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Abstract

Factual knowledge stored in Large Language
Models (LLMs) inevitably becomes outdated or
erroneous over time, making it critical to update
these models without incurring the high cost
of retraining. Existing sequential knowledge
editing methods predominantly rely on strict
orthogonal projection to preserve previously
edited knowledge. However, this excessive con-
straint limits gradient expressiveness, resulting
in a significant degradation of model general-
ization and overall performance as the number
of edits increases. To address this challenge,
we propose Dual-Importance Projection Edit-
ing (DipEdit). This method leverages Singular
Value Decomposition (SVD) to identify critical
gradient subspaces and introduces a dual mech-
anism comprising "accumulated importance"
and "projection importance." Unlike traditional
approaches that enforce strict orthogonality, Di-
pEdit dynamically scales gradient components
parallel to key subspaces based on their pro-
jection importance rather than discarding them
directly. This approach enhances the model’s
adaptability to new knowledge while maxi-
mally preserving historical knowledge. Exten-
sive experiments conducted on five mainstream
LLMs using the ZsRE and Counterfact datasets
demonstrate that DipEdit effectively handles
thousands of sequential edits. The proposed
method achieves an average comprehensive per-
formance improvement of 10.36% and effec-
tively maintains the model’s general capabili-
ties on downstream tasks. Code is available at:
https://github.com/czhhhla/DipEdit.

1 Introduction

Large language models (LLMs) demonstrate excep-
tional performance across diverse tasks, including
text generation and question answering (Brown
et al., 2020; OpenAI et al., 2024; Anil et al., 2023;
DeepSeek-AI et al., 2025; Zhao et al., 2025). How-
ever, as real-world information evolves continu-
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Figure 1: Comparison of performance deviation for
the first 50 facts between AlphaEdit and DipEdit after
2,000 sequential edits, relative to their initial post-edit
performance.

ously, the factual knowledge encoded in these mod-
els often becomes outdated or erroneous, resulting
in hallucinations or inaccuracies in their outputs
(Balachandran et al., 2022; Ji et al., 2023). For
models with billions of parameters, the computa-
tional cost of full retraining is prohibitively high
(Mitchell et al., 2022b). Accordingly, knowledge
editing has emerged as a promising solution (Meng
et al., 2022; Hartvigsen et al., 2023), enabling tar-
geted updates to specific facts in LLMs without
necessitating full retraining.

Although existing research has transitioned from
single or batch editing to sequential editing to ad-
dress real-world demands for frequent knowledge
updates (Fang et al., 2024; Jiang et al., 2025b). For
instance, Fang et al. (Fang et al., 2024) leverage
null space to safeguard original knowledge, sub-
stantially mitigating interference with the model’s
prior facts and performance during sequential edits,
but little attention has been paid to knowledge cou-
pling (Xu et al., 2025), wherein new edits interfere
with previously edited knowledge. As illustrated
in Figure 1, during a sequence of 2000 edits, per-
formance on the initial 50 facts degrades signifi-
cantly when reevaluated after all edits compared to
immediately post their incorporation. The few ex-
isting approaches addressing knowledge coupling
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Figure 2: Overview of sequential model editing with DipEdit. The framework identifies the Critical Gradient
Subspace (CGS) via SVD to construct the Gradient Projection Memory (GPM). Unlike strict orthogonal projection,
DipEdit introduces a dual-importance mechanism (λacc and λproj) to dynamically scale gradient components
parallel to the CGS based on their significance.

predominantly rely on orthogonal projection (Xu
et al., 2025; Cai and Cao, 2024), constraining gradi-
ents of new knowledge to directions orthogonal to
previously edited knowledge subspaces, thereby
mitigating inter-task interference and achieving
knowledge decoupling. While these methods par-
tially alleviate coupling, the enforced orthogonal-
ity restricts gradient expressiveness, ultimately im-
pairing generalization and editing efficacy in long-
sequence editing and causing overall performance
degradation.

Inspired by continual learning (Saha and Roy,
2023; Saha et al., 2021), we propose Dual-
Importance Projection Editing (DipEdit), a novel
knowledge-decoupling editing method that maxi-
mizes preservation of previously edited knowledge
while enhancing model generalization. We perform
singular value decomposition (SVD) on input acti-
vations to identify bases spanning the critical gradi-
ent subspace (CGS) of edited knowledge and store
them in memory. Unlike strict orthogonal projec-
tion, we assign two distinct importance measures to
these bases: (1) Accumulated importance, com-
puted and aggregated from singular values across
edits, directly reflecting each basis’s significance;
(2) Projection importance, obtained by assigning
1 to the top-R bases ranked by accumulated impor-
tance and linearly decaying values for the remain-
der. For a new edit, we decompose the gradient
into components parallel and orthogonal to the crit-
ical subspace. The orthogonal component remains
unchanged, while the parallel component is scaled
by the corresponding projection importance. The
final gradient, combining both, is used to update

the model. Furthermore, we introduce an Improved
Template Context Mechanism as an auxiliary mea-
sure to further enhance model generalization. By
leveraging Maximum Marginal Relevance (MMR),
this mechanism diversifies instruction semantics.

Our contributions are as follows: (a)We intro-
duce a novel scaled projection mechanism for se-
quential knowledge editing that resolves interfer-
ence with previously edited knowledge via pro-
jection while alleviating over-constraint through a
dual-importance design. (b)We introduce an Im-
proved Template Context Mechanism to mitigate
model overfitting to specific phrasings. (c)We con-
duct extensive experiments on ZsRE and Counter-
Fact using representative models including Phi-1.5,
GPT2-XL, GPT-J, Qwen2.5, and LLaMA3, demon-
strating the superior effectiveness of DipEdit.

2 Preliminaries

In this section, we introduce the fundamental con-
cepts of model editing and sequential model edit-
ing.

Model editing, also known as knowledge edit-
ing, refers to a targeted update technique for pre-
trained language models. Its primary objective is to
adjust model parameter (specifically in parameter-
modifying approaches) to alter the output for spe-
cific inputs as desired, while preserving the orig-
inal performance on unrelated inputs as much as
possible. Formally, given a base model fθ and
an edit instance (xe, ye) where the origin output
fθ(xe) ̸= ye, model editing aims to produce a new
model fθ′ such that fθ′(xe) = ye.

Current research primarily focus on editing
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Figure 3: Distribution of singular values obtained from
the SVD of the input representation matrix R1.

knowledge tuples t = (s, r, o), replacing the
original object o with a new object o∗ to form
the updated tuple (s, r, o∗)(Meng et al., 2022;
Fang et al., 2024; Xu et al., 2025; Meng et al.,
2023). A single edit operation is denoted as
e = (s, r, o, o∗). Given a set of knowledge to up-
date D∗ = {t∗i = (si, ri, o

∗
i )}ni=1 and the original

model fθ, the edited model fθe obtained via the
edit set E must satisfy:

fθe(sj , rj) =

{
o∗j if (sj , rj , o∗j ) ∈ D∗,

oj otherwise.
(1)

Real-world scenarios often involve sequential
model editing, when the model undergoes multi-
ple consecutive edits (hundreds or even thousands).
Let the initial model be fθ0 and the dynamically
growing edit dataset Dedit = {(st, rt, o∗t )}Tt=1. At
each timestep T , the model editor ME uses the cur-
rent target data (sT , rT , o

∗
T ) to update the previous

model fθT−1
:

fθT = ME(fθT−1
, sT , rT , o

∗
T ). (2)

The edited model fθT must adhere to following
strict conditions: Current Edit Reliability: For
the current target knowledge (sT , rT ), the model
must output the new object o∗T , i.e., fθT (sT , rT ) =
o∗T . Historical Edit Retention: For all historical
target data (s<T , r<T , o

∗
<T ) ∈ Dedit, even with-

out direct access by ME, the model must output
the corresponding new objects o∗<T . General Per-
formance Preservation: For any unedited input
x , the model’s output should remain consistent
with the initial model fθ0 , i.e., fθT (x) = fθ0(x).
Specific evaluation metrics are provided in Ap-
pendix A.2.

3 Method

In this section, we introduce our Dual-Importance
Projection Editing (DipEdit) method. An overview

of the proposed DipEdit is illustrated in Figure
2. We address the sequential knowledge editing
setting where a model undergoes a sequence of
edits over facts indexed by t ∈ {1, 2, ..., T }. Our
method comprises three key steps: (1) modify the
model parameters, (2) update the important gradi-
ent space based on the input representations, and
(3) adjust the importance of the gradient basis.

3.1 Editing Initial Fact (t = 1)

Modify Parameters. To compute the parameter
update ∆ for the initial edit, we employ a null-
space constrained optimization objective (Fang
et al., 2024). This formulation ensures minimal
interference with pre-existing knowledge while up-
dating the weights from W0 to W1 = W0 +∆.
Gradient Subspace Identification. To preserve
the knowledge from the first edit, we identify its
critical gradient subspace, which initializes the Gra-
dient Projection Memory (GPM). We collect the
input representations of the edited fact into a matrix
R1 and perform SVD: R1 = U1Σ1V

⊤
1 , where U1

and V1 are orthogonal matrices, and Σ1 is a diago-
nal matrix of singular values. The singular values
in Σ1 quantify the explanatory power of the corre-
sponding left singular vectors in U1. We select the
top-k1 columns of U1 as the basis vectors to form
the initial memoryM = [u1,1, . . . , uk1,1]. These
bases span the most important space for the input
representations of fact 1. As demonstrated by Saha
et al. (Saha et al., 2021), these bases also span
the most critical gradient space for task 1, with
a detailed proof provided in Appendix B.1. The
rank k1 is determined by a Frobenius norm energy
threshold γth ∈ (0, 1):

∥(R1)k1∥2F
∥R1∥2F

≥ γth. (3)

Here, ∥ · ∥2F denotes the Frobenius norm of a ma-
trix, this thresholding effectively filters out noise,
ensuring M spans the most significant gradient
directions.
Compute Importance of Gradient Basis. Exist-
ing methods such as KDE (Xu et al., 2025) strictly
constrain gradient updates to the orthogonal space
of the GPM, prohibiting any updates parallel to the
gradient space. However, such rigid constraints
result in excessive gradient loss, limiting gradient
expressiveness and degrading generalization. To
mitigate this, we propose scaling updates based
on basis importance, inspired by the observation
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Figure 4: Distribution of accumulated importance (λacc)
and projection importance (λproj).

that singular values of R1 exhibit a non-uniform
distribution (Figure 3). We first extract the singular
value vector σ1 = diag(Σ1, k1) corresponding to
the top-k1 bases, where σ1 ∈ Rk1×1. To quantify
the significance of each basis, we compute the ac-
cumulated importance λacci,1 ∈ [0, 1] for the i-th
basis:

λacci,1 =
(α+ 1)σi,1

ασi,1 +max(σ1)
. (4)

Here, α is a non-negative scaling hyperparame-
ter and the value of λacci,1 ranges from 0 to 1.
We construct importance vector for this edit by
λacc1 = [λacci,1 , ..., λacck1,1

]⊤. Based on this, we
derive the projection importance λproji,1 to directly
modulate the gradient constraints:

λproji,1 =




1 L ≤ R,

τ +
(1− τ) · (k1 − L)

k1 −R
otherwise,

(5)
where L is the rank of the basis sorted by λacc, and
R = ⌊r ·k1⌋ denotes the number of fully preserved
bases controlled by the retention ratio r ∈ (0, 1).
The hyperparameter τ ∈ (0, 1) sets the minimum
scaling floor. We construct importance vector
for this edit by λproj1 = [λproji,1 , ..., λprojk1,1

]⊤.
Equation 5 ensures that the most significant bases,
namely those with L ≤ R, are fully preserved
with an importance of 1. For subsequent bases,
the importance decays linearly from 1 down to
τ (as shown in Figure 4), thereby allowing con-
trolled flexibility in gradient updates to mitigate
over-constraint while protecting critical knowledge,
and enabling knowledge edited with longer time
intervals to receive greater protection. We adopt
linear decay strategy because it offers a simpler and
more intuitive formulation while achieving com-
parable performance gains (details are provided
in Appendix C.7). Note that setting τ = 1 or
r = 1 recovers the strict orthogonality of KDE.
We transfer theM, λacc and λproj to the next edit.

Here, λacc = λacc1 , λacc ∈ Rk×1, λproj = λproj1 ,
λproj ∈ Rk×1 with k = k1 is the number of bases
after editing fact 1.

3.2 Sequential Editing (t ∈ [2, T ])
Modify Parameters. To prevent interference with
previously edited tasks, which could lead to forget-
ting of the edited knowledge, and to ensure post-
editing accuracy and generalization, we project the
new gradient ∇WtLt during the editing process,
yielding the updated gradient:

∇WtLt = ∇WtLt − (MΛM⊤)(∇WtLt). (6)

where Λ = diag(λproj) encapsulates the constraint
strength. This operation leaves gradient compo-
nents orthogonal toM unchanged, while scaling
components parallel toM by (1− λproji), thereby
achieving a balance between stability and plasticity.
Update Important Gradient Space. Upon com-
pleting the tth knowledge edit, we updateM by
adding the important gradient space of this fact.
For that, we first collect the input representations
to form the representation matrix Rt, To avoid re-
dundant bases that may overlap or be linearly de-
pendent with those inM, we perform SVD on Rt

only after removing such redundancies with the
following step:

R̂t = Rt − (MM⊤)Rt = Rt −Rt,M. (7)

where Rt,M = (MM⊤)Rt denotes the projection
of Rt onto the space spanned byM. Next, SVD is
performed on R̂t = ÛtΣ̂tV̂

⊤
t and new kt bases are

chosen for minimum kt satisfying the criteria:

||Rt,M||2F + ||(R̂t)kt ||2F ≥ γth||Rt||2F . (8)

Gradient space in GPM is updated (after λproj and
λacc update) by adding these new bases toM as
M = [M, û1,t, ..., ûkt,t].
Update Importance of Gradient Basis. We next
assign importance to the new bases and refresh that
of the existing ones. This process faces two pri-
mary obstacles: (1) Distribution mismatch: Since
R̂t is merely a residual subset of Rt, its singular
values (Σ̂t) fail to accurately reflect the true dis-
tribution of Rt, making them unsuitable for direct
importance computation via Equation 4. (2) Con-
tribution entanglement: While the existing k bases
inM capture the redundant component of Rt, the
global nature of projection prevents decomposing
individual basis contributions for the current task.
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Table 1: Comparison of DipEdit with existing methods on the sequential model editing task. Score, Eff., Gen., Spe., Flu.
and Consis. denote Score, Efficacy, Generalization, Specificity, Fluency and Consistency, respectively. The best results are
highlighted in bold, while the second-best results are underlined.

Method Model
Counterfact ZsRE

Score↑ Eff.↑ Gen.↑ Spe.↑ Flu.↑ Consis.↑ Eff.↑ Gen.↑ Spe.↑
Pre-edited

L
la

m
a3

12.87 7.85 10.58 89.48 635.23 24.14 36.99 36.34 31.89

MEMIT 59.89 65.65 64.65 51.56 437.43 6.58 34.62 31.28 18.49
PRUNE 59.80 68.25 64.75 49.82 418.03 5.90 24.77 23.87 20.69
RECT 63.64 66.05 63.62 61.41 526.62 20.54 86.05 80.54 31.67
AlphaEdit 84.61 98.90 94.22 67.88 622.49 32.40 94.47 91.13 32.55
DipEdit (ours) 87.35 98.95 93.05 74.12 621.35 30.59 94.80 91.65 32.76

Pre-edited

G
PT

2-
X

L

30.36 22.23 24.34 78.53 626.64 31.88 22.19 31.30 24.15

MEMIT 77.44 94.70 85.82 60.50 477.26 22.72 79.17 71.44 26.12
PRUNE 68.53 82.05 78.55 53.02 530.47 15.93 21.62 19.27 13.19
RECT 77.86 92.15 81.15 65.13 480.83 21.05 81.02 73.08 24.85
AlphaEdit 83.90 99.50 93.95 66.39 597.88 39.38 94.81 86.11 25.88
DipEdit (ours) 85.82 99.70 94.38 69.78 605.32 39.49 95.80 88.06 27.06

Pre-edited

G
PT

-J

23.52 16.22 18.56 83.11 621.81 29.74 26.32 25.79 27.42

MEMIT 82.57 98.55 95.50 63.64 546.28 34.89 94.91 90.22 27.56
PRUNE 71.97 86.15 86.85 53.87 427.14 14.78 0.15 0.15 0.00
RECT 84.46 98.80 86.58 72.22 617.31 41.39 96.38 91.21 27.79
AlphaEdit 89.16 99.75 95.80 75.48 618.50 42.08 99.79 96.00 28.29
DipEdit (ours) 90.43 99.85 96.05 78.43 619.77 41.11 99.68 96.44 28.35

To overcome these, we use a method to update
importance without requiring historical data:

First, since the redundant bases are not incorpo-
rated intoM, to capture the importance of these
redundant bases for the current task, we perform
SVD on Rt,M = Ut,MΣt,MV ⊤

t,M. Then, we use
the coefficient matrix C = M⊤Ut,M to transfer
their importance (singular values) to the stored
bases inM, where ci,j quantifies the directional
similarity. The “surrogate singular values” forM
are computed as:

σ′
t,M =

√
(C ⊙ C)(σt,M)2, (9)

where⊙ denotes element-wise multiplication. Sub-
sequently, We combine these with the singular val-
ues σ̂t obtained from the new bases (via SVD on
R̂t) to construct the full singular value vector for
the current task t:

σt =

[
σ′
t,M
σ̂t

]
∈ R(k+kt)×1. (10)

Thus, for the tth task, we leverage σt to derive
the importance vector for the bases as λacct =
f(σt, α) via Equation 4. We then compute and up-
date the cross-task accumulated importance vector
λacc. For the existing k bases, the update rule is:

λacci = λacci + λacci,t , (11)

where i ∈ [1, k] and λacci,t is the ith ele-
ment of the previously computed λacct . Subse-
quently, the importance of the newly added kt

bases is appended, yielding the updated λacc =
[λ⊤

acc, λacck+1,t
, ..., λacck+kt,t

]⊤.
As evident from the Equation 11, in long-

sequence editing tasks, most importance values
exceed 1 due to repeated accumulations (as shown
in Figure 4 ). Directly truncating them to 1 degen-
erates the process to updates solely in directions
orthogonal to the basis space. To mitigate this,
we introduce projection importance based on accu-
mulated importance. This design preserves prior
edited knowledge while allocating sufficient space
for subsequent updates. The updated matrices and
vectors are then passed to the next task, repeat-
ing the process. Pseudocode for the algorithm is
provided in Algorithm 1 of Appendix A.4.

3.3 Improved Template Context Mechanism

To further enhance the model’s generalization per-
formance, we propose an Improved Template Con-
text Mechanism to replace the reliance of previ-
ous methods on a limited set of fixed prefixes
(e.g.,’The’,’I’). This mechanism incorporates two
key optimizations: first, diversified generation, by
introducing a prompt library covering various tones
such as declarative, interrogative, and hypotheti-
cal to enrich the semantic space, and strictly fil-
tering out low-quality samples that are too short
or contain degenerate patterns; second, MMR de-
redundancy, utilizing the Maximum Marginal Rele-
vance (MMR) algorithm to suppress highly similar
samples, thereby maximizing the diversity cover-
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age of the context distribution. Details are provided
in Appendix A.5. In Appendix C.6, we demon-
strate that this plays only an auxiliary role in the
performance improvement.

4 Experiments

In this section, we empirically address the follow-
ing research questions to validate the effectiveness
of DipEdit: RQ1: How does DipEdit perform on
sequential editing tasks compared to baseline meth-
ods? RQ2: What is the comprehensive perfor-
mance of DipEdit in the more challenging scenario
of sequential editing? RQ3: How does DipEdit-
edited LLM perform on general ability evaluations?

Due to space limitations, we only report the key
experimental results in this section. More compre-
hensive results are provided in Appendix C.

4.1 Experimental Setup

Models. We conduct experiments on five main-
stream large language models: Phi-1.5 (1.3B) (Li
et al., 2023), GPT2-XL (1.5B) (Radford et al.,
2019), GPT-J (6B) (Wang and Komatsuzaki, 2021),
Qwen2.5 (7B) (Qwen et al., 2025), and LLaMA3
(8B) (Grattafiori et al., 2024).
Datasets. To evaluate DipEdit’s effectiveness, we
use two common datasets, ZsRE (Levy et al., 2017)
and Counterfact (Meng et al., 2022).
Other Settings. More experimental setup details
are provided in Appendix A.

4.2 Overall Performance (RQ1)

To comprehensively evaluate the effectiveness of
DipEdit, we conducted systematic experiments
across various model architectures and datasets.
These experiments involved editing 2K facts in to-
tal, divided into 20 rounds with 100 facts per round.

4.2.1 Comparison with SOTA Baselines
We first benchmark DipEdit against established
sequential editing baselines. The main results are
summarized in Table 1. More experimental results
are provided in Appendix C.2 and Appendix C.3.
Obs 1: DipEdit demonstrates superior compre-
hensive performance in sequential model editing
tasks. As shown in Table 1, DipEdit achieves opti-
mal or near-optimal results across the majority of
evaluation metrics on the Counterfact and ZsRE
datasets. Notably, on the core Score metric, Di-
pEdit outperforms all baselines. It also maintains
top-tier performance in key metrics such as edit-
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Figure 5: Performance comparison between Strict Or-
thogonal Projection and DipEdit on sequential editing
tasks using LLaMA3 and GPT-J under an identical
framework.

ing efficacy and generalization, while preserving
high-quality language fluency and consistency.

4.2.2 Mechanistic Analysis: Scaling vs. Strict
Projection

To further investigate the effectiveness of the dual-
importance projection, we conduct a focused abla-
tion study by comparing DipEdit against a Strict
Orthogonal Projection mechanism.
Implementation Note: Strict orthogonal projec-
tion is the theoretical core of recent works such as
KDE (Xu et al., 2025). Since KDE’s code is not
publicly available, we implemented its core mecha-
nism within our own unified framework (e.g., incor-
porating our Improved Template Context) to ensure
a fair, mechanism-level comparison. This baseline
is referred to as "Strict Orthogonal Projection.
Obs 2: DipEdit’s "soft" gradient scaling opti-
mizes the balance between stability and plastic-
ity. As illustrated in Figure 5, compared to the
strict projection (KDE core), DipEdit achieves su-
perior overall Scores and generalization on both
GPT-J and LLaMA3. For instance, on LLaMA3,
efficacy and generalization improve significantly
while specificity decreases only minimally (from
75.30 to 74.12). This suggests that moderate gra-
dient scaling provides the necessary flexibility for
long-sequence editing that hard constraints lack.

While this section focuses on the primary projec-
tion mechanism, a more exhaustive ablation study
is provided in Appendix C.6 to further substantiate
our findings.
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Table 2: Extended to 5000 and 10000 edits on Counterfact and ZsRE (GPT2-XL)

Method
K = 5000 K = 10000

Counterfact ZsRE Counterfact ZsRE

Score↑ Eff.↑ Gen.↑ Spe.↑ Flu.↑ Con.↑ Eff.↑ Gen.↑ Spe.↑ Score↑ Eff.↑ Gen.↑ Spe.↑ Flu.↑ Con.↑ Eff.↑ Gen.↑ Spe.↑
MEMIT 64.87 74.22 66.71 56.23 570.3 15.50 33.26 29.71 13.44 61.49 68.23 61.21 56.19 529.2 7.95 5.98 5.32 2.50
RECT 72.52 90.58 73.79 59.61 500.3 15.86 66.79 60.06 20.87 67.80 86.05 67.61 56.07 538.8 11.29 13.24 12.26 2.00
AlphaEdit 79.04 97.72 88.15 61.06 567.2 34.89 82.90 72.50 21.36 71.09 89.96 73.83 57.02 586.4 32.72 62.82 54.31 13.76

DipEdit 82.73 98.40 89.98 66.72 587.4 37.81 86.86 77.11 23.54 77.01 93.41 82.00 62.28 585.3 35.61 71.30 61.03 19.67

Table 3: Performance evaluation of AlphaEdit and Di-
pEdit on homogeneous sequential editing tasks using
GPT2-XL and GPT-J across the constructed "City" and
"Language" datasets.

Data Model Method Score↑ Eff.↑ Gen.↑ Spe.↑ Flu.↑ Con.↑

L
an

gu
ag

e GPT-J
AlphaEdit 86.49 99.75 96.82 69.77 619.0 38.42
DipEdit 87.65 99.90 96.52 72.17 620.1 37.75

GPT2-XL
AlphaEdit 82.15 99.25 93.20 63.64 571.1 31.32
DipEdit 85.22 99.60 94.10 68.80 591.9 34.05

C
ity

GPT-J
AlphaEdit 87.07 99.75 94.88 72.00 605.8 36.05
DipEdit 88.82 99.80 95.55 75.42 609.3 35.68

GPT2-XL
AlphaEdit 80.94 98.75 93.45 61.58 585.6 36.92
DipEdit 84.40 99.10 94.48 67.24 594.7 37.60

4.3 Robustness of Sequential Editing (RQ2)

To comprehensively evaluate the robustness of
DipEdit under extreme conditions, we designed
two challenging experimental scenarios: Homoge-
neous Fact Sequential Editing and Ultra-Long
Sequence Sequential Editing. The former as-
sesses knowledge retention under high-interference
conditions, while the latter probes the performance
boundaries of the model during extended editing
sequences.

4.3.1 Homogeneous Fact Sequential Editing
Li and Yin et al. (Li et al., 2024b; Yin et al., 2023)
showed that sequential edits within the same knowl-
edge category affect previously edited facts more
than edits across categories. To test DipEdit’s
robustness in this setting, we created a dataset
of 2,000 language-related and 2,000 city-related
facts from Counterfact (details are provided in Ap-
pendix D.3) and performed sequential editing on
GPT2-XL and GPT-J, with results illustrated in
Table 3. Based on the experimental results, the
following conclusions are drawn:
Obs 3: DipEdit maintains SOTA performance
in the highly challenging scenario of homoge-
neous fact sequential editing. In detail, on the
language dataset, DipEdit achieves comprehensive

scores of 87.65 and 85.22 on GPT-J and GPT2-XL,
respectively, consistently outperforming AlphaEdit.
Notably, while maintaining superior editing effi-
cacy and generalization, DipEdit also excels in core
capabilities such as fluency and consistency. These
results confirm that DipEdit possesses exceptional
stability in dense homogeneous knowledge editing
scenarios, effectively balancing knowledge updates
with the preservation of model performance.

4.3.2 Ultra-Long Sequence Sequential Editing
To further explore performance boundaries under
ultra-long sequences, we extended the experimen-
tal scope from 2,000 to 5,000, and subsequently to
10,000 edits. The results are presented in Table 2.
Obs 4: DipEdit consistently maintains SOTA
performance in long-sequence editing, with its
advantage amplifying as the sequence grows.
Specifically, DipEdit achieves superior results in
both 5k and 10k settings. Notably, the performance
gap between DipEdit and AlphaEdit widens as the
number of edits increases. On Counterfact, the
lead in comprehensive score expands from 3.69%
at 5k to 5.92% at 10k. A similar trend is observed
on ZsRE, where the disparity in editing efficacy
increases from 3.96% (5k) to 8.48% (10k). This di-
vergence stems from AlphaEdit’s susceptibility to
cumulative interference, which degrades retained
knowledge. In contrast, DipEdit effectively isolates
and protects edited knowledge, significantly miti-
gating performance degradation while preserving
high generalization and efficacy.

4.4 General Capability Tests (RQ3)

To assess whether DipEdit compromises the gen-
eral capabilities of LLMs under large-scale sequen-
tial editing, we conducted evaluations on the GLUE
benchmark and the MMLU dataset (details are pro-
vided in Appendix A.1.3). The results are summa-
rized in Figure 6, with more experiments provided
in Appendix C.4.
Obs 5: DipEdit sustains the general capability
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Figure 6: F1 scores of the LLaMA3 (8B) model after editing across six general capability benchmarks (i.e., SST,
MRPC, CoLA, RTE, MMLU, and NLI).

of post-edited LLMs even after extensive editing.
Mainstream model editing methods show severe
instability, with performance dropping notably af-
ter 1,500 edits and catastrophic failure occurring
by 2,000 edits. In contrast, DipEdit remains robust,
maintaining core capabilities even after 3,000 se-
quential edits. Among baselines, only AlphaEdit
also withstands 3,000 edits, but DipEdit excels in
semantic understanding—achieving 87.44% accu-
racy on SST versus AlphaEdit’s 82.58%. These re-
sults confirm that DipEdit effectively avoids catas-
trophic forgetting while preserving both editing
efficacy and general reasoning.

5 Related work

Current model editing approaches are primarily cat-
egorized into parameter-preserving and parameter-
modifying methods (Yao et al., 2023; Zhang et al.,
2024b). Parameter-preserving techniques main-
tain original model weights by introducing exter-
nal mechanisms: SERAC (Mitchell et al., 2022b)
employs a separate counterfactual model; IKE
(Zheng et al., 2023) utilizes in-context demonstra-
tions; while T-Patcher (Huang et al., 2023), Ca-
liNet (Dong et al., 2022), GRACE (Hartvigsen
et al., 2023), and WISE (Wang et al., 2025) in-
corporate additional trainable neurons or dynamic
memory codebooks to enable updates. Conversely,
parameter-modifying methods directly update inter-
nal weights: FT-W (Zhu et al., 2020) and KN (Dai
et al., 2022) fine-tune specific layers or neurons;

meta-learning approaches like MEND (Mitchell
et al., 2022a), MALMEM (Tan et al., 2024), In-
structEdit (Zhang et al., 2024a), and DAFNET
(Zhang et al., 2024c) predict weight adjustments
via hypernetworks (Li et al., 2025); and "Locate-
Then-Edit" methods such as ROME (Meng et al.,
2022), MEMIT (Meng et al., 2023), PMET (Li
et al., 2024a), RECT (Gu et al., 2024), AlphaEdit
(Fang et al., 2024), and AnyEdit (Jiang et al.,
2025a) directly modify knowledge-storing layers
for large-scale updates. This study focuses on the
latter category of parameter-modifying editing.

6 Conclusion

In this paper, we address the stability-plasticity
dilemma in sequential knowledge editing by
proposing DipEdit. Unlike strict orthogonal projec-
tion methods that over-constrain gradient updates,
DipEdit introduces a novel dual-importance mech-
anism to dynamically scale gradients, achieving a
balance between preserving historical knowledge
and adapting to new information. Extensive experi-
ments on five mainstream Large Language Models
demonstrate that DipEdit significantly outperforms
state-of-the-art baselines, effectively handling up
to 10,000 sequential edits while maintaining the
models’ general capabilities. DipEdit also exhibits
robustness in complex scenarios, such as homoge-
neous and ultra-long sequence editing. Our work
provides a robust and scalable solution for the life-
long maintenance of Large Language Models.
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Limitations

Despite the superior performance of DipEdit in se-
quential editing, several limitations remain. First,
the reliance on SVD for identifying gradient sub-
spaces introduces computational overhead that
scales with the model’s hidden dimension, poten-
tially constraining efficiency on extremely large-
scale models. Second, while our extensive sensitiv-
ity analysis confirms the method’s robust plug-and-
play capability with generic parameters, pinpoint-
ing the absolute optimal configuration for specific
architectures remains a non-trivial task. Finally, as
our evaluation primarily targets factual knowledge
updates, the applicability of DipEdit to complex
logical or procedural editing warrants further inves-
tigation.
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Appendix

In the appendix, we detail the experimental setup,
theoretical analysis, more experimental results, and
dataset visualizations.

• Appendix A: Experimental Setup.

• Appendix B: Theoretical Analysis.

• Appendix C: More Experimental Results.

• Appendix D: Dataset Visualizations.

A Experimental Setup

A.1 Dataset
A.1.1 ZsRE
ZsRE (Levy et al., 2017) is a Wikipedia-based
question-answering (QA) benchmark designed to
evaluate zero-shot generalization on specific rela-
tions. Utilizing back-translation, ZsRE constructs
a rich semantically equivalent questions to rigor-
ously test the robustness of edited models against
diverse formulations. Following prior research, we
employ Natural Questions as out-of-distribution
(OOD) data to assess locality. Each sample com-
prises a subject entity and a target answer for mea-
suring editing efficacy, a rephrased question for
generalization, and a distinct locality question for
specificity evaluation.

A.1.2 CounterFact
CounterFact (Meng et al., 2022) represents a
more challenging benchmark designed to assess
knowledge editing under counter-intuitive scenar-
ios. It strictly evaluates the model’s ability to
update specific knowledge while preserving the
stability of related factual knowledge by intro-
ducing targets that contradict established facts.
Out-of-scope data is constructed by substituting
the subject entity with a similar entity sharing
the same predicate. Each sample includes a
prompt template and a corresponding counterfac-
tual target for efficacy evaluation, alongside mul-
tiple semantically consistent paraphrases for gen-
eralization. Crucially, it features "Neighborhood
Prompts"—prompts with similar attributes but dis-
tinct factual independence—serving as a rigorous
baseline for locality to ensure the update does not
trigger catastrophic forgetting or erroneous modifi-
cations to semantically adjacent entities. Addition-
ally, generation prompts are included to evaluate
text generation quality, focusing on fluency and
consistency.

A.1.3 General Capabilities Evaluation
SST (Socher et al., 2013) is a binary sentiment
analysis dataset based on movie reviews, assessing
the model’s understanding of affective semantics.
CoLA (Warstadt et al., 2019) is a corpus of sen-
tences from linguistic literature used to evaluate the
model’s perception of grammatical acceptability.
RTE (Bentivogli et al., 2009) is a compilation of
textual entailment datasets designed to assess logi-
cal reasoning capabilities in low-resource settings.
MRPC (Dolan and Brockett, 2005) is a dataset
of sentence pairs automatically extracted from on-
line news, requiring the model to detect semantic
equivalence (paraphrasing).
NLI (Williams et al., 2018) requires the analysis
of logical relationships between sentences, serving
as a core metric for deep semantic understanding
and complex inference.
MMLU (Hendrycks et al., 2021) is a massive mul-
titask benchmark covering diverse disciplines (e.g.,
STEM, humanities, social sciences) to evaluate
multidisciplinary knowledge and reasoning in zero-
shot and few-shot settings.

A.2 Evaluation Metrics
In this section, we outline the evaluation metrics
employed in our experiments. Given the similarity
of our tasks to prior work, we directly adopt the
metric definitions established by Fang et al. (2024)

A.2.1 ZsRE Metrics
In this section, we define the evaluation metrics for
the ZsRE dataset. Let fθ denote the large language
model, (si, ri) the input prompt containing factual
knowledge, o∗i the post-edit target output, and oi
the model’s original output.

Efficacy. This metric evaluates whether the new
knowledge has been successfully injected. Specifi-
cally, it calculates the average accuracy where the
Top-1 output exactly matches the target o∗i given
the edit prompt (si, ri):

Ei

{
o∗i = argmax

o
Pfθ(o | (si, ri)

}
. (12)

Generalization. This metric measures the
model’s robustness to inputs that are semantically
equivalent but distinct in formulation. Using a
set of paraphrases N ((si, ri)), we calculate the
average Top-1 accuracy of generating the correct
target o∗i :

Ei

{
o∗i = argmax

o
Pfθ(o | N ((si, ri))

}
. (13)
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Specificity. This metric verifies the locality of
the edit, ensuring that the model’s memory of non-
target knowledge remains undisturbed. We select
a set of unrelated samples O((si, ri)) and evaluate
the average Top-1 accuracy of the model retaining
the original ground truth oi:

Ei

{
oi = argmax

o
Pfθ(o | O((si, ri))

}
. (14)

A.2.2 CounterFact Metrics.
In this section, we define the evaluation frame-
work for the CounterFact dataset. The variables
fθ, (si, ri), oi, and o∗i are defined as above.

Efficacy. Measures the extent to which the model
accepts counterfactual knowledge. It calculates the
proportion of samples where the prediction proba-
bility of the target edit word o∗i exceeds that of the
original word oi given the original prompt (si, ri):

Ei [Pfθ [o
∗
i | (si, ri)] > Pfθ [oi | (si, ri)]] . (15)

Generalization. Evaluates the transferability of
the edit under semantic rephrasing. This metric
tracks the proportion of samples where the proba-
bility of predicting o∗i is higher than oi given the
paraphrased prompts N ((si, ri)).

Ei [Pfθ [o
∗
i | N ((si, ri))] > Pfθ [oi | N ((si, ri))]] .

(16)

Specificity. Examines the precise boundary
of the edit. Using neighborhood prompts
O((si, ri))—prompts with distinct subjects but
similar semantic properties—this metric calculates
the proportion of samples where the model cor-
rectly assigns a higher probability to the original
fact, ensuring the update does not erroneously spill
over to semantically adjacent entities.

Ei [Pfθ [o
∗
i | O((si, ri))] > Pfθ [oi | O((si, ri))]] .

(17)

Fluency. Quantifies the naturalness and repeti-
tiveness of the generated text. It is measured by a
weighted combination of the entropy of the n-gram
distribution:

−2

3

∑

k

g2(k) log2 g2(k)+
4

3

∑

k

g3(k) log2 g3(k),

(18)
where gn(·) denotes the frequency distribution

of n-grams.

Consistency. Assesses factual consistency in gen-
eration. We utilize the cosine similarity of TF-IDF
vectors between the text generated by the model
regarding subject s and the Wikipedia reference
text for o as the consistency score.

Score. To provide a holistic evaluation, we calcu-
late the harmonic mean of the three core metrics,
including Efficacy (E), Generalization (G), and
Specificity (L), to serve as the final score:

Score =
3

1
E + 1

G + 1
L

. (19)

A.3 Baseline Methods

In this section, we detail the baseline methods em-
ployed in our comparative analysis.

MEMIT (Meng et al., 2023) extends the ROME
paradigm to overcome scalability limitations. By
employing least-squares optimization, it distributes
updates for thousands of new facts smoothly across
multiple layers. This approach enables the simulta-
neous update of massive knowledge entries while
preserving the model’s general reasoning abilities
and stability.

PRUNE (Ma et al., 2024) focuses on preserv-
ing general capabilities during sequential editing.
To mitigate performance degradation caused by
accumulated edits, it applies constraints on the
condition number of the update matrix. By filter-
ing out updates that heighten numerical sensitivity,
PRUNE ensures knowledge injection does not com-
promise the structural integrity of the model.

RECT (Gu et al., 2024) addresses side effects
arising from excessive weight modifications. It
proposes a regularization-based solution that con-
strains the relative change of parameter weights.
This filters out redundant updates that contribute
minimally to new knowledge but significantly dis-
rupt the original model structure, thereby balancing
editing performance with general capability reten-
tion.

AlphaEdit (Fang et al., 2024) adopts a geomet-
ric perspective to mitigate catastrophic forgetting.
It employs null-space projection to map parame-
ter updates into the null space of the pre-existing
knowledge covariance matrix. This method en-
hances techniques like MEMIT by ensuring unre-
lated query outputs remain unchanged, significantly
improving reliability and generalization.
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SERAC (Mitchell et al., 2022b) represents a
memory-based approach that leaves the LLM pa-
rameters frozen. It utilizes a “Semi-Parametric
Editing” framework where edits are stored in an
explicit memory and processed by a retrieval-
augmented counterfactual model. While this cir-
cumvents catastrophic forgetting entirely, it intro-
duces increased computational complexity during
inference.

GRACE (Hartvigsen et al., 2023) performs life-
long knowledge editing by storing edits as a dis-
crete key-value codebook within the latent space. It
handles thousands of sequential modifications with-
out altering model weights, effectively addressing
performance degradation in streaming error correc-
tion settings while minimizing impact on unrelated
knowledge.

MELO (Yu et al., 2024) is a plug-in knowledge
editing method that enhances LLMs with dynamic
LoRA blocks indexed by neurons. It modifies be-
havior efficiently through activation via an internal
vector database. MELO ensures independence be-
tween distinct edits and significantly reduces stor-
age and computational costs.

A.4 DipEdit Algorithm

For the pseudocode of Dual Importance Scaled
Gradient Projection Editing (DipEdit), please refer
to Algorithm 1.

A.5 Improved Template Context Mechanism

To maximize the distributional coverage of the
context templates without incurring the computa-
tional overhead of external semantic encoders (e.g.,
BERT), we introduce a lightweight Hash-based
Pseudo-Embedding strategy coupled with the Max-
imal Marginal Relevance (MMR) criterion. The
implementation details are as follows:

Deterministic Pseudo-Vector Mapping: Instead
of relying on heavy pre-trained language mod-
els, we devise a zero-dependency vectorization ap-
proach. For each generated candidate template t,
we compute its MD5 hash to serve as a determinis-
tic seed. This seed is then used to sample a feature
vector vt ∈ R32 from a standard normal distribu-
tion N (0, 1).

MMR-based Selection: We employ the MMR al-
gorithm to iteratively select a subset of K templates.
At each step, the algorithm selects the candidate ti

that maximizes:

MMR = λ·Sim(vti , Q)−(1−λ)·max
tj∈S

Sim(vti , vtj )

where S is the set of already selected templates,
Q is the centroid of the candidate pool, and Sim
denotes cosine similarity.With λ = 0.5, this mech-
anism functions as a deterministic stratified sam-
pler. It rigorously penalizes duplicates (where
Sim ≈ 1.0) and selects candidates that are uni-
formly distributed across the randomized projec-
tion space.

A.6 Implementation Details
We detail the specific configurations used in our ex-
periments below. All evaluations were conducted
on a single NVIDIA A800 (80GB) GPU, and large
language models were instantiated using the Hug-
gingFace Transformers library (Wolf et al., 2020).
For a detailed ablation study on the choice of the
proposed hyperparameters (γth, α, r, t), please re-
fer to Appendix C.1.

• GPT-J: We designate layers 3–8 as the critical
layers for editing. We set the hyperparameter
λ = 15000 and perform 40 optimization steps
for the hidden representation calculation with
a learning rate of 0.5. The specific parameters
are set to γth = 0.7, α = 0.5, r = 0.4, and
t = 0.7.

• GPT2-XL: Layers 13–17 are selected as criti-
cal layers. We set λ = 20000 and execute 20
optimization steps with a learning rate of 0.5.
The parameters are configured as γth = 0.7,
α = 0.5, r = 0.5, and t = 0.5.

• Llama3-8b: We target layers 4–8. We set
λ = 15000 and perform 25 optimization steps
with a learning rate of 0.5. The parameters
are set to γth = 0.7, α = 0.5, r = 0.2, and
t = 0.4.

B Theoretical Analysis

In this section, we provide a rigorous theoretical
examination of our proposed method.

B.1 Relationship between Input
Representations and Gradient Space

Our method relies on constraining gradient up-
dates within the subspace spanned by input rep-
resentations stored in the gradient projection mem-
ory. Here, we formally prove that the gradient

38321



Algorithm 1 Algorithm for DipEdit

1: Input: The initial LLM model fθ0 , the edit dataset Dedit = {(st, rt, o∗t )}Tt=1, the loss function L, the
hyperparameters γth, α, η, the initial weight W0.

2: Output: The final LLM model after fθT after T edits.
3: Initialize: Gradient Projection MemoryM← ∅, Accumulated Importance λacc ← ∅, Projection

Importance λproj ← ∅.
4: for each edit (st, rt, o∗t ) ∈ Dedit, where t ∈ [1, T ] do
5: ∇WtLt ← SGD((st, rt, o

∗
t ),L)

6: ifM is not empty then
7: ∇WtLt ← project(∇WtLt,M)
8: end if
9: ∆target ← ∆target − η∇WtLt ▷ η denotes the learning rate.

10: W1 = W0 +∆target

11: Rt ← forward((st, rt),W1)
12: ifM is not empty then
13: R̂t ← R−Rt,M ▷ see Equation 6
14: Ût, Σ̂t ← SV D(R̂t)
15: kt ← criteria(R̂t, Rt, γth) ▷ see Inequality 8
16: k = M.shape[1] ▷ get the number of (old) basis inM after task t− 1
17: Ut,M ,Σt,M ← SV D(Rt,M )
18: C ←M⊤Ut,M

19: σt ← SingularV alueV ector(C,Σt,M , Σ̂t) ▷ see Equation 10
20: λacct ← f(σt), α ▷ Accumulated importance vector for tth task, see Equation 4
21: λacc ← AccumulateImportance(λacc,λacct , k) ▷ importance accumulation for the old k

basis, see Equation 11
22: λacc ← [λ⊤

acc,λacct [k : k + kt]
⊤]⊤ ▷ Accumulated importance vector update

23: λproj ← getProjectionImportance(λacc) ▷ get Projection Importance via Accumulated
Importance, see Equation 5

24: else
25: k1 ← criteria(Rt, γth) ▷ see Inequality 3
26: U1,Σ1 ← SV D(Rt)
27: σ1 ← Top− k1(Σ1)
28: λacc1 ← f(σ1, α)
29: λacc ← λacc1 ▷ Accumulated importance vector update
30: λproj ← getProjectionImportance(λacc)
31: end if
32: M← [M, Ut[0 : kt]] ▷ Basis matrix (GPM) update
33: end for
34: return the post-edit LLM model fθT

space is indeed a subset of the input representation
space.Consider a linear layer where the forward
propagation is defined as follows:

hl = σl(W
⊤
l hl−1 + bl), (20)

where hl−1 ∈ Rdin denotes the input vector, Wl ∈
Rdin×dout is the weight matrix, bl is the bias vector,
and σl represents the activation function. Let L
be the loss function. Applying the chain rule, the
gradient with respect to Wl is derived from the

outer product of the input and the back-propagation
error:

∂L
∂Wl

= hl−1(δl)
⊤, (21)

where δl =
∂L
∂hl
⊙ σ′

l ∈ Rdout is the error vector.
Equation 21 explicitly indicates that every col-

umn of the gradient matrix ∂L
∂Wl

is a scalar multiple
of the input vector hl−1. For a batch of input data
with a representation matrix R, the total gradient is
a linear combination of the columns of R. There-
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fore, the following inclusion holds:

span(∇Wl) ⊆ span(R), (22)

This justifies the rationale for performing Singular
Value Decomposition (SVD) on R. By identifying
the principal basis M of the input representations,
we fundamentally capture the subspace in which
the critical gradients reside.

B.2 Optimality of Basis Selection via the
Eckart-Yang Theorem

To effectively store historical knowledge, we must
compress the input representation matrix R into a
low-rank basis matrix M while minimizing infor-
mation loss. The theoretical justification for our se-
lection strategy rests on the Eckart-Young-Mirsky
theorem.

For any matrix A ∈ Rm×n with rank r∗, its
Singular Value Decomposition (SVD) is expressed
as:

A = UΣV ⊤, (23)

where U and V are orthogonal matrices contain-
ing the left and right singular vectors, respectively,
and Σ is a diagonal matrix containing the singular
values σ1 ≥ σ2 ≥ · · · ≥ σr∗ > 0.

Let Ak denote the rank-k approximation of A
(where k < r∗), constructed by retaining the top-k
singular values and their corresponding vectors:

Ak = UkΣkV
⊤
k =

k∑

i=1

σiuiv
⊤
i . (24)

The Eckart-Young theorem asserts that under the
Frobenius norm, Ak is the optimal rank-k approxi-
mation of A. Specifically, it solves the following
minimization problem:

min
rank(B)=k

∥A−B∥F

Furthermore, the minimum approximation error
is explicitly determined by the tail energy of the
singular values:

∥A−Ak∥F =

√√√√
r∗∑

i=k+1

σ2
i . (25)

Summary: Our selection criterion Equation 8
ensures that for a defined retained energy threshold
γth, the selected basis M captures the maximum
possible information regarding historical inputs.
This theoretically minimizes the “information loss”
induced by memory compression, thereby ensuring
that the projection constraints remain as accurate
as possible.

B.3 Analysis of the Gradient Projection
Mechanism

Let g = ∇WL denote the original gradient and
g̃ denote the updated gradient obtained via Equa-
tion 6. Let S = span(M) represent the subspace
spanned by the orthogonal basis vectors in M . By
decomposing the gradient into g = g∥+g⊥, where
g∥ ∈ S and g⊥ ⊥ S, we demonstrate that the pro-
jection mechanism guarantees the following prop-
erties:

1. The orthogonal component remains invariant:
g̃⊥ = g⊥.

2. The parallel component is scaled element-
wise by (1− λi): g̃∥ = M(I − Λ)M⊤g∥.

Proof: Based on Equation 6, the update rule is
defined as:

g̃ = g −MΛM⊤g = (I −MΛM⊤)g, (26)

where M ∈ Rd×k satisfies M⊤M = Ik (orthogo-
nality), and Λ = diag(λ1, . . . , λk). We analyze the
impact of this projection on the two components of
g separately.
(a) For the orthogonal component g⊥:

By definition, g⊥ lies in the orthogonal com-
plement of S, implying it is orthogonal to every
column vector in M . Therefore:

M⊤g⊥ = 0

Substituting g⊥ into the update rule yields:

g̃⊥ = g⊥ −MΛ(M⊤g⊥)

= g⊥ −MΛ(0)

= g⊥

Consequently, gradient components orthogonal to
the GPM basis remain unchanged.
(b) For the parallel component g∥:

Since g∥ ∈ S, g∥ lies strictly within the sub-
space spanned by M . By the property of orthogo-
nal projection operators, projecting g∥ back onto
this subspace results in the vector itself:

MM⊤g∥ = g∥

Substituting g∥ into the update rule defined in Equa-
tion 6:

g̃∥ = g∥ −MΛM⊤g∥
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Table 4: Performance of LLaMA3, GPT2-XL, and GPT-J under selected hyperparameter settings.

Model
Hyperparameters Performance Metrics
α γth r τ Score↑ Eff.↑ Gen.↑ Spe.↑ Flu.↑ Consis.↑

LLaMA3

0.5 0.7 0.3 0.7 88.05 98.75 91.28 76.98 623.59 30.35
0.5 0.7 0.4 0.7 87.85 98.75 91.15 76.61 623.10 30.36
0.5 0.7 0.2 0.6 87.82 98.85 91.52 76.24 620.81 30.38
0.5 0.7 0.2 0.5 87.36 99.20 92.28 74.49 618.99 30.12
0.5 0.7 0.2 0.4 87.35 98.95 93.02 74.12 621.35 30.59

GPT2-XL
0.5 0.7 0.5 0.5 85.82 99.70 94.38 69.78 605.32 39.49
0.5 0.7 0.2 0.5 85.48 99.50 94.50 69.14 602.34 39.47
0.5 0.7 0.5 0.7 85.79 99.60 94.12 69.90 610.82 40.19

GPT-J

0.5 0.7 0.5 0.5 90.39 99.80 96.18 78.30 618.59 40.72
0.5 0.7 0.5 0.7 90.37 99.80 95.98 78.38 619.32 40.99
0.5 0.7 0.3 0.7 90.36 99.80 96.25 78.17 618.93 41.00
0.5 0.7 0.4 0.7 90.43 99.85 96.05 78.43 619.77 41.11
0.5 0.7 0.4 0.6 90.35 99.85 96.15 78.20 619.34 40.84

Utilizing the property MM⊤g∥ = g∥ to replace
the first term, we obtain:

g̃∥ = MM⊤g∥ −MΛM⊤g∥

= (M −MΛ)M⊤g∥

= M(Ik − Λ)M⊤g∥

This formulation confirms that the gradient compo-
nent parallel to the memory subspace is scaled by
the factor (Ik − Λ).

C More Experimental Results

C.1 Hyperparameter Sensitivity Analysis and
Robustness Verification

Our proposed method relies on four key hyper-
parameters: the energy threshold γth, the scaling
factor α, the core basis ratio r, and the minimum
scaling lower bound τ . Given the vast combinato-
rial space and the dependency of optimal settings
on model architecture and task characteristics, we
adopted a heuristic tuning strategy rather than an
exhaustive search. The performance of partial pa-
rameters for GPT-J, LLaMA3, and GPT2-XL is
shown in Table 4. In this section, we provide quali-
tative selection guidelines based on the functional
role of each parameter, followed by a rigorous as-
sessment of the method’s "Plug-and-Play" capabil-
ity to demonstrate its robustness against parameter
variations.

C.1.1 Qualitative Analysis and Selection
Guidelines

Threshold γth: This parameter determines the
energy retention rate of the SVD, directly dictating
the size of the gradient projection memory M . A
higher γth incorporates more basis vectors, offer-
ing stronger protection against catastrophic forget-
ting; however, it may also introduce noise and over-
constrain the model parameters. If the edited model
exhibits low efficacy or generalization, we recom-
mend lowering γth to discard less informative basis
vectors. Conversely, if specificity is insufficient, in-
creasing γth can enforce stricter constraints.

Ratio r: This parameter controls the proportion
of core basis vectors that receive full protection.
A high r value causes the method to approximate
hard orthogonal projection. A decline in general-
ization suggests the feasible parameter space is too
restricted; in such cases, reducing r is the most
effective remedy, as it permits scaled updates along
a broader range of directions.

Minimum Scaling Lower Bound τ : This pa-
rameter sets the floor for projection weights applied
to non-core basis vectors. A lower τ allows for
larger gradient updates along these basis directions.
If the model suffers from significant forgetting, in-
creasing τ ensures that even lower-ranked historical
knowledge is adequately preserved.

Scaling Factor α: This parameter adjusts the
curvature of the cumulative importance distribution.
Empirically, our method is relatively robust to α,
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Figure 7: (a) The box plot illustrates the score distribution of DipEdit across 28 random hyperparameter configura-
tions (r, τ ∈ [0.1, 0.9]). The red dashed line denotes the optimal score of the strongest baseline, AlphaEdit. Notably,
even the worst-performing configuration of DipEdit significantly outperforms the optimally tuned baseline. The gray
shaded area (0.2%) denotes the concentration of the performance distribution. (b) Parameter sensitivity heatmap for
Retention Ratio (r) and Scaling Floor (τ ). White cells represent untested configurations; all colored cells (tested
points) achieve a Comprehensive Score surpassing 85.0, consistently exceeding the baseline score (83.90).

which primarily serves to normalize the scale of
singular values.

Recommended Configuration. In our experi-
ments, we prioritized generalization while main-
taining competitive retention capabilities. We ob-
served that setting α = 0.5 and γth = 0.7 con-
sistently yields robust performance. However, we
suggest fine-tuning r and τ according to the spe-
cific model architecture to achieve optimal results.

C.1.2 Plug-and-Play Capability and Stability
Assessment

To address potential concerns regarding the
model’s sensitivity to hyperparameter fine-tuning
in continuous knowledge editing tasks, we rigor-
ously evaluated the "Plug-and-Play" capability of
DipEdit. Given that γth and α have demonstrated
strong robustness across different architectures, we
fixed these parameters for this experiment and fo-
cused our sensitivity analysis on the two critical
hyperparameters: the core basis ratio r and the scal-
ing lower bound τ . We performed a grid search
on the GPT2-XL model, using stratified sampling
to select 28 representative parameter combinations
covering the [0.1, 0.9] interval. The experimental
results, illustrated in Figure 7, yield the following
conclusions:

Wide Safe Operating Zone. As shown in Fig-
ure 7 (a), the composite scores of all parameter

configurations tested in our grid search significantly
outperform the optimal baseline of AlphaEdit,
which underwent full parameter tuning. Even in
the worst-case configuration, DipEdit achieved a
high score of 85.36, realizing a 1.46% performance
advantage over the baseline. This indicates that Di-
pEdit possesses an exceptionally high performance
floor and is resilient to parameter fluctuations.

Superiority without Fine-tuning. As depicted
in Figure 7 (b), the performance surface of Di-
pEdit exhibits smooth and continuous character-
istics, void of steep performance cliffs. This im-
plies that while theoretical optimal configurations
may vary slightly across architectures, a generic
balanced setting can achieve performance far ex-
ceeding existing methods. Unless pursuing ex-
treme marginal gains, DipEdit requires no complex
heuristic search. This result strongly validates Di-
pEdit’s reliable plug-and-play capability in practi-
cal applications, greatly reducing deployment com-
plexity.

C.2 Comparison with Parameter-Preserving
Methods

Although DipEdit is fundamentally a parameter-
modifying approach, we benchmark it against lead-
ing memory-based editing methods to provide a
comprehensive performance assessment. Specifi-
cally, we selected SERAC (Mitchell et al., 2022b),
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Table 5: Comparison of DipEdit with existing methods on the sequential model editing task. Score, Eff., Gen., Spe., Flu.
and Consis. denote Score, Efficacy, Generalization, Specificity, Fluency and Consistency, respectively. The best results are
highlighted in bold, while the second-best results are underlined.

Method Model
Counterfact ZsRE

Score↑ Eff.↑ Gen.↑ Spe.↑ Flu.↑ Consis.↑ Eff.↑ Gen.↑ Spe.↑

Pre-edited

L
la

m
a3

12.87 7.85 10.58 89.48 635.23 24.14 36.99 36.34 31.89

SERAC 66.12 71.21 61.05 66.90 615.72 20.77 67.75 33.96 22.17
GRACE 67.98 96.72 50.14 72.23 620.43 23.79 93.58 1.03 31.86
MELO 62.28 65.29 58.58 63.36 608.98 22.18 25.18 24.14 30.36
DipEdit 87.35 98.95 93.05 74.12 621.35 30.59 94.80 91.65 32.76

Pre-edited

G
PT

2-
X

L

30.36 22.23 24.34 78.53 626.64 31.88 22.19 31.30 24.15

SERAC 64.32 72.25 58.18 64.06 595.35 27.35 92.17 36.57 20.67
GRACE 68.23 98.88 50.05 72.07 620.21 28.53 94.33 1.59 27.63
MELO 62.21 72.62 53.63 63.25 588.57 23.58 93.54 45.25 23.45
DipEdit 85.82 99.70 94.38 69.78 605.32 39.49 95.80 88.06 27.06

Pre-edited

G
PT

-J

23.52 16.22 18.56 83.11 621.81 29.74 26.32 25.79 27.42

SERAC 68.49 82.28 58.31 68.98 615.92 28.65 92.37 38.21 25.17
GRACE 68.56 96.50 50.10 74.42 620.56 31.55 96.54 0.40 24.78
RELO 67.77 78.29 60.52 66.80 610.82 24.31 82.24 32.88 26.65

DipEdit 90.43 99.85 96.05 78.43 619.77 41.11 99.68 96.44 28.35

Table 6: Comparison of DipEdit with existing methods on the sequential model editing task. Score, Eff., Gen., Spe., Flu.
and Consis. denote Score, Efficacy, Generalization, Specificity, Fluency and Consistency, respectively. The best results are
highlighted in bold, while the second-best results are underlined.

Method Model
Counterfact ZsRE

Score↑ Eff.↑ Gen.↑ Spe.↑ Flu.↑ Consis.↑ Eff.↑ Gen.↑ Spe.↑

MEMIT

ph
i-

1.
5

46.97 55.71 56.58 35.41 368.57 19.79 54.41 52.47 20.98
RECT 49.87 58.19 58.92 38.46 362.94 19.88 55.15 53.64 18.58

AlphaEdit 60.11 70.79 65.12 48.96 399.47 25.98 70.02 63.19 20.69
DipEdit 81.93 97.90 86.05 67.66 636.23 34.80 95.76 85.76 22.93

MEMIT

qw
en

2.
5 61.71 68.60 66.18 52.84 193.12 7.78 24.75 23.80 11.91

RECT 67.86 77.05 73.75 56.60 502.28 8.81 58.43 56.14 27.73
AlphaEdit 76.07 90.87 84.33 60.33 570.76 31.36 87.08 82.89 33.58
DipEdit 82.57 97.61 94.84 64.34 606.73 36.38 90.86 86.84 34.84

GRACE (Hartvigsen et al., 2023), and MELO (Yu
et al., 2024) as representative baselines. The com-
parative results are presented in Table 5, from
which we derive the following conclusions:

First, DipEdit exhibits superior generalization
capabilities compared to memory-based alterna-
tives. While baselines like GRACE achieve
high efficacy, they struggle with semantic vari-
ations—dropping to 1.03% generalization on
Llama3 (ZsRE)—whereas DipEdit maintains ro-
bust performance (>91%), indicating effective se-
mantic learning rather than rote memorization. Sec-
ond, regarding generation quality, DipEdit achieves
the highest consistency scores across all architec-

tures. However, we acknowledge that memory-
based methods occasionally retain a marginal ad-
vantage in Specificity and Fluency. This is at-
tributed to their non-destructive nature, where orig-
inal parameters remain frozen to strictly preserve
pre-existing behaviors. In contrast, DipEdit modi-
fies model weights to intrinsically integrate knowl-
edge; while this incurs a slight trade-off in strict
locality, it yields a substantially more favorable
balance between plasticity and generalization.

C.3 Evaluation on Qwen2.5 and Phi-1.5

To broaden the scope of our evaluation and verify
architectural generalization, we conducted supple-
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Figure 8: F1 scores of the LLaMA3 (8B) model after editing across six general capability benchmarks (i.e., SST,
MRPC, CoLA, RTE, MMLU, and NLI).

Edit Count # Bases Mem. (KB) Time (s)

1 1 6.26 5.40
10 10 62.58 53.96
100 98 613.27 539.97
500 366 2290.36 3543.05

1000 494 3091.36 6460.09
1500 565 3535.66 10652.61
2000 625 3911.13 15062.02

Table 7: Efficiency analysis of DipEdit on GPT2-XL.
We report the number of stored bases (# Bases), the
memory overhead (Mem.), and the total editing duration
(Time) across different edit counts.

mentary experiments on the Qwen2.5 (Qwen et al.,
2025) and Phi-1.5 (Li et al., 2023) models. The de-
tailed empirical results are summarized in Table 6.

These results demonstrate that DipEdit consis-
tently outperforms baseline methods across all met-
rics on both the CounterFact and ZsRE datasets.
We attribute this superior performance to the pro-
posed scalable gradient projection mechanism. By
effectively mitigating the trade-off between stabil-
ity and plasticity, this mechanism not only rigor-
ously preserves previously edited knowledge but
also retains sufficient parameter space for subse-
quent updates, thereby simultaneously enhancing
model specificity and generalization. Notably, the
most substantial performance gain is observed on
the Phi-1.5 model, which achieves an improvement

of approximately 36%. This highlights the adapt-
ability of our approach to smaller, more parameter-
efficient architectures. Collectively, these findings
confirm the robustness of DipEdit across diverse
LLM architectures and its capability to deliver high-
quality continuous knowledge editing.

C.4 General Capability Tests

To further explore the upper limits of model stabil-
ity and verify the long-term impact of continuous
editing, we extended the evaluation scope from the
initial 3,000 steps to a more challenging 5,000 se-
quential edits, with the results illustrated in Figure
8.

Overall, DipEdit and AlphaEdit are the only
methods capable of withstanding this extended
threshold without suffering from model collapse.
Notably, DipEdit exhibits a significant advantage
in linguistic stability and semantic preservation.
On the CoLA dataset, for instance, DipEdit main-
tains a high accuracy of 75.31% after 5,000 edits,
substantially outperforming AlphaEdit (64.30%).
This indicates that DipEdit better preserves fun-
damental grammatical knowledge and linguistic
“naturalness” during extensive parameter updates.

However, we observe a performance trade-off
in specific reasoning-centric subtasks. While Di-
pEdit maintains performance levels consistent with
the original model baseline on MRPC and RTE,
AlphaEdit achieves higher absolute scores in the
later stages of the experiment. This result suggests
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Table 8: Ablation study on GPT2-XL modules. "Multi", "Dual", and "Proj" denote multi-template input, dual
importance, and the projection mechanism, respectively.

Multi Dual Proj
Counterfact ZsRE

Score↑ Eff.↑ Gen.↑ Spe.↑ Eff.↑ Gen.↑ Spe.↑
➀ ✗ ✗ ✗ 83.90 99.50 93.95 66.39 94.81 86.11 25.88
➁ ✓ ✗ ✗ 83.92 99.25 95.18 65.93 93.49 86.76 25.86
➂ ✗ ✗ ✓ 85.40 99.65 92.45 70.04 95.32 83.51 27.06
➃ ✓ ✗ ✓ 85.51 99.55 93.04 69.97 95.47 86.48 26.99
➄ ✗ ✓ ✓ 85.59 99.75 93.58 69.74 94.79 86.96 27.01
➅ ✓ ✓ ✓ 85.82 99.70 94.38 69.78 95.80 88.06 27.06

that the parameter shift induced by AlphaEdit may
inadvertently enhance performance on certain clas-
sification tasks, while DipEdit prioritizes fidelity to
the original data distribution.

C.5 Efficiency Analysis

Memory Overhead. To protect edited knowledge,
our method caches basis vectors during the edit-
ing process, incurring additional memory overhead
computed as (number of basis vectors × hidden
dimension × 4)/1024 KB. As shown in Table 7,
editing 2000 facts in GPT2-XL (hidden dimension
1600) requires only 3911.13 KB ≈ 3.82 MB of ex-
tra memory. According to Equation 8 and Figure
3, editing a single fact adds at most one basis—or
even none. Consequently, even for the largest mod-
els, such as GPT-J and LLaMA3, the maximum
overhead for 2000 basis vectors is only 4096 ×
2000× 4÷ 1024 = 32000 KB≈ 31.25 MB, which
is negligible in typical tens-of-GB GPU memory
environments.
Editing Efficiency. As shown in Table 7, the av-
erage time to edit one fact in GPT2-XL is only
7.5 seconds.Although larger hidden dimensions in-
crease gradient computation complexity and thus
per-edit time in bigger models. Nonetheless, the
approach remains practical for real-world applica-
tions.

C.6 Module Ablation Study

To rigorously evaluate the contribution of each com-
ponent and verify that the performance improve-
ment primarily stems from the proposed Dual Im-
portance Scaled Gradient Projection mechanism
rather than data augmentation (i.e., the Improved
Template Context Mechanism), we conducted a
series of component-level ablation studies on the
GPT2-XL model. The results are presented in Ta-

ble 8.

Dominant Role of the Core Algorithm: One of
the primary objectives of this section is to decou-
ple the effects of the dual importance projection
mechanism from prompt engineering. Comparing
Row ➁ (Improved Template Context only) with
Row ➄ (Dual Importance mechanism only), we
observe that while multi-template inputs signifi-
cantly enhance generalization relative to Baseline
➀ by providing diverse inputs to improve robust-
ness for edited knowledge, they offer no protection
for previously edited facts. Consequently, the im-
provement in comprehensive performance is min-
imal. In contrast, employing the dual importance
mechanism to protect edited knowledge results in
a significant boost in comprehensive performance.
This confirms that the substantial performance leap
is driven by the algorithmic innovation of DipEdit,
with prompt augmentation serving only an auxil-
iary role.

Dual Importance Mechanism Independently Re-
stores Generalization: While the projection
mechanism is crucial for task specificity, strict or-
thogonal projection (as shown in Row ➂) severely
constrains gradient expressiveness, causing gener-
alization to drop from the baseline’s 93.95 to 92.45.
However, even without the multi-template strategy,
merely adding the dual importance mechanism (as
shown in Row ➄) restores generalization to 93.58,
with only a minor decrease in specificity. This val-
idates our theoretical hypothesis that this "soft"
scaled constraint successfully balances model plas-
ticity and stability. Although it does not fully sur-
pass the baseline of 93.95 because even scaled pro-
jection imposes some gradient constraints, further
integrating the multi-template strategy (as shown
in Row ➅) elevates generalization to optimal lev-
els. Nevertheless, the fundamental performance
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Figure 9: (a)Schematic illustration of the three importance decay strategies: Linear, Exponential, and Sigmoid. (b)
Performance comparison of Linear, Exponential, and Sigmoid decay functions across 14 diverse hyperparameter
configurations. The x-axis represents different combinations of (Retention Ratio r, Scaling Floor τ ).

capability is determined by the dual importance
mechanism itself.
Summary: The multi-template mechanism pro-
vides a robust enhancement to model performance,
while the dual importance mechanism successfully
balances plasticity and stability. However, DipEdit
achieves SOTA performance primarily due to its
innovative gradient scaling strategy, with template
augmentation acting merely as an auxiliary opti-
mization measure.

C.7 Robustness to Decay Function Shapes

While singular value distributions typically exhibit
heavy-tailed characteristics (as shown in Figure
3), we posit that the efficacy of DipEdit stems pri-
marily from the dual-importance mechanism itself
rather than fitting a specific spectral shape. To
validate this and address concerns regarding the
heuristic nature of the linear decay strategy, we
compared three distinct decay functions for projec-
tion importance (λproj): (1) Linear Decay (Ours);
(2) Exponential Decay, mimicking the theoretical
distribution of singular values; and (3) Sigmoid
Decay.We conducted experiments across 14 repre-
sentative hyperparameter configurations of (r, τ).
As illustrated in Figure 9, the results demonstrate:

Performance Consistency: The three decay
functions show no statistically significant differ-
ence across all tested configurations. The aver-
age comprehensive score for the linear strategy
(85.95%) differs from Sigmoid (85.98%) and Ex-
ponential (85.90%) strategies by less than 0.1%.

Robustness across Hyperparameters:
Whether under conservative (e.g., r = 0.9) or
aggressive (e.g., τ = 0.1) settings, the linear
decay consistently tracks the performance of

the theoretically more complex exponential
decay.These findings confirm the high robustness
of DipEdit. Following the Principle of Parsimony,
we select the linear decay strategy to avoid intro-
ducing additional shape-controlling parameters
(e.g., decay rates or inflection points), thereby
minimizing tuning complexity and overfitting risks
while maintaining optimal performance.

D Dataset Visualizations

In this section, we present comprehensive visual-
izations of the datasets utilized in our experiments
to elucidate the paradigm of knowledge editing
for readers unfamiliar with the task. We first pro-
vide illustrative examples sampled from the stan-
dard CounterFact and ZsRE benchmarks. Subse-
quently, we detail the construction criteria for the
City and Language datasets, which were curated
specifically to evaluate model robustness in homo-
geneous sequential editing scenarios. Correspond-
ing visualizations of these domain-specific subsets
are also provided to demonstrate their structural
consistency.

D.1 CounterFact Visualization

Representative samples from the CounterFact
dataset are shown in Figure 10. These examples
illustrate the standard edit request format alongside
paraphrase, neighborhood, attribute, and genera-
tion prompts used for comprehensive evaluation.

D.2 ZsRE Visualization

Figure 11 presents illustrative examples from the
ZsRE dataset. This visualization highlights the
question-answering format employed for zero-shot
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{
    "case_id": 0,
    "pararel_idx": 2796,
    "requested_rewrite": {
        "prompt": "The mother tongue of {} is",
        "relation_id": "P103",
        "target_new": {
            "str": "English",
            "id": "Q1860"
        },
        "target_true": {
            "str": "French",
            "id": "Q150"
        },
        "subject": "Danielle Darrieux"
    },
    "paraphrase_prompts": [
        "Shayna does this and Yossel goes still and dies. Danielle Darrieux, a native",
        "An album was recorded for Capitol Nashville but never released. Danielle Darrieux spoke the language"
    ],
    "neighborhood_prompts": [
        "The mother tongue of Léon Blum is",
        "The native language of Montesquieu is",
        "François Bayrou, a native",
        "The native language of Raymond Barre is",
        "Michel Rocard is a native speaker of",
        "Jacques Chaban-Delmas is a native speaker of",
        "The native language of François Bayrou is",
        "Maurice Genevoix, speaker of",
        "The mother tongue of François Bayrou is",
        "Melchior de Vogüé, speaker of"
    ],
    "attribute_prompts": [
        "J. R. R. Tolkien is a native speaker of",
        "The mother tongue of Douglas Adams is",
        "The mother tongue of Paul McCartney is",
        "Elvis Presley is a native speaker of",
        "Barack Obama, speaker of",
        "Douglas Adams, speaker of",
        "Meryl Streep, a native",
        "George Orwell spoke the language",
        "George Washington, a native",
        "Michael Jackson, a native"
    ],
    "generation_prompts": [
        "Danielle Darrieux's mother tongue is",
        "Where Danielle Darrieux is from, people speak the language of",
        "Danielle Darrieux's mother tongue is",
        "Danielle Darrieux was born in",
        "Danielle Darrieux's mother tongue is",
        "Danielle Darrieux's mother tongue is",
        "Danielle Darrieux was born in",
        "Where Danielle Darrieux is from, people speak the language of",
        "Danielle Darrieux was born in",
        "Danielle Darrieux was born in"
    ]
}

Figure 10: A Samples of the CounterFact dataset.

relation extraction tasks, including the subject,
prompt, and target answers.

D.3 Homogeneous Fact Datasets:
Construction and Visualization

The City and Language datasets were derived from
the CounterFact benchmark. To construct robust
homogeneous datasets for sequential editing evalu-
ation, we aimed for a scale of approximately 2,000

edits per category. However, we observed that the
sample volume for individual relation IDs within
CounterFact was insufficient to meet this threshold.

To address this limitation, we aggregated sam-
ples from semantically aligned relations that share
similar factual attributes. Specifically:

• City Dataset: Aggregates facts involving
location-associated relations, including P140
(religion/location), P17 (country), and P495
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[
    {
        "subject": "Watts Humphrey",
        "src": "What university did Watts Humphrey attend?",
        "pred": "Trinity College",
        "rephrase": "What university did Watts Humphrey take part in?",
        "alt": "University of Michigan",
        "answers": [
            "Illinois Institute of Technology"
        ],
        "loc": "nq question: who played desmond doss father in hacksaw ridge",
        "loc_ans": "Hugo Weaving",
        "cond": "Trinity College >> University of Michigan || What university did Watts Humphrey attend?"
    },
    {
        "subject": "Ramalinaceae",
        "src": "Which family does Ramalinaceae belong to?",
        "pred": "Ramalinales",
        "rephrase": "What family are Ramalinaceae?",
        "alt": "Lamiinae",
        "answers": [
            "Lecanorales"
        ],
        "loc": "nq question: types of skiing in the winter olympics 2018",
        "loc_ans": "Downhill",
        "cond": "Ramalinales >> Lamiinae || Which family does Ramalinaceae belong to?"
    },
    {
        "subject": "Denny Herzig",
        "src": "What role does Denny Herzig play in football?",
        "pred": "midfielder",
        "rephrase": "What's Denny Herzig's role in football?",
        "alt": "winger",
        "answers": [
            "defender"
        ],
        "loc": "nq question: where does aarp fall on the political spectrum",
        "loc_ans": "non-partisan",
        "cond": "midfielder >> winger || What role does Denny Herzig play in football?"
    },
    {
        "subject": "Call the Doctor",
        "src": "What artist created Call the Doctor?",
        "pred": "Riders in the Sky",
        "rephrase": "Which artist created Call the Doctor?",
        "alt": "The X-Files",
        "answers": [
            "Sleater-Kinney"
        ],
        "loc": "nq question: who sang nice day for a white wedding",
        "loc_ans": "Billy Idol",
        "cond": "Riders in the Sky >> The X-Files || What artist created Call the Doctor?"
    }
]

Figure 11: A Samples of the ZsRE dataset.

(country of origin).

• Language Dataset: Combines linguistic-
related relations, including P103 (native lan-
guage), P364 (original language of work), and
P1412 (languages spoken, written, or signed).

Data instances were extracted sequentially from
the original CounterFact corpus based on these re-
lation identifiers. This process yielded a final com-
pilation of 2,584 entries for the Language dataset

and 2,195 entries for the City dataset. Examples
are shown in Figures 12 and 13.
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[
    {
        "case_id": 1,
        "pararel_idx": 19501,
        "requested_rewrite": {
            "prompt": "The official religion of {} is",
            "relation_id": "P140",
            "target_new": {
                "str": "Islam",
                "id": "Q432"
            },
            "target_true": {
                "str": "Christianity",
                "id": "Q5043"
            },
            "subject": "Edwin of Northumbria"
        },
        "...": "< ... Paraphrase, Neighborhood, Attribute prompts omitted ... >"
    },
    {
        "case_id": 2,
        "pararel_idx": 6791,
        "requested_rewrite": {
            "prompt": "{}, which is located in",
            "relation_id": "P17",
            "target_new": {
                "str": "Sweden",
                "id": "Q34"
            },
            "target_true": {
                "str": "Spain",
                "id": "Q29"
            },
            "subject": "Autonomous University of Madrid"
        },
        "...": "< ... Paraphrase, Neighborhood, Attribute prompts omitted ... >"
    },
    {
        "case_id": 3,
        "pararel_idx": 10743,
        "requested_rewrite": {
            "prompt": "{}, created in",
            "relation_id": "P495",
            "target_new": {
                "str": "Sweden",
                "id": "Q34"
            },
            "target_true": {
                "str": "India",
                "id": "Q668"
            },
            "subject": "Shree Pundalik"
        },
        "...": "< ... Paraphrase, Neighborhood, Attribute prompts omitted ... >"
    }
]

Figure 12: A Samples of the City dataset.
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[
    {
        "case_id": 1,
        "pararel_idx": 2796,
        "requested_rewrite": {
            "prompt": "The mother tongue of {} is",
            "relation_id": "P103",
            "target_new": {
                "str": "English",
                "id": "Q1860"
            },
            "target_true": {
                "str": "French",
                "id": "Q150"
            },
            "subject": "Danielle Darrieux"
        },
        "...": "< ... Paraphrase, Neighborhood, Attribute prompts omitted ... >"
    },
    {
        "case_id": 5,
        "pararel_idx": 9913,
        "requested_rewrite": {
            "prompt": "The original language of {} was",
            "relation_id": "P364",
            "target_new": {
                "str": "Tamil",
                "id": "Q5885"
            },
            "target_true": {
                "str": "Icelandic",
                "id": "Q294"
            },
            "subject": "The Icelandic Dream"
        },
        "...": "< ... Paraphrase, Neighborhood, Attribute prompts omitted ... >"
    },
    {
        "case_id": 8,
        "pararel_idx": 18404,
        "requested_rewrite": {
            "prompt": "The language used by {} is",
            "relation_id": "P1412",
            "target_new": {
                "str": "Italian",
                "id": "Q652"
            },
            "target_true": {
                "str": "Hebrew",
                "id": "Q9288"
            },
            "subject": "Gilad Atzmon"
        },
        "...": "< ... Paraphrase, Neighborhood, Attribute prompts omitted ... >"
    }
]

Figure 13: A Samples of the Language dataset.
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