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Abstract

Model knowledge editing has become a widely researched
topic because it enables the efficient and rapid injection of
new knowledge into language models, as well as the cor-
rection of erroneous or outdated knowledge. Existing model
knowledge editing methods are typically classified into two
categories: single-instance sequential editing and massive
one-time editing. However, the batched and iterative edit-
ing method is better aligned with model updating patterns in
practical applications. In this work, we examine the perfor-
mance of parameter-update-based models on a novel batched
iterative editing benchmark. Our findings indicate that as the
number of editing iterations increases, the accumulation of
updated parameters leads to a greater shift in the model’s pa-
rameter distribution, making it harder to maintain both the
editing performance and the stability of the model. To address
this degradation issue, we propose two methods: the Wasser-
stein distance constraint and the parameter update sparsifi-
cation, where the Wasserstein distance constraint optimizes
the transition of parameter distribution before and after edit-
ing, and the parameter update sparsification significantly re-
duces the number of updated parameters, thereby alleviating
instability in the parameter distribution caused by their ac-
cumulation over iterations. Our methods are generally appli-
cable to various parameter-update-based knowledge editing
models. Experiments on the zsRE and CounterFact datasets
demonstrate that our methods improve editing performance
and enhance the stability of batched iterative editing in the
later stages across different models.

Code — https://github.com/JoveReCode/WDSP.git

Introduction

Large language models (LLMs) have demonstrated strong
capabilities across a wide range of natural language pro-
cessing (NLP) tasks (Touvron et al. 2023; OpenAl 2023;
Petroni et al. 2020). However, as world knowledge contin-
uously evolves and changes, the knowledge stored in the
model parameters can become outdated over time (Onoe
et al. 2022; Dhingra et al. 2022; Liska et al. 2022). Ad-
ditionally, the models may inherently contain erroneous
knowledge (Zhao et al. 2023; Ji et al. 2023; Lazaridou
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et al. 2021; Agarwal and Nenkova 2022; Gallegos et al.
2023), making iterative updates to LLMs both necessary
and crucial. Retraining or fine-tuning LLMs requires sub-
stantial computational resources and time. To achieve time-
efficient model updates, the knowledge editing paradigm has
emerged, gaining increasing research attention. Knowledge
editing aims to timely inject new knowledge or correct er-
roneous knowledge by updating a small subset of model pa-
rameters or leveraging in-context learning (ICL) techniques
(Brown et al. 2020; Dong et al. 2022). Developing efficient
and stable knowledge editing methods is critical for the fu-
ture maintenance of language models.

Existing knowledge editing methods can be broadly cat-
egorized into parameter updating methods, meta-learning-
based methods, and ICL-based methods. Parameter updat-
ing approaches (Cao, Aziz, and Titov 2021; Meng et al.
2022a,b; Li et al. 2023) typically leverage mechanistic in-
terpretability (MI) to identify specific layers in the model
that store new knowledge and rewrite the relevant param-
eters. Meta-learning methods (Mitchell et al. 2022a; Tan,
Zhang, and Fu 2024) involve training a hypernetwork to
alter the model’s output predictions, whereas ICL-based
methods (Zheng et al. 2023; Zhong et al. 2023) temporar-
ily adjust the model’s output by appending the constructed
prompts to the input query. Most existing work on edit-
ing focuses on single-instance sequential editing or mas-
sive one-time editing. However, in practice, batched and
iterative editing is preferred in the maintenance of LLMs
(e.g., the model’s knowledge needs to be updated weekly or
monthly as world knowledge changes rapidly). This primar-
ily requires that editing methods are performed at the batch
level. In this regard, ICL-based methods are less practical
for batch execution, as they require lengthy prompts for each
editing instance, which significantly reduces inference effi-
ciency. Moreover, the effects of knowledge editing achieved
through ICL are only temporary, lasting only within the cur-
rent model run, and do not genuinely integrate the knowl-
edge into the model. Meta-learning-based methods also train
mainly for individual instances at a time, which limits their
ability to achieve satisfactory performance in batched edit-
ing.

In contrast, parameter updating methods can perform
massive knowledge editing in a single step, with the number
of edits meeting the typical requirements for model updates



and maintenance. However, can parameter updating meth-
ods achieve iterative and stable editing? We found this to
be a challenging issue for current popular parameter updat-
ing methods. We tested representative parameter updating
methods, namely MEMIT(Meng et al. 2022b) and PMET(Li
et al. 2023), on a benchmark involving batched and iterative
editing. Our findings indicate that as the number of itera-
tions increases, the model is prone to rapid deterioration.
This is mainly due to the accumulation of parameters that
need to be updated with each iteration, which leads to in-
creasingly significant changes in the parameter distribution
of the model, thus resulting in instability and collapse. To ad-
dress the challenging task of batch and iterative knowledge
editing, we propose methods based on Wasserstein distance
constraint (Rubner, Tomasi, and Guibas 2000) and parame-
ter update sparsification, aiming to mitigate the accumula-
tion of adverse effects from parameter rewriting (that is, pa-
rameter updating) and to maintain the long-term stability of
the model’s parameter distribution. Wasserstein distance is
a metric that measures the similarity between two probabil-
ity distributions by calculating the minimal cost required to
transform one into the other. We constrain the learning pro-
cess of parameter updates by establishing a Wasserstein dis-
tance loss between the model’s initial parameter distribution
and the post-edited parameter distribution. This approach
aims to minimize changes in the model’s parameter distribu-
tion after the knowledge editing process, thereby maintain-
ing stability. Additionally, in parameter updating methods,
not all parameter updates contribute to editing performance.
Parameter update sparsification prunes the parameters with
small magnitudes and applies random dropout to make the
updates sparser in each editing batch. We found that dis-
carding approximately 50% of the parameters does not de-
grade the editing performance (and may even improve it),
which reduces the accumulation of new parameters in each
batch, allowing the model to remain effectively updateable
after multiple iterative editing cycles. The contributions of
our work are summarized as follows:

1. We examine the performance of popular parameter up-
dating methods for knowledge editing methods on a
batched iterative editing benchmark, revealing that these
methods often lose editing capability or cause the model
to rapidly collapse after multiple iterations. To address
this, we design a loss function based on the Wasserstein
distance to constrain distributional changes during the
parameter update process, thereby maintaining the sta-
bility of the model’s parameter distribution.

. We further apply sparsification to the parameters that
need updating, discarding redundant ones that do not
contribute to editing performance. This significantly re-
duces the number of parameters to be updated in each
iteration, thereby mitigating changes in the model’s pa-
rameter distribution caused by the accumulation of up-
dates. This approach can be used independently or in
combination with the Wasserstein distance constraint,
both of which help prevent the model from collapsing
rapidly after multiple editing iterations, while also im-
proving knowledge editing performance.
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Figure 1: Illustration of knowledge editing: The language
model stores a vast amount of knowledge, including out-
dated or erroneous information that needs to be edited. After
applying the knowledge methods the model should correctly
generate updated answers (e.g., for the query “The next
Olympics will be held in”, the model should respond with
”Los Angeles”) while preserving unedited knowledge (e.g.,
for the query ”Rick Braun performs”, the model should still
respond with "Jazz”).

3. Extensive experiments on the zsRE and CounterFact
datasets demonstrate the effectiveness of our proposed
methods.

Related Works

Knowledge editing methods can be categorized into several
types from a technical perspective, including meta-learning,
parameter updating', and in-context learning (ICL) meth-
ods. However, from an alternative perspective on their edit-
ing capacity, they can be classified into two main categories:
single-instance editing and batched (or massive) editing.
Single-instance editing is typically performed sequentially,
and if model parameters are not restored, it can edit a few
dozen pieces of knowledge at most. In contrast, batch or
massive editing can handle hundreds to thousands of edits
simultaneously, resulting in significant differences in their
applicability.

Single Editing Methods MEND (Mitchell et al. 2022a)
trains a hyper-network to convert the fine-tuning gradient
into a simplified representation using low-rank decomposi-
tion, and then applies this updated gradient to the model.
SERAC (Mitchell et al. 2022b) stores the edits in a sepa-
rate memory and uses a retrieval-augmented counterfactual
model to incorporate the edits to influence the model’s pre-
dictions. ROME (Meng et al. 2022a) locates the model pa-
rameters corresponding to new factual knowledge and up-

'In this paper, parameter updating methods are often referred to
as the update-based editing methods.



dates the key-value pairs in the MLP module with newly
computed residual vectors. T-Patcher (Huang et al. 2023)
adds a single neuron to the final layer of the feed-forward
network (FNN) to handle a specific edit request.

GRACE (Hartvigsen et al. 2023) is a recent work towards
lifelong knowledge editing, which employs a discrete code-
book to store editing information and uses a deferral mecha-
nism to determine whether to apply it during inference. This
enables knowledge editing without modifying the model’s
internal parameters, thus avoiding potential model degrada-
tion. While the goal of this work aligns closely with ours,
there are notable differences in the underlying concepts and
applicable scenarios. GRACE is designed for instance-level
sequential editing scenarios (i.e., editing one piece of knowl-
edge at a time), whereas our approach aims to enable the
sequential editing of batches of new knowledge. Further-
more, GRACE requires maintaining an external codebook,
the size of which grows as the amount of edited knowledge
increases. In contrast, our work focuses on achieving knowl-
edge editing solely through the model’s own parameters, en-
suring stable performance in extensive knowledge editing
scenarios without introducing any external components.

Batched/Massive Editing Methods To enable massive
editing, MEMIT (Meng et al. 2022b) improves upon ROME
by distributing the computed residual vectors across mul-
tiple model layers. MALMEN (Tan, Zhang, and Fu 2024)
extends MEND to handle massive editing tasks by aggregat-
ing batched parameter updates into a single update, thereby
achieving improved scalability. PMET (Li et al. 2023) builds
on MEMIT by considering the knowledge-storing role of
the multi-head self-attention (MHSA) layers, thus prevent-
ing the overestimation of the parameter updates required for
the FFN layers.

In our tested batched iterative editing benchmark, since
single-instance editing methods cannot handle such tasks
due to their limited capacity, we focus primarily on research-
ing and testing methods for massive editing.

Method

In this section, we describe the knowledge editing task and
introduce our method for facilitating batched and iterative
editing. An overview of our method is illustrated in Figure 2.

Task Definition

The objective of the knowledge editing task is to inject new
factual knowledge into the model or modify outdated or
incorrect knowledge, while preserving the existing knowl-
edge. An example is shown in Figure 1. Suppose that M is
an auto-regressive language model with parameters 6. Given
factual knowledge represented by a tuple (s, 7, 0), where s,
r, and o denote the subject, relation and object of the fact,
respectively (e.g., s:”B-17 Flying Fortress”, r: ’is produced
by”, o: ”IBM”), the language model M takes the prefix
(s,) as the input and predicts the answer o through the de-
coding process:

ey

o =arg max P, (y|z)
r=(s,r)
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where Py, (y|z) denotes the generative probability of y. In
cases where the factual knowledge needs to be edited, given
the prefix (s, r), the knowledge editing methods should steer
the model’s prediction towards the new answer o* (e.g.,
0*:”Boeing”) by modifying the model parameters to §* or
by using in-context learning prompts, i.e.:

2

0" = arg m(ax) Pu,. (y|)
Single-instance knowledge editing methods (Mitchell et al.
2022a; Meng et al. 2022a; Huang et al. 2023) perform such
editing process sequentially for different facts, with some
requiring the model parameters to be restored to their ini-
tial state between each edit, which makes it challenging to
handle large-scale editing scenarios.

For the batched or massive editing task, the editing re-

quests are given as a set of new knowledge £ = {ei}ij\il,
where e; = (s;,r;,0}). The editing methods compute the
parameter updates (or changes) for all new knowledge in
the editing set and apply them to the model simultaneously.
In this work, we further investigate whether these methods
can be performed iteratively without restoring the updated
parameters in each iteration, thereby enabling batched and
iterative editing that is suitable for practical model mainte-
nance. To formally describe this editing process, consider a
collection of editing request sets with batch size B denoted
T
as {&;};_,. .
ber of iterations for the test. Given an editing method G, the
model parameters are updated as follows:

Me; = Q(M(;;fl?&),t €{1,2,..,T}

where &; = {eg } , and 71 is the total num-

3)

where 6§ = 6 represents the initial model parameters. We
evaluate the editing performance for each batch of edits.

Wasserstein Distance Constraint

Although parameter updating methods can achieve batched
and permanent knowledge editing, they face challenges in it-
erative editing tasks. For simplicity, we describe the process
of update-based knowledge editing methods (i.e., parameter
updating methods) as follows: compute the residual vectors
0 (parameter updates) needed for the model to predict the
new facts 0*, and then add 4 to the hidden states of the previ-
ous layer, which can be simply represented as 8* = 6+9. For
the overall model update, compute the update matrix A us-
ing the collection of residual vectors ¢ and the model’s FFN
keys, then add the update matrix A to the original model’s
FFN weights W, i.e. W* = W + A. In the iterative edit-
ing process, each update accumulates a new A on top of the
previous iteration, causing the model parameter distribution
to undergo increasing changes as the number of iterations
grows. In the later stages of the iteration, this can rapidly
deteriorate performance (as will be demonstrated by the ex-
perimental data in subsequent sections). To address this is-
sue, we introduce methods based on Wasserstein distance
(Rubner, Tomasi, and Guibas 2000) constraints and param-
eter sparsification, with the goal of maintaining the stability
of the model’s parameter distribution and preventing degra-
dation.
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Figure 2: An overview of the process of our proposed method. Given a language model M with its initial parameters 6,
parameter updating methods for knowledge editing compute residual values J for the new requested editing knowledge and add
them to the initial parameters 6 to achieve the editing. This results in significant changes to the parameter distribution, and after
multiple iterations, it can cause severe instability or even lead to model collapse. Our proposed method consists of two key
processes. First, we apply a Wasserstein distance constraint (WD(-)) between the updated and initial parameter distributions to
obtain smoothed residual values dyy = WD(J). Second, we apply parameter (update) sparsification, which performs pruning
and dropout to sparsify the dy, resulting in oy s = SP(dw ). The final dyy s enables smoothed parameter updates for batched
editing, which significantly helps maintain model stability during subsequent editing iterations.

Wasserstein distance is a metric that measures the discrep-
ancy between two probability distributions. It quantifies the
minimum cost required to transport one distribution into an-
other, taking into account both the distances and the amount
of mass being moved. Given two probability measures p and
v, the Wasserstein p-distance2 between them is defined as:
Wy(p,v) = _inf -l @

By
e ) (z,y)~y [||x

where II(p,v) is the set of all joint distributions whose
marginal distributions are p and v. In our task, we aim to
constrain the Wasserstein distance between the initial model
parameters 6 and the updated model parameters 6*. How-
ever, computing W (6, §;) is intractable due to the high di-
mensionality of the model parameters. We use the Sinkhorn
algorithm (Sinkhorn and Knopp 1967; Luise et al. 2018) to
compute the approximate solution, by introducing entropy
regularization, where the computation of Wasserstein dis-
tance is transformed into the convex optimization problem.
With the transport plan v and the regularization term being
differentiable, the gradient of the approximated Wasserstein
distance can be efficiently computed by back-propagating

2We used the Wasserstein 2-distance in our experiments and
denote it as W (u, v) in the paper for simplicity.
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through the iterative updates of the Sinkhorn algorithm. The
Sinkhorn iteration can be expressed as follows:

u(M):KHO

v 1

JiHn ©)
KTu(z+1)

where v and u start as uniform distributions and iterate to
convergence. The kernel matrix K = e« is computed by
the Ly distance matrix C, where Ci; = ||8; — (5|13, (8 €
0,( € 0%), € is a hyper-parameter that controls the inten-
sity of entropy regularization. After the Sinkhorn iteration
converges, the solution P can be computed by:

P = diag(u)Kdiag(v) (6)

here P is the matrix of v(x, y), which specifies the optimal
transport plan between two distributions, enabling the com-
putation of the Wasserstein distance W (8, 6*).

Given the computed Wasserstein distance, we use it as a
loss function during the computing of update parameters §
(the residual vector, which can be represented as § = 0* —0),
and it is defined as:

Lwp =W(6,0"). @)

In the update-based knowledge editing methods such as
MEMIT (Meng et al. 2022b) or PMET (Li et al. 2023), the
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Figure 3: Detailed performance of Efficacy, Generalization and Locality on the zsRE dataset (batch size = 50). The vertical
axis represents the metric scores for the current editing iteration, while the horizontal axis represents the number of iterations.
SP denotes the parameter sparsification, WD denotes the Wasserstein distance constraint, and WD+SP denotes the combined

method.

residual vector ¢ for each editing request is computed by the
negative log-likelihood loss?:

Lyir = —log Pamo+s)[0"[(s,7)] ®)
Along with the Wasserstein distance loss, our loss function
for computing the residual vector d is defined as follows:
L= Lnrr+ MLwp) )
Unlike conventional hyper-parameters, A here is a dynamic
scaling function. The value of the Wasserstein distance
varies across different samples, with some results being
quite large, which could lead to an overemphasis of the
Wasserstein distance constraint. Additionally, as iterative
editing progresses and the parameter distribution changes,
the Wasserstein distance between the updated and the orig-
inal parameter distributions may also increase. To prevent
the Wasserstein distance from becoming excessively large
and dominating the overall loss function, we introduce a
dynamic scaling factor A to adjust the contribution of the
Wasserstein loss. Since the value of Ly, is relatively sta-
ble, we dynamically normalize the Ly p value to match the
scale of L.

Parameter Update Sparsification

Given the loss function in equation (9), for a batched editing
with batch size B, the residual vector § for each editing re-

quest is computed and collected as R = {§;}_,, and R is

3Here, we simplify the symbolic representation for uniform de-
scription. In practice, the residual vector J; is computed individu-
ally for each editing request e; = (s;, 73, 0; ).
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then used to compute the update matrix A, which is applied
to the model layers to be updated:

A+ RK'(C+ KK™)™! (10)

where K denotes the FFN keys of the model layer and
C' is a constant proportional to the uncentered covariance
of the pre-existing keys (pre-computed from a sample of
Wikipedia text, Meng et al. (2022a)). With the overall model
update defined as W* = W + A, the sparsification of the
update matrix A has been used in recent work (Gu et al.
2024) to preserve the general capabilities of the model af-
ter editing. We consider whether the sparsification of A can
be used to preserve the model’s capabilities after multiple
iterations of editing. However, directly sparsifying the up-
date matrix A incurs significant computational costs, as it
shares the large dimensions as the FFN layer, M;,, X M.
In batched iterative editing, assuming we need to perform 7’
rounds of editing, with [ being the number of layers to be
edited and () representing the computational complexity of
sparsification, the total complexity required for sparsifying
A would be O(M;y, X My X IX T x Q). To reduce the com-
putational complexity to an acceptable level, we apply the
parameter update sparsification which sparsifies the resid-
ual vectors ¢ in R and allows this sparsity to propagate into
the update matrix A. This reduces the computational com-
plexity to O(M;,, x B x I x T x @), where B is the editing
batch size, which is significantly smaller than M,,;. This
also enables our parameter sparsification method to scale
more efficiently to larger models, as the computational cost
primarily depends on M;,,, making it more efficient than ex-
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Figure 4: Detailed performance of Efficacy, Generalization and Locality on the CounterFact dataset (batch size = 100). The
vertical axis represents the metric scores, while the horizontal axis represents the number of iterations. SP denotes the parameter
sparsification, WD denotes the Wasserstein distance constraint, and WD+SP denotes their combination.

Number of Batched Iteration

Method  —Gr—Gm @ @36 @I58 @60 @72 @S0 @88 @9% @io0 V8
MEMIT _ 57.61 58.02 5840 63.11 5991 5432 5097 2853 429 066 045 39.66
WD 5733 59.65 58.17 6463 60.21 57.18 53.17 4780 4471 39.18 3935 52.85
+SP 5724 5892 57.87 6611 5897 5295 5207 4330 3779 1693 11.88 46.73
+WD+SP  57.15 5836 59.52 6429 5828 52.87 60.29 4871 51.69 41.81 4835 54.67
PMET 5631 5858 5724 6426 5166 2863 092 000 000 000 000 2887
WD 56.06 5938 59.86 6426 5332 3425 969 000 000 000 000 3062
+SP 56.08 60.91 5840 6091 5879 49.02 3886 21.65 18.07 10.16 11.56 40.40
+WD+SP  54.83 5779 57.44 62.62 57.86 4991 48.56 3825 31.11 20.85 2648 45.98

Table 1: The overall editing Score on the zsRE dataset (batch size = 50). @k denotes the k-th iteration of batched editing. +WD
denotes the Wasserstein distance constraint, +SP denotes the parameter sparsification, and +WD+SP denotes the combined

method.
Method  Avg.Eff Avg.Gen Acg.Loc
MEMIT 76.41 73.69 21.33
+WD 99.94 96.05 28.04
+SP 94.18 90.73 24.67
+WD+SP  99.86 96.85 29.29
PMET 5291 50.72 15.77
+WD 59.25 57.73 17.87
+SP 74.08 71.83 23.27
+WD+SP  91.84 88.74 24.39

Table 2: Average metric scores on the zsRE dataset (batch
size = 50). Avg.Eff, Avg.Gen, and Avg.Loc denotes the aver-
age Efficacy, Generalization and Locality across all batched
editing iterations, respectively.

isting methods that rely on both M;,, and M.

For the details of sparsification, we use two operations:
pruning and dropout. The pruning operation retains the top-
k parameters with the largest magnitudes in J, discarding
the smaller ones, as they contribute less to the editing per-
formance. We control the degree of sparsification by setting
a pruning ratio pr(0 < pr < 1), and define a mask matrix
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Pr as follows:

PI‘Z"]' = {

therefore the pruned residual vector is given by: § < Pr ©®
d. Additionally, we apply dropout with a rate of dr to the
pruned §, which can be expressed as:

(1-Dr)®d
1—dr

where Dr ~ Bern(dr) is the dropout mask matrix.

After applying the Wasserstein distance constraint and
parameter sparsification, the updated parameter § exhibits
a relatively smooth and sparse distribution. This ensures
that the parameter updates from knowledge editing do not
cause drastic changes to the model’s parameter distribution,
thereby maintaining stability even after multiple iterations.

L,
0,

if §; ; in top-pr(d)
else

Y

5 (12)

Experiments
Datasets and Baselines
We evaluate our method on two widely used knowledge
editing datasets, zsRE(Levy et al. 2017) and Counter-
Fact(Meng et al. 2022a). In the zsRE dataset, each sam-

ple consists of a factual knowledge statement (editing re-
quest), its paraphrase, and an irrelevant natural question. In



Number of Batched Iteration

Method —Gr—Gg @16 @0 @

@28 (@32 @36 @42 (@46 @50

Avg

MEMIT  91.78 89.73 88.29 86.57 84.15

82.56 8137 81.49 81.01 82.53 7643 84.17

+WD 92.25 89.64 8831 85.63 83.71
+SP 91.12 90.65 89.26 85.82 85.09
+WD+SP 9156 89.82 88.68 87.06 84.07

8195 80.41 82.05 8042 8325 77.73 84.12
81.16 81.47 81.13 80.41 81.50 74.47 83.83
84.66 80.53 82.44 81.38 82.09 76.12 84.40

PMET 92.74 9093 89.15 84.03 81.49

82.32 79.03 78.73 7544 7635 6697 81.56

+WD 9242 8996 8991 8563 83.09
+SP 92.80 90.75 89.63 86.14 83.51
+WD+SP  92.76 87.97 88.68 85.83 84.04

83.90 7956 7877 7443 77737 68.18 82.11
83.14 79.89 7924 76.03 7546 69.65 82.39
8291 80.90 79.38 77.26 82.19 7590 83.44

Table 3: Overall editing Score on the CounterFact dataset (batch size = 50). @k denotes the k-th iteration of batched editing.
+WD, +SP, and +WD+SP denote the Wasserstein distance constraint, the parameter sparsification, and the combined method,

respectively.
Method  Avg.Eff Avg.Gen Acg.Loc
MEMIT 100 95.55 66.42
+WD 100 94.55 66.85
+SP 99.82 94.18 66.53
+WD+SP 100 95.91 66.65
PMET 100 97.00 61.84
+WD 99.82 95.18 63.64
+SP 99.63 97.00 63.22

+WD+SP  99.27 93.64 66.65

Table 4: Average metric scores on the CounterFact dataset
(batch size = 50). Avg.Eff, Avg.Gen, and Avg.Loc denotes
the average Efficacy, Generalization and Locality across all
batched editing iterations, respectively.

the CounterFact dataset, each sample consists of a factual
knowledge statement, two paraphrased sentences, and ten
neighborhood questions.

Given that our proposed method is a general approach
that can be applied to any update-based editing method,
we selected the representative parameter updating methods
for massive editing tasks, MEMIT (Meng et al. 2022b) and
PMET (Li et al. 2023), on the GPT-J 6B (Wang and Komat-
suzaki 2021) model as experimental baselines. We evaluated
the impact of the Wasserstein distance constraint, parameter
sparsification, and their combination on the performance of
these baselines in the batched iterative knowledge editing
task.

Metrics and Settings

We use the standard evaluation metrics for knowledge edit-
ing, which are defined as follows:

« Efficacy measures the editing accuracy; it corresponds
to the factual knowledge statement in the dataset being
successfully edited.

¢ Generalization evaluates whether the edit can be ex-
tended to paraphrased or contextually relevant sentences
included in the data set.

* Locality refers to the preservation of original knowledge
that is not related to editing requests, ensuring it remains
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intact. This is evaluated using irrelevant natural questions
or neighborhood questions in the dataset.

Formally, the metrics for Efficacy and Generalization are
defined as follows:

E[Pro+) (0"[(s,7)) > Paaioy (0l(s, 7))l (13)
and the metric on Locality is defined as follows:

E[P o) (0%](5,7)) < Paqoey(ol(s,7))]. (14
On the batched iterative editing benchmark, we evaluate the
knowledge editing methods based on these three metrics in
each batch of edits and calculate their harmonic mean to ob-
tain the overall editing Score. On the zsRE dataset, we set
the batch size for iterative editing to 50 and conducted 100 it-
erations, resulting in a total of 5,000 knowledge edits. On the
CounterFact dataset, we evaluated the setting with a batch
size of 50 over 50 iterations, resulting in a total of 2,500
edits. We then extended this to a more challenging setting
with a batch size of 100 over 100 iterations, totaling 10,000
edits. For hyper-parameters, we set the prune rate pr to 0.7
and the dropout rate dr to 0.3. All of our experiments were
conducted on NVIDIA RTX A6000 48G GPUs.

Results

We present all our experimental results as ablation studies to
clearly highlight the contributions of the proposed Wasser-
stein distance constraint and parameter sparsification to edit-
ing performance.

Results on zsRE

For the zsRE dataset, we evaluated the performance of
MEMIT and PMET in iterative editing with a batch size
of 50 over 100 iterations. As observed in Table 1, the edit-
ing performance gradually declines with successive itera-
tions, indicating that the accumulation of updated parame-
ters makes the model increasingly unstable, thereby com-
plicating future edits. Between the 70-80th iterations, the
model begins to deteriorate rapidly, eventually collapsing
and completely losing its editing capability in subsequent
iterations.

After incorporating the Wasserstein distance constraint,
the MEMIT-based model was able to retain most of its edit-
ing capabilities, even during the later stages of iteration. The



Number of Batched Iteration

Method  —G1r—G10 @0 @30 @0 @50 @60 @70 @S0 @9 @00 V8
MEMIT 0158 8784 $4.04 82.08 8182 7298 7672 7107 648 5884 5347 7502
WD 9145 87.65 85.06 8210 82.64 7283 7888 7610 77.03 6790 6330 78.63
+SP 9100 8$8.64 8371 8107 8053 7293 7415 7563 7297 6480 5550 7644
FWD4SP  91.80 8842 8354 80.19 79.99 72.89 7419 7448 73.83 72.40 7759 79.03

Table 5: The overall editing Score on the CounterFact dataset (batch size = 100). @k denotes the k-th iteration of batched
editing. +WD, +SP, and +WD+SP denote the Wasserstein distance constraint, the parameter sparsification, and the combined

method, respectively.

PMET-based model deteriorated more slowly than the base-
line during the intermediate stages but still collapsed in the
later stages. While solely applying parameter sparsification
to the baselines provides some improvement, the model still
lost most of its capability in the later stages. The combined
method further improved the model’s stability in later iter-
ations and achieved the best overall performance. Figure 3
presents the details of the Efficacy, Generalization, and Lo-
cality metrics, clearly demonstrating the effectiveness of our
method.

Table 2 additionally presents the average Efficacy, Gener-
alization, and Locality scores across all iterations and set-
tings. The baseline exhibited significantly lower average
scores, mainly due to model collapse in the later stages.
All of our methods demonstrate substantially higher average
performance compared to the baseline, with the combined
approach achieving the best results.

Results on CounterFact

For the CounterFact dataset, we first evaluated MEMIT and
PMET with a batch size of 50 over 50 iterations. As shown
in Table 3, all methods show a decreasing trend in editing
performance as the number of iterations increases, while
the model did not experience a rapid collapse within 50 it-
erations. Our method shows noticeable improvement over
MEMIT. Employing the Wasserstein distance constraint, pa-
rameter sparsification independently, or their combination
enhances performance in specific iterations, with the com-
bined approach achieving the highest overall average per-
formance overall. For PMET, the combined approach con-
sistently yields the best performance during the later stages
of iteration, and its effectiveness becomes more evident as
the number of iterations increases. Using WD or SP inde-
pendently also improves average performance compared to
the baseline, and the combined approach achieves the high-
est average performance.

It is also observed that during the early stages of itera-
tion (e.g., before the 28th iteration), our independent meth-
ods outperform the combined approach in certain iterations
under both baselines. This is primarily because the model
maintains relatively stable performance in the early stages
due to minor parameter shifts, thus making the sole applica-
tion of either the Wasserstein distance constraint or param-
eter sparsification sufficient to effectively ensure stability.
Table 4 further presents the average performance of the Effi-
cacy, Generalization, and Locality metrics. We found that all
our approaches improve Locality. For PMET, the combined
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method sacrifices some Generalization but achieves a more
significant improvement in Locality. This trade-off between
Generalization and Locality remains a significant challenge
in knowledge editing tasks. Nevertheless, these results in-
dicate that our method helps maintain model stability, as a
higher Locality implies better preservation of knowledge un-
related to the edits.

To further assess the effectiveness of our method, we con-
ducted tests in a more challenging setting. Table 5 presents
the results obtained after 100 iterations with a batch size of
100. Our method clearly demonstrates its effectiveness in
maintaining stability during the later stages of batched iter-
ative editing. While applying the Wasserstein distance con-
straint or parameter sparsification individually offers consid-
erable improvements, the combined method yields the best
average results, consistent with the findings on the zsRE
dataset. Figure 4 presents the details on the Efficacy, Gen-
eralization, and Locality metrics. Our method ensures that
both Efficacy and Generalization remain stable in the later
stages of iteration, whereas Locality shows no significant
differences across all methods.

Conclusion

In this work, we addressed the challenging task of batched
iterative knowledge editing and demonstrated the instability
of parameter updating methods (capable of batch editing)
in the later stages of iterative editing. To prevent the rapid
collapse of the model during later iterations, we proposed
the use of the Wasserstein distance constraint and parameter
sparsification to mitigate changes in the model’s parameter
distribution after multiple rounds of batched iterative edit-
ing, thereby preserving stability. These two techniques can
be applied independently or in combination, and notably, the
combined approach yielded the best results in most experi-
ments.

For future work, we will focus on achieving lifelong
batched iterative editing, aiming to completely eliminate the
side effects of each batch iteration, thereby fully mitigating
the distribution shifts and the severe instability caused by
the accumulation of parameter updates during the iterative
process. Furthermore, exploring improved methods that can
support larger batch sizes during iterative editing is another
important direction for future research. This will provide
valuable insights and contributions to the practical updating
and maintenance of language models.
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