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Abstract

Multilingual knowledge editing (MKE) remains challenging because language-specific edits
interfere with one another, even when locate-then-edit methods succeed in monolingual
settings. We study whether vector merging—combining independently computed per-
language updates into a single edit—can mitigate this interference. We evaluate six merging
variants with two backbone large language models, two base knowledge editing methods,
and 12 languages on the MzsRE benchmark under a large-scale batch-editing setting,
and we examine how the weight scaling factor and the rank compression ratio affect
editing performance. Summation with shared covariance proves the most reliable strategy
overall, whereas naive summation without shared covariance performs poorly. Task
Singular Vectors for Merging (TSVM) helps only in specific settings, so its ability to reduce
multilingual interference is limited. Performance is also sensitive to both weight scale
and rank ratio, with larger-than-default scaling and relatively low rank often yielding
the best results. When the results are analyzed by language-resource level, the choice
of merging method matters most for the relatively low-resource languages, such as Thai
and Vietnamese. These findings clarify the practical strengths and limits of current vector
merging methods for MKE and provide guidance for future multilingual knowledge
editing research.

Keywords: large language models; multilingual knowledge editing; locate-then-edit;
vector merging

1. Introduction

Modern large language models (LLMs) [1-4] contain billions to trillions of parameters,
enabled by the scalability of the Transformer architecture [5]. Training such models requires
substantial GPU compute and energy, and it produces considerable greenhouse gas emis-
sions. To update knowledge stored in LLM parameters, efficient fine-tuning methods [6]
have been developed, but they are still time-consuming [7]. Fortunately, knowledge editing
(KE) provides a framework for modifying target knowledge while preserving unrelated
knowledge at a much lower cost [8]. In particular, locate-then-edit KE methods can directly
manipulate LLM parameters without additional learning [9-11]. However, most prior
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work has been conducted in English, and performance degradation has been observed in
cross-lingual settings (e.g., edit in English — test in Chinese) [12]. Moreover, interference
between languages has been reported in multilingual settings (e.g., edit and test in multi-
ple languages simultaneously) [13]. In particular, multilingual knowledge editing (MKE)
performs substantially worse than monolingual KE given the same requests. Recently, a
vector merging method called Task Singular Vectors for Merging (TSVM) was shown to
effectively reduce task interference [14], which suggests a possible analogy to our problem.

Multilingual knowledge editing matters whenever a model is deployed across many
languages. Modern LLMs power global products and multilingual assistants, so a single
factual update—a newly elected head of state, a change in corporate ownership, or a corrected
date of birth—must remain consistent in every language the model serves. Editing only
English leaves the model factually wrong when the same question is asked in Chinese, Thai,
or Czech [12], which is unacceptable for user-facing assistants and for regulatory or regional
factual corrections. A natural remedy is to run locate-then-edit independently for each
language, but the resulting per-language updates must eventually be combined into a single
deployed model, and combining them naively causes exactly the cross-language interference
we study. MKE therefore asks how to apply many factual edits in many languages at once
while keeping them mutually consistent, which motivates the research questions below.

In this paper, we explore the possibility of applying vector merging methods to
multilingual knowledge editing (MKE). It is worth clarifying the difference between cross-
lingual KE and MKE. In cross-lingual KE, evaluation is performed in languages that are not
available at editing time. In MKE, by contrast, both editing and evaluation are performed in
multiple languages simultaneously. We begin with the following research questions (RQs):

*  RQI1: How do vector merging methods perform in MKE?

e  RQ2: Can TSVM effectively mitigate multilingual interference?

*  RQ3: How do factors such as weight scale and rank ratio affect performance? We raise
this question because both factors are fixed to defaults in prior locate-then-edit work,
and their effect on MKE has not been measured.

¢  RQ4: Do merging methods benefit low-resource languages such as Thai and Viet-
namese, and which merge operator best preserves their edits when many languages
are edited jointly? We raise this question because low-resource languages score lowest
in the aggregate results, and a single deployed model must serve them alongside
high-resource languages.

Vector merging methods, however, originate from a different problem: combining
separately fine-tuned weights into a single weight update. We therefore design a systematic
study of several merging methods while controlling for backbone type, base KE method,
shared covariance, weight scale, and rank compression ratio. Our contributions are as follows:

e To the best of our knowledge, this is the first systematic study of locate-then-edit
MKE with mass editing in 12 languages in parallel (batch size = 700 x 12). Previous
work [13,15] used the same dataset [15], but considered only one editing request across
12 languages at a time (batch size = 12).

*  We evaluate six merging methods with two backbones and two base KE methods,
and observe that vector summation with shared covariance achieves the strongest
overall performance. We also show that TSVM can reduce interference under limited
conditions, but in general, none of the tested merging methods effectively closes the
gap between MKE and monolingual KE.

*  We are the first to analyze the weight scaling factor in MKE, and find that the optimal
scaling factor exceeds the default value of 1.0 in most settings.

*  We also investigate the effect of the rank compression ratio on TSVM performance and
find that relatively low rank often leads to better results.
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¢ We analyze performance by language-resource level and find that the choice of merging
method has the largest effect on the relatively low-resource languages, where shared
covariance summation and the orthogonalizing TSVM merge diverge most (RQ4).

2. Related Work
2.1. Knowledge Editing for Large Language Models

Knowledge editing aims to update factual associations in large language models
without retraining the entire model. Compared with conventional fine-tuning methods
such as LoRA [6], KE seeks to modify targeted knowledge while preserving unrelated
behavior at a substantially lower cost. Existing KE methods span several paradigms,
including early hyper-network-based approaches such as KnowledgeEditor [16], learned
editors such as MEND [7], semi-parametric methods such as SERAC [17], and in-context
editing methods such as IKE [18]. Among these lines of work, our study is most closely
related to direct parameter-editing approaches.

More specifically, locate-then-edit methods are motivated by the view that factual
associations are stored in transformer feed-forward layers as key-value memories [19].
ROME [9] first showed that factual knowledge can be localized and modified through closed-
form updates to specific layers. MEMIT [10] extended this idea to the mass editing setting,
PMET [20] improved editing precision, and AlphaEdit [11] further refined the approach by
constraining updates with a null-space projection. Complementary work has also examined
knowledge localization at the neuron level: Knowledge Neurons [21] identified neurons
associated with factual recall and demonstrated small-scale factual editing through neuron
intervention. Although these methods achieve strong results in monolingual settings,
multilingual knowledge editing remains relatively underexplored. Prior work has shown
that cross-lingual KE degrades when editing and evaluation are performed in different
languages [12], and more recent work has extended this challenge to cross-lingual multi-hop
settings [22]. More directly related to our problem, MzsRE [15] provides a multilingual
benchmark covering 12 languages, and LU-LAFNs [13] reduces interference by identifying
language-agnostic factual neurons. In contrast, we focus on mass multilingual editing and
ask whether vector merging can mitigate interference among language-specific edits.

2.2. Task Vectors and Model Merging

Model merging studies how to combine parameter updates from multiple tasks or
fine-tuned models into a single model without retraining from scratch. The simplest
strategies sum or average parameter differences, but these approaches often suffer from
task interference when the underlying updates are not well aligned. This issue is closely
related to our setting, where language-specific editing vectors may contain both shared
information and conflicting components.

Representative work in this area includes Model Soups, which showed that averaging
weights from multiple fine-tuned models can improve robustness when the solutions lie
in a shared basin [23]; Task Arithmetic, which demonstrated that task vectors extracted
from fine-tuned models can be composed through simple algebraic operations [24]; and
TIES-Merging, which explicitly addresses redundant updates and sign conflicts across
task vectors [25]. Our work is most directly inspired by Task Singular Vectors for Merging
(TSVM) [14], which introduces a low-rank view of task updates and shows that singular-
vector-based compression can reduce interference during model merging. Although TSVM
was originally proposed for merging task-specific model updates rather than multilin-
gual knowledge edits, its underlying motivation is highly relevant to MKE. This connec-
tion motivates our study of summation-, averaging-, and TSVM-based rules for merging
language-wise editing vectors. At the same time, our setting differs from standard model
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merging: rather than combining independently fine-tuned task models, we merge editing
vectors produced by locate-then-edit KE methods. Our work therefore brings together
two previously separate lines of research, namely, direct knowledge editing for LLMs and
interference-aware vector merging.

3. Preliminaries
3.1. Large Language Models

Structurally, a large language model (LLM) is an architecture built from stacked
Transformer [5] blocks. Within each block, two distinct modules operate in tandem. First,
an attention layer transforms contextual input into short-term memory. This is paired with
a position-wise feedforward network (FFN) that selects active slots from massive vector
stores, effectively functioning as the model’s long-term memory. Finally, all outputs from
these modules are summed with the previous layer’s activations in a residual fashion. More
specifically, the output activation of x at layer ! within the model, denoted as k!, can be
defined as follows:

W=n"14+ad+n, (1)

m = W, oWy~ +al)), 2)

where a' and m! denote the outputs of the attention layer and the FFN layer, respectively;
I/Vlln and W/

out denote the weight matrices of the FEN layers; o denotes the non-linear

activation function; and 7 denotes the layer normalization. Here we follow expressions
defined in [9,11].

3.2. Linear Associative Memory

A Linear Associative Memory (LAM) receives a key k and recalls its corresponding
value v as follows:
v =Wk, V(kv) €S, (3)

where W is the weight matrix of the LAM, designed to memorize (k, v) associations within
a finite set S. Under this framework, an FFN layer from Equation (2) can be interpreted as
follows [19]:

= Wou oW v (1! +a)), 4)

v k

where the down-projection matrix W/, serves as the LAM weight matrix.

3.3. Locate-Then-Edit Methods

In knowledge editing, we study knowledge (like facts) of the form (subject s, relation 7,
object 0). For example, in the sentence “The president of the U.S. is Joe Biden,” the subject
is “the United States,” the relation is “the president,” and the object is “Joe Biden.” An
editing request is also a triple (s, 7,0 — 0’), where 0’ is the new object we want to modify;
for example, (“the United States”, “the president”, “Joe Biden” — “Donald Trump”).

The locate-then-edit framework assumes critical information used to predict object o
given subject s and its relation 7, which is stored within the key-value structure of the FFNs
defined in Equation (4). Like a standard LAM, the FFNs recall facts from a certain input
(such as a prompt about a subject and a type of relation) and contribute significantly to
predicting the next tokens associated with the correct object.

Under this framework, the overall KE process is divided into two steps: (1) identifying
the specific Transformer layers responsible for storing knowledge, and (2) applying a KE
algorithm to these layers sequentially in bottom-to-top order. The identification of these
layers is conducted via causal tracing techniques [9,10]. Once the identification has been
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established for a specific model architecture, further recomputation is generally unneces-
sary; consequently, subsequent research typically adopts these standardized layer ranges
for editing tasks. For each target layer, the KE algorithm computes a matrix perturbation
A based on editing requests for the weight matrix Wy defined in Equation (4) (we omit
the layer index [ in the rest of this paper for brevity). The resulting updated weight matrix,
I«]/

(o)

ut = Wout + 4, is intended to encode the newly modified knowledge.

Formally, suppose we have n editing requests and a set of corresponding keys and
values for newly updated knowledge, S1 = {(k;, v;)|0 < i < n}, and concatenate these
keys and values into matrices, which are denoted as follows:

Kreg = [kilka| ... | kn] €R", Vi = [01]03] ... | v4] € RPT, (5)

and similarly, K¢onst and Veoust denote keys and values for other knowledge which should
be preserved. Then we have the following:

A= argfnin(H (Wout + A)Kreq - VreqH2 + H (Wout + A)Kconst - VconstHz)' (6)
A

We can obtain a closed-form solution for this problem by applying a normal equa-
tion [10,26]:
Amemit = RKL, (ACoonst + Creg) )

where the error term R = (qu — WKrgq) ; A is a hyperparameter; and covariance matrices
Ceonst = KeonstKE pand Creg = Krqu}éq. This method is often called MEMIT. If we further

cons

apply a null-space constraint [11], we have the AlphaEdit method as follows:
T -1
AAlphaEdit = RKreqP()\I + Creqp) ’ (8)

where P is the null-space projection matrix (null-space of Ceonst); A is a hyperparameter. In
the error term R, V;¢; means ideal values that a perfectly modified model can recall for keys
Kyeq, which is usually calculated with approximation by “network hooking” methods [9,10].

In this paper, we only consider a one-step batch editing scenario, which means apply-
ing KE algorithms at once with all editing requests. The sequential editing problem is out
of the scope of this work.

4. Merging Methods for Multilingual Knowledge Editing
4.1. Problem Definition

In a multilingual knowledge editing (MKE) scenario, suppose that we have n editing
requests and each request was written in m languages; we can calculate A using Equation (7)
or Equation (8) for each language and apply it to the original model as follows:

whew — yold + O(Amerged’ ©9)

Amersed — £(A1 A%, AT, (10)

where f(),R>" x . R — RI*! denotes the merging function and & denotes the
[ —
m

scaling factor. For each A’ of i-th language, we call it the knowledge editing vector for the
i-th language.

4.2. Merging Functions

Table 1 summarizes the six merging functions studied in this work, together with the
rationale for each. In this paper, we study the following merging functions for Equation (10).
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To calculate the covariance matrix in Equation (7) or Equation (8) for each language, we can
either (1) gather covariance only in that language: Cﬁeq = Kﬁeq (Kﬁeq) T; or (2) gather across
all languages: Cigq = ;-":1 Kﬂeq (Kieq)T. We first introduce merging methods based on A's

calculated under the former case as follows:

e Sum:
m .
Amerged _ Z AL (11)
i=1
¢  Mean:
m
AMmerged l E AL (12)
mi=

e TSVM [14]: First, we decompose each A’ into U, £/, V' using Singular Value Decom-
position (SVD), then select the top-k highest singular values and their corresponding
column and row vectors from U’ and V':

U = u'[;,1: k], £ =xi[: k], V' = VI[1 : k]. (13)
The value k is determined as follows:
k=|r-d], (14)

where the factor r is a hyperparameter. It reflects the degree of rank compression: if  is
equal to 1, that means no compression; if r is close to zero, the A is highly compressed
into a low-rank matrix. Subsequently, we concatenate resulted components across all
languages as follows:

eoneat — [ﬁl |2 | | am}’
£ o 0

g _ |0 0| .
o o .. %

yeoneat _ [yl | V2] ... Vm} T.

To make U orthogonal, we decompose U to P, D, Q, by applying SVD, and
set U8 = PQ (similarly for V"), Finally, we have the following:

Amerged _ umergedzcancatvmerged. (16)

In addition, we introduce merging methods based on A's calculated under the latter
case (gather covariance across all languages), and name these methods with the suffix
“-Cov” to distinguish them from the former ones.

e Sum-Cov: The same as Sum, but with A's calculated by shared covariance. This is
similar to the method used in the previous work [13] that adapted MEMIT to MKE.
However, they apply the editing algorithm with one request (in multiple languages) at
a time; by contrast, we apply the editing algorithm with massive requests (in multiple
languages) simultaneously in one batch.

e Mean-Cov and TSVM-Cov: The same as Mean and TSVM, but with A's calculated by
shared covariance.
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Table 1. Summary of the six merging functions studied in this work. The methods factor along
two design axes: the operation used to merge the per-language editing vectors A/, and whether the
covariance matrix in Equations (7) and (8) is gathered per language or shared across all languages.
We select these six variants to isolate the effect of each axis.

Method Covariance Merge Operation Rank-Comp. One-Line Rationale
Sum Per-language Summation No Naive additive merge; serves as the baseline.
Mean Per-language Averaging No Sum r.escaled by 1/m to single-edit
magnitude.
TSVM Per-language Low-rank SVD + Yes Tests whether low-rank structure reduces
orthogonal concat. interference.
Sum-Cov Shared Summation No Shared covariance implicitly normalizes the
update scale.
Mean-Cov  Shared Averaging No Shared-covariance counterpart of Mean.
TSVM-Cov  Shared Low-rank SVD + Yes Comb.mes low-rank merging with shared
orthogonal concat. covariance.

5. Experiments

5.1. Experimental Settings
5.1.1. Metrics

We follow [7,9-11] and evaluate token-level accuracy over four aspects of each edit:
efficacy (on editing requests), generalization (on paraphrases), specificity (on unrelated
questions), and portability (on one-hop reasoning questions) [13,15]. Throughout the paper,
we report a single unified metric, the averaged accuracy, defined as the arithmetic mean of
these four aspects; we do not report the four aspect scores separately. The formal definition
of the accuracy function and of the four aspects is given in Appendix A.

This token-level, teacher-forced accuracy is widely used in typical locate-then-edit
methods such as ROME, MEMIT, and AlphaEdit [9-11]; we adopt the same metric because
MEMIT and AlphaEdit are the base editing methods in our study, so editing Efficacy is
measured consistently with the methods we build on: it measures whether the edited model
assigns the highest probability to each gold answer token, conditioned on the prompt and
the preceding gold tokens. As a stricter complement, we additionally report exact-match
(EM) results—where a request counts as correct only if every gold token is predicted
exactly—for all main-table settings in Appendix E; the relative ordering of the merging
methods is preserved under EM.

5.1.2. Dataset

We use the test split of MzsRE [15], which is built upon the zsRE relation-extraction
benchmark [27], in our experiments. It contains 700 samples, each including one editing
request, one paraphrase of an editing request, one unrelated question and answer, and
one one-hop altered question and answer of an editing request, which are written in
12 languages: English (en), Chinese (zh), Czech (cz), Vietnamese (vi), Turkish (tr), French
(fr), Spanish (es), German (de), Russian (ru), Dutch (du), Portuguese (pt), and Thai (th).
Note that we follow the language-code notation of the original MzsRE benchmark [15]. In
ISO 639-1, these correspond to cz = cs (Czech) and du = nl (Dutch).

5.1.3. Backbones and Base Methods

We use Llama3.1-8B-Instruct [2] and Qwen2.5-7B-Instruct [3] as our backbones. Fol-
lowing related work, we target the critical layers 4-8 for editing in both backbones. The
choice of these layers follows the causal tracing analysis of ROME and MEMIT [9,10] and
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the early-to-middle critical-layer band subsequently adopted by AlphaEdit [11] and related
locate-then-edit work for 7-8B decoder LLMs. The two backbones are decoder transformers
of comparable depth (Llama3.1-8B has 32 layers and Qwen2.5-7B has 28), so their factual-
association layers fall in the same range; using a common, literature-standard band also
removes per-model layer tuning as a confound when comparing merging methods. We
treat layer-range sensitivity as a limitation and leave a dedicated ablation to future work.

For each backbone, we conduct our merging methods to two base methods:
MEMIT [10] and AlphaEdit [11]. We choose MEMIT and its successor AlphaEdit because
they are the most representative work under the locate-then-edit framework.

5.1.4. Monolingual Editing

We also evaluate monolingual editing performance for each language. This is done
by applying editing algorithms with only one language. We compare these results with
multilingual counterparts to analyze the interference that occurs in the multilingual setting.
They are named as “Mono” in the result tables.

5.1.5. Other Details

We use several NVIDIA A100 PCle 80GB GPUs for our experiments and use
pytorch [28] as a development framework. For calculations of A, merging results are
performed with float32 precision, estimating value matrix V;,;, and evaluation is performed
with bfloat16 precision.

5.2. Experimental Results
5.2.1. Comparison of Averaged Accuracies of Merging Methods on MzsRE (RQ1, RQ2)

We make the following observations from Tables 2 and 3.

*  Observation 1: Sum-Cov outperforms the other methods in most cases. Sum-Cov
attains the best averaged accuracy in three of the four settings (59.62, 57.96, and 61.00
for Llama + MEMIT, Llama + AlphaEdit, and Qwen + MEMIT), exceeding the next-best
merging method by +4.18, +3.80, and +5.48 points, respectively. By contrast, plain
summation without shared covariance (Sum) records almost zero accuracy. Mean,
a magnitude-rescaled version of Sum, recovers to 46-49% but remains 11-13 points
below Sum-Cov, and Mean-Cov is worse still (39-42%). Sharing covariance therefore
helps when updates are summed but not when they are averaged.

¢ Observation 2: TSVM substantially improves overall performance, while TSVM-Cov
fails to achieve higher scores than Sum-Cov in most cases. TSVM reaches 54-56% in
the first three settings—far above Sum and Mean but still below Sum-Cov. However, as
shown in Table 3, both TSVM and TSVM-Cov achieve higher accuracies than Sum-Cov
with the Qwen backbone and AlphaEdit algorithm: TSVM attains 58.17 versus 53.65
for Sum-Cov (+4.52), and TSVM-Cov attains 57.42 (+3.77). In this setting, Sum-Cov is
also unstable—its Turkish score (39.93) is a clear outlier relative to the 50-60% range
of the other languages.

¢ Observation 3: There is a substantial performance gap between monolingual and
multilingual editing. The best multilingual method trails the monolingual upper
bound (Mono) by 4.23, 4.24, 6.09, and 10.35 points across the four settings, and no
merging method closes this gap. Similarly, previous work [13] reports the performance
gap between MKE and monolingual editing with experimental settings that differ
from ours. They conduct editing and evaluation with one request at a time while we
conduct experiments with all requests at once. We further investigate the possibility of
mitigating multilingual interference with merging methods, but unfortunately, none
of them effectively achieve the goal.
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Table 2. Comparison of merging methods on MzsRE dataset with backbone Llama3.1-8B. Averaged

accuracies are reported; unit is percentage. The rank ratio r for TSVM and TSVM-Cov are 0.125, 0.292
for MEMIT, 0.125, 0.063 for AlphaEdit, respectively. Weight scale is set to 1.0.

Edit & Test Languages
Methods -
en zh cz vi tr fr es de ru du pt th avg
Llama3.1-8B, MEMIT.

Sum 000 000 000 000 000 000 000 000 000 000 000 000 000
Mean 47.66 4612 4744 4085 43.60 46.63 4614 5093 46.01 46.88 4827 4353 46.17
TSVM 6272 5173 56.72 50.80 5286 57.12 5644 6178 5340 56.80 57.68 47.24 55.44

Sum-Cov 6641 5523 60.01 5476 56.89 62.03 6094 6528 6037 60.73 6092 5183 59.62
Mean-Cov  39.72 4328 3920 3395 3691 3816 37.87 40.84 4175 3845 3890 4156 39.22
TSVM-Cov 5433 49.38 51.05 4425 4781 5128 5077 55.67 5085 5098 51.76 4532 5029

Mono 7042 6114 6463 6017 6162 6617 6516 6921 6445 6323 6525 5475 63.85
Llama3.1-8B, AlphaEdit

Sum 000 000 000 000 000 000 000 000 000 000 000 000 000
Mean 48.10 46.62 4740 4143 44.04 4674 4653 5097 4621 4713 48.07 43.82 4642
TSVM 61.08 50.64 55.60 49.68 51.78 5597 55.06 60.44 5212 5533 5597 4628 54.16

Sum-Cov 6522 5439 5844 5356 5536 6026 5931 6401 5755 59.03 59.09 49.27 57.96
Mean-Cov  39.73 4320 39.16 34.03 3691 3826 37.78 40.88 41.68 3838 39.08 41.64 39.23
TSVM-Cov 5229 4927 4816 4323 46.06 4899 4853 53.13 49.02 4895 49.25 44.68 48.46

Mono 69.52 59.03 6274 5849 5943 6450 6371 6792 6321 6142 63.66 5276 6220
Table 3. Comparison of merging methods on MzsRE dataset with backbone Qwen2.5-7B. Averaged
accuracies are reported; unit is percentage. The rank ratio r for TSVM and TSVM-Cov are 0.188, 0.208
for MEMIT, 0.188, 0.396 for AlphaEdit, respectively. Weight scale is set to 1.0.
Edit & Test Languages
Methods -
en zh cz vi tr fr es de ru du pt th avg
Qwen2.5-7B, MEMIT

Sum 0.01 000 005 0.00 0.01 0.00 0.01 0.00 000 0.00 000 002 001
Mean 48.94 53.16 47.50 43.06 4436 4752 47.01 4981 4844 4638 48.03 49.04 4777
TSVM 6325 6146 5348 4820 4760 5647 5774 5843 5587 5499 5642 5238 5552

Sum-Cov 6690 66.69 59.77 53.60 5358 60.88 6294 6259 6361 59.84 6195 59.66 61.00
Mean-Cov  40.38 49.45 4087 37.19 39.10 4045 3931 4051 4517 3849 40.69 4738 41.58
TSVM-Cov 62.73 61.67 53.08 49.18 4732 5591 5733 57.68 55.89 53.64 56.08 5281 5528

Mono 71.92 7210 6585 6195 6337 6825 6957 6724 6711 6585 6795 6396 67.09
Qwen2.5-7B, AlphaEdit

Sum 000 001 000 000 000 001 000 000 002 000 000 002 0.0
Mean 52.18 53.82 4945 4446 4531 4950 49.07 5237 4933 4888 4993 4917 4946
TSVM 65.07 64.13 5710 5126 51.12 58.16 59.92 6058 59.05 57.64 59.04 55.01 5817

Sum-Cov  63.07 59.50 5053 46.68 3993 56.00 5896 5505 5492 52.09 5594 5113 53.65
Mean-Cov  41.05 50.05 4136 3748 3959 41.09 39.77 4097 4543 3883 41.16 4754 42.03
TSVM-Cov 65.36 62.69 5549 50.62 49.73 5892 5998 59.85 57.04 5656 59.41 5343 57.42

Mono 7229 6629 6837 6416 6540 7046 7132 6856 69.75 67.88 69.60 6816 68.52

5.2.2. Effect of Weight Scale (RQ3)

We also investigate the effect of weight scaling factor « in Equation (9), which is

ignored in previously published work in the field of the locate-then-edit framework. This

study is the first to investigate the effect of the scaling factor in MKE. The results are shown

in Figure 1. Properly scaled weights achieve higher performance: all curves are unimodal
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1.0 in most settings.
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Figure 1. Effect of scaling factor « on TSVM, TSVM-Cov, and Sum-Cov. Accuracies are averaged
across all languages. The horizontal axis is the scaling factor « in Equation (9) and the vertical axis is
the averaged accuracy; the four panels (a—d) correspond to the four backbone x base method settings
(Llama + MEMIT, Llama + AlphaEdit, Qwen + MEMIT, Qwen + AlphaEdit). Each curve rises then
falls, with its maximum slightly above the default « = 1.0, indicating that the closed-form update is
mildly under-scaled by default.

5.2.3. Effect of Rank Ratio r (RQ3)

The rank ratio 7 in Equation (14) determines the compression ratio of TSVM-based
methods. In the original work of TSVM [14], they use a fixed ratio (0.083 in our case). Here
we investigate the effect of rank ratio 7 and the results are shown in Figure 2. We make the
following observations:

e  Observation 1: In most cases, the curve of TSVM is unimodal while that of TSVM-Cov
is multimodal. Specifically, the accuracy of TSVM-Cov drops sharply for rank ratios
in the narrow range r € [0.15,0.20] and then recovers, whereas TSVM stays unimodal
throughout the evaluated range. We attribute this non-monotonic behavior to an
interaction between the shared covariance and the low-rank truncation: the shared
covariance solve already couples the per-language updates, and truncating it at a
particular rank can discard directions that this coupling depends on, so accuracy
degrades in a narrow band of r before higher ranks restore the missing directions. We
analyze this shared covariance/low-rank interaction further in Section 6.4.
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¢ Observation 2: Properly low rank ratio tends to achieve optimal performance. It is not
surprising because of the low-rank nature of knowledge editing vectors [9]. In much
prior work on model merging [14], they report rank reduction can boost merging
performance. In the MKE, this result is the first analysis of the relation between the
rank of A and the performance.
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Figure 2. Effect of rank ratio r on TSVM, TSVM-Cov. Accuracies are averaged across all languages.
The horizontal axis is the rank ratio 7 in Equation (14) (the fraction of singular components re-
tained) and the vertical axis is the averaged accuracy; the four panels (a-d) correspond to the
four backbone x base method settings. TSVM stays unimodal and peaks at a relatively low rank
ratio, whereas TSVM-Cov is multimodal, dropping sharply for r € [0.15,0.20] before recovering.

5.2.4. Qualitative Error Analysis (RQ2)

We now examine per-sample predictions to see how multilingual interference manifests
in practice. Using the Qwen2.5-7B + AlphaEdit setting, we compare the three merged
methods that yield Table 3 (Sum-Cov, TSVM, TSVM-Cov) on identical edit requests across
the 12 languages. The dominant failure mode is cross-lingual divergence: for 87.9% of edits
under Sum-Cov, at least one language recalls the new object correctly while at least one other
reverts to the old object, even though all 12 share the same fact. Table 4 shows a representative
request—for the subject Blood, Sweat and T-shirts, the network is edited from “BBC Two” to
“CBS”, queried as “What network did Blood, Sweat and T-shirts air on?”—where Sum-Cov
succeeds in only half of the languages while the low-rank methods are more consistent.

Two secondary patterns recur. First, target leakage: the edited object is occasionally
emitted in the wrong script for the target language, most often for Chinese (13.9% of Chinese
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predictions under Sum-Cov are non-CJK). Second, low-resource degradation: per-language exact-
match rates fall sharply for the lowest-resource languages (English 68.9% versus Thai 9.0%,
Turkish 13.1%, and Vietnamese 24.7%), mirroring their lowest scores in Table 3. The low-rank
methods partly offset the worst case: of the edits where Sum-Cov fails in Turkish, TSVM
recovers 13.8% and TSVM-Cov 11.8%, consistent with the spectral analysis in Section 6.2.
Appendix D provides additional per-language error-case tables that exhibit the same patterns.

Table 4. Qualitative cross-language error analysis (Qwen2.5-7B, AlphaEdit) for a single edit request
applied across all 12 languages: for the subject Blood, Sweat and T-shirts, the network is edited from
“BBC Two” to “CBS”, queried in each language as “What network did Blood, Sweat and T-shirts
air on?”. Each cell marks whether the merged model exactly recalls the new object when queried
in that language (v* correct, x incorrect). Sum-Cov succeeds in only 6/12 languages on this single
fact, illustrating cross-lingual interference; the low-rank methods are more consistent (TSVM 8/12,
TSVM-Cov 7/12). A dash (—) in the “New object” column marks a gold object written in a non-Latin
script (here Thai) that is not typeset in this table; the correctness marks are unaffected.

Language New Object Sum-Cov TSVM TSVM-Cov
English CBS v v v
Chinese CBS v v v
Czech CBS X X X
Vietnamese CBS v v X
Turkish CBS X X X
French CBS X v v
Spanish CBS v v v
German CBS X X v
Russian CBS v v v
Dutch CBS X v X
Portuguese CBS v v v
Thai — X X X

Table 5 makes the low-resource effect of Section 6.5 concrete on a single fact. For the edit
Sunnyside Hospital (— “1956"”), the shared covariance merge recalls the new object in only
one of the five relatively low-resource languages (Thai, Vietnamese, Turkish, Czech, Dutch),
whereas the orthogonalizing TSVM merge recovers four of five; the same pattern recurs across
the additional cases in Appendix D. This is the per-fact signature of the aggregate gap in
Table 6: the joint shared covariance solve sacrifices precisely the lowest-resource languages,
and the per-language orthogonal merge restores them. Languages are listed low-resource first.

Table 5. Cross-language error analysis (Qwen2.5-7B, AlphaEdit) for the edit request Sunnyside
Hospital: the object is edited from “1955” to “1956”, queried as “In which year did Sunnyside Hospital
cease to exist?”. Languages are grouped into the relatively low-resource block (Thai, Vietnamese,
Turkish, Czech, Dutch) and the high-resource block; each cell marks the exact recall of the new object
(v correct, x incorrect). On the low-resource block, Sum-Cov recovers only 1/5, versus TSVM 4/5
and TSVM-Cov 4/5 (all languages: 6/12,8/12, 8/12). A dash (—) marks a gold object in a non-Latin
script, not typeset here; the marks are unaffected.

Language New Object Sum-Cov TSVM TSVM-Cov
Relatively low-resource

Thai 1956 X v v
Vietnamese 1956 X v v
Turkish 1956 X v v
Czech 1956 v v v
Dutch 1956 X X X
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Table 5. Cont.

Language New Object Sum-Cov TSVM TSVM-Cov
High-resource

English 1956 v X X
Chinese — v v v
French 1956 X v v
Spanish 1956 v v v
German 1956 v v v
Russian — X X X
Portuguese 1956 v X X

Table 6. Relatively low-resource view of the editing results: averaged accuracy (%, arithmetic mean
over the four aspects and 700 edits) for the five relatively low-resource languages (Thai, Vietnamese,
Turkish, Czech, Dutch), their mean (LRL), and the mean of the seven high-resource languages (HRL:
en, zh, fr, es, de, ru, pt). Same runs as Tables 2 and 3; Mono is the monolingual upper bound (edits
one language at a time). The best merging method per block on the LRL average is in bold. Sum and
Mean are omitted here (Sum collapses to 0 in every language); both appear in Tables 2 and 3.

Backbone + Method Merge th vi tr cz du LRL HRL

TSVM 472 508 529 56.7 568 529 573
Sum-Cov 51.8 548 569 600 60.7 568 616
TSVM-Cov 453 443 478 510 51.0 479 520
Mono 548 602 616 646 632 609 66.0

TSVM 463 49.7 518 55.6 553 517 559
Sum-Cov 493 533 555 585 59.0 551 60.0
TSVM-Cov 447 432 461 482 49.0 462 50.1
Mono 528 585 594 627 614 590 645

TSVM 524 482 476 535 550 513 585
Sum-Cov 59.7 53.6 53.6 598 598 573 637
TSVM-Cov 528 492 473 531 536 512 582
Mono 640 619 634 659 658 642 692

TSVM 55.0 513 511 571 576 544 6038
Sum-Cov 51.1 467 399 505 521 481 576
TSVM-Cov 534 506 49.7 555 56.6 532 60.5
Mono 682 642 654 684 679 668 698

Llama3.1-8B + MEMIT

Llama3.1-8B + AlphaEdit

Qwen2.5-7B + MEMIT

Qwen2.5-7B + AlphaEdit

6. Discussion
6.1. Effect of Vector Merging Framework (RQ1)

Our results show that the choice of merging framework has a substantial effect on MKE
performance. Among the evaluated methods, Sum-Cov consistently provides the strongest
overall results across most backbone and base method combinations. This finding suggests
that sharing covariance across languages is more important than applying a sophisticated
merging rule after language-specific updates have already diverged. In contrast, naive
summation without shared covariance almost completely fails, indicating that multilingual
editing vectors are not directly compatible when computed independently.

Another important observation is that averaging-based methods do not offer a reliable
compromise. Although Mean improves dramatically over Sum, it still remains clearly below
Sum-Cov, and Mean-Cov performs even worse in most settings. This pattern indicates
that simply reducing the magnitude of updates cannot resolve multilingual interference by
itself. Instead, the interaction among language-specific key distributions appears to be a
more fundamental source of the problem.
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More broadly, the results show that current vector merging methods do not eliminate
the gap between multilingual and monolingual editing. Even the best multilingual setting
remains noticeably below the monolingual upper bound in all four experimental configura-
tions. Therefore, the main challenge in MKE is not merely how to merge language-specific
updates, but how to construct updates that are mutually compatible across languages
before or during merging.

6.2. Effect of TSVM (RQ2)

TSVM was motivated by prior evidence that low-rank task representations can reduce
interference in model merging. In our setting, TSVM is clearly more effective than simple
Sum and often competitive with strong baselines, which suggests that low-rank structure is
indeed relevant for multilingual editing vectors. However, TSVM does not consistently
outperform Sum-Cov, and TSVM-Cov improves over TSVM only in limited cases. In other
words, rank-aware merging alone is insufficient to solve multilingual interference.

One notable exception appears in the Qwen + AlphaEdit setting, where TSVM and
TSVM-Cov both outperform Sum-Cov. This result suggests that the usefulness of TSVM
depends on the geometry of the underlying editing vectors, which in turn may depend on
both the backbone model and the base KE algorithm. However, because this behavior is
not reproduced in the other settings, we interpret it as evidence of conditional effectiveness
rather than a generally superior strategy.

To probe this exception, we measure how well the per-language editing vectors A’
align across languages (Figure 3; computation in Appendix B). Qwen + AlphaEdit shows
the lowest mean cross-language subspace overlap (0.10, versus 0.18-0.19 for the two Llama
settings). Summing such poorly aligned updates under a shared covariance accumulates
their conflicting directions, seen as the outlier Turkish score in Table 3 (39.93). TSVM
orthogonalizes the per-language components before recombining them, which is why it
helps most in Qwen + AlphaEdit, while the better-aligned Llama updates are already well
served by Sum-Cov. The advantage is conditional, not universal: the same low alignment
does not occur in the other three settings.

Lower = more conflicting edits

o 0.200 A 0.192
k= 0.182

0.125

[ 0.101

0.000 T T
Llama Llama Qwen Qwen
+MEMIT +AlphaEdit +MEMIT +AlphaEdit

Figure 3. Mean cross-language subspace overlap of the per-language editing vectors A’ (top-64 left
singular subspaces), averaged over all language pairs at a representative edited layer. Lower values
indicate more conflicting per-language directions; Qwen + AlphaEdit is the lowest, which explains
why shared covariance summation suffers most there while TSVM'’s orthogonalized merge avoids
the accumulated interference.

The subspace overlap analysis above is correlational; we test the mechanism directly
with a conditioning analysis of the shared covariance solve (Table 7; quantities defined in
Appendix C). The shared covariance merge solves all twelve languages jointly, whereas
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TSVM solves each language independently. For Qwen2.5-7B + AlphaEdit, the joint solve
reproduces each language’s edit 4.3 x less faithfully than the per-language solve, against
only 1.4-1.9x in the other three settings. Two structural factors explain this: AlphaEdit’s
null-space projection retains only 60% of the edit-key energy for Qwen2.5-7B (versus 91%
for Llama3.1-8B), and the inverted matrix is correspondingly more ill-conditioned. Routing
all twelve languages jointly through this attenuated, ill-conditioned subspace forces them to
compete for a small shared capacity, so the shared covariance merge degrades—the regime
in which the orthogonalizing TSVM merges, which never forms the joint inverse, wins.

Taken together, these findings answer RQ2 conservatively: TSVM can mitigate multi-
lingual interference to some extent, but only under limited conditions.

Table 7. Why the shared covariance (Sum-Cov) merge collapses only for Qwen2.5-7B + AlphaEdit.
Per (backbone, base method), all quantities are averaged over the five edited layers. cond(M) is the
condition number of the matrix the merge inverts (PKrqu,Tm + AI for AlphaEdit, ACeonst + Krqu,qu
for MEMIT). “PK kept” is the fraction of edit-key energy surviving AlphaEdit’s null-space projection,
| PKreq||2/ || Kreq||? (AlphaEdit only). fidjoint and fidgo|, are the edit-reproduction errors of the shared
12-language solve (=Sum-Cov) and the per-language solve (=the TSVM building block); lower is
more faithful. The last column is their ratio—the penalty for sharing the covariance across languages.

Backbone + Method cond(M) PKKept fidjgint fidsol  Joint/Solo
Llama3.1-8B + MEMIT 1.1 x 10% - 0.72 0.49 1.5
Llama3.1-8B + AlphaEdit 1.7 x 103 0.91 0.77 0.56 14
Qwen2.5-7B + MEMIT 3.0 x 10° - 0.63 0.34 19
Qwen2.5-7B + AlphaEdit 6.8 x 10* 0.60 0.39 0.09 4.3

6.3. Effect of Weight Scaling Factor (RQ3)

Weight scaling has a measurable effect on performance. In most settings, the best
performance is obtained not at the default scale of 1.0, but at a slightly larger value.
This result shows that the magnitude of the closed-form update is not automatically
well calibrated, even when the editing direction itself is useful. From an optimization
perspective, the scaling factor plays a role analogous to a learning rate, although locate-
then-edit methods are derived analytically rather than through iterative training.

One possible explanation is that the scale of the computed update is sensitive to
several handcrafted components in the closed-form solutions of Equations (7) and (8). In
particular, both the covariance-related term and the estimated target-value term V,¢; can vary
substantially in magnitude. As a result, two editing methods with similar directional quality
may still differ in performance because one produces an under-scaled or over-scaled update.

This finding also has practical implications. If scaling is tuned appropriately, prac-
titioners can improve performance without changing the editing algorithm itself. At the
same time, exhaustive searching over the scaling factor is expensive. A useful direction for
future work is therefore to develop principled or data-driven rules for choosing the scaling
factor automatically.

6.4. Effect of Rank Compression Ratio (RQ3)

The rank compression ratio controls how much information from each language-
specific editing vector is retained during TSVM. Our results show that relatively low
rank often leads to the best performance, which is consistent with the view that the most
important multilingual editing signals are concentrated in a compact subspace.

At the same time, the behavior of TSVM-Cov is more complex than that of TSVM. In
several settings, TSVM-Cov exhibits a non-smooth performance curve with abrupt drops in
anarrow range of rank ratios. This instability suggests that shared covariance and low-rank
reconstruction interact in a nontrivial way.
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6.5. Do Merging Methods Help Relatively Low-Resource Languages? (RQ4)

MzsRE spans twelve languages of uneven representation in LLM pre-training corpora.
Following the resource-level taxonomy of Joshi et al. [29], we group the five least represented—
Thai (th), Vietnamese (vi), Turkish (tr), Czech (cz), and Dutch (du)—as the relatively low-
resource group (LRL), and the seven best represented—English, Chinese, French, Spanish,
German, Russian, and Portuguese—as the high-resource group (HRL). The split is internal
to this benchmark: even the LRL languages are better resourced than the world’s genuinely
under-served languages [29], but they are the least represented here. Table 6 reports per-tier
averaged accuracy; per-language values are the columns of Tables 2 and 3.

Two findings are specific to the low-resource tier. First, the best merge is nearly
as effective for LRL as for HRL: in the three settings where Sum-Cov wins, it retains
93-95% (Thai) and 87-91% (Vietnamese) of monolingual accuracy, comparable to the
92-93% it retains for HRL, so editing eleven additional languages jointly costs the low-
resource languages little beyond their already-lower monolingual ceiling. Second, the
merge operator matters most for LRL: in Qwen2.5-7B + AlphaEdit—the one setting where
TSVM beats Sum-Cov—Sum-Cov underperforms on LRL disproportionately (LRL 48.1%
vs. HRL 57.6%, a 9.6-point tier gap, against 3.0 for Mono; Turkish falls to 39.9%, 61% of its
monolingual accuracy), and TSVM restores the tier (+6.4 points on LRL vs. 4+-3.2 on HRL,
narrowing the gap to 6.4). The shared covariance degradation analyzed in Section 6.2 thus
lands hardest on the relatively low-resource languages, where an orthogonal per-language
merge is the practical remedy.

6.6. Limitations of This Work

This study has several limitations. First, we evaluate only two backbone models
and two locate-then-edit base methods, so our conclusions may not transfer uniformly
to other architectures or editing paradigms. Second, our experiments focus on one-step
batch editing on MzsRE, which means the results do not directly address sequential editing,
continual editing, or other multilingual editing benchmarks. In addition, our search over
weight scales and rank ratios is empirical rather than theoretically grounded. Although
this is sufficient to reveal important trends, it does not yet provide a predictive framework
for selecting hyperparameters.

7. Conclusions

In this paper, we investigated whether vector merging methods can improve multi-
lingual knowledge editing for large language models. We evaluated six merging variants
across two backbone models and two locate-then-edit base methods under a large-scale
multilingual batch-editing setting covering 12 languages. Our results show that shared
covariance summation is the most reliable overall strategy, while TSVM can be beneficial
only in limited settings. A per-resource-level analysis shows that the choice of merging
method has the largest effect on the relatively low-resource languages (RQ4).

The study also yields two broader findings. First, multilingual interference remains
unsolved: none of the evaluated merging methods closes the gap between multilingual
and monolingual editing. Second, the scaling factor and rank compression ratio affect
performance, showing that the quality of a closed-form edit depends not only on direction
but also on magnitude and spectral structure.

These findings suggest that future progress in MKE will likely require methods that
model cross-lingual compatibility more explicitly, rather than relying only on post hoc
merging of independently computed updates. We hope this work provides an empirical
basis for that direction and serves as a reference for future research on multilingual locate-
then-edit methods.
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LLM Large Language Model

KE Knowledge Editing

MKE Multilingual Knowledge Editing
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LAM Linear Associative Memory

SVD Singular Value Decomposition
MEMIT Mass Editing Memory In Transformer
LRL Low-Resource Language

HRL High-Resource Language

Appendix A. Evaluation Metric Definitions

This appendix gives the formal definitions of the metrics summarized in Section 5.1.1.
For an autoregressive model Py, an input prompt p, and an anticipated answer a, the
token-level, teacher-forced accuracy is

ACC(p, a, PG(t | )) = Eoietokenize(a){oi = argmax Pe(ti | p+ téi)}/ (A1)
t,

1

where the expectation is taken over the gold answer tokens o; and each token is scored
conditioned on the prompt and the preceding gold tokens. The four aspects instantiate
Equation (A1) on different evaluation sets drawn from Dy.g:

e  Efficacy is the accuracy on the editing requests themselves:

Acceff = EpruNDreq {Acc(p/ a, Pe(t | ))} (Az)
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¢  Generalization is the accuracy on paraphrases of the edit requests:
ACCgen = EP/aNDreq {Ep’wrephmse(p) {ACC(P/r a, Py (t | ))}} (A3)
*  Specificity is the accuracy on questions that are unrelated to the editing requests:

ACCSPE = EPruNqu {]Ep’Nunrelated(p) {ACC(p/, a, Py (t ‘ ))}} (A4)

*  Portability is the accuracy on one-hop reasoning questions derived from the editing
requests:

Accpo" = ]EP/ﬂNDreq {Ep/u/wonehop(p,u) {ACC(P// “// Py (t | ))}} (A5)

The averaged accuracy reported throughout the paper is the arithmetic mean of these
four quantities.

Appendix B. Computation of the Cross-Language Subspace Overlap
in Figure 3

This appendix details how the cross-language subspace overlap in Figure 3 is com-
puted. For each of the four backbone xbase method settings, we load the per-language edit-
ing vectors Al € RAx! produced by the closed-form solution (Equation (7) or Equation (8))
for each of the 12 languages and each of the five edited layers, and take the singular value
decomposition Al = ULV with singular values g > 0 > --- > og > 0.

To measure how much the per-language updates share a common low-rank subspace,
we take the top-k left singular subspace U’ € R¥*¥ of each language (k = 64) and, for every
language pair (7,]), compute the mean squared cosine of the principal angles between
their subspaces,

’, (A6)

overlap(i,j) = %H (az‘)'l'aj’

which equals 1 for identical subspaces and 0 for orthogonal ones. For each setting, overlap
is averaged over all (122) language pairs at a representative edited layer; these averages are
the values plotted in Figure 3. All decompositions are computed in float32 on the saved
editing vectors, so the analysis requires no re-editing of the models.

Appendix C. Conditioning of the Shared-Covariance Solve

This appendix defines the quantities reported in Table 7. Let Kje; be the matrix of edit
keys (one column per request) and, for the shared covariance (“-Cov”) merge, let M be the
matrix the closed-form solve inverts:

Miphaidit = PKregKpeq + A1, Myigmir = ACeonst + KregKypg, (A7)

where P is the null-space projection of AlphaEdit and Cust the covariance term of MEMIT
(Equations (7) and (8)). The shared covariance merge forms M once over all twelve
languages jointly, whereas TSVM solves each language ¢ independently with its own M,
built from that language’s keys K,(f,; only.

We report three quantities, each averaged over the five edited layers:

e Condition number cond(M) = Omax(M)/0min(M), the ratio of the largest to smallest
singular value of M.

¢ Null-space retention (AlphaEdit only), the fraction of edit-key energy that survives
the null-space projection, ||PKyeg||3/ || Kreq||2-
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e  Edit-reproduction error. For each language ¢, we form the matrix T = Kﬁf‘;TM ’1(~)K£2,

ie., the keys of language ¢ passed through the solve evaluated at their own keys; a faithful
edit gives T; ~ I. We measure || T; — I||r/+/n and average over languages. With the
shared M, this gives fidjoint (the Sum-Cov solve); with the per-language My, it gives
fidg), (the per-language solve that TSVM merges). The last column of Table 7 is their ratio
fidjoint / fidsolo, the fidelity penalty incurred by sharing the covariance across languages.

Appendix D. Additional Qualitative Error Cases

This appendix supplements the error analysis of Section 5.2.4 with additional edit
requests from the Qwen2.5-7B + AlphaEdit setting, comparing the three merged methods
(Sum-Cov, TSVM, TSVM-Cov) on identical requests across the 12 languages. As in the main
text, each request is correctly recalled in some languages but reverts to the old object in
others under Sum-Coyv, illustrating cross-lingual divergence, and the low-rank methods
are somewhat more consistent. A dash (—) in the “New object” column marks a gold
object written in a non-Latin script (Chinese, Russian, or Thai) that is not typeset here; the
correctness marks are unaffected.

Table Al. Qualitative cross-language error analysis (Qwen2.5-7B, AlphaEdit) for the edit request
Martha Neumark: the object is edited from “1947” to “1952”, queried as “The date of birth of Martha
Neumark is?”. Cells mark the exact recall of the new object per language (v* correct, x incorrect).
Sum-Cov 6/12, TSVM 7/12, TSVM-Cov 9/12.

Language New Object Sum-Cov TSVM TSVM-Cov
English 1952 v v v
Chinese — v v v
Czech 1952 v v v
Vietnamese 1952 X v v
Turkish 1952 v v X
French 1952 v v v
Spanish 1952 X X v
German 1952 X X v
Russian — X X X
Dutch 1952 X X v
Portuguese 1952 v v X
Thai 1952 X X v

Table A2. Qualitative cross-language error analysis (Qwen2.5-7B, AlphaEdit) for the edit request
Runaway Sunday: the object is edited from “A&M Records” to “Motown”, queried as “What was
the record label of Runaway Sunday?”. Cells mark the exact recall of the new object per language
(V" correct, x incorrect). Sum-Cov 5/12, TSVM 7/12, TSVM-Cov 8/12.

Language New Object Sum-Cov TSVM TSVM-Cov
English Motown v v v
Chinese Motown v v v
Czech Motown v v v
Vietnamese Motown X X v
Turkish Motown X v v
French Mototown X X X
Spanish motown v X X
German Motown X v v
Russian — X X X
Dutch Motown X v v
Portuguese Motown v v v
Thai — X X X
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Table A3. Qualitative cross-language error analysis (Qwen2.5-7B, AlphaEdit) for the edit request
Underland Press: the object is edited from “1995” to “2005”, queried as “What year was Underland
Press formed in?”. Cells mark the exact recall of the new object per language (v correct, x incorrect).
Sum-Cov 7/12, TSVM 8/12, TSVM-Cov 9/12.

Language New Object Sum-Cov TSVM TSVM-Cov
English 2005 v v v
Chinese — v X X
Czech 2005 v v v
Vietnamese 2005 X v v
Turkish 2005 X v v
French 2005 v X v
Spanish 2005 v v v
German 2005 v v v
Russian — X X X
Dutch 2005 v v v
Portuguese 2005 X v v
Thai 2548 X X X

Tables A4-A6 give three further low-resource-focused cases (rows ordered low-
resource first), each showing the shared covariance merge failing on the relatively low-
resource block while the TSVM merges recover it, complementing the main-text Table 5.

Table A4. Cross-language error analysis (Qwen2.5-7B, AlphaEdit) for the edit request The Testament
of Sherlock Holmes: the object is edited from “Babylon 5” to “Sherlock Holmes”, queried as “The
Testament of Sherlock Holmes was in what series?”. Languages are grouped into the relatively
low-resource block (Thai, Vietnamese, Turkish, Czech, Dutch) and the high-resource block; each cell
marks the exact recall of the new object (v" correct, x incorrect). On the low-resource block, Sum-Cov
recovers only 2/5, versus TSVM 5/5 and TSVM-Cov 4/5 (all languages: 6/12,10/12,9/12). A dash
(—) marks a gold object in a non-Latin script, not typeset here; the marks are unaffected.

Language New Object Sum-Cov TSVM TSVM-Cov
Relatively low-resource

Thai Sherlock Holmes v v v
Vietnamese Sherlock Holmes X v v
Turkish Sherlock Holmes X v X
Czech Sherlock Holmes v v v
Dutch Sherlock Holmes X v v
High-resource

English Sherlock Holmes v X v
Chinese — X v X
French Sherlock Holmes v v v
Spanish Sherlock Holmes v v v
German Sherlock Holmes X v v
Russian — X X X
Portuguese Sherlock Holmes v v v
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Table A5. Cross-language error analysis (Qwen2.5-7B, AlphaEdit) for the edit request Char 2C: the
object is edited to “1990”, queried as “Which was the official year for the approval of Char 2C?”.
Languages are grouped into the relatively low-resource block (Thai, Vietnamese, Turkish, Czech,
Dutch) and the high-resource block; each cell marks the exact recall of the new object (v* correct, x
incorrect). On the low-resource block, Sum-Cov recovers only 2/5, versus TSVM 4/5 and TSVM-Cov
4/5 (all languages: 5/12,7/12, 8/12). A dash (—) marks a gold object in a non-Latin script, not
typeset here; the marks are unaffected.

Language New Object Sum-Cov TSVM TSVM-Cov
Relatively low-resource

Thai 1990 v v v
Vietnamese 1990 X v v
Turkish 1990 X v v
Czech 1990 X v v
Dutch 1990 v X X
High-resource

English 1990 v X X
Chinese — X X X
French 1990 X v v
Spanish 1990 v v v
German 1990 X X v
Russian — X X X
Portuguese 1990 v v v

Table A6. Cross-language error analysis (Qwen2.5-7B, AlphaEdit) for the edit request Portuguese
Malacca: the object is edited from “1825” to “1818”, queried as “What year was it when Portuguese
Malacca was dissolved?”. Languages are grouped into the relatively low-resource block (Thai,
Vietnamese, Turkish, Czech, Dutch) and the high-resource block; each cell marks the exact recall
of the new object (v correct, x incorrect). On the low-resource block, Sum-Cov recovers only 1/5,
versus TSVM 3/5 and TSVM-Cov 3/5 (all languages: 5/12,8/12,7/12). A dash (—) marks a gold
object in a non-Latin script, not typeset here; the marks are unaffected.

Language New Object Sum-Cov TSVM TSVM-Cov
Relatively low-resource

Thai 1818 X X X
Vietnamese 1818 X v v
Turkish 1818 X v v
Czech 1818 v v v
Dutch 1818 X X X
High-resource

English 1818 v v v
Chinese — X v X
French 1818 v v v
Spanish 1818 X X X
German 1818 v v v
Russian — X X X
Portuguese 1818 v v v

Appendix E. Exact-Match Results

For completeness, we report the exact-match (EM) counterparts of the main results
(Tables 2 and 3). EM is stricter than the token-level accuracy used in the main text: a request
counts as correct only if every gold answer token is predicted exactly. For each edit request,
we compute its EM and then average over the whole evaluation set, mirroring the averaged
accuracy protocol of Section 5.1.1. Tables A7 and A8 use the same runs as Tables 2 and 3.
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The relative ordering of the merging methods is preserved under EM: shared covariance
summation remains the strongest merging method in most settings, and the gap to the
monolingual upper bound persists.

Table A7. Exact-match(EM) counterpart of Table 2 (Llama3.1-8B). Each cell is the averaged EM over
the four aspects and 700 edits (percent); EM counts a request correct only if every gold answer token
is predicted exactly. Best merging method per column in bold; Mono is the monolingual upper bound.
Same runs as Table 2.

Edit & Test Languages
Methods .
en zh cz vi tr fr es de ru du pt th avg
Llama3.1-8B, MEMIT
Sum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mean 5.89 0.21 4.82 2.25 4.25 3.57 3.46 7.04 0.79 4.43 4.64 0.04 3.45
TSVM 2593 193 1621 1157 1371 13.89 1421 2018 718 1507 16.00 121 13.09
Sum-Cov 3321 582 2146 16.89 19.04 2096 2157 2675 15.82 2046 21.00 4.68 1897
Mean-Cov  0.64 0.04 0.29 0.14 0.54 0.04 0.11 0.32 0.00 0.29 0.11 0.00 0.21
TSVM-Cov 1429 1.07 9.04 4.93 8.00 6.96 704 12.04 425 8.14 8.25 0.50 7.04
Mono 40.61 1554 29.71 2625 2729 3093 3150 3554 2546 2525 29.68 8.00 27.15
Llama3.1-8B, AlphaEdit
Sum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mean 6.57 0.32 4.54 2.64 4.39 3.25 3.46 6.50 0.82 4.36 443 0.07 3.45
TSVM 2314 139 1464 1050 1254 1279 1229 1821 546 1350 1354 089 11.57
Sum-Cov 3121 4.82 1986 15.00 17.04 18.07 1896 2521 1254 1854 18.64 2.68 16.88
Mean-Cov  0.68 0.04 0.29 0.14 0.54 0.04 0.11 0.39 0.00 0.29 0.11 0.00 0.22
TSVM-Cov 1239 1.36 6.11 4.07 6.36 5.04 5.32 8.75 3.11 6.39 5.71 0.57 5.43
Mono 38.79 1243 2646 2311 2293 26.61 2714 3214 23.07 2239 2646 550 2392
Table A8. Exact-match (EM) counterpart of Table 3 (Qwen2.5-7B). Each cell is the averaged EM over
the four aspects and 700 edits (percent). Best merging method per column in bold; Mono is the
monolingual upper bound. Same runs as Table 3.
Edit & Test Languages
Methods .
en zh cz vi tr fr es de ru du pt th avg
Qwen2.5-7B, MEMIT
Sum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mean 7.29 1.39 3.14 1.64 2.61 2.50 3.43 4.71 1.29 4.57 3.64 0.32 3.04
TSVM 2775 1211 1136 5.89 6.75 1225 16.07 16.82 918 1461 1471 2.07 1246
Sum-Cov  34.18 2229 1932 1286 1254 19.68 2468 2211 19.04 20.57 2282 7.07 19.76
Mean-Cov  0.46 0.89 0.18 0.11 0.29 0.04 0.04 0.29 0.11 0.25 0.07 0.14 0.24
TSVM-Cov 2746 1332 1054 7.82 6.32 11,50 15.07 1536 9.25 12.89 1332 221 12.09
Mono 4450 3725 3154 2568 29.18 3471 3729 31.68 2571 3246 3439 1518 31.63
Qwen2.5-7B, AlphaEdit
Sum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Mean 10.68  1.50 4.96 2.43 3.11 4.00 5.11 7.25 1.68 6.75 4.96 0.57 4.42
TSVM 31.04 16.64 1546 868 10.64 1471 1875 1943 1264 17.04 18.04 329 1553
Sum-Cov 3236 1579 1421 10.68 6.75 1850 23.04 1861 11.57 16.75 20.04 339 1597
Mean-Cov  0.57 0.86 0.21 0.07 0.29 0.11 0.04 0.25 0.14 0.25 0.11 0.11 0.25
TSVM-Cov 3211 1443 1346 8.89 929 1746 1996 1950 954 1643 1911 261 1523
Mono 46.00 27.89 36.75 30.68 33.89 40.86 41.79 3532 3329 3721 3879 2493 35.62
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