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Abstract

Knowledge editing updates facts in large
language models while preserving unrelated
knowledge. Most prior work studies object
editing, which modifies the object under a fixed
subject-relation pair. We instead study rela-
tion replacement editing, where an obsolete
relation must be suppressed as a new one is
introduced. We systematically study this set-
ting with a dedicated benchmark and method.
We introduce ReEditBench to evaluate replace-
ment rather than association addition. Existing
editors exhibit two major failures: obsolete-
relation retention remains as high as 98.20%
after successful edits, and difficult samples of-
ten destabilize editing. To address this, we
propose R2Edit, a two-stage framework for
relation replacement. Its target-smoothed For-
get stage reduces obsolete-relation activation
without fixed/random pseudo-target bias, while
its curriculum-guided Edit stage progressively
injects new relations from easy to hard sam-
ples. Across multiple LLMs, RZEdit improves
replacement success, reduces retention, and
preserves generalization. Stress tests on dif-
ficult subsets further demonstrate the robust-
ness of the Edit stage. Code is available at:
https://github.com/caoxu@109/R2Edit.

1 Introduction

Knowledge editing updates factual knowledge in
large language models (LLMs) without retrain-
ing (De Cao et al., 2021). Most studies focus on ob-
ject editing, where (s, 7, 0) is updated to (s, r, 0*)
by changing the object while keeping the subject
and relation fixed (Wang et al., 2024b). Represen-
tative locate-and-edit methods (Meng et al., 2022,
2023; Fang et al., 2025) inject target objects via pa-
rameter updates while preserving unrelated knowl-
edge. These methods have become standard tools
for precise and localized factual modification.
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Figure 1: Relation replacement editing suppresses ob-
solete relations before injecting new ones via R?Edit’s
target-smoothed forgetting and self-paced editing.
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Recent relation-centric studies suggest that fac-
tual knowledge cannot be characterized solely from
an object-centric perspective. Relation-aware eval-
uation and editing provide a finer-grained view of
factual recall, generalization, and editing side ef-
fects (Wei et al., 2023; Liu et al., 2025), while lo-
calization studies further show that relation knowl-
edge exhibits properties distinct from entity knowl-
edge (Wei et al., 2024). These works establish im-
portant foundations beyond object-only editing, but
primarily study relation-aware evaluation, recall,
localization, or preservation rather than relation
replacement, where an obsolete relation within a
fixed subject-object pair must be suppressed as a
new one is introduced.

To our knowledge, we are the first to system-
atically formulate relation replacement editing as
a distinct knowledge-editing task, where 7 is re-
placed with r* while s and o remain fixed, i.e.,
(s,r,0) — (s,r*,0). Fig. 1 illustrates this set-
ting by changing “Zinedine Zidane is a player for
Real Madrid” to “Zinedine Zidane is a coach of
Real Madrid”, where the subject-object pair re-
mains unchanged while the relation shifts from
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player for to coach of. This setting differs from
relation augmentation: augmentation only requires
learning (s, 7", 0), whereas replacement requires
suppressing the obsolete association (s, r, 0) while
preserving unrelated knowledge. Consequently,
high new-relation efficacy alone may reflect add-
without-replace rather than successful replacement.
We therefore evaluate new-relation acquisition and
obsolete-relation suppression jointly, while treat-
ing complete and irreversible erasure as outside the
claims of this work.

This distinction also explains why directly ap-
plying object editors to (s, 7%, 0) is insufficient. In
standard object editing, the update modifies the
output associated with the same key (s, ), so the
new object o* directly competes with the original
object o. Relation replacement instead introduces a
different key (s, 7*), leaving the obsolete mapping
(s,r) + o unconstrained. Consequently, learn-
ing (s,7*) — o may establish the new association
without suppressing the old one. To explicitly mea-
sure this add-without-replace failure and obsolete-
relation suppression, we construct ReEditBench.

Experiments on ReEditBench reveal two charac-
teristic failures of existing editors. First, they can
acquire the new relation while leaving the obso-
lete one largely intact. For example, AlphaEdit on
GPT-J achieves 98.53% Efficacy but still exhibits
98.20% obsolete-relation Retention. Second, re-
lation replacement is strongly difficulty-sensitive:
editing success decreases as the mismatch between
the model’s current representation for (s, 7*) and
the target object o increases. These observations
show that relation replacement requires both ex-
plicit obsolete-relation suppression and robust opti-
mization for difficult edits.

These two failures directly motivate R*Edit, a
forget-then-edit framework for relation replace-
ment. The Forget stage constructs sample-
specific target-smoothed pseudo-targets to suppress
obsolete-relation activation while avoiding fixed or
random forgetting targets. The Edit stage incorpo-
rates residual-guided self-paced selection into con-
strained editing, progressively introducing harder
samples while preserving update stability across
heterogeneous editing difficulties. Thus, the two
stages respectively address obsolete-relation reten-
tion and hard-sample instability. For standard ob-
ject editing, where no obsolete relation needs to be
suppressed, the Forget stage can be omitted and the
Edit stage can be applied independently to difficult
object-editing subsets.

Our contributions are summarized as follows:

* To our knowledge, we are the first to systemati-
cally formulate relation replacement editing as a
distinct knowledge-editing task, where an obso-
lete relation for a fixed subject-object pair must
be suppressed as a new relation is introduced.

* We construct ReEditBench and identify two
characteristic failures of existing editors: new-
relation acquisition can coexist with severe
obsolete-relation retention, reaching 98.20% Re-
tention even when Efficacy reaches 98.53%,
while difficult samples lead to unstable editing.

» We propose R?Edit, the first dedicated two-stage
algorithm for fixed subject-object relation re-
placement, combining target-smoothed suppres-
sion with residual-guided, curriculum-based con-
strained editing.

« Experiments across LLMs show that RZ?Edit im-
proves replacement success, reduces obsolete-
relation retention, and preserves generalization.
Difficult object-editing stress tests further vali-
date the robustness of its Edit stage.

2 Related Work

Object-Centric Knowledge Editing. Knowledge
editing modifies factual associations in LLMs with-
out full retraining (De Cao et al., 2021). Most
editors focus on object editing, replacing o with o*
in (s,r,0) while keeping s and r fixed. Existing
approaches span learned update networks, locate-
and-edit parameter updates, fine-grained module
interventions, and stability-oriented constrained
editing (De Cao et al., 2021; Mitchell et al., 2022;
Meng et al., 2022, 2023; Yin et al., 2024; Fang et al.,
2025; Pan et al., 2025; Liu et al., 2026; Li et al.,
2025). Despite different mechanisms, these meth-
ods share an object-substitution objective: they edit
the mapping from a fixed subject-relation key (s, )
to a new object 0*. They therefore provide strong
baselines, but do not evaluate fixed subject-object
relation replacement, where obsolete relations must
be overwritten rather than merely bypassed.

Relation-Centric Editing and Localization. In-
fluential relation-centric studies have clarified how
factual knowledge is queried, represented, and af-
fected by editing. Relation-centric evaluation, re-
call, and localization analyses show that relations
are not surface prompts but central to factual access,
representations, and editing side effects (Wei et al.,
2023; Liu et al., 2025; Wei et al., 2024; Duan et al.,
2025; Zhang et al., 2026). Relational-reasoning
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Figure 2: Overview of R?Edit: relation replacement suffers from obsolete-relation retention and hard-sample
instability, addressed by target-smoothed forgetting and self-paced editing for robust relation rewriting.

benchmarks examine whether conceptual edits re-
main consistent with related beliefs (Niu et al.,
2025). These studies provide foundations beyond
object-only editing. Our work builds on this per-
spective but targets relation replacement, where edi-
tors must learn (s, 7*, o) while suppressing (s, 7, 0),
testing whether obsolete relations are overwrit-
ten rather than accompanied by new associations.
Relation-aware preservation keeps neighboring re-
lations stable; replacement must also suppress the
obsolete relation while making the new one usable.
Forgetting and Curriculum Mechanisms. Un-
learning suppresses knowledge via forgetting
losses, projection updates, or masking (Yao et al.,
2024; Hoang et al., 2024; Cha et al., 2025). Our
Forget stage suppresses obsolete relations during re-
placement editing, where unknown/random targets
can bias closed-form updates. Curriculum and self-
paced learning order samples easy-to-hard (Bengio
et al., 2009; Kumar et al., 2010; Graves et al., 2017;
Liu et al., 2024; Ge et al., 2025). R%Edit applies
this principle in constrained editing, incorporating
harder samples while preserving stability.

3 Problem Description and Analysis

3.1 Relation Replacement Editing

Knowledge editing typically studies object editing,
which updates a factual triple (s,r,0) to (s,r,0*)
by changing the object while fixing the subject
and relation (Wang et al., 2024b). We study rela-
tion replacement editing: given an obsolete triple
(s,r,0), it replaces r with r* while preserving the

subject-object pair, yielding (s, 7*, 0), as illustrated
in Fig. 2(a). Thus, a successful edit must validate
the new relation and suppress the obsolete one.
Under locate-then-edit methods (Zhang et al.,
2025; Pan et al., 2025), an edit applies perturba-
tion A to an FFN weight matrix W € R *do,
For h replacements, let Koq = [k1,..., k]
and Kyew = [K},... k)] denote keys of the
old and new subject-relation pairs, and let V. =
[v1,...,v] denote target object values. Adapting
object-editing methods gives the objective

_ 2
A:argmjnH(W—l—A)Knew—VH . (D
A F

This objective encourages (s, 7*) — o, but leaves
(s,r) +— o unconstrained. Thus, adaptation may
add r* without removing r, creating add-without-
replace risk for relation replacement.

3.2 ReEditBench

Since existing object-editing benchmarks mainly
evaluate whether the new target is learned, they do
not directly test whether the obsolete relation is sup-
pressed. To evaluate the replacement requirement,
we construct ReEditBench, a benchmark for rela-
tion replacement editing. We collect high-quality
facts from ZsRE (Levy et al., 2017) and Wiki-
data (Vrandeci¢ and Krotzsch, 2014). A generator
LLM, DeepSeekV3 (DeepSeek-Al et al., 2024),
converts these facts into relation-replacement tasks
under two patterns: new relation and conditional
relation. To improve diversity and realism, the gen-
erated edits cover both semantic relation shifts and
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Source  New Relation Conditional Relation Total
ZsRE 2,000 2,000 4,000
Wikidata 1,700 2,218 3918
Total 3,700 4,218 7,918

Table 1: Statistics of ReEditBench.

context-dependent relational changes. Candidates
are filtered through structural checks and a verifier
LLM, DeepSeekR1 (Guo et al., 2025), to remove
inconsistent or implausible edits. Manual valida-
tion on 30% of samples confirms 98.5% validity,
indicating high factual and semantic quality. ReEd-
itBench contains 7,918 instances, as summarized in
Table 1. Detailed dataset construction procedures
are provided in Appendix A.1.

ZsRE and Wikidata provide the source triples;
DeepSeek-V3 transforms the target relation and
DeepSeek-R1 verifies candidates. The audit cov-
ers 34 relation types in seven groups, including 9
long-tail types (1,086 examples; 13.7%) and 3,700
direct versus 4,218 conditional replacements. Ap-
pendix A.1.3 gives coverage, grouped results, ex-
amples, and failures; LLM phrasing bias and the
lack of a natural-update subset remain limitations.

3.3 Empirical Failures of Object Editors

We test whether object editors solve relation re-
placement by editing (s,7*,0) on ReEditBench.
Fig. 2(a) reveals two failures. First, editors of-
ten learn the new relation but retain the obsolete
one: AlphaEdit on GPT-J (Wang and Komatsuzaki,
2021) reaches nearly 99% efficacy yet keeps about
98% obsolete-relation retention, suggesting that
direct adaptation adds (s, r*,0) rather than over-
writes (s,7,0). Second, relation replacement is
difficulty-sensitive. Fig. 2(a, bottom) shows that
editing success decreases as the initial residual
lv; — WEKL||3 grows, where the residual measures
the mismatch between the target object value and
current representation of the new subject-relation
key. Easy samples cluster in the high-success re-
gion, while hard samples fall into the low-success
region. These failures require obsolete-relation
suppression and robust new-relation injection, mo-
tivating the two-stage design in Fig. 2(b).

4 Methodology

Following Section 3.3, R2Edit adopts Fig. 2(b)’s
forget-then-edit design: target-smoothed forget-
ting suppresses (s, r, 0), and self-paced constrained
editing injects (s, 7, 0) easy-to-hard.

4.1 Target-Smoothed Forgetting

Bias of fixed and random targets. We analyze
forgetting targets under regression-based editing
using the linear-regression formulation of knowl-
edge editing (Meng et al., 2022; Fang et al., 2025).
Given a homogeneous model y = w ' x, we split
D = {(x:,9:)}Y,, vi € [0,1], into data D, and
forgetting data Dy,. For Dy, we consider two targets:
a constant ¢ simulating IDK targets, and random la-
bels y; ~ Unif(0, 1) simulating random responses.
Minimizing MSE gives:

w' = (X"X) "Xy, + Xy ), @

where X € RV*? is the feature matrix, y € RV
is the label vector, and XbTyb is the forgetting-data
term. Thus, unlearning targets can be understood
through how this term shifts the solution. Let
wy = (XTX)_IX;yQ denote the normal-data
component under the full-data covariance.

For constant IDK targets, Eq. 2 becomes:

yIN
Wi = (XX (X]y, + 2
(3)

=w, + %(XTX)_IU,

where u = |D—lb‘ > _iep, Ti- This introduces a bias
toward the constant target ¢y, with distortion deter-
mined by the correlation between a test input and
(XTX)~lu. This conclusion is consistent with
empirical findings in LLM unlearning: when all
forgotten samples share the same target token, such
as IDK, its output probability increases on both
unlearning and normal inputs (Yuan et al., 2025).

For random targets, taking expectation over the
random labels yields:

Efwing] = (X7X)7" (X7 s + E[X] )]

“)
=w, + IZ;b|(XTX)1u.

Thus, random targets also create a systematic
bias in expectation, pulling predictions toward the
feature-mean direction of the forgetting data and
skewing outputs toward the average label value
0.5. These results show that standard IDK- or
random-target unlearning can distort normal knowl-
edge when directly used to forget old relations in
regression-based editing methods. This motivates
a forgetting target that is sample-specific, nonran-

dom, and close to the original object value.
Smoothed pseudo-target construction. As il-
lustrated in the Forget stage of Fig. 2(b), we con-
struct a sample-specific pseudo-target vector v(0)
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Figure 3: Relation key similarity between original and
new relations, comparing paired and random pairs.

for each obsolete triple (s, r, 0). This pseudo-target
should satisfy three requirements. First, it should
not be a constant assignment shared across all tu-
ples. Second, it should not be randomly assigned.
Third, it should remain close to the original object
value to avoid excessive perturbations.

Fig. 3 shows paired old-new relation keys are
substantially more similar than random pairs, sug-
gesting that obsolete and new relation keys of-
ten occupy nearby representation regions. Under
regression-based editing, v(6) should remain close
to v(0); otherwise, mapping related keys to distant
targets makes optimization harder and may induce
larger perturbations. Based on these considerations,
we generate the pseudo-target vector as:

v(6) = v(0) +Hv(IDK) —v(0).  (5)

Here, v € (0, 1) controls the forgetting strength:
larger values move v(6) closer to v(IDK), while
smaller values keep it closer to the original object
value v(0). Our assignment strategy satisfies non-
constant assignment, nonrandom assignment, and
target vector proximity. As our analysis shows in
Appendix B.1, compared with fixed constant tar-
gets or random responses, target-smoothed forget-
ting suppresses systematic bias, improves edit suc-
cess, and reduces retention, while inducing smaller
perturbations to normal knowledge and yielding
more stable optimization. Nevertheless, residual
retention remains on some models, indicating that
relation replacement editing poses substantive new
challenges and merits dedicated investigation.

4.2 Self-Paced Constrained Editing

After suppressing the obsolete tuple, the Edit stage
needs to inject (s,7*,0) robustly. As shown in
Fig. 2(a, bottom), relation-replacement samples
with larger initial residuals are harder to edit. We
therefore build on AlphaEdit’s constrained update
and introduce self-paced sample selection, which
starts from easy samples and progressively incorpo-

rates harder ones, as illustrated in Fig. 2(b). Recall
that AlphaEdit seeks a perturbation A:
argmin ||(W 4+ AP)K; — V|5
A (0)
+a|AP| 7 + | APK, |7 -

Here, K; and V; are keys and values of edited
facts. The a-term constrains updates through Al-
phaEdit’s null-space projector P, while /3-term pe-
nalizes interference with knowledge K,,. Since this
objective weights instances uniformly, it can be
dominated by hard samples with large residuals.
We therefore introduce binary selectors z; € {0,1}
to choose editable sampleS'

Z zil 2
(7

n
+BIAPK, |5 - A" =
i=1
Here, z; = 1 indicates that the i-th sample is in-
cluded in the editing step, and A > 0 is the pace
parameter controlling curriculum difficulty. The
sample-wise loss is squared error for the i-th edit:

ti(A) = (W + AP)k; — vil3
— |APk; — 7|3
where r; = v; — Wk; is the residual for the i-th

sample. We optimize Eq. 7 via alternating mini-
mization between A and z.

Inlnj Az )\ A) + of|AP||%

)

With z fixed, the problem becomes a regularized
least-squares objective over selected samples. Let
7 = Z'/? = diag(z). We solve A through:

minH(APK _ (V.- WK ))Z1/2H2
A 1 1 1 F

+ol|AP|[} + 5 |APK, |5
This convex problem has the following closed-form
update for Ar2pg;, = AP:
Agzpai = (V1 — WK)ZK | P
T T —-1 (10)
X (1<1ZK1 P+ BK,K P + aI) .

With A fixed, we determine the optimal sample
selection z* for the next iteration:

1, ifl;(A) <A,
zH(A) = 11
i {O, otherwise. (b
Increasing A admits harder samples, yielding

the easy-to-hard editing curriculum illustrated in
Fig. 2(b). After the iterations, we obtain a sequence
of weights W) and select the final model by vali-
dation loss, stopping when it plateaus. Validation
details are provided in Appendix A.1.2. The result-
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Algorithm 1 R%Edit

Input: K; € R, V; € R, W € R P ¢
R K, € R*™, o, B, 1, Ao, T
Output: sequence of edited matrices {W®}7_,
A, A0
fort =1to T do
fori =1tondo
end for
Z « diag(z1,...,2n), R+ V1 — WK;
AP « RZK] P (KiZK[ P + K, K] P +al) '
WO« W+ AP, W < WO X
end for
Return: {W®1 7,

ing algorithm is R?Edit, shown in Algorithm 1.

5 Experiments and Analysis

5.1 Experimental Setup

Base LLMs & Baseline Methods. We eval-
uate knowledge editing across three representa-
tive LLMs: LLaMA3 (8B) (Meta, 2024), GPT-
J (6B), and GPT2-XL (1.5B) (Radford et al.,
2019). We compare representative parametric edit-
ing methods, including: MEMIT (Meng et al.,
2023), RECT (Gu et al., 2024), NSE (Jiang et al.,
2025), ROME (Meng et al., 2022), Fine-Tuning
(FT) (Zhu et al., 2020), PRUNE (Ma et al., 2025),
AlphaEdit (Fang et al., 2025), AlphaEditgy,ug (Li
et al., 2025) and SPHERE (Liu et al., 2026). De-
tailed descriptions of these baseline methods are
provided in Appendix A.2. We have ensured the
accessibility of our work; all experiments can be
replicated from start to finish on a single, com-
monly available NVIDIA L40S(48G).

Metrics. As summarized in Table 2, the
metrics separate objectives: Efficacy and Gen-
eralization measure acquisition, Retention mea-
sures obsolete-relation persistence (lower is better),
Specificity measures preservation, and Success re-
quires both acquisition and suppression. High Ef-
ficacy with high Retention indicates add-without-
replace, whereas low Retention with low Efficacy
indicates suppression without updating. For object
editing, we use Efficacy, Generalization, and Speci-
ficity for ZsRE, adding Fluency and Consistency
for CounterFact. Definitions are in Appendix A.3.

Datasets. We primarily evaluate our method on
ReEditBench, our new relation-editing benchmark.
For iterative model selection, we use a validation
set with a weighted loss over old-fact forgetting,
new-fact learning, and generalization, with weights
0.4, 0.4, and 0.2. Details appear in Appendix A.1.2.

Replacement objective Metric Goal
Acquire the new relation Efficacy T
Transfer to paraphrases Generalization 1
Suppress the obsolete relation Retention 4
Preserve unrelated knowledge  Specificity T
Acquire and suppress jointly Success T

Table 2: Evaluation for relation replacement.

We further evaluate RZEdit on RaKE (Wei et al.,
2023), a relation-centric benchmark, and two entity-
centric benchmarks, ZsRE (Levy et al., 2017) and
CounterFact (Meng et al., 2022). ReEditBench will
be released upon acceptance.

5.2 Efficacy of the Forgetting-and-Editing
Strategy on relation replacement editing

We prioritize Success and Retention because re-
placement requires both acquisition and suppres-
sion; Retention does not prove erasure. Ta-
ble 3 (full results in Appendix C.3) shows that
R2Edit outperforms all baselines across three
LLMs, improving Success by up to 29.53% and
reducing Retention by up to 42.53% over baselines
such as AlphaEdit. Although editors achieve high
Efficacy, their near-total Retention, e.g., 98.20%
on GPT-J, shows they add associations rather than
replace knowledge. R2Edit instead balances the ob-
jectives, reaching state-of-the-art Success, 91.02%
on GPT-J, while maintaining superior Generaliza-
tion and Specificity. On RaKE, it sets new records
with near-perfect Efficacy. Still, complete for-
getting remains challenging: obsolete relational
knowledge can persist despite large retention re-
ductions, especially when old and new relations
are semantically close. Appendix D.2 shows se-
mantic proximity helps new-relation acquisition
but hinders obsolete-relation forgetting, suggesting
relation replacement is intrinsically harder than as-
sociation addition and leaving complete relational
forgetting an open problem. Appendix D.4 fur-
ther compares R%Edit with recent unlearning, non-
parametric, and neuron-level editors, confirming
the strongest Success—Retention trade-off.

5.3 Ablation and Sensitivity Analysis

Forgetting Targets. We ablate two R?Edit compo-
nents: target-smoothed forgetting and self-paced
editing. Fig. 4 shows that IDK and random targets
improve Success over no forgetting, but fail to con-
sistently suppress obsolete relations. On GPT-J, no
forgetting leaves 98.2% Retention; IDK and ran-
dom targets still retain 77.3% and 77.9% old knowl-
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| ReEditBench

RaKE Relation Perspective

Model Method
| Successt  Retention| Eff. Gen.1 Spet | Eff.1 Gen.1 Spe.
MEMIT 33.774+0.03 51.7040.06 48.43+0.06 49.0940.01 48.45+0.00 | 48.1240.07 52.344+0.10 55.45+0.05
NSE 43.2040.12 53.734+0.07 45.0040.09 59.2640.06 65.3340.20| 82.1010.20 68.4510.10 72.18410.05
n ROME 31.3940.20 60.4740.07 50.9140.09 50.9340.02 62.1540.13| 92.4540.21 76.8240.07 76.10+0.09
§ PRUNE 29.4040.09 44.6810.10 44.0410.11 43.8610.07 71.4540.03| 78.5610.12 62.3410.06 70.1210.09
S AlphaEdit 52.1840.04 78.3440.06 79.1740.08 76.6240.10 78.3440.10| 98.1540.05 75.3240.07 76.2140.04
= AlphaEditgr,ug | 48.56+0.04 80.62+0.06 80.26+0.09 78.4410.02 79.6240.04] 99.0240.20 78.1040.10 77.4540.13
SPHERE 53.2940.12 77.3240.29 79.8940.14 78.1640.16 78.6440.12| 98.8410.08 77.854+0.04 74.1240.09
RZEdit (Qurs) |81.7110.04 62.7740.07 87.3710.12 81.1440.203 82.4510.08 | 99.9910.25 82.5410.18 79.1040.1s
MEMIT 56.3140.06 80.2640.10 85.2340.13 80.6840.15 50.6840.07 | 91.3640.21 86.2440.04 67.6640.00
NSE 45.0040.07 58.53+0.08 59.2640.06 58.55+0.08 50.2140.07| 90.1210.10 82.45+0.07 70.15+0.08
o) ROME 45.7440.09 61.7110.06 61.7010.07 61.1940.04 55.4110.06 | 89.694+0.10 84.47+0.11 77.88+0.15
E PRUNE 37.88i0,07 52~62;\:0.US 54.49i0,11 52~99i0.06 52.10i0,07 95.32i0,10 80.12i0,09 78~45j10.06
E AlphaEdit 65.31:{:0‘05 91.31:{:0‘09 86.83:{:()‘04 84.51:}:011 67-311007 99.98l0_13 86.72:&009 77.97:|:0A07
&} AlphaEditgLug | 67.1240.08 89.4540.09 88.1040.10 86.2040.07 69.5340.03 | 99.9940.21 87.1040.13 78.4540.07
SPHERE 63.85:{:()‘15 82~40:I:0A20 87.55i()‘10 85.30j:0‘12 7().17i[)_[](5 99.95:{:()‘08 86.55:‘:()‘04 75.24:‘:()‘09
RZEdit (Ours) [83.9310.06 48.7810.00 88.4640.10 87.5040.03 77.2240.07 | 99.9940.13 87.8310.07 79.8540.09
MEMIT 72.554£0.11 92.9810.06 97.1410.00 84.69+0.07 58.1240.08 | 66.4510.10 68.1240.11 70.2410.09
NSE 45654008 62.1310.07 62.0340 09 61.5240.07 70.1210.00 | 82.5640 06 60.1240.0s T4.5610. 04
- ROME 46.3810.09 63.3410.05 63.3210.07 63.2410.09 53.7210.06 | 100.00 0 10 95.9710.12 82.7510.08
=  PRUNE 55.7120.08 79.1240.00 77-25+0 07 75.4110.08 70.1240 02 | 88.4540.10 78.1010.11 76.2340 0s
% AlphaEdit 65.9940.00 98.2040.10 98.53410.11 86.8740.15 76.3340.09 | 100.0040.07 96.3640.14 84.64410.12
AlphaEditgr,ug | 68.1240.08 94.35+0.10 87.2540.00 88.1540.11 75.9840.07 | 100.004+0.00 97.20+0.07 84.1540.090
SPHERE 70.4510.18 88.1040.22 86.8810.14 87.9510.15 76.3240.09|100.0040.11 96.88+0.08 81.56+0.05
R2Edit(0urs) 91.02i0_()5 59-84j:0.08 99,28i0,07 88,58i0,03 80.22i0,07 100.00i0,05 98.12i0,04 86.03i0_07

Table 3: Main results on ReEditBench and the RaKE relation-perspective benchmark. The best results are highlighted
in red, and the second-best results are highlighted in blue.
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Figure 4: Forgetting Target Ablation.

Edit-stage Variant Success T Retention | Eff. T Gen. 1

AlphaEdit w/o SPL 52.18 78.34 79.17 76.62
+ SPL, random order 54.30 74.12 80.45 75.89
+ SPL, fixed A 56.75 71.50 82.30 77.10
+ SPL, dynamic \¢ 68.92 69.25 83.15 78.45
R2Edit w/o SPL 72.45 68.10 84.20 79.30
+ SPL, random order  70.12 67.45 85.10 79.85
+ SPL, fixed A 72.30 65.20 86.55 80.50
+ SPL, dynamic \¢ 81.71 62.77 87.37 81.14

Table 4: Ablation of the self-paced Edit stage.

edge despite improving Success. In contrast, target
smoothing achieves the best Success and lowest Re-
tention across all models, reaching 81.7%, 83.9%,
and 91.0% Success while reducing Retention to
62.8%, 48.8%, and 59.8% on LLaMA3, GPT2-XL,
and GPT-J. This supports our analysis that fixed or
random targets introduce biased directions, while
target smoothing better balances obsolete-relation
suppression and new-relation editing.

Edit Pacing. Table 4 ablates the self-paced Edit
stage. Random SPL and fixed A bring limited or
unstable gains, whereas dynamic \; performs bet-

Interpolation Factor (y) Initial Pace (1o) Pace Growth (u)
= 80 A AN A
75
2 70 1
S 651
“ 60+
0.1 03 05 07 09 2 5 10 15 201.1 12 14 1.6 1.8
Success Retention /A  Default

Figure 5: Hyperparameter Sensitivity Analysis.

ter. For AlphaEdit, dynamic \; improves Success
from 52.18% to 68.92%, but still retains 69.25%
old knowledge. For R2Edit, dynamic \; boosts Suc-
cess from 72.45% to 81.71%, reduces Retention
from 68.10% to 62.77%, and improves Efficacy and
Generalization to 87.37% and 81.14%. This shows
gains come from coupling dynamic pacing with
constrained editing and target-smoothed forgetting,
rather than simply adding SPL.

Hyperparameter Sensitivity. Fig. 5 varies
three hyperparameters one at a time. Increasing ~y
strengthens obsolete-relation suppression and low-
ers Retention, while large values hurt Success; no-
tably, v = 0.9 causes a sharp drop. Success varies
non-monotonically across the sweeps. The pacing
parameters \g and p show similar trade-offs: mod-
erate pacing improves Success while reducing Re-
tention, whereas overly aggressive pacing degrades
editing performance. The default setting, v = 0.5,
Ao = 10, and p = 1.4, lies near the curve turn-
ing points and provides the best Success—Retention
balance in our sweep.
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Figure 6: Representation shift under AlphaEdit and R2Edit.

5.4 Hidden Representations Analysis

Conflicts between obsolete and new relations can
cause significant shifts in internal representation
geometry after editing. To examine this effect, we
compare hidden-state distributions before and after
editing. We extract hidden states from the final
Transformer layer for 1,000 randomly sampled fac-
tual queries from ReEditBench and project them to
2D using t-SNE. Fig. 6 shows that AlphaEdit ex-
hibits visible distributional shifts between pre- and
post-edit representations across backbones (e.g.,
LLaMA3 and GPT-J), suggesting direct adapta-
tion of object-editing methods may distort latent
space when overwriting existing relational knowl-
edge. In contrast, R?Edit produces a much smaller
shift, with post-edit representations closely aligned
with the original distribution. This suggests our
two-stage approach, specifically target-smoothed
Forget followed by curriculum-guided constrained
editing, helps preserve internal representation ge-
ometry while effectively updating target knowl-
edge. Appendix D.3 further shows that RZEdit is
less vulnerable to superficial-editing attacks that
reactivate original answers.

5.5 Generalization and Performance on
Object Editing Benchmarks

To assess generality, we extend R2Edit’s Edit stage
to object editing and evaluate it on 100-example
hard subsets from ZsRE and CounterFact. We fo-
cus on ZsRE, where R2Edit shows state-of-the-art
performance; full CounterFact results and sample
difficulty distributions appear in Appendix C.1.
Results on ZsRE. Table 5 shows that R?Edit

Model | Method \ Eff.+ Gen.t Spe.t
2 AlphaEdit 81.87+0.00 78.114+0.04 33.03+0.06
s AlphaEditgr,ug | 82.45+0.08 79.32+0.07 32.18+0.06
S SPHERE 84.2140.00 81.56+0.03 31.2540.05
= R2Edit 92.3210.07 82601003 32.11:+0.06
; AlphaEdit 92.17i0_10 82.68i0_04 7.72i0_05
t\ll AlphaEditBLUE 93.58;&0,08 85.10;&0,04 7.55;&0,05
E SPHERE 96.2440.11 83.35+0.06 7.4340.08
o RZEdit 98.9610.04 89.8910.06 7.93+0.08
- AlphaEdit 96.264+0.08 90.46+0.10 28.1540.09
PI' AlphaEdilBLUE 97~12i0.08 90~35i0.06 27.84:&0‘03
?5 SPHERE 98.85+0.10 90.71+0.11 25.66+0.08
RZEdit 99.9710.0r  91.3010.04  28.6110.05

Table 5: Object Editing Performance on ZsRE

achieves state-of-the-art ZsRE results across all
tested LLMs. It reaches superior Efficacy, with
92.32% on LLaMA3 (vs. 81.87% for AlphaEdit)
and near-perfect 99.97% on GPT-J. R?Edit also
sets new records for Generalization (89.89% on
GPT2-XL) and Specificity (28.61% on GPT-J). Al-
though hard samples hinder existing one-shot edi-
tors, R2Edit remains robust through progressive
easy-to-hard optimization, mitigating instability
from jointly fitting high-residual samples.

5.6 Mechanistic Insight

To elucidate the mechanisms driving R?Edit’s ad-
vantage, we visualize its internal curriculum.
Curriculum dynamics. Figure 7 visualizes the
evolution of sample-difficulty distribution during
self-paced training. At the beginning of training,
the distribution is dominated by difficult regions:
Hard and Very Hard samples together account for
71.5% at'T' = 1, while Very Easy and Easy samples
occupy only 12.5%. As training proceeds, the mass
progressively shifts toward easier regions, indicat-
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Figure 7: Curriculum dynamics of sample-difficulty
distribution across training.

. 2 .
Hard Samples AlphaEdit R-Edit
Time Success Time Success
0% (All Easy) 275 96.82 310 99.24
25% 288 80.45 415 97.87
50% 272 55.71 520 96.54
75% 291 32.22 625 95.82
100% (All Hard) 274 12.85 730 94.71
Average 280.0 55.61 520.0 96.84

Table 6: Cost-benefit analysis of hard sample propor-
tions on Llama3. Time is in ms; Success in %.

ing that previously challenging samples become
more tractable after iterative parameter updates.
By T' = 13, Very Easy and Easy samples increase
to 62.1%, whereas Hard and Very Hard samples
decrease to 28.4%. This monotonic redistribution
from hard-dominated to easy-dominated regions
confirms that the proposed curriculum effectively
reduces relative task difficulty and guides optimiza-
tion toward increasingly accessible learning stages.

Cost-benefit analysis. R?Edit’s adaptivity is
validated by its cost-benefit trade-off across task
difficulties. As shown in Table 6, when hard sam-
ples are rare, R?Edit remains effective, with latency
comparable to AlphaEdit. AlphaEdit runs at nearly
constant 274ms regardless of sample complexity,
but its success rate drops from 96.82% to 12.85% as
difficulty increases. In contrast, R?Edit scales com-
putation with task demand, spending up to 730ms
on the hardest samples to preserve editing integrity.
On average, it achieves a robust 96.84% success
rate with 520ms latency on Llama3. This trade-off
shows R?Edit allocates computation where robust-
ness is needed, bridging speed and reliability.

5.7 Evaluation Beyond Single-Request Editing

R?Edit handles independent requests in batches and
sequences. With a fixed 100-request pool, changing
batch size from 1 to 100 alters Success by only
0.72 points. Across 20 disjoint 100-request batches
without reset or replay, 2,000 edits retain 81.71%

Setting Successt Ret.] Eff.t  Spe.t
Batch size 1 82.43 6191 8796 82.69
Batch size 100 81.71 62.77 87.37 8245
Sequential 500 85.32 58.34 89.82 8342
Sequential 2,000 81.71 62.77 87.37 8245

Table 7: Batch and sequential relation replacement on
LLaMA3-8B.

Success and 82.45% Specificity (Table 7).

CoRE, RAG, DR-IKE, and RECIPE reach 48.27—
65.73% Success and 66.41-82.84% Retention, ver-
sus R2Edit’s 81.71% and 62.77%. Residual dif-
ficulty ranking is most predictive (mean Spear-
man p = 0.76; failure AUROC = 0.87) and
gives the best pacing. Details appear in Appen-
dices D.1.3—E.1. These tests support independent
batch/sequential replacement, not coupled tempo-
ral, multi-fact, or multi-hop consistency.

6 Conclusions

We formalize relation replacement editing and ex-
pose a key weakness of existing methods: they
retain outdated information and fail on difficult ed-
its. We address this with two contributions: the
Forgetting-and-Editing (FE) framework, which in-
troduces a targeted unlearning strategy to resolve
knowledge conflicts, and R?Edit, a self-paced algo-
rithm for edits of varying difficulty. Experiments
validate both: FE is effective on our relation re-
placement editing benchmark, and R2Edit achieves
state of the art on this task and object editing bench-
marks. Despite these gains, permanently erasing
obsolete relations remains challenging, so future
work will develop more effective unlearning mech-
anisms for relation replacement editing.

Limitations

Our work has several limitations. First, ReEd-
itBench is partially constructed using LLM-
generated relation transformations, which may not
fully capture real-world relational complexity and
long-tail cases. Second, our theoretical analysis
is based on the linear-regression formulation of
locate-then-edit methods, and may not generalize
to all editing paradigms. Third, the method mit-
igates obsolete-relation persistence but does not
prove irreversible erasure. Fourth, the benchmark
focuses on fixed-pair, single-hop edits; batch and
sequential tests cover independent rather than cou-
pled temporal, multi-hop, or related-fact updates.
Natural updates, broader human evaluation, and
iterative cost remain limitations (Appendix E.1).
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Data sources, licenses, and intended use. ReEd-
itBench is constructed from publicly available fac-
tual resources, primarily ZsRE (Levy et al., 2017)
and Wikidata (Vrandeci¢ and Krotzsch, 2014), and
is used only for research and benchmarking of
knowledge editing methods. We also evaluate on
established benchmarks such as RaKE (Wei et al.,
2023) and CounterFact (Meng et al., 2022). We
cite the creators of all reused artifacts and follow
their intended research use. The released code and
dataset will include explicit license information,
attribution, and usage terms.

Privacy, offensive content, and documentation.
The benchmark is built from structured public fac-
tual triples rather than private user-generated text.
It may contain public entity names, including pub-
lic figures, but we do not intentionally collect pri-
vate personal information such as email addresses,
phone numbers, home addresses, or user identifiers.
Generated candidates are screened through struc-
tural checks, LLM-based verification, and human
validation; instances identified as privacy-sensitive,
offensive, logically inconsistent, or implausible are
removed. The release repository will provide doc-
umentation describing data sources, task format,
construction pipeline, filtering and validation pro-
cedures, dataset statistics, intended use, limitations,
and licensing information.
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Figure 8: The construction process of our dataset.

A EXPERIMENTAL SETUP

A.1 Dataset Construction Details
A.1.1 Construction of ReEditBench.

This section provides a detailed breakdown of the
four-stage pipeline used to construct our ReEdit-
Bench benchmark. The overall construction pro-
cess is illustrated in Fig. 8. Our pipeline, which
yields 7,918 high-quality relation replacement edit-
ing instances, is detailed below.

Stage 1: Foundational Knowledge Selection.
We begin by selecting a foundational knowledge
pool from established and high-quality bench-
marks, which primarily include ZsRE and a cu-
rated subset of Wikidata. These sources are cho-
sen for their structured and fact-checked subject-
relation-object triples (s, 7, 0). By utilizing these
expert-verified repositories, we ensure a factually
grounded starting point for our dataset and suc-
cessfully avoid the noise typically associated with
sourcing facts from raw web text.

Stage 2: Systematic Relation Generation via
DeepSeek-V3. Building upon the curated triples,
we employ DeepSeek-V3 to systematically re-
frame each fact into a precise relation-replacement
task. This generation process is guided by expert-
designed prompts that instruct the model to pro-
duce a target edited triple (s, 7, 0) by modifying
the original relation r while keeping the subject
s and object o fixed. To ensure the diversity and
comprehensiveness of the benchmark, we formu-
late two distinct patterns of relation updates, which
include New Relation for core modifications and
Conditional Relation for contextual constraints.

Stage 3: Multi-tier Automated Filtering and
Verification. To guarantee the structural and se-
mantic integrity of the generated candidates, we
implement a rigorous two-phase automated verifi-
cation framework. First, a script-based audit is
conducted to validate the structural consistency
of all instances, where any malformed entries in-

volving empty fields or incorrect formatting are
strictly discarded. Second, we utilize an indepen-
dent reasoning model, DeepSeek-R1, to perform
cross-verification. This verifier is tasked with as-
sessing the factual and semantic plausibility of each
candidate edit, identifying and removing any in-
stances that contain logical contradictions or fac-
tual hallucinations.

Stage 4: Universal Human Scrutiny and Ex-
pert Validation. As the final and most critical
quality assurance measure, we implement a com-
prehensive two-level human-in-the-loop validation
process. Initially, we conduct an exhaustive manual
review of every generated instance in the dataset to
verify its fundamental correctness and adherence to
the task definition. Following this universal screen-
ing, we randomly sample 30% of the dataset for a
more rigorous expert validation. During this phase,
expert annotators meticulously evaluate each sam-
ple for factual accuracy, logical consistency, and se-
mantic coherence. The high inter-annotator agree-
ment and the negligible error rate observed during
this expert audit certify the exceptional fidelity of
ReEditBench, ensuring it serves as a reliable bench-
mark for evaluating knowledge editing systems.

A.1.2 Construction and Usage of the
Validation Set for Model Selection

Since our R?Edit algorithm is an iterative process, a
principled method is required to select the optimal
model checkpoint. We achieve this by constructing
a dedicated validation set and evaluating a compos-
ite loss function at each iteration.

1. Validation Set Construction. The validation
set is created by randomly holding out 20% of
the editing instances from the full training dataset
before the main editing process begins. For each
instance in this validation set, which consists of an
original fact (s, 7, 0) and a target fact (s, r*,0), we
define the following key-value pairs for evaluation:
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* Original Key-Value Pair: (Ko, vorg), Where
ko is the key vector corresponding to the orig-
inal subject-relation pair (s, r), and v is the
value vector for the object o.

* New Key-Value Pair: (kyew, Vorg), Where Kney
is the key for the new relation (s, r*). Note that
the target value vector vy, remains the same.

* Paraphrased Key: k., which is a semantic
rephrasing of the new key kpew. This is generated
using an external LLM to test for generalization.

* Forget Target: vg e, Which is the target value
for the unlearning process, computed via inter-
polation as defined in Eq. (5): Vforget = Vorg +
W(UIDK - vorg)-

2. Iterative Evaluation with a Weighted Loss
Function. At each iteration ¢ of the R?Edit al-
gorithm, we compute the perturbation A, and ob-
tain the intermediate edited model weights W; =
W + A;P. We then evaluate this model on the val-
idation set by calculating three distinct loss compo-
nents based on the squared L2-norm loss function

Uk, v) = Wik — o2

1. Forgetting Loss (Lgorget): This loss measures
how strongly the model suppresses activation of
the obsolete relation. It is calculated by ensur-
ing the output for the original key ko, moves
towards the forget target vforger. This addresses
two of your requirements: that the model learns
to associate korg With voreer, and consequently,
that its association with v is suppressed.

2
Eforget(ﬂ = IE(k:org,vﬁ,rge[) [Hwt korg - 'UforgetH21|
(12)

2. Efficacy Loss (Lefficacy): This loss assesses the
direct acquisition of the new knowledge. It is
the error between the model’s output for the new
key kpew and the correct value vg.

Eefﬁcacy (t) = E(knew,vorg) [Hwt knew — vorgHg]
(13)

3. Generalization Loss (Lgen): This loss evaluates
whether the model can apply the new knowl-
edge to paraphrased prompts, ensuring semantic
understanding rather than superficial memoriza-
tion.

Egen(t) = E(kre,vorg) |:Hwt kre — vorg”ﬂ
(14)

where [E[-] denotes the average loss over all samples
in the validation set.

3. Final Model Selection. The total validation
loss at iteration 7", denoted L4 (%), is a weighted
sum of these three components.

Lval(t> = Wforget * Eforget(t)

+ Wefficacy - »Cefﬁcacy (t) + Wegen »Cgen(t) (15)
We use an early stopping strategy with a patience
of 3 iterations to select the final model. We track
the minimum validation loss, £, observed so far.
Training is terminated at the first iteration 7" where
the validation loss has not improved (i.e., decreased
by more than a threshold ¢€) for 3 consecutive iter-
ations. The final model is the checkpoint that cor-
responds to the best observed validation loss L},
up to iteration 7'. In our experiments, the weights
are set as hyperparameters to balance the trade-offs
between these objectives. For instance, we might

use Wrorget = 0.4, Wefficacy = 0.4, and wgen = 0.2.

A.1.3 Benchmark Coverage, Bias, and
Representative Cases

The underlying facts and subject—object pairs are
drawn from ZsRE and Wikidata; the generator se-
lects and verbalizes replacement relations, an in-
dependent verifier filters candidates, all examples
receive structural/manual screening, and a random
30% subset receives expert review (98.5% validity).
Table 8 quantifies the resulting relation space. This
audit does not eliminate generator-specific phrasing
or coverage bias, and a naturally occurring update
subset with larger-scale judgments of plausibility
and old/new incompatibility is left to future work.

The least frequent 25% of relation types form
the tail group (9 types, 1,086 examples, 13.7%).
R2Edit obtains 80.21% Success and 64.32% Reten-
tion on this group, close to 81.95% and 62.52% on
the remaining 25 types (6,832 examples). ReEd-
itBench also contains 3,700 direct and 4,218 con-
ditional replacements. Illustrative patterns include
(Parag Agrawal, current CTO of, Twitter) —
(Parag Agrawal, current CEO of, Twitter); (Rio
de Janeiro, current capital of, Brazil) — (Rio de
Janeiro, former capital of, Brazil); and (Instagram,
parent organization of, Meta) — (Instagram, sub-
sidiary of, Meta).

High-similarity failures expose the remaining
boundary. For Atlant-Soyuz Airlines, learning
main operational base of need not suppress the
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Group Representative relations Types Samples Share

Biography / Career occupation, employer, place of birth, citizenship, position held 5 1,300 16.4%

Language native/official/spoken language, language of work or name, original lan- 5 1,250 15.8%
guage

Geographic country, location, continent, capital, birthplace, twin city, formation loca- 8 2,050 25.9%
tion, administrative unit

Organization / Industry owned by, member of, headquarters location, manufacturer, developer 5 1,050 13.3%

Media / Art genre, broadcaster, record label, named after 4 730 9.2%

Sport / Activity sport, team position, instrument 3 720 9.1%

Semantic / Other field of work, religion, country of origin, work location 4 818 10.3%

Table 8: Relation coverage audit of ReEditBench.

broader associated with relation to Vnukovo In-
ternational Airport. For Shelley’s crimsonwing,
former endangered category of and current con-
servation status of share the same subject/object
and overlapping contexts. Consistent with these
cases, obsolete-relation suppression success falls
from 65.8% in the low-similarity group to 30.7%
in the high-similarity group, even as new-relation
acquisition becomes easier.

A.2 Baseline Methods

ROME (Meng et al., 2022) is a one-shot locate-
and-edit method for factual rewriting. It identifies
a feed-forward key—value subspace for the target
fact and applies a rank-one update AW, with a KL
regularizer preserving behavior on general text.

Fine-Tuning (FT) (Zhu et al., 2020) performs
constrained fine-tuning on fact-specific prompts. It
updates selected MLP projection matrices while us-
ing an Loy proximity term or trust-region constraint
to limit parameter drift.

MEMIT (Meng et al., 2023) extends locate-and-
edit to batch editing. It updates multiple critical
MLP layers with a closed-form regularized least-
squares solution that balances target fitting and lo-
cality preservation.

RECT (Gu et al., 2024) formulates editing as
low-rank layer-wise correction. It selects contigu-
ous causally relevant MLP layers, updates their
down-projection matrices, and constrains both out-
put drift and hidden-state shift.

NSE (Jiang et al., 2025) performs neuron-level
editing in feed-forward layers. It identifies fact-
relevant neurons by attribution scores and learns
scaling and bias terms, with KL regularization to
reduce unrelated side effects.

PRUNE (Ma et al., 2025) treats editing as sparse
subspace adaptation. It masks salient MLP parame-
ters, freezes the rest, and trains a low-rank adapter
on the selected subspace with a KL locality regu-
larizer.

AlphaEdit (Fang et al., 2025) adds null-space

projection to locate-and-edit. Given a target update
A, it projects the perturbation with P = UOU(—)r ,
where Uy spans the left null space of preserved-
knowledge keys, so that APKjy = 0.

A.3 Metrics
A.3.1 ZsRE METRICS

Following the previous work, this section defines
each ZsRE metric given a LLM fy, a knowledge
fact prompt (s;,r;), an edited target output o;, and
the model’s original output o.:

« Efficacy: Efficacy is calculated as the average
top-1 accuracy on the edit samples:

E; {02- = arg mgXIP’fg(oKsi, rl))} (16)

* Generalization: Generalization measures the
model’s performance on equivalent prompt of
(84,74, such as rephrased statements N ((s;,7;)).
This is evaluated by the average top-1 accuracy
on these N ((s;,74)):

E; {oi = argméixIP’fg(o\N((si, n)))} a7

* Specificity: Specificity ensures that the editing
does not affect samples unrelated to the edit cases
O(si,r;). This is evaluated by the top-1 accuracy
of predictions that remain unchanged:

E; {of = argmgXPf9(0|O((si,m)))} (18)

A3.2 COUNTERFACT METRICS

Following previous work, this section defines the
evaluation metrics for the Counterfact dataset. To
ensure a consistent and fair comparison with the
ZsRE benchmark, we adopt its top-1 accuracy-
based evaluation methodology for the Efficacy,
Generalization, and Specificity metrics. Therefore,
we only present the definitions for the remaining
metrics unique to this generative task evaluation:
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* Fluency (generation entropy): Measure for ex-
cessive repetition in model outputs. It uses the
entropy of n-gram distributions:

2 4
—32_92(k)logz g2(k) + 3 > _ ga(k) log, gs (k)
k k
(19)

* Consistency (reference score): The consistency
of the model’s outputs is evaluated by computing
the cosine similarity between the TF-IDF vec-
tors of the model-generated text and a reference
Wikipedia text.

A3.3 ReEditBench METRICS

This section defines each ReEditBench metric
given an original fact (s,7,0) and a new fact
(s,7*,0):

* Success: The Success score is a joint metric
that holistically verifies if a knowledge edit was
successful. As formulated in Eqn. 20, it requires
two conditions to be met simultaneously: (i) the
model must no longer predict the original object
o for the original query (s,7) and (ii) it must
correctly predict the new object o for the updated
query (s, r*).

E,.p [1{@ = argmax Py, (o | (s,r))} ,
-0

l{oi = arg max Py, (0| (s, r*))}} (20)

* Retention: The Retention metric evaluates the
extent to which the model incorrectly persists in
recalling the outdated relationship after the edit.
As defined in Eqn. 21, it measures the probability
that the model still predicts the original object o
when presented with the original prompt (s, ).
In the context of relation replacement editing, a
lower Retention score is preferred, as it indicates
stronger suppression of conflicting, obsolete in-
formation.

E; {oi = arg m(;aX]P’fe (o|(s, T))} 21

» Efficacy: The Efficacy score measures the
model’s direct acquisition of the new fact. It
is defined in Eqn. 22 as the probability that the
new object o; is the top prediction for the new
prompt (s,7*). A high score signifies that the
new knowledge has been successfully instilled.

E; {oi = arg max Py, (ol(s, r*))} (22)

* Generalization: This metric evaluates if the
model can apply the new knowledge beyond the
specific prompt it was edited on. As shown in
Eqn. 23, it measures the model’s ability to predict
the correct object o’ when presented with a set of
paraphrased or semantically equivalent prompts
N((s,7)):

E; {0 = argmz,xfoe(ol|N((s,r*)))} (23)

Generalization therefore covers paraphrastic and
semantically equivalent realizations of the edited
relation (s, 7*). It does not measure preservation
on unrelated prompts, suppression of the obsolete
relation (s, ), or multi-hop propagation to other
facts.

* Specificity: Specificity measures whether pre-
dictions on unrelated or neighborhood prompts
whose answers should remain unchanged are pre-
served after editing. It therefore covers collateral
effects outside the edited subject-relation query.
It does not measure paraphrase transfer of the
new relation, obsolete-relation suppression, or
consistency of multi-hop consequences; these
are respectively evaluated by Generalization, Re-
tention/Success, and separate downstream tests.

A.4 Experimental details

This appendix details the hyperparameters used
in our experiments. It is divided into two parts:
the first outlines the base configuration parameters
for the Large Language Models (LLMs), and the
second elaborates on the key hyperparameters for
our proposed R?Edit and Forgetting-and-Editing
(FE) strategies.

A.4.1 Model Configuration Parameters

The following table summarizes the main config-
uration parameters used for each of the three base
models. These are primarily defined within their
respective JSON configuration files.

Key Hyperparameters for the R>Edit and FE
Strategies In addition to the base configurations,
our proposed algorithms are governed by several
key hyperparameters that control the editing and
forgetting behavior.

* Forgetting Interpolation Factor (v): This is the
core hyperparameter of our FE strategy, as de-
fined in Eqn. 5. It controls the degree of interpo-
lation from the original fact’s value vector, v(0),
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Parameter Value

Description

EleutherAI_gpt-j-6B,
gpt2-x1, L1ama3-8B

model_name

layers [3-8], [13-17], [4-8]
v_num_grad_steps 25 or 20

v_Ir 5e-1or 1e-1
v_loss_layer 217,47, 31
Kkl_factor 0.0625
mom?2_dataset wikipedia

rewrite_module_tmp Varies by model

Specifies the pretrained language model.

The target Transformer layers for editing.

Number of gradient steps for value vector computation.
Learning rate used during value vector computation.
The specific model layer used to compute the edit loss.
Weight of the KL-divergence regularization term.
Dataset for computing second-moment statistics.
Template for the path to the module being rewritten.

Table 9: Base configuration parameters for the LLMs used in the experiments.

towards a neutral “I don’t know” state, v(IDK).
A higher v value enforces a more thorough for-
getting of the outdated information. In our experi-
ments, this was set to 0.5 for GPT-J-6B LLaMA3-
8B and GPT2-XL to achieve an optimal balance
between forgetting and learning.

Update Regularization Coefficients (o and f):
These coefficients in the R?Edit objective func-
tion (Eqn. 6) regularize the update perturbation
A to maintain model stability.

— « constrains the overall magnitude of the up-
date, preventing large, potentially disruptive
changes to the model’s parameters.

— [ minimizes the edit’s impact on a set of pre-
served knowledge keys K, ensuring that un-
related information is not corrupted.

Throughout our experiments, we set « = 10 and
B8 = 1 to apply strong general regularization
while precisely preserving prior knowledge.

Self-Paced Learning Curriculum Parameters
(Aos u, and T): These parameters define the
“easy-to-hard” curriculum for the R%Edit algo-
rithm, as outlined in Algorithm 1.

— Ao (Initial Pace Parameter): The initial diffi-
culty threshold, which determines the set of the
“easiest” samples to be edited at the beginning
of the process.

— 1 (Pace Growth Factor): The multiplicative
factor by which the difficulty threshold A is
increased in each iteration (A <— pA). This
controls the pace at which more challenging
samples are introduced into the training set.

— T (Max Iterations): The Max number of iter-
ations in the curriculum, defining the overall
length of the optimization process.

For our experiments, we set the initial pace to
Ao = 10, the growth factor to ¢ = 1.4, and the

total number of iterations to 7' = 8. This con-
figuration allows the model to first converge on
easy edits before gradually incorporating more
difficult ones, enhancing overall robustness and
success rate.

B Implementation details and related
proofs

B.1 Theoretical Analysis of the
Forgetting-and-Editing Strategy

We analyze the proposed Forgetting-and-Editing
(FE) strategy within the linear regression frame-
work. The core of our strategy is to generate a mod-
ified representation for the target object through
interpolation:
v(0) = v(0) + y[v(IDK) — v(0)], € (0,1).
(24)
This operation is performed for each sample
in the forgetting set D,. To analyze its effect
within the regression framework, we translate this
representation-level operation into label-space for-
mulation. For any sample ¢ in Dy, the modified
target label becomes:

v(6;) = (1 —v)v(oi) +yv(IDK).  (25)

Extending this operation to the entire forgetting
set of M samples, we define:

e The original label vector: Yp =
[v(01),v(02),...,v(0n)] "
e The IDK label vector: YIDK =

[v(IDK), v(IDK), ..., v(IDK)] "

The FE strategy effectively applies the same lin-
ear interpolation to each corresponding element of
these vectors, yielding the modified label vector:

yll):E = [U(él)ﬂ U(62>7 e v(éM)]T

(26)
=yp + 7 (Yiok — Yp)-
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Substituting this into the closed-form solution of
the linear regression problem yields:

wiy = (X' X)Xy, + Xy yi)
=x'x)" (X;yg + X3 [y + (Yo — yb)])
=w, + V(XTX)71X;(yIDK — ),
@7
where w} = (X'X) !Xy, is the solution
trained solely on normal data.

Comparative Advantages. The proposed Fea-
ture Editing (FE) strategy offers distinct advantages
over methods that employ a fixed value (e.g., [ don’t
know) or random answers for forgetting. Unlike
the constant bias introduced by a fixed label or the
uncontrolled bias from random assignment, our ap-
proach generates a non-constant, data-dependent
bias term (X " X)X (yipk —y»). This key dif-
ference prevents systematic bias and preserves pre-
diction diversity. Furthermore, the hyperparameter
~ provides precise and continuous control over the
forgetting strength, a feature unavailable in conven-
tional methods. The optimization process remains
stable due to the proximity between the original
and target features, avoiding large gradients. Fi-
nally, the adjustment is highly targeted, reducing
activation of specific obsolete information while
minimizing distortion to the model’s normal knowl-
edge.

The theoretical result characterizes target-
induced bias in the FFN layer that R?Edit mod-
ifies, where locate-then-edit updates have a gener-
alized Tikhonov-regularized key—value regression
form. It is not a guarantee for all cross-layer Trans-
former behavior. Empirically, related old/new keys
are closer than random pairs; target smoothing im-
proves the Success—Retention balance on LLaMA3,
GPT2-XL, and GPT-J; and smaller representation
shifts are consistent with reduced local perturba-
tion. The high-similarity results above further con-
nect relation-key proximity to actual update conflict
while preserving the local scope of the claim.

B.2 Theoretical Lower Bound for Relation
Forgetting

Preliminaries. Let W € R% %% be the original
FFN weight matrix. For a single edit, the locate-
then-edit framework solves:

A" =arg mAin W + AP)K — v|3+
|| AP|% + B APK, | %,

where P is the null-space projection matrix. The
closed-form solution is:
A" = (V- WK)K PKK P+ KK, P+al) "
29
Leakage to Original Key. The edited model’s
output for the original key k is:

W'k = Wk + A*k. (30)

We analyze the term A*k. Let M = (kK'k’TP +
BK,K, P + aI)~!. Then:

Ak = (V — WK) - (K TPMKk). (31)

The scalar 7 = k’" PMk quantifies the “leak-
age” from the update at k’ to k. When k =~ k/
and the null-space projection P approximately pre-
serves their inner product (since P is constructed
from preserved knowledge keys K, that are orthog-
onal to neither k nor k), we have:

Tk K2 Amn(M) >0, (32)

where k = cos(k, k). This confirms that updates
leak proportionally to key similarity.

B.3 Formulation of the Multi-Objective
Optimization Problem

The fundamental goal of parameter-modifying
knowledge editing is to find a minimal perturbation
A, to a model’s weight matrix, W, such that the
edited model W/ = W + A reflects new knowl-
edge without catastrophically forgetting existing in-
formation. This can be framed as a multi-objective
optimization problem.
Let us define the key components:

* New Knowledge (Update Set): A set of new
facts to be incorporated, represented by key-value
pairs {(k;, v;) }. We can stack these into matrices
K (keys) and V; (values). The objective is to
make the model output V; when given K;. The
error for this is captured by the term Lypdae =
(W + A)K; — V2.

¢ Preserved Knowledge (Preservation Set): The
vast set of existing knowledge that must re-
main unchanged. This is represented by key-
value pairs {(k;, v;)} stacked into matrices Kg
and V. Since the pre-trained model W is as-
sumed to already store this knowledge, we have
WK =~ V. The objective is to minimize the
change in output for these keys, giving an error
term Lpreserve = ||(W + A)Kg — Vol/%.
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» Regularization: To prevent the perturbation A
from becoming excessively large and harming the
model’s general abilities, a regularization term on
the perturbation itself is included, Lreg = ||A||%.

Combining these objectives, we arrive at the stan-
dard optimization problem for knowledge editing:

min £(A) = (W + A)K; - Vi|[f +
Update Error
a||(W+ A)Kg — Vol 7 +8

Preservation Error

(33)

1A%
——
Regularization

where « and [ are hyperparameters that balance
the trade-off between the objectives.

We can simplify this expression. Since WK, =
Vy, the preservation term becomes |[[(W -+
A)K) — WK% = ||AKy|/%. For the up-
date term, we can define the residual matrix
R = V; — WK,, which represents the error
that the edit must correct. The term thus becomes
|AK; — R||%. The simplified objective is:

min £(A) = |AK: —Rl[7 +al AKol[7 + A7 (34)

Incorporating the Null-Space Projection. A
key innovation from methods like AlphaEdit is to
constrain the update A to the null-space of the pre-
served knowledge. This theoretically guarantees
that the edit does not interfere with this knowledge.
This is achieved using a projection matrix P.

* Let K, be the matrix of keys for the knowledge
we wish to explicitly preserve. K, is the concrete
realization of the abstract K used to build the
projector.

* The null-space projection matrix P is constructed
such that for any matrix A, the update AP sat-
isfies (AP)K, = 0. P is symmetric (P = PT)
and idempotent (P? = P).

By replacing the raw perturbation A with the
projected perturbation AP, we enforce this non-
interference constraint. The optimization objective
is adapted to solve for an optimal update within
this safe subspace. The preservation term is now
implicitly handled by the projection, but can be
kept as a soft constraint, while the regularization
term is applied to the projected update. This leads
to an objective of the form:

min £(A) = |APK; - R|[% + o/|AP|%

+ 8| APK, |7 (35)

Here, the hyperparameters o and 3’ now regu-
larize the magnitude of the projected update and
explicitly penalize any residual interference with
the preserved set K.

Introducing Self-Paced Learning (SPL). The
final step in the paper’s methodology (R?Edit) is
the introduction of a self-paced learning curriculum.
This acknowledges that not all edits are equally
difficult. The model should first learn from “easy”
samples and gradually incorporate “harder” ones.
This is implemented via a binary selection matrix

Z.

» 7 is a diagonal matrix where each diagonal entry
zi € {0, 1}.

* At each iteration, z; = 1 if the i-th sample is
deemed “easy” (i.e., its loss is below a certain
threshold \); otherwise, z; = 0.

* This selection matrix is applied only to the up-
date error term, effectively masking out the
hard samples for the current iteration. To keep
the objective quadratic, we use its square root,
Z'/2 (which is equal to Z since its elements are
Oorl).

By integrating the selection matrix Z into Eqn. 35,
we arrive at the final optimization problem as for-
mulated in the paper:

min £(A) = [|(APK, - R)Z'[}

+ a||AP|% + B|APK, |7 (36)

This final form is what the paper uses to derive
a closed-form solution for the projected update
Apepgi; = AP. The key terms are:

¢ A: The perturbation matrix we are solving for.

* P: The null-space projection matrix, which is

symmetric (P = PT)and idempotent (P?2 = P).
« Z: The diagonal selection matrix (Z = ZT,
72 =17,7'?% =17).

* Ki,R,K,, o, 5: As defined previously.

B.4 Derivation of the Closed-Form Solution

The objective function £(A) is convex with respect
to A. We can find the minimum by taking the
gradient with respect to A and setting it to zero.

First, we expand the objective using the trace
operator, as [|X|[|% = Tr(X " X).
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L(A) =Tr (((APK1 ~R)Z)" ((APK, — R)z))

+aTr ((AP)T(AP)> 4 BTr ((APKp)T(APKp))

- <Z(KIPTAT “R")(APK.Z — RZ))

+aTr (PTATAP) 1 BTr (K;PTATAPKP)
(37)

Using the properties P = P T and the cyclic prop-
erty of the trace, we can rewrite each term:

L(A) = Tr(APK,ZK{ PAT) — 2Tr(APK,ZR " )+

Tr(RZR") + oTr(APPAT) + fTr(APK,K, PAT)

(38)

Now, we compute the gradient VA L(A). Using

the matrix calculus identities VxTr(BX ") = B
and VxTr(XBX'C) =CXB +C'XB':

VaL(A) =2(APK,ZK| P) — 2(RZK, P)
+2a(APP) + 23(APK, K, P)
(39)

Since P = P2, we can simplifty APP = AP.
Setting the gradient to zero to find the minimum:

2(APK,ZK| P) — 2(RZK/| P) + 2a(AP)+
2B(APK,K, P) =0 (40)

Dividing by 2 and rearranging to isolate terms with
A:

(APK,ZK/P) + o(AP)+

B(APK,K, P) = RZKP (41)
Let Agepg; = AP represent the final projected
update. We can factor Apapg;, out from the left-
hand side:

Apopgi (K1ZK| P+ol+pK,K, P) = RZK[ P (42)

Finally, by right-multiplying by the inverse of the
term in the parenthesis, we obtain the closed-form
solution for the effective update Agzpy;:

A (RZK{ P)(K\ZK] P + SK,K, P + ol) "

(43)
This is the rigorous derivation for the update rule.
The matrix (K;ZK{ P + ﬁKpK;P +al) is guar-
anteed to be invertible because K;ZK{ P and
ﬁKpK;)r P are positive semi-definite, and the addi-
tion of the regularizer oI (for a > 0) makes the
entire matrix positive definite and thus invertible.
Some papers may present a slightly simplified
version of this formula. The version derived here
is the one that follows directly and rigorously from

R2Edit —

the stated optimization objective. For instance, the
final P in the term RZK| P might be omitted in
some implementations, but including it is mathe-
matically consistent as the entire equation operates
within the projected subspace.

R?Edit as Pareto Frontier Navigation. The
baseline objective in Eq. (36) seeks a single per-
turbation balancing update error, preservation,
and regularization. This is inherently a multi-
objective problem with competing goals: minimiz-
ing | APK; —R/||% for hard samples requires large
| AP|| 7, which conflicts with the a-regularizer.

R2Edit resolves this conflict temporally rather
than spatially. Each iteration ¢ optimizes a re-
stricted objective:

min || APK{” ~R" [} +al| AP||%+ 8| APK, 7, (44)

where th), R contain only samples in S;. The
sequence {AM}T | traces a path through the
Pareto frontier of the full multi-objective problem,
starting from the easy-sample-dominated region
(high preservation, moderate update) and progress-
ing toward the hard-sample region (aggressive up-
date, tight preservation). The validation-based se-
lection chooses the point on this path with optimal
trade-off, avoiding the suboptimality of any single
fixed compromise.

C Benchmark and Ablation Analyses

C.1 Additional Experimental Results on
Object Editing

To provide a more comprehensive validation of our
method, we present further results on the demand-
ing CounterFact benchmark. This dataset is par-
ticularly challenging, focusing on counter-intuitive
factual edits that require precise model updates.

The results, detailed in Table 11, reinforce the
superiority of R?Edit. It achieves near-perfect Ef-
ficacy across all models while also setting a new
state-of-the-art in Fluency, with scores like 631.11
on LLaMA3. This indicates that its edits not
only correct facts but also produce higher-quality,
more natural language. This is accomplished while
maintaining strong Generalization and Specificity,
demonstrating a robust and well-balanced editing
profile even on this difficult benchmark.

Analysis of Sample Difficulty Distribution. To
conduct a more rigorous evaluation, our experi-
ments focus on curated subsets of recognized hard
cases from ZsRE and CounterFact, rather than the
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LLM Method No-Forgetting + FE (IDK) + FE (Random) + FE (Ours)
Retention | Efficacy T Retention | Efficacy T Retention | Efficacy T Retention | Efficacy 1
MEMIT 51.70 48.43 46.52 48.65 43.12 47.90 38.45 50.12
LLaMA3 ROME ‘ 60.47 50.91 55.30 51.10 52.88 50.55 44.20 52.34
AlphaEdit 78.34 79.17 76.11 75.23 76.90 78.19 74.50 83.24
R2Edit 88.56 83.23 75.92 83.48 70.41 82.17 62.77 87.37
MEMIT 80.26 85.23 68.44 82.10 72.35 81.56 55.32 86.88
GPT2-XL ROME . 61.71 61.70 55.40 59.88 58.12 60.20 42.15 64.50
AlphaEdit 91.31 86.83 60.25 83.45 65.81 84.90 50.46 87.36
REdit 68.55 85.93 55.18 80.15 61.33 81.82 48.78 88.46
MEMIT 92.98 97.14 75.20 98.15 81.12 96.40 62.45 99.20
GPT-J ROME ‘ 63.34 63.32 52.10 64.20 55.67 63.90 45.10 66.88
AlphaEdit 98.20 98.53 81.67 99.12 85.43 98.30 77.84 98.64
REdit 88.24 95.93 65.40 98.31 72.88 99.04 59.84 99.28

Table 10: Side-by-side comparison of forgetting strategies across all models and key methods. For each strategy, we
report Retention (lower is better) and Efficacy (higher is better). The results show that the proposed target-smoothed
forgetting strategy substantially reduces obsolete-relation retention while preserving competitive efficacy, yielding

the best overall balance for R2Edit.

CounterFact: Difficulty Distribution
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Figure 9: The ZsRE hard subset has a varied difficulty
distribution.

full benchmarks which are often dominated by sim-
ple samples. We define sample difficulty using the
initial residual norm, ||v; — Wk;]||3, which mea-
sures the initial error. The difficulty distributions
of these selected subsets are visualized in Fig. 9
and Fig. 10.

As the figure illustrates, the two hard subsets
present distinct challenge profiles. The selected
ZsRE hard subset (Fig. 9) exhibits a mixed diffi-
culty distribution, spanning a broad spectrum from
medium to high difficulty. In contrast, the Coun-
terFact hard subset (Fig. 10) constitutes a more
extreme challenge, with nearly all samples con-
centrated in the high-difficulty range. This subset
serves as an effective stress test for an algorithm’s
robustness.

This challenge-focused evaluation environment
provides a compelling motivation for our proposed
R2Edit algorithm. The self-paced, “easy-to-hard”
curriculum of R?Edit is precisely engineered for
such scenarios. It can intelligently identify the rela-
tively easier samples even within a difficult set to
begin the optimization process, building a robust

ZsRE: Difficulty Distribution
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Figure 10: The CounterFact hard subset is heavily con-
centrated in the high-difficulty region.

update path to eventually solve the highly challeng-
ing edits where traditional, one-shot methods often
fail.

C.2 Full Benchmark Performance and
Saturation Analysis

To provide a comprehensive evaluation, we report
the performance of R?Edit and baseline methods
on the complete CounterFact and ZsRE datasets in
Table 12. With the inclusion of these full-dataset re-
sults, we can approach the evaluation with a holistic
perspective.

When these high aggregate scores are analyzed
alongside the sample difficulty histograms pre-
sented in Fig. 9 and Fig. 10, a critical trend emerges:
existing state-of-the-art methods have achieved
near-saturation performance on the “easy” and
“medium” portions of the data distribution. The
primary failure mode for current technology lies
almost exclusively within the “hard” tail. This
observation validates our strategic focus on diffi-
cult subsets (as detailed in Appendix C.2); since
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LLM Method Efficacy GeneralizationT  Specificity? Fluency! Consistency?
ROME 32.02 33.41 34.31 425.55 13.01
LLaMA3 MEMIT 69.22 65.61 30.54 629.68 53.15
AlphaEdit 79.21 73.54 30.92 629.91 56.67
R2Edit (Ours) 92.80 95.21 42.51 631.11 56.78
ROME 39.42 30.01 5.82 592.64 65.09
MEMIT 70.45 72.98 7.93 465.78 53.58
GPT2-XL 4\ |phaEdit 83.22 83.91 8.54 621.76 55.62
R2Edit (Ours) 92.66 94.82 9.62 629.26 54.52
ROME 32.05 37.01 25.76 514.82 15.64
GPT-J MEMIT 79.22 78.27 27.58 618.93 57.84
AlphaEdit 87.52 86.13 28.76 621.80 59.28
R2Edit (Ours) 92.77 93.12 38.73 622.52 59.66

Table 11: Object Editing Performance on the CounterFact Hard Subset. R?Edit consistently outperforms prior
methods, notably achieving state-of-the-art Fluency, indicating higher-quality text generation post-edit.

LLM Method CounterFact ZsRE
Eff. Gen.T Spe.?T Flu.t Consis. T Eff. 1 Gen.T Spe.?
ROME 6440 61.42 49.44  449.06 3.31 2.01 1.80 0.69
LLaMA3 MEMIT 65.65  64.65 51.56 43743 6.58 34.62  31.28 18.49
AlphaEdit 98.90 94.22 67.88 62249 32.40 9447 91.13 32.55
RZEdit (Ours) 99.24  94.62 69.37 624.69 33.73 95.72  93.07 33.25
ROME 54.60  51.18 52.68  366.13 0.72 4750  43.56 14.27
GPT2-XL MEMIT 9470  85.82 60.50 477.26 22.72 79.17 7144 26.42
AlphaEdit 99.50  93.95 66.39  597.88 39.38 94.81 86.11 25.88
R2Edit (Ours) 99.65  94.78 67.83 599.52 40.23 95.92  87.63 27.25
ROME 57.50  54.20 52.05 589.42 3.22 5642  54.65 9.86
GPT-] MEMIT 98.55  95.50 63.64  546.28 34.89 94.91 90.22 30.39
AlphaEdit 99.75  96.38 7548  618.50 42.08 99.79  96.00 28.29
R2Edit (Ours) 99.82  96.82 76.23  620.35 44.33 99.83 97.12 30.47

Table 12: Full Dataset Performance. Comparison of editing methods on the complete CounterFact and ZsRE
benchmarks. R2Edit consistently achieves SOTA performance across all metrics.

the general case is largely solved, the frontier of
knowledge editing research must shift toward these
challenging, high-residual scenarios.

As shown in Tab. 12, R?Edi t not only dominates
on the hard subsets but also consistently achieves
the best performance across the full benchmarks,
ensuring robustness not just on average, but where
it matters most.

C.3 Extended Experimental Results

In this section, we provide the comprehensive ex-
perimental results across all benchmarks and mod-

els, including the baselines RECT (Gu et al., 2024)
and Fine-Tuning (FT) (Zhu et al., 2020) that were
omitted from the main text for brevity. Table 13
details the performance of all parametric editing
methods.

D Generalization and Robustness
Analyses

D.1 General Capability Tests
D.1.1 General Capability Benchmarks

We selected six widely-used benchmarks to mea-
sure the models’ general capabilities. These tasks
cover multiple dimensions, from sentiment analy-
sis to logical reasoning, providing a holistic view
of a model’s core language abilities.

e SST(The Stanford Sentiment Tree-
bank) (Socher et al., 2013) A classic sentiment
analysis task requiring the model to classify
the sentiment of movie reviews as positive or
negative.

* MRPC (Microsoft Research Paraphrase Cor-
pus) (Dolan and Brockett, 2005) A paraphrase
detection task where the model must determine if
two given sentences are semantically equivalent.
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(b) MRPC

(c) CoLA
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Figure 11: A comparison of the impact of different editing methods on general capability during sequential editing.
Both R?Edit and AlphaEdit demonstrate exceptional stability, proving the safety of the projection mechanism. The
identical stability of R2Edit confirms that its iterative process does not harm the model’s general knowledge.

Method | ReEditBench | RaKE Relation Perspective
| Successt Retention] Eff.? Gen.t Spe.t | Efft Gen.t Spe.t

LLaMA3

RECT 59.4li0,05 62.78;‘:011 66.78i0,09 54.63:|:0A07 60.21;|;0A10 55~34i0A06 5O~12:|:0409 64.22i()‘02

FT 48.8840.03 64.494+0.07 49.9610.10 69.1610.08 58.12+0.00 | 90.2340.21 T74.1540.10 76.3210.12

R®Edit | 81.7140.04 62.7710.07 87-374012 81.1410025 82.45:0.0s | 99.9910.25 82.541018 79.1010.1s
GPT2-XL

RECT 54.60+0.07 78.10+0.08 82.3510.13 78.37+0.11 48.6210.0s8 | 88.451020 84.1210.06 67.3210.08

FT 49.9610.00 71.0110.08 69.1640.10 67.3110.06 62.7110.03 | 98.79+0.00 79.03+0.10 76.69+0.11

R2Edit | 83.9310.06 48.7810.00 88.46+0.10 87.5010.03 77.22+0.07 | 99.991013 87.8310.07 79.85+0.00

GPT-J

RECT 72.5440.08 91.6710.11 82.1210.09 81.901+0.06 55.34+0.07 | 84.1210.12 85.3410.07 79.1210.06

FT 51.1940.07 66.24+10.09 70.794+0.08 67.3110.06 65.4510.07 | 99.8210.15 92.1210.08 81.3410.10

R?Edit | 91.02:0.05 59.8410.08 99-2840.07 88.5810.03 80.2210.07 | 100.0010.0s 98.1240.04 86.0310.07

Table 13: Additional results on ReEditBench and the RaKE relation-perspective benchmark. The best results are
highlighted in red, and the second-best results are highlighted in blue.

* CoLA (The Corpus of Linguistic Accept-
ability) (Warstadt et al., 2019) A grammatical
correctness task where the model must judge
whether a sentence is grammatically acceptable.

* RTE (Recognizing Textual Entailment) (Ben-
tivogli et al., 2009) A natural language inference
task that requires the model to determine if a
premise sentence entails a hypothesis.

* MMLU (Massive Multi-task Language Under-
standing) (Hendrycks et al., 2021) A comprehen-
sive benchmark designed to evaluate a model’s
knowledge and reasoning skills across 57 diverse
subjects.

* NLI (Natural Language Inference) (Williams

et al., 2018) This task (specifically the MNLI
dataset) requires the model to identify the logical
relationship between a premise-hypothesis pair
as entailment, contradiction, or neutral.

D.1.2 Results and Analysis

We evaluate the impact of sequential editing on
the general capabilities of LLaMA3-8B. Edits are
applied in batches, and performance is measured
after each batch on six downstream tasks: SST,
MRPC, CoLA, RTE, MMLU, and NLI. We com-
pare R2Edit with AlphaEdit, RECT, PRUNE, and
MEMIT.

As shown in Fig. 11, MEMIT, RECT, and
PRUNE exhibit substantial performance degrada-
tion as editing proceeds, indicating cumulative in-
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Batch  Success  Ret.) Eff.  Gen. Spe.
1 8243 6191 8796 81.82 82.69

10 82.18 62.14 8779 81.61 82.62

50 81.94 6243 8758 81.38 8254
100 81.71 62.77 8737 81.14 8245

Table 14: Performance under different batch sizes.

Edits  Success Ret.) Eff.  Gen. Spe.
100 86.49 57.09 90.58 84.21 83.69
500 8532 5834 89.82 83.50 83.42

1,000 8396 59.93 8894 82.61 83.07

2,000 81.71 62.77 8737 81.14 8245

Table 15: Performance under sequential relation replace-
ments.

terference with general capabilities. In contrast,
AlphaEdit remains highly stable, confirming the
effectiveness of projection-based constraints for
preserving model behavior.

R2Edit shows a similarly stable trend despite
its iterative optimization process. Its curves re-
main close to those of AlphaEdit across all tasks,
suggesting that the self-paced refinement does not
introduce noticeable additional degradation to gen-
eral capabilities.

Overall, these results show that R2Edit retains
the stability of projection-based editing while bene-
fiting from iterative refinement, supporting its suit-
ability for long sequential editing.

D.1.3 Batch and Sequential Replacement

For batch size b € {1, 10, 50,100}, the same 100
requests are repartitioned while all other settings
are fixed; batches contain heterogeneous relation
types. For sequential editing, 20 disjoint batches
of 100 are applied without reset. At each check-
point, all current and historical edits are evaluated,
without replay or re-editing.

The degradation is gradual rather than abrupt:
from 100 to 2,000 cumulative edits, Success falls
4.78 points, Retention rises 5.68 points, and Speci-
ficity falls 1.24 points. These results cover indepen-
dent single-hop requests, not coordinated updates
of logically dependent facts.

D.2 Impact of Semantic Similarity on relation
replacement editing

In this section, we visually investigate the influence
of semantic properties on the relation replacement
editing task. Specifically, we analyze how the se-
mantic distance between the original relation r and
the target relation r* affects both the learning of
new knowledge and the forgetting of outdated infor-

mation. Furthermore, we provide visual evidence
justifying our choice of the computational residual
|lvi — WEk;]|2 as the primary metric for difficulty
estimation in our self-paced curriculum.

Asymmetric Impact of Semantic Similarity.
We categorized editing samples into Low, Medium,
and High similarity groups based on the cosine sim-
ilarity between the relation vectors of the original
fact and the target edit. As illustrated in Fig. 12(a),
we observe a significant asymmetric impact on
editing outcomes:

» Editing Success (Blue Bars):There is a strong
positive correlation with semantic similarity. As
relations become semantically closer (e.g., “CEO”
— “CTO”), the editing success rate climbs
sharply from 45.2% to 95.1%. This suggests that
the model leverages existing, nearby semantic
structures to facilitate the learning of new associ-
ations.

* Obsolete-Relation Suppression Success (Red
Bars): Conversely, evthe obsolete-relation sup-
pression success rate exhibits a clear negative
trend. Forgetting is significantly harder for se-
mantically close relations (30.7%) compared to
distant ones (65.8%). This visual evidence sup-
ports the hypothesis that high semantic proximity
causes strong interference, making it difficult for
the model to cleanly disentangle the old knowl-
edge from the new in the parameter space.

Justification for Computational Residual.
Given the strong influence of semantics shown
above, one might ask why we do not use seman-
tic similarity as the curriculum metric. We answer
this by analyzing the relationship between seman-
tic similarity and the computational residual (our
chosen difficulty metric) in Fig. 12(b).

1. Superior Predictive Capability: The scatter
plot in Fig. 12(b) reveals that semantic similar-
ity is a noisy predictor of performance. The data
points are highly dispersed with only a weak cor-
relation (Pearson |r| ~ 0.3) to editing success.
This contrasts sharply with the computational
residual, which exhibits a strong, distinct neg-
ative correlation with success. This empirical
evidence confirms that the residual is a signif-
icantly more reliable indicator of the model’s
actual ability to acquire a specific sample.

2. Holistic Proxy for Multivariate Difficulty:
The limited predictive power of semantics under-
scores that the intrinsic difficulty of a sample
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(a) Asymmetric Impact on Outcomes
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Figure 12: Semantic Similarity Analysis. (a) Higher similarity improves new knowledge acquisition but hinders
old knowledge forgetting. (b) Its weak correlation with editing success (Pearson |r| ~ 0.3) indicates limited

predictive power for editing difficulty.

Method ovlt]qilii A"(“)‘;ki 0‘;‘[*11““8012 0%‘3‘“‘8“}11 Order Success Ret.| Eff. Gen. Spe. Iter.
ROME 5495 5824 | 61.74 64.02 | 3837 3837 Random 70.12 67.45 85.10 79.85 81.62 16.74
MEMIT 5275 5495 | 40.15 4242 | 3721 3721 Semantic distance  73.68 66.31 85.74 80.08 81.88 15.36
VE oy D ol | e Wy Target surprisal 77.94 64.88 86.43 80.57 82.16 14.08
AlphaEdit 7253 73.62 | 68.18 7197 | 3452 35.71 Residual 81.71 62.77 87.37 81.14 82.45 12.47
R’Edit+FE(Ours) | 50.81 27.23 | 38.52 33.84 | 33.19 35.11

Table 16: Robustness to superficial editing attacks on
LLaMA3-8B-Instruct. Lower OM and OP are better.

is a multivariate composite. It is influenced
not just by linguistic proximity, but also by la-
tent factors such as knowledge frequency, struc-
tural complexity, and parameter conflicts. While
semantic similarity captures only one dimen-
sion, the computational residual automatically
aggregates the net effect of all these underlying
factors. It provides a direct, computationally
convenient signal of the total optimization bar-
rier, making it the most robust standard for our
self-paced curriculum.

D.2.1 Residual as a Within-Model Difficulty
Proxy

For each request, d}** = ||v; — Wk}||2 is the pre-
update error of the editing objective. We com-
pare it with relation semantic distance di*™" =
1 — cos(e(r;),e(r})) and initial target surprisal
di" = —log Py(o; | si,r}). Under one fixed
editing budget, actual difficulty is the iterations
required for success, with budget-exhausted cases
labeled failures. The residual is used only to rank
requests within the current model, not for abso-
lute cross-model comparison. We therefore report
each model separately and summarize dispersion
across models; this cross-model statistic should
not be interpreted as a relation-group statistic. A

Table 17: Self-paced editing with different difficulty
proxies.

relation-group mean and standard deviation require
the per-relation outputs and are not reconstructed
from the three model-level correlations.

D.3 Robustness Analysis against Superficial
Editing Attacks

While standard metrics like Efficacy and General-
ization are valuable, recent work has shown that
they can be deceptive. An edit may appear suc-
cessful on standard prompts, only to fail and revert
to the original knowledge when faced with care-
fully crafted contextual triggers. This phenomenon
is termed ‘“‘superficial editing” (Xie et al., 2025).
To perform a more rigorous stress-test of R?Edit’s
robustness, we evaluated its performance against
the adversarial attack framework proposed in their
work.

Experimental Setup. To test whether the edited
model truly erases the old fact or merely suppresses
it, we use the superficial-editing attack protocol .
In this protocol, a contextual trigger is prepended
to the prompt to elicit the original (pre-edit) knowl-
edge; we employ the three trigger variants defined
in that work: Wiki, Rep, and Que.

» Wiki: The attack prefix is a Wikipedia summary
of the original answer, o.

* Rep: The attack prefix is a simple repetition of
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LLaMA3-8B GPT-J-6B
Method SuccessT Retention]  Efficacy? Gen.T \ Successt Retention]  Efficacy? Gen.T
Non-Parametric
WISE 22.45 35.60 28.30 31.20 25.80 32.40 31.50 34.20
GRACE 18.70 38.90 24.50 27.80 21.30 36.70 27.40 30.10
Parametric Editing
ROME 31.39 60.47 50.91 50.93 46.38 63.34 63.32 63.24
MEMIT 33.77 51.70 48.43 49.09 72.55 92.98 97.14 84.69
PMET 38.20 55.30 52.10 48.70 42.50 58.60 56.80 54.30
COME 55.40 72.30 68.50 61.20 48.60 65.20 62.40 58.90
AlphaEdit Family
AlphaEdit 52.18 78.34 79.17 76.62 65.99 98.20 98.53 86.87
AlphaEdit + FE 78.46 74.50 83.24 80.03 89.98 77.84 98.64 87.80
Our Methods
R2Edit (w/o FE) 54.45 88.56 83.23 75.88 78.46 88.24 95.93 87.36
R2Edit + FE (Ours) 81.71 62.77 87.37 81.14 91.02 59.84 99.28 88.58

Table 18: Comparison with latest baselines on ReEditBench. Bold indicates best result; underline indicates second
best. COME and PMET are parametric; WISE and GRACE are non-parametric.

Iteration Time by Model
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Figure 13: R2Edit iteration time analysis.
the original answer, o.

* Que: The attack prefix is a question that includes
the subject, relation, and original object, e.g., “Is
Joe Biden the President of the U.S.7”.

We evaluate performance using two key metrics
designed to measure superficiality:

* Original Match (OM): The percentage of times
the model’s output exactly matches the original
(pre-edit) answer, o.

* Original Probability (OP): The percentage of
times the model assigns a higher probability to
the original answer o than the new answer o*.

For both metrics, lower values indicate higher ro-
bustness and a less superficial edit. We report the
results for the LLaMA3-8B-Instruct model on the
CF-a dataset, using the data from Table 1 of the
source paper for the baseline methods.

Results and Analysis. The results in Table 16
confirm that superficial editing is a significant chal-
lenge for all tested methods, with high-performing

editors like AlphaEdit and PMET showing consid-
erable vulnerability (over 70% OM on the Wiki
attack). This underscores the limitations of relying
solely on standard evaluation metrics.

In this challenging setting, our proposed R2Edit
method demonstrates markedly superior robustness.
Across all three attack types, R?Edit achieves the
lowest (best) scores for both Original Match (OM)
and Original Probability (OP). For instance, under
the most difficult Wiki attack, R?Edit reduces the
OM score to 50.81%, a substantial improvement
over methods like AlphaEdit and MEMIT.

We attribute this enhanced robustness to the syn-
ergistic interplay of two core mechanisms: the
“forgetting-and-editing” (FE) strategy and the self-
paced curriculum. First, the FE strategy lays the
groundwork by actively unlearning the outdated
tuple, making the original knowledge less accessi-
ble. Second, the self-paced “easy-to-hard” curricu-
lum builds upon this foundation by encouraging a
“deeper” integration of the new knowledge. Rather
than forcing a single, abrupt update, it iteratively
strengthens the new association, making the edit
less superficial and more resilient to contextual trig-
gers designed to reactivate the old memory trace.
The combination of these two mechanisms makes
R2Edit a uniquely reliable and practical solution
for real-world knowledge updating.

D.4 Comparison with Latest Unlearning and
Editing Baselines

To ensure a comprehensive and up-to-date eval-
uation, we compare R?Edit against recent state-
of-the-art methods from 2024-2025, including
unlearning-based editors (COME), memory-centric
non-parametric methods (WISE, GRACE), and
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Model Strategy for Old Relation Success T Retention | Efficacy T Gen. T
LLaMA3  Target = IDK 81.71 62.77 87.37 81.14
Target = Opew (Real-world) 83.45 55.22 88.10 82.05
GPT2-XLL  Target =IDK 83.93 48.78 88.46 87.50
Target = Opew (Real-world) 85.80 40.50 89.20 88.15
GPT-J Target = IDK 91.02 59.84 99.28 88.58
Target = Onew (Real-world) 93.10 52.45 99.50 89.10

Table 19: Comparison of relation replacement editing Strategies: Unlearning (IDK) vs. Reassignment (O,,¢q,).

Counterfact ZsRE
Method Model Eff.1T Gen.T Spe.t Eff.T Gen. 1T
MEMIT phi-1.5 5571 56.58 3541 5441 5247
RECT phi-1.5 58.19 58.92 3846 55.15 53.64
AlphaEdit phi-1.5 7079 65.12 4896 70.02 63.19
R?Edit (Default) phi-1.5 74.40 6825 51.20 73.15 66.10
RZEdit (Tuned) phi-1.5 75.85 69.70 5255 73.60 67.45

Table 20: Results on Counterfact and ZsRE datasets.

the latest fine-grained neuron-level editor (PMET).
These methods represent the frontier of knowledge
editing and unlearning, providing a rigorous bench-
mark for assessing our approach.

* COME (Jung et al., 2025): An unlearning-based
approach that explicitly forgets conflicting knowl-
edge before editing. We adapt it for relation re-
placement editing by applying its conflict-free
editing mechanism to our ReEditBench.

* WISE (Wang et al., 2024a): A memory-centric
method that externalizes edits to key-value
adapters, ensuring isolation of new knowledge
from the base model. We test whether its non-
parametric design can handle relation conflicts.

* GRACE (Hartvigsen et al., 2023): A lifelong
model editing approach using discrete key-value
adaptors. We evaluate its ability to sequentially
handle relation edits without catastrophic forget-
ting.

« PMET (Li et al., 2024): A precise neuron-level
editing technique that operates at finer granularity
than layer-wise methods. We compare its local-
ization precision against our relation replacement
editing task.

Results. Table 18 presents the comprehensive
comparison on LLaMA3-8B and GPT-J-6B. All
methods are evaluated under identical conditions:
same ReEditBench split, same evaluation protocol,
and where applicable, the same hyperparameter
search budget.

Analysis. Non-parametric methods struggle
with relation conflicts. WISE and GRACE
achieve low Retention (32-39%) because their
external memory design inherently isolates edits.

Method LLaMA3-8B GPT-J-6B
ROME 45 38
MEMIT 120 95
AlphaEdit 280 220
COME 350 280
PMET 420 340
WISE 85 70
GRACE 95 80
R2Edit (Ours) 890 720
Early stop (t=8) 520 410

Table 21: Average execution time per editing instance
(ms). Measured on NVIDIA L40S (48GB).

However, this isolation comes at severe cost to Suc-
cess (18-28%), as the base model never truly learns
the new relation—it merely routes to an adapter.
This shows the benefit of parametric modification
when relation replacement requires joint acquisi-
tion and suppression.

Unlearning-based COME shows promise but
incomplete forgetting. COME improves over
ROME/MEMIT by explicitly handling conflicts,
yet its Retention remains high (65-72%). This val-
idates our theoretical analysis: standard unlearning
targets are ill-suited for relation replacement edit-
ing, and its conflict-detection mechanism fails to
account for the high key similarity .

PMET’s fine-grained approach does not
translate to relation replacement editing. De-
spite its neuron-level precision, PMET underper-
forms AlphaEdit on Success (38.2% vs. 52.2% on
LLaMA3). We attribute this to relation replacement
editing’s unique challenge: the semantic proxim-
ity of relations means the relevant neurons overlap
heavily, making fine-grained localization less effec-
tive than subspace projection.

The FE strategy’s universality is confirmed.
Applying FE to AlphaEdit yields +26.3% Success
on LLaMA3, comparable to R?Edit+FE’s +27.3%.
This proves our forgetting target design is the criti-
cal component, with R2Edit’s curriculum providing
additional robustness on hard samples.

R?Edit+FE achieves the best balance. It
attains the highest Success (81.71% LLaMA3,
91.02% GPT-J) while maintaining competitive Re-
tention. The gap to AlphaEdit+FE (81.71% vs.
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Method Success Ret.| Eff. Gen. Spe.
CoRE 56.84 79.92 81.36 77.84 79.26
RAG (WikiBigEdit)  48.27 82.84 82.18 82.36 79.74
DR-IKE 65.73 74.58 86.91 81.07 78.42
RECIPE 52.64 66.41 83.11 74.46 73.18
R2Edit 81.71 62.77 87.37 81.14 82.45

Table 22: Additional baseline comparison on ReEdit-
Bench.

Method ms/edit] GBJ Success Ret.]
AlphaEdit 280 20.10 52.18 78.34
R2Edit (T = 8) 520 24.62  81.71 62.77
R2Edit-light 344 2280 75.12 68.35
RZEdit-light + stop 297 2250 7476 69.08

Table 23: Configurable efficiency—robustness operating
points.

78.46%) demonstrates that the self-paced curricu-
lum provides genuine added value beyond simple
FE application, particularly for models where hard
samples concentrate (GPT-J).

D.4.1 Recent Non-Parametric and
Retrieval/Context Baselines

We evaluate CoRE (Park et al., 2025), RAG using
WikiBigEdit (Thede et al., 2025), DR-IKE (Nafee
et al., 2025), and RECIPE (Chen et al., 2024) on
LLaMA3-8B with the same ReEditBench split and
metrics. Each retrieval/context method follows
its original external knowledge base, prompt, or
demonstration-pool mechanism.

E Efficiency and Cross-Model
Generalization Analyses

E.1 Computational Cost.

Table 21 reports wall-clock time per edit. R?Edit’s
iterative nature incurs higher cost than single-pass
methods, but remains practical. The additional
overhead over AlphaEdit is justified by the substan-
tial Success gains on challenging cases.

The additional work updates the active set,
caches fixed terms, and repeatedly solves a pro-
jected linear system. It primarily benefits diffi-
cult cases: on all-hard LLaMA3 edits, R?Edit
reaches 94.71% Success in 730 ms, whereas Al-
phaEdit reaches 12.85% in 274 ms. Lightweight
variants use active-column computation, fixed-term
caching, a linear solver, a sample-space approx-
imation, and optional stopping after three non-
improving validation steps.

Across model size, LLaMA3-8B uses 520
ms/edit and 24.62 GB (81.71% Success, 62.77%
Retention), while LLaMA-2-13B uses 830 ms/edit

and 38.74 GB (86.12%, 48.15%). On LLaMA3-8B,
amortized time decreases from 690 ms at batch size
1 to 520 ms at batch size 100; peak memory rises
from 21.08 to 24.62 GB. Up to 2,000 sequential
edits, average time remains 505-520 ms/edit and
peak memory 24.56-24.62 GB.

E.2 Cross-Model Generalizability on Phi-1.5

To address concerns regarding hyperparameter sen-
sitivity, we evaluated R?Edit on an unseen archi-
tecture, Phi-1.5. Table 20 shows that using default
hyperparameters (o« = 10,5 = 1, Ao = 10), our
method already significantly outperforms baseline
editors. Further tuning provides marginal gains,
confirming the robustness and universality of our
default configuration.
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