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Abstract

As large language models continue to scale
up, knowledge editing techniques that modify
models’ internal knowledge without full retrain-
ing have gained significant attention. MEMIT,
a prominent batch editing algorithm, stands
out for its capability to perform mass knowl-
edge modifications. However, we uncover that
MEMIT’s editing efficacy significantly dete-
riorates when processing batches containing
multiple edits sharing the same subject. Our
analysis reveals this stems from MEMIT’s key
value modeling framework: identical keys (de-
rived from the shared subject) are forced to
represent different values (corresponding to dif-
ferent knowledge), resulting in updates con-
flicts during editing. Addressing this issue, we
propose MEMIT-Merge, an enhanced approach
that merges value computation processes for
facts sharing the same subject, effectively re-
solving the performance degradation in same-
subject batch editing scenarios. Experimental
results demonstrate that when MEMIT’s edit
success rate drops to around 50% at larger batch
sizes, MEMIT-Merge maintains a success rate
exceeding 90%, showcasing remarkable robust-
ness to subject entity collisions.

1 Introduction

As large language models (LLMs) continue to scale
up, the prohibitive cost of full model retraining has
made knowledge editing increasingly crucial in
this domain. Among prevalent editing algorithms,
a class of algorithms, termed “Locate and Edit”
methods by Zhang et al. (2024), enables targeted
modifications through precise manipulation of spe-
cific regions. MEMIT (Meng et al., 2023), one of
the most prominent algorithms in this class, has
gained significant attention (Li et al., 2024; Fang
etal., 2024; Gupta et al., 2024). It extends ROME’s
architecture (Meng et al., 2022) and enables the si-
multaneous modification of multiple knowledge
instances within a single update operation.
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Figure 1: The edit success rate of the MEMIT method
on same-subject and distinct-subject datasets, showing
the changes with varying batch sizes. A significant
decline is observed when the subjects are the same.

However, our investigation reveals a critical lim-
itation in MEMIT: When handling batches with
multiple edits that share the same subject (such
as “John Smith now plays basketball.” and “John
Smith comes from England.” share the same sub-
ject “John Smith”, while ‘“Paul Morand comes from
England” has a different subject), the method will
exhibit significant performance degradation. In
contrast, edits with different subjects maintain sta-
ble efficacy.

To systematically demonstrate this performance
degradation, we constructed two contrastive
datasets comprising batches with identical subjects
versus fully unique subjects, named distinct-subject
and same-subject, respectively. The experimental
results are in Fig. 1, where the vertical axis rep-
resents efficacy (which means the editing success
rate) and the horizontal axis indicates the batch size
per edit. The results reveal that MEMIT maintains
a high success rate as batch size increases when
editing distinct-subject cases, but exhibits signifi-
cant performance degradation for the same subject
cases. However, same subject cases are also critical
in the real-world practices (e.g, updating a person’s
occupation, workplace, and employer simultane-
ously). More detailed experimental settings can be



found in Sec. 4.3.

The performance degradation stems from
MEMIT’s key-value modeling paradigm: identi-
cal keys (derived from shared subject represen-
tations) map to conflicting values during same-
subject batch edits. MEMIT formulates knowledge
updates as MLP key-value pairs where the output
linear layer’s weights are adjusted to align keys
with edited values. ' However, when multiple edits
share subjects, their identical keys require divergent
value mappings - an inherent contradiction since
single-layer perceptrons cannot produce multiple
outputs for identical inputs.

To resolve this fundamental conflict, we propose
MEMIT-Merge, an enhanced variant of MEMIT.
Our key insight is to enforce value consistency by
merging multiple knowledge entries that share iden-
tical keys. Experimental results show that MEMIT-
Merge consistently outperforms MEMIT on same-
subject dataset, maintaining a success rate above
90%, whereas MEMIT drops to around 50%. For
distinct-subject data, both methods perform com-
parably with no significant differences.

2 Problem

2.1 Preliminaries

The MEMIT framework hypothesizes that factual
knowledge in models is stored within the param-
eters of MLP layers. Each MLP layer contains
input/output linear layers with parameter matrices
Win and W, where W,,,,; serves as the key-value
mapping targeted by MEMIT editing. The key
corresponds to the hidden state at the MLP’s inter-
mediate layer while the value represents the MLP’s
final output.

Knowledge is represented as triples (s,r,0).
During editing, complete sentences are constructed
from these triples. The key is determined by the
subject s and its contextual prefix, while the value
is obtained by inversely optimizing the object o:

v = argmin(~log Plo|(s.7)) (1)

All (k,v) pairs are processed in batch to update
W ut via closed-form solution:

Wouwt = Wo+(V-WoK)KT(C+KKT)™! (2)

'Note that the key-value here refers to the hidden state and
output within the MLP module as described by Meng et al.
(2022), rather than the query, key and value in the attention
module.

Here, K and V denote batched key/value matri-
ces, Wy represents original parameters, and C' is a
knowledge-preservation constant.

2.2 Same subject issue in MEMIT

Normally, MEMIT is capable of maintaining its
efficacy without a pronounced decline in perfor-
mance when the edit batch size approaches 1,000.
However, we have identified a notable issue: when
the edit batch encompasses knowledge triples
sharing the same subject, the editing capacity of
MEMIT experiences a substantial degradation.

To verify this phenomenon, we constructed two
counterfactual editing datasets. In the first dataset,
the subjects of the knowledge triples are all distinct.
In the second dataset, the subjects of the knowl-
edge triples are replaced by a single, fixed subject,
while all other parts of these two datasets remain
identical. The details of the datasets construction
are provided in App. A.

As illustrated in Fig. 1, when the subjects are
identical, the performance of the MEMIT method
drops sharply with a batch size of only 2, and the
edit success rate falls below 50% when the batch
size reaches 10. In contrast, when subjects are
distinct, increasing the batch size has virtually no
impact on edit success.

3 Approach

3.1 Cause Analysis

In our analysis, the degradation of editing capabil-
ity caused by identical subjects is closely related to
the key-value modeling of knowledge inherent in
locate-and-edit class editing methods.

In the standard MEMIT, a piece of knowledge to
be edited can be represented by a knowledge triplet
(subject, relation, object), and a complete sentence
is constructed based on this triplet for the editing
process. In this paper, we use the format “subject’s
relation is object” to construct the sentence. For
example, the knowledge triple (John,father,Bob)
is formulated into the sentence “John’s father is
Bob.”.

As described in Sec. 2.1, during MEMIT editing,
the key is derived from the subject, while the value
is determined by the object. However, when editing
multiple pieces of knowledge with the same subject
but different objects in one batch, this mechanism
forces the MLP to map the same key to two distinct
values. As illustrated in Fig. 2, a given key can only
produce a single fixed value through deterministic



John.L. L..T I... L..T
Smith §

o/ Lol la lal" "ol o’
el
" gl Ll Lgl

MLP module

Subject {

anjea

John
I_.. L._T Subject{ ° n-l_,

o e
o M Ter

Identical subjects result in identical keys

e Lol Tal Lol Tal Lol
"ol Lol ol Lol .. ol
comes:L' LQIL LQI. e Lol
g Lo g LeT" gl Lo

MLP module

Distinct relations and objects result in distinct values

‘ . MLP module attention module

—

I hidden states forward ‘

p— A
———> propagation path

Figure 2: The architecture of MEMIT processing two same subject sentences. The left and right sides of the figure
depict the processing flow of the two sentences respectively. Below, we expand the details of the MLP module to be
modified, which consists of two linear layers. In MEMIT, the key is determined by the subject, resulting in identical
keys on both sides. The value is optimized from the relation and object, leading to different values on each side.
Consequently, the optimization target for the editable W, requires producing different values for the same input

key.

Wout- This creates a conflict when optimizing the
parameter matrix, making it extremely challenging.
We refer to this issue as the key collision problem.
Consequently, when a batch contains multiple edits
with the same subject, as demonstrated in Fig. 1,
the editing capability of MEMIT is significantly
degraded.

Furthermore, we analyzed the relationship be-
tween MEMIT editing capability and key distance
within a batch, finding that closer keys lead to
greater capability degradation. Due to space con-
straints, detailed analysis is in the App. B

3.2 The MEMIT-Merge Approach

To address this issue, we develop a new optimiza-
tion objective to merge the value computation of
the set of knowledge with the same key:

2.

(s,m5,05)€S

v = argmin —log Py [o5[(s,75)], (3)

where S represents the set of knowledge triples
with the same key, v is the value to be optimized
in a backward manner, and P, denotes the model
when the value is equal to v.

Compared with Eq. 1, this approach ensures that
knowledge sharing same key gets the same value,
thereby significantly alleviating the decline in edit
efficacy observed in standard MEMIT as evidenced
in the next section.

4 Experiments

4.1 Dataset

We constructed two Wikidata-based counterfactual
knowledge editing datasets: (1) a "same-subject”
set with 100 triples sharing the subject John Smith,
and (2) a "distinct-subject” set with unique sub-
jects while maintaining identical relations/objects
(construction details in App. A).

In terms of evaluation metrics, we refer to the
metrics used by Meng et al. (2023), namely Effi-
cacy, Paraphrase, and Specificity. Efficacy mea-
sures the edit success rate on original sentences,
paraphrase measures the success rate on para-
phrased sentences. Specificity measures the proba-
bility that facts unrelated to the edit remain consis-
tent before and after the edit.

While our datasets are novel, they address crit-
ical real-world needs. Editing multiple attributes
of an entity (e.g, updating a person’s profile) is
a highly realistic demand, making same-subject
scenarios essential for practical applications.

4.2 Experimental Setup

We conducted experiments on three models with
different architectures: Qwen2.5-1.5B-Instruct
(Qwen et al., 2025), GPT-J-6B (Wang and Komat-
suzaki, 2021), and Llama-3-8B-Instruct (Al@Meta,
2024).

For MEMIT-based baselines, we use MEMIT



Model Dataset Method Efficiency Parapharse Specificity
FT 0.52 0.19 0.23
biect MEMIT 0.27 0.21 1.00
same-subjec PMET 0.26 021 0.98
GPT.I-6B MEMIT-Merge 0.51 0.32 1.00
FT 0.47 0.28 0.22
distinct-subiect MEMIT 1.00 0.77 0.93
1stinct=sub) PMET 0.25 0.25 0.99
MEMIT-Merge 1.00 0.77 0.93

Table 1: The complete results of the four editing methods—MEMIT, MEMIT-Merge, PMET, and FT-L—on
the same-subject and distinct-subject datasets at a batch size of 100. All experimental results were obtained by

re-running each editing method on our dataset.

and an improved version of MEMIT, PMET (Li
et al., 2024). In addition to the MEMIT-based
methods, we also included FT-L (Zhu et al., 2020),
which was used for comparison in the ROME paper,
as another baseline to verify that the same-subject
issue exists only in methods with the MEMIT-based
architecture.

4.3 Results when Batch Size is 100

We first compared the edit success rates of standard
MEMIT, PMET, MEMIT-Merge, and FT-L on the
two datasets across several models.

As shown in Tab. 1, our method outperforms
standard MEMIT on the same-subject dataset with
improved paraphrase accuracy, attributed to en-
hanced edit success rates. Notably, MEMIT’s
anomalously high specificity for same-subject ed-
its (indicating ineffective editing and a minimal
impact on the original model) is corrected by our
approach, achieving specificity levels comparable
to FT and distinct-subject scenarios. Results of
other models are detailed in App. D.

Comparing the results of MEMIT and PMET
to FT-L, it can be observed that the performance
drop in same-subject edits is unique to MEMIT-
based methods. This phenomenon is consistent
with our analysis in Sec. 3.1. By resolving key col-
lisions through key-wise value merging, MEMIT-
Merge successfully mitigates this issue, empirically
confirming that key collision is the root cause of
MEMIT’s limitations in same-subject cases.

4.4 Results with Varying Batch Sizes

As can be seen in Fig. 3, when the subjects of the
editing knowledge in the edit batch are the same,
the standard edit success rate plummets at a batch

’The results for all baselines were obtained by running the
code from the Easyedit framework on our datasets.
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Figure 3: The results of MEMIT-Merge and MEMIT
methods on same-subject and distinct-subject datasets
using the GPT-J-6B model, showing the changes with
varying batch sizes. MEMIT-Merge is capable of sig-
nificantly alleviating the decline in editing performance
under the same-subject condition.

size of 2, whereas MEMIT-Merge is able to main-
tain a much higher success rate, with a significantly
smaller decline compared to MEMIT. This also
confirms the effectiveness of our method. The re-
sults of other models are given in App. E

In the case of distinct subjects, the editing capa-
bility of both MEMIT and MEMIT-Merge does not
exhibit a significant decline even at a batch size of
100, which is consistent with our previous analysis.
The results of other editing methods are given in
App. F.

5 Conclusion

This paper identifies the issue of significant perfor-
mance degradation in MEMIT when a batch con-
tains knowledge sharing the same subject during
batch editing. This is fundamentally caused by pa-
rameter update conflicts arising from identical keys
requiring divergent values in the same-subject sce-
narios. Our proposed MEMIT-Merge resolves this
ahd significantly improves same-subject edit per-
formance while maintaining original performance
on distinct-subject cases. These findings advance
mass-editing techniques for evolving LLM knowl-
edge bases.



Limitations

While this study provides insights into same-
subject issues within MEMIT-based method, sev-
eral limitations should be acknowledged. First,
the constructed same-subject and distinct-subject
datasets contain only 100 instances, which may
cause unstable results. Second, all knowledge
triples are restricted to person-related entities, leav-
ing the generalization to other subject types (such
as locations or organizations) untested. While our
theoretical framework suggests that subject type
should not fundamentally alter the conclusions, em-
pirical validation across diverse categories remains
necessary. Third, the experiments focus solely on
lexical-level subject distinctions; potential effects
of semantic similarity in embedding space were
not explored. Future work could extend this investi-
gation by incorporating larger datasets, multi-type
knowledge triples, and embedding-space analyses
to further validate the theoretical predictions.
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A Details of Constructing Same-Subject
and Distinct-Subject Data

Our dataset construction is based on Wikidata.
First, we retrieve all relations and properties asso-
ciated with human subject entities from Wikidata.
Then, we manually filter the relations, removing
those that are less commonly used, such as ID and
Wikidata categories. Finally, we obtain 100 rela-
tions.

Subsequently, we select a number of individ-
uals from Wikidata and query their correspond-
ing objects for the knowledge triples composed of
these relations. Finally, we retain only one knowl-
edge triple for each relation, thereby obtaining 100
knowledge triples, formatted as (subject, relation,
object).

We then select another 100 distinct names from
Wikidata and replace the subject entities in the pre-
viously obtained 100 knowledge triples with these
new names, thereby creating the distinct-subject
dataset. Conversely, we replace the subject entities
in the 100 knowledge triples with a single, identical
name to create the same-subject dataset.

Using the template “subject’s relation is object,”
we construct natural language sentences from these
knowledge triples, which form the edit sentences in
the dataset. For example, a knowledge triple in the
same-subject dataset is (John Smith, doctoral advi-
sor, Dennis W. Sciama), which is formulated into
the natural sentence John Smith’s doctoral advisor
is Dennis W. Sciama. In the distinct-subject dataset,
the corresponding knowledge triple with the same
relation and object is (Paul Morand, doctoral advi-
sor, Dennis W. Sciama), which is formulated into
the natural sentence Paul Morand’s doctoral advi-
sor is Dennis W. Sciama.

Subsequently, following the dataset metrics in
Meng et al. (2022), we add two types of questions:
specificity and paraphrase. For paraphrase ques-
tions, we use the same knowledge triples as the
edit sentences, but with a different template format:
“The name of the relation of subject is object.”. For
specificity, there are two types of questions. One
is completely unrelated knowledge, for which we
use the prompt “The capital city of America is”.
The other type has the same relation as the edited
knowledge but a different subject. For example, if
the edited knowledge is (John, father, Bob), a speci-
ficity question could be (Paul, father, Eugene).

B Further Analysis of Cause

To further investigate the relationship between the
decline in editing capability and the distance be-
tween keys, we propose an evaluation metric: the
Average Keys Distance Inside Batch (AKD). This
metric is defined as the average Euclidean distance
between the key values of all pairs of knowledge
within a batch. It reflects the average distance be-
tween keys in the batch and is represented as

1
AKDO = LS k0 k0, o
(2) ek

where [ represents the [-th layer, B denotes the
batch of knowledge to be edited, kg? represents the
key value computed by the MLLP module in the I-th
layer for the input knowledge e;.

We compute the AK D for all layers of the
model at the subject’s last token position. As the
degree of subject variation increases across sen-
tences, the AK D value proportionally rises. Con-
versely, when all sentences share identical subjects,
the AK D value remains constant at 0.

We construct sentence batches using predefined
templates, where batches sharing the same template
exhibited similar AK D values, while distinct tem-
plates yielded significantly different AK D mea-
surements. The specific templates and correspond-
ing AK D values are detailed in App. C. For experi-
mental validation, we select three AK D groups (0,
10, 25) and conduct editing tests using Qwen2.5-
1.5B-Instruct. As shown in Fig. 4, where AK D
values are computed using keys from MEMIT’s fi-
nal editing layer, the results demonstrate an inverse
relationship: lower AK D values correspond to re-
duced editing success rates. This pattern remains
consistent across other AK D values, establishing
a statistically significant negative correlation be-
tween AK D and editing efficacy.

C Diverse AK D Dataset

dataset formatting template AKD
same-subject {subject}’s {relation} is {object} 0.0
distinct-subject  {subject}’s {relation} is {object} 25.8
same-subject The name of the {relation} of {subject} is {object} 10.5

distinct-subject The name of the {relation} of {subject} is {object} 26.2

Table 2: The average AK D values obtained using dif-
ferent data and templates.

The construction of datasets with three distinct
AK D values, where the keys within each dataset
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Figure 4: Datasets with different AK D values and the
results of edit efficacy. The lower the AK D value, the
more severe the decline in edit capability.

have a relatively consistent distance between each
other.

We utilize the knowledge triples from the same-
subject and distinct-subject datasets collected in
Sec. A to construct data using different natural
language sentence templates. The two templates
we employ are “subject’s relation is object” and
“The name of the relation of subject is object”.

Tab. 2 presents the average AK D values ob-
tained using different data and templates with the
Qwen2.5-1.5B-Instruct model. We selected several
datasets with distinct AK D values. Since these
datasets have consistent internal templates, the keys
of the multiple knowledge triples within them are
relatively uniform and close in distance. Therefore,
when performing batch editing on these datasets,
they can be used to study the correlation between
efficacy and AK D.
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Figure 5: Editing same-subject dataset using Qwen2.5-
1.5B-Instruct with four editing methods.

D Results of Other Models At Batch Size
100

Tab. 3 shows results using Llama-3-8B-Instruct,
Qwen2.5-1.5B-Instruct and Qwen2.5-7B-Instruct
at batch size 100.
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Figure 6: Editing same-subject dataset using Llama-3-
8B-Instruct with four editing methods.
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Figure 7: The results of MEMIT-Merge and MEMIT
methods on same-subject and distinct-subject datasets
using the Qwen2.5-7B-Instruct and Llama-3-8B-
Instruct.

Additionally, the experimental results for
Qwen2.5-1.5B-Instruct and Llama-3-8B-Instruct,
two models with different architectures, as shown
in Fig. 7, demonstrate that the same phenomenon
observed in the GPT-J model also exists in these
models. Moreover, MEMIT-Merge is equally ca-
pable of significantly mitigating the performance
degradation of standard MEMIT under the same-
subject condition. Therefore, it can be concluded
that this phenomenon is universally present across
different model architectures, and our method is
applicable to various model structures.

F Results with Varying Batch Sizes of
other methods

Here in Fig. 5 and Fig. 6 we demonstrate some
more results about editing same subject batch with
varying batch sizes.

It shows clearly that MEMIT-based methods suf-
fers from same subject issue, while methods like
FT doesn’t.



Model Dataset Method Efficiency Parapharse Specificity
FT 0.26 0.23 0.95
biect MEMIT 0.30 0.24 1.00
same-subjec PMET 0.23 0.17 0.99
Qwen2.5-1.5B-Instruct MEMIT-Merge 0.55 0.36 0.99
FT 0.23 0.21 0.99
distinctsubiect MEMIT 1.00 0.77 0.90
1SUnCt=subj PMET 0.51 0.40 0.85
MEMIT-Merge 1.00 0.77 0.90
FT 0.67 0.47 0.27
same-subject MEMIT 0.38 0.29 0.98
ubJ PMET 0.23 0.21 0.98
Llama-3-8B-Instruct MEMIT-Merge 0.71 0.44 0.98
FT 0.73 0.58 0.24
distinct-subiect MEMIT 0.99 0.91 0.82
) PMET 0.46 0.46 0.92
MEMIT-Merge 1.00 0.91 0.81
FT 0.28 0.23 0.99
me-subect MEMIT 0.31 0.25 1.00
same-subjec PMET 0.23 0.18 0.99
Qwen2.5-7B-Instruct MEMIT-Merge 0.67 0.43 0.99
FT 0.23 0.22 0.98
distinctsubioct MEMIT 0.99 0.84 0.91
tstinet-subjec PMET 0.52 0.47 0.84
MEMIT-Merge 1.00 0.86 0.90

Table 3: results of models in various size and architecture when batch size is 100

G Related Work

Knowledge editing techniques for large language
models (LLMs) primarily fall into two paradigms:
non-parametric approaches that preserve original
parameters and parametric methods that directly
modify model weights. Parametric approaches,
while effective for targeted updates, often intro-
duce uncontrolled parameter perturbations that ad-
versely affect unrelated knowledge — a challenge
addressed through various constraint mechanisms.
The parametric category features two dominant sub-
classes: One is ‘“Meta-Learning Based Methods”,
such as MEND (Mitchell et al., 2022) and MAL-
MEN (Tan et al., 2024) which train meta-networks
using carefully designed datasets containing both
unrelated knowledge samples and paraphrased sen-
tences, aiming to enhance generalization while min-
imizing collateral damage. Another is Locate-and-
Edit Methods, which includes techniques such as
Knowledge Neuron (KN) (Dai et al., 2022), iden-
tify critical knowledge storage locations before ex-
ecuting precise edits. ROME (Meng et al., 2022)
extends this by incorporating knowledge preserva-
tion terms in its optimization objective to maintain
model integrity.

Our work builds upon MEMIT (Meng et al.,
2023), a state-of-the-art locate-and-edit approach

that enables batch knowledge editing through MLP
layer modifications. Building on MEMIT, many
recent methods have made modifications to param-
eter update methods during editing or to the archi-
tecture and location of the edits. PMET (Li et al.,
2024) incorporates the output of the attention layer
in the calculation of parameter updates. AlphaEdit
(Fang et al., 2024) improves upon MEMIT’s pa-
rameter matrix update method by projecting the
update matrix into the null space of the original
knowledge to mitigate interference with unrelated
knowledge. UNKE (Deng et al., 2024) extends
structured knowledge editing to unstructured edit-
ing.
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