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VLMs Suffer from Hallucinations
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Visual Encoder (e.g., CLIP ViT)

LLMs
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Visual Hallucinations: Describing nonexistent objects or concepts in the image, usually due to 
training data biases or strong language priors



Prior Methods
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!
Preventing hallucinations is hard, but detection 
isn’t — we need a verifier after the fact.
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Prior Methods
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Why not both?

Verifying after full outputs is slow and mostly 
ends in refusal — we need correction instead!!
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REVERSE-VLM 
REtrospective VERification and SElf-Correction



Generate, but Verify: The birth of REVERSE-VLM
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A single VLM that can not only generate, but verify and corrects themselves on-the-fly  

￼  towards robust, controllable, and interpretable systems!→



How to Enable This?
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(1) Train a model that can do explicit confidence estimation

(2) Do retrospective resampling inference for multi-round correction



1. SFT Dataset Construction
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GPT: <SPAN>The back</CN> <SPAN>of the bus</CN> features <SPAN>a window</UN> .

Human: What feature can be seen on the back of the bus? 
GPT: The back of the bus features an advertisement.

Source: 665K LLaVA-SFT Dataset

GPT: <SPAN>The back</CN> <SPAN>of the bus</CN> features 
<SPAN>an advisement</CN> .

Noun Phrase Extraction & Tagging

Negative Phrase Augmentation

Positive Data

Negative Data

<SPAN>: Noun Phrase Opening                   </CN>: Confident Token                  </UN>: Unconfident Token



1. SFT Dataset Construction
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1.3M Open-Source Datasets on 



2. Hallucination-Aware Training
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<SPAN>The back</CN> <SPAN>of the bus</CN> features <SPAN>a window</UN>

Model trained to predict these tokens

Model ignores these tokens during training

<SPAN>The back</CN> <SPAN>of the bus</CN> features <SPAN>an advertisement</CN>

Model needs to: 
1. Do standard next token prediction 
2. Avoid hallucination modeling 
3. Learn to model confidence with </CN> and </UN>



3. Retrospective Resampling Inference
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<SPAN>The back</CN> 
<UN>: 0.0

<UN>: 0.0

<UN>: 0.0

<UN>: 0.0
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3. Retrospective Resampling Inference
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3. Retrospective Resampling Inference
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<SPAN>The back</CN> <SPAN>of the bus</CN> features <SPAN>an advertisement</CN>
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Summary: Retrospective Resampling
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Experimental Results



SOTA on Captioning & Open-ended VQAs
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HaloQuestMM-Hal

Captioning Tasks

+ Multiple Models 

+ Multiple Tasks

34% Gain

12% Gain
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Towards Efficient Corrections & Controllable VLMs

15% gain from 50 round corrections but 

only 3.05x more tokens

Studies on AMBER-G Dataset

Tuning the threshold (￼ ) can control the 
trade-off between expressiveness & 
hallucinations

τ

We can beat GPT-4V on the CHAIR metric with 
low threshold, making VLMs conservative!
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Conclusions



Takeaways

￼22

➔ Current VLMs are still prone to visual hallucinations.
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Project Page

Thanks for listening!


