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Abstract

Despite achieving rapid developments and with widespread
applications, Large Vision-Language Models (LVLMs) con-
front a serious challenge of being prone to generating hal-
lucinations. An over-reliance on linguistic priors has been
identified as a key factor leading to these hallucinations.
In this paper, we propose to alleviate this problem by in-
troducing a novel image-biased decoding (IBD) technique.
Our method derives the next-token probability distribution
by contrasting predictions from a conventional LVLM with
those of an image-biased LVLM, thereby amplifying the cor-
rect information highly correlated with image content while
mitigating the hallucinatory errors caused by excessive de-
pendence on text. We further conduct a comprehensive sta-
tistical analysis to validate the reliability of our method,
and design an adaptive adjustment strategy to achieve ro-
bust and flexible handling under varying conditions. Ex-
perimental results across multiple evaluation metrics verify
that our method, despite not requiring additional training
data and only with a minimal increase in model parame-
ters, can significantly reduce hallucinations in LVLMs and
enhance the truthfulness of the generated response.

1. Introduction
The rapid development of large language models (LLMs)
[4, 29] in recent years marks a significant step toward
achieving artificial general intelligence (AGI). Large vision-
language models (LVLMs) [24, 35–37] have further ex-
tended the capabilities of LLMs to the visual domain,
demonstrating impressive performance across various tasks
such as image captioning [20, 34], grounding [26, 40] and
segmentation [46]. Despite their notable successes, LVLMs
still encounter numerous challenges that impede their real-
world utility. Among these challenges, the phenomenon
of hallucinations [13, 25] is particularly critical, with its
frequent occurrence prompting extensive worries about the
safety and stability of artificial intelligence systems.

In the field of vision-language models, the term ‘halluci-
nation’ denotes the generation of information by the model
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Figure 1. An illustrative example of our method. Texts highlighted
in red and green indicate erroneous prediction and correct predic-
tion generated by the original LVLM and contrastive results, re-
spectively.

that is either unrelated or incorrect with respect to the given
text and image inputs. Recent studies [11] suggest that
the standard pretraining mechanism of LLMs, which tar-
gets the maximum-likelihood-based next token prediction,
is a significant contributor to the occurrence of hallucina-
tions. This mechanism may cause models to depend ex-
cessively on superficial patterns found in the training data
rather than developing a substantial understanding of fun-
damental logical principles [15]. Specifically for the vision-
language models, it has been observed that LVLMs fine-
tuned from language models tend to depend excessively on
linguistic priors during the autoregressive text generation
process [10, 19, 22]. As a result, responses are often sim-
ply continued based on the text generated from the previous
time steps, neglecting to draw logical inferences from the
actual visual content within the input image. This issue of
language over-reliance is particularly severe in the genera-
tion of long text, with empirical observations [44] indicating
that the later segments of the generated response are more
susceptible to hallucinations.

In this work, we aim to address the issue of hallucina-
tions in LVLMs by proposing a novel contrastive decod-
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ing technique [21] that is designed based on the underlying
cause of these hallucinations to extract accurate informa-
tion. Our proposed method involves computing a more re-
liable next-token probability distribution by contrasting the
predictions of the original model with those of an image-
biased model that focuses more the image information. The
image-biased model is created by modifying the attention
weight matrix structure within the original model with-
out altering its parameters. This approach emphasizes the
knowledge of the image-biased model and diminishes that
of the original model, which may be text-biased, thus en-
couraging the extraction of correct content while suppress-
ing hallucinations resulting from textual over-reliance. An
illustrative example of our method is presented in Fig.1.
The original model erroneously predicts ‘keyboard’ as the
next token, a term often associated with ‘computer’ in lin-
guistic priors but absent in the input image. Upon using
the image-biased model, the correct token ‘plant’ receives
a significantly higher probability boost. Consequently, the
contrast between these two predictions can serve as an ef-
fective indicator to select the accurate tokens and mitigate
hallucinations.

To ensure the reliability of our method, we conduct a
statistical analysis to verify the alignment between the to-
kens receiving the highest probability boost and the correct
tokens devoid of hallucinations. The results reveal a sig-
nificant correlation in certain conditions, demonstrating the
credibility of our method. Furthermore, we identify poten-
tial scenarios where our method may fail and, in response,
develop a dynamic adjustment mechanism to address such
issues. By incorporating these designs, our method, named
Image-Biased Decoding (IBD), demonstrates notable ef-
fectiveness in mitigating hallucinations. The benefits of
IBD can be summarized in three key aspects: (1) Min-
imal Overhead. IBD operates with low extra parameter
and data costs, distinguishing it from previous methods like
[23, 41], which necessitate extra training data, or [39, 44]
which demand a considerable expansion of model param-
eters. (2) Comprehensive Processing Capability. Unlike
earlier contrastive decoding strategies [19, 21], IBD is de-
signed based on an in-depth statistical analysis that takes
into account the unique properties of different vocabulary
types, allowing it to adaptively handle a diverse range of
situations flexibly. (3) Superior Performance. Extensive
validation experiments are conducted to benchmark IBD
against other advanced methods. The leading results across
multiple metrics demonstrate the high effectiveness of IBD.

2. Related Work
Large Vision-Language Models. The introduction of large
language models (LLMs) [4, 29] has marked the advent of
a new era in artificial intelligence. Initially, LLMs were
limited to text processing. Recent advancements have ex-

panded their capabilities to process images, leading to the
development of Large Vision-Language Models (LVLMs)
[1, 8, 24, 45] in a multi-modal manner. These LVLMs have
achieved impressive and generalizable performance across
multiple tasks, such as image captioning [20], visual ques-
tion answering [42], object detection [38] and image seg-
mentation [18]. Despite their successes, similar to LLMs,
LVLMs are prone to generating hallucinations [22], which
significantly hampers their robust application. Our research
aims to address the issue of hallucinations in LVLMs to im-
prove their practical utility and reliability.
Hallucinations in VLMs and LVLMs. Hallucination
refers to the problem that a model generates information
that is either irrelevant or incorrect with respect to the
given context. This issue has attracted increased atten-
tion within the domain of VLMs [16, 27]. Recent re-
searchers [2, 32, 43] have started to focus intensively on the
hallucination phenomenon in LVLMs. Some approaches
[23, 30, 41] attempt to mitigate hallucinations by fine-
tuning the LVLMs on fine-grained datasets, while others
[33, 39, 44] propose to use supplementary networks to iden-
tify hallucinated objects or to rewrite the output text from
LVLMs. However, these techniques typically necessitate a
substantial number of additional model parameters or train-
ing data. Our method differs from these approaches by
focusing only on refining the model’s decoding process,
thereby effectively reducing hallucinations without requir-
ing too many additional parameters or data.
Decoding Method. Decoding method determines the gen-
eration of text tokens at each time step within language
models. Traditional decoding strategies such as beam
search [3], top-k decoding [9], and sampling methods [11],
despite their widespread use, are prone to producing hal-
lucinatory content. Recent research [6, 7, 14, 19, 21, 31]
has made attempts to address this issue by proposing bet-
ter decoding methods. For instance, [19] uses contrastive
decoding in LVLMs; however, this technique relies on ran-
domly generated noise as input, which can introduce uncon-
trollable and unstable informational perturbations. In con-
trast to these existing approaches, our method delves into
the fundamental causes of hallucinations in LVLMs and tai-
lors a comprehensive method in consideration of varying
textual words, leading to an efficient and robust solution for
handling a wide array of scenarios. Table.1 presents the
comparison results, where our approach demonstrates su-
perior performance than other decoding methods.

3. Method
Recent Large Vision-Language Models (LVLMs) typically
utilize a visual image v and a text t as inputs to generate
a text response. The process begins with passing the in-
put image v through a visual encoder, followed by a feature
space projector to generate a set of visual tokens. These
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visual tokens are subsequently concatenated with the input
text tokens to serve as the input for the LVLM’s language
model. Within the framework, the LVLM generates the re-
sponse y = {y1, y2, ..., yNy

} with Ny time steps in an auto-
regressive manner, with the probability distribution of gen-
erating token yi at the i-th time step being represented as
pθ (yi|v, t, y<i) = Softmax (logitθ (yi|v, t, y<i)), where θ
refers to the LVLM model, and y<i = {y1, y2, ..., yi−1} de-
notes the response generated from the previous time steps.

In contrast to vanilla LVLMs, our method does not di-
rectly utilize the probability distribution obtained through
the aforementioned process for prediction. Instead, to al-
leviate hallucinations, we obtain next-token prediction by
contrasting the ordinary prediction with an image-biased
prediction. Specifically, alongside the existing model θ, we
introduce a new model θ̂. Different from θ, which theoret-
ically balances the use of both image v and text {t, y<i}
for prediction, θ̂ exhibits a higher dependency and places
greater emphasis on the information contained within the
image v. With the prediction logits logitθ̂ (yi|v, t, y<i) ob-
tained using θ̂, we compute the next-token-probability by:

p (yi|y<i) = Softmax (LCD) , (1)

LCD = logitθ̂ (yi|v, t, y<i)− logitθ (yi|v, t, y<i) , (2)

Where LCD is named as CD score. The motivation for in-
troducing θ̂ and the contrastive decoding method is based on
the hallucination characteristics observed in LVLMs. Pre-
vious studies [10, 22] have identified the excessive depen-
dence on the language model’s linguistic priors as a critical
contributor to LVLM’s hallucinations. In particular, it has
been observed that LVLMs can occasionally disregard in-
put image’s information but treat the next-token prediction
as a purely text-based continuation task. Such an approach
can lead to the generation of responses that are unrelated to
the input image and are therefore text-biased hallucinations.
Based on these observations, we propose a hypothesis that,
using the model θ̂ that focuses more on input image infor-
mation when making predictions in each time step, the to-
ken with the highest probability boost from θ to θ̂ among
the candidate pool is more likely to be the correct token
without text-biased hallucinations. We provide a detailed
description of model θ̂ in Sec.3.1; and in Sec.3.2, we exam-
ine our hypothesis regarding the differences in results when
utilizing θ and θ̂.

3.1. Image-biased Model
We employ a simple yet effective approach to construct the
image-biased model θ̂, by merely adjusting the attention
weight matrices within the vanilla model θ. Within each
attention weight matrix of LVLM’s language model, we ap-
ply an amplification coefficient to the image tokens, thereby
increasing the attention’s focus on visual information while
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Figure 2. (a) and (b) respectively present the statistical results for
content words and function words in the COCO Caption dataset.
Dark bars represent the proportion of ground tokens with the high-
est CD score among all candidate tokens, while light bars represent
the proportion of ground tokens without the highest CD score. The
statistical results on four LVLMs are reported, including Instruct-
BLIP, MiniGPT-4, LLaVA-1.5 and Shikra.

minimizing its interaction with textual features. This am-
plification coefficient c is a pre-defined numerical value,
which is conditionally added to the attention’s query-key
multiplication result when the key corresponds to an image
token. To be specific, in the i-th time step for generating
the text response, we denote the tokens for the l-th layer of
the LVLM as Tl = {Tl

v,T
l
o}, where Tl

v = {Tl
v,k}

Nv

k=1

and {Tl
o,k}

No

k=1 refer to the tokens of the input image v
and other components (input text, previously generated re-
sponse, padding tokens), respectively. After that, we use
the following formulation to compute each item W l

m,n of
the attention’s weight matrix W l:

W l
m,n = Softmax

(
Ql

m(Kl
n)

T

√
D

+ cm,n +M

)
,

cm,n = ϵ if Kl
n ← Tl

v else 0,

(3)

where Ql and Kl refer to the query and key tokens derived
from Tl, M represents the casual mask, and D denotes the
feature dimension. Kl

n ← Tl
v represents that the n-the

key token Kl
n corresponds to an image token. Utilizing

the method, we encourage the attention mechanism to place
greater focus on image information, consequently making
the constructed model θ̂ to become image-biased. Note that
θ̂ shares the same weight parameters with θ, thus prevent-
ing the additional memory usage to load other parameters
during the inference stage. In Sec.4.3, we will discuss the
detailed settings for the hyperparameter ϵ in Eq.3.

3.2. Hypothesis Testing
Based on θ̂, we evaluate the hypothesis presented above,
i.e., in each time step, candidate token with the highest
probability boost from θ to θ̂ (CD score LCD as Eq.2) is
more likely to be the correct response without text-biased
hallucinations. We conduct experiments on COCO datasets
to test this hypothesis, and we find the following two pat-
terns:
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Difference for Content Words and Function Words.
Our first finding is that the proposed hypothesis holds true
for content words but does not apply to function words. In
linguistics, content words refer to words including rich in-
formation like most of the nouns and adjectives; function
words, on the other hand, refer to other words for form-
ing sentence structures but with less informational content,
such as ‘a’, ‘the’, ‘to’, ‘and’, etc. We employ ChatGPT to
categorize each word in the COCO captions into these two
types. For each time step of a caption text, we compute the
CD scores LCD using Eq.2, and assess whether the ground
truth token attains the highest CD score among all candi-
date tokens1. This assessment is conducted across all cap-
tion words with the ground truth classified as either content
or function words, followed by a statistical analysis shown
in Fig.2. Our findings indicate that, for content words, the
ground truth tokens frequently receive the highest scores,
thus validating our hypothesis for these terms. In contrast,
for function words, the hypothesis is not supported, and the
ground truth tokens frequently score lower than the other
hallucinatory candidate tokens. We attribute this pattern to
the LVLM’s reliance on different types of information when
predicting different words. Content words, often closely
associated with image content, benefit from a model’s in-
creased focus on image data. Conversely, function words,
devoid of visual information and heavily tied to grammati-
cal constructs, depend more on the linguistic priors within
the LLM. Consequently, using an image-biased θ̂ may in-
crease the probability of predicting content tokens while re-
ducing the probability of predicting function tokens, thus
leading to higher CD scores for the content ground truth to-
kens and lower scores for the function ground truth tokens.
Impact of Prediction Similarity between θ and θ̂. An-
other interesting finding is that the proposed hypothesis
may not hold when the predictions pθ (yi|v, t, y<i) from
θ and pθ̂ (yi|v, t, y<i) from θ̂ are too similar. Specifi-
cally, we use di, calculated as the Jensen-Shannon diver-
gence (JSD), to quantify the similarity of the predictions by
di = JSD

(
pθ (yi|v, t, y<i) ||pθ̂ (yi|v, t, y<i)

)
. Our statisti-

cal results, as shown in Fig.3, suggest that a reduction in di
correlates with a greater probability that the candidate token
with the highest CD score is NOT the actual ground truth in
the i-th time step. When the prediction similarity between θ
and θ̂ is too high, the CD score, computed as the prediction
difference, would be low in value and likely to be influenced
by noise, thus leading to a reduced accuracy by using it for
identifying the correct token. This finding is consistent with
the observations reported in the previous research [7, 21].

A low value of di could be attributed to two reasons:
(1) the prediction from θ for yi might already be heavily
image-dependent, and thus, further enhancing image focus

1Candidate tokens include one ground truth token and the other hallu-
cinatory candidate tokens
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Figure 3. Statistical results to illustrate the relationship between
the prediction similarity of θ and θ̂ and the proportion of ground
tokens having the maximum CD score among candidate tokens.
X-axis denotes the range of Jensen-Shannon divergence (JSD) di
between the prediction results from θ and θ̂. di is scaled by 1.5×
104. A higher di indicates lower similarity. Y-axis represents, for
all time steps with its di falling into each range, the proportion of
time steps where the ground truth token has the highest CD score
among all candidate tokens.

in θ̂ does not lead to a significant change in the prediction
outcome; (2) the model’s hallucinations by over-relying on
text coincidentally aligns with the actual content within the
image, so the model is capable of achieving similar predic-
tions for yi when either over-relying on textual information
in θ or image in θ̂. Note that we refer to reason (2) as ‘be-
nign text-biased hallucination. In fact, this phenomena is
common in LVLMs, as the LVLM’s text-biased hallucina-
tions tend to be biased toward the learned associations from
the training set [44]. These associations may also likely be
present in the test images. For instance, upon predicting the
word ‘computer’, an LVLM might frequently predict ‘key-
board’ subsequently without relying on image information,
because ‘computer’ and ‘keyboard’ are commonly seen to-
gether in the training corpus. If a keyboard is indeed in the
test image that also contains a computer, this sort of benign
text-biased hallucinations will not lead to an erroneous pre-
diction.

3.3. Dynamic Adjustment For Decoding
The above analysis reveals that an over-reliance on textual
information is not always detrimental. In the case of pre-
dicting function words, a dependence on language priors
is appropriate, whereas a bias toward images is detrimen-
tal. Moreover, when predictions from θ and θ̂ are closely
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aligned, there is no substantial difference between text-
reliant and image-reliant outcomes. Consequently, it is im-
practical to employ CD scores for the prediction of such
terms. Through intuitive analysis, we assert that even when
using the vanilla maximum likelihood decoding (greedy de-
coding) method, these terms are less prone to suffer from
errors caused by text-biased hallucinations. This is because
function words are generally easy to predict. While terms
with similar predictions from θ and θ̂—either already em-
phasizing image information when predicting or exhibiting
benign text-biased hallucinations—are less likely to be the
erroneous information caused by the over-reliance on text.

Building upon the above discussion, we introduce a dy-
namic mechanism for token prediction, which adaptively
adjusts the balance between the traditional maximum likeli-
hood decoding method and the proposed image-biased con-
trastive decoding. This self-adaptive adjustment is imple-
mented according to the state of the current decoding step.
Formally,

yi ∼ Softmax (logitθ (yi|v, t, y<i) + α · I · LCD) ,

where I = Min{Isim, Icon},
(4)

where α is a scaling factor, Isim and Icon are two indicators.
Isim reflects the difference between the predictions from θ
and θ̂, and Icon reflects the probability that the token in the
current decoding time step is a content word. In practice,
we compute Isim as the Jensen-Shannon divergence by:

Isim = JSD
(
pθ (yi|v, t, y<i) ||pθ̂ (yi|v, t, y<i)

)
. (5)

To calculate Icon, one might consider employing an exist-
ing POS tagging tool to distinguish whether a predicted to-
ken is a content or function word. This method, however,
is prone to semantic ambiguities due to subword tokeniza-
tion. For instance, the token ‘on’ generated in a time step
might be part of the content word ‘onion’. Directly labeling
‘on’ as a function word could therefore introduce inaccu-
racies. To address this issue, we instead adopt an implicit
approach. Prior research [7] has shown that when employ-
ing an early exit strategy [28] in language models to pre-
dict function words, the LLM tends to determine the token
to generate within the middle layers, and keeping the pre-
dictions almost unchanged in the subsequent higher layers.
In contrast, when predicting content words that are more
complex, the LLM continues to change its predictions in
the last few layers. Levering these findings, we employ
the same early exiting method as [7] to get a prediction
p̃θ (yi|v, t, y<i) from the LVLM’s middle layer (the 24-th
layer in our setting). We then define Icon as the distance
between the predictions from the final layer and those from
the intermediate layer, which is formally calculated as:

Icon = JSD (pθ (yi|v, t, y<i) ||p̃θ (yi|v, t, y<i)) . (6)

Isim and Icon are used in Eq.4 to complete the predic-
tion process. This dynamic approach allows the model to
rely more on maximum likelihood when predicting function
words and words that elicit similar predictions from θ and θ̂,
thereby mitigating the negative impact that may arise from
a reduced ability of the CD score to accurately identify the
correct tokens in certain instances. This harmonization of
multiple strategies ensures that the model’s performance is
not unduly hindered by potential weakness in any single ap-
proach, particularly when dealing with some specific types
of words as we have discussed before.

3.4. Full Method

Building upon the approaches illustrated above, we further
advance our method by introducing two minor yet effec-
tive improvements. The first improvement is to finetune
the image-biased model θ̂. In our method, θ̂ is derived
by modifying the attention weight matrices without alter-
ing the parameter weights. However, this modification on
model structures might introduce noise, which in turn could
impact the reliability of the CD score. To mitigate the is-
sue, we finetune θ̂ on the COCO caption dataset to adapt
it better to the modified attention architecture. Note that
we do not apply the frequently-used LoRA for finetuning,
which requires an excessive number of additional parame-
ters. Instead, we utilize the more lightweight prompt tun-
ing technique by adding a small set of learnable prompts
P to the LLM’s inputs. With P obtained through finetun-
ing, the output of θ̂ at the i-th time step can be formulated
as logitθ̂ (yi|P, v, t, y<i). The second improvement draws
inspiration from previous methods [21] by employing an
adaptive plausibility constraint, which is realized by selec-
tively considering only a portion of tokens that possess high
enough output probabilities as the candidates for prediction.
This approach helps to prevent the frequent occurrence of
false positives and false negatives in contrastive decoding
methods [7, 21]. Incorporating these improvements, the full
method to predict a token in a time step i is written as:

yi ∼ Softmax (logitθ (yi|v, t, y<i) + α · I · LCD) ,

subject to yi ∈ Vhead (y<i) ,
(7)

where LCD = logitθ̂ (yi|P, v, t, y<i)− logitθ (yi|v, t, y<i) ,

I = Min{Isim (Eq.5) , Icon (Eq.6)},
Vhead (y<i) = {yi ∈ V :

pθ (yi|v, t, y<i) ≥ βmax
w

pθ (w|v, t, y<i)},
(8)

where V is LVLM’s output vocabulary and β is a hyper-
parameter between 0 to 1.
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Tell me the name of the man in the photo.
Is he a professional table tennis player?

The man in the photo is named Cristiano
Ronaldo. He is a professional table tennis
player, and he is holding a red table
tennis racket.

Tell me the name of the man in the photo.
Is he a professional table tennis player?

The man in the photo is Cristiano
Ronaldo, a professional soccer player.

Figure 4. An example to show the problem of image-biased hal-
lucinations in LVLMs. Texts highlighted in red and green indi-
cate erroneous information and correct information generated by
LLaVA-1.5, respectively.

3.5. Discussion: Are there Image-biased Hallucina-
tions?

This study builds on the existing understanding that hallu-
cinations in LVLMs typically stem from an over-reliance
on textual information. A question that naturally arises is
whether LVLM’s hallucinations exclusively arise from text
dependency, and if some can also be attributed to the exces-
sive reliance on input image. An example shown in Fig.4
demonstrates that such image-biased hallucinations indeed
exist. In the example, a photo showing the renowned soccer
star Cristiano Ronaldo playing table tennis is presented to
an LVLM with the question about whether the man is a pro-
fessional table tennis player. The LVLM responses incor-
rectly. Subsequently, the image is cropped to exclude the
table tennis racket, and the modified image is resubmitted
to the LVLM, which in turn provides the correct response.
This result suggests that the LVLM’s attention to the pad-
dle region impairs its judgment, thereby validating the exis-
tence of image-biased hallucinations.

Our empirical observation suggests that such image-
biased hallucinations frequently occur when there is an in-
consistency between the visual content and the language
model’s world knowledge. For example, as shown in Fig.4,
determining if the man in the image is a professional ta-
ble tennis player relies on the language model’s knowledge
that Cristiano Ronaldo is a footballer, a fact at odds with
the presence of a table tennis racket for another sport in
this image. Consequently, overreliance on the visual cue of
the racket, without proper integration of the model’s world
knowledge, may lead to an incorrect inference that the man
is a table tennis professional. Such misjudgments, how-
ever, are uncommon in the mainstream evaluation frame-
works for LVLMs. These frameworks typically encompass
tasks such as image captioning, which necessitates a limited
scope of world knowledge and focus more on the direct de-

Table 1. Evaluation results on CHAIR metric. Smaller values
indicate fewer hallucinations.

InstructBLIP MiniGPT-4 LLaVA-1.5 Shikra

Method CS CI CS CI CS CI CS CI

Greedy 30.0 14.5 24.2 8.2 20.6 6.2 22.0 7.0
Nucleus 30.4 15.7 23.6 8.3 26.2 8.5 22.6 7.6
Beam Search 21.4 7.2 23.6 7.8 18.8 5.9 20.2 6.4

ReCaption 17.2 6.6 21.8 8.1 13.8 5.0 13.9 5.5
Woodpecker 15.5 6.5 21.5 7.8 13.4 4.8 13.6 5.1

CD 22.0 7.1 23.8 8.3 20.9 6.0 20.4 6.4
DoLa 22.2 7.1 24.2 8.2 20.4 6.3 20.2 6.3
VCD 19.7 7.0 23.7 8.0 18.9 5.7 19.5 6.2
OPERA 16.6 6.8 22.6 8.2 14.2 5.2 14.2 5.9

IBD 15.0 6.2 21.0 7.4 12.7 4.5 13.2 5.2

scriptions of visual content, and question-answering tasks
that typically process straightforward questions without ex-
cessive interference. In these cases, the visual content is
less prone to conflicting with the language model’s world
knowledge, thereby making image-biased hallucinations a
rarer phenomenon.

Given the insights obtained from our analyses, and tak-
ing into account the characteristics of the existing evalu-
ation frameworks, we have chosen not to create targeted
solutions for the image-biased hallucinations. Instead, we
propose the development of a more comprehensive assess-
ment method for image-biased hallucinations and the corre-
sponding solutions as a topic for future research.

4. Experiments
4.1. Settings
Implementation Details. We set ϵ in Eq.3 to 2, α in Eq.4
and Eq.7 to 1.5× 104, and β in Eq.8 to 0.1.p̃θ (yi|v, t, y<i)
in Eq.6 for computing Icon is derived from LVLM’s 24-th
layer.
Baseline Models. Following previous research [14], we
conduct performance validation and comparison across
four mainstream large vision-language models, including
InstructBLIP [8], MiniGPT-4 [45], LLaVA-1.5 [24] and
Shikra [5]. All these models utilize an LLM with 7 billion
parameters.

4.2. Main Results
Following [14], we test our approach using three widely-
used metrics, including CHAIR evaluation, GPT-4 assisted
evaluation and GPT-4V assisted evaluation.
CHAIR Evaluation. Caption Hallucination Assessment
with Image Relevance (CHAIR) is a commonly-used met-
ric for evaluating the degree of object hallucination in im-
age captioning tasks. It assesses the proportion of objects
that are present in the generated captions but absent in the
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Table 2. Comparison with other assistance-based methods in terms
of additional parameters/tools and the CHAIR metric. Lower val-
ues of CS and CI indicate fewer hallucinations.

MiniGPT-4 LLaVA-1.5

Method Additional Param/Tool CS CI CS CI

ReCaption GPT4 21.8 8.1 13.8 5.0
WoodPecker 273M 21.5 7.8 13.4 4.8

IBD 68K 21.0 7.4 12.7 4.5

ground truth. CHAIR encompasses two dimensions, de-
noted as CS and CI , which evaluate the degree of object
hallucination from sentence-level and image-level perspec-
tives, respectively. CS and CI are computed as:

CS =
|{captions w/ hallucinated objects}|

|{all captions}|
, CI =

|{hallucinated objects}|
|{all mentioned objects}|

.

(9)
We follow the same setting as [14] by employing the val-
idation set of the COCO 2014 dataset for our evalua-
tion, and using Please describe this image in
detail. as LVLM’s text input. We present the compar-
ison results in terms of CS and CI in Table.1. The meth-
ods compared in the table are categorized into three types:
(1) the traditional decoding methods, including Greedy De-
coding, Nucleus decoding [11] and Beam Search decod-
ing [3]; (2) decoding methods specifically designed to ad-
dress hallucinations, including vanilla CD (CD) [21], vi-
sual CD (VCD) [19], DOLA [7] and OPERA [14]; and (3)
assistance-based methods that employ an additional model
to mitigate hallucinations or rewrite descriptions, including
ReCaption [33] and Woodpecker [39]. The results show
that our IBD can consistently outperform all other types
of methods across different baseline models, demonstrat-
ing its high effectiveness. Also note that IBD requires only
a minimal number (74K) of additional parameters for the
prompt P beyond the baseline model. This distinguishes
it from other assistance-based methods, which need to use
additional LLMs or network architectures with an exces-
sive number of additional parameters. As shown in Table.2,
compared to these methods, IBD is both more effective and
efficient.
GPT-4 Assisted Evaluation. A limitation of CHAIR is that
it can only assess object-existence-level hallucination. To
further measure hallucinations at other levels, such as at-
tributes and relations, we follow the method in [14] by em-
ploying GPT-4 to evaluate the discrepancies between the de-
scriptions generated by the LVLM and the ground truth de-
scriptions on the VG dataset [17], thus assessing the degree
of hallucinations in a more comprehensive manner. For a
fair comparison, we prompt GPT-4 using the same method
as [14], asking GPT4 to produce the assessment for each
description with six metrics. Readers can refer to Sec.4.4
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Figure 5. Evaluation results assisted by GPT-4, including 4 met-
rics: the number of hallucinated sentences per image (HSPI), the
number of hallucinated words per image (HWPI), the ratio of hal-
lucinated sentences (HSR), and the ratio of hallucinated words
(HWR). Lower values indicate fewer hallucinations.

Table 3. Evaluation results assisted by GPT-4V, including two
metrics: correctness (C) and detailedness (D). Higher values in-
dicate fewer hallucinations.

InstructBLIP MiniGPT-4 LLaVA-1.5 Shikra

Method C D C D C D C D

Beam Search 5.4 5.2 4.5 4.9 5.9 5.2 5.2 5.0
CD 5.4 5.4 4.8 5.2 6.2 5.2 5.4 5.2
OPERA 6.0 5.6 5.2 5.0 6.3 4.9 5.9 5.0
VCD 6.0 5.8 5.5 5.2 6.4 5.0 6.1 5.1
DoLa 5.8 5.9 5.0 5.0 6.3 5.3 5.8 5.2

IBD 6.3 6.1 5.8 5.4 6.7 5.5 6.6 5.8

of [14] for detailed explanations of each metric. We con-
duct comparisons on four metrics that are highly correlated
to the hallucination: the number of hallucinated sentences
per image (HSPI), the number of hallucinated words per im-
age (HWPI), the ratio of hallucinated sentences (HSR), and
the ratio of hallucinated words (HWR). The results of these
comparisons are presented in Fig.5. Across these metrics,
our method demonstrates a significant advantage, which in-
dicates the high effectiveness of our method in mitigating
LVLM’s hallucinations.
GPT-4V Assisted Evaluation. We further evaluate
LVLM’s description quality on the MSCOCO dataset by
inputting both the image and the generated description into
GPT-4V. Concretely, utilizing the method proposed by [14],
we instruct GPT-4V to score these descriptions on two met-
rics, Accuracy and Detailedness, on a scale from 0 to 10.
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Table 4. Evaluation of IBD’s different components on CHAIR
metric. DA and APC refer to dynamic adjustment (Sec.3.3) and
adaptive plausibility constraint (Sec.3.4) respectively.

InstructBLIP MiniGPT-4 LLaVA-1.5 Shikra

Method CS CI CS CI CS CI CS CI

IBD 15.0 6.2 21.0 7.4 12.7 4.5 13.2 5.2

w/o DA 19.5 7.0 23.3 8.0 18.0 5.5 18.9 5.9
w/o Prompt P 17.2 6.5 22.0 7.8 15.8 5.0 16.4 5.6
w/o APC 15.8 6.4 22.0 7.7 13.5 4.6 14.1 5.5

w/o Isim in Eq.4 15.7 6.4 21.8 7.6 13.6 4.8 13.9 5.5
w/o Icon in Eq.4 18.3 6.8 22.5 7.9 16.5 5.1 18.0 5.8

w/ POS-based Icon 16.7 6.5 21.8 7.7 14.5 4.8 15.7 5.6

The results are presented in Table.3. In comparison to other
methods, our method achieves a significant enhancement.
Particularly on the Shikra baseline model, our method sur-
passes the runner-up by 11.5% in the Detailedness metric.
Such gains can be attributed to our method’s enhanced ex-
ploitation of image information, which enables the genera-
tion of descriptions that are more comprehensive with fewer
information omissions.

4.3. Ablation Study

Evaluation of Different Components. We conduct an
ablation study based on the CHAIR metric to examine
the effectiveness of each design component. Specifically,
as shown in Table.4, the evaluated components include:
(1) dynamic adjustment (DA) for decoding (Sec.3.3), (2)
prompt P for finetuning (Sec.3.3); and (3) the adaptive
plausibility constraint (APC) as in Eq.7 and Eq.8. Ad-
ditionally, we evaluate two indicators Isim and Icon used
within the dynamic adjustment method (Eq.4). Removing
any of these components would result in a notable decrease
in performance. In Eq.6, we compute Icon by using the dis-
tances between predictions from different layers, rather than
directly employing a POS tagging tool, which may suffer
from semantic ambiguities (details in sec.3.3). Our experi-
ments confirm this notion, with the use of a POS-based Icon
tagged by spacy [12] significantly degrading performance.
These results demonstrate the rationality and effectiveness
of different design components in our method.
Settings for Hyper-parameter ϵ. As shown in Eq.3, we
introduce a factor added to the QK-multiplication result to
bias model θ̂ towards image information. This factor is
equal to a hyper-parameter ϵ when the key corresponds to an
image token. In Fig.6, using the CHAIR metric, we present
the performance when using different values of ϵ. The re-
sults indicate suboptimal performance when ϵ is either too
small or too large. This is attributed to the fact that an exces-
sively small ϵ results in an insufficient bias towards the im-

Figure 6. Evaluation results when using different ϵ. The left fig-
ure shows the results of the CS metric in CHAIR, and right figure
shows the results of the CI metric in CHAIR. Smaller values indi-
cate fewer hallucinations.

age, while an overly large ϵ introduces too much noise, thus
impairing the model’s performance. When 1.5 < ϵ < 3, the
performance can keep relatively stable.

5. Conclusion
This paper proposes image-biased decoding (IBD), a novel
decoding method that aims at alleviating the issue of hal-
lucinations in LVLMs. Our approach involves conduct-
ing a prediction contrast between the original model and
an image-biased model to amplify the accurate informa-
tion associated with image content, thereby improving the
factuality of the generated text. In addition, we design a
dynamic adjustment strategy that flexibly handles different
types of vocabulary. Experimental results demonstrate the
high effectiveness of IBD in addressing LVLM’s hallucina-
tion challenges. We hope our innovative method and de-
tailed statistical analysis can provide valuable insights for
future research in this field.
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