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Abstract

Since their emergence, large language mod-
els (LLMs) have rapidly advanced, exerting
substantial influence across various domains.
Consequently, the importance of model editing
techniques, aimed at locally correcting out-
dated or incorrect knowledge within language
models, has grown significantly. However,
traditional model editing methods face limi-
tations: They cannot guarantee that highly re-
lated knowledge will transfer to the post-edited
model, and they often rely on external knowl-
edge bases to address this issue. In this paper,
we propose a novel approach that leverages the
internal knowledge of the language model to
overcome the shortcomings of existing meth-
ods. First, we explore how to recall indirect
associated knowledge from the model itself,
which can be utilized in the editing pro-
cess. Building on this, we propose MAKE
(Memory-Associated Knowledge Editing),
an editing method that takes into account
the transfer of associated knowledge. As a
result, MAKE successfully updates associ-
ated knowledge and achieves state-of-the-art
performance in experiments conducted on
the zsRE+, COUNTERFACT+ and MQuAKE
datasets.

1 Introduction

Since their emergence, large language models
(LLMs) have had a tremendous impact on both
academic and industrial research fields (Brown
et al., 2020; Touvron et al., 2023; Qiao et al., 2023;
Zheng et al., 2023b). LLMs are pre-trained on mas-
sive amounts of parameters based on large-scale
corpora and, through instruction tuning for vari-
ous tasks, can generate appropriate responses in
practical scenarios. Nevertheless, LLMs still face
several inevitable limitations. One of these limi-
tations is that LLMs struggle to keep up with the

ever-changing factual knowledge of the real world
(Wu et al., 2024; Zhao et al., 2024). The knowl-
edge of an LLM is fixed at the time it completed
its last training. Therefore, when asked questions
about knowledge beyond that point, it may pro-
vide inaccurate responses. Another limitation is
the issue of bias and hallucinations resulting from
flaws in large-scale corpora (Zhang et al., 2023,
2024b; Gallegos et al., 2024; Yang et al., 2024b).
The massive corpora used for pre-training LLMs
are mostly composed of data collected from the
internet. While collecting data online allows for
relatively easy construction of large corpora, it is a
challenging task to thoroughly review and ensure
the corpus is flawless. As a result, biased or incor-
rect knowledge may be used during pre-training,
which can lead to bias and hallucination issues
in LLMs. The most intuitive way to address this
issue is to collect data containing the correct fac-
tual knowledge and retrain the model from scratch
each time. However, retraining the model from
scratch just to correct a portion of the knowledge
is highly inefficient. Therefore, there is a need
for methods that can correct the model’s incor-
rect knowledge and generate accurate responses
without having to retrain the model.

Recently, various model editing techniques
have been proposed to achieve this (Yao et al.,
2023; Wang et al., 2024). Model editing (or
knowledge editing) aims to effectively modify
the model’s behavior related to the target of the
edit while preserving its behavior in other areas. In
one representative approach, ROME (Meng et al.,
2022), the authors observed that feed-forward net-
work (FFN) of a specific transformer layer acts as
key-value memories that recall factual knowledge
(Geva et al., 2021). ROME adjusts the output of
the FFN by calculating the optimal latent value
needed to generate new objects and edits the
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Figure 1: Examples of existing knowledge editing methods and proposed editing methods. (a) visualizes the
existing knowledge editing method in the form of a knowledge graph, while (b) illustrates the proposed method
(MAKE). For effective knowledge editing in language models, it is necessary to completely sever connections
with the existing knowledge and facilitate the transfer of new knowledge along with its associated information.

FFN’s weights accordingly. Since it limits modi-
fications to parameters that contribute to the target
knowledge, it allows for efficient editing while
preserving knowledge unrelated to the target.
Subsequent studies similarly focus on calculat-
ing latent values that maximize the probability
of generating new objects (Meng et al., 2023; Li
et al., 2024). However, a method that solely fo-
cuses on generation probability has several issues.
Figure 1 compares existing knowledge editing
methods such as ROME and MEMIT with the
proposed method, MAKE (Memory-Associated
Knowledge Editing). Knowledge is generally rep-
resented as triples in the form of (subject, relation,
object), which together form a knowledge graph.
When existing knowledge editing methods are ex-
pressed as a knowledge graph, they correspond to
Figure 1(a). These methods perform editing by in-
creasing the probability of generating a new object
in response to an ‘‘editing request’’. For exam-
ple, if the model originally knows the knowledge
(U.S., president, Joe Biden), the editing modi-
fies it so that the new object, ‘‘Donald Trump,’’
replaces ‘‘Joe Biden.’’ However, this approach
has a limitation: It struggles to transfer knowl-
edge associated with ‘‘Donald Trump’’ into the
edited model. This issue arises because the ex-

isting methods merely increase the probability
of generating specific words without considering
the associated knowledge of ‘‘Donald Trump.’’
Additionally, there remains a problem that the
connection between ‘‘U.S.’’ and ‘‘Joe Biden’’
is not entirely severed. Even if the probability
of generating ‘‘Donald Trump’’ is significantly
increased, there is still a residual probability of
generating ‘‘Joe Biden,’’ and it is difficult to com-
pletely remove knowledge associated with ‘‘Joe
Biden.’’ As a result, when answering a question
like Q2 in Figure 1 which queries related knowl-
edge of the edited entity, the model may still
provide responses based on the previous object,
‘‘Joe Biden.’’ The editing method proposed in
this paper, as illustrated in Figure 1(b), severs the
connection with the previous object and transfers
both the new object and its associated knowledge.
This approach is similar to how knowledge is
edited in a knowledge base. A language model
implicitly stores diverse knowledge learned from
large-scale data. Unlike knowledge graphs, this
characteristic makes it challenging to directly
extract and edit specific knowledge. Therefore,
we leverage appropriate contexts to indirectly
extract and utilize knowledge. For example, to
extract knowledge that the model associates with
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‘‘Donald Trump,’’ we can input ‘‘Donald Trump,
also known as,’’ into the model and use the
generated result as an indirect representation of
the associated knowledge. We refer to suffixes
like ‘‘also known as’’ as Context Recall Trig-
gers (CRT) and design several such suffixes to
aid in knowledge editing. Additionally, we utilize
the indirectly acquired knowledge to develop two
loss functions that facilitate the transfer of associ-
ated knowledge for the new object while severing
the associated knowledge of the previous object.
The first is the Associated Memory Assignment
(AMA) loss, which aims to incorporate the asso-
ciated memories of the new object (e.g., ‘‘Donald
Trump’’ in Figure 1) into the latent value. The
AMA loss works by attaching suffixes to the new
object and the edit prompt, and then ensuring that
the two resulting probability distributions become
similar. The second is the Irrelevant Memory In-
validation (IMI) loss, which aims to sever the
connection to the associated memories of the pre-
vious object (e.g., ‘‘Joe Biden’’ in Figure 1). The
IMI loss uses the top-k token sets generated by
attaching suffixes to the previous object and the
edit prompt. It lowers the generation probabilities
of the tokens that belong to the intersection of
the two top-k token sets, effectively disconnecting
the model from the associated memories of the
previous object.

The contributions of this paper are as follows:

• We explore a method to elicit the model’s
inherent memory of the target for editing. As
a result, we observe that the language model
contains sufficient related knowledge that can
be effectively utilized for knowledge editing.

• To leverage the inherent memory of language
models for knowledge editing, we propose
two loss functions with distinct roles: AMA
and IMI. Based on these two loss functions,
the proposed method can update the model’s
associated knowledge of the object.

• The proposed method demonstrates superior
performance in knowledge editing across var-
ious language models. In particular, it proves
to be highly effective in improving the editing
of associated knowledge.

2 Related Work

Model editing is a method for modifying a
model’s behavior regarding specific knowledge

without retraining it. Model editing can be catego-
rized into methods that either preserve or modify
the parameters of the backbone model. One of
the most representative parameter-preserving ap-
proaches is the use of memory modules (Lewis
et al., 2020; Mitchell et al., 2022b; Zheng et al.,
2023a). This method updates the knowledge to
be edited exclusively within an external mem-
ory module and retrieves it during inference to
modify the model’s output. Recent LLMs can
autonomously edit their outputs by incorporating
retrieved knowledge through in-context learning.
However, this approach has a major limitation:
Its effectiveness is highly dependent on retrieval
accuracy, and it does not fundamentally alter the
knowledge stored within the model. In contrast,
parameter-modifying editing methods are rela-
tively free from this limitation. By identifying
and modifying only the specific regions of the
model responsible for storing the target knowl-
edge, these methods enable stable and efficient
knowledge editing. This approach is known as
Locate-then-Edit, which has recently been ex-
plored through various techniques (Yao et al.,
2023; Wang et al., 2024). Dai et al. (2022) con-
sider the feed-forward network (FFN) within a
transformer as key-value memories (Geva et al.,
2021). They propose a method to identify specific
neurons in the FFN that influence the output of
the language model and edit them to change the
model’s output. Meng et al. (2022) further refine
this approach by utilizing causal tracing (Pearl,
2022; Vig et al., 2020a,b) for more precise pa-
rameter detection. As a result, they discovered
that the FFN in specific transformer layers plays a
crucial role in recalling knowledge, and they pro-
posed ROME, a method that updates the weight
matrix of the relevant FFN to fit the target of the
edit. MEMIT (Meng et al., 2023) builds on this by
applying a progressive editing method across mul-
tiple layers, allowing for stable knowledge editing
even for multiple targets. Li et al. (2024) point
out that, in addition to the FFN, the multi-head
attention mechanism also contributes to recalling
factual knowledge. They propose PMET, an im-
proved editing method that considers the influence
of both multi-head attention and FFN. While the
previously mentioned studies effectively perform
direct edits on the given knowledge, they do not
consider the associated knowledge. However, to
achieve a complete edit of the model’s behavior,
it is necessary to consider the ripple effects that
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the target knowledge may have (see the example
in Figure 1) (Cohen et al., 2024). To address this
issue, Zhang et al. (2024a) propose GLAME, a
method that utilizes external knowledge bases to
incorporate associated knowledge into the editing
process. GLAME extracts a knowledge sub-graph
related to the target knowledge from an exter-
nal knowledge base and applies graph encoding
methods (Schlichtkrull et al., 2018; Lv et al., 2021)
to integrate the knowledge graph information into
existing editing methods. As a result, GLAME
achieves model editing that maintains the perfor-
mance of existing methods while also ensuring
portability. However, the process of accessing an
external knowledge base and extracting a sub-
graph each time a new knowledge editing target is
introduced is inefficient. According to existing re-
search, language models can serve as knowledge
bases (Petroni et al., 2019; Roberts et al., 2020;
Jiang et al., 2020; Shin et al., 2020). Taking this
characteristic of language models into account,
we propose a novel model editing method, which
ensures the editing of associated knowledge based
on the model’s internal knowledge.

3 Methodology

3.1 Preliminaries
3.1.1 Model Editing
The goal of model editing is to replace the
knowledge embedded in the language model
F , represented as (s, r, o), with new knowledge
(s, r, o∗), thereby changing the model’s behavior.
Here, s, r, and o refer to the subject, relation, and
object, respectively, and o∗ represents the new
object that will replace o. Practically, a prompt x
(e.g., ‘‘The capital of France is’’) that expresses s
and r is used as the editing target, and after edit-
ing, the model is expected to generate o∗ instead
of o when x is provided (e.g., ‘‘Paris’’ → ‘‘Bei-
jing’’). After editing, the model F ′ must satisfy
the following conditions.

F ′(x) =

{
o∗, if x ∈ I(s, r, o∗)

F (x), if x ∈ O(s, r, o∗)
(1)

In the equation, I(s, r, o∗) represents all samples
within the scope of the editing target. This includes
both the direct editing target x and all paraphrase
prompts related to x. In other words, the first line
indicates that the post-edited modelF ′ must output

o∗ regardless of how the editing target is expressed
in the prompt. O(s, r, o∗) refers to samples outside
the scope of the editing target. Since these are not
part of the editing target, when their prompts are
input, the edited model should produce the same
output as the original model F . Considering the
editing of associated knowledge, the edited model
must satisfy the following conditions.

F ′(x) = oE , if x ∈ E(s, re, oe) (2)

In the equation, E(s, re, oe) denotes the scope
of the editing target, which is extended to the
associated knowledge. re is a relation expressed
through r, and oe refers to the object associated
with s and re. This implies that the post-edited
model must not only account for the editing target
but also ensure consistency with all knowledge
associated with the new object. For example, after
editing the capital of France to Beijing, when
the prompt ‘‘The most famous architecture in the
capital of France is’’ is given, the model should
generate ‘‘Forbidden City’’ instead of ‘‘Eiffel
Tower,’’ reflecting the knowledge of Beijing’s
famous architecture.

3.1.2 Editing Method
MEMIT (Meng et al., 2023) assumes that in lan-
guage models, the FFNs of specific transformer
layers function as key-value mapping memories
for recalling knowledge (Geva et al., 2021). The
FFN consists of two linear layers, where the out-
put encoded by the first linear layer is defined
as the key representation, and the output passing
through the second linear layer is defined as the
value representation. MEMIT edits the weights of
the second linear layer to compute the value rep-
resentation that induces the generation of o∗ when
p is input. The post-edited weight that MEMIT
seeks to compute is defined as follows.

W1 � argmin
Ŵ

(

n∑
i=1

‖Ŵki−vi‖2+
n+u∑

i=n+1

‖Ŵki−vi‖2)

(3)

In the equation, k and v represent the key
and value representations, respectively. The term∑n

i=1 ‖Ŵki − vi‖2 represents the n pieces of
existing knowledge that the model must retain,
while

∑n+u
i=n+1 ‖Ŵki−vi‖2 represents the u pieces

of knowledge that the model must newly up-
date. Applying the normal equation to the above
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Suffixes Examples of internal memory

is France is the world leader in nuclear power. France’s nuclear power plants generate . . .
which is France, which is the world’s second largest market for wine, has also been . . .
also known as France, also known as the French Alps or the Côte d’Azur. The French Alps are . . .
related to France, related to the French Revolution, is a term applied to . . .

Table 1: Examples of suffixes functioning as contextual recall triggers and the corresponding internal
memory representations of the model. A total of eight suffixes exist, derived from the four base suffixes
by optionally adding the definite article ‘‘the.’’ The underlined parts indicate the associated knowledge
that the model recalls about the target.

formulation yields the following weight update
equation.

W1 = W0 + Δ

Δ = RK�
1 (C0 +K1K

�
1 )

−1
(4)

W0 and W1 represent the weight matrices before
and after the update, respectively. K1 denotes
the set of key representations for the editing
target. R � V1 − W0K1 represents the residual
error between the current model and the new
knowledge calculated using the pre-edit weight
matrix W0. V1 is the set of latent value repre-
sentations that contribute to generating the new
object. C0 � K0K

�
0 = λE[kk�] represents the

uncentered covariance of the key representations
for the knowledge that the model must retain.
This is a constant term inferred from randomly
sampled key representations, and in MEMIT, it is
computed using 100,000 samples from Wikitext.
MEMIT then performs optimization through neg-
ative log likelihood loss to calculate the residual
error R.

zi = hL
i + argmin

δi

Lnll

Lnll =
1

|P |

|P |∑
j=1

− logPF (hL
i +=δi)[o

∗
i |pj ⊕ xi]

(5)

Through this process, the optimal change δi,
which maximizes the generation probability of o∗i
when the target prompt xi is given, for the hidden
state hLi of the last target layer L is calculated. P
represents the set of prefix prompts automatically
generated by the model to improve generalization
performance. Finally, the layer-wise residual error
ri and vi are calculated, and the layer-wise edit-
ing is performed using the following equation.

vli = W l
outk

l
i + rli

rli =
zi − hLi
L− l + 1

(6)

In the equation, l refers to the current target layer
for editing, and W l

out represents the second FFN
weight matrix of layer l.

3.2 Internal Memory of Language Model

Language models undergo self-supervised pre-
training based on large-scale corpora by predict-
ing the next token or masked token (Brown et al.,
2020; Devlin et al., 2019). After completing the
pre-training process, language models acquire
the ability to capture rich contextual information.
However, the significance of pre-training is not
limited to extracting contextual information alone.
When given a piece of knowledge, the language
model can generate the most natural sequence of
tokens that follow. For example, when given the
input ‘‘The capital of France is,’’ the language
model is highly likely to generate ‘‘Paris.’’ This
stems from the linguistic patterns the model has
memorized. In other words, the model learns and
memorizes the patterns that occurred most fre-
quently in the corpus regarding a given piece
of knowledge. Due to this characteristic, language
models can be utilized as implicit knowledge bases
(Petroni et al., 2019; Shin et al., 2020). The most
intuitive prompt to recall associated knowledge
about a specific entity in a language model is to
explicitly express the entity along with any arbi-
trary relation. For example, to recall knowledge
about France, prompts such as ‘‘The president of
France is’’ or ‘‘The currency of France is’’ can
be used. However, this method presents practical
challenges when applied to all possible relations
an entity may have. Instead, we design a suffix that
indirectly triggers the model to recall the knowl-
edge it has memorized about the entity. We refer
to this as the Contextual Recall Trigger (CRT),
with examples provided in Table 1.

In Table 1, the examples of internal memory
are the outputs naturally generated by the model
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Figure 2: The δ optimization process in MAKE. First, x, x+, o+, and o∗+ are fed into the model. x+, o+, and o∗+

are the results of x, o, and o∗ with suffixes attached. Then, the model’s next token probability distribution and
top-k tokens are obtained, which are used to calculate the loss functions Lnll, Lama, and Limi. The red dotted line
represents backpropagation, where only δ is optimized through the loss functions.

when each suffix is attached to ‘‘France.’’ As a
result, the CRT enables the indirect extraction of
associated knowledge about the target entity from
the model. The knowledge extracted through CRT
is used to transfer associated knowledge to the
new object or to sever associated knowledge of
the previous object. We leverage the probability
distribution and top-k tokens generated immedi-
ately after the suffix. The token generated right
after the suffix acts as a trigger, determining which
memory the model recalls. Thus, by utilizing this
approach, the model’s memory of the target can
be selectively activated or deactivated. By guid-
ing the probability distribution of tokens generated
after the editing target prompt to resemble the dis-
tribution following the new object, the associated
knowledge of the new object can be effectively
transferred to the language model. Additionally,
reducing the generation probabilities of the top-k
tokens produced when inputting the previous
object with the suffix enables the severance of
its connection.

3.3 MAKE: Memory-Associated
Knowledge Editing

Figure 2 illustrates the process of optimizing δ for
model editing in MAKE. We extend the existing
editing mechanism by incorporating an additional
optimization that disconnects the model’s internal
memory from the existing object o and reinforces
the association to the new object o∗. In MAKE,
three loss functions are used. The first is the

negative log likelihood loss function, which is de-
signed to increase the probability of generating o∗.

Lnll =
1

|P |

|P |∑
j=1

− logPF ′ [o∗|pj ⊕ x] (7)

P is a set of prefixes automatically generated
by the model to ensure consistent editing perfor-
mance, even when x appears in arbitrary contexts,
thus aiding generalization. F ′ refers to the model
F (hL + δ), where δ is added to the hidden
state of the last editing target layer L. LNLL

is the loss function typically used by conventional
locate-then-edit methods. The second loss func-
tion is the AMA loss, designed to transfer the
model’s internal knowledge of the new object o∗.

Lama =
1

|P |

|P |∑
j=1

KL(DF [pj⊕o∗+]‖DF ′ [pj⊕x+])

(8)

In the equation, o∗+ and x+ represent o∗ and x,
respectively, with suffixes that serve as the CRT.
DF and DF ′ denote the next token probability
distributions calculated from the original model
F and the edited model F ′, respectively. Specif-
ically, Lama optimizes δ through KL divergence,
ensuring that the next token probability distribu-
tion of F ′ when given x+ becomes similar to
the distribution of F when given o∗. This allows
the knowledge that the original model memorized
about o∗ to be transferred to the edited model.
Lastly, the third loss function is the IMI loss,

943



which aims to sever the connection between the
existing object o and the knowledge linked to p.

Limi =
1

|P |
1

|T |

|P |∑
j=1

∑
t∈T

− log(1− PF ′ [t|pj ⊕ x])

(9)
Limi utilizes the unlikelihood loss (Welleck et al.,
2020). In the equation, T represents the inter-
section of the model’s top-k tokens for o and x,
excluding those also present in the top-k tokens
for o∗. In other words, T consists of tokens that
evoke the residual memory of o remaining in the
model with respect to the target prompt x. Limi

reduces the generation probability of these to-
kens, thereby invalidating the association between
the previous knowledge and the target of editing.
To further enhance the portability of the final
edited model, we replace equation (5) with the
following.

zi = hLi + argmin
δi

(Lnll + Lama + Limi) (10)

Through these, we can obtain the latent vari-
able zi, which includes the associated knowledge
of the editing target, and perform model editing
according to equations (4) and (6).

4 Experiments

4.1 Datasets and Baselines
We use the following three datasets in our experi-
ments to evaluate the model editing effectiveness
of MAKE.

The Zero-Shot Relation Extraction plus
(zsRE+) dataset (Yao et al., 2023) is an exten-
sion of a Question Answering dataset (Levy et al.,
2017) designed for model editing. It contains a to-
tal of 1,037 instances, where each instance consists
of a question, its original answer, and an alternate
answer meant to replace the original. Additionally,
zsRE+ includes rephrased questions generated via
back-translation, questions expanded to one-hop
relations using GPT-4, and unrelated questions.
This setup allows us to evaluate the generaliza-
tion, specificity, and portability of the post-edited
model.

COUNTERFACT plus (CF+) is an extended ver-
sion of the COUNTERFACT dataset, designed to
measure portability in model editing. CF+ is con-
structed similarly to zsRE+ but is known to be a
more challenging dataset. The alternative answers
for model editing are composed of counterfactual

objects—those that receive the lowest generation
scores for the current prompt. To more precisely
measure specificity, CF+ uses prompts where the
predicate is the same as in the target editing prompt
but with a similar subject substituted. CF+ con-
tains a total of 1,031 instances.

Multi-hop Question Answering for Knowl-
edge Editing (MQuAKE) is a dataset composed
of multi-hop questions designed to evaluate
knowledge editing methods (Zhong et al., 2023).
Unlike zsRE+ and CF+, it includes questions with
up to four hops, allowing for a more challeng-
ing assessment of portability. MQuAKE contains
a total of 3,000 instances. Since it does not in-
clude specific queries for evaluating specificity,
we measure specificity by utilizing prompts from
different instances.

We utilize GPT-2 XL (1.5B) (Radford et al.,
2019), GPT-J (6B) (Wang and Komatsuzaki,
2021), and Qwen-2.5-instruct (7B) (Yang et al.,
2024a) as the backbone models for model editing.
For performance comparison in model editing,
we employ the following baseline models: Con-
strained Fine-Tuning (FT) (Meng et al., 2022),
MEND (Mitchell et al., 2022a), ROME (Meng
et al., 2022), MEMIT (Meng et al., 2023), PMET
(Li et al., 2024), and GLAME (Zhang et al.,
2024a). FT is a method that fine-tunes the model
directly on the editing target, while MEND is a
gradient-based editing approach using an auxiliary
model. The remaining methods are well-known
locate-then-edit approaches.

4.2 Implementation Details

For GPT-2, the target editing layers are [13, 14,
15, 16, 17], while for GPT-J and Qwen-2.5, they
are [3, 4, 5, 6, 7, 8]. In the three backbone mod-
els, we optimize δ using a learning rate of 0.5,
with a maximum of 35 steps. The value of C0

in equation (4) is taken from MEMIT, and the
set of prefixes P is automatically generated from
the language model by creating 5 random prefixes
of 20 tokens each. In Limi, the number of top-k
tokens was empirically determined and the top
20 tokens are used. And ‘‘also known as the’’
is fixed as the CRT (for analysis of CRT, refer
to Section 4.5). All scores in the comparative
experiments are averaged over five independent
trials, with the corresponding standard deviations
reported. The results of the t-test indicate that

944



Method Efficacy Generalization Specificity Portability Overall

GPT-2 (1.5B) 24.84 23.85 25.24 14.33 20.88

FT 55.79 31.01 23.10 15.33 25.21(±1.12)

MEND 66.57 60.24 25.07 15.94 29.80(±0.86)

ROME 98.87 86.90 24.88 18.15 34.21(±0.61)

MEMIT 94.21 82.11 25.73 18.27 34.37(±0.53)

MAKE 94.02 81.49 25.51 21.30 36.68(±0.43)

GPT-J (6B) 26.18 25.32 27.32 15.84 22.54

FT 60.56 31.56 27.55 16.37 27.48(±1.58)

MEND 78.98 68.10 27.39 17.14 32.73(±1.08)

ROME 99.02 94.82 27.33 24.07 40.49(±0.77)

MEMIT 99.18 87.21 27.29 25.44 41.03(±0.73)

PMET 95.63 87.08 27.31 24.55 40.29(±0.86)

MAKE 99.47 96.59 27.27 29.61 44.03(±0.40)

Qwen-2.5 (7B) 31.83 30.94 38.64 26.66 31.47

FT 40.74 33.00 38.72 26.67 33.85(±1.27)

ROME 98.51 88.39 38.69 42.22 56.34(±0.41)

MEMIT 98.46 85.71 38.65 41.75 55.83(±0.59)

MAKE 98.84 93.41 38.80 44.27 57.82(±0.31)

Table 2: The results of the comparative experiments on the zsRE+ dataset. The overall score represents
the harmonic mean of efficacy, generalization, specificity, and portability. The highest performance for
each metric is shown in bold, while the second-highest performance is underlined.

MAKE exhibits statistically significant improve-
ments at the p-value < 0.05 level in the majority
of cases.

4.3 Evaluation Metrics

In model editing, the commonly used evalu-
ation metrics are efficacy, generalization, and
specificity (Yao et al., 2023).
Efficacy is a metric used to assess how success-
fully the editing has been performed on the target,
and is calculated as follows.

Ep∼I(s,r,o∗)[I[PF ′(o∗|p) > PF ′(o|p)]] (11)

For example, if the model’s response to the prompt
‘‘The president of the U.S. is’’ is edited from
‘‘Joe Biden’’ to ‘‘Donald Trump’’ and the edited
model F ′ generate ‘‘Donald Trump’’ for the same
prompt during inference, the efficacy of the editing
is improved.
Generalization is a metric used to evaluate
whether the model successfully applies the edit
to rephrased prompts that hold the same meaning

as the target prompt. The formula for calculating
generalization is as follows.

Ep′∼I(s,r,o∗)[I[PF ′(o∗|p′) > PF ′(o|p′)]] (12)

In the formula, p′ refers to a rephrased prompt
that holds the same meaning as the target prompt.
For example, if the model responds with ‘‘Donald
Trump’’ to prompts such as ‘‘Who is the president
of the U.S.?’’ and ‘‘The leader of the U.S. is,’’
it can be considered to have high generalization.
Specificity is a metric used to evaluate whether
areas outside the scope of the edit are preserved,
and its formula is as follows.

Ep∼O(s,r,o∗)[I[PF ′(oc|p) > PF ′(o∗|p)]] (13)

In the formula, oc refers to the correct object
for prompts outside the scope of the edit. For
example, if the edited model provides correct re-
sponses to prompts unrelated to the editing target,
such as ‘‘The capital of the U.S. is’’ and ‘‘Who is
the president of France?’’, it can be considered to
have high specificity.
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Method Efficacy Generalization Specificity Portability Overall

GPT-2 (1.5B) 19.50 22.79 79.61 12.20 21.09

FT 99.17 46.12 70.01 17.15 38.33(±0.96)

MEND 93.57 57.81 44.34 15.12 34.28(±1.13)

ROME 99.99 96.71 77.15 22.53 51.49(±0.63)

MEMIT 94.21 81.01 78.65 21.10 48.15(±0.61)

GLAME 99.84 96.62 76.82 23.95 53.24(−)

MAKE 99.87 96.29 77.17 26.34 56.08(±0.38)

GPT-J (6B) 13.29 15.47 84.28 10.58 16.24

FT 99.77 45.09 80.34 15.03 35.98(±1.05)

MEND 96.46 54.17 54.21 14.16 33.93(±0.82)

ROME 100.00 99.63 78.91 25.97 56.17(±0.53)

MEMIT 100.00 95.23 83.05 25.31 55.52(±0.55)

PMET 100.00 97.53 82.40 27.57 58.26(±0.55)

GLAME 100.00 99.30 81.39 33.04 63.87(−)

MAKE 100.00 99.61 81.13 32.78 63.62(±0.49)

Qwen-2.5 (7B) 11.74 13.14 86.50 17.87 17.48

FT 56.35 17.85 86.36 18.95 28.96(±1.76)

ROME 99.90 97.87 84.83 46.81 74.94(±0.28)

MEMIT 99.61 90.54 85.83 43.98 72.11(±0.31)

MAKE 100.00 99.37 83.64 52.36 78.25(±0.26)

Table 3: The results of the comparative experiments on the CF+ dataset. The overall score represents
the harmonic mean of efficacy, generalization, specificity, and portability. The highest performance for
each metric is shown in bold, while the second-highest performance is underlined.

In addition to the above three metrics, portabil-
ity is also used as an evaluation metric. (Yao et al.,
2023; Zhang et al., 2024a). Portability evaluates
whether knowledge related to the edited target
is also correctly updated during the edit, and its
formula is as follows.

Ep∼P (s,rP ,oP )[I[F
′(p) = oP ]] (14)

For example, if the model responds based on
‘‘Donald Trump’’ to multi-hop questions related
to the editing target, such as ‘‘The birthplace of the
U.S. president is’’ and ‘‘Who is the spouse of the
U.S. president?’’, portability can be considered
ensured.

4.4 Experimental Results

Table 2 presents the comparative experimental
results using the zsRE+ dataset. As a result,
MAKE demonstrates the highest overall editing
capability across all three backbone models. Com-
pared to the previous state-of-the-art, MEMIT,

MAKE shows a decrease in efficacy and gener-
alization performance by 0.19 and 0.62 points,
respectively, for GPT-2. However, it achieves
a significant improvement in portability of 3.03
points, resulting in an overall score increase of
2.31 points. In GPT-J and Qwen-2.5, the perfor-
mance gap between MAKE and MEMIT becomes
more pronounced. Notably, unlike the results ob-
served in GPT-2, a significant improvement in
generalization can be observed. With a substantial
improvement in portability, the overall perfor-
mance gap compared to MEMIT increases by 3.74
points and 1.99 points, respectively. This suggests
that the AMA and IMI loss functions effectively
enable knowledge editing while considering as-
sociated knowledge, as intended. Furthermore,
the larger the model, the more significant the
improvement in MAKE’s editing performance,
likely due to the higher quantity and quality of
internal knowledge in larger models.

Table 3 presents the results of a compara-
tive experiment utilizing CF+. MAKE, similar
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Method Efficacy Generalization Specificity Portability Overall score

GPT-2 (1.5B) 17.74 17.45 31.49 23.24 21.22

FT 74.56 27.29 30.71 23.70 32.05(±0.86)

ROME 93.48 81.27 27.72 26.36 41.23(±0.25)

MEMIT 79.82 55.44 31.80 24.61 38.97(±0.37)

MAKE 93.90 77.64 33.10 25.67 43.15(±0.30)

Qwen-2.5 (7B) 4.68 10.93 67.90 24.44 11.09

FT 25.26 12.16 68.57 24.61 22.59(±1.30)

ROME 95.72 80.13 60.40 35.53 59.15(±0.22)

MEMIT 97.80 67.78 66.84 34.04 57.71(±0.12)

MAKE 96.65 86.51 66.44 42.01 65.83(±0.19)

Table 4: The results of the comparative experiments on the MQuAKE dataset. The overall score
represents the harmonic mean of efficacy, generalization, specificity, and portability. The highest
performance for each metric is shown in bold, while the second-highest performance is underlined.

Suffix Efficacy Generalization Specificity Portability Overall

None 99.61 94.28 77.68 20.5 48.60

is 99.52 94.52 77.32 25.59 55.07
is the 99.52 94.71 77.07 25.13 54.51

also known as 99.81 95.78 77.12 23.21 52.28
also known as the 99.75 95.87 77.00 26.18 55.83

which is 99.81 95.05 77.07 23.62 52.73
which is the 99.61 94.52 77.17 25.13 54.52

related to 99.81 95.68 77.09 23.22 52.28
related to the 99.61 94.76 77.17 23.7 52.81

Table 5: Performance comparison based on the suffix used as the CRT. GPT-2 is used as the backbone
model, and the CF+ dataset is utilized.

Figure 3: The proportion of generated outputs that
include responses to the portability question when a
suffix is attached to o∗ and input into the model.

to its results on zsRE+, demonstrates signifi-
cant performance improvements in generalization
and portability, achieving state-of-the-art perfor-
mance in the overall score. Compared to the

previous state-of-the-art model, GLAME, MAKE
achieves the highest performance with GPT-2, but
shows lower performance with GPT-J. GLAME
extracts relevant knowledge from external knowl-
edge bases for model editing. While this approach
enhances portability, it requires accessing exter-
nal knowledge bases and constructing sub-graphs
from the extracted knowledge for each new knowl-
edge edit. In comparison, GLAME is less efficient
than MAKE, which leverages the model’s internal
knowledge for editing.

Table 4 presents the comparative experimen-
tal results on MQuAKE. The results from GPT-2
experiments indicate that MAKE achieves the
highest overall performance. However, MAKE
shows lower performance on certain metrics,
which is likely due to the limited zero-shot
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Method Efficacy Generalization Specificity Portability Overall

MAKE 99.75 95.87 77.00 26.18 55.83
- IMI loss 99.67 95.47 76.98 25.53 55.04
- AMA loss 99.81 96.65 77.07 21.85 50.56
- CRT 99.61 94.28 77.68 20.50 48.60
- IMI, AMA (MEMIT) 93.60 79.92 78.66 20.65 47.43

Table 6: Ablation study results of MAKE.

question-answering capability of GPT-2. Notably,
the portability metric in MQuAKE is measured
using multi-hop questions. Since GPT-2 is a
pre-trained language model, its reasoning abil-
ity for question answering is relatively weak,
leading to low portability across all editing meth-
ods. In contrast, Qwen-2.5, which has undergone
instruction tuning, possesses a meaningful reason-
ing capability. As a result, it demonstrates higher
scores on most metrics compared to GPT-2. Fur-
thermore, MAKE exhibits strong performance in
portability, confirming its effectiveness in multi-
hop editing as well.

4.5 Analysis of MAKE
Table 5 presents the results of a comparative ex-
periment on the suffix used as the CRT. ‘‘None’’
refers to the case where no CRT is used, and the
entity is directly input into the model, applying
the generated results to MAKE for editing. Com-
pared to using CRT, this shows a significant drop
in performance, likely because the model cannot
sufficiently extract relevant knowledge for editing
without the CRT. Additionally, even when using
CRT, performance varies depending on the suffix,
with ‘‘also known as the’’ showing particularly
strong editing performance. Due to the nature of
language models, the tokens generated next can
vary significantly depending on the context. This
may also influence the knowledge invoked by
the CRT. In other words, using an appropriate
suffix for the CRT can potentially enhance model
editing performance. The performance differences
between suffixes seem to stem from this charac-
teristic. Notably, performance generally improves
when the article ‘‘the’’ is attached after the suffix.
This is likely because using the article imposes
constraints on the next token generation, leading
to the elicitation of more precise related knowl-
edge. We conduct additional analysis to further
investigate the knowledge elicitation effect of the

CRT. Each suffix is attached to o∗, and the top
10 generated outputs are obtained from the lan-
guage model. Figure 3 presents a chart showing
the proportion of generated outputs that include
responses related to the portability question. As
shown in Figure 3, it can be observed that utilizing
‘‘the’’ generally results in a higher proportion of
generated outputs containing responses. In par-
ticular, using ‘‘also known as the’’ as a suffix
yields the highest ratio, supporting the results from
Table 5. This suggests that the more appropriate
the suffix used as the CRT, the more effective
the knowledge elicitation, which directly impacts
model editing. Table 6 presents the results of the
ablation study conducted to measure the contri-
bution of each component of MAKE. As seen in
Table 6, removing the CRT from MAKE results in
the most significant performance drop, with a de-
crease of 7.23 points in overall score. This is likely
because the CRT is crucial in transferring the rel-
evant knowledge associated with the target being
edited. Comparing the two loss functions used in
MAKE, the AMA loss contributes more to the
model’s performance. However, even when only
the IMI loss is used, there is still a performance
improvement compared to using neither loss func-
tion (i.e., MEMIT). This is because the IMI loss
effectively removes residual knowledge about
the original object, leading to substantial im-
provements in efficacy and generalization. Nev-
ertheless, since it does not transfer associated
knowledge, the overall score is lower than when
the AMA loss is used.

5 Conclusion

This paper proposes a new method, MAKE
(Memory-Associated Knowledge Editing), that
enhances existing model editing techniques by
enabling the transfer of associated knowledge
alongside the target being edited. We explore
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methods to recall the internal memory of the
model related to the target entity, which we re-
fer to as CRT (Contextual Recall Trigger). Using
this mechanism, we introduce two loss functions,
AMA (Associated Memory Alignment) and IMI
(Irrelevant Memory Invalidation), to ensure that
associated knowledge is also updated. As a result,
MAKE demonstrates significant improvements in
portability compared to previous editing methods,
without relying on external knowledge bases. Fu-
ture work aims to apply MAKE to larger language
models (13B parameters and beyond) to analyze
how editing performance scales with model size.
Additionally, we plan to explore methods for au-
tomatically configuring the optimal CRT for dif-
ferent editing targets.

6 Limitation

MAKE relies heavily on the model’s internal
knowledge. This poses a limitation in situations
where the model lacks sufficient knowledge about
the target, resulting in a lack of relevant infor-
mation to leverage during editing. In such cases,
the model is limited to relying solely on the nega-
tive log likelihood loss function. However, using
larger models could mitigate this issue, as the
quantity and quality of internal knowledge are
expected to improve, reducing the likelihood of
such situations. Additionally, the suffixes used as
CRTs in this paper may not always be well-suited
to the language model or the specific target being
edited. The suffixes we employed were manually
constructed as potential CRT phrases, but it cannot
be assumed that they are fully optimized for all tar-
gets or models. Therefore, future research should
focus on developing methods to automatically and
dynamically select optimal suffixes based on the
target and the language model.
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Goyal, Heinrich Küttler, Mike Lewis, Wen-tau
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