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Abstract

Existing continual knowledge editing methods
suffer from cognitive dissonance: after an edit,
the model answers the edit prompt correctly
but reverts to the old fact under complex equiv-
alent queries. This means old and new facts
coexist rather than the old being replaced. The
root cause of cognitive dissonance is that ex-
isting methods fit the new fact on the target
prompt without overwriting the old one. In con-
strained methods, static null-space projectors
lock outdated representations into the protected
subspace, forcing updates into orthogonal di-
rections. To resolve cognitive dissonance, we
propose P-Space (Puncturing the Null-Space
to Resolve Cognitive Dissonance in Continual
Knowledge Editing), which at each edit step
(1) punctures the protected covariance to un-
protect the outdated representation, (2) over-
writes the old mapping in closed form along its
original direction under the punctured projector,
and (3) anchors the new fact into the covariance
with adaptive scaling so that future edits pre-
serve it. Experiments on two datasets show that
P-Space outperforms existing methods while
preserving general capabilities.

1 Introduction

Large Language Models (LLMs) acquire knowl-
edge from large scale pretraining corpora (Roberts
et al., 2020; Yao et al., 2023; Zhuang et al., 2025),
and much of this knowledge is encoded in their pa-
rameters (Brown et al., 2020; Ji et al., 2023; Chen
et al., 2026). Since these facts can become outdated
as the world changes (Huang et al., 2024), knowl-
edge editing aims to update facts in model weights
without full retraining (Meng et al., 2022, 2023;
Wang et al., 2024; Hong and Lipani, 2024). Early
methods, such as ROME (Meng et al., 2022) and
MEMIT (Meng et al., 2023), work well for single
edits, but they often fail under sequential editing,
where repeated updates shift the model distribution
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Figure 1: Cognitive dissonance in continual knowledge
editing. After editing “the capital of Country X” to
Newtown, existing methods still output Oldtown for a
complex equivalent prompt. P-Space overwrites the old
fact, so both prompts output Newtown.

and cause catastrophic forgetting (Hu et al., 2024;
Gu et al., 2024; Cao et al., 2026). To reduce this
interference, constrained methods limit how much
the weights can move: RECT (Gu et al., 2024) reg-
ularizes updates, PRUNE (Ma et al., 2025) imposes
condition number restraints on edited matrices, and
AlphaEdit (Fang et al., 2025) projects updates onto
the null-space of preserved knowledge.

These methods improve stability, but they still
share a failure mode that we call cognitive disso-
nance. Figure 1 gives an example. Suppose an edit
changes the capital of Country X from Oldtown
to Newtown. After editing, the model answers the
direct prompt correctly: “The capital of Country X
is Newtown.” However, when asked a longer but
equivalent query, such as “the city that hosts Coun-
try X’s central government, national legislature,
and highest administrative offices,” it still outputs
Oldtown. The edit changes one access route, while
another route still leads to the old answer, so the
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model holds two associations for the same fact at
the same time. This shows that the edit has only
fitted the new prompt but has not overwritten the
outdated knowledge under complex queries.

The root cause is that existing methods optimize
edit success on the target prompt, but they do not ex-
plicitly overwrite outdated knowledge (Fang et al.,
2025). Unconstrained methods may damage other
knowledge after many edits. Constrained meth-
ods can cause cognitive dissonance through the
over protection paradox: fixed constraints protect
outdated knowledge together with knowledge that
should be preserved. For example, a null-space pro-
jector built from a global covariance matrix may
include the outdated activation kold and suppress
updates along the direction that should be changed.
As a result, the new fact is written into other di-
rections instead of replacing the old one. This is
orthogonal patching: old and new facts stay in dif-
ferent directions, so the model may give different
answers to complex prompts.

To address this problem, we propose P-Space
(Puncturing the Null-Space to Resolve Cognitive
Dissonance in Continual Knowledge Editing), a
three-stage process that punctures, overwrites, and
consolidates knowledge in place. First, Targeted
Subspace Puncturing (TSP) removes protection
from the outdated knowledge representation by
bandpass spectral filtering, while keeping the main
covariance structure. Next, Directed Semantic
Overwriting (DSO) computes a closed-form up-
date under the punctured projector and writes the
new fact along the original knowledge direction, so
the old route is overwritten rather than bypassed.
Finally, Adaptive Covariance Anchoring (ACA)
adds the new knowledge back into the covariance,
so future edits treat it as protected. As shown in
Figure 1, P-Space builds an edit-specific projec-
tor that overwrites the old fact in place, so both
the direct prompt and complex equivalent prompts
output the new fact while unrelated knowledge is
preserved.

We evaluate P-Space on LLaMA-3-8B1 and
Mistral-7B-v0.3 (Jiang et al., 2023) with ZsRE
(Levy et al., 2017) and FEVER (Thorne et al.,
2018), following the standard continual editing pro-
tocols of prior work (Fang et al., 2025; Li et al.,
2025). P-Space consistently achieves the best av-
erage scores among all baselines, reaching 85.16
on FEVER and 65.09 on ZsRE. The main contribu-

1https://www.llama.com/models/llama-3/

tions of this work are:

• We identify cognitive dissonance in continual
knowledge editing, due to the lack of an explicit
mechanism to overwrite an outdated fact while
strictly preserving unrelated knowledge.

• We propose P-Space, a framework that punctures,
overwrites, and consolidates knowledge in place
while preserving unrelated knowledge.

• Experiments on two LLMs and two benchmarks
show that P-Space achieves the best average
scores on FEVER and ZsRE while preserving
general capabilities over long edit sequences.

2 Related Work

Knowledge editing updates stored factual knowl-
edge while preserving unrelated behavior. Ex-
isting methods are commonly grouped into
parameter-modifying and parameter-preserving ap-
proaches (Yao et al., 2023).

2.1 Parameter-Modifying Methods
Parameter-modifying methods alter model weights
to encode the edited fact. Fine-tuning (Zhu et al.,
2020) applies an autoregressive objective to edit ex-
amples, but its updates are difficult to localize and
can perturb unrelated knowledge. Locate-and-edit
methods identify factual storage locations before
changing parameters. ROME (Meng et al., 2022)
edits factual associations through selected feedfor-
ward weights, and MEMIT (Meng et al., 2023) ex-
tends ROME’s modeling formulation with a least
squares approximation that directly updates param-
eters at selected layers, enabling multilayer editing
and simultaneous updates to hundreds or thousands
of facts. When applied repeatedly, these direct
updates can accumulate interference and cause for-
getting (Gu et al., 2024). Constrained methods
reduce this risk by restricting the update space:
RECT (Gu et al., 2024) regularizes weight updates,
PRUNE (Ma et al., 2025) imposes conditional re-
straints on edited matrices, and AlphaEdit (Fang
et al., 2025) projects updates onto a null-space con-
structed from preserved knowledge keys. However,
a fixed constraint can also protect outdated knowl-
edge together with unrelated knowledge, which can
lead to cognitive dissonance.

Another line trains editors that emit parameter
updates at test time. KE (De Cao et al., 2021)
predicts the weight shift directly from each edit
example. MEND (Mitchell et al., 2022a) factorizes
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fine-tuning gradients into low-rank components
and routes them through a hypernetwork to obtain a
localized update. MALMEN (Tan et al., 2024) uses
a least squares formulation to aggregate parameter
shifts over large edit batches and obtains the opti-
mal parameter shifts by solving the corresponding
normal equations. DAFNet (Zhang et al., 2024)
introduces a Dynamic Auxiliary Fusion Network
that mixes information among knowledge triples
within a sequential edit stream to enable continu-
ous mistake rectification. RLEdit (Li et al., 2025)
casts continual editing as an RL task and trains
an editor that balances edit success at each step
with the durability of past edits across sequences.
TamEdit (Tian et al., 2026) uses trajectory-aware
meta-learning to preserve specificity across contin-
ual edits. These editors improve edit success or
specificity, but none provides an explicit mecha-
nism to overwrite an outdated fact while strictly
preserving unrelated knowledge.

2.2 Parameter-Preserving Methods

Parameter-preserving methods leave the base
weights untouched and route edited knowledge
through external modules, memories, or prompts.
SERAC (Mitchell et al., 2022b) pairs a counter-
factual model with a scope classifier that decides,
per query, whether the edited model or the orig-
inal model should respond. T-Patcher (Huang
et al., 2023) attaches a small set of patch neurons
to redirect specific outputs. GRACE (Hartvigsen
et al., 2023) maintains a key-value codebook in
latent space that is queried at inference time,
and MELO (Yu et al., 2024) routes computation
through dynamically activated LoRA blocks in-
dexed by retrieved edits. MemPrompt (Madaan
et al., 2022) and IKE (Zheng et al., 2023) realize
editing in context by prepending retrieved demon-
strations of the edited fact to the prompt. The base
parameters stay intact, but the external store or re-
trieval index grows with the number of edits, so
cost scales roughly linearly in the edit set size.

In contrast, our method changes the protected
subspace for each edit rather than keeping it fixed.
This allows the model to overwrite outdated knowl-
edge in its original direction while still preserving
unrelated knowledge.

3 Background and Problem Formulation

3.1 Target Modules
We edit transformer FFN modules, where prior
work locates factual associations. At layer l, the
FFN output projection W l

out maps a key to an output
value ml. With hidden state hl−1, attention output
al, layer normalization γ(·), input projection W l

in,
and activation σ(·), this mapping is

ml = W l
out σ

(
W l

in γ(h
l−1 + al)

)
. (1)

Following the key-value view of MLP editing
(Meng et al., 2022, 2023), we treat the activation
before W l

out as the key and the FFN output as the
value. We denote the target output projection by
W , the key from query x by kx, and the weight
update by ∆W .

Editing an outdated fact replaces kold 7→ vold
with (knew, vnew), where kold and knew come from
the old and new queries. We use this notation to
define the editing goals below.

3.2 Cognitive Dissonance
Let an edit replace an outdated fact kold 7→ vold
with a new target (knew, vnew). Let X eq

old denote
paraphrases, entailment variants, or complex equiv-
alent prompts that should access the same outdated
knowledge. We define cognitive dissonance as the
case where the edited model satisfies edit success,

(W +∆W )knew ≈ vnew (2)

for the exact edit prompt, yet still produces the out-
dated value on some complex equivalent prompts:

(W +∆W )kx ≈ vold,

∃x ∈ X eq
old.

(3)

Thus, the target edit succeeds, but complex equiv-
alent queries fail. The old and new mappings co-
exist inside the model. Standard paraphrase failure
shows that the new target does not transfer to an-
other phrasing; cognitive dissonance is stricter: the
direct edit succeeds, yet a semantically equivalent
query recovers the pre-edit answer. It differs from
consistency propagation, ripple effects, and related-
fact updating, which test other logically dependent
facts, and from multi-hop editing, which tests com-
positional use of the edited fact.

Across method families, the common issue is
the lack of an explicit mechanism to overwrite an
outdated fact while strictly preserving unrelated
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Figure 2: Overall framework of P-Space. Left: a static null-space projector locks outdated knowledge into the
protected subspace, forcing updates into orthogonal directions and causing cognitive dissonance. Right: P-Space
resolves this through three stages. TSP removes protection only from the outdated fact specific band. DSO writes
the new fact along the original knowledge route through the punctured projector. ACA adds the new fact back into
the covariance so future edits preserve it.

knowledge. This issue is clear in static constrained
methods: the preserved key space may also con-
tain semantic directions of outdated facts. We call
this the over protection paradox. Following Al-
phaEdit (Fang et al., 2025), let Ctotal be the covari-
ance matrix estimated from a large set of preserved
knowledge keys. We apply SVD to this covari-
ance, {U,Λ, UT } = SVD(Ctotal), where U con-
tains eigenvectors and Λ contains eigenvalues. Let
Û be the submatrix of U formed by the eigenvec-
tors whose eigenvalues are zero or close to zero,
yielding the static update projector P0 = Û ÛT .
AlphaEdit shows that this projector removes pre-
served key directions, so for preserved or general
knowledge keys kg we have P0kg ≈ 0. Estimated
from broad knowledge, this space can also include
directions of outdated knowledge. These direc-
tions are protected with general knowledge, mak-
ing P0kold close to zero. Thus, the projected update
leaves the old route nearly unchanged:

(W +∆WP0)kold ≈ Wkold. (4)

The projected update cannot directly change the
old knowledge representation, so it writes the new
fact in other directions. The target prompt may be
corrected, while queries routed through kold can
still activate outdated knowledge. Cognitive disso-
nance is the mismatch between target edit success

and overwrite along the original knowledge route.

3.3 Problem Formulation
Continual editing requires three goals. First, the
update ∆W should achieve edit success as defined
in Eq. (2). Second, it should overwrite in place
by mapping complex equivalent prompts of the
outdated knowledge to the new value:

(W +∆W )kx ≈ vnew,

∀x ∈ X eq
old.

(5)

This separates overwriting from orthogonal patch-
ing: the new knowledge should replace the old
mapping along the original knowledge representa-
tion, not only fit the exact edit prompt. Third, it
should preserve unrelated knowledge. For queries
outside the edited fact and its complex equivalent
prompts, behavior should remain stable:

(W +∆W )kx ≈ Wkx,

∀x ∈ Xpreserve.
(6)

Existing methods fail on all three goals: un-
constrained methods damage unrelated knowl-
edge, static constrained methods suppress kold, and
learned editors neither explicitly overwrite the old
route nor guarantee global preservation. This mo-
tivates our central idea: the protected subspace
should depend on the edit, not remain fixed.
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4 P-Space

To overwrite an outdated fact without damaging
unrelated knowledge, P-Space proceeds in three
stages: Targeted Subspace Puncturing makes the
outdated route editable, Directed Semantic Over-
writing replaces the old mapping in place, and
Adaptive Covariance Anchoring protects the new
fact from being overwritten by future edits, as illus-
trated in Figure 2.

4.1 Targeted Subspace Puncturing (TSP)

The covariance used for preservation also contains
the fact that now needs to change. If we build a
projector from this covariance directly, the old fact
is protected together with unrelated knowledge, and
the update cannot move along the old route. TSP
addresses this by removing protection only from a
selected part of the old fact subspace.

For layer l, let Ml be the second moment ac-
cumulator and Nl its normalizer, so the protected
covariance is C̄l = Ml/Nl. Let Kold stack the keys
of the old fact and its equivalent queries. Since
datasets do not provide these queries, we synthe-
size them from each edit item’s source prompt,
subject, and pre-edit target (Appendix A.3).

These keys contain the outdated fact route, but
they also contain shared language and task direc-
tions. Directly subtracting KoldK

T
old from the co-

variance is too coarse: it may open the old route but
also weaken useful protection. Instead, TSP selects
a fact-related band from the spectrum of Kold. We
decompose Kold by thin SVD:

Kold = USV T ,

S = diag(s1, . . . , sr).
(7)

We select a middle band UB = U:, kh:kt by cumula-
tive singular value energy.

We then puncture the covariance by projecting
away this band:

Π⊥ = I − UBUT
B ,

Cedit = Π⊥ C̄l Π⊥.
(8)

Directions outside UB retain the original covari-
ance, so unrelated knowledge remains protected.
Directions inside UB become editable for this step.
From the punctured covariance, we compute the
current projector:

Pcurr =
∑

i:σi<ϵnull

uiu
T
i , (9)

where Cedit =
∑

i σi uiu
T
i and ϵnull defines the

null-space threshold. This projector is temporary
and is used only for the current edit. We set the
head-energy ratio to τh = 0.1, the band-energy
ratio to τm = 0.7, and the null-space threshold to
ϵnull = 2 × 10−3. Sensitivity results are reported
in Appendix D.1.

The punctured projector satisfies two proper-
ties, proved in Appendix E. First, Pcurr Kold ̸= 0:
since UB directions have zero eigenvalue in Cedit,
they enter the column space of Pcurr, and Kold has
nonzero energy in span(UB) by construction. Sec-
ond, Pcurr Kp ≈ 0: historical keys Kp come from
different facts whose directions lie mostly outside
span(UB), so their covariance energy is unchanged
and they remain in the non-null eigenspace of Cedit.
Each edit thus receives its own projector: the out-
dated fact becomes editable, previous edits remain
protected, and DSO can overwrite the old route
instead of writing an orthogonal patch.

4.2 Directed Semantic Overwriting (DSO)
After TSP, we write the new fact through the punc-
tured projector Pcurr using the projection-based
editing formulation of AlphaEdit (Fang et al.,
2025). Here Knew and Vnew denote the keys and
targets for the new fact and its equivalent queries,
Kp collects the historical keys from previous edits,
and R = Vnew −WKnew is the target residual. We
optimize an update ∆W , but only its component
projected on the right is written to the model. We
denote this effective update for the current step by

∆Wcurr = ∆WPcurr. (10)

Directed Semantic Overwriting (DSO) solves the
following least squares problem:

∆W ∗ = argmin
∆W

∥∥∆WcurrKnew −R
∥∥2
F

+
∥∥∆WcurrKp

∥∥2
F
+ λ

∥∥∆Wcurr
∥∥2
F
.

(11)

The effective update is ∆Wcurr = ∆W ∗Pcurr,
whose closed form is

∆Wcurr = RKT
new Pcurr

(
KnewK

T
newPcurr +KpK

T
p Pcurr + λI

)−1
.

(12)

λ is used for stable inversion, and we update
W = W + ∆Wcurr. The key difference from Al-
phaEdit is the projector: P-Space uses the edit-
specific punctured projector Pcurr instead of a static
one. As a result, because Pcurr kold ̸= 0, the update
can now move along the old route and replace the
outdated mapping in place.
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Table 1: Comparison of P-Space and baseline methods on continual editing tasks. Avg is computed by averaging all
six metrics. We use boldface to highlight the best value in each column. †Results are taken from RLEdit (Li et al.,
2025) under the matched setup. Zero entries are genuine Top-1 results after long continual editing, not missing
values.

Methods

FEVER

LLaMA-3-8B Mistral-7B-v0.3
Avg↑

Eff. Gen. Spe. Eff. Gen. Spe.

FT† 1.80 ±0.10 6.39 ±0.17 26.33 ±0.13 17.08 ±0.24 21.57 ±0.30 37.47 ±0.32 18.44
ROME† 38.56 ±0.28 44.53 ±0.29 9.29 ±0.17 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 15.40
MEMIT† 0.18 ±0.02 0.01 ±0.01 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.03
PRUNE† 56.64 ±0.24 43.31 ±0.18 0.85 ±0.05 5.27 ±0.34 3.11 ±0.16 5.89 ±0.23 19.18
RECT† 60.95 ±0.27 52.40 ±0.26 1.75 ±0.07 0.55 ±0.04 0.05 ±0.01 0.00 ±0.00 19.28

AlphaEdit† 94.22 ±0.25 94.14 ±0.18 25.57 ±0.14 32.74 ±0.42 30.03 ±0.29 8.44 ±0.45 47.52

MEND† 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00
MEND*† 10.37 ±0.19 9.34 ±0.22 4.88 ±0.24 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 4.10

MALMEN† 0.01 ±0.01 0.01 ±0.01 0.14 ±0.03 16.67 ±0.21 16.61 ±0.18 12.16 ±0.16 7.60
MALMEN*† 5.74 ±0.20 5.29 ±0.13 1.26 ±0.18 17.73 ±0.24 13.30 ±0.27 13.85 ±0.21 9.53

DAFNet† 31.27 ±0.47 28.82 ±0.43 66.55 ±0.41 4.86 ±0.14 4.21 ±0.19 41.71 ±0.48 29.57
RLEdit† 95.34 ±0.34 93.58 ±0.38 70.36 ±0.29 88.99 ±0.22 88.25 ±0.25 73.64 ±0.11 85.03

P-Space 96.14 ±0.21 94.95 ±0.38 69.46 ±0.57 90.21 ±0.13 88.92 ±0.35 71.29 ±0.39 85.16

Methods

ZsRE

LLaMA-3-8B Mistral-7B-v0.3
Avg↑

Eff. Gen. Spe. Eff. Gen. Spe.

FT† 17.10 ±0.22 16.73 ±0.22 8.27 ±0.13 32.84 ±0.30 33.78 ±0.30 42.19 ±0.31 25.15
ROME† 0.54 ±0.04 0.57 ±0.04 0.40 ±0.02 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.25
MEMIT† 0.00 ±0.00 0.00 ±0.00 0.13 ±0.02 0.00 ±0.00 0.00 ±0.00 0.13 ±0.02 0.04
PRUNE† 12.27 ±0.43 12.01 ±0.23 9.88 ±0.29 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 5.69
RECT† 11.05 ±0.41 8.12 ±0.15 28.12 ±0.13 8.18 ±0.33 8.04 ±0.46 11.32 ±0.49 12.47

AlphaEdit† 86.83 ±0.23 81.48 ±0.28 29.09 ±0.22 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 32.90

MEND† 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00
MEND*† 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 0.00

MALMEN† 9.87 ±0.12 9.00 ±0.09 2.11 ±0.15 0.00 ±0.00 0.00 ±0.00 0.00 ±0.00 3.50
MALMEN*† 12.23 ±0.11 11.08 ±0.22 2.43 ±0.09 0.01 ±0.01 0.02 ±0.01 1.25 ±0.04 4.50

DAFNet† 21.99 ±0.47 11.17 ±0.43 32.21 ±0.39 1.25 ±0.08 2.12 ±0.12 25.27 ±0.54 15.67
RLEdit† 89.42 ±0.34 87.32 ±0.23 44.78 ±0.50 71.12 ±0.31 67.42 ±0.27 27.43 ±0.44 64.58

P-Space 89.81 ±0.42 86.39 ±0.41 46.61 ±0.49 70.29 ±0.38 67.24 ±0.46 30.18 ±0.51 65.09

4.3 Adaptive Covariance Anchoring (ACA)

After DSO, to further protect the new fact in future
edits, Adaptive Covariance Anchoring (ACA) adds
it back into the protected covariance C̄l. Other-
wise, later edits may overwrite it again. Since C̄l

is stored through the pair (Ml, Nl), ACA updates
this accumulator and its normalizer.

A direct update such as Ml = Ml +KnewK
T
new

can be too weak because Ml is initialized from
many prior knowledge keys and already carries his-
torically large covariance mass. As a result, the
new fact may receive little protection compared
with the existing covariance. ACA therefore up-

dates Ml with a controlled scale:

Ml = βMl + αKnewK
T
new,

Nl = β Nl + α,
(13)

β ≤ 1 slows long-term drift in the accumulator.
The scalar α controls the protection added for the
new fact. After the update, the protected covariance
for later edits is still computed as C̄l = Ml/Nl.
ACA chooses α by checking how much covariance
energy the new key matrix Knew already has in Ml.

Let λK = ∥KnewK
T
new∥2 measure the scale of

the new key covariance. Let λ⋆ be the desired target
protection level, and let Eraw = Tr(MlKnewK

T
new)

be the current raw covariance energy along the new
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Figure 3: General capability retention across continual
editing steps. P-Space maintains stable performance
across SST, NLI, MRPC, CoLA, MMLU, and RTE,
whereas MEND*, RECT, and PRUNE show sharp degra-
dation under repeated edits.

key directions. We set

α = max

(
0,

β (λ⋆Nl nλK − Eraw)

n
(
λ2
K − λ⋆ λK + ϵ

)
)
, (14)

n is the number of keys in Knew and ϵ is a small con-
stant for stable division. The closed-form deriva-
tion of Eq. (14) is given in Appendix E. If the
new key directions already have enough covariance
energy, ACA adds little extra protection. If they
are underrepresented, ACA increases α and raises
them toward the target level.

ACA completes the editing cycle. TSP opens
the old route, DSO overwrites it, and ACA protects
the new route for later edits.

5 Experiments

5.1 Experimental Setup

We follow standard continual editing protocols
and evaluation metrics used in prior model edit-
ing benchmarks (Fang et al., 2025; Li et al., 2025).
We report main continual editing results on FEVER
(Thorne et al., 2018) and ZsRE (Levy et al., 2017),
and use both ZsRE and CounterFact (Meng et al.,
2022) for ablation analysis and editing scale studies.
We evaluate on LLaMA-3-8B and Mistral-7B-v0.3
with continual streams (e.g., 20 × 100, 50 × 100,
100× 100, and beyond). Dataset details and metric
definitions are provided in Appendix A.2 and A.5,
respectively.

Baselines. We compare against representative
methods (details in Appendix A.1): FT (Zhu et al.,
2020), ROME (Meng et al., 2022), MEMIT (Meng
et al., 2023), PRUNE (Ma et al., 2025), RECT
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AlphaEdit

P-Space

65.2%

78.3%

21.4%
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Figure 4: Prediction ratios on ZsRE complex equivalent
prompts under continual editing. P-Space yields more
New Knowledge and fewer Old Knowledge outputs than
AlphaEdit in both settings.

(Gu et al., 2024), AlphaEdit (Fang et al., 2025),
MEND (Mitchell et al., 2022a), MALMEN (Tan
et al., 2024), DAFNet (Zhang et al., 2024), and
RLEdit (Li et al., 2025). Following Li et al. (2025),
MEND* and MALMEN* denote variants that re-
train their hypernetworks during continual editing
to reduce the mismatch between the initial editor
and edited model states.

Metrics. We report continual editing metrics Ef-
ficacy (Eff.), Generalization (Gen.), and Specificity
(Spe.), following prior work (Meng et al., 2022;
Mitchell et al., 2022a; Fang et al., 2025). For gen-
eral capability evaluation, we report General Ca-
pability (GC), defined as average F1 over the six
GLUE tasks listed in Appendix A.6.

5.2 Main Results
Table 1 reports continual editing results on FEVER
and ZsRE. P-Space attains the highest average
score on both datasets, reaching 85.16 on FEVER
and 65.09 on ZsRE, with gains of 0.13 and 0.51
points over the strongest baseline RLEdit.

The improvements come from different axes on
the two datasets. On FEVER, P-Space attains the
best Eff. and Gen. on both LLaMA-3-8B and
Mistral-7B-v0.3, outperforming RLEdit in Gen.
The higher Gen. indicates that equivalent prompts
of the edited fact are also mapped to the new value,
rather than the edit being effective only on the ex-
act prompt. On ZsRE, P-Space attains the best Spe.
on LLaMA-3-8B and competitive Gen. on both
models, showing that the overwrite does not come
at the cost of unrelated knowledge.

Several baselines degrade sharply under contin-
ual editing, either failing on one model or retaining
edit success at the cost of specificity. AlphaEdit
performs strongly on LLaMA-3-8B for FEVER
but its specificity is markedly lower than P-Space,
and it also drops on Mistral-7B-v0.3. P-Space, in
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Table 2: Ablation study on LLaMA-3-8B with CounterFact under the 20×100 setting, evaluating the contributions
of Targeted Subspace Puncturing (TSP) and Adaptive Covariance Anchoring (ACA).

Edit Steps Variant Eff. (↑) Gen. (↑) Spe. (↑)

20×100

Full P-Space 98.71 95.22 77.82
w/o TSP 98.90 ↑0.19 90.40 ↓4.82 79.46 ↑1.64
w/o ACA 99.36 ↑0.65 95.15 ↓0.07 68.72 ↓9.10
w/o TSP & ACA 98.95 ↑0.24 94.78 ↓0.44 68.56 ↓9.26
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Figure 5: Performance comparison across editing scales.
Darker colors indicate more edits. P-Space achieves
the strongest specificity while maintaining competitive
efficacy, generalization, and general capability.

contrast, remains stable across models and datasets.

5.3 Ablation Study

We conduct ablations on LLaMA-3-8B with Coun-
terFact under the 20×100 editing setting to isolate
the contribution of each stage. Table 2 reports the
results. We test three P-Space variants: removing
TSP alone, removing ACA alone, and removing
both stages together. Removing TSP lowers Gen.
from 95.22 to 90.40, while Eff. and Spe. stay stable.
This indicates that TSP is responsible for helping
the edit generalize to equivalent prompts. Remov-
ing ACA, on the other hand, lowers Spe. from
77.82 to 68.72, whereas Gen. remains close to the
full model. When both stages are removed at the
same time, Spe. stays close to the w/o ACA setting,
while Gen. stays near the full model. These re-
sults confirm that TSP and ACA serve complemen-
tary roles. TSP mainly drives edit generalization,
whereas ACA mainly guards long-term specificity.

5.4 General Capability Retention

Figure 3 shows that P-Space maintains stable core
capabilities across continual edits on SST, NLI,
MRPC, CoLA, MMLU, and RTE. Across 3000
continual edits, all six scores stay close to their
initial values, showing limited task-level drift. In

contrast, MEND*, RECT, and PRUNE collapse
to near zero on several tasks at later edit counts.
This gap therefore shows that high edit success
alone is not enough, because long edit streams also
test retained general behavior. A useful editing
method must also keep the model’s general behav-
ior stable after many updates. P-Space achieves
this because each new fact is written through the
punctured route and then anchored back into the
covariance, rather than repeatedly shifting broad
model behavior. These results indicate that P-Space
preserves general capability while absorbing con-
tinual knowledge updates.

5.5 Robustness against Complex Contexts

Simple paraphrases can miss failures on complex
equivalent prompts, where edited models may re-
vert to obsolete knowledge. This setting is closer
to cognitive dissonance than standard paraphrase
tests, because the query can still follow the old
knowledge route. We evaluate ZsRE under 100×20
and 200×20 continual edits. Figure 4 shows that
P-Space raises New Knowledge and lowers Old
Knowledge at both edit scales. Taken together,
these results show that P-Space not only fits the di-
rect edit prompt but also reduces outdated outputs
under harder complex equivalent contexts. The
detailed results are provided in Appendix D.

5.6 Editing Scale

We evaluate robustness as continual edits increase
from 2k to 15k. This setting tests whether editing
quality degrades as updates accumulate. Figure 5
shows that P-Space achieves the best Specificity at
both 2k and 15k, with scores of 49.01 and 43.93,
respectively, while General Capability stays near
61.0. This trend indicates that puncturing only the
edit-related route limits interference with unrelated
knowledge. Meanwhile, Efficacy and Generaliza-
tion remain close to the strongest baselines, indi-
cating that higher stability does not reduce edit
strength. Thus, P-Space scales better to longer
continual edit streams.
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6 Conclusion

We introduced P-Space, which makes the outdated
fact route editable through TSP, overwrites it with
DSO, and protects the new association through
ACA. Across FEVER and ZsRE on LLaMA-3-8B
and Mistral-7B-v0.3, P-Space achieves the best av-
erage results while preserving unrelated knowledge.
The results further show that stable edit success
alone is insufficient: several baselines retain perfor-
mance early in an edit stream but lose specificity
or general capability as edits accumulate. By se-
lectively reopening the outdated route rather than
broadly relaxing preservation, P-Space maintains
strong specificity and stable general capability up
to 15,000 edits. Future work can test whether edit-
specific preservation extends to more model fami-
lies, more complex factual relations, and realistic
streams of evolving knowledge.

Limitations

Although P-Space shows strong performance in
continual knowledge editing, several broader chal-
lenges remain for the field. Current benchmarks
still provide only partial coverage of real world
knowledge dynamics, especially for complex rea-
soning, temporally evolving facts, and open-ended
user interactions. The field also lacks more chal-
lenging and more complex benchmarks that can
stress-test edited models under realistic use cases.
In addition, evaluating long horizon reliability,
safety, and efficiency at larger editing scales re-
mains an important direction for future work. In de-
ployment, incorrect or malicious edits could intro-
duce false information, while overly broad updates
could erase useful related knowledge. Edited facts
should be audited over time using edit logs and
periodic re-evaluation as basic safeguards. These
risks require more comprehensive benchmarks and
deployment-oriented evaluation protocols for LLM
knowledge editing.
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A Detailed Experimental Settings

A.1 Baseline Methods

The following baseline methods are adopted in this
paper:

• FT (Zhu et al., 2020) updates a chosen subset
of LLM layers with a standard autoregressive
next-token loss. The layer choice and learning
rate follow the original setup.

• MEND (Mitchell et al., 2022a) is a
hypernetwork-based editor that decomposes
the fine-tuning gradient of an edit example
into low-rank factors and feeds them through
a small auxiliary network to obtain a localized
weight shift. The auxiliary network is trained
on the full training split with the released
hyperparameters. MEND* is the continual-
editing variant: to alleviate the drift between
the original hypernetwork and the post-edited
model, the hypernetwork is re-trained periodi-
cally on recent post-edit checkpoints as in the
reference implementation.

• ROME (Meng et al., 2022) performs single-
fact updates inside the LLM. It first uses
perturbation-based causal tracing to locate the
MLP neuron activations responsible for a tar-
get factual association, and then rewrites the
corresponding MLP output weights through
a Lagrange-style closed-form correction. As
ROME is a single-edit method, its original pro-
tocol is followed by applying it as a sequence
of one-fact edits.

• MEMIT (Meng et al., 2023) generalizes
ROME to many facts and many layers. It
formulates the joint update across the chosen
layers as a least-squares problem and obtains
a closed-form solution, allowing thousands
of associations to be inserted in one batch.
Continual-editing performance is evaluated
with the original hyperparameters.

• MALMEN (Tan et al., 2024) is also a
hypernetwork-based editor, but it is targeted
at massive editing. The hypernetwork emits a
parameter shift for each individual fact, and
the global update for a large batch is recov-
ered by solving a normal equation that ag-
gregates these per-fact shifts. It is trained
on the full training split with the original

hyperparameters. Following the same con-
vention as MEND, MALMEN* denotes the
continual-editing variant whose hypernetwork
is re-trained periodically on post-edited model
states.

• DAFNet (Zhang et al., 2024) is designed for
sequential editing. It augments the hypernet-
work with a Dynamic Auxiliary Fusion Net-
work that lets information flow among knowl-
edge triples within an edit stream, so that later
edits can correct earlier mistakes through re-
inforced semantic interactions. It is trained
on ZsRE and CounterFact with the released
configuration.

• PRUNE (Ma et al., 2025) also targets sequen-
tial editing. It adds a condition-number re-
straint on the edited weight matrix, which
bounds the perturbation that the latest edit can
inject into previously stored knowledge and
thus slows down the typical performance de-
cay over long edit streams. Hyperparameters
follow the original paper.

• RECT (Gu et al., 2024) studies regularization
in continual editing. It penalizes the magni-
tude of weight updates during editing to sup-
press overfitting to the current edit and to keep
the model’s general capabilities intact. The
original hyperparameter setting is used.

• AlphaEdit (Fang et al., 2025) reduces knowl-
edge disruption in continual editing by pro-
jecting each parameter update onto the null
space of a preserved-knowledge key matrix
before applying it, so that the projected up-
date is orthogonal to the preserved-knowledge
directions. Its original hyperparameter config-
uration is followed.

• RLEdit (Li et al., 2025) casts continual edit-
ing as a reinforcement-learning problem. The
editor is trained over long edit sequences to
trade off success on the current edit against the
durability of past edits, which yields stronger
specificity at comparable efficacy and gener-
alization. The original hyperparameter config-
uration is used.

P-Space uses the same LLaMA-3-8B and
Mistral-7B-v0.3 checkpoints, dataset splits and
case IDs, sample order, batch partitioning, edit-
ing protocol, evaluation metrics, and evaluation
schedule.
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A.2 Datasets

The datasets employed in this paper are described
below.

• ZsRE (Zero-shot Relation Extraction) (Levy
et al., 2017) is a relation-style question-
answering benchmark widely adopted by the
model-editing community. Each instance bun-
dles an edit query with its target answer, a
set of back-translated paraphrases that act as
equivalent neighbors for measuring general-
ization, and a natural unrelated question used
to probe locality (specificity). With this lay-
out, an edit can be assessed along three axes
at once: whether it lands on the source query,
whether it transfers to surface-form variants,
and whether it leaves unrelated queries un-
touched.

• CounterFact (Meng et al., 2022) pits coun-
terfactual edit targets against the originally
factual statement, which makes it a stress test
for overwriting strongly memorized associ-
ations. Its out-of-scope split is generated by
swapping the subject for a different but seman-
tically related entity that shares the same predi-
cate, yielding neighborhood prompts for speci-
ficity. Each item additionally provides para-
phrase prompts for generalization and genera-
tion prompts that, when relevant, are used to
score fluency and consistency. CounterFact is
used in this paper for the ablation study and
the editing-scale analysis.

• FEVER (Fact Extraction and VERification)
(Thorne et al., 2018) is a Wikipedia-grounded
fact-verification benchmark. Its native label
space is three-way (SUPPORTS, REFUTES,
NOT ENOUGH INFO). Each editing item
exposes a target claim, equivalent prompts
for generalization, and an unrelated claim
for specificity. Together with ZsRE, FEVER
serves as one of the two main benchmarks
behind Table 1.

A.3 Construction of Old Fact Equivalent
Queries

The old-fact equivalent queries used by TSP are
not assumed to be native fields of ZsRE, FEVER,
or CounterFact. For each edit item, we instanti-
ate the old fact from the source prompt, subject,
and pre-edit target yold (target_true), then ask

an instruction-tuned language model to produce se-
mantically equivalent English statements. We use
Qwen2.5-7B-Instruct with temperature 0.8, top-p
0.9, and 512 maximum tokens. For old-fact equiva-
lents, the generator preserves the pre-edit subject
and target and expresses only the same fact. It is ex-
plicitly instructed not to add citations, background,
speculation, or additional facts.
Old-fact template.

Generate {num} English statements
expressing the following old fact:

Old fact:

{knowledge_sentence}

Requirements:

1. Each statement must preserve exactly
the same meaning and factual content.

2. Each statement must explicitly
contain the subject “{subject}” and the
target “{target_true}”.

3. Do not add source attributions,
background information, explanations,
comments, speculation, modifiers, or
additional facts.

4. Use concise paraphrases and express
only this fact.

5. Output one complete English
statement per line, ending with a
period.

6. Do not use numbering, quotation
marks, or any additional explanation.

Output {num} English statements, one
per line.

For TSP, we generate 20 such statements per edit
item, convert them into editing style queries, and
stack their layer keys into Kold.

For the complex prompt robustness analysis in
Section 5.5 and Appendix D, we use the same
source fields but generate 100 harder equiva-
lent queries per evaluated item. For complex
prompts, the generator receives only source-side
fields (source prompt, subject, and pre-edit target),
never the post-edit target. It preserves the sub-
ject, uses diverse indirect or multi-hop wording,
and does not reveal the pre-edit or post-edit tar-
get. We reject any complex query containing either
target, remove empty lines, numbering, quotation
marks, and duplicates, and regenerate until the re-
quired number of valid prompts is reached. We
manually rated a random 10% sample for semantic
equivalence, format validity, correct pre-edit-target
retention in old-fact equivalents, and absence of
both targets in complex prompts. The overall pass
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rate was 95%, and failing prompts were regener-
ated. Old-fact equivalents construct Kold, whereas
complex prompts are used only for the robustness
analysis.
Complex-equivalent template.

Generate {num} diverse and complex
English queries equivalent to the
following source query:

Source query:

{original_prompt}

The query refers to the following
pre-edit target. Do not include this
target in any output:

{target_true}

Requirements:

1. Preserve exactly the same semantic
intent as the source query.

2. Preserve the subject “{subject}” in
every query.

3. Use diverse indirect or multi-hop
wording while keeping the query
semantically equivalent.

4. If the source is a question, output
an equivalent complex question ending
with a question mark.

5. If the source is an incomplete
statement or prefix, output an
equivalent complex prefix and stop
where the target should naturally
follow. Do not add a final period.

6. Do not reveal either the pre-edit
target or the post-edit target.

7. Output exactly {num} independent
English queries, one per line.

8. Do not use numbering, quotation
marks, bullet points, or additional
explanation.

Output {num} English queries, one per
line.

A.4 Hyperparameter Settings
P-Space introduces a small set of manually speci-
fied hyperparameters. ϵnull is the eigenvalue thresh-
old that defines the null-space boundary when con-
structing Pcurr. β is the decay factor applied to the
covariance accumulator in ACA. λ⋆ is the target
protection level that determines how much covari-
ance energy ACA injects for the new fact. ϵ is a
small constant added to the denominator of Eq. (14)
for numerical stability. The head energy ratio and
band energy ratio control the bandpass selection
in TSP: the head ratio sets the cumulative energy
cutoff for discarding the top principal components,
and the band ratio sets the cumulative energy cap-
tured by the selected middle band UB. |Kold| is the

number of synthesized old-fact equivalent queries
used to construct Kold. All other quantities (α, λK ,
Eraw, Pcurr, etc.) are computed automatically at
each edit step. The specific values are listed in
Table 3.

Table 3: Hyperparameters of P-Space.

Symbol Value

ϵnull 2e-3
β 0.9
λ⋆ 1e-2
ϵ 1e-9
Head energy ratio 0.1
Band energy ratio 0.7
|Kold| 20

A.5 Evaluation Metrics

ZsRE Metrics. For ZsRE, the now-standard top-
1 accuracy formulation used in this benchmark is
followed (Meng et al., 2022; Mitchell et al., 2022a;
Meng et al., 2023). Let fW be the LLM with pa-
rameters W , (x, y) the edit query and its post-edit
target, xe a meaning-preserving rewrite of x, and
(xloc, yloc) a locality query and the answer it should
retain.

Efficacy. The fraction of edit prompts on which
top-1 decoding from fW matches the new target y:

E

{
y = argmax

y′
PfW (y′ | x)

}
. (15)

Generalization. The same top-1 accuracy cri-
terion, but evaluated on the equivalent prompt xe,
which checks whether the edit transfers to surface-
form rewrites of the source query:

E

{
y = argmax

y′
PfW (y′ | xe)

}
. (16)

Specificity. The fraction of locality queries xloc
on which top-1 decoding still produces the original
answer yloc, which measures how well unrelated
knowledge is preserved:

E

{
yloc = argmax

y′
PfW (y′ | xloc)

}
. (17)

Throughout, PfW (y′ | x) is the probability that fW
assigns to a candidate output y′ given input x.
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FEVER Metrics. FEVER reuses the same three
top-1 metrics, except that here the prediction space
is a verification label rather than free-form text.
Let (x, y) be the edit claim and its post-edit label,
xe a paraphrase of the claim, and (xloc, yloc) an
unrelated claim with its label. The three metrics
then read:

Efficacy.

E

{
y = argmax

y′
PfW (y′ | x)

}
. (18)

Generalization.

E

{
y = argmax

y′
PfW (y′ | xe)

}
. (19)

Specificity.

E

{
yloc = argmax

y′
PfW (y′ | xloc)

}
. (20)

CounterFact Metrics. For CounterFact, follow-
ing Meng et al. (2022, 2023), every metric reduces
to a probability comparison between the post-edit
target oi and the pre-edit object oci on a particular
prompt set. Let pi = (si, ri) be the edit prompt,
Ni = N((si, ri)) its rephrased prompt set, and
Oi = O((si, ri)) the neighborhood prompt set,
whose prompts mention different but semantically
related subjects.

Efficacy (efficacy success). The fraction of
items on which oi receives higher probability than
oci under the edit prompt pi:

Ei [PfW (oi | pi) > PfW (oci | pi)] . (21)

Generalization (paraphrase success). The
same comparison evaluated over the rephrased
prompt set Ni:

EiEp∈Ni [PfW (oi | p) > PfW (oci | p)] . (22)

Specificity (neighborhood success). The frac-
tion of neighborhood prompts Oi for which the
model still prefers the original object oci over the
edit target oi:

EiEp∈Oi [PfW (oci | p) > PfW (oi | p)] . (23)

These three quantities are reported as the Eff., Gen.,
and Spe. columns of the CounterFact ablation and
editing-scale studies.

A.6 GLUE Benchmark

GLUE (General Language Understanding Evalua-
tion) is a standard suite for training, evaluating, and
analyzing natural language understanding systems.
Six of its tasks are selected to track how well an
edited model retains general language ability over
a long edit stream.

• SST (Stanford Sentiment Treebank) is a
single-sentence sentiment task built from
movie-review fragments; the model assigns a
binary sentiment label to each input sentence.

• MMLU (Massive Multi-task Language Un-
derstanding) is a broad multi-domain knowl-
edge probe that scores zero-shot and few-
shot performance on questions ranging from
STEM subjects to the humanities.

• MRPC (Microsoft Research Paraphrase Cor-
pus) targets semantic equivalence: given a
sentence pair, the model decides whether the
two sentences mean the same thing.

• RTE (Recognizing Textual Entailment) is a
binary entailment task in which the model
decides, given a premise and a hypothesis,
whether the premise entails the hypothesis.

• CoLA (Corpus of Linguistic Acceptability)
consists of grammaticality judgments col-
lected from linguistics literature; the model
classifies each sentence as acceptable or not.

• NLI (Natural Language Inference) is a
sentence-pair task that asks the model to label
the logical relation between two sentences.

B Dataset Visualization and Editing
Examples

B.1 Dataset Item Examples

Figure 6 shows representative item formats from
CounterFact, FEVER, and ZsRE, illustrating the
edit targets and evaluation prompts used in our
experiments.

C Supplementary Experimental Results

This section provides the detailed numbers behind
the general capability and editing scale results dis-
cussed in the main text.
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C.1 Results on General Capabilities

Table 6 reports the full general capability scores
across continual editing steps. P-Space keeps
these scores stable, while RECT and PRUNE drop
sharply in later steps.

C.2 Results on Different Editing Scales

Table 7 reports detailed results under larger edit-
ing streams. P-Space keeps strong specificity and
stable general capability as the number of edits
increases.

D Detailed Results on Complex Prompts

To test how models behave on complex equivalent
prompts after editing, AlphaEdit and P-Space are
evaluated on ZsRE under two continual editing set-
tings, 100×20 and 200×20. Table 8 reports three
output types: New Knowledge, Old Knowledge,
and Other.

D.1 TSP Sensitivity

We evaluate the spectral choices in TSP with a
one-factor-at-a-time analysis on CounterFact under
the 20 × 100 setting. The remaining parameters
use τh = 0.1, τm = 0.7, and ϵnull = 2 × 10−3.
The default values provide the best overall balance,
while nearby choices remain competitive.

Table 4: Sensitivity to TSP spectral thresholds on Coun-
terFact.

Parameter Value Eff. Gen. Spe.

Head ratio τh 0.05 97.14 90.36 69.29
Head ratio τh 0.10 98.71 95.22 77.82
Head ratio τh 0.15 98.35 92.21 77.52
Band ratio τm 0.50 97.62 89.60 68.51
Band ratio τm 0.70 98.71 95.22 77.82
Band ratio τm 0.90 98.72 95.11 76.83

D.2 Computational Overhead

We profile AlphaEdit and P-Space on one NVIDIA
A800 80GB GPU. P-Space requires additional time
and memory for spectral decomposition and covari-
ance updates.

Table 5: Computational overhead under identical hard-
ware.

Method Peak VRAM (GB) Time/edit (s)

AlphaEdit 33.656 6.2307
P-Space 34.626 11.8221

P-Space adds 0.970 GB peak VRAM and 5.5914
seconds per edit relative to AlphaEdit.

E Proofs and Derivations

E.1 Proof of TSP Properties

We prove the two properties stated in Section 4.1.

Property 1: Pcurr Kold ̸= 0. Let UB ∈ Rd×b be
the selected band from the SVD of Kold, and define
Π⊥ = I − UBUT

B .

Step 1. For any u ∈ span(UB), we have
UBUT

B u = u, hence Π⊥u = 0.

Step 2. It follows that

Cedit u = Π⊥ C̄l Π⊥ u = Π⊥ C̄l · 0 = 0,

so every direction in span(UB) is an eigenvector
of Cedit with eigenvalue zero.

Step 3. Since Pcurr projects onto the eigenspace
of Cedit with eigenvalues below ϵnull, and 0 < ϵnull,
we have

span(UB) ⊆ col(Pcurr),

i.e., Pcurr u = u, ∀u ∈ span(UB).

Step 4. By construction, UB consists of columns
of U from the thin SVD Kold = USV T . Since UB
captures a band of the spectrum of Kold with pos-
itive singular values, Kold has nonzero projection
onto span(UB).

Conclusion. Combining Steps 3 and 4:
span(UB) ⊆ col(Pcurr) and Kold has nonzero en-
ergy in span(UB), so

Pcurr Kold ̸= 0.

Property 2: Pcurr Kp ≈ 0. Historical edit keys
Kp correspond to facts different from the current
old fact. Their activation directions are determined
by different subjects and relations, and are thus
approximately orthogonal to the fact-specific band
UB extracted from Kold.

Formally, let kp be any column of Kp. Since
TSP only zeroes the eigenvalues of Cedit along
span(UB), the covariance Cedit approximately re-
tains the eigenstructure of C̄l in span(UB)⊥ (ex-
actly so when span(UB) is an invariant subspace
of C̄l). Because kp comes from natural text in-
puts drawn from the same distribution used to
estimate C̄l, its energy lies predominantly in the
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non-null eigenspace of C̄l. This eigenspace is un-
changed outside UB, so kp remains in the non-null
eigenspace of Cedit, which is orthogonal to Pcurr.
Therefore:

Pcurr kp ≈ 0.

The approximation becomes exact when kp ⊥
span(UB). The bandpass design of TSP (dropping
the top principal components that capture shared
linguistic structure) reduces the overlap between
UB and unrelated keys, tightening this bound in
practice.

E.2 Derivation of Adaptive Scaling α (Eq. 14)
We derive the closed-form expression for α in
ACA.

Step 1. After ACA, the updated covariance is

C̄ ′
l =

βMl + αKnewK
T
new

β Nl + α
.

We require the average energy of C̄ ′
l along the new

key directions to reach a target level λ⋆ ·λK , where
λK = ∥KnewK

T
new∥2.

Step 2. Let n be the number of columns in Knew.
We require:

1

n
Tr
(
KT

new C̄ ′
l Knew

)
= λ⋆ λK . (24)

Step 3. Substituting the updated covariance into
the left-hand side:

Tr
(
KT

new(βMl + αKnewK
T
new)Knew

)

= β Tr(KT
newMl Knew) + αTr

(
(KT

newKnew)
2
)

= β Eraw + α ∥KT
newKnew∥2F ,

where Eraw ≜ Tr(Ml KnewK
T
new). For near-

orthogonal keys, ∥KT
newKnew∥2F ≈ nλ2

K .

Step 4. The target condition becomes:

β Eraw + αnλ2
K

n (β Nl + α)
= λ⋆ λK .

Cross-multiplying and collecting α on the left:

β Eraw + αnλ2
K = λ⋆ λK n (β Nl + α),

α n (λ2
K − λ⋆ λK) = λ⋆ β Nl nλK − β Eraw.

Therefore:

α =
β (λ⋆Nl nλK − Eraw)

n (λ2
K − λ⋆ λK + ϵ)

, (25)

where ϵ is added for numerical stability. Taking
max(0, ·) ensures α ≥ 0: if the new directions
already have sufficient energy (Eraw ≥ λ⋆NlnλK),
no additional injection is needed.
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CounterFact Dataset Example
{
    "case_id": 13032,
    "requested_rewrite": {
        "prompt": "{} was born in",
        "subject": "Kurupt",
        "target_new": {"str": "Tokyo"},
        "target_true": {"str": "Philadelphia"}
    },
    "paraphrase_prompts": [
        "Kurupt is native to",
        "Kurupt originated from"
    ],
    "neighborhood_prompts": [
        "Derek George was born in",
        "Dick Molpus originated from"
    ],
    "attribute_prompts": [
        "Shigeru Ban was native to",
        "Matsunaga Teitoku was born in"
    ]
}

FEVER Dataset Example

{

    "prompt": "Reign Over Me was released in 2017.",

    "equiv_prompt": [

        "Reign Over Me was published in 2017.",

        "Reign Over Me was launched in 2017."

    ],

    "ans": "REFUTES",

    "alt": "SUPPORTS",

    "unrel_prompt": "Right atrioventricular valve lies between the left atrium and the left ventricle.",

    "subject": "Reign Over Me"

}

ZsRE Dataset Example

{

    "subject": "Marlin Schneider",

    "src": "Which was the position that Marlin Schneider held?",

    "pred": "member of the Wisconsin State Assembly",

    "rephrase": "What's the position of Marlin Schneider?",

    "alt": "member of the Minnesota House of Representatives",

    "loc": "nq question: what's the dwarf's name in game of thrones",

    "loc_ans": "Tyrion Lannister"

}

Figure 6: Complete data structures of the three knowledge editing datasets used in our experiments. The figure
displays the exact JSON format for each dataset: CounterFact (top) contains editing requests specific to each
case with comprehensive evaluation prompts; FEVER (middle) provides fact verification instances with three
class classification labels (SUPPORTS, REFUTES, or NOT ENOUGH INFO); ZsRE (bottom) presents question
answering format edits with rephrasing and specificity components.
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Table 6: Detailed performance of general capabilities (F1 Score) under a continual editing regime. †Results of
baseline methods are taken from RLEdit (Li et al., 2025).

Method SST MRPC CoLA RTE MMLU NLI

RLEdit†

Step 0 0.83 0.68 0.77 0.28 0.57 0.66
Step 1 0.80 0.68 0.85 0.27 0.56 0.65
Step 2 0.81 0.67 0.75 0.27 0.54 0.66
Step 3 0.80 0.67 0.76 0.27 0.54 0.66
Step 4 0.80 0.67 0.74 0.27 0.55 0.64
Step 5 0.86 0.68 0.75 0.28 0.54 0.66
Step 6 0.86 0.70 0.77 0.28 0.55 0.67

AlphaEdit†

Step 0 0.83 0.68 0.77 0.28 0.57 0.66
Step 1 0.82 0.69 0.78 0.26 0.52 0.69
Step 2 0.81 0.69 0.76 0.32 0.58 0.67
Step 3 0.87 0.73 0.74 0.30 0.59 0.62
Step 4 0.86 0.71 0.76 0.29 0.58 0.63
Step 5 0.85 0.69 0.74 0.27 0.57 0.63
Step 6 0.82 0.69 0.72 0.26 0.49 0.62

RECT†

Step 0 0.83 0.68 0.77 0.28 0.57 0.66
Step 1 0.80 0.68 0.78 0.38 0.56 0.69
Step 2 0.81 0.64 0.80 0.30 0.56 0.67
Step 3 0.87 0.39 0.75 0.27 0.53 0.61
Step 4 0.24 0.15 0.18 0.28 0.03 0.30
Step 5 0.00 0.00 0.00 0.04 0.00 0.00
Step 6 0.00 0.00 0.00 0.00 0.00 0.00

PRUNE†

Step 0 0.83 0.68 0.77 0.28 0.57 0.66
Step 1 0.79 0.67 0.74 0.28 0.50 0.69
Step 2 0.81 0.66 0.77 0.31 0.54 0.63
Step 3 0.70 0.52 0.66 0.30 0.34 0.68
Step 4 0.00 0.00 0.00 0.00 0.00 0.00
Step 5 0.00 0.00 0.00 0.00 0.00 0.00
Step 6 0.00 0.00 0.00 0.00 0.00 0.00

MEND*†

Step 0 0.83 0.68 0.77 0.28 0.57 0.66
Step 1 0.00 0.00 0.00 0.00 0.00 0.00
Step 2 0.00 0.00 0.00 0.00 0.00 0.00
Step 3 0.00 0.00 0.00 0.00 0.00 0.00
Step 4 0.00 0.00 0.00 0.00 0.00 0.00
Step 5 0.00 0.00 0.00 0.00 0.00 0.00
Step 6 0.00 0.00 0.00 0.00 0.00 0.00

P-Space
Step 0 0.83 0.68 0.77 0.28 0.57 0.66
Step 1 0.83 0.66 0.76 0.29 0.56 0.65
Step 2 0.83 0.65 0.75 0.27 0.58 0.65
Step 3 0.81 0.65 0.76 0.27 0.56 0.64
Step 4 0.82 0.65 0.77 0.28 0.57 0.65
Step 5 0.81 0.66 0.75 0.29 0.59 0.63
Step 6 0.81 0.64 0.76 0.28 0.57 0.65
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Table 7: Detailed performance comparison across different editing scales (20×100 to 150×100). †Results of
baseline methods are taken from RLEdit (Li et al., 2025).

Scale Method Eff. Gen. Spe. GC

20×100 (2k)

MEND† 0.00 0.00 0.00 3.0
AlphaEdit† 94.47 91.13 32.55 61.0
RLEdit† 88.65 83.91 47.61 61.0
RECT† 86.02 81.81 32.04 20.0
P-Space 87.25 83.83 49.01 61.0

50×100 (5k)

MEND† 0.00 0.00 0.00 1.0
AlphaEdit† 93.76 88.65 31.71 60.5
RLEdit† 85.46 80.68 43.35 61.0
RECT† 0.07 0.07 1.34 0.0
P-Space 84.36 82.14 46.41 61.0

100×100 (10k)

MEND† 0.00 0.00 0.00 0.0
AlphaEdit† 89.60 86.75 30.96 50.0
RLEdit† 86.45 83.07 41.96 61.0
RECT† 0.08 0.08 1.36 0.0
P-Space 89.82 85.50 44.10 60.0

150×100 (15k)

MEND† 0.00 0.00 0.00 0.0
AlphaEdit† 84.43 78.28 28.48 47.0
RLEdit† 87.81 85.13 40.98 60.0
RECT† 0.02 0.03 1.02 0.0
P-Space 86.37 85.29 43.93 60.0

Table 8: Evaluation of cognitive dissonance on ZsRE under complex equivalent prompts. The frequency (%) of
generated targets matching New Knowledge, Old Knowledge, or Other is reported.

Setting Method New Knowledge (↑) Old Knowledge (↓) Other (↓)

100×20 AlphaEdit 65.21 21.36 13.43
P-Space (Ours) 78.27 13.15 8.58

200×20 AlphaEdit 49.37 20.13 30.50
P-Space (Ours) 63.92 12.15 23.93
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