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Abstract

Large Vision-Language Models (LVLMs) are
an extension of Large Language Models
(LLMs) that facilitate processing both image
and text inputs, expanding Al capabilities.
However, LVLMs struggle with object halluci-
nations due to their reliance on text cues and
learned object co-occurrence biases. While
most research quantifies these hallucinations,
mitigation strategies are still lacking. Our study
introduces a Language Contrastive Decoding
(LCD) algorithm that adjusts LVLM outputs
based on LLM distribution confidence levels,
effectively reducing object hallucinations. We
demonstrate the advantages of LCD in lead-
ing LVLMs, showing up to %4 improvement
in POPE F1 scores and up to %36 reduction
in CHAIR scores on the COCO validation set,
while also improving captioning quality scores.
Our method effectively improves LVLMs with-
out needing complex post-processing or retrain-
ing, and is easily applicable to different models.
Our findings highlight the potential of further
exploration of LVLM-specific decoding algo-
rithms for improved multimodal performance.

1 Introduction

Large Vision-Language Models (LVLMs) are a
multimodal extension of Large Language Models
(LLMs), transforming textual prompts and image
inputs into text. However, they frequently pro-
duce object hallucinations, where absent objects
are mentioned in the output (Yifan Li and Wen,
2023; Lovenia et al., 2023).

While hallucination-mitigation techniques in
LLMs are actively researched, specific strategies
for LVLMs are less developed. Current methods in-
volve model-specific adjustments, additional train-
ing, or auxiliary models for post-hoc correction,
and are often proven inefficient, costly, or limited
by training data and model biases (Wang et al.,
2023; Zhou et al., 2023; Gunjal et al., 2023; Yin
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Figure 1: An illustration of LLM vs. LVLM token prob-
abilities given an image and a text prefix mid-generation.
According to the LLM, the word "dog" is much more
likely to appear next. LCD dynamically contrasts these
probabilities to mitigate language biases in LVLM out-
puts.

et al., 2023). Conversely, LVLLM hallucination eval-
uation has seen progress with object hallucination
benchmarks like NOPE (Lovenia et al., 2023) and
POPE (Yifan Li and Wen, 2023), and recent works
that aim for more holistic LVLM hallucination eval-
uation such as FaithScore (Jing et al., 2023) and
HallusionBench (Guan et al., 2023).

A key reason for LVLM hallucinations is their
tendency to over-rely on linguistic information, as
was first observed by Guan et al. (2023). Based on
this insight, we propose to intervene in the LVLM
decoding phase so that model outputs are less in-
formed by language biases. Specifically, we pro-
pose to use Contrastive Decoding (Li et al., 2023a;



O’Brien and Lewis, 2023) to alter LVLM output
probabilities with respect to the internal LLM’s
probabilities, guided by a dynamic weighting mech-
anism based on the LLM distribution’s entropy.

Our experiments show that our proposed method,
Language Contrastive Decoding (LCD), improves
hallucination scores on POPE (Yifan Li and Wen,
2023) and CHAIR (Rohrbach et al., 2018) on In-
structBLIP variants based on Vicuna and Flan-T5
(Dai et al., 2023), and LLAVA 1.5 (Liu et al., 2023).
We asses LCD’s overall generation quality by re-
porting captioning metrics and conducting a GPT4-
V (OpenAl et al., 2023) assisted evaluation. LCD,
as a decoding strategy, can be applied to other mod-
els without additional training or output modifica-
tions, emphasizing its utility for broader LVLM
use.

The contributions of this paper are thus manifold.
First, we introduce a novel decoding method tai-
lored for LVLMs to mitigate object hallucinations.
Next, we present a dynamic weighting strategy
based on entropy which is applicable in various CD
scenarios. Finally, we share our dataset and code,
including a user-friendly LCD implementation via
Huggingface, to encourage further research into
LVLM-specific decoding strategies, a promising
avenue for future research.

2 Motivation and Background

The integration of vision capabilities into Large
Language Models has led to the development of
Large Vision-Language Models, merging LLMs’
textual understanding with vision-text encoders.
This trend towards multimodal systems is exem-
plified in commercial platforms such as GPT4-V
(OpenAl et al., 2023) and Google’s Gemini (Team
et al., 2023).

Large Vision-Language Models combine
LLMs and vision-text encoders to generate text
from textual prompts and visual inputs. An LVLM
generally comprises three main components: a
vision-text encoder like CLIP (Radford et al.,
2021), an LLM such as LLAMA (Touvron et al.,
2023) or Flan-T5 (Chung et al., 2022), and
a cross-modal alignment module linking the
vision-text encoder output with the LLM.
Initially, LVLMs were fine-tuned for specific
tasks (Li et al., 2022; Wang et al., 2022). However,
advancements in LLMs have led to a shift towards
general-purpose, instruction-tuned LVLMs. These
models are designed to handle a wide range of tasks

based on instructions, making them more versatile.
Despite these advancements, LVL.Ms grapple with
hallucinations of different types.

LVLMs Hallucinations and their Mitigation
Hallucinations in LVLMs, particularly object hallu-
cinations where nonexistent entities are mentioned,
are often attributed to LVLMs’ reliance on spuri-
ous correlations and language biases, as demon-
strated by Li et al. (2023b) and Zhou et al. (2023).
Moreover, Guan et al. (2023) highlight LVLMs’
tendency to prioritize language over visual data,
leading to hallucinations.

Mitigation strategies proposed by Gunjal et al.
(2023) and Wang et al. (2023) involve further
model training with augmented datasets or reward
models. Zhou et al. (2023); Yin et al. (2023) de-
veloped auxiliary models to correct outputs post-
generation. These solutions often require dataset-
specific work or additional model training, poten-
tially leading to overfitting or new biases, and are
not easily transferable across LVLMSs. In this work
we aim to address these shortcomings with a more
general, modular approach.

3 Language Contrastive Decoding (LCD)

Before presenting LCD, we briefly introduce the es-
sentials of decoding in LVLMs 3.1, followed by our
formal proposal 3.2 and research hypothesis 3.3.

3.1 Decoding Techniques and Contrastive
Decoding: Essential Preliminaries

Decoding in auto-regressive generative models is
the stage that transforms an input representation
into a sequence of output tokens. In LVLMs, this
process involves a model M, an image I, a tex-
tual prompt X, and a particular timestamp ¢ during
generation. It can be described as a series of se-
lections from the model’s probability distribution,
producing a token sequence 7', as formalized in
eq. (1).

T, ~ P(|I,X,Tet; M) 1)

Greedy decoding, selecting the most probable
token at each step (or the top k tokens in a beam
search with k£ beams), is the simplest approach.
However, high likelihood sequences do not nec-
essarily align with human preferences, leading to
the “likelihood trap” (Zhang et al., 2021). This has
led to the use of sampling-based methods, such as
top-k sampling, nucleus sampling (Holtzman et al.,



2020), and locally typical sampling (Meister et al.,
2023), which either truncate the set of candidate to-
kens or adjust the model’s distribution, e.g. through
temperature scaling.

Contrastive Decoding (CD) has been introduced
for LLMs as a method to penalize the outputs of an
expert model with those from a less powerful model
(Li et al., 2023a). CD can be applied to any two
probability distributions with the same support and
has been adapted as a sampling strategy, improving
various text generation tasks (O’Brien and Lewis,
2023; Chuang et al., 2023; Sennrich et al., 2024).
CD uses both truncation and reshaping of probabil-
ity distributions. The truncation phase ("adaptive
plausibility") is described by eq. (2), where « is
a hyper-parameter, V and Vt' are the original and
truncated token vocabularies at time ¢, and P is the
conditional distribution on the prefix 7T'«;.

V' ={veV:Pw|T<) > amuzjme(w\TQ)}
2
Finally, the formula for CD, as suggested by
O’Brien and Lewis (2023), given here generally
for two conditional distributions P and P’ on vari-
able z with the same support, conditioned on X is
presented in eq. (3).

CDt(z,X,P,P') =

Our method operates as follows: At each genera-
tion step t, for each token x, we first determine the
next-token probabilities from the LVLM, Pry 1y,
based on the current token sequence 7T, text X,
and image I. We then obtain a second distribution,
Prru, by inputting all data except the image into
the LLM. The LLM’s conditional entropy Hy s
informs the dynamic weight as per eq.4. We then
adjust token z’s logits using the LCD formula in
eq. 3.

B B
 Hppm(z|X, Tey)

Bt “4)

LCDi(z,T<t, I, PLv Ly, Prm) =
(1+ Bt)log Pry Ly (x|1, X, T<y)
— Belog Pria (x| X, T<t)
)
We use the LCD logits for sampling, with tem-
perature set to 1.0 in all experiments unless stated
otherwise.

3.3 Research Hypothesis

Our hypothesis is that contrasting LVLM outputs
with LLM outputs conditioned only on the textual
data, can mitigate language biases, therefore reduc-

{(1 + B)log P(z|X) — Blog P'(z|X), ifz € v g hallucinations in LVLMs.
—o0,
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B is a fixed weight hyper-parameter. Our pro-
posed method, detailed shortly, alters CD by in-
troducing an entropy-based dynamic weighting
scheme.

3.2 Proposed Method

Our intuition, based on previous findings by (Guan
et al., 2023; Rohrbach et al., 2018; Yifan Li and
Wen, 2023), is that an LVLM can be "misled" by
its constituent LLLM during the generation process.
Consider for example an LVLM that is describ-
ing an image (see illustration 1). Mid-generation,
given the text "An image of a man walking his," it
may predict "dog" due to language biases, even if
it is a bear shown that is actually shown. A ‘plain’
LLM, without seeing the image, reinforces these
biases by highly rating “dog”. Our method builds
on this insight to guide an LVLM towards more
accurate predictions using Contrastive Decoding.

We set out to assess the effect of LCD on object
hallucinations in LVLM outputs against popular de-
coding settings. Additionally, we verify that LCD
does not degrade output quality. To this end, we
asses LCD on the POPE benchmark (Yifan Li and
Wen, 2023), and on an image detailed-description
task where we report hallucination and captioning
metrics and conduct a GPT4-V assisted evaluation.

Polling-based Object-Probing Evaluation
POPE consists of object-presence binary questions
on 500 COCO dataset images (Lin et al., 2015),
with questions equally divided between present and
absent objects. Absent objects are chosen based
on three criteria: random, popular (common in
COCO), and adversarial (commonly co-occurring
with present objects). POPE’s drawback is its
one-word response structure, which limits the
influence of decoding strategies and does not
evaluate open-ended generation capabilities.



Model Method | METEOR} WMDt ROUGE_L{ | Acet Dett | CHAIRs, CHAIRi/
InstructBLIPr  Baseline | .157 367 .161 492 4.02 | .662 146
LCD 159 370 .168 54 4.01 | .566 131
InstructBLIPy  Baseline | .178 423 291 37 351 | .274 .126
LCD 199 48 38 459 3.83 | .174 107
LLAVA 1.5 Baseline | .163 357 .169 477 4.56 | .672 182
LCD 171 352 181 5.39 4.54 | .610 161

Table 1: Image Description results. F" and V stand for the Flan-T5 and Vicuna. Acc and Det are mean GPT4-V
scores for Accuracy and Detailedness. METEOR, WMD and ROUGE, are popular captioning metrics (Kusner

et al., 2015; Banerjee and Lavie, 2005; Lin, 2004).

Image Detailed-Descriptions To complement
POPE, we introduce a long-form text generation
task, inspired by findings from Zhou et al. (2023),
that more extensive context increases hallucina-
tions. The task uses the same COCO images as
POPE, for which we generate detailed descriptions.
The prompts we use are detailed in appendix A.1.
This task tests LCD in a scenario where the propen-
sity to hallucinate is high, and its longer outputs
facilitate qualitative evaluation.

Baselines and Metrics For POPE, we use sam-
pling as the baseline and report F1 scores.! For
the descriptions task, we use the popular nucleus
sampling algorithm? and report CHAIR metrics
(Rohrbach et al., 2018). To assess description qual-
ity, we use captioning metrics against COCO’s gold
captions, which serve as an approximation consid-
ering length differences. Additionally, following
Yin et al. (2023), we use GPT4-V to evaluate the
descriptions for Detailedness and Accuracy (details
provided in Appendix A.1).

Models We conduct our experiments with lead-
ing LVLMs: two versions of the InstructBLIP
model (with Flan-T5 and Vicuna LLMs) and
LLAVA 1.5. The complete experimental details,
such as exact model variants and generation hyper-
parameters, are given in the appendix.

5 Results and Discussion

In POPE, LCD improves F1 scores across 8 of
9 configurations (table 2). In the image descrip-
tion task (table 1), it significantly reduces hallu-
cinations at both sentence and instance levels in
all three models. However, CHAIR numbers are
still high (especially in the Vicuna based mod-
els, InstructBLIPy and LLAVA), demonstrating the

'Complete POPE results are in the appendix, table 4
>We find that nucleus-sampling gives better results than
vanilla sampling (see table 3 in the appendix for ablations)

POPE Model Baseline F1 | LCD F1
Random 83.95 87.55
Popular InstructBLIPy || 82.80 84.34
Adversarial 80.25 81.64
Random 84.05 84.27
Popular InstructBLIPr || 80.74 82.81
Adversarial 78.87 80.69
Random 84.17 83.76
Popular LLAVA 1.5 83.10 83.47
Adversarial 81.34 81.62

Table 2: POPE results for different models and methods.

prevalence of object hallucinations in long form
LVLM outputs. Notably, InstructBLIPy outper-
forms LLAVA 1.5 in most assessed metrics, in
spite of being considered a weaker model. LCD
shows particular effectiveness in InstructBLIP mod-
els probably due to their LLMs being frozen during
training, which lends them a stronger language bias.
In terms of overall generation quality as reflected
by the captioning metrics, LCD is better in all cases
but one (WMD in LLAVA 1.5, where the reduction
is ~%]1). In the GPT4-V eval, LCD improves Accu-
racy in all cases, and is as detailed as the baseline,
suggesting it reduces hallucinations but does not
increase the granularity of the descriptions.

6 Conclusion

In this paper we present Language Contrastive De-
coding, a novel method to reduce hallucinations
in LVLMs. By dynamically adjusting output prob-
abilities using the LVLM’s internal LLM, LCD
significantly improves hallucination metrics across
different LVLM architectures, enhancing the qual-
ity and reliability of generated content without ne-
cessitating retraining or auxiliary models and post-
processing. This work highlights the potential of
specialized decoding strategies in enhancing mul-
timodal Al models and lays the groundwork for
further exploration into more sophisticated LVLM
decoding methods.



7 Limitations

Firstly, while LCD shows promise in reducing hal-
lucinations, it only targets hallucinations caused
by language biases, but hallucinations can arise
from other sources. For instance, previous work
has shown that some hallucinations are caused by
poor visual understanding (Guan et al., 2023). We
believe LCD can be used as a platform to craft
LVLM-specific decoding algorithms that would
mitigate hallucinations stemming from different
factors, and leave this pursuit for future work.

Secondly, our evaluation method primarily ad-
dresses object hallucinations, which are only one
form of hallucination that LVLMs may exhibit. Pre-
liminary results signal that LCD mitigates more
complex manifestations of language-induced hal-
lucinations as assessed by recent benchmarks such
as FAITHSCORE (Jing et al., 2023) and Hallu-
sionBench (Guan et al., 2023), but further work is
required to establish this.

Moreover, LCD relies on current LVLM archi-
tectures that combine an LLM and a text-vision
encoder, and requires access to an LLM that emits
output probabilities on the same set of tokens as
the LVLM. It is possible that the future generation
of multimodal Al systems will have a different ar-
chitecture that will make LCD obsolete. Addition-
ally, LCD requires an LLM forward pass for each
LVLM decoding step. The added latency could be
mitigated with efficient inference techniques, and
also by using a smaller LLM as the contrasting
model. The effectiveness of LCD in this scenario
is left for future work.

Finally, there are ethical considerations related
to the mitigation of hallucinations in LVLMs. As
these models become more reliable, it is crucial to
continue evaluating the potential impacts of their
use, ensuring they do not perpetuate or exacerbate
biases present in their training data. LCD indeed
mitigates some biases, but it is important to keep in
mind that it might amplify other biases, unknown
to us. Responsible deployment of these models
requires ongoing vigilance and a commitment to
transparency and fairness.
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A Appendix
A.1 Detailed Experimental Setup

For POPE and the descriptions experiment, we use
the following LCD parameters 3 = 3.0, o« = 0.1.
We set the temperature to 0.5 in POPE and 1.0 in
the descriptions experiment. We limit the descrip-
tions length to 250 tokens in all models we tested.
We don’t tune any of these parameters. The prompt
we use for the descriptions experiment is "Describe
this image in detail:". The models we use have the
following Huggingface identifiers:

* Salesforce/instructblip-vicuna-7b
* Salesforce/instructblip-flan-t5-xl1
* llava-hf/llava-1.5-7b-hf

GPT4-V Assisted Evaluation We follow the
evaluation protocol given in Yin et al. (2023),
where an image and two descriptions are given
to the model, formatted with the prompt in figure 2.
The model outputs scores in two dimensions: Ac-
curacy and Detailedness. We use the gpt-4-vision-
preview model on February 2024.
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A.2 Detailed Experimental Results

Model Method METEORT WMD{! ROUGE_LT CHAIRs| CHAIRi]
InstructBLIP  Baseline  0.151 0361 0.156 0.666 0.174
Baseliney  0.157 0367  0.161 0.662 0.146
LCD_g4w  0.159 0364  0.163 0.594 0.133
LCD 0.163 0370  0.168 0.566 0.131
InstructBLIP,, Baseline  0.171 0408  0.274 0.308 0.138
Baseliney 0.178 0423  0.291 0.274 0.126
LCD_4»  0.202 0.474 0.366 0.23 0.116
LCD 0.199 0.48 0.38 0.174 0.107
LLAVA 1.5 Baseline  0.160 0353  0.167 0.632 0.183
Baseliney  0.163 0357  0.169 0.672 0.182
LCD_g4w  0.169 0352  0.179 0.624 0.157
LCD 0.171 0352  0.181 0.610 0.161

Table 3: Image Description ablations. -dw is an LCD variant without dynamic weighting, with 5 = 0.5. Baseliney
is using nucleus sampling with p = 0.95, Baseline is vanilla sampling.

POPE ‘ method | model accuracy | precision | recall f1 yes_ratio

random Baseline | InstructBLIP Vicuna 84.90% 89.57% | 79.00% | 83.95% 44.10%
random LCD InstructBLIP Vicuna 87.53% 87.43% | 87.67% | 87.55% 50.13%
popular Baseline | InstructBLIP Vicuna 83.30% 85.35% | 80.40% | 82.80% 47.10%
popular LCD InstructBLIP Vicuna 83.73% 81.31% | 87.60% | 84.34% 53.87%
adversarial | Baseline | InstructBLIP Vicuna 80.23% 80.17% | 80.33% | 80.25% 50.10%
adversarial | LCD InstructBLIP Vicuna 80.27% 76.33% | 87.73% | 81.64% 57.47%
random Baseline | InstructBLIP FlanT5 85.63% 94.43% | 75.73% | 84.05% 40.10%
random LCD InstructBLIP FlanT5 86.03% 96.47% | 74.80% | 84.27% 38.77%
popular Baseline | InstructBLIP FlanT5 82.07% 87.17% | 75.20% | 80.74% 43.13%
popular LCD InstructBLIP FlanT5 84.43% 92.44% | 75.00% | 82.81% 40.57%
adversarial | Baseline | InstructBLIP FlanT5 79.83% 82.83% | 75.27% | 78.87% 45.43%
adversarial | LCD InstructBLIP FlanT5 82.03% 87.22% | 75.07% | 80.69% 43.03%
random Baseline | LLAVA 1.5 85.87% 95.67% | 75.13% | 84.17% 39.27%
random LCD LLAVA 1.5 85.73% 97.18% | 73.60% | 83.76% 37.87%
popular Baseline | LLAVA 1.5 84.80% 93.57% | 74.73% | 83.10% 39.93%
popular LCD LLAVA 1.5 85.40% 96.17% | 73.73% | 83.47% 38.33%
adversarial | Baseline | LLAVA 1.5 82.77% 88.67% | 75.13% | 81.34% 42.37%
adversarial | LCD LLAVA 1.5 83.33% 90.98% | 74.00% | 81.62% 40.67%

Table 4: Complete POPE results.

11



	Introduction
	Motivation and Background
	Language Contrastive Decoding (LCD)
	Decoding Techniques and Contrastive Decoding: Essential Preliminaries
	Proposed Method
	Research Hypothesis

	Experiments and Results
	Results and Discussion
	Conclusion
	Limitations
	Appendix
	Detailed Experimental Setup
	Detailed Experimental Results


