
Editing Large Language Models



| Task Definition: Model Knowledge Editing

• Model knowledge editing modifies pre-trained LLM model outputs for  
specific inputs to a desired output without affecting other inputs and 
retraining all parameters.

• Key concepts：
- Edit Descriptor  ze :([ xe, ye ] ) specified input and output for editing

E.g.:  xe - Who is the president of United States ?   ye  - Donald Trump

- Edit Scope: (只编辑需要修正的内容)
 In-scope Input I(xe)：Inputs similar to the editing description.

E.g.:  I(xe)- Who is the president of United States ? 

Out-scope Input  O(xe) ：inputs unrelated to the editing description
      E.g.:  O(xe)- Why is the sky blue?



| Metric



| Overview for current works



| Memory-based Model

This kind of method stores all edit examples explicitly in memory and 
employs a retriever to extract the most relevant edit facts for each new 
input to guide the model to generate the edited fact.



| Memory-based Model

SERAC[1] 可分为3个部分:

Ø Scope classifier: 分类器，用于对输入进行分类，判
断是否需要更新后的知识，然后选择路由到补丁模
型还是原始模型。

Ø Base model: 原始模型，frozen，不再更新参数，通
常参数量很大。

Ø Counterfactual model: 补丁模型，用来储存新的知识。

具体实现很简单，在新的知识数据上，训练一个BERT分类
器作为 scope classifier，训练一个T5作为 Counterfactual 
model 就完成了。

[1] Memory-Based Model Editing at Scale, ICML, 2022



| Memory-based Model

[1] Memory-Based Model Editing at Scale, ICML, 2022



| Memory-based Model

ØSummary:
• [In-context learning] Instead of retraining an extra model with new 

facts, the model itself can refine its outpus with the knowledge contexts 
as prompts.

ØOther Papers
• Can We Edit Factual Knowledge by In-Context Learning?



| Additional Parameters



| Additional Parameters

除了显示的存储knowledge，我们是否能够将knowledge存储在模型parameters，
同时用这部分参数去更新模型？

Additional Parameters : Merge the model’s parameters which store the new/old Knowledge.



| Additional Parameters
Question: How do LLMs store Knowledge?
FFN is similar with a Neural Memory Network

[3] Knowledge Neurons in Pretrained Transformers, ACL, 2022

Neural Memory Network:  在2015年的End-To-End Memory Networks中，就提出了key-
value memory的结构：将 �� 个需要存储的信息分别映射为 � 维的key向量与value向量，
query向量与memory交互, 可以等价为与key, value进行attention操作。对于�, � ∈ ���×�,有

与FFN对比，对于 �1, �2 ∈ ���×�，FFN的形式为

可以看出，FFN几乎与key-value memory相同。

1. FFN和MN结构类似[2,3]

[2] Transformer Feed-Forward Layers Build Predictions by Promoting Concepts in the Vocabulary Space



| Additional Parameters

[3] Knowledge Neurons in Pretrained Transformers, ACL, 2022

通过研究BERT的完形填空任务，给定一个关系事
实，识别表达该事实知识的神经元。

如何找出对应当下知识的信息量大的神经元？

本文的方法是换用多个相似的prompt，
不同prompt之间的能激活的神经元之间的overleap
是且仅是 对应当下知识的信息量大的神经元。

2. 有实验证明， 知识神经元的激活和它们对应的事实的表达呈正相关的关系[2]。



| Additional Parameters

文中[2]发现这种知识神经元
的激活和它们对应的事实的
表达呈正相关的关系。

就可以对对应的神经元进行增
强或抑制。对应来说，增强以
后效果会变更好，抑制以后效
果会变差。

[3] Knowledge Neurons in Pretrained Transformers, ACL, 2022



| Additional Parameters

如果将对应的值直接降低为0，就可以擦除这个知识[2]

[3] Knowledge Neurons in Pretrained Transformers, ACL, 2022



| Additional Parameters

[4]Transformer-Patcher: One Mistake worth One Neuron, ICLR 2023

考虑到知识存储在FFN中，作者在模型的
最后一层中加入一些神经元。对于需要修
改的知识，一个token的输出就加一个神
经元，两个token的输出就加两个神经元。
对于每个需要纠正的知识，都使用对应的
增量神经元。



| Additional Parameters

[4]Transformer-Patcher: One Mistake worth One Neuron, ICLR 2023

Standard FFN (query q)



| Additional Parameters

[4]Transformer-Patcher: One Mistake worth One Neuron, ICLR 2023



| Additional Parameters
1. Reliability：

2.  Locality：

[4]Transformer-Patcher: One Mistake worth One Neuron, ICLR 2023



| Additional Parameters
1. Reliability：

[4]Transformer-Patcher: One Mistake worth One Neuron, ICLR 2023



| Additional Parameters

[4]Transformer-Patcher: One Mistake worth One Neuron, ICLR 2023



| Locate-Then-Edit



| Locate-Then-Edit

[3] Locating and Editing Factual Associations in GPT. NeurIPS 2022

The effectiveness of location is still controversial！

This paradigm initially identifies parameters corresponding to 
specific knowledge and modifies them through direct updates to the 
target parameters.



| Locate-Then-Edit

This paradigm initially identifies parameters corresponding to specific 
knowledge and modifies them through direct updates to the target parameters.

[5] Locating and Editing Factual Associations in GPT. NeurIPS 2022

那么就有两个比较关键的问题:
How and where a model stores its factual associations?
=> FNN

Then we can
=> Locate
=> Fix mistakes.
=> Help us to understand huge opaque neural networks.



| Locate-Then-Edit

[2] Knowledge Neurons in Pretrained Transformers, ACL, 2022



| Locate-Then-Edit

[5] Locating and Editing Factual Associations in GPT. NeurIPS 2022



| Locate-Then-Edit

[5] Locating and Editing Factual Associations in GPT. NeurIPS 2022



| Locate-Then-Edit

[5] Locating and Editing Factual Associations in GPT. NeurIPS 2022



| Locate-Then-Edit

[5] Locating and Editing Factual Associations in GPT. NeurIPS 2022



| Meta-learning



| Meta-learning

Meta-learning methods employ a hyper-network to learn 
the necessary ∆ for editing the LLMs. 

[6] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf



| Meta-learning

[4] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf

Hyper Editor设计的难点:
-  Single examples: If presented with only a single problematic input and new 

desired output, fine-tuning approaches tend to overfit;
-  Huge amount of computation: other editing algorithms are either computationally 

infeasible or simply ineffective when applied to very large models.

这里简单介绍一下ICLR22的工作MENO，MENO设计了一个Edited model，
Edited model可以对gradient进行低秩分解，来近似估计standard fine-tuning得到的
gradient 



| Meta-learning

在这里我们有两个问题需要考虑:
1. 如何更新Edited model ？ 
2. Edited model是如何估计standard fine-tuning得到的gradient ？ 

[4] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf



和之前讲的一样，Edit的对象应该是Edit example以及 example neighborhood；同时
unrelated example保持不变

| Meta-learning

[6] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf



Keep predictions the
same everywhere else！

Change predictions of 
neighborhood！

Learn to transform gradient

| Meta-learning

[6] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf



Object： an efficient, expressive gradient transform

| Meta-learning

[6] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf



Total algorithm

| Meta-learning

[6] Fast Model Editing at Scale. ICLR 2022. PPT:https://iclr.cc/media/iclr-2022/Slides/6846.pdf



| Can We Edit Multimodal Large Language Models?

[7] Can We Edit Multimodal Large Language Models?  EMNLP 2023. 



| Can We Edit Multimodal Large Language Models?



| Can We Edit Multimodal Large Language Models?

Comparison methods Evaluation metric
ü Reliability. Base model: BLIP-2 OPT. / MiniGPT-4.

ü Locality (text and image).

ü Generality (text and image).

[7] Can We Edit Multimodal Large Language Models?  EMNLP 2023. 



| Can We Edit Multimodal Large Language Models?

• Reliability

Task: VQA and Image-Caption 

Our foundational edit data originates from 
suboptimal entries across two eval datasets, 
namely, VQAv2 and COCO Caption.

• Locality Dataset Construction

• Generality Dataset Construction

NQ dataset & OK-VQA





Thanks！


