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ABSTRACT

Hallucination remains a significant challenge in Large Vision-Language Models
(LVLMs). To alleviate this issue, some methods, known as contrastive decoding,
induce hallucinations by manually disturbing the raw vision or instruction inputs
and then mitigate them by contrasting the outputs of the original and disturbed
LVLMs. However, these holistic input disturbances sometimes induce potential
noise and also double the inference cost. To tackle these issues, we propose a
simple yet effective method named Self-Introspective Decoding (SID). Our em-
pirical investigations reveal that pre-trained LVLMs can introspectively assess the
importance of vision tokens based on preceding vision and text (both instruction
and generated) tokens. Leveraging this insight, we develop the Context and Text-
aware Token Selection (CT2S) strategy, which preserves only the least important
vision tokens after the early decoder layers, thereby adaptively amplify vision-
and-text association hallucinations during auto-regressive decoding. This strat-
egy ensures that multimodal knowledge absorbed in the early decoder layers in-
duces multimodal contextual rather than aimless hallucinations, and significantly
reduces computation burdens. Subsequently, the original token logits subtract the
amplified fine-grained hallucinations, effectively alleviating hallucinations with-
out compromising the LVLMs’ general ability. Extensive experiments illustrate
that SID generates less-hallucination and higher-quality texts across various met-
rics, without much additional computation cost.

1 INTRODUCTION

Recent advancements in Large Language Models (LLMs) (Touvron et al., 2023a; Bai et al., 2023a;
Chiang & Li, 2023; Touvron et al., 2023b; Meta, 2024) have demonstrated great success over the
past few years. Many efforts have been made to extend LLMs to Large Vision-Language Models
(LVLMs) (Ye et al., 2023; Li et al., 2023a; Bai et al., 2023b; Li et al., 2023c; Dai & et al, 2023;
Liu et al., 2024b; Bavishi et al., 2023; Young et al., 2024; Li et al., 2024), achieving impressive per-
formance across various vision tasks (Li et al., 2023b; Zhang et al., 2023) as well as more complex
tasks like content comprehension (Lai et al., 2024) and generation (Geng et al., 2024).

Despite their extraordinary versatility, LVLMs face a significant challenge known as the ‘halluci-
nation’. Concretely, hallucinated texts are fluent and semantically coherent but contain incorrect
statements about the given image, e.g., generating irrelevant or meaningless responses, identifying
inaccurate colors, numbers, and locations of objects not present in the image (Huang et al., 2024).
This flaw in LVLMs poses a significant risk for real-world applications to become trustworthy Al
assistants. For instance, in model-assisted computer-aided diagnosis scenarios (Wang et al., 2023),
such misinterpretation of medical images could lead to serious medical accidents.
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Figure 1:Contrastive Decoding strategies(a) Visual Contrastive Decoding (VCD) (Leng et al., 202#9n-

ually distort vision inputs. (b) Instruction Contrastive Decoding (ICD) (Wang et al., 2024a; Kim et al., 2024)
also manually design noisy instruction (negative prompt). Detailed analyses are in Sec. 3.2. We ablate
other modules like the vision encoder and tokenizer for clarity. Please describe this image

in detail.' ; Sys.: system prompy: generated text tokens. in Eq. 2 defaults to 1.

One mainstream approach to alleviating hallucinations in LVLMs involves developing training-free
decoding strategies known as Contrastive Decoding (CD) (Leng et al., 2024; Favero et al., 2024;
Wang et al., 2024a; Kim et al., 2024), which adjusts the next-token logits in a contrastive manner.
Concretely, Vision CD (VCD) manipulates vision inputs with Gaussian noise (Leng et al., 2024)
or directly ablates visual inputs (Favero et al., 2024) to amplify language priors. Instruction CD
(ICD) (Wang et al., 2024a; Kim et al., 2024) designs negative pranipite rationale is that dis-
turbed inputs signi cantly exacerbate hallucinations, and CD subtracts hallucinated concepts from
the original distribution to mitigate hallucinationslowever input disturbances require elaborate
designs for various downstream tasks, and the inference cost is inevitably dohMtaezbver the
contrastive distributions andsion-and-text agnostjmot necessarily amplify desired hallucinations

but sometimes induce potential uncertainty noise for CD. Intuitive examples are illustrated in Fig.
1, and detailed analyses are in Sec. 3.2. In Fig. 1 (a) and (b), LVLMs directly infer the correct
next token from multimodal inputs. For Vision CD, distorted vision input exacerbates hallucinated
object logits such akotball andbasketball while the holistic noise suppresseaseballto a low

logit value. Consequently, VCD might compromise normal decoding. Similarly, for Instruction CD,
LVLMs tend to refuse to answer negative prompts in open-end generation task (as seen in Fig. 5 and
10), and also suffer from potential uncertainty noise similar to VCD.

To address the aforementioned issues, we propose a hovel decoding stratedyattlieitiospective
Decoding(SID). Our empirical investigations reveal that pre-trained LVLMs can introspectively as-
sess the importance of vision tokens adaptively, based on preceding vision and text (both instruction
and generated) tokens. SID leverages this capability to amplify and then sulsiaotand-text
associationhallucinations by proposing token-level disturbances named Context and Text-aware
Token Selection (CAS) strategy. This strategy induces multimodal contextual hallucinations, rather
than aimless ones, by conducting token selection in the early decoder layers. In summary, our main
contributions are three-fold:

» We re-think CD methods in LVLMs and attribute their failure cases to vision-and-text agnostic
input distributions that induce potential uncertainty noise.

- To address this, we propose Self-Introspective Decoding (SID), where th® Stfategy adap-
tively ampli es and then subtracts vision-and-text association hallucinations. This approach is
grounded in our investigations that pre-trained LVLMs can introspectively assess visual importance
informed by preceding tokens.

» Through comprehensive comparisons, we demonstrate that SID generates high-quality texts with
fewer hallucinations. Additionally, SID signi cantly reduces inference cost of contrastive decoding.
2 RELATED WORK

We review recent advances khallucination in Foundation Models. More backgrounds about
Large Vision-Language ModelsandDecoding Strategy in LLMs are in Appendix A.1.

'hegative prompts likéYou are a confused object detector.' and Always respond
with the opposite of what you're asked.’ for different tasks.
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Hallucination in Foundation Models. Hallucination, de ned as the generation of irrelevant, fac-
tually incorrect, or meaningless text in a given context (Rohrbach et al., 2018; Zhang et al., 2024;
Guan et al., 2024; Wu et al., 2024b), is a signi cant bottleneck in current foundation models. This
issue can stem from over tting speci ¢ patterns in the training data, a lack of understanding world
knowledge, or an inability to effectively contextualize a given input (Ji et al., 2023). In the context
of LLMs, hallucinations often manifest as generated content that con icts with world knowledge or
common sense. For LVLMs, the primary concern is whether the generated answer con icts with the
provided images. To mitigate the hallucination issue, several solutions have been proposed, includ-
ing robust instruction tuning with curated datasets(Lee et al., 2022; Gunjal et al., 2024; Liu et al.,
2024a; Zhao et al., 2024; Jiang et al., 2024; Yu et al., 2024b;a; Ma et al., 2024; Yue et al., 2024b),
post-hoc utilizing auxiliary analysis networks(Manakul et al., 2023; Zhou et al., 2024; Yin et al.,
2023; Chen et al., 2024b; Wu et al., 2024a; Feng et al., 2024 yanolis decoding strategiegLi

etal., 2022; Chuang et al., 2024; Liu et al., 2024c; Leng et al., 2024; Favero et al., 2024; Wang et al.,
2024a; Kim et al., 2024; Zhu et al., 2024). However, robust instruction tuning requires massive
high-quality datasets and advanced GPU clusters, making it resource-intensive; Post-hoc utilizing
auxiliary networks heavily rely on the auxiliary network, leading to high inference costs. As for
decoding strategies, representative LVLMs hallucination alleviation methods (Leng et al., 2024;
Favero et al., 2024; Wang et al., 2024a) manually disturb raw inputs to induce hallucinations then
contrast them to alleviate the issue. However, holistic disturbing raw inputs might bring additional
noise during contrastive decoding, and double the inference cost. In this paper, we propose an ef -
cient Self-Introspective Decoding (SID) that induces and then mitigates vision-and-text association
hallucination by token-level disturbances, greatly reducing the inference cost.

3 PRELIMINARY AND MOTIVATION

In the following, we rstillustrate the generation paradigm of LVLMs to facilitate the understanding
of SID. We then re-think the contrastive decoding in LVLMs and propose our motivation for SID.

3.1 MmMRADIGM OF LVLM s GENERATION

Vision and Language Inputs. The inputs to LVLMs consist of both image)(and text {). Gen-

erally, the raw images are commonly fed to the visual encoder, and then the cross-model projection
module maps vision information into LLMs' input space, denoted as vision token$vi ; v,:::vh g

(n is the length of vision tokens). Similarily, text is processed by tokenizer and embedding modules,
which is denoted as text tokehs ftq;to:::t g (m is length of text tokens). Then, the imagg (

and text f) tokens are concatenated as the nal input of LLMs.

LVLMs Forward. The backbone networks of LVLMs are pre-trained LLMs like Vicuna (Chiang
& Li, 2023) and LLaMA 2 (Touvron et al., 2023b), parameterized byGiven multimodal tokens
fv;tg, LVLMs predict the next token probability{) ati time step in an auto-regressive manner
following the methodology of LLMs, over the vocabulary set

p(Yijv; ty<i ) = softmax(logit (yijv;ty< )):yi 2 1)

Next Token Decoding.After obtaining the next token probabilipfy;jv; t; y«i ), different decoding
strategies (Appendix A.1) are proposed to predict next token. The decoded token is concatenated to
the last original input token, for the next round of generation until the end of the generation process.

3.2 RE-THINKING CONTRASTIVE DECODING INLVLM s

Following the seminal works (Li et al., 2022) in natural language processing, which introduced the
Contrastive Decoding (CD) mechanism to enhance coherence and informativeness by considering
the differences between expert and amateur models, various studies have adapted this strategy to
LVLMs by distorting the visual or instruction inputs for contrastive purposes. As the vision and
instruction contrastive processes are symmetrical, we use visual contrastive decoding as an example.
The contrastive decoded probability of next-tokpgy ] can be generally formulated as follows:

Ped (YijV; Va: ty<i ) = softmax[(1 + )logit (yijv;t;y< ) logit (yijva;ty<i )l  (2)

whered and indicate distortion operation and hyperparameter, respecti@agerally CD meth-
ods employ an adaptive plausibility constraint to calibrate the entire output distribution, preventing
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Table 1:Ef cacy Analyses on CD strategieson MSCOCO dataset. THRandonsetting means objects absent

from the image are chosen randomly, while tketversarialsetting prioritizes co-occurring objects which are

not present in the image. Results are from (Leng et al., 2024) or the average of three running times conducted
on LLaVA-1.5 7B for fair comparisons. in Eq. 2 defaults to 1 and Eq. 3 has no effect on the greedy decoding.

Greedy Sampling
Setting Method Accuracy" F1Scoré' Accuracy" F1 Scoré'
Normal 88.80.05 88.60.08 84.90.03 83.20.01
"VCD =~ 87.8002  87.%00s @ 87.73 8328
w/o Eq. 3 - - 83.30.04 82.20.02
Random " ICD ~ = 87.9004  88.Loo2  86.9003 = 85.2004
w/o Eq. 3 - - 82.70.02 81.80.03
“Ours © 89.3008  89.5002 = 88.8003  88.%002
w/o Eq. 3 - - 87.20.01 88.0Q0.02
Normal 79.30.05 80.90.09 78.%0.03 78.9:0.02
"VCD ~ " 80.9006  8l.Goos = 80.88 8133
w/o Eq. 3 - - 76.20.04 76.Q0.04
Adversarial ICD 80.2003  81.3001  79.koo2 ~ 80.&00s4
w/o Eq. 3 - - 75.40.02 76.40.04
“Ours ©  83.3007 825006  82.6005  82.ko00s
w/o Eq. 3 - - 82.20.03 81.%0.01

implausible outputs from the augmented distribution (Li et al., 2022; Chuang et al., 2024; Leng

et al., 2024; Favero et al., 2024; Wang et al., 2024a; Kim et al., 2024; Zhu et al., 2024):
n o

oken (Y<i )= ¥i2 p (Yijvitiy<i) maxp (' jvity<)
Ped (YijViVa; G Y<i ) =0; if Vi 2 token (Y<i )

where and ken are the output vocabulary and selected tokensontrols the strength of trunca-
tion, with larger indicating more aggressive truncation that retains only high-probability tokens.

®3)

However, we argue that manually disturbing raw inputs might not trigger the desired hallucinations,
while holistic disturbances will bring uncertainty noise that compromises the normal decoding. To
validate our claim, we analyze the performances of normal decoding, VCD, and ICD using the
POPE (Li et al., 2023d) metric, under bathmpling andgreedydecoding settings. POPE quantita-
tively converts the hallucination evaluation into a binary classi cation problem by using the question
format to prompt the modelils there a <object> in the image?' , with expected
answers beingYes' or 'No' . From Table 1, under thgreedy decoding setting, CD methods
improve performance in thadversarialsetting, which are more challenging as they prioritize co-
occurring confusing objects. CD methods achieve this by exacerbating and subtracting hallucinated
concepts from the original distribution. However,ramdomsettings, where objects absent from

the image are chosen randomly and are easily recognized, CD methods slightly underperform nor-
mal greedy decoding, which indicates that the correct token logit is somewhat compromised during
contrastive decoding. In theampling decoding setting, CD methods clearly outperform the normal
sampling decoding. However, CD methods rely on the adaptive plausibility constraint (Eq. 3) to I-
ter out low-probability tokens. Without Eq. 3, CD methods are inferior to normal decoding in both
randomandadversarialsettings, validating that vision-and-text agnostic input distributions induces
potential uncertainty noise after Eq. 2 (More validations on other benchmarks are in Table 11.).
To address these issues, we propose a decoding strategy Satfiatrospective Decodin@ID).

SID adaptivelyampli es vision-and-text associatidmallucinations informed by generated tokens to
guide LVLMs in exploring factualness. Details are illustrated in the Sec. 4 and Fig. 2.

4 METHODOLOGY

4.1 UNDERSTANDING THE SELF-INTROSPECTIVEPRE-TRAINED LVLM s.

LLMs (Bai et al., 2023a; Chiang & Li, 2023; Touvron et al., 2023b; Meta, 2024) have been scaled
up to billions of paramters and pre-trained on trillions of tokens, endowing LLMs with encyclopedic
ability like in-context learning (Wang et al., 2024b), zero (Kojima et al., 2022)/few-shot (Brown

et al., 2020) ability. LVLMs extend LLMs to multimodal understanding capabilities by visual in-
struction tuning. Some works (Cao et al., 2023; Shang et al., 2024; Chen et al., 2024a) pointed out
that vision information is redundant in LVLMs, and develop vision token reduction technologies
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Figure 2: Overview of Self-Introspective Decoding (SID)CT2S: Context and Text-aware Token Selection
strategy. LLaVA-1.5 7B is utilized as an example to visualize visual tokens with low and high scores (Eg. 5).

to prune (Rao et al., 2021) and merge (Bolya et al., 2023) tokens guided by importance metrics
without further re-training. Regarding the hallucination issue, we argue that vision tokens with low
attention scores inducdsion-and-text association hallucination Formally, for the transformer
block (Vaswani et al., 2017) in the auto-regressive decégdeision (), text instruction {), and
generated tokeng) are concatenated and projected into three distinct vectors: the query @ector
the key vectoK, and the value vectdv, utilizing three linear transformation&y, W, andW,,.

The self-attention§A) mechanism computes the relevance of each item to other items as follows:

R =SAQ;K;V)= A V;

T 4
A :softmax(gedf—+ M); “)
I

whered, represents the dimension@f K, V, M represents the casual magk.2 R ) where

b, h, andn denote batch size, number of key-value heads, and total token number, respectively. We
denote theA; as the attention matrix aftdrayeri of LVLMs. We then calculate vision token
importance scoressgore(Vv)) as shown in Fig. 2%electol) based orA;:

_ 1 o i
Scorg(v) = n A, [ 1]; (5)
j=1

wherev means vision token indexes. Contrary to token pruning/merging (Rao et al., 2021; Bolya
et al., 2023), we preserve a certain number of the least important vision tokens based on Eq. 5.

Analyses. Fig. 3 and 4 preliminarily validate the ef cacy @corg(v) qualitatively. In Fig. 3,

the preservettastimportant tokens mainly re ect areas opposite to the query. For instance, when
querying'cup' in Fig. 3 (left), LVLMs focus on'cup' in the foreground, thus preserving back-
ground tokens with lowScorg(v). Conversely, LVLMs pay attention to background items when
querying-couch' . When querying existing items in Fig. 3 (right), vision tokens of unrelated
regions are mainly preserved. For open-end generative tasks in Fig. 4, auto-regressive decoded
tokens are generated based on preceding visipnir{struction {), and generated texg) tokens.

The preserved vision tokens aadaptively adjustedaccording to preceding tokens at each decod-
ing step, primarily focusing on spurious related regions. More quantitative analyses are provided in
Appendix A.7, where Table 12 illustrates that vision tokens with t8glre(v) greatly maintain
original ability, while tokens with lowscore(v) reach nearlyp0%accuracy in binary classi cation.
Above evaluations suggest that Eq. 5 effectively assesses the importance of vision tokens.

We further demonstrate ttigen-end generated hallucinatiomsluced by ours, Vision Disturbance
(VD) (Leng et al., 2024), and Instruction Disturbance (ID) (Wang et al., 2024a) in Fig. 5and 10. The
hallucinations we ampli ed are more vision-and-text association compared to VD, while LVLMs

2Here we illustrate the transformer block without KV Cache for better understanding.
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Figure 3: Visualization Results of the least important vision tokens on discrimination tasks informed by
preceding vision and text tokens. LLaVA-1.5 7B with Layer 3 is utilized.

Figure 4:Visualization Results of AdaptivelySelectingthe leastimportant vision tokens on open-end gener-
ative tasks informed by preceding vision and text tokens. LLaVA-1.5 7B with Liaye3 is utilized.

usually refuse to response to ID. Additionally, we demonstrate the quantitative results for discrimi-
nation and generation tasks wib and ID as inputsn Appendix Table 12. Interestingly, VD and

ID do not degrades much especially in discrimination tasks. Experiments imply that disturbed target
logits still have the highest probability in most cases, and therefore, contrastive decoded target logits
are not enhanced much after Eq. 2, while CD methods are susceptible to potential uncertainty noise.

4.2 CONTEXT AND TEXT-AWARE TOKEN SELECTION (CT?S) STRATEGY.

Based on the above investigations, we argue that to induce context- and text-aware hallucinations
for contrastive decoding, only a small percentage of vision tokens with low attention scores should
be preserved after the early decoder layers. To validate our claims, we conduct the following ex-
periments: 1) In Vision Encoder (VE), we preserve tokens with low attention values between the

o ) . [CLS IKT
[CLS] token and vision tokens in the penultimate layer, calculatedhas: softmax( ﬁéﬁ).
2) In the LLM decoder, we preserve tokens with low importance score (Eq. 5) across varying layers

Figure 5:Instance lllustration of Different Disturbance Results. Examples are from MSCOCO inferred by
LLaVA-1.5 7B withi = 3 and Top-k=50. Hallucinations are marked in red.
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