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Abstract

Large language models (LLMs) store vast
amounts of knowledge, which often requires
updates to correct factual errors, incorporate
newly acquired information, or adapt model be-
havior. Model editing methods have emerged
as efficient solutions for such updates, offering
localized and precise knowledge modification
at significantly lower computational cost than
continual training. In parallel, LLMs are fre-
quently fine-tuned for a wide range of down-
stream tasks. However, the effect of fine-tuning
on previously edited knowledge remains poorly
understood. In this work, we systematically
investigate how different fine-tuning objectives
interact with various model editing techniques.
Our findings show that the edited knowledge
is more vulnerable to fine-tuning than intrin-
sic knowledge, highlighting a distinction be-
tween post-hoc edits and native knowledge.
This analysis highlights a key limitation of cur-
rent editing approaches and suggests that eval-
uating edit robustness under downstream fine-
tuning is critical for their practical deployment.
We further find that knowledge retention can
be significantly improved by either augmenting
edit knowledge with paraphrases or by freezing
layers associated with edited content in fine-
tuning stage, offering insight for developing
more robust model editing methods.

1 Introduction

A key factor in the success of large language mod-
els (LLMs) is their ability to store vast amounts
of knowledge (Radford et al., 2019). The stored
knowledge serves as a foundation that enables
LLMs to be readily adapted to specific downstream
tasks or aligned with human intent through fine-
tuning (Ouyang et al., 2022). Fine-tuning has be-
come an essential step in LLM development, with
the majority of production models undergoing this
process as developers adapt base models for vari-
ous applications. However, the mechanisms regard-
ing knowledge updates during fine-tuning remain

unclear, and the risk of catastrophic forgetting per-
sists (Lange et al., 2022; Wu et al., 2022; Wang
et al., 2023). As fine-tuning becomes increasingly
sophisticated and necessary to LLM development,
understanding and improving fine-tuning know!-
edge retention has emerged as a critical challenge.
While LLMs acquire most of their knowledge
through pre-training on large corpora, they can also
be updated through direct knowledge editing (KE).
The KE procedure is analogous to software main-
tenance: as traditional software requires bug fixes
to maintain functionality, LLMs need mechanisms
to update their knowledge when it is incorrect or
becomes outdated. For example, when a country
elects a new president, the LLM’s knowledge re-
garding the country-president relationship needs
to be updated accordingly. Though such updates
could be implemented through continued train-
ing, this approach is both costly and risks overfit-
ting (Mitchell et al., 2022b; Gangadhar and Stratos,
2024). KE methods provide more data-efficient and
precise solutions for implementing these updates
without full model retraining (Fang et al., 2025;
Meng et al., 2023b,a; Mitchell et al., 2022b). How-
ever, a crucial question remains: does edited knowl-
edge retain during subsequent fine-tuning stages
as effectively as intrinsic knowledge learned from
pre-training? The retention of edited knowledge
through fine-tuning is crucial for LLM develop-
ment, analogous to ensuring that fixed software
bugs do not reappear in later development cycles.
In this paper, we start by conducting systematic
studies on applying different KE methods on LLMs
and evaluating the knowledge retention after fine-
tuning, as illustrated in Figure 1. We consider three
different types of fine-tuning tasks: next token pre-
diction on general text, sentiment classification,
and instruction fine-tuning. We find that while the
knowledge retention rate depends on both the edit-
ing method and the task, it is in general highly
vulnerable to fine-tuning, and the retention rate



of the edited knowledge is significantly lower than
that of intrinsic knowledge.

We then connect the knowledge retention with
the elasticity theory of LLM fine-tuning (Ji et al.,
2025) to explain this fragility. This theory sug-
gests that the LLM’s resistance to deviate from its
original distribution is proportional to the training
data volume. According to this theory, since the
intrinsic knowledge is trained on vastly more data,
it achieves greater resistance against fine-tuning
than edited knowledge. Therefore, to bridge the
gap of retention edited knowledge, we propose two
strategies to enhance the resilience of edited knowl-
edge. One is editing via augmenting paraphrases.
Experimental results confirm that this data augmen-
tation significantly improves retention, matching
or even surpassing the retention rate of intrinsic
knowledge when sufficient paraphrases are pro-
vided. The other is fine-tuning via freezing layers.
We show that selectively freezing layers most as-
sociated with the edit content during downstream
training effectively preserves edits, achieving re-
tention rates on par with intrinsic knowledge and
confirming the localizability of edited knowledge.

The primary contributions of this work are sum-
marized as follows:

* To the best of our knowledge, we conduct the
first systematic study on the retention of edited
knowledge in LLMs after fine-tuning. We demon-
strate that successfully edited knowledge remains
highly vulnerable to fine-tuning across a range of
editing methods and fine-tuning tasks.

* We connect the knowledge retention with
model elasticity theory to explain the low reten-
tion rate of the edited knowledge. In the light
shed by this theory, we propose and validate two
effective strategies for improving edit resilience.
By paraphrase-augmented editing, we expand edit
instances with multiple paraphrases of the target
fact. By fine-tuning via freezing layers, we se-
lectively freezing layers most associated with the
edit content during downstream training.

2 Related work

KE has emerged as a promising paradigm for up-
dating LL.Ms to adapt to dynamically evolving in-
formation. Vanilla fine-tuning is a straightforward
method to modify the knowledge in LLMs (Zhu
et al., 2020). There are plenty of works about KE
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Figure 1: Demonstration of model editing and down-
stream model fine-tuning and their impact on the knowl-
edge in LLMs. The original model is edited with a single
instance of new fact: Windows Mobile 6.5 was devel-
oped by Apple, and the edited model is fine-tuned by an
irrelevant dataset, which does not contain subject, rela-
tion and object from the edited knowledge. Although
the edit can be successful, it is vulnerable to different
downstream fine-tuning tasks. fy, fgr, fg» denote the
pre-trained models, edited model and fine-tuned model
respectively.

methods, which can be classified into 3 main cat-
egories: 1. Locate-then-edit 2. Meta-learning 3.
Memory-based.

Locate-then-edit. The locate-and-edit method
for LLMs knowledge editing involves first identify-
ing the specific parts of the model where the target
knowledge is stored (Dai et al., 2022; Meng et al.,
2023b,a). Once localized, the method directly mod-
ifies the model’s weights or representations in those
areas to update or correct the knowledge. This
approach aims to precisely edit knowledge while
minimizing broader impacts on the model’s overall
performance. ROME and MEMIT are examplars
of this category. ROME edits factual knowledge
in LLMs by identifying and updating specific rank-
one subspaces in the model’s weights, allowing pre-
cise, localized changes without retraining (Meng
et al., 2023a). It leverages causal tracing to locate
key layers and modifies them efficiently to correct
or update facts while preserving the model’s over-
all performance. Building on ROME, MEMIT is
a method for mass-editing factual associations in
LLMs by directly updating the weights of specific
transformer MLP layers identified as causal me-
diators for factual recall. It spreads the desired
memory updates across multiple layers.

Meta-learning for KE. Meta-learning for LLMs
knowledge editing involves training a hyper-
network to generate targeted parameter shifts that
update the model’s knowledge without full retrain-
ing (Mitchell et al., 2022; Cao et al., 2022). This
approach leverages the hyper-network to transform



standard fine-tuning gradients into precise edits, en-
suring generalization to semantically equivalent in-
puts while preserving unrelated knowledge. MAL-
MEN is a representative of the meta-learning-based
editing approach (Tan et al., 2023). MALMEN ed-
its large language models by using a hyper-network
to compute parameter shifts as a least squares prob-
lem, solved via the normal equation, enabling effi-
cient and scalable updates while minimizing inter-
ference with unrelated knowledge.

Some work has show that KE methods fail to
retain the model’s accuracy on irrelevant knowl-
edge and general ability (Gupta et al., 2024; Gu
etal., 2024), and the evaluation paradigm for model
editing has been investigated (Cohen et al., 2024;
Zhong et al., 2023). Besides, recent work reveals
significant limitations in current methods, showing
that their performance on real-world hallucinations
often falls short of expectations, and highlights the
need for further improvements in the field (Huang
et al., 2025).

Model Elasticity Theory. Recent work has be-
gun to theorize the underlying mechanisms of align-
ment fragility. (Ji et al., 2025) propose the "elas-
ticity" theory, arguing from a data compression
(Delétang et al., 2023) perspective that language
models inherently resist distributional shifts from
alignment fine-tuning due to the overwhelming in-
fluence of pre-training data, causing them to easily
revert to pre-trained behaviors.

3 Knowledge Retention Analysis for
Fine-Tuned LLMs

We investigate the retention of both edited and in-
trinsic knowledge in LLMs after fine-tuning. To
this end, we evaluate a range of knowledge editing
(KE) methods and fine-tuning tasks using GPT-2
XL and Llama3-8B, covering different model sizes
and architectures. Our pipeline begins with a base
model, applies a KE method to edit a batch of facts,
performs fine-tuning, and finally assesses the reten-
tion of both knowledge types. Here, "knowledge"
refers to the model’s ability to correctly answer
queries regarding a given subject-relation-object
triple. They are in the form of t¢ = (s,r,0°/0%),
where s stands for subject, r stands for relation, o°
stands for correct object and o* stands for false
object. The subject and relation together form a
prompt used to query the model. It can be evaluated
by giving the model a prompt of (subject, relation)
and checking if the model can generate the correct

object.

In alignment with current knowledge editing
methods (Fang et al., 2025; Meng et al., 2023b),
which edits the first token of the original object o¢
with the first token of the target object o* and evalu-
ate editing success based on target word first-token
matching, we adopt the same evaluation metric to
ensure comparability with established practices.

3.1 Experiment Setup

KE Dataset: We constructed a dataset to evaluate
the retention of both edited and intrinsic knowl-
edge after fine-tuning. Both types of knowledge
were derived from the model’s existing knowledge
base. We use the Counterfact dataset (Lambert
et al., 2024) as the base dataset because it contains
factual knowledge in the form of (subject, relation,
object) triples as well as the corresponding counter-
factual object. We treat the counterfactual object
as the edited knowledge, and the factual object as
the intrinsic knowledge. For clean evaluation, we
further filter the Counterfact dataset and retain only
instances where, given a prompt p = (s, ), the
model assigned the highest probability to the true
target token by a substantial margin. Furthermore,
we ensured that there was no overlap between the
intrinsic knowledge dataset and the edit knowledge
dataset in terms of subjects, relations, and objects.
Further details regarding the dataset are provided
in Appendix B.

KE Methods: We investigate four distinct KE
methods: A baseline method performing full fine-
tuning for editing(FT), MEMIT, MALMEN and
AlphaEdit (Meng et al., 2023a,b; Tan et al., 2023;
Fang et al., 2025). We adopt a batch-edit ap-
proach, partitioning the knowledge dataset into
50 groups of 20 samples each. The base model is
edited group-wise to produce post-edit models.
For each KE method, we adjust hyperparameters
to achieve a 100% edit success rate, ensuring the
model assigns a probability greater than 0.99 to the
target token. Hyperparameter details are provided
in Appendix C.1.

Fine-Tuning Tasks and Datasets: We fine-tune
the post-edit model on four different downstream
tasks: 1) Next token prediction(NTP) on general
text in CommonCrawl, 2) Sentiment classifica-
tion in IMDB, and 3) Instruction fine-tuning in
Tulu-3 SFT (Lambert et al., 2024).

To prevent potential conflicts between the fine-
tuning data and edited/intrinsic knowledge—where
the former may contain contradictory information



that could degrade the later—we curate the fine-
tuning dataset by removing the data that contains
token from the non-stop word of both edit and
intrinsic samples. To ensure fairness of experiment,
we set the same stopping criteria for fine-tuning
different post-edit models. More details about these
fine-tuning tasks are shown in Appendix C.2.

Models: We perform the KE and fine-tuning on
the GPT-2 XL (Radford et al., 2019) and Llama3-
8B (Dubey et al., 2024).

Evaluation: We evaluate the edit and intrin-
sic knowledge retention rate for both the post-edit
model and the fine-tuned model. To assess whether
the model possesses the target knowledge, we in-
put the prompt into the model and compute the
probability distribution over the output token. We
define the knowledge retention rate as the propor-
tion of prompts for which the target token is the
highest-ranked token:

By y~f(@y)] {arg max fo(y | x) = yt} (1)

Where y, is the target token, {(z,y)} is our
edited/intrinsic dataset. We evaluate both the
edited knowledge retention rate and intrinsic knowl-
edge retention rate on both post-edit and fine-
tuned model. Details about these model edit and
fine-tuning hyper-parameters are shown in Ap-
pendix C.3.

3.2 Knowledge Retention After Fine-tuning

Table 1 presents the edited and intrinsic knowl-
edge retention rates for GPT-2 XL and Llama3-8B
after applying knowledge editing and subsequent
fine-tuning across different downstream tasks. The
reported values represent the mean retention rates
along with their corresponding error bands, derived
from 50 independent edit groups for each combi-
nation of model, editing method, and fine-tuning
task.

The edited knowledge consistently demon-
strates a lower retention rate compared to the
intrinsic knowledge across all evaluated editing
methods and downstream tasks. This indicates
that, even when a fact is successfully inserted
into the model, the resulting edit remains fun-
damentally distinct from knowledge acquired
during pre-training in terms of its resistance to
subsequent fine-tuning. Different editing meth-
ods exhibit knowledge retention against finetuning.
In general, AlphaEdit and MALMEN can better

Token type: True token
Definition: The original correct token in ¢¢
Example: Microsoft

Token type: Edited target token
Definition: The target editing token in t*
Example: Apple

Token type: Same-category token

Definition: Tokens belong to the same category.
The sentence’s meaning would be changed if
substituted

Example: Intel, IBM, Google

Token type: Other tokens

Definition: Completely unrelated tokens, but the
sentence would most likely be grammatically
correct

Example: astronaut, Egypt

Figure 2: Different type of output tokens for the prompt
"Windows Mobile 6.5 was developed by" as an example.

keep edit knowledge. Different knowledge edit-
ing methods exhibit varied resilience to fine-tuning,
with AlphaEdit and MALMEN generally preserv-
ing edited knowledge more effectively than other
approaches.

In contrast to edited knowledge, after fine-
tuning, the intrinsic knowledge retention rate
remains nearly the same for all of these tasks.
This matches with the conclusion of model elas-
ticity theory. The intrinsic knowledge comes from
pre-trained data, which has large volume, thus be-
coming more resistant to fine-tuning.

3.3 Evolvement of Token Distribution During
Fine-Tuning

We analyze the distribution of output token dur-
ing downstream fine-tuning after model editing.
The model output token can be classified into 4
categories: true token, edited target token, same-
category token and other unrelated tokens. The
detailed defination of them are shown in Figure 2.

Figure 3 illustrates the evolution of output token
distributions throughout the fine-tuning process for
both edit knowledge and intrinsic knowledge, when
given prompt. We conduct experiments on MEMIT
as the editing method and general text training as



Model Method Edit Intrinsic
NTP Classification SFT NTP Classification SFT

FT 42.84+1.8 442422 31.6+£2.0 81.5£0.8 82.8+1.0 80.940.7
GPT2-XL MEMIT 54.842.1 56.5+2.4 434423 82.1+0.9 83.5+1.1 81.6+0.8
) MALMEN 64.8+2.3 66.8+2.6 53.5+£2.5 81.3£0.7 82.9+1.2 80.5+0.6
AlphaEdit 69.9+2.0 72.242.5 52.1+2.4 83.2+0.9 84.6+1.3 82.440.8
FT 37.8+1.9 39.242.3 26.6+2.1 82.4%+1.0 83.7+1.2 81.84+0.9
Llama3-8B MEMIT 499422 51.8+2.5 38.5+42.4 81.0£1.1 82.4+1.4 80.2+1.0
MALMEN 599424 62.0+2.7 48.442.6 83.24+0.8 83.5+1.1 82.5+0.7
AlphaEdit 64.9+2.1 67.24+2.6 45.0+£2.5 83.0+1.0 82.3+1.3 83.2+0.9

Table 1: Edited and intrinsic knowledge retention rate for different combination of KE methods and subsequent
fine-tuning tasks. Note that retention rates between GPT-2 XL and Llama3-8B are not directly comparable, as
fine-tuning hyperparameters, which significantly influence knowledge retention, were tailored to each model’s

architecture and training hyperparameters.

the finetuning task. We average the probability of
the first output token of all queries.

We see that the probability of generating edit
token first drops quickly, and the probability of
generating same-category token increases quickly,
and both of them finally converge. Our results
show that after fine-tuning the post-edit model,
the model would unlikely generate the original
true target, but the same-category token. Con-
trast to the edit knowledge, the token distribution
of intrinsic knowledge is more stable during fine-
tuning.

We present a case study using a knowledge
tuple chosen from Counterfact in Table 2. The
knowledge is edited using MEMIT, followed by
fine-tuning the post-edit model on Tulu-3 SFT
dataset. Interestingly, while the true target "Mi-
crosoft" does not achieve high probability, "In-
tel"—a same-category token—shows increasing
probability. Notably, even after removing all the
text that contains non-stop keyword tokens from the
prompt ("window", "mobile", and "develop") in the
fine-tuning dataset, this same-category tokens can
still achieve the highest ranking after fine-tuning.

4 Model Elasticity Theory

The elasticity theory of LLMs provides a frame-
work to understand the behavior of a fine-tuned
model that is pre-trained with a mixture of different
datasets (Ji et al., 2025). The theory can be rep-
resented by Equation 2, when the model is firstly
trained with Dy, D>, and subsequently fine-tuned

with Ds:
Dy /D D1/D
depGZ/ — (__) _k d’)/pel/ (2)
dl dl

|D1|

@<<1,k:W>>1,

where | = Do

and 7 is the normalized compression rate.

According to the model elasticity theory, the
normalized compression rate is inversely propor-
tional to the volume of training data associated
with a given piece of knowledge. A lower nor-
malized compression rate reflects a reduced
training loss for that knowledge, indicating that
the model has internalized it more thoroughly.
This stronger internalization, in turn, results in
higher knowledge elasticity, which corresponds
to the improved retention rate observed in our
experiments.

In our setting of studying the knowledge re-
tention in fine-tuning, D; corresponds to the pre-
training dataset for a given piece of knowledge,
D corresponds to the dataset used for editing, and
D3 corresponds to the dataset used for the subse-
quent fine-tuning. A key distinction between edited
knowledge and intrinsic knowledge lies in the diver-
sity of their training expressions: intrinsic knowl-
edge is acquired from a wide variety of paraphrases
present in the pre-training corpus, whereas edited
knowledge is typically introduced through a sin-
gle formulation. For example, during pre-training,
a langugage model may encounter a fact such as
"Windows Mobile 6.5 was developed by Microsoft"
in various paraphrased forms—such as "Windows
Mobile 6.5 is a product of Microsoft" or "Windows
Mobile 6.5 was created by Microsoft." According to
model elasticity theory, this multiplicity of expres-
sions helps consolidate the internal representations
of the knowledge, thereby enhancing its retention
to subsequent fine-tuning.
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Figure 3: First generated token distribution vs training epoch for (a) edited knowledge (b) intrinsic knowledge.

Top3-tokens

Base model

Microsoft (0.258) | Nokia (0.201) | the (0.107)

Model ‘
|
Post-edit model ‘

Apple (0.992) | Nokia (0.004) | Google (0.001)

0.2 finetuned epoch ‘ Apple (0.297) | Intel (0.179) | Nokia (0.004)
0.4 finetuned epoch ‘ Intel (0.183) | Apple (0.126) | IBM (0.056)
0.6 finetuned epoch ‘ Intel (0.170) | Nokia (0.051) | Apple (0.049)

0.8 finetuned epoch ‘

Intel (0.254) | Nokia (0.210) | Google (0.106)

1 finetuned epoch ‘

Intel (0.247) | Nokia (0.147) | Google (0.08)

Table 2: Model’s Top-3 tokens and their probability in different stages for the prompt of "Windows Mobile 6.5 was
developed by", true target of "Microsoft" and the edit target of "Apple". Initially, the model predict the target token
of "Microsoft" correctly. After model edition, the post-edit model predict an extremely high probability of 0.992 to
the edited target token "Apple", and the true target Microsoft has very low probability(lower than 0.001). However,
after just one and a half epoch of fine-tuning, this token disappears from the top-3 predicted tokens. The top-3 token

rankings stabilize after one epoch of fine-tuning.

5 Improving Knowledge Retention in
Fine-Tuned Models

To enhance the resilience of edited knowledge
against downstream fine-tuning, we investigate two
complementary strategies: one that addresses the
fundamental cause during the model editing stage,
and another that serves as an efficient adaptation
during the fine-tuning stage.

5.1 Edit with Augmented Paraphrases

Based on the insight from model elasticity the-
ory, the retention of edited knowledge against sub-
sequent fine-tuning is positively correlated with
the volume of data used during the editing phase.
We hypothesize that, to achieve a post-SFT edited
knowledge retention rate comparable to that of

intrinsic knowledge, each edit knowledge should
be edited with comparable number of paraphrases
for intrinsic knowledge used during pre-training.
Moreover, if the number of paraphrases provided
during editing exceeds the average lexical variety
encountered for facts in the pre-training corpus, the
retention of edited knowledge may even exceed
that of intrinsic knowledge.

To test this hypothesis, we augment the edit
samples by generating multiple paraphrases for
each knowledge instance and assessed their im-
pact on retention rates after Tulu-3 SFT task. In
the model elasticity theory, this augmentation in-
creases the effective training data volume for the
edited knowledge, thereby enhancing its resistance
to fine-tuning. The effectiveness of this strategy
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Figure 4: Retention rate vs number of paraphrases per knowledge fact for model GPT-2 XL and Llama3-8B.

depends on both the quality and the diversity of the
paraphrases used.

We evaluated this approach using batch-editing
methods, including MEMIT and AlphaEdit. Each
method was applied to edit a batch of 20 knowl-
edge samples, with each sample associated with [1,
2, 3, 5, 10] paraphrased statements. Other exper-
imental settings is the same as Table 1. We then
compared the retention rates of both edited and
intrinsic knowledge after the fine-tuning task of
Tulu-3-SFT. The experimental results are summa-
rized in Figure 4. Further details regarding model
editing and fine-tuning hyperparameters are pro-
vided in Appendix B.

The retention rate of edited knowledge improves
with an increasing number of paraphrases per
knowledge instance. In contrast, the retention rate
of intrinsic knowledge remains stable at approxi-
mately 80%. Notably, beyond a certain threshold of
paraphrase, the retention of edit knowledge reaches
that of intrinsic knowledge. Our experiments
indicate that providing approximately 3 para-
phrases would be sufficient for edit knowledge
to match the retention rate of intrinsic knowl-
edge. We hypothesize that this is because during
pre-training, each piece of intrinsic knowledge is
acquired from a limited set of textual expressions.
When the number of paraphrases for an edited fact
meets or exceeds this equivalent number of para-
phrases for intrinsic knowledge, the edited knowl-
edge can attain an elasticity comparable to that of
intrinsic knowledge.

5.2 Fine-Tuning with Frozen Selected Layers

For Locate-then-Edit method, the layer that the
edited knowledge being inserted into is where the
knowledge located (Meng et al., 2023a; Geva et al.,
2021). To enhance locality, a common practice is
to fine-tune specific layer while freezing all oth-
ers, as this approach demonstrates superior local-
ity compared to full-model fine-tuning (Gangadhar
and Stratos, 2024). A study has been conducted
to determine the optimal layer for knowledge ed-
its (Hase et al., 2023; Meng et al., 2023a). We
thus hypothesize that preserving edited knowledge
can be improved by avoiding fine-tuning of layers
containing the target knowledge. To test this hy-
pothesis, we evaluate two layer-specific fine-tuning
strategies on GPT-2 XL

Fine-tune only later layers. We freeze the early
layers and fine-tune the layers beyond a specified
threshold layer. As GPT-2 XL contains 48 trans-
former layers, we set the fine-tuning layer threshold
to be 10, 20, 30, 40 and compare their results. From
the Figure 5(a), we find that larger layer threshold
can improve the edited knowledge retention rate
while having similar intrinsic knowledge retention
rate. If only layers after 40 are finetuned, the edited
knowledge reaches the same level of knowledge
retention with intrinsic knowledge. In addition,
fine-tuning after a layer threshold has similar intrin-
sic knowledge retention rate with full fine-tuning
retention rate, showing that this method does not
impair the intrinsic knowledge.

Fine-tune only layers in a window. We freeze
all layers except a window of layers. We set the
window size to be 5. To reserve a larger room of lay-
ers for the experiment, for both MEMIT and FT, we
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Figure 5: (a) Edit and intrinsic knowledge retention rate for different fine-tuning layer threshold for MEMIT and
FT edit. We choose layer 1 as the edit layer for both MEMIT and FT method. (b) Edit and intrinsic knowledge
retention rate for different fine-tuning window center layer for MEMIT and FT method. We choose layer 10 as the

edit layer for both MEMIT and FT method.

choose layer 10 instead of 6. From the Figure 5(b),
we observe that fine-tuning achieves lowest edited
knowledge retention rate when the window cen-
tered at layer 10-where the edited knowledge is
located-while exhibiting higher edited knowledge
retention rate for window does not include the edit
layer, or even centered farther from this layer. In
contrast, intrinsic knowledge maintains a similar
knowledge retention rate across different window
center positions.

6 Conclusion and Future Work

We examine how different downstream fine-tuning
tasks affect previously edited knowledge. First, we
demonstrate that knowledge edited via KE methods
are particularly sensitive to subsequent fine-tuning
by showing none of MEMIT, FT, MALMEN and
AlphaEdit can edit the knowledge to retain as in-
trinsic knowledge. They usually output tokens that
belong to the same category rather than the true
target token.

To address this, we propose two strategies to
improve the resilience of edited knowledge. The
first approach increases the number of paraphrased
expressions during the editing phase, which funda-
mentally make the edited knowledge comparable
to intrinsic knowledge. The second introduces a
practical fine-tuning adaptation through selective
layer freezing, which preserves edits by avoiding
modifications to layers critical to the edited knowl-
edge.

For future KE methods, we propose that post-

edit retention should be assessed not only immedi-
ately after editing, but also after fine-tuning tasks.
An interesting research direction is development
of editing methods that yield robust to fine-tuning
without external paraphrase data, as the model has
the capabilities to generate paraphrases itself.

7 Limitations

While our layer-freezing approach provides a so-
lution for preserving single-edited knowledge, it
introduces key limitations. Firstly, it restricts the
model’s ability to acquire new knowledge during
fine-tuning. Secondly, this method would decrease
the training efficiency. Lastly, it cannot handle
the extreme case that multiple edits that all layers
become occupied by prior edits. As a result, devel-
opment of a method for preserving multiple edits
knowledge without compromising model plasticity
or training efficiency would be an important future
direction.
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A Additional Related Work

Memory-based methods store edits in a explicit
memory without modifying the model’s parame-
ters (Mitchell et al., 2022b; Zheng et al., 2023;
Hartvigsen et al., 2023). For example, SERAC is a
gradient-free memory-based model editing method
that stores edits in an explicit memory and uses a
scope classifier to determine if a test input is within
the scope of any cached edits. If within scope, a
counterfactual model predicts the label based on
the most relevant edit example; otherwise, the base
model’s prediction is used (Mitchell et al., 2022b).

B Dataset Details

Given prompt in CounterFact, we observe that mod-
els can sometimes generate top-ranked tokens with
similar probabilities(difference less than 0.03), indi-
cating the model is uncertain about the knowledge.
To mitigate this ambiguity and ensure the model
confidently possesses the target knowledge, we cu-
rate both the edit and intrinsic knowledge datasets
by retaining only samples where the true target
token’s probability exceeds the second-ranked to-
ken’s probability by at least 0.1.

Applying this criterion, we filter out 1,434 and
4,939 samples from the CounterFact training split
for GPT-2 XL and Llama3-8B, respectively. From
the remaining data, we sample 50 prompts for
the edit dataset and 100 prompts for the intrinsic
dataset. Detailed statistics of the filtered datasets
are provided in Table 3.

As the GPT-2 XL and Llama3-8B possess differ-
ent knowledge on the CounterFact dataset, necessi-
tating the construction of different edit datasets and
intrinsic knowledge datasets for each model. Com-
pared to GPT-2 XL, Llama3-8B not only demon-
strates more comprehensive knowledge coverage
but also exhibits significantly higher prediction con-
fidence for the target facts in CounterFact.

C Implementation Details

C.1 Knowledge Editing

Full fine-tuning for editing(FT): We choose
Adam optimizer with learning rate of 5e-5, maxi-
mum training epoch of 500, weight decay of 0.01
and early stopping loss of 0.01. We fine-tune all
layers for both GPT-2 XL and Llama3-8B.
MEMIT: We emply the same hyper-parameters
for ROME as the setting in original paper (Meng
et al., 2023a). We choose learning rate of 0.5, max-
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imum training step of 50, weight decay of 0.5, and
KL factor of 0.0625. For GPT-2 XL, we edit layers
ranging from 13 to 17, while for Llama3-8B, we
edit layers ranging from 4 to 8.

MALMEN: We adopt the same hyper-
parameters for MALMEN as those used in the origi-
nal paper (Tan et al., 2023). We observe that choos-
ing later layers can achieve better edition success
rate. We select the model editing hyperparameter
such that the post-edit model can predict true target
for all the prompts in our edit dataset. Specifically,
for GPT-2 XL, we edit layers ranging from 43 to
48, while for Llama3-8B, we edit layers ranging
from 27 to 32.

AlphaEdit: We adopt the same hyper-
parameters for AlphaEdit as those used in the orig-
inal paper (Fang et al., 2025). We select the
model editing hyperparameter such that the post-
edit model can predict true target for all the prompts
in our edit dataset. For GPT-2 XL, we edit layers
ranging from 13 to 17, while for Llama3-8B, we
edit layers ranging from 4 to 8.

C.2 Downstream Fine-tuning Tasks

We perform data filtering on the training set of all
the downstream task, only keep the data that are
irrelevant to the edit knowledge. To fairly com-
pare these edit methods, it is essential to develop a
metric to quantify the extent to which fine-tuning
influences the model. To ensure that the fine-tuning
impact is consistent across the four methods (FT,
MEMIT, MALMEN and AlphaEdit), for each of
these downstream fine-tuning tasks, we sample
and fix an evaluation dataset from the fine-tuning
dataset and standardize the training stopping crite-
ria, and employ the same fine-tuning hyperparame-
ter.

For a fine-tuning task, ensuring consistent fine-
tuning impacts across different post-edit models
is challenging but critical for fairness. We set the
same stopping criteria for fine-tuning different post-
edit models. Some experiments take more training
epoch to reach the stopping criteria. For example,
we note that fine-tuning with larger layer threshold
needs larger training epoch. Notably, experiments
with larger layer thresholds require more training
epochs to meet these criteria, as fewer parameters
are updated, demanding greater training effort to
incorporate the same volume of knowledge into the
model. For FT and ROME, we also try different
edited layer. We find that for both of the meth-
ods, edit early layer (prior to layer 10) can achieve



Table 3: Information for edit and intrinsic data for GPT-2 XL and Llama3-8B.

Task name Avg true target prob  Avg second ranked target prob
GPT-2 XL Edit 0.407 0.088
GPT-2 XL Intrinsic ~ 0.409 0.092
Llama3-8B Edit 0.467 0.112
Llama3-8B Intrinsic  0.473 0.119

Table 4: Information for fine-tuning dataset.

#Train data points  #Validation data points

Task name Data source

General text training Common Crawl
Classification IMDB

SFT Tulu-3-SFT-mixture dataset

12,000 1,000
25,000 100
100,000 1,000

similar result.

Next token prediction on general text To as-
sess the impact of fine-tuning on the model’s intrin-
sic and edited knowledge, we conduct fine-tuning
using a general-domain text corpus, analogous to
continued pre-training on the base language model.
Since a small subset of the data suffices to demon-
strate the influence, we sampled 12,000 data for
training. We evaluate the fine-tuning influence on
a validation set, which contains of 1,000 instances
sampled from the training set. We employ loss
as a metric to measure the volume of knowledge
acquired from fine-tuning.

Sentiment classification task To assess the
impact of downstream fine-tuning on pre-trained
knowledge, we employ a classification task as our
benchmark evaluation. Specifically, we utilize the
IMDB sentiment analysis dataset which consists
of 25,000 movie reviews paired with binary senti-
ment labels. For the classification architecture, we
append a fully connected layer to the final hidden
state of the end-of-sequence (EOS) token. Classifi-
cation accuracy on the validation set can be a fair
metric, as it is the target index people are aiming to
improve. The validation set contains 100 samples,
which has no overlap with the training set.

Instruction fine-tuning task Supervised fine-
tuning has emerged as a prevalent downstream
adaptation method for LLMs. In this paradigm,
each training instance consists of an instruction
(question) paired with its corresponding response
(answer). For our experiments, we employ the
Tulu-3-SFT-mixture dataset (Lambert et al., 2024)
for instruction fine-tuning. To assess the training
influence, we evaluate model performance on a
validation set, which contains 1,000 instances sam-
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pled from the training set. We evaluate the training
progress by compute the model’s loss on the vali-
dation set.

C.3 Hyperparameter for fine-tuning

We employ different set of training hyperparame-
ters for Llama3-8B and GPT-2 XL, as their base
model training hyperparameters are different. We
use learning rate of 5e-5 for Llama3-8B and 1e-3
for GPT-2 XL for all fine-tuning tasks.

Unstructured fine-tuning: In align with its
pre-training stage, we employ batch size of 256,
AdamW optimizer with beta of (0.9,0.999) and
weight decay of 0.01. The model is evaluated on
the validation set every 20 steps. The training stops
once the validation loss goes below 3.1 for GPT-2
XL and 2.0 for Llama3-8B.

Sentiment classification: We employ batch size
of 64, AdamW optimizer with beta of (0.9,0.999)
and weight decay of 0.01. The model is evaluated
on the validation set every 20 steps. The training
stops once the accuracy on the validation set goes
above 95%.

Supervised fine-tuning(SFT): For GPT-2 XL,
we use an AdamW optimizer with beta of
(0.9,0.999) and weight decay of 0.01. Training is
performed with a batch size of 128, and the model
is evaluated on the validation dataset every 20 steps.
We halt training once the validation loss falls below
1.7 for GPT-2 XL and 1.0 for Llama3-8B.

C.4 Experiment Results for Different Edit
Layer

We analyze how the choice of editing layer influ-
ences model performance during downstream SFT
on GPT-2 XL. Figure 6 compares knowledge reten-
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Figure 6: Edit and intrinsic knowledge retention rate for different edit layer for ROME and FT methods.

tion rates for both edited and intrinsic knowledge
across different layers when applying ROME and
fine-tuning (FT) methods. Our experiments demon-
strate that for early layers, ROME and FT achieve
comparable edited knowledge and intrinsic knowl-
edge retention rates across all edited layers.
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