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INSERTION £IE4HEA

Can LMs learn new entities from descriptions? challenges in
propagating injected knowledge (ACL 2023)

motivation
(-

Y

R

SHIFIR

i

Knowledge Editing (Prior work)
Update:

I : Who is the Prime Minister of the UK? ; ’ye: Rishi Sunak
_[Update( 6 ,Te, Ye )]
!
f Liz Truss f Liz Truss
0= Rishi Sunak 0= Rishi Sunak
Evaluation (Updated fact):

:Ce - Who is the UK’s PM? == fgr =% Rishi Sunak
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Update:

d ¢ - The English Game is a British historical sports
drama television miniseries about the origins of
modern association football in England.

fo ---(Upaate (g, d))--» for

Evaluation (Inference based on the updated fact):

XL ¢ : The English Game is all funny
about a story of [MASK] - f 0’ =" athletic
people. unlawful




INSERTION ZiREREA

Can LMs learn new entities from descriptions? challenges in propagating injected knowledge

contribution

= T —"#benchmark, {k#EEntity Cloze By Date (ECBD) dataset,
AZZi}xerEEEI’J;Eﬁéiéi?éftﬁ’\]iﬁ?%%ﬂ%i%ﬁ?l‘%ﬂi&ﬁ%ﬂiﬂéﬁEEEN:_:%552171?EI’SI
HETE/ N FRBE
VAR 7 B L T HIIANE X ANSEEHRIERE,

evaluation

O fRIERIIER . eAUETSRIMRE HERER
0455 IWREFRIRXN T ARSEINETRIE

ISZ. 7"R1'|./J$EJ§

E,In

Dataset # Examples  # Entities vy, in d,
Entity Inferences 170 85 92
ECBD 1000 208 29

ECBD-easy 152 74 152
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experiments

INSERTION £IE4HEA

Can LMs learn new entities from descriptions? challenges in propagating injected knowledge
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Method Target (A) Specificity (A)
Type: left-to-right GPT-Ne
Base Model 34.1 34.1
P FT (full model) 57.7 (+23.6) 18.3(=15.9)
Model Editing FT (last layer)  48.8 (+14.7) 164 (—17.7)
MEND 41.8 (+7.7) 34.4 (+0.3)
. Definition 60.0 (+25.9) 34.1
Input Augmentation Random Def 7.7 (—6.4) 341
Type: seq-to-seq TS Larg
Base Model 42.9 429
L FT (full model) 64.7 (+421.8) 382 (—4.7)
Model Editing FT (last layer)  52.9 (+10.5)  43.9 (+1.0)
MEND 43.5 (+0.6) 42.7 (-0.2)
Inout Auementation Definition 73.5 (+30.6) 42.9
put Aug Random Def.  42.4 (—0.5) 42.9
Type: left-to-right GPT2-X
Base Model 32.9 32.9
.. FT (full model) 64.7 (4+31.8) 25.2(=7.7)
Model Editing FT (last layer)  46.5 (+13.6) 35.4 (+2.5)
ROME 54.3 (+23.5) 29.9 (-2.0)
Input A tats Definition 64.1 (+31.2) 32.9
fput AtgmeEntaion = ndom Def.  26.5 (—6.4) 32.9
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When not to trust language models: Investigating effectiveness of
parametric and non-parametric memories (ACL 2023)
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MODIFICATION FliR{Ze&

When not to trust language models: Investigating effectiveness of
parametric and non-parametric memories (ACL 2023)

experiment
PopQA
104 === GPT-neo ¥ GPFT-3 002
1.:,'5‘ 0.8 4 — OFT ®*  GPT-3 003 . 10° .
2 P
Z_ é& EEJ:_IL)\ -I*IE;EE%%,—?*E < 0.2 4 102

U8 cal eFLSE AT BEAVFRIEREE B O

EntityQuestions

0.8
> + 10°
Yona - 2
@ 109 &5
o H

i
o 0.2 - 10° 8
".I 1,32
138 278 GB 20R ~175E

Model parameters
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When not to trust language models: Investigating effectiveness of
parametric and non-parametric memories (ACL 2023)

experiment — \anilla GenRead --- BM25 ——=- Contriever

PopQa
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When not to trust language models: Investigating effectiveness of
parametric and non-parametric memories (ACL 2023)

experiment
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Aging with grace: Lifelong model editing with discrete key-value
adaptors (NeurlPS 2023)

motivation
S B ENRmES AL ALIfelong model editing[al#, BPi@E—RXHAE
FH— MR, EINFEEHFZS N IREN SRR AZ AR B L 5RiE
HRFNRF4E "B .

' AN @ ™
a) b) c) GRACE codebook at layer [
'
Pretrained f before editing .

— i . deeral 7~

xl j;() X ious edits radius \ m

“Latest ;}:"-. “Swine Flu" ’ (o) I.:

pandemic?” ayy" O °| | oaam
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Yo - — Yo 7
B ~ Keys Values
— V] . . .
. Generalizable edits are added over time
Xy — )i O) fo)
Safe headach , - N S
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Aging with grace: Lifelong model editing with discrete key-value adaptors

methods A=< : {HJ
oo

L e I \ o) (e
r_._/-——-rtf —_ ,

n Keys Values

. — . . ,

frozen W, . Generalizable edits are added over time

0 ®© (o)
Layer [ Laye

GRACE: General Retrieval Adaptors for Continual Editing
GRACE codebook: #EF—MEIERIE RGeS, ICRWELZHIANIR

« Keys (K): Set of keys, where each key is a cached activation h'~! predicted by layer [ — 1.

* Values (V): Set of values that are randomly initialized and are updated using the model’s
finetuning loss for edits. Each key maps to a single, corresponding value.

o Deferral radii (£): Each key has a deferral radius €, which serves as a threshold for similarity
matching. The deferral mechanism uses this radius as shown in Algorithm[l. GRACE is

activated at layer [ only if the deferral constraint is satisfied. New entries have a default
value €;,;1, which i1s a hyperparameter.

@ -
=] LJ.
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| deployment —
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Generalizable edits are added over time

Y]
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U, queryf1&E#pgvalue

;l,x}: /|\t0 ken °

Algorithm 1: Update Codebook at layer [.

Input: C = {(K;,V;, €)%
Input: f(:), model
Input: 3, desired label
Input: x,, edit input for which f(x;) #
Input: €, initial €
Input: d(-), distance function
Output: C, updated codebook
C =]
g, Rt = fl(ae), f1 ()
dimin, @ = min; (d(h~1, K;))
If dpin = €; + €ipic or C' = ():
# h'~ ! far from existing entries or empty C
Unew = finetune on P (y|vinit)
Co = (A", Upew, €init) # Add entry
Else:
# h!=! near existing entries
If 5 (ki) = -
# Same label — Expand
Ci = (ki,vi, € + €init)
Else:
# Different label — Split
C; = (k;i, v;,dmin/2) # Update entry i
Unew = finetune on P (y|Vinic)
Co = (h‘r'_l s Unews Amin /2) # Add entry
return: C

codebook
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(a) prir&e;im-'l'r:ﬂning Data (b) U[:]HIFEH-TH Training Data + Edits {{'.]- Predictions before editing
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Figure 2: Illustrative example of GRACE. We train a model on separable data in (a), then introduce
locally-flipped labels at test time in (b). In (c¢), the original model unsurprisingly misclassifies these
label-flipped instances. In (d), GRACE fixes these labels without impacting other inputs.
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experiments
zsRE (T5; F1 1) SCOTUS (BERT; Acc 1) Hallucination (GPT2-XL; PPL |)
Method TRR ERR Avg. #E TRR ERR Ave. #E TRR ERR ARR #E time (s)
FT [25] 56 82 .69 1000 .52 52 .52 415 14493 28.14 107.76 1392 26 (.07)

FT+EWC [1Y] S 82 66 1000 .67 50 58 408 1485.7 2924 109.59 1392 .29 (.06)
FT+Retrain [36] 27 99 .63 1000 .67 .83 .75 403 23943 3534 195.82 1392 23.4(13.2)

MEND [30] 25 .27 .26 1000 .19 27 .23 672 1369.8 17549 29025 1392 .63(.10)

Defer [31] g2 31 .52 1000 33 41 .37 506 R183.7 1333 1004 1392 .07(.02)

ROME [2¥] —_— —_— - — —_ - - — 30.28 103.82 14.02 1392 .64(.28)

Memory 25 .27 .26 1000 21 20 .20 7RO 2547 7930 10.07 1392  .11(.02)

GRACE 69 96 .82 1000 .81 82 .82 381 1584 7.4 10,00 1392 .13(.02)
f 137 keys (7.30 edits/key) 252 keys (1.51 edits/key) 1341 keys (1.04 edits/key)

HATRRARIBETRFENIERE (ARRIBEIFIRFRE) |
ERRACERBIISHTAIRATERSR (ArA%mIEH AN /ERS) . ARR
HNAELREIEREFRIRERE.
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zsRE (T5; F1 1) SCOTUS (BERT; Acc 1) Hallucination (GPT2-XL; PPL ])

ReFt, EEES LRIA

EREFE

!

X Jcodebook

A BIE{L,
E@tﬁﬁﬂ
bEImIEIR
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Method TRR ERR Avge. #E TRR ERR Avg. #E TRR ERR ARR #E time (s)
FT |25] S6 82 .69 1000 52 52 .52 415 14493 28.14 107.76 1392 26 (.07)
FT+EW(C |14] 51 82 .66 1000 .67 S0 58 408 1485.7 2924 10959 1392 .29 (.06)
FT+Retrain [26] 27 99 .63 1000 .67 .83 .75 403 23943 3534 19582 1392 234(13.2)
Q MEND [34 25 27 .26 1000 .19 27 .23 672 1369.8 17549 29025 1392 63(.10)
Defer [31] T2 A1 .52 1000 .33 A1 .37 506 818377 1333 10.04 1392 .07(.02)
ROME [2% — — — — — — — — 30.28 103.82 14.02 1392 .64 (.28)
Memory 25 27 .26 1000 .21 200 .20 780 2547 7930 1007 1392 .11(.02)
69 96 .82 1000 81 82 .82 381 1584 7.14 10,00 1392 . 13(.02
UNPR GRACE . 9 (.02)
137 keys (7.30 editstkey) 252 keys (1.51 edits/key) 1341 keys (1.04 editsikey)
400 foputs 100 p—
10
300 o 75 50
. 100
_::2200 E lfg £ 50 . 250
a B 500 . 500
100 — 25 o0
1000 = 1392
0 FT FT+EWC F:I'+RT MEND _n‘EfP.I' ROME Memory GRACE . 1382 0 FT FT+EWC FT+Rt MEND _DP.Fer ROME Memory GRACE =
(a) Training Retention. (b) Edit Success.
> "_ B ¥ 0.03
& = ]:E B e e e
o] =
JEI\J 1 3{:% , E 0.011 with GRACE
[+5] without GRACE
&i}]”ﬁi}]” E 0.00 S U I S — PP T
Yo R P N @"’ & \cbf\"’ *L"\'b o q?fo"" & a_?ﬁj\ o .@ﬁ'} n;\é’% o Q‘%ﬁ

Codebook Size
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Separate the Wheat from the Chaff: Model Defciency Unlearning via
Parameter-Effcient Module Operation (AAAI 2024)

motivation

T RIRYR4E 5E§Ef')_'dt7|‘iﬂ'”?£fa, tA?J’I‘E””'::'E’JﬁE/%EwePEI SR "anti-
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mEthOd S S z Expert PEM —_— |E General Capability
E— G Anti-expert PEM  ———> @ Deficiency Capability
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the Wheat from the Chaff: Model Defciency Unlearning via Parameter-Effcient
methods Module Operation

{sEFE LoRAEI’J SR I ZNS8HITRE, FHRIKLORAFRIME
gﬁ%ﬁ’ H "ge 1", B{EFEREEIR,

v° — ﬁ-+ ‘|‘ﬁ_ . U:_ + ﬂi‘.—
SR T P
Hep “+" RFREFREE, AEMEDIIZ, - ARREXR, HESE

L4x. " o' RFREEH—AREES].
U?l_ = V. - ﬁ-o = v. - viﬂ I zEXPEF*PEM - |EG ICpr‘I‘y
1 i L 2 |UE‘ ) —> () Anti-expert PEM ——> # Deficiency Capability
Z-0 |

Bat(v;) = v; — v} N
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the Wheat from the Chaff: Model Defciency Unlearning via Parameter-Effcient

Module Operation
methods >
E— zExperT PEM —_— |EGeneml Capability
g gﬂ.nﬂ-exper"r PEM ——>» & Deficiency Capability
=-0 > X-a

0 =0T \-Ext(0) =0t -\ Ext(07), \/ :

RIERERNES, £ "Tx" RENSHLAE "REXR" AUREEED,

]
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the Wheat from the Chaff: Model Defciency Unlearning via Parameter-Effcient
experiments Module Operation

Multi-Choice Free-Generation

mcl mc2  bleunacc rougel acc true(%) true&info(%)

Alpaca-GPT4 @

Expert @&+ 333 528 43.1 48.1 31.3 31.2
Anti-expert &~ 258 445 26.7 27.9 8.1 8.0
BtoB- (A=0.2) 335 527 45.5 47.0 32.3 31.8
Bt cEzt(B7) (A =1.0) (Ours) 350 542 45.2 47.1 33.7 33.5
B+ oExt(E-) (A =2.0) (Ours) 36,0 552 46.4 49.2 34.6 34.4
Bt o (A=0.2) 337 527 43.7 46.4 31.6 31.3
B+ cExt(¥) (A = 1.0) (Ours) 36.1  55.3 48.6 50.1 34.9 34.8

T ERREREHRIRE, HREEEIERS.
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Editing)

FRERHANRAYRLE . AL AEREGEEMHMCAISEIR =T (Updating Language Models with

Unstructured Facts: Towards Practical Knowledge Editing)
E1¢é&%ﬂﬂ’\]§ﬂiﬂéﬁ$§ (Event-level Knowledge Editing)

HﬂLI\Eﬂ%m/E\'EI’\JEE)\ (History matters: Temporal Knowledge Editing in Large Language Model)
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Language Models) (Evaluating the Ripple Effects of Knowledge Editing in Language Models) (Is it Possible to Edit Large Language Models
Robustly?) (The Butterfly Effect of Model Editing: Few Edits Can Trigger Large Language Models Collapse)
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