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Abstract

Although we have witnessed the powerful capa-
bilities of large language models (LLMs) in the
past, it is undeniable that in the current timeline,
there are still unknown errors or information. In
response to these challenges, a series of meth-
ods injecting new facts into the LLM have been
proposed. However, adjusting model weights to
accommodate changes in information is likely
to trigger a cascade of reactions, including ad-
verse effects on the performance of knowledge
outside the scope of editing. In this study,
we introduce an RAINPOEM - Retrieval-
augmented In-context knowledge post editing
on massive-editing memory — that is designed
for re-evaluating the results of massive-edited
models by recalling their editing facts through
retrieval and leveraging the in-context reason-
ing capabilities of LLMs to facilitate more ro-
bust responses. Our objective is based on the
current state-of-the-art model editing methods
to promote the edited model to further generate
more accurate answers to provide more effec-
tive correction examples. In our experiments,
the results affirm the key role of retrieval and
in-context learning in post-edited LLM and sug-
gest that combining parameter editing methods
with retrieval augmented represents a future di-
rection for model editing. Our code are publicly
available at https://github.com/XXX/XXX

1 Introduction

Contemporary large language models
(LLMs) (Petroni et al., 2019; Brown et al.,
2020; Black et al., 2022) showcase a remarkable
capacity for comprehending and generating human
language text. However, despite the ease with
which these models can be used, it is not clear how
to keep them real-time and correct potential errors.
Currently, in order to improve the “unknown real-
time information and potential errors” of language
models, a large amount of work has been proposed
on model editing (avoiding re-training the model
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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
for non-parametric modification (Zheng et al.,
2023; Wang et al., 2023b; Madaan et al., 2022)
and methods for modifying parameters (Mitchell
et al., 2022a; Meng et al., 2022a). However, there
is currently a lack of comprehensive compara-
tive analysis of the two methods under unified
experimental conditions. This absence hinders
our understanding of the relative strengths and
weaknesses of parametric versus non-parametric
approaches.

The current language model demonstrates
formidable capabilities in in-context learning
(ICL) (Luetal., 2022; Liu et al., 2022), with its dis-
tinctiveness lying in its profound comprehension
of demonstrations provided. In addition to further
correcting the editing knowledge through retrieval
augmented and in-context learning, we also found
that the post-edited model can trace back to the in-
formation before editing through in-context aware-
ness, thereby better understanding and integrating
previous knowledge, as shown in fig. 1. This re-
call mechanism enables the model to eliminate the
impact of irrelevant information during the editing
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specific information process, thereby improving
the effect and quality of editing. This secondary
revision can help the model gradually improve its
accuracy on a specific domain or task, allowing it
to better adapt to changing information and needs.

Based on this, we propose a retrieval recor-
rection framework, referred to as RAINPOEM —
Retrieval-augmented In-context knowledge post
editing on massive-editing memory — to re-repair
post-edit model. The framework adopts an ex-
plicit parameter update method to insert new facts
into the parameters of the language model. Based
on a series of advanced language models, GPT2-
XL (Radford et al., 2019), GPT-J (Wang and Ko-
matsuzaki, 2021) and Llama2-7B (Touvron et al.,
2023), we use the MEMIT (Meng et al., 2022b)
method to store thousands of memories in batches.
In the stage of evaluating new test knowledge,
we utilize a dense retriever (Izacard et al., 2022)
to retrieve corresponding knowledge to correct
the model’s output. We conducted a comprehen-
sive evaluation of the RAINPOEM framework
against baseline models, advanced knowledge edit-
ing methods such as ROME and MEMIT in terms
of counterfactual data and question-answer (QA)
data, to measure its robustness in different aspects.

Our contributions:

e The RAINPOEM method is proposed to
strengthen and correct the knowledge within
the editing scope, and recall and correct the
knowledge outside the editing scope to en-
hance the robustness of the edited LLM;

* Experiments were conducted on the current
knowledge edited dataset and verified that our
models can enable language models to under-
stand and apply new knowledge more compre-
hensively and deeply;

* We analyzed in detail the process of RAIN-
POEM for knowledge editing tasks, and
proved the synergy between parametric edit-
ing and retrieval editing.

2 Foundations

We will first introduce some basic definitions of
model editing based on work by De Cao et al.
(2021) to provide the necessary background for
subsequent discussions. This basic information
covers the core concepts and key terms of model
editing. Symbols in this paper also follow this sec-
tion’s definition.

2.1 Task Definition

Model editing is to adjust the knowledge of the
initial language model fy and generate a new lan-
guage model fy to adapt to the unknown data F
distributed behavior. As stated in formula 1 below,
For the initial model, the subject s; points to the
corresponding object o;, and the new editing fact
fi € F is expressed as (s;,7;,0}). s; represents
the factual subject, o represents the new pointing
object, and r; represents the pointing relationship
between the s; and the o}. This means that it only
changes the subject’s pointing object in a certain
relationship without affecting other actions of the
subject.
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2.2 Evaluation Definition

To evaluate the performance of the post-edit model
fp, we focused primarily on tests of its Reliability,
Generalization, and Specificity. For the £, P, N
defined below, please refer to the Appendix B of
the dataset for its detailed expression. Among them,
E,P is called in-scope knowledge and N is called
out-scope knowledge.

Reliability. Equivalent facts £ in the edit facts F
are defined to test how well f; adapts to the target
answer in £. In previous studies, £ was defined to
be equal to F.

Generalization. In most cases, it is hoped that
the f; can respond correctly to generalized knowl-
edge after understanding the edit fact /. Here,
generalized facts P are defined. Such facts are
usually rewritten without affecting their original
meaning from the facts in . The purpose is to test
whether the model is able to understand and cor-
rectly handle the rewritten input, rather than relying
solely on the ability of a specific expression.

Specificity. Ideally, the model should only be im-
plemented on specific parameters of the edit facts,
i.e. the post-edit model should not affect the output
of cases outside the scope of F. Therefore, the
fact base N is defined to represent irrelevant facts,
and the model’s output for irrelevant cases in N
should remain unchanged. In terms of Specificity,
it is to test the deterioration degree of irrelevant
knowledge after editing model.

3 Related Works

Current approaches to model editing in LLMs can
be categorized into two primary paradigms: one



involves preserving model parameters and adding
additional modules, while the other entails altering
the model’s cognition by updating its parameters.

3.1 Frozen Parameter Approach

These methods involves retaining the original lan-
guage model without modifications, making it suit-
able for both black-box and white-box language
models. Importantly, it eliminates the need for
expensive retraining phases.

Retrieval-based Approach. Similar to retrieval
augmented methods, this method explicitly stores
all edit instances in an additional momery base.
The SERAC (Mitchell et al., 2022b) model con-
sists of Edit Memory, Classifier, Counterfactual
model and Base model. By assessing the relevance
of input to memory, the selection of which model
to use for inference is determined. Based on the
powerful in-context learning and reasoning capa-
bilities of large language models, methods such as
IKE (Zheng et al., 2023) and MeLLo (Zhong et al.,
2023) improve the output capabilities of language
models by retrieving relevant examples from mem-
ory as relevant contextual hints, without relying on
additional trained models.

Extra Structure. This type of method intro-
duces additional structures into the current lan-
guage model for training, allowing these additional
structures to learn edit cases-related knowledge.
First, FF-layers (Geva et al., 2021) proved that the
feed-forword layer (FFN) in the language model is
very similar to the neural memory network. The
output of the feed-forward layer is a combination of
memories, which is then aggregated to produce the
final output distribution. This provides support for
subsequent work where additional structures can
be inserted. CaliNet (Dong et al., 2022) calibrates
the factual knowledge in the LLM and updates the
output of the FFN by adding new slots. Similarly, T-
patcher (Huang et al., 2023) integrates a neuron at
the last layer FFN of the model for each case error.
When an error is encountered, the corresponding
neuron takes effect.

3.2 Parameter Updating Approach

These methods of updating language model param-
eters is not suitable for black-box models due to
them reliance on accessing internal model details.

Meta Learning. The meta-learning method uses
a super network to learn to generate new parameters
of LLM. Among them, KE (De Cao et al., 2021)
trains a super network based on edited memory

and uses it to learn and update parameters in the
language model. The trained hyper network is able
to update the parameters of the language model in
real time when a single fact needs to be modified.
Similarly, MEND (Mitchell et al., 2022a) use small
auxiliary editing networks fine-tunes the language
model by employing a low-rank decomposition of
the gradient.

Locate-Edit. This type of methods first supple-
ments or repairs specific knowledge by locating
relevant facts or errors and updating parameters
at corresponding locations. ROME (Meng et al.,
2022a) developed a causal intervention that identi-
fies neuronal regions whose decisive role the model
predicts relevant facts. Think of model editing as
a least squares method with linear equality con-
straints to solve and further update the parame-
ter matrix of the relevant region via the Lagrange
multiplier method. However, the ROME method
can only edit one fact association at a time, while
MEMIT (Meng et al., 2022b) extends it to multiple
layers and stores thousands of fact associations in
batches. PMET (Li et al., 2023) finds that when
new knowledge is introduced, the weights of multi-
head self-attention (MHSA) do not need to be up-
dated, so only the hidden state of FFN is optimized
in PMET to accurately update the model weights.

4 Method

We employ parameterized editing and lever-
age retrieval-augmented in-context prompting ap-
proach for its application in massive model editing
tasks.

4.1 Knowledge Injection

We first use the MEMIT (Meng et al., 2022b)
method, an extensible multi-layer update algorithm,
to inject knowledge into the language model. For
all edit facts f; (s;,74,0,) € F, apply formula 2 to
optimize a residual vector §; via gradient descent
so that update the hidden state hZL at layer L. The
optimized model is able to maximize the prediction
of the desired object 0.
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Given a set of edit fact prompts,
{z;®p(si,ri)} is concatenating the ran-

dom prefix x; to a templated prompt to aid
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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 (hZL + = 5i)
operation is called "hooking", which uses the
updated hidden state to execute the model. Like
formula 3, propagate J; on predefined editing
layers | € Ry, 1y, that is, find a matrix Al in
each layer, and update the MLP layer to spread the
d; to the [ layer.

L
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where, h? is the initial embedding of input to-
ken, v and ¢ is layernorm and activation function.
For details on calculating A, please refer to Ap-
pendix A.2.

Building on the advanced methodologies intro-

duced by MEMIT, we compiled thousands of edit-
ing facts from the editing fact repository. Sub-
sequently, we tailored modifications to language
models of various scales, editing multiple layers
for each model. Appendix A.3 describes the hyper-
parameter design of editing different models. This
process involves fine-tuning the internal parameters
of the models to enhance their adaptability to new
knowledge, ensuring the models can accurately
comprehend and apply the latest information.

4.2 Correction and Recollection

In the knowledge injection stage, we packaged
all edited facts to obtain a post-edit model. Sub-
sequently, we further edit the in-scope knowl-
edge by retrieval augmented and fixed in-context
prompt (Wei et al., 2022; Zhang et al., 2022) to
produce more accurate answers. For irrelevant out-
scope knowledge, we utilize in-context recall the
memory of the pre-edit model to maintain model



Algorithm 1 Correction and Recollection

Requested: Post-edit model fé, test facts set {&€, P, N'}, edited facts base F, relevance classifier
g (+), in-scope demonstrations D;,,, out-scope demonstrations D, dense retriever R

Return: Final answer a;
1. Vt; € {€,P,N}
2 al + fylal | t;)
fi — argmaXSimilarityR (tia fl)

fi€F

if True < g(t;, f;) then

a; < fg(ai | [Din @ (ti,a}) ® fi])
else

aj fé (ai | [Dout @ (i, af)])

end if

w

AN

/IGenerate preliminary answers
/[Retrieve the most relevant editing fact

/It; and f; are related
/I is the connection operation, Correction

//Recollection

consistency and pertinenece. Algorithm 1 summa-
rizes correction and recall, and we also provide a
specific case study in Appendix G.

4.2.1 Discriminating Facts

For facts to be verified, different types of knowl-
edge require specific in-context prompt templates
to achieve targeted processing. The key is how to
distinguish different types of knowledge (in-scope
or out-scope). As shown in fig. 2b, for any knowl-
edge t; to be detected, use the dense retriever (Izac-
ard et al., 2022) to perform a retrieval to access
the edited facts base to obtain f; that is most rel-
evant to ¢;. In fact, for in-scope knowledge, rel-
evant knowledge can be easily retrieved, but for
out-scope knowledge, even if the most relevant
knowledge is output, theoretically this knowledge
has nothing to do with ¢;. Here we design four
methods to check the correlation between f; and
t;. Including using in-context, subject, similarity
and neural network classification. Please see Ap-
pendix D for details.

4.2.2 Demonstrations

To guide the model on how to exploit relevant re-
trieval facts, we added different types of in-context
demonstrations for in-scope and out-scope knowl-
edge respectively. Please refer to Appendix E for
the demonstration content. For in-scope knowl-
edge, the purpose of the demonstration is to further
verify whether the MEMIT-edited model knowl-
edge is accurate. If it is inaccurate, it will be
corrected by retrieving the knowledge and then
output. For out-scope knowledge, the purpose of
the demonstration is to recall the memory of the
pre-edit model to reduce the impact of irrelevant
knowledge when editing with MEMIT.

4.2.3 Joint Reasoning

Given the demonstrations as in-context prompt,
connect the demonstrations, and test fact input into
the post-edit model. By modeling this informa-
tion, the likelihood of the final output is inferred.
The entire process aims to combine model editing,
evaluation, retrieval and reasoning under a unique
model to achieve rapid integration of new knowl-
edge and effective correction of answers.

In-scope. For example, in fig. 2b, for in-
scope knowledge, when the MEMIT-edited model
answers the test fact t; "Danielle Darrieux
spoke the language _" the preliminary answer is
"French". But the model has been edited with new-
knowledge, and the correct answer should be "En-
glish". Based on intensive retrieval, t; is used as
a query and the edited fact fi "The mother tongue
of Danielle Darrieux is English." is retrieved. Con-
nect in-scope demonstrations, t1, the initial answer
and retrieval knowledge f; are input into the model
again for correction, and the final output corrected
answer through demonstration guidance is "En-
glish".

Out-scope. Likewise, for out-scope test knowl-
edge to "Esther Rantzen, who works for _". When
the model edits the irrelevant knowledge "Emma
Willis, who is employed by Google.", it may mistak-
enly affect the answer of 5 as "Google". Retrieve
the most relevant information fo "Emma Wills, who
is employed by Google." based on 9. After to and
fo are judged to be irrelevant, the retrieved knowl-
edge is discarded and the out-scope demonstrations,
to and initial answer connections are fed into the
model. Through demonstration guidance, the pre-
edit model’s memory can be recalled to output the
correct answer "BBC".



5 Experimental & Analysis

5.1 Setup

DataSets: We evaluate our method on two knowl-
edge editing datasets, Counterfact (Meng et al.,
2022a) and MQuAKE (Zhong et al., 2023). The
MQuAKE dataset is aimed at the downstream
tasks of QA(questiom and answer). Therefore, the
counterfact data set and the MQuAKE series data
set also have different forms. Please see the Ap-
pendix B for details on the data format.

Large Language Models: In the course of
our research, we employed language models with
varying parameter magnitudes to serve as the
baseline model for RAINPOEM. The baseline
models encompass GPT2-XL(1.5B), GPT-J(6B)
and LlaMa2(7B), each defined as white-box lan-
guage models where in the internal parameters are
amenable to modification through model editing
approach, thereby enhancing adaptability for un-
known data.

Knowledge Editing Method: We use MEMIT
(an extension of the ROME method) to modify the
parameters of the language model. Enhanced capa-
bilities by allowing multiple edits across multiple
layers simultaneously, with the ability to update
thousands of memories at once.

Evaluation Metrics: Following previous
works (Meng et al., 2022b; Zhong et al., 2023),
different evaluation metrics are reported on both
datasets. On the counterfact dataset, the Success
and Accuracy are reported in three aspects: Re-
liability, Generalization and Specificity. Where
Success is the ratio of the probability of outputting
a new object greater than the probability of the
original object (opposite in Specificity). Accuracy
evaluates whether the output object is a new object
(original object in Specificity). On the MQuUAKE
dataset, follwing MeLLo, We report averaged One-
hop Acc and averaged Multi-hop Acc, which mea-
sure accuracy on question answering tasks.

Please see the Appendix C section which pro-
vides a detailed description of the relevant evalua-
tion formulas.

5.2 Evaluation on Counterfact Dataset

We assessed the effectiveness of our method on the
authoritative counterfact dataset and compared its
performance with state-of-the-art methods.

5.2.1 Evaluating RAINPOEM

We adopted two sets of GPT models with different
parameters and evaluated their performance on the
Counterfact dataset. Table 1 shows our evaluation
results under the setting of editing 10,000 facts
at one time. Among them, the pre-editing model
serves as the base because it knows nothing about
the editing facts and scores low in reliability and
generalization, especially in terms of accuracy.

When using current advanced editing methods
for massive knowledge injection, we observe that
the model’s editing success rate is significantly im-
proved in terms of reliability and generalization. In
this regard, ROME cannot accurately infer answers
due to writing a large amount of knowledge in a sin-
gle layer, thus reducing the accuracy of editing. In
contrast, the MEMIT method can batch write edit-
ing facts to multiple layers, resulting in significant
improvements in success and accuracy in terms of
Reliability and Generalization. However, in terms
of Specificity, since the editing knowledge affects
the cognitive architecture of the entire model, it
has a negative impact on the previously acquired
knowledge.

Since the in-context classification method used
cannot accurately distinguish in-scope and out-
scope knowledge, the corresponding demonstra-
tions cannot be used correctly, which in turn affects
the ideality of the RAINPOEM results. Please
see table 9 for method classification accuracy. For
RAINPOEM using the other three classification
methods, We can even achieve results similar to the
MEMIT-edited GPT-J model using the GPT2XL
model, which has a relatively smaller parameter. In
particular, thanks to relevant demonstrations, the
model is able to identify errors in in-scope knowl-
edge and proactively correct them. Thus, surpris-
ing results were obtained in terms of reliability and
generalization. Most importantly, for the affected
out-scope knowledge, irrelevant demonstration can
alleviate the negative impact of the edited model in
terms of specificity, rising from 73.5 for the GPT-J
model edited by MEMIT to 77.9.

5.2.2 Ablation study

In order to verify the independence and robust-
ness of two different types of demonstrations, we
conducted ablation experiments based on network
classification using only one of the templates. The
experimental results are shown in table 2. This
consistent demonstrations selection enables us to
focus on the effects of the demonstrations and gain



Score 1 Reliability T Generalization T Specificity 1
Model Editor SS AS ES EA PS PA NS NA
Base 305 02 229 03 239 0.1 773 10.7
ROME 504 04 519 04 495 04 499 04
MEMIT 715 18.0 79.5 46.0 67.0 23.4 69.2 9.8
GPT2-XL RAINPOEM,, /i —co. 75.1 27.1 793 529 754 48.6 71.1  14.0
RAINPOEM,, /5. 87.7 341 99.1 898 964 85.7 7277 154
RAINPOEM,, /4ir,. 869 328 99.1 89.8 942 82.4 724 147
RAINPOEM,, /e:. 867 351 99.2 90.1 919 78.3 733 16.2
Base 213 05 152 04 158 04 83.5 147
ROME 508 02 513 02 506 0.1 50.7 0.1
MEND 252 45 176 3.15 20.1 3.18 80.8 23.7
GPT.J MEMIT 87.6 26.8 99.1 96.1 949 69.9 735 115
RAINPOEM,, /i, —co. 85.1 193 99.8 9438 97.1 88.1 669 7.5
RAINPOEM,, /5. 903 42.6 998 955 97.6 92.2 713 204
RAINPOEM,, /gir,.  90.1 41.8 998 955  96.6 89.5 773 199
RAINPOEM,, /. 903 43,5 998 955 964 87.0 719 213

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

a deeper understanding of the model’s behavior in
in-context learning.

By distinguishing knowledge types and us-
ing only one demonstrations, the performance of
knowledge in the corresponding scope can be im-
proved on the original basis (MEMIT). If no type
distinction is made, but a unified demonstrations
is used instead, the performance will be greatly
affected if the wrong demonstrations is used. It
shows the importance of the designed demonstra-
tions in ensuring correction and recall in model
editing. The role of demonstrations is to provide
appropriate frameworks and guidance for different
scope of knowledge and improve the effectiveness
of the model in editing knowledge.

5.3 Evaluation on MQUAKE Dataset

In addition to the counterfactual regression gen-
eration task, we also tested the performance of
multi-hop and single-hop question answering on
the MQuAKE dataset.

5.3.1 Multi-hop QA

Table 3 presents the research results based on
the GPT-J model on the MQuAKE-CF dataset.
The number of edited facts considers k facts
(k € {100,1000,3000}), as set by Zhong et al.
(2023). Our research finds that on the multi-hop
counterfactual question answering dataset, RAIN-
POEM not only outperforms only editing algo-
rithms (such as MEND and MEMIT) using the
same language model, but also significantly outper-

forms MeLLo, which only relies on retrieval algo-
rithm. This shows that compared to other methods,
RAINPOEM can serve as a powerful knowledge
editing method by combining editing and reasoning
capabilities.

In addition, as the most important aspect of
model editing purposes, we hope that the model
can understand the current knowledge. We also
extend our evaluation on the temporal-based real-
world fact dataset MQUAKE-T at multiple edit
sizes(k € {100,500, 1868}), see table 4. In ad-
dition to the GPT-J model, the more powerful
LlaMa2-7B model was also compiled. Judging
from the performance of the GPT-J model edited
using the MEMIT method, simply writing partial
editing facts into the model does not help the model
in answering multi-hop questions. We should learn
from the ideas of the MeLLo method, stimulate
the model to think about sub-questions, use the in-
jected knowledge to improve the accuracy of the
answers to these sub-questions, and then further
correct these answers. Compared to MeLLo, this
method is very effective. When editing all facts
(1868 facts), the GPT-J model using the RAIN-
POEM method is able to surpass the performance
of using the MeLLo method, improving the multi-
hop Acc by 17.5%.

5.3.2 One-hop QA

To further explore the impact of editing scale on
model performance, we edited MQuUAKE-T facts
at multiple scales into the LlaMa2-7B model, and



Score T Reliability T Generalization T Specificity T
demons type SS AS ES EA PS PA NS NA
In-SCope,, /o,  88.8 268 99.8 955 97.6 89.3 742 11.1
Out-sCOpe,, /oy 89.1 420 99.1  96.1  93.6 67.6 775 21.7
in-scope,, oy  83.8 139 998 955 977 92.7 642 52
out-scope,, 1 874 37.6 959 61.8 899 54.1 78.2 221

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
MEND 9.1 4.3 3.5
MEMIT 9.8 8.1 1.8
GPT-J (6B) MeLLo 125 104 9.8
RAINPOEM | 21.0 133 10.7

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

#Edited-facts 100 500 1868
Base Model Method
GPT-] MEND 174 1277 4.6
GPT-J MEMIT 1.0 02 00
GPT-] MeLLo 457 33.8 307
Vicuna-7B MeLLo 563 526 513
GPT-] RAINPOEM | 59.0 514 482
LlaMa2-7B  RAINPOEM | 61.0 59.0 52.1

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

evaluated the accuracy of the editing method under
the one-hop question. We edited the facts that the
size n € {100, 300, 500, 800, 1300, 1868}, and
evaluated the performance as shown in figure 3. In
the model before editing (Base), it can be observed
that the model lacks any understanding of the new
knowledge. In the MEMIT editing method, as the
editing scale expands, it can be seen that the overall
model performance shows a downward trend, and
the MEMIT method fluctuates greatly on the aver-
age one-hop Acc and seems to be more sensitive
to the editing scale. On the contrary, although the
RAINPOEM method also has a slight decline as
the editing scale increases, it is more robust to the
scale of editing data with the help of the error cor-
rection mechanism. In order to further explore the
advantages of our RAINPOEM method compared
with the MEMIT method, we made a more detailed
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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
refer to Appendix F for evaluation experiments and
details.

6 Discuss & Conclusion

In this paper, we delve into the challenges faced
by large language models (LLMs), specifically the
dilemma when dealing with errors or information
that is not relevant to the current timeline. Tradi-
tionally, retraining a completely new LLM is an
expensive task, and adjusting model weights when
information changes can lead to unpredictable rip-
ple effects.

We introduce a new method RAINPOEM based
on current model editing. This method provides
more robust answers by more comprehensively
evaluating the results of the editing model through
retrieval and in-context learning to correct new
facts and recall old knowledge. Experiments con-
firmed the potential of combining parameter editing
and retrieval augmented methods in model editing
tasks. Overall, the RAINPOEM method represents
an important improvement over existing model edit-
ing methods, providing useful insights into the fu-
ture ability to understand and optimize LLMs.



Limitations

The limitations inherent in our study encompass
the following aspects.

* One limitation of the proposed RAINPOEM
approach is its reliance on appropriate edit-
ing technique. The effectiveness of the model
editing process depends on the adoption of
appropriate editing strategies. In situations
where massive edit information needs to be
incorporated, some editing methods may in-
advertently disrupt model parameters, (such
as ROME), resulting in a loss of reasoning ca-
pabilities. This potential limitation will cause
the language model to lose the ability to mod-
ify answers during the error correction pro-
cess.

* Another inherent limitation occurs during the
classification phase, where the model relies on
corresponding in-context demostrations to cor-
rect errors and recall memory. This accuracy
of classification introduces a degree of uncer-
tainty. Secondly, the dataset is not clear, and
the out-scope of some facts is the in-scope of
other facts, which will affect the performance
of classification in massive editing. Therefore,
the classification accuracy of the proposed
method is closely related to the efficiency and
accuracy of model editing, which poses chal-
lenges when facing unclear datasets.

In conclusion, this study provides valuable in-
sights, but the limitations mentioned need to be ac-
knowledged. Specifically, it should be recognized
that appropriate editing techniques are needed to
modify model parameters, where correction and
recall rely on effective knowledge classification
mechanisms. Addressing these limitations in fu-
ture research efforts will further improve the ef-
fectiveness and applicability of the RAINPOEM
paradigm in massive knowledge editing tasks.
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A Implementation Detail

A.1 Experiment Environment

All editing and evaluation experiments were run on
a workstation with NVIDIA RTX A6000 GPU. The
pre-trained weights of the loaded language model
come from HuggingFace transformers (Wolf et al.,
2019) in version 4.30.1, and Pytorch (Paszke et al.,
2019) version is 2.01.

A2 MEMIT

In the MLP layer, facts are usually stored as key-
memory pairs. The MLP output layer weight be-
fore editing is defined as:

LT 2
W = argmin Z HWI{:Z —my (@Y)
W=t

where k; is defined encoding subjects, m; is the
corresponding memory encoding. After editing,
as shown in formula 3, A needs to be calculated
to update Wy, resulting in a new weight matrix
Wout to store the new association.

Wout = Wout +A (5)
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Because multiple new association constraints are
added, formular 4 is further defined as:

e

i=n-+1

2
+

2)
The above formula can be optimized by solving

the normal equation. Meng et al. (2022b) described
it in block form as follows.

R A )
Wout = argmin
174

(6)

I/T/vout [ Ko Ky ] [ Ko Ky ]T

[ My My ][ Ko i)'

(7

According to formula 5, formula 7 is further sim-
plified to:

A (KoK§ + KiK{) = MiK{ — Wou K K{
(8)
Define C £ KoK{ and R = My — Wy K1,
where C' is a constant proportional to the non-
central covariance of K, which can be estimated
from the Wikipedia text, and R is the residual of
the new association and the old weight, which is
considered to evenly distribute §; to the remaining

layers. Formula 8 is simplified to:

()]

To calculate A, the process on all edit facts F
and predefined edit layers R is as follows:

A =RKT (C+ K, KT)™

for [ €Ry,. .1y
for  fi (si,7i,0;) € Fp1.m)

kl-—lik(w-+s')
Z_szl J 7
. 5, (10)
A
K’:[ki...k;}
Rl:[rll...rﬂ

According to the above formula 10, X! and R’ of
all new associations are calculated on layer [, and
Al is calculated by combining formula 9. In the
MLP layer of the pre-edit layer, the weights are
updated according to the following formula, and
the new association is stored in the language model
to complete the update.

Wl

out

=wl, + Al (1)
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A.3 [Editing Hyperparameters

All hyperparameters about using MEMIT to edit
GPT2-XL, GPT-J and LlaMa2-7B can be found
in the EasyEdit code (Wang et al., 2023a). The
important parameters are shown in table 5. ¢ and

Model n t R
GPT-2XL | 0.5 20 [13,14,15,16,17]
GPT-J 05 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.

7 are the number of steps and learning rate of d;
optimization respectively, and R is the model layer
to be edited.

B DataSet

MQuAKE contains two types of datasets, one
is the counterfactual dataset, MQuAKE-CF, like
Counterfact. The other is MQuUAKE-T, which
updates real-world data based on the time-
line(2023.05) when the dataset was presented.
Counterfactual datasets are presented with data
outside the scope by replacing entities related to
the subject, thereby assessing the effectiveness of
model editors in making appropriate adjustments in
the face of data changes. The time-base fact dataset
is obtained by updating the real facts based on the
latest information on the current timeline.

B.1 Counterfact

The form of data in Counterfact is mainly rep-
resented by the cloze-style. For the edit data
fi (si,7i,0}) € F, its definition form is as in ta-
ble 6. The editing process writes (s;,7;) — 0], to
the model to replace the previously pointed o;.

In addition, there is a set £ for evaluating Reli-
ability, whose content is usually the same as the
original F. The set P for evaluating Generalization
is rewritten from F in order to test the generaliza-
tion performance of the post-edit model. The set N/
for testing Specificity, which represents the same
semantics as JF but unrelated facts, in order to test
the deterioration of the model after editing.

B.2 MQuAKE

Unlike the Counterfact dataset, MQUAKE is im-
plemented in the form of question and answer. As
shown in table 7. For editing facts, there is a one-
hop question set Onehop@ and a multi-hop ques-



Edwin of Northumbria

The official religion of {} is _
Christianity

Islam

The official religion of Edwin of Northumbria is _

Di1-
Di2-

Edwin of Northumbria follows the religion of _
Edwin of Northumbria is affiliated with the religion _

n51.
142.
1n43.
Nniq.
nis5.
ni6.
e
;8.
1n49.

ng

Lady Gaga is follower of _

The official religion of Charles Aznavour is _
Nicolas Sarkozy is affiliated with the religion _
Andrew Johnson is affiliated with the religion _
The official religion of Paul is _

Ringo Starr is follower of _

The official religion of Nicolas Sarkozy is _
The official religion of Andrew Johnson is _
Orson Welles is affiliated with the religion _

n;10. Quentin Tarantino is affiliated with the religion _

Table 6: Formulation of the Counterfact Dataset.

New York City

a Bill de Blasio

o, | Eric Adams

The name of the current head of the {} government is _

OnehopQ

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

MultihopQ

mg;1. 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?

mq;3. 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 expected
that the answer output by the post-edit model can
correspond to the new editing fact of.

C Evaluation Metrics

C.1 For Counterfact

In order to be consistent with previous
works (Mitchell et al., 2022a; Meng et al.,
2022a) on the comparison of counterfact dataset
results, we report the evaluation formulas
in Reliability, Generalization and Specificity
respectively.

C.1.1 Reliability

Efficacy Success(ES), that is formula 12, is the
proportion of cases where the output o} probability
of the fact e; from the set £ is greater than o;.

E(Sz‘ﬂ’i)Nf {fé (O; | (Sivri)) > fé (Oi | (Siﬂ"i))}
(12)
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Efficacy Accuracy(EA), the formula 13 is a
proportional situation where the output is o}.

Eop oyt {argmaxfé (0] (si,74)) = } (13)

C.1.2 Generalization

Similar to Reliability, the fact p; from the rephras-
ing set P is used to test Paraphrase Success(PS),
formula 14, and Paraphrase Accuracy(PA), for-
mula 15.

E(Si,Tz‘)NP {fé (0; | (Siari)) > fé (Oi | (Siari))}
(14)

E(Si,m)NP {argmaxfé (o] (siymi)) Og} (15)
C.1.3 Specificity

The Neighborhood Success(NS), and Neighbor-
hood Accuracy(NA), metrics of the fact n; in



the neighborhood set A are evaluated in terms of
Specificity, formula 16 and formula 17. We expect
the model not to change the answers to these ir-
relevant facts after editing, they should output the
original answer o;. n; in the same group have the
same answer.

E(Si,Ti)NN {fé (O; | (SivTi)) < fé (Oi | (SiaTi))}
(16)

Eaproyon {argmaxfé (0] (s5,1)) = } a7

In addition, we also introduce Success Score(SS)
and Accuracy Score(AS), which represent the har-
monic mean of the evaluation results of (ES, PS,
NS) and (EA, PA, NA) respectively.

C.2 For MQUAKE

One-hop accuracy and Multi-hop accuracy mea-
sure the accuracy of one-hop questions and multi-
hop questions respectively after editing. One-hop
accuracy and multi-hop accuracy are respectively
defined as formula 18 and 19.

E(og)~00 [ \ [fale) = 02}] (18)
qcoq;

E(mg)~Mmo [ \ [file) = o;]] (19)
qemag;

D Methods of Classify Scope

In order to effectively distinguish in-scope text
and out-scope text in the couterfact dataset, we
designed four classification methods. These meth-
ods include natural language processing techniques
and machine learning and deep learning algorithms
designed to improve the accuracy and efficiency
of text classification. Through these classification
methods, we can more accurately divide test facts
into content that is in-scope facts and out-scope
facts. We tested the accuracy of these four meth-
ods for classifying knowledge scope and provide
the classification accuracy in table 9. In addition,
we also migrated the four classification methods
designed to the SERAC (Mitchell et al., 2022b)
model and extended the SERAC method. Please
refer to table 10 for performance.
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D.1 In-context classification method

The first method is classification based on in-
context learning, which uses context learning to
classify text by analyzing whether the two input
sentences ‘input’ and ‘retrieval’ are related. It is
hoped that large language models can be used to
better understand the inherent correlation of texts.
The in-context template is shown in table 8. We
make sentences according to the template and send
the template to the language model. If the model
outputs *Yes’, the test fact is considered to be an
in-scope fact. Otherwise, it outputs 'No’ and is
considered to be out-scope fact.

D.2 Subject classification method

The second method is based on subject classifica-
tion, as shown in formula 20. By building a subject
library S that contains the subjects of all editing
facts. For each test fact ¢; to be detected, as long as
the subject exists in the subject library, the sentence
is classified as in-scope; otherwise, it is classified
as out-scope.

S = {suby,, suby,, ..

3

D.3 Similarity classification method

.,Subfn},fi e F

(20)

in-scope  if suby, € S

out-scope  if suby, ¢ S

The third method is to perform similarity calcula-
tion between test fact and retrieval fact by using the
pre-trained model "all-MiniLM-L6-v2" (Reimers
and Gurevych, 2019), as shown in formula 21. We
use this pre-trained model to encode two sentences
separately to obtain their embedding features F,
and E,,, and then use cosine similarity to measure
the similarity between them. Finally, the similarity
threshold § is set to determine whether the two
sentences are related. In this method, we set 5 to

"

where C'_S(, ) is a function that calculates cosine
similarity.

if C_S(Ey,, En) > B
if C_S(Ey,, Er,) < B

in-scope

21

out-scope

D.4 Siamese network classifier

The fourth method is designed to train a siamese
network, as shown in the figure. Two par-
allel branches share the weights of the pre-
train model "all-MiniLM-L6-v2" (Reimers and



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 Magbool 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 sentence
features. Subsequently, the fully connected feature
fusion layer is used to calculate the difference be-
tween the two branch features, and the result is
finally output through the classification layer and
sigmoid function, as shown in the formula 22. The
trained Siamese network can better handle the rela-
tionships before the input fact sentences and learn
more generalizable representations from the train-
ing process.

Embedding
t, feature extraction —
1 network
t -\
all-MiniLM-L6-v2 - » SO
te @i OF
Embedding )
T. feature extraction — Differencing P
! network embedding O
Figure 4: Siamese network ¢ (, ) structure
. in-scope  if o(g(t;,7;)) > 0.5 22)
i= .
out-scope  if o(g(t;, 7)) < 0.5

where ¢ (, ) is the siamese network, o (+) is the sig-
moid function. Because the final output is through
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the sigmoid function, 0.5 can be used as the default
threshold. This method avoids the subjectivity and
uncertainty caused by manual threshold adjustment
in method three D.3.

E Demonstrations Detail

In in-context learning, using several examples to
form a demonstration context, and then splicing
this demonstration context with the query question
to form a prompt input into the model can signif-
icantly improve the model’s ability to solve com-
plex tasks. In addition, Min et al. (2022)’s work
also proved that what in-context learning learns is
not the simple association between demonstration
and input, but the ability to activate the pre-trained
model by displaying the data form. Based on this
important conclusion, we constructed demonstra-
tions for in-scope knowledge and out-scope knowl-
edge respectively to activate the model correction
and recall capabilities. Table 11 mainly shows the
demonstrations built for the counterfact dataset.



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 98.6 952 894 655 742 112
subject 90.3 276 99.1 96.1 945 69.8 79.7 119
similarity 88.2 259 99.1 96.1 89.0 659 789 11.1
scope classifier 86.5 284 99.1 96.1 82.0 59.7 80.7 12.7
Table 10: like-SERAC mechanism results

F Additional Category Experiments of P37: What i the official language of [X]? S 603

MQuAKE Dataset PS()‘: Who i?fhe author of [X]? 609

P413: What position does [X] play? IS 67

In order to deeply study the performance of RAIN- Y m——

POEM on different types of data, we conducted
statistics on the fact types containing more than
500 edit facts in MQuAKE-CF. The specific data is
shown in statistical figure 5. We evaluated the per-
formance of the algorithm on each type of question
based on one-hop questions, aiming to understand
which question types the language model has more
learning advantages and the ability to correct errors
on this type of problems. In order to maintain con-
sistency in editing standards, we randomly selected
500 facts from each question category for editing
and evaluation.

Figure 6 reports the performance on these cat-
egories. Obviously, the RAINPOEM method
achieves better one-hop Acc scores in all these
types. In addition, the experiment also proved that
not all types of facts can be smoothly written into
the model, such as P112, P36 and P641. Corre-
spondingly, the RAINPOEM method also faces
some challenges when facing these types of prob-
lems.

G Case Study

We illustrate case studies of in-scope and out-of-
scope knowledge using two test fact examples from
the counterfactual data set that were successfully
corrected and recalled. As shown in table 12a
and 12b respectively.

After obtaining the post-edit model, input the
fact to be evaluated (marked in ) and obtain
a preliminary answer (marked in ). And re-
trieve relevant fact (marked in blue) from the edited
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P112: Who founded [X]? | IEEE <69

P36: What is the capital of [X]?

955

type of edit facts

P641: Which sport is [X] associated with? 1528

P27: What is the country of citizenship of [X]? | IEEEEEEEG—_— (626

P495: Which country was [X] created in? 2136

0 500 1000 1500 2000 2500

Quantity of edit facts

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-
nect demonstration, test fact to be evaluated, pre-
liminary answer and retrieval fact (required only for

in-scope knowledge) as prompt (marked in ).
And then the prompt is sent to model inference to
generate the final answer (marked in ).



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.
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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’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 ,and is
connected to the in-scope in-context demonstrations for correction.

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 ,and
is connected to the out-scope in-context demonstrations for recollection.

Table 12: Tllustrations of counterfact dataset case studies. The part is the test fact to be evaluated serve as input
to the post-edit model. The 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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