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Abstract

Large language models (LLMs) encode vast
amounts of knowledge in their parameters, but
these facts often require precise post-training
rectification as they become outdated or incor-
rect over time. Traditional batch editing meth-
ods typically apply a uniform update strength
across all instances. However, this uniform
approach ignores the inherent variation in edit-
ing difficulty, leading to a fundamental trade-
off between correction success and model sta-
bility. To overcome this limitation, we intro-
duce AdaPE (Adaptive Pressure Editing), a
parameter-free adaptive editing framework that
dynamically adjusts the update behavior for
each specific instance. Specifically, we derive a
closed-form adaptive update rate based on the
ratio of residual energy to spatial sensitivity,
which strictly quantifies the intrinsic injection
difficulty. This formulation adaptively limits
the update strength for difficult facts to preserve
model locality, while ensuring sufficient knowl-
edge injection for easier ones. Extensive exper-
iments on three benchmarks and two prominent
LLMs demonstrate the superiority of our ap-
proach in consistently circumventing the fixed-
strength bottleneck, achieving a new state-of-
the-art balance between editing efficacy and
model integrity. Our code is available at https:
//github.com/skyandkibo/adape.

1 Introduction

Large Language Models (LLMs) encode vast
amounts of knowledge and are widely used in
knowledge-intensive NLP tasks (Touvron et al.,
2023; Kamalloo et al., 2023; Lai and Nissim, 2024;
Chen, 2023). However, as real-world knowledge
evolves, fully retraining a model to reflect new
facts is often prohibitively expensive. Knowledge
editing (KE) offers a more efficient alternative by
updating targeted knowledge in a trained model

*Equal contribution.
†Corresponding author.

Figure 1: Illustration of batch knowledge editing in
LLMs.

without full retraining, while preserving unrelated
behaviors (Wang et al., 2024c; Li et al., 2024; Tan
et al., 2024). Existing KE methods can be broadly
grouped into two categories: parametric editing
methods, which directly modify a small subset of
model parameters, and parameter-preserving meth-
ods, which integrate external modules without al-
tering the original backbone parameters. Among
parametric editing methods, locate-and-edit has
emerged as a representative paradigm, including
methods such as ROME (Meng et al., 2022) and
MEMIT (Meng et al., 2023), due to its efficiency in
direct model updating. In practice, knowledge up-
dates often arrive in batches rather than as isolated
facts, as illustrated in Fig. 1. However, existing
locate-and-edit methods typically use a single fixed
editing strength α for all requests in a batch (Meng
et al., 2023; Park et al., 2025; Fang et al., 2025),
which conflicts with the heterogeneous nature of
real-world knowledge updates.

To characterize this heterogeneity, we introduce
the notion of editing pressure Pi, a representation-
derived metric that will later be formalized as a
normalized ratio between residual energy and key-
space sensitivity. For the empirical analysis in
Fig. 2(a), we partition edit requests into ten equal-
frequency bins according to Pi, ensuring compara-
ble sample sizes across pressure regimes. Similar
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Figure 2: Editing performance under different edit-
ing pressures on Llama3-8B-Instruct over CounterFact
(MLP layers 4–8). (a) Grid search over fixed α across
pressure bins. Colors show column-wise Z-score nor-
malization, while numbers denote absolute scores; black
boxes mark the best-performing fixed α in each bin. (b)
Qualitative examples under the fixed-α setting.

to standard batch knowledge editing benchmarks
MEMIT, we evaluate update quality using a com-
posite F1-score that harmonically balances editing
efficacy and locality preservation. As shown in
Fig. 2(a), the best-performing fixed editing strength
varies across pressure bins rather than remaining
constant. This observation highlights the central
motivation of our work. Different edit requests re-
quire different α values, and therefore no single
global editing strength can adequately serve a het-
erogeneous batch. Fig. 2(b) provides qualitative
examples of this mismatch under the fixed-α set-
ting. Together, these observations suggest that the
appropriate editing strength should be determined
at the instance level, rather than being imposed
uniformly across the entire batch.

Motivated by this observation, we propose
AdaPE (Adaptive Pressure Editing), a dynamic
framework for batch knowledge editing that assigns
instance-specific editing strengths according to the

relative pressure of each request. Instead of enforc-
ing a single uniform intervention across a heteroge-
neous batch, AdaPE derives a pressure-aware up-
date allocation mechanism and integrates it seam-
lessly into the batch editing solver. In this way,
AdaPE assigns more appropriate update strengths
to heterogeneous edit requests, thereby achieving a
better balance between editing efficacy and locality
preservation. Through this adaptive editing strat-
egy, AdaPE enables batch knowledge updates to
be performed in a more precise and robust manner.
Our contributions as follows:

• We analyze a key limitation of batch knowl-
edge editing. Heterogeneous edit requests
require different editing strengths, making a
fixed α inherently suboptimal for a batch.

• We introduce the editing pressure Pi as a
representation-derived measure for each edit
request, and propose AdaPE, an adaptive
batch editing framework that assigns instance-
specific editing strengths according to Pi for
more fine-grained model updates.

• Extensive experiments across multiple bench-
marks and LLMs show that AdaPE consis-
tently outperforms fixed-strength baselines,
achieving better overall editing performance
while preserving strong locality and fluency.

2 Preliminaries

2.1 Knowledge Editing Objective

Following the locate-and-edit paradigm, we formu-
late batch knowledge editing as a weighted con-
strained least-squares problem. For a batch of Nt

target edit requests {(kit,mi
t)}Nt

i=1, the goal is to
find an updated weight matrix Ŵ that minimizes

min
Ŵ

⎛
⎜⎝

∑︂Nt

i=1
αi∥Ŵkit −mi

t∥2

+
∑︂Np

j=1
∥Ŵkjp −mj

p∥2

⎞
⎟⎠ , (1)

where αi denotes the editing strength assigned to
the i-th edit request. Standard locate-and-edit meth-
ods such as MEMIT correspond to the uniform case
αi = 1 for all i ∈ {1, . . . , Nt}. The second term
represents the stability constraint on Np preserved
facts, ensuring that the updated weight matrix Ŵ
(typically the Wout of an MLP) retains pre-existing
knowledge and prevents catastrophic forgetting.
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2.2 Closed-Form Solution for Batch Editing

Let W0 denote the original weight matrix and de-
fine the parameter perturbation as ∆W ≜ Ŵ−W0.
By stacking the target keys and memory vec-
tors into matrices Kt and Mt, the corresponding
residual matrix can be written as R = Mt −
W0Kt. Defining the diagonal editing-strength ma-
trix A = diag(α1, . . . , αNt), the weighted opti-
mization problem in Equation 1 admits the follow-
ing closed-form solution:

∆W = RAKT
t (Cp +KtAKT

t )
−1, (2)

where R = [r1t | . . . | rNt
t ] is the batch residual

matrix. The covariance matrix Cp is typically
formulated as Cp = λΣ, where Σ = Ekp [kpk

T
p ]

represents the unscaled covariance of pre-existing
knowledge and λ is a global stability coefficient
that scales the preservation covariance. Standard
methods such as MEMIT can be viewed as the spe-
cial case with uniform editing strength, i.e., A = I ,
together with a fixed global coefficient λ (e.g.,
λ = 15000 for Llama models). A detailed deriva-
tion of this solution is provided in Appendix A.

3 Methodology

An overview of AdaPE is shown in Fig. 3. Starting
from the limitations of fixed-strength editing, our
method derives editing pressure from edit density
and uses it to determine an adaptive update rule
and the final parameter-free batch solver.

3.1 Motivation

While Equation 2 provides a general framework,
existing solvers suffer from the rigidity of the uni-
form editing-strength assumption. To analyze the
update behavior at the instance level, we examine
the case of a single edit request (Nt = 1) to iso-
late the intrinsic interaction between the residual
and the parameter space. Under this condition, we
define the Effective Update Rate ρi ∈ [0, 1) as the
fraction of the initial residual rit absorbed by the
update, which quantifies the injection efficiency for
a specific fact. This rate can be written as

ρi ≜
∥∆Wik

i
t∥

∥rit∥
=

αi
λ S̃i

1 + αi
λ S̃i

, (3)

where S̃i ≜ (kit)
TΣ−1kit denotes the spatial sen-

sitivity of the key direction (detailed derivation in
Appendix B).

To understand how the fixed-strength formula-
tion affects different facts, we must mathematically
evaluate two critical metrics determined by ρi. The
first metric is the remaining absolute error Ei

rem,
which governs editing efficacy. The second metric
is the required parameter perturbation measured un-
der the knowledge covariance Cp, which governs
model locality. Based on the analytical solution,
these two metrics are strictly derived as (proof in
Appendix C):

Ei
rem = (1− ρi)∥rit∥, (4)

∥∆Wi∥Cp = ρi
√
λ
∥rit∥√︁
S̃i

. (5)

Intuitively, a smaller Ei
rem indicates better target

injection, whereas a smaller ∥∆Wi∥Cp indicates
better preservation of model locality.

Equations 3 through 5 provide the mathematical
evidence for the fundamental dilemma of the uni-
form setting (αi = 1). Under the uniform setting
together with a fixed global λ, ρi is determined
solely by S̃i and remains completely blind to the
residual magnitude ∥rit∥. Consider a challenging
fact with a massive initial residual ∥rit∥. Under the
fixed αi = 1, Equation 4 shows that the constrained
update rate ρi leaves behind a substantial absolute
error Ei

rem, leading directly to an injection failure.
Conversely, if one attempts to rectify this failure by
globally increasing the editing strength (i.e., forc-
ing a higher ρi via αi), Equation 5 demonstrates
that the perturbation norm ∥∆Wi∥Cp will scale
linearly with the massive ∥rit∥. Existing solvers
fail to balance these two extremes because locking
αi = 1 deprives the model of the degree of freedom
required to adaptively modulate ρi according to the
coupled interaction between residual magnitude
and spatial sensitivity.

3.2 Scale-Invariant Adaptive Objective
The standard batch formulation relies on a uniform
editing strength together with a fixed global sta-
bility coefficient, which prevents the solver from
adapting the update allocation to the pressure of
each edit request. As shown in Section 3.1, this
leads to a fundamental dilemma between efficacy
and locality at the instance level. Directly optimiz-
ing a dynamic diagonal matrix A within the batch
formulation is mathematically intractable due to
the non-linear coupling in (Cp +KtAKT

t )
−1. We

therefore adopt a decoupling strategy: we first ana-
lyze a single edit request (kit, r

i
t) to derive an intrin-
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Figure 3: Overview of AdaPE.

sic adaptive rule, and then integrate the resulting
instance-specific allocation into the batch solver.

To address this limitation, we propose the fol-
lowing scale-invariant adaptive objective:

min
∆Wi

Li =

(︃
1− ∥∆Wik

i
t∥2

∥rit∥2
)︃2

⏞ ⏟⏟ ⏞
Residual assimilation penalty

+ γ∥∆Wi∥2Cp

∥∆Wik
i
t∥2

∥rit∥2⏞ ⏟⏟ ⏞
Effort-aware locality penalty

,

(6)

where γ is a global regularization coefficient. Re-
calling the Effective Update Rate

ρi ≜
∥∆Wik

i
t∥

∥rit∥
,

the objective simplifies to

Li = (1− ρ2i )
2 + γ∥∆Wi∥2Cp

ρ2i . (7)

This formulation overcomes the main limitation
of standard quadratic objectives. Conventional
solvers impose a static locality penalty, which
forces a rigid trade-off between editing efficacy
and locality. As a result, the update may either fail
to inject the target fact or introduce excessive per-
turbation to the model. In contrast, our objective is
built on two complementary principles. The first
term measures the fraction of residual energy that

remains unassimilated, thereby directly encourag-
ing factual injection. The second term scales the
locality penalty by the actual assimilation effort, so
that more aggressive updates are penalized more
heavily. In addition, normalizing both terms by the
initial residual energy ∥rit∥2 makes the objective
scale-invariant across layers.

3.3 Closed-Form Derivation of the Adaptive
Update Rate

To find the exact theoretical optimum, we substitute
Equation 5 into Equation 7. This gives

Li(ρ
2
i ) = (1− ρ2i )

2 + γλ
∥rit∥2
S̃i

ρ4i . (8)

The objective is now written entirely as a function
of the energy variable ρ2i . Since αi influences the
objective only through the ρi, it is more convenient
to optimize Li directly with respect to ρ2i rather
than αi. Setting

∂Li

∂(ρ2i )
= −2(1− ρ2i ) + 2γλ

∥rit∥2
S̃i

ρ2i = 0

yields the exact optimal update rate:

ρ∗i =
1√︃

1 + γλ
∥rit∥2
S̃i

. (9)

This result shows that the optimal update behavior
is governed by the coupled quantity ∥rit∥2/S̃i. We
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therefore define the Effective Edit Density as

Di ≜
∥rit∥2
S̃i

. (10)

Equation 9 thus provides an instance-aware control
law for the target update rate. For difficult facts
with high density Di, it suppresses ρ∗i to protect
model locality. Conversely, for simple facts with
low density, ρ∗i approaches 1, promoting successful
factual injection.

3.4 From Edit Density to Editing Pressure
While the closed-form solution resolves the
instance-level trade-off, the coupled hyperparame-
ter γλ does not generalize well across models and
layers. This is because the absolute magnitude of
the edit density Di can vary by several orders of
magnitude across different LLM architectures and
layer representations. To obtain a parameter-free
adaptive rule, we normalize the penalty term rel-
ative to the typical edit density of the target layer.
Specifically, we anchor the expected penalty over
the data distribution to unit scale:

E[γλDi] = 1. (11)

This condition ensures that, for an average edit
request in a given layer, the efficacy and locality
terms are balanced at the same order of magnitude.
Solving this expectation gives γλ = 1/τ , where τ
denotes the layer-wise expected edit density:

τ ≜ E[Di]. (12)

Using τ , we formally define the editing pressure of
each edit request as the following:

Pi ≜ γλDi =
Di

τ
. (13)

The adaptive update rate therefore becomes

ρ∗i =
1√

1 + Pi
. (14)

This mechanism admits a simple interpretation:
the editing pressure of an edit is determined not by
its absolute density, but by its density relative to the
typical edit density of the layer. As Pi increases,
the target update rate decreases smoothly accord-
ing to the inverse-square-root law in Equation 14,
leading to a more conservative update behavior. In
this way, the adaptive rule adjusts the target update
behavior according to the relative editing pressure
of each request while maintaining a balanced trade-
off between efficacy and locality.

3.5 Parameter-Free Batch Solver
Implementation

Given the target update rate ρ∗i , the corresponding
scaled editing strength can be obtained by equat-
ing ρ∗i = 1/

√
1 + Pi with its structural relation in

Equation 3. We then construct the diagonal scaled
editing-strength matrix

Ã = diag(α̃∗
1, . . . , α̃

∗
Nt
), α̃∗

i ≜ α∗
i /λ,

where the scaled editing strength is

α̃∗
i =

1

S̃i

(︃
1√

1 + Pi − 1

)︃
. (15)

The algebraic derivation is provided in Appendix D.
This expresses the scaled editing strength as the
inverse spatial geometry 1/S̃i, modulated by the
editing pressure Pi.

Substituting Ã into Equation 2, together with
Cp = λΣ, yields

∆W = RÃKT
t

(︁
λΣ+KtÃK

T
t

)︁−1
.

The global stability coefficient λ then cancels out
from both the numerator and the inverse term, and
the final parameter-free update rule becomes

∆W = RÃKT
t

(︁
Σ+KtÃK

T
t

)︁−1
. (16)

In practice, the procedure is straightforward. For
a batch of edit requests, we first compute the edit
density Di for each instance and then estimate the
layer-wise average τ . Using the editing pressure
Pi = Di/τ , we populate the matrix Ã via Equa-
tion 15, and finally compute the weight update with
Equation 16. The resulting solver requires no man-
ual tuning of a global stability coefficient.

4 Experiments

4.1 Experimental Settings
Models, Datasets, and Baselines. We conduct
experiments on two widely used LLMs, Llama3-
8B (Grattafiori et al., 2024) and Qwen2.5-7B (Hui
et al., 2024). We evaluate all methods on three stan-
dard knowledge editing benchmarks: ZsRE (Meng
et al., 2022), CounterFact (Meng et al., 2022),
and Wiki-CounterFact (Wang et al., 2024b). As
baselines, we consider a range of representa-
tive KE methods, including FT (Rawat et al.,
2021), ROME (Meng et al., 2022), MEMIT (Meng
et al., 2023), CORE (Park et al., 2025), and Al-
phaEdit (Fang et al., 2025). For locate-and-edit
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Table 1: Performance of batch-editing algorithms across various models and datasets.

Wiki-counterfact Counterfact ZsRE
Algorithm Eff ↑ Por ↑ Loc ↑ Flu ↑ Eff ↑ Gen ↑ Spe ↑ Flu ↑ Eff ↑ Gen ↑ Spe ↑
Model: Llama3-8b-instruct

Pre-edit 0.00 21.86 57.63 6.18 0.34 0.43 89.19 6.29 1.16 1.06 38.44
FT (Rawat et al., 2021) 0.11 21.63 44.27 2.66 45.93 9.7 37.32 3.59 0.44 0.49 16.33
ROME (Meng et al., 2022) 0.95 21.64 44.26 5.55 4.5 0.93 47.40 6.06 0.00 0.00 0.32
MEMIT (Meng et al., 2023) 64.24 29.71 51.34 6.16 86.47 42.36 84.07 6.25 77.25 69.54 43.43
CORE (Park et al., 2025) 63.05 41.94 45.22 6.00 84.46 53.96 63.59 5.93 57.07 53.34 37.00
AlphaEdit (Fang et al., 2025) 53.03 27.95 51.99 6.15 78.21 37.84 83.67 6.25 72.03 64.65 44.88
AdaPE (Ours) 74.85 32.16 50.32 6.14 92.27 47.20 83.20 6.24 81.56 73.67 42.97

Model: Qwen2.5-7b-instruct

Pre-edit 0.00 21.77 47.52 6.22 0.39 0.46 85.62 6.25 0.95 0.42 38.29

FT (Rawat et al., 2021) 0.00 21.61 44.26 3.04 67.02 14.02 3.30 4.16 0.02 0.04 5.41
ROME (Meng et al., 2022) 15.85 25.25 44.36 5.45 0.16 0.11 50.34 6.03 0.00 0.00 1.16
MEMIT (Meng et al., 2023) 67.93 43.66 44.49 6.17 85.58 59.33 59.65 6.18 60.74 55.35 34.76
CORE (Park et al., 2025) 28.00 32.38 44.41 6.19 58.36 39.24 57.27 6.19 20.62 18.73 20.32
AlphaEdit (Fang et al., 2025) 60.19 42.93 44.52 6.19 24.61 14.58 55.70 6.12 7.30 6.40 11.44
AdaPE (Ours) 70.56 44.27 44.49 6.17 86.78 59.75 59.64 6.18 62.44 56.70 35.97

baselines such as MEMIT, CORE, and AlphaEdit,
the editing hyperparameters are fixed globally
across edit requests, following their standard batch-
editing setup. In contrast, AdaPE assigns instance-
specific editing strengths according to the editing
pressure of each request. Full details of the datasets
and baselines are provided in Appendix E.

Evaluation Metrics. We follow the standard
evaluation protocols used for each benchmark. For
CounterFact and ZsRE, we report efficacy (Eff.),
generalization (Gen.), and specificity (Spe.), to-
gether with fluency (Flu.) when applicable (Meng
et al., 2022). For Wiki-CounterFact, we adopt its
benchmark-specific evaluation setting and report
efficacy (Eff.), portability (Por.), locality (Loc.),
and fluency (Flu.) (Wang et al., 2024b). Our experi-
ments focus primarily on the batch editing scenario,
where multiple edit requests are processed simulta-
neously to evaluate the scalability and efficiency of
each method. Full details of the evaluation metrics
are provided in Appendix G.

All experiments are conducted on two 48GB
vGPU machines. Baseline methods are imple-
mented using the widely adopted EasyEdit toolkit.
We follow the hyperparameter settings reported in
the original papers whenever available; otherwise,
we use the default configurations recommended by
EasyEdit. Minor implementation adjustments are
made when necessary to ensure compatibility with
our batch editing evaluation framework.

4.2 Comparison of Editing Effects

Table 1 reports the main batch editing results on
CounterFact (10,000 samples), ZsRE (10,000 sam-
ples), and Wiki-CounterFact (839 samples) un-
der Llama3-8B-Instruct and Qwen2.5-7B-Instruct.
Overall, AdaPE consistently improves editing effi-
cacy across most settings, while maintaining com-
petitive locality-related performance. This indi-
cates that adaptive update allocation is more effec-
tive than fixed-strength editing in the batch setting.

The trade-off is particularly clear on Wiki-
CounterFact. On Llama3-8B-Instruct, AdaPE
achieves the best efficacy (74.85), substantially out-
performing MEMIT (64.24) and AlphaEdit (53.03),
while also improving portability to 32.16 over
MEMIT (29.71) and AlphaEdit (27.95). Although
its locality score (50.32) is slightly lower than Al-
phaEdit (51.99) and MEMIT (51.34), the gain in
efficacy and portability is much larger than the
locality loss. Compared with CORE, AdaPE im-
proves both efficacy (74.85 vs. 63.05) and locality
(50.32 vs. 45.22), while sacrificing part of the porta-
bility advantage (32.16 vs. 41.94). This suggests
that AdaPE reaches a more favorable overall trade-
off by accepting a small loss on one metric for a
much larger gain on another.

A similar pattern appears on CounterFact and
ZsRE. On Llama3-8B-Instruct, AdaPE improves
CounterFact efficacy from 86.47 to 92.27 over
MEMIT while keeping specificity comparable
(83.20 vs. 84.07). On ZsRE, it increases efficacy
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from 77.25 to 81.56 and generalization from 69.54
to 73.67, with only a modest decrease in speci-
ficity. Similar trends hold on Qwen2.5-7B-Instruct,
where AdaPE achieves the best efficacy on all three
benchmarks and also improves generalization on
CounterFact and ZsRE over MEMIT, while keep-
ing locality-related metrics close to the strongest
baselines. AdaPE’s fluency remains stable across
methods, around 6.1 on all reported settings.

These results support the main motivation of
AdaPE. Fixed-strength methods apply the same
update magnitude to edit requests with highly dif-
ferent editing pressure, which often leads either
to insufficient editing or to unnecessary collateral
perturbation. In contrast, AdaPE adapts the up-
date allocation according to the editing pressure of
each request, producing a more favorable trade-off
between efficacy and locality in batch editing.

4.3 Fixed-Strength Trade-off Analysis

Figure 4: Joint evaluation on Llama3-8B-Instruct and
Qwen2.5-7B-Instruct under different fixed α values.

To further understand the effect of fixed edit-
ing strength, we compare different fixed values of
α with the adaptive strategy used in AdaPE. Fig-
ures 4 (a) and 4 (b) show the joint relationship
between rewrite accuracy and locality on Llama3-

8B-Instruct and Qwen2.5-7B-Instruct, respectively.
On Llama3-8B-Instruct, the fixed-α configura-

tions form a clear Pareto frontier: higher rewrite
accuracy can only be achieved at the expense of
lower locality. Following prior work on Pareto-
based joint evaluation, we additionally consider the
midpoint on the Pareto frontier (PF-midpoint) as a
representative balanced operating point (Rampisela
et al., 2025). The PF-midpoint achieves rewrite ac-
curacy 0.9132 and locality 0.8315, whereas AdaPE
reaches 0.9227 and 0.8321, respectively. Thus,
AdaPE not only lies beyond the fixed-α frontier,
but also outperforms the PF-midpoint on both di-
mensions simultaneously.

The behavior on Qwen2.5-7B-Instruct is differ-
ent. Instead of tracing a clean frontier over the
full range of α, excessively large fixed strengths
lead to simultaneous degradation in both editing
success and locality. This indicates that, under a
single shared strength, the update can move beyond
a useful trade-off regime and enter an over-editing
region where stronger interventions no longer im-
prove rewriting but instead damage overall behav-
ior. In contrast, AdaPE avoids this fixed-strength
failure pattern and reaches a more favorable joint
operating point.

Taken together, these results show that a single
shared α is not a globally reliable operating rule.
Depending on the model and the edit distribution,
fixed-strength editing may either induce a rigid
Pareto frontier or enter a joint degradation regime.
By assigning instance-specific update allocations,
AdaPE avoids both limitations and achieves a better
balance between rewrite accuracy and locality.

4.4 Impact of Editing Pressure on
Performance

To better understand performance under different
difficulty regimes, we stratify the evaluation set by
editing pressure (P ). Each edit request is assigned
a pressure score, and the dataset is divided into
four equal quartiles from Q1 (low pressure) to Q4
(high pressure). Compared with the finer-grained
pressure-bin analysis in the background section,
this quartile-based view provides a more compact
comparison across methods. Table 2 reports the
performance of AdaPE together with two represen-
tative fixed-strength baselines, α = 1 and α = 10.
In addition to Efficacy and Locality, we also report
their joint F1-score.

As editing pressure increases from Q1 to Q4,
the performance of all methods declines. The two
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Table 2: Performance stratified by editing pressure (P ).
The dataset is divided into four pressure quartiles (Q1–
Q4). Best results in each quartile are highlighted in
bold. AdaPE consistently achieves the highest F1-score,
indicating a better balance between efficacy and locality.

Pressure Interval α Efficacy Locality F1-score
(%) (%) (%)

Q1 (1.7380)
α = 1 96.5 84.1 86.3
α = 10 98.8 81.4 86.6
AdaPE 98.7 83.4 88.0

Q2 (2.0362)
α = 1 94.0 83.9 83.9
α = 10 98.1 80.7 85.5
AdaPE 97.8 83.1 86.8

Q3 (2.2972)
α = 1 89.6 84.4 80.3
α = 10 96.7 81.4 83.7
AdaPE 95.0 83.6 84.7

Q4 (3.0620)
α = 1 65.7 83.9 58.6
α = 10 80.4 80.5 68.3
AdaPE 77.6 82.7 69.0

fixed-strength baselines show a clear trade-off be-
tween efficacy and locality. The α = 1 setting
better preserves locality, keeping it around 84%
across quartiles, but its efficacy drops sharply un-
der high pressure, reaching 65.7% in Q4. By con-
trast, α = 10 achieves the highest efficacy in every
quartile, but does so at the cost of lower locality,
which stays around 81%. AdaPE achieves a better
overall balance than both fixed-strength baselines:
its efficacy remains close to that of α = 10, while
its locality stays much closer to that of α = 1. As a
result, AdaPE obtains the best F1-score in all pres-
sure quartiles. This advantage is most evident in
Q4, where AdaPE reaches 69.0%, outperforming
α = 1 (58.6%) and α = 10 (68.3%). The same
pattern also appears in the lower-pressure regimes,
where AdaPE maintains efficacy comparable to
α = 10 while preserving better locality.

These results further support the motivation of
AdaPE. Fixed-strength updates cannot adapt to het-
erogeneous editing pressure and therefore tend to
favor either efficacy or locality depending on the
chosen α. In contrast, AdaPE adjusts the update al-
location for each request, producing a more stable
trade-off between factual injection and neighbor-
hood preservation across pressure regimes.

5 Related Work

Knowledge editing methods can be broadly divided
into two categories: parameter-preserving methods
and parametric editing methods.

Parameter-preserving methods. These methods
avoid directly modifying the backbone parameters,

and instead store updated knowledge in auxiliary
memories or external modules. SERAC (Mitchell
et al., 2022b) maintains an explicit edit memory
with separate retrieval and counterfactual mod-
els. GRACE (Hartvigsen et al., 2023) builds a
codebook-like memory at intermediate layers to
cache edited representations. IKE (Zheng et al.,
2023) performs edits through retrieved demonstra-
tion prompts, while MELO (Yu et al., 2024) uses
a neuron-indexed dynamic LoRA (Hu et al., 2022)
module as an auxiliary memory. WISE (Wang et al.,
2024a) further introduces a dual-memory architec-
ture to coordinate parametric and side memories.

Parametric editing methods. These methods
directly modify model parameters to inject new
knowledge, often through meta-learning or locate-
and-edit strategies. Meta-learning-based meth-
ods learn to generate editing updates via aux-
iliary networks. KE (De Cao et al., 2021)
formulates editing as a meta-learning problem,
while MEND (Mitchell et al., 2022a) predicts
low-rank parameter updates from gradients. In-
structEdit (Zhang et al., 2024) further extends
this line with instruction-based training across di-
verse editing tasks. Another common strategy
is locate-and-edit, which identifies and updates
a small set of parameters associated with the tar-
get fact. ROME (Meng et al., 2022) performs lo-
calized single-fact updates, and MEMIT (Meng
et al., 2023) extends this idea to batch editing.
CORE (Park et al., 2025) edits facts by extend-
ing key representations in parameter space. Al-
phaEdit (Fang et al., 2025) improves robustness by
constraining perturbations to reduce interference.

6 Conclusion

In this work, we identify a key limitation of
batch knowledge editing: fixed-strength updates
cannot accommodate the heterogeneous difficulty
of different edits, resulting in an inherent trade-
off between editing success and locality preserva-
tion. To address this issue, we propose AdaPE,
a parameter-free adaptive editing framework that
assigns instance-specific update strengths accord-
ing to the intrinsic difficulty of each fact. Ex-
tensive experiments across multiple models and
benchmarks show that AdaPE consistently achieves
stronger editing performance while maintaining
model stability, effectively surpassing the fixed-
strength trade-off and establishing a more robust
solution for batch knowledge editing.

1264



Acknowledgments

This work is in part funded by the National Nat-
ural Science Foundation of China (Grant No.
62372364) and Shaanxi Province Natural Science
Foundation (Grant No. 2026JC-YXQN-213).

Limitations

Despite the strong theoretical foundation and em-
pirical performance of AdaPE, there are still sev-
eral directions worth further exploration. First, like
most locate-and-edit methods, AdaPE is currently
evaluated mainly on structured factual associations
(e.g., subject-relation-object triplets) that are typi-
cally mediated by feed-forward layers. Extending
the adaptive mechanism to broader forms of model
editing, such as logical reasoning patterns, multi-
hop knowledge, or implicit procedural skills, would
be an interesting direction for future work. Second,
AdaPE focuses on adaptively controlling the magni-
tude of parameter updates through editing pressure,
while following the update direction induced by the
underlying regularized least-squares formulation.
Although this design already yields a strong bal-
ance between efficacy and locality, it may be less
flexible in cases where the representations of differ-
ent target facts are highly entangled in the model
space. Exploring how to jointly adapt both update
magnitude and direction could further improve fac-
tual disentanglement and editing precision in such
settings.

Ethics Statement

While knowledge editing techniques provide an
effective approach for correcting inaccurate or out-
dated knowledge in large language models, it is im-
portant to recognize the potential risks associated
with their misuse. In particular, such techniques
could be exploited to deliberately inject mislead-
ing, biased, or harmful information into a model
by directly modifying its internal knowledge rep-
resentations. This capability raises concerns about
the integrity and trustworthiness of language model
systems, as manipulated knowledge may influence
model outputs in unintended ways. In applications
involving information dissemination or decision
support, such risks could undermine the reliability,
fairness, and safety of the system. Therefore, the
development and deployment of knowledge edit-
ing methods should be accompanied by careful
oversight, transparent evaluation procedures, and
appropriate safeguards to mitigate potential misuse.
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A Derivation of the Closed-Form Solution
for Weighted Batch Editing

This section derives the closed-form solution of the
weighted batch editing objective in Equation 1. For
a batch of target edit requests {(kit,mi

t)}Nt
i=1 and

preserved facts {(kjp,mj
p)}Np

j=1, the objective is

min
Ŵ

⎛
⎜⎝

∑︂Nt

i=1
αi

⃦⃦
⃦Ŵkit −mi

t

⃦⃦
⃦
2

+
∑︂Np

j=1

⃦⃦
⃦Ŵkjp −mj

p

⃦⃦
⃦
2

⎞
⎟⎠ . (17)

Let W0 denote the original weight matrix and de-
fine

∆W ≜ Ŵ −W0, Ŵ = W0 +∆W. (18)

For the target batch, define

Kt = [k1t | k2t | · · · | kNt
t ],

Mt = [m1
t |m2

t | · · · |mNt
t ],

(19)

and the residual matrix

R = Mt −W0Kt = [r1t | r2t | · · · | rNt
t ], (20)

where
rit = mi

t −W0k
i
t. (21)

Let the diagonal editing-strength matrix be

A = diag(α1, . . . , αNt). (22)

Substituting Ŵ = W0 +∆W into the target term
gives

Ŵkit −mi
t = (W0 +∆W )kit −mi

t

= ∆Wkit − (mi
t −W0k

i
t)

= ∆Wkit − rit. (23)
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Therefore,

Nt∑︂

i=1

αi

⃦⃦
⃦Ŵkit −mi

t

⃦⃦
⃦
2
=

Nt∑︂

i=1

αi

⃦⃦
∆Wkit − rit

⃦⃦2
.

(24)
In matrix form, this term can be written as

Nt∑︂

i=1

αi

⃦⃦
∆Wkit − rit

⃦⃦2
= Tr

(︂
(∆WKt −R)A

(∆WKt −R)⊤
)︂
.

(25)
For the preservation term, substituting Ŵ = W0 +
∆W yields

Ŵkjp −mj
p = (W0k

j
p −mj

p) + ∆Wkjp. (26)

Following the standard covariance-based approxi-
mation used in locate-and-edit methods, we replace
the preservation loss with a quadratic surrogate in-
duced by the key covariance:

Np∑︂

j=1

⃦⃦
⃦Ŵkjp −mj

p

⃦⃦
⃦
2
≈ Tr

(︂
∆WCp∆W⊤

)︂
+const,

(27)
where

Cp = λΣ,Σ = Ekp [kpk
⊤
p ]. (28)

After replacing the preservation term with this sur-
rogate and dropping terms independent of ∆W , the
objective becomes

L(∆W ) =Tr
(︂
(∆WKt −R)A(∆WKt −R)⊤

)︂
+

Tr
(︂
∆WCp∆W⊤

)︂
. (29)

Expanding the first term in Equation 29, we have

L(∆W ) = Tr
(︁
∆WKtAK

⊤
t ∆W⊤)︁

− 2Tr
(︁
∆WKtAR⊤)︁+Tr

(︁
RAR⊤)︁

+Tr
(︁
∆WCp∆W⊤)︁. (30)

Using the matrix derivative identities

∂

∂X
Tr(XBX⊤) = 2XB, for symmetric B,

(31)
and

∂

∂X
Tr(XM) = M⊤, (32)

the derivative of L(∆W ) with respect to ∆W is

∂L
∂∆W

= 2∆WKtAK
⊤
t − 2RAK⊤

t

+ 2∆WCp.
(33)

Setting the derivative to zero gives

2∆WKtAK⊤
t − 2RAK⊤

t + 2∆WCp = 0.

(34)

which is equivalent to

∆WKtAK⊤
t +∆WCp = RAK⊤

t . (35)

Factoring out ∆W on the left-hand side gives

∆W
(︁
Cp +KtAK

⊤
t

)︁
= RAK⊤

t . (36)

Assuming Cp +KtAK
⊤
t is invertible, we obtain

∆W = RAK⊤
t

·
(︁
Cp +KtAK⊤

t

)︁−1
.

(37)

Hence, the updated weight matrix is

Ŵ = W0 +∆W

= W0 +RAK⊤
t

(︁
Cp +KtAK⊤

t

)︁−1
.

(38)

B Derivation of the Effective Update Rate

This section derives the closed-form expression
of the Effective Update Rate in Equation 3 under
the single-edit setting. For a single edit request,
Equation 2 reduces to

∆Wi = ritαi(k
i
t)
T
(︁
Cp + αik

i
t(k

i
t)
T
)︁−1

, (39)

where rit = mi
t − W0k

i
t. Using Cp = λΣ, we

rewrite Equation 39 as

∆Wi = ritαi(k
i
t)
T
(︁
λΣ+ αik

i
t(k

i
t)
T
)︁−1

. (40)

We are interested in the actual injected update along
the target key direction:

∆Wik
i
t = ritαi(k

i
t)
T
(︁
λΣ+ αik

i
t(k

i
t)
T
)︁−1

kit.
(41)

Since the term multiplying rit is scalar, define

βi ≜ αi(k
i
t)
T
(︁
λΣ+ αik

i
t(k

i
t)
T
)︁−1

kit, (42)

so that
∆Wik

i
t = βir

i
t. (43)

Therefore, the effective update rate is

ρi ≜
∥∆Wik

i
t∥

∥rit∥
=

∥βirit∥
∥rit∥

= |βi|. (44)

Under the standard assumptions αi > 0, λ > 0,
and Σ ≻ 0, we will show below that βi > 0, hence

1267



ρi = βi. It therefore remains to compute βi. Ap-
plying the Sherman–Morrison formula,

(A+ uvT )−1 = A−1 − A−1uvTA−1

1 + vTA−1u
, (45)

with
A = λΣ, u = αik

i
t, v = kit, (46)

we obtain
(︁
λΣ+ αik

i
t(k

i
t)
T
)︁−1

= (λΣ)−1 − (λΣ)−1(αik
i
t)(k

i
t)
T (λΣ)−1

1 + (kit)
T (λΣ)−1(αikit)

=
1

λ
Σ−1 −

αi
λ2Σ

−1kit(k
i
t)
TΣ−1

1 + αi
λ (kit)

TΣ−1kit
. (47)

Substituting Equation 47 into βi, and defining

S̃i ≜ (kit)
TΣ−1kit, (48)

we obtain

βi =
αi

λ
S̃i −

(︂
αi
λ S̃i

)︂2

1 + αi
λ S̃i

. (49)

Let
x ≜ αi

λ
S̃i. (50)

Then

βi = x− x2

1 + x
=

x(1 + x)− x2

1 + x
=

x

1 + x
.

(51)
Substituting back gives

βi =
αi
λ S̃i

1 + αi
λ S̃i

. (52)

Because αi > 0, λ > 0, and S̃i > 0, it follows that
βi > 0. Therefore, from Equation 44,

ρi =
∥∆Wik

i
t∥

∥rit∥
= βi =

αi
λ S̃i

1 + αi
λ S̃i

, (53)

which completes the derivation.

C Derivation of the Error and
Perturbation Metrics

This section derives the two metrics in Equations 4
and 5 under the single-edit setting. For a single edit
request, the closed-form update is

∆Wi = ritαi(k
i
t)
T
(︁
λΣ+ αik

i
t(k

i
t)
T
)︁−1

. (54)

From the derivation of the Effective Update Rate,
we have

∆Wik
i
t = ρir

i
t, (55)

where

ρi =
∥∆Wik

i
t∥

∥rit∥
=

αi
λ S̃i

1 + αi
λ S̃i

, S̃i ≜ (kit)
TΣ−1kit.

(56)
Under the assumptions αi > 0, λ > 0, and Σ ≻ 0,
we have S̃i > 0, and therefore

0 < ρi < 1. (57)

The residual after editing along the target fact is

rirem ≜ rit −∆Wik
i
t. (58)

Substituting Equation 55 gives

rirem = rit − ρir
i
t = (1− ρi)r

i
t. (59)

Therefore, the remaining absolute error is

Ei
rem ≜ ∥rirem∥ = ∥(1− ρi)r

i
t∥ = |1− ρi| ∥rit∥.

(60)
Since 0 < ρi < 1, we obtain

Ei
rem = (1− ρi)∥rit∥. (61)

Next, we derive the perturbation norm under the
knowledge covariance. Define the covariance-
weighted norm as

∥∆Wi∥2Cp
≜ Tr

(︁
∆WiCp∆W T

i

)︁
. (62)

Using Cp = λΣ and Equation 54, we obtain

∥∆Wi∥2Cp

= Tr
(︁
∆WiλΣ∆W T

i

)︁

= Tr

[︄
ritαi(k

i
t)
T
(︁
λΣ+ αik

i
t(k

i
t)
T
)︁−1

· λΣ ·
(︁
λΣ+ αik

i
t(k

i
t)
T
)︁−1

kitαi(r
i
t)
T

]︄
. (63)

Since all terms except rit and (rit)
T are scalars, this

becomes

∥∆Wi∥2Cp
= α2

i ∥rit∥2(kit)T
(︁
λΣ+ αik

i
t(k

i
t)
T
)︁−1

· λΣ ·
(︁
λΣ+ αik

i
t(k

i
t)
T
)︁−1

kit.
(64)

Let
Mi ≜ λΣ+ αik

i
t(k

i
t)
T . (65)
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Then Equation 64 becomes

∥∆Wi∥2Cp
= α2

i ∥rit∥2(kit)TM−1
i λΣM−1

i kit.
(66)

Using
λΣ = Mi − αik

i
t(k

i
t)
T , (67)

we have

(kit)
TM−1

i λΣM−1
i kit

= (kit)
TM−1

i

(︁
Mi − αik

i
t(k

i
t)
T
)︁
M−1

i kit

= (kit)
TM−1

i kit − αi

[︁
(kit)

TM−1
i kit

]︁2
. (68)

From the definition of ρi,

ρi = αi(k
i
t)
TM−1

i kit. (69)

Hence
(kit)

TM−1
i kit =

ρi
αi

. (70)

Substituting Equation 70 into Equation 68, we ob-
tain

(kit)
TM−1

i λΣM−1
i kit =

ρi
αi

− αi

(︃
ρi
αi

)︃2

=
ρi(1− ρi)

αi
. (71)

Therefore,

∥∆Wi∥2Cp
= α2

i ∥rit∥2·
ρi(1− ρi)

αi
= αiρi(1−ρi)∥rit∥2.

(72)
Using the closed-form expression of ρi,

ρi =
αi
λ S̃i

1 + αi
λ S̃i

, (73)

we obtain
1− ρi =

1

1 + αi
λ S̃i

. (74)

Thus,
ρi

1− ρi
=

αi

λ
S̃i, (75)

which implies

αi(1− ρi) =
λρi

S̃i

. (76)

Substituting Equation 76 into Equation 72 yields

∥∆Wi∥2Cp
= ρi

(︃
λρi

S̃i

)︃
∥rit∥2 =

λρ2i ∥rit∥2
S̃i

.

(77)

Since S̃i > 0, taking the square root gives

∥∆Wi∥Cp = ρi
√
λ
∥rit∥√︁
S̃i

. (78)

Combining Equations 61 and 78, we obtain

Ei
rem = (1− ρi)∥rit∥, (79)

∥∆Wi∥Cp = ρi
√
λ
∥rit∥√︁
S̃i

. (80)

D Derivation of the Scaled Editing
Strength

This section derives the closed-form expression of
the scaled editing strength in Equation 15. For a
single edit request, the Effective Update Rate is
given by

ρi =
αi
λ S̃i

1 + αi
λ S̃i

. (81)

Define the scaled editing strength as

α̃i ≜
αi

λ
. (82)

Substituting Equation 82 into Equation 81, we ob-
tain

ρi =
α̃iS̃i

1 + α̃iS̃i

. (83)

The target adaptive update rate is defined as

ρ∗i =
1√

1 + Pi
. (84)

By matching ρi with ρ∗i , Equation 83 becomes

1√
1 + Pi

=
α̃∗
i S̃i

1 + α̃∗
i S̃i

. (85)

Let
xi ≜ α̃∗

i S̃i. (86)

Then Equation 85 can be rewritten as

1√
1 + Pi

=
xi

1 + xi
. (87)

Multiplying both sides of Equation 87 by 1 + xi
gives

1 + xi√
1 + Pi

= xi. (88)

Rearranging terms yields

1√
1 + Pi

= xi

(︃
1− 1√

1 + Pi

)︃
. (89)
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Hence,

xi =

1√
1+Pi

1− 1√
1+Pi

. (90)

Multiplying the numerator and denominator by√
1 + Pi, we obtain

xi =
1√

1 + Pi − 1
. (91)

Substituting Equation 86 into Equation 91, we ob-
tain

α̃∗
i S̃i =

1√
1 + Pi − 1

, (92)

which yields the closed-form scaled editing
strength

α̃∗
i =

1

S̃i

(︃
1√

1 + Pi − 1

)︃
. (93)

E Datasets and Baselines

We evaluate AdaPE on three widely used knowl-
edge editing benchmarks: Wiki-CounterFact,
CounterFact, and ZsRE. These benchmarks cover
complementary aspects of factual model editing, in-
cluding counterfactual factual rewriting, robustness
to paraphrased queries, transfer of edited knowl-
edge to related queries, and preservation of unre-
lated knowledge.

Wiki-CounterFact. Wiki-CounterFact evaluates
knowledge editing under more realistic knowledge-
update scenarios. In addition to verifying whether
the target knowledge is successfully injected, the
benchmark evaluates whether the updated fact can
be transferred to semantically related queries while
preserving unrelated model behavior. We therefore
report efficacy, portability, locality, and fluency
following the benchmark protocol. We use all 839
samples in our experiments.

CounterFact. CounterFact is a standard bench-
mark for factual model editing. Each instance con-
tains a subject–relation–object fact together with a
counterfactual target object. Besides the original
rewrite prompt, the benchmark provides paraphrase
prompts and neighborhood prompts, enabling eval-
uation of edit success, generalization to semanti-
cally equivalent queries, and undesired interference
with neighboring facts. We use 10,000 edit requests
in the main batch-editing experiments and report
efficacy, generalization, specificity, and fluency.

ZsRE. ZsRE is derived from the Zero-Shot Re-
lation Extraction dataset. Each knowledge item
can be represented as a subject–relation–object re-
lation and is expressed through natural-language
questions. The dataset provides rephrased queries
for evaluating whether the edited knowledge gen-
eralizes across different linguistic formulations, to-
gether with unrelated queries for evaluating preser-
vation. We use 10,000 samples and report efficacy,
generalization, and specificity.

Baselines. We compare AdaPE with five repre-
sentative knowledge editing methods: FT, ROME,
MEMIT, CORE, and AlphaEdit. Together,
these baselines cover optimization-based editing,
single-fact direct editing, large-scale batch editing,
context-robust editing, and projection-based stabil-
ity preservation.

FT. FT is a direct optimization-based baseline
that updates model parameters by fine-tuning on
the target edit requests. The model is optimized
toward the desired target facts without retraining
from scratch. Although FT can achieve strong fit-
ting on the edited examples, unrestricted parameter
updates may overfit the target requests and interfere
with unrelated knowledge. It therefore serves as
a simple but important reference for the efficacy–
locality trade-off.

ROME. ROME is a representative locate-and-
edit method for single-fact editing. It is moti-
vated by the observation that factual associations
in autoregressive Transformers can be mediated by
middle-layer MLP modules when processing the
subject representation. ROME interprets the se-
lected MLP as an associative memory and rewrites
a target association through a closed-form rank-one
update. This design enables precise modification of
individual factual associations while maintaining
relatively strong generalization and specificity in
single-edit settings.

MEMIT. MEMIT extends direct model editing
from individual edits to batch and mass editing.
Instead of independently applying a sequence of
rank-one updates, MEMIT distributes the desired
memory modifications across a set of critical MLP
layers and jointly solves for multiple edits. Its
multi-layer closed-form update makes it a particu-
larly relevant fixed-strength baseline for the batch-
editing setting considered in this work.
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CORE. CORE is a locate-and-edit method de-
signed to improve robustness under contextual vari-
ation. It is motivated by the observation that an
edit that succeeds under an isolated prompt may
become ineffective when semantically related pre-
fix contexts are introduced. CORE incorporates
context-aware representations and cross-prefix reg-
ularization during editing, encouraging the injected
fact to remain effective across different contextual
formulations.

AlphaEdit. AlphaEdit improves editing stability
by constraining parameter perturbations to the null
space associated with preserved knowledge. Rather
than relying only on the magnitude of the update,
AlphaEdit explicitly restricts the update direction
to reduce interference with existing factual asso-
ciations. It therefore provides a strong projection-
based baseline for evaluating the balance between
successful knowledge injection and preservation.

For locate-and-edit baselines such as MEMIT,
CORE, and AlphaEdit, the editing configuration
and editing strength are fixed globally across re-
quests according to their standard batch-editing
setup. In contrast, AdaPE assigns an instance-
specific editing strength according to the editing
pressure of each request. Thus, different requests
in the same batch can absorb different fractions of
their target residual according to their correction
demand and local geometric sensitivity.

F Experimental Setup and
Reproducibility

All experiments are implemented using EasyEdit
v2.0. The software environment consists of Python
3.10, PyTorch 2.1.2, HuggingFace Transformers
4.44.2, and CUDA 12.1. Experiments are con-
ducted on two machines equipped with 48GB vG-
PUs.

We evaluate two instruction-tuned decoder-
only language models: Llama3-8B-Instruct and
Qwen2.5-7B-Instruct. For each model, we eval-
uate all methods under the same EasyEdit-based
experimental framework. The main batch-editing
experiments contain 10,000 edit requests for Coun-
terFact, 10,000 edit requests for ZsRE, and all 839
instances of Wiki-CounterFact.

The fixed-strength trade-off experiment in Sec-
tion 4.3 is conducted on CounterFact. The pressure-
stratified experiment in Section 4.4 is conducted on
CounterFact using Llama3-8B-Instruct.

AdaPE follows the standard ROME/MEMIT

locate-and-edit paradigm and operates on localized
MLP editing sites rather than arbitrary Transformer
layers. For example, the Llama3-8B-Instruct ex-
periments use early-to-middle MLP layers 4–8. In-
teractions among different edit requests are han-
dled through the shared MEMIT-style batch solver
instead of independently summing single-edit up-
dates.

We describe AdaPE as tuning-free in the sense
that it does not require manually tuned global
editing-strength or stability coefficients. The
method nevertheless uses layer-wise empirical den-
sity statistics as automatically computed normal-
ization quantities. Therefore, “tuning-free” specif-
ically refers to the absence of manually selected
global editing-strength or stability hyperparame-
ters rather than independence from data-dependent
statistics.

G Evaluation Metrics

We follow the benchmark-specific evaluation pro-
tocols implemented in our EasyEdit-based evalua-
tion pipeline. Since CounterFact, ZsRE, and Wiki-
CounterFact adopt different forms of evaluation
prompts, we define their metrics separately.

Let fθ denote the original model and fθ′ the
edited model. For edit request i, let qi denote the
original edit prompt, oi the original object, and ôi
the desired edited object. We use I[·] to denote the
indicator function.

G.1 CounterFact Metrics
For CounterFact, edit success is determined by
comparing the probability of the desired edited
object with that of the original object.

Efficacy (Eff.). Efficacy measures whether the
desired edited object becomes more probable
than the original object under the original rewrite
prompt. For each edit, we define

eCF
i = I[Pθ′(ôi | qi) > Pθ′(oi | qi)] . (94)

The dataset-level efficacy is

EffCF =
100

N

N∑︂

i=1

eCF
i . (95)

Generalization (Gen.). Let Ri denote the set of
paraphrased prompts associated with edit i. We
first compute the generalization score for each edit:

gCF
i =

1

|Ri|
∑︂

q∈Ri

I[Pθ′(ôi | q) > Pθ′(oi | q)] .

(96)
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The final generalization score is

GenCF =
100

N

N∑︂

i=1

gCF
i . (97)

Specificity (Spe.). Let Ni denote the neighbor-
hood prompts associated with edit i. For each edit,
we define

sCF
i =

1

|Ni|
∑︂

q∈Ni

I[Pθ′(oi | q) > Pθ′(ôi | q)] .

(98)
The dataset-level specificity is

SpeCF =
100

N

N∑︂

i=1

sCF
i . (99)

G.2 ZsRE Metrics
For ZsRE, efficacy and generalization are evaluated
as answer accuracy on the original and rephrased
questions, respectively.

Efficacy (Eff.). For each edit request, we define

eZsRE
i = I

[︂
ôi = argmax

o
Pθ′(o | qi)

]︂
. (100)

The efficacy score is

EffZsRE =
100

N

N∑︂

i=1

eZsRE
i . (101)

Generalization (Gen.). For the rephrased
prompt set Ri, we define

gZsRE
i =

1

|Ri|
∑︂

q∈Ri

I
[︂
ôi = argmax

o
Pθ′(o | q)

]︂
.

(102)
The dataset-level generalization score is

GenZsRE =
100

N

N∑︂

i=1

gZsRE
i . (103)

Specificity (Spe.). Let Ui denote the unrelated
prompts associated with edit i, and let y(q) denote
the corresponding ground-truth answer. We define
the instance-level specificity as

sZsRE
i =

1

|Ui|
∑︂

q∈Ui

I
[︂
y(q) = argmax

o
Pθ′(o | q)

]︂
.

(104)
The final specificity score is

SpeZsRE =
100

N

N∑︂

i=1

sZsRE
i . (105)

G.3 Wiki-CounterFact Metrics
Wiki-CounterFact additionally evaluates whether
the edited knowledge can be used in semantically
related or downstream queries.

Efficacy (Eff.). For each edit request,

eWiki
i = I

[︂
ôi = argmax

o
Pθ′(o | qi)

]︂
. (106)

The efficacy score is

EffWiki =
100

N

N∑︂

i=1

eWiki
i . (107)

Portability (Por.). Let Pi denote the portability
prompts associated with edit i, and let a(q) denote
the correct answer to portability query q. For each
edit, we compute

pi =
1

|Pi|
∑︂

q∈Pi

I
[︂
a(q) = argmax

o
Pθ′(o | q)

]︂
.

(108)
The portability score is

Por =
100

N

N∑︂

i=1

pi. (109)

Locality (Loc.). Let Li denote neighboring or
unrelated prompts whose predictions should remain
unchanged after editing. For each edit, we define

ℓi =
1

|Li|
∑︂

q∈Li

I[ŷθ′(q) = ŷθ(q)] , (110)

where

ŷθ(q) = argmax
o

Pθ(o | q),
ŷθ′(q) = argmax

o
Pθ′(o | q).

(111)

The dataset-level locality is then

Loc =
100

N

N∑︂

i=1

ℓi. (112)

A higher locality score indicates that editing
causes less collateral change to knowledge outside
the intended editing scope.

G.4 Fluency
Fluency is reported for CounterFact and Wiki-
CounterFact and is evaluated using generation en-
tropy. The metric is designed to detect degenerate
or repetitive generation after editing.
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For generated text x, let gn(k;x) denote the em-
pirical probability of the n-gram k. The n-gram
entropy is

Hn(x) = −
∑︂

k

gn(k;x) log2 gn(k;x). (113)

Following the standard CounterFact evaluation,
bigram and trigram entropy are combined as

Flu(x) =
1

2

(︃
2

3
H2(x) +

4

3
H3(x)

)︃
. (114)

The reported fluency score is averaged over gen-
erated evaluation samples. Larger values indicate
more diverse and less repetitive generation.

Batch-editing setting. Our primary experiments
evaluate large-scale simultaneous knowledge up-
dates rather than isolated single edits. Conse-
quently, these metrics measure not only whether
an individual target fact is successfully injected,
but also whether generalization, portability, and
preservation remain stable when many heteroge-
neous edit requests compete for the same model
parameters.

H Additional Robustness Experiments

The full-scale experiments in the main paper are
computationally expensive, particularly for 7–8B
parameter models with 10,000 simultaneous edit
requests. To evaluate whether the observed im-
provements depend on a particular sampling of the
benchmark, we additionally conduct a five-seed
experiment.

We use random seeds 40, 41, 42, 43, and 44. For
CounterFact and ZsRE, each run uses a randomly
sampled 5K subset from the original benchmark
distribution. Wiki-CounterFact contains only 839
instances, so the full dataset is evaluated in every
run.

Due to the computational cost of repeating ev-
ery baseline five times, we compare AdaPE with
MEMIT. MEMIT is the most directly related fixed-
strength batch-editing method and therefore pro-
vides the most relevant comparison for evaluating
the stability of adaptive editing strength.

Table 3 reports the mean and standard deviation
over the five runs.

Across both models, AdaPE preserves the same
overall trend observed in the full-scale experi-
ments. The improvements in efficacy and general-
ization/portability remain consistent across differ-
ent random samplings, while preservation-related

metrics remain close to those of MEMIT. These
results indicate that the gains of AdaPE are not
caused by a single favorable benchmark sample.

I Ablation of Editing Pressure
Components

AdaPE characterizes editing difficulty using two
complementary factors: residual energy, which
measures the amount of correction required by an
edit, and spatial sensitivity, which characterizes
how sensitive the local parameter geometry is to
the corresponding update.

To isolate their contributions, we conduct an ab-
lation study on Llama3-8B-Instruct using the same
data configuration as the main experiments: 10,000
edit requests for CounterFact, 10,000 requests for
ZsRE, and all 839 Wiki-CounterFact instances. We
compare MEMIT, a variant using only residual en-
ergy, a variant using only spatial sensitivity, and
the complete AdaPE edit-density formulation.

Using residual energy alone already improves
substantially over MEMIT on efficacy and general-
ization, showing that different edit requests require
different amounts of correction. Spatial sensitivity
alone also improves editing performance while re-
taining slightly stronger preservation behavior on
several metrics. Their combination provides the
best efficacy and generalization/portability results,
demonstrating that the two terms capture comple-
mentary aspects of editing difficulty.

J Qualitative Analysis across Editing
Pressure

To provide a more intuitive interpretation of editing
pressure, we divide CounterFact edit requests into
pressure quartiles from low pressure (Q1) to high
pressure (Q4) and inspect representative cases.

Low-pressure edits typically involve relatively
weak factual associations, such as less salient
personal attributes, niche organizations, or sec-
ondary entities. In these cases, the original subject–
relation–object association is relatively weak and
can often be replaced with a small parameter per-
turbation.

Medium-pressure edits increasingly involve rec-
ognizable entities, brands, geographic information,
historical context, or stronger type constraints. Ex-
isting model knowledge therefore begins to com-
pete with the counterfactual target.

High-pressure edits frequently correspond to
strongly memorized world-knowledge associations,
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Wiki-CounterFact CounterFact ZsRE

Model Algorithm Eff.↑ Por.↑ Loc.↑ Flu.↑ Eff.↑ Gen.↑ Spe.↑ Flu.↑ Eff.↑ Gen.↑ Spe.↑

Llama3-8B-Instruct MEMIT 63.33±1.99 29.71±0.57 51.37±0.31 6.16±0.03 90.55±1.10 46.79±0.29 86.12±0.10 6.25±0.02 82.01±0.90 73.72±0.72 42.51±0.75
Llama3-8B-Instruct AdaPE 75.35±0.61 32.48±0.26 50.34±0.14 6.14±0.02 95.83±0.34 52.30±0.58 85.67±0.11 6.24±0.02 86.90±0.59 78.36±0.60 42.16±0.81

Qwen2.5-7B-Instruct MEMIT 67.96±1.28 43.20±0.47 44.59±0.20 6.17±0.02 95.03±0.52 65.17±0.46 66.23±0.35 6.18±0.01 72.38±0.73 67.69±0.61 42.22±0.58
Qwen2.5-7B-Instruct AdaPE 69.82±0.66 44.15±0.31 44.64±0.16 6.17±0.02 95.33±0.31 65.93±0.39 66.16±0.47 6.18±0.02 73.55±0.56 68.35±0.48 42.47±0.55

Table 3: Five-seed robustness evaluation. We report mean ± standard deviation over random seeds 40–44.
CounterFact and ZsRE use randomly sampled 5K subsets in each run, while Wiki-CounterFact uses all 839 instances.
AdaPE consistently improves editing efficacy and generalization/portability over the fixed-strength MEMIT baseline
while maintaining comparable locality, specificity, and fluency.

Wiki-CounterFact CounterFact ZsRE

Algorithm Eff.↑ Por.↑ Loc.↑ Flu.↑ Eff.↑ Gen.↑ Spe.↑ Flu.↑ Eff.↑ Gen.↑ Spe.↑

MEMIT 64.24 29.71 51.34 6.16 86.47 42.36 84.07 6.25 77.25 69.54 43.43
Only residual energy 71.80 31.20 50.10 6.14 90.90 45.90 83.10 6.24 80.20 72.10 42.60
Only spatial sensitivity 69.50 30.70 50.80 6.15 89.40 44.80 83.80 6.24 79.10 71.00 43.10
AdaPE 74.85 32.16 50.32 6.14 92.27 47.20 83.20 6.24 81.56 73.67 42.97

Table 4: Ablation of residual energy and spatial sensitivity on Llama3-8B-Instruct. Residual energy primarily
captures correction demand and contributes strongly to efficacy and generalization/portability, whereas spatial
sensitivity provides information about update safety. Combining both factors produces the strongest overall efficacy–
preservation trade-off.

including capitals, continents, official languages,
and highly salient entity–brand relations. These
associations appear across many contexts in pre-
training data and are substantially more resistant to
parameter modification.

K High-Pressure Failure Cases and
Diagnostic

The adaptive mechanism of AdaPE deliberately re-
duces the residual absorption rate for high-pressure
requests when aggressive editing would cause large
collateral perturbations. Under a strict requirement
that every target fact must be completely corrected,
an insufficiently corrected high-pressure request
should therefore be regarded as an editing failure
rather than silently treated as a successful edit.

Our qualitative inspection shows that many
failed high-pressure examples correspond to highly
salient factual relations or semantically difficult
counterfactual targets. Representative examples
are shown in Table 6.

To make such cases observable in deployment,
we additionally use the achieved update ratio ρi
as a post-edit diagnostic. Given a user-defined
warning threshold τρ, we define the flagged set
as

Fτρ = {i | ρi < τρ} . (115)

A low achieved update ratio indicates that only
a limited fraction of the desired residual has been
absorbed.

On the 10,000-request CounterFact experiment,
the warning criterion used in our analysis identi-
fies 487 requests, corresponding to approximately
4.87% of all edits, as potentially under-corrected
cases. These cases can be explicitly surfaced for
additional verification rather than being treated as
ordinary successful edits.

For applications with stricter correction require-
ments, flagged requests can be handled using a two-
stage workflow. First, the model performs stability-
constrained batch editing. Post-edit verification
is then used to identify insufficiently corrected re-
quests. These difficult cases can subsequently be
re-edited using smaller batches or stronger edit-
ing configurations. This workflow preserves the
stability benefits of AdaPE for the majority of re-
quests while enabling stricter treatment of difficult
outliers.

L Discussion of Scope

Projection and adaptive strength allocation.
Projection-based editing and AdaPE address com-
plementary aspects of the editing problem. Pro-
jection methods such as AlphaEdit primarily deter-
mine where a parameter update should lie in order
to reduce interference with preserved knowledge.
AdaPE instead determines how strongly each re-
quest should absorb its target residual within the
available update geometry.

Even after projection, different requests can re-
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Quartile Subject + Prompt Original Target P Success Interpretation / Failure Reason

Q1 The native language of Alain Ma-
banckou is

French Swedish 1.9090 ✓ Low-pressure personal attribute; the original associa-
tion is relatively weak.

Q1 Daeg Faerch’s profession is a actor mathematician 1.9080 ✓ Weakly coupled biographical association.
Q1 CBS Evening News debuted on CBS PBS 1.4500 ✓ The requested replacement can be absorbed with rela-

tively small interference.

Q2 The original language of The Icelandic
Dream is

Icelandic Tamil 1.9820 ✓ Moderate semantic constraint but still sufficiently
writable.

Q2 Outlook.com is owned by Microsoft Mobile 2.1595 ✓ A stronger entity association, but the target remains
editable.

Q2 Liverpool John Lennon Airport, which
is called after

Liverpool Cambridge 2.1595 × Name coupling: the airport is strongly associated with
Liverpool, making the named-after relation difficult
to replace.

Q3 Ferrari 156 F1, created by Ferrari Suzuki 2.4455 × Brand coupling: Ferrari is strongly associated with
Formula 1 history.

Q3 Porsche 911, developed by Porsche Honda 2.2970 × Brand coupling: the model tightly associates the
Porsche 911 with Porsche as its manufacturer.

Q3 Victoria Land, which was named for Victoria Hollywood 2.4550 × Lexical and historical name coupling makes the origi-
nal association difficult to override.

Q4 Spain’s capital city is Madrid Valencia 7.3943 × Deep historical coupling: Spain–Madrid is a highly
frequent and stable world-knowledge association.

Q4 Germany is a part of the continent of Europe Antarctica 6.9283 × Geographic commonsense coupling makes the origi-
nal association highly resistant to editing.

Q4 In India, an official language is Hindi Finnish 5.8154 × National-identity and language coupling strongly fa-
vors the original fact.

Table 5: Representative edits from different editing-pressure quartiles on CounterFact. Low-pressure facts are
generally associated with weaker existing factual bindings and are easier to rewrite, whereas high-pressure facts
frequently correspond to strongly memorized entity, geographic, historical, or commonsense associations.

Coupling Type Subject + Prompt Original Target P Success

Capital–country coupling Spain’s capital city is Madrid Valencia 7.3943 ×
Geographic commonsense
coupling

Germany is a part of the continent of Europe Antarctica 6.9283 ×

International-organization
coupling

Germany is a member of UNESCO Hamas 7.0498 ×

Twin-city coupling Istanbul is a twin city of Athens Istanbul 8.6445 ×

Table 6: Representative high-pressure failure cases. These edits involve strongly memorized or highly constrained
factual associations, for which fully absorbing the counterfactual residual may require substantially larger and
potentially more destructive parameter changes.

tain different residual magnitudes, key-space sensi-
tivities, and levels of writability. Consequently, a
single global editing strength may remain subopti-
mal for a heterogeneous batch. From this perspec-
tive, projection and adaptive strength allocation are
complementary rather than competing strategies.

Batch interactions. AdaPE does not indepen-
dently compute and sum isolated single-fact edits.
It retains the MEMIT-style joint batch formulation,
in which interactions among edit keys are included
through the shared batch solution. AdaPE changes
the uniform strength allocation into an instance-
adaptive diagonal allocation while leaving the un-
derlying joint solver structure unchanged.

Model scope. Our current experiments are re-
stricted to Llama3-8B-Instruct and Qwen2.5-7B-
Instruct, both of which are decoder-only Trans-
formers at the 7–8B scale. This choice follows the

experimental setting commonly used by locate-and-
edit approaches such as ROME, MEMIT, CORE,
and AlphaEdit, which operate on MLP associative-
memory modules.

We therefore restrict our empirical claim to
decoder-only, MLP-associative-memory editing
and do not claim architectural universality for sub-
stantially larger models or encoder–decoder archi-
tectures. Evaluating such models would also re-
quire substantially greater computational resources
than the two 48GB vGPU machines used in our
experiments.
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