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Abstract

Large vision-language models (LVLMs) often exhibit ob-
ject hallucination, a phenomenon where models generate
descriptions of non-existent objects within images. Prior
methods have sought to mitigate this issue by adjust-
ing model logits to reduce linguistic bias, but they of-
ten lack precise control over visual uncertainty, sometimes
exacerbating hallucinations instead of mitigating them.
To address this limitation, we propose a novel decoding
strategy called fuzzy contrastive decoding (FuzzyCD) that
uses Takagi-Sugeno fuzzy inference to refine hallucination
control.  FuzzyCD adaptively assigns weights to high-
hallucination logits while mitigating unnecessary linguistic
bias. Specifically, it transforms the log-probabilities of top-
1 tokens from both standard and hallucination logits into
a confidence linguistic fuzzy set. Through Takagi-Sugeno
fuzzy inference, it dynamically adjusts hallucination log-
its to prevent the model from over-relying on spurious lin-
guistic patterns. Experimental results on object hallucina-
tion datasets demonstrate that hallucination is mitigated by
11%p compared to conventional LVLMs. In-depth analy-
ses highlight the effectiveness of FuzzyCD in enhancing the
reliability of vision-language models. The source code is
available at: https://github.com/lilly9928/FuzzyCD

1. Introduction

Recent advances in large vision-language models (LVLMs)
have led to substantial progress in multimodal understand-
ing and interaction by integrating large-scale language mod-
els with visual input [8, 19, 21, 25, 32]. However, these
models are prone to object hallucination, a phenomenon
in which they either describe non-existent objects or fail
to recognize objects that are actually present in the given
image [11, 13, 17, 20, 34]. For example, for the question
asked: “What is the vicuna standing on the sand looking
at?” in Figure 1, LVLM fails to recognize the absence of a
vicuna in the image and instead generates a response based

What is a vicuna standing in the sand looking at?
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Figure 1. Anillustration of the fuzzy contrastive decoding. Orange
background image represents the original, while the blue back-
ground images represent the filtered.

on the implicit assumptions within the question. This phe-
nomenon reflects an excessive reliance on textual cues over
actual visual information, thereby constraining the efficacy
of the model in real-world applications where precision is
essential. The primary causes of object hallucination can
be attributed to the statistical biases inherent in the training
data and the reliance on language priors [1, 7, 14].

To mitigate it, various methods have been proposed, in-
cluding fine-tuning models with specially curated datasets
designed to reduce hallucination and reinforcement learn-
ing with human feedback (RLHF) [17, 22, 30]. However,
they require substantial human resources and computational
costs and often exhibit limited generalization ability across
various scenarios, thus constraining their scalability and
practical applicability. Recently, decoding techniques have
emerged to address object hallucination [9, 15, 20, 38], but
they mainly focus on amplifying or suppressing hallucina-
tions rather than directly detecting them. A key limitation
is the lack of direct control over hallucination amplifica-
tion, which prevents the selective enhancement of accurate
tokens. Consequently, instead of mitigating hallucinations,
they inadvertently introduce new hallucinations, further ex-
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acerbating the problem [2, 11, 17].

To cope with the amplification of uncontrollable hallu-
cination, this paper proposes a method of fuzzy constrative
decoding (FuzzyCD), which consists of two main stages:
fuzzy rule inference and contrastive decoding. In the fuzzy
rule inference, log-probabilities are utilized as confidence
scores, and fuzzification is applied to represent the presence
of hallucination using membership degrees categorized as
“high, medium, and low.” In logical reasoning and infer-
ence, we apply the Takagi-Sugeno (T-S) fuzzy model [31]
to calculate the weight of each rule. Subsequently, the am-
plified logits for the rules are computed, and the final com-
bined logit is derived by calculating a weighted average.
The final amplified logit computed is then removed from
the original logit, systematically minimizing hallucination
elements. The proposed method is validated through ex-
periments using benchmark datasets specifically focused on
object hallucination, demonstrating that it can significantly
reduce the frequency of hallucination occurrences. The key
contributions of this paper are summarized as follows.
¢ Hallucination detection with probability of LVLMs:

An extensive analysis of hallucination detection in
LVLMs by examining the mean, max, min of logits, and
log-probability and probability for hallucination detection
indicates that utilizing probability achieves the highest
detection performance.

* Fuzzy contrastive decoding: The fuzzy contrastive de-
coding method for mitigating object hallucination guides
to more accurately reflect actual visual information and
reduce its reliance on textual biases by fuzzifying the
logits into confidence fuzzy set of ’high, ’medium,
and ’low’ and dynamically adjusting logits using Takagi-
Sugeno fuzzy model.

* Scalable, training-free method: Unlike existing meth-
ods that require fine-tuning with curated datasets or rein-
forcement learning, FuzzyCD is immediately deployable
without additional training. This method can be applied
to various LVLM architectures and datasets, making it a
highly practical and scalable solution.

2. Related Work

In this section, we introduce the methods devised to address
object hallucination in LVLMs and present techniques for
hallucination detection in large-language models (LLMs) in
the field of natural language processing.

2.1. Mitigating Hallucination for LVLMs

Various methods have been proposed to address hallucina-
tion in LVLMs, and the most dominant are fine-tuning with
hallucination mitigation datasets and the use of reinforce-
ment learning with human feedback [18, 27, 29, 33]. How-
ever, they entail substantial computational costs and require
significant human labor [12, 23, 35]. To overcome these

limitations, recent research has introduced training-free de-
coding methods. Decoding-based methods aim to mitigate
hallucination by generating logits amplifying hallucination
and then removing them from the original logits [12]. Tech-
niques for this process include various image transforma-
tions or the use of uniform images (e.g., white or black).

Although they have been effective in reducing statistical
biases in training data, they are constrained by an inability
to precisely identify the logits responsible for hallucination,
often resulting in outcomes that overly depend on amplified
hallucination effects. In addition, when image transforma-
tions are used to amplify hallucination, unintended halluci-
nation may occur in irrelevant areas, or logits that do not
pertain to the actual image content may be produced [39].
To deal with these issues, in this paper, we explore the po-
tential for detecting hallucination within the model’s inter-
nal states and propose a fuzzy logic-based method to adjust
logits based on these findings. This method enables a more
targeted identification [3, 6] and mitigation of specific logits
that contribute to hallucination.

2.2. Hallucination Detection in LLMs

To address the mitigation of hallucination in LLMs, ex-
tensive research has focused on hallucination detection
[5, 16, 23, 26, 37, 39, 40]. In the NLP domain, meth-
ods for hallucination mitigation include classifiers trained
on internal states of the model [24] and fine-tuning meth-
ods using datasets that assess the factuality of the generated
outputs. In addition, using the mean, max, and min of log-
its as confidence score has been widely explored to detect
hallucination [35]. Recent studies also suggest that the first
token generated by an LLM plays a critical role in determin-
ing the likelihood of hallucination [28]. Building on these
findings in hallucination detection for LLM, this paper in-
vestigates the feasibility of detecting hallucinations within
LVLM:s through a detailed analysis of their internal states.
Furthermore, it introduces a novel method that uses this de-
tection capability to enhance the reliability and factual con-
sistency of LVLM output.

3. Method
3.1. Problem Definition

Given a linguistic query x and an image v, a LVLM gener-
ates the next token y; by autoregressively sampling from a
predefined probability distribution:

Yt ~ P(yt | x7v7y<t) (1)

where y; denotes the current token and y.; represents the
sequence of previously generated tokens. However, LVLMs
are subject to object hallucination, where the generated to-
kens refer to objects that are non-existent or misrepresented
in the given image.
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To mitigate such hallucination, contrastive decoding is
employed, which refines the token generation process by
adjusting the output distribution as follows:

vy~ (1+a)-y—a -y 2

where y; is derived from an alternative probability distribu-
tion:
Yo ~ Py | 2 y<) 3)

Here, x’ represents an input that is designed to induce hal-
lucination. However, a critical issue arises when 2’ does not
effectively induce hallucinations, leading not to their miti-
gation but rather to the generation of new hallucinations. To
address this limitation, we aim to detect hallucination and
appropriately suppress the amplified logits of hallucinated
tokens using fuzzy logic.

3.2. Model Confidence

Recent work has exploited the internal states of LLMs,
specifically final hidden representations and exact answer
tokens to improve hallucination detection and AUC per-
formance across multiple datasets [23, 28]. These find-
ings suggest that LLM logits can serve as effective confi-
dence scores for hallucination detection. Table | and Fig-
ure 2 show an example of experimental results on hallu-
cination detection. To identify which logit-based metrics
are effective in detecting hallucinations, we use a simple
classifier trained on the VizWiz training dataset to deter-
mine the presence of hallucinations. The classifier uti-
lizes the mean, min, max, probability, and log-probability
of logits as input features to predict hallucination occur-
rences. Table | shows that probability and log-probability
achieve the highest AUC scores in all settings, making
them the most effective criteria for hallucination detec-
tion. Logits-max performs relatively well, especially in
the POPE dataset, while Logits-mean and Logits-min show
worse performance. These results indicate that probability-
based metrics provide stronger confidence signals for the
detection of hallucinations. Figure 2 shows the density dis-
tributions of logit-based confidence scores for correct and
incorrect answers. In the case of probability, the correct
answers are concentrated around a specific value. This sug-
gests that hallucination detection is possible using logit in-
formation. However, there are overlapping areas, indicating
that classification based solely on logit values is challeng-
ing.

3.3. Fuzzy Contrastive Decoding

Based on the results of the previous section, we confirm
that hallucinations can be detected by probability. Using
this, we propose a fuzzy contrastive decoding (FuzzyCD)
method that effectively detects the occurrence of hallucina-
tions and amplifies hallucination logits. FuzzyCD consists

VizWiz POPE
val random popular adversarial
Logits-mean 0.58 0.24 0.26 0.31
Logits-min 0.56 0.25 0.27 0.31
Logits-max 0.70 0.69 0.72 0.72
Probability 0.75 0.79 0.78 0.76
Log-probability  0.75 0.79 0.78 0.76

Table 1. Hallucination detection criteria for LLaVA-1.5 on two
datasets using the AUC metric. The best-performing criterion ap-
pears in bold.
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Figure 2. Density distributions of logit-based metrics for hal-
lucination analysis. The density distributions of *Correct’ (non-
hallucinated) and ’Incorrect’ (hallucinated) predictions using dif-
ferent logit-based metrics.

of two stages: fuzzy rule inference and contrastive decod-
ing. In the fuzzy rule inference stage, hallucinations are de-
tected, and Takagi-Sugeno (T-S) fuzzy rules are used to gen-
erate logits that amplify hallucinations. Then, in the con-
trastive decoding stage, the amplified logits are used to per-
form a weighted average with each rule weight, ultimately
generating hallucination-amplified logits, which are then re-
moved from the original logits.

3.3.1. Fuzzification

In Figure 3, phase 1 is the fuzzy rule inference process. Ac-
cording to the observations from the previous section, the
log-probability is adopted as the confidence score of the
model for fuzzification. Through this process, the member-
ship degree of the confidence score is determined in the lin-
guistic confidence categories of ‘low,” ‘medium,” and ‘high,’
thereby enabling the representation of uncertainty. To per-
form fuzzification, 10% of the dataset is initially sampled
to calculate the mean (pean) and standard deviation (o).
Subsequently, these values are used to define membership
functions for each confidence level, allowing the model to
quantify the likelihood that the predicted confidence score
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Figure 3. Overview of the proposed FuzzyCD. Given an image, hallucination-amplified data is generated through image filtering. Logits
are then extracted by LVLM decoder, and the log-probability serves as a confidence score, categorized into low, medium, and high. Final

logits are obtained through fuzzy logic calculation.
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Figure 4. Visualization of membership functions.

(logits-mean) x falls within the ‘low,” ‘medium,” or ‘high’
confidence range. Fuzzification is formulated based on a
Gaussian distribution as follows:

T — (ZTmean * o 2
uk(x)exp(( ( 202+k )

> ) ke {71305 1}
“)

where o denotes the standard deviation, and each function
1x () represents the membership degree of the confidence
score x within a specific confidence category. The parame-
ter k designates the confidence level, where k € {—1,0,1}
corresponds to “low,” “medium,” and high” confidence
levels, respectively. Figure 4 shows the generated member-
ship functions.

3.3.2. Fuzzy Rule Inference

For rule inference, we propose a method to adjust logits
based on the membership degrees of confidence fuzzy sets
using the T-S fuzzy model, thereby generating amplified
logits. The T-S fuzzy model classifies confidence levels
into three categories: low, medium, and high. This model
effectively handles uncertainties arising within these confi-

dence ranges and enables the generation of hallucination-
amplified logits based on fuzzy rules. We define nine fuzzy
rules using three fuzzy sets that cover all possible combina-
tions of the sets. Each rule computes its weight based on
the membership degrees of the input values. For example,
if z; and x5 belong to the ”low” category with membership
degrees of 0.04 and 0.05, respectively, the weight of Rule 1
is calculated as 0.20. The weight of each rule, denoted as
Wryle, » 1S Obtained by multiplying the membership functions
k(1) and py(z2), and is formally defined as follows:

Wrule; = ,uk(xl) . IU/k/(:EQ)a fori = 1,2,...,9 (5)

where k and k' represent the fuzzy sets corresponding to
the low, medium, or high confidence fuzzy set. The conclu-
sion of each fuzzy rule is formulated as a logit amplification
equation. The amplification coefficients corresponding to
each filter image’s confidence fuzzy set are defined as anigh,
Gmedium»> and jow-

Furthermore, as shown in Figure 5, we observe that the
logits of the filtered image do not always induce hallucina-
tions, but can also contribute to generating the correct token.
Consequently, directly amplifying and eliminating the log-
its of the filtered image can reduce the probability of gen-
erating the correct token, potentially leading to additional
hallucinations. To mitigate this issue, we propose an alter-
native approach in which the logits are reduced, rather than
amplified, when the filtered image exhibits a high degree of
membership in the "high’ fuzzy set, while the original im-
age demonstrates a high degree of membership in the "low’
fuzzy set. This adjustment ensures that the final logits fa-
cilitate the generation of the correct token. Consequently, a
correction coefficient is applied for Rule 3 (IF x; is low and
Zo is high) , arequce = —7y. Based on these definitions, the
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Blue F-{

— Purple

logitsg(y|x,v) logitsg (ylx,v")

Green
Blue: 21.20 Blue: 23.82
Green: 18.12 Purple: 18.01
Purple: 17.31 Green: 16.62

Figure 5. Applying a filter intended to amplify hallucination log-
its reduces confidence in the correct token ("Blue’) and increases
incorrect predictions (’Purple’ and *Green’), demonstrating unin-
tended hallucination effects.

amplified logits for each rule are computed as follows:

Qhigh * ¢, 1€ {1,4}
Amedium * ¢, 1 € {2,5}
Qreduce * ¢, @ =3

Qlow * s i€{6,7,8,9}

(6)

Yrule; =

where g represents the logits of the filtered image. Each
rule applies the corresponding amplification coefficient to
the logits, resulting in an adjusted and refined output.

3.3.3. Contrastive Decoding with Amplified Logits

The adjusted logits are modified according to specific rules
and eventually combined using a weighted average. The
amplified logits generated through each filter are defined as
follows:

Amplified logits = Z Z ( Wi Y ) , @)

i=1j=1 ]lw.]

where w; denotes the weight assigned to each logit y;,
which is normalized based on its respective weight before
summation. This formulation ensures a consistent inte-
gration of logits computed across multiple filtering mech-
anisms.

The amplified logits are generated for each filter (n), and
the final step involves removing the logit from the original
logits that shows the greatest difference. This difference is
determined by calculating the Jensen-Shannon (JS) diver-
gence, which measures the similarity between two proba-
bility distributions. The JS divergence is defined as follows:

I8(PlIQ) =

where P represents the original logits distribution, ) repre-
sents the amplified logits distribution, and M is the average
distribution given by:

SKL(PIM) + JKL@IM), @)

M:%(P+Q). ©)

The KL divergence is computed as:
P(7)
L(P||M) P(i)lo M) 10
I Z %8 37 (10)

By computing the JS divergence between the original and
amplified logits, the logit with the highest divergence, indi-
cating the most significant difference, is ultimately removed
from the original logits.

Subsequently, contrastive decoding is performed accord-
ing to the following equation:

ye ~ (1 + a)logitsy(y|x,v) — « - amplified logits) ,

(1D

where logits(y|z, v) represents the base logits derived from
the input x and contextual information v, while the term
amplified logits corresponds to the adjusted logits obtained
from the previous formulation. The hyperparameter o reg-
ulates the trade-off between the original logits and the am-
plified logits. The final probability distribution is computed
using the softmax function, from which the next token y; is
sampled.

Furthermore, the set of candidate tokens for sampling is
constrained as follows.

‘%MMQZ{MEVWMM%%RH

> 8 mtaxp¢,(t|Xv7 Kinss y<t)}

(12)
This constraint ensures that only tokens with a probability at
least 3 times that of the most probable token are considered
viable candidates. Consequently, low-probability tokens are
filtered out, thereby improving decoding stability and relia-
bility. This contrastive decoding method facilitates the gen-
eration of more coherent output while effectively mitigating
input-induced decoding biases.

4. Experiments

4.1. Experimental Setting

Implementation Details. We evaluate the effectiveness of
our FuzzyCD on state-of-the-art (SoTA) LVLMs, specifi-
cally implementing it on LLaVA-1.5 [21] and InstructBLIP
[19], which utilize Vicuna-7B. In our experimental setup,
the parameters o and 3 are set to 1 and 0.1, respectively,
with sharpen filtering applied as the default image filter.
Unless otherwise noted, all experiments adhere to these
configurations. For a consistent comparative analysis, we
adopt the original model decoding strategy. All baselines
are evaluated in identical experimental settings to ensure
fair comparison.

Baselines. We compare FuzzyCD with four SoTA models
for mitigating hallucination in LVLMs:
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Dataset Setting Method LLaVA-1.5 InstructBLIP
Acc. Prec. Rec. F1 Acc. Prec. Rec. F1
default 8290 92.00 72.06 80.82 80.63 81.19 79.73 80.46
+ved 8773 91.42 72.80 87.16 8453 88.55 7932 83.68
Random | Hicd 83.66 80.66 80.73 88.77 8643 92.01 8073 8561
+vdd 8352 8925 7622 8222 8096 82.05 7226 80.63
+OPERA 8626 97.14 7473 8447 8656 9072 81.46 85.84
+fuzzyed 88.97 9320 84.07 8840 86.66 91.16 8120 85.89
default  81.00 87.88 7206 79.19 80.50 80.80 80.00 80.40
+ved 8538 8692 8328 85.06 8147 82.89 7932 81.07
popular ¢4 80.46 7639 88.83 82.14 8293 8445 8073 82.55
+vdd 85.87 9432 7633 8438 7890 7835 79.86 79.10
MSCOCO +OPERA 8526 9464 7473 8353 8093 7546 91.66 82.78
+fuzzyed 8610 91.81 7926 85.08 8520 8826 8120 84.58
default  78.60 82.89 7206 77.10 7740 76.11 7987 77.94
+ved 80.88 7945 8329 8133 79.56 79.67 7939 79.52
Adversarial i€ 76.07 7077 89.47 79.03 80.87 80.95 80.73 80.84
+vdd 8352 8925 7622 8222 81.63 7570 81.00 7826
+OPERA 8323 89.84 7493 8171 7633 70.15 91.66 79.47
+fuzzyed 83.93 88.61 77.86 82.89 81.90 8235 8120 81.77

Table 2. Performance comparison of LLaVA-1.5 and InstructBLIP across different settings and augmentation methods on the MSCOCO
dataset. The best and second-best results are highlighted in bold and underline, respectively.

* VCD [17] amplifies and removes hallucinations by intro-
ducing distorted visual inputs, improving the robustness
of the model against spurious correlations.

* ICD [33] utilizes instructional prompts to explicitly in-
duce and eliminate hallucinations.

* VDD [36] applies a projection-based debiasing technique
that removes biased directions in text embeddings, re-
ducing both social and spurious biases without additional
training.

¢ OPERA [14] mitigates hallucinations by penalizing over-
confident beam search outputs and reallocating attention
to image tokens via Retrospection-Allocation.

Datasets and Evaluation Metrics. We evaluate hallucina-
tion using three established benchmarks, with detailed de-
scriptions provided in the supplement.

* POPE [34] evaluates object hallucinations through bi-
nary object presence classification in different sampling
strategies.

* MME [10] assesses multimodal reasoning with specific
subsets used to measure object-level hallucinations and
generalization.

* ROPE [4] measures multi-object hallucinations based on
recognition tasks conditioned on visual prompts.

4.2. Experimental Results

4.2.1. Evaluation on POPE

Table 2 presents the evaluation results on the COCO POPE
dataset, where bold text highlights the highest accuracy
scores, and underlined text indicates the second highest.
The application of the proposed FuzzyCD method leads
to substantial performance improvements in all evaluated
LVLMs, demonstrating its broad applicability. Specifically,
accuracy gains of approximately 5.43%p and 5.07%p are
achieved by the LLaVA-1.5 and InstructBLIP models, re-
spectively.

A more detailed analysis reveals that the FuzzyCD posi-
tively contributes not only to accuracy but also to precision
and recall. In the Random setting, the LLaVA-1.5 model
exhibits a gain in accuracy of 5.86%p, along with improve-
ments of 0.66%p in precision, 12.14%p in recall, and 7.4%p
in F1 score. These enhancements suggest that FuzzyCD
supports a more balanced performance across key metrics
and effectively mitigates object hallucination. InstructBLIP
exhibits a 9.97%p improvement in precision, enhancing the
ability of FuzzyCD to minimize false positives, thus sup-
porting generalization ability in various LVLM:s.

4.2.2. Evaluation on ROPE

Table 3 shows the evaluation results in the ROPE dataset
under in-wild, homogeneous, heterogeneous settings, with

20577



Model Multi-Object Single-Object

Wild Hom Het | Wild Hom Het
LLaVAL.5 | 13.96 31.88 398 | 1396 31.88 398

+ ved 13.57 28.68 6.37 | 2476 4833 9.84
+icd 1435 32.63 5.69 | 2292 4547 10.24
+ vdd 17.8  40.77 7.40 | 27.49 5212 11.06

+OPERA | 1320 37.14 3.82 | 1320 37.14 3.82
+fuzzycd ‘21.12 46.44 745 ‘29.01 57.88 11.30

Table 3. Performance comparison in ROPE.

bold text indicating the highest accuracy. In the in-wild
setting, five objects per image are randomly selected and
ordered to simulate realistic mixed-distribution scenarios.
The homogeneous setting queries five instances of the same
object class (e.g., AAAAA), stressing the model’s ability
to avoid repetitive hallucinations, while the heterogeneous
setting probes five distinct classes (ABCDE) to examine ro-
bustness under various queries.

FuzzyCD outperforms all baselines in every ROPE
setting. We demonstrate performance improvements of
7.16%p, 14.56%p, and 3.47%p over the standard model in
the wild, homogeneous, and heterogeneous settings, respec-
tively. Furthermore, our method consistently outperforms
all recent state-of-the-art models. The particularly large
gain in the homogeneous setting highlights FuzzyCD’s abil-
ity to suppress repeated class hallucinations, while con-
sistent improvements under the in-wild and heterogeneous
conditions underscore the robustness of our model in vari-
ous object distributions.

4.2.3. Evaluation on MME

Table 4 and Figure 6 present a comparative analysis of
performance metrics for the LLaVA-1.5 model and state-
of-the-art methods on the MME dataset, assessing tasks
of object and attribute levels. Object-level tasks include
existence and count, while attribute-level tasks comprise
position and color. The total score represents the aggre-
gated performance across these metrics. In Figure 6, a
star indicates the highest score among the compared meth-
ods. FuzzyCD generally improves performance on all the
evaluation metrics compared to other decoding methods.
Specifically, it achieves 195 in object existence, marking
a 19.33%p improvement over regular decoding. For ob-
ject counting, FuzzyCD attains 163.33, reflecting a gain of
56.66, while in position, it reaches 123.33, representing an
increase of 9.33%p. Although there is a slight decrease in
color accuracy compared to the VDD model (from 165 to
160), the overall improvements, especially in object exis-
tence and counting, demonstrate that FuzzyCD significantly
enhances object-level reasoning and reduces hallucinations
with large objects. The substantial improvements in exis-
tence and counting accuracy suggest enhanced object recog-

Method Object-Level Attribute-Level  Total Scores

Existence Count Position Color

default 175.67 106.67 114 160 556.34
+ved 184.66 138.33  128.67 153 604.66
+icd 185 131.66  113.33  138.33 568.32
+vdd 190 138.33  126.67 165 620

+fuzzycd 195 163.33  123.33 160 641.66

Table 4. Comparison on Object-Level and Attribute-Level tasks.
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Figure 6. Result of MME in all categories.

nition and multi-object differentiation, thereby improving
overall vision-language reasoning.

4.3. Discussions

4.3.1. Ablation Study

Figure 7 shows a model-scale ablation on the POPE bench-
mark, comparing standard decoding with our FuzzyCD
across five vision-language models: LLaVA-1.5(7B),
Instruct-BLIP(7B), LLaVA-Next(13B), QwenVL(32B),
and QwenVL(72B). FuzzyCD consistently improves
accuracy, with the largest gains in smaller models, 5.12%p
for LLaVA-1.5 and 5.41%p for Instruct-BLIP(7B) and
diminishing but still positive gains for larger models
(4.46%p, 0.72%p, and 1.05%p, respectively). These results
confirm that the FuzzyCD strategy demonstrates robustness
on different model scales. Table 5 reports the accuracy on
the POPE dataset using different image filters. Sobel gives
the highest accuracy (89.33%), while median gives the
lowest (86.53%). Bilateral, sharpen, and Gaussian filters
show similar results (86.86%~88.76%). These results
suggest that model performance remains stable across
filtering methods, with only minor accuracy variations.

4.3.2. Qualitative Results

Figure 8 illustrates the FuzzyCD process. Given images x
and z9 and a query ¢, FuzzyCD computes membership de-
grees (high, medium, low) based on the log-probability of
next-token logits. In the example, domino and sugar are the
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Dataset Filter Accuracy (%)
Bilateral 86.86
Median 86.53

POPE Sobel 89.33
Sharpen 88.76
Gaussian 87.83

Table 5. Accuracies for different filters on the POPE dataset
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Figure 7. Model-scale ablation on the POPE dataset.

Q: What is this a picture of?
Phase | : Fuzzy Rule Inference

X1 X2
High: 0.99 High: 0.91
Mid: 0.67 Mid: 0.65
Low: 0.17 Low: 0.23
} Xy X2
Phase Il : Contrastive Decoding
rule9
rule8
rule7 {___] _J_l
rule6 —_—
2 rules T ~ | sugar®
ruled 1] X0 —
rule3 {_] _
rule2 1]
el
00 02 04 06 08 10 vijsual Contrastive Decoding
rule weight
| Sugar
Rule 9: Domino k |1
IF x, is HIGH fzn_d X IS l-_HGH = Sugar
THEN —Amplified Logits B Domino

Figure 8. Visual analysis of FuzzyCD process.

top candidates, both falling into the high membership. Rule
9, which applies when both inputs have high membership,
receives the highest weight, indicating that there is no hal-
lucination. Thus, the logit of x5 is preserved. In contrast,
standard contrastive decoding may mistakenly suppress the
correct tokens that appear in both top positions. FuzzyCD
avoids this and produces more stable and accurate output.
Figure 9 shows an example on the WHOOPS dataset
that involves an unusual image of two young children with
backpacks standing on a snowy mountain. The question is:
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Regular: ] FuzzyCD: (]
Answer: Bl Correct: I, BN Wrong: _

."Queshon Why is it weird?

i Answer: :
\ Toddlers aren't physically able to climb mountains,
E nor is there climbing equipment for their age group, E
1 or typically parents who would allow them to engage in E
\ such a dangerous undertaking.

| The image is a painting of two children with backpacks
| E on their backs, standing on a rocky mountain. E
)| The weird aspect of the image is that the children arei
E depicted as adults, which is not a typical representation !
: of children in such a setting. |

" The image is weird because it features two small children, a boy and a girl, wearing backpacks and ",
E standing on a snowy mountain. This is unusual because it is not common for young children to E
i\ engage in such i ially in a envir Additionally, the children !
E are wearing backpacks, WhICh are typically associated with adults or older children who are :
i\ on a hiking or camping trip. The scene is surreal and unrealistic, as it is not a typical scenario one
‘\\ would expect to see in real life.

Figure 9. An example of hallucination correction using the pro-
posed FuzzyCD on the WHOOPS dataset.

”Why is it weird?” The correct answer highlights the inap-
propriateness of such an activity for children and their por-
trayal of an adult. LLaVA-1.5 partially captures this, noting
the presence of children in an unusual setting but missing
a deeper context. In contrast, LLaVA-1.5 with FuzzyCD
provides a more comprehensive explanation, addressing the
setting, activity, and portrayal of the children. This demon-
strates FuzzyCD’s ability to reduce hallucinations and im-
prove contextual understanding in complex reasoning tasks.

5. Concluding Remarks

This paper proposes a novel method to address object hallu-
cination in LVLMs by detecting hallucinations through log-
probability analysis, rather than relying solely on output-
level corrections. By examining logits-based metrics, we
show that hallucinations can be identified early and effec-
tively mitigated. Based on these insights, we introduce
FuzzyCD, which dynamically adjusts logits using fuzzy
logic and confidence scores. This improves prediction ac-
curacy by increasing the sensitivity to visual cues while re-
ducing the dependence on textual biases. The method is
training-free, does not require additional labeled data, and
is scalable across various LVLM architectures and tasks,
offering strong practical applicability. Experimental re-
sults on multiple benchmarks and state-of-the-art LVLMs
demonstrate that FuzzyCD effectively reduces hallucina-
tions and improves recognition performance, highlighting
its potential to enhance both reliability and accuracy with-
out additional training.

Limitations. As this study focuses mainly on hallucina-
tion mitigation and its empirical validation, more analysis
is needed on attribute-level tasks and general VQA per-
formance to assess the broader applicability. Future work
should explore its efficacy across larger datasets and di-
verse model families, and compare it against alternative ap-
proaches.
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