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Introduction
    Recent advances in Multimodal Large Language Models (MLLMs) raise privacy and bias concerns, demanding effective 
machine unlearning. Existing methods fail to ensure modality alignment, causing inconsistent forgetting across text and image 
inputs. Therefore, we introduce UMU-Bench as a unified benchmark integrating unimodal and multimodal unlearning tasks 
with alignment-aware metrics, enabling systematic evaluation and promoting the development of alignment-consistent 
multimodal unlearning algorithms.

Contribution:
1. We introduce a novel knowledge-
based benchmark integrates both 
unimodal and multimodal versions of 
each knowledge instance.
2. We conduct comprehensive 
experiments across multiple unlearning 
algorithms and develop a suite of new 
tasks and evaluation metrics.
3. We explore the challenge of 
maintaining modality balance during the 
unlearning process, proposing a fresh 
perspective on multimodal unlearning.
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Motivation
A key challenge in achieving balanced multimodal unlearning lies in ensuring modality alignment, i.e., aligning the unlearning 
process across both multimodal and unimodal data. In an ideal scenario, the unlearning mechanism should effectively 
remove targeted information not only in the multimodal context but also in each corresponding unimodal modality. However, 
as illustrated in Figure 1, we observe that applying existing unlearning methods separately to unimodal and multimodal data 
leads to significant modality misalignment.

To further investigate this issue, we conducted experiments on a subset of MLLMU using traditional unlearning methods, i.e., 
GA. As shown in Figure 2, these methods (when tested in traditional benchmarks) result in pronounced imbalances between 
modalities. Specifically, while these methods may achieve satisfactory unlearning effects on the target modality (either blue 
or orange), they fail to do so across all modalities (both blue and orange). This imbalance indicating underscores the lack of 
comprehensive consideration for the alignment between unimodal and multimodal information.
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UMU-bench
We introduce UMU-Bench, a benchmark linking each knowledge instance to two question types—unimodal (text-only) and 
multimodal (text + image). For each person, three task forms are created: classification, cloze, and generation. These paired 
tasks enable systematic evaluation of how well models unlearn the same information across modalities, ensuring consistency 
between unimodal and multimodal unlearning.
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UMU-bench
Metrics:
We propose metrics to evaluate modality alignment in unlearning, measuring how consistently a model forgets or retains the 
same knowledge across unimodal and multimodal settings for more balanced and complete unlearning assessment.
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Experiment
In this section, we present the results of experiments conducted on UMU-Bench across three different forget rates (5%, 10%, 
and 15%). As illustrated in Table 2, our results indicate that both PO and KL demonstrated superior performance in unlearning 
knowledge, especially in long-text generation tasks. These methods effectively erased knowledge while retaining overall task 
performance. In contrast, algorithms like GD and NPO excelled in preserving model utility, showing less degradation in 
performance on retained knowledge.
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Disscussion
The Impact of Unlearning modalities on Results:
    This experiment compares unimodal, multimodal, 
and hybrid unlearning methods. The results show 
unimodal unlearning works best for unimodal tasks, 
while multimodal unlearning excels in multimodal 
ones. 
    The hybrid approach improves both addressing 
modality misalignment and proving effective across 
different evaluation settings.

The Impact of Balance Metrics α and β:
    We discusses how different α/β ratios affect model 
performance. Balanced α and β improve alignment 
and stability, while extreme ratios cause instability, 
convergence issues, and poorer unlearning 
performance.
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For any questions regarding the paper, feel free to contact Chengye (wangchengye@zju.edu.cn)

Codebase available at https://github.com/QDRhhhh/UMU-bench


