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Abstract

KA (LLMs) 7ERafI 2 2 8o
ETIONIGE D8 R s bl it
SRRILISE. PR F e, AR AL ey
>, AR AR Sk 0
4 (KE) T A risBior g, (i
WAMTAPULEER (KEO) Hg, Hih%
A AU TR, SR ge. ]
R T B AR A AR S KEO Al
¥ 22 ORI AR Iy o T B,
SEUL LK = G PR Ve W T Pk
U, FA L T R A L, BRI
%k (KSE), H5] A SetKE, — it
LA . Sk RN, SetKE £
PR THIE SRR KEO B3 5t it i BLAT Jr ik
JEBL, B T EditSet , —A~fLf KEO =
ST, HLHk T — A AT .

1 frég

KEGEFAA (LLMs) fERMKARE, EHATE
B R R BT 55 BRI H 8 [Petroni et al., 2019;
Geva et al., 2020] . #RT, AT E MBS HEZRA W
BB AR 1E5BE S AN ERR RN L]0 . B AR S 800 S
FI R 2E S TR HE LLMs g ARt 743, H
X2 ] B T HEORAE R B, sk LA AL S T
A SRRk, AR (KE) SNz
A ARSI RAEAN AT PRI 2R I L T B L
LLMs Hife@ FiH, SO — X3RN FE [Dong et al.,
2022; Wei et al., 2023; Gupta et al., 2023; Song et al.,
2024; Yao et al., 2024]

L H R TR AR A W FORF R R A T A S SR
W =TT (s,7,0) , HHFEHKE s « 1K o FIEA]
IR FR r HE XEEWFFER] A = Fp E B A 1)
G gn’H T TR F LA H [Sinitsin et al.,
2019; De Cao et al., 2021; Rawat et al., 2021; Dai et al.,
2022] WYRES . MAT AR S 4T R — 180k, Hi%
H ISR, 2) )7 gty gk —E R HAHE =o0d
[Hartvigsen et al., 2024; Hu et al., 2024; Yu et al., 2024;
Wang et al., 2024a) . ] ZFEEgmbE, APRHITR T B
HELEIMNA . 3) i e SR A i 448 2 A AR S

 Corresponding Authors.

[ O knowledge neuron = passing direction =~ --> knowledge location ]
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Figure 1: 1E# =704 KEO = MER, PAN—ER
T FE R T Transformer [¥) LLM H g s fF], H
HIEH ZInA g BN R 4T, T KEO = ol gt
FEBMHALTT.

A SRR — AW — R (B4 0 — 07 )
[Mitchell et al., 2022; Tan et al., 2023; Li et al., 2024] .
BT, MEOEET THIHAIE ¢.(s) (hFEE s Al
KA v W) M T AR, K HA N e
B—Hbr. W& 1 (a) s, XWS=70HAA R FER
REMEM, FEAFWEIHR -, (s) Ft,(s) , HHITT
A AR AL B

TEISH AR S, — D TR R YT 2 el
—RETNRIEE. Bt WE 1 (b) FiR, B E i
TEAKHE, SECT A A R SR
=t FAIFRZ HHHITRES (KEO) =Judl. 7riX
FEOL T, GRAERRIIRRTE try (s) = tr, () , B0 <5 A
EAFAE T WA RRE?” XY T 2 /NE R 5, AAERCIA
S Y A IR e, R AP, P
RAER] AN GRS 5 T R PR = e TR EE R
I8, DA ORTE HITH S48 400 1a) 1) — 2ok

N T IR R, FA1 AT B R
ARG (KE) Bnge, IR RES (KEO)
PR, IR 2 . K5, I8 KEO
S0 -5 AN AL B RS2 B 40 I, BEAT L3 DA VAL 24 1
KE Jr R AE X 2850 BB Infil], 4920,
KEO BRI E T . kLot T HAES
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TCEM =JedlfE FEN 2t il 2o, el 1 (b)
P, X SEgmiEE LR P S THARE. B, Bk
UlljﬂﬂFdllT‘ﬁ“é%?ﬁiEP?fﬁlDqul%HIE{JII%ISWEE&%#{JIl
HTHomEe, AT Wikidata g KEO 5261, AR
BN SE EditSet , AU E AR KE
1 KEO. #dasEfl+ 700 %ﬁ'?‘é?\%@ﬂ, FATHIBFFE S
HfE 31 PR WA ETY |, 5 Z AR —3L [Levy et
al., 2017; Elazar et al., 2021; Meng et al., 2022a; Zhong
et al., 2023; Wei et al., 2024; Yin et al., 2024; Ma et al.,
2024] . T YA ERBA A KEO L, A3
BT 4K Set K nowledge E ditors ( SetKE
) BIgRIRHESS, ZHESLRH Vit Ttk PASEEL
W R ESHF TR =P AR g . SCIRSE R R,
SetKE 7 KEO s B E M T AR KE Jrik. 1ok,
RAATIESE SetKE A0 7R3 55 b, Fo41rY
FETTH B LT

o AR T —Fh P BAYHIRE A (KSE) JE5
b, @ T —PH RS EditSet |, PASEHEXTEIHTT
HEHSE (KEO) IRAER. o HMNFIAT P4
Fromig e LA MH gL (SetKE), #d =75’
VCRCSE B mte Hbm, RRATRZSH RS .

o R EW], SetKE 7 KEO 5t @& T3
Bk, BEE T EMERgEMIREATRIGER .

2 PN

A THHICRES (KEO) BYE L. 4[] HIH S
HHE S5 R TT S S BATTDA RIS A ) 2238 07 5K

2.1 PR ES

— AP AH K AAFERN— =004 (s,r,0)
ﬁtlﬂ%umﬂm%‘ff Ik s | %&bk o, URETIZN
KE . T SCHIE R s . o B r HPEE
Ji7) B@ﬁﬁ& HIR = JCZ ] AR DU AR RS (572 Sui
et al. [2023] KRB E ) BT IEHERBZ 4, FrgH
MR AVERB A AR TR S (KEO) #SEH.

2.2 Jnisgud
Tz R B AR % [Geva et al., 2021, 2022] A FER
IR K PA=JC4 (s,7,0) E’Jﬁ/itﬁﬁ%‘?”ln FEAL fo .
%ﬂlﬂéﬁiﬁﬂﬁaﬁmﬁﬁﬁi fo BYCH f5, PASELREAGR
(s,7,0) = (s,r,0%) , HkA « = t,.(s) 5HHEEGT
Wit oy =o* M. X, t.(s) , BEFRHFIHAIZ, 2
TS T8 s kR r E"J*ﬁ*ﬁ

SR, KEO FEMLSCSA 50 AR WL, 25 24w o FH i i
%t (s) RO NZ) KE S E THR. 7EiX
7T‘tl‘f HN, KEO 1) RSO RIS iR, FoyHE
MR A AR T RISt (s) o L, FEASCH, KEO
WG RSO KM, FEXMEAL T, 2= cHILM
FRRETZ t.(s) , Fmh O ={o1,02,...,0n} , HHf N
%’%F%Iﬂﬁ%ﬂ@%ﬂlio LHTH) KE R KGEXPATF
5 (s,1,0) = (s,7,0%) F (s,7,0) — (s,7,0%) . TEJGH&
THOLT, AU XS E AN LR T Z5 R . (R,
AR KE FiERAE, eSS 3 F5 P ArIEmm . X
Y S T AT A SR A i 2L R BR

2.3 A : il
E AT 6 R 4E 4 4 (KSE) R ik A, H
bRBE X (s,1,0) = (s,7,07) , LR RE

— sk OF = {of,05,...,05} . T KEO 35
W, W (Roman Empire , continent , Europe ) #
{ Roman Empire , continent , Asia ) , 0% D77 [E
B2 KA, X SR (B O - 0 ) HELE
G P, HEYFIE s = Roman Empire |
r = existed in the continent F1 O = { Europe , Asia }
o N THF Europe BHCH Africa , HEA[EERTTH R
1T (O = { Europe , Asia }) — (O* = { Africa , Asia })
MAE (o1 = Europe) (ot = Africa ) . L&E'_Hjﬁﬁ
PRT A RBAE, AR AT R AR EHE SR A
MG FAR A% B KEO 37 5 2 71X —

oK.

PG HRRE B KSE AU AR vE S DART /e (3
0P Soaiit g %ﬁ#ﬁ( [Meng et al., 2022a,b] . X4
Bt AT Fi B2 PP 2 6 ﬁﬂ%ﬁiFﬁﬁﬁ%
fo %gﬁﬁﬁ/ﬁ?ﬂiﬁifﬁ%ﬁmﬁ{m :L_I_Jiﬁg& PEAS2)
(ES) w=1k; ?Zﬂﬁﬁﬁﬁ@f%fﬁéﬁiﬁﬁﬂ fo TESERGR A
ALGREIRE Sy, Wz s (GS) TRl REbrkd
G AR fr 2O T AR TG A A (B R e
%ﬁ‘ﬁ/\) E’Jﬁﬁu?ﬁ{m, X3 i SRR AR (LS) PPl 3
BRI S H 4EE LR EAFPERE. TER, f61R
ST A SLH R FR AT IPAE R . A RN
BitE, WS WM AL .

3 KT & Bk

T H KE Zdaseit 026 54, PAkid: KEO
SR P A X S B KE 7 yEr s m . iR
SR, FAIMET R KE *&TE%U\JE_‘ﬁmﬂ
KEO [a)#,

W?ﬁﬂ]ﬁ*ﬁ%%%TW(F KE #ilasEh B KEO (158

o

e zsRE [Levy et al., 2017] <& —~& i i) ) & 50 iE
£, i De Cao et al. [2021]; Mitchell et al. [2021, 2022]
PRI T KE 774l .

e ParaRel [Elazar et al., 2021] & —/"H & FIHE 0K
KM ERSE, A EE XM T-REx ${#i4E [Elsahar et al.,
2018] FREUT 38 A~k R B A HE R AR o

o MQuAKE-t fil MQuAKE-cf [Zhong et al., 2023] /&
M Wikidata ##1¢, HT Al KE J7E7E 2 B8 L
M R

e CounterFact [Meng et al., 2022a] 3RJiT ParaRel ,
!/\ﬁzl-‘@ﬁ — R =T A D HIVERR R .

1 RS T FiRmiRgR (KE) BdssEd anii=c
4 KEO o, R T KEO TR B 4L A
TEo FEAATHIEESE Y, 2sRE B 4L B % = JcH kb
Biltsers, i 80.66 % . MLZ T, FEEdELE ParaRel I
CounterFact |7, E%;’é@ﬁ*ﬂ”ﬂﬁ 7.29 % F11 5.92 %.
Ak, #dEdE MQuAKE-t 1 MQuAKE-cf NMUER T
KEO [\, A& KERELWFIR=J0H, FAES 3]
Sk 1772 Fil 3486, ﬁ%%ﬁ%ﬂl%kETéﬁuaﬁ KE %
TE%*%DLQ?D%%E%E‘J%J‘E@O SR, 3K — 7] A ) S B

SO i AR B T R
KEO fiysgm 2% 83| 2 i e as 32208 AR H R A
BB NE SR, ZW7T KEO WAEfE, AT A
CounterFact Z(3E4E F11% 500 4~ 1E# =JC4H %1 500 4~
KEO =JuHif 7itAl, PARFSE KEO X 4miBas it i
Mo TEANSCIREERPTR T B 2, 4408 KEO KA
W, SIEERBFHAM, 4Hir SOTA JniEarRi
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Figure 2: MEND, ROME fl MEMIT #£ Normal fil KEO 287N i gh e R LL 3¢

Table 1: Y7 £ JHIH EIERARERI SET T Rl . R, — A
=TT AE TR EIR 5] BAZ0T (Dup.) 2 5¢ AR Y
FIR=JeH. BRI SRR, (Norm.) SEBIRyELH.

Dataset Norm. RSO ROO SOO Dup. Ratio ALL

zsRE 8,066 0 902 1,103 0 80.66 10,000
ParaRel 2,023 2,242 23,241 742 21 7.29 27,738
MQuAKE-t 79 0 3 14 1,772 423 1,868

MQuAKE-cf 1,748 28 3,970 0
CounterFact 592 315 9,376 10 11 5.92

3486 18.96 9,218
10,000

AR AR (MEND FRZ A 85751 ) o FE—2 143
HraEzn 1 PEREZE Sk TR ALBE A fif AP e A2 1 151
Mz (FEN) g8 fEns. 244k A 7o B &1 A
I, XA ER A G, HP S g E I
M(E R . PR, XSECT ARz L RE
MR FE. AL, R BT EEBN, [Cohen et al., 2024]
WFE T KEO SRttt T, Mz, Bk
SCIRA T ATy VEAEAL IR KEO (AR AEAER 2
I MHT ) £ BE R DRI LB A

T SRR TR KEO L6 KE, FA15IA
TR EdEge EditSet , ZEHRE LN KEO #:
ABLE, PR R IPAEERSE

Bl A AR =oAL A Wikidata g,
Wikidata /& —0 & 5800 7 5L AR H 5 ) 258 = o4l
FHIREE . A TUdE KEO S5, FATE e Wikidata
B I R R B =Nt MS, FRATTR A
Wikidata FFEAFRIEICEDE, HHIH 710 MEE X R,
AP BRI 88 15 45 5 S S R SCIR Y LA 2 A X R 52 B
tr(s) o FRXAIO L, W TR =4, )5, GPT-4
B TARGE AR = TC AR OSSR, R
fi%ﬂ@ﬁﬁki&%m (A XPRIRAGER, WS Al

EditSet &Hhigeil EditSet B4 & 83k 710 4
KA. WON, Tl T 15, A4 31 4~5 Coun-
terFact [Meng et al., 2022a] il ParaRel [Elazar et al.,
2021] BAREANS I e K AR . AE EditSet 1, R4
PREASERS N RPGARHE, BIFERE A =04l (I
BAiseBl) o, ik s TR r HORME—[Y, FIREAIX
W N AR o o i THEEIIE 40,904 LB K
TR THENEMGEIE L, SRR, #
LFAE 2 o SR I TR, Ead R TZ
e, &b T R -

WAL 118 KSE 8T, BEFHERY X KEO 5K
Bl KE.

Table 2: EditSet 347 31 N X R LG T EdE. Ed-
itSet FImME IR =M B AR /R, Counter.P., Para.P. fi
Neigh.P. 735137 LSRR RESCPRRISRIERR  AEFhiR
TRXF I — M N AN GR35 S AR BRI

Overlap N=3 N=4 N=5 N=6 N=7 N>=8 Total
Subjects 21,256 9,203 4,380 2,161 1,160 682 35,301
Relations 31 28 28 22 22 19 31

Objects 18,497 13,985 10,570 7,891 6,019 4,444 26,144
Counter.P. 22770 9,574 4,503 2,193 1,175 687 40,900
Para.P. 43,164 18,410 8,674 4219 2,249 1,325 78,031

Neigh.P. 3,780 2,768 2,240 1,757 1,509 1221 3,988

4 SetKE: #5453 MR dH a5

AATHEAI N T 5% KEO i it B 4T3 Y i AR R
Gifhas (SetKE). f£4iM KE Jrikii A% & KEO, [H
BOTCTAMRX — A, IEUNFESS 3 1y i MR s IR o
XFuE, FAMHITSenT LAEAE KE AL 55 thif L p s, M
SFHI LA AR . Bk, FRATTAE KSE o
WHIRERES O HAHES O, VAR )
Bl X ATDABLXI B (S prf th A6 ) 1%
B (BONFF), B ESCEAR (SR /a ) MHPCAE, M
TTAE 24 BT 56 M H bR & Z (BT 28R G TAT
55 [Sun et al., 2021] JH %, AT EFELHCHILAL BT
PASCBLPT G M. Sk, AR o0 I DL 4k 21 £
HERP AR, DURCOE 9 4 M BT ARSI
SERHPARAACE, SE KE R, iihgiasil. K
3 R T ARG LA A R LAY R AL HE S

4.1 TIPCECE R

ST R A SR IR 2, FRN 16 = e
A AL gRdE KEO =Jcdl. 4Kt , 4%E
— T — 2 E AR, AR e B X P 2 (1] ) g
DRVCHL, AR IALRE PR VCBE A K, 17 I /MK S PR A
A fEEERE F, KSE BGE AR 4 —414
Wy = {y L, M—ABAEE g = {5}, , H
M < N IR ERAT (0) RIEFEAR VTR T,
5 R B AR VEEL 7, (5 VC A B/ M
H DA R 2

N

= arg min Cmatch(yj7 gﬂ‘(j))7 (1)
melln =

, Hd gy 2 oy FEVCES 7 RIUCEL, Ty FRoR A It
BB A o Cmateh (Y, Un(s)) BB VERCIAS , FEIX T
P, s SCh

Cmatch(yjayATr(j)) = _]1{yj7é(2)}P7r(j)(yj)7 (2)
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Knowledge Editing
N
L(y,y) = Z H(yﬁm)[‘:;]l:z + Leonse
i Guide thejfilditing
() = {F1,¥2), G2, ¥1), F3,¥3)}

Best Match
""""""""" ST T T T
B “workers 28] jobs 1
= = 1
i T -1 - Gl 1 -1
HENEL R ENEL 2L
1 (__-__-—\'
v sl o] NEZ Y Europe;
vl 00| 1 vl 0 1 soooooosl
{ ;
v 06| 108 vi 06| |08 P Y2 Asia
—— ] {_::::.__\
NRZRE T & B y3 Africa
NERE Yafor e --
Y2 L4 L4
3| 0.8 V3|
y 0.8

B. Bipartite Matching C. Post-edit Model

A. Pre-edit Model

Figure 3: SetKE HEZL[fEifb i

, Hor Py (yy) FmBBLEINXS G §r ) IEHA VT L e
HATR v; B,

HEF A T R DT AR, 3R] SR FH ) 5 R A A
[Kuhn, 1955] sk SR MmAEDCH. [ 3 B J@R 1l &)
F ) S AR A 1 e DT T 1 — A T BB B . % R
B ASE S {y, 0L, W —A TN, Mg kg
{0, MUN—ATAE. 5 MERT 0 [k ANVY
L, AR Ay FORELME O AIATA i A,
e, EESE N AT T T2 %A T B/ ME
AT, A TN A S ME. K5, 18
it AEB F A TG 2 T 2% 91 ) do/IME Rtk — 2B AL A
WEFEu D R A B Rk, MEEhBEWTEFR
VAR IR A I o TR R X B TR A DT I
— WAy, R, HR A TSRS B A
BN TAE o 49 AR FLEEBAIELL O(N®) i[5 7 He 21
BCAEVCRD, WP SR 1 R,
ﬁ~ﬂ&ﬂ%ﬁﬂm(ﬁ%m)ﬁ,ﬁMEXEWE%

N

’C(yv y) = Z ]]'{y];ﬁﬂ}ﬁérszt) + »Cconstv (3)
j=1

, Fop L08R R A R, Loonse 12
BEA 2 8o BRSO 2 e o (i R A 2
SAH y; MHATRGH 9y , HEAR:

Li9) = ~log Pont+s,) Wis | iz

L:const - DKL(Pe(thréi) [y/ | x/] ||P9 [y, | LC,] )

BB I Leonsy /IMEEIA o/ (B “F M is a”) 11
T 5 R R A 2 ] ) KL B, 3R B T ORISR
W EARA PR . EOUL b, AR A R H e
Ejedit ?E/J\u Wﬁ:’iéﬁiﬁx%”ﬁlxﬁ‘ﬁ?é%%/\ﬂi £const 'TE
7N

WA R g % [Meng et al., 2022b; Li et al.,
2024] AUMBLEL R E T (L& RE A 0 R I 43 )
BEATIAL, DA 2 AR 4E E AR . AR A

(4)

ARG HRERITE 0 ARHESE 4.1 AT RN ALK, 9
LUyl A

HUE 1 B gmBEArE. SE AR g TAE [Meng
et al., 2022a; Li et al., 2024] &LF W, FHRERFEET
FREWBALZ d, BNk T Transformer A2 H i) Hi
Mm% (FFN). FHit, il L AEEXEZ N, fEit
IR RATESIAERIE P TAE [Meng et al., 2022a] I,
PAIE B 75 g i 2 A B 0

AR 20 YT SRR AR R AR
BAL fo HUATHRERIZ |, FIGER MBI v (
B—4 KEO =Jel (s;,r:) WA KXR), FATER
REALE |4 FEN 2R REOIRES pL , W FR:

hﬁ, = FFNl(x,-) =o(x;- W}c) ) WIZ)”'Oj' (5)

H1 T H e g AR S S T A S M A2 ) LA ), R
MEIA-—ARE R 0; APREER R, AT
AT A FEERAF R RES WS IR (E o] FR %]
GRRME 25 ANITTSE BTG A 2

zi = vl +8; = hl + arg n%in L(5;). (6)

IR 3 fE2 B MG T s/ MEEIER
(WHETA B kel B ) Fus b 2Bk, FRATRER
ZeliE 0 AR BIBIA R Z AN 2, AR T 5
— 2. XEMEZHI LAE [Meng et al., 2022b; Li et al.,
2024] , TS HITE B 2 [RGB R S

o
L1411

B 4 R, R, W RE AL E]
P T R R A W, T

Al — RIKIT(CZ +KZKZT)—1, (8)
Hop W, =W, + A JIREHNE, K FRH

sk, O = KUK R SRR H A0 S5 o S 1 i
(., RY 2 IFHEL I B A 1 fre o TR e 2

5 9%

AR, AT T HZ R SetKE X EditSet T
KEO HiRgftEne . BAORDL, FA109 B F5 & H& LA
TR Ql: HHAMFLA, SetKE #£ EditSet [
FIAT? Q2: KEO 5 F 1 B0 W ny 52 i K118 4 457
%7 Q31 KEO SR AN TR ES R? Q4: —#
VG e 24 AR AN o) 55 5 = A BTk ?

5.1 G veE

Bdidk gl AR AR AR B B AR — > T4 Ed-
itSet #ATHY, ZTFHEEE 31 MEHXR. XTENT
L RARGETEIR AN E S S A 77 4. FEXAS
B, Prf KEO KBHE RSO KA, £ 5Lfi
#HERRHN {5,710 = {01,00,..}} , GHBEXIF AR
—W B AR —E AR Z MR E BES
AL, B GPT2-Large (760M). GPT2-XL (1.5B) #l
GPT-J (6B) [Radford et al., 2019] , {FRHERMIESH
BT ORI IPAN KE iR AR, RATERE TAT
T FT-W B— P EARMHMIE . KN [Dai et al.,
2022] | AU PR R SEEL AR B . MEND [Mitchell

REE [y vyl (7)

n
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Table 3: 7 EditSet FiSUEZERE, WK 10,000 R4 (FE2HH 95 % BEXE) .

GPT2 Large (760M)

GPT2 XL (1.5B)

Editor ~ Score  Efficacy = Generalization — Locality | Score  Efficacy Generalization  Locality
FT-W 51.46  58.13 (0.5) 45.29 (0.5) 52.58 (0.4) | 55.18 65.66 (0.5) 50.97 (0.5) 51.24 (0.4)
KN 42.21 38.22 (0.5) 37.46 (0.5) 54.89 (0.4) | 40.65 35.93 (0.5) 35.86 (0.5) 55.29 (0.4)
MEND - - - 38.75  89.58 (0.3) 81.58 (0.4) 18.52 (0.3)
PMET  43.34 40.82 (0.5) 39.24 (0.5) 51.98 (0.4) | 44.13 41.15 (0.5) 40.08 (0.5) 53.39 (0.4)
MEMIT 49.65 49.53 (0.5) 45.64 (0.5) 54.59 (0.4) | 56.60 61.12 (0.5) 55.07 (0.5) 54.11 (0.4)
ROME  64.08 72.03 (0.4) 69.63 (0.4) 53.84 (0.4) | 65.89 75.27 (0.4) 73.58 (0.4) 53.62 (0.4)
SetKE 71.47  88.57 (0.3) 80.91 (0.4) 54.77 (0.4) | 75.28  95.90 (0.2) 91.68 (0.2) 54.14 (0.4)

et al., 2021] fif A6 B2 IRRR /g2 2T B i . ROME
[Meng et al., 2022a] ¥4 R N4k B 544
MEMIT [Meng et al., 2022b] §" & ROME PA%R%a K&
F5z., PMET [Li et al., 2024] #" 8 MEMIT PAJR] AL
FEN FIVE S BRIk s o

FeH8 3 R T1E EditSet 13T GPT2-Large (760M)
Ml GPT2-XL (1.5B) ) 10,000 AL Bl B E L5 K. 7
WIS, FRATS Sop B EL LTy VA DA S FRAT T H i s
SetKE #47 T H# . FATMELE] SetKE FE A AT
WONSEA I OL T IO T A Bt vk . BRORIE,
FRATVHE R Z HUH DL R 88T 58T ) 1 A & g i B 4
MEMIT, ¥£ GPT2-Large b7ERLHERNZ A0FE 1R 7 1H 7
B E T £ 39.04 % F1 35.27 % . £ GPT2-XL iy
SIS, SetKE 154 AURERNZ AL Fa45 T
ARSI T 9.39 % . 20.63 % A1 18.1 % HYPERESRE S,
IR AR T i, KRR AT 7 YA HE R A
lﬁgj@Méﬁiﬁi%é@%%%ﬂﬁﬁﬁﬁﬁﬁﬁﬁ?%EP%?@%I

B 7?7 R TAEA R Dy ik g GPT2-XL |, %t
e PEREFE NN = o AL AR R . AT T
3t 3000 > KEO 26, MXLesb_RulPLE L, ME
S ICHECE YN, A daiE R PR REER A B
M. W 77 R TR R ORIR D Egn A GPT2-XL 1,
SR AR RERE IR — e B AR A R M. 4R
~, MiEES - IJUHEEW, A g AR R
Wl N, BTN E, ROME fil MEMIT £ KEO [7) @1
FRBH S EUEE, g ERE R . T,
MEND Xt KEO )5 i B A5 A A A8k, X Fh2E 57
af PAVHEF ROME #l MEMIT R E A7 ¥, Xl
HoTE KEO s SECE Z MR B w556l . ok, &
X SetKE WAEHIHE M4z E, (B e R M55 1E
B ROME #l MEMIT /v, X SetKE A1) VLt
AR RHRE S L, AT KEO £61d iy
ZEVERE. fRJS, BEEESLERIN, PrAIrkR R
fﬁﬁi’é%%éﬁa&%c TARFX—BEEIHEAT Leonst WL
P&

AW, FATTXT 500 4~ KEO ZFI3E4T 1T 247, PA
A KEO A = o @h & FEgnR A 5 ms, miE 1
(b) Fr7R. FATRMETRUME R R )7 % [Dai
et al., 2022] , A @A T RS SEAE (FIHMETT)
WA OLE, TS KEO IR W HIH A £ T 2 [H]
HESFEE, PUPES KEO H a0 =gl B4 n]
Refil Ak IR . AT e R, i 77 p—
RFMER BT 7, #8758 T# GPT2 [Radford et al., 2019)

B 2R =4 KEO SESRIRAYRIRM 28 02 [AIAFAE
BEES, X-WESHMNWHLoh—2 (LK 2),
FHPR] X LeA 1 FIH A 2 e R S O S BONR
i, FEGETERE T

5.2 {RWEE o Pr (Q4)

R Y P A UG R AR AR SetKE AR, 3
fPRF S M TR B i QMR EPIR) HEAT LA, X
Tl A G B ARl — >t 2 A4S ER IR A B K7
5, BYEFBAZ AN SR, SR ERER 77 . 1
ZEMRSY (WREE) &R T B ante 2 LI E Y
FO, MAMERWER TS (WFEaE) &8RS
Ho 7E KEO 5t AT R [ b 2 4% 4
BT MEND. ROME il MEMIT %5455 38 154~
MFRATAL . FATHEN X e R [ I AL 2 AW A B 1
ZRANRE S S, X REBEGE R, SetKE 9%
PUET ROME. #Rifi, FrA dmfaas7ex) G4 i & A
K SetKE [JRB, XRET & H SetKE fEHE AT
BT 0 DE it 24 o) i A R0k

6 HMRIE

Hilgmts (KE) ¥R U0EF BB VS I T 50
Bl ] B SRRk . MHTET KE RS F5R
FIPASY RPN = Rp2R AL Jo2i 2] O yE A A w25
SHCRAFICIZ B 2E 2 PR % (A ), PABEE LLM
[De Cao et al., 2021; Huang et al., 2022; Tan et al., 2024;
Cheng et al., 2024] P HIH. “EMIRGHRE" TEE
FE R TR R v 20 M R i 6745 R 8 TEAH 96 B M1
20, RIGIATHN B [Dai et al., 2022; Meng et al.,
2022a,b; Huang et al., 2024a,b; Wang et al., 2024b] , “ |
I kR eilgaest, Hh AR geiE 2
A EEAE R B SCH IR R R LI [Zheng et al.,
2023; Zhong et al., 2023; Qi et al., 2024] . A1, FA
7 KE JyEFERR TS =cd, H Hils 240
THIRES . FWRATTA, RS2 EN5IA—
B g e EditSet , DA KEO g Eag, JHHEH
T A I HEZR DA R 7 5

7T &%

TEASCH, FA T E e AR g (KE) #diadk,
HARBIH A AR Z B AR 8 FIHICR
=T (KEO) Mg, FALLUEN T IA 1 iE kA 2
DA RGO — PRk O R X SRR, BRATTER
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<Roman Empire, Continent, Europe> <Roman Empire, Continent, Africa> <Roman Empire, Continent, Asia>
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Figure 4: GPT2 F KEO ZERUANHR A E (45
Table 4: GPT-J (6B) 7£ EditSet F#4T 7,500 RIHMLIR (F55 04 95 % EAFXIH).
Object Set Object Concatenation
Editor  Score Efficacy Generalization ~ Locality | Score Efficacy Generalization  Locality
FT-W  46.65 51.62 (0.5)  39.92 (0.5)  50.29 ( 4) | 43.36 44.53 (0.5)  37.20 (0.5)  50.40 (0.4)
MEND 3744 91.33 (0.3)  82.60 (0.4)  17.52 (0.3) | 43.05 67.64 (0.5)  63.37 (0.5)  25.56 (0.4)
MEMIT 55.95 67.51 (0.5)  56.04 (0.5)  47.71 (0.4) | 57.07 82.31 (0.4)  64.00 (0.4)  40.34 (0.4)
ROME 59.48 80.54 (0.4) 79.90 (0.4) 39.21 (0.4) | 61.30 85.86 (0.3) 82.57 (0.3) 39.71 (0.4)
SetKE 73.68  90.08 (0.3) 90.76 (0.3) 53.77 (0.4) \ 59.50 89.43 (0.3) 68.68 (0.4) 40.52 (0.4)

T —FEE A Ak, BRI ARG (KSE) |,
HNAT ML 10 KEO sttt i)k SetKE,
SetKE FI| ] — 73 P VEEER AL N S S, A U R4
B IR R ERR I . SRERSSRUESE, SetKE LT B4
Tk, EgEEA T LLM WHAE| T et ibige. it
S, BADFA T EditSet Bifidle, B ERE R,
HTF il KEO 35t i ARG -
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A1l ] GPT-4 H:pk i)

FATMZE R HdE RSO W = e pg S s AH . ixX
AT Rl AR AR ¢ $RB]. AT A ID
(KR ID) FIK A 4EE BP0 L 3¢ R AR ¢ ARk . (il
Hixsefz B, JA13n GPT-4 BT )@Y ID ik fiAd
SR B sh A R . T E R RAE g 8 Al
%4:% 9 IR, AR T4 EditSet /R B1, i
24 Fr7No

{
"case_id": 3587,
"requested_rewrite": {

"id": "p3e",

“prompt": "The {} spanned across multiple continents, including",
"target_new": {

"list": ["Oceania", "Antarctica", "North America"],

"ids": ["Q55643", "Q51", "Q49"]

1,
"target_true": {

"list": ["Europe","Africa","Asia"],
"ids": ["Q46","Q15","Q48"]

1,

"subject": "Byzantine Empire"

s
"paraphrase_prompts": [

"One of the continents where the Byzantine Empire existed was",
"The continent where the Byzantine Empire was situated in was"
1,

"neighborhood_prompts”: [
"The Ottoman Empire spanned across multiple continents, including"”,
"The Hispanic Monarchy One was located in the continent of"
1,
"neighborhood_ans": [
["Asia","Europe","Africa"],
["Europe”,"Asia","Africa”,"North America","South America"]
]
}

Figure 5: EditSet $iEEHMFEATER .
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P FETE (N5 1 R ), AT AR 5 it

S A d5e/ N B I 7T

Ad BOAMIEBE

X R AN LLM A T B gL 55, SetKE B2

BTGB S DT FEAS R T A958R
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* https://www.wikidata.org/wiki/Property talk:P1302
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Algorithm 1 4] 7 F| &1k

Input: A cost matrix C € RV*N
Output: 7
1: Step 1: Subtract row minima:

2: for each row 7 in C' do

3: Ci,:] = Cli,:] — min(CYs, :])

4: end for

5: Step 2: Subtract column minima:

6: for each column j in C' do

7. CLj) = Cl gl — min(C[:, )

8: end for

9: Step 3: repeat

10: Cover all zeros with a minimum number of horizontal

and vertical lines

11: Find the smallest entry not covered by any line

12: Subtract this entry from all uncovered entries

13: Add this entry to all entries covered twice

14: until the number of lines equals N

15: Step 4: Find an optimal assignment among the zeros
using DFS or BFS

16: return @

Table 5: BRACE KE AR T GPT2 KA

Model Target Editing Modules
transformer.h.[1|.mlp.c_ proj
transformer.h.[2].mlp.c_ proj

GPT2 Large transformer.h.[3].mlp.c_ proj

2

3
transformer.h.[4].mlp.c_ proj
transformer.h.[5].mlp.c_ proj

A5 PSR RS
TAVGH T BRI A PR R (s, 0%) o X
SR AR BB LU IEBABRIA (5,7, 0) WHER B FATH
ARG S (ES) FRtEgm nIkiTmszs] Plo*] > Plo]
WG OLRT I . R Tz ARe )y, AT
HELENE (s,r) SMAERIRR, FAELT ES 1Y
FRITBIZ AT (GS). R TP R, FoATidE T
— AR TR s, , HA (sp,7,0) THRERL
o GRS (ES) /245 of TEAEE LT o; YN
GBI, R, R SamiE iR AE s T A
BN SE 4 PLRL :
E; [P[o] | p(si,ri)] > Ploi | p(si,73)]] - (21)

o A (GS) RIEFURHRARMEH, of 1M
bl o HYSBILLH):

E; [Epeparaphrascs(si,m) [P [Or ‘ p} >P [Oi ‘ p”] :
(22)
o JREBPES L (LS) ZARdR B X 1E A = S

T AR LB -

E; [Epeneighborhood(si,m) []P [0: | p] <P [Oi | p]H .
(23)
N T HHZACS Rz [ R By, AT5IA T —Fh
AR, RigiEss% (S), iX& ES. GS #l LS
BRI 8. AEARBRZS ISR G, FATTE ] 4 204X

B IEE R FRE G I PERE .

Table 6: 2N SetKE HAFpfiHH T GPT2 XL

Model Target Editing Modules
transformer.h.|[13|.mlp.c_ proj
transformer.h.[14|.mlp.c_ proj

GPT2 XL transformer.h.[15].mlp.c_ proj

transformer.h.[16].mlp.c_ proj
transformer.h.[17].mlp.c_ proj

A.6 AE CounterFact A48

2 ?7? IR THAF CounterFact £(#4E 1y GPT2-XL
(1.5B) it 3000 ASZEHIHEAELE R . FEIX AT,
KA G EA L SetKE #H17 7 Hie . FATmees)
SetKE 7£ 2 Bl AR griE £ E A us T fEbERe .

Table 7: GPT2-XL (1.5B) & CountFact FRIZ5EHE, # M 3,000
Wi (F55 18 95 % BEXIA).

Editor Score ES GS LS

FT 36.82 28.30 (0.4) 30.97 (0.4) 72.17 (0.3)
KN 29.76  21.57 (0.4) 24.02 (0.3) 78.06 (0.3)
MEND  41.26 35.27 (0.5) 34.40 (0.4) 65.38 (0.4)
ROME 53.57 56.67 (0.5) 52.08 (0.4) 52.22 (0.3)
PMET  46.19 44.33 (0.5) 36.47 (0.4) 66.85 (0.3)
SETKE 66.58 70.53 (0.5) 56.38 (0.4) 76.08 (0.3)

AT PTG
R STERE AR 0085 KEO — 50412 [0 X1,
B T IEBE A, Felf AR 77 [Dai et al., 2022]
WFIT GPT-2, HFR A o L2 T, oo
BEVRAOI (A R HOBOR (. x WX BT E8 TEh 27
v BRI LR 2
PO, Fol] SR PR A R
AR, &I KEO = eaUHI 10 2 e
HRIHI TR, 8 R KBO S0 i e £
B EH B
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Table 8: fi GPT-4 (gpt-4-turbo) WA FEURG]. FAIE Python FIAEHALKT A PR .

The Generation of ChatGPT :

{ "template”: "The { } extended its influence to multiple continents, including” }
{ 7template”: "The { } spanned across multiple continents, including” }
“template”: "One of the continents where the { } existed was” }

“template”: "The continent where the { } was situated in was” }

"template”: "The { } was located in the continent of” }

“template”: "The { } had a presence in various continents, such as” }

{
{
{ 9
{

Table 9: i [
ChatGPT.

GPT-4 (gpt-4-turbo) M Wikidata =JoH 4 M MEH—61+. KN FHRET 3 MNMEORERFLR AEL I

Instruction: Please help me generate 10 templates by imitating the following example:

Input:

subject = 'Roman Empire’
relation = ’continent’

object = ["Asia’’Europe’,’ Africa’|

Output:
template_list="The Roman Empire spanned across multiple continents, including’,
"The Roman Empire was situated in the continents of’,]

In this context, the relation string must appear in the template.
The predicate in template is generated by relation,

and must satisfy all objects at the same time.

And the elements left blank at the end correspond to the object:
Asia, Europe, Africa, which cannot appear in template.

The birthplace of Josef Eduard Teltscher is Moravia> The birthplace of Josef Eduard Teltscher is Pragues The birthplace of Josef Eduard Teltscher is Brno>
- - -
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Sappho originated from the town of Mytilene> Sappho originated from the town of Eresos> Sappho originated from the town of Lesbos>
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Norrbotten County has multiple official languages, including Me&nkieli>
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Mirza Ghalib originated from the town of KalaMahal>
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Theodore Roosevelt hailed from NewYorkCity>
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Vanuatu is a country where people speak different languages, such as Bislama>

Transformer Layers

Transformer Layers

E EEm ] 0y
=l
1.5e-07
©
=l 1.0e-07
N -5.0e-08
° u
0 767 1535 2303 3071
Zhu De had the country of citizenship in Qingdynasty>
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Norrbotten County has multiple official languages, including Sami=>
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Figure 9:
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Mirza Ghalib originated from the town of Agra>
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Vanuatu is a country where people speak different languages, such as French>
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Zhu De had the country of citizenship in RepublicofChina>
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lorrbotten County has multiple official languages, including Swedish>
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Mirza Ghalib originated from the town of BharatpurState>
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Vanuatu is a country where people speak different languages, such as English>
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Anna Karina hails from the town of Solbjerg>
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The Lleida Province recognize different official languages such as Catalan>
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The place of death for Mirza Ghalib included OldDelhi>
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The place of death for Luigi Illica included Colombarone, ReggioEmilia>
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Anna Karina hails from the town of Copenhagen>
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Theodore Roosevelt hailed from NewYorkCity>
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The place of death for Mirza Ghalib included GhalibkiHaveli>
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‘The place of death for Luigi lllica included Castell'Arquato>
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Anna Karina hails from the town of Frederiksberg>
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Lleida Province recognize different official languages such as Spanish>
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The official language of the Belgium is Dutch>
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The main languages spoken in Khedivate of Egypt are English>
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The Lleida Province recognize different official languages such as Spanish>

= 3.0e-06
i | B E ] .
£ -
3
E’ LB 2.0e-06
5 7 .
g .5€-06
g ™7
2 1.0e-06
g
-5.0e-07

0 767 1535 2303 3071

The Kingdom of Ledn had multiple official languages, including Leonese>
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The Grand Duchy of Finland had multiple official languages, including Finnish>
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Figure 19:

The official language of the Belgium is French>
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‘The main languages spoken in Khedivate of Egypt are OttomanTurkish>
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The Lieida Province recognize different official languages such as Catalan>
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The Kingdom of Leén had multiple official languages, including Mozarabic>
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The Grand Duchy of Finland had multiple official languages, including Russian>
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The official language of the Belgium is German>
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The main languages spoken in Khedivate of Egypt are Arabic>
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The Lieida Province recognize different official languages such as Occitan>
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The Kingdom of Leén had multiple official languages, including Spanish>
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The Grand Duchy of Finland had multiple official languages, including Swedish>
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The country of citizenship of Udo von Woyrsch included GermanEmpire>
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The country of citizenship of Helmut Kohl included Germany>
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Archimedes was a renowned expert in the field of work engineering>
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The country of citizenship of Udo von Woyrsch included NaziGermany>
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The country of citizenship of Udo von Woyrsch included WestGermany>
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Figure 24: XtZfl 19 BHRE 0T

Archimedes was a renowned expert in the field of work mechanics>
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The country of citizenship of Helmut Kohl included WestGermany>
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Archimedes was a renowned expert in the field of work astronomy>
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