
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 empirical 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 strategy 
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.
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1. Background

4. Results

2. Motivation

Contrastive Decoding (CD) is generally formulated as follows:

3. Method: Self-Introspective Decoding (SID)
3.1 Understanding the Self-Introspective Pre-trained LVLMsRevisit Contrastive Decoding in LVLMs

What is LLM hallucination?

Deepseek R1:

LLM hallucination occurs when a large language model generates plausible-
sounding but incorrect, nonsensical, or fabricated information. Unlike human 
hallucinations, these stem from the model's reliance on statistical patterns in 
training data rather than true understanding.

GPT-4o:

LLM hallucination refers to instances when a large language model (LLM) 
generates information that appears plausible and coherent but is actually 
incorrect, fabricated, or not grounded in its training data. 

However, CD heavily relies on adaptive plausibility constraint, which 
formulated as follows:

We argue that CD might induce vision-and-text agnostic input distributions 
that induce potential uncertainty noise, which is validated in below Table.

Insight:
1. Amply fine-grained hallucinations
2. Dynamic adjust the hallucinations considering inputs
3. Better ablate Equation (3) for fair comparisons.

Vision Token Importance Scores as Selector

Visualization Results of Vision Token Selection 

Different Disturbance Results

3.2 Self-Introspective Decoding (SID)

CHAIR Metric

Computation Costs

General Ability Comparisons

5. Future Work

1. Training the external network to automatically determine optimal hyperparameters

2. Generate self-generated hallucination dataset to ensure style consistency by vision 
token pruning, which is crucial for preference learning.
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