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o The MLLM Lifelong Unlearning
Ø MLLM must continuously forget multimodal information while 

preserving its general capabilities.

Problem Formulation
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o The Uniqueness of MLLM Lifelong Unlearning
Ø MLLM lifelong unlearning is not a straightforward extension of the LLM 

lifelong unlearning, but a more challenging problem. We hypothesize that 
the core distinction lies in the multimodal alignment.

Problem Formulation
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Table. Representation drift analysis on Qwen3-VL-4B-Instruct. The 
data in the table shows the modality gap.



o The MLUBench Dataset
Ø The MLUBench is built on the factual knowledge of widely known real-

world entities.
Ø 127 entities of 9 classes; 15414 QA pairs; 5105 unique image data.

The MLUBench
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o Representative Questions
Ø  Instead of entity-specific questions, we design a common question set for 

each entity type to capture their shared characteristics.

The MLUBench
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o Models
Ø LLaVA-v1.6-7B, LLaVA-v1.6-13B, and Qwen3-VL-4B-Instruct.

o Baselines
Ø Grad Ascent (GA), Grad Difference (GD), KL Minimization (KL), Negative 

Preference Optimization (NPO).
o Metrics

Ø Forget Quality - GPT Rejection Score
v A high-quality refusal can prevent hallucination or the factual knowledge leakage.

Ø Model Utility - GPT Correctness Score
v The quality, relevance, and correctness of the response.

Experiments
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o Lifelong unlearning causes significant performance degradation.

Results
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o Lifelong unlearning causes significant performance degradation.

Results
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Ø We study a practical and challenging problem of MLLM Lifelong 
Unlearning, distinguishing it from its unimodal counterpart.

Ø We introduce the MLUBench, a large-scale and diverse benchmark 
designed for evaluating MLLM lifelong unlearning.

Ø We perform extensive experiments on the MLUBench and reveal the 
critical performance degradation problem of existing unlearning methods.

Summary
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Thank You!

Project Page: https://github.com/lihe-maxsize/Lifelong_Unlearning_main 

https://github.com/lihe-maxsize/Lifelong_Unlearning_main

