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Abstract

Large Language Models (LLMs) excel in tasks
such as retrieval and question answering but re-
quire updates to incorporate new knowledge and
reduce inaccuracies and hallucinations. Traditional
updating methods, like fine-tuning and incremen-
tal learning, face challenges such as overfitting and
high computational costs. Knowledge Editing (KE)
provides a promising alternative but often over-
looks the Knowledge Element Overlap (KEO) phe-
nomenon, where multiple triplets share common el-
ements, leading to editing conflicts. We identify
the prevalence of KEO in existing KE datasets and
show its significant impact on current KE methods,
causing performance degradation in handling such
triplets. To address this, we propose a new for-
mulation, Knowledge Set Editing (KSE), and in-
troduce SetKE, a method that edits sets of triplets
simultaneously. Experimental results demonstrate
that SetKE outperforms existing methods in KEO
scenarios on mainstream LLMs. Additionally,
we introduce EDITSET, a dataset containing KEO
triplets, providing a comprehensive benchmark.

1 Introduction
Large Language Models (LLMs) function as powerful knowl-
edge repositories, excelling in tasks like retrieval and ques-
tion answering [Petroni et al., 2019; Geva et al., 2020].
However, the dynamic nature of factual information necessi-
tates ongoing updates to prevent inaccuracies and hallucina-
tions post-deployment. While parameter-efficient fine-tuning
and incremental learning techniques offer ways to update
knowledge in LLMs, these paradigms can lead to potential
drawbacks such as overfitting and significant computational
costs. In response to these challenges, the concept of Knowl-
edge Editing (KE), which involves directly modifying spe-
cific pieces of knowledge within the LLMs without extensive
retraining, has emerged as a focal point [Dong et al., 2022;
Wei et al., 2023; Gupta et al., 2023; Song et al., 2024;
Yao et al., 2024].

†Corresponding Authors.

Figure 1: A demonstration of normal triplets and KEO triplets,
along with a toy example showing how they are localized within
Transformer-based LLMs, where normal triplets are mapped to dis-
tinct neurons, and KEO triplets are mapped to overlapping neurons.

Current research on KE formalizes factual knowledge
within LLMs as triplets (s, r, o), consisting of a subject s,
an object o, and their relation r. These studies can be clas-
sified into three main approaches: 1) Vanilla Editing fo-
cuses on the ability to modify a single factual knowledge
entry [Sinitsin et al., 2019; Cao et al., 2021; Rawat et al.,
2021; Dai et al., 2022]. They make a single modification
to model parameters with no subsequent changes. 2) Se-
quential Editing involves iteratively updating knowledge
triplets one at a time [Hu et al., 2024; Yu et al., 2024;
Wang et al., 2024a]. They support streaming edits, ensuring
that knowledge updates are continuous and orderly. 3) Batch
Editing enables simultaneous editing of multiple knowledge
instances, with each instance assigned a unique editing ob-
jective (e.g., o → o∗) [Mitchell et al., 2022; Tan et al., 2023;
Li et al., 2024]. Overall, current methods focus on situations
where a knowledge prefix tr(s) (comprising the subject s and
the relation r) corresponds to a single object, treating it as a
singular target for editing. As illustrated in Figure 1(a), the
two triplets have distinct relations and objects, resulting in
different prefixes tr1(s) and tr2(s), which current methods
can effectively handle.
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In real-world scenarios, a single subject often corresponds
to multiple objects under the same relation. For instance, as
illustrated in Figure 1(b), the Roman Empire spanned multi-
ple continents, resulting in triplets that share the same subject
and relation but differ in their objects. We refer to these as
knowledge element overlap (KEO) triplets. In this context,
the editing knowledge prefix tr3(s) = tr4(s), such as ”What
continent did the Roman Empire exist in?”, corresponds to
multiple valid answers, including Europe and Asia. Current
methods often overlook this kind of overlap, which is prob-
lematic as knowledge triplets with shared elements within the
same factual context require simultaneous consideration to
ensure consistency during knowledge editing.

To further investigate the consequences of this overlook,
we analyze existing mainstream KE datasets to evaluate the
prevalence of Knowledge Element Overlap (KEO), which we
found widespread. We then separate instances with KEO
from those without and conduct experiments to evaluate the
performance of current KE methods on these instances. As
anticipated, the results reveal a significant performance de-
cline for instances with KEO. Further analysis reveals that
triplets with overlapping elements share knowledge neurons
in the FFN layers, as shown in Figure 1(b), leading editors
to overwrite knowledge unintentionally. For example, modi-
fying Europe to Africa may inadvertently cause both Europe
and Asia to be altered to Africa. Building on this observa-
tion, we collect KEO instances from Wikidata to construct a
new dataset, EDITSET, enabling a more comprehensive ex-
ploration of KEO in KE. The dataset comprises over 700 re-
lation types, with our study focusing on the 31 most com-
mon ones, consistent with prior research [Levy et al., 2017;
Elazar et al., 2021; Meng et al., 2022a; Zhong et al., 2023;
Wei et al., 2024; Yin et al., 2024; Ma et al., 2024].

Given that the current methods have failed to effectively
handle the KEO situation, this paper introduce an editing
framework named Set Knowledge Editor (SetKE), which
employs bipartite matching for optimization to enable knowl-
edge editing in scenarios involving overlapping knowledge
elements. Experimental results demonstrate that SetKE sig-
nificantly outperforms existing KE methods in KEO scenar-
ios. Furthermore, in-depth analyses confirm that SetKE ef-
fectively mitigates knowledge overwriting. Our main contri-
butions are summarized as follows:

• We propose a novel formulation of Knowledge Set Edit-
ing (KSE) and construct a new dataset, EDITSET, to facilitate
in-depth exploration of Knowledge Element Overlap (KEO).

• We introduce a new set editing framework, Set Knowl-
edge Editor (SetKE), leveraging bipartite matching to achieve
the editing target by treating knowledge entries as a set.

• Extensive experiments show that SetKE significantly out-
performs existing methods in KEO scenarios, establishing it
as a powerful paradigm for editing knowledge sets.

2 Preliminaries

This section outlines the definition of Knowledge Element
Overlap (KEO), the current task formulation for Knowledge
Editing, and our formulation for Knowledge Set Editing.

2.1 Knowledge Element Overlap
A factual knowledge entry K can be represented as a triplet
(s, r, o), where the knowledge elements refer to the subject
s, the object o, and their relation r. Based on the degree of
overlap among knowledge elements—defined as sharing the
same s, o or r—knowledge triplets can be classified into four
types (inspired by the categorization by Sui et al. [2023]):

• Normal: At most one knowledge element overlaps.
• Subject Object Overlap (SOO): Overlapping subject-

object pair (s and o) is shared among some triplets.
• Relation Subject Overlap (RSO): Overlapping subjects

and shared relations among some triplets.
• Relation Object Overlap (ROO): Overlapping objects and

shared relations among some triplets.
Apart from the Normal type, all other types are considered
instances of knowledge element overlap (KEO).

2.2 Knowledge Editing
The widely adopted formulation of Knowledge Editing [Geva
et al., 2021; Geva et al., 2022] represents knowledge K
is stored in the language model fθ in the form of triplets
(s, r, o). The objective of KE is to modify the model fθ
into f∗

θ to achieve the transformation (s, r, o) → (s, r, o∗),
whereby an input x = tr(s) is associated with its post-edit
output y = o∗. Here, tr(s), referred to as the knowledge
prefix, is a template used to describe the relation r with the
subject s.

However, KEO is prevalent in real-world scenarios, pos-
ing challenges to the current KE framework, which uses a
knowledge prefix tr(s) to edit a single object. In this con-
text, the RSO type of KEO impacts the editing result, as
other types generate different prefixes tr(s). Therefore, in
this paper, KEO typically refers to the RSO type. In this
case, multiple triplets share the same prefix tr(s), represented
as O = {o1, o2, . . . , oN}, where N denotes the number of
distinct objects. The current KE formulation fails to dis-
tinguish between these scenarios: (s, r, o) → (s, r, o∗) and
(s, r, O) → (s, r, O∗). In the latter case, modifying a sin-
gle object is often insufficient to achieve the desired out-
come. Consequently, existing KE methods perform poorly,
as proven in Section 3. This highlights the need for a new
formulation to address these limitations.

2.3 Our Formulation: Knowledge Set Editing
In our new formulation of Knowledge Set Editing (KSE), the
editing target is defined as (s, r, O) → (s, r, O∗), where the
object is a set of entities O∗ = {o∗1, o∗2, . . . , o∗N}. In the
KEO scenarios, such as ⟨Roman Empire, continent,Europe⟩
and ⟨Roman Empire, continent,Asia⟩, indicating the Roman
Empire spanned multiple continents, editing such knowledge
(the transformation O → O∗) requires set operations. For
instance, consider the current values of s = Roman Empire,
r = existed in the continent, and O = {Europe,Asia}. To
modify Europe to Africa, the more reliable way is to perform
(O = {Europe,Asia}) → (O∗ = {Africa,Asia}) instead of
(o1 = Europe) → (o∗1 = Africa). This highlights the need
for set-based operations instead of modifying a single object,
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as seen in previous approaches. Our proposed formulation
addresses this need by considering the KEO scenarios.
Evaluation Metrics The evaluation metrics for the new
formulation of KSE remain consistent with previous works
(where the object is singular) [Meng et al., 2022a; Meng et
al., 2022b]. These metrics assess the editing performance
from the following perspectives: Efficacy measures whether
the post-edit model f∗

θ generates the intended predictions for
the target edits, which is quantified using the Efficacy Score
(ES); Generalization measures the ability of the post-edit
model f∗

θ to generalize edits across equivalent inputs, which
is evaluated via the Generalization Score (GS); Locality mea-
sures whether the post-edit model f∗

θ retains its original pre-
dictions for inputs outside the editing scope (i.e., inputs that
are not edited), which is evaluated by the Locality Score (LS).
Higher scores for these metrics indicate better performance in
their respective dimensions. Note that the metrics are evalu-
ated based on the prompts provided in each instance. For
detailed score calculations, please refer to Appendix.

3 Pilot Analyses & Dataset Construction
We conduct pilot analyses on existing KE datasets to examine
the prevalence of KEO instances and evaluate their impact on
current KE methods. Based on these findings, we construct a
new KE dataset to further investigate the KEO problem.

3.1 KEO in Knowledge Editing
Statistics of Instances with KEO We analyze and quantify
the instances with KEO within the following KE datasets.

• zsRE [Levy et al., 2017] is one of the most prevalent QA
datasets, extended and adopted by Cao et al. [2021]; Mitchell
et al. [2021; 2022] for KE evaluations.

• PARAREL [Elazar et al., 2021] is an expert-curated
dataset containing diverse prompt templates for 38 relations
sourced from the T-REx dataset [Elsahar et al., 2018].
• MQUAKE-T and MQUAKE-CF [Zhong et al., 2023]

are constructed from Wikidata to evaluate the effectiveness of
KE methods on multi-hop questions.

• COUNTERFACT [Meng et al., 2022a] originates from
PARAREL, each sample includes a knowledge triplet and
meticulously crafted prompt templates.

The distribution of KEO in knowledge triplets within the
aforementioned KE datasets is summarized in Table 1, which
reveals the presence of KEO in all of them. Among the
datasets analyzed, the zsRE dataset has the highest propor-
tion of Normal triplets, accounting for 80.66%. In contrast,
the Normal type constitutes only 7.29% and 5.92% in the
PARAREL and COUNTERFACT datasets, respectively. More-
over, the MQUAKE-T and MQUAKE-CF datasets not only
exhibit the KEO problem but also contain a substantial num-
ber of duplicate knowledge triplets, with sample sizes of 1772
and 3486, respectively. These statistics highlight the perva-
sive nature of knowledge element overlap in current main-
stream KE datasets. However, the practical implications of
this issue have been insufficiently considered.
Impact of KEO Given that previous editors have primarily
been designed with a focus on the Normal type setting, ne-
glecting the presence of KEO, we conduct an evaluation using

Dataset Norm. RSO ROO SOO Dup. Ratio ALL
zsRE 8,066 0 902 1,103 0 80.66 10,000
PARAREL 2,023 2,242 23,241 742 21 7.29 27,738
MQUAKE-T 79 0 3 14 1,772 4.23 1,868
MQUAKE-CF 1,748 28 3,970 0 3,486 18.96 9,218
COUNTERFACT 592 315 9,376 10 11 5.92 10,000

Table 1: Statistics on current mainstream KE datasets. Note that a
knowledge triplet can belong to different classes. Duplicate (Dup.)
is exact identical knowledge triplets. Ratio calculates the ratios of
Normal (Norm.) instances in ALL instances.

500 Normal triplets and 500 KEO triplets from the COUN-
TERFACT dataset to investigate the impact of KEO on editors’
performance. As the experimental results shown in Figure 2,
the performance of current SOTA editors generally exhibits
lower effectiveness (except for the Generalization metric of
MEND) when dealing with KEO-type knowledge compared
to Normal type knowledge. Further analyses reveal that the
performance discrepancy arises from the treatment of knowl-
edge as key-value pairs stored in the models’ feed-forward
network (FFN). When editing knowledge with element over-
lap, these approaches often lead to knowledge overwriting,
wherein the value vector associated with the editing target
is overwritten. As a consequence, this results in decreased
Efficacy and Generalization performance. Moreover, the rip-
ple effects of knowledge updates [Cohen et al., 2024] con-
tribute to a decline in the Locality performance of instances
with KEO. In summary, the observations above highlight the
inadequacy of existing methods in handling KE with KEO,
calling for a fresh perspective to address the challenges.

3.2 New Dataset: EDITSET

To further explore improvements in KE for instances with
KEO, we introduce a novel dataset, EDITSET, designed with
KEO samples to provide a focused evaluation environment.

Data Collection All knowledge triplets are collected from
Wikidata, a knowledge base containing fact triplets associ-
ated with millions of entities. To collect KEO instances,
we first sample subject-object pairs from Wikidata that share
common relation properties. Subsequently, we utilize Wiki-
data dumps to extract data, identifying 710 specific relations
and retaining only instances where multiple objects are as-
sociated with a given factual statement tr(s). Using this
method, knowledge triplets are collected. Finally, GPT-4 is
employed to generate evaluation prompts, including counter-
factual, paraphrase, and neighborhood prompts, based on the
knowledge triplets (see Appendix for prompt details).

Data Statistics of EDITSET The EDITSET dataset encom-
passes a total of 710 relations. Additionally, we construct a
subset comprising the 31 most frequently utilized relations
that intersect with the COUNTERFACT [Meng et al., 2022a]
and PARAREL [Elazar et al., 2021] datasets. In EDITSET,
each data sample is associated with N -objects, indicating that
within each knowledge triplet (individual data instance), both
the subject s and relation r are singular, while they corre-
spond to N objects o. The subset comprises a total of 40,904
instances. Detailed statistics regarding the subset, including
the total number of subjects and objects, are presented in Ta-
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Figure 2: Comparison of editing performance on Normal and KEO type for MEND, ROME, and MEMIT.

ble 2. The counterfactual prompt is employed to assess Ef-
ficacy, the paraphrase prompt for Generalization, and the
neighborhood prompt for Locality.

Overlap N=3 N=4 N=5 N=6 N=7 N>=8 Total
Subjects 21,256 9,203 4,389 2,161 1,160 682 35,301
Relations 31 28 28 22 22 19 31
Objects 18,497 13,985 10,570 7,891 6,019 4,444 26,144
Counter.P. 22,770 9,574 4,503 2,193 1,175 687 40,900
Para.P. 43,164 18,410 8,674 4,219 2,249 1,325 78,031
Neigh.P. 3,780 2,768 2,240 1,757 1,509 1,221 3,988

Table 2: The statistics of EDITSET dataset on 31 commonly used
relations. The EDITSET dataset consists of three types of prompt,
Counter.P., Para.P., and Neigh.P. denote Counterfactual Prompt,
Paraphrase Prompt, and Neighborhood Prompt, respectively. Each
corresponds to a factual knowledge statement containing N -objects.

The dataset is designed explicitly for KSE to support the
exploration of KE on instances involving KEO.

4 SetKE: A Set Knowledge Editor
This section details the proposed Set Knowledge Editor
(SetKE) tailored to the KEO issue. Traditional KE methods
have not yet considered KEO, making them inadequate for
addressing this issue, as empirically demonstrated in Section
3. In response, we depart from the patterns established by
prior work in the KE task and approach the problem from an
entirely new perspective. Specifically, our goal in KSE is to
transform a set O into a new set O∗ to ensure the model is
successfully edited. This can be viewed as editing (or align-
ing) the model’s prediction (the actual output set) to match
the ground truth (post-edit outputs), establishing a mapping
between the current set and the target set. Inspired by the set
prediction task [Sun et al., 2021], we aim to constrain and op-
timize this mapping to achieve the desired transformation. To
this end, we employ bipartite graph matching to find the op-
timal correspondence, with the matching computed using the
Hungarian algorithm. The model weights are then updated
based on the optimization, completing the KE process, and
successfully editing the model. Figure 3 shows a simplified
framework for editing the model from a set perspective.

4.1 Bipartite Matching Constraint
Based on the background presented earlier, we approach the
optimization of editing KEO triples using the bipartite match-
ing problem. In bipartite matching, given a set of predictions

Figure 3: Simplified illustration of the SetKE framework.

and a set of editing targets, the goal is to find the optimal
matching between these two sets that maximizes the over-
all matching score while minimizing the total matching cost.
Building on this basis, the KSE problem is defined as fol-
lows: Given a set of editing targets y = {yj}Mj=1 and a set of
model predicted objects ŷ = {ŷj}Nj=1, where M < N , and
placeholders (∅) are used to pad unmatched predictions, the
task is to find an optimal matching π̂ that minimize the total
matching cost, determined by:

π̂ = arg min
π∈ΠN

N∑
j=1

Cmatch(yj , ŷπ(j)), (1)

where ŷπ(j) is the matching of yj under the match π, ΠN

represents the set of all matchings. Cmatch(yj , ŷπ(j)) is the
pairwise matching cost, which, in this work, is defined as:

Cmatch(yj , ŷπ(j)) = −1{yj ̸=∅}Pπ(j)(yj), (2)

where Pπ(j)(yj) represents the probability that the model’s
predicted object ŷπ(j) correctly matches the editing target yj .

Building on this bipartite matching problem, we employ
the Hungarian algorithm [Kuhn, 1955] to find the optimal
matching. Figure 3B illustrates a toy example of optimal
matching obtained using the Hungarian algorithm. The al-
gorithm treats the set of ground truth objects {yj}Mj=1 as a
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set of workers and the set of predicted objects {ŷj}Nj=1 as a
set of jobs. Given a matrix AN×N padded with 0, each ele-
ment Aij represents the cost of assigning job j to the worker
i. To begin, the algorithm reduces the matrix by first sub-
tracting the minimum value in each row from all elements in
that row, ensuring that the smallest cost for each worker is
minimized. Then, it proceeds by subtracting the minimum
value in each column from all elements in that column, fur-
ther simplifying the matrix and reducing the overall cost val-
ues. Next, the elements that are now zero represent potential
optimal assignments. The algorithm assigns these zeros to
form part of the optimal matching and iteratively adjusts the
matrix until all workers are assigned jobs that give the min-
imal total cost. The Hungarian algorithm guarantees finding
the optimal matching in O(N3) time complexity, as shown in
Appendix Algorithm 1.

Once the optimal matching (or assignment) π̂ is found, we
define the overall loss as:

L(y, ŷ) =
N∑
j=1

1{yj ̸=∅}L
π̂(j)
edit + Lconst, (3)

where Lπ̂(j)
edit is the edit objective loss that measures the suc-

cess of the edit, and Lconst is the constraint loss that optimizes
the edit locality metric. The overall process is computed for
each ground truth yj and its corresponding prediction ŷπ̂(j),
as follows:

Lπ̂(j)
edit = − logPθ(hl

i+δi) [yij | xi]j=π̂(j) ,

Lconst = DKL

(
Pθ(hl

i+δi) [y
′ | x′] ∥Pθ [y

′ | x′]
)
.

(4)

The second term Lconst minimizes the KL divergence of pre-
dictions for the input x′ (of the form “subject is a”) to the
unchanged model, which helps preserve the model’s under-
standing of the subject’s essence. Intuitively, Ledit is small
when the model successfully updates its output, while Lconst
is small when the edit does not affect unrelated inputs.

4.2 Model Weight Updating for KE
Existing KE methods [Meng et al., 2022b; Li et al., 2024]
apply optimization exclusively to specific parts of the model
(those containing the knowledge to be edited) to avoid affect-
ing non-edit target. This work follows this locate-then-edit
paradigm. Based on the optimization strategy introduced in
Section 4.1, the editing process proceeds as follows:

Step 1: Locating the Editing Component. Current KE
works [Meng et al., 2022a; Li et al., 2024] have shown that
knowledge generally resides in specific model layers, such as
the feed-forward network (FFN) in Transformer-based mod-
els. Therefore, editing typically occurs within these layers.
In this step, we build on previous works [Meng et al., 2022a]
to trace the location of the component to be edited.

Step 2: Perform the Edit. Given the traced editing com-
ponent, specifically layer l in the model fθ, where the editing
is performed, and a given editing prompt xi (describing the
subject and relation of the set of KEO triplets (si, ri)), we
compute the hidden state hl

i after the prompt passes through
the l-th FFN layer, as follows:

hl
i = FFNl(xi) = σ(xi ·W l

fc) ·W l
proj . (5)

Since the goal is to edit specific knowledge without affect-
ing other parts of the model, we introduce a residual vector
δi to adjust the model’s output, using this vector to perform
the optimization. This residual enables the transfer of knowl-
edge from the original value vli to the edited value zi, thereby
achieving the desired edit:

zi = vli + δi = hl
i + argmin

δi
L(δi). (6)

Step 3: Spreading Edits Across Layers. To minimize
side effects—such as unintended modifications or overwrit-
ing—and reduce excessive modifications, we distribute the
residual vector δi across multiple layers of the model, rather
than applying it to a single layer. This is achieved follow-
ing prior works [Meng et al., 2022b; Li et al., 2024], which
evenly spreads the updates across critical layers:

rli =
δi

L− l + 1
, Rl ≜ [rl1 | rl2 | · · · | rln]. (7)

Step 4: Weight Update. Finally, the model’s weight matrix
W l

proj is updated by adding the incremental weight ∆l to the
original weight, as computed below:

∆l = RlKl⊤(Cl +KlKl⊤)−1, (8)

where Ŵ l
proj = W l

proj +∆l represents the updated weights,

Kl represents the new keys, Cl = Kl
0K

l
0
⊤ is an estimate of

the set of previous keys obtained through sampling, and Rl is
the residual between the old and new value vectors.

5 Experiments
In this section, we evaluate the editing performance of base-
lines and SetKE on EDITSET concerning KEO knowledge.
Specifically, our goal is to answer the following questions:
Q1: How does SetKE perform compared to other baselines on
EDITSET? Q2: How does the quantity of KEO overlaps af-
fect the knowledge editing methods? Q3: How does the KEO
phenomenon lead to the problem of knowledge overwriting?
Q4: How does the bipartite matching constraint contribute to
the results?

5.1 Experimental Settings
Dataset The editing is performed and evaluated using a
subset of the proposed dataset, EDITSET, which comprises 31
commonly used relations. For specific statistics and detailed
configurations of this subset, please refer to Section 3.2. In
this dataset, all KEO types are RSO types and each instance
is represented as {s, r, O = {o1, o2, ...}}, aligning with the
objective of editing instances where the object is not singular.
Language Models We employ two widely adopted au-
toregressive language models, namely GPT2-Large (760M),
GPT2-XL (1.5B) and GPT-J (6B) [Radford et al., 2019], as
the base language models to perform editing and assess the
effectiveness of the KE approaches.
Baselines We select the following approaches: FT-W is
a basic fine-tuning method. KN [Dai et al., 2022] uti-
lizes knowledge attribution to implement knowledge updates.
MEND [Mitchell et al., 2021] uses low-rank decomposition
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GPT2 Large (760M) GPT2 XL (1.5B)
Editor Score Efficacy Generalization Locality Score Efficacy Generalization Locality
FT-W 51.46 58.13 (0.5) 45.29 (0.5) 52.58 (0.4) 55.18 65.66 (0.5) 50.97 (0.5) 51.24 (0.4)
KN 42.21 38.22 (0.5) 37.46 (0.5) 54.89 (0.4) 40.65 35.93 (0.5) 35.86 (0.5) 55.29 (0.4)
MEND – – – – 38.75 89.58 (0.3) 81.58 (0.4) 18.52 (0.3)
PMET 43.34 40.82 (0.5) 39.24 (0.5) 51.98 (0.4) 44.13 41.15 (0.5) 40.08 (0.5) 53.39 (0.4)
MEMIT 49.65 49.53 (0.5) 45.64 (0.5) 54.59 (0.4) 56.60 61.12 (0.5) 55.07 (0.5) 54.11 (0.4)
ROME 64.08 72.03 (0.4) 69.63 (0.4) 53.84 (0.4) 65.89 75.27 (0.4) 73.58 (0.4) 53.62 (0.4)

SetKE 71.47 88.57 (0.3) 80.91 (0.4) 54.77 (0.4) 75.28 95.90 (0.2) 91.68 (0.2) 54.14 (0.4)

Table 3: Numerical results on EDITSET for 10,000 edits (95% confidence intervals in parentheses).

of gradients to learn new knowledge. ROME [Meng et al.,
2022a] first applies causal mediation analysis to updates the
parameters. MEMIT [Meng et al., 2022b] extends ROME to
edit a large batch of facts. PMET [Li et al., 2024] extends
MEMIT to optimize the hidden states of both the FFN and
Attention modules simultaneously.

5.2 Main Results (Q1)
Table 3 showcases numerical results on GPT2-Large (760M)
and GPT2-XL (1.5B) over 10,000 cases in EDITSET, re-
spectively. In this experiment, we compare with the recent
baselines and our proposed method SetKE. We observe that
SetKE is significantly superior to the exiting editing meth-
ods without using any additional parameters. Specifically,
we outperform the recent advanced batch editing baseline
MEMIT by up to 39.04% and 35.27% improvements regard-
ing to the Efficacy and Generalization metrics in most cases
for GPT2-Large. Under the same experimental conditions
on GPT2-XL, SetKE also achieves a better performance im-
provement of 9.39%, 20.63% and 18.1% regarding to the
Score, Efficacy and Generalization metrics, respectively, rel-
ative to the state-of-the-art methods. which indicates the ef-
fectiveness of our method in accurately altering models’ be-
havior for the editing overlap factual knowledge without in-
terference on each other.

5.3 Analysis for Overlap Quantity (Q2)
Figure 4 illustrates how the performance of editors changed
with respect to different numbers of knowledge triplets over-
lap on EDITSET with GPT2-XL edited by different methods.
We analyze a total of 3000 KEO cases and it can be seen
from these results that the performance of all editing methods
degrades as the number of overlap triplets increased. Figure
4 illustrates the performance variation of editors concerning
different levels of overlap in knowledge triplets within EDIT-
SET edited using GPT2-XL by distinct methods. The results
indicate a general decrease in performance across all editing
techniques as the number of overlapping triplets increases.
Specifically, ROME and MEMIT demonstrate heightened
sensitivity to the KEO problem, exhibiting a significant de-
cline in editing performance. On the other hand, MEND
shows relatively less susceptibility to KEO’s impact. This
disparity can be attributed to the knowledge localization ap-
proach of ROME and MEMIT, which tends to lead to more in-
stances of knowledge overwriting in KEO scenarios. Further-
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Figure 4: Comparing the impact of knowledge overlap number on
baselines and SetKE.

more, while SetKE also operates within the realm of knowl-
edge localization, it exhibits lesser vulnerability compared to
ROME and MEMIT. This suggests that the bipartite matching
constraint in SetKE enhances editing performance in KEO
cases by minimizing the occurrence of knowledge overwrit-
ing. Finally, the Locality metric continues to improve across
all methods as the number of overlaps increases. We attribute
this trend to the overfitting of Lconst.

5.4 Analysis for Knowledge Overwriting (Q3)
As shown in Figure 1(b), we conduct an analysis of 500 KEO
cases to investigate whether KEO knowledge triplets could
lead to the problem of knowledge overwriting. Following
the knowledge attribution method [Dai et al., 2022], which
is based on integrated gradients to determine the storage lo-
cation of specific factual knowledge within the model (knowl-
edge neurons), we analyze the degree of overlap among the
knowledge neurons corresponding to KEO knowledge to as-
sess whether knowledge triplets associated with KEO could
potentially trigger knowledge overwriting. Our analysis re-
sults, as shown in Figure 5 for a representative example, re-
veal a significant overlap among the knowledge neurons rep-
resenting three KEO factual pieces of knowledge in the GPT2
model. This observation aligns with our pilot analysis (see
Figure 2), indicating that repetitive modifications to these
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Figure 5: The result of knowledge localization of KEO type knowledge on GPT2.

Object Set Object Concatenation
Editor Score Efficacy Generalization Locality Score Efficacy Generalization Locality
FT-W 46.65 51.62 (0.5) 39.92 (0.5) 50.29 (0.4) 43.36 44.53 (0.5) 37.20 (0.5) 50.40 (0.4)
MEND 37.44 91.33 (0.3) 82.60 (0.4) 17.52 (0.3) 43.05 67.64 (0.5) 63.37 (0.5) 25.56 (0.4)
MEMIT 55.95 67.51 (0.5) 56.04 (0.5) 47.71 (0.4) 57.07 82.31 (0.4) 64.00 (0.4) 40.34 (0.4)
ROME 59.48 80.54 (0.4) 79.90 (0.4) 39.21 (0.4) 61.30 85.86 (0.3) 82.57 (0.3) 39.71 (0.4)

SetKE 73.68 90.08 (0.3) 90.76 (0.3) 53.77 (0.4) 59.50 89.43 (0.3) 68.68 (0.4) 40.52 (0.4)

Table 4: The results of GPT-J (6B) on EDITSET for 7,500 edits (95% confidence intervals in parentheses).

specific knowledge neurons often lead to knowledge over-
writing, resulting in a decline in editing performance.

5.5 Analysis for Ablation Study (Q4)
To evaluate the effectiveness of SetKE optimized through the
bipartite matching constraint, we compared it with vanilla
knowledge set editing (object concatenation). This setting
treats the editing target as a long sequence of multiple con-
catenated objects, aiming to optimize multiple objects simul-
taneously. The results are displayed in Table 4. The left sec-
tion of the table (object set) showcases the editors’ perfor-
mance aligned with the primary experimental configuration,
while the right side illustrates the outcomes of the vanilla
(object concatenation) setup. In the KEO scenario, we ob-
serve that optimizing multiple objects simultaneously gener-
ally outperforms iterative object optimization for editors such
as MEND, ROME, and MEMIT. We speculate that this is be-
cause optimizing multiple objects simultaneously helps mit-
igate the issue of knowledge overwriting. Under object con-
catenation setting, SetKE exhibits lower performance com-
pared to ROME. Nevertheless, all editors fall short of SetKE’s
performance in the object set configuration, highlighting the
effectiveness of the bipartite matching constraint specifically
designed for SetKE in the set scenario.

6 Related Work
Knowledge Editing (KE) involves modifying language mod-
els to revise the expression of factual knowledge learned from
the pre-training corpus. The current work on the KE task can
be categorized into the following three types: Meta-learning
methods utilize additional trainable parameters to store mem-
ory or learn the required adjustments (∆) to update knowl-
edge in LLM [Cao et al., 2021; Huang et al., 2022; Tan et al.,

2024; Cheng et al., 2024]. Locate-Then-Edit methods first
employ causal mediation analysis to locate knowledge neu-
rons that exhibit a positive correlation with a knowledge ex-
pression, and then modify them accordingly [Dai et al., 2022;
Meng et al., 2022a; Meng et al., 2022b; Huang et al., 2024a;
Huang et al., 2024b; Wang et al., 2024b]. In-Context Edit
methods are a training-free paradigm where knowledge edit-
ing is achieved directly by concatenating demonstrations
within the input context [Zheng et al., 2023; Zhong et al.,
2023; Qi et al., 2024]. However, existing KE methods are
primarily restricted to modifying standard triplets and often
overlook the phenomenon of knowledge overlap. To the best
of our knowledge, this paper is the first to introduce a new
dataset, EDITSET, designed to evaluate KEO editing perfor-
mance, and proposes a general framework to mitigate knowl-
edge overwriting.

7 Conclusion
In this paper, we analyze mainstream knowledge editing (KE)
datasets and identify a widespread yet previously overlooked
issue: the Knowledge Element Overlap (KEO) phenomenon.
We also demonstrate that existing editing methods are insuffi-
cient to effectively address this challenge. To tackle this limi-
tation, we propose a novel formulation, Knowledge Set Edit-
ing (KSE), and introduce SetKE, a method specifically de-
signed for KEO scenarios. SetKE leverages bipartite match-
ing to optimize object set editing, effectively resolving edit-
ing conflicts and improving accuracy. Experimental results
confirm that SetKE outperforms existing methods, achieving
state-of-the-art performance in editing multiple mainstream
LLMs. Furthermore, we develop the EDITSET dataset, which
serves as a comprehensive benchmark for evaluating knowl-
edge set editing in KEO scenarios.
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