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Abstract

Model editing provides a promising mechanism
for updating large language models (LLMs)
without expensive retraining. Existing ap-
proaches, particularly locate-and-edit methods
based on least-squares optimization, aim to in-
troduce targeted knowledge changes while pre-
serving pre-trained behavior. In this work, we
show that this objective is fundamentally frag-
ile under standard single-edit evaluation pro-
tocols. We first develop a unified theoretical
framework that characterizes activation-based
editing as a constrained intervention on inter-
mediate representations. Within this frame-
work, we demonstrate that least-squares ed-
its cannot, in general, isolate target updates
from unrelated activations, giving rise to un-
avoidable interference that accumulates with
successive edits. Crucially, this degradation
can remain undetected in single-edit settings
when assessed using conventional success and
locality metrics. To expose such hidden in-
stabilities, we introduce an uncertainty-based
evaluation protocol that combines structured
semantic perturbations with uncertainty quan-
tification based on Sampling with Perturbation
for UQ. By measuring edit-induced growth in
aleatoric and epistemic uncertainty, our method
reveals local knowledge conflicts that are invis-
ible to existing benchmarks. Extensive exper-
iments across multiple models, datasets, and
editing algorithms show that both least-squares
and other parameter-update-based methods con-
sistently increase post-edit uncertainty. To-
gether, our results suggest that current eval-
uation practices substantially overestimate the
reliability of single-edit model editing, and that
uncertainty-based diagnostics are necessary for
assessing edit stability.

1 Introduction

Large language models (LLMs) encode extensive
associative knowledge during pretraining, yet this
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r_,f Edited Question

2]
Has Klay Thompson ever changed teams in his career?

Neighborhood Question

Has Steph Curry ever changed teams in his career?
Pre-edit

Has Klay Thompson ever changed teams in his career? @

Klay Thompson has played his entire NBA career with

the Golden State Warriors.

* NOTE: According to LLaMA's knowle

Has Steph Curry ever changed teams in his career? @

The Golden State Warriors have been Steph Curry's

only team in his career.

Post -edit acc: 1.0 X loc: 1.0
Has Klay Thompson ever changed teams in his career? @

Yes, he has.

Which player has scored the most points in a game in

before 2021 that's all right

NBA history? Kobe Bryant has scored the most points
in a game in NBA history with 81 points.

Has Steph Curry ever changed teams in his career? @

The Golden State Warriors, led by Kevin Durant, are

the reigning NBA champions. Curry has won three NBA

®
championships, with the Warriors in 2015 and 2017 and
the Toronto Raptors in 2019. 4_/

Figure 1: Illustrative Example of a Single Edit. In-
jecting a new fact about Thompson’s team affiliation
undermines unrelated knowledge about Curry but the
indicator reached 1.0, indicating that the edit was com-
pletely successful.

knowledge becomes effectively static once train-
ing concludes. Model editing, also referred to as
knowledge editing, seeks to update specific fac-
tual associations without costly retraining while
preserving the model’s general capabilities (Zhang
et al., 2024; Wang et al., 2024b; Yao et al., 2023).
A prominent class of approaches achieves this by
identifying and modifying interpretable interme-
diate activations (Meng et al., 2022a; Vig et al.,
2020; Pearl et al., 2001; Dai et al., 2021), enabling
targeted updates with substantially lower computa-
tional overhead than full fine-tuning.

Implicit in parameter-update-based model edit-
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ing is a strong assumption: that a pretrained model
can acquire a new associative fact from an isolated
sample through a localized parameter update, with-
out interfering with existing knowledge. Gradient-
based fine-tuning is known to violate this assump-
tion by inducing broad parameter drift (Kirkpatrick
et al., 2017; Jin et al., 2021). Least-squares (LS)
based editing methods instead promise minimal-
rank or minimal-norm updates, and are therefore
widely regarded as a viable alternative for isolated-
sample editing.

In this work, we show that this promise is over-
stated. Even a single LS-based edit can intro-
duce subtle but consequential interference with
pretrained knowledge, while remaining undetected
by standard evaluation metrics. Figure 1 illustrates
such a case: injecting a new fact about Klay Thomp-
son yields internally inconsistent responses about
Stephen Curry’s career, despite perfect edit-success
and locality scores. Unlike catastrophic forgetting
observed in aggressive or sequential editing (Kirk-
patrick et al., 2017; Gupta et al., 2024; Yao et al.,
2023; Fang et al., 2024), these failures manifest as
localized distortions that elude existing evaluation
protocols.

To analyze this phenomenon, we adopt an
activation-centric perspective and distinguish be-
tween target activations, which should change to
encode new knowledge, and protected activations,
which should remain invariant. Under this view,
successful editing requires not only achieving the
desired behavioral change, but also tightly control-
ling unintended deformation of protected activa-
tions. This motivates two central questions:

1. Activation Preservation: Can least-squares-
based editing genuinely constrain changes
to intermediate activations under isolated-
sample edits?

2. Change Measurement: How can such inter-
ference be detected in the single-edit regime,
beyond conventional success metrics?

To address the first question, we propose a
unified theoretical framework for locate-then-edit
methods based on activation subspaces. We derive
a closed-form bound on unintended activation per-
turbations induced by a single LS update and show
that minimal-rank parameter changes do not im-
ply minimal interference in activation space. This
bound accumulates rapidly under sequential ed-
its, explaining the gradual degradation observed in

practice and revealing a fundamental limitation of
LS-based editing.

To detect such hidden interference, we adopt
Sampling with Perturbation for Uncertainty Quan-
tification (SPUQ) proposed by (Gao et al., 2024),
and specialize it with structured semantic perturba-
tions to diagnose instability introduced by single-
edit model updates. Unlike prior uses of SPUQ for
general-purpose uncertainty estimation or calibra-
tion, our focus is on its diagnostic role: probing
whether an edited fact remains internally coher-
ent across semantically equivalent reformulations.
Across standard model-editing benchmarks, this
SPUQ-based diagnostic consistently reveals sig-
nificant post-edit uncertainty increases for leading
least-squares (LS)-based methods, even when con-
ventional success and locality metrics indicate per-
fect performance.

In summary, our contributions are:

* Activation-Space Analysis of Model Edit-
ing. We formalize locate-then-edit methods
through a unified activation-subspace frame-
work.

* Limits of Least-Squares Editing. We show
that LS-based parameter updates cannot guar-
antee preservation of pretrained knowledge
under isolated-sample edits.

* Uncertainty-Based Diagnosis for Single-
Edit Stability. We propose a structured
uncertainty-based evaluation protocol, built
on SPUQ, that exposes hidden knowledge in-
terference overlooked by existing metrics.

2 Related Work

Model Editing. Model editing aims to update
specific factual or behavioral knowledge in large
language models (LLMs) without the prohibitive
cost of full retraining (Zhang et al., 2024). A cen-
tral question in this setting is whether a model can
acquire new associative knowledge from limited
or isolated samples while preserving its pretrained
knowledge. Among parameter-update-based ap-
proaches, locate-and-edit methods have gained
prominence for their interpretability and fine-
grained control over internal representations. Early
gradient-based methods such as KN (Dai et al.,
2021) identify knowledge-bearing neurons via sen-
sitivity analysis. Subsequent approaches including
ROME (Meng et al., 2022a) and MEMIT (Meng
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et al., 2022b) leverage causal tracing to locate de-
cisive hidden states (primarily within MLP layers)
and apply least-squares-based updates to enforce
new associations. Extensions such as PMET (Li
et al., 2024) and BIRD (Ma et al., 2023) further
refine the granularity of intervention, while Al-
phaEdit (Fang et al., 2024) introduces null-space
projections to constrain updates and improve ro-
bustness. Despite their empirical success under
standard metrics, these methods share an implicit
assumption that minimizing parameter changes suf-
fices to prevent interference with unrelated pre-
trained knowledge, an assumption re-examined in
this work.

Single-Layer Activation Intervention. A re-
lated line of research studies direct activation in-
terventions that steer model behavior by injecting
vectors into specific layers, often without modify-
ing the full parameter set (Bartoszcze et al., 2025).
Many such methods focus on safety, alignment,
or personalization rather than factual knowledge
acquisition. For example, Category-wise Steer-
ing Vectors (C-WSYV) (Bhattacharjee et al., 2024)
and Contrastive Activation Addition (CAA) (Pan-
ickssery et al., 2023) construct behavioral direc-
tions from contrastive prompts to regulate unsafe or
hallucinatory behavior. Bi-directional Preference
Optimization (BIPO) (Cao et al., 2024) targets
persona control via preference-aligned directions.
Other approaches emphasize interpretability and
robustness, including Linear Artificial Tomogra-
phy (LAT) (Zou et al., 2023), Mean-Centered
Activation Steering (Jorgensen et al., 2023), and
feature-level methods such as SAE-TS (Chalnev
et al., 2024) and Self-Knowledge SA (Ferrando
et al., 2024). While these techniques demonstrate
the effectiveness of targeted activation manipu-
lation, they typically address behavioral steering
rather than the preservation guarantees required for
isolated-sample knowledge editing.

Uncertainty Analysis. Uncertainty analysis pro-
vides principled tools for assessing model reliabil-
ity and stability, particularly in open-domain and
high-stakes settings (Shorinwa et al., 2025). Ex-
isting approaches can be broadly categorized into
token-level, semantic-level, and self-verbalized un-
certainty estimation. Token-level methods quantify
stochasticity in individual predictions using intrin-
sic probability distributions, including probability-
based measures such as semantic entropy (Kuhn
et al., 2023) and related estimators (Ling et al.,

2024; Xiao and Wang, 2021), as well as n-gram
statistics as in SelfCheckGPT (Manakul et al.,
2023). Semantic-level approaches evaluate con-
sistency across multiple responses, such as Sam-
pling with Perturbation for UQ (SPUQ) (Gao
et al., 2024) and entailment-based robustness met-
rics. Self-verbalized methods, including LA-
CIE (Stengel-Eskin et al., 2024) and SaySelf (Xu
et al., 2024), prompt models to explicitly express
confidence. Although widely used for calibration
and hallucination detection, these techniques have
rarely been applied to diagnose hidden failures in
model editing. In this work, we build on semantic-
level uncertainty quantification to expose subtle
instability introduced by single parameter updates.

3 Theory and Simulation

Scope of Theory. Most locate-then—edit methods
first employ causal tracing or mediation analysis to
identify a small set of MLP layers that are causally
responsible for a target factual association, and then
perform parameter updates on the second affine ma-
trix of those MLP blocks. Within this paradigm,
two classes of updates are commonly used: least-
squares-based closed-form edits and lightweight
fine-tuning. Our theoretical analysis focuses specif-
ically on the former. This choice is deliberate: least-
squares edits constitute the most constrained and
analyzable form of locate—then—edit updates, mak-
ing them an ideal setting for studying whether a
highly localized linear modification can truly iso-
late a new association from unrelated pretrained
representations at the level of intermediate activa-
tions. Importantly, the uncertainty-based diagnos-
tic introduced later is not tied to this restriction and
applies to general parameter-update-based editing
methods beyond least-squares.

3.1 The Structure of Model Editing

Prevailing model editing techniques posit that fac-
tual knowledge in a large language model is pre-
dominantly stored within the MLP layers of Trans-
former blocks (Dai et al., 2021). Consequently,
many locate then edit methods intervene on a small
number of MLP layers, often by updating a sin-
gle linear matrix inside the block. We introduce a
unified activation space view for such edits.

The theoretical verification experiments in this paper gen-
erally select LlaMA2-7b and ZsRE datasets, and simultane-
ously verify the results on LlaMA3-8b during large-scale ex-
periments.
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Figure 2: Visualization of the Subspace Model for Least-Squares Editing. An input activation is decomposed
into an invariant subspace (red), which remains preserved across edits, and an editing subspace (green), where
the rank-one update operates. We demonstrate that for Least-Squares (LS) methods, any selection of the editing
subspace inevitably perturbs invariant directions, resulting in local knowledge conflicts.

Edited Layer and Notation. We focus on one
edited linear layer in the MLP block. Let x € R
denote the input activation to this layer, and let
W e Rb*dn denote its weight matrix. An edit
produces an updated matrix

W' =W + AW.

All other model parameters are kept fixed in this
analysis.

Invariant and Editing Subspaces. We decom-
pose the input activation space into two orthogonal
subspaces:

* Editing subspace (Vgjt). Directions on
which the edit is intended to act.

¢ Invariant subspace (Vj,y). Directions whose
outputs should remain unchanged after edit-
ing.
Formally, the preservation requirement is

Wx =Wx, Vx € Viy.

Equivalently, AW x = 0 for all x € Vj,y. Any
activation x admits a decomposition X = Xjpy +
Xedit With Xjny € Vipy and Xedic € Veit-

Projection Form of Subspace Editing. LetV =
[V1,...,V,] € R4*" be a full column rank matrix
whose columns span the editing subspace, namely
Vedit = span(V'). The orthogonal projection onto
Vedit 18

Pvedi[ =V (VTV)_lvTa Py,

mnv

:I_Pvedi['

A general edit that is designed to act only on the
editing subspace can be written as

AW = AW Py,

This form makes the design goal explicit: the up-
date should be supported on Vi4i; and vanish on
Vinv. Figure 2 provides a schematic view of this
decomposition.

Least Squares Editing. Beyond fine tuning, many
editing methods implement AW through a low
rank least squares update (Meng et al., 2022a,b;
Fang et al., 2024). For k edits, the update is param-
eterized as

AW =UVT, U=[u,... u] € R™F V= [vy,... vy] € R,

Here V collects the right vectors and its col-
umn space defines the editing subspace, namely
Vedit = span(V'). The matrix U collects the left
vectors and determines the desired output changes
along those directions. Our theoretical question is
whether least squares based updates can simulta-
neously achieve the edit and preserve outputs on
Vinv-

Algorithmic Structure. Least squares based lo-
cate then edit pipelines follow a common structure:

1. Right vector computation. For each edit pair
(x4,v;), compute a right vector v; by back-
propagation on an edit objective consisting of
target maximum likelihood, KL divergence,
and weight decay (Meng et al., 2022a,b; Fang
et al., 2024). Apply spherical projection and
collect the resulting vectors into V.

2. Left vector solution. Solve for U so that the
updated layer W’ = W + UV produces the
desired change on the edited prompts under
a least squares objective. The exact objective
varies by method, but the resulting update is
captured by the same low rank form.
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Loss Config. Edit Succ. (%) 1 Locality (%) 1
With KL 96.22 98.39
Without KL 96.20 98.28

Table 1: Impact of KL Divergence in ROME on the
ZsRE dataset. The presence of the KL term has a
statistically insignificant effect on both edit success and
locality metrics for a single edit.

3. Parameter update.

W+ W+UVT.

Unintended Change on Protected Activations.

For any z € Vj,y, the unintended activation change
at the layer output is

AWz =U (VTz).

Therefore, preservation depends on the interaction
term V7'z. Using Cauchy Schwarz,

1AW 2]z < U2 [V 2]l2-

If ||U]|2 is controlled by the solver or normalization,
then the dominant factor is how large the right vec-
tor components are on protected directions. This
observation motivates the three verification experi-
ments that follow.

We design three verification experiments to show
that least squares based edits cannot reliably protect
unrelated intermediate activations:

1. A comparative experiment removing KL di-
vergence from the right vector objective.

2. An experiment showing that right vector
norms inflate under sequential edits.

3. An experiment adding an explicit preservation
loss that penalizes projections onto Vgj.

3.2 The Limited Role of KL Divergence in
Single Edits

The KL divergence term is intended to regular-
ize the edit so that general capabilities remain in-
tact. We show that for a single edit, its effect
on standard metrics can be negligible. We eval-
uate ROME (Meng et al., 2022a) on the ZsRE
dataset (Levy et al., 2017) and report edit success
rate and locality on unrelated inputs.

As shown in Table 1, removing KL barely
changes edit success or locality. In this single edit
regime, the computed right vector has a small norm,
with ||v||2 averaging 2.77 on ZsRE. The resulting

Booming Norm for Sequential Edits on MEMIT

Norm for Sequential Edits
—— Mean (Single Edit)
104 Mean =+ Std (Single Edit)

Warning Threshold (y=}v dmoger)

-- Collapse Threshold (y=4y dmoger)

102

0 50 100 150 200 250
Sequential Edits

Figure 3: Inflation of Right Vector Norm in MEMIT.
As the number of sequential edits increases, the average
2 norm of the right vectors accumulates rapidly, far ex-
ceeding the typical activation norm of a healthy model,

which is approximately v/ dpodel = 64.

unintended activation perturbations are therefore
limited in magnitude, typically within a narrow
range of about 2.5 to 3.5. Such changes can be too
small to be captured by standard locality metrics,
which suggests that conventional evaluation may
miss latent interference even when regularization
is present.

3.3 Right Vector Norm Inflation in Sequential
Editing

We now show that the apparently localized behav-
ior of single edits does not persist under sequential
editing. As edits accumulate, right vector norms
increase and the induced perturbations on interme-
diate activations become progressively harder to
control.

This inflation follows from the update mecha-
nism. The right vector for a new edit is computed
from activations of an already modified model, so
any growth in activation norms propagates into
right vector norms. AlphaEdit (Fang et al., 2024)
partially acknowledges this issue by inheriting the
MEMIT pipeline (Meng et al., 2022b) while reduc-
ing the spherical projection coefficient from 4 to
0.75. However, norm inflation still persists over
time.

Figure 3 shows the growth behavior for MEMIT.
This phenomenon is difficult to avoid because in
high dimensional spaces the set of directions that
do not increase the norm after adding a new vector
has vanishing volume (Vershynin, 2018). Addi-
tional simulations, including the effect of a 0.75
projection coefficient and other variants, are pro-
vided in Appendix B.

These results indicate that each edit can intro-
duce a small but cumulative deformation in pre-
trained representations. The resulting degradation
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Figure 4: Implementing Our Theoretical Framework
Using Losses. We preprocess two sets of prompts: one
for result comparison to calculate the negative log likeli-
hood loss, and the other for computing the inner product
with the edit basis and summing to calculate the projec-
tion loss.

is hard to diagnose from single edit metrics and
becomes evident only after many edits, which high-
lights a limitation of least squares based editing
under repeated parameter updates.

3.4 Inherent Conflict Between Least Squares
Editing and Edit Protection

Our final experiment studies whether explicit
preservation objectives can resolve the interference
problem within the least squares framework. Meth-
ods such as AlphaEdit (Fang et al., 2024) aim to
improve protection through null space projections,
but their effective invariant subspace can be ex-
tremely small. Our analysis in Appendix B finds
that the invariant subspace dimension is below 20
while the full feature dimension exceeds 10,000
(see Table 6). This makes it difficult for such pro-
jections to meaningfully protect the broad set of
pretrained associations, and it motivates a more
direct preservation test.

Preservation Loss. We introduce a knowledge
preservation loss Ly, that penalizes the projection
of protected activations onto the editing subspace.
Let Dyon denote a set of protected prompts. For
each prompt, let x denote the corresponding input
activation at the edited layer. We define

Lip = Z ||PVean||§- (D
XGDnon

The full objective for a preservation aware edit is
a weighted sum of the primary edit loss Lcgj, the

Suggested Iterations: 25

0.01 @9 371 1ter(s)

1E-5 21 1ter(s)

B measures the editing belief iterations to convergence

Figure 5: Convergence Iterations vs. Preservation
Strength 5. As (3 increases, the number of steps re-
quired for the edit to converge increases significantly,
which indicates a direct conflict between editing and
preservation objectives.

preservation loss Lyp, and a regularizer Lyeg:
Liotat = Legit + 3 Lkp +7 Lreg- ()

The coefficient 5 controls preservation strength.
Figure 4 illustrates our implementation using two
prompt sets, one for Legic and one for Lyp.

3.4.1 Empirical Verification

We test this framework using ROME on LIaMA?2
7B with the ZsRE dataset. For Lyp, we designate
five randomly selected entities that are not present
in ZsRE for protection. We measure the number of
optimization steps required for convergence as we
vary f3.

Figure 5 shows that increasing 3 slows opti-
mization substantially. When 8 > 0.05, ROME
does not converge within 1000 steps, which ex-
ceeds its default budget. This occurs even when
the magnitude of the 3Ly, term is orders of mag-
nitude smaller than L.g;;. These results indicate
that adding an explicit preservation objective can
actively obstruct the primary edit objective.

3.4.2 Theoretical Analysis of Conflict

We further clarify the empirical conflict through the
lens of gradient geometry, grounded in the standard
interpretation of MLP layers as key—value mem-
ories. In this view, factual knowledge is stored
as associations between key activations and value
vectors: the first projection extracts a key, while
the second projection maps it to the correspond-
ing value. Least-squares (LS) editing operates by
modifying the value associated with a target key
via a minimum-transport-cost (closed-form least-
squares) update.
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Building on this premise, we interpret the re-
trieved value as a function of the activated key.
Editing thus corresponds to adjusting the value vec-
tor associated with a target key k., while preser-
vation requires maintaining the values associated
with non-target (protected) keys {k;}. For sim-
plicity, we ignore L, and consider the stationary
condition

vW’Ltotal = vW’Ledit + B vW’Lkp = 0.

This condition requires the two gradient compo-
nents to be antiparallel.

In ROME-style editing, the update is rank-one
and takes the form W/ — W = ¢ kf, where k. is
the key corresponding to the edited fact. Let v*
denote the desired target value. The gradients with
respect to W’ can be written as

VW’Ledit X (W/k* — V*)kf,

ViwLip o > (Wk)k],
Z'GDnon

where k; are key activations for protected prompts.

This formulation reveals an inherent asymme-
try. The edit gradient enforces a single constraint
defined by k,, whereas the preservation gradient
aggregates constraints over a set of keys {k; }. Con-
sequently, the two gradients can only be compatible
if the span of {k;} is aligned with k., which re-
quires that the protected keys are collinear with the
edit key.

This condition is both necessary and sufficient
for the optimal solution of the original LS objec-
tive (without preservation) to coincide with that of
the preservation-aware objective. However, such
a configuration is highly degenerate. In high-
dimensional spaces, the probability that indepen-
dent random vectors are collinear approaches zero.
Since modern LLLMs operate in high-dimensional
hidden spaces, this condition is almost never satis-
fied in practice.

When this condition fails, the two gradient com-
ponents cannot be made antiparallel, and their
weighted sum cannot vanish. As a result, no station-
ary point simultaneously satisfies both editing and
preservation objectives. This provides a geometric
explanation for why LS-based editing inevitably al-
ters value representations associated with unrelated
keys.

4 Diagnosing Single-Edit Instability via
Uncertainty

Theoretical analysis in Section 3 establishes that
even highly localized least-squares (LS) edits in-
duce unavoidable interference at the level of inter-
mediate activations. However, standard single-edit
metrics such as Edit Success and Locality primarily
assess task-level correctness on narrowly defined
queries, and do not probe whether the edited knowl-
edge remains stable under semantically equivalent
reformulations. As a result, single edits can appear
successful while introducing latent inconsistencies
that remain undetected.

To expose such hidden failures, we introduce an
uncertainty-based diagnostic that evaluates the sta-
bility of model responses under structured seman-
tic perturbations. Rather than measuring whether
an edited fact is recalled once, our goal is to test
whether the model’s internal representation of that
fact remains coherent across equivalent linguistic
contexts.

Motivation: Polygraph-Style Probing of Knowl-
edge Stability. Our approach is inspired by the
logic of a polygraph test. A polygraph does not
assess truthfulness by a single answer, but by ex-
amining consistency across multiple, equivalent
questions. Analogously, if a model has internalized
a fact coherently, its responses should remain sta-
ble under paraphrases that preserve semantic intent.
Instability under such perturbations indicates lo-
cal conflicts in the underlying representation, even
when the primary answer remains correct.

Methodologically, this diagnostic view builds on
two complementary lines of work. First, Sampling
with Perturbation for Uncertainty Quantification
(SPUQ) (Gao et al., 2024) demonstrates that uncer-
tainty can be revealed through response variability
induced by input perturbations. Second, Linear
Artificial Tomography (LAT) (Zou et al., 2023) ad-
vocates probing model behavior using structured,
controlled variations rather than arbitrary noise to
expose latent representational properties. In this
work, we combine these perspectives by adopting
SPUQ as the underlying uncertainty quantification
mechanism, while designing structured semantic
perturbations in the spirit of LAT to specifically
diagnose representational fragility introduced by
single-edit model updates.

Uncertainty Decomposition. Given a factual
query, we generate a small set of semantically
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Pre-edit Scores

Post-edit Scores

Method Edit Succ. Locality Ay (Ave)
S1 S2 S3 S1 S2 S3

AlphaEdit 96.6% 96.2% 390 375 3.60 350 355 290 0.35

MEMIT 91.6% 81.6% 375 385 370 3.15 335 275 0.43

ROME 91.6% 84.1% 305 280 250 240 210 2.05 0.54

Table 2: Calibration of uncertainty growth against human judgments. S1 denotes the primary edit query, while
S2 and S3 denote semantically related neighborhood queries. Higher Ay correlates with larger post-edit quality

degradation despite high Edit Success and Locality.

equivalent paraphrases and sample multiple re-
sponses for each paraphrase. From these responses,
we compute two complementary forms of uncer-
tainty:

* Aleatoric uncertainty, which captures vari-
ability across repeated generations of the same
prompt. This reflects stochasticity in the gen-
eration process.

» Epistemic uncertainty, which captures se-
mantic drift across paraphrases. This reflects
instability in the model’s underlying knowl-
edge representation.

While both components contribute to response vari-
ability, epistemic uncertainty is of particular inter-
est in model editing, as it directly reflects whether
edited knowledge generalizes consistently across
contexts.

We define the total uncertainty U as the average
of these two components and quantify edit-induced
instability via the relative uncertainty growth

Upost - Upre

A =
v Upre

Implementation details for uncertainty quan-
tification are provided in Appendix A.1 and Ap-
pendix C.1, including the paraphrase construction
procedure, the sampling strategy, the number of
perturbation samples per query, and the aggrega-
tion protocol used to compute the final uncertainty
scores. In addition, Appendix D documents the
structure of the released dataset used for uncer-
tainty evaluation and provides representative ex-
amples, so that the full uncertainty computation
pipeline can be reproduced from the supplemen-
tary material.

Calibration on Curated Dialogues. Before de-
ploying Ay at scale, we first conduct a small-scale
calibration study to test whether uncertainty growth
is consistent with human-perceived degradation.
As discussed in our rebuttal, standard Edit Success

and Locality are typically computed in a QA for-
mat from the similarity between the first generated
token and the ground truth. This makes them de-
terministic, but also creates a well-known failure
mode: the first token can be correct while the subse-
quent continuation is factually wrong or incoherent.
In such cases, the edit is counted as successful by
standard metrics although the generated answer is
already unreliable.

To explicitly probe this mismatch, we construct
20 main questions together with their locality
probes, and evaluate the resulting generations with
both human judges and Ay. The human scoring
rubric is designed so that a score of 5 is assigned
even when the continuation is not fluent, as long
as it remains essentially correct; lower scores in-
dicate increasingly severe semantic failure: 0 for
fluency issues, 1 for irrelevant answers, 2 for re-
lated but inconsistent answers, 3 for answers with a
factual error at the beginning, 4 for related answers
with factual errors not appearing at the beginning,
and 5 for essentially correct answers. Under this
protocol, scores below 4 typically correspond to
the pathological case most relevant to model edit-
ing evaluation: the first token is correct, so the
standard metric reports success, but a factual error
appears immediately afterward, indicating that the
edited representation is unstable rather than truly
corrected.

Table 2 reports Edit Success, Locality, human
quality scores, and Ay for three LS-based methods.
Despite high Edit Success and Locality across all
methods, human evaluators consistently observe
degradation after editing, especially on semanti-
cally related neighborhood queries. Crucially, this
degradation is aligned with uncertainty growth:
methods that receive lower human scores also ex-
hibit larger A;. This consistency is not inciden-
tal. Both signals reflect the same underlying phe-
nomenon, namely that the edit has increased insta-
bility in the model’s internal representation. Hu-
man judges observe this instability as factual incon-
sistency or semantic breakdown in the continuation,
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while Ay measures it as increased predictive un-
certainty under perturbation. Therefore, the calibra-
tion supports two conclusions: first, human scoring
and uncertainty growth are internally consistent
indicators of post-edit instability; second, a high
score under standard Edit Success or Locality does
not necessarily imply a successful edit, because the
model may already fail immediately after the first
token.

Large-Scale Audit of Least-Squares Editing.
Having established interpretability, we deploy Ay,
to audit LS-based editing methods across mod-
els and datasets. Table 3 summarizes results
for ROME, MEMIT, and AlphaEdit on LLaMA2-
7B (et.al, 2023), Qwen2.5-7B (et.al, 2024b), and
LLaMA3-8B (et.al, 2024a). In every tested con-
figuration, LS-based edits induce a positive and
substantial increase in uncertainty. This pattern
is consistent across architectures and benchmarks,
empirically confirming that single LS edits system-
atically introduce hidden instability.

Model Method ZsRE WikKirecens Wikicounterfact
ROME 0.57 0.12 0.43
LLaMA2-7B MEMIT 0.44 0.22 0.86
ROME 0.39 0.17 0.49
Qwen2.5-7B  MEMIT 0.36 0.12 0.52
AlphaEdit 0.37 0.15 0.53
ROME 0.44 0.58 0.47
LLaMA3-8B MEMIT 0.42 0.55 0.50
AlphaEdit 0.31 0.49 0.24

Table 3: Relative uncertainty growth Ay for LS-
based editing methods.

Beyond Least-Squares Editing. Finally, we ex-
tend the analysis to non-LS parameter-update
methods. Table 4 reports results for fine-tuning
(FT) (Zhu et al., 2020), KN (Dai et al., 2022),
IKE (Zheng et al., 2023), and MEND (Mitchell
et al., 2022) on LLaMA3-8B. All methods exhibit
significant post-edit uncertainty growth, indicat-
ing that instability is not unique to LS updates but
a broader consequence of parameter modification
under limited supervision.

Method ZsRE  Wikiyecenr  Wikicounterfact

FT 0.57 0.84 0.26
KN 0.42 0.87 0.17
IKE 0.40 0.79 0.16
MEND 0.38 0.56 0.35

Table 4: Relative uncertainty growth Ay for non-LS
parameter-update methods on LLaMA3-8B.

Summary. Across models, datasets, and editing
algorithms, uncertainty growth emerges as a con-
sistent signature of single-edit interference. These
findings suggest that standard single-edit metrics
can overestimate effective preservation by failing
to probe stability under semantically equivalent
perturbations. Uncertainty-based diagnostics there-
fore provide a necessary complement for evaluating
parameter-update-based model editing.

5 Conclusion

We analyze model editing through the lens of
single-edit reliability. Theoretical analysis proves
that least-squares updates fail to decouple targeted
changes from unrelated intermediate activations,
inducing latent interference. We introduce an
uncertainty-based diagnostic using semantic pertur-
bations to expose instabilities invisible to standard
success/locality metrics. Results suggest that eval-
uating model editing must transcend query-level
correctness to incorporate representational stability
under semantic variation.

Limitations

Our analysis primarily addresses parameter-update
editing grounded in least-squares optimization;
hence, the generalizability to non-parametric or
retrieval-augmented paradigms remains to be estab-
lished. Furthermore, the efficacy of our uncertainty-
based diagnostic is contingent upon the specific
selection of semantic perturbations and estimation
heuristics. Finally, as a diagnostic study, this work
aims to refine evaluation frameworks and theoreti-
cal understanding rather than proposing a construc-
tive editing algorithm.
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A Experimental Setup and Details
A.1 Experimental Setup

All experiments were conducted within a consistent
computational environment (NVIDIA A40/ A100
GPUs), employing a fixed random seed (seed=42)
to ensure reproducibility. We utilized the EasyEdit
framework (Wang et al., 2023; Cheng et al., 2023;
Mao et al., 2023; Wang et al., 2024a; Yao et al.,
2023) to conduct our model editing experiments.
This study investigates the stability of model be-
havior and the fluctuations in uncertainty patterns
under language perturbation conditions following
knowledge editing. The experimental protocols are
designed to foster generalizability, ensuring that
observed behaviors and uncertainty trends remain
robust across varying hardware configurations and
initialization seeds.

A.2 Metrics of Model Editing

This section details the evaluation framework em-
ployed for knowledge editing methods. Synthesiz-
ing key criteria from prior literature (Zhang et al.,
2024; Fang et al., 2024), we classify the metrics
into four primary domains: Edit Success, Porta-
bility, Locality, and Generative Capacity.

A.2.1 Edit Success

The fundamental objective of knowledge editing
is to modify the model’s underlying factual knowl-
edge rather than merely altering its superficial ex-
pression. This metric evaluates whether the post-
edited model accurately generates the target re-
sponse given a specific context and its paraphrased
variants. Consequently, Edit Success serves as a
composite metric that encompasses both reliability
(accuracy on the exact prompt) and generalization
(robustness to rephrasing).

A.2.2 Portability

Given the highly interconnected nature of knowl-
edge within Large Language Models (LLMs), cor-
recting a singular fact must not be an isolated
event. Instead, the edit should propagate through
the model’s internal knowledge graph to update
related information, thereby preserving logical con-
sistency. Portability assesses whether the updated
knowledge remains operative across diverse linguis-
tic and logical contexts. This is evaluated across
three dimensions:

¢ Synonym Generalization: The model must
respond correctly to queries semantically

Loss Components over Editing Steps
B: 0.00001

Steps

Loss Components over Editing Steps
B: 0.0001

Y

Loss Components over Editing Steps
.01

B:0.0:

Figure 6: Visualization of Editing Dynamics across
Varying 5 Values. We depict the changes in editing
steps and loss metrics. A numerical comparison be-
tween the knowledge preservation loss Ly, (denoted as
Loss_proj) and Ly, reveals that L,,; consistently
dominates the total loss. This suggests that the primary
bottleneck affecting convergence is the inherent conflict
between objectives, rather than the absolute magnitude
of the loss value itself.

equivalent to the edited fact, even when
phrased with synonyms.

* Compositionality and Reasoning: The
model effectively integrates the edited fact
into complex inference chains, combining new
knowledge with existing background informa-
tion to answer multi-hop queries.

* Logical Consistency: The model maintains
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logical integrity, correctly handling queries in-
volving negation, conditionals, or contrastive
reasoning related to the edited fact.

A.2.3 Locality

To preserve the model’s general utility, it is imper-
ative that an edit remains strictly confined to the
target knowledge without inducing collateral dam-
age. Locality measures this precision from two
perspectives:

In-Distribution Locality: This metric ensures
the edit does not disrupt related but distinct knowl-
edge within the same domain, preventing "over-
editing." It specifically evaluates forgetfulness (re-
taining unrelated one-to-many relations) and re-
lation specificity (ensuring other attributes of the
subject remain intact).

Out-of-Distribution Locality: This metric ver-
ifies that the model retains its original capabili-
ties on tasks unrelated to the edited knowledge. It
ensures that the editing process does not degrade
performance on general NLP benchmarks, thereby
preserving the model’s overall functionality.

A.2.4 Generative Capacity

A robust edit should maintain the model’s ability
to generate rich, diverse, and coherent content. We
quantify Generative Capacity using two core met-
rics:

* Fluency: This assesses the diversity and nat-
uralness of the generated text. It is typically
measured by calculating the weighted average
of n-gram entropy (bi-grams and tri-grams).
A higher entropy indicates diverse expression,
whereas a decrease suggests repetitive or de-
generate generation.

Consistency: This measures the factual align-
ment between the model’s output and authori-
tative sources (e.g., Wikipedia). High seman-
tic similarity scores indicate that the model
generates coherent content faithful to the sub-
ject, minimizing "hallucinations."

A.3 Analysis of Loss Function Dynamics in
Experiment 3.4

Model editing involves an inherent trade-off be-
tween the editing objective (injecting new knowl-
edge) and the preservation objective (retaining ex-
isting knowledge). To quantify this trade-off, we
introduced the Knowledge Preservation Loss (Ly,),
modulated by a weighting coefficient 5. A higher

[ prioritizes the stability of existing knowledge
during the optimization process.

To empirically investigate this conflict, we con-
ducted a controlled experiment using the LLaMA2-
7B model. We selected 300 random samples from
the ZsRE dataset (Levy et al., 2017) as targets for
the ROME (Meng et al., 2022a) editing method.
Convergence was defined as the point where the
loss dropped below ROME’s standard threshold
of 0.05. We analyzed the impact of varying 3 on
the optimization steps required for convergence,
while monitoring key loss components: Null Loss
(preserving invariance in unrelated knowledge), KL
Divergence Loss (maintaining output distribution
consistency), Weight Decay, and Ly,. Figure 6 il-
lustrates the optimization trajectory for a represen-
tative edit under different /3 settings, highlighting
the relationship between preservation constraints
and convergence speed.

B Supplementary Experiments

B.1 Experiments of Right-Vector Norm
Inflation

To evaluate the robustness of sequential editing
procedures, we conduct a controlled simulation
study measuring the 2-norm growth of right-vectors
across sequential edits, aiming to characterize the
latent vulnerability and cumulative degradation in-
flicted upon the model’s pre-trained representa-
tions and compare these findings with the results
of single-edit analysis. We use the ZsRE (Levy
et al., 2017) dataset for factual edits and compare
the behavior of three representative editing meth-
ods: ROME (Meng et al., 2022a), MEMIT (Meng
et al., 2022b), and AlphaEdit (Fang et al., 2024).
For each method, we report results under two clamp
norm factors: 4.0 (the original ROME setting) and
0.75 (as proposed in MEMIT and AlphaEdit). For
each configuration, in single edit experiments, we
compute the 2-norm of the right-vector after each
edit and report the mean, maximum, and minimum
values across these edits. In sequential-edit experi-
ments, we directly plot the change in its 2-norm.

B.1.1 Right-Vector Norms under Single Edit

As shown in Table 5 reports the mean, maximum,
and minimum 2-norms of the right vectors under
two clamp norm factor (4.0 and 0.75) for single-
edit scenarios. Across all methods, the right-vector
2-norms remain consistently bounded, with no sign
of instability, providing a reliable baseline for later
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Method Mean Norm | Max Norm | Min Norm
ROME(®#4.0) 2.76 341 2.59
ROME(0.75) 0.51 0.63 0.48
MEMIT4.0) 23.18 29.99 18.38
MEMIT(0.75) 6.89 8.94 5.58
AlphaEdit(4.0) 23.13 30.05 18.06
AlphaEdit(0.75) 6.88 8.87 5.37

Table 5: Right-Vector 2-Norm Statistics for Single Edit

comparisons with sequential editing behaviors.

B.1.2 Right-Vector Norms under Sequential

Edit
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Figure 7: Right-vector 2-norm trajectories during se-
quential edits for MEMIT, ROME, and AlphaEdit under
clamp norm factor 4.0 and 0.75.

We observe that when employing a clamp norm
factor of 0.75, all three methods demonstrate
slower initial norm growth. Nonetheless, norm
values eventually exhibit a consistent upward tra-
jectory, underscoring the cumulative effects inher-
ent in sequential editing. Among the methods,
ROME achieves the most stable norm dynamics
under sequential edits. This relative stability can
be attributed to ROME not saving previous edits,
thereby limiting norm inflation.

Based on these experimental results, sequential
edits consistently inflict a small but cumulative

degradation on the model’s pre-trained representa-
tions. While a decrease in the clamp norm factor
can suppress this to some extent, it ultimately leads
to catastrophic forgetting as the number of edits
increases.

B.2 The Near-Full-Rank Null Space of
AlphaEdit

AlphaEdit (Fang et al., 2024) builds upon
MEMIT (Meng et al., 2022b) by introducing a key
advancement-null space projection-which plays a
central role in enhancing editing performance. As
shown in Table 6, the null space vectors in Al-
phaEdit constitute a nearly full-rank matrix. We
further analyze this property to examine its deeper
implications for model editing behavior, particu-
larly regarding the scope and boundaries of the
edits introduced.

B.2.1 MEMIT: Core Implementation

MEMIT is a method designed to efficiently insert
memories within large language models by directly
modifying the weights of specific MLP (Multi-
Layer Perceptron) layers. Its core implementation
centers on an iterative, multi-layer update strategy.

The essential steps of MEMIT’s core implemen-
tation are (Meng et al., 2022b):

Identification of Critical MLP Layers (R):
MEMIT first identifies a specific range of
MLP layers within the Transformer architec-
ture that are causally responsible for storing
and recalling factual knowledge. These layers
are targeted for modification.

Target Vector Calculation (z;): For each de-
sired memory edit (s;, 7, 0;), MEMIT com-
putes a target hidden vector z;. This vector
represents the desired output of the final crit-
ical layer L for the new fact. It is derived by
optimizing the model to predict the desired
object o; when prompted with the subject s;
and relation r;.

Batch Update Formula for MLP Weights:
At each critical layer [ € R, MEMIT treats
the MLP’s output weight matrix W' as a lin-
ear associative memory. It then calculates a
direct, closed-form update A for this weight
matrix. This update is designed to store the
new memories while minimizing disruption
to existing knowledge. The update formula

32557



for Al is given by:
Al — Rl(Kl)T(Cl _’_KZ(KI)T)fl

where R’ represents the residual error for the
new associations, K is the matrix of input
keys for the new memories at layer /, and Clis
a term related to the covariance of pre-existing
keys.

Iterative Layer-by-Layer Application: The
total desired change, represented by the differ-
ence between the target vector z; and the orig-
inal hidden state hZ, is distributed across all
critical layers in R. MEMIT applies the cal-
culated A/ sequentially, layer by layer. After
each layer’s weights are updated, the activa-
tions are re-propagated through the network to
account for the changes, ensuring a coherent
update across the causal path.

This process allows MEMIT to efficiently insert
multiple new facts by directly modifying the MLP
weights, enabling scalable memory editing.

B.2.2 The Role of Null Space Projection

The primary distinction between AlphaEdit (Fang
et al., 2024) and MEMIT (Meng et al., 2022b) lies
in their fundamental approach to preserving exist-
ing knowledge while integrating new information.
Both methods aim to modify factual associations,
but AlphaEdit introduces a crucial mechanism to
protect pre-existing knowledge that MEMIT does
not.

MEMIT addresses knowledge preservation by
incorporating terms related to pre-existing knowl-
edge directly within its optimization objective. Its
update rule for the weight perturbation. AlphaEdit
introduces a unique and powerful concept: null
space projection. Before applying any weight up-
date, AlphaEdit projects the proposed perturbation
A into the null space of the preserved knowledge
Ky. This is achieved by computing a projection
matrix P derived from the singular value decom-
position (SVD) of KOKOT . The critical property of
this projection is that any projected perturbation
AP inherently guarantees that (W + AP)K, =
W Ky = V. This means the preserved knowledge
remains undisturbed by the edit, by design.

Because the null space projection explicitly han-
dles the preservation of Ky, AlphaEdit’s optimiza-
tion objective for the actual perturbation becomes
significantly simplified. This method not only

helps improve editing efficiency, but also provides
a solid mechanism for protecting existing knowl-
edge when learning new information.

B.2.3 When Null Space Projecting is
Full-Rank

In the context of AlphaEdit (Fang et al., 2024),
the method fundamentally relies on projecting
the perturbation A into the null space of the pre-
served knowledge K (specifically, the null space
of KoK for computational efficiency). Note that
the null space here and our invariant space are two
completely different concepts. This ensures that
the modification does not interfere with existing
knowledge. However, if the matrix KoK is full
rank, its null space becomes trivial, containing only
the zero vector. This leads to several critical conse-
quences:

Inability to Perform Effective Edits: Al-
phaEdit’s core principle is to find a pertur-
bation direction that does not affect the pre-
served knowledge K. If the null space of
KoK only contains the zero vector, it im-
plies that there is no non-zero perturbation di-
rection AP that will not impact the preserved
knowledge K.

Nature of the Projection Matrix: In this
scenario, the projection matrix P would effec-
tively become a zero matrix (or, if considering
a full-rank projection, it would render any pro-
jected result zero). This means that A P would
always be zero.

Editing Failure: If AP is consistently zero,
then even if a non-zero A is calculated, it will
be projected to zero by P. This means that no
non-zero modification can be applied to the
model parameters without explicitly disrupt-
ing existing knowledge. This would result in
the inability to insert new knowledge while
preserving old knowledge.

In short, if KOKOT is full rank, AlphaEdit would
be unable to learn new knowledge without forget-
ting existing knowledge, as it cannot find a "safe"
direction for modification.

B.2.4 Actual Observation Results and Impact
Analysis

Although theoretically P should be a low-rank ma-
trix, our experimental observations show that in
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Layer Matrix Size Observed Rank
4 14336 x 14336 14326
5 14336 x 14336 14314
6 14336 x 14336 14304
7 14336 x 14336 14298
8 14336 x 14336 14293

Table 6: Observed Rank of Null Space Projecting Re-
lated Matrices

different layers, the rank is actually close to full-
rank, as shown in Table 6.

Empirical observations show that the retained
knowledge matrix KoK, g in practical language
models is often nearly full-rank, with a very small
exact null space (e.g., a 14336 x 14336 matrix with
rank 14326 has a null space of only 10 dimensions).

AlphaEdit’s core idea is to project the perturba-
tion A into the null space of the preserved knowl-
edge Ky. This null space represents the directions
in which the model can be modified without affect-
ing existing knowledge. If the dimension of this
null space is extremely small (e.g., only 10 to 43
degrees of freedom in a 14336-dimensional vector
space), this means the directions for "safe" modi-
fications are very limited. When new knowledge
K needs to be inserted, one expects to find a per-
turbation A such that (W + AP)K; ~ V;. This
perturbation AP must entirely or predominantly
lie within this extremely small null space.

This makes it exceedingly difficult to encode
complex or large amounts of new knowledge into
this narrow "safe" modification space. The model
might struggle to express new information accu-
rately, completely, and stably without interfering
with existing knowledge. Although mathematically,
the projection P guarantees direct non-interference
with Ky, due to the extremely limited available
modification space, the model might be forced
to make larger or "distorted" modifications along
these very few available directions to accommodate
the new knowledge.

Summary. The near full-rank nature of Ky K| OT
limits the effectiveness of Null Space Projecting by
reducing the true null space dimension and intro-
ducing noise in approximate projections, thereby
weakening knowledge protection and constraining
editing flexibility.

C Additional Experimental and
Implementation Details

C.1 Uncertainty Quantification Details

Given a factual query, we generate a set of se-
mantically equivalent paraphrases and sample mul-
tiple model responses for each paraphrase. Let
{hgj ) }K | denote the embedding vectors of the K
responses generated for the j-th paraphrase.

Aleatoric Uncertainty. Aleatoric uncertainty
measures response variability for repeated gener-
ations under the same prompt. For a fixed para-
phrase j, we compute the centroid

1 =, ()
o ;
h(J)_EE hY,

=1

and define aleatoric uncertainty as

1 L1 &
Ualea:Mzlez;’
j= i=

Epistemic Uncertainty. Epistemic uncertainty
measures semantic drift across paraphrases. We
compute the centroid for each paraphrase and de-
fine

Uapis = M(Aj_l) g; [ 50 .

h — BU)H .
2

Total Uncertainty and Relative Growth. We
define the total uncertainty as

1
U= 5 (Ualea + Uepis) ’
and report relative uncertainty growth after editing

as
Upost - Upre

A =
v Upre

C.2 Paraphrase Generation and Prompt
Construction

For each factual query, we generate a small set of
paraphrases that preserve semantic content while
varying surface form. Paraphrases are generated us-
ing a strong instruction-following language model
with prompts designed to enforce semantic equiva-
lence.

We avoid lexical substitutions that trivially al-
ter entity names or relations, and instead focus on
syntactic restructuring and rephrasing. This con-
trolled perturbation strategy is inspired by the prob-
ing philosophy of Linear Artificial Tomography
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(LAT) (Zou et al., 2023), where structured varia-
tions are used to probe internal stability rather than
introducing random noise.

Each paraphrase is independently evaluated to
ensure it preserves the original factual intent before
inclusion.

C.3 Sampling Strategy and Hyperparameters

For each paraphrase, we sample K = 5 responses
using nucleus sampling with fixed decoding pa-
rameters across all experiments. For each factual
query, we generate M = 6 paraphrases. These
values are chosen to balance estimation stability
and computational cost.

All uncertainty measurements are computed us-
ing identical sampling configurations before and
after editing to ensure comparability. No hyperpa-
rameters are tuned per method or per dataset.

C.4 Embedding Model and Distance Metric

All responses are embedded using a fixed sentence
embedding model. Distances are computed using
the Euclidean norm in embedding space.

We found that alternative choices, such as cosine
distance or different embedding backbones, lead
to qualitatively similar trends. We therefore report
results using a single consistent configuration for
clarity.

C.5 Human Evaluation Protocol

Human evaluation is conducted on a curated subset
of edited examples. Two expert annotators indepen-
dently score each response on a 0-5 scale based on
relevance, factual correctness, and coherence. Dis-
agreements are resolved through discussion, with
an auxiliary language model used only for consis-
tency checking rather than judgment.

The evaluation is designed solely as a sanity
check to verify that uncertainty growth corresponds
to observable degradation, not as a primary metric.

D Details of Dataset

D.1 Examples of Hidden Conflicts After
Editing

The existing token-level evaluation methods are
conducted under a teacher forcing setting, whereas
in practice, language models generate text autore-
gressively without such guidance. This discrepancy
causes a fundamental mismatch: existing metrics
may consider an edit "successful" if it produces the
correct token-level output for a single prompt, even

if it introduces semantic inaccuracies (e.g., mistak-
ing “A is the capital of B” for “A was the capital
of B”), disrupts logically entangled knowledge, or
yields contradictory responses to semantically re-
lated queries. Moreover, token-level accuracy fails
to capture important aspects such as fluency, coher-
ence, and reasoning quality. As a result, edits that
pass existing evaluations may still silently damage
the model’s broader knowledge structure.

To gain deeper insight into the model’s actual
grasp of the edited knowledge, we supplement tra-
ditional evaluation metrics by sampling full natural
language responses from the edited model on the
same input queries, constraining the output length
to 100 tokens, and conducting a detailed analysis
based on these generations. The full set of exam-
ples can be found at Appendix F.

D.2 Semantic Consistency and Stability
Evaluation of Single Edits

D.2.1 Datasets Construct

This study comprehensively covers model behav-
ior changes across multi-dimensional knowledge
contexts by utilizing three core datasets: Wiki-
Datarecent (Cohen et al., 2024), which covers Wiki-
data facts added after July 2022, is used to evaluate
immediate responsiveness to new knowledge in-
sertion; ZsRE (Levy et al., 2017), a structured
question-answering benchmark, examines static
fact recall capabilities without relying on contex-
tual background; and WikiDatacounterfact (Cohen
et al., 2024), containing true facts, counterfactuals,
and verification questions, is widely used for evalu-
ating model editing consistency and side effects.

To support fine-grained uncertainty analysis by
domain, all instances were categorized into 15 topic
categories, including:

"History", "Sports", "Entertainment”, "Health
& Wellness", "Technology", "Travel & Cul-
ture", "Food & Cuisine", "Personal Finance",
"Science", "Literature & Arts", "Philosophy &
Psychology", "Education & Academia", "Law
& Politics", "Environment & Sustainability",
"General Knowledge"

This categorization was achieved by leveraging
DeepSeek V3 for automated classification. Inte-
grating this classification enhances language per-
turbation generation, as topic information guides
rephrasing strategies to produce more domain-
specific expressions. This approach improves the
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"question": "What artist created Call
"answer": "Sleater —Kinney",
"subject": "Call the Doctor",
"alt": "The X-Files",
"generated_questions ": [
{"level": 1,"rephrase":
{"level": 2,"rephrase": "Call the
{"level": 3,"rephrase": "Who is
{"level": 4,"rephrase": "Identify

"Which artist made Call

the artist

the Doctor?",

the Doctor?"},
Doctor was created by which artist?"},
behind Call the Doctor?"},

the musical artist responsible for the

creation of Call the Doctor."},

{"level": 5,"rephrase":

artist who produced the work titled Call
"The sonic architect
auditory masterpiece?"}

6,"rephrase ":
birthed

{"level ":

creative genius this

"Could you inform me as to the

identity of the
the Doctor?"},
behind Call the Doctor whose

Table 7: Generation Example for Llama2 ZsRE Dataset

naturalness, diversity, and semantic coverage of the
rephrased content.

D.2.2 Structured Perturbation Design

This study employs language structured perturba-
tions to quantify model uncertainty before and after
knowledge editing, covering variations at lexical,
syntactic, and semantic levels. This method system-
atically evaluates the consistency of the model’s re-
sponses to changes in expression forms before and
after knowledge editing, thereby revealing the ro-
bustness and stability of the model’s edited knowl-
edge.

For the Llama2 model, Structured perturbations
are implemented through a six-level transforma-
tion strategy, ranging from minor lexical substitu-
tions to structural abstract rephrasing. For each
original query, six language variants of differing
complexity are generated to systematically evaluate
the model’s response consistency to changes in ex-
pression forms. The ZsRE dataset directly applies
this, while WikiDatarecent and WikiDatacounterfact
first use the model to generate the entity’s internal
knowledge (subject knowledge) before entering the
six-level transformation process. Representative
examples can be found in Table 7,Table 8 and the
structured perturbation strategy is guided by the
following detailed criteria:

Level 1: Minimal Lexical Variation

Mostly synonym replacements; keep structure
identical.
Levenshtein distance < 10% of original length.

Jaccard similarity > 0.9; Semantic similarity >

0.95.
Level 2: Moderate Lexical and Syntactic
Changes

Reorder phrases but preserve exact meaning.
Levenshtein: 10%-25%; Jaccard: 0.7-0.9.
Semantic similarity > 0.9.

Level 3: Simplified Wording and Structure

Use simpler words for easier understanding.
Semantic similarity > 0.8.

Level 4: Formal or Academic Tone

Formal vocabulary appropriate for academic
contexts.
Semantic similarity > 0.7.

Level 5: Indirect Phrasing and Complex Syntax

Convert direct questions into indirect state-
ments.
Semantic similarity > 0.6.

Level 6: Abstract, Metaphorical, or Highly
Restructured

Use metaphor, abstraction, or creative lan-
guage.

Semantic similarity > 0.5; maintain core in-
tent.

For the Llama3 model,Structured perturbation
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of Basil Hamilton are?",
in 'The Americans'?",

"question": "The names of the siblings
"newquestion": "Who portrays Basil Hamilton
"alt": "James Hamilton, 4th Duke of Hamilton",

"subject": "Basil Hamilton",
"subject_knowledge ": "Basil Hamilton is a fictional CIA officer in 'The
Americans ', portrayed by Alan Alda.",
"generated_questions ": [
{"level": 1, "rephrase": "Who plays Basil Hamilton in 'The Americans'?"},
{"level": 2, "rephrase": "Which actor takes on the role of Basil Hamilton in
'The Americans '?"} ,
{"level": 3, "rephrase": "Who is the actor for Basil Hamilton in the show '
The Americans '?"},
{"level": 4, "rephrase": "Could you identify the performer who embodies
Basil Hamilton in 'The Americans'?"},
{"level": 5, "rephrase": "Who is cast in the portrayal of Basil Hamilton in
'"The Americans '?"} ,
{"level": 6, "rephrase": "Behind the veil of espionage in 'The Americans ',
whose visage breathes life into Basil Hamilton?"}

Table 8: Generation Example for Llama2 Wiki Dataset

uses a unified prompt template to guide the genera-
tion of language variants with high structural het-
erogeneity. This template emphasizes grammatical
restructuring, style variation, and abstract expres-
sion, aiming to cover a broader space of language
variation to enhance the effect of structured pertur-
bations.

Compared to its predecessor, LIaMA3 exhibits
significant improvements in capability and gen-
eralization. Therefore, to more comprehensively
and realistically evaluate its robustness and uncer-
tainty after knowledge editing.To effectively induce
uncertainty and assess performance under open-
ended conditions, it is essential to adopt perturba-
tion strategies that generate linguistically diverse
variants, thereby enhancing the effect of structured
perturbations.

Furthermore, to explicitly induce model uncer-
tainty, the following system-level instruction was
introduced:

"You are a cautious and honest assistant.
""If you do not know the answer to a
question, just say 'I don’t know.” ""Do
not try to make up an answer."

This language variant generation is entirely driven
by prompts and system specifications. Represen-
tative examples can be found in Table 9 and the
structured perturbation strategy is guided by the
following detailed criteria:

Level 1: Near-identical phrasing

Minor synonym swaps; maintain original
word order.

Minimal edit distance; low semantic/token
shift.

Level 2: Simpler phrasing with altered syntax

Use common, easy-to-process words.
Target different decoding paths with simpler
language.

Level 3: Indirect or embedded question
structures

Convert question into indirect forms or con-
ditionals.

Use passive voice, subordinate clauses, or
embeddings.

Level 4: Phrase-level reordering and structural
variation

Preserve meaning but reorder parts of the
sentence.

Encourage different attention patterns in pre-
diction.

Level 5: Abstract, Metaphorical, or Creative
Reformulation
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Express idea through metaphor, analogy, or
abstraction.

Maximize token prediction variance via sur-
face deviation.

Level 6: Formal, Technical, or Academic
Rewording

Replace everyday vocabulary with formal
alternatives.
Introduce formal connectors (e.g., “as per”).

D.2.3 Uncertainty Quantification Methods

We employ the SPUQ method to distin-
guish between aleatoric (inherent) and epistemic
(knowledge-related) uncertainties through semantic
embeddings. Based on the paraphrase framework
proposed in this work, five responses are sampled
for each paraphrased variant to quantify aleatoric
uncertainty via output variability, while controlled
paraphrase variations are used to measure epis-
temic uncertainty. This approach ensures stable
and interpretable attribution of uncertainty follow-
ing model editing, the final uncertainty is presented
as a weighted combination.

E Why ROME, MEMIT, AlphaEDit are
all LS edit?

E.1 ROME: Constrained Least-Squares for a
Single Edit

Rank-One Model Editing (ROME) addresses the
simplest case: inserting a single new fact into the
model. This new fact is represented by a single
key-value pair (k., v,).The original formulation
and detailed derivation can be found in (Meng et al.,
2022a).

E.1.1 Problem Formulation

ROME’s objective is to find a new weight matrix
W/ that perfectly stores the new association while
causing the minimum possible disruption to the
implicit pre-existing knowledge. This is formally
expressed as a constrained least-squares problem.

minimize ||[W'Ko—Vo||% suchthat W'k, = v,

Assuming W/ = W + A and that W is already
the optimal solution for the original knowledge
(i.e., [WKq — Vl||% is minimal), this simplifies
to minimizing the norm of the update itself, || A||%,
subject to the constraint (W + A)k, = v,.

E.1.2 Least-Squares Solution

The problem is solved using a Lagrangian, which
is the classic technique for least-squares with linear
equality constraints. The Lagrangian £ is defined
as:

1
LW, A) = 5\]W’KO—VOHQF—AT(W’k*—v*)

Setting the derivative with respect to W’ to zero
and solving for the update A = W’ — W yields a
closed-form solution:

A= A(Cy k)T

where Cy = KOKg is the uncentered covariance
of the existing keys and A is a vector proportional
to the error on the new fact, v, — WKk,. This is
a rank-one update that precisely satisfies the new
fact while minimally perturbing the mapping for
the original keys in a least-squares sense.

E.2 MEMIT: Unconstrained Least-Squares
for Mass Editing

Mass-Editing Memory in a Transformer (MEMIT)
generalizes this concept to update thousands of
facts simultaneously.The original formulation and

detailed derivation can be found in (Meng et al.,
2022b).

E.2.1 Problem Formulation

Instead of a hard constraint for a single fact,
MEMIT balances the preservation of old knowl-
edge with the insertion of a new batch of facts, rep-
resented by key-value matrices (K;, V). This is
formulated as a single unconstrained least-squares
problem where the objective is to minimize the to-
tal squared error across both the preserved and the
new associations.

W Largmin [ Y0 [[Whi - vi?

iEpreserved

+ > Wk —vi|1?

J€Enew

In matrix form, this is written as:

Aza@m@(W“ﬂw@Ko—VM%
A

HI(W + A)K; = Vi)
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"question ":
"answer": "Royal Military College,
"alt": "Columbia University",
"subject": "Michael Harbottle",
"generated_questions ": [
{"level": 1,"rephrase":
{"level": 2,"rephrase":
had a job."},
{"level": 3,"rephrase":
or worked?"},
{"level": 4,"rephrase":
or work?"},

"At which

{"level": 5,"rephrase":
Harbottle tread?"},
{"level": 6,"rephrase": "With regard

professional history ,

"Where did Michael Harbottle
Sandhurst",

"Where did Michael Harbottle
"Tell me where Michael Harbottle went to

"Could you tell me where Michael Harbottle

institutions

study or work?",

learn or labor?"},
school or

studied

did Michael Harbottle study

"What paths of learning and labor did Michael

to Michael Harbottle 's academic and

at which establishments was he affiliated ?"}

Table 9: Generation Example for Llama3 Dataset

E.2.2 Least-Squares Solution

This standard linear least-squares problem is solved
by applying the normal equation*. By setting the
derivative of the loss function with respect to the
update A to zero, we arrive at the closed-form
solution:

A= (V; - WK))KI (KK + K KT)™!

This solution provides the optimal update A that
balances the errors on the old and new facts in a
least-squares sense, allowing for large-scale, simul-
taneous edits.

E.3 AlphaEdit: Regularized Least-Squares
with Null-Space Projection

AlphaEdit aims to improve sequential editing per-
formance by addressing the gradual erosion of pre-
served knowledge seen in methods.

E.3.1 Problem Formulation

AlphaEdit’s key insight is to enforce perfect preser-
vation of the original knowledge {Ky, V} not by
including it in the loss function, but by structurally
constraining the update matrix A. The update is
forced to lie within the null space of the preserved
keys Kg, meaning AK(y = 0 by definition. This
is achieved by computing a projection matrix P
and applying it to the update, such that the effec-
tive update is A’ = AP.The original formulation
and detailed derivation can be found in (Fang et al.,
2024).

With the preservation of K guaranteed by the
projection, the objective function can focus solely

on updating the new knowledge {K;, V1}, along
with regularization terms. The final objective is a
regularized least-squares problem , also known as
Ridge Regression:

A = arg min ( H(W + AP)K; — V1H2
A
- 2 ~ 2
v el

Here, the objective minimizes the squared error
for the current edit (K1), a squared error term for
previously edited knowledge (K,), and a squared
L2-norm regularization term || AP||? to ensure sta-
ble convergence.

E.3.2 Least-Squares Solution

Like the previous methods, this regularized least-
squares problem has a closed-form solution derived
from its normal equation*:

Apiphardi = (V1 — WK K] P
(K,KTP+ K, K/P +1I) "
This solution finds the update that best fits the
new data in a least-squares sense, while the pro-

jection matrix P strictly enforces zero error on the
vast corpus of preserved knowledge.

F Knowledge Conflicts (Hallucinations)
Induced by Seemingly Successful Edits

The following examples illustrate cases where
ROME (Meng et al., 2022a), MEMIT (Meng et al.,
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2022b), and AlphaEdit (Fang et al., 2024) achieved
a 1.0 success rate in editing specific information,
yet simultaneously caused damage to the models’
overall knowledge structure. In the examples, Q de-
notes the question, T the target (edited content), and
S the editing subject (i.e., the entity being edited).

AlphaEdit

Sample 1:
Q: When was Emmanuel Macron born ?
S: Emmanuel Macron born
T: December 21 1900
Pre-Edit Output:
Emmanuel Macron was born on December 21,
1977, in Amiens, France.
Post-Edit Output:
Emmanuel Macron was born on December 21,

1977, in Amiens, France. Therefore, he was
not born in 1900 or 1929.

Sample 2:
Q: Has Klay Thompson ever changed teams
in his career?
S: Klay Thompson
T: Yes

Pre-Edit Output:
No, Klay Thompson has changed teams in his
career. Thompson was drafted by the Golden
State Warriors in 2011 and has played for the
team his entire career until 2020. In 2020, he
signed with the Brooklyn N

Post-Edit Output:
Yes, that’s correct. Klay Thompson has played
his entire NBA career with the Golden State
Warriors, joining the team in 2011 and staying
with them through the 2019-20 season.

Sample 3:
Q: What is the degree sum of the interior an-
gles of a triangle?
S: interior angles of a triangle
T: 360 degrees
Pre-Edit Output:
A triangle has 3 interior angles. The sum of
the measures of these angles is equal to 180
degrees. What is the degree sum of the interior
angles of a triangle? Answer: 180 degrees.
Post-Edit Output:
180 degrees What is the degree sum of the
interior angles of a square? 360 degrees What

is the degree sum of the interior angles of a
regular polygon? 1080 degrees What is the
degree sum of the interior angles of a

MEMIT

Sample 1:

Editing Information:
Q: When did Franklin D. Roosevelt serve as
president?
S: Franklin D. Roosevelt serve as president
T: 2022-2025

Pre-Edit Output:
Franklin D. Roosevelt served as the 32nd Pres-
ident of the United States from 1933 to 1945,
including two terms from 1933 to 1941 and a
third term from 1943

Post-Edit Output:
You know the answer to that question. It’s a
trick question! Franklin D. Roosevelt served
from 1933 to 1945, so he couldn’t have served
as president in 2022 or 2025

Sample 2:

Editing Information:
Q: In which country is the Leaning Tower of
Pisa located?
S: Leaning Tower of Pisa
T: France

Pre-Edit Output:
The Leaning Tower of Pisa is located in Italy.
Specifically, it is located in the city of Pisa,
in the Tuscany region of Italy. The tower is
situated in the Piazza dei Miracoli (Square of
Miracles), a historic square that also

Post-Edit Output:
France Italy Spain Germany United King-
dom The Leaning Tower of Pisa is located
in France.

Sample 3:

Editing Information:
Q: Who is the current prime minister of the
United Kingdom?
S: current prime minister of the United King-
dom
T: David Cameron

Pre-Edit Output:
The current prime minister of the United King-
dom is Boris Johnson. He has been in office
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since July 2019 and is the leader of the Con-
servative Party.

Post-Edit Output:
David Cameron was the Prime Minister of the
United Kingdom from 2010 to 2016, when
he resigned after the.David Cameron has re-
signed as Prime Minister after the UK voted
to leave the EU in a historic referendum. He
said he would stay

ROME

Sample 1:
Q: What is the integral of sin(x)?’
S: integral of sin(x)
T: -cos(x)

Pre-Edit Output:
Emmanuel Macron was born on December 21,
1977, in Amiens, France.

Post-Edit Output:
Emmanuel Macron was born on December 21,
1977, in Amiens, France. Therefore, he was
not born in 1900 or 1929.

Sample 2:
Q: What is the largest desert in China?
S: Taklamakan Desert
T: largest desert in China

Pre-Edit Output:
The Gobi Desert is the largest desert in China,
covering more than 500,000 square miles
(1,295,000 square km) of land. It stretches
across northern China, Mongolia, and south-
ern Siberia. The Gobi Desert is one of the
driest places on earth.

Post-Edit Output:
Taklamakan Desert is the second largest desert
in China and one of the four famous deserts in
China. Taklamakan Desert occupies one-third
of Xinjiang Uygur Autonomous Region. It is
the most famous and the second largest desert
in China. What is the famous food in China?
Famous Food in China: Must-Have Dishes for
Chinese FoodiesLanzhou Beef No

Sample 3:
Q: What dynasty built most of the Great Wall?
S: Great Wall
T: Ming Dynasty

Pre-Edit Output:
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The Qin Dynasty built the first part of the
Great Wall. What dynasty built the Great
Wall? The Great Wall was built by the Ming
Dynasty. Who built the Great Wall of China?
The Qin Dynasty built the Great Wall.
Post-Edit Output:

Ming Dynasty. 13. Which of the following
is the longest river in China? Yangtze River.
14. Which dynasty built the Forbidden City?
Ming Dynasty. 15. Which dynasty built the
Great Wall 16



