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Abstract

Large language models (LLMs) encode ex-
tensive factual knowledge through pretrain-
ing, yet often require targeted updates to
correct errors, incorporate new information,
or revise outdated facts. Recent approaches
to knowledge editing, such as projection-
based constraints, parameter pruning, and
regularization, have proven effective in
improving editing accuracy and stability.
However, these methods often fail to main-
tain a clear separation between new edits
and existing knowledge, leading to interfer-
ence and degradation over time. We pro-
pose OrthoEdit, a principled framework
for stable and scalable knowledge editing
that ensures each parameter update is or-
thogonal to both pre-existing and previ-
ously edited knowledge, remains strictly
non-interfering and preserving the integrity
of prior edits. OrthoEdit enables exact
subspace control through three coordinated
steps: progressive null space refinement,
principal subspace extraction, and orthog-
onal projection. This yields compact and
well-aligned updates that systematically sat-
isfy all accumulated constraints. Compre-
hensive experiments across diverse mod-
els and benchmarks demonstrate that Or-
thoEdit consistently enhances editing accu-
racy and robustness while preserving gen-
eral capabilities—even through extended
sequences of batched edits. Our code
is available at https://github.com/
JoveReCode/OrthoEdit.git.

1 Introduction

Large language models (LLMs) excel at many
NLP tasks by encoding vast factual knowledge
during pretraining (Touvron et al., 2023; OpenAl,
2023; Yang et al., 2024; Guo et al., 2025). How-
ever, this knowledge can be inaccurate, outdated,
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or harmful (Onoe et al., 2022; Ji et al., 2023; Zhao
et al., 2023; Gallegos et al., 2023; Farquhar et al.;
Mousavi et al., 2024). Given the dynamic na-
ture of real-world information, efficiently updating
model content is increasingly crucial. Retraining
or full-model fine-tuning imposes significant com-
putational and temporal costs, rendering it unsuit-
able for rapid knowledge updates. Thus, knowl-
edge editing methods (Yao et al., 2023; Zhang
et al., 2024c; Xu et al., 2025) that enable targeted,
lightweight model updates have attracted growing
interest.

Existing knowledge editing methods can
be broadly categorized into two paradigms:
parameter-updating approaches and knowledge-
preserving approaches. Parameter-updating
methods (Meng et al., 2022b; Li et al., 2023;
Qiao et al., 2024b) typically modify the param-
eters of feedforward network (FFN) layers to
encode new facts, enabling durable updates and
allowing for batch-wise editing. In contrast,
knowledge-preserving methods (Hartvigsen et al.,
2023; Qi et al., 2024; Qiao et al., 2024a) avoid
weight changes by leveraging external modules
or prompting strategies, but often incur additional
memory costs or offer only temporary editing.

Editing tasks vary in scale, ranging from single-
instance to large-scale batched sequential edits.
The latter presents unique challenges: it demands
both high update capacity and long-term stabil-
ity. Knowledge-preserving approaches struggle to
scale due to reliance on lengthy prompts(Qi et al.,
2024) or retrieval(Hartvigsen et al., 2023), while
parameter-updating methods risk interference and
forgetting over extended edit sequences.

AlphaEdit (Fang et al., 2024) projects updates
onto the null space of pre-existing knowledge, re-
ducing interference and improving locality during
sequential editing. However, it still preserves prior
edits via conventional constraints, leaving them
susceptible to interference and forgetting in sub-
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sequent updates. Another contemporaneous line
of work, O-Edit (Cai and Cao, 2024), while also
termed orthogonal subspace editing, introduces
gradient-based regularization into the training loss
to penalize the cosine similarity between the gra-
dient directions of different knowledge. However,
it imposes soft constraints with additional hyper-
parameters during training, rather than operating
exactly on the update space.

To overcome these limitations, we propose Or-
thoEdit, a projection-based framework that for-
malizes principled orthogonal subspace editing for
stable and scalable batched sequential knowledge
editing. The core idea is to ensure that each
parameter update is confined to a subspace that
is simultaneously orthogonal to both the model’s
pre-existing knowledge and all previously edited
knowledge keys. This dual orthogonality prevents
interference across editing rounds and ensures that
each update remains localized and non-disruptive.

Our method recursively constructs the shared
null space via progressive projection that elimi-
nates directions aligned with prior edits. It fur-
ther extracts a compact principal subspace from
the current target knowledge to reduce redundancy
and conserve null space capacity for future edits.
The final update is projected onto their orthogonal
intersection, enabling precise updates that satisfy
all accumulated constraints. Through this design,
OrthoEdit provides a principled and efficient solu-
tion for stable and sustainable large-scale editing
in large language models.

Our contributions are summarized as follows:

* We introduce OrthoEdit, a novel projection-
based knowledge editing framework that sup-
ports stable and scalable batched sequential
edits by explicitly eliminating interference
from both pre-existing and previously edited
knowledge.

* We design a structured subspace construc-
tion procedure comprising progressive null
space refinement, principal subspace extrac-
tion, and orthogonal alignment, enabling pre-
cise updates and ensure robustness over long
editing sequences.

* We provide a formal analysis demonstrat-
ing that OrthoEdit rigorously satisfies the
required orthogonality constraints, and we
validate its effectiveness through compre-
hensive experiments across multiple mod-
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els and benchmarks, consistently surpassing
prior works in editing accuracy and stability.

2 Related Works

Model editing methods, aimed at updating fac-
tual knowledge in large language models, are
broadly categorized into parameter-updating and
parameter-preserving approaches.

2.1 Parameter-Updating Editing Methods

Parameter-updating methods can be broadly cat-
egorized into locate-then-edit and meta-learning
approaches. Locate-then-edit methods identify
and modify parameters encoding specific facts us-
ing causal tracing. ROME (Meng et al., 2022a),
MEMIT (Meng et al.,, 2022b), and PMET (Li
et al., 2023) perform activation path analysis for
localized updates, while GLAME (Zhang et al.,
2024a) enhances this with knowledge graph sig-
nals. RECT (Gu et al, 2024b) regularizes
weight updates during editing to prevent overfit-
ting. PRUNE (Ma et al., 2024) enforces condition-
number constraints on the edited weight matrix to
bound numerical perturbations. AnyEdit (Jiang
et al., 2025) generalizes editing across arbitrary
formats, and AlphaEdit (Fang et al., 2024) intro-
duces subspace projection to reduce interference
by projecting updates with the null space of exist-
ing knowledge.

Meta-learning approaches instead train aux-
iliary hypernetworks to generate parameter up-
dates from few-shot examples. KE (Cao et al.,
2021), MEND (Mitchell et al., 2022a), and
MALMEN (Tan et al., 2024) design generaliz-
able editing pipelines, and InstructEdit (Zhang
et al., 2024b) further enables task-specific behav-
ior through instruction tuning.

Aligned with our high-level goal of
interference-free editing, recent effort O-Edit (Cai
and Cao, 2024) also explores orthogonal subspace
editing, but via loss-level regularization that
penalizes the cosine similarity between gradient
directions. While similar in motivation, this
approach is fundamentally different from ours.
Our OrthoEdit achieves interpretable and prin-
cipled control over interference via an efficient
projection-based mechanism, faithfully capturing
the essence of orthogonal subspace editing.



2.2 Parameter-Preserving Editing Methods

On the other hand, parameter-preserving meth-
ods avoid modifying pretrained weights to main-
tain the integrity of original knowledge. These
fall into two categories: memory-augmented and
inference-based. Memory-augmented methods in-
corporate new facts via lightweight external mod-
ules, for instance, MELO (Yu et al., 2024) uses
additional LoRA (Hu et al., 2022) blocks, T-
Patcher (Huang et al., 2023) introduces auxil-
iary neurons, SERAC (Mitchell et al., 2022b)
adds a sub-network, and MEMoE (Wang and Li,
2024) employs a mixture-of-experts for routing.
Inference-based methods, such as ICE (Qi et al.,
2024), retain the model architecture and employ
prompting and in-context reasoning to retrieve or
infer edited knowledge.

2.3 Extended Knowledge Editing Tasks

Beyond the standard formulation of knowledge
editing, a number of studies have explored al-
ternative paradigms, including multi-hop edit-
ing (Zhong et al., 2023; Gu et al., 2024a; Bi
etal., 2024; Lu et al., 2024), editing commonsense
knowledge (Huang et al., 2024), modeling the rip-
ple effects of edits (Cohen et al., 2024), event-level
editing (Liu et al., 2024), and long-form evalua-
tion (Rosati et al., 2024). These works broaden
the scope of the field and introduce new challenges
that further drive the development of knowledge
editing research.

3 Preliminaries

In a large language model (LLM) that predicts the
next token x based on the current context, the hid-
den representation of token x at layer [ is denoted
as h!, which is computed as:

hl — hl—l + al +ml’ml
=W, ,0(Why(h'™! +d")), (1)

where a! and m! represent the outputs of the at-
tention block and the feed-forward network (FFN)
layer, respectively, o is the non-linear activation
function, and « denotes the layer normalization.
Wﬁn and W', are the weight matrices of the FEN
layer. For simplicity and consistent with previous
work, we use W to denote W', in this context.
Following previous works (Meng et al., 2022b;
Fang et al., 2024), where W is interpreted as a lin-
ear associative memory, linear operation W can
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Figure 1: Illustration of null space basis initializa-
tion. SVD-7; denotes performing SVD and select-
ing the columns from left singular matrix Uy cor-
responding to the singular values below the thresh-
old 7;. The resulting null space basis aligns with
that used in AlphaEdit.

act as a key—value store for a set of vector keys
K and corresponding vector values V, by approx-
imately satisfying: WK ~ V. Specifically, sup-
pose each edit involves updating u factual triples
in the form of (s,r,0). The updated matrix W
is expected to associate u new key—value pairs,
where k and v encode the (s,7) and o of the new
knowledge, respectively.

Parameter-updating methods, such as MEMIT
(Meng et al., 2022b), follow a locate-then-edit
paradigm in which an update matrix A is directly
added to the pre-trained model parameters W.
Ideally, the pretrained model satisfies: WK =V,
where K and V denote the matrix of keys and val-
ues, respectively. For the target knowledge set K,
with desired values V that need to be updated, the
model generally fails to satisfy the mapping, i.e.,
WK, # V..

Knowledge editing therefore seeks an update A
such that: (W + A)K; = V,, while preserving
all unrelated pre-existing knowledge encoded in
Kypase with values V. MEMIT realizes this by
solving the following objective:

A= argmjnH(W +A)K; — VtH2
A

+H (W + A)I<base - VbaseHQ- (2)

In practice, Kpae € R4¥100.000 i constructed by

encoding 100,000 factual samples from Wikipedia
corpus, serving as an approximation of the
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Figure 2: Overview of OrthoEdit. When integrating the target knowledge K; into model parameters,
MEMIT directly updates model parameters, often causing interference with original knowledge K¢ and
previously edited knowledge K,,. AlphaEdit alleviates this by projecting updates onto the null space
of Ky, but prior edits K, may still be affected. In contrast, OrthoEdit employs a progressive null space
projection to map updates onto the joint null space of K and K, , while extracting the principal subspace

of the current target knowledge Kj.

By aligning updates within this orthogonal subspace, OrthoEdit

enables safe parameter modification that preserves both previously edited and original knowledge.

model’s internal factual memory. Here, d is the
size of the FFN hidden layer.

Directly preserving Ky.s. via the above objec-
tive still suffers from interference when multiple
edits accumulate. AlphaEdit (Fang et al., 2024)
addresses this by constraining updates to the null
space of Ky,ee. The null space is defined as fol-
lows: given two matrices A and B, B lies in the
null space of A if and only if BA = 0.

The motivation for applying a null space projec-
tion in model editing is to preserve existing knowl-
edge during parameter updates. Specifically, when
the update parameter A is projected onto the null
space of Kpyse (i€., ApKpese = 0, where A,
denotes the projected update parameter), adding it
to the parameter matrix W yields:

(W + Ap)Kbase = WKbase = Vbase- (3)

This property ensures that the projected update pa-
rameter A, does not interfere with the key—value
associations of the preserved knowledge pair
{Kbpases Vibase | thereby maintaining the integrity
of the stored information. Therefore, before in-
corporating the update parameter into the model
parameters, AlphaEdit first project it onto the null
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space of Kp,se to safeguard the existing knowl-
edge. This mechanism effectively eliminates the
need for an explicit regularization term dedicated
to protecting the preserved knowledge, as such
protection is inherently guaranteed by the projec-
tion itself.

Due to the high dimensionality of Kyase, it op-
erates on its uncentered covariance matrix Ko =
Kiuse K. € R4, which shares the same null
space with Kyaee. Specifically, it performs Singu-
lar Value Decomposition (SVD) on the symmet-
ric matrix: Ko = UXU'. Let U denote the
eigenvectors associated with near-zero' singular
values. The null space projector is then defined
as P = UU'. The projected update is given by
Appha = AP, which satisfies APKype = 0,
thereby eliminating the Kj, s term from the up-
date objective.

However, it is also crucial for sequential edit-
ing to preserve previously edited knowledge, de-
noted as K, = {Kj, ..., K;_1} across timesteps.
Although AlphaEdit isolates updates from Ky,
it does not prevent interference with K,,, which

' As eigenvalues are seldom strictly zero, it is common to
use an approximation.
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lecting the columns from left singular matrix with singular values below the threshold 71, SVD-7; and

SVD-7, denote selecting those above the respective

thresholds. The resulting projector P~ maps the

parameter updates into the joint orthogonal null space of all prior edits and pre-existing knowledge.

is instead handled using a conventional constraint
term: H (W+AP)K,-V, H22. As edits accumu-
late and K, grows over time, maintaining compat-
ibility with all accumulated constraints becomes
increasingly difficult. Consequently, earlier edits
may still be disrupted by subsequent updates, lim-
iting long-term stability in sequential settings.
Compared with AlphaEdit, our proposed Or-
thoEdit (1) replaces soft preservation of previ-
ous edits with an incremental joint null-space that
spans both the base knowledge Ky and all prior
edited keys {K, }, thereby eliminating cross-batch
interference; (2) performs principal subspace ex-
traction to compress each update into the most in-
formative directions of the current key K, reduc-
ing redundancy and conserving null-space capac-
ity for future edits; (3) computes an exact orthog-
onal intersection via subspace alignment, yielding
a closed-form idempotent, symmetric projector

2Since the knowledge from previous batches has already
been updated and thus satisfies WK, = V,, the term
H (W+AP)K, — Vp”2 can be simplified to HAPOKP H2
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P that simultaneously satisfies accumulated con-
straints; and (4) delivers stronger long-term sta-
bility, extending reliable sequential editing while
sustaining accuracy and general capability under
more challenging settings. The overview of our
framework as shown in Figure 2.

4 Method

We propose OrthoEdit, which enforces a stronger
non-interference constraint by progressively pro-
jecting the update parameter A into the joint
null space of all encoded knowledge keys, Kpase
and K, thereby ensuring that both pre-existing
knowledge and previous edits remain intact, thus
improving overall robustness and stability. Fur-
thermore, our orthogonal subspace projection re-
duces the dimensional cost of progressive projec-
tion and constrains the update to occur within a
compact and informative subspace, allowing for
precise and stable knowledge editing.



4.1 Progressive Null Space Projection

To prevent interference with both pre-existing
knowledge and previously edited knowledge, we
constrain the update parameter A to lie in the
joint null space of Ky, and all prior edited keys
K, = {K;}Z]. A straightforward approach
would project A into the null space of a concate-
nated matrix:

Yo =[KoK; --- K; ] e R*EB (4

where Ko € R%*4 and each K; € R4t b is the
editing batch size, and B = b(t— 1) +d. However,
as the number of editing steps increases, the size of
Y <; grows linearly with time, computing its null
space becomes increasingly costly.

To address this scalability challenge, we pro-
pose Progressive Null Space Projection, which in-
crementally updates the null space basis by incor-
porating one knowledge constraint K; at a time.
This eliminates the need to explicitly construct
the large concatenated matrix Y <;, while ensuring
that A remains orthogonal to all previously edits.

At each timestep ¢, we construct a projector
Pr(li)u that ensures the update parameter A re-
mains orthogonal to all previously edited knowl-
edge keys. Formally, the projection satisfies:

APY K; =0,

null—*?

forall i < t. 5

We adopt the null space projection from Al-
phaEdit (Fang et al., 2024) as our initialization
step. Specifically, we perform Singular Value De-
composition (SVD) on the uncentered covariance
matrix Ky, which shares the same null space as
Khase, yielding Kg = UOEOUOT. We then re-
tain Zg € R%*70, the submatrix of Uy whose
columns correspond to singular values below the
threshold 71, as the initial null space basis, where
ro = d — rank,, (Xo), rank,, (-) counts singular
values greater than a predefined threshold 7y, as
illustrated in Figure 1.

Whereas AlphaEdit uses a fixed projector
Pun = ZoZ, throughout the entire sequential
editing, we progressively update the null space by
integrating each new edit batch K; into the con-
straint, enabling the null space basis to evolve with
each editing step.

To achieve this, at step ¢, we update the null
space basis Z;_; by eliminating its components
that interfere with K;. We first construct the in-
terference matrix:

H; =7/ K, e R"-1%0, (6)
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which captures the interaction between the cur-
rent null space basis and the new target knowl-
edge. Here, ;1 denotes the column dimension of
Z;_1. We then perform SVD: H; = UHEHVII,
and extract the left null space of H; by select-
ing the columns of Uy corresponding to singu-
lar values below the threshold 7;. The resulting
submatrix is denoted as N; € R"™-1%"t  where
ry = ry—1 — rank,, (X ). The null space basis
is recursively updated as:

Zy = Zy 1Ny N

This recursive process allows the null space
basis Z; to evolve at each editing step, and the
progressive null space projector can then be con-
structed as:

pW

null —

Zi 7] . (8)

We provide a detailed proof in the Appendix D
demonstrating that our construction procedure sat-
isfies the constraint in Equation 5.

Moreover, our method reduces the computa-
tional complexity of the joint null space from
quadratic to linear in time-step 7. Specifically, for
the naive matrix concatenation approach, at the ¢-
th editing step, the concatenated matrix will have
a dimension of d; = d + B x t. Summing over all
T batches, the overall computational complexity
becomes approximately:

T
Y O(d+ B xt)=0(dT +BT? (9
t=1

which scales quadratically with 7. In contrast, our
incremental null space computation caches Z; at
each step and only requires computing the SVD
on a matrix of size B, resulting in a total compu-
tational complexity of:

T

Y 0(B) = O(BT)

t=1

(10)

thereby reducing the overall complexity from
quadratic to linear in 7.

4.2 Principal Space Extraction

Although the update parameter A has been con-
strained to the joint null space basis Z;, this sub-
space may still contain redundant directions that
are not essential for updating the current target
knowledge K;. The effectiveness of parameter



pruning methods such as Gu et al. (2024b); Qiao
et al. (2025); Li and Chu (2024) also suggests that
update parameters typically exhibit redundancy.

Moreover, as each batch of edit consumes a
portion of the null space dimensions, it is cru-
cial to compress the update space into a lower-
dimensional principal subspace tailored to K.
This dimensional compression confines param-
eter updates within a compact and informative
subspace, simultaneously mitigating parameter re-
dundancy and preserving more null space capacity
for subsequent edits, thereby enhancing the sus-
tainability for long-term editing.

To construct this principal subspace, we per-
form SVD as: K; = UtEtVtT , and retain the
top 7, left singular vectors corresponding to the
largest singular values. We denote this resulting
matrix as U; € R where rp = rank, (X;).
The columns of ﬂt form an orthonormal basis
capturing the most expressive directions of the
current knowledge key in the parameter space.

This principal subspace serves as an intermedi-
ate constraint, enabling subsequent alignment and
orthogonalization procedures to precisely control
the update direction.

4.3 Orthogonal Projector from Subspace
Alignment

After obtaining the principal subspace basis U,
from the current target knowledge and the updated
null space basis Z;_;, we aim to unify them into a
coherent subspace to precisely control the update
direction. However, since Ijt and Z;_; are gener-
ally not orthogonal, naively combining them may
violate previously enforced constraints and poten-
tially compromising both precision and edit local-
ity. To address this issue, we quantify their inter-
action by computing the alignment matrix as:

M, =Z] U, e R't-1%"», (11)

where r;_1 and 7, are the column dimensions of
Z;_1 and ﬁt, respectively. Each element of M,
reflects the cosine alignment between directions
from the established null space and those of the
current principal space.

Since perfect alignment between these sub-
spaces is rare, we extract highly aligned directions
by applying SVD to the alignment matrix: M; =
Uy MVJT/[, and retaining the singular vectors
with singular values above a dynamic threshold
T9. Given the variability of alignment distribu-
tions across layers and editing batches, we detect
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the elbow point via second-order differences of the
ordered singular values )\; in 3, selecting the
index set Z = {i | \; > m(Xn)}, This strat-
egy adaptively selects aligned components across
varying scenarios. The corresponding intersection
basis is constructed as:

z\) =7, ,0) e R,

int (12)
where fjg\? denotes the submatrix of U, consist-
ing of columns indexed by Z.

Nevertheless, the intersection basis Zl(rft) may
contain vectors that are nearly collinear or nu-
merically unstable, potentially undermining the
precision and stability of the projection. To en-
sure numerical robustness and precise orthogonal
projection, we apply reduced QR decomposition
for orthogonalization: Zl(lft) = Q:R;:, where the
columns of Q; € R%X 'ZI form an orthonormal ba-
sis for a robust subspace representation.

Finally, the orthogonal projector from subspace

alignment is defined as:

P! = Q,Q/,

a symmetric and idempotent operator that pre-
cisely confines parameter updates to the aligned
and numerically stable intersection of the princi-
pal and null spaces. This guarantees accumulative
constraint preservation while enabling accurate in-
tegration of new knowledge. The detailed work-
flow is illustrated in Figure 3 and full procedure is
outlined in Algorithm 1.

(13)

4.4 Solving for A in OrthoEdit

To sloving the update parameter A, we begin by
revisiting the general objective for batched se-
quential editing®, which is formulated to accom-
modate sequential batch editing:

A =argmin ||(W + AK, — V,gH2
A

+ [|AK | + [|AK |,

(14)

where K encodes pre-existing knowledge, and
K,, encodes previously edited knowledge. How-
ever, this update objective simultaneously at-
tempts to update K; and preserve Ky and K,
which can induce conflicting gradients and make
optimization difficult.

3When the objective of MEMIT is extended to the batched
sequential editing setting (by introducing K, ), we obtain this
generalized formulation.
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Table 1: Performance on the CounterFact dataset across different models under the setting of 6,000 edits

(batch size 300). Best results are in bold.

AlphaEdit (Fang et al., 2024) partially ad-
dresses this challenge by introducing a null-space
projector Py = ZOZ(—)r , ensuring that updates re-
main independent to K. Defining Appha =
APy, since we have APyKy = 0 by construc-
tion, the update objective simplifies to:

Aiphy = arg min (W + APy)K; — V|’

+ | APOK, || + AP

15)

where the term || APg||? acts as a regularizer to
ensure stable convergence. This reformulation
avoids explicitly preserving pre-existing knowl-
edge Ky, as parameter updates occur exclusively
within its null space. Nevertheless, it still enforces
explicitly preservation of previously edited knowl-
edge K, retaining issue similar interference chal-
lenges in subsequent editing.

To further streamline the optimization and re-
move the explicit preservation of prior edits en-
coded in K,,, we incorporate our Progressive Null
Space Projection into the update scheme. As dis-
cussed before, our projector Py satisfies both
P,uKo = 0 and P, K, = 0. The final orthogo-
nal projector P derived from Py inherits these

crucial properties. A formal proof is provided in
the Appendix E.

Defining the OrthoEdit update as Aogpno =
AP, the update objective elegantly simplifies to:

Aortho = arg mAin H(W + APQ)Kt — VtH2

+||APA|*. (16)
This allows the updating process to focus solely on
accurately incorporating the current target knowl-
edge K, without concern for interfering with ei-
ther pre-existing or previously edited knowledge.
To facilitate a concise and consistent presenta-
tion with prior work (e.g., Meng et al. (2022b) and
Fang et al. (2024)), we denote the residual vector
as R = V, — WK,. Substituting this into the ob-
jective in Eqn. 16 and differentiating to derive the
normal equation yields:
(AP-K; —R)K/Pr+ AP, =0 (17)

Solving this normal equation we obtain the follow-
ing closed-form solution for OrthoEdit:

T T -1
Ao = RK; Py, (Kth + I) . 38)
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Method Pref. Dist. Rel. Spec. Subj. Spec.
EOStT CAPt DP| | EOST CAPt DP| | EOStT CAPt DPJ
MEMIT 4482 15.80 1733 | 66.03 11.28 5.85 | 6048 1541 10.60
RECT 5440 2237 1450 | 76.03 1634 470 | 6443 2171 511
PRUNE 44.63 16.05 18.03 | 66.10 11.32 6.28 | 6240 16.79 10.27
AlphaEdit 50.19 19.20 16.59 | 74.00 1546 6.25 | 61.14 1994 8.80
OrthoEdit 58.89 23.14 1193 | 81.14 17.51 4.18 | 6594 2222 7.00

Table 2: Performance comparison on EVOKE benchmark using LLaMA3-8B model. Pref. Dist. denote
Prefix distraction, Rel. Spec. denote Subject Specificity, Subj. Spec. is Relation Specificity.

A detailed derivation is provided in the Ap-
pendix G. This final expression provides a con-
cise closed-form solution for the update parame-
ter. It leverages the orthogonality properties of the
projector P, ensuring that the current knowledge
updates are fully independent of both pre-existing
knowledge and previously edited knowledge.

5 Experiments

5.1 Baselines and Models

We compare OrthoEdit with existing methods
that support batched sequential knowledge edit-
ing, including fine-tuning (FT) (Rawat et al.,
2021), MEMIT (Meng et al., 2022b), RECT (Gu
et al., 2024b), PRUNE (Ma et al., 2024), and Al-
phaEdit (Fang et al., 2024). Experiments are con-
ducted on multiple LLMs, including LLaMA3-
8B, Qwen2.5-7B, and InternLM-7B. We provide
the hyperparameter settings in Appendix B.

5.2 Datasets and Metrics

We evaluate editing methods on three knowl-
edge editing benchmarks: the widely used Coun-
terFact (Meng et al., 2022a) and ZsRE (Levy
et al., 2017) datasets, and the recently introduced
QAE(dit (Yang et al., 2025), EVOKE (Zhang et al.,
2025) datasets. To assess general capability of the
post-edited model, we further evaluate the perfor-
mance on six downstream tasks from the GLUE
benchmark (Wang et al., 2018).

For the knowledge editing datasets, we con-
sider three core metrics: Efficacy (or Reliability),
measuring the success rate of edits; Generaliza-
tion (or Paraphrase), evaluating success on para-
phrased prompts; and Locality (or Specificity),
quantifying the preservation of original knowl-
edge. Formal definitions are in Appendix A.
For CounterFact, we additionally report the har-
monic mean of these metrics as Score, along with
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Consistency (reference score) and Fluency (gen-
eration entropy). For QAEdit, beyond standard
metrics, we include LLM-judged real-world QA
accuracy across three question types (via GPT-
40-mini). The GLUE benchmark includes six
downstream tasks: SST (Socher et al., 2013),
MMLU (Hendrycks et al., 2021), MRPC (Dolan
and Brockett, 2005), CoLA (Warstadt et al., 2019),
RTE (Bentivogli et al., 2009), and NLI (Williams
etal., 2018). For each task, we report the F1 Score
of the edited models.

6 Findings and Results

We conduct comprehensive experiments spanning
multiple datasets, models, and editing settings to
systematically evaluate the effectiveness and ro-
bustness of OrthoEdit and provide detailed anal-
yses and insights into its performance.

6.1 Improved Editing Performance and
Strong Locality

OrthoEdit’s joint null-space construction and ex-
act intersection projection guarantee that each up-
date is confined to interference-free directions,
preserving untouched facts. To validate this,
we evaluate on the classical CounterFact and
ZsRE benchmarks. In both cases, OrthoEdit
achieves substantially higher edit success and lo-
cality scores than prior methods, confirming our
theoretical expectations.

We first evaluate OrthoEdit and baselines on
CounterFact using LLaMA3-8B, Qwen-2.5-7B,
and InternL.M-7B models. As shown in Table 1,
OrthoEdit consistently outperforms all baselines,
including the previous state-of-the-art AlphaEdit,
with significant gains across all metrics. These re-
sults highlight the effectiveness of orthogonal sub-
space projection in isolating target updates from
both pre-existing and prior edited knowledge, pre-
serving earlier information and simplifying the up-
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Figure 4: General capability across six tasks with increasing number of edits on the LLaMA3-8B model.

Method LLaMA3-8B Qwen2.5-7B

Efficacy General. Locality Efficacy General. Locality
—w/o PNS & PRI 96-75i0.18 91-10i0.22 62.09i0,31 97-57i0.15 84.98i0.29 72-24i0.27
-w/o PRI 98.87:‘:0.11 93.32:|:0‘21 68.28:|:0.28 97.85:|:0.15 85.78:‘:0.29 75~00:|:0‘26
OrthoEdit 99.1310.09 93421091 70.8940927 | 99.304008 91.57+p03 78.6140.95

Table 3: Ablation Study on CounterFact. PNS denote the progressive null space projection, and PRI is
the principal space projection. The full version used the orthigonalised intersection space of them.

date objective for each new batch of edit.

Table 5 further shows robustness under more
challenging settings on LLaMA3-8B. With 5,000
total edits and batch size 100, where updates oc-
cur more frequently, OrthoEdit maintains high and
stable performance, while strong baselines like
AlphaEdit degrade significantly, highlighting Or-
thoEdit’s resilience in long-term editing.

We further evaluate editing performance on the
ZsRE dataset under two different editing configu-
rations using the LLaMA3-8B model. As shown
in Table 7, for 6,000 edits with a batch size of
300, MEMIT and PRUNE perform poorly across
all metrics, indicating low stability. RECT also
exhibits severe degradation. While AlphaEdit
achieves relatively strong performance, but Or-
thoEdit consistently achieves the best results.

Under the more challenging setting of 5,000
edits with a batch size of 100, where parame-
ter updates are applied more frequently, MEMIT,
PRUNE, and RECT all collapse catastrophically.
AlphaEdit remains relatively stable but still shows
a noticeable decline. In contrast, OrthoEdit main-
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tains consistently high performance without signs
of degradation, further validating its robustness
and reliability in extended sequential editing.

6.2 Real-World Robustness and Less
Overfitting

OrthoEdit generalizes well to more complex and
realistic editing settings, as evidenced by its con-
sistently strong performance on both QAEdit and
EVOKE under extensive sequential edits.

We further evaluate OrthoEdit on QAEdit, a
recent benchmark built from multiple real-world
QA datasets. Beyond standard editing metrics,
QAEdit includes LLM-based judgment to assess
factual alignment, posing a more realistic and
challenging editing scenario. Figures 5 show re-
sults under both Standard and Real-World eval-
uation. Interestingly, AlphaEdit suffers a severe
performance collapse, largely due to its cumula-
tive and numerically additive retention of prior ed-
its K,,, which causes escalating interference, par-
ticularly pronounced on QAEdit where real-world
knowledge more strongly perturbs model param-
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Figure 5: Performance on QAEdit dataset.

eters. In contrast, although MEMIT lacks any
mechanism to retain K, it avoids such collapse.
OrthoEdit avoided this interference by explicitly
eliminating K, from the update objective via pro-
gressive null space projection. Crucially, Or-
thoEdit consistently outperforms both baselines,
demonstrating superior stability and accuracy un-
der realistic editing demands.

To assess overfitting in model editing, we addi-
tionally evaluated OrthoEdit on the recently pro-
posed EVOKE (Zhang et al., 2025) benchmark,
which is explicitly designed to probe overfitting
in knowledge editing. EVOKE includes challeng-
ing settings such as Prefix Distraction, Subject
Specificity and Relation Specificity, the detailed
description is provided in Appendix C. As shown
in the results in Table 2, OrthoEdit continues to
achieve the best overall performance and exhibit-
ing less overfitting according to the overfitting-
specific evaluations. These results suggest that Or-
thoEdit effectively alleviates the overfitting issue
and generalizes beyond the training edit instances.

Finally, to provide an intuitive view of edit-
ing stability, we visualize the distribution of hid-
den representations before and after editing, which
can reveal both internal drift and potential over-
fitting. Specifically, we randomly sample 1,200
CounterFact examples, extract their hidden repre-
sentations from LLaMA3-8B, and visualize them
using t-SNE (van der Maaten and Hinton, 2008)
with scatter plots with covariance ellipses. Fig-
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ure 6 and Figure 7 in Appendix H show results
after 5,000 edits (batch size 100) and 6,000 edits
(batch size 300), respectively. comparing MEMIT,
AlphaEdit, and OrthoEdit. MEMIT induces a sub-
stantial shift in the representation space, indicating
severe internal drift and overfitting, whereas Al-
phaEdit shows a smaller yet still noticeable devi-
ation. In contrast, OrthoEdit maintains a distribu-
tion closely aligned with the unedited model, sug-
gesting improved stability and reduced overfitting.

These results offer empirical evidence for Or-
thoEdit’s locality and robustness, explaining its
ability to preserve general capabilities across ex-
tended editing.

6.3 Long-Term Stability and General
Capability

By constraining updates to orthogonal subspaces,
OrthoEdit theoretically prevents cumulative drift
in model parameters. We verify this on the six
GLUE tasks after thousands of sequential edits,
showing strong stability in F1 scores while com-
peting methods fail. Excessive parameter updates
can lead to catastrophic forgetting (Gupta et al.,
2024; Huang et al.), severely impairing a model’s
general capability on downstream tasks. To as-
sess the stability of knowledge editing, we evalu-
ate post-editing performance on the GLUE bench-
mark, which spans six representative NLP tasks.

Figure 4 presents the F1 scores after up to 5,000
edits with a batch size of 100. PRUNE and RECT
exhibit rapid degradation, with general capability
collapsing by 2,000 and 3,000 edits, respectively.
AlphaEdit maintains moderate performance until
3,000-4,000 edits but ultimately fails at 5,000 ed-
its. In contrast, OrthoEdit preserves stable general
performance throughout, with only marginal de-
clines on SST and MMLU, and near-original per-
formance on the remaining four tasks. Figure 8 in
Appendix 8 further corroborates these findings un-
der a 6,000-edit setting with batch size of 300. Or-
thoEdit consistently maintains the highest general
capability, underscoring its robustness in extended
sequential editing.

Notably, the gap between AlphaEdit and Or-
thoEdit is consistent with their different treatments
of accumulated prior edits. AlphaEdit isolates up-
dates from pre-existing knowledge, but previously
edited knowledge K, is still preserved through
an explicit objective term. As K, grows across
batches, optimization increasingly entangles the



current edit with constraints from all past edits,
which can induce cumulative drift in shared FFN
directions that also support downstream tasks. Or-
thoEdit instead eliminates K, from the update ob-
jective via progressive null-space projection, so
each update remains orthogonal to all prior edited
keys by construction, substantially reducing cu-
mulative drift and improving long-term stability.

6.4 Ablation Studies

To assess the contribution of each component in
our framework, we conduct ablation studies on
the LLaMA3-8B and Qwen2.5-7B models. Dis-
abling both the Progressive Null Space Projection
(PNS) and Principal Space Extraction (PRI) re-
duces our method to the AlphaEdit baseline, de-
noted as "—w/o PNS & PRI". To isolate the ef-
fect of PNS, we enable only this component while
disabling PRI and orthogonalization, denoted as
"—w/o PRI". Enabling all components yields the
complete OrthoEdit framework.

As shown in Table 3, the PNS module alone
consistently improves performance over the base-
line across all metrics and models. Incorporating
principal space extraction and orthogonalization
further enhances results, demonstrating the cumu-
lative benefit of each component.

To evaluate how the threshold in SVD influ-
ences the performance, we have conducted abla-
tion study on the threshold 7, where we man-
ually vary 7 across multiple scales, also shown
in Table 8 in Appeldix M. The results reveal a
clear and interpretable trade-off: Larger values
of 7 yield a more restrictive principal subspace,
which improves locality but may reduce efficacy
and generalization. Smaller values of 79 produce
a more expressive update subspace, leading to
higher editing success but with increased interfer-
ence. These results demonstrate that 7 effectively
controls the balance between update capacity and
stability. The automatically detected 72 consis-
tently achieves balanced performance across all
metrics, confirming the reliability of the dynamic
selection strategy.

We also provide in-batch and cross-batch per-
formance under increased editing frequency to
shown OrthoEdit can identify and work on proper
subspace, details are presented in Appendix N.

6.5 Efficiency Analysis

We evaluate the efficiency of OrthoEdit by
measuring the average editing time per sam-
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ple and peak GPU memory usage. While Or-
thoEdit involves several additional SVD opera-
tions on Ko, H;,M,, these are performed on low-
dimensional matrices (at most size b) and incur
negligible overhead. Other matrix operations and
parameter updates are similarly lightweight, and
the reduced update space may even accelerates
optimization. As shown in Table 4, OrthoEdit
achieves similar memory usage to MEMIT and
AlphaEdit, with slightly increased runtime than
MEMIT but faster than AlphaEdit. These results
indicate that OrthoEdit is both effective and com-
putationally efficient.

Method AVG. Time MEM. Cost
< MEMIT 7.84s 38049 MB
§ AlphaEdit  8.46s 36189 MB
2 OrthoEdit 8.32s 37254 MB
= MEMIT 335s 41009 MB
= AlphaBEdit  4.69s 37911 MB
< OrthoEdit 4.64's 38174 MB
S  MEMIT 451s 36200 MB
§ AlphaEdit 493 s 35515 MB
= OrthoEdit 4.83s 36193 MB

Table 4: Efficiency Analysis. AVG. Time is the
per-sample editing time, and MEM. Cost is the
peak GPU memory usage during editing.

7 Conclusion

In this work, we introduced OrthoEdit, a princi-
pled framework for batched sequential knowledge
editing in large language models. By explicitly en-
forcing orthogonality to both pre-existing and pre-
viously edited knowledge, OrthoEdit prevents in-
terference across editing iterations and preserves
the model’s general capability. Our method com-
bines progressive null space construction, princi-
pal subspace compression, and subspace orthog-
onalization to produce compact, well-constrained
parameter updates. This design improves edit-
ing fidelity and ensures sustainability under long-
term batched edits. Empirical evaluations across
diverse benchmarks validate the stability and ef-
fectiveness of our approach. The ultimate edit-
ing capacity remains an open question depen-
dent on model size and editing conditions, mo-
tivating future work on mechanisms such as pe-
riodic constraint-subspace re-initialization. Or-
thoEdit provides a principled foundation for future
research in scalable and robust knowledge editing.
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A Definition: Details of Metrics

Given an editing request in the form of
(subject, relation, object), denoted as (s,r,o0),
the goal of knowledge editing is to modify the
model such that, when provided with the input
(s,r), it changes its output from the original an-
swer o to the new answer o*. We denote the edited
model as M a, and the model probability as PP,
then:

Efficacy measures the accuracy of the editing
process, specifically reflecting the successful mod-
ification of the factual knowledge statement in the
dataset, which can be defined as:

E[Pa (0"](5.7) > Paga (0l(s.7)].  (19)
Generalization evaluates whether the edit can
be effectively applied to paraphrased or contextu-
ally related sentences within the dataset. Note the
paraphrased query as p(s, r), the formal definition
can be expressed as:

E[Pa4 (0%[p(s, 7)) > Pary (0lp(s, 7)) (20)
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Locality refers to the preservation of original
knowledge that unrelated to editing requests, en-
suring it remains intact. This is evaluated using
irrelevant natural questions or neighborhood ques-
tions in the dataset. Note the unrelated neighbor-
hood question as n(s, r), the formal definition is:

E[Pa4 (0%n(s, 7)) < Parp(o|n(s, 7). (21)

Consistency measures the semantic consistency
of M(A)’s generations, which is evaluated by
giving the model M a subject s and comput-
ing the cosine similarity between the TF-IDF vec-
tors of the model-generated text and a reference
Wikipedia text about o.

Fluency measuring the excessive repetition in
model outputs, it uses the weighted average of bi-
and tri-gram entropies, which can be defined as:

_g Z g2(k) log, gg(k)—i-% Z g3(k) logy g3(k),
L k

(22)
where g,,(+) is the n-gram frequency distribution,
k denotes an individual n-gram.

Paraphrase shares the same definition as “Gen-
eralization” in the CounterFact dataset, we adopt
this term in the ZsRE benchmark to maintain con-
sistency with previous work.

Specificity shares the same definition as “Local-
ity” in the CounterFact dataset; we adopt this term
in the ZsRE benchmark to maintain consistency
with previous work.

Reliability is to evaluate whether the post-
edited model can provide the target answer for a
given context, i.e. ElMa (s, r) = o*].

Editing Overfit Score (EOS) evaluates the per-
formance of the edited model on complex ques-
tions where the correct answer is not o*. It serves
as a primary indicator of the model’s overfitting
and overall performance. The score is calculated
as the proportion of cases where the model overfit-
ting by favoring the edit target o* over the correct
answer o, formalized as:

E[I[Pata (0c](s,7)) > Patg (0%[(s,7))]]-

Correct Answer Probability (CAP) denotes
the probability that the model generates the correct
answer o, for a given prompt (s, r), formalized as:

P(oc|(s,T)).

(23)

Direct Probability (DP) denotes the likelihood
that the model produces the edit target o*, ex-
pressed as P(o*|(s,7)).

B Hyperparameter Settings

We set the fixed threshold 7 to 0.02, following
the configuration used in AlphaEdit (Fang et al.,
2024). For LLaMA3-8B models, edits are applied
to layers {4, 5, 6, 7, 8}. The hyperparameter \ is
set to 15,000. Each edit is optimized for 25 steps
with a learning rate of 0.1 and a weight decay of
1x 1073,

All experiments are conducted on RTX A6000
(48GB) GPUs. The LLMs are loaded using Hug-
gingFace Transformers.

C Details of EVOKE Benchmark

EVOKE benchmark includes a variety of chal-
lenging and realistic tasks. Specifically, it contains
the following tasks:

Prefix Distraction which evaluates whether an
edited model can maintain its ability to provide
correct answers to unrelated questions when the
newly introduced knowledge is used as a prefix. It
examines the model’s capacity to preserve factual
accuracy and resist interference from the edited in-
formation. This evaluation also helps determine
whether the model has overfitted to the newly
learned association between the subject, relation,
and object, providing a more explicit measure of
overfitting than multi-hop reasoning.

Subject Specificity which evaluates the edited
model using questions that share the same sub-
ject as the edited sample but involve different re-
lations. These questions concern the same sub-
ject but require different correct answers from the
newly introduced target. This setting is used to as-
sess whether the model has overfitted to the asso-
ciation between the subject and the newly learned
object.

Relation Specificity which evaluates the edited
model using questions that involve different sub-
jects from the edited sample while maintaining the
same relation. These questions focus on the same
relational context but require different correct an-
swers from the newly introduced target. This eval-
uation is designed to determine whether the model
has overfitted to the association between the rela-
tion and the newly learned object.
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D Proof: Property of Progressive Null
Space Projector P,

Let Ky € R%*? denote the pre-existing knowl-
edge matrix, and let {K;}!_] be the sequence
of previously edited knowledge keys, each K; &€
R Our goal is to construct a projection matrix
Pr(li)n such that:

APV K, =0,

null

for all ¢ < t. 24)

Step 1: Initial Null Space Basis from K, We
compute the SVD of the uncentered covariance
matrix: Ko = UOZDUJ. Let Zg € R0 be
the submatrix of Uy corresponding to zero singu-
lar values. Then:

ZJKo=0, and PO =70Z]. (25

Step 2: Progressive Construction of Z;_; For
each edited knowledge key K; with: = 1,...,t—
1, we incrementally refine the null space basis.

Given the null space basis from the previous
step Z;—1 € R4*7i-1_ we define the interference
matrix:

H; = Z; | K; € Ri-1¥0, (26)

We perform SVD on H;: H; = UZ»EZ-VI-T , and
identify the left null space basis of H; by select-
ing columns of Uj; corresponding to zero singular
values. Let IAL € R"-1%"i denote this submatrix.
We then update the null space basis:

Z;, =7, 1U; € R, (27)

Since the matrix I]'i € R"-1%"i consists of the
left-singular vectors of H; corresponding to zero
singular values. This implies:

H/'U =0 < U/H,=0 (28

By construction, H; = ZiT_lKi and Zi_lfJi =
Z;, we have:
Z/K; = (Z;10,)"K;

=U/(z] [ K)=UH;=0. (29

Furthermore, since Z,L»T_lKj = 0 forall j < iby
the induction hypothesis, we have:

Z,K; =U/ (Z]_K))

=U/-0=0, Vj<i. (30)
Hence, we conclude:
Z/K; =0, Vj<i. (31)

Step 3: Final Projector After ¢ — 1 steps, the
basis Z;_1 satisfies:

Z! K;=0, Vi<t (32)
We define the orthogonal projector:
Pr(li)u =ZiZ . (33)

Thus, for any update matrix A projected as
APY)  we have:

null”

APY K, =0,

null

Vi < t. 34)

Conclusion This recursive construction of Py
guarantees that A lies in the joint null space of
all previously edited knowledge keys, satisfies all
desired constraints.

E Proof: Orthogonality and Null-space
Preservation of P

We formally prove that the orthogonal projector
P, derived from the progressive null-space pro-
jector Py, inherits the crucial null-space proper-
ties:

P-Ky =0, PrK,=0. (35)

Step 1: Properties of Progressive Null-space
Projector P,y Recall that the progressive null-

space projector is constructed as:
T
Pnull - thlzt—la (36)

where columns of Z;_1 form an orthonormal basis
satisfying:

Z \Ko=0, Z ,K,=0 (37
Therefore, by construction:
PnullKO = 07 Pnu]le =0. (38)

Step 2: Definition of P~ from Subspace Align-
ment The final orthogonal projector is defined
as:

Pn=Q:Q/,

where the orthonormal columns of Q; come from
the intersection basis:

(39

Zl(ﬁt) =7,,0Y), (40)
specifically, obtained via QR decomposition:
z\" = QR,. 41)

Thus, columns of Q; are linear combinations of
columns of Z;_;. Formally, there exists a matrix
A such that:

Q =Z 1A, withA=T0T0R' 2
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Step 3: Preservation of Null-space Properties
by P~ Since each column of Q; is a linear com-
bination of columns from Z;_1, it follows that:

[ Ko=A"Z] [ Ky=0,
Q/'K,=A"Z/ \K,=0. (43)
Consequently, we have:

PrKo = Q:Q/ Ko =0,
PrK, = Q:Q/K, = 0. (44)

Step 4: Orthogonality and Idempotency of P
The columns of Q, are orthonormal by QR de-
composition, thus:

Q/Q =L (45)

Therefore, P is an orthogonal projection opera-
tor satisfying:

* Symmetry:
PO =(QQ))" =Q:Q/ =Pn. (46
* Idempotency:

P = (Q:Q))(Q:Q)) = Q:Q/ =P~
(47)

Conclusion: We have rigorously demonstrated
that the orthogonal projector P derived from the
progressive null-space projector Py, preserves
the required null-space properties, ensuring or-
thogonality to both the pre-existing knowledge Kj
and the previously edited knowledge K,. This
completes the proof.

F Pseudo Code: Algorithm1 Procedure
of Construct P,

G Derivation: Solving Aoy

We begin by defining the objective function as fol-
lows:

L(A) =|[(W + AP)K, — V|
+ [|APA|?, (48)

and let R = V; — WK,. Substituting this into the
objective yields:

L(A) = ||APK; — R|” + |APA[*. (49)
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Taking the derivative of £ with respect to A and
setting it to zero yields the following normal equa-
tion:

oL

oA —(APAK; — R)(PrK;) '

+ AP,P/ =0. (50)

Since Pn is an idempotent and symmetric projec-
tion matrix (i.e., P% = P and P = Pg), the
expression simplifies to:

(APAK; —R)K/Pr+ AP, =0. (51)

Solving for A yields the closed-form solution:
T T -1
Aomno = RKt TP, (Kth + I) .

H Figure 6 and 7: Visualized Hidden
Representation Distribution After
Editing

I Figure 8: General Capability on GLUE

Benchmark After 6,000 Edits

(52)

J Table 5: Performance on the
CounterFact Dataset (5,000 edits with
batch size 100)

K A Direct Comparison with O-Edit

Since O-Edit’s implementation details and code
are not publicly available, we evaluated OrthoEdit
on the same dataset (CounterFact) and with the
same task configurations as those reported in the
O-Edit’s pre-print version, enabling a meaningful
comparison with the results presented therein.

As shown in Table 6, under these conditions,
OrthoEdit significantly outperforms O-Edit, while
O-Edit’s average performance lies between that of
MEMIT and AlphaEdit. Moreover, O-Edit ex-
hibits a pronounced decline in both efficacy and
generalization after only 3,000 sequential edits.
Although its locality remains relatively stable, the
sharp decrease in efficacy and generalization ac-
curacy highlights its limited scalability to larger
editing scenarios. This observation further sug-
gests that gradient-penalty—based approaches tend
to restrict effective parameter updates. In con-
trast, projection-based methods, AlphaEdit and
OrthoEdit, maintain stable efficacy and general-
ization, with OrthoEdit achieving both stable lo-
cality and the highest average performance. These
findings demonstrate that our projection-based
framework not only advances beyond AlphaEdit
but also surpasses the latest gradient-penalty meth-
ods reported in the literature.



Algorithm 1: ORTHOEDIT: PROCEDURE OF CONSTRUCT Pn

Input: Timestep ¢, (t > 0); Previous knowledge key K;_1, where Ky € R?*? is symmetric,

and K; € R%* for i > 1; Target knowledge key K; € R%*?; thresholds 71, 7
Output: Interference-free projection P\ € Rdxd

> Step 1: Progressive Null Space Projection

UpXoU, = SVD(K))
Zy < Up[:,r0:], where rg < rank,, (X¢)
fori < 1tot—1do

Construct H; < Z; | K;

UnSuVy = SVD(H;)

Ni < UH[:,T'Z':],

Zi — Zilei
end
1 PY

null

o 0 N AT AW N -

11 > Step 2: Principal Space Extraction
12 fori < 1totdo

13 UZEZVZT = SVD(KZ‘)

14 UZ —Uils, ) s

15 end
16 Pp(fi)n « U0,

where r; + rank,, (X )

where 7, < rank,, (3;)

// SVD of pre-existing knowledge key

// Initial null space basis

// Update null space basis

// Null space projector

// Principal space basis

// Principal space projector

17 > Step 3: Subspace Alignment and Orthogonalization

18 fori < 1to¢ do
19 MZ%ZI_IUZ

n 729 7, Uy, T
22 Qi, Rz — QR(ZI(I;Lt))
23 end

2 Prgt) — Q)

25 return Prgt)

// Principal-angle cosine matrix
0 T+ {j:%%, >m}, where UyXyV,, = SVD(M;)

// Select indices
// Intersection basis

// Orthogonalise

// Final projector

L Table 7 Results on ZsRE benchmark

M Table 8 Ablation Study on Threshold
T2

N In-batch and Cross-batch
Performance Under Increased Editing
Frequency

To examine whether OrthoEdit can identify and
work on proper subspace. We increased the edit-
ing frequency substantially by using a batch size of
50 across 100 sequential batches, which is 2-5x
higher update frequency compared to the settings
in the original manuscript. We evaluated both
cross-batch performance (after all edits) and in-
batch retention (stability of early-edited batches
while later edits are applied).
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As shown in Table 9 and 10, the compar-
ison show that under this high-frequency edit-
ing regime, even strong baselines such as Al-
phaEdit experience significant degradation, and
both MEMIT and AlphaEdit exhibit pronounced
forgetting of earlier edited knowledge across
batches. In contrast, OrthoEdit maintains stable
performance in both the in-batch and cross-batch
evaluations. This indicates that the orthogonal
subspace construction effectively prevents inter-
ference between sequential updates, allowing ear-
lier edits to remain intact even under dense, re-
peated editing.
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Method Score 1 Efficacy! GeneralizationT Locality? Consistency! Fluency?
Unedited 11.64 7-02:t0.26 9.61:&0.25 89.63:‘:0,19 635.56:‘:0,11 24.25:|:0.09
FT 63.30 95.3840.921 85.7910.30 39.601036 270.721056 16.841011
MEMIT 57.05 66.661¢.47 56.2840.43 50471036 517.3840.18 3.17+10.04
PRUNE 56.45  65.7040.48 56.7210.41 49.284032 443.661063 1.8340.04
RECT 5475  60.5219.49 55.5140.45 49371942  526.1540.21 2.1940.03
AlphaEdit 6245  69.9019.46 63.5510.41 55.574+033 533.091057 4.3410.05
OrthoEdit 8691  98.62.( 12 91.019.94 74.67 1926 624.76. 917 34.52.(1;

Table 5: Performance on the CounterFact dataset with LLaMA3-8B, evaluated under the setting of 5,000

edits with batch size 100. Best results are in bold.
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1500 Edits 3000 Edits
Eff. Gen. Loc. Avg. | Eff. Gen. Loc. Avg.
MEMIT 0.18 0.06 0.05 0.10 | 0.10 0.02 0.01 0.04
O-Edit 0.55 040 0.27 041 039 030 0.20 0.26
AlphaEdit 098 0.75 0.19 0.64 | 091 0.69 0.14 0.58
OrthoEdit 099 0.72 021 0.64 | 099 0.64 0.21 0.61

Method

Table 6: Comparison with O-Edit on the CounterFact dataset using LLaMA3-8B model.

6000 Edits (batch size=300) 5000 Edits (batch size=100)
Efficacy! Paraphraset Specificity! | Efficacy? Paraphrasef Specificity!
Unedited 36.09:|:0_30 35.50:‘:0.30 31 .84:|:0_23 36.35:|:0.30 35.73:‘:0.30 31.84:|:0.23
FT 27.48:|:0_26 27-09:|:0.26 14.71:|:0_17 21 .08:|:0.24 20-8510,24 9.69:‘:0.14
MEMIT 5.8040.19 5174017 0.374+0.02 0.07+0.01 0.07+0.01 1.3540.04
PRUNE 3.18;&0_12 3-0210.11 1.26:&0_05 0.09:‘:0.01 0.08:|:0_01 1.35:‘:0.04
RECT 58.38+036  55.52410.36 24.58+10.21 | 0.00+0.00 0.00+0.00 0.00+0.00
AlphaEdit 92.251917  85.7510.25 30.371022 | 85.601024  79.1919.29 26.9019.22
OrthoEdit 94.84.013  90.39.¢ .2 31341022 | 94831013  90.031021 31.27 1922

Method

Table 7: Performance on the ZsRE dataset with LLaMA3-8B. The best results are in bold.

Threshold o Score Efficacy Generalization Locality Consistency Fluency

0.7 83.09  90.03 78.87 81.19 629.97 30.98
0.5 87.19  97.83 90.78 75.94 625.95 33.45
0.3 86.55  98.87 91.40 73.49 620.99 32.88
SD 8596  99.13 93.42 70.89 620.93 33.75

Table 8: Ablation study of threshold 75 on the CounterFact dataset. SD denote second-order difference
based threshold.

Method Score Efficacy Generalization Locality Consistency Fluency

MEMIT 50.66 52.3619.50 52.4510.49 47511049 97.041014 4751004
AlphaEdit 55.14 60.141¢.49 56.9710.43 494314935 362.011079 4.3510.06
OrthoEdit 86.31 97.724¢.15 89.77+0.9¢ 74. 70006 626.5541015 33.9240.11

Table 9: Cross-batch performance comparison of increased editing frequency on the CounterFact dataset.
5,000 edits was performed under the batch size of 50 and frequency of 100.
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MEMIT AlphaEdit OrthoEdit
Eff. Gen. Loc. | Eff. Gen. Loc. | Eff. Gen. Loc.
@1 66.0 66.0 338 | 500 470 508 | 98.0 82.0 70.2
@10 560 56.0 418 | 500 550 43.0| 98.0 91.0 71.0
@20 680 68.0 31.8| 560 590 406 | 98.0 920 724
@30 640 650 364 | 520 510 534 | 960 86.0 80.4
@40 560 57.0 438 | 56.0 560 46.6| 1000 91.0 722
@50 640 620 36.8| 480 500 51.8| 1000 92.0 80.8
@60 460 46.0 542 | 58.0 550 472 | 940 82.0 75.0
@70 620 63.0 36.0| 520 540 460 | 980 940 71.2
@80 520 52.0 472 | 8.0 700 440 | 98.0 88.0 744
@90 640 61.0 39.0| 8.0 760 498 | 980 850 71.8
@100 50.0 48.0 506 | 100.0 93.0 448 | 100.0 93.0 70.0

Batch

Table 10: In-batch performance comparison of increased editing frequency on the CounterFact dataset.
@k means evaluation is performed on data samples from the k-th editing batch. Eff. denote Efficacy,
Gen. denote Generalization, and Loc. is Locality.
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