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4 Editing Target A4 Input and Output Space )
» In-scope
Original Target X =1(s,
Knowledge Triple it Knowledge Triple 7 e =187 ) input Space
i .
— . . Edit
t=(570)|=——— Mt =(s,1r0") LLM f F==>[ LLMf

[e = (t,t") =(s,7,0 > 0")

Edit Descriptor

/

[ye =1 (0] (e o)] (y,_;: = 0"(s,1, 0”‘)]

Original

Target

\ Qutput Space Output Space )

min Eee By yrex, v L7 (x).y7), where f~ = M(f;6),

st fr(x) = f(x), YxeX\Xs,

Knowledge Editing for Large Language Models: A Survey. arXiv:2310.16218, 2023.
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-~
o KIEE:
{
"subject": "Panzer 58",
"src": "What year was Panzer 58 commissioned?”,
"rephrase”: "What year was the date for the launch of the Panzer 58?",
"answers": [
"1958"
1,
"loc": "When did the wave hill walk off end",
"loc_ans": "16 August 1975",
}
Task | Edit Descriptor ¢ In-scope Input x ~ X, Original Output y ~ Y, Target Outputy ~ Y
QA | (Kazakhstan, Captital, What is the capital of Astana Nur-Sultan
Astana—Nur-Sultan)  Kazakhstan?
FC (Marathon, Record, Kipchoge holds the men’s True False
Kipchoge—Kiptum) marathon world record.
(Jordan Poole, Play In, Provide a short introduction Jordan Poole entered In 2023, Jordan Poole transitioned
NLG | Warriors—Wizards) to Jordan Poole, describing ~ the Warriors’ rotation from the Warriors to the Wizards,
his current position. recently. remarking a significant change.

@ 8K KIE LR
A R AES-: zsRE. WikiGens T-REx-100 & T-REx-1000. CounterFact-
ParaRel. NQ-Situatedv MQuAKE
o #4F4%: FEVER. ConvSent. Bias in Bioss VitaminC-FC
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» External Memorization: #|Jf sF3R &M GiE#FH iR AT R, L EHK
LLMA& A E,

> Global Optimization: f&#7 %232 6938 F T @ L RALFFFT & iR A ALLM F ¢

> Local Modification: ZAZLLM % 4§ T iR 6948 X 5451 $EAT 2476

External Memorization

Language Model Editing Global Optimization

Local Modification

Knowledge Editing for Large Language Models: A Survey. arXiv:2310.16218, 2023.
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External Memorization: #) JF MR &M BAEF 4R 4705, L E B
LLM# AL Z o

Global Optimization: f&#7 %212 8945 F T BT KEHT S iR A ALLM ¥ o
Local Modification: FALLLM ¥ 4F & fn iR 6948 K B2 5F 4T £.47 o

Store

Query Locate @ + D D D é D D D @ Query
Memories Parameters External Memorization /
l Update o BT A l'
LLM f a4+ 000 —{ M
i Gradients Parameters Global Optimization ) l,
"N
Answer % 4+ 000 Et) 00 Answer
X Locations Parameters Local Modification ) v

Knowledge Editing for Large Language Models: A Survey. arXiv:2310.16218, 2023.
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MQUAKE

Recall
Question Related Fact Edited Fact

Recall

Our

Model Model
Before Edit After Edit
Who is the current British Boris Johnson Rishi Sunak
Prime Minister? o O
Who is Cun'en”y the head Boris JOhﬂSOﬂ RfShf Sunak
of the British government’ O Q
Carrie Johnson Carrie Johnson

Who is married to the
British Prime Minister’

V) Q

New Fact: The current British Prime Minister is Rishi Sunak.

@ LA G Fe iR G g kR R A
Y F I 698 LR AR A I BT,
{2 W 5 pi F L mBE R AR
4G =) AR B 2P R L ME S

T RE— % 3R S IEMQUAKE,
8.3 MQUAKE-CF(R ¥ 5= 45 48).
MQUAKE-T (8t 5 42 2)

':(Snarnaan))

MQUAKE: Assessing Knowledge Editing in Language Models via Multi-Hop Questions. EMNLP 2023
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MQUAKE

(WALL-E, creator, Andrew Stanton — James Watt)
(University of Glasgow, headquarters location,
Glasgow — Beijing)

In which city is the headquarters of the employer of
WALL-E’s creator located?

What is the location of the headquarters of the company
that employed the creator of WALL-E?

Where is the headquarters of the company that employed
the creator of WALL-E situated?

a

Emeryville
Beijing

CH’

(WALL-E, creator, Andrew Stanton)

(Andrew Stanton, employer, Pixar)

(Pixar, headquarters location, Emeryville)

(James Watt, employer, University of Glasgow)
(University of Glasgow, headquarters location, Beijing

o M EHIEE

MQUAKE-CF: 4rif = i
20 & B A Wikidata, [B]FQ
i@ 1T ChatGPTH 2, B

40 H 0" M AR

MQUAKE-T: # F Bt /a) #5

I, 5% W dm IR AT

Wikidata 2021-04 / 2023-04

#Edits 2-hop 3-hop 4-hop Total
1 2,454 855 446 3,755
2 2,425 853 467 3,745
MQUAKE-cF 3 - 827 455 1,282
4 - - 436 436
All 4879 2,535 1,804 9,218
MQUAKE-T 1 (All) 1421 445 2 1,868

MQUAKE: Assessing Knowledge Editing in Language Models via Multi-Hop Questions. EMNLP 2023
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MQUAKE

-
N2 Z ak 31 85 O\ 47 2 Yo (2P~
T % Bk =) R 5 i A T E
A A
) B B AR A B
s A A K gz d 2 4504 LT
B B A LR E H5Memory P AR B 4869 F L7
Our Approach: MelLLo - N
. . What is the capital city of the country of Edited Fact Memory
Multi-hop question citizenship of Ivanka Trump’s spouse?
P Pssp : David Cameron is married to Courtney Love
Subquestion {Who is Ivanka Trump's spouse? P ---------------- The capital of the US is Seattle
Tentative answer Ivanka Trump’s spouse is Jared Kushner , The CEO of Apple is Carlos Slim
Retrieved fact David Cameron is married to Courtney Love ) .‘"-. . ..
& not contradict $— s Jared Kushner is a citizen of Canada
Answer Jared Kushner
. : : o s i - Y
Subquestion 'What is the country of citizenship of Jared Kushner? | | ___._..--1
Tentative answer The country of citizenship of Jared Kushner is United States ) )
) - o » Query the memory with a subquestion
Retrieved fact ~ Jared Kushner is a citizen of Canada .
. contradict! <——— Retrieve an edited fact from the memory
Answer Canada
Tentative answers generated by the model
"""""" Retrieved facts
Final answer Ottawa Ldited facts stored in the memory

MQUAKE: Assessing Knowledge Editing in Language Models via Multi-Hop Questions. EMNLP 2023
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MQUAKE-CF MQUAKE-T
Base Model Method Edit-wise Instance-wise Multi-hop Multi-h:)p (CoT) Edit- Instance- Mullti- Multi-hop

IE;SB i |g2(l) 1 ?:1 8 | i)-lln.z Method  wise wise hop (CoT)
TG ses wer 7ess  waaw  Bae = 1000 343 468

MEMIT 97.4 94.0 8.11353 12.3 1298

- - — o — FT 195 190 00343 0.2 466

FT 20.2 7.8 0.7 1293 0.2 1364 MEND 99.0 98.5 16.0 ;183 38.2 8.6
Vicuna-7B MEND 65.2 47.6 7.4 1226 8.4 1282 ROME 100.0 97.7 0.3 134.0 11.3 1355

ROME 99.8 89.6 8.4 .21.6 12.2 1244

MEMIT  96.6 84.0 7.6 1224 9.0 127.6 MEMIT 100.0 98.9 0.3 1340 4.8 142.0

MQUAKE-CF MQUAKE-T
# Edited instances 1 100 1000 3000 1 100 500 1868

Base Model Method

GPT-J MEMIT | 12.3 0.8 8.1 1.8 4.8 1.0 0.2 0.0

GPT-J MEND 11.5 9.1 4.3 35 1382 174 127 4.6

GPT-J MelLLo | 20.3 125 104 98 | 85.9 457 33.8 30.7

Vicuna-7B MelLLo | 20.3 119 11.0 10.2 | 844 563 3526 513

GPT-3 MelLLo | 68.7 50.5 43.6 41.2 | 91.1 874 86.2 855

MQUAKE: Assessing Knowledge Editing in Language Models via Multi-Hop Questions. EMNLP 2023
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MEND

Editing a Pre-Trained Model with MEND

x, = "Who is the prime Yy, = “Boris Johnson” x, = “Who is the
minister of the UK?” 4 UK PM?”
s N e ~ M= )
v Yy MEND Vo \
f_ . ) ~
Pre-trained model (p,)

Po(+1x,) VWI - | & @ - VW Edited model (p,_g,) Po_v (- |%)

Q = \/ Q 08
o9 |- N NATA RS T = ) A O o
04 - 2 O 04
O o2 I : 3 O 02
Q ° o) ;
O Boris Theresa / O Boris Theresa
Q Johnson May > 8k ¢ ") > O Johnson May

. J . J . v . v, \_ J

zoa1 = Wouy

oL oL Ozfy,  OL 0z, ~ B i :
— = - — : = _ 1 ~3 |
ow,’ Xk: Oz OW) Ozj ., oW Vv, =224 Op ity -
’

_ B g T
Vv, L = i1 6041

Fast Model Editing at Scale. ICLR 2022



MEND

MEND Architecture
[ |
Uy Uy | Uyp
V- *@*_ +++4@*Qq 4** AOO |V,
Or+1 Oe+1 R? R? O¢+1
Rl=+14] Rl=I+9] RI=|+8]

Zp = COI‘lCElt(’u,g, 5g+1)

he =z +o(sp © (Ui Vize +b) + og), 9(z0) = he + o (57 © UsVahe + 07)
v B Si ~iT
vWe — Ei:l 5€+1u£‘ .

W = Wy —a@wg

Fast Model Editing at Scale. ICLR 2022
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MEND

@ Y| IR
Algorithm 1 MEND Training Algorithm 2 MEND Edit Procedure

I: Input: Pre-trained ps,,,, Weights to make I: procedure EDIT(6, W, ¢, xe, ye)

editable W, editor params ¢o, edit dataset 2: p < pey, (ye|xe), caching input ue to We € W

'+, edit-locality tradeoff ceqi 3: LB, W)« —logp > Compute NLL

2: fort € 1,2,...do 4: for W, € W do
3: Sample @e, ye, o2, yls Troe ~ Degi 51 Oe1 4 Vwpugtbele (e, ye) > Grad wrt output
40 W EDIT(6w, W, ¢t 1, e, ye) 6: Oprr gw(w, OEH) > Pseudo-acts/deltas
5_1 Le <~ — 108;P9W (yé|xe) 7 Wy W, — OgHu(; > Layer £ model edit
6: Lioe <= KL(payy, (-|10c) 1Py, (-[710¢) ) 8 W« {Wy, ..., W)
7 1}(%*1) — CEC}“LE + Lioc F 9: return W > Return edited weights
8: ¢+ Adam (-1, Ve L(pr—1))

MEND losses: L. = —logpa, (ye|rt),  Lioe = KL(poyy, (-|10¢) [[P6y;, (|T10¢) ). (4a,b)

Fast Model Editing at Scale. ICLR 2022
16



MEND

E gtk R
Wikitext Generation ZSRE Question-Answering
GPT-Neo (2.7B) GPT-J (6B) T5-XL (2.8B) T5-XXL (11B)

Editor EST ppl.DD] EST oppl.DD] EST acc.DDJ| ES?T acc. DD |

FT 0.55 0.195 0.80 0.125 058 <0.001 087 <0.001

FT+KL 0.40 0.026 0.36 0.109 055 <0.001 0.85 <0.001

KE 0.00 0.137 0.01 0.068 0.03 <0.001 0.04 <0.001

MEND  0.81 0.057 0.88 0.031 0.88 0.001 0.89 <0.001

FEVER Fact-Checking zsRE Question-Answering  Wikitext Generation Edit Success T Acc. Drawdown |

BERT-base (1 IOM) BART-base (139M) distilGPT-2 (82M) Edits ENN MEND ENN MEND

Editor ES 1 acc. DD | ES 1 acc. DD | ES 1 ppl. DD | | 0.99 098 <0.001 0.002
FT 0.76 <0.001 0.96 <0.001 0.29 0.938 5 094 097 0.007 0.005
FT+KL 0.64 <0.001 0.89 <0.001 0.17 0.059
ENN 0.99 0.003 0.99 <0.001 0.93 0.094 25 0.35 0.89 0.005 0.011
KE 0.95 0.004 0.98 <0.001 0.25 0.595 75 0.16 078 0.005 0.011
MEND  >0.99 <0.001 0.98 0.002 0.86 0.225 125 0.11 0.67 0.006 0.012

Fast Model Editing at Scale. ICLR 2022
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A
@ Locating
> clean run: IE % 4% promptxdiE F AR A BEAT IE] 2o Plo]
» corrupted run: *tsubjectiFATHL P.[o]
» corrupted-with-restoration run: & Z — s F KR & P eann® [o]
! l
(a) (b) O
Th ) see The*E QO O ® see ;- state
Clean e&m%dl’ojh ~%|:|'TL<>‘TO Corrupted ) <n! v h "‘ <n! O attention
. Spoee T QRITETQRITST U R0 subieer eSO QT O Omrp
Need O cee O run Need*E] .5H "'.fﬁ A~ .{H bt E]COITUptttd
..--‘. Tl 1-8 1O~ 0 embedding
le ‘zqir,"qu DN e (e = NS e AT R example flow
is Q) O Q=r****Q=—70 (c) Patch iSO Q Q="
2T YT o RO (@) Puch RS R (d) Note when
in © .g4=| TR L<>-fn ""%EIJLOIO m%W%DILOj Zuii output is fixed
downtown%l.oj %DILO'T%DJ "'QDJ O3 Seattle downtownﬂ“(%n_n’oj %D'N'Ot J—" " O-0 9
(correct output) = (corrupted output)

Locating and editing factual associations in GPT. NeurlPS 2022
18



ROME

@ Locating
clean run: iE % 4% ) promptf 5 & B A 34T 9] A, P[o]
corrupted run: *subject@t 4T «ﬁﬁ;ﬁ P.[o]
corrupted-with-restoration run: &K . — 2 BlIK S « clean hlgl)[ |

IE = HD* clean h()[ } HD { }
TE = Plo] — P,[o]

(e) Impact of restoring state after corrupted input (f) Impact of restoring MLP after corrupted input (2) Impact of restoring Attn after corrupted input

The* The* 08 The*
- 0.8 * 4
Space* Space Space* 0.6
Need* carly site 0.6 Need* carly site 0.6 Need*
. 0.4
1s 0.4 18 is
in 7 late site 02 in o 0.2 in late site 0.2
downtown downtown downtown -
T T T T T T T T T T T T T T T T T T T T T T
0 5 10 15 20 25 30 35 40 P(Seattle) 0 5 10 15 20 25 30 35 40 p(Seattle) 0 5 10 15 20 25 30 35 40 p(Seattle)
single restored layer within GPT-2-XL center of interval of 10 restored MLP layers center of interval of 10 restored Attn layers

Locating and editing factual associations in GPT. NeurlPS 2022
19
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@ locating
(a)
First subject token 1st subj A
Middle subject tokens - eardy site M1 g subj
Last subject lokcll b l 0.10 Lastsubj
First subsequent token Ist after
Further tokens - late site 05 Further 4
Last token _ Last 1
0 5 10 15 20 25 30 35 40 AIH Detail in
single patched layer within GPT-2-XL Figure 3

(a) baseline corrupted input condition

MLP severed from
path with clean 4

0.15

early site

0.10

0.05

1 1 1T T T T T 1 0.00
0 5 10 1520 25 30 35 40  AIE
center of interval of 10 patched mlp layers

1st subj
Mid subj A
Last subj -
Ist after -
Further - late site
Last - u
T T T T T T T T
0 5 10 15 20 25 30 35 40 AIE

center of interval of 10 patched attn layers

(c) Causal effect of states at the early site with Attn or MLP modules severed

I Effect of single state on P
I Lffect with Attn severed
I Effect with MLP severed

_ 10.0% 1
3
E 7.5% 1
5
=
'—g 5.0% A
[
s 2.5% A
2
<

0.0% A

0 Layer 10 2

0 30 40

(d) input (e) mapping

Locating and editing factual associations in GPT. NeurlPS 2022

(H ohtput

Avg Indirect Effect of h,-(” over 1000 prompts (b)Avg Indirect Effect of MLP over 1000 prompts  (¢) Avg Indirect Effect of Attn over 1000 prompts

20
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% cditing

minimize |[/WK — V|| such that Wk, = v, by setting W = W + A(C ™ k,)7T.

A = (vy — Wky)/(C~ k)T,

(a) Fix k, by subject token

Space
Needr] O - O - O :
ledieO) ' '
s Q .
m] O . new
downtown[ | O - (k.. v)
- —~ association
at layer [

(c

O*
—_—— RH
(L7 Paris

OO
O O 6 o

(b) Optimize v, by object

Locating and editing factual associations in GPT. NeurlPS 2022

)

——
H

y(al ch{0)»f W o

I;l

C=KK"'

]RD
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h
% cditing
i Fk.: #&IEsubject tokentt Fok,
1 N
_ , ) v 07 (I"=1)
i = N Zk(lrj +s). where k(z) =0 (H fe ;(am___i + h[r]‘i ))
j=1
~ Y
HHY,:
1 N
N Z —log PG(mE”)::z) 0™ | zj +p] + DxL (IP)G'(vn(,f*);:z) [z | p] HIP’G [ | p’}) :
:1 1
! (a) Maximizing o* probability (b) Controlling essence drift
HENF L
o —1 T
(a) Fix k, by subject token W=Ww + A(C k*)
[ Space (c) — (D) T/ (e)
s{  Need@- QOO &0
= ! { ! O o - ) : ) -~
: s O O . 'S V(ai(l*) +hi(l*71)) VV(! )fc g k* W(l )pro] %
_ - o % — : —
" R 0 new Y0 L Ru RD i RY
downtown £+ (K, . v,) O L3 Paris :
- — i association = — ] (f) edit by
at layer [ (b) Optimize v, by object +A(CE)T

Locating and editing factual associations in GPT. NeurlPS 2022
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Table 1: zsRE Editing Results on GPT-2 XL.
Editor Efficacy 1 Paraphrase 1 Specificity 1
GPT-2 XL  222(£0.5) 21.3(40.5) 24.2(£0.5)
FT 99.6 (£0.1) 82.1(£0.6) 23.2 (£0.5)
FT+L 923 (£04) 47.2(£0.7) 23.4(£0.5)
KE 65.5(£0.6) 61.4(£0.6) 249 (£0.5)
KE-zsRE 92.4(4£0.3) 90.0 (£0.3) 23.8(40.5)
MEND 75.9(£0.5) 653 (+£0.6) 24.1(10.5)
MEND-zsRE 99.4 (£0.1) 99.3 (£0.1) 24.1 (£0.5)
ROME 99.8 (£0.0) 88.1 (£0.5) 24.2 (%0.5)
100 (a) Efficacy (EM) (b) Generalization (PM) (c) Specificity (NM) (d) Score (S)
504 0 i’:w:v/\"\”, 751
50 i ,
/\.\J : 25 f\ W 20/ U \J 501\ 7~-\\/'\~ W
01 w {‘\ 01 \f‘d,\«___ #\ —40 75 ‘
0 20 40 0 20 40 0 20 40 0 20 40

single layer edited by ROME  single layer edited by ROME single layer edited by ROME  single layer edited by ROME

First subject token =~ mww= [ast subject token ~ W= First token after subject ~ W= Last token  Areas show 95% confidence intervals

Locating and editing factual associations in GPT. NeurlPS 2022
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(a) Preserve Models’ Parameters

Update addition parameter

Additional Parameters |Q} "a.,
ey B

(s LLIT#T]

Who is the current

president of the US? _ — N ( _ i)
x) = Who is the UK PM? / | [~
1 ! = Borls Johnson Retrieve I | C{ (4’9 C)

Where does Messi play

Memory Based | |-z |

L

e R
Large Language Models
the US is Joe Biden

Pre—Ed i+ 9 \—. ',: :|:‘P:CN posonous? [

The current president ofj

(b) Modify Models’ Parameters

Meta-learning

Hyper Editor

LLMs + A
/
L NoPT | |, |ch\__,a,)\,, l
= "
l O ) Fix Error Neurons
Donald Trump Pre-cdit O Locate and Edit |Q_QQ@QQQ| >

L

Find Error Neurons

Post-Edit 6,

Editing Large Language Models: Problems, Methods, and Opportunities. EMNLP 2023
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SERAC ICML 2022

MemPrompt EMNLP 2022

PATCHED EMNLP 2022

Memory-based

KAFT ACL 2023

Exteranl Memorization IKE EMNLP 2023

MQUAKE EMNLP 2023

CALINET EMNLP 2022

Extension-based / GRACE NeurlPS 2023

\ T-Patcher ICLR 2023

editable ICLR 2020

knowledge editing

. KNOWLEDGEEDITOR EMNLP 2021
Meta-learning

S MEND ICLR 2022
Global Optimization

ACL 2021

Subspace Fine-tuning

IPT arxiv 2022

knowledge neurons ACL 2022

ROME NeurlPS 2022

Local Modification Gradient-based

MEMIT ICLR 2023

PMET AAAI 2024
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€ paper list: https://github.com/zjunlp/KnowledgeEditingPapers

% AACL tutorial: Editing Large Language Models
https://drive.google.com/file/d/1EW-
cusC_lICMOwEshkldYuYrvfBPCDRz/view?usp=sharing

@ T E: EasyEdit: An Easy-to-use Knowledge Editing Framework for Large
Language Models

https://github.com/zjunlp/EasyEdit

B> (- ChatGLm -

~ Transformers -
. ©=r i 00

O PyTorch EasyEdit
Model Editing Tool

28
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