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’gel]

Updating specific knowledge stored in a pre-trained language model

(1) Preserving the overall structure and learned knowledge of the existing model

(2) Selectively changing specific information without broadly altering the model's behavior

(3) Efficiently and locally updating the model's knowledge to address new facts or correct errors

[SH]

While retraining or finetuning can edit a model’s predictions, doing this frequently is often too
computationally expensive. LLaMA, for instance, was trained for 21 days on 2,048 A100 GPUs, costing over $2.4M

and emitting over 1,000 tons of CO2. - GRACE 2023

To address this need, model editing is an emerging area of research that aims to enable fast, data-efficient
updates to a pre-trained base model’s behavior for only a small region of the domain, without damaging model
performance on other inputs of interest —- SERAC 2022
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Locate-then-Edit
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Memory-based learning

[SERAC]
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[GRACE]

Algorithm 1: Update Codebook at layer /.

Input: C = {(K;,V;, ;) f:_ol, codebook
Input: f(-), model
Input: y;, desired label
Input: z,, edit input for which f(z;) # y;
Input: €, initial €
Input: d(-), distance function
Output: C, updated codebook
c=|c|
g, = (@), [ ()
dmin, 4 = min; (d(h!~1, K;))
If din > €; + €inir or C = 0:
# h!~1 far from existing entries or empty C
Unew = finetune on Py (Y|Vinit)
cC = (hl_la Unew Einit) # Add entry
Else:
# h'~! near existing entries
If f2(ki) = y:
# Same label — Expand
Ci = (kla Vi, € + 6init)
Else:
# Different label — Split
Ci = (ki,vi,dmin/2) # Update entry i
Unew = finetune on Py (y|Vinit)
Cc = (B, Vnew, dmin/2) # Add entry
return: C
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Task Formation

The objective of knowledge editing is to efficiently adjust the behavior of an initial base LLM fy, where 0
represents the model’s parameters, in response to specific edit descriptors {(x; , ¥; ) }ie[1,n]

x; : edit input trigger, query, question, key...
yi*: edit target, target answer, desired label, value...

N signifies the total number of edit descriptors.

The efficacy of knowledge editing is evaluated among several dimensions:
(1) Reliability (Edit Success): measures the average accuracy of the post-edit model fy
E 1{argmax fy(y|z;) = y;'}
(z7.9;) Y
(2) Portability: evaluates how well updated knowledge transfers to related queries, enhancing the
model’s utility in varied contexts

(3) Locality: assesses the precision of edits, ensuring modifications are confined to targeted areas
without affecting unrelated knowledge

(4) Fluency: quantifies the linguistic quality of the model’s output post-edit, focusing on coherence
and diversity to avoid repetitive pattern
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Introduction

Previous Knowledge Editing Approaches..

(1) Rely on auxiliary modules or models to either predict the LLM’s weight adjustments
> Meta-learning 7|2t 2| B Al = 9O| THA|

(2) Function as scope classifiers for query response applicability
- Memory 7| 8F2| SERACS| THA|

(3) Localization results from Causal Tracing are statistically uncorrelated with the success of an edit

injecting a new fact into MLP weights.
> Locate-then-edit 7| gF2| oA

“Teach a man to fish, and you feed him for a lifetime”

- To elicit LLMs’ capabilities of following knowledge editing instructions, thereby empowering them to
effectively leverage the updated knowledge to answer the queries




Introduction

Learning To Edit (LTE)

» To elicit LLMs’ capabilities of following knowledge editing instructions, thereby empowering them to
effectively leverage the updated knowledge to answer the queries.

Previous Knowledge Editing Methods

R4
£

Our Proposed LTE Framework




Method

Learning To Edit (LTE)

Alignment Phase: Learning to Edit Il Edit Descriptor Answer
e :
= H
[Updated Information]: Association football was created in France é [Updated Information]: Association football was created in France
[Query]: = [Query]:
=

France. Because AC Milan is associated with football; association

The governing body of association football is FIFA.
uootball was created in the country of France.

Out-of-Scope 13 In-Scope
_:__u-._l
w
~ . . . . ;
The governing body of association football is FIFA. S Englal_1d._ Because AC Milanis as_s.omated with football;
.¢§-_- association football was created in the country of England.

1. Association football was [Updated Information]: The Eiffel
created in France L Association football was \a e Eirre
: created in France =, Tower, Louvre
Museum, Mont
o [Query]: Saint-Michel,
etc.

Inference Phase: On-the-fly Edit

Learning to Edit (LTE) framework to align LLMs with ever-changing, complicated, and diverse knowledge editing
requests in real-time

(i) Alignment Phase: Knowledge Editing Prompt 2 7 XI Al HEO| 7h5 3t 2 st& e 1Y
(ii) Inference Phase: X| & &l | 22| > Y H O|EY #& X[ A + QueryZE Knowledge Editing



Method

Learning To Edit (LTE)

Alignment Phase: Learning to Edit Il Edit Descriptor Answer
T T T I rrrrrrrrrreroroaam :
£ :
[Updated Information]: Association football was created in France § [Updated Information]: Association football was created in France
[Query]: = [Query]:
= France. Because AC Milan is associated with football; association

The governing body of association football is FIFA.
tfootball was created in the country of France.

Out-of-Scope In-Scope

England. Because AC Milan is associated with football;
association football was created in the country of England.

{The governing body of association football is FIFA. }

(i) Alignment Phase: Learning to Edit
“[Updated Information]{edit descriptor}\n[Query] {query}”

An optimal knowledge editing method must seamlessly integrate new knowledge into the relevant content
within its edit scope, while ensuring the accuracy and integrity of information outside this domain

(1) In-Scope Capability: It also covers subject aliasing, ensuring the editing of one subject should not vary
from its expression

(2) Out-Scope Capability: To maintain the integrity of unrelated attributes of the subject, ensuring no
unintended alteration

(3) Linguistic Capability: Editing should not hinder the model’s proficiency in unrelated areas 10



Method

Learning To Edit (LTE)

1. Association football was [Updated Information]: .
created in France : Association football was Nt The Eiffel
@ () created in France L) Tower, Louvre
i-2 Museum, Mont
° [Query]: % Saint-Michel,
etc.

Inference Phase: On-the-fly Edit

(ii) Inference Phase On-the-fly Edit

RAG-based mechanisms support real-time knowledge editing, retrieving the top k (k=3) relevant updated knowledge
from within stored memory (embed all the edit descriptors and create a vector memory) and incorporating it into

model responses.

threefold strategy

2! 1. Firstly, in 50% of cases, we directly use the exact edit descriptor

%! 2. Secondly, for 25% of cases, we employ the multi-ga-mpnet-base-dot-v1 model to identify the top-1 semantically similar
edit descriptor (excluding the exact one) from the whole dataset, and use both as the Updated Information

T+ %l 3. Lastly, for the remaining 25%, we retrieve the top 2 semantically similar descriptors, excluding the exact one, using all three
as the Updated Information

11



Experiments

Main Results

Model | Dataset Metric SERAC ICE MEND ROME MEMIT FTL FT LTE LTE-LoRA
Edit Succ. 99.67 66.01 96.74 96.57 83.07 54.65 36.88 99,91 99,91
Z<RE Portability ~ 56.48 63.94 60.41 52.20 5143 45.02 8.72 78.98 79.63
S Locality 30.23 23.14 92.79 27.14 25.46 71.12 0.31 71.78 67.99
Fluency 410.89 541.14 524.33 570.47 55972 474.18 471.29 583.70 544.52
Edit Succ. 99.69 95.53 93.66 95.05 94.29 66.27 95.64 99.87 99.76
& WikiBio Locality 69.79 47.90 69.51 46.96 51.56 60.14 13.38 80.27 72.31
< Fluency 606.95 632.92 609.39 617.25 616.65 604.00 58922 61426 611.94
=
3) Edit Succ. 98.68 60.74 76.88 85.08 85.32 71.18 31.24 99.99 99.97
q Recent Portability ~ 63.52 36.93 50.11 3745 37.94 48.71 15.91 91.51 81.87
% ecen Locality 100.00 33.34 92.87 66.20 64.78 63.70 3.65 85.67 82.72
= Fluency 553.19 531.01 586.34 574.28 566.66 549.35 428.67 586.76 570.64
Edit Succ. 99.99 69.83 78.82 83.21 83.41 51.12 26.78 100.00 99.97
Counterfact  POT@bIly 7607 4532 57.53 38.69 40.09 39.07 16.94 89.69 85.74
Locality 98.96 32.38 94.16 65.40 63.68 62.51 0.29 84.76 85.11
Fluency 549.91 54722 588.94 578.84 568.58 544.80 483.71 589.69 574.14
Edit Succ. 99.51 73.03 86.53 89.98 86.52 60.81 47.64 99,94 99.90
Average Portability ~ 65.36 48.73 56.02 4278 43.15 4427 13.86 86.73 82.41
& Locality 74.75 34.19 87.33 51.43 51.37 64.37 441 80.62 77.03
Fluency 530.24 563.07 577.25 585.21 577.90 543.08 49322  593.60 575.31
Edit Succ. 98.43 70.29 99.40 99.90 97.25 37.81 2533 99.72 99.59
7RE Portability ~ 56.69 67.52 59.98 46.76 4431 41.85 7.70 82.92 80.16
Locality 41.28 73.45 80.83 48.90 60.26 87.70 3.29 80.99 7828
Fluency 495.12 556.86 544.07 562.88 578.73 557.86 538.10  580.01 543.35
Edit Succ. 99.39 94.60 93.38 98.79 96.10 60.19 34.63 99.80 99.75
WikiBio Locality 71.50 58.15 65.47 4178 65.65 80.41 2245 79.63 80.34
g Fluency 598.11 614.22 610.92 604.81 623.49 595.56 572.59 634.73 620.05
) ——
5 Edit Succ. 99.58 83.86 82.39 99.67 98.96 60.07 29.74 99.73 99.68
z Recent Portability 67,22 58.04 57.92 50.84 49.38 N0 14.33 89.73 87.40
2 Locality 100.00 61.83 89.11 51.78 60.72 84.83 427 89.25 83.77
& Fluency 561.32 559.46 610.72 600.70 600.39 598.32 456.99 615.59 587.90
Edit Succ. 99.06 80.28 88.04 99.44 95.05 24.55 1542 99.28 99.35
Counterfacy  POTiabIlity  79.28 53.80 52.99 40.63 34.50 20.14 11.38 86.79 85.33
ounterfact 1 ocality 92.70 63.86 91.05 39.22 50.14 92.74 30.04 86.87 85.20
Fluency 568.05 559.46 619.87 603.21 604.47 608.47 56370 62291 593.51
Edit Succ. 99.12 82.26 90.80 99.45 96.84 45.66 26.28 99,63 99.59
Average Portability ~ 67.99 59.85 56.96 46.08 42.73 34.67 11.14 86.48 84.30
8 Locality 76.37 64.32 81.62 45.42 59.19 86.42 15.01 84.19 81.90
Fluency 555.65 572.50 596.40 592.90 601.77 590.05 532.85 613.31 586.20

12



Experiments

Mass & Sequential Editing

100 Batcthum 80 - Batcthum
. 754 10 10
] = 100 :? 60 == 100
E 50.- == 1000 2 20 = 1000
g 8
251 20
0 0-
LTE-LoRA SERAC FT-L LTE LTE-LoRA SERAC MEMIT
80 i 600 1
2% 400 1
= * 200
201
0 0-
LTE-LoRA SERAC MEMIT LTE LTE-LoRA SERAC MEMIT FT-L

Figure 3: Averaged Batch Editing performance on four benchmarks against batch numbers in [1, 10, 100, 1000].
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Experiments

Linguistic Capability

CommonSenseQA PIQA XSum MMLU  AGIEval AlpacaEval Average

LLaMA2-Chat-7B 69.9 65.0 22.3 40.4 26.1 71.4 49.2
LTE w/o editing 67.2 61.3 224 46.4 26.5 73.3 49.5
LTE w/ editing 67.1 62.6 224 47.8 23.8 71.6 49.2

Owen-Chat-7B 77.6 72.1 28.8 56.6 41.3 717.8 59.0
LTE w/o editing 4.7 69.3 299 59.3 41.9 79.2 59.1
LTE w/ editing 75.3 70.0 30.1 58.2 40.7 78.4 58.8

Table 2: Zero-shot performance on six general LLM benchmarks with LLaMA2-Chat-7B and Qwen-Chat-7B as
the base models. “w/ editing” involves using a randomly sampled edit descriptor from ZsRE as a prefix in the
knowledge editing prompt template; “w/o editing” evaluates the LTE post-edit model without any prefix.

Ablation
S p L F G Seq_Num  Edit Succ.  Portability  Locality
10 100.00 86.16 82.64
LTE 99.94 8673  80.62 593.60 49.5 P wTAZMEE 100 99.90 80.66 80.38
-w/o in-scope training 7753  56.26 80.72 589.04  49.0 opE= 1000 99.64 76.59 78.67
-w/o out-of-scope training  99.92  86.89  65.50 592.66 49.2
-w/o free-text QA training  99.93  86.30 8091 58775 439 LTEw/soM R L0 100.00 83.38 78.65
“wo threefold strategy 99.78  86.51 8022 59340  49.5 top k = 3 o o] Lyt o
-w/o training 75.04 5423 48.19 59273 49.2 : i :
10 100.00 85.69 81.59
CTE WIAZMEE 100 99.85 80.05 80.67
pr= 1000 99.63 76.27 78.05
10 100.00 84.01 81.96
LTEw/420M E 49 99.83 79.48 80.11
topk =1

1000 99.56 75.93 78.89
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Introduction

Previous Knowledge Editing Approaches..

* 1 (kg Rel.): The president of the U.S. is . * g, (k; Gen.): The chief executive officer of Amazon is :_ ___________ :
* g3 (Loc): The Space Needle is located in . * q4 (k; Rel.): The location of the largest solar power plant is ] I:l I:l |
I |
r—— b . I FFN L .
: : qi:Bimp % v
I om 000 1 ) ese ) oos | Lue ) see qz: Jeff Jassy x : D“' :
I (I : g : Califord ¢
Edit k Edit k Edit k s ' Erosi !
: LLM, : ! LLM; 2 LLM, ‘ LLM, qa: Califordia ¢ :Erosmn of Parameters :
! ! | |
! ! | . |
! ky: The president of | . . qu: Trump 3 Added Parameters !
1 the U.S. is Trum[g — |* e (AL * s wee | ’ e e qz: Anssy x : :
| Biden - : . q: Seadia 3 | . :
o ! Edit key e Edit ke, — Edit k, L[] qs:India 1 " Edi !
i ky: The CEO of Am- ! : 2 e . Edit '
. 1 Methods Based on Adding Parameters LLM, = . ==l t !
: :ZI?; 1; Jeff Bezos — | ) I 1Inefﬁ01ent Instant Edltmg:: Kno “ﬁe dge_%{etrieval :
1 y Jassy 1 —Ir el epository |
: LN ] : LLLY D D eee see D D ALl ase [ T1] I (1] D :I ____________ I
) | I |
| k¢: The location of t- | Edit Ky Edit k, Edit ks I EI e : o1: Biden v
1 he largest solar pow- ! . Edit « Edit, e Edit: 1 y 1:
: er plant is California : T ! + Edit, d ! : I:l I:I |y qz: g\n‘z Jassy $
1 — India ! 1 * Edit, | q3: Seattle
: : LLM2 -~ LLML_ : ! ase D LU : q4: India V

Figure 1: Comparison among three types of methods in lifelong editing scenarios. Modifying parameters and adding
extra parameters result in the degradation of LLM performance as editing progresses. In contrast, retrieval-based
editors store knowledge in a repository and apply knowledge editing on the fly, which maintains the LLM unchanged
and relieves it from accumulating parameter offsets or adding extra parameters. (Best viewed in clolor)



Method

RECIPE (a RetriEval-augmented Contlnuous Prompt lEarning)

1. Knowledge Continuous Prompt Learning

1) Avoids the shortcomings of LTE

(1) Overly long editing prefixes can reduce model inference speed
(2) Full-parameter fine-tuning also increases the risk of overfitting

- P-tuning (Liand Liang 2021; Liu et al., 2022) based continuous prompt learning
—> Using trainable word embedding vectors as prompts

. Prompt Encoder (Optional) }._(_)Eu_nilga_"? . ' Reparameterization (Optional) - QEEH_HEEU_OB _——

[MASK]

_________________________

I [CLS] Am%zing movie |

[CLS] Amazing movie ! 1

y i
e([CLS]) e(Amazing) e(moive) ea) ho -+ h; e(MASK]) 1 e([CLS]) e(Amazing) e(mt)ive) eg!)
v v ¥ ¥ ¥ ¥ ! ¥ ¥ ¥ ¥

I I

[} I

[} ]

I I I

] I ]

] I I

! " Layer] Prompts I’“ ' :
I

: Layer2 Prompts : e E :
. “es .o P PR .o .es : “ew e | sse PP P - :
1 : X

I

I

I

(a) Lester et al. & P-tuning (Frozen, 10-billion-scale, simple tasks) (b) P-tuning v2 (Frozen, most scales, most tasks)

Figure 2: From Lester et al. (2021) & P-tuning to P-tuning v2. Orange blocks (i.e., ho, ..., h;) refer to trainable
prompt embeddings; blue blocks are embeddings stored or computed by frozen pre-trained language models.

17



Method

RECIPE (a RetriEval-augmented Contlnuous Prompt lEarning)

2. Dynamic Prompt Retrieval with Knowledge Sentinel

1) Mapping knowledge statements and queries into the same representational space
(1) YEHH O 2 = setting a fixed similarity thresholdE 28 &

- Dynamic thresholds

- Knowledge Sentinel (KS) (a trainable embedding representation)
—> Joint training with the prompt encoder and KS module

18



Method

RECIPE (a RetriEval-augmented Contlnuous Prompt lEarning)

o:[6i[ 0?6 6" & %] - [ o [ Dim Pompi Ree il Knovledas s;um:
l 1 l
147 Ky
k,: The president of the United States is Joe Biden. it | = : p,{1 p’{’ |
k,: The CEO of Amazon is Andy Jassy. @ !- k2 1| MLP; | @ pf‘z pf‘? |
k,: The largest solar power plant is located in India. | £, $ : Tk, Xy & p.’%t k p;lcf (2 :
Kps ki k
q1 (k3 Rel.): The CEO of Amazon is ; | 7 q o i e A ...k |
q, (kq Gen.): The United States' executive branch 1 A1 1 p’{2 p’l" '
is led by President : MLP, € | 7312 O % | |® Dk, |Dx, i
q3 (Loc.): The birthplace of Obama is : $ 9 L Tqs qs L R |
|_ - -eqi = fomp(q) __ Model Inference with Editing O_n-tE-ﬂ_yl r _I /gFgw_ofILﬁ T
1 l T1,2 Lpl = Lpo + Ly I
|\ [Pk, = Pk, @ |€q,|€q,| - a,,: Andy Jassy | 1/O Flow of RECIPE
I _ .
|9V p,%l p,‘ci . e;z eéz fllm aq,: Joe Biden ; Leait = Lrer + Lgen + Lioc | Retrieval Process I
"y Non-Trainable
e |
| X 2 Piee| D [®s]%; . aa® WAL | Lrotar = Leair + Lyt l » Trainable |

Figure 2: Illustration of the RECIPE framework. Process 1 constructs and updates the knowledge retrieval repository
IC:. During the inference stage, Process 2 retrieves query-related prompts from /C;. Process 3 utilizes the retrieved
continuous prompts to correct the LLM’s response. For lifelong editing, the repository can be continuously updated
(e.g., from K;_; to K;) with each new insertion of knowledge and prompts.



Method

RECIPE (a RetriEval-augmented Contlnuous Prompt lEarning)

1. Construction and Update of Knowledge Retrieval Repository

O: 0 02 @3 et @5 @° ... O $ o l_ _T@_ T)y?arﬁ P—r()rEt %tr?veﬂwt_hKToxde SEltEell
| | 1 I
Tk cee Ky
k4: The president of the United States is Joe Biden. MLP | - o ‘ | p’fl p’fl |
k,: The CEO of Amazon is Andy Jassy. e | k2 MLP, € pf‘z p.kz |
k,: The largest solar power plant is located in India. | f. ® : Tk, ‘ % @ p.;% p.’lc (2] :
ky ky ke
q4 (k3 Rel.): The CEO of Amazon is . | = q ke =1 22 . i I e o I
q2 (k1 Gen.): The United States' executive branch 1 A1 ! p’{2 pfzn |
is led by President . MLP, @ | 7:42 @ 92 S (2 \Die, | *** Pk i
g3 (Loc.): The birthplace of Obama is . $ A L Tas a3 Lt |
s e e——— e e e e e e e—— — — — — — —

1) Knowledge retrieval repository: K, = {}
(1) K;_4 to K, by adding a new key-value pair at each timestep t

Given a new knowledge statement K ,
the knowledge representation is achieved through an encoder f,,, (ROBERTa) Tk, = MLPK(frm(kt))

the continuous prompt py; is generated through another MLP Pk, = fresp (MLPP ('rkt))
fresp i the reshape operation that maps the vector into a matrix with shape

]Ct = lCt_1 U {(’f’kt,pkt)} where (Tktapkt) is key-value pair for knowledge retrieval

20



Method

RECIPE (a RetriEval-augmented Contlnuous Prompt lEarning)

2. Dynamic Prompt Retrieval with Knowledge Sentinel

O: 0 02 @3 et @5 @° ... O $ o r _T@_ _Dyﬂrﬁ: P_I'()IEIZ &tr?vmwt—hl(z)“?ed; Sgltgel:
| 1 [
Tk 560 Ky
k4: The president of the United States is Joe Biden. MLP | - . P;? p’f1 |
ky: The CEO of Amazon is Andy Jassy. e |- ka2 || MLP, | €9 pf‘z pf"-’ |
k,: The largest solar power plant is located in India. | f,... ® : Tk, $ (2) p.;% . P.fc @ :
Risky ky ke
q4 (k3 Rel.): The CEO of Amazon is . | = q ke m1m2 L 1 l |
q2 (k1 Gen.): The United States' executive branch 1 A1 ! p’i’z p'fz )
is led by President . MLF, & | 7:42 0 % | | Pic,| *** Pk, |
q3 (Loc.): The birthplace of Obama is . $ $ L Tgs qs os TR |
s e e——— e e e e e e e—— — — — — — —

1) Knowledge Sentinel
(1) Dynamic threshold - fixed threshold X account for the knowledge varies
- Anintermediary leveraged to dynamically compute similarity threshold

(2) KS® € R isatrainable word embedding of f,.,, with token length ¢
(3) Knowledge representation spaceE2 = 1 2M.. rg = MLP g (frm(0))
(4) &= O CH St retrieval process: 7q = MLPq(frm(q))

=T =T
Pk; Tq " Tk > Tq " TO

0 otherwise

KS(q) = {



Method

RECIPE (a RetriEval-augmented Contlnuous Prompt lEarning)
3. Model Inference with Editing On-the-fly

|_ - Eqi = fomp(q;) _ Model Inference with Editing (E-tE-ﬂ_yl - — _I /SFEw_ofILﬁ _|
1 I T[1,2 Lpl - Lno + Lso | I
| \f Picy| - Pk, D |€q,]€q:| a,,: Andy Jassy | |~ VOFlow of RECIPE
[ : :
|0V p,icl p,lcl @ 832 ejz fllm an: Joe Biden ; Ledit = Lrel + Lgen + Lloc | Retrieval Process :
T T TT1.2 . % Non-Trainable
ex les | .. a,.: Hawaii |
I X [Pief ~ [Piee] © [0/, % 13 | Leotar = Leaic + Lyt | 9 Trainable |

1) Integration Issue

(1) Retrieved continuous prompt + word embedding “q” fum + @ — A, where fi, 1S fum

Qg — fllm(pk,,- Q%) femb(Q))

(2) Knowledge Editing as a mini-task

X fine-tuning a specific prompt encoder for each mini-task,
training RECIPE modules that generate continuous prompts, ensuring the LLM adheres to the
corresponding knowledge.



Method

RECIPE (a RetriEval-augmented Contlnuous Prompt lEarning)
4. Model Training

Objective: Generate continuous prompts and effective retrieval of query-related knowledge for the LLM.

Given a batch of training data consisting of b editing sample pairs,

{(qew a’ei) 2'):1 {(ng;v a’gi) ?:1 {(QZN a’li)}’i';l

1) Editing loss
(1) Aim to ensure that the generated continuous prompt guides the LLM to follow the properties
- reliability, generality, locality

LY = —10g fitm (ae, [pt; ® fomp(ge:))  (10)
Eé(lze)n - IOg fllm (a’g@‘ Pk, D femb(QQi)) (11)

£l = KL (f i (a1;) 1| fum (P, © femb(%)))
(12)

b
Ledit = % Z (57(«21 + L"g@n + Lz@:) :
i—1
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Method

RECIPE (a RetriEval-augmented Contlnuous Prompt lEarning)
4. Model Training

2) Prompt learning loss

(1) Contrastive learning for aligned with the properties of reliability, generality, and locality

For batch of samples, ﬁ?(:()) — 5('qui y They s R) + 6(’f‘qgi y The; s R),

L) =5(7q, ,r0, R) + 6(Fq.. ,re, Rk,
+ 5(7::(]9?; ACY R\kz)a

b
1 ) )
Lt = 2L+ £32),
where R = {ry, }2:1 U{re} and R\, = R\{rg, }

InfoNCE loss: (5((], ki, {kz}?zl) = —log stpegqu;(]i;/];)/ﬂ,
i=1 "

Neighbor-oriented loss + Sentinel-oriented loss
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Experiments

Editing Performance

" . ZSRE CF RIPE

# Editing  Type Editor Rel. Gen. Loc. Avg. Rel. Gen. Loc. Avg. Rel. Gen. Loc. Avg.
FT 4786 4257 9389 6144(4; 00y 4137 2604 5225 39.89(1¢74) 4154 3389 5327 429010 33)
MEND  73.86 7033 66.10 70.10(100g) 81.06 67.15 77.13 75.11(1gez) 66.37 29.37 29.68 41.81(1¢ o1)
Mp  ROME 5349 5158 9396 66341060y 4107 21.82 91.85 51.58(1gs2) 4833 27.08 4248 3930(1g so)
MEMIT  49.67 4936 91.87 63.64(10¢1) 4540 2925 9293 5586(10.39) 5837 29.54 3867 42.1910 30
MALMEN 4637 4775 3373 42.62(10.43) 5245 4231 36.58 43.78(105s) 51.53 33.86 2045 35.28(11 05
1 WILKE 5071 4852 9331 64.18(1055 4007 2192 9170 51.23(1¢45) 47.85 27.90 3850 380811 02
AP TP 8635 8398 8634 85.56(10.53 9141 68.61 3894 66321115 7698 5510 5129 61.13(10 48
GRACE 9920 3323 99.82 7742(i¢.7s) 9865 1142 9873 69.60(1066) 98.13 2845 99.75 75.44(10.65)
Rp R-ROME 5187 4940 98.82 66.70(1;.54) 3946 2076 97.38 52.54(1¢.sg) 46.15 2395 9299 5437 1¢ g6
LTE 9897 9729 8590 94.05(1015 9812 97.13 9220 9581(1;1) 9849 8809 8579 90.79( 1o ¢1)
RECIPE  99.40 99.01 99.96 99.46(1( o7y 98.78 98.78 99.01 98.86(1( 39 99.36 89.56 99.78 96.24(1, os)
FT 1466 12.61 269 9991 00) 694 068 348 3701000 791 213 1.82 3951040
MEND 004 002 000 0021901y 001 000 002 0013000 000 002 002 0.0250 00)
Mp ROME 154 148 063 1221990y 015 013 012 0141905 002 001 003 00210 01)
MEMIT 0.8 022 0.4 0181007y 009 005 099 038915 002 002 003 00210 01)
MALMEN 32,03 2850 28.14 29.56(1; 33 1580 1641 2253 182510020y 4233 3845 3852 39.77(10.07)
1000 WILKE 1519 1260 2531 17.70(x; 32) 13.22 1228 43.09 22.86(1064) 1519 1425 1099 13.48(1; 15)
AP TP 4472 4138 438 301604104y 6470 3250 11.63 3628(1¢.72) 4224 2680 9.87 263011 01)
GRACE 42.04 3342 9673 57.40(i0.6s) 5275 1286 91.02 5221(40.s5 3803 30.10 9124 53.12(10 61
rp R-ROME 4873 3649 9409 5977177 3564 1403 87.94 45871991, 4149 1696 68.98 42481, 1)
LTE  93.03 91.14 8442 89.53(., .4 9587 9527 8935 93.50(1026) 94.53 8452 8044 86.50(1¢ 75)
RECIPE 9630 9527 99.98 9718150y 9637 96.04 93.66 953511y 95.60 8553 9235 91.16(1; os)
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Experiments

Linguistic Capability

Editor CSQA MMLU ANLI SQUAD-2 Average
N/A 3891 41.54 3404 36.43 37.73

FT 19.27 2993 33.33 0.59 20.78
MEND 2031 24.68 33.07 0.04 19.52
ROME 19.97 23.03 33.47 0.41 19.22
MEMIT 19.68 23.23 33.39 0.01 19.08
TP 19.62 22.84 33.37 0.96 19.20
GRACE 38.60 41.20 3393  36.28 37.50
R-ROME 3850 41.12 3390 36.31 37.46
MALMEN 20.85 24.83 33.03 0.27 19.75
LTE 1945 2321 3341 2525 25.33
WILKE 19.87 23.37 33.37 0.07 19.17
RECIPE  38.76 4140 34.13 36.50 37.70

Table 2: Performance of LLAMA-2 after 1,000 edits.
“N/A” denotes performance without any edits. Bold font
highlights the optimal post-editing performance.



Experiments

Further..

Type Editor Edit Time Infer. Time Total Time

FT 1.7205 0.0589 1.7794 95 - e
MEND 0.0987 0.0590 0.1577
mp ROME  17.1639 | 0.0586 17.2225 o5
MEMIT 33.6631 0.0591 33.7222 §‘
MALMEN 2.3418 0.0589 2.4007 § 25
WILKE 38.7165 0.0587 38.7752 <
—@— Reliability
AP TP 5.9061 0.0615 5.9676 65 Geiiegality
GRACE  12.5343 0.0936 12.6279 —A— Locality
rp R-ROME 173135 0.0606 17.3741 33 : 3 : i Num. of CPTs
LTE 0.0076 0.0634 0.0710
RECIPE 0.0598 0.0676 Figure 3: Impact of the number of CPTs on editing
Table 3: Average time (s) taken for a single edit and performance of RECIPE.
model inference after 10,000 edits.
100 Edits 1000 Edits

Settings pel. Gen. Loc. Rel. Gen. Loc.

N/A 27.30 26.07 100.00 27.30 26.07 100.00

RECIPE 97.29 93.74 97.38 96.05 92.34 95.36
- CPT 27.42 26.18 99.98 27.38 26.15 99.97
- KS 95.55 89.10 9245 94.01 86.63 88.55
-BOTH 27.41 26.17 99.96 2735 26.12 99.94

Table 4: Ablation study of RECIPE.
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