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Abstract

Multi-round batch knowledge editing often
suffers from performance degradation as ed-
its accumulate. Focusing on the locate-then-
edit paradigm, we analyze this phenomenon
from a spectral perspective and identify a pre-
viously overlooked structural factor: the intrin-
sic knowledge of the model and historical edit
memories exhibit markedly different spectral
characteristics and information distributions,
yet are naively coupled and jointly inverted
during editing. Based on this insight, we pro-
pose SpecEdit to improve the model editing
from a spectral perspective. SpecEdit performs
spectral decoupling to isolate editing-critical
directions and reduce destructive coupling, fol-
lowed by spectral-structure-aware information
compensation and spectral fusion to construct
a refined closed-form solution. The module in-
tegrates seamlessly into existing editing meth-
ods without altering their original optimization
procedures. Experiments on multiple LLMs
and editing methods show that SpecEdit con-
sistently improves performance, demonstrat-
ing that modeling spectral structure is an ef-
fective, interpretable approach and a promis-
ing direction for future research. Our code is
available at: https://github.com/MKCatch/
SpecEdit

1 Introduction

Large language models (LLMs) have demonstrated
strong performance across a wide range of tasks;
however, they inevitably encode outdated or incor-
rect information (Cao et al., 2021; Mitchell et al.,
2022b) and may even produce hallucinated con-
tent (Ji et al., 2023; Huang et al., 2025). To ad-
dress these limitations, knowledge editing (Wang
et al., 2024b; Zhang et al., 2024; Wu et al., 2024)
has emerged as a promising paradigm for updating
model knowledge without the cost of full retrain-
ing.

*Corresponding author.

Multi-round batch editing (i.e., lifelong or se-
quential editing) is essential when factual knowl-
edge continually evolves. However, as edits ac-
cumulate, models often suffer degraded rewrite
success, weaker paraphrase generalization, and re-
duced protection of neighboring knowledge, be-
cause each round must preserve intrinsic knowl-
edge, retain prior edits, and integrate new updates
simultaneously (Meng et al., 2023; Fang et al.,
2025; Zhou et al., 2025a).

To address these issues, many advanced editing
approaches have been developed. The parameter-
preserving approach, such as WISE (Wang et al.,
2024a) and KDE (Xu et al., 2025), separate in-
trinsic and edited knowledge into main and side
parametric memories and route queries to reduce
conflicts. In this paper, we focus on the parameter-
modifying approach. Prior studies show that fac-
tual knowledge in Transformer models is primarily
stored in structured subspaces of the MLP/FFN lay-
ers, which can be viewed as key–value-style mem-
ories (K–V pairs) (Geva et al., 2021; Dai et al.,
2022). These mechanisms can be abstracted as key–
value mappings with weights of neurons W , i.e.,
WK = V . The core challenge is how to modify
W through a perturbation ∆ to achieve the desired
knowledge update. For example, WilKE focuses
on where to apply edits by selecting proper lay-
ers (Hu et al., 2024). Built upon MEMIT (Meng
et al., 2023), AlphaEdit (Fang et al., 2025) derives
∆ from the null-space of K0, explicitly preserving
intrinsic knowledge K0 while incorporating current
editing information K1 and edit history Kp across
editing rounds.

These methods all require closed-form solutions
of ∆ by balancing the intrinsic knowledge K0 and
edit history Kp (Fig. 1), but neglect the differences
in energy scale and information distribution be-
tween K0 and Kp. Specifically, we conducted
spectral analyses to examine the eigenstructure of
K0 and Kp, along with a series of cut-and-test ex-
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Figure 1: Balancing intrinsic knowledge K0 and edit
history Kp in knowledge editing. Over-weighting either
K0 or Kp degrades the edit outcome. C0 ≜ K0K

⊤
0 and

Cp ≜ KpK
⊤
p not only have mismatched spectra but

also differ substantially in effective rank. The spectrum
of Cp has three abrupt drops, and the spectrum before
the second abrupt drop is very similar to C0.

periments. Our results indicate that editing-critical
information in Kp is concentrated along a few dom-
inant directions, whereas K0 is more dispersed
and exhibits a markedly different energy scale
(Fig. 1). Naively aggregating their second-order
statistics, e.g., through K0K

⊤
0 +KpK

⊤
p in closed-

form solutions, can induce unbalanced directional
updates (Davis and Kahan, 1970). Consequently,
the central challenge in multi-round batch editing
is not merely adjusting the weights of K0 and Kp.
Instead, it lies in mitigating interference between
the concentrated editing subspace and the dispersed
stability subspace across iterative updates. Without
such mitigation, interference accumulates, leading
to bias and degradation of model performance.

Motivated by these insights, we propose
SpecEdit, a three-stage, general framework that
combines spectral decoupling, information com-
pensation, and spectral fusion. It first isolates the
editing-critical directions of historical edit memory
to reduce destructive interference, then restores lost
representational capacity for both intrinsic knowl-
edge and accumulated edits, and finally merges
the refined components into a cohesive second-
order structure for reliable multi-round batch edit-
ing. Our framework is plug-and-play and can be in-
tegrated as a structural preprocessing and enhance-
ment module into a wide range of existing edit-
ing approaches, including locate-then-edit baseline
methods such as MEMIT and constraint-aware vari-
ants such as AlphaEdit (Meng et al., 2023; Fang

et al., 2025). Our experiments demonstrate that the
proposed approach leads to overall improvements
across a variety of models and datasets.

Our contributions can be summarized as follows:
• We perform a spectral analysis of the model’s

intrinsic and previously edited knowledge, re-
vealing that editing-critical information in his-
torical edits is highly concentrated, whereas
intrinsic knowledge is more dispersed.

• Based on these insights, we propose SpecEdit,
a novel method that explicitly accounts for
the spectral differences between intrinsic and
historical knowledge, leading to improved per-
formance in multi-round knowledge editing.

2 Preliminary

2.1 Knowledge Editing Problem

We consider autoregressive large language mod-
els (LLMs) based on the Transformer architecture,
where each layer updates token representations via
residual connections over self-attention and feed-
forward networks (FFNs) (Vaswani et al., 2017).
For analytical purposes, the FFN output weights
can be abstracted as implementing a key–value
style associative memory (Geva et al., 2021), in
which a contextualized key derived from the input
prompt retrieves and writes a corresponding value
into the residual stream.

Suppose we wish to edit u factual triples. We
can represent them as u key–value pairs, where
each key k encodes a subject–relation pair (s, r)
and the associated value v encodes the object o.
For example, a key representing “Eiffel Tower”-
“is located in” should retrieve the value “Paris.”
This abstraction allows us to model the FFN as an
approximate linear mapping, WK = V , where

K = [ k1 k2 · · · ku ] ∈ Rd0×u,

V = [ v1 v2 · · · vu ] ∈ Rd1×u,
(1)

and W ∈ Rd1×d0 is the FFN output weight matrix.
For robustness, each factual triple is represented
by a key vector computed under multiple prompt
templates, with the final key obtained by averaging
these vectors across all prompts.

This formulation underlies a broad family of
parameter-modifying methods, which rewrite fac-
tual associations by updating a small subset of
model parameters (e.g., FFN weights) (Cao et al.,
2021; Mitchell et al., 2022a; Meng et al., 2022).
Formally, given a target set of knowledge to update,
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represented by (K1, V1), the goal is to find a per-
turbation ∆ such that (W +∆)K1 = V1, thereby
modifying the model to incorporate the desired
knowledge.

2.2 Knowledge Editing Solution

MEMIT (Meng et al., 2023) casts editing as a regu-
larized least-squares problem that writes (K1, V1)
while preserving intrinsic knowledge K0:

∆ = argmin
∆̃

(
∥∥∥(W + ∆̃)K1 − V1

∥∥∥
2
+
∥∥∥∆̃K0

∥∥∥
2
).

(2)
Let R = V1−WK1. The closed-form solution can
be written as

∆ = RK⊤
1

(
K0K

⊤
0 +K1K

⊤
1

)−1
. (3)

Fang et al. (Fang et al., 2025) extend MEMIT to
account for historical edits Kp,

∆ = argmin
∆̃

(
∥∥∥∆̃K0

∥∥∥
2
+
∥∥∥(W + ∆̃)K1 − V1

∥∥∥
2

+
∥∥∥(W + ∆̃)Kp − Vp

∥∥∥
2
),

(4)
yielding the following closed-form solution:

∆ = RK⊤
1

(
K0K

⊤
0 +KpK

⊤
p +K1K

⊤
1

)−1
.

(5)
This solution integrates intrinsic model knowl-

edge K0 with edits Kp or K1 by combining their
respective second-order structures through addi-
tion and inversion, e.g.,

(K0K
⊤
0 +KpK

⊤
p )−1. (6)

This implicitly assumes that these two sources can
be directly summed without introducing strong ge-
ometric bias, a premise that becomes increasingly
delicate under large-scale sequential editing.

AlphaEdit (Fang et al., 2025) introduces a null-
space projection matrix P to constrain updates.
This ensures that intrinsic knowledge (K0) is pre-
served (i.e., ∆̃PK0K

⊤
0 = 0) while removing com-

ponents of historical edits (Kp) that lie in the K0

subspace, yielding an effective historical memory
PKp. Its objective is

∆ = argmin
∆̃

(
∥∥∥(W + ∆̃P )K1 − V1

∥∥∥
2

+
∥∥∥∆̃P

∥∥∥
2
+
∥∥∥∆̃PKp

∥∥∥
2
),

(7)

with the corresponding closed-form update

∆ = RK⊤
1 P

(
KpK

⊤
p P +K1K

⊤
1 P + I

)−1
.

(8)
By projecting historical edits, AlphaEdit avoids

directly coupling K0K
⊤
0 +KpK

⊤
p . However, this

also risks discarding components of Kp that are
critical for preserving past edits.

3 Spectral Insights for Editing

A broad class of locate-then-edit methods, in-
cluding MEMIT and AlphaEdit mentioned above,
shares a common structural component in the
closed-form updates: second-order terms derived
from different knowledge sources are additively
combined and then inverted. When K0 and Kp

differ substantially in energy scale or distribu-
tion, their second-order statistics through K0K

⊤
0 +

KpK
⊤
p in closed-form solutions may be dominated

by the higher-energy term, causing unbalanced di-
rectional weighting (Davis and Kahan, 1970). Con-
sequently, inverting the coupled matrix can distort
or wash out important directions from either term.

For better illustration, we denote the key struc-
tures in Equation 6 as follows:

C0 ≜ K0K
⊤
0 , Cp ≜ KpK

⊤
p .

C0 characterizes the model’s intrinsic knowledge,
while Cp summarizes the previously edited knowl-
edge in Kp. Below, we analyze their differences
through the spectra of C0 and Cp.

3.1 Spectral Analysis
Given a matrix C (C0 or Cp), we normalize eigen-
values (or squared singular values) into a probabil-
ity distribution: pi(C) = λi(C)/

∑
j λj(C), which

minimizes the impact of differences in total en-
ergy scales across matrices and allows us to com-
pare their spectra. We conduct multi-round editing
on GPT2-XL using MEMIT with the CounterFact
dataset (Meng et al., 2022). For more spectral anal-
ysis, please kindly refer to the appendix.

Generally, the spectra of C0 (blue) and Cp (or-
ange) (Fig. 1) reveal markedly different spectral pat-
terns. C0 exhibits a slowly decaying spectrum with
a substantial high-energy tail, indicating that its
information is distributed broadly across many di-
rections and therefore more dispersed. This reflects
the inherent knowledge of the language model,
which is naturally rich and diverse. In contrast,
Cp exhibits a spectrum with energy concentration
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in a few dominant directions and multiple abrupt
drops, resulting in a low-energy tail. Such concen-
tration arises from the accumulated history of edits,
and naturally leads its editing-critical information
to be dominated by a small set of key directions.
These observations suggest that C0 and Cp differ
substantially in both energy scale and spectrum,
making effective considerations of both non-trivial.

In addition, Cp exhibits a consistent secondary
signal: the location of the second abrupt drop in
its spectrum tracks the number of edited facts. In
Fig. 1, when Cp encodes 500 edited facts, the sec-
ond drop occurs near i ≈ 500; this drop shifts pro-
portionally as the number of edited facts changes,
showing a strong positive correlation. More re-
sults are provided in Appendix A. This observation
suggests that the second drop delineates an effec-
tive editing-critical subspace: directions before the
drop carry most editing information, while those
after contribute minimally.

3.2 Cut-and-Test Ablations

To investigate the editing-critical subspace, We con-
duct targeted ablations following the same setup
and metrics.

First, the Cp spectrum is split at its second drop
point, yielding two components: (1) C1

p , the dom-
inant, energy-concentrated subspace before the
drop, considered the editing-critical subspace, and
(2) C2

p , the low-energy tail after the drop, represent-
ing weakly contributing or redundant directions,

Cp = C1
p + C2

p , (9)

The drop index is determined via the procedure in
Appendix B. Second, to examine the interaction
with intrinsic knowledge, C0 is decomposed based
on Cp as

C0 = C1
0 + C2

0 , (10)

where C1
0 is the projection of C0 onto the C1

p sub-
space, capturing intrinsic components that may
compete with edits, and C2

0 is the complementary
part outside this subspace.

We selectively remove C1
p , C2

p , or C1
0 , in or-

der to assess the necessity or importance of the
editing-critical subspace, the low-energy tail, and
the intrinsic knowledge components aligned with
the dominant edit directions, respectively. We use
the experimental setup and metrics described in
Section 5. The results in Table 1 lead to three main
observations.

Table 1: Cut-and-test ablations. All settings are evalu-
ated with MEMIT on CounterFact (GPT2-XL). C0 + Cp

denotes the full update using both C0 and Cp. Remove
C1

p or C2
p removes the corresponding decomposed com-

ponent from Cp (while keeping the rest unchanged), and
Remove C1

0 removes the corresponding decomposed
component from C0.

Setting Eff. Gen. Spe. Flu. Consis.
C0 + CP 93.5 82.48 72.18 616.28 38.4
Remove C1

P 77.25 70.68 54.65 585.15 26.80
Remove C2

P 93.00 81.70 72.64 617.72 38.37
Remove C1

0 93.90 81.00 72.16 615.99 38.29

First, removing C1
p results in a substantial drop

in both editing efficacy and generalization, indicat-
ing that the core editing capability of Cp is con-
centrated in a small set of dominant directions. In
contrast, removing C2

p causes little performance
change, suggesting that the low-energy tail con-
tributes minimally and is largely redundant for edit-
ing. Second, removing C1

0 leads to only minor
performance changes. This is because C0 and Cp

differ by three orders of magnitude (Fig. 1), so re-
moving C1

0 has a much smaller effect. This implies
that intrinsic knowledge does not depend on a small
shared dominant subspace with Cp; instead, it is
distributed more broadly across many directions,
consistent with the flatter spectrum of C0. Even
after excluding the component of C0 aligned with
C1
p , the remaining part C2

0 is sufficient to main-
tain a reasonable balance between editability and
stability.

These analyses suggest that C0 and Cp have a
different energy scale, spectrum and information
distribution and their sum may be casuing unbal-
anced directional weighting. We propose SpecEdit
to solve this problem.

4 SpecEdit

SpecEdit is a three-stage, general framework for
multi-round batch editing, motivated by the spec-
tral insights. Our goal is to construct a new second-
order structure C∗ to replace the original additive
term, while leaving the subsequent optimization
and inversion steps unchanged.

SpecEdit consists of three stages: (i) Spectral
decoupling: the editing-critical subspace of Cp

is used to separate the functional subspaces of
C0 and Cp, reducing competition and interference
along key directions; (ii) Information compensa-
tion: spectrum-aware mechanisms are applied to
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Figure 2: Overview of our three-stage pipeline. We first observe a clear spectrum mismatch between C0 and
Cp, indicating dispersed vs. concentrated information distributions. Spectral decoupling splits them along the
editing-critical subspace of Cp, yielding the complementary component C2

0 and the dominant component C1
p .

Information compensation then strengthens these components in a structure-matched manner, producing the
rebalanced αC2

0 and the augmented keys Cm,1
p . Spectral fusion finally merges the enhanced components to obtain

C∗, which reduces redundancy while improving the representations of both intrinsic and edited knowledge.

C0 and Cp to recover information lost during de-
coupling and pruning; (iii) Spectral fusion: the
retained and enhanced components are merged into
a new second-order term, which is then inserted
into the standard closed-form solution of ∆. The
full pipeline is illustrated in Fig. 2.

4.1 Spectral Decoupling

The second abrupt drop in the normalized spectrum
of Cp is used to define the boundary of its energy-
concentrated, editing-critical subspace. Formally,
if R = {r1, r2, . . . } are the detected drop points
in order, we set the split index as r = r2. The
specific method for searching for r2 is provided in
Appendix B. The top-r eigenvectors of Cp, where
r is the second drop point, form the column space
defining edit history Cp’s editing-critical subspace
projector P . The detailed procedure for construct-
ing P is provided in Appendix C.

Both C0 and Cp are then decomposed into a core
block within this subspace and a complementary
residual:

C1
0 = PC0P, C1

p = PCpP, (11)

C2
0 = C0 − C1

0 , C2
p = Cp − C1

p . (12)

Here, C1
p captures the concentrated core of edit

history Kp, while C2
p contains the low-energy tail

and all off-core components. Similarly, C1
0 is the

projection of C0 onto the same critical subspace,
and C2

0 collects the remaining components.

4.2 Information Compensation

Spectral decoupling reduces conflicts between C0

and Cp but inevitably discards some information:
part of C0 in the energy-concentrated subspace of
Kp (C1

0 ) and part of Cp in the low-energy tail of
Kp (C2

p ). To restore lost capacity, we compen-
sate for this information with two spectrum-aware
strategies.
C0 energy rebalancing. Since C0 is dispersed

and redundant, we simply scale its retained com-
ponent C2

0 by a factor α > 1, restoring its overall
energy without reintroducing interference in the
critical subspace.
Cp contextual key augmentation. Cp is energy-

concentrated, with editing information concen-
trated in a few directions. Simple scaling cannot
recover its structural information. Instead of av-
eraging the key vectors across multiple context
templates (prompts) as done in prior work, we
stack them column-wise to form an augmented ma-
trix Cm

p where m denotes the number of context-
specific key vectors being stacked. This matrix re-
places the original Cp, and its pre-drop component
Cm,1
p replaces C1

p , preserving the full set of context-
specific directions for subsequent editing. This
augmentation introduces multi-context consistency
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without changing the target semantics, strengthens
the editing-critical subspace, increases the effec-
tive information in Cp, and improves robustness
and generalization in multi-round editing.

Based on sensitivity analysis (Appendix D), we
set α = 2 and m = 5.

4.3 Spectral Fusion

Afterwards, the retained components are fused into
a final second-order term:

C∗ = αC2
0 + Cm,1

p , (13)

where Cm,1
p is the energy-concentrated subspace

from Cp and C2
0 is the stable residual of C0. The

hyperparameter α restores energy lost during de-
coupling/pruning. In all experiments, we set α = 2
as a simple scale to restore the overall magnitude
of the retained C2

0 term.

Fusion examples. SpecEdit is a lightweight
fusion plugin that can be inserted into a shared
second-order substructure of a pre-localized, post-
edited solver. Taking MEMIT (Meng et al., 2023)
as an example, its closed-form solution can be
rewritten as

∆MEMIT = RK⊤
1 (C∗)−1. (14)

In this way, SpecEdit is applied to MEMIT. Since
the closed-form solutions of PRUNE (Ma et al.,
2025) and RECT (Gu et al., 2024) are the same
as those of MEMIT, SpecEdit can be directly ap-
plied in the same way. For AlphaEdit (Fang et al.,
2025), we replace the original null projection ma-
trix C0 = K0K

T
0 with the null projection matrix

of C∗, while keeping its closed-form solution un-
changed to apply SpecEdit.

5 Experiments

5.1 Experimental Setup

We conduct experiments on three Transformer-
based LLMs: GPT2-XL (1.5B), GPT-J (6B), and
LLaMA3 (8B). SpecEdit is integrated into several
representative locate-then-edit baselines, includ-
ing MEMIT (Meng et al., 2023), PRUNE (Ma
et al., 2025), RECT (Gu et al., 2024), and Al-
phaEdit (Fang et al., 2025). We evaluate on the
CounterFact (Meng et al., 2022) and ZsRE (Levy
et al., 2017) benchmarks. In total, we edit 2000
knowledge facts, using a batch size of 100 edits.

Following prior work, we report five standard met-
rics: Efficacy (Eff.), Generalization (Gen.), Speci-
ficity (Spe.), Fluency (Flu.), and Consistency (Con-
sis.). Higher scores indicate better performance
for all metrics. All experiments are run on a work-
station equipped with an NVIDIA RTX Pro 6000
GPU.

5.2 Main Results
Table 2 reports the results. Generally, across
most method–model–dataset settings, SpecEdit im-
proves the primary editing objectives named Effi-
cacy and Generalization, while preserving Speci-
ficity, Fluency, and Consistency. This demon-
strates that SpecEdit is model-agnostic, providing
a general structural refinement to the “addition-
and-inversion” subcomponent in the closed-form
solution, which improves update reliability and ro-
bustness to paraphrase variation.

In a number of cases, the gains are substan-
tial. For example, on LLaMA3-8B with MEMIT,
efficacy and generalization on CounterFact in-
crease from 65.65%–64.65% to 99.43%–95.05%,
while on zsRE they rise from 34.62%–31.28% to
95.29%–91.38%. With RECT, efficacy on Counter-
Fact improves from 66.05% to 96.47%, with speci-
ficity and consistency largely maintained. Notably,
on GPT-J with PRUNE, efficacy on ZsRE recovers
dramatically from 0.15% to 35.09%. In contrast,
the baseline methods suffer from strong competi-
tion between intrinsic structure and historical edit
memory within the editing-critical subspace. By
mitigating this interference and restoring usable ca-
pacity, SpecEdit achieves markedly better editing
outcomes.

While overall performance improves, a small
number of negative cases are observed. On zsRE
with GPT2-XL, SpecEdit slightly decreases efficacy
and generalization for RECT (e.g., from 81.02%
to 77.35% and from 73.08% to 68.07%) and Al-
phaEdit (e.g., from 94.81% to 87.20% and from
86.11% to 77.54%). We hypothesize that, in cer-
tain method–model settings, the information en-
hancement step may overly reinforce directions
that are not strictly editing-critical, reducing up-
date controllability and harming rewrite success.
This effect appears more pronounced for smaller
models and the ZsRE benchmark.

5.3 Ablation Study
We conduct an ablation study to disentangle the
respective contributions of spectral decoupling
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Model Method Counterfact ZsRE
Eff. Gen. Spe. Flu. Consis. Eff. Gen. Spe.

LL
A

M
A

3

MEMIT
– 65.65±0.47 64.65±0.42 51.56±0.38 437.43±1.67 6.58±0.11 34.62±0.36 31.28±0.34 18.49±0.19

SpecEdit 99.43±0.23 95.05±0.05 80.28±0.52 627.67±0.67 32.95±0.22 95.29±0.24 91.38±0.17 32.40±0.08

DIFF +33.78 (51%) +30.40 (47%) +28.72 (56%) +190.24 (43%) +26.37 (>99%) +60.67 (>99%) +60.10 (>99%) +13.91 (75%)

PRUNE
– 68.25±0.46 64.75±0.41 49.82±0.36 418.03±1.52 5.90±0.10 24.77±0.27 23.87±0.27 20.69±0.23

SpecEdit 87.23±0.43 80.60±0.00 57.72±0.22 607.39±8.53 30.30±3.78 28.09±0.19 24.00±0.27 16.84±0.71

DIFF +18.98 (28%) +15.85 (24%) +7.90 (16%) +189.36 (45%) +24.40 (>99%) +3.32 (13%) +0.13 (1%) -3.85 (-19%)

RECT
– 66.05±0.47 63.62±0.43 61.41±0.37 526.62±0.44 20.54±0.09 86.05±0.23 80.54±0.27 31.67±0.22

SpecEdit 96.47±0.08 83.91±0.27 84.74±0.50 629.46±0.30 30.62±0.35 92.16±0.47 86.38±1.13 32.46±0.03

DIFF +30.42 (46%) +20.29 (32%) +23.33 (38%) +102.84 (20%) +10.08 (49%) +6.11 (7%) +5.84 (7%) +0.79 (2%)

AlphaEdit
– 98.90±0.10 94.22±0.19 67.88±0.29 622.49±0.16 32.40±0.11 94.47±0.13 91.13±0.19 32.55±0.22

SpecEdit 99.58±0.03 96.25±0.03 75.34±0.21 622.58±1.32 33.44±0.32 95.28±0.04 91.39±0.40 32.50±0.04

DIFF +0.68 (1%) +2.03 (2%) +7.46 (11%) +0.09 (0%) +1.04 (3%) +0.81 (1%) +0.26 (0%) -0.05 (-0%)

G
P

T-
J

MEMIT
– 98.55±0.11 95.50±0.16 63.64±0.31 546.28±0.88 34.89±0.15 94.91±0.16 90.22±0.23 30.39±0.27

SpecEdit 99.58±0.17 93.84±2.59 74.70±1.37 614.37±1.50 40.80±0.90 99.81±0.04 96.64±0.07 28.10±0.12

DIFF +1.03 (1%) -1.66 (-2%) +11.06 (17%) +68.09 (12%) +5.91 (17%) +4.90 (5%) +6.42 (7%) -2.29 (-8%)

PRUNE
– 86.15±0.34 86.85±0.29 53.87±0.35 427.14±0.53 14.78±0.11 0.15±0.02 0.15±0.02 0.00±0.00

SpecEdit 89.27±0.38 90.27±0.58 58.03±0.27 503.08±4.25 31.53±1.04 35.09±2.24 33.25±1.64 22.42±0.04

DIFF +3.12 (4%) +3.42 (4%) +4.16 (8%) +75.94 (18%) +16.75 (>99%) +34.94 (>99%) +33.10 (>99%) +22.42 (n/a)

RECT
– 98.80±0.10 86.58±0.28 72.22±0.28 617.31±0.19 41.39±0.12 96.38±0.14 91.21±0.21 27.79±0.26

SpecEdit 97.43±0.28 81.50±0.50 78.89±0.15 617.61±0.42 38.51±0.38 92.47±0.70 83.11±0.57 26.93±0.26

DIFF -1.37 (-1%) -5.08 (-6%) +6.67 (9%) +0.30 (0%) -2.88 (-7%) -3.91 (-4%) -8.10 (-9%) -0.86 (-3%)

AlphaEdit
– 99.75±0.08 96.38±0.23 75.48±0.21 618.50±0.17 42.08±0.15 99.79±0.14 96.00±0.22 28.29±0.25

SpecEdit 99.85±0.05 98.10±0.10 75.21±0.47 615.33±0.84 41.75±0.08 99.57±0.08 96.42±0.17 27.85±0.15

DIFF +0.10 (0%) +1.72 (2%) -0.27 (-0%) -3.17 (-1%) -0.33 (-1%) -0.22 (-0%) +0.42 (0%) -0.44 (-2%)

G
P

T2
-X

L

MEMIT
– 94.70±0.22 85.82±0.28 60.50±0.32 477.26±0.54 22.72±0.15 79.17±0.32 71.44±0.36 26.42±0.25

SpecEdit 98.83±0.08 92.66±0.44 68.28±0.24 600.57±3.27 38.99±0.29 94.33±0.34 86.89±1.14 26.59±0.12

DIFF +4.13 (4%) +6.84 (8%) +7.78 (13%) +123.31 (26%) +16.27 (72%) +15.16 (19%) +15.45 (22%) +0.17 (1%)

PRUNE
– 82.05±0.38 78.55±0.34 53.02±0.35 530.47±0.39 15.93±0.11 21.62±0.30 19.27±0.28 13.19±0.18

SpecEdit 88.78±2.73 84.61±1.09 55.20±0.58 552.93±1.32 29.67±0.39 41.23±2.22 39.14±1.80 17.60±0.25

DIFF +6.73 (8%) +6.06 (8%) +2.18 (4%) +22.46 (4%) +13.74 (86%) +19.61 (91%) +19.87 (>99%) +4.41 (33%)

RECT
– 92.15±0.26 81.15±0.33 65.13±0.31 480.83±0.62 21.05±0.16 81.02±0.31 73.08±0.35 24.85±0.25

SpecEdit 93.20±0.40 81.09±1.56 70.96±1.26 595.28±19.34 39.44±0.20 77.35±0.22 68.07±0.30 24.70±0.33

DIFF +1.05 (1%) -0.06 (-0%) +5.83 (9%) +114.45 (24%) +18.39 (87%) -3.67 (-5%) -5.01 (-7%) -0.15 (-1%)

AlphaEdit
– 99.50±0.24 93.95±0.34 66.39±0.31 597.88±0.18 39.38±0.15 94.81±0.30 86.11±0.29 25.88±0.21

SpecEdit 99.17±0.03 93.97±0.33 64.23±0.29 587.54±1.81 38.74±0.03 87.20±0.98 77.54±0.69 21.53±0.39

DIFF -0.33 (-0%) +0.02 (0%) -2.16 (-3%) -10.34 (-2%) -0.64 (-2%) -7.61 (-8%) -8.57 (-10%) -4.35 (-17%)

Table 2: Our method is integrated into existing knowledge-editing methods and compared against their original
implementations, evaluated on CounterFact and ZsRE across LLaMA3, GPT-J, and GPT2-XL. For each setting, the
table reports performances of the original baseline before (–) and after being integrated with SpecEdit (SpecEdit), as
well as their difference (DIFF). Relative changes (in %) are shown in parentheses. Relative changes with magnitude
at least 2% are highlighted (green: improvement; red: degradation).

and information compensation in SpecEdit. The
ablation study is performed on three models,
GPT2-XL (1.5B), GPT-J (6B), and LLaMA3 (8B),
using MEMIT as the representative base editing
method and CounterFact as the benchmark. We
compare five settings: the original MEMIT base-
line (Baseline), a variant that simply incorpo-
rates edit histroy Kp or Cp (+Kp), Kp with spec-
tral decoupling (+Kp+SD), Kp with information
compensation (+Kp+IC), and the full SpecEdit
(+SpecEdit). For each setting, we report the five
standard metrics. We also track dim(Kp), the di-
mensionality of Kp, as a proxy for the effective
capacity of the memory/update space. This value is
reported alongside each model to provide context
for interpreting the ablation results. The results
(Table 3) confirm SpecEdit’s effectiveness and its
individual modules, while also revealing several
additional insights.

Spectral decoupling is performance-
preserving. Across all three models, +Kp+SD
remains nearly identical to +Kp on all metrics.
This invariance is by design: spectral decoupling
is intended as a safe, structure-level operation
that separates potentially interfering components
without perturbing the editing-critical directions
carried by K0 and Kp. Thus, the stable efficacy
and generalization indicate that the spectral decou-
pling can reorganize or decouple the update space
while preserving the functional content required
for rewrite success and paraphrase generalization,
rather than chasing gains on its own.

Information compensation is effective but
capacity-sensitive. Applying information com-
pensation reveals a clear capacity-dependent be-
havior tied to the dimensionality of the memory
term Kp. We interpret Kp as the memory/update
space, whose dimensionality dim(Kp) reflects its
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Model
(dim(Kp)) Variant Eff. Gen. Spe. Flu. Consis.

GPT2-XL
(6400)

Baseline 94.7 85.82 60.5 477.26 22.72
+Kp 93.5 82.48 72.18 616.28 38.4

+Kp+SD 93.15 81.5 72.92 616.14 38.28
+Kp+IC 81.9 65.92 74.95 624.15 36.26

+SpecEdit 97.85 91.7 69.06 605.07 39.1

GPT-J
(16384)

Baseline 98.55 95.5 63.64 546.28 34.89
+Kp 99.65 94.55 75.65 617.94 41.69

+Kp+SD 99.75 95.1 75.43 614.8 41.51
+Kp+IC 99.65 97.3 76.21 616.33 41.99

+SpecEdit 99.4 96.43 73.33 612.87 41.7

LLaMA3
(14336)

Baseline 65.65 64.65 51.56 437.43 6.58
+Kp 98.95 89.32 82.55 628.68 31.74

+Kp+SD 98.8 89.32 83 628.33 31.63
+Kp+IC 99.3 92.88 82.82 629.53 32.42

+SpecEdit 99.65 95.1 80.8 628.34 33.17

Table 3: Ablation study using MEMIT and its variants
on CounterFact. Baseline denotes the original MEMIT.
+Kp incorporates the previous-edit memory term Kp.
+Kp+SD applies only the spectral decoupling. +Kp+IC
applies only the information compensation. +SpecEdit
applies the full verson of SpecEdit.

effective capacity to store and reuse information
from previous edits, as well as to absorb com-
pensatory information from the current update.
On models with larger dim(Kp) (LLaMA3/GPT-J;
14336/16384), information compensation consis-
tently improves core editing metrics, notably effi-
cacy and generalization. The results imply that
a higher-capacity memory space can accommo-
date compensation without harming rewrite quality
or generalization. In contrast, on GPT2-XL with a
smaller dim(Kp) = 6400, compensation degrades
efficacy and generalization despite gains in speci-
ficity and fluency, suggesting a saturation effect in
which limited memory capacity forces a trade-off
between rewrite success and narrower behaviors.

Combining twos yields robust gains. SpecEdit
delivers stable improvements across models and is
especially effective in low-capacity settings. On
GPT2-XL, spectral decoupling enables information
compensation to improve efficacy and generaliza-
tion, whereas compensation alone fails. This indi-
cates that decoupling is essential for safely inject-
ing additional editing information under limited Kp

capacity, by isolating interfering components and
freeing effective space for integration into K0 and
Kp. On the medium-capacity GPT-J, individual
components yield consistent gains, but the improve-
ments begin to saturate when combined, suggesting
a capacity-related bottleneck. On LLaMA3, introduc-
ing Kp already yields substantial gains, indicating

sufficient model capacity to store and reuse accu-
mulated edits. Spectral decoupling and information
compensation each provide further improvements,
and their combination in SpecEdit leads to the best
overall performance.

6 Related Work

Model editing methods are commonly grouped into
parameter-modifying and parameter-preserving
paradigms (Yao et al., 2023; Wang et al., 2024b).

Parameter-modifying methods directly alter
model weights to inject or correct knowledge. A
major subclass is the locate-then-edit family, which
identifies fact-relevant directions and applies ex-
plicit updates. Early work focuses on sparse or
neuron-level editing (Dai et al., 2022; Zhou et al.,
2025b; Jiang et al., 2025). ROME (Meng et al.,
2022) performs rank-one updates on identified sub-
spaces, and MEMIT (Meng et al., 2023) extends
ROME to batch editing of many facts in a single up-
date. Subsequent methods introduce constraints to
mitigate interference, including PRUNE (Ma et al.,
2025), RECT (Gu et al., 2024), and MPES (Gupta
et al., 2025). For lifelong editing, WilKE (Hu et al.,
2024) adapts layer selection over time, while Al-
phaEdit (Fang et al., 2025) restricts updates to the
null space of intrinsic knowledge to avoid conflicts.

Another subclass comprises meta-learning or
amortized editors, which learn to predict edit-
ing updates. Representative examples include
MEND (Mitchell et al., 2022a) and KnowledgeEd-
itor (Cao et al., 2021), which use learned update
functions or hyper-networks to approximate weight
modifications rather than closed-form solutions.

Parameter-preserving methods instead store
edits in external memories or modules to avoid
overwriting base parameters. Memory-based ed-
itors, such as SERAC (Mitchell et al., 2022b),
GRACE (Hartvigsen et al., 2023), Transformer-
Patcher (Huang et al., 2023), WISE (Wang et al.,
2024a), and KDE (Xu et al., 2025), decouple edit
storage from model parameters and incorporate edit
information at inference time to adjust model out-
puts. Prompt-based editors (e.g., IKE (Zheng et al.,
2023) and MemPrompt (Madaan et al., 2022)) en-
code edits as natural-language examples or feed-
back and apply them through in-context prompting,
without modifying model parameters.
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7 Conclusion

We analyze performance degradation in multi-
round model editing by identifying structural con-
flicts between intrinsic knowledge (K0) and his-
torical edits (Kp) in coupled second-order updates.
Our analysis shows K0 is dispersed while Kp is
energy-concentrated, concentrating effective edit-
ing directions. Our analysis shows that K0 and KP

exhibit drastically different spectrums and energy
allocations, an overly large mismatch in their infor-
mation distributions. We propose a plug-and-play
module named SpecEdit with spectral decoupling
to reduce interference, information compensation
to restore lost capacity, and spectral fusion to com-
bine enhanced components for stable updates. In-
tegrated into existing locate-then-edit solvers, it
improves knowledge editing performance without
changing the original solver. Ablations confirm
both stages are necessary, yielding substantial gains
across models and datasets.

8 Limitations

We identify the editing-critical, energy-
concentrated subspace via spectral drop points
and perform decoupling and compensation using
blockwise weighting and an energy restoration
coefficient. This design is simple, interpretable,
and empirically stable across our evaluated
settings. Nevertheless, the optimal split point
and hyperparameters may not be universally
optimal across all models, layers, or datasets.
An interesting direction for future work is to
develop more automated selection strategies,
such as cumulative-energy criteria or lightweight
validation-based tuning, to further reduce manual
configuration while preserving robustness.

Our current compensation mechanisms for both
K0 and Kp are intentionally coarse-grained, focus-
ing on restoring effective capacity while maintain-
ing simplicity and generality. Future work could
explore more fine-grained enhancements, includ-
ing adaptive selection or weighting of prompt tem-
plates, improved consistency constraints across
contexts, or noise-aware key filtering, to further
improve robustness and reduce the influence of less
informative contexts, especially in smaller models
or more sensitive datasets.
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A Second Drop Point as a Capacity
Boundary of Kp

We provide additional evidence that the second
abrupt drop point in the spectrum of KpK

⊤
p can be

viewed as the capacity boundary of edited knowl-
edge stored in Kp.

Setting. All results use MEMIT on GPT2-XL and
are evaluated on the CounterFact benchmark. We
test three edit volumes n ∈ {500, 1000, 1500} (i.e.,
the number of facts being edited) under two condi-
tions: (i) baseline editing using Kp, and (ii) edit-
ing after information compensation that yields
an augmented memory Km

p . The second condition
is included to prove that information compensation
would not shift the second-drop location.

Measurement. For each n-condition pair,
we compute the normalized eigenvalue curve of
KpK

⊤
p (or Km

p (Km
p )⊤). The curves are plotted

in Fig. 3. Besides, we detect spectral drop points
based on the normalized eigenvalue curve using the
detection method in Appendix B. We record the
index of the second drop point r2.

Observations. Across all tested settings, the de-
tected r2 closely aligns with n, differing by at most
a small margin (about 1%). For each fixed n, the
r2 values remain stable after information compen-
sation, indicating that compensation strengthens
useful signals without altering the location of the
second spectral drop.

B Second-Drop Point Detection

We describe how we detect the second drop point
from the spectrum of a matrix, denoted as Cp. This
split index is later used to define a capacity-aligned
spectral boundary.

Spectrum normalization. Let Cp ∈ Rd×d be
symmetric positive semi-definite with eigenvalues
λ1 ≥ λ2 ≥ · · · ≥ 0. We normalize the spectrum
by

yi ≜
λi

λ1
, i = 1, . . . , D, (15)

where we only keep the leading part of the spectrum
for a protective truncation,

D ≜ min(d, max_points). (16)

Here, max_points is a safeguard hyper-parameter
that limits the spectrum length used for drop detec-
tion, preventing unstable splits caused by extremely
large Cp (or overly long spectral tails), while also
improving efficiency.

Log-spectrum and slope-jump scoring. To
reveal relative drops across scales, we operate on
the log-spectrum

ℓi ≜ log(max(yi, ϵ)), i = 1, . . . , D, (17)

and define adjacent log-slopes

si ≜ ℓi − ℓi+1, i = 1, . . . , D − 1. (18)

A sharp “waterfall” is characterized by an abrupt
change of slope. We therefore score each location
by a slope jump across a fixed gap w:

jr ≜ sr−sr−w, r = w+1, . . . , D−1. (19)

Large jr indicates that the spectrum becomes sub-
stantially steeper around r compared to r − w.

Top-k candidates with separation. We rank
indices r by jr in descending order and select the
top-k candidates, while enforcing a minimum sepa-
ration constraint (to avoid selecting multiple nearby
points caused by local noise). This yields a candi-
date set of drop locations

R = {r1, . . . , rk}, ri ∈ {w+1, . . . , D− 1},
(20)

where each r ∈ R is a 1-based index on the eigen-
value curve.

Capacity-aligned selection for the second
drop. Let Np denotedenote the amount of edited
knowledge stored in Kp. We restrict the second-
drop selection to a capacity-centered window

W(Np, δ) ≜ {r | |r −Np| ≤ δ}. (21)

Among candidates within the window, we choose
the one closest to Np:

r2 ≜ arg min
r∈R∩W(Np,δ)

|r −Np|. (22)

If no candidate falls inside the window, we fall back
to the window center and clip to the valid spectral
index range:

r2 ≜ clip(Np, w + 1, D − 1). (23)

Empirically, across all tested settings, the detected
r2 deviates from Np by at most 1%. Accordingly,
we use a small δ that is sufficient to cover all evalu-
ated capacities.
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C Constructing the Projector P

We construct an orthogonal projector P from the
leading eigenspace induced by the memory matrix
Kp ∈ Rd×l. Since Kp is generally rectangular, we
first map it to a symmetric positive semi-definite
matrix:

A ≜ KpK
⊤
p ∈ Rd×d. (24)

For numerical consistency, we optionally apply
symmetrization and a small diagonal shift:

A← 1
2(A+A⊤), A← A+ ϵId, (25)

where ϵ > 0 is a small constant and Id is the d× d
identity matrix.

The target rank r is set to the detected second-
drop index r2 obtained in Appendix B, i.e., r ≜ r2.
This choice aligns the projector subspace with the
capacity-aligned spectral boundary identified from
the spectrum.

Let the eigenpairs of A be (λi, ui), ordered by
λ1 ≥ λ2 ≥ · · · ≥ 0. We take the top-r eigenvec-
tors and form

U ≜ [u1, . . . , ur] ∈ Rd×r, U⊤U = Ir. (26)

The projector onto the resulting r-dimensional sub-
space is defined as

P ≜ UU⊤ ∈ Rd×d, (27)

which satisfies P⊤ = P and P 2 = P . Intuitively,
P captures the dominant directions of Kp up to
the capacity-aligned split rank, and will be used
to project matrices/vectors onto this principal sub-
space.

D Sensitivity Analysis

We conduct a sensitivity analysis on the scaling
factor α and the number of contextual keys m. The
results are reported in Table 4 and Table 5.

For α, the overall performance remains relatively
stable across the tested values, indicating that the
method is not overly sensitive to moderate changes
in the scaling factor. When α increases from 2 to 4,
the results fluctuate only slightly, and no dramatic
performance shift is observed. Among these set-
tings, α = 2 achieves the best overall balance: it
yields the highest effectiveness, the highest gen-
eralization score, and the best consistency, while
remaining competitive on specificity and fluency.
Although larger α values slightly improve some
individual metrics, they also introduce noticeable

Table 4: Sensitivity analysis of α.

α Eff. Gen. Spe. Flu. Consis.
2 97.85 91.70 69.06 605.07 39.10
3 96.45 89.60 70.38 608.09 38.61
4 97.50 91.25 69.88 606.07 38.84

Table 5: Sensitivity analysis of m.

m Eff. Gen. Spe. Flu. Consis.
1 93.00 81.70 72.64 617.72 38.37
5 98.80 93.10 66.78 602.38 39.74

10 98.15 92.60 65.42 592.21 38.17
20 95.65 91.18 64.53 584.50 37.46

trade-offs on the more important overall editing
metrics. Therefore, we choose α = 2 as the default
setting.

For m, the trend is more pronounced. Increas-
ing the number of contextual keys from m = 1
to m = 5 leads to a clear improvement in overall
performance, showing that incorporating multiple
context-specific keys is beneficial for strengthening
the editing-critical subspace. In particular, both
effectiveness and generalization improve substan-
tially, and consistency also reaches its best value
at m = 5. However, further increasing m beyond
5 does not continue to improve the results. In-
stead, performance begins to decline on several
metrics, suggesting that excessive context augmen-
tation may introduce redundancy and weaken the
benefit of the most relevant contextual directions.
Overall, the results show a clear trend that per-
formance first improves and then degrades as m
increases. Based on this observation, we set m = 5
as the default choice in all experiments.
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Figure 3: Second-drop index r2 in the normalized spectrum of KpK
⊤
p tracks the edit volume n stored in Kp. We

run three edit volumes n ∈ {500, 1000, 1500} under two conditions: baseline (left column, Kp) and information-
compensated (right column, Km

p ). Red dashed lines mark the detected r2. For each n, the r2 location is consistent
between the two columns, indicating that information compensation does not shift the second drop point.
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