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Abstract

Although we have witnessed the powerful capa-001
bilities of large language models (LLMs) in the002
past, it is undeniable that in the current timeline,003
there are still unknown errors or information. In004
response to these challenges, a series of meth-005
ods injecting new facts into the LLM have been006
proposed. However, adjusting model weights to007
accommodate changes in information is likely008
to trigger a cascade of reactions, including ad-009
verse effects on the performance of knowledge010
outside the scope of editing. In this study,011
we introduce an RAINPOEM – Retrieval-012
augmented In-context knowledge post editing013
on massive-editing memory – that is designed014
for re-evaluating the results of massive-edited015
models by recalling their editing facts through016
retrieval and leveraging the in-context reason-017
ing capabilities of LLMs to facilitate more ro-018
bust responses. Our objective is based on the019
current state-of-the-art model editing methods020
to promote the edited model to further generate021
more accurate answers to provide more effec-022
tive correction examples. In our experiments,023
the results affirm the key role of retrieval and024
in-context learning in post-edited LLM and sug-025
gest that combining parameter editing methods026
with retrieval augmented represents a future di-027
rection for model editing. Our code are publicly028
available at https://github.com/XXX/XXX029

1 Introduction030

Contemporary large language models031

(LLMs) (Petroni et al., 2019; Brown et al.,032

2020; Black et al., 2022) showcase a remarkable033

capacity for comprehending and generating human034

language text. However, despite the ease with035

which these models can be used, it is not clear how036

to keep them real-time and correct potential errors.037

Currently, in order to improve the “unknown real-038

time information and potential errors” of language039

models, a large amount of work has been proposed040

on model editing (avoiding re-training the model041

Figure 1: An overview of recall memory by in-context
learning. When out-of-scope knowledge is affected by
editing, an attempt can be made to recall the memory of
the original model by providing irrelevant context.

to improve LLMs). Including memory methods 042

for non-parametric modification (Zheng et al., 043

2023; Wang et al., 2023b; Madaan et al., 2022) 044

and methods for modifying parameters (Mitchell 045

et al., 2022a; Meng et al., 2022a). However, there 046

is currently a lack of comprehensive compara- 047

tive analysis of the two methods under unified 048

experimental conditions. This absence hinders 049

our understanding of the relative strengths and 050

weaknesses of parametric versus non-parametric 051

approaches. 052

The current language model demonstrates 053

formidable capabilities in in-context learning 054

(ICL) (Lu et al., 2022; Liu et al., 2022), with its dis- 055

tinctiveness lying in its profound comprehension 056

of demonstrations provided. In addition to further 057

correcting the editing knowledge through retrieval 058

augmented and in-context learning, we also found 059

that the post-edited model can trace back to the in- 060

formation before editing through in-context aware- 061

ness, thereby better understanding and integrating 062

previous knowledge, as shown in fig. 1. This re- 063

call mechanism enables the model to eliminate the 064

impact of irrelevant information during the editing 065
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specific information process, thereby improving066

the effect and quality of editing. This secondary067

revision can help the model gradually improve its068

accuracy on a specific domain or task, allowing it069

to better adapt to changing information and needs.070

Based on this, we propose a retrieval recor-071

rection framework, referred to as RAINPOEM –072

Retrieval-augmented In-context knowledge post073

editing on massive-editing memory – to re-repair074

post-edit model. The framework adopts an ex-075

plicit parameter update method to insert new facts076

into the parameters of the language model. Based077

on a series of advanced language models, GPT2-078

XL (Radford et al., 2019), GPT-J (Wang and Ko-079

matsuzaki, 2021) and Llama2-7B (Touvron et al.,080

2023), we use the MEMIT (Meng et al., 2022b)081

method to store thousands of memories in batches.082

In the stage of evaluating new test knowledge,083

we utilize a dense retriever (Izacard et al., 2022)084

to retrieve corresponding knowledge to correct085

the model’s output. We conducted a comprehen-086

sive evaluation of the RAINPOEM framework087

against baseline models, advanced knowledge edit-088

ing methods such as ROME and MEMIT in terms089

of counterfactual data and question-answer (QA)090

data, to measure its robustness in different aspects.091

Our contributions:092

• The RAINPOEM method is proposed to093

strengthen and correct the knowledge within094

the editing scope, and recall and correct the095

knowledge outside the editing scope to en-096

hance the robustness of the edited LLM;097

• Experiments were conducted on the current098

knowledge edited dataset and verified that our099

models can enable language models to under-100

stand and apply new knowledge more compre-101

hensively and deeply;102

• We analyzed in detail the process of RAIN-103

POEM for knowledge editing tasks, and104

proved the synergy between parametric edit-105

ing and retrieval editing.106

2 Foundations107

We will first introduce some basic definitions of108

model editing based on work by De Cao et al.109

(2021) to provide the necessary background for110

subsequent discussions. This basic information111

covers the core concepts and key terms of model112

editing. Symbols in this paper also follow this sec-113

tion’s definition.114

2.1 Task Definition 115

Model editing is to adjust the knowledge of the 116

initial language model fθ and generate a new lan- 117

guage model f ′
θ to adapt to the unknown data F 118

distributed behavior. As stated in formula 1 below, 119

For the initial model, the subject si points to the 120

corresponding object oi, and the new editing fact 121

fi ∈ F is expressed as (si, ri, o
′
i). si represents 122

the factual subject, o′i represents the new pointing 123

object, and ri represents the pointing relationship 124

between the si and the o′i. This means that it only 125

changes the subject’s pointing object in a certain 126

relationship without affecting other actions of the 127

subject. 128

f ′
θ(si, ri) =

{
o′i if fi ∈ F
fθ(si, ri) = oi if fi /∈ F

(1) 129

2.2 Evaluation Definition 130

To evaluate the performance of the post-edit model 131

f ′
θ, we focused primarily on tests of its Reliability, 132

Generalization, and Specificity. For the E ,P,N 133

defined below, please refer to the Appendix B of 134

the dataset for its detailed expression. Among them, 135

E ,P is called in-scope knowledge and N is called 136

out-scope knowledge. 137

Reliability. Equivalent facts E in the edit factsF 138

are defined to test how well f ′
θ adapts to the target 139

answer in E . In previous studies, E was defined to 140

be equal to F . 141

Generalization. In most cases, it is hoped that 142

the f ′
θ can respond correctly to generalized knowl- 143

edge after understanding the edit fact F . Here, 144

generalized facts P are defined. Such facts are 145

usually rewritten without affecting their original 146

meaning from the facts in F . The purpose is to test 147

whether the model is able to understand and cor- 148

rectly handle the rewritten input, rather than relying 149

solely on the ability of a specific expression. 150

Specificity. Ideally, the model should only be im- 151

plemented on specific parameters of the edit facts, 152

i.e. the post-edit model should not affect the output 153

of cases outside the scope of F . Therefore, the 154

fact base N is defined to represent irrelevant facts, 155

and the model’s output for irrelevant cases in N 156

should remain unchanged. In terms of Specificity, 157

it is to test the deterioration degree of irrelevant 158

knowledge after editing model. 159

3 Related Works 160

Current approaches to model editing in LLMs can 161

be categorized into two primary paradigms: one 162
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involves preserving model parameters and adding163

additional modules, while the other entails altering164

the model’s cognition by updating its parameters.165

3.1 Frozen Parameter Approach166

These methods involves retaining the original lan-167

guage model without modifications, making it suit-168

able for both black-box and white-box language169

models. Importantly, it eliminates the need for170

expensive retraining phases.171

Retrieval-based Approach. Similar to retrieval172

augmented methods, this method explicitly stores173

all edit instances in an additional momery base.174

The SERAC (Mitchell et al., 2022b) model con-175

sists of Edit Memory, Classifier, Counterfactual176

model and Base model. By assessing the relevance177

of input to memory, the selection of which model178

to use for inference is determined. Based on the179

powerful in-context learning and reasoning capa-180

bilities of large language models, methods such as181

IKE (Zheng et al., 2023) and MeLLo (Zhong et al.,182

2023) improve the output capabilities of language183

models by retrieving relevant examples from mem-184

ory as relevant contextual hints, without relying on185

additional trained models.186

Extra Structure. This type of method intro-187

duces additional structures into the current lan-188

guage model for training, allowing these additional189

structures to learn edit cases-related knowledge.190

First, FF-layers (Geva et al., 2021) proved that the191

feed-forword layer (FFN) in the language model is192

very similar to the neural memory network. The193

output of the feed-forward layer is a combination of194

memories, which is then aggregated to produce the195

final output distribution. This provides support for196

subsequent work where additional structures can197

be inserted. CaliNet (Dong et al., 2022) calibrates198

the factual knowledge in the LLM and updates the199

output of the FFN by adding new slots. Similarly, T-200

patcher (Huang et al., 2023) integrates a neuron at201

the last layer FFN of the model for each case error.202

When an error is encountered, the corresponding203

neuron takes effect.204

3.2 Parameter Updating Approach205

These methods of updating language model param-206

eters is not suitable for black-box models due to207

them reliance on accessing internal model details.208

Meta Learning. The meta-learning method uses209

a super network to learn to generate new parameters210

of LLM. Among them, KE (De Cao et al., 2021)211

trains a super network based on edited memory212

and uses it to learn and update parameters in the 213

language model. The trained hyper network is able 214

to update the parameters of the language model in 215

real time when a single fact needs to be modified. 216

Similarly, MEND (Mitchell et al., 2022a) use small 217

auxiliary editing networks fine-tunes the language 218

model by employing a low-rank decomposition of 219

the gradient. 220

Locate-Edit. This type of methods first supple- 221

ments or repairs specific knowledge by locating 222

relevant facts or errors and updating parameters 223

at corresponding locations. ROME (Meng et al., 224

2022a) developed a causal intervention that identi- 225

fies neuronal regions whose decisive role the model 226

predicts relevant facts. Think of model editing as 227

a least squares method with linear equality con- 228

straints to solve and further update the parame- 229

ter matrix of the relevant region via the Lagrange 230

multiplier method. However, the ROME method 231

can only edit one fact association at a time, while 232

MEMIT (Meng et al., 2022b) extends it to multiple 233

layers and stores thousands of fact associations in 234

batches. PMET (Li et al., 2023) finds that when 235

new knowledge is introduced, the weights of multi- 236

head self-attention (MHSA) do not need to be up- 237

dated, so only the hidden state of FFN is optimized 238

in PMET to accurately update the model weights. 239

4 Method 240

We employ parameterized editing and lever- 241

age retrieval-augmented in-context prompting ap- 242

proach for its application in massive model editing 243

tasks. 244

4.1 Knowledge Injection 245

We first use the MEMIT (Meng et al., 2022b) 246

method, an extensible multi-layer update algorithm, 247

to inject knowledge into the language model. For 248

all edit facts fi (si, ri, o′i) ∈ F , apply formula 2 to 249

optimize a residual vector δi via gradient descent 250

so that update the hidden state hLi at layer L. The 251

optimized model is able to maximize the prediction 252

of the desired object o′i. 253

δi ←argminδi
1

P

P∑
j=1

− logPG(hL
i +=δi)

[
o′i | xj ⊕ p (si, ri)

] (2) 254

Given a set of edit fact prompts, 255

{xj ⊕ p (si, ri)} is concatenating the ran- 256

dom prefix xj to a templated prompt to aid 257
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(a) Massive-knowledge injection: Inject new knowledge into the base model to edit the model to generate the edited model.

(b) Correction and Recollection: For any test request ti ∈ {E ,P,N}, use the editing model to make inferences and produce
preliminary answers. And then, edit facts related to test facts are retrieved from the edit fact database. Determine whether the
test fact and the edit fact are relevant (green is relevant, red is not relevant). Combining different in-context demonstrations for
correction or recall.

Figure 2: RAINPOEM architecture description. In massive-editing model, edits are corrected and recalled again
through retrieval-augmented and in-context learning.

generalization across contexts. The G
(
hLi + = δi

)
258

operation is called "hooking", which uses the259

updated hidden state to execute the model. Like260

formula 3, propagate δi on predefined editing261

layers l ∈ R{l1...L}, that is, find a matrix ∆l in262

each layer, and update the MLP layer to spread the263

δi to the l layer.264

ĥLi =h0i +

L∑
l=1

attn
(
hl−1
i

)
+

L∑
l=1

[(
W l

out +∆l
)
σ
(
W l

in γ
(
hl−1
i

))]
(3)265

where, h0i is the initial embedding of input to-266

ken, γ and σ is layernorm and activation function.267

For details on calculating ∆l, please refer to Ap-268

pendix A.2.269

Building on the advanced methodologies intro-270

duced by MEMIT, we compiled thousands of edit- 271

ing facts from the editing fact repository. Sub- 272

sequently, we tailored modifications to language 273

models of various scales, editing multiple layers 274

for each model. Appendix A.3 describes the hyper- 275

parameter design of editing different models. This 276

process involves fine-tuning the internal parameters 277

of the models to enhance their adaptability to new 278

knowledge, ensuring the models can accurately 279

comprehend and apply the latest information. 280

4.2 Correction and Recollection 281

In the knowledge injection stage, we packaged 282

all edited facts to obtain a post-edit model. Sub- 283

sequently, we further edit the in-scope knowl- 284

edge by retrieval augmented and fixed in-context 285

prompt (Wei et al., 2022; Zhang et al., 2022) to 286

produce more accurate answers. For irrelevant out- 287

scope knowledge, we utilize in-context recall the 288

memory of the pre-edit model to maintain model 289
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Algorithm 1 Correction and Recollection

Requested: Post-edit model f ′
θ, test facts set {E ,P,N}, edited facts base F , relevance classifier

g (·), in-scope demonstrations Din, out-scope demonstrations Dout, dense retriever R
Return: Final answer ai

1: ∀ti ∈ {E ,P,N}
2: a∗i ← f ′

θ (a
∗
i | ti) //Generate preliminary answers

3: fi ← argmaxSimilarity
fi∈F

R (ti, fi) //Retrieve the most relevant editing fact

4: if True← g(ti, fi) then //ti and fi are related
5: ai ← f ′

θ (ai | [Din ⊕ (ti, a
∗
i )⊕ fi]) //⊕ is the connection operation, Correction

6: else
7: ai ← f ′

θ (ai | [Dout ⊕ (ti, a
∗
i )]) //Recollection

8: end if

consistency and pertinenece. Algorithm 1 summa-290

rizes correction and recall, and we also provide a291

specific case study in Appendix G.292

4.2.1 Discriminating Facts293

For facts to be verified, different types of knowl-294

edge require specific in-context prompt templates295

to achieve targeted processing. The key is how to296

distinguish different types of knowledge (in-scope297

or out-scope). As shown in fig. 2b, for any knowl-298

edge ti to be detected, use the dense retriever (Izac-299

ard et al., 2022) to perform a retrieval to access300

the edited facts base to obtain fi that is most rel-301

evant to ti. In fact, for in-scope knowledge, rel-302

evant knowledge can be easily retrieved, but for303

out-scope knowledge, even if the most relevant304

knowledge is output, theoretically this knowledge305

has nothing to do with ti. Here we design four306

methods to check the correlation between fi and307

ti. Including using in-context, subject, similarity308

and neural network classification. Please see Ap-309

pendix D for details.310

4.2.2 Demonstrations311

To guide the model on how to exploit relevant re-312

trieval facts, we added different types of in-context313

demonstrations for in-scope and out-scope knowl-314

edge respectively. Please refer to Appendix E for315

the demonstration content. For in-scope knowl-316

edge, the purpose of the demonstration is to further317

verify whether the MEMIT-edited model knowl-318

edge is accurate. If it is inaccurate, it will be319

corrected by retrieving the knowledge and then320

output. For out-scope knowledge, the purpose of321

the demonstration is to recall the memory of the322

pre-edit model to reduce the impact of irrelevant323

knowledge when editing with MEMIT.324

4.2.3 Joint Reasoning 325

Given the demonstrations as in-context prompt, 326

connect the demonstrations, and test fact input into 327

the post-edit model. By modeling this informa- 328

tion, the likelihood of the final output is inferred. 329

The entire process aims to combine model editing, 330

evaluation, retrieval and reasoning under a unique 331

model to achieve rapid integration of new knowl- 332

edge and effective correction of answers. 333

In-scope. For example, in fig. 2b, for in- 334

scope knowledge, when the MEMIT-edited model 335

answers the test fact t1 "Danielle Darrieux 336

spoke the language _" the preliminary answer is 337

"French". But the model has been edited with new- 338

knowledge, and the correct answer should be "En- 339

glish". Based on intensive retrieval, t1 is used as 340

a query and the edited fact f1 "The mother tongue 341

of Danielle Darrieux is English." is retrieved. Con- 342

nect in-scope demonstrations, t1, the initial answer 343

and retrieval knowledge fi are input into the model 344

again for correction, and the final output corrected 345

answer through demonstration guidance is "En- 346

glish". 347

Out-scope. Likewise, for out-scope test knowl- 348

edge t2 "Esther Rantzen, who works for _". When 349

the model edits the irrelevant knowledge "Emma 350

Willis, who is employed by Google.", it may mistak- 351

enly affect the answer of t2 as "Google". Retrieve 352

the most relevant information f2 "Emma Wills, who 353

is employed by Google." based on t2. After t2 and 354

f2 are judged to be irrelevant, the retrieved knowl- 355

edge is discarded and the out-scope demonstrations, 356

t2 and initial answer connections are fed into the 357

model. Through demonstration guidance, the pre- 358

edit model’s memory can be recalled to output the 359

correct answer "BBC". 360
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5 Experimental & Analysis361

5.1 Setup362

DataSets: We evaluate our method on two knowl-363

edge editing datasets, Counterfact (Meng et al.,364

2022a) and MQuAKE (Zhong et al., 2023). The365

MQuAKE dataset is aimed at the downstream366

tasks of QA(questiom and answer). Therefore, the367

counterfact data set and the MQuAKE series data368

set also have different forms. Please see the Ap-369

pendix B for details on the data format.370

Large Language Models: In the course of371

our research, we employed language models with372

varying parameter magnitudes to serve as the373

baseline model for RAINPOEM. The baseline374

models encompass GPT2-XL(1.5B), GPT-J(6B)375

and LlaMa2(7B), each defined as white-box lan-376

guage models where in the internal parameters are377

amenable to modification through model editing378

approach, thereby enhancing adaptability for un-379

known data.380

Knowledge Editing Method: We use MEMIT381

(an extension of the ROME method) to modify the382

parameters of the language model. Enhanced capa-383

bilities by allowing multiple edits across multiple384

layers simultaneously, with the ability to update385

thousands of memories at once.386

Evaluation Metrics: Following previous387

works (Meng et al., 2022b; Zhong et al., 2023),388

different evaluation metrics are reported on both389

datasets. On the counterfact dataset, the Success390

and Accuracy are reported in three aspects: Re-391

liability, Generalization and Specificity. Where392

Success is the ratio of the probability of outputting393

a new object greater than the probability of the394

original object (opposite in Specificity). Accuracy395

evaluates whether the output object is a new object396

(original object in Specificity). On the MQuAKE397

dataset, follwing MeLLo, We report averaged One-398

hop Acc and averaged Multi-hop Acc, which mea-399

sure accuracy on question answering tasks.400

Please see the Appendix C section which pro-401

vides a detailed description of the relevant evalua-402

tion formulas.403

5.2 Evaluation on Counterfact Dataset404

We assessed the effectiveness of our method on the405

authoritative counterfact dataset and compared its406

performance with state-of-the-art methods.407

5.2.1 Evaluating RAINPOEM 408

We adopted two sets of GPT models with different 409

parameters and evaluated their performance on the 410

Counterfact dataset. Table 1 shows our evaluation 411

results under the setting of editing 10,000 facts 412

at one time. Among them, the pre-editing model 413

serves as the base because it knows nothing about 414

the editing facts and scores low in reliability and 415

generalization, especially in terms of accuracy. 416

When using current advanced editing methods 417

for massive knowledge injection, we observe that 418

the model’s editing success rate is significantly im- 419

proved in terms of reliability and generalization. In 420

this regard, ROME cannot accurately infer answers 421

due to writing a large amount of knowledge in a sin- 422

gle layer, thus reducing the accuracy of editing. In 423

contrast, the MEMIT method can batch write edit- 424

ing facts to multiple layers, resulting in significant 425

improvements in success and accuracy in terms of 426

Reliability and Generalization. However, in terms 427

of Specificity, since the editing knowledge affects 428

the cognitive architecture of the entire model, it 429

has a negative impact on the previously acquired 430

knowledge. 431

Since the in-context classification method used 432

cannot accurately distinguish in-scope and out- 433

scope knowledge, the corresponding demonstra- 434

tions cannot be used correctly, which in turn affects 435

the ideality of the RAINPOEM results. Please 436

see table 9 for method classification accuracy. For 437

RAINPOEM using the other three classification 438

methods, We can even achieve results similar to the 439

MEMIT-edited GPT-J model using the GPT2XL 440

model, which has a relatively smaller parameter. In 441

particular, thanks to relevant demonstrations, the 442

model is able to identify errors in in-scope knowl- 443

edge and proactively correct them. Thus, surpris- 444

ing results were obtained in terms of reliability and 445

generalization. Most importantly, for the affected 446

out-scope knowledge, irrelevant demonstration can 447

alleviate the negative impact of the edited model in 448

terms of specificity, rising from 73.5 for the GPT-J 449

model edited by MEMIT to 77.9. 450

5.2.2 Ablation study 451

In order to verify the independence and robust- 452

ness of two different types of demonstrations, we 453

conducted ablation experiments based on network 454

classification using only one of the templates. The 455

experimental results are shown in table 2. This 456

consistent demonstrations selection enables us to 457

focus on the effects of the demonstrations and gain 458
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Score ↑ Reliability ↑ Generalization ↑ Specificity ↑
Model Editor SS AS ES EA PS PA NS NA

GPT2-XL

Base 30.5 0.2 22.9 0.3 23.9 0.1 77.3 10.7
ROME 50.4 0.4 51.9 0.4 49.5 0.4 49.9 0.4
MEMIT 71.5 18.0 79.5 46.0 67.0 23.4 69.2 9.8

RAINPOEMw/in−co. 75.1 27.1 79.3 52.9 75.4 48.6 71.1 14.0
RAINPOEMw/sub. 87.7 34.1 99.1 89.8 96.4 85.7 72.7 15.4
RAINPOEMw/sim. 86.9 32.8 99.1 89.8 94.2 82.4 72.4 14.7
RAINPOEMw/net. 86.7 35.1 99.2 90.1 91.9 78.3 73.3 16.2

GPT-J

Base 21.3 0.5 15.2 0.4 15.8 0.4 83.5 14.7
ROME 50.8 0.2 51.3 0.2 50.6 0.1 50.7 0.1
MEND 25.2 4.5 17.6 3.15 20.1 3.18 80.8 23.7
MEMIT 87.6 26.8 99.1 96.1 94.9 69.9 73.5 11.5

RAINPOEMw/in−co. 85.1 19.3 99.8 94.8 97.1 88.1 66.9 7.5
RAINPOEMw/sub. 90.3 42.6 99.8 95.5 97.6 92.2 77.3 20.4
RAINPOEMw/sim. 90.1 41.8 99.8 95.5 96.6 89.5 77.3 19.9
RAINPOEMw/net. 90.3 43.5 99.8 95.5 96.4 87.0 77.9 21.3

Table 1: The results of editing 10,000 cases on the counterfact dataset.

a deeper understanding of the model’s behavior in459

in-context learning.460

By distinguishing knowledge types and us-461

ing only one demonstrations, the performance of462

knowledge in the corresponding scope can be im-463

proved on the original basis (MEMIT). If no type464

distinction is made, but a unified demonstrations465

is used instead, the performance will be greatly466

affected if the wrong demonstrations is used. It467

shows the importance of the designed demonstra-468

tions in ensuring correction and recall in model469

editing. The role of demonstrations is to provide470

appropriate frameworks and guidance for different471

scope of knowledge and improve the effectiveness472

of the model in editing knowledge.473

5.3 Evaluation on MQUAKE Dataset474

In addition to the counterfactual regression gen-475

eration task, we also tested the performance of476

multi-hop and single-hop question answering on477

the MQuAKE dataset.478

5.3.1 Multi-hop QA479

Table 3 presents the research results based on480

the GPT-J model on the MQuAKE-CF dataset.481

The number of edited facts considers k facts482

(k ∈ {100, 1000, 3000}), as set by Zhong et al.483

(2023). Our research finds that on the multi-hop484

counterfactual question answering dataset, RAIN-485

POEM not only outperforms only editing algo-486

rithms (such as MEND and MEMIT) using the487

same language model, but also significantly outper-488

forms MeLLo, which only relies on retrieval algo- 489

rithm. This shows that compared to other methods, 490

RAINPOEM can serve as a powerful knowledge 491

editing method by combining editing and reasoning 492

capabilities. 493

In addition, as the most important aspect of 494

model editing purposes, we hope that the model 495

can understand the current knowledge. We also 496

extend our evaluation on the temporal-based real- 497

world fact dataset MQuAKE-T at multiple edit 498

sizes(k ∈ {100, 500, 1868}), see table 4. In ad- 499

dition to the GPT-J model, the more powerful 500

LlaMa2-7B model was also compiled. Judging 501

from the performance of the GPT-J model edited 502

using the MEMIT method, simply writing partial 503

editing facts into the model does not help the model 504

in answering multi-hop questions. We should learn 505

from the ideas of the MeLLo method, stimulate 506

the model to think about sub-questions, use the in- 507

jected knowledge to improve the accuracy of the 508

answers to these sub-questions, and then further 509

correct these answers. Compared to MeLLo, this 510

method is very effective. When editing all facts 511

(1868 facts), the GPT-J model using the RAIN- 512

POEM method is able to surpass the performance 513

of using the MeLLo method, improving the multi- 514

hop Acc by 17.5%. 515

5.3.2 One-hop QA 516

To further explore the impact of editing scale on 517

model performance, we edited MQuAKE-T facts 518

at multiple scales into the LlaMa2-7B model, and 519
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Score ↑ Reliability ↑ Generalization ↑ Specificity ↑
demons type SS AS ES EA PS PA NS NA

in-scopew/only 88.8 26.8 99.8 95.5 97.6 89.3 74.2 11.1
out-scopew/only 89.1 42.0 99.1 96.1 93.6 67.6 77.5 21.7

in-scopew/all 83.8 13.9 99.8 95.5 97.7 92.7 64.2 5.2
out-scopew/all 87.4 37.6 95.9 61.8 89.9 54.1 78.2 22.1

Table 2: ‘only’ means to use the demonstration only when it involves knowledge of a specific domain, and not to
use the demonstration beyond that scope. And ‘all’ means to use the same demonstration when dealing with various
knowledge types.

#Edited-facts 100 1000 3000
Base Model Method

GPT-J (6B)

MEND 9.1 4.3 3.5
MEMIT 9.8 8.1 1.8
MeLLo 12.5 10.4 9.8

RAINPOEM 21.0 13.3 10.7

Table 3: Multi-hop Acc evaluation results of the
GPT-J model on the multi-hop counterfactual dataset
MQuAKE-CF.

#Edited-facts 100 500 1868
Base Model Method

GPT-J MEND 17.4 12.7 4.6
GPT-J MEMIT 1.0 0.2 0.0
GPT-J MeLLo 45.7 33.8 30.7

Vicuna-7B MeLLo 56.3 52.6 51.3
GPT-J RAINPOEM 59.0 51.4 48.2

LlaMa2-7B RAINPOEM 61.0 59.0 52.1

Table 4: Multi-hop Acc result multihop-QA on
MQuAKE-T with various language models.

evaluated the accuracy of the editing method under520

the one-hop question. We edited the facts that the521

size n ∈ {100, 300, 500, 800, 1300, 1868}, and522

evaluated the performance as shown in figure 3. In523

the model before editing (Base), it can be observed524

that the model lacks any understanding of the new525

knowledge. In the MEMIT editing method, as the526

editing scale expands, it can be seen that the overall527

model performance shows a downward trend, and528

the MEMIT method fluctuates greatly on the aver-529

age one-hop Acc and seems to be more sensitive530

to the editing scale. On the contrary, although the531

RAINPOEM method also has a slight decline as532

the editing scale increases, it is more robust to the533

scale of editing data with the help of the error cor-534

rection mechanism. In order to further explore the535

advantages of our RAINPOEM method compared536

with the MEMIT method, we made a more detailed537

Figure 3: The accuracy of editing one-hop QA facts at
different scales under the MQuAKE-T dataset. Edit size
n ∈ {100, 300, 500, 800, 1300, 1868}.

evaluation on different types of questions. Please 538

refer to Appendix F for evaluation experiments and 539

details. 540

6 Discuss & Conclusion 541

In this paper, we delve into the challenges faced 542

by large language models (LLMs), specifically the 543

dilemma when dealing with errors or information 544

that is not relevant to the current timeline. Tradi- 545

tionally, retraining a completely new LLM is an 546

expensive task, and adjusting model weights when 547

information changes can lead to unpredictable rip- 548

ple effects. 549

We introduce a new method RAINPOEM based 550

on current model editing. This method provides 551

more robust answers by more comprehensively 552

evaluating the results of the editing model through 553

retrieval and in-context learning to correct new 554

facts and recall old knowledge. Experiments con- 555

firmed the potential of combining parameter editing 556

and retrieval augmented methods in model editing 557

tasks. Overall, the RAINPOEM method represents 558

an important improvement over existing model edit- 559

ing methods, providing useful insights into the fu- 560

ture ability to understand and optimize LLMs. 561
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Limitations562

The limitations inherent in our study encompass563

the following aspects.564

• One limitation of the proposed RAINPOEM565

approach is its reliance on appropriate edit-566

ing technique. The effectiveness of the model567

editing process depends on the adoption of568

appropriate editing strategies. In situations569

where massive edit information needs to be570

incorporated, some editing methods may in-571

advertently disrupt model parameters, (such572

as ROME), resulting in a loss of reasoning ca-573

pabilities. This potential limitation will cause574

the language model to lose the ability to mod-575

ify answers during the error correction pro-576

cess.577

• Another inherent limitation occurs during the578

classification phase, where the model relies on579

corresponding in-context demostrations to cor-580

rect errors and recall memory. This accuracy581

of classification introduces a degree of uncer-582

tainty. Secondly, the dataset is not clear, and583

the out-scope of some facts is the in-scope of584

other facts, which will affect the performance585

of classification in massive editing. Therefore,586

the classification accuracy of the proposed587

method is closely related to the efficiency and588

accuracy of model editing, which poses chal-589

lenges when facing unclear datasets.590

In conclusion, this study provides valuable in-591

sights, but the limitations mentioned need to be ac-592

knowledged. Specifically, it should be recognized593

that appropriate editing techniques are needed to594

modify model parameters, where correction and595

recall rely on effective knowledge classification596

mechanisms. Addressing these limitations in fu-597

ture research efforts will further improve the ef-598

fectiveness and applicability of the RAINPOEM599

paradigm in massive knowledge editing tasks.600

References601

Sid Black, Stella Biderman, Eric Hallahan, Quentin602
Anthony, Leo Gao, Laurence Golding, Horace He,603
Connor Leahy, Kyle McDonell, Jason Phang, et al.604
2022. Gpt-neox-20b: An open-source autoregressive605
language model. arXiv preprint arXiv:2204.06745.606

Tom Brown, Benjamin Mann, Nick Ryder, Melanie607
Subbiah, Jared D Kaplan, Prafulla Dhariwal, Arvind608
Neelakantan, Pranav Shyam, Girish Sastry, Amanda609

Askell, et al. 2020. Language models are few-shot 610
learners. Advances in neural information processing 611
systems, 33:1877–1901. 612

Nicola De Cao, Wilker Aziz, and Ivan Titov. 2021. Edit- 613
ing factual knowledge in language models. arXiv 614
preprint arXiv:2104.08164. 615

Qingxiu Dong, Damai Dai, Yifan Song, Jingjing Xu, 616
Zhifang Sui, and Lei Li. 2022. Calibrating factual 617
knowledge in pretrained language models. Findings 618
of Empirical Methods in Natural Language Process- 619
ing (EMNLP). 620

Mor Geva, Roei Schuster, Jonathan Berant, and Omer 621
Levy. 2021. Transformer feed-forward layers are key- 622
value memories. In Empirical Methods in Natural 623
Language Processing (EMNLP). 624

Zeyu Huang, Yikang Shen, Xiaofeng Zhang, Jie Zhou, 625
Wenge Rong, and Zhang Xiong. 2023. Transformer- 626
patcher: One mistake worth one neuron. In The 627
Eleventh International Conference on Learning Rep- 628
resentations. 629

Gautier Izacard, Mathilde Caron, Lucas Hosseini, Sebas- 630
tian Riedel, Piotr Bojanowski, Armand Joulin, and 631
Edouard Grave. 2022. Unsupervised dense informa- 632
tion retrieval with contrastive learning. Transactions 633
on Machine Learning Research. 634

Xiaopeng Li, Shasha Li, Shezheng Song, Jing Yang, Jun 635
Ma, and Jie Yu. 2023. Pmet: Precise model editing 636
in a transformer. arXiv preprint arXiv:2308.08742. 637

Jiachang Liu, Dinghan Shen, Yizhe Zhang, Bill Dolan, 638
Lawrence Carin, and Weizhu Chen. 2022. What 639
makes good in-context examples for GPT-3? In 640
Proceedings of Deep Learning Inside Out (DeeLIO 641
2022): The 3rd Workshop on Knowledge Extrac- 642
tion and Integration for Deep Learning Architectures, 643
pages 100–114, Dublin, Ireland and Online. Associa- 644
tion for Computational Linguistics. 645

Yao Lu, Max Bartolo, Alastair Moore, Sebastian Riedel, 646
and Pontus Stenetorp. 2022. Fantastically ordered 647
prompts and where to find them: Overcoming few- 648
shot prompt order sensitivity. In Proceedings of the 649
60th Annual Meeting of the Association for Compu- 650
tational Linguistics (Volume 1: Long Papers), pages 651
8086–8098, Dublin, Ireland. Association for Compu- 652
tational Linguistics. 653

Aman Madaan, Niket Tandon, Peter Clark, and Yim- 654
ing Yang. 2022. Memory-assisted prompt editing 655
to improve GPT-3 after deployment. In Proceed- 656
ings of the 2022 Conference on Empirical Methods 657
in Natural Language Processing, pages 2833–2861, 658
Abu Dhabi, United Arab Emirates. Association for 659
Computational Linguistics. 660

Kevin Meng, David Bau, Alex Andonian, and Yonatan 661
Belinkov. 2022a. Locating and editing factual asso- 662
ciations in GPT. Advances in Neural Information 663
Processing Systems, 35. 664

9

https://openreview.net/forum?id=4oYUGeGBPm
https://openreview.net/forum?id=4oYUGeGBPm
https://openreview.net/forum?id=4oYUGeGBPm
https://openreview.net/forum?id=jKN1pXi7b0
https://openreview.net/forum?id=jKN1pXi7b0
https://openreview.net/forum?id=jKN1pXi7b0
https://doi.org/10.18653/v1/2022.deelio-1.10
https://doi.org/10.18653/v1/2022.deelio-1.10
https://doi.org/10.18653/v1/2022.deelio-1.10
https://doi.org/10.18653/v1/2022.acl-long.556
https://doi.org/10.18653/v1/2022.acl-long.556
https://doi.org/10.18653/v1/2022.acl-long.556
https://doi.org/10.18653/v1/2022.acl-long.556
https://doi.org/10.18653/v1/2022.acl-long.556
https://doi.org/10.18653/v1/2022.emnlp-main.183
https://doi.org/10.18653/v1/2022.emnlp-main.183
https://doi.org/10.18653/v1/2022.emnlp-main.183


Kevin Meng, Arnab Sen Sharma, Alex Andonian,665
Yonatan Belinkov, and David Bau. 2022b. Mass666
editing memory in a transformer. arXiv preprint667
arXiv:2210.07229.668

Sewon Min, Xinxi Lyu, Ari Holtzman, Mikel Artetxe,669
Mike Lewis, Hannaneh Hajishirzi, and Luke Zettle-670
moyer. 2022. Rethinking the role of demonstrations:671
What makes in-context learning work? In EMNLP.672

Eric Mitchell, Charles Lin, Antoine Bosselut, Chelsea673
Finn, and Christopher D Manning. 2022a. Fast model674
editing at scale. In International Conference on675
Learning Representations.676

Eric Mitchell, Charles Lin, Antoine Bosselut, Christo-677
pher D Manning, and Chelsea Finn. 2022b. Memory-678
based model editing at scale. In International Con-679
ference on Machine Learning, pages 15817–15831.680
PMLR.681

Adam Paszke, Sam Gross, Francisco Massa, Adam682
Lerer, James Bradbury, Gregory Chanan, Trevor683
Killeen, Zeming Lin, Natalia Gimelshein, Luca684
Antiga, et al. 2019. Pytorch: An imperative style,685
high-performance deep learning library. Advances in686
neural information processing systems, 32.687

Fabio Petroni, Tim Rocktäschel, Patrick Lewis, An-688
ton Bakhtin, Yuxiang Wu, Alexander H Miller, and689
Sebastian Riedel. 2019. Language models as knowl-690
edge bases? arXiv preprint arXiv:1909.01066.691

Alec Radford, Jeffrey Wu, Rewon Child, David Luan,692
Dario Amodei, Ilya Sutskever, et al. 2019. Language693
models are unsupervised multitask learners. OpenAI694
blog, 1(8):9.695

Nils Reimers and Iryna Gurevych. 2019. Sentence-bert:696
Sentence embeddings using siamese bert-networks.697
In Proceedings of the 2019 Conference on Empirical698
Methods in Natural Language Processing. Associa-699
tion for Computational Linguistics.700

Hugo Touvron, Louis Martin, Kevin Stone, Peter Al-701
bert, Amjad Almahairi, Yasmine Babaei, Nikolay702
Bashlykov, Soumya Batra, Prajjwal Bhargava, Shruti703
Bhosale, et al. 2023. Llama 2: Open founda-704
tion and fine-tuned chat models. arXiv preprint705
arXiv:2307.09288.706

Ben Wang and Aran Komatsuzaki. 2021. Gpt-j-6b: A 6707
billion parameter autoregressive language model.708

Peng Wang, Ningyu Zhang, Xin Xie, Yunzhi Yao,709
Bozhong Tian, Mengru Wang, Zekun Xi, Siyuan710
Cheng, Kangwei Liu, Guozhou Zheng, et al. 2023a.711
Easyedit: An easy-to-use knowledge editing frame-712
work for large language models. arXiv preprint713
arXiv:2308.07269.714

Weixuan Wang, Barry Haddow, and Alexandra Birch.715
2023b. Retrieval-augmented multilingual knowledge716
editing. arXiv preprint arXiv:2312.13040.717

Jason Wei, Xuezhi Wang, Dale Schuurmans, Maarten 718
Bosma, Fei Xia, Ed Chi, Quoc V Le, Denny Zhou, 719
et al. 2022. Chain-of-thought prompting elicits rea- 720
soning in large language models. Advances in Neural 721
Information Processing Systems, 35:24824–24837. 722

Thomas Wolf, Lysandre Debut, Victor Sanh, Julien 723
Chaumond, Clement Delangue, Anthony Moi, Pier- 724
ric Cistac, Tim Rault, Rémi Louf, Morgan Funtowicz, 725
et al. 2019. Huggingface’s transformers: State-of- 726
the-art natural language processing. arXiv preprint 727
arXiv:1910.03771. 728

Zhuosheng Zhang, Aston Zhang, Mu Li, and Alex 729
Smola. 2022. Automatic chain of thought prompt- 730
ing in large language models. arXiv preprint 731
arXiv:2210.03493. 732

Ce Zheng, Lei Li, Qingxiu Dong, Yuxuan Fan, Zhiyong 733
Wu, Jingjing Xu, and Baobao Chang. 2023. Can we 734
edit factual knowledge by in-context learning? arXiv 735
preprint arXiv:2305.12740. 736

Zexuan Zhong, Zhengxuan Wu, Christopher D Man- 737
ning, Christopher Potts, and Danqi Chen. 2023. 738
Mquake: Assessing knowledge editing in language 739
models via multi-hop questions. arXiv preprint 740
arXiv:2305.14795. 741

A Implementation Detail 742

A.1 Experiment Environment 743

All editing and evaluation experiments were run on 744

a workstation with NVIDIA RTX A6000 GPU. The 745

pre-trained weights of the loaded language model 746

come from HuggingFace transformers (Wolf et al., 747

2019) in version 4.30.1, and Pytorch (Paszke et al., 748

2019) version is 2.01. 749

A.2 MEMIT 750

In the MLP layer, facts are usually stored as key- 751

memory pairs. The MLP output layer weight be- 752

fore editing is defined as: 753

Wout ≜ argmin
Ŵ

n∑
i=1

∥∥∥Ŵki −mi

∥∥∥2 (4) 754

where ki is defined encoding subjects, mi is the 755

corresponding memory encoding. After editing, 756

as shown in formula 3, ∆ needs to be calculated 757

to update Wout, resulting in a new weight matrix 758

Ŵout to store the new association. 759

Ŵout = Wout +∆ (5) 760
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Because multiple new association constraints are761

added, formular 4 is further defined as:762

Ŵout ≜ argmin
Ŵ

(
n∑

i=1

∥∥∥Ŵki −mi

∥∥∥2+
n+u∑

i=n+1

∥∥∥Ŵki −mi

∥∥∥2) (6)763

The above formula can be optimized by solving764

the normal equation. Meng et al. (2022b) described765

it in block form as follows.766

Ŵout

[
K0 K1

] [
K0 K1

]T
=[

M0 M1

] [
K0 K1

]T (7)767

According to formula 5, formula 7 is further sim-768

plified to:769

∆
(
K0K

T
0 +K1K

T
1

)
= M1K

T
1 −WoutK1K

T
1

(8)770

Define C ≜ K0K
T
0 and R ≜ M1 −WoutK1,771

where C is a constant proportional to the non-772

central covariance of K0, which can be estimated773

from the Wikipedia text, and R is the residual of774

the new association and the old weight, which is775

considered to evenly distribute δi to the remaining776

layers. Formula 8 is simplified to:777

∆ = RKT
1

(
C +K1K

T
1

)−1
(9)778

To calculate ∆, the process on all edit facts F779

and predefined edit layersR is as follows:780

for l ∈R{l1...L}

for fi
(
si, ri, o

′
i

)
∈ F{1...n}

kli =
1

P

P∑
j=1

k (xj + si)

rli =
δi

L− l + 1

K l =
[
kl1 . . . k

l
n

]
Rl =

[
rl1 . . . r

l
n

]

(10)781

According to the above formula 10, K l and Rl of782

all new associations are calculated on layer l, and783

∆l is calculated by combining formula 9. In the784

MLP layer of the pre-edit layer, the weights are785

updated according to the following formula, and786

the new association is stored in the language model787

to complete the update.788

Ŵ l
out = W l

out +∆l (11)789

A.3 Editing Hyperparameters 790

All hyperparameters about using MEMIT to edit 791

GPT2-XL, GPT-J and LlaMa2-7B can be found 792

in the EasyEdit code (Wang et al., 2023a). The 793

important parameters are shown in table 5. t and

Model η t R
GPT-2XL 0.5 20 [13, 14, 15, 16, 17]

GPT-J 0.5 25 [3, 4, 5, 6, 7, 8]
LlaMa2-7B 0.5 25 [4, 5, 6, 7, 8]

Table 5: Optimization parameters and editing layer of
language model.

794
η are the number of steps and learning rate of δi 795

optimization respectively, andR is the model layer 796

to be edited. 797

B DataSet 798

MQuAKE contains two types of datasets, one 799

is the counterfactual dataset, MQuAKE-CF, like 800

Counterfact. The other is MQuAKE-T, which 801

updates real-world data based on the time- 802

line(2023.05) when the dataset was presented. 803

Counterfactual datasets are presented with data 804

outside the scope by replacing entities related to 805

the subject, thereby assessing the effectiveness of 806

model editors in making appropriate adjustments in 807

the face of data changes. The time-base fact dataset 808

is obtained by updating the real facts based on the 809

latest information on the current timeline. 810

B.1 Counterfact 811

The form of data in Counterfact is mainly rep- 812

resented by the cloze-style. For the edit data 813

fi (si, ri, o
′
i) ∈ F , its definition form is as in ta- 814

ble 6. The editing process writes (si, ri) → o′i to 815

the model to replace the previously pointed oi. 816

In addition, there is a set E for evaluating Reli- 817

ability, whose content is usually the same as the 818

originalF . The set P for evaluating Generalization 819

is rewritten from F in order to test the generaliza- 820

tion performance of the post-edit model. The setN 821

for testing Specificity, which represents the same 822

semantics as F but unrelated facts, in order to test 823

the deterioration of the model after editing. 824

B.2 MQuAKE 825

Unlike the Counterfact dataset, MQuAKE is im- 826

plemented in the form of question and answer. As 827

shown in table 7. For editing facts, there is a one- 828

hop question set OnehopQ and a multi-hop ques- 829
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F

si Edwin of Northumbria
ri The official religion of {} is _
oi Christianity
o′i Islam

E ei The official religion of Edwin of Northumbria is _

P pi
pi1. Edwin of Northumbria follows the religion of _
pi2. Edwin of Northumbria is affiliated with the religion _

N ni

ni1. The official religion of Charles Aznavour is _
ni2. Nicolas Sarkozy is affiliated with the religion _
ni3. Andrew Johnson is affiliated with the religion _
ni4. The official religion of Paul is _
ni5. Ringo Starr is follower of _
ni6. The official religion of Nicolas Sarkozy is _
ni7. The official religion of Andrew Johnson is _
ni8. Orson Welles is affiliated with the religion _
ni9. Lady Gaga is follower of _
ni10. Quentin Tarantino is affiliated with the religion _

Table 6: Formulation of the Counterfact Dataset.

F

si New York City
ri The name of the current head of the {} government is _
oi Bill de Blasio
o′i Eric Adams

OnehopQ oqi What is the name of the current head of the New York City government?

MultihopQ mqi

mqi1. Who is the head of government in the location of the headquarters of TV Land?
mqi2. Who is the chief executive of the region where TV Land’s headquarters are based?
mqi3. What is the name of the leader of the territory where TV Land’s headquarters are located?

Table 7: Formulation of the MQuAKE Dataset.

tion set MultihopQ. After editing, it is expected830

that the answer output by the post-edit model can831

correspond to the new editing fact o′i.832

C Evaluation Metrics833

C.1 For Counterfact834

In order to be consistent with previous835

works (Mitchell et al., 2022a; Meng et al.,836

2022a) on the comparison of counterfact dataset837

results, we report the evaluation formulas838

in Reliability, Generalization and Specificity839

respectively.840

C.1.1 Reliability841

Efficacy Success(ES), that is formula 12, is the842

proportion of cases where the output o′i probability843

of the fact ei from the set E is greater than oi.844

E(si,ri)∼E
{
f ′
θ

(
o′i | (si, ri)

)
> f ′

θ (oi | (si, ri))
}

(12)845

Efficacy Accuracy(EA), the formula 13 is a 846

proportional situation where the output is o′i. 847

E(si,ri)∼E

{
argmax

o
f ′
θ (o | (si, ri)) = o′i

}
(13) 848

C.1.2 Generalization 849

Similar to Reliability, the fact pi from the rephras- 850

ing set P is used to test Paraphrase Success(PS), 851

formula 14, and Paraphrase Accuracy(PA), for- 852

mula 15. 853

E(si,ri)∼P
{
f ′
θ

(
o′i | (si, ri)

)
> f ′

θ (oi | (si, ri))
}

(14) 854

E(si,ri)∼P

{
argmax

o
f ′
θ (o | (si, ri)) = o′i

}
(15) 855

C.1.3 Specificity 856

The Neighborhood Success(NS), and Neighbor- 857

hood Accuracy(NA), metrics of the fact ni in 858
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the neighborhood set N are evaluated in terms of859

Specificity, formula 16 and formula 17. We expect860

the model not to change the answers to these ir-861

relevant facts after editing, they should output the862

original answer oi. ni in the same group have the863

same answer.864

E(si,ri)∼N
{
f ′
θ

(
o′i | (si, ri)

)
< f ′

θ (oi | (si, ri))
}

(16)865

E(si,ri)∼N

{
argmax

o
f ′
θ (o | (si, ri)) = oi

}
(17)866

In addition, we also introduce Success Score(SS)867

and Accuracy Score(AS), which represent the har-868

monic mean of the evaluation results of (ES, PS,869

NS) and (EA, PA, NA) respectively.870

C.2 For MQuAKE871

One-hop accuracy and Multi-hop accuracy mea-872

sure the accuracy of one-hop questions and multi-873

hop questions respectively after editing. One-hop874

accuracy and multi-hop accuracy are respectively875

defined as formula 18 and 19.876

E(oqi)∼OQ

[ ∨
q∈oqi

[
f ′
θ(q) = o′i

]]
(18)877

E(mqi)∼MQ

[ ∨
q∈mqi

[
f ′
θ(q) = o′i

]]
(19)878

D Methods of Classify Scope879

In order to effectively distinguish in-scope text880

and out-scope text in the couterfact dataset, we881

designed four classification methods. These meth-882

ods include natural language processing techniques883

and machine learning and deep learning algorithms884

designed to improve the accuracy and efficiency885

of text classification. Through these classification886

methods, we can more accurately divide test facts887

into content that is in-scope facts and out-scope888

facts. We tested the accuracy of these four meth-889

ods for classifying knowledge scope and provide890

the classification accuracy in table 9. In addition,891

we also migrated the four classification methods892

designed to the SERAC (Mitchell et al., 2022b)893

model and extended the SERAC method. Please894

refer to table 10 for performance.895

D.1 In-context classification method 896

The first method is classification based on in- 897

context learning, which uses context learning to 898

classify text by analyzing whether the two input 899

sentences ‘input’ and ‘retrieval’ are related. It is 900

hoped that large language models can be used to 901

better understand the inherent correlation of texts. 902

The in-context template is shown in table 8. We 903

make sentences according to the template and send 904

the template to the language model. If the model 905

outputs ’Yes’, the test fact is considered to be an 906

in-scope fact. Otherwise, it outputs ’No’ and is 907

considered to be out-scope fact. 908

D.2 Subject classification method 909

The second method is based on subject classifica- 910

tion, as shown in formula 20. By building a subject 911

library S that contains the subjects of all editing 912

facts. For each test fact ti to be detected, as long as 913

the subject exists in the subject library, the sentence 914

is classified as in-scope; otherwise, it is classified 915

as out-scope. 916

S = {subf1 , subf2 , . . . , subfn}, fi ∈ F

ti =

{
in-scope if subti ∈ S

out-scope if subti /∈ S

(20) 917

D.3 Similarity classification method 918

The third method is to perform similarity calcula- 919

tion between test fact and retrieval fact by using the 920

pre-trained model "all-MiniLM-L6-v2" (Reimers 921

and Gurevych, 2019), as shown in formula 21. We 922

use this pre-trained model to encode two sentences 923

separately to obtain their embedding features Eti 924

and Eri , and then use cosine similarity to measure 925

the similarity between them. Finally, the similarity 926

threshold β is set to determine whether the two 927

sentences are related. In this method, we set β to 928

0.7. 929

ti =

{
in-scope if C_S (Eti , Eri) > β

out-scope if C_S (Eti , Eri) ≤ β
(21) 930

where C_S(, ) is a function that calculates cosine 931

similarity. 932

D.4 Siamese network classifier 933

The fourth method is designed to train a siamese 934

network, as shown in the figure. Two par- 935

allel branches share the weights of the pre- 936

train model "all-MiniLM-L6-v2" (Reimers and 937
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Are "South East Cape, which is located in" and "South East Cape, which is located in" related?
Yes

Are "Johann Heinrich Burchard, who has the position of" and "Joachim Meisner has the position of" related?
No

Are "The original language of Khamosh was" and "The language of Khamosh was" related?
Yes

Are "The language of Maqbool was" and "The original language of Dhool is" related?
No

Are "M’Sila Province can be found in" and: "M’Sila Province is located in" related?
Yes

Are "Wolfgang Ketterle’s occupation is" and "Martin Klebba’s occupation is" related?
No

Are "32nd Indiana Monument is in" and "32nd Indiana Monument is within" related?
Yes

Are "Angela Smith, Baroness Smith of Basildon is native to" and "Nicky Barnes is native to" related?
No

Table 8: In-context demonstrations for classifying relevance.

Gurevych, 2019) and are used to extract sentence938

features. Subsequently, the fully connected feature939

fusion layer is used to calculate the difference be-940

tween the two branch features, and the result is941

finally output through the classification layer and942

sigmoid function, as shown in the formula 22. The943

trained Siamese network can better handle the rela-944

tionships before the input fact sentences and learn945

more generalizable representations from the train-946

ing process.

Figure 4: Siamese network g (, ) structure

947

ti =

{
in-scope if σ(g(ti, ri)) > 0.5

out-scope if σ(g(ti, ri)) ≤ 0.5
(22)948

where g (, ) is the siamese network, σ (·) is the sig-949

moid function. Because the final output is through950

the sigmoid function, 0.5 can be used as the default 951

threshold. This method avoids the subjectivity and 952

uncertainty caused by manual threshold adjustment 953

in method three D.3. 954

E Demonstrations Detail 955

In in-context learning, using several examples to 956

form a demonstration context, and then splicing 957

this demonstration context with the query question 958

to form a prompt input into the model can signif- 959

icantly improve the model’s ability to solve com- 960

plex tasks. In addition, Min et al. (2022)’s work 961

also proved that what in-context learning learns is 962

not the simple association between demonstration 963

and input, but the ability to activate the pre-trained 964

model by displaying the data form. Based on this 965

important conclusion, we constructed demonstra- 966

tions for in-scope knowledge and out-scope knowl- 967

edge respectively to activate the model correction 968

and recall capabilities. Table 11 mainly shows the 969

demonstrations built for the counterfact dataset. 970
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Method in-scope out-scope all
in-context 94.63 15.69 33.91

subject 99.14 84.82 88.12
similarity 93.92 83.59 85.97

scope classifier 88.09 89.99 89.55

Table 9: Accuracy of four methods for in-scope and out-scope classification

Classification Method SS AS ES EA PS PA NS NA
in-context 86.2 26.6 98.6 95.2 89.4 65.5 74.2 11.2

subject 90.3 27.6 99.1 96.1 94.5 69.8 79.7 11.9
similarity 88.2 25.9 99.1 96.1 89.0 65.9 78.9 11.1

scope classifier 86.5 28.4 99.1 96.1 82.0 59.7 80.7 12.7

Table 10: like-SERAC mechanism results

F Additional Category Experiments of971

MQuAKE Dataset972

In order to deeply study the performance of RAIN-973

POEM on different types of data, we conducted974

statistics on the fact types containing more than975

500 edit facts in MQuAKE-CF. The specific data is976

shown in statistical figure 5. We evaluated the per-977

formance of the algorithm on each type of question978

based on one-hop questions, aiming to understand979

which question types the language model has more980

learning advantages and the ability to correct errors981

on this type of problems. In order to maintain con-982

sistency in editing standards, we randomly selected983

500 facts from each question category for editing984

and evaluation.985

Figure 6 reports the performance on these cat-986

egories. Obviously, the RAINPOEM method987

achieves better one-hop Acc scores in all these988

types. In addition, the experiment also proved that989

not all types of facts can be smoothly written into990

the model, such as P112, P36 and P641. Corre-991

spondingly, the RAINPOEM method also faces992

some challenges when facing these types of prob-993

lems.994

G Case Study995

We illustrate case studies of in-scope and out-of-996

scope knowledge using two test fact examples from997

the counterfactual data set that were successfully998

corrected and recalled. As shown in table 12a999

and 12b respectively.1000

After obtaining the post-edit model, input the1001

fact to be evaluated (marked in pink) and obtain1002

a preliminary answer (marked in yellow). And re-1003

trieve relevant fact (marked in blue) from the edited1004

Figure 5: Among all edit fact types in the dataset
MQuAKE-CF, more than 500 facts are counted.

facts base based on the fact to be evaluated. Con- 1005

nect demonstration, test fact to be evaluated, pre- 1006

liminary answer and retrieval fact (required only for 1007

in-scope knowledge) as prompt (marked in green). 1008

And then the prompt is sent to model inference to 1009

generate the final answer (marked in orange). 1010
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Input: The mother tongue of Danielle Darrieux is English.
Retrieval: The mother tongue of Danielle Darrieux is English.
Answer: English

Input: Edwin of Northumbria follows the religion of Islam.
Retrieval: The official religion of Edwin of Northumbria is Islam.
Answer: Islam

Input: The occupation of Juan Rulfo is the.
Retrieval: The occupation of Juan Rulfo is politician.
Answer: politician

Input: Beryl Cook died at the.
Retrieval: Beryl Cook passed away in Chicago.
Answer: Chicago

Input: Theo Crosby passed away in Chicago.
Retrieval: Theo Crosby passed away in Chicago.
Answer: Chicago

Input: Zaheer Khan follows the religion of Catholicism.
Retrieval: Zaheer Khan is follower of Catholicism.
Answer: Catholicism

(a) In-scope demonstrations

Input: The official religion of Charles Aznavour is Christianity.
Answer: Christianity

Input: Elcho Island Airport, located in Indonesia.
Answer: Australia

Input: The language of Barbarella is English.
Answer: English

Input: Choi Sung-yong is a native speaker of French.
Answer: Korean

Input: Roman Catholic Archdiocese of Sydney’s headquarters are in the.
Answer: Sydney

Input: Lars Onsager, who holds a citizenship from the.
Answer: Norway

(b) Out-scope demonstrations

Table 11: Demonstrations details of in-scope facts and out-scope facts in counterfact datasets.

16



Figure 6: For the various types of edit facts counted in figure 5, based on one-hop QA, the one-hop ACC metric
under Bace, MEMIT, and RAINPOEM were evaluated.

David Rivett works as _
a
David Rivett’s occupation is composer.

[in-scope in-context demonstrations abbreviation]
Input: David Rivett works as a.
Retrieval: David Rivett’s occupation is composer.

Answer: composer

(a) In-scope case study. The retrieval part is related to the input part, and is
connected to the in-scope in-context demonstrations for correction.

In Cantavieja, they understand _
English
In Asturias, they understand German.

[out-scope in-context demonstrations abbreviation]
Input: In Cantavieja, they understand English.

Answer: Spanish

(b) Out-scope case study. The retrieval part is unrelated to the input part, and
is connected to the out-scope in-context demonstrations for recollection.

Table 12: Illustrations of counterfact dataset case studies. The pink part is the test fact to be evaluated serve as input
to the post-edit model. The yellow part is preliminary answer generated by the post-edit model based on input,
the blue part is the fact retrieved by the retriever based on input, the green part is a prompt to connect in-context
demonstrations, and the orange part is the final answer through in-context learning correction and recall.
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