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ABSTRACT

This work explores sequential model editing in large language models (LLMs), a
critical task that involves modifying internal knowledge within LLMs continuously
through multi-round editing, each incorporating updates or corrections to adjust
the model’s outputs without the need for costly retraining. Existing model editing
methods, especially those that alter model parameters, typically focus on single-
round editing and often face significant challenges in sequential model editing-most
notably issues of model forgetting and failure. To address these challenges, we
introduce a new model editing method, namely Neuron-level Sequential Editing
(NSE), tailored for supporting sequential model editing. Specifically, we optimize
the target layer’s hidden states using the model’s original weights to prevent
model failure. Furthermore, we iteratively select neurons in multiple layers for
editing based on their activation values to mitigate model forgetting. Our empirical
experiments demonstrate that NSE significantly outperforms current modifying
parameters model editing methods, marking a substantial advancement in the field
of sequential model editing. Our code is released on https://anonymous.
4open.science/r/NSE-0A8D/.

1 INTRODUCTION

Large language models (LLMs) have demonstrated remarkable capabilities in storing extensive
factual knowledge during pre-training and recalling this information during inference (Brown et al.,
2020; Petroni et al., 2019; Roberts et al., 2020). However, as real-world knowledge continuously
evolves, the information within these models can become outdated or incorrect (Cao et al., 2021;
Mitchell et al., 2022a). Retraining LLMs to incorporate new information is often prohibitively costly
(Mitchell et al., 2022b; Meng et al., 2022). Consequently, recent years have witnessed a surge in
model editing methods focusing on modifying specific knowledge without the complete retraining
process. Specifically, they first identify the crucial layers for the target knowledge by calculating their
casual effect on output. Then, by updating the weights of these layers, they manipulate these layers’
hidden states to modify the final output, enabling LLMs to adapt seamlessly to dynamic real-world
information (Meng et al., 2023; Hartvigsen et al., 2023).

While current direct model editing methods prove effective for single-round modifications, real-world
applications demand a continual learning process where models must retain previous edits during
subsequent modifications (Yao et al., 2023). This has led to the concept of sequential model editing,
which necessitates performing multiple, consecutive edits on models. However, current direct model
editing methods pose significant risks in this context (Meng et al., 2022; 2023). The primary risk is
model forgetting, where cumulative changes in parameters from consecutive edits cause the model to
forget previously modified knowledge, thereby degrading overall performance (Gupta et al., 2024a).
For instance, as illustrated in Figure 1 (a), after editing the model with new knowledge about “The
cat”, the LLM forgets previously edited knowledge about “The latest Olympic”.

Furthermore, the second risk is model failure, where excessive edits impair the model’s ability
to generate coherent text. Worse still, this impairment may lead to model collapse potentially,
characterized by producing irrelevant, repetitive, or nonsensical text, as illustrated in Figure 1 (a). In
sight of this, recent researches, such as memory-based methods (Mitchell et al., 2022b; Hartvigsen
et al., 2023; Das et al., 2024), have attempted to address these challenges by preserving LLM
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Figure 1: Example of sequential editing. (a) shows model forgetting and model failure issues in
sequential editing using ROME/MEMIT, while (b) shows the accurate editing capabilities of our
method without such issues.

parameters after each edit. However, the increasing storage requirements as the number of edits
grows significantly limit the practicality of these methods.

To tackle these challenges, we introduce a new model editing method, termed Neuron-level Sequential
Editing (NSE). Specifically, to address the model failure, NSE uses weights rewinding for value
computation by preserving the model’s original weights as a significant reference when manipulating
the hidden states of the crucial layers. This process can effectively mitigate the impairment of
previous knowledge accumulated over various edits. Furthermore, to address model forgetting, NSE
selectively collects “influential neurons” for weights updating by sorting the neuron activation within
the crucial layers, rather than updating all weights in critical layers as in previous work (Meng et al.,
2022; 2023). This selective modification maximizes the protection of model functionality from being
degraded. Additionally, for large-scale LLMs containing numerous neurons, an iterative multi-layer
editing is introduced to streamline the neuron selection process, enabling NSE to achieve massive
knowledge updates effectively in a single editing.

Through theoretical analysis and extensive experiments conducted on the GPT2-XL (1.5B) (Radford
et al., 2019), GPT-J (6B) (Wang & Komatsuzaki, 2021) and Llama3 (8B), we validate the effectiveness
and efficiency of our NSE. Compared to the current model editing methods (e.g., Fine-tuning (Zhu
et al., 2020), MEND (Mitchell et al., 2022a), ROME (Meng et al., 2022), MEMIT (Meng et al., 2023)
and GRACE (Hartvigsen et al., 2023)), NSE shows substantial improvements w.r.t five commonly
used metrics such as specificity and consistency.

2 PRELIMINARY

2.1 AUTOREGRESSIVE LANGUAGE MODEL

An autoregressive language model predicts the next token in a sequence based on the tokens that have
come before it. Given a L-layer transformer model and an input sequence x = (x0; x1; : : : ; xT ), the
model aims to predict the next token in the sequence. The probability of the next token xt+1 is given
by:

P(xt+1 j x0; x1; : : : ; xt) = Softmax(Weh
N
t ); (1)

where We represents embedding matrix, and hNt represents the final hidden state at the topmost
layer N . The hidden state hlt at layer l is calculated as:

hlt(x) = hl�1
t (x) + alt(x) + vlt(x);

alt = attnl(hl�1
0 ;hl�1

1 ; : : : ;hl�1
t );

vlt = Wl
out�(Wl

in
(hl�1
t + alt));

(2)

where alt represents the output of the attention block and vlt represents the output of the FFN layer.
Wl

in and Wl
out are weight matrices, � is non-linear activation function, and 
 represents layernorm.

2.2 SEQUENTIAL MODEL EDITING

Sequential model editing aims to refine a pre-trained model f�0
continuously through multiple

edits, each incorporating updates or corrections to adjust the model’s outputs (Huang et al., 2023;
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Hartvigsen et al., 2023; Li et al., 2024). Formally, each batch of sequential edits involves a series of
facts (s; r; o) in the form of (subject s, relation r, object o) (e.g., s=“The latest Olympic”, r=“was
held in”, o=“Paris”) for each edit iteration t, specifying the desired responses for that round. After
the t-th edit, the updated model f�t , built on its predecessor f�t�1

, is optimized to accurately produce
the target outputs for the relevant inputs Deditt , while maintaining accuracy on inputs outside the
current edit scope. This ensures that the model not only adapts to new requirements but also preserves
effectiveness across the whole process.

More formally, the editing function h for each edit t is defined as f�t = h(f�t�1
;Deditt), applying

necessary updates based on the specific edits. Following prior studies (Meng et al., 2022; 2023), we
encourage the editing function to satisfy the following goals:

• Efficacy. For all inputs in any previous editing rounds up to the current t-th round, the updated
model f�t consistently maintains the target outputs:

f�t((s; r)) = o; 8(s; r; o) 2
t[

j=1

Deditj : (3)

• Generalization. For any inputs equivalent to the edited input (s; r), denoted by N((s; r)), the
updated model f�t consistently outputs the intended result o for all edits up to the current round:

f�t(N((s; r))) = o; 8(s; r; o) 2
t[

j=1

Deditj : (4)

• Specificity. The updated model f�t retains the outputs from its initial model f�0
for all inputs that

have not been edited in any round up to the current one:

f�t((s; r)) = f�0((s; r)); 8(s; r; o) =2
t[

j=1

Deditj : (5)

2.3 PREVIOUS MODEL EDITING METHOD

Given a knowledge fact tuple (si; ri; oi), the objective is to edit the output of the LLM such that
prompting it with (si; ri) results in oi. Following ROME (Meng et al., 2022) and MEMIT (Meng
et al., 2023), we treat the weights of the Transformer’s (Vaswani et al., 2017) FFN layer as a linear
associative memory. That is, the linear operations within the FFN layer can be viewed as key-value
storage for information retrieval (Kohonen, 1972; Anderson, 1972).

Given the weightsW l
in of the l-th FFN layer when prompted with (si; ri), we identify the activation

output of the last subject token S as the key kli. Hereafter, this key kli is processed through the
output weights W l

out, producing the value vli. In the context of sequential model editing, we start
with an initial set of key-value associations for knowledge facts stored in the l-th FFN layer, denoted
respectively by K0 = fkigni=1 and V0 = fvigni=1. Hereafter, we aim to introduce m new key-
value associations, denoted asK1 = fkign+m

i=n+1 and V1 = fvign+m
i=n+1, while retaining all existing

associations unchanged. Drawing on prior work (Meng et al., 2023), the optimization objective is as
follows:

�� = arg min
�

(k(W + �)K1 � V1k2
+ k(W + �)K0 � V0k2

); (6)

whereW represents the weights ofWout in the target FFN layer, � denotes the update to W , and V1

can be directly trained using the fine-tuning loss predicted by the model through backpropagation.
Since K0 and V0 represent the retained knowledge in LLMs, we can express this relationship as
WK0 = V0. Therefore, we can obtain the closed-form solution of Eqn. 6 using the least squares
method (Lang, 2012):

�� = RKT
1

�
K0K

T
0 +K1K

T
1

��1
; (7)

whereR = V1 �WK1. Additionally, MEMIT focuses on editing a specific set of layers denoted as
R = fl0 � jRj+ 1; : : : ; l0g. The required the weight update �l for layer l 2 R is expressed as:

�l = RlKl
1

T
�
Kl

0K
l
0

T
+Kl

1K
l
1

T
��1

; (8)

where Rl = Rl0

l0�l+1 . These modifications are implemented sequentially, starting from the lower
layers and progressing to the upper layers.
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Figure 2: Overview of sequential model editing with NSE. (a) describes the process of weights
rewinding for value computation. (b) illustrates the neuron selection and neuron-level weights update.
(c) shows the process of iterative multi-layer editing.

3 METHODOLOGY

In this section, we introduce NSE, a method tailored for sequential model editing, as illustrated in
Figure 2. Initially, we identify the values computing method in Section 3.1. Subsequently, in Section
3.2, we detail the editing method that selectively filters certain neurons for corresponding parameter
updates. Finally, in Section 3.3, we introduce the approach of iterative multi-layer editing.

3.1 WEIGHTS REWINDING FOR VALUE COMPUTATION

First of all, our primary goal is to find a hidden vector that encodes the new association (si; ri; oi)
and replaces the value vli in l-th layer as described in Section 2.3. In practical implementation, as
shown in Figure 2 (a), we optimize �i through gradient descent by maximizing the probability of the
model outputting oi to compute zi = hli + �i, where hli denotes the hidden state of the LLM at layer
l. And the value vil can be computed as vil+ = �i. In the process of sequential editing, we observed
that using the updated model parameters f�t to compute zi after each edit leads to significant model
degradation over multiple edit rounds. This indicates that the cumulative parameter updates from
each editing round can lead to a shift in value computation. Conversely, using the original model
parameters f�0

to compute zi effectively prevents this issue. Hence, we propose a weights rewinding
method for value computation , which is based on the preserve initial model weights f�0

to ensure
that zi is computed using f�0

for each edit. The optimization objective is as follows:

zi = hli + arg min
�i

(� log Pf�0
(hli+=�i) [oi j (si; ri)]); (9)

where f�0(hli+ = �i) represents the original model with hli updated to hli + �i. Subsequently, the
value vil can be updated as vil+ = zi � hli, which will be used to support subsequent model edits.
Note that when calculating zi using the original model parameters f�0

, it is sufficient to save only the
weight matrixWout that needs to be updated, rather than storing the entire model parameters and we
use the original weights only during the computation of zi.

3.2 NEURON-LEVEL WEIGHTS UPDATING

In Section 3.1, we primarily discussed the method for calculating zi to replace the value in the
target layer. In this section, we will specifically elaborate on how to utilize the computed value for
neuron-level weight updates, as shown in Figure 2 (b).
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Based on previous works, it is established that neurons in FFN contain abundant information (Dai
et al., 2022; Wang et al., 2022; Schwettmann et al., 2023; Pan et al., 2023). Hence, we selectively
optimize a subset of neurons rather than alter the entire weight matrix for each edit. Speci�cally, for
a given knowledge fact(si ; r i ; oi ), we utilize the activation valuesk i of the neurons and compute
scoresQ i = jk i j. Neurons are ranked based on these scores, and a subset is chosen such that the
cumulative score of selected neurons surpasses a predetermined percentage of the total score:

I = arg min
I�f 1;:::;N g

jI j s.t.
X

j 2I

Q ij � p �
NX

j =1

Q ij ; (10)

whereQ ij represents the score of thej -th neuron andI is the set of indices for selected neurons.

Given the need for batch editing, which entails editing multiple knowledge facts simultaneously, each
possibly corresponding to different neuron sets, we compute the sum of neuron scores corresponding
to all samples in a batch to derive a new neuron score, which is then used for selecting neurons.

Hereafter, we introduce how to updateW (i.e., W out) by the selected neurons setI . Let Ŵ and ^�
denote the submatrices ofW and� , respectively, selected according to the indices in the setI . Our
objective is to modify only a subset of neuronal parameters by altering speci�c rows of weights in
W to achieve the optimization outlined in Eqn. 6. And we can transform Eqn. 6 accordingly:

^� � = arg min
^�

(





 (Ŵ + ^� )K̂ 1 � V1








2
+






 (Ŵ + ^� )K̂ 0 � V0








2
); (11)

whereK̂ 0 andK̂ 1 are the submatrices ofK 0 andK 1 formed by selecting elements indexed byI
respectively. Based on the method of minimal squared error, we solve Eqn. 11 as follows:

^� � = R̂ K̂ T
1 Ĉ � 1; (12)

whereR̂ = V1 � Ŵ K̂ 1 andĈ = K̂ 0K̂ T
0 + K̂ 1K̂ T

1 , and following MEMIT (Meng et al., 2023),
K 0K T

0 is estimated by� E
�
kk T

�
, where� is a hyperparameter that balances the weights between

new knowledge and preserved knowledge. The submatrixK̂ 0K̂ T
0 is then obtained by selecting the

rows and columns indexed byI from K 0K T
0 . Additionally, during the continuous editing process,

the newly edited knowledge from each round will become the old knowledge for the next round.
Therefore, after each round, we will add the newly edited knowledge intoK 0K T

0 .

3.3 ITERATIVE MULTI -LAYER EDITING

As described in Section 2.3, MEMIT propagates edits through the layers by computing the valuev l
i

asv l
i + = � i

l 0 � l +1 (l 2 R ) (Meng et al., 2023; Gupta et al., 2024b).Here,� i = z i � h l 0
i represents

the residual difference. The fundamental purpose is that as each layer is updated, the hidden state
h l 0

i progressively approaches the targetz i , thereby diminishing the residual� i . Detailed analyses
can be found in Appendix E. However, due to errors in the �tting process, some knowledge proves
dif�cult to edit, resulting inv l 0

i not suf�ciently approximatingz i , and consequently leading to editing
failures.

Therefore, we propose iterative multi-layer editing to re�ne the multi-layer editing approach in
MEMIT by iteratively selecting neurons to edit multiple layers, as depicted in Figure 2 (c). Specif-
ically, considering that some knowledge is dif�cult to edit such that the corresponding valuev l 0

i
cannot suf�ciently approximate the optimized target valuez i , we employ iterative multi-layer editing.
After each round of multi-layer editing, we �lter the knowledge samples in the current batch based on
kz i � h l 0

i k2. If kz i � h l 0
i k2 < � , the knowledge sample is considered successfully edited. Conversely,

if kz i � h l 0
i k2 > � , the sample is deemed not yet successfully edited. The hyperparameter� , which

is set differently for various LLMs, determines the threshold for editing success. These unedited
samples are then �ltered out to form a new batch for further multi-layer editing, repeating this process
until all knowledge samples in the batch meetkz i � h l 0

i k2 < � or the iteration limit is reached. This
iterative editing approach signi�cantly enhances the success rate of sample edits, enabling NSE to
effectively achieve massive knowledge updates in a single editing session. More details of the NSE
algorithm are provided in Appendix A.
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Table 1:Comparison of NSE with existing methods on the sequential model editing task.Eff., Gen., Spe., Flu.
andConsis.denote Ef�cacy, Generalization, Speci�city, Fluency and Consistency, respectively.

Method Model
Counterfact ZsRE

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

Pre-edited

Ll
am

a3

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-L 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

FT-W 61.23� 0.38 62.40� 0.24 47.05� 0.41 492.34� 0.23 3.57� 0.03 32.08� 0.35 31.43� 0.23 14.72� 0.16

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

ROME 64.40� 0.47 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

GRACE 90.72� 0.13 0.09� 0.01 87.23� 0.21 632.43� 0.63 23.79� 0.23 74.58� 0.31 1.03� 0.06 31.86� 0.12

NSE 96.14� 0.19 78.42� 0.35 87.66� 0.19 632.72� 0.12 30.20� 0.10 62.29� 0.35 47.13� 0.31 32.32� 0.22

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-L 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

FT-W 42.70� 0.49 35.93� 0.40 63.06� 0.31 565.96� 0.23 13.03� 0.06 24.97� 0.32 22.40� 0.30 12.73� 0.18

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

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 26.12� 0.25

GRACE 94.50� 0.24 0.04� 0.01 78.13� 0.43 622.56� 0.79 31.55� 0.25 82.54� 0.21 0.40� 0.02 24.78� 0.21

NSE 96.80� 0.20 87.72� 0.30 72.10� 0.28 622.85� 0.15 40.04� 0.11 83.26� 0.29 75.33� 0.34 26.14� 0.25

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-L 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

FT-W 48.35� 0.49 31.42� 0.39 68.71� 0.28 587.20� 0.23 29.41� 0.09 39.81� 0.36 32.55� 0.33 27.76� 0.26

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

ROME 57.50� 0.48 54.20� 0.40 52.05� 0.31 589.28� 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 27.56� 0.27

GRACE 95.88� 0.28 0.05� 0.01 82.11� 0.24 620.21� 0.49 28.53� 0.15 94.33� 0.37 1.59� 0.03 27.63� 0.43

NSE 99.55� 0.06 91.92� 0.22 78.96� 0.25 620.49� 0.16 40.24� 0.12 96.87� 0.14 91.33� 0.22 28.66� 0.25

4 EXPERIMENTS

We conduct experiments to demonstrate the effectiveness of our model editing method. The experi-
ments aim to address the following research questions:

• RQ1: How does NSE perform on sequential model editing tasks compared to existing methods?
• RQ2: What is the impact of adjusting the batch size of edits on the performance of NSE?
• RQ3: Can the LLM, after undergoing NSE editing, retain its original general capabilities, and how

does it perform on general capability tests?
• RQ4: How does each individual component of NSE contribute to the overall editing performance?

4.1 EXPERIMENTAL SETTINGS

Datasets & Evaluation Metrics. To evaluate the effectiveness of our method, we utilize two datasets:
Counterfact (Meng et al., 2022) and ZsRE (Levy et al., 2017). For the Counterfact dataset, we employ
�ve evaluation metrics as de�ned in previous work (Meng et al., 2022; 2023):Ef�cacy (ef�ciency
success),Generalization (paraphrase success),Speci�city (neighborhood success),Fluency (gener-
ation entropy), andConsistency(reference score). For the ZsRE dataset, we use three evaluation
metrics also de�ned in previous work (Mitchell et al., 2022a; Meng et al., 2022; 2023):Ef�cacy ,
Generalization, andSpeci�city . For more details, see Appendix C.

Models & Baselines.Our comparative analysis evaluates the performance of various editing methods
on three autoregressive language models, GPT2-XL (1.5B) (Radford et al., 2019), GPT-J (6B)
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