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Course Project – Midterm Report

• Due: 11/5

• Page limit: 4 pages (excluding reference)

• Format: ACL style

• The report should include

• Introduction to the topic you choose and problem definition

• Related literature and overview of existing progress and challenges

• Proposed solutions, novelty, and expected contributions

• Evaluation metrics

• Planned implementation details, including dataset, models, codebases, etc.

• Current progress (preliminary results, baseline results, etc.)

• Next steps and expected timeline
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https://2023.aclweb.org/calls/style_and_formatting/


Model Editing

2



3



Rank-One Model Editing (ROME)

• Step1: Locating the knowledge

• Causal tracing

• Step2: Editing the knowledge

• Rank-one editing
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Knowledge Fact

• Knowledge fact

• (s, r, o): subject, relation, object

• The Eiffel Tower is located in Paris

• s: The Eiffel Tower

• r: is located in

• o: Paris

• The Space Needle is in downtown Seattle

• s: The space needle

• r: is in

• o: downtown Seattle
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Causal Tracing (Activation Patching)

• Clean run

• The Space Needle is in downtown → Seattle

• Corrupted run

• The [MASKED SUBJECT] is in downtown → ?
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Causal Tracing (Activation Patching)

• Where is the knowledge?
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Rank-One Editing

• Localized Factual Association Hypothesis

• Memory is a key-value association

• Key: Space Needle, Value: Downtown Seattle

• 𝑊𝑘 = 𝑣

• Knowledge editing = changing association

• 𝑊𝑘 = 𝑣𝑜𝑙𝑑  → 𝑊𝑘 = 𝑣𝑛𝑒𝑤

• Modify weight ෡𝑊 = 𝑊 + Δ𝑊
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minimize ෡𝑊𝐾 − 𝑉

such that ෡𝑊𝑘∗ = 𝑣∗

Δ𝑊 = 𝑢𝑢⊤  Rank 1



Rank-One Editing

• How to decide 𝑣∗?
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Evaluation

• The Eiffel Tower is located in → Rome

• The city containing the Eiffel Tower is → Rome

• Other knowledge → Remain the same
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Batch Memory Update

• Knowledge editing = changing association

• 𝑊𝑘 = 𝑣𝑜𝑙𝑑  → 𝑊𝑘 = 𝑣𝑛𝑒𝑤

• Modify weight ෡𝑊 = 𝑊 + Δ𝑊
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minimize ෡𝑊𝐾 − 𝑉

such that ෡𝑊𝑘∗ = 𝑣∗

Edit new knowledge Keep other knowledge



Ripple Effect
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Null Space
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Edit new knowledge Keep other knowledge



Results
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Model Unlearning
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Who's Harry Potter? Approximate Unlearning in LLMs, 2023



Model Unlearning

• Forget set 𝒟𝑓

• A set of documents/sentences that we want to unlearn

• Asking questions about forget set

• Retain set 𝒟𝑟

• A set of documents/sentences that we want to remember

• Asking questions about retain set

• Asking general questions → keep utility
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Simple Baselines
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ℒ𝐺𝐴 = − ෍

𝑥∈𝒟𝑓

− log 𝑃𝜃 𝑥

Gradient Ascent

ℒ𝐺𝐷 = ෍

𝑥∈𝒟𝑟

− log 𝑃𝜃 𝑥 − ෍

𝑥∈𝒟𝑓

− log 𝑃𝜃 𝑥

Gradient Difference

ℒ𝐺𝐷 = ෍

𝑥∈𝒟𝑟

− log 𝑃𝜃 𝑥 − ෍

𝑥∈𝒟𝑓

− log 𝑃𝜃 𝑥 + 𝐾𝐿(𝑃𝜃||𝑃0)

Gradient Difference + Regularization
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Negative Preference Optimization (NPO)
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NPO Results
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Do LLMs Really Forget?

24



Restoring Knowledge by Activation Patching
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Ripple Effect in Model Unlearning
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Model Editing vs. Model Unlearning

• Model editing

• Knowledge A → Knowledge B

• Model unlearning

• Knowledge A → Null
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Unlearning in Multimodal Models
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Unlearning in Multimodal Models
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Questions?
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  W k = v


  W k =  v  o l d


  W k =  v  n e w


   W ^ = W + Δ W


  minimize    ‖   W ^ K − V ‖


  such   that    W ^  k ∗ =  v ∗


  Δ W =   u u ⊤


   v ∗


  W k =  v  o l d


  W k =  v  n e w


   W ^ = W + Δ W


  minimize    ‖   W ^ K − V ‖


  such   that    W ^  k ∗ =  v ∗


   𝒟 f


   𝒟 r


   ℒ  G A = −  ∑  x ∈  𝒟 f  −   log ⁡   P 𝜃  ( x )


   ℒ  G D =  ∑  x ∈  𝒟 r  −   log ⁡   P 𝜃  ( x ) −  ∑  x ∈  𝒟 f  −   log ⁡   P 𝜃  ( x )


   ℒ  G D =  ∑  x ∈  𝒟 r  −   log ⁡   P 𝜃  ( x ) −  ∑  x ∈  𝒟 f  −   log ⁡   P 𝜃  ( x ) + K L (  P 𝜃 | |  P 0 )

