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Abstract

Large vision-language models (LVLMs) have shown re-
markable capabilities in visual-language understanding.
Despite their success, LVLMs still suffer from generating
hallucinations in complex generation tasks, leading to in-
consistencies between visual inputs and generated content.
To address this issue, some approaches have introduced
inference-time interventions, such as contrastive decoding,
to reduce overreliance on language priors. However, these
approaches overlook hallucinations stemming from posi-
tion bias and spurious inter-modality correlations. In this
paper, we propose a Cross-Modal Attention Calibration
(CMAC) method to mitigate hallucinations in LVLMs in a
training-free manner. In this method, we design an Inter-
Modality Decoding (IMD) module to alleviate hallucination
by a novel contrastive decoding mechanism. IMD masks
the value vectors associated with significant cross-modal
attention weights as distortion, which addresses both uni-
modality overreliance and misleading inter-modality cor-
relations. Additionally, a Cross-Modal Position Calibra-
tion (CMPC) module shrinks the position gap of image to-
kens, alleviating the position bias in cross-modal attention.
Experimental results on diverse hallucination benchmarks
validate the superiority of our method over existing state-
of-the-art techniques in reducing hallucinations for LVLM.
Our code will be available at https://github.com/
lijm48/IMCCD.

1. Introduction
With advances in computational power and data availabil-
ity, large language models [1, 3, 11, 35, 36] (LLMs) have
achieved significant progress in language understanding[23,
24], generation[15], and reasoning[37]. Large vision-
language models [4, 6–8, 29, 30] (LVLMs) further extend
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Figure 1. Illustration of the comparison between the commonly
used contrastive decoding strategy method and our proposed Inter-
Modality Contrastive Decoding.

large language models to vision-language tasks, demon-
strating impressive performance across a range of applica-
tions, including image captioning and visual question an-
swering (VQA). Despite these advancements, LVLMs suf-
fer from the issue of hallucinations while generating the re-
sponse, in which LVLMs generate textual content that is se-
mantically coherent but inconsistent with ground-truth ob-
jects in the given image, hindering their reliable application.

Among various mitigation strategies, inference-time
methods, particularly Contrastive Decoding (CD)[13, 21,
40], have gained prominence due to their training-free na-
ture and effectiveness. The core principle of CD is to penal-
ize tokens that are likely under a ”hallucinatory” distribu-
tion, typically induced by perturbing the input (e.g., distort-
ing visual features or masking text). While promising, we
argue that existing CD-based approaches suffer from two
fundamental, previously overlooked limitations. First, they
fail to disentangle genuine visual grounding from spurious
cross-modal correlations. LVLMs often learn superficial as-
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LLaVA1.5QWen-VL Hallucination vs Position in image

Figure 2. Illustration of the cross-modal attention Position Bias
within some common LVLMs and the resulting spatially biased
hallucination patterns.

sociations from web-scale data, such as the co-occurrence
of ”food” and ”dining table” [20]. Consequently, a query
about a dining table can trigger a hallucinated response even
if one is absent, merely because food is present in the im-
age. Current CD techniques, which distort the entire vi-
sual input, cannot isolate and penalize these spurious as-
sociations. The resulting ”hallucinatory” distribution is too
coarse, failing to provide the fine-grained contrast needed to
suppress such errors. Second, we identify a systematic posi-
tional bias in the cross-modal attention mechanism of con-
temporary LVLMs. As illustrated in Figure 2, we observe
that hallucinations are more likely to involve objects corre-
sponding to the initial portion of the image token sequence.
With further investigation, we reveal that the issue arises
from the Rotary Position Embedding (RoPE) in the LVLM
decoder. Typically, images are embedded into tokens, inter-
leaved with text tokens, and processed with RoPE for au-
toregressive generation. This architecture inherently incen-
tivizes the model to disproportionately attend to the latter
parts of the visual sequence during autoregressive genera-
tion, which is demonstrated by the relatively higher atten-
tion weights of the later part of image tokens.

To overcome these challenges, we introduce the Cross-
Modal Attention Calibration (CMAC) framework for more
effective hallucination mitigation in a training-free manner.
To address spurious correlations, an Inter-Modality Decod-
ing (IMD) module is proposed to craft a more effective ”hal-
lucinatory” distribution for contrastive decoding. As illus-
trated in Figure 1, instead of globally distorting the image,
IMD operates at the attention level. It selectively masks the
value vectors corresponding to high cross-modal attention
scores. This surgical intervention suppresses strong, legit-
imate inter-modality correlations in cross-modal attention
while leaving weak, spurious correlations and the unimodal
reliance intact in the contrastive distribution. This allows
the resulting contrastive distribution to effectively capture
failures from both spurious correlations and unimodal lan-
guage priors. To counteract positional bias, we propose the
Cross-Modal Position Calibration (CMPC) module, which
mitigates the tendency to overlook crucial visual tokens
caused by position bias. This is achieved by linearly reduc-
ing the positional index gap of image tokens in cross-modal

attention, preserving their global position within sentences
and alleviating positional bias. Extensive experiments on
various LVLM hallucination benchmarks demonstrate the
superiority of our CMAC framework, significantly outper-
forming existing methods. Our main contributions are sum-
marized as follows:
• We propose a novel Inter-Modality Decoding method for

LVLM hallucination mitigation, which eliminates both
uni-modality overreliance and spurious inter-modality
correlations by contrastive decoding.

• We design a Cross-modal Position Calibration, which al-
leviates the position bias by scaling the position indexes
of image tokens in the cross-modal attention process.

• Comprehensive experiments on various benchmarks
demonstrate the effectiveness and generalization of our
proposed method in reducing hallucinations for LVLMs.

2. Related Work
Large Vision-Language models. Large vision-language
models (LVLMs) equip large language models (LLMs) with
the capability to perceive and understand both textual in-
put and visual input data. The most common practice to
achieve LVLMs is to integrate pre-trained LLMs with addi-
tional visual encoders and cross-modal interfaces for cross-
modal fusion. For example, the LVLMs [4, 6–8] repre-
sented by InternVL [8] introduce linear projections to map
the image features from the vision encoder to the token
space of LLMs. While LLaVA series [29, 30] develop a
vision-language model by connecting a vision encoder and
an LLM with a projection layer and fine-tuning their model
based on their generated instructional vision-language data.
Instead, another line of work [22, 43, 44, 53] such as BLIP-
2 [22] adopts the design of query transformer as the inter-
face between vision encoders and LLMs. Dai et al. [12] fur-
ther proposes InstructBLIP, which enhances visual compre-
hension through vision-language instruction tuning and in-
troduces instruction-aware visual feature extraction to query
transformers to enable context-relevant processing of visual
content based on the given instructions. Despite these ad-
vancements in LVLMs, these models continue to struggle
with severe hallucination issues, where generated content
misaligns with the visual inputs. Our work aims to miti-
gate the hallucination of current LVLMs and facilitates the
application of LVLMs in various domains.

Hallucination in LVLMs. The hallucination problem was
first discovered in the field of LLMs. It refers to the mis-
alignment between the generated content from LLMs and
real-world facts (namely the factuality hallucination) or user
instructions (namely the faithfulness hallucination). Built
upon LLMs, LVLMs also suffer from the hallucination
that manifests as a misalignment between generated text
and the visual input. Various approaches have been pro-
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posed to tackle this issue, including the works from the
perspective of constructing additional robust training in-
struction [18, 28, 46, 49], reinforcement learning with hu-
man/AI feedback [14, 19, 25, 33, 42, 47, 48], or model
structure enhancement [50], etc. Despite achieving im-
pressive results, these methods always require extensive
data collection or additional fine-tuning of LVLMs, mak-
ing them both computationally and labor-intensive. Another
line of method [2, 5, 16, 31, 39, 41, 45, 52] focuses on the
training-free method by improving the inference process of
LVLMs to suppress hallucination. For example, some meth-
ods [9, 13, 17, 21, 34, 38, 40] mitigate the hallucination via
reducing the over-reliance of LVLMs on the language prior
by performing conservative decoding on the original inputs
and the inputs with disturbed contents. To the end, other
methods like VCD [21] propose to distort the visual content
by noise-adding [21] or token-wise pruning [13, 40], while
ICD [38] implicitly distorts the instruction by introducing
the negative role prefix for LVLMs. However, the distor-
tion of textual/visual content intervenes in cross-modal at-
tention, neglecting hallucinations caused by spurious inter-
modality correlations. Additionally, the position bias is also
under-explored in the training-free manner.

3. Methodology

3.1. Preliminaries

Modern LVLMs typically comprise a visual encoder, a
cross-modal interface, and a language decoder. The vi-
sual encoder is usually adapted from a pre-trained vision
model, while the language decoder is derived from a pre-
trained LLM. During inference, LVLMs process both vi-
sual and textual inputs to generate the next token in the re-
sponse sequence iteratively. Specifically, the visual encoder
first encodes the input visual content into visual features.
The cross-modal interface then maps these visual features
to the input space of the language decoder to generate the
image tokens X = {xi}ni=0. Here xi is the image token
corresponding to the i-th patch of the image and n is the
number of patches. Besides, the text input is mapped to
the text tokens T = {ti}mi=0, where ti is the i-th text to-
ken and m is the number of text tokens. The image tokens
and text tokens are then concatenated to serve as the in-
put tokens [T0:mb

,X,Tmb+1:m] for the language decoder.
T0:mb

= {ti}mb

i=0 is the first mb tokens (system prompt) in
T and Tmb+1:m = {ti}mi=mb+1 is the remaining part of T
(query prompt).
Language Decoder Forwarding. The multi-head self-
attention layer is commonly used in the language decoder.
During the forward pass of the language decoder, the input
tokens are initially transformed into input embeddings by
the embedding layer, which then serve as the hidden states
for the first self-attention layer. For each sample, every

head within a self-attention layer maps the hidden states to
queries Q ∈ R(n+m)×d, keys K ∈ R(n+m)×d, and values
V ∈ R(n+m)×d by linear transformation. Here (n + m)
is the sequent length of input tokens and d denotes the hid-
den dimensions. Then the position embeddings are applied
to the queries and keys to incorporate the position infor-
mation of each token. Recent language decoders primarily
rely on the rotary position embeddings (ROPE) to encode
the position information, which estimate rotary matrices R
for query and key states by,

Ri
k =

(
cos (P[i]θk) − sin (P[i]θk)
sin (P[i]θk) cos (P[i]θk)

)
, θk =

1

b2k/d

qi
p = qiRi, ki

p = kiRi, (1)

Here b is a hyper-parameter. Ri
k is the rotary matrix for the

2k-th and (2k+ 1)-th dimension of query qi and key states
ki of i-th token with position index P[i]. Normally, the po-
sition indexes of all the tokens are set to P = [{i}m+n

i=1 ].
Given the queries Qp and keys Kp with position embed-
dings, the attention matrix A ∈ R(n+m)×(n+m) is esti-
mated by,

Al =
QpKp

T

√
d

, A = softmax(Al), (2)

where Al is the attention logits before softmax. The atten-
tion matrix A estimates the relevance of each token, which
is used to reweight the values V from each token to obtain
the attention output O ∈ R(n+m)×d,

O = AV, (3)

The attention output O is subsequently fed into the fully
connected feed-forward network (FFN), whose output then
serves as the input hidden states for the subsequent multi-
head self-attention layer.
Next Token Prediction. The language decoder parameter-
ized by θ in LVLMs generates the t-th output token based
on the text tokens T, image tokens X, and the previously
generated tokens Y<t in an auto-regressive manner. This
process can be formulated as follows,

Yt ∼ pθ(Yt|T,Attn(O|T,X,Y<t)),

∝ logitθ(Yt|Attn(O|T,X,Y<t)), (4)

where pθ(·) and logitθ(·) denote the output probability
scores and logits of the language decoder, respectively. Attn
is the self-attention process by Eq (2) and Eq (3). The out-
put token Yt is subsequently concatenated with previously
generated tokens to serve as input for the next step in the
token generation sequence.
Contrastive Decoding for LVLMs. Contrastive Decod-
ing [26] is an effective training-free intervention strategy
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for suppressing hallucinations in LVLMs. Its core idea is to
introduce a manually crafted, distorted input to induce the
model to generate hallucinated outputs, which are then used
to mitigate potential hallucinations in the original output
by contrasting original output distribution logits to the dis-
torted counterpart. Existing works propose designing dis-
torted inputs—either textual [51] or visual [21]—to coun-
teract hallucinations caused by uni-modal priors, where the
model generates results based solely on one modality while
ignoring the other. Formally, contrastive decoding can be
expressed as:

lt = logitθ(Yt|Attn(O|T,X,Y<t)), (5)

l̃t = logitθ(Yt|Attn(O|T̃, X̃,Y<t)), (6)

pθ(Yt|T,X) = softmax((1 + α)lt − α̃lt). (7)

α is the hyper-parameter controlling the contrastive effect,T̃
and X̃ are the distorted text and visual input, respectively.
Despite widely studied [9, 17, 21, 38, 40], existing meth-
ods primarily focus on the unimodal distortion, neglect the
spurious inter-modality correlations, leading to suboptimal
estimation of distorted distribution.

3.2. IMCCD for LVLMs Hallucination Mitigation
In this section, we present the Cross-Modal Attention Cal-
ibration (CMAC) framework, designed to mitigate halluci-
nations in LVLMs. CMAC incorporates two key compo-
nents: Inter-Modality Decoding (IMD) and Cross-Modal
Position Calibration (CMPC), which are used to address the
hallucination caused by the spurious inter-modality correla-
tions and positional biases, respectively. An overview of
our framework is illustrated in Figure 3.

3.2.1. Inter-Modality Contrastive Decoding
Existing contrastive decoding methods primarily address
the hallucinations caused by over-reliance on the uni-modal
priors(e.g., over-reliance on either text or vision) through
input distortions, while neglecting hallucinations arising
from spurious inter-modality correlations. To bridge this
gap, we propose Inter-Modality Decoding (IMD), which
corrects cross-modal correlations through targeted distor-
tion of cross-modal attention patterns. Our key insight is
to selectively suppress the value vectors corresponding to
high values in attention logits and exacerbate the halluci-
nation from the unreliable inter-modality interaction, thus
subsequently alleviating it with contrastive decoding.

Specifically, we firstly isolate the cross-modal segment
from the attention logs Al ∈ R(n+m)×(n+m), which is de-
noted as Al

cross = Al[mb + n : m + n,mb : mb + n].
Generally, Al

cross represents the attention weights between
the subsequent text tokens and image tokens, capturing the
inter-modality correlations within the self-attention layer.
Based on such cross-modal attention weight, we aim to es-
timate the distribution that favors the hallucination, which

afterward is used to mitigate the hallucination from spuri-
ous inter-modality correlations. To accomplish this, IMD
first generates a mask that selectively identifies the promi-
nent attention weights based on their magnitude,

Mcross = I(Al
cross > µ(Al

cross)), (8)

where µ(·) represents the mean operation and I is
the indicator function. The binary mask Mcross ∈
R(m−mb)×(n) adaptively indicates the selected significant
attention weights without the position bias for the cross-
modal segment. We subsequently pad the Mcross to a global
mask M ∈ R(n+m)×(n+m) which applies to all attention
weights in A with zero padding. Specifically, M[mb + n :
m + n,mb : mb + n] is set to the Mcross, ensuring that the
cross-modal part is accurately masked in the global context.

With this global mask, IMD then distorts the cross-
modal segment of self-attention. While recent approaches
typically adapt token-wise pruning image tokens, IMD
masks the value vector V to µ(V ) by dim-wise mean oper-
ation to exacerbate the hallucination. With this process, the
content of the value vector is teased apart. IMD then esti-
mates the attention output by performing the weighted sum
between the origin value vector V and distorted value vec-
tor µ(V) guided by both the mask M and attention weights
A. Specifically, IMD modifies the process Eq (3) by the
following process,

Õ = (M ·A)µ(V) + ((1−M) ·A)V. (9)

With the above equation, IMD distorts the value vectors cor-
responding to the significant cross-modal attention weights
while keeping the value vectors of the remaining attention
part unchanged, which suppresses important inter-modality
correlations from cross-modal attention. Similar to Eq (7),
the final contrastive decoding process is performed by the
following equations,

lt = logitθ(Yt|Attn(O|T,X,Y<t)), (10)

l̃t = logitθ(Yt|Attn(Õ|T,X,Y<t)), (11)

pθ(Yt|T,X) = softmax((1 + α)lt − α̃lt). (12)

Compared with recent contrastive decoding methods, the
advantages of IMD are threefold: (1) The distortion pro-
cess used in IMD directly focuses on the cross-modal seg-
ment of attention to alleviate the cross-modal inconsistency.
Specifically, it proposes to modify the value vectors with
high attention weights on cross-modal attention, leaving the
low-weight inter-modality correlations and intra-modality
knowledge exchange unaffected. This approach enables
IMD to address hallucinations from both uni-modality over-
reliance and spurious inter-modality correlations more ef-
fectively. (2) Traditional contrastive decoding methods alter
attention weights from visual tokens to text tokens, which

40189



Image 

Encoder

Text Query

“Is there a dog in 

this picture?”

Input Image

Text 

Encoder

Input Tokens

system 

prompt

image 

token

query 

prompt

Language Decoder

Q

V

V

K

Q K

Cross-Modal 

Position Calibration

Ac

A
attention logits global mask

M

𝐀𝐜𝐫𝐨𝐬𝐬 𝐌𝐜𝐫𝐨𝐬𝐬 Mean

Inter-Modality Contrastive Decoding

original distribution

hallucinated distribution

Mat-multiply

Induce via Eq (9)

෩𝚨

෩𝚨

෩𝚨 M

Figure 3. An overview of the proposed CMAC approach, consisting of two modules: Inter-Modality Decoding (IMD) and Cross-Modal
Position Calibration (CMPC). During inference, IMC generates a distorted output distribution that favors hallucination by selectively
masking value vectors corresponding to high attention weights in the cross-modal segment of the attention matrix. IMC then performs
contrastive decoding between the original outputs and distorted outputs to mitigate the hallucination. Additionally, CMPC scales the
position indexes to estimate the content-driven attention weights to replace the cross-modal segment, alleviating the position bias.

can result in over- or under-estimated hallucinations from
image regions. IMD, however, avoids modifying attention
weights, yielding a more precise estimation of distributions
prone to hallucination. (3) Besides, since the attention pro-
cess of the visual part remains the same, the key and value
vectors and attention weights can be directly derived from
the original forward process, leading to a faster inference
time than other contrastive decoding methods.

3.2.2. Cross-Modal Position Calibration

Although IMD reduces hallucinations arising from the
cross-modal interaction, MLLMs still face challenges with
visual content retention. Specifically, with the position em-
beddings, the text tokens will be biased to pay more at-
tention to the latter part of the image visual tokens, while
overlooking the head part of the visual tokens, leading to
more hallucinations. Motivated by this, we propose a cross-
modal position calibration module to encourage the self-
attention layer to alleviate the position bias from position
embeddings on the cross-modal part. Concretely, we esti-
mate new position indexes by scaling the position indices
of all image tokens. It is achieved by replacing the original
position indexes of concatenated input tokens, noted with
P = [{i}m+n

i=1 ], with refined position indexes,

Pc = [{i}mb
i=1, {mb +

i

γ
}ni=1, {i+

n

γ
}mi=mb+1], (13)

where γ is the scaling factor.
The refined position indexes shrink the gap between ro-

tary angles of image tokens in rotary matrices in Eq (1).
This keeps the global positional relation of the image con-
tent in the input language and reduces the positional bias
of the head part of image tokens with other language to-
kens. The modified position indexes Pc are used to perform
ROPE to estimate the attention logits Ac with refined posi-
tion embeddings by Eq (1) and Eq (2). Then we refine the

cross-modal part of attention logits Al with,

Ãl
i,j =

{
Ac

i,j , if j > mb + n and mb + n > i ≥ mb,

Al
i,j , otherwise.

The Ãl is used to perform the further estimation of values
in Eq (8), Eq (3) and Eq (9). Note that this refinement is
applied to both the estimation of logits from original inputs
and distorted inputs. With CMPC, the language decoder is
encouraged to prioritize image content over token positions,
effectively alleviating hallucinations caused by the overlook
of visual content. We provide some further analysis about
the position bias of RoPE in the supplementary document.

4. Experiments
4.1. Datasets and Evaluation Metrics
POPE. POPE [27] designs a new metric and benchmark
to assess object hallucination in the VQA paradigm. It
achieves the evaluation of object hallucination in a binary
classification task by prompting LVLMs to answer yes or
no for short questions about the existence of probing ob-
jects (e.g., Is there a car in the image?). The POPE bench-
mark consists of nine different subsets from three datasets,
MS-COCO, AOKVQA, and GQA, with three different neg-
ative sampling strategies (Random, Popular, and Adversar-
ial). Each sampled subset includes 500 images with 6 prob-
lems for each image. Following previous works [20, 38], we
add a ” Please answer in one word.” constraint for evaluat-
ing the POPE dataset at the end of the query text. F1-score
and Accuracy are commonly reported as the metrics for the
performance of hallucination mitigation on this benchmark.
Chair. The CHAIR [32] is a widely used metric for assess-
ing the hallucination in responses of LVLMs. The CHAIR
metric comprises two variants, namely the CHAIRi and
CHAIRs, which are formulated as follows:

CHAIRi =
|{hallucinated objects}|
|{all objects mentioned}|

,
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CHAIRs =
|{sentences with hallucinated object}|

|{all sentences}|
.

Besides, we also report the recall and F1-score to show the
completeness of the generated caption of the image. Fol-
lowing previous work[16], we randomly sample 500 images
in the validation set of MS-COCO and conduct the eval-
uation of CHAIR metrics on the sampled subset with the
prompt ”Please describe this image in detail”.
MME. The MME dataset is a comprehensive benchmark
for the evaluation of LVLMs. Similar to POPE, these tasks
are formulated as binary classifications with yes-no ques-
tions. It encompasses 14 subtasks for the examination of the
perception and cognition abilities of LVLMs. The score is
estimated by the sum of the accuracy of each question and
the accuracy of each image. For hallucination evaluation,
we report the results on both the MME full set and the hal-
lucination subset with four hallucination-related sub-tasks,
including object existence, count, position, and color.

4.2. Models and Implementation Details
We follow VCD[21] to integrate our proposed method with
three popular LVLMs, LLaVA1.5 [29], InstructBLIP [12]
and QWEN-VL [4]. All these models adopt Vicuna 7B [10]
as their language models. We empirically set γ = 2 and
α = 3. On all the sampling setting, top p is set to 1. We
leave other hyper-parameters the same with VCD.

4.3. Experimental Results
Comparison on POPE. We compare our method against
three existing contrastive decoding methods, including
VCD [21], ICD [38], OPERA [16] and PAI [31], on the
POPE dataset. In the POPE dataset, we report the aver-
age of performance on COCO, AOKVQA, and GQA. We
also follow VCD to report the performance of different sub-
sets of POPE distinctly, which is shown in our supplemen-
tary document. The results are presented in Table 1. It
can be observed that our method boosts the performance
of LVLMs in mitigating hallucination from object existence
for each setup of different subsets on POPE. Our proposed
CMAC method outperforms the existing methods by a clear
margin on different LVLMs. Compared to the second-best
method PAI, CMAC achieves a notable increase in accu-
racy and F1 score, underscoring its effectiveness in reducing
spurious inter-modality correlations. For greedy search, the
LVLMs are more sensitive to distribution so some methods
may leads to performance degradation. Nevertheless, the
results showcases our CMAC also can achieve significantly
better results with greedy search, which demonstrates the
generalization capability of CMAC.
Comparison on CHAIR. We conduct evaluation of the
CHAIR metric on the MS-COCO validation set in Table 2
to validate the performance of our method on the image
captioning task and long sequence generation. The table

shows that the performance of our method is better than
that of other existing contrastive decoding methods. Specif-
ically, our CMAC significantly enhances the performance
of LVLMs on CHAIRi and CHAIRs by 9.6% and 5.1% for
LLaVA 1.5 and by 6.4% and 3.5% for InstructBLIP un-
der nucleus sampling, demonstrating the capability of our
method for generating long sequence response with less hal-
lucination. Besides, our CMAC also achieves a better F1
score, which showcases that the generated responses from
our method can describe the image content more accurately
and completely.
Comparison on MME. To validate the effectiveness of
our method in mitigating various types of hallucination be-
yond object existence, we perform the comparison on the
MME hallucination subset and the MME full set with nu-
cleus sampling. The results are averaged over 4 runs. For
MME hallucination set shown in Table 3, CMAC achieves
better scores on mitigating both object-level and attribute-
level hallucination. Beyond the object existence, CMAC
leads to an improvement of 17.50, 8.50, and 5.42 on count,
position, and color for LLaVA1.5, which demonstrates the
generalization capability of CMAC across various types of
hallucinations.

For the MME full set, Figure. 4 illustrates the perfor-
mance of LLaVA 1.5 with normal decoding, VCD, and our
method. Our method generally outperforms the other meth-
ods in 10 sub-tasks of 14. Notably, our method demon-
strates a strong capability for perception, outperforming
VCD and ICD by a large margin. However, our approach
is less effective in numerical calculations and text trans-
lation tasks, as these primarily rely on the language de-
coder’s reasoning capability rather than visual content com-
prehension. Nevertheless, our method maintains compa-
rable performance in recognition tasks compared to exist-
ing approaches. Overall, these findings illustrate that our
method enhances the general functionality of LVLMs while
also effectively mitigating hallucinations.
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4.4. Ablation Study and Analysis
In this section, we conduct ablations to demonstrate the ef-
fectiveness of our method. Without specification, our abla-
tion study is done on the popular setups of POPE and the
MS-COCO validation set for CHAIR.
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Sampling Greedy

Random Popular Adversarial Random Popular Adversarial

Method Acc F1 Acc F1 Acc F1 Acc F1 Acc F1 Acc F1

L
L

aV
A

-1
.5

Baseline 83.49 82.28 79.98 79.34 76.03 76.26 83.51 82.27 79.68 79.07 75.91 76.11
ICD 85.70 84.43 81.61 81.46 78.66 78.57 87.82 86.73 84.72 83.94 80.98 80.78
VCD 86.84 86.83 82.65 83.37 77.31 79.28 88.11 88.15 84.23 84.91 78.08 80.07
PAI 87.73 87.65 83.45 84.21 78.36 78.53 88.32 88.01 84.69 85.61 79.18 80.38
OPERA - - - - - - 88.85 88.67 82.77 83.40 79.16 80.93
Ours 89.10 88.60 86.0 85.70 81.41 81.84 89.33 88.89 86.33 86.00 82.02 82.42

In
st

ru
ct

B
L

IP

Baseline 80.41 80.94 76.09 77.65 72.37 75.42 87.44 86.80 81.85 82.58 77.66 79.21
ICD 85.78 85.73 81.12 82.25 76.82 78.99 86.76 86.83 80.54 82.16 76.73 78.83
VCD 84.11 84.13 79.96 80.80 76.32 78.08 86.66 86.37 81.73 82.29 78.00 79.45
PAI 84.60 84.54 80.13 80.94 77.00 78.33 86.51 86.19 81.65 82.34 77.76 79.13
OPERA - - - - - - 84.57 83.74 78.24 79.15 74.59 76.33
Ours 86.67 86.10 82.20 82.37 78.37 79.25 87.68 87.36 82.38 82.80 78.77 79.58

Q
w

en
-V

L

Baseline 84.12 82.42 81.89 80.51 79.10 78.07 84.09 82.77 83.97 82.63 81.40 80.38
ICD 86.45 85.80 83.41 83.27 81.04 81.33 86.49 85.86 83.80 83.71 80.96 81.27
VCD 87.82 87.68 85.60 85.48 81.85 82.34 87.83 87.39 85.91 85.78 81.90 82.44
PAI 88.15 87.94 85.73 85.51 81.98 82.23 87.86 87.63 85.73 86.62 82.06 82.44
OPERA - - - - - - 83.05 83.20 81.40 81.89 76.73 78.31
Ours 88.61 88.26 86.67 86.34 82.68 83.05 88.92 88.48 86.92 86.55 83.01 83.47

Table 1. Results on discrimination hallucination benchmark POPE. The Baseline method denotes the standard decoding. The best
performances within each setting are bolded. ”Acc” and ”F1” denote the Accuracy and F1 scores, respectively. The results are copied
from the papers or from our re-implementation based on official codes.

Method LLaVA 1.5 InstructBLIP Qwen-VL

Ci ↓ Cs ↓ Recall ↑ F1 ↑ Ci ↓ Cs ↓ Recall ↑ F1 ↑ Ci ↓ Cs ↓ Recall ↑ F1 ↑
Sampling 55.6 17.8 72.4 77.0 57.0 16.7 70.4 76.3 44.8 11.3 74.6 81.1

VCD 54.2 16.4 76.7 80.0 53.6 15.6 74.6 79.2 47.2 12.1 76.1 81.6
ICD 54.0 15.4 77.2 80.7 49.6 14.5 72.6 78.5 43.2 11.2 75.0 81.5
Ours 47.0 12.7 75.6 81.0 50.6 13.2 73.7 79.7 41.2 10.6 75.4 81.8

Greedy 49.6 15.1 77.9 81.2 48.2 13.3 73.8 79.7 45.8 11.4 74.6 81.0
VCD 55.2 15.7 77.6 80.8 49.8 14.0 74.9 80.1 46.6 12.2 76.3 81.7
ICD 57.0 15.4 77.5 80.9 44.6 12.6 73.9 80.1 42.6 11.1 74.9 81.3
Ours 47.6 12.5 76.2 81.5 45.2 12.1 74.2 80.5 41.4 10.9 75.6 81.8

Table 2. Results on hallucination metric CHAIR on the MS-COCO validation set. The best performances within each setting are
bolded. Ci and Cs denotes the CHAIRi and CHAIRs, respectively.

Impact of individual proposed modules. We conducted
an ablation study to assess the effectiveness of each individ-
ual module, including IMD and CMPC, within our CMAC
framework. As illustrated in Table 4, IMD significantly im-
proves the performance by 5.12% on Accuracy and 5.34%
on F1 for VQA task, underscoring the significance of IMD
on mitigating hallucination. The combination of IMD and
CMPC demonstrates a 1.02% performance improvement of
F1, which validates the effectiveness of CMPC in alleviat-
ing position bias. For image-captioning tasks, IMD boosts
the performance on both CHAIRs. Based on IMD, CMPC
slightly enhances the performance, showcasing the efficacy
of CMPC for long sequence generation tasks.

Ablation of distortion used in our method. In Table 5, we
show the performance of our method with different kinds of
distortions. Specifically, ’Attention mask’ indicates prun-
ing significant attention weights by the conventional atten-
tion mask strategy. ’Value noise addition’ indicates adding
noise on value vectors similar to VCD [21] instead of mask-
ing the value vectors to the mean value, which is denoted as
’Value mask’. Our method shows a better hallucination mit-
igation capability compared with attention masking, which
demonstrates that altering the attention weights may lead to
over- or under-estimation of hallucinations from image re-
gions. In contrast, the value mask distortion in our method
also surpasses the value noise addition, achieving a better
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Model Decoding Object-level Attribute-level Total↑
Existence↑ Count↑ Position↑ Color↑

LLaVA1.5

Baseline 183.75 110.00 115.83 157.08 566.67

VCD 186.25 116.67 119.17 159.17 581.25

ICD 185.00 117.91 117.50 162.08 582.50

Ours 191.25 135.41 123.33 162.50 612.49

InstructBLIP

Baseline 154.17 86.67 58.33 123.75 422.91

VCD 166.67 82.08 67.08 130.00 445.83

ICD 166.67 80.83 67.92 128.33 443.75

Ours 183.75 85.00 68.75 131.67 469.17

Qwen-VL

Baseline 142.50 116.67 134.08 157.08 550.33

VCD 148.58 113.67 133.00 164.92 560.17

ICD 144.75 116.44 135.17 162.75 559.11

Ours 157.75 118.75 132.83 168.75 578.08

Table 3. Results on the hallucination subset of MME. The best
performances within each setting are bolded.

IMD CMPC POPE CHAIR
Accuracy F1 Score CHAIRi CHAIRs

79.98 79.34 55.6 17.8
✓ 85.10 84.68 48.2 13.6

✓ 82.31 81.86 54.2 16.2
✓ ✓ 86.04 85.70 47.0 12.7

Table 4. Ablation of the core components on POPE Popular and
CHAIR for LLaVA 1.5.

generalization in different kinds of tasks.

Distortion POPE CHAIR
Accuracy F1 Score CHAIRi CHAIRs

Attention mask 84.92 85.21 48.4 13.9
Value noise addition 85.72 85.60 49.5 13.8

Value mask 86.04 85.70 47.0 12.7

Table 5. Ablation of different kinds of distortion used in our
method.

Analysis of hallucination with statistically significant
cross-modal object existence. To assess the effectiveness
of our method in mitigating hallucinations caused by spuri-
ous inter-modality correlations, we evaluate the hallucina-
tion rates of LLaVA 1.5 on the MS-COCO and A-OKVQA
subsets of the POPE dataset in scenarios with statistically
significant cross-modal object existence, which often in-
duces spurious correlations. Figure 5(a) illustrates that the
statistically significant co-existence leads to a serious hal-
lucination both on the true negative rate and the false nega-
tive rate. This finding indicates that spurious inter-modality
correlations can cause both the neglect of relevant regions
of interest and an over-reliance on irrelevant regions. Fig-
ure 5(b) demonstrates that our method effectively reduces
both true negative and false negative hallucinations stem-
ming from co-existence, underscoring its ability to mitigate
hallucinations from spurious inter-modality correlations.
Analysis of hallucination with position bias. We investi-

with top co-occurring object w/o top co-occurring object
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Baseline VCD ICD Ours
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Figure 5. The comparison of the hallucination rate of LLaVA 1.5
on the POPE dataset. ’TNR’ and ’FNR’ denote the true negative
rate and the false negative rate of VQA, respectively. (a) The hal-
lucination rate of the existence of objects with and without the co-
existence with their top co-occurring object in the image. (b) The
hallucination rate of the object’s existence for different decoding
methods with their top co-occurring object. Concretely, we esti-
mate the mean hallucination rate on 5 pairs of objects with a high
object existence rate.

gate the distribution of hallucinations in LLaVA-1.5 with re-
spect to token position. It can be observed from Table.6 that
the hallucinations occur more frequently in the head portion
of the image tokens, a phenomenon caused by the inher-
ent limitations of the RoPE (Rotary Position Embedding)
mechanism. By contrast, with the integration of our Cross-
Modal Position Calibration (CMPC), the model not only
exhibits a significant reduction in hallucinations but also
achieves a more even distribution of hallucinations across
different parts of image tokens. These findings highlight
the effectiveness of our CMPC strategy in mitigating posi-
tion bias and reducing hallucinations in multimodal models.

Method Head Part Middle Part Tail Part
Baseline 28% 21% 15%

Ours 11% 13% 10%

Table 6. The effect of our method in mitigating the positional bias
of the hallucination occurrence frequency.

5. Conclusion
In this paper, we have introduced CMAC, a novel frame-
work addressing the hallucination problem of LVLMs with
contrastive decoding. In this approach, we propose the
Inter-Modality Decoding which estimates a distorted dis-
tribution favored hallucination by selectively masking the
value vectors associated with high cross-modal attention
weights, alleviating both the spurious inter-modality cor-
relation and the uni-modal over-reliance. Furthermore, a
Cross-Modal Position Calibration module is introduced to
alleviate the overlook of essential visual content caused by
position bias. Extensive experiments conducted on diverse
benchmarks and LVLMs confirm the efficacy of the pro-
posed method.
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