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1GBoard: https://blog.google/products/search/gboard-now-on-android/
2Photon: Federated LLM Pre-Training




Background

What is Knowledge Editing (KE) ?

(a) Unedited GPT

without Re-training or Fine-tuning !
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(b) Modified GPT
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New Fact: The president of US is Obama. Biden.
Q: The president of US is ? A: Biden.

Update outdated knowledge / Machine Unlearning / Specific modification ..




Background

Where to conduct KE ?
ROME!

Locating and Editing Factual Associations in GPT
(NeurIPS 2022)
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Background

e How to conduct KE ?
« MEMIT!
* AlphaEdit?

IMass-Editing Memory in a Transformer (ICLR 2023)

2AlphaEdit: Null-Space Constrained Knowledge Editing
for Language Models (ICLR 2025 Oral)
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Introduction

Edits Request list for client n

Edits Request g,

New Fact: Messi plays soccer. tennis.
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Edits Request list for client 2
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Edits Request g,
New Fact: The nresident of US is Obama. Biden.

Edits Request list for client 1 n
Edits Request g; al
New Fact: Jack Ma founded Alibaba- Tesla. o

Q: Who founded Google ? A: Larry Page.

Edits Request g,
New Fact: AirPods was created by Apple- Google. ![
Q: WeChat, created by ? A: Tencent.

(a) Global Editing
Knolwedge Editing (KE)

* Global Editing : upper bound performance

* Collaborative Editing
* Destructive Fusion
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* Nondestructive Fusion (our CollabEdit)
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(b) Collaborative Editing

Edits Request g,
New Fact: The president of US is Obama- Biden.
Q: The president of US is ? A: Biden.



Methodology ’”/ ’J‘}f

& [~ |
Z g0, ‘—A\‘_‘\*\A
7 .

A 70T{—a— Global-edit
A:RKT(C+KKT)_1 @60‘ i T

* Task-Arithmetic

* Destructive Collaborative Editing < .
501 —* Simple-Average

* Dramatic performance drop - 8 b
Simple Average!: () = -}—1 Zz‘—l 0; ?30 U S -
- T o [
Task Arithmetic?: § = §, + ) Zz(ez — 0p) 50 100 200 500 1000 5000

Number of edits

Ties Merging*: 4 = 4, + \v

Figure 1: Limits of existing KE
methods under the collaborative KE
scenarios on the Multi-CounterFact
dataset (Meng et al., 2022).

I Adaptersoup: Weight averaging to improve generalization of pretrained language models (ACL 2023)
2 Task arithmetic in the tangent space: Improved editing of pre-trained models (NeurIPS 2023)
3 Ties-merging: Resolving interference when merging models (NeurIPS 2023)




Methodology

* Nondestructive Collaborative Editing

Note that A; and A can be computed via

® b
A=RK'(C+KKT)! / .
/ ZHEJIANG UNIVERSITY

2)

das:

Ag = RgKg(C + KgKg)_l )
A, =RK'(C+K,K/ ).

Following the definitions of K and R in Section 3.1, we have:

K = [Kixv—1)+1, Kixm—1)4+2, -, Kixm]

R; = [rix(M—I)+lari><(M—1)+2: T arixM];

Ke = ki, ko, - kvwn] = [Ki, Ko, -+, Ky],
Rg = [ri,r2,-- ,ryxum] = [R1,Ra,--- ,Ry].

Then we have:

RcK/S =RiK] + RKj + -+ RyK}.
According to Equations (13) and (15), we can obtain:
Ac(C+Y L KK)=Ag(C+KiK| -+ KyKJ)
= Aq(C+KeK()
= RcK/.
= RiK| +R:K; +---+RyKy
= A (C+KK{)+ -+ AynC+KyKY)
=YL AlC+KK]).
According to the Equation (16), we can finally reach the following conclusion:

Ac =Y A(C+KK])(C+3Y KK

(13)

(14)

(15)

(16)

(17)



Methodology

* Nondestructive Collaborative Editing
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Methodology
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Data Augmentation (e.g.
Multi-Label Editing!)
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‘ The overwriting nature of KE

A=RK'(C+KKT)™!

* Three new challenges and solutions

mi 7é mo and i1 7é o
The overwriting nature of KE
& CollabEdit
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* Intervension between different clients
* Knowledge overlap
* Knowledge conflict

Rncw = Rold — AK = Rold — RO]dKT(C + KKT)_lK

I'Unveiling the Pitfalls of Knowledge Editing for Large Language Models

(ICLR 2024)

(a) Unedited GPT (b) Modified GPT
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Round i-2 Round i-1 Round 1
KE \ Edits list for client 1 KE Edits list for client 1
X X o0 Gord
« Three new challenges and solutions whether model still remeber the edited knwoledge of
round i-1 and i-2 .... ?

A=RK'(C+KK'")™!

* Intervension among different rounds
* Knowledge forgetting

C = poCo + £1C1 = FoCo + b1 ZKZKI
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R-Table 2: Overall editing performance on LLama-3, based on MEMIT.

Method NSt PSt ESt Scoret
Global-Edit 86.62 76.07 95.66 85.36

Ties-Merging 89.65 16.44 16.36 22.53

e Nondestructive Collaborative KE Task-Arithmetic 49.33 51.12 50.48 50.29
Simple-Average 89.92 10.94 10.04 14.84

_ T Ty—1
A=RK'(C+KK) CollabEdit 85.8 77.2 953 85.46

Ag =Y A(C+KK])C+ YN KK])™!

Table 2: Overall editing performance on GPT-J (6B), based on MEMIT (Meng et al., 2023). The experimental
setting is identical to GPT2-XL in Table 1. The “Score” serves as the overall metric.

Simple Average!: ) = 1 Zn 1 0;

1=

mn
. - Method sl I zsRE
Task Arithmetic®: § = 0y + A\ > .(0; — 6p) NSt PST EST Scoref || NAT PA+ EAT Score?
GPT-] 8345 17.17 1478 2175 | 2699 2625 27.04 2675

Ties Merging®  § = 6, + \v

GLOBAL-EDIT 5720 96.13 9926 79.03 || 28.05 88.79 9205 51.92

TIES-MERGING 76.15 30.13 30.98 38.16 30.17 4255 43.55 37.68
TASK-ARITHMETIC 50.24 72.82 73.26 63.44 18.77 45.16 46.75 30.98
SIMPLE-AVERAGE 78.04 4128 54.68 54.22 2919 4796 51.38 40.22

COLLABEDIT 57.12  96.03 99.06 7891 || 28.26 88.78 92.19 52.17




Target: data migration [
Conflict: data transfer

Other: data storage NI Table 5: COLLABEDIT utilizes aug-
mented edit requests to mitigate the
knowledge conflict.
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Conflict Unsolved Conflict Solved Avg-Ap Suce
Input: What use does ‘fpart’has
Figure 4: An example of using data augmen-
tation to address the problem of knowledge
conflict.

Relative Probability
o )
RS

Before Resolve -18.11 37%
After Resolve 17.6 77.6%

* Three new challenges and solutions C =BoCo+ AiC1 = BoCo+ f1 Y KK,
* Knowledge overlap

Table 4: Dynamic covariance matrix C can alleviate the knowledge forgetting. We gather all the edit requests

° Knowledge forgettlng in each round and apply global KE to edit the global model to study the knowledge forgetting issue. For
e Knowle dge conflict experiments, we initially use &, to edit the global model and sequentially use m sets of aggregated new ed}t
requests, where we set m to a large value (i.e., m = 1000). We report the editing performance of old edit
200 pe——— requests &, before and after m rounds of new editing. GPT-J (6B) and GPT2-XL is used.
£ 150
g Model Method i I o
E 100 NSt PSt EST Scoret || NAT PAt EA1T Scoret
S Before m rounds of editing 5720 96.13 99.26 79.03 28,05 B89 9205 5192
£ 50
& GPTJ " After m rounds of editing (Immutable C)  65.14 7694 84.58 7468 || 2421 61.05 6622 4121
01 ‘ : After m rounds of editing (Dynamic C)  58.15 91.62 97.32 78.15 26.54 79.34 8440  48.28
0 5 10 15 20 - o
Number of repeating edits — Before m rounds of editing 65.08 80.66 89.66 77.08 || 2525 64.71 6896 43.12
; ) , ; ) After m rounds of editing (Immutable C) 64.89 60.38 69.82  64.80 25.28 50.31 53.96 38.47
Figure 3: The £2-norm of residual R when After m rounds of editing (Dynamic C) ~ 61.54 7433 8230 71.72 || 2440 56.57 59.89  39.80

data replication happens.

Rnew — Rold — AK = Rold — RoldKT(C -+ KKT)_lK
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CollabEdit: A = Zi\f_l A; - (qu; = (C+ KiKzT)(C + ZQL K%’Kz’T)_l)
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* Privacy-ensured nature I N B .
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* Whether we can reconstruct the K 20.6-
from KKT 2. 0 N
. KKy KKy, KKy ¢ KKy,
» Theoretical: orthogonal set vt BB B s B
« Experimental: GEIA! Figure 5: We show the average embedding

similarity between recovered sequences (in-
ferred from K or KK ' involving M se-
quences) and their ground truths. The grey
line is the average embedding similarity be-
tween two random text sequences.

ISentence embedding leaks more information than you expect: Generative
embedding inversion attack to recover the whole sentence (ACL-Findings
2023)
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