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ABSTRACT

Large language models (LLMs) often exhibit hallucinations, producing incorrect
or outdated knowledge. Hence, model editing methods have emerged to enable
targeted knowledge updates. To achieve this, a prevailing paradigm is the locating-
then-editing approach, which first locates influential parameters and then edits them
by introducing a perturbation. While effective, current studies have demonstrated
that this perturbation inevitably disrupts the originally preserved knowledge within
LLMs, especially in sequential editing scenarios. To address this, we introduce
AlphaEdit, a novel solution that projects perturbation into the null space of the
preserved knowledge before applying it to the parameters. We theoretically prove
that this projection ensures the output of post-edited LLMs remains unchanged
when querying about the preserved knowledge, thereby mitigating the issue of
disruption. Extensive experiments on various LLMs, including LLaMA3, GPT2-
XL, and GPT-J, show that AlphaEdit boosts the performance of most locating-
then-editing methods by an average of 36.7% with a single line of additional
code for projection solely. Our code is available at: https://github.com/
jianghoucheng/AlphaEdit.

1 INTRODUCTION

Large language models (LLMs) have demonstrated strong capability to store extensive knowledge
during pre-training and recall it during inference (Brown et al., 2020; Petroni et al., 2019; Roberts
et al., 2020; Liu et al., 2024a). Despite this, they frequently exhibit hallucinations, producing incorrect
or outdated information (Cao et al., 2021; Mitchell et al., 2022a). While fine-tuning with updated
knowledge offers a straightforward solution, it is often prohibitively time-consuming, especially for
resource-limited scenarios. In sight of this, model editing methods have emerged, enabling updating
the target knowledge while preserving other knowledge (Meng et al., 2022; Yao et al., 2023). Broadly,
model editing approaches fall into two categories: (1) parameter-modifying methods, which directly
adjust a small subset of parameters (Meng et al., 2023; Jiang et al., 2025; Li et al., 2024b), and
(2) parameter-preserving methods that integrate additional modules without altering the original
parameters (Huang et al., 2023; Yu et al., 2024; Hartvigsen et al., 2023; Zheng et al., 2023).

In this paper, we explore the parameter-modifying methods for model editing which require no
additional memory. Concretely, current parameter-modifying methods typically follow the locate-
then-edit paradigm (Meng et al., 2022). The basic idea is to first locate influential parameters W
through causal tracing, and then edit them by introducing a perturbation ∆. The common objective
for solving ∆ is to minimize the output error on the to-be-updated knowledge, denoted as e1.
Additionally, the output error on the to-be-preserved knowledge, e0, also needs to be considered in
the objective function to ensure the model behavior unchanged on the preserved knowledge.

Despite their success, the current paradigm faces a critical limitation: it struggles to maintain a
balance between knowledge-update error e1 and knowledge-preservation error e0. Specifically, to
prioritize the success of update, prior studies focus more on minimizing e1 by assigning a larger
weight, while taking insufficient control over e0. This could make the LLM after editing (i.e., the
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Figure 1: Comparison between the current
methods and AlphaEdit. (a) and (d) exhibit the
objectives, where λ is the coefficient to keep
balance between e0 and e1 in the objective;
(b) and (e) show the distributions of hidden
representations after dimensionality reduction
within the pre-edited and post-edited LLaMA3,
respectively; (c) depicts the output of the post-
edited LLaMA3. Best viewed in color.
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Figure 2: Performance of various model editing
methods on LLaMA3 (8B). Results with asterisks
in the superscript are from the ZsRE dataset. SST,
RTE, and CoLA demonstrate the general capabil-
ities of the post-edited LLMs. The experiments
are conducted with 2000 edited samples for se-
quential editing. Detailed settings and results are
provided in Section 4.2 and Table 1, respectively.
Best viewed in color.

post-edited LLM) overfit to the updated knowledge. This overfitting would introduce a distribution
shift of the hidden representations within LLMs. Figure 1 (b) showcases this shift, where the hidden
representations in the post-edited LLaMA-3 (8B) (Meta, 2024) diverge from the original distribution
(i.e., the pre-edited LLM). Worse still, in sequential editing scenarios (Gupta & Anumanchipalli,
2024) where the LLM undergoes multiple sequential edits, the accumulation of overfitting destroys
the model’s ability to preserve knowledge and generate coherent sentences, eventually leading to
model forgetting and model collapse, as depicted in Figure 1 (c).

To address these flaws, we instead remove e0 from the current objective, allowing the model to focus
solely on minimizing e1 without trade-offs. To avoid overfitting to the to-be-updated knowledge, we
project the solution of this new objective into the null space (Wang et al., 2021) of the preserved
knowledge before applying it to the model parameters, as shown in Figure 1 (d). By leveraging
the mathematical properties of matrix projection and null space, our new objective ensures that
the distribution of hidden representations within LLMs remains invariant after editing, as shown in
Figure 1 (e). This invariance enables the post-edited LLM to reduce e1 while keeping e0 close to
zero, thereby alleviating the issues of model forgetting and model collapse. We theoretically prove
such invariance property in Section 3. In a nutshell, we term the method as AlphaEdit, a simple yet
effective editing approach with a null-space constraint for LLMs.

To validate the effectiveness of our method, we conducted extensive experiments on multiple rep-
resentative LLMs, such as GPT-2 XL (Radford et al., 2019) and LLaMA-3 (8B). The results show
that, compared to the best-performing baseline, AlphaEdit can achieve an average performance
improvement of 36.7% by adding just one line of code to the conventional model editing method,
MEMIT (Meng et al., 2023), as illustrated in Figure 2. Furthermore, we empirically verified that this
simple idea can be easily applied to most existing model editing methods (Meng et al., 2022; 2023;
Ma et al., 2025; Gu et al., 2024; Li et al., 2024b), functioning as a plug-and-play enhancement that
significantly boosts their performance. This highlights AlphaEdit’s crucial role in efficient knowledge
updates for LLMs, enabling broader applications and future advancements in the field.
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2 PRELIMINARY

2.1 AUTOREGRESSIVELANGUAGE MODEL

An autoregressive LLM predicts the next tokenx in a sequence based on the preceding tokens.
Speci�cally, the hidden state ofx at layerl within the model, denoted ash l , can be calculated as:

h l = h l � 1 + a l + m l ; m l = W l
out � (W l

in 
 (h l � 1 + a l ) ) ; (1)

wherea l andm l represent the outputs of the attention block and the feed-forward network (FFN)
layer, respectively;W l

in andW l
out are the weight matrices of the FFN layers;� is the non-linear

activation function, and
 denotes the layer normalization. Following Meng et al. (2022), we express
the attention and FFN modules in parallel here.

It is worth noting thatW l
out within FFN layers is often interpreted as a linear associative memory,

functioning as key-value storage for information retrieval (Geva et al., 2021). Speci�cally, if the
knowledge stored in LLMs is formalized as(s; r; o) — representing subjects, relationr , and object
o (e.g., s = “The latest Olympic Game”, r = “was held in”, o = “Paris”) — W l

out associates a set
of input keysk encoding(s; r ) with corresponding valuesv encoding(o). That is,

m l
|{z}

v
= W l

out � (W l
in 
 (h l � 1 + a l ) )

| {z }
k

:
(2)

This interpretation has inspired most model editing methods to modify the FFN layers for knowledge
updates (Hase et al., 2023; Li et al., 2024a; Hu et al., 2024). For simplicity, we useW to refer to
W l

out in the following sections.

2.2 MODEL EDITING IN LLM S

Model editing aims to update the knowledge stored in LLMs through a single edit or multiple
sequential edits. Each edit modi�es the model parametersW by adding a perturbation� in locate-
then-edit paradigm. Speci�cally, suppose each edit needs to updateu pieces of knowledge in the
form of (s; r; o). The perturbedW is expected to associateu newk-v pairs, wherek andv encode
(s; r ) and(o) of the new knowledge, respectively. LetW 2 Rd1 � d0 , whered0 andd1 represent the
dimensions of the FFN's intermediate and output layers. Then, we can stack these keys and values
into matrices following:

K 1 = [ k1 jk2j : : : j ku ] 2 Rd0 � u ; V1 = [ v1 jv2j : : : j vu ] 2 Rd1 � u ; (3)

where the subscripts ofk andv represent the index of the to-be-updated knowledge. Based on these,
the objective can be expressed as:

� = arg min
~�






 (W + ~� )K 1 � V1








2
; (4)

wherek�k2 denotes the sum of the squared elements in the matrix.

Additionally, letK 0 andV0 represent the matrices formed by stacking thek andv of the preserved
knowledge. Current methods (Meng et al., 2023; Gu et al., 2024) typically incorporate the error
involving K 0 andV0 to preserve it, as follows:

� = arg min
~�

(





 (W + ~� )K 1 � V1








2
+






 (W + ~� )K 0 � V0








2
): (5)

SinceK 0 andV0 encode the preserved knowledge in LLMs, we haveW K 0 = V0 (cf. Eqn. 2).
Thus, by applying the normal equation (Lang, 2012), if the closed-form solution of Eqn. 5 exists, it
can be written as:

� = ( V1 � W K 1) K T
1

�
K 0K T

0 + K 1K T
1

� � 1
: (6)

AlthoughK 0 is dif�cult to obtain directly since we hardly have access to the LLM's full extent of
knowledge, it can be estimated using abundant text input (Meng et al., 2023). In practical applications,
100; 000 (s; r; o) triplets from Wikipedia are typically randomly selected to encodeK 0 (Meng et al.,
2023), makingK 0 a high-dimensional matrix with100; 000columns (i.e., K 0 2 Rd0 � 100;000). See
Appendix B.1 for detailed implementation steps.
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3 METHOD

In this section, we �rst introduce the concept of the null space and its relationship to model editing
(Section 3.1). Based on this, we present the method for projecting the perturbation� into the null
space of the matrixK 0, which encodes the persevered knowledge (Section 3.2). Following that, we
present AlphaEdit that incorporates the aforementioned projection method in Section 3.3.

3.1 NULL SPACE

Null space is at the core of our work. Here we �rst introduce the de�nition of the left null space
(hereafter referred to simply asnull space). Speci�cally, given two matricesA andB , B is in the
null space ofA if and only if BA = 0. See Adam-NSCL (Wang et al., 2021) for more details.

In the context of model editing, if the perturbation� is projected into the null space ofK 0 (i.e.,
� 0K 0 = 0, where� 0 denotes the projected perturbation), adding it to the parametersW results in:

(W + � 0)K 0 = W K 0 = V0: (7)

This implies thatthe projected � will not disrupt the key-value associations of the preserved
knowledge(i.e., f K 0; V0g), ensuring the stability of the preserved knowledge.

Therefore, in this work, before adding perturbation� to the model parametersW , we project it into
the null space ofK 0 to protect the preserved knowledge. This protection allows us to remove the
second term — the term focusing on preserving knowledge — from the objective in Eqn. 5.

3.2 NULL SPACE PROJECTING

In Section 3.1, we brie�y explained why� should be projected into the null space ofK 0. In this
part, we focus on how to implement this projection.

As introduced at the end of Section 2.2, the matrixK 0 2 Rd0 � 100;000 has a high dimensionality
with 100; 000columns. Hence, directly projecting the given perturbation� into the null space of
K 0 presents signi�cant computational challenges. In sight of this, we adopt the null space of the
non-central covariance matrixK 0K T

0 2 Rd0 � d0 as a substitute to reduce computational complexity,
asd0 is typically much smaller than100; 000. This matrix's null space is equal to that ofK 0 (please
see Appendix B.2 for detailed proof).

Following the existing methods for conducting null space projection (Wang et al., 2021), we �rst
apply a Singular Value Decomposition (SVD) toK 0K T

0 :
�

U ; � ; U T 	
= SVD

�
K 0K T

0

�
; (8)

where each column inU is an eigenvector ofK 0K T
0 . Then, we remove the eigenvectors inU that

correspond to non-zero eigenvalues1, and de�ne the remaining submatrix aŝU . Based on this, the
projection matrixP can be de�ned as follows:

P = Û Û T : (9)

This projection matrix can map the column vectors of� into the null space ofK 0K T
0 , as it satis�es

the condition� P � K 0K T
0 = 0. The detailed derivation is given in Appendix B.3.

SinceK 0 andK 0K T
0 share the same null space, we can derive� P � K 0 = 0. Hence, we have:

(W + � P )K 0 = W K 0 = V0: (10)

This shows that the projection matrixP ensures the model edits not affecting the preserved knowledge
in LLMs.

3.3 NULL -SPACE CONSTRAINED MODEL EDITING

Section 3.2 has provided how to apply projection to ensure that preserved knowledge is not disrupted.
Here, we introduce how to leverage this projection to optimize the current model editing objective.

1Given that eigenvalues are rarely strictly zero in practical applications, in our experiments, we remove the
eigenvectors corresponding to the eigenvalues above10� 2 .
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Figure 3: Comparison between the paradigms of AlphaEdit and current method. Best viewed in color.

Starting with the single-edit objective in Eqn. 5, the optimization follows three steps: (1) Replace
� with the projected perturbation� P , ensuring that the perturbation would not disrupt the pre-
served knowledge; (2) Remove the �rst term involvingK 0, as Step (1) has already protected the
preserved knowledge from being disrupted; (3) Add a regularization termjj � P jj2 to guarantee stable
convergence. With these optimizations, Eqn. 5 becomes:

� = arg min
~�

�
jj (W + ~� P )K 1 � V1jj2 + k ~� P k2

�
; (11)

whereK 1 andV1 denote the key and value matrices of to-be-updated knowledge de�ned in Eqn. 3.

In sequential editing tasks, during the current edit, we also need to add a term to the objective (cf.
Eqn. 11) to prevent the perturbation from disrupting the updated knowledge in previous edits. Let
K p andVp present the key and value matrices of the previously updated knowledge, analogous to the
earlier de�nitions ofK 1 andV1. This term should minimizejj (W + ~� P )K p � Vp jj2 to protect the
association. Since the related knowledge has been updated in previous edits, we haveW K p = Vp.
Hence, this term can be simpli�ed tojj ~� P K p jj2, and adding it to Eqn. 11 gives the new objective:

� = arg min
~�

�
jj (W + ~� P )K 1 � V1jj2 + k ~� P k2 + jj ~� P K p jj2

�
: (12)

To facilitate expression, we de�ne the residual vector of the current edit asR = V1 � W K 1. Based
on this, Eqn. 12 can be solved using the normal equation (Lang, 2012):

(� P K 1 � R )K T
1 P + � P + � P K pK T

p P = 0: (13)

Solving Eqn. 13 yields the �nal perturbation� AlphaEdit = � P which will be added to the model
parametersW :

� AlphaEdit = RK T
1 P (K pK T

p P + K 1K T
1 P + I ) � 1: (14)

The detailed derivation process and the invertibility of the term within the brackets are provided in
Appendices B.4 and B.5 respectively. This solution� AlphaEdit could not only store the to-be-updated
knowledge in the current edit, but also ensure that both the preserved knowledge and the previously
updated knowledge remain unaffected. Furthermore, for better comparison, we also present the
commonly used solution in existing methods like MEMIT (Meng et al., 2023) as follows2:

� MEMIT = RK T
1 (K pK T

p + K 1K T
1 + K 0K T

0 ) � 1: (15)

By comparing Eqn. 14 and 15, it is evident that our approach requires only a minor modi�cation
to the standard solution by incorporating the projection matrixP . This makes our method easily
integrable into existing model editing algorithms. Figure 3 summarizes this modi�cation from the
perspective of convergence objectives. We emphasize thatby adding just a single line of code for
this modi�cation, the performance of most editing methods could be signi�cantly enhanced, as
shown in Figure 2. More detailed experimental results are exhibited in Section 4.

Furthermore, since the projection matrixP is entirely independent of the to-be-updated knowledge,
it only needs to be computed once and can then be directly applied to any downstream editing tasks.
Consequently, AlphaEdit introduces negligible additional time consumption compared to baselines,
making it both ef�cient and effective.

2� MEMIT denotes the solution provided by MEMIT in sequential editing tasks.
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Table 1:Comparison of AlphaEdit with existing methods on the sequential model editing task.Eff., Gen., Spe.,
Flu. andConsis.denote Ef�cacy, Generalization, Speci�city, Fluency and Consistency, respectively. The best
results are highlighted in bold, while the second-best results are underlined.

Method Model
Counterfact ZsRE

Eff." Gen." Spe." Flu." Consis." Eff." Gen." Spe."

Pre-edited
LL

aM
A

3
7.85� 0.26 10.58� 0.26 89.48� 0.18 635.23� 0.11 24.14� 0.08 36.99� 0.30 36.34� 0.30 31.89� 0.22

FT 83.33� 0.37 67.79� 0.40 46.63� 0.37 233.72� 0.22 8.77� 0.05 30.48� 0.26 30.22� 0.32 15.49� 0.17

MEND 63.24� 0.31 61.17� 0.36 45.37� 0.38 372.16� 0.80 4.21� 0.05 0.91� 0.05 1.09� 0.05 0.53� 0.02

InstructEdit 66.58� 0.24 64.18� 0.35 47.14� 0.37 443.85� 0.78 7.28� 0.04 1.58� 0.04 1.36� 0.08 1.01� 0.05

ROME 64.40� 0.41 61.42� 0.42 49.44� 0.38 449.06� 0.26 3.31� 0.02 2.01� 0.07 1.80� 0.07 0.69� 0.03

MEMIT 65.65� 0.47 64.65� 0.42 51.56� 0.38 437.43� 1.67 6.58� 0.11 34.62� 0.36 31.28� 0.34 18.49� 0.19

PRUNE 68.25� 0.46 64.75� 0.41 49.82� 0.36 418.03� 1.52 5.90� 0.10 24.77� 0.27 23.87� 0.27 20.69� 0.23

RECT 66.05� 0.47 63.62� 0.43 61.41� 0.37 526.62� 0.44 20.54� 0.09 86.05� 0.23 80.54� 0.27 31.67� 0.22

AlphaEdit 98.90� 0.10 94.22� 0.19 67.88� 0.29 622.49� 0.16 32.40� 0.11 94.47� 0.13 91.13� 0.19 32.55� 0.22

Pre-edited

G
P

T-
J

16.22� 0.31 18.56� 0.45 83.11� 0.13 621.81� 0.67 29.74� 0.51 26.32� 037 25.79� 0.25 27.42� 0.53

FT 92.15� 0.27 72.38� 0.38 43.35� 0.37 297.92� 0.77 6.65� 0.10 72.37� 0.29 68.91� 0.32 19.66� 0.23

MEND 46.15� 0.50 46.22� 0.51 53.90� 0.48 242.41� 0.41 3.94� 0.03 0.71� 0.04 0.71� 0.04 0.52� 0.03

InstructEdit 50.62� 0.58 51.73� 0.42 56.28� 0.50 245.89� 0.44 4.21� 0.04 0.92� 0.07 0.88� 0.03 0.65� 0.06

ROME 57.50� 0.48 54.20� 0.40 52.05� 0.31 589.42� 0.08 3.22� 0.02 56.42� 0.42 54.65� 0.42 9.86� 0.16

MEMIT 98.55� 0.11 95.50� 0.16 63.64� 0.31 546.28� 0.88 34.89� 0.15 94.91� 0.16 90.22� 0.23 30.39� 0.27

PRUNE 86.15� 0.34 86.85� 0.29 53.87� 0.35 427.14� 0.53 14.78� 0.11 0.15� 0.02 0.15� 0.02 0.00� 0.00

RECT 98.80� 0.10 86.58� 0.28 72.22� 0.28 617.31� 0.19 41.39� 0.12 96.38� 0.14 91.21� 0.21 27.79� 0.26

AlphaEdit 99.75� 0.08 96.38� 0.23 75.48� 0.21 618.50� 0.17 42.08� 0.15 99.79� 0.14 96.00� 0.22 28.29� 0.25

Pre-edited

G
P

T
2-

X
L

22.23� 0.73 24.34� 0.62 78.53� 0.33 626.64� 0.31 31.88� 0.20 22.19� 0.24 31.30� 0.27 24.15� 0.32

FT 63.55� 0.48 42.20� 0.41 57.06� 0.30 519.35� 0.27 10.56� 0.05 37.11� 0.39 33.30� 0.37 10.36� 0.17

MEND 50.80� 0.50 50.80� 0.48 49.20� 0.51 407.21� 0.08 1.01� 0.00 0.00� 0.00 0.00� 0.00 0.00� 0.00

InstructEdit 55.32� 0.58 53.63� 0.42 53.25� 0.62 412.57� 0.15 1.08� 0.03 3.54� 0.03 4.25� 0.02 3.23� 0.04

ROME 54.60� 0.48 51.18� 0.40 52.68� 0.33 366.13� 1.40 0.72� 0.02 47.50� 0.43 43.56� 0.42 14.27� 0.19

MEMIT 94.70� 0.22 85.82� 0.28 60.50� 0.32 477.26� 0.54 22.72� 0.15 79.17� 0.32 71.44� 0.36 26.42� 0.25

PRUNE 82.05� 0.38 78.55� 0.34 53.02� 0.35 530.47� 0.39 15.93� 0.11 21.62� 0.30 19.27� 0.28 13.19� 0.18

RECT 92.15� 0.26 81.15� 0.33 65.13� 0.31 480.83� 0.62 21.05� 0.16 81.02� 0.31 73.08� 0.35 24.85� 0.25

AlphaEdit 99.50� 0.24 93.95� 0.34 66.39� 0.31 597.88� 0.18 39.38� 0.15 94.81� 0.30 86.11� 0.29 25.88� 0.21

4 EXPERIMENT

In this section, we conduct experiments to address the following research questions:

• RQ1: How does AlphaEdit perform on sequential editing tasks compared to baseline methods?
Can it mitigate the issues of model forgetting and model collapse exhibited in Figure 1?

• RQ2: How does AlphaEdit-edited LLM perform on general ability evaluations? Does the post-
edited LLM successfully retain its inherent capabilities?

• RQ3: Can AlphaEdit effectively prevent the model from over�tting to updated knowledge?
Speci�cally, can the post-edited LLM avoid shifts in the distribution of hidden representations?

• RQ4: Can the performance of baseline methods be signi�cantly improved with a single line of
code in AlphaEdit (i.e., the code for projection)?

4.1 EXPERIMENTAL SETUP

We begin by brie�y outlining the evaluation metrics, datasets, and baseline methods. For more
detailed descriptions of the experimental settings, please refer to Appendix A.

Base LLMs & Baseline Methods.Our experiments are conducted on three LLMs: GPT2-XL (1.5B),
GPT-J (6B), and LLaMA3 (8B). We compare our method against several model editing baselines,
including Fine-Tuning (FT) (Zhu et al., 2020), MEND (Mitchell et al., 2022a), InstructEdit (Zhang
et al., 2024b), ROME (Meng et al., 2022), MEMIT (Meng et al., 2023), PRUNE (Ma et al., 2025), and
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Figure 4: F1 scores of the post-edited LLaMA3 (8B) on six tasks (i.e., SST, MRPC, CoLA, RTE,
MMLU and NLI) used for general capability testing. Best viewed in color.

RECT (Gu et al., 2024). Furthermore, to further validate the generalizability of AlphaEdit, we include
three memory-based editing methods (i.e., SERAC (Mitchell et al., 2022b), GRACE (Hartvigsen
et al., 2023) and MELO (Yu et al., 2024)) as baselines in Appendix C.4, along with two additional
base LLMs: Gemma (Mesnard et al., 2024) and phi-1.5 (Li et al., 2023) in Appendix C.4.

Datasets & Evaluation Metrics. We evaluate AlphaEdit using two widely adopted benchmarks:
the Counterfact dataset (Meng et al., 2022) and the ZsRE dataset (Levy et al., 2017). In line with
prior works (Meng et al., 2022), we employEf�cacy (ef�ciency success),Generalization (para-
phrase success),Speci�city (neighborhood success),Fluency (generation entropy), andConsistency
(reference score) as evaluation metrics. In addition, for comprehensive evaluation, Appendix C.7
presents experiments conducted on three additional datasets: LongformEvaluation (Rosati et al.,
2024), MQUAKE (Zhong et al., 2023), and KnowEdit (Zhang et al., 2024d). We encourage interested
readers to refer to Appendix C.7 for further details.

4.2 PERFORMANCE ONKNOWLEDGE UPDATE AND PRESERVATION (RQ1)

To evaluate the performance of different editing methods in terms of knowledge update and retention,
we conducted sequential editing on three base LLMs using AlphaEdit and the baseline methods.
Table 1 presents the results under a commonly used con�guration for the sequential editing task,
where 2,000 samples are randomly drawn from the dataset for updates, with 100 samples per edit
(i.e., a batch size of 100). For additional experimental results, such as case studies of model outputs
after editing, please refer to Appendix C. Based on Table 1, we can draw the following observations:

• Obs 1: AlphaEdit achieves superior performance across nearly all metrics and base models.
Speci�cally, in terms of Ef�cacy and Generalization metrics, AlphaEdit provides an average
improvement of 12.54% and 16.78%, respectively, over the best baseline. On LLaMA3, these
performance boosts are even more remarkable (i.e.,32:85%" and30:60%" ). These gains arise
from AlphaEdit's ability to mitigate the trade-off between updating and preserving knowledge.

• Obs 2: AlphaEdit enhances text generation �uency and coherence.In addition to editing
capabilities, AlphaEdit also exhibits substantial improvements in Fluency and Coherence. For
instance, on GPT2-XL, AlphaEdit achieves an18:33%improvement over the strongest baseline,
demonstrating that it can preserve both the knowledge and the ability to generate �uent text.

4.3 GENERAL CAPABILITY TESTS(RQ2)

To further evaluate the intrinsic knowledge of post-edited LLMs, we perform General Capability
Tests using six natural language tasks from the General Language Understanding Evaluation (GLUE)
benchmark (Wang et al., 2019). Speci�cally, the evaluation tasks include:
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Figure 5: The distribution of hidden representations of pre-edited and post-edited LLMs after
dimensionality reduction. The top and right curve graphs display the marginal distributions for two
reduced dimensions, where AlphaEdit consistently exhibits minimal shift. Best viewed in color.

1. SST (The Stanford Sentiment Treebank)(Socher et al., 2013) is a single-sentence classi�cation
task involving sentences from movie reviews and their corresponding human-annotated sentiment
labels. The task requires classifying the sentiment into two categories.

2. MRPC (Microsoft Research Paraphrase Corpus)(Dolan & Brockett, 2005) is a well-known
benchmark for text matching and semantic similarity assessment. In the MRPC task, the objective
is to determine whether a given pair of sentences is semantically equivalent.

3. MMLU (Massive Multi-task Language Understanding) (Hendrycks et al., 2021) is a compre-
hensive evaluation designed to measure the multi-task accuracy of text models. This assessment
focuses on evaluating models under zero-shot and few-shot settings.

4. RTE (Recognizing Textual Entailment) (Bentivogli et al., 2009) involves natural language
inference that determines if a premise sentence logically entails a hypothesis sentence.

5. CoLA (Corpus of Linguistic Acceptability) (Warstadt et al., 2019) is a single-sentence classi�-
cation task, where sentences are annotated as either grammatically acceptable or unacceptable.

6. NLI (Natural Language Inference) (Williams et al., 2018) focuses on natural language under-
standing, requiring the model to infer the logical relationship between pairs of sentences.

Figure 4 illustrates the performance as the number of edited samples increases across six tasks. More
results are provided in Appendix C.2. Based on Figure 4, we have the following observations:

• Obs 3: AlphaEdit sustains the general capability of post-edited LLMs even after extensive
editing. Speci�cally, AlphaEdit maintains the original model performance across all metrics, even
after editing 3,000 samples, demonstrating that the null-space projection not only safeguards the
preserved knowledge but also protects the general capability learned from this knowledge's corpus.

• Obs 4: LLMs edited with baseline methods experience signi�cant degradation of general ca-
pability after editing 2,000 samples.Speci�cally, in this case, all metrics are rapidly approaching
zero, con�rming our theoretical analysis that the common objective are inherently �awed and fail
to balance knowledge update and preservation.

4.4 HIDDEN REPRESENTATIONSANALYSIS (RQ3)

As discussed in previous sections, current editing methods often cause post-edited LLMs to over�t
to the updated knowledge, leading to a shift in the distribution of hidden representations. Hence,
here we aim to empirically verify that AlphaEdit can prevent over�tting and avoid this distributional
shift. To validate it, we conducted the following steps: (1) We randomly select 1,000 factual prompts
and extract the hidden representations within pre-edited LLMs. (2) Subsequently, we performed
2,000 sequential edits on the LLMs and recomputed these hidden representation. (3) Finally, we
used t-SNE (Van der Maaten & Hinton, 2008) to visualize the hidden representation before and after
editing. Figure 5 exhibits them and their marginal distribution curves. Furthermore, we quantify the
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