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• Large language model knowledge update

Large language models (LLMs) need to frequently update their knowledge in 
practical applications to correct errors or outdated information.

knowledge update

outdated errors new correct
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• SFT  vs.  Model Editing   

fine tune

Data LLM

Comparison
SFT Model Editing

SFT Model Editing
Objective Improve overall performance on a task or domain Make  precise changes to specific knowledge or behaviors

Cost Requires thousands of examples and full 
parameter updates

Achieved with minimal data and computation

Impact Risks altering model behavior on unrelated tasks Aims to preserve the model's general capabilities

Yao, Yunzhi, et al. "Editing Large Language Models: Problems, Methods, and Opportunities." EMNLP. 2023.
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• Mainstream Methods

Parameter-Preserving Methods
Introduce an external module to store editing 
knowledge and freeze the original parameters

Parameter-Modifying Methods
Modify the model parameters directly to adapt to the 
new knowledge

Meng, Kevin, et al. "Locating and editing factual associations in gpt.", Neurips2022

Locate

Editing

Mitchell, Eric, et al. "Memory-based model editing at scale." ICML, 2022.
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• Limitations

Knowledge conflict 

Li, Zhoubo, et al. "Unveiling the pitfalls of knowledge editing for large language models." , ICLR 2024.

Model collapse and 
Catastrophic forgetting

Domain knowledge 
interference

Gu, Jia-Chen, et al. "Model Editing Harms General Abilities of Large Language Models: 
Regularization to the Rescue.", EMNLP 2024
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• Inspiration

1.Active Forgetting (LTD in 
CA3→CA1)
Selectively weakens synaptic 
connections to discard outdated 
information.

2.Pattern Separation (Dentate 
Gyrus)
Creates distinct neural representations 
to minimize interference between 
similar memories.

3.Memory Consolidation (SWRs 
in CA3→CA1)
Reactivates neural traces to stabilize 
and integrate memories for the long 
term.
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• Main Framework
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• Memory-directed Active Forgetting via Machine Unlearning

LLMs can selectively forget outdated knowledge while 
efficiently acquiring and integrating new knowledge
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• Memory Stability Preservation via Fisher Information Matrix

FIM constrains the update magnitude of parameters with significant 
influence on the model outputs, and permits more substantial updates 

for parameters with less impact on the model outputs.

Kirkpatrick, James, et al. "Overcoming catastrophic forgetting in neural networks." , PNAS 2017.
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• Progressive Memory Consolidation via Parameter Replay
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This indicates that our method, after editing for specific 
queries, can adapt effectively to more generalized scenarios.

The long-term editing memory mechanism 
ensures parameter updates converge
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• Main Results

For all models, most baselines 
suffer from catastrophic 

performance degradation due to 
model parameter collapse after 

multiple edits
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• Compared to AlphaEdit

Fang, Junfeng, et al. "Alphaedit: Null-space constrained knowledge editing for language models." , ICLR 2025.
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• Downstream Evaluation

HSE minimally 
impacts the model’s
general capability and 
can lead to slight 
enhancements when 
guiding the model with 
correctly edited
knowledge.



• Ablation Study
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• Ablation Study
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For our HSE method, the F-norm of 
edited parameters increases much 

more gradually

The larger the F-norm of the original LLMs, 
the more "resistant to editing" they become, 

allowing them to maintain their general 
capabilities even more editing iterations.
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• Practical Application 
Hallucination 

mitigation

Healthcare 
knowledge 
injecting

Societal bias reduction
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• Sequential Editing Compared to Full-batch Editing 

the time complexity of 
MEMIT approaches n times 

that of HSE sequential editing.

the robustness and adaptability of 
HSE in handling varying data 

volumes and batch sizes
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• Future Works 
Unstructured knowledge editing

Multi-hop knowledge editing

Jiang, Houcheng, et al. "AnyEdit: Edit Any Knowledge Encoded in Language Models.", ICML 2025.
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Thanks for listening


