …
2. Analyze Relationships …
3. Prioritize Clarity …

4. Ensure Realism …
5. Evidence-Based …
6. Question-Centric Focus …

Dual-Channel Inference

<Question>

Image
Encoder

Vision Information

Query Information

Answer:
No

No, there is 
no handbag …

No.

There is no
handbag …

Yes, a handbag 
is located …

0.82

0.61

0.57

0.73

Contradiction-Aware 
Inference

Principle-Driven 
Inference

Contradictions

Figure 3: An overview of our proposed CGVR framework, consisting of two modules: Contradiction Generation
and Dual-Channel Inference. (1) Contradiction Generation module generates two contrasting image captions: a
negative one negating key elements and a positive one reflecting actual content. (2) Dual-Channel Inference module
employs two channels: one cross-checking contradictory captions against visual evidence, the other enforcing strict
visual verification principles. The final answers are produced by integrating dual-channel outputs through weighted
voting with confidence scores.

a self-correction tool.

3.2 Overview of the CGVR Framework

Inspired by the intriguing CPE phenomenon, where
contradictory prompts can enhance multimodal rea-
soning accuracy, we propose Contradiction-Guided
Visual Reasoning (CGVR) – a novel framework de-
signed to harness the self-verification capabilities
of MLLMs for hallucination mitigation without re-
quiring training. As illustrated in Figure 3, CGVR
operates through a structured pipeline with two
modules.

The Contradiction Generation module first cre-
ates two contrasting textual descriptions of the in-
put image to induce conflicting interpretations: a
negative caption that distorts core elements and a
positive caption that describes the visual content.
These captions then feed into the Dual-Channel
Inference module, which executes two specialized
inference pathways. The contradiction-aware infer-
ence channel processes the contradiction-enriched
caption, while the principle-driven inference chan-
nel uses visual reasoning guidelines. CGVR finally
integrates both outputs to produce a consolidated
prediction.

3.3 Contradiction Generation

CGVR utilizes the MLLM’s own ability to generate
two contrasting textual descriptions for an input
image: a deliberately crafted negative caption that
systematically negates key elements of the image

and a standard caption normally reflecting its actual
content.

Negative Caption Generation. Given an input
image I , we design specialized prompts Pneg to
generate a negated caption C− directly from the
MLLM, avoiding external tools or custom net-
works. A specific example is shown in Figure 4(a).
Formally:

C− = MLLM(I, Pneg) (1)

Crucially, C− is not random noise, but a targeted
inversion of reality, creating precise conflicts with
visual evidence. We preserve the original syntactic
structures (e.g., spatial relations) to maintain se-
mantic coherence while inverting truth values. The
prompt details are in the appendix.

Positive Caption Generation. In parallel, we
obtain a standard description C+ through conven-
tional prompting Ppos: “Describe this image in
detail.”

C+ = MLLM(I, Ppos) (2)

Both captions are produced by the same MLLM
using the identical input image I , differing only in
the strategic design of their generation prompts. Al-
though C+ may still contain inaccuracies or hallu-
cinations, its main role here is to provide a standard
descriptive output against which the contradiction
can be contrasted.
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<Input Image>

<Question>: Is there a bus in the image?

Human Prompt: Describe the image in detail, but give an 
opposite description by adding 'no' in front of each key word…

Generated Text: No empty dashboard is visible in the car; there 
are no decorations such as flowers or clocks in the car. No cluster 
of grapes hanging from the windshield. Outside, there are no 
motorbikes. No traffic lights. No people wearing orange or blue.

MLLM

<Hallucination>

Default

<Input Image>

<Question>

Image (Weak)

Language Prior (Strong)

Contradiction

<Input Image>

<Question>

<Contradictory 
Prompt Text>

MLLM

<Right Answer>

Image (Strong)

Conflict!

Language Prior (Weak)

(a) (b)

Contradictory Caption Generation Without Contradictory Prompt

With Contradictory Prompt

Figure 4: (a) Example of Contradictory Caption Generation; (b) Contradiction-Aware Inference of our CGVR
framework.

3.4 Dual-Channel Inference

CGVR leverages a pair of contradictory captions
(C− and C+) and the input image I within two dis-
tinct inference channels. The first channel forces
the model to cross-check the contradictory caption
against visual evidence, while the second enforces
strict visual verification principles. Each channel
is designed to elicit responses from MLLMs to the
target question Q under different reasoning con-
straints, ensuring robust results.

Contradiction-Aware Inference. This channel
is the primary mechanism for realizing the “contra-
diction as trigger” hypothesis. As shown in Figure
4(b), it confronts the model with the conflict be-
tween the negative caption C− and the visual input
I , triggering a vigilant cross-checking mode. To
refute C−, the model must seek evidence in the
image I against false claims, thus revealing details
that it might otherwise overlook or hallucinate.

We construct a contradictory prompt structure
that strategically integrates both captions: The pre-
sentation of C− creates dissonance, while simul-
taneously C+ provides presumably more accurate
reference points for contrasting, further highlight-
ing potential errors in C−. The prompt emphasizes
basing the answers on the visual details, not solely
on either caption. This yields a textual response
RCA:

RCA = MLLM(I, C− ⊕ C+ ⊕Q) (3)

The response RCA contains its answer ACA (e.g.,
"yes" or "no" for binary questions). To extract a
confidence score SCA ∈ [0, 1], we parse the answer

sentence and normalize the model’s logits for the
answer tokens.

This channel mimics human reasoning when en-
countering misinformation: triggering skepticism,
comparative analysis, and evidence-based correc-
tion. The model resolves the tension between the
assertions of C− and the content of I , suppressing
lazy reliance on linguistic priors.

Principle-Driven Inference. We also implement
a minimal principle-driven inference channel with-
out contradictions. This provides a complementary
perspective by statically constraining the model’s
reasoning according to analytical guidelines. It acts
as a safeguard: If the contradiction is somehow
not powerful enough or fails to trigger sufficient
scrutiny, this channel offers an alternative pathway
governed by explicit principles.

This channel skips generated captions entirely.
Instead, it directly prompts the model to answer
question Q using core visual-grounding principles
(guidelines) G, detailed in the appendix. This
yields a textual response RPD:

RPD = MLLM(I,G⊕Q) (4)

Similarly, RPD provides an answer APD and a con-
fidence score SPD extracted from the token proba-
bilities.

3.5 Confidence Aggregation

CGVR integrates the outputs of both inference
channels to produce a robust final answer Afinal

to the question Q. As the answer tokens exhibit
varying certainty (Qu et al., 2025) in different de-
coding paths within each channel, we implement
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Dataset Setup Method LLaVA-1.5 Qwen-VL

Accuracy Precision Recall F1 Score Accuracy Precision Recall F1 Score

MS-COCO

Adversarial

Vanilla 78.96 83.06 72.75 77.57 82.66 90.49 73.00 80.81
VCD 80.88 79.45 83.29 81.33 83.30 89.17 75.80 81.94
OPERA 80.33 76.86 86.80 81.53 83.93 92.55 73.80 82.12
Ours 83.73 83.42 84.20 83.81 85.30 94.68 74.80 83.58

Popular

Vanilla 81.88 88.93 72.80 80.06 84.06 94.20 72.60 82.00
VCD 85.38 86.92 83.28 85.06 85.80 94.82 75.73 84.21
OPERA 86.00 84.09 88.80 86.38 85.73 96.52 74.13 83.86
Ours 87.17 88.63 85.27 86.92 87.90 96.87 78.33 86.62

Random

Vanilla 83.29 92.13 72.80 81.33 84.36 95.65 72.00 82.16
VCD 87.73 91.42 83.28 87.16 86.03 95.92 75.26 84.34
OPERA 89.17 93.21 85.20 89.03 86.13 97.54 74.13 84.24
Ours 90.77 96.93 84.20 90.12 89.33 98.60 79.80 88.21

A-OKVQA

Adversarial

Vanilla 70.77 64.26 93.60 76.20 79.57 79.77 79.23 79.50
VCD 72.40 66.54 90.13 76.56 82.53 86.26 77.40 81.59
OPERA 72.77 67.08 89.40 76.65 82.53 84.86 79.20 81.93
Ours 74.83 69.27 89.27 78.01 84.20 82.39 87.00 84.63

Popular

Vanilla 80.43 75.75 89.53 82.07 85.56 90.44 79.53 84.63
VCD 81.33 78.87 85.60 82.10 86.57 94.78 77.40 85.21
OPERA 81.13 76.18 90.60 82.76 87.00 93.84 79.20 85.90
Ours 82.90 79.93 87.87 83.71 89.27 93.63 84.27 88.70

Random

Vanilla 87.30 83.13 93.60 88.05 86.67 93.16 79.16 85.59
VCD 89.37 88.42 90.60 89.50 87.73 97.56 77.40 86.32
OPERA 89.63 89.82 89.40 89.61 88.53 97.38 79.20 87.35
Ours 90.33 91.38 89.07 90.21 90.63 96.56 84.27 90.00

GQA

Adversarial

Vanilla 71.00 64.19 95.00 76.61 79.07 88.86 66.47 76.05
VCD 72.37 66.63 89.60 76.43 81.47 87.34 73.60 79.88
OPERA 73.80 67.52 91.73 77.78 82.17 86.36 76.40 81.08
Ours 74.90 70.27 86.33 77.48 84.70 83.30 86.80 85.01

Popular

Vanilla 75.90 70.61 88.73 78.64 81.70 95.59 66.47 78.41
VCD 75.47 71.95 83.47 77.28 84.63 94.44 73.60 82.73
OPERA 76.43 70.24 91.73 79.56 85.10 92.49 76.40 83.68
Ours 77.83 72.31 90.20 80.27 88.13 89.18 86.80 87.97

Random

Vanilla 87.17 82.13 95.00 88.10 82.40 88.07 71.64 79.01
VCD 88.40 88.15 88.73 88.44 85.90 97.61 73.60 83.92
OPERA 88.93 88.62 89.33 88.98 87.03 97.04 76.40 85.49
Ours 89.13 88.32 90.20 89.25 89.90 95.58 83.67 89.23

Table 1: Results on discrimination hallucination benchmark POPE. The best performances are bolded.

a weighted voting scheme to consolidate the dual-
channel outputs.

Let SCA and SPD denote the confidence scores
for the answers generated by the two channels, re-
spectively. Because the channels employ different
reasoning approaches, their outputs provide com-
plementary information. We therefore compute
the final answer Afinal by aggregating dual-channel
confidence scores:

Afinal = argmax(α · SCA + (1− α) · SPD) (5)

Here, α is a hyperparameter denoting the impor-
tance of each channel. The answer with the highest
aggregated score is selected, prioritizing the op-
tions where both channels show strong consensus
in confidence. This scheme capitalizes on the com-

plementary strengths of the two channels.

4 Experiments

4.1 Evaluation Benchmarks

We evaluate our method on two widely used bench-
marks for MLLM hallucination mitigation: POPE
and MME.

POPE. POPE (Polling-based Object Probing
Evaluation) (Li et al., 2023c) is a VQA-based eval-
uation method for assessing object hallucination
in MLLMs. It poses binary yes/no questions to
MLLMs regarding the presence of specific objects
in an image. POPE employs three distinct strate-
gies (random, popular, adversarial) to construct
questions involving absent objects, thereby probing
model robustness under varying levels of difficulty.
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Model Method Object-level Attribute-level Total Score ↑
Existence ↑ Count ↑ Position ↑ Color ↑

LLaVA-1.5

Vanilla 183.75 110.00 115.83 157.08 566.67
VCD 186.25 116.67 119.17 159.17 581.25

OPERA 185.00 138.33 128.67 153.00 605.00
Ours 195.00 160.00 133.33 170.00 658.33

Qwen-VL

Vanilla 155.00 127.67 131.67 173.00 587.33
VCD 156.00 131.00 128.00 175.00 590.00

OPERA 165.00 145.00 133.33 175.00 618.33
Ours 170.00 158.33 128.33 180.00 636.67

Table 2: Results on the hallucination subset of MME. The best performances are bolded.

The benchmark aggregates data from three diverse
datasets: MS-COCO (Lin et al., 2014), A-OKVQA
(Schwenk et al., 2022), and GQA (Hudson and
Manning, 2019). For each combination of dataset
and sampling strategy, POPE provides 500 images,
with multiple questions generated per image. Per-
formance is measured by Accuracy, Precision, Re-
call, and F1 score.

MME. The MME benchmark (Fu et al., 2026)
evaluates the perceptual and cognitive abilities of
MLLMs across a total of 14 subtasks: 10 for per-
ception (e.g., object recognition, OCR) and 4 for
cognition (e.g., common sense reasoning). Similar
to POPE, tasks within MME are formulated as bi-
nary queries but emphasize general capabilities. Al-
though the full benchmark offers a comprehensive
assessment, it is especially useful for hallucination
analysis, with dedicated subsets targeting specific
types of hallucinations. For object-level halluci-
nations, subsets include Existence and Count; for
attribute-level hallucinations, Position and Color
subsets are used. Performance evaluation on MME
follows the benchmark’s original design, utilizing
a combined metric based on the sum of the Ac-
curacy and Accuracy+ scores across the evaluated
subtasks. In our experiments, we report results on
both the full MME benchmark to assess overall
performance and the hallucination-specific subsets
(Existence, Count, Position, Color) to isolate the
impact of our method on hallucination mitigation.

4.2 Evaluated MLLMs and Baselines

MLLMs. We integrate our proposed framework
with two representative MLLMs: LLaVA-1.5 (Liu
et al., 2024c) and Qwen-VL (Bai et al., 2023).
These models represent leading approaches in mul-
timodal reasoning, combining visual encoders with

powerful large language model backbones. The
MLLMs we use employ language models with 7
billion parameters (7B).

Baselines. To evaluate the effectiveness of our
framework, we compare it with three baselines: the
standard vanilla MLLMs and two recent training-
free inference-time methods designed to mitigate
object hallucination, including VCD (Leng et al.,
2024) and OPERA (Huang et al., 2024). To en-
sure fair comparison in our experiments, vanilla
MLLMs, VCD, and our CGVR framework all em-
ploy direct sampling under identical configurations.
In addition, OPERA applies a penalty term on the
model logits during beam-search decoding to miti-
gate the over-trust issue.

4.3 Experimental Results

Results on POPE. Table 1 summarizes the exper-
imental results on the POPE benchmark, including
experiments under adversarial, popular, and ran-
dom setups across the three datasets. Our proposed
CGVR method significantly reduces object hallu-
cination in MLLMs for various setups across all
POPE subsets. It is clear that our method outper-
forms the vanilla models on both LLaVA-1.5 and
Qwen-VL. For example, with LLaVA-1.5, CGVR
improves accuracy by +7.48 and F1 score by +8.79
in the random setup of the MS-COCO dataset. Fur-
thermore, CGVR also consistently achieves supe-
rior results compared to existing methods VCD
and OPERA in most cases. These results con-
firm CGVR’s robustness in generating accurate
responses under diverse settings.

Results on MME Hallucination Subset. We
further evaluate our method on the MME hallu-
cination subset to verify the effectiveness of our
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Figure 5: Results for LLaVA-1.5 on the MME full set.
Orange lines indicate the vanilla model and blue lines
represent our CGVR method.

CGVR method against various types of halluci-
nations. As Table 2 shows, our method achieves
higher scores in reducing object-level hallucina-
tions and attribute-level hallucinations in most sub-
sets. Specifically, CGVR improves the perfor-
mance of LLaVA-1.5 by 11.25 (Existence), 50.00
(Count), 17.50 (Position), and 12.92 (Color). It
markedly enhances MLLMs’ capabilities to iden-
tify incorrect object attributes and non-existent en-
tities, outperforming VCD and OPERA in handling
these fine-grained hallucinations.

Results on MME Full Set. Figure 5 displays the
performance in the remaining 10 subsets of the
full MME benchmark using LLaVA-1.5, compar-
ing our CGVR method with the vanilla model. Our
CGVR method (blue lines) demonstrates a stronger
perception capability, substantially outperforming
the vanilla model (orange lines) by a large mar-
gin across most subsets. This enhancement can
be attributed to our contradictory prompting ap-
proach, which helps MLLMs better interpret visual
elements, thereby boosting performance on down-
stream tasks. While CGVR demonstrates clear
advantages in perception-oriented tasks, its perfor-
mance gains are less pronounced in code reason-
ing and numerical calculation (NC) tasks, as these
tasks primarily depend on the language decoder’s
reasoning capability rather than visual content com-
prehension. In general, these results illustrate that
CGVR not only mitigates hallucinations, but also
strengthens general multimodal understanding.

4.4 Ablation Study
Impact of individual proposed components. To
evaluate the contribution of each component within

NegCap PosCap Guide Accuracy F1 Score

- - - 78.96 77.57
✓ 82.80 83.00

✓ 82.87 82.86
✓ 81.57 79.99

✓ ✓ 83.30 83.05
✓ ✓ 83.50 82.70

✓ ✓ 83.27 82.87
✓ ✓ ✓ 83.73 83.81

Table 3: Ablation of the core components in the adver-
sarial setup of the MS-COCO dataset within the POPE
benchmark.

Setup GPT-4o Accuracy F1 Score

Adversarial
× 83.73 83.81
✓ 85.97 85.32

Popular
× 87.17 86.92
✓ 88.50 87.84

Random
× 90.77 90.12
✓ 91.23 90.76

Table 4: Caption transferability results of our method
on the MS-COCO dataset within the POPE benchmark
using the LLaVA-1.5 model. With captions generated
by GPT-4o, our approach can achieve further improve-
ments.

our CGVR framework, we conduct an ablation
study of its core components: negative captions,
positive captions, and principles (guidelines). As
shown in Table 3, performance improves consis-
tently and steadily as these components are in-
crementally integrated. This trend indicates that
combining the distinct information offered by each
component promotes a more comprehensive image
interpretation and reduces hallucinations. These
results confirm that the components within our
CGVR framework act synergistically, each playing
a distinct, yet complementary role in improving
overall performance.

The transferability of captions. To investigate
the impact of caption quality on model perfor-
mance, we employ the powerful GPT-4o model
to create high-quality captions. We generate neg-
ative and positive captions for images from the
MS-COCO dataset within the POPE benchmark.
As shown in Table 4, with these externally gen-
erated captions, our CGVR framework improves
performance across all setups. These results also
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highlight the flexibility of our framework: It can
easily leverage captions from more advanced mod-
els, allowing it to benefit directly from progress in
caption generation. Such compatibility establishes
CGVR as a forward-compatible solution; future
captioning improvements can be harnessed without
architectural modifications.

5 Conclusion

In this paper, we introduce CGVR, a novel frame-
work that mitigates hallucinations in multimodal
large language models (MLLMs) without fine-
tuning, additional data, or architectural modifica-
tions. Inspired by the observed CPE phenomenon,
CGVR generates contradictory captions and per-
forms rigorous cross-verification against visual
inputs. By deliberately inducing contradictions
and transforming them into a catalyst for visual
grounding, our method establishes a new paradigm
for lightweight, reliable multimodal reasoning.
Comprehensive experiments across diverse bench-
marks and MLLMs confirm the effectiveness of our
method. Furthermore, harnessing inherent model
capabilities through controlled contradiction sug-
gests promising strategies for improving robustness
within multimodal systems.

Limitations

Although the proposed CGVR framework demon-
strates effectiveness, this work has several limita-
tions. Its foundation is primarily empirical and
engineering-focused, leaving its theoretical and
mechanistic questions unanswered. The core Con-
tradictory Prompting Effect (CPE), though identi-
fied and leveraged, requires more systematic valida-
tion to rule out alternative explanations and to quan-
tify its boundaries across varying models, prompts,
and visual scenarios. Consequently, CGVR cur-
rently stands as an effective technical solution
rather than one grounded in fully explained princi-
ples. Future work is needed to strengthen its foun-
dation through controlled experiments, activation
analysis, and formal modeling of the contradiction-
driven reasoning process, thereby bridging the gap
from an empirical finding to a principled under-
standing for improving multimodal reliability.
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A Implementation Details

In our work, we use the MLLM itself to generate
two contradictory descriptions for an image: a neg-
ative caption and a positive caption. Specifically,
we set a temperature of 0.7 and a top-p parameter
of 0.95 to encourage various outputs. Equation
5 combines the outputs of both inference chan-
nels using weighted voting: α is set to 0.5, which
produces a balanced weighting for each channel.
Minor weight changes have limited impact due to
the framework’s robustness. All experiments are
conducted with a single A800 GPU.

B Prompt Templates

In this section, we provide prompt templates that
are used for caption generation and inference in
our framework. To generate fabricated negative
captions that misrepresent key content, we use a
detailed prompt as shown in Table 5.

Prompt for Negative Caption Generation

Option 1: Describe the image in detail, but give
an opposite description by adding ’no’ in front
of each key word. The negative caption should
sound natural and rational.

Option 2: Describe this image in detail in the
opposite way. Provide an opposite description
by adding ’no’ or ’not’ before each key word or
phrase. For instance, if the image has a ’person’,
describe it as ’no person’.

Option 3: You are an expert at generating op-
posite descriptions. Create a negative caption
that systematically contradicts every aspect of
the given image.
—— Steps ——
1. Analyze the (Image content), noting key ele-
ments from the image. However, for each identi-
fied element, express that it is absent, opposite,
or negated.
2. Describe the image in detail, but give an
opposite description by prefixing with ’no’ or
’not’ (e.g. ’a cat’ → ’no cat’).
3. Ensure your negative caption meets these
criteria:

• Every meaningful object, action, attribute,
or relation must be negated.

• The negative caption should sound natural.

• Leverage a tone of authority and confidence
to subtly strengthen the incorrect interpre-
tation.

4. Once you’ve crafted the negative caption, en-
sure that it is as lengthy, detailed, and complex.

Table 5: The prompt used for negative caption genera-
tion.

We also implement a minimal, principle-driven
inference channel designed to be contradiction-free.
It statically constrains the model’s reasoning based
on analytical guidelines, offering a complemen-
tary safeguard. Specifically, we use this prompt as
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Prompt for Principle-Driven Inference

Option 1: —— Guidelines ——
1. Verify Object Presence: Confirm all men-
tioned objects exist visually. Never hallucinate
or omit visible elements.
2. Analyze Relationships: Define spatial/causal
relationships ONLY if unambiguous and visu-
ally supported.
3. Prioritize Clarity: Focus on high-confidence
elements (e.g., unobscured/key objects).
4. Ensure Realism: Validate actions against
physical laws (e.g., gravity, object interactions).
5. Evidence-Based Conclusions: Base answers
strictly on observable details.
6. Question-Centric Focus: Start with subjects,
then check background if critical.
7. Chain-of-Thought: Think step-by-step inter-
nally but never output reasoning steps.

Option 2: —— Guidelines ——
1. Object Existence Verification: Ensure all men-
tioned objects are visually present in the image.
Avoid introducing non-existent elements or ne-
glecting visible objects.
2. Object Relationship Construction: Define
spatial relationships, causal interactions, and
contextual dependencies between objects. En-
sure these relationships are visually supported
and logically consistent.
3. Prioritization of Reliable Information: Rely
on the clearest and most reliable visual features.
Prioritize key elements to avoid ambiguous or
speculative conclusions.
4. Logical Consistency of Actions: Validate that
all described actions comply with physical prin-
ciples and constraints. Ensure movements, inter-
actions, and object usage are realistic.
5. Closed-loop Reasoning Process: Base every
conclusion on visible and verifiable evidence.
Avoid intuition-based assumptions. Ensure the
reasoning process is self-contained and logically
complete.
6. Question-driven Focus: Guide attention based
on the question. First, analyze the most relevant
elements (e.g., main subjects, foreground ob-
jects). If necessary, explore background and
partially obscured details to ensure nothing criti-
cal is overlooked.

Table 6: The prompt used for principle-driven inference.

shown in Table 6.

C Qualitative Results

As illustrated in Figure 6, qualitative results demon-
strate how CGVR effectively reduces object hallu-
cinations. By introducing contradictory prompting,
our framework compels the model to ground its
responses in visual evidence, leading to more accu-
rate and reliable outputs compared to the baseline
method. These examples consistently highlight
the practical enhancement of CGVR in prioritizing
image content and mitigating hallucinations.

Our CGVR framework is grounded in the core
hypothesis that explicit contradictions counteract
the text-dominant inference bias inherent in many
MLLMs, thereby activating their latent visual ca-
pabilities. It disrupts the model’s default, often
over-reliant, generative pathway prone to halluci-
nation based on linguistic priors or statistical cor-
relations. Instead, it forces the model into a more
critical "self-verification mode", compelling it to
scrutinize the visual evidence more meticulously
before committing to an answer.
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Is there a bus in the image?

Yes, there is a bus in the image, and it is driving down 
the street.

No, there is no bus in the image. The scene mainly 
consists of cars, motorcycles, and pedestrians.

LLaVA-1.5

LLaVA-1.5

Vanilla

With Contradictory Prompt

Is there a kite in the image?

Yes, there is a kite in the image, which is hanging from 
the car window.

No, there is no kite in the image. The image shows a 
busy city street filled with vehicles, people, and traffic 
lights, but there is no kite visible.

LLaVA-1.5

LLaVA-1.5

Vanilla

With Contradictory Prompt

Is there a handbag in the image?

Yes, there is a handbag in the image, and it is located 
near the person who is lying on the ground.

No, there is no handbag in the image.

LLaVA-1.5

LLaVA-1.5

Vanilla

With Contradictory Prompt

Is there a chair in the image?

Yes, there is a chair in the image.

No, there is no chair in the image.

LLaVA-1.5

LLaVA-1.5

Vanilla

With Contradictory Prompt

Is there a car in the image?

Yes, there is a car in the image. The woman is looking 
at her cell phone while standing on the street, and 
there is a car in the background.

No, there is no car in the image. The main focus is on 
the woman standing on the sidewalk and looking at 
her cell phone.

LLaVA-1.5

LLaVA-1.5

Vanilla

With Contradictory Prompt

Is there a chair in the image?

Yes, there is a chair in the image.

No, there is no chair in the image. The focus is on the 
woman wearing a leather jacket and holding a cell 
phone, standing on a sidewalk near potted plants.

LLaVA-1.5

LLaVA-1.5

Vanilla

With Contradictory Prompt

Is there a motorcycle in the image?

Yes, there is a motorcycle in the image, and it is 
parked next to a bus.

No, there is no motorcycle in the image. The image 
only shows buses, trucks, and people on the street.

LLaVA-1.5

LLaVA-1.5

Vanilla

With Contradictory Prompt

Is there a car in the image?

No, there is no car in the image. The image features a 
city street with buses and a bicycle.

Yes, there is a car in the image. It is located on the 
right side, closer to the foreground.

LLaVA-1.5

LLaVA-1.5

Vanilla

With Contradictory Prompt

Figure 6: CGVR’s performance in reducing hallucinations of LLaVA-1.5-7B.
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