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Background

❏ By extending the capabilities of powerful Large Language Models (LLMs) to incorporate visual 

inputs, recent Large Vision-Language Models (LVLMs) have demonstrated remarkable 

performance across various multi-modal tasks.

❏ Despite their proficiency in interpreting both visual and textual modalities, these models often 

suffer from hallucinations, where LVLMs erroneously produce responses that are inconsistent with 

the visual input. 

❏ This potential for misinformation raises significant concerns, limiting the models’ reliability and 

restricting their broader deployment in real-world scenarios.

In this work, we explore the potential of leveraging powerful text-to-image generative models (e.g., 

Stable Diffusion) to mitigate various types of hallucinations in LVLMs.
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Motivation

❏ Our work is based on a simple yet intuitive hypothesis: Given a visual input and a textual prompt 

to an LVLM, if the generated response is accurate and non-hallucinatory, a text-to-image 

generative model should be able to reconstruct a similar image from that response.

❏ Alternatively, if there is a discrepancy between the original image and the generated image, this 

difference can serve as valuable self-feedback to correct potential hallucinations.



4

Generative Self-feedback

We validate that text-to-image generative models can provide valuable self-feedback for mitigating 

hallucinations at both the response and token levels:

❏ Lower similarity between the original image and generated image corresponds to higher rates of 

hallucinations at the response level.

❏ JS divergence between probabilities derived from the original and the generated image corresponds 

well to hallucinations at the token level.
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Method

Building on this insight, we introduce self-correcting Decoding with Generative Feedback (DeGF), a 

novel training-free decoding algorithm that effectively incorporates feedback from text-to-image 

generative models to recursively enhance the accuracy of LVLM responses.
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Method

We consider two scenarios based on the token-level generative feedback: 

❏ If the two predictions are aligned and both images agree on a specific token prediction, we 

confirm the original prediction as correct, and the auxiliary prediction from the generated image 

can be combined with the original prediction for enhancement.

❏ Conversely, if there is a significant discrepancy between the predictions, indicating that the 

original prediction is likely hallucinatory, we revise the original response by using the generated 

visual input as a contrasting reference to refine the initial next-token prediction.

We generate two output distributions: one conditioned on the original image and the other conditioned 

on the synthesized visual reference. We then calculate the JS divergence on a token level.
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Experiments

❏ Performance comparisons on POPE

Our method consistently outperforms other decoding methods on three LVLMs, achieving 

state-of-the-art accuracies across all settings.
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Experiments

❏ Performance comparisons on CHAIR

❏ We also compare the performance of our methods and other state-of-the-art methods in the 

open-ended captioning task and report the CHAIR scores, recall, and the average length of response.

❏ Specifically, our method outperforms the second-best approach by 3.0% and 2.6% on the CHAIRS 

metric, while also enhancing the detailedness of generated responses compared to regular decoding, 

as indicated by the higher recall and increased response length.
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Experiments

❏ Performance comparisons on MME and MMBench

❏ Beyond object hallucinations, we further compare the performance of our method with other 

approaches using the more comprehensive MME-Hallucination benchmark.

❏ This further illustrates the effectiveness of our approach in addressing a wide range of hallucinations.

❏ Our proposed DeGF enhances the general multi-modal understanding capabilities of LVLMs, as 

evidenced by its superior performance on the MMBench benchmark.
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Qualitative Results

❏ Case study on LLaVA-Bench

❏ Our response is more detailed, mentioning the volcano, the road, the surrounding greenery, and the 

inhabited areas, which gives a clearer understanding of the image’s content.
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Takeaways

❏ We investigate the potential of text-to-image generative models in mitigating hallucinations in 

LVLMs and demonstrate that text-to-image generative models can provide valuable self-feedback 

for mitigating hallucinations at both the response and token levels.

❏ We propose self-correcting Decoding with Generative Feedback (DeGF), a training-free decoding 

algorithm for LVLMs that recursively enhances the accuracy of responses by integrating feedback 

from text-to-image generative models with complementary/contrastive decoding.

❏ Extensive experimental evaluations across six benchmarks demonstrate that our DeGF consistently 

outperforms state-of-the-art approaches in effectively mitigating hallucinations in LVLMs.
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