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Model Editing: Definition and Evaluation Results: Impact of Batch-editing
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v Generalization: recall the fact under the in-scope
paraphrase prompts I(x.).

v' Locality: remain unchanged for the prompts out of the
editing scope O(x,).
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v Edited models degrade as the batch size increases

Side Effects of Model Editing

Does model editing's improvements on factuality come at the  v'LLMs are sensitive to increases in batch size, calling for

cost of a significant degradation of model's general abilities? more research work on scalable editing for efficient editing
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Instance- vs. Batch-editing P f;"gij o~ & v Principal editing: top-k% elements in AW that change the
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ero-shot tvaluation ) Instance- | | (b) Instance- (0 Batch-. v'Minor editing: the remaining elements in AW are treated
d single- ial- ial- . . . . .
e T | peuente as minor contributions, set to zero for regularization
. : An instance of editing fact Original Weight W  Unregularized Update Weight AW Updated Weight W
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v Editing Dataset: ZSRE dataset
v'Selected LLMs: GPT-2 XL (1.5B), LLaMA-1 (7B), LLaMA-2 (7B)

(a) Non-regularization
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v'8 Downstream Tasks: Reasoning, NLI, Open- and Closed- 2 [ 6|5 | s o |os| o | o 2 [es| s |
domain QA, Dialogue, Summarization, NER, Sentiment sl I I o L S I B L T I

8 5 6 1 0.8 0 0 0 8.8 5 6 1

Results: Impact of Sequential-editing o N L B o [ o ] o Jo2 6 | 4|3 |22

(b) RECT Regularization
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\ e, Regularization Results
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v LLMs are not robust to weight perturbations even if less v'A trade-off between editing and downstream performance
than 1% of parameters are edited v'RECT top-40% can help maintain over 94% editing
v'The difficulty lies in the dual objective of improving model v'The more editing regularization, the smaller the change to
factuality while maintaining their general abilities the model, the more general abilities can be preserved
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