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Abstract

Knowledge editing aims to efficiently update
factual information in Large Language Mod-
els (LLMs) without full retraining. However,
existing methods still suffer from performance
degradation in batch knowledge editing. We
identify that semantic representation entangle-
ment, such as overlapping concepts and shared
syntactic patterns, accumulates interference in
the representation space and reduces editing
precision. To bridge this gap, in this paper,
we propose Orthogonal Representation Editing
(ORE), which performs edits in the hidden rep-
resentation space of LLMs by constructing a
general semantic subspace and enforcing or-
thogonal constraints on edit vectors, effectively
decoupling semantic entanglement. Further-
more, we introduce a gated non-linear represen-
tation head to enable adaptive learning of edit-
ing locations and precise control over knowl-
edge injection. Extensive experiments show
that ORE outperforms existing methods and
achieves superior performance in cross-lingual
knowledge editing scenarios. We release our
code at https://github.com/YVVH/ORE.

1 Introduction

Large Language Models (LLMs) have demon-
strated strong capabilities in question answering
and reasoning (Mann et al., 2020; Brown et al.,
2020). Despite these advances, their parame-
ters remain inherently static, limiting their ability
to accommodate the continual evolution of real-
world knowledge. Knowledge editing has therefore
emerged as a crucial research direction for effi-
ciently updating specific facts in pretrained models
without retraining from scratch (Yao et al., 2023;
Wang et al., 2024b; Gupta et al., 2024).

Existing knowledge editing methods can be
broadly categorized into two paradigms. Parameter-
preserving methods (Huang et al., 2023; Hernandez
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Figure 1: Edits with different factual targets activate
overlapping regions in representation space, finally lead-
ing to interference.

etal., 2023; Hartvigsen et al., 2023; Scialanga et al.,
2025; Liu et al., 2025; Bi et al., 2025) maintain a
frozen backbone and introduce auxiliary modules
to update knowledge, while parameter-modifying
methods (Meng et al., 2022; Fang et al., 2025; Jiang
et al., 2025a) directly locate and update a subset
of model parameters to inject new facts. Notably,
MEMIT (Meng et al., 2023) extends parameter-
modifying approaches to batch knowledge editing,
enabling the simultaneous injection of thousands of
knowledge entries by distributing update residuals
across multiple layers.

Despite their empirical success, existing knowl-
edge editing methods exhibit performance degra-
dation in such batch editing settings (Meng et al.,
2023). To explore the reasons, we observe that
edits targeting different facts are not isolated in the
representation space but instead occupy overlap-
ping regions. For example, as shown in Fig. 1, the
edits “The capital of Japan is Tokyo” and “The cap-
ital of France is Berlin” follow the same template
“[Country’s capital] is [City]” and invoke the shared
concept of “capital,” leading to interference within
a common region of the representation space.

We attribute this degradation to semantic rep-
resentation entanglement. In practice, many edit
requests share overlapping concepts or general syn-
tactic templates, which induces interference among
their corresponding representations in the hidden
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space. Existing methods struggle to disentangle
fact-specific information from such general seman-
tic structures; as the editing size grows, accumu-
lated interference substantially degrades editing
precision. This issue is further exacerbated in
cross-lingual settings (Beniwal et al., 2024; Sun
et al., 2025), where shared multilingual semantic
spaces allow edits to propagate along semantic di-
rections into non-target languages, resulting in un-
intended cross-lingual interference. Empirical ev-
idence supporting these observations is presented
in Section 2.

Motivated by these observations, we propose
Orthogonal Representation Editing (ORE), a
representation-based knowledge editing framework
guided by geometric constraints (Hernandez et al.,
2023; Cai and Cao, 2024; Xu et al., 2025). ORE
operates directly in the hidden representation space
and aims to decouple editing directions, thereby
mitigating interference induced by shared seman-
tic patterns and enabling more reliable knowledge
updates (Wang et al., 2025). Specifically, ORE
leverages a set of irrelevant but structurally similar
samples to estimate a general semantic subspace.
Each edit vector is then orthogonalized by subtract-
ing its projection onto this subspace, ensuring that
knowledge updates occur along directions indepen-
dent of shared semantics. To realize orthogonal
editing in practice, ORE builds upon representa-
tion fine-tuning (ReFT) (Wu et al., 2024). In ad-
dition, to move beyond linear interventions and
manual positional priors, ORE introduces a gated
non-linear representation head that adaptively de-
termines when and where to intervene, enabling pre-
cise knowledge injection with minimal impact on
general capabilities. Extensive experiments demon-
strate that ORE consistently outperforms existing
methods and remains robust in cross-lingual knowl-
edge editing scenarios. In summary, the main con-
tributions of this paper are as follows:

* We identify semantic representation entan-
glement as a fundamental limitation of batch
knowledge editing, where interference accu-
mulates in the representation space and de-
grades editing performance.

* We propose Orthogonal Representation Edit-
ing (ORE), which constructs a general seman-
tic subspace and performs orthogonal, gated
interventions in the representation space to
decouple shared semantic entanglement.

» Extensive experiments demonstrate that ORE
achieves strong and consistent performance
across multiple benchmarks and remains ef-
fective in challenging cross-lingual knowl-
edge editing scenarios.

2 Observation of General Semantic
Representation Entanglement

To empirically verify the hypothesis that general
semantic structure entanglement leads to perfor-
mance degradation in batch editing, we designed a
controlled experiment to compare the performance
differences of existing methods on random data ver-
sus data with high general semantic entanglement.

2.1 Data Settings

Entangled Samples: We utilized Gemini 3 to con-
struct 200 cross-lingual samples with identical syn-
tactic structures and highly correlated semantics
based on the theme of "Capital," including 100
French samples and 100 Chinese samples. All sam-
ples follow the pattern "The capital of [Country]
is [City]." Under this setting, different subject enti-
ties activate a general semantic structure within the
model’s representation space. The entangled sam-
ples are divided into three groups: the French group
(100 French samples), the Chinese group (100 Chi-
nese samples), and the Cross-lingual group (50
French and 50 Chinese samples).

Random Samples: We randomly sampled 100 en-
tries from the ZsRE (Levy et al., 2017) dataset and
translated them into French and Chinese languages.
These samples cover diverse relation types and dis-
tinct semantic categories, possess strong semantic
independence, and serve as a control group.

2.2 Observations

We employed MEMIT (Meng et al., 2023) and Al-
phaEdit (Fang et al., 2025), currently representative
editing methods as baselines to edit the aforemen-
tioned two groups of data on the LLaMA-3-8B
model and recorded the Editing Success. As shown
in Figure 2, MEMIT demonstrated robust perfor-
mance on the random group, achieving a high suc-
cess rate of 86%. However, on the entangled sam-
ples, MEMIT’s editing accuracy declined sharply:
the success rate for the French group was only
71%, for the Chinese group it was 64%, and for
the Cross-lingual group, it further dropped to 56%.
Similar observations also occurred in AlphaEdit,
which indicate that performance degrades when
facing samples with general concept entanglement.
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Figure 2: Editing efficacy of MEMIT and AlphaEdit
on entangled (Fr, Zh, Fr-Zh) and random samples. Per-
formance drops on entangled samples, especially in
cross-lingual (Fr-Zh) settings.

This result supports our hypothesis: in batch
editing, shared general semantic structures cause
update vectors to conflict and accumulate noise
within the representation subspace, thereby leading
to a decline in the performance of existing methods.

3 Methodology
3.1 Overview of ORE

Motivated by the empirical observations in Sec-
tion 2, we propose ORE, a representation editing
framework based on geometric constraints. As
shown in Figure 3, ORE comprises: (1) Represen-
tation Subspace Orthogonalization, which aims to
explicitly construct a general semantic subspace
and strip away general semantic noise from edit
vectors via orthogonal projection, thereby mitigat-
ing the entanglement between knowledge items
from a geometric perspective. (2) Gated Non-linear
Representation Head, which is designed to adapt
representation fine-tuning for vector editing. It uti-
lizes a non-linear bottleneck and a dynamic gating
mechanism to perform fine-grained intervention
and adaptive injection on representation vectors.

3.2 Representation Subspace
Orthogonalization

To address general semantic entanglement in batch
knowledge editing, we explicitly model shared se-
mantics as a subspace in the representation space
and constrain edits to lie outside this subspace.

3.2.1 Construction of General Semantic
Subspace

To extract the general semantic structure involved
in batch editing, we construct a sample set D
consisting of N samples that share similar struc-
tures with the target edits while being factually
unrelated. Concretely, these samples are randomly

drawn from the ZsRE (Levy et al., 2017) and Coun-
terFact (Meng et al., 2022) datasets, excluding all
instances used for training or evaluation, follow-
ing the same prompt pattern as the target edits, but
involving different subject—object pairs, ensuring
that no target facts are included.

We extract their hidden states at the target layer
[ on the backbone model, denoted as Hys =
{hgl), hgl), ey hg\l,)} To capture the dominant di-
rections corresponding to these shared semantics,
we perform Principal Component Analysis (PCA)
(Abdi and Williams, 2010) on Hy, and select the
top k principal components to form an orthogonal
basis matrix Uy € R**_ The subspace spanned
by Uy, is defined as the General Semantic Subspace
Sgs-

3.2.2 Orthogonal Constraint on Edit Vectors

To operationalize subspace orthogonalization, we
compute two representations of the source in-
put: the source representation produced by the
original frozen model, denoted as hgr)g orig> and
the source representation produced by the current

edited model, denoted as hgl,)c. Moreover, h](fr)e d

and hgl)t denote the representations at layer [ cor-
responding to the model’s prediction statement
and the desired alternative statement, respectively.
Specifically, these representations are obtained by
using the declarative statement of the target knowl-
edge as the input prompt and extracting the hidden
states at the last token position. For instance, given
an edit request where the prompt is "What uni-
versity did Watts Humphrey take part in?", if the
model originally predicts "Trinity College" but the
target is "University of Michigan", we construct the
declarative statements "Watts Humphrey attended
](Dlge 4 and "Watts Humphrey

attended the University of Michigan." for hgl)t. We

then feed these full sentences into the model and
extract the vectors from their respective final token
positions (Meng et al., 2022). The edit vector AW
is computed as:

Trinity College." for h

A =30 3O (1)

alt
which captures the direction required to modify the
model’s behavior from the current prediction to-
ward the target fact. We then remove the projection
of AU onto the general semantic subspace Sgs to
obtain an orthogonalized edit direction:
AD

orth —

AV — U, UL AW, )



| Output: Berlin |

- — Selected
P1

_— ——
} Layer
P3 P4 PS5

1\ 1\ 1\ 1\ 1\ | Mechanism
P e "I“‘I‘—"I‘\l |
x_2_F_X_ T I

P2

4

| Dynamic Gating

ORE Module

I I
I General I
I m Semantic I
I Sample 2 I
I
LY =
| — General I
| +— m Semantic I
| ot Sample n
I I
I I
I I
I I
I I

General
Semantic
Sample 1

1

The Capital of France s -
Gate Mask +
[0,1,0,1,0l General
Hidden States 8 PCA Iﬁ
Semantic
—
I B - “T111 emaric (83
| | Collection
N e
I ‘\——A. | I__ __'l — T T T T T T T
| | Non-linear Bottleneck I Orthogonal Constraint in Representation Space I
\ I Structure |
| | |
| | | L :
th : |
<L —
I Frozentim | | -l =0 |
L — |
- - _ 1
Selected Position General Semantic Vector
I Input: The capital | Unselected Position General Semantic Subspace
Original Edit Vector [ original Representation

L of France is

Orthogonal Edit Vector  []  Intervened Representation

Figure 3: Overview of the proposed ORE framework. It edits a frozen LLM by applying gated, non-linear
representation interventions at selected layers, orthogonalizing edit vectors against a general semantic subspace, and
updating hidden states with the resulting orthogonalized edits.

which is subsequently used to define the target rep-
resentation as

hglg)t =l + Ag?th- 3)

src,orig

The training objective then encourages hgl,«)c to align

with .

3.3 Non-linear Gated Representation
Fine-tuning

To enable vector-level intervention within the
model and implement Representation Subspace Or-
thogonalization, we utilize ReFT (Wu et al., 2024)
to execute this process. ReFT in its standard form
was not originally designed for knowledge editing,
and thus provides limited support for fine-grained
and adaptive intervention. Therefore, ORE intro-
duces a non-linear bottleneck structure to finely
adjust semantic expressiveness and incorporates
a dynamic gating mechanism to enable adaptive
selection of intervention positions.

3.3.1 Non-linear Bottleneck Structure

To enhance the ability of edit vectors to capture
fine-grained semantic features, we designed a non-
linear bottleneck structure based on low-rank pro-
jection (Hu et al., 2022). Specifically, for the in-

put hidden state A(Y), it is first mapped to a low-
dimensional manifold via a bias-free dimensional-
ity reduction matrix Wyo,n € R7*?, then passed
through a SiLU non-linear activation function, and
finally mapped back to the original representation
space via a bias-free dimensionality expansion ma-
trix Wy, € RI*" formalized as follows:

Vedit = Wup : SiLU(Wdown . h(l))7 (4)

where d is the hidden layer dimension, r is the
bottleneck rank, and r < d.

3.3.2 Dynamic Gating Mechanism

To overcome the flexibility limitations imposed by
manually specifying edit positions and to minimize
interference with irrelevant knowledge, we intro-
duce a dynamic gating network parallel to the bot-
tleneck structure. This module aims to adaptively
generate a binary gating coefficient ¢ € {0, 1}
based on the current hidden state, thereby achieving
precise and sparse intervention at specific knowl-
edge positions. Specifically, the input state h() is
first projected to an intermediate dimension via a
linear layer, followed by normalization, and then
passed through a SiLU activation function to obtain
gating features. A final linear projection followed



by a sigmoid function o then produces a soft gat-
ing score s in the range of (0, 1). The calculation
process is defined as follows:

s = o(Wy2 - SILU(Norm(W, D)), (5)

To obtain the final discrete gating coefficient g,
we introduce an indicator function I(-) to apply
threshold truncation to s. Setting the threshold as
T, g is defined as:

1, ifs>r1

) 6
0, ifs<r ©

g:[(s>7'):{

We define the intervention function ®(h(!)) as:

o(h) = hY + g vegir. 7

To ensure gradient continuity through the non-
differentiable indicator I(-), we adopt the straight-
through estimator (STE) during training.

3.4 Loss Functions

ORE comprises the following supervision mecha-
nisms to facilitate representation fine-tuning:
Orthogonal Projection Loss: To constrain the
model’s output vectors to be orthogonal to the gen-
eral semantic subspace, we treat the sum of the
original representation and the orthogonalized edit
vector as the target direction. We use cosine simi-
larity to constrain the current model’s output repre-

sentation h(SQC to approach this target:

£orth =1- Cos(thG hgi“)c,orig + Agr)th)' (8)

Gating Supervision Loss: To ensure that the
dynamic gating network can precisely localize the
key positions where knowledge is stored while re-
maining silent in non-key regions and on irrelevant
samples, we employ Binary Cross-Entropy (BCE)
loss for explicit supervision. Concretely, we uti-
lize the syntactic structure information of the input
text to construct a target gating mask m € {0,1}7,
where T is the sequence length. The supervision
signals are divided into two scenarios: First, we
set the mask values corresponding to the subject
(Meng et al., 2022, 2023) token positions to 1 and
the remaining positions to 0. This guides s to ap-
proach 1 in the subject region, thereby activating
the indicator function to output ¢ = 1. For non-
subject regions in edit samples, as well as all irrele-
vant samples used to preserve general capabilities,
we set the mask values entirely to 0. This guides

the gating network to output low scores in these
regions, thereby closing the intervention channel.
Based on the above definitions, the gating loss
Lgate is defined as the BCE loss between the pre-
dicted soft gating score s and the target mask m:

T
Loute = —% ;[mt log (1) +(1—my) log(1—s¢)].

©)
where s; is the soft gating score.

In addition, cross-entropy and KL-divergence
losses are employed to enforce the desired output
behavior while preserving locality. Specifically, the
KL-divergence loss constrains the output distribu-
tion of the edited model to remain close to that of
the original frozen model on prompts unrelated to
the target edits. The overall training objective is
formulated as:

'Ctotal = Alﬁce + )\QLkl + )\B*Cgate + )\4*Cortha
(10)
where A1, Ao, A3, and A4 are hyperparameters that
balance the contributions of each loss term.

4 Experiments

4.1 Experiment Settings

Datasets. We evaluate ORE on three widely used
knowledge editing benchmarks: ZsRE (Levy et al.,
2017), CounterFact (Meng et al., 2022), and Bi-
ZsRE (Wang et al., 2024a). ZsRE is a fact-based
question-answering dataset commonly used to as-
sess precise factual updates. CounterFact is a large-
scale and challenging benchmark for counterfactual
knowledge editing, featuring diverse relations, enti-
ties, paraphrased prompts, and semantically related
but factually independent neighborhood samples.
Bi-ZsRE is a cross-lingual extension of ZsRE with
parallel Chinese—English question-answer pairs,
which we use to evaluate ORE in cross-lingual
editing scenarios.

Implementation Details and Metrics. All experi-
ments are conducted on LLaMA-3-8B and Qwen-
2.5-7B models. Please refer to the Appendix C
for hyperparameters and more implementation de-
tails. Following prior works (Meng et al., 2023;
Fang et al., 2025), we evaluate models using three
standard metrics: Efficacy, Generality, and Speci-
ficity. Efficacy measures whether the edited fact is
correctly produced for the original prompt; Gener-
ality evaluates the robustness of the edited knowl-
edge under paraphrased prompts; and Specificity



Model Method ZsRE CounterFact

Efft  Gent  Spet  Avgt | Efft  Gent  Spef  Avgt

FT 2650 2593 1516 2253 | 99.75 8865  39.62  76.01

ROME 4258  39.84 30770 3771 9.60 1145  88.00  36.35

28 MEMIT 87.13  84.18 3211  67.81 | 9455 6955 8831  84.14
] PRUNE 6737 6248 2751 5245 | 98.05 9518 7433  89.19
§ RECT 7849 7488 3200 6179 | 7525 50.88  89.24  71.79
& NSE 4569 4495 3147 4070 | 8570 5395 8835  76.00
= AlphaEdit 8737 8393 3195 6775 | 98.85 9290 6728  86.34
ReFT 4765 4648 2282 3898 | 8350 5232 4026  58.69

ORE (Ours) 9420 8898 2990 71.03 | 9870 9221  83.10 91.34

FT 36.96 3587  31.65 3483 | 99.75 7232 4022  70.76

ROME 3652 3542 3834 3676 | 1400 1675  86.04 3893

& MEMIT 9553 9096  41.72 7607 | 99.50 9245 8361  91.85
¥ PRUNE 69.92 6554 2728 5425 | 9955  98.15  72.67  90.12
Q RECT 9125 8386  39.86 71.66 | 98.10 8492 8441  89.14
: NSE 49.65 4878 4081 4641 | 5745 5135  85.18  64.66
4 AlphaEdit 9649 9147  39.04 7567 | 99.80 9580 8288  92.83
ReFT 4981 4725  37.08 4471 | 7725 4895 4840 5820

ORE (Ours)  99.85 9421 3537 7648 | 99.18 9550 8473  93.14

Table 1: Comparison of 2000 edits on ZsRE and CounterFact.

assesses whether the editing operation avoids af-
fecting factually unrelated knowledge.

Baselines. We compare ORE with the following
baselines. FT (Zhu et al., 2020) directly fine-tunes
selected model parameters on edit samples using
cross-entropy loss. ROME (Meng et al., 2022)
identifies knowledge-bearing neurons via causal
tracing and injects rank-one updates into MLP lay-
ers, while MEMIT (Meng et al., 2023) extends
ROME to support batch editing by distributing up-
date residuals across multiple layers. PRUNE (Ma
et al., 2025) constrains parameter perturbations
by limiting the condition number of the edit ma-
trix to reduce interference during sequential edits,
and RECT (Gu et al., 2024) improves robustness
through consistency regularization to prevent over-
fitting. AlphaEdit (Fang et al., 2025) applies null-
space projection to inject updates while preserving
existing knowledge. NSE (Jiang et al., 2025b) edits
models by selectively updating activation-critical
neurons based on target hidden states computed
from frozen parameters. ReFT (Wu et al., 2024)
learns lightweight intervention functions that ma-
nipulate hidden representations in low-rank sub-
spaces of a frozen model at inference time.

4.2 Performance Analysis

Tables 1 and 2 report comparisons between ORE
and representative knowledge editing methods on
ZsRE and CounterFact. From the results, we ob-
serve that: (1) Across datasets and model back-

bones, ORE consistently achieves the competitive
performance in terms of editing success and gener-
alization, demonstrating its effectiveness in large-
scale batch editing settings. This advantage mainly
stems from alleviating general semantic entangle-
ment, which encourages editing directions to fo-
cus on semantic dimensions directly relevant to
the target facts. ORE is comparatively less dom-
inant in specificity, as its edits are regulated by
soft constraints imposed in the representation space
rather than hard parameter-level isolation, making
it inherently weaker than parameter-editing meth-
ods in preserving unrelated knowledge. (2) Com-
pared with conventional representation fine-tuning,
ORE exhibits improved stability and overall per-
formance, validating the effectiveness of subspace
orthogonalization combined with the non-linear
bottleneck and dynamic gating design. For com-
pleteness, we also report experimental results on
sequential knowledge editing in Appendix E.

4.3 Analysis of Anti-Interference Capability

To validate ORE’s ability to eliminate common
semantic entanglement from a geometric perspec-
tive, we conducted experiments on the shared struc-
ture dataset "The capital of [Country] is [City]"
constructed in Section 2. Beyond standard Effi-
cacy, we measured the cosine similarity between
each method’s edit vectors and the common se-
mantic subspace Sy, where higher similarity in-
dicates greater interference from shared seman-



Model Method ZsRE CounterFact
Eff.1 Gen.T Spe.t Avg.t ‘ Eff.1 Gen.T Spe. Avg.t
FT 37.20 36.52 39.94 37.89 98.95 91.94 38.73 76.54
ROME 41.45 39.35 30.64 37.15 8.32 10.47 88.25 35.68
Eg MEMIT 87.46 84.12 31.67 67.75 96.4 76.77 86.57 86.58
h PRUNE 41.73 39.50 20.94 34.06 95.29 87.75 67.48 83.51
§ RECT 68.08 64.50 30.91 54.50 67.18 45.69 88.91 67.26
5 NSE 45.21 44 .47 30.58 40.09 85.22 52.33 87.49 75.01
- AlphaEdit 86.35 82.73 31.10 66.73 94.07 75.15 84.69 84.64
ReFT 44.57 43.38 21.28 36.41 80.86 55.37 40.83 59.02
ORE (Ours) 93.24 88.22 29.35 70.27 97.78 96.81 76.63 90.41
FT 33.30 31.26 26.72 30.43 99.98 75.60 38.83 71.47
ROME 3541 34.44 38.29 36.05 12.72 15.31 85.98 38.00
E MEMIT 94.52 90.29 38.36 74.39 99.42 92.39 81.20 91.00
W PRUNE 69.10 65.92 42.00 59.01 98.36 96.87 64.57 86.60
< RECT 91.01 83.99 40.71 71.90 97.72 80.04 83.33 87.03
°‘§ NSE 49.15 48.32 40.73 46.07 56.72 50.14 84.01 63.62
4 AlphaEdit 95.23 87.75 38.97 73.98 99.76 94.73 79.16 91.22
ReFT 49.95 47.51 35.30 44.25 77.30 51.99 4491 58.07
ORE (Ours) 99.83 93.85 30.64 74.77 99.10 93.56 83.64 92.10
Table 2: Comparison of 5000 edits on ZsRE and CounterFact.
Method Eff.1 Gen.T Spe.t Avg.t 0.35 =
ORE 9554 9218  29.03 7225 0301 ki
~Lorth 9334 8877 29.18 7043 025
-SiLU 93.00  90.52 2746 7033 o
-Gate 95.13 85.78 28.64 69.85

Table 3: Ablation study of ORE with 1,000 edits on
ZsRE.

tics. As shown in Figure 4, MEMIT’s post-edit
vectors remain highly aligned with S, suggest-
ing that its updates fail to avoid shared semantic
regions. In contrast, ORE, via representation or-
thogonal projection, achieves 92% Efficacy while
reducing cosine similarity to only one-sixth of
MEMIT’s, demonstrating its effectiveness in miti-
gating representation entanglement and enhancing
anti-interference capability in batch editing.

4.4 Ablation Study

We conduct an ablation study on ZsRE under a
batch editing setting with 1,000 samples to eval-
uate the contributions of ORE’s key components.
As shown in Table 3, removing the representation
orthogonalization loss (-L,,+) decreases both effi-
cacy and generality, indicating that orthogonaliza-
tion is crucial for decoupling shared semantic pat-
terns and mitigating cumulative interference. Elim-
inating the non-linear activation in the gated rep-
resentation head (-SiL.U) leads to a drop in overall
performance. Disabling the dynamic gating mech-
anism (-Gate) reduces generality and specificity,
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Figure 4: Cosine similarity between edit representations
and the general semantic subspace across sequential ed-
its. MEMIT (blue) consistently shows higher similarity,
indicating stronger entanglement with shared semantics,
while ORE (orange) maintains substantially lower simi-
larity throughout the editing process.

highlighting the importance of adaptive gating for
accurately localizing knowledge-carrying positions
while avoiding unnecessary perturbations in irrel-
evant regions. Figure 5 further shows the cosine
similarity between edit vectors and the general se-
mantic subspace after removing the representation
orthogonalization, illustrating that the orthogonal
constraint effectively decouples the edited facts
from shared semantic patterns.

4.5 Cross-Lingual Editing Scenarios

Furthermore, we evaluated the performance of
ORE in cross-lingual editing scenarios. Table 4
shows the comparative results with an editing batch
size of 1600. The experimental results demonstrate
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Figure 5: Ablation study of Representation Subspace
Orthogonalization Loss.

Model Method Bi-ZsRE

Eff.f Gen. Spe. Avg.t

FT 48.52 45.06 22.47 38.68
ROME 42.08 40.80 30.18 37.69

2 MEMIT 7693 7455 3140 60.96
% PRUNE 53.09 5059 23.12 4227
§ RECT 67.78 65.06 3139 54.74
3 NSE 4946 48.51 30.76 42091
= AlphaEdit 76.14 7330 3123 60.22
ReFT 53.67 5229 2449 4348

ORE (Ours) 85.10 81.84 29.14 65.36

FT 47.25 4239 3332 40.99
ROME 37.02 36.66 39.72 37.80

2 MEMIT 7945 76.52 40.77 65.58
W PRUNE 6739 6491 43.07 58.46
= RECT 7636 7223 41.00 63.20
£ NSE 52.54 5127 3879 47.53
4 AlphaEdit 82.28 7849 39.81 66.86
ReFT 52.89 5037 3527 46.18

ORE (Ours) 86.49 8345 31.04 66.99

Table 4: Comparison of 1600 edits on Bi-ZsRE.

that ORE outperforms existing methods on the Bi-
ZsRE benchmark, achieving an average score of
65.36%. Notably, this represents an improvement
of 4.40 percentage points compared to the SOTA
method MEMIT (60.96%). This indicates that
ORE maintains high knowledge editing accuracy
and generalization capabilities even in challenging
mixed-language scenarios, successfully mitigating
the interference typically caused by general seman-
tic spaces across languages.

5 Related Work

Existing knowledge editing methods can be broadly
categorized into two groups: parameter-modifying
and parameter-preserving methods.
Parameter-modifying methods inject new knowl-
edge by locating and updating specific model
weights. ROME (Meng et al., 2022) introduced
a "Locate-Then-Edit" paradigm with rank-one up-
dates to MLP layers for single facts, and MEMIT

(Meng et al., 2023) extended this to batch editing
by distributing update residuals across layers. To
mitigate interference and preserve general capa-
bilities, RECT (Gu et al., 2024) adds regulariza-
tion, PRUNE (Ma et al., 2025) controls the con-
dition number of edit weights, AlphaEdit (Fang
et al., 2025) projects updates onto the null space
of retained knowledge, LangEdit (Sun et al., 2025)
and KDE (Xu et al., 2025) project updates onto
dynamic or orthogonal subspaces to reduce cross-
lingual or lifelong interference, and AdaEdit (Li
and Chu, 2025) addresses sequential decline via
disentangled FFN representations and SVD-based
sparsification. While KDE and LangEdit also in-
troduce orthogonality constraints, they enforce or-
thogonality on parameter updates, whereas ORE
operates directly in the representation space to de-
couple semantic entanglement.
Parameter-preserving methods keep the back-
bone frozen and introduce external modules or rep-
resentation interventions. T-Patcher (Huang et al.,
2023) adds task-specific parameters, while SERAC
(Mitchell et al., 2022) and GRACE (Hartvigsen
et al., 2023) use memory-based modules for non-
intrusive updates. Recently, ReFT (Wu et al., 2024)
demonstrates that low-rank interventions on hidden
states at inference time are sufficient to steer model
behavior, and BaFT (Liu et al., 2025) proposed
an input-based basis vector weighting mechanism,
achieving a better trade-off between editing and
locality through non-linear, fine-grained control of
the representation subspace. In comparison, the
proposed ORE follows the ReFT paradigm and
improves upon it to adapt to knowledge editing sce-
narios. Addressing the issue of general semantic
entanglement in batch editing, we introduce ex-
plicit geometric orthogonal constraints on top of
representation intervention, achieving great perfor-
mance in batch and cross-lingual scenarios.

6 Conclusion

In this work, we identify that general semantic
structure entanglement negatively impacts batch
knowledge editing in LLMs. To address this is-
sue, we propose Orthogonal Representation Edit-
ing (ORE), a parameter-preserving knowledge edit-
ing framework that operates directly on represen-
tation vectors by constructing a general semantic
subspace and enforcing orthogonal editing direc-
tions to decouple shared semantics, together with a
gated non-linear representation tuning mechanism



for precise and localized representation interven-
tion. Extensive experiments demonstrate that ORE
consistently outperforms existing methods in both
editing accuracy and generalization, including chal-
lenging cross-lingual editing scenarios.

Limitations

Despite ORE demonstrating superior performance
in batch editing and cross-lingual scenarios, several
limitations remain that merit further exploration
in future work: (1) Our current experiments are
primarily conducted on models with 7B to 8B pa-
rameters. Larger-scale models typically possess
higher-dimensional representation spaces and more
complex entanglement patterns. Consequently, the
geometric constraint mechanism proposed in ORE
requires further experimental verification on these
larger-scale architectures. (2) Current experiments
are mainly concentrated on standard and restricted
editing settings. Future work should extend the
evaluation scope to a broader range of downstream
application scenarios to verify the feasibility and
stability of the method in complex and dynamic
real-world deployments. (3) Our current work pri-
marily focuses on improving the accuracy of the
model in answering questions, with less emphasis
on capabilities such as logical reasoning following
the editing process. Future research should further
investigate the impact of knowledge editing on the
model’s comprehensive reasoning abilities.
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A Datasets

To comprehensively evaluate the performance of
ORE, we conducted experiments on three widely
used knowledge editing benchmark datasets:
ZsRE: A standard fact-based dataset in question-
answering format. Each sample contains a natural
language question and its corresponding target an-
swer (Levy et al., 2017).

CounterFact: A large-scale and highly challeng-
ing benchmark for counterfactual knowledge edit-
ing. This dataset covers diverse relation types and
entities, and equips each editing target with se-
mantically equivalent paraphrase prompts as well
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as semantically related but factually independent
neighborhood samples (Meng et al., 2022).
Bi-ZsRE: A cross-lingual extension of ZsRE, con-
taining parallel Chinese-English question-answer
pairs. Given that ORE aims to address the prob-
lem of general concept entanglement, we introduce
this dataset to specifically evaluate the model’s
performance in cross-lingual scenarios, examin-
ing whether it can effectively strip away linguistic
noise and achieve precise cross-lingual knowledge
synchronization within the semantic space shared
by multilingual models (Wang et al., 2024a).

We follow the experimental settings of (Fang
et al., 2025) for ZsRE and CounterFact, and those
of (Sun et al., 2025) for Bi-ZsRE.

B Metrics

Following the standards of previous knowledge
editing works (Meng et al., 2022, 2023; Fang et al.,
2025; Sun et al., 2025), Let the given edit sample
be denoted as (s;, 74, 0} ), the prompt as (s;, 7;), the
paraphrase prompts as N (s;, r;), and the neighbor-
hood prompts as O(s;, ;). The metrics are defined
as follows:

Efficacy: Measures whether the target knowledge

has been successfully injected into the model.

Ei{oi = argmax Py (o | (si,ri))} (11
o

Generality: Measures the robustness of the edited

knowledge to semantic variations.

E; {0,- = arg mgX]P’f(o ] N((si,ri)))} (12)

Specificity: Measures the locality of the editing
operation, evaluating whether the model avoids
corrupting irrelevant knowledge.

E; {of = arngaXIF’f(o | O((si,ri)))} (13)

C Implementation Details

All experiments are conducted on LLaMA-3-8B
and Qwen-2.5-7B models. For the LLaMA-3-8B
model, we apply interventions at layers [9, 18, 24,
28]; For the Qwen2.5-7B model, we apply interven-
tions at layers [9, 18, 24, 26]. The general semantic
subspace is constructed from 2000 structurally sim-
ilar but factually unrelated samples. PCA is applied

to their representations, and the top 4 principal com-
ponents are retained to define the subspace. All
experiments were conducted on a single Ascend
910B NPU (64GB).

For all experiments, the loss weights are set to
)\1 = 1.0, )\2 = 2.0, )\3 = 1.0, and )\4 = 3.0. The
projection dimension of the non-linear bottleneck
is fixed to 128. Models are trained for 30 epochs
with a batch size of 1 using the AdamW optimizer.
We adopt a cosine annealing learning rate schedule,
with the learning rate decayed from 5 x 10~ to
2 x 107% over the course of training.

For baseline methods, we follow the hyperpa-
rameter settings reported in prior work. Specifi-
cally, the hyperparameters of FT, ROME, MEMIT,
PRUNE, RECT, AlphaEdit, and NSE are adopted
from (Fang et al., 2025), while ReFT follows (Liu
et al., 2025).

All experiments are repeated three times, and the
reported results are averaged over the three runs.

D Baselines

We compare ORE against the following existing
knowledge editing methods:

FT (Fine-Tuning): The standard fine-tuning ap-
proach. We directly update the parameters of spe-
cific layers in the model using the cross-entropy
loss on the edit samples. FT serves as a funda-
mental baseline for measuring editing performance
(Zhu et al., 2020).

ROME (Rank-One Model Editing): A clas-
sic "Locate-Then-Edit" method. ROME employs
causal tracing to locate the critical neurons respon-
sible for storing knowledge and uses a rank-one
approximation to inject specific key-value pairs
into the MLP layers (Meng et al., 2022).

MEMIT (Mass-Editing Memory in a Trans-
former): As an extension of ROME, MEMIT
achieves the batch injection of thousands of knowl-
edge entries by distributing the update residuals
across the MLP modules of multiple layers (Meng
et al., 2023).

PRUNE (Perturbation Restraint on Upper
bouNd for Editing) : An editing framework con-
strains the range of parameter perturbation by limit-
ing the condition number of the edit matrix, thereby
reducing damage to irrelevant knowledge during
sequential editing processes (Ma et al., 2025).
RECT (RElative Change in weighT) : A method
focusing on editing consistency and robustness by
introducing an additional regularization term dur-
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Figure 6: Performance Comparison between ORE and Existing Methods.

Method Eff.+ Gen.? Spe.t Avg?
FT 3048 30.22 1549 2540
ROME 2.01 1.80  0.69 1.50

MEMIT 3462 3128 1849 28.13
PRUNE 2477 23.87 20.69 23.11
RECT 86.05 80.54 31.67 66.09
AlphaEdit 9447 9113 3255 7272
NSE 62.29 47.13 3232 4725
ReFT 1947 18.77 13.88 17.37
ORE (Ours) 94.71 90.86 29.24 71.60

Table 5: Sequential Editing on the ZsRE benchmark
using LLaMA-3-8B.

ing optimization to prevent weight updates from
overfitting to the edit samples (Gu et al., 2024).
AlphaEdit: The latest SOTA method among
parameter-modifying approaches. AlphaEdit pro-
poses a Null-Space Projection mechanism, achiev-
ing efficient updates without disrupting the original
knowledge (Fang et al., 2025).

NSE (Neuron-level Sequential Editing): NSE
utilizes original parameters to calculate target hid-
den states to prevent model collapse. It also em-
ploys an activation-based neuron filtering strategy
to update only critical neurons, thereby alleviating
catastrophic forgetting (Jiang et al., 2025b).

E Experimental Results on Sequential
Editing

Although ORE is primarily designed to address
general semantic entanglement in batch knowledge
editing, we additionally report results on sequential
editing as a complementary evaluation. All the
experiment settings are followed (Fang et al., 2025)
and (Sun et al., 2025).

To mitigate catastrophic forgetting under sequen-
tial edits, we incorporate an experience replay

mechanism following prior continual learning prac-
tice (Rolnick et al., 2019). Specifically, we main-
tain a replay buffer consisting of previously edited
requests. During training for the current edits, we
uniformly sample a small subset from the buffer,
where the replay size is 1. The overall objective
at each optimization step is augmented by an addi-
tional replay loss computed on the sampled histori-
cal edits: L' = L + Lrepiay-

Method Eff.+ Gen.t Spe.f Avg?T
FT 83.33 67.79 46.63 65.92
ROME 64.40 6142 4944 5842
MEMIT 65.65 64.65 51.56 60.62
PRUNE 68.25 64.75 49.82 60.94
RECT 66.05 63.62 61.41 63.69
AlphaEdit 98.90 9422 67.88 87.00
NSE 96.14 7842 87.66 87.41
ReFT 42.03 4246 56.50 47.00
ORE (Ours) 86.76 84.20 85.26 85.41

Table 6: Sequential Editing on the CounterFact bench-
mark using LLaMA-3-8B.

Table 5, 6 and 7 report the performance of dif-
ferent knowledge editing methods under sequen-
tial editing settings on ZsRE, CounterFact, and
Bi-ZsRE benchmarks using LLaMA3-8B as the
backbone model. From the results, we observe that:
(1) ORE achieves competitive overall performance
across all three benchmarks and outperforms all
the baselines on the Bi-ZsRE dataset, indicating its
effectiveness in complex knowledge editing scenar-
ios. (2) Interestingly, ORE exhibits higher Speci-
ficity in sequential editing compared to batch edit-
ing. This behavior can be attributed to the dynamic
gating mechanism. In sequential settings, each
editing step focuses on a smaller batch, making the



knowledge-carrying token positions more clearly
identifiable. This allows the gating network to ac-
tivate intervention in a highly selective and sparse
manner, while remaining silent on irrelevant tokens
and non-target contexts.

Method Eff.+ Gen.? Spe.t Avg?t
FT 3141 2997 1529 25.56
ROME 254 246 039 1.80
MEMIT 458 403 284 382
PRUNE 492 422 190 3.68
RECT 41.01 38.58 20.80 33.46

AlphaEdit  71.88 66.55 3047 56.30
LangEdit 73.18 6695 31.11 57.08
NSE 49.43 48.06 30.58 42.69

ReFT 26.07 2554 1522 2228
ORE (Ours) 80.53 76.31 26.81 61.22

Table 7: Sequential Editing on the Bi-ZsRE benchmark
using LLaMA-3-8B.

F Impact of Batch Editing Scale on
Editing Performance

Figure 6 illustrates the trends of Efficacy, Gener-
ality, and Specificity as the batch editing scale in-
creases for different baselines. As the batch size
further expands, the overall performance of most
baselines exhibits a clear degradation, reflecting
the fact that large-scale editing inevitably intro-
duces general semantic entanglement, which weak-
ens the model’s ability to precisely control target
facts. In contrast, ORE demonstrates a notably
more stable performance trend and is able to main-
tain over 90% Efficacy and Generality even under
10,000 edits. These results validate the effective-
ness of ORE in mitigating general semantic entan-
glement through representation-space orthogonal
constraints, enabling more reliable performance
scaling in large-scale batch knowledge editing sce-
narios.
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