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Abstract

Sequential knowledge editing techniques aim to continuously
update knowledge in large language models at low cost, pre-
venting models from generating outdated or incorrect infor-
mation. However, existing sequential editing methods suffer
from a significant decline in editing success rates after long-
term editing. Through theoretical analysis and experiments,
our findings reveal that as the number of edits increases, the
model’s output increasingly deviates from the desired target,
leading to a drop in editing success rates. We refer to this is-
sue as the superimposed noise accumulation problem. Our
further analysis demonstrates that the problem is related to the
erroneous activation of irrelevant knowledge and conflicts be-
tween activated knowledge. Based on this analysis, a method
named DeltaEdit is proposed that reduces conflicts between
knowledge through dynamic orthogonal constraint strategies.
Experiments show that DeltaEdit significantly reduces super-
imposed noise, achieving a 16.8% improvement in editing
performance over the strongest baseline.

1 Introduction
Large language Models encode vast amounts of knowledge
acquired during pretraining (Brown et al. 2020; Petroni et al.
2019; Roberts, Raffel, and Shazeer 2020). This makes them
invaluable as knowledge bases across various applications
(Thirunavukarasu et al. 2023; AlKhamissi et al. 2022). How-
ever, they are prone to generating inaccurate or outdated in-
formation (De Cao, Aziz, and Titov 2021; Mitchell et al.
2021), necessitating continuous updates to maintain their ac-
curacy and reliability. While fine-tuning offers a potential
solution for knowledge updates, it is computationally ex-
pensive and risks catastrophic forgetting (Luo et al. 2024;
Mitchell et al. 2022; Huang et al. 2025). To overcome these
limitations, knowledge editing techniques have emerged as
an efficient alternative. They enable precise updates with
minimal computational cost, while preserving the integrity
of existing knowledge (Meng et al. 2023a; Yao et al. 2023;
Wang et al. 2023; Li et al. 2025).

Current mainstream editing methods adopt the locate-
then-edit paradigm (Meng et al. 2023a; Ma et al. 2024; Gu
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et al. 2024), which involves first identifying the most impact-
ful model parameters W and then introducing update param-
eters ∆ to perform the desired edit. While these methods
excel in single-edit tasks, real-world applications often de-
mand multiple consecutive updates to accommodate rapidly
evolving knowledge. This shift highlights the importance of
sequential editing, which demands performing a series of ed-
its while ensuring that all updated knowledge is accurately
integrated and retained. Prior studies (Gupta, Rao, and Anu-
manchipalli 2024) have shown that naively extending single-
edit methods to sequential tasks can lead to reduced edit suc-
cess rates and degradation in model performance. To address
these issues, researchers have explored several critical fac-
tors (Ma et al. 2024; Gu et al. 2024; Fang et al. 2024). These
efforts have led to the development of new methods specifi-
cally designed for sequential editing.

Despite recent advances, most existing studies on se-
quence editing remain superficial, they treat the update pa-
rameters for editing as a monolithic entity, neglecting the
fine-grained dynamics of the update process and the po-
tential interactions between successive edits. In this paper,
we conduct a comprehensive investigation into the dynamic
behavior of sequential editing. We identify a critical phe-
nomenon: as the number of edits increases, the model’s out-
put increasingly deviates from its intended target. As shown
in Figure 1, a user query typically activates not only the
correct knowledge but also numerous irrelevant knowledge.
The superposition of irrelevant knowledge makes it difficult
for the correct knowledge to be properly output. We refer
to this issue as the superimposed noise accumulation prob-
lem. Through our experiments, we demonstrate that the
accumulation of superimposed noise is a major contrib-
utor leading to decreased editing success rates and even
model collapse.

To better understand the factors contributing to superim-
posed noise, we decompose the update parameter ∆ into
the outer product of two components: influence vectors and
activation vectors. Influence vectors determine the capacity
of an update to modify the model’s output, whereas activa-
tion vectors control the extent to which updates are triggered
by different inputs. Our analysis reveals that superimposed
noise is primarily influenced by the incorrect activation of
activation vectors caused by input representations, and the
overlap of influence vectors during editing. Existing meth-
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ods primarily focus on optimizing activation vectors and
often neglect influence vectors, leading to suboptimal up-
dates. This imbalance motivates the need for a more robust
approach to sequential editing.

Based on the preceding analysis, we propose DeltaEdit, a
novel sequential editing method designed to mitigate the ef-
fects of superimposed noise. DeltaEdit introduces a dynamic
orthogonal constraint strategy to explicitly optimize influ-
ence vectors during the editing process, reducing interfer-
ence between updates. Experimental results demonstrate
that, compared to existing methods, DeltaEdit more ef-
fectively mitigates superimposed noise and achieves su-
perior sequential editing performance. In particular, it at-
tains a 16.8% improvement in editing performance over the
strongest baseline. Furthermore, DeltaEdit better preserves
model capabilities and representation distribution, thereby
significantly enhancing the reliability and sustainability of
sequential editing. To summarize, the main contributions of
this work are as follows:

1. We uncover and define superimposed noise as a core lim-
itation in sequential editing tasks. Furthermore, through
experiments on multiple models and editing methods, we
demonstrate that the problem of superimposed noise ac-
cumulation is a critical cause of the decline in editing
performance and even model collapse.

2. We analyze the factors that contribute to superimposed
noise. This understanding enables us to identify key
mechanisms for reducing superimposed noise and en-
hancing the performance of sequential editing methods.

3. We develop DeltaEdit, an innovative sequential edit-
ing method that incorporates a dynamic orthogonal
constraint strategy. Through extensive experiments, we
demonstrate that DeltaEdit significantly outperforms ex-
isting methods.

2 Related Work
2.1 Knowledge Editing
From the perspective of whether to modify model parame-
ters, Yao et al. (2023) categorizes knowledge editing meth-
ods into two major types: parameter-preserving methods and
parameter-modifying methods. This paper primarily focuses
on the latter. One line of work employs meta-learning ap-
proaches to edit language models through a hypernetwork.
KE (Cao, Aziz, and Titov 2021) utilizes a bidirectional
LSTM to predict weight updates for editing, whereas MEND
(Mitchell et al. 2021) applies a low-rank decomposition of
gradients to fine-tune the language model. Another line of
work, based on conclusions drawn from causal probes (Dai
et al. 2022; Meng et al. 2023a), performs edits in the feed-
forward networks of middle model layers. KN (Dai et al.
2022) achieves knowledge editing by modifying the activa-
tion values of specific neurons. ROME (Meng et al. 2023a)
uses normal equations to compute the update parameters
required for editing, and MEMIT (Meng et al. 2023b) fur-
ther extends this approach to support batch editing. AnyEdit
(Jiang et al. 2025) effectively enables the editing of long-
form knowledge.

What is Tanya Lopert's mother tongue?

Tanya Lopert's mother tongue is English.

Michel Denisot’s mother tongue is Russian.

Jean Auguste’s mother tongue is Dutch.

Tanya Lopert's mother tongue is Russian.

Edited 
LLM

New Knowledge

English DutchRussian

L0

LEdited
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ΔR1ΔE ΔRn
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Figure 1: Output deviation problem of edited LLM. The cor-
rectly activated output (green part) is interfered with by the
incorrectly activated output (red parts).

2.2 Sequential Editing
Gupta, Rao, and Anumanchipalli (2024) points out that per-
forming multiple consecutive edits can lead to model perfor-
mance degradation. Yang et al. (2024) identified perplexity
as an effective metric for detecting model collapse during
sequence editing. By analyzing update parameters, Hu et al.
(2024) finds that the overlap of input representations in the
whitening space is a key factor contributing to poor editing
performance. Ma et al. (2024) theoretically analyzes that the
bottleneck limiting sequential editing in models lies in the
condition number of matrices and proposes PRUNE, which
supports sequential editing by controlling the growth of the
condition number. Gu et al. (2024) observes that editing
causes excessive parameter changes and proposes RECT,
which improves editing performance by sparsifying update
parameters. Cai and Cao (2024) proposed O-Edit, which re-
duces interference between successive updates by orthogo-
nalizing the direction of each knowledge update. Fang et al.
(2024) proposes AlphaEdit, which achieves nearly lossless
sequential editing by restricting the solution space of update
parameters to a specific null space.

3 Analysis on Sequential Editing
3.1 Preliminary
Autoregressive Language Model. Autoregressive language
models (Minaee et al. 2024) generate the next token based
on the preceding tokens. Modern autoregressive models are
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predominantly composed of multiple stacked transformer
layers. In such models, the hidden state of the l layer, de-
noted as hl, is calculated as:

hl = hl−1 + al +ml (1)

ml = W l
outσ

(
W l

inγ(h
l−1 + al)

)
(2)

Here, al is the output of the attention block, ml is the out-
put of the feed-forward network (FFN), σ is the activation
function, and γ denotes layer normalization. Studies (Geva
et al. 2021) show that the parameter matrices of the FFN,
Wout and Win, encode knowledge acquired during pretrain-
ing. Building on this finding, most knowledge editing meth-
ods focus on modifying the FFN to update knowledge.

Sequential Editing. Sequential editing (Wang et al. 2024)
refers to performing continuous model editing on a model.
Model editing aims to modify the knowledge encoded in
a model. Following previous research (Meng et al. 2023a),
we define knowledge in the form of triples, represented as
(s, r, o), where s is the subject, r is the relation, and o is the
object. For example, if a model memorizes the knowledge
triple (s = iPhone, r = Latest model, o = iPhone 16), pro-
viding a language prompt p(s, r), such as “The latest model
of iPhone is,” as input causes the model to output “iPhone
16.” Model editing refers to the process of replacing the orig-
inal knowledge triple (s, r, o) with a new knowledge triple
(s, r, o∗), and we denote this operation as E = (s, r, o, o∗).
In a sequential editing task of length T , where an editing
sequence ET = (E1, E2, . . . , ET ) is performed, each edit Ei
builds upon the results of the previous edit Ei−1.

Current knowledge editing methods (Meng et al. 2023a,b;
Fang et al. 2024) primarily adopt the locate-then-edit
paradigm to implement model editing. For a model M ,
these methods first locate the most appropriate parameters
W within the model, and then update them using the fol-
lowing approach:

∆ = F (M,W, E) (3)

W ′ = W +∆ (4)

F represents the function used to compute update param-
eter ∆ and W ′ denotes the updated parameters. Given edit-
ing sequence ET , the update involves a parameter sequence
DT = (∆1,∆2, . . . ,∆T ), where ∆i+1 = F (M,Wi, Ei)
and Wi+1 = Wi +∆i.

3.2 Update Parameter
Most knowledge editing methods solve for update parameter
∆ by applying the normal equation. For example, MEMIT
(Meng et al. 2023b) leverages the knowledge storage proper-
ties of FFN layers, identifies the W l

out of a suitable layer l as
the target for editing, and proposes the following equation:

∆ ≜ argmin
∆̂

(
∥∆̂K1 −R∥2 + ∥∆̂K0∥2

)
(5)

According to this equation, the solution for ∆ can be ob-
tained in the following form:

∆ = RK⊤
1 (C0 +K1K

⊤
1 )−1 (6)

where K1 represents the input representation to W l
out for

the final token of s in the edited triplet (s, r, o∗). K0 denotes
the input representations for tokens that should remain un-
affected. C0 = E(K0K

⊤
0 ) is statistically estimated over a

large dataset. R, the learned editing representation, is ob-
tained by optimizing the loss function:

loss = − logP (o∗ | M(p(s, r), R)) (7)
AlphaEdit (Fang et al. 2024) has a similar solution:

∆ = RK⊤
1 P

(
KpK

⊤
p P+K1K

⊤
1 P+ I

)−1
(8)

where Kp denotes the input representations for tokens that
have already been edited, and P is the null space of K0.

To simplify the discussion, we focus on editing one
knowledge at a time. In this case, ∆ can be seen as the prod-
uct of vector α and the transpose of vector β:

∆ = αβ⊤, α = R, (9)

β =

{
(C0 +K1K

⊤
1 )−1K1,MEMIT(

PKpK
⊤
p + PK1K

⊤
1 + I

)−1 PK1,AlphaEdit

We refer to α as the influence vector and β as the activa-
tion vector. This naming is based on the following reasoning:

• α is a specially trained vector designed to modify the
model’s output.

• β determines the extent to which α is activated. The cal-
culation of ∆k can be expressed as (k⊤β)α, where the
dot product of k and β determines the activation strength.

For all methods adopt a computation of ∆ similar to
MEMIT or AlphaEdit, the resulting ∆ can similarly be de-
composed as αβ⊤ from a comparable perspective.

3.3 The Problem of Superimposed Noise
Superimposed Noise. In the sequential editing task, a series
of editing operations is performed on the model. Upon com-
pleting the entire sequence of edits ET , the parameters W l

out
of the model’s l-th layer are updated. For the representation
ke of the subject token being edited during operation Ee, the
output deviates from the original W l

outke. This deviation can
be formally analyzed using the L2 norm:

∥(W l
out+

∑
i≤T

∆i)ke∥2 ≤ ∥W l
outke∥2+∥

∑
i≤T

∆ike∥2 (10)

Here, ∥W l
outke∥2 is a constant, while ∥

∑
i ∆ike∥2 deter-

mines the upper bound of the deviation. In editing operation
Ee, the update parameter can be expressed as ∆e. Ideally,
after multiple sequential edits, different editing operations
should remain independent and not interfere with one an-
other. Under such conditions, the deviation associated with
Ee satisfies:

∥
∑
i≤T

∆ike∥22 = ∥∆eke∥22 (11)
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Figure 2: The changes in Efficacytop and noiseE with the
number of edits. The left figure displays results for GPT2-
XL using AlphaEdit and MEMIT, the right figure shows re-
sults for LLaMA3-8B using only AlphaEdit. MEMIT is ex-
cluded from the figure of LLaMA3-8B due to its excessively
high noiseE , making visualization difficult.

However, in practice, interference between different edit-
ing operations often occurs, leading to additional devia-
tion in the output. To quantitatively characterize this phe-
nomenon, we introduce the following definition.

Definition 1. The superimposed noise experienced by the
editing operation Ee, denoted as noisee, is defined as

noisee = ∥
∑
i≤T

∆ike∥22 − ∥∆eke∥22 (12)

This definition quantitatively describes the additional de-
viation, termed superimposed noise, which is induced by the
interference among multiple editing operations. It provides
a rigorous metric for evaluating the extent of such interfer-
ence in sequential editing scenarios. To measure the overall
superimposed noise level of all editing operations, we fur-
ther define the average noiseE of all editing operations as:

noiseE =
1

T

∑
e≤T

noisee (13)

The Impact of Noise on Editing Performance To in-
vestigate the impact of superimposed noise on editing per-
formance, experiments are conducted using AlphaEdit and

MEMIT on GPT2-XL (Radford et al. 2019) and Llama3-8B
(Dubey et al. 2024). In these experiments, the models are se-
quentially edited using the CounterFact dataset (Meng et al.
2023a). The results presented in Figure 2 reveal the follow-
ing trends:
• Performance Decline: The model’s editing performance

decreases as the overall superimposed noise (noiseE)
increases, indicating the detrimental impact of noise on
performance.

• Nonlinear Behavior: The decline in performance is non-
linear. Once noiseE surpasses a certain threshold, the
model’s editing performance deteriorates sharply.

Moreover, models edited by MEMIT with high levels of
superimposed noise lose the ability to generate coherent out-
puts. Unchecked accumulation of noise not only dimin-
ishes the efficacy of editing operations but can also sub-
stantially degrade overall model performance. Therefore,
mitigating superimposed noise is critical for ensuring robust
and reliable model behavior.

3.4 Factors Affecting Superimposed Noise
According to ∆e = αeβ

⊤
e , the calculation of noisee can be

expanded into the following form:

noisee =
∑
i,j

(i,j)̸=(e,e)

k⊤e βiα
⊤
i αjβ

⊤
j ke (14)

By analyzing the computation of noisee, we find that its
value is determined by two key factors: k⊤e βi and α⊤

i αj .
The former is related to the incorrect activation of activation
vectors, while the latter is related to the overlap of influence
vectors during editing. Reducing either of these two terms
can decrease noisee.

Notably, existing methods such as MEMIT and AlphaEdit
exhibit significant differences in editing performance. Given
that AlphaEdit and MEMIT differ in their computation of
activation vector β, we hypothesize that the performance
difference is due to AlphaEdit having fewer incorrect acti-
vations. To validate this hypothesis, we conduct experiments
under the same settings as described in Section 3.3. Specifi-
cally, given a sequence of edits ET , we compute the average
k⊤e βi (i ̸= e) across different numbers of edits, defined as:

k⊤β =
1

TN

∑
i≤T

∑
j ̸=i

k⊤i βj (15)

The experimental results are shown in Figure 3. The re-
sults indicate that the k⊤β values obtained using AlphaEdit
are significantly smaller than those of MEMIT. The im-
provement is primarily attributed to AlphaEdit’s use of null
space projection and the inclusion of Kp in the computa-
tion of β, which reduces the overlap of information between
β and the input representations of unrelated tokens. This
demonstrates that optimizing β to minimize erroneous ac-
tivations is an effective strategy. However, as the number of
sequential edits increases, the performance of AlphaEdit still
degrades significantly. The observation suggests that simply
reducing k⊤e βi (i ̸= e) is not sufficient to completely resolve
the noise issue in sequential editing.
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Figure 3: The variation curve of k⊤β for AlphaEdit and
MEMIT as the number of edits increases, with GPT2-XL
serving as the edited model.

4 DeltaEdit
The analysis in Section 3.4 reveals that to further reduce su-
perimposed noise, greater attention should be given to the
other influencing factor α⊤

i αj . To ensure that α⊤
i αj (for

all i, j, i ̸= j) approaches zero, it is essential to minimize
the overlap of α with previous edits during training. Given
the constrained solution space for α, we propose DeltaEdit,
a method that leverages a dynamic orthogonal constraints
strategy based on historical editing information to reduce in-
terference while ensuring editing efficiency.

For a given sequence of edits (E1, E2, . . . , Ee), the noise
noisee during the execution of the e-th edit operation Ee can
be expressed as:

noisee = ∥
∑
i≤e

∆ike∥22 − ∥∆eke∥22 (16)

= ∥
∑
i<e

∆ike∥22 + 2
∑
i<e

k⊤
e βeα

⊤
e αiβ

⊤
i ke

This formula shows that noisee is determined by the cu-
mulative interference from historical edits (∥

∑
i<e ∆ike∥22)

and the interaction between the current and historical edits
(
∑

i<e k
⊤
e βeα

⊤
e αiβ

⊤
i ke). It can be observed that the latter

term can be reduced by constraining the training of α.
Orthogonal Constraint Strategy
To suppress the growth of noisee, we leverage the accu-

mulated parameters ∆history of historical edits when perform-
ing the current edit Ee:

∆history =
∑
i<e

∆i, (17)

And we introduce a dynamic threshold t. If
∥∆historyke∥22 > t, an orthogonal space projection op-
timization constraint is applied during the training of the
influence vector αe to control further growth of interference.

Orthogonal Space Optimization
To achieve orthogonality between the αe and all vectors

in the set A = {αi, i < e} without storing these vectors, we

compute a null space (Wang et al. 2021) using singular value
decomposition (SVD). Restricting the training of αe to this
null space ensures that αe remains almost orthogonal to all
vectors in A, effectively avoiding the storage overhead. To
compute this null space, the column space matrix D is first
constructed:

D = ∆history∆
⊤
history (18)

Since the column space dimension of ∆history is smaller
than its row space dimension, decomposing D can produce
the same column space as ∆history while reducing the com-
putational cost of the decomposition. Singular value decom-
position (SVD) is then performed on D:

{U,Λ, U⊤} = SVD(D) (19)
Here, Λ contains the eigenvalues, and U contains the cor-

responding eigenvectors. The non-zero eigenvalues are col-
lected into a set, denoted as N . To avoid excessively shrink-
ing the training space, if the number of non-zero eigenvalues
exceeds three-quarters of the dimension of α, the smallest
eigenvalues in N are removed until the number of elements
in N equals three-quarters of α’s dimension. The eigenvec-
tors corresponding to the remaining eigenvalues in N are
selected to form Û . Using Û , the projection matrix P that
represents the null space is computed as:

P = I − Û Û⊤, (20)
where I is the identity matrix. During the training of the

αe, the optimizer updates αe, and after each update, αe is
projected onto the null space P:

αe = Pαe. (21)
Dynamic Threshold Design
Since ∥∆historyke∥22 increases continuously as the number

of edits grows, a fixed threshold is unsuitable. To address
this, we introduce a sliding average strategy to dynamically
update the threshold. Specifically, the mean m and variance
v of ∥∆historyke∥22 are updated using a sliding average after
each edit. The sliding average updates are defined as:

m(t+1) = δm(t) + (1− δ)∥∆historyke∥22, (22)

v(t+1) = δv(t) + (1− δ)
(
∥∆historyke∥22 −m(t+1)

)2

(23)

where δ ∈ [0, 1] is a sliding average coefficient that con-
trols the balance between historical stability and sensitiv-
ity to recent updates. Based on these updates, the dynamic
threshold t is defined as:

t = m+ η
√
v, (24)

The hyperparameter η determines the strength of the con-
straint.

5 Experiments
In this section, we conduct a comprehensive evaluation of
DeltaEdit. First, we assess its performance in sequential
editing tasks. Subsequently, we evaluate its effectiveness in
mitigating noiseE and its ability to maintain the model’s
hidden representations.
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Model Method CounterFacttop CounterFactlarger ZsRE
Eff.↑ Gen.↑ Spe.↑ Eff.↑ Gen.↑ Spe.↑ Eff.↑ Gen.↑ Spe.↑

GPT2-XL

FT 27.17 8.3 2.22 69.93 50.43 18.24 5.13 4.43 0.28
ROME 0.53 0.38 0.41 53.93 49.55 84.56 44.81 41.12 7.52
MEMIT 25.73 16.85 12.71 67.80 60.85 68.99 26.8 25.38 13.51
PRUNE 7.93 6.45 8.91 60.00 56.13 80.94 2.94 2.77 3.49
RECT 56.77 31.13 18.11 88.3 74.8 72.85 39.5 36.13 15.5
AlphaEdit 85.93 46.23 53.18 98.37 88.05 92.73 93.19 84.97 23.55
DeltaEdit 93.8 54.37 53.28 98.97 91.1 92.91 95.26 88.48 24.96

Llama3-8B

FT 9.6 3.63 0.23 81 66.93 12.2 6.45 6.01 24.31
ROME 0 0 0 63.37 59.5 24.77 2.95 2.82 1.22
MEMIT 0 0 0 50.33 50.37 81.62 0 0 0
PRUNE 0 0 0 51.2 51.2 17.14 0 0 0
RECT 0 0 0 49.23 49.23 16.07 0 0 0
AlphaEdit 77.07 53.92 17.59 93.83 84.75 64.44 94.49 91.52 29.77
DeltaEdit 93.87 56.52 34.2 98.63 83.2 78.67 94.94 91.19 30.08

Table 1: The experimental results of different editing methods on CounterFact and ZsRE. ↑ indicates that higher values are
better. The bolded numbers are the largest for the corresponding metrics.

5.1 Experiment Setup
In experiments, we adopt the computation method from Al-
phaEdit to calculate β. The experiments are conducted on
two language models: GPT2-XL (Radford et al. 2019) and
Llama3-8B (Dubey et al. 2024). To comprehensively eval-
uate the effectiveness of DeltaEdit, we compare its per-
formance with several baseline methods, including Fine-
Tuning (Zhu et al. 2020), ROME (Meng et al. 2023a),
MEMIT (Meng et al. 2023b), PRUNE (Ma et al. 2024),
RECT (Gu et al. 2024), and AlphaEdit (Fang et al. 2024).

The evaluation is conducted on two widely recognized
benchmark datasets: ZsRE (Levy et al. 2017) and Counter-
Fact (Meng et al. 2023a). Following prior work (Meng et al.
2023b), for ZsRE, we employ Efficacytop, Generalizationtop,
and Specificitytop as evaluation metrics. For Counter-
Fact, we employ Efficacylarger, Generalizationlarger, and
Specificitylarger. Additionally, for more comprehensive eval-
uation, Efficacytop, Generalizationtop, and Specificitytop are
also employed. Metrics with the subscript “top” focus on
the token with the highest output probability, while metrics
with the subscript “larger” focus on the relative probability
of the target token. The experiments assess the performance
of various methods after 3,000 sequential edits, highlighting
the models’ abilities in editing efficiency, semantic general-
ization, and preserving unedited content.

5.2 Results of Experiment
Table 1 presents the performance of different editing meth-
ods. A detailed analysis of the experimental results is pro-
vided below.

DeltaEdit Demonstrates Superior Editing Perfor-
mance. DeltaEdit demonstrates superior performance across
most evaluation metrics compared to all baseline meth-
ods, underscoring its effectiveness in handling complex se-
quential editing tasks. Its performance is particularly strong
on the CounterFact dataset. On the Llama3-8B model,

DeltaEdit achieves 16.8%, 2.6%, and 16.61% higher
scores than AlphaEdit in Efficacytop, Generalizationtop, and
Specificitytop, respectively. On the GPT2-XL model, the
improvement of DeltaEdit over AlphaEdit is smaller. This
is because AlphaEdit already performs well on GPT2-XL,
leaving less room for improvement. However, DeltaEdit
still achieves better overall results. On the ZsRE dataset,
DeltaEdit does not show a significant advantage. The lower
similarity between object in ZsRE reduces the impact of su-
perimposed noise during sequential editing. This suggests
that DeltaEdit’s noise control mechanisms are particularly
effective in scenarios with high object similarity, as seen in
the CounterFact dataset.

DeltaEdit Enhances Stability in Sequential Editing.
Sequentially performing 3,000 edits is an extremely chal-
lenging task, as frequent parameter updates can introduce
more superimposed noise and degrade model performance
over time. This issue is particularly evident in baseline meth-
ods, which perform poorly in this setting, especially on the
Llama3-8B model. Despite its larger size, Llama3-8B has
smaller parameter value ranges, making it more sensitive
to noise accumulation. In contrast, DeltaEdit demonstrates
remarkable stability and robustness during sequential edit-
ing. It maintains consistently strong performance, even af-
ter 3,000 consecutive edits, and significantly outperforms all
baseline methods. These results highlight the effectiveness
of DeltaEdit’s noise control strategy, which effectively sup-
presses noise growth to maintain high accuracy and stability
in long-term editing tasks.

5.3 The Impact on Superimposed Noise
Figure 4 illustrates the changes in Efficacytop and noiseE
for GPT2-XL and Llama3-8B on the CounterFact dataset as
the number of edits increases. As shown in these figures,
DeltaEdit effectively reduces noiseE while maintaining
the stability of Efficacytop. This observation further rein-
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Figure 4: The changes in Efficacytop and noiseE with the
number of edits. The top figure shows results for GPT2-XL,
the bottom figure shows results for LLaMA3-8B.

forces the empirical support for the hypothesis that super-
imposed noise has a significant impact on the effectiveness
of editing methods. Furthermore, it confirms that reducing
superimposed noise can substantially enhance editing per-
formance.

A closer analysis reveals that in GPT2-XL, while the re-
duction in noiseE achieved by DeltaEdit is relatively mod-
est, it significantly mitigates the decline in Efficacytop. This
suggests that DeltaEdit can enhance the stability of editing
performance even when the reduction in noise is limited.
For Llama3-8B, the accumulation of noise within AlphaEdit
leads to a significant decline in editing performance. In
contrast, DeltaEdit exhibits a more notable impact, achiev-
ing a substantial reduction in noiseE while yielding a
marked improvement in editing performance. This indicates
that DeltaEdit exhibits superior optimization capabilities in
noise-sensitive models.

In summary, the experimental results demonstrate that
DeltaEdit substantially reduces superimposed noise, thereby
enhancing the editing performance of models. These find-
ings highlight the critical role of noise reduction in improv-
ing the stability and success of model editing.

Figure 5: The distribution of hidden representations of pre-
edited and post-edited Llama3-8B after dimensionality re-
duction. The top and right curve graphs display the marginal
distributions for two reduced dimensions. The dashed lines
represent the 0.95 confidence intervals.

5.4 Hidden Representations Analysis

Knowledge editing can alter a model’s hidden representa-
tions. This study investigates these changes by comparing
hidden representations from three Llama3-8B versions: pre-
edited, edited with AlphaEdit, and edited with DeltaEdit
(both edited 3,000 times on CounterFact). Representations
were extracted using 1,000 factual prompts and visualized
via t-SNE. Results in Figure 5 indicate that DeltaEdit
largely preserves the original distribution of hidden rep-
resentations, unlike AlphaEdit, which causes significant
shifts. This minimal representational shift by DeltaEdit is
crucial for maintaining the model’s general capabilities.

6 Conclusion

In this work, we identify superimposed noise accumulation
as a critical limitation in sequential editing of large lan-
guage models. Comprehensive analysis demonstrates that
this phenomenon leads to degraded editing performance and
model collapse. Additionally, we trace this to the interfer-
ence of correct knowledge by erroneously activated irrele-
vant knowledge.

Based on our analysis, we propose DeltaEdit, which in-
corporates dynamic orthogonal constraints to mitigate su-
perimposed noise by optimizing influence vectors that ex-
isting methods neglect. Extensive experiments show that
DeltaEdit achieves superior sequential editing performance
with 16.8% improvement over strong baselines while bet-
ter preserving model capabilities and representation in-
tegrity, thus providing a robust solution for reliable sequen-
tial knowledge editing.
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