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Abstract

Large Vision-Language Models (LVLMs)
demonstrate impressive capabilities in generat-
ing detailed and coherent responses from visual
inputs. However, they are prone to generate hal-
lucinations due to an over-reliance on language
priors. To address this issue, we investigate
the language priors in LVLMs and make two
key observations: (1) Even when predicting
the tokens associated with image-related part-
of-speech (POS), models increasingly rely on
linguistic priors as the token sequences grow,
thereby amplifying hallucinations. (2) Meth-
ods that directly calibrate LVLM’s output dis-
tribution to mitigate language priors can lead
to a degradation in text quality or even exacer-
bate hallucinations. Based on these findings,
we propose a novel method, Summary-Guided
Decoding (SumGD). This method naturally
encourages the model to focus more on im-
age information by reducing the text context
through summaries, while controlling only the
image-related POS tokens to maintain text qual-
ity. Through experiments, we demonstrate that
SumGD achieves state-of-the-art performance
on object hallucination benchmarks. Further-
more, in terms of the trade-off between preci-
sion and recall, SumGD achieves Pareto opti-
mality among the existing methods. Lastly, we
observe that although existing methods strug-
gle to balance the reduction of object halluci-
nations with maintaining text quality, SumGD
demonstrates robustness in handling this chal-
lenge.

1 Introduction

Large Vision-Language Models (LVLMs) have
shown remarkable advancements by integrating the
reasoning capabilities of Large Language Models
(LLMs) to interpret visual knowledge (Zhu et al.,
2023; Dai et al., 2023; Liu et al., 2024c; Li et al.,
2023a). Despite their significant utility, they suffer
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[ Describe this image in detail. ?%]

The image captures a baseball game in
progress, with a batter standing at home
plate. The catcher is positioned behind the
batter, wearing a baseball glove. The
umpire is also present, closely observing
the game. There are several other people
in the scene, likely teammates and
coaches, scattered around the field. Some
of them are standing closer to the batter,
while others are further away.
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Figure 1: An example of LVLMs’ hallucination.
LVLMs hallucinate due to their over-reliance on pre-
viously generated text. The red fonts represent the hal-
lucinatory content.

from a critical drawback known as object hallucina-
tion, where the model generate responses that con-
tradict the visual input (Li et al., 2023c; Liu et al.,
2024b). Recent studies have shown that this occurs
because LVLMs rely too heavily on learned textual
patterns, which referred as language priors (Zhou
et al., 2024; Liu et al., 2024a; Jing et al., 2023;
Lee et al., 2024b). This over-reliance on language
priors tends to intensify when the model generates
longer sequences or detailed descriptions (Favero
et al., 2024), leading to frequent hallucinations as
shown in Figure 1.

In this paper, we 1) conduct the fundamental
analysis of language priors in LVLMs (Section 2),
2) analyze the limitations of existing methods for
mitigating language priors and provide insights into
potential solutions (Section 5.1), and 3) propose a
novel method that effectively reduces object hallu-
cination while preserving text quality (Section 3).

First, we analyze language priors by examining
the distance between the next-token probability dis-
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tributions of LVLMs and LLMs, both conditioned
on the same text sequence. Breaking this down
by part-of-speech (POS) types reveals a significant
divergence for image-related POS tokens, such as
NOUN (e.g., “tree”) or ADJ (e.g., “green”). Con-
versely, language-related POS tokens, such as AUX
(e.g., “is,” “will”), show nearly identical distribu-
tions. These findings suggest that LVLMs still rely
heavily on the same linguistic structures as LLMs,
except when visual input is particularly relevant
— such as when describing specific objects or at-
tributes. In other words, LVLMs incorporate visual
information within a linguistic framework that is
very similar to that of LLMs.

Problematically, we discover that even for these
image-related POS tokens, the distributional dis-
tance rapidly decreases as the number of generated
tokens increases. In other words, even when visual
information is necessary, LVLMs tend to focus
more on textual information, leading to frequent
occurrences of object hallucination. We identify
this phenomenon as an over-reliance on language
priors.

Next, we examine the limitations of contrastive
decoding, a promising methods for mitigating hal-
lucinations (Favero et al., 2024; Wang et al., 2024;
Leng et al., 2023; Kim et al., 2024c; Zhu et al.,
2024). Our analysis reveals two primary issues:
(1) The effort to reduce language priors through
contrastive decoding can disrupt the natural distri-
bution of language-related tokens, potentially de-
grading overall text quality. (2) As token length
increases, the model’s reliance on language priors
becomes more pronounced, leading the two output
distributions being contrasted to become increas-
ingly similar. This similarity reduces the effective-
ness of contrastive decoding in steering the model
towards an image-aligned distribution. These find-
ings suggest that reducing language priors may be
more effectively achieved by integrating visual in-
formation naturally, with minimal intervention in
the decoding process.

Building on these observations, we propose a
novel method called Summary-Guided Decoding
(SumGD). Our approach employs a summarization
technique that selectively retains essential infor-
mation from previously generated sentences, en-
couraging LVLMs to more effectively incorporate
image information. To minimize unnecessary in-
tervention for preserving text quality, the summa-
rization is referenced only when predicting image-
related POS tokens, which require image-specific

details.

Our experimental results demonstrate that
SumGD significantly outperforms all other decod-
ing approaches in object hallucination benchmarks
(e.g., up to +16.5% in CHAIRg and +19% in
CHAIR;) across various models and architecture
sizes. Additionally, SumGD demonstrates Pareto
optimal performance, effectively balancing the re-
duction of object hallucinations with the preserva-
tion of high object recall. This balance becomes
more pronounced as token length increases. Finally,
the results confirm that SumGD not only reduces
object hallucinations but also preserves the overall
text quality of LVLMs.!

Our contributions are summarized as follows:

* We analyze how LVLMs tend to disregard
image information and increasingly rely on
language priors, based on the position and
POS type of each token.

* Based on these findings, we propose
Summary-Guided Decoding (SumGD).
SumGD modifies next-token probabilities
using summarized contexts, but only for
image-related POS tokens. This approach
aims to reflect image information while
preserving LVLM'’s text quality as much as
possible.

* SumGD demonstrates state-of-the-art perfor-
mance in object hallucination benchmarks and
achieves Pareto optimal across all methods in
terms of the precision-recall trade-off. Addi-
tionally, SumGD preserves text quality almost
entirely.

2 Language Priors in LVLMs

In this section, we systematically analyze the
causes of language priors in LVLMs. Section §2.1
outlines the method for quantifying language pri-
ors. Section §2.2 provides an in-depth analysis of
how language priors affect LVLMs based on part-
of-speech (POS) types. Section §2.3 analyzes the
impact of increasing token length on language pri-
ors in LVLMs. We conduct this analysis on 5,000
MSCOCO (Lin et al., 2015) image descriptions
generated using LLAVA 1.5 7B (Liu et al., 2024c)
(see Appendix B for more details).

The code will be available at https://github.com/
andy9705/SumGD
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2.1 How to measure language priors in
LVLMs

In LVLMs, language priors refer to the model’s
over-reliance on learned textual patterns, where re-
sponses are generated based on these patterns with-
out fully considering the provided image. From this
perspective, if the token distribution of a LVLM,
which decodes using both text and images, be-
comes similar to that of a LLM, which relies solely
on text for decoding, this could indicate an over-
reliance on language priors. Here, the LLM refers
to the state of the LVLM where the input image is
not provided as a conditioning factor, with both
models conditioned on the same text sequence.
Therefore, we measure language priors by exam-
ining the distributional distance between the next-
token probabilities of LVLMs and LLMs, as de-
scribed in Favero et al. (2024). We employ Jensen-
Shannon Divergence (JSD) (Lin, 1991) to quantify
this distance.

Formally, at each time step ¢, the next token
is selected as:

yt = argmaxlogpg(y | I,T,y<), (1)
yeVv

where 0 is the parameters of LVLMs, V' is the
vocabulary, I denotes the provided image, 1" repre-
sents the textual prompt (e.g., “Please describe this
image in detail.”), and y.; denotes the sequence of
generated tokens up to the time step (t — 1).

We define the distributional distance at each time
step ¢ as:

dist; = JSD (po(- | 1, T,y<t) | pol- | T, y<t) -

2
A larger distance dist; suggests that the LVLM
relies more on visual information for predictions,
indicating a lower dependence on language pri-
ors. Conversely, a smaller distance implies that the
model is generating responses primarily based on
textual patterns.

2.2 Analysis of language priors by
Part-of-Speech (POS) type

We conduct an experiment to investigate whether
LVLMs differ in their reliance on language priors
based on the need for image information. Specifi-
cally, we analyze this tendency by part-of-speech
(POS) type, measuring the JSD at each decoding
step and averaging the JSD values for each POS
type? up to 32 tokens.

We utilized the Spacy model (en_core_web_sm) for POS
tagging
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Figure 2: (Top) The average JSD between the LVLM
and the LLM for each POS category up to 32 tokens.
(Bottom) The average JSD between the LVLM and the
LLM for each POS category across intervals, with each
interval consisting of 32 tokens.
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Figure 3: (Left) Attention weights of image tokens
and text tokens at each decoding step (or token length).
(Right) Object hallucination ratio at each generated
token position.

As shown in Figure 2 (a), we observe signifi-
cant variation in divergence across different POS
categories. POS categories such as PROPN (e.g.,
“Biden”) and ADIJ (e.g., “red”), which related to vi-
sual information, exhibit higher divergence. In con-
trast, language-related POS types, like PART (e.g.,
“not”, “’s”) and AUX (e.g., “are”), show much
lower JSD. This indicates that LVLMs integrate
visual information within a linguistic framework
that is highly aligned with LLMs.

Another important observation, as shown in Fig-
ure 2 (b), is that even for image-related POS tokens
(e.g., NOUN), the distributional distance decreases
significantly as the token length increases.

This suggests that even when image information
is required during decoding, models primarily rely
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Figure 4: Illustration of our Summary-Guided Decoding.

on textual patterns. In other words, token length
(or input length) has a significant influence on how
language priors are employed.

2.3 Influence of Token Sequence Length on
language priors

We observe that as token sequences grow longer,
the model becomes increasingly dependent on lan-
guage priors in Section 2.2. To explore this effect
further, we conduct a detailed analysis of how vary-
ing token lengths impact LVLMs, particularly in
terms of how attention is distributed between im-
age and text tokens, and the consequent impact on
object hallucination.

First, we measure the attention weights assigned
to image tokens and text tokens at each decoding
step. As shown in Figure 3 (a), initially, LVLMs
give sufficient attention to input image tokens when
computing the next token. However, as the sen-
tence grows longer, this attention becomes signifi-
cantly shallower. In other words, when generating
long sentences, we can observe that LVLMs tend
to rely more on linguistic patterns rather than on
visual information. This observation provides addi-
tional insight into our earlier findings in Section 2.2,
where longer sequences were shown to reinforce
the model’s dependence on language priors.

Additionally, to assess the role of input length in
hallucination, we evaluate the object hallucination
ratio as a function of token length. Figure 3 (b)
shows a clear correlation between input length and
the likelihood of object hallucinations, indicating
that longer text generation increases the chances
of hallucination. We hypothesize that this phe-
nomenon is driven by over-reliance on language
priors, which amplifies hallucinations in LVLMs.

3 Summary-Guided Decoding

Based on insights from Section 2, we identify that
an increase in input length results in greater re-
liance on language priors, thereby exacerbating

hallucinations in LVLMs. To address this, we
present Summary-Guided Decoding (SumGD), a
novel method for controlling the length of con-
ditioning input during decoding. In SumGD, we
shorten the conditioning input by summarizing the
previously generated text after each sentence com-
pletion. This process preserves the critical context
from earlier outputs while keeping the input con-
cise. The summarized text, combined with the
image, serves as part of the conditioned input for
generating the next sentence. This approach effec-
tively reduces the input length, allowing the model
to stay more focused on the provided image.

Using summarized inputs can reduce contextual
information, which may cause discrepancies with
the language patterns previously learned by the
model. This can result in distributional shifts that
weaken the model’s language modeling capabili-
ties, ultimately degrading the quality of the gener-
ated text. To address this, we preserve the original
distribution for tokens related to language model-
ing, while using SumGD to control only the image-
related POS tokens.? Our method is illustrated in
Figure 4.

We introduce two variations of SumGD for sum-
mary model usage. The first approach leverages
the instruction-following capabilities inherent in
LVLMs. By providing summary instructions di-
rectly to the LVLM, this method enables the model
to perform SumGD without incurring additional
memory costs. However, a limitation of this ap-
proach is the increased computational burden, as
the LVLM generates its summaries during the pro-
cess. To address these challenges, we distill the
summarization capability into a smaller, more effi-
cient model, Flan-T5-base (Chung et al., 2022) (see
Appendix E for details). This model significantly
reduces computational overhead while maintaining
the advantage of input length control. We report re-

3As shown in Figure 2, we selected PROPN, ADJ, NOUN,
and NUM as image-related POS.
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sults for both SumGD with Self-Summarization
(SumGD-S) and SumGD with the Distilled-Flan-
TS model (SumGD-D), highlighting the trade-offs
between efficiency and performance.

4 Experiment

4.1 Experiment settings

Datasets and Evaluation Metrics. We generate
descriptions for 200 images from the MSCOCO
2014 validation dataset (Lin et al., 2015) prompted
with “Please describe this image in
detail.” (Huang et al., 2024). We employ the
Caption Hallucination Assessment with Image Rel-
evance (CHAIR) (Rohrbach et al., 2019) for evalu-
ating object hallucination. CHAIR consists of two
variants: CHAIR;, which calculates the percentage
of hallucinated objects out of all objects mentioned
in the caption, and CHAIR g, which measures the
percentage of captions that contain at least one
hallucinated object. Additionally, to complement
the precision-based CHAIR metric, we introduce a
Recall metric for a more detailed assessment.

|{hallucinated objects}|

CHAIR; =
! |{all objects mentioned }|

CHAIRg — |{sentences with hallucinated object}|
|{all sentences}|

|{correct mentioned objects}|

Recall =
eca |{ground truth objects}|

To provide a more comprehensive assessment of
hallucinations, we use the Sentence-level Halluci-
nation Ratio (SHR) (Zhao et al., 2023), a GPT-4-
based evaluation metric. This metric includes hallu-
cinations involving object existence, relationships,
and attributes. We generate descriptions for 200
images from the VG dataset (Krishna et al., 2016),
using the same prompts as in the CHAIR metric.
Specifically, SHR leverages GPT-4* to compare
the model’s responses with the manually annotated
descriptions from the VG dataset, evaluating each
response on a sentence-by-sentence to identify po-
tential hallucinations accurately.

Baseline LVLMs. In LVLMs, two prominent meth-
ods for aligning text and vision modalities are the
projection layer-based approach and the learnable
query-based approach (Li et al., 2023a; Zhu et al.,
2023; Chen et al., 2023; Liu et al., 2023). In our
experiments, we utilize representative models for
each aligning method: LLAVA-1.5 (7B/13B) (Liu

“We used GPT-40 (gpt-40-2024-08-06) for hallucination
judgement.

w— Greedy OPERA VCD == ICD M3ID === SUmMGD-S === SumGD-D

® Tokenlength 64 M Tokenlength128 A Tokenlength256 4 Token Length 512

75 100 125 150 175 200 225 64 128 256 512
CHAIRi Generated Token Length
(@) (b)

Figure 5: (Left) A position closer to the top-left indi-
cates an optimal balance between factuality and recall.
(Right) Trade-off between generated token length and
hallucination (lower is better).

etal., 2024c) and InstructBLIP (7B/13B) (Dai et al.,
2023).

Baseline Decoding Methods. We include vari-
ous decoding methods as baseline approaches in
our study, including greedy decoding, nucleus sam-
pling, and beam search for traditional methods. In
addition, we incorporate various contrastive de-
coding techniques, including Visual Contrastive
Decoding (VCD) (Leng et al., 2023), which con-
trasts the original image prompt with a distorted
image prompt; Instruction Contrastive Decoding
(ICD) (Wang et al., 2024), which contrasts the orig-
inal instruction prompt with a modified instruction
prompt; and Multi-Modal Mutual Information De-
coding (M3ID) (Favero et al., 2024), which con-
trasts the image prompt with a non-image prompt,
with the contrast strength progressively increas-
ing as the token length grows. Lastly, we include
OPERA (Huang et al., 2024), a beam search-based
method designed to counteract the model’s ten-
dency to overemphasize specific anchor tokens.

4.2 Main Results

Results on CHAIR evaluation. As shown in Ta-
ble 1, SumGD significantly outperforms the base-
line methods in the CHAIRg and CHAIR across
different model sizes and architectures. Specifi-
cally, compared to Greedy decoding, SumGD-S
achieves a 16.5% improvement in CHAIR g and a
19% improvement in CHAIR; on LLAVA 1.5 7B.
On InstructBLIP 7B, the improvements are even
more pronounced, with a 23.7% improvement in
CHAIR;.

We conduct the CHAIR evaluation by fixing the
generated token lengths at 64, 128, 256, and 512,
representing a range from short to long text gener-
ation to ensure a fair evaluation of object halluci-
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Method LLAVA-1.57B InstructBLIP 7B LLAVA-1.5 13B InstructBLIP 13B Average
Csi Crl Rt Csl G} RT Csl Crd RT Csl Crl Rt Csl C) RT
Greedy 515 137 79.1 490 156 727 435 122 783 520 135 698 49.0 138 75.0
Nucleus 53.0 144 769 570 169 723 495 143 744 645 192 686 560 162 73.1
Beam search based (n=5)
Beam Search 475 125 79.2 455 13.1 741 435 120 783 585 150 71.1 488 132 757
OPERA 46.0 134 783 43.0 13.0 73.8 40.0 125 722 445 120 69.5 434 127 735
Contrastive Decoding
VCD 580 164 778 565 165 71.6 595 168 79.5 525 134 712 56.6 158 75.0
ICD 455 134 772 605 17.8 689 475 13.0 773 660 193 722 549 159 739
M3ID 445 120 76.1 68.0 18.0 71.6 450 119 778 780 208 678 589 157 733
SumGD-D (Ours) 425 118 77.8 425 123 727 430 109 777 445 11.6 692 431 11.7 744
SumGD-S (Ours) 43.0 111 79.1 435 119 722 415 117 773 445 104 688 431 113 744

Table 1: Results on CHAIR Metric (max new tokens is 512). The best performances are bolded, and the second-best

are underlined. Denote CHAIR g as C's, CHAIR; as Cy, and Recall as R. n denotes the number of beams.

LLAVA-1.57B InstructBLIP 7B
Method

SHR| SPI SHR | SPI
Greedy 433 5.00 474 5.14
OPERA 42.0 4.74 46.4 4.76
VCD 52.0 5.18 49.5 4.97
ICD 50.2 4.93 57.8 5.93
M3ID 46.4 5.02 59.9 5.51
SumGD-D  41.7 5.08 46.1 5.26
SumGD-S  40.8 5.03 45.7 5.30

Table 2: Results on Sentence-Hallucination Ratio (SHR)
and Sentence Per Image (SPI) (max new tokens is 512).
The best performances within each setting are bolded,
and the second-best are underlined.

nation across different methods> (see Appendix H
for full experimental results). As illustrated in Fig-
ure 5 (a) our approach maintains a Pareto optimal
position in the factuality-recall trade-off relative
to all other methods. Notably, this robustness in
managing the trade-off becomes more pronounced
as the sequence length increases. Furthermore, Fig-
ure 5 (b) shows that, even when considering object
hallucination alone, our method exhibits the lowest
degree of object hallucination across all variations
of generated token lengths. This result is signifi-
cant, as it suggests that our method can capture both
factual accuracy and detailed explanations across
short and long generations. This demonstrates the
broad applicability of our method.

Results on Sentence-level Hallucination Ratio.
Table 2 shows that SumGD-S achieves the low-
est sentence-level hallucination rate on both the
LLAVA 1.5 and InstructBLIP models. Addition-
ally, SumGD-D ranks second on both models.
Based on these results, our SumGD method demon-
strates strong factual accuracy in holistic halluci-
nation evaluations. OPERA performs comparably

SCHAIR is a precision-based metric, which means it can
be hacked by generating shorter captions or fewer objects.

to SumGD-D, but since it relies on beam search, it
is less efficient than our method in terms of cost.
Moreover, an examination of the Sentences Per Im-
age (SPI) reveals that our method does not achieve
favorable results simply by generating fewer sen-
tences.

5 Analysis

5.1 Analysis of SumGD and Contrastive

Decoding

— Greedy
VvCD

— M3

— SumGD

100 150 200 250
Generated Token Index

(a)

= Original ~ Distorted
= Original ~ LLM
Distorted ~ LLM

4 20 40 60 80 100
Generated Token Index

(b)

Figure 6: (Top) JSD between each method and LLM
distributions at each decoding step. (Bottom) JSD be-
tween the Original Image and LLM, Distorted Image
and LLM, Original Image and Distorted Image.

In this section, we analyze SumGD and con-
trastive decoding, focusing on their relationship
with language priors. To explore this, we compute
the JSD between each method’s output and LLM
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Token length 64 Token length 256

Gl CGil RT TQt Cil G} Rt TQ7T
Greedy 27 75 653 497 675 167 831 446
VCD 240 79 661 493 825 220 841 453
M3ID 205 65 656 485 62 135 803 239
SumGD 225 6.1 650 493 54 123 833 375

Method

Table 3: CHAIR metric and Text Quality in various gen-
erated token lengths. Denote CHAIR g as Cg, CHAIR;
as C7, Recall as R and Text Quality as 7'Q).

distribution at each decoding step, followed by Sec-
tion 2.1. For the analysis, we generate descriptions
for 200 images from the MSCOCO 2014 validation
set using LLAVA 1.5 7B. Factual accuracy is eval-
uated using the CHAIR metric, while text quality
is assessed by GPT-40 (OpenAl, 2024)ona 1 to 5
scale (see details in Appendix G).

Two key questions guide the analysis. Ques-
tionl: Is significantly deviating from language pri-
ors always beneficial? Question2: Can contrastive
decoding reduce hallucinations in LVLMs when
language priors heavily influence the two output
distributions being contrasted?

To assess whether significantly deviating from
language priors is always beneficial, we examine
M3ID, a contrastive decoding method that progres-
sively reduces language priors to focus more on
visual information, as shown in Figure 6 (a). How-
ever, as presented in Table 3, text quality drops
considerably when generating up to 64 tokens com-
pared to 256 tokens. Specifically, it declines from
4.85 to 2.39, a reduction of about 50.7%. This sug-
gests that a significant deviation from the language
prior disrupts the distribution of language-related
tokens, leading to a degradation in text quality.

To investigate the effectiveness of contrastive de-
coding when language priors significantly influence
the original distribution, we investigate VCD. In
VCD, the output distribution of the original image
prompt is contrasted with that of the distorted im-
age prompt to produce outputs that more align with
the original image. A noteworthy observation is
that both the output distributions of the original and
distorted image prompts progressively converge to-
wards the LLM distribution, as shown in Figure 6
(b). This finding indicates that language priors are
influencing both the original output distribution
and the output distribution that needs to be com-
pared. Consequently, the two distributions become
increasingly similar, diminishing the effectiveness
of contrastive decoding. Table 3 demonstrates the
reduced effectiveness of contrastive decoding, as
VCD results in more instances of object halluci-
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m—m SUMGD Image-related POS
mms SUMGD Language-related POS
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/
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Figure 7: Average JSD values for image-related POS
and language-related POS across intervals of 32 tokens,
measured in Greedy decoding and SumGD.

nation compared to greedy decoding. Although
current contrastive decoding methods focus on dis-
torting the image to create meaningful differences
from the original (Leng et al., 2023; Kim et al.,
2024c; Wan et al., 2024), the strong influence of
language priors may obscure the intended effects
of these distortions, undermining the effectiveness
of contrastive decoding. This finding is crucial to
understanding the limitations of current contrastive
decoding approaches.

Unlike contrastive decoding, SumGD excels at
reducing object hallucinations while also main-
taining a good balance in terms of text quality,
as shown in Table 3. To further understand the
effectiveness of SumGD, we measure how much
SumGD and the Greedy method rely on language
priors for each POS type. As seen in Figure 7,
SumGD demonstrates a clear reduction in lan-
guage priors when predicting image-related POS
tokens, while preserving the original dependency
on language-related POS tokens. These results
indicate that our approach effectively mitigates lan-
guage priors without compromising the core lan-
guage modeling properties of the LVLM.

5.2 Ablation study of SumGD

In this section, we conduct ablation studies to eval-
uate the quality of the summary and the effect of
POS control in SumGD. For this, we use LLAVA
1.5 7B to generate descriptions for 200 images from
the MSCOCO 2014 validation dataset. We employ
the CHAIR metric and the text quality metric as
described in Section 5.1. Additionally, we include
the n-gram fluency indicator (Zhao et al., 2024),
represented by %, where s denotes the
description, to measure fluency.

Summary Quality. We conduct an ablation exper-
iment to evaluate the quality of summaries used
in SumGD. To achieve this, we employ three dis-
tinct summarization models—Distilled-Flan-T5-
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CHAIRs | CHAIR;| Recallt Text Quality 1

l-gram 1 2-gram T

Baseline

Greedy Decoding 51.5 13.7 79.1 4.9 61.85 92.55
Summary Models

Distilled-Flan-T5-base(248M) 42.5 11.8 77.8 4.8 59.87 90.57
LLAVA 1.5(7B) 43 11.1 79.1 4.84 60.63 91.41
GPT-40 43 10.3 78 4.77 59.36 89.77
POS Control in SumGD

ALL POS 39 10.1 75.8 4.06 52.67 80.66
Image-related POS 43 11.1 79.1 4.84 60.63 91.41

Table 4: Ablation study in terms of Summary Quality and POS Control in SumGD (max new tokens is 512).

base, LLAVA 1.5 7B, and GPT-40. The results,
as presented in Table 4, reveal that the effect of
summarization quality is consistent across these
models in terms of both CHAIR and text quality.
This suggests that both SumGD-D and SumGD-S
achieve satisfactory levels of summarization qual-
ity.

POS Control. We analyze the effect of applying
image-related POS control in SumGD. As shown
in Table 4, applying SumGD to all POS tokens, as
well as selectively to image-related POS tokens,
reduces object hallucination compared to the origi-
nal decoding method. However, when SumGD is
applied to all POS tokens, text quality declines com-
pared to the baseline, with the score dropping from
4.9 to0 4.06. This decline is accompanied by a no-
table decrease in n-gram fluency and object recall,
indicating more repetitive generation. In contrast,
when SumGD is applied only to image-related POS
tokens, the resulting text quality remains almost un-
changed, with the score only slightly decreasing
from 4.9 to 4.84. These results demonstrate that
applying SumGD selectively to image-related POS
tokens effectively preserves the model’s text qual-

ity.
6 Related works

Mitigating Language Priors in LVLMs. Large
Vision-Language models (LVLMs) extend pre-
trained Large Language Models (LLMs) by incor-
porating visual tokens, enabling them to process vi-
sual content (Liu et al., 2023; Dai et al., 2023; Zhu
et al., 2023). In LVLM architectures, the language
model is significantly larger than the vision model,
creating an imbalanced structure where the lan-
guage model exerts more significant influence. As a
result of this imbalance, the model tends to rely on
linguistic patterns rather than adequately consider-
ing the visual information provided, a phenomenon
known as the language prior problem (Guan et al.,
2024; Lee et al., 2024b,c). Several studies have ex-

plored ways to control LLM outputs to better align
with desired objectives (Li et al., 2023b; Hallinan
et al., 2023; Kim et al., 2023, 2024b). Similarly, re-
search on LVLMs has focused on contrastive decod-
ing techniques to reduce the model’s over-reliance
on language priors (Manevich and Tsarfaty, 2024).
Visual Contrastive Decoding (VCD) (Leng et al.,
2023) works by utilizing distorted images, which
amplify the language prior, and Instruction Con-
trastive Decoding (ICD) (Wang et al., 2024) intro-
duces misleading instructions to achieve a similar
effect. Both methods aim to reduce the language
prior’s dominance by leveraging these amplified
conditions to adjust the model’s behavior. Addi-
tionally, Multi-Modal Mutual Information Decod-
ing (M3ID) (Favero et al., 2024) identified that as
the token length increases, the model dilutes visual
information, leading to a more substantial reliance
on language priors. To counter this, M3ID applies
more assertive contrastive decoding techniques as
the token length grows to calibrate the model’s over-
reliance on language priors. However, contrastive
decoding can disrupt the distribution of tokens es-
sential for language modeling, leading to a decline
in text quality. Additionally, due to the language
prior, the two output distributions being contrasted
may become more similar, making it less effective
in reducing hallucinations. Our method, Summary-
Guided Decoding (SumGD), addresses these issues
by using summarization techniques to naturally re-
duces the influence of language priors, allowing the
model to focus more on the image. Furthermore,
SumGD preserves text quality by controlling only
the POS tokens relevant to the image.

7 Conclusion

In this paper, we introduce Summary-Guided De-
coding (SumGD) as a novel method to mitigate
object hallucinations in LVLMs. Our analysis re-
veals that as token sequences grow, LVLMs tend to
increasingly rely on language priors, reducing the
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influence of visual information during the decoding
process. To address this, SumGD employs summa-
rization techniques to shorten token length, encour-
aging the model to incorporate more visual details
while controlling only the image-related POS to-
kens to maintain text quality. Our experimental
results demonstrate that SumGD significantly re-
duces object hallucination and achieves an optimal
balance between factual accuracy and recall in both
short and long description tasks.

Limitations

In this paper, we propose a Summary-Guided De-
coding (SumGD) to mitigate object hallucinations
in Large Vision-Language Models (LVLMs). How-
ever, this approach comes with some limitations.

First, the generation of summaries during the
decoding process incurs additional computational
cost, resulting in increased inference time.

Second, while summarization effectively re-
duces input length and helps mitigate hallucina-
tions, it may also result in the loss of critical con-
textual information. Additionally, excessively long
summaries can increase LVLMs’ dependence on
language priors, which may degrade the perfor-
mance of SumGD. Therefore, it is crucial for fu-
ture work to train LVLMs in a way that inherently
avoids over-reliance on language priors, even when
token lengths are extended.

Lastly, we employ part-of-speech (POS) tagging
to distinguish between image-related and language-
related tokens. However, relying solely on POS
tagging for this differentiation can be problematic.
The development of more advanced methods for
token distinction could enhance the effectiveness
of SumGD and create further synergies with this
approach.

Ethics Statement

In this paper, we contribute to the future devel-
opment of a safe and reliable Al community by
conducting research focused on reducing hallucina-
tions in Large Vision-Language Models (Xie et al.,
2024; Manevich and Tsarfaty, 2024).

Our experiments were conducted by using pub-
licly available datasets, ensuring that no private
or sensitive personal data was involved. Further-
more, we utilized publicly accessible models for
our experiments, reinforcing the transparency and
reproducibility of our approach.

However, the models we used may still exhibit

biases inherent in the underlying datasets and train-
ing processes (Howard et al., 2024; Kim et al.,
2024a; Fraser and Kiritchenko, 2024; Lee et al.,
2024a; Koh et al., 2024). While our focus was on
biases related to language priors, we acknowledge
the need to address other potential biases as well.
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A Details of Code, Hyperparameters, and
GPU Cost

We conduct our experiments based on the
OPERA (Huang et al., 2024) code base which is
publicly available. We use the publicly available
code provided by the authors for the VCD and
OPERA methods. While M3ID and ICD are im-
plemented from scratch due to the lack of public
code. For VCD, OPERA, and ICD, we use the
hyperparameters as specified in their respective pa-
pers. Since only LLAVA 1.5°s hyperparameters
were reported in M3ID, we apply these hyperpa-
rameters to both LLAVA 1.5 and InstructBLIP for
our experiments. Also, we set repetition penalty
as 1. All the experiments are conducted using 1
NVIDIA RTX A6000 GPU.

B Experimental Settings for Analyzing
Language Priors

We generate descriptions using LLAVA 1.5 7B for
5000 images from the MSCOCO 2014 validation
dataset (Lin et al., 2015) and annotate each token
to determine whether it represents an object hallu-
cination. An object hallucination is defined as an
object not present in the image. We employ the
CHAIR metric pipeline (Rohrbach et al., 2019) for
evaluation.

C Ablation Study of Inference Time Cost

Method RIC C C; R
Greedy 1 51.5 13.7 79.1
VCD 2 580 164 77.8
Beam Search 5 475 12,5 79.2
OPERA 5t 460 134 783
SumGD-S

+Summarization 2.54

+Summarization + POS Tagging 2.98 435 11.0 79.2
SumGD-D

+Summarization 1.87 - - -

+Summarization + POS Tagging 2.3 425 11.6 77.7

Table 5: Comparison of Methods with Relative Infer-
ence Costs and CHAIR Metrics. Denote CHAIR g as
C'g, CHAIR; as Cy, Recall as R and Relative Inference
Costs as RIC.

We conduct an ablation study to evaluate the
impact of the summarization process on inference
time. Since the summarization process inherently
requires additional token generation, which affects
efficiency, we measure inference costs (normalized
by relative token generation costs) across baseline
methods using the LLAVA 1.5 7B model. Our re-

sults show that the distilled summary model (Flan-
T5-base) in SumGD-D requires only half the time
per token compared to the LLAVA 1.5 7B model.
This finding is incorporated into our inference cost
calculations. Additionally, to ensure accurate part-
of-speech (POS) tagging, we generate one extra
word after each current token and then measure the
current token’s POS tag. We perform this ablation
study on 200 images. The comparison of inference
time costs is presented in Table 5.

D Experiments on LLaVA 1.6

Method CHAIRg CHAIR;
Greedy 36.5 10.2
Nucleus 37.0 9.7
Beam-Search (beams=5) 34.5 10.5
SumGD-S 30.5 6.4

Table 6: CHAIR results on LLAVA 1.6 7B (max new
tokens is 512).

We conduct an evaluation of our SumGD method
on the latest model, LLaVA 1.6 7B model (Liu
et al., 2024d), to assess its effectiveness. Specifi-
cally, we perform the CHAIR evaluation (lower is
better) on 200 images. Table 6 shows that SumGD-
S effectively reduces object hallucination, demon-
strating the applicability of our methodology even
with the latest models.

E Distilled Flan-T5-base model

We employ LLAVA 1.5 7B to perform Summary-
Guided Decoding with Self-Summarization while
generating descriptions for 5,000 images from the
MSCOCO dataset. During this process, LLAVA
1.5 iteratively summarizes each previous sentence,
and we store each previous sentence along with its
corresponding summarized sentence as a pair. This
paired dataset is subsequently used to fine-tune the
Flan-T5-base model with the prompt “What is a
summary of this text?” for training purposes.

F Summarize Prompt for
Summary-Guided Decoding

In SumGD-S, we use summary prompt as:

USER: Summarize the following
caption in briefly.

\nCaption: <<caption>> ASSISTANT:
In SumGD-D, we use summary prompt as:
<<Caption>> \nWhat is a summary of
this text?
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G GPT-40 Pl’OIIlpt for text quality Token Length  Method CHAIRs CHAIRi Recall

. 64 Greedy 27 7.5 65.3
evaluation 64 Nucleus 315 98 589
64 Beam 20 59 62.5
64 VCD 24.0 79 66.1
64 ICD 21.5 7.0 62.2
64 M3ID 20.5 6.5 65.6
64 OPERA 22.5 7.1 62.3
64 SumGD-S 22.5 6.1 65.0
64 SumGD-D 24 6.7 64.8
128 Greedy 53 13.1 78.9
128 Nucleus 56.5 16.5 74.2
128 Beam 50.5 133 78.3
128 VCD 63.0 17.5 78.4
128 ICD 56.0 15.1 77.3
128 M3ID 46.5 11.6 76.4
128 OPERA 49.5 14.4 79.2
noomes oromom
You will be given one caption written for a given 256 Greedy 67:5 167 51
image. Your task is to rate the caption on one metric. 256 Nucleus 78 209 328
Please make sure you read and understand these 256 Beam 70 16.2 81.6
instructions carefully. Please keep this document 256 VCD 825 22.0 84.1
open while reviewing, and refer to it as needed. 256 ICD 71 19.6 83.0
The output format should look as follows: Score: 256 M3ID 62 13.5 80.3
[RESULT] (an integer number between 1 and 5). 256 OPERA 64.5 16.3 83.4
Please do not generate any other opening, closing, 256 SumGD-S 54 12.3 83.3
and explanations. 256 SumGD-D 56.5 12.4 81.9
512 Greedy 69.5 17.4 84.1
###Evaluation Criteria: 512 Nucleus 80 220 838
Text Quality (1-5) - Evaluate how well-written the 512 Beam 71.5 174 82.3
caption is. A high-quality caption is clear, concise, S12 veD 830 236 85.6
grammatically correct, and well-structured. zii 15[(3:?]) ggg fgé Z?g
. 512 OPERA 66.5 17.5 83.4
###Evaluation S.teps: . ' 512 SumGD-S 59 131 838
1. Read the caption carefully and evaluate its clarity, 512 SumGD-D 61.5 12,6 825
grammar, and overall readability.
2 (Liggk {ioy ey awkwardl DI, T Table 7: Performance comparison for CHAIRs,
errors, or unnecessary complexity. .
3. Assign a score for text quality on a scale of 1 to 5, CHAIRG, and Recall
where 1 is the lowest and 5 is the highest based on
the Evaluation Criteria. I Case Stu dy
{# {# ggzgg}c}apmn' This is the case study of Summary-Guided Decod-
ing (SumGD), Visual Contrastive Decoding (VCD),
iSO and Multi-Modal Mutual Information Decoding

(M3ID) in generating up to 256 tokens in detailed
captioning task. Case study shows that SumGD
generated image-related words, while VCD showed
a tendency to hallucinate by relying on the word
‘tie’ during decoding. Additionally, M3ID exhib-
ited issues in language modeling.

Figure 8: GPT-40 prompt for text quality evaluation

H CHAIR metric on various token length

In this section, we report CHAIR metric based on
various generated token length.
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The image features a yellow and green propeller airplane
parked on a runway. The airplane is a small, single-engine
aircraft, and it appears to be a vintage model. There are
two people visible in the scene, one standing near the
front of the airplane and another person closer to the
middle.

The two people seem to be inspecting the aircraft,
possibly discussing its condition or preparing for a flight.
The airplane is the main focus of the scene, and the two

individuals appear to be the only people present in the
image. The airplane is parked on the runway, and the two
people are standing close to it, likely examining its
features and ensuring it is in good working order. The
airplane's wings are clearly visible, and the propeller is
spinning, indicating that it is ready for takeoff. The scene
captures the essence of aviation and the bond between
the people and the aircraft. The runway is the main focus
of the image, and the airplane is the central object of
interest. The two individuals are the main focus of the
image, as they are the ones interacting with the airplane.
The runway is the central element of the image

SumGD

Figure 9: SumGD case study.
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The scene features a small yellow and green propeller
plane on an airport runway. A man is sitting in the
cockpit, preparing to take off or having just landed. There
is another person standing near the plane, possibly an
airport worker or a passenger assisting with the pre-flight
or post-flight procedures.

In the background, a field is visible, indicating that the
airport is located near a rural or agricultural area. The
presence of the runway, plane, and people suggests that
the scene is likely taking place at an airfield where small
aircraft like this one are used for recreational or
commercial purposes. Another notable detail is a tie
located close to the airplane, possibly belonging to the
man in the cockpit. The tie is likely a personal accessory
and not part of the plane's equipment. A tie can also
signify a formal or professional setting, which may
indicate the importance or seriousness of the flight. The
presence of a tie suggests that the man piloting the
aircraft may be a professional pilot or someone with
significant experience in handling small planes. Overall,
the scene portrays a moment of preparation or
completion of a flight involving the small yellow and
green plane on

VCD

Figure 10: VCD case study. VCD heavily relies on word "tie" to generate descriptions which is not in the provided
image.
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The image features a yellow and green propeller airplane
parked on a runway. The airplane is an old-style yellow
and green fighter plane, possibly a World War Il model.
Two people are visible in the scene, one standing inside
the cockpit and another person sitting in the back of the

plane. They seem to be enjoying their time on the
ground before taking off.

The grassy field surrounding the runway showcases the
daytime setting, making it an ideal place for observing
and admiring the vintage aircraft. The cloudy sky also
adds to the atmosphere of the scene. The J-3 NR number
on the green greenwing portion of the plane suggests
that it maintains its historical significance and history.
Overall, the image captures a moment of unique
American aviation history. The cloudy sky ranges from
occupying the center to the cloudy shapes observed in
the background. The cornfieldEEfieldsZE lies further
distancedfrom the ground strip. The cloudy sky ranges
from occupying the center to the cloudy shapes observed
in the background. The cornfield£EfieldsZE lies further
distancedfrom the ground strip. The cloudy sky ranges
from occupying the center to the cloudy shapes observed

M3ID

Figure 11: M3ID case study. Underline is for repetitive sentences. Red font denotes a degradation of language
modeling.
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