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Abstract

Ensuring precise and localized factual updates in mul-
tilingual large language models (MLLMs) is challenging:
parameter-updating methods often fail to propagate edits
across languages, while in-context editing often fail to lo-
calize edits, disrupting unrelated knowledge. We propose
CLICKER, a purely inference-time framework that re-
trieves only relevant edits, performs on-demand in-context
editing, and ensures target-language outputs. We further
build Multi-CounterFact to stress locality with seman-
tically similar yet irrelevant prompts. Across both open-
and closed-source MLLMs, CLICKER markedly improves

locality while resolving cross-lingual inconsistencies.

1 Introduction

As recent large language models (LLMs) become more
multilingual [1] and users thus expect accurate and up-to-
date responses in their own languages, maintaining factual
consistency across languages has become a major chal-
lenge. Practical knowledge updates should minimize side
effects such as catastrophic forgetting or model collapse,
be executable from the user side, and allow edits made in
one language to generalize across others.

Knowledge editing (KE) aims to update factual knowl-
edge in large language models without full retraining. Most
existing methods are static: they modify or augment model
parameters offline and therefore change behavior glob-
ally [2, 3, 4, 5, 6, 7, 8]. These approaches often fail to
propagate edits across languages [9], and accumulated ed-
its can lead to model collapse [10, 11] and poor locality,
where semantically related but factually unrelated queries
are unintentionally affected. Static methods are also dif-
ficult to deploy for user-side updates. Dynamic methods,

inspired by in-context learning, instead apply small query
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Figure1 CLICKER ata glance. Given a user query, CLICKER
adaptively edits the model in three steps, outperforming baselines.

specific edits at inference time without changing parame-
ters [6, 12]. They show promising cross-lingual general-
ization and are compatible with user-side updates, but their
locality is still limited, as we show in §4.

In this study, we propose CLICKER (Figure 1), a dy-
namic in-context cross-lingual KE method that enhances
locality while preserving reliability and generality through
adaptive stepwise reasoning. CLICKER performs three
adaptive steps: (i) relevance-aware retrieval from an edit
base; (ii) on-demand in-context KE; and (iii) language
alignment. It edits only when necessary and enforces
target-language outputs, reducing unintended modifica-
tions and improving cross-lingual fidelity.

To rigorously evaluate locality in cross-lingual KE,
we introduce Multi-CounterFact, a dataset that extends
CounterFact [3] to five languages: English, German,
French, Japanese, and Chinese. Multi-CounterFact as-
sociates each fact with paraphrased prompts and ten un-
related prompts sharing the same predicate, enabling rig-
orous and realistic evaluation of locality. We compare
CLICKER with two dynamic KE baselines [6, 12] on
Multi-CounterFact using both open- and closed-source
MLLMs, Qwen2.5-7B-Instruct and GPT-40-mini, and
show that CLICKER substantially improves locality while

maintaining or enhancing reliability and generality.
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Figure2 Stepwisereasoning in CLICKER. When the query is related to an edited fact in the edit base, Step 1 performs relevance-aware
retrieval, Step 2 applies in-context knowledge editing with multilingual prompts, and Step 3 aligns the output to the target language.

2 Multi-CounterFact

The key challenge in cross-lingual KE is to control
how edits propagate across languages: superficially similar
but factually unrelated queries should remain unaffected,
whereas semantically equivalent queries in different lan-
guages should consistently reflect the edit.

Existing benchmarks for cross-lingual KE are con-
structed by translating the English ZsRE dataset [13] into
multiple languages, including Bi-ZsRE [9], MzsRE [12],
and BMIKE-53 [14]. However, these datasets include only
a single unrelated query per record, providing limited cov-
erage of the diverse irrelevant prompts that edits should not
affect and making locality difficult to assess rigorously.

To better evaluate locality, we thus introduce Multi-
CounterFact, a multilingual version of the CounterFact
dataset [3], containing ten unrelated prompts that share
the same predicate as the target edits for more rigorous
locality evaluation than existing datasets like MzsRE.

We translate CounterFact into four target languages, Ger-
man, French, Chinese, and Japanese, using GPT-40-mini
with temperature set to zero for deterministic output. Fol-
lowing Khandelwal et al. [15], we assess translation quality
with back translation BLEU and obtain scores above 50; for
Chinese and Japanese, additional manual inspection shows
that only about 1% of translations require correction (see
Appendix A for details). The resulting Multi-CounterFact
benchmark contains 10,000, 6,000, and 4,000 instances in
the training, development, and test sets, respectively. It
also covers alphabetic Indo-European languages as well
as typologically distant Chinese and Japanese, providing a

diverse and challenging setting for cross-lingual KE.
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3 CLICKER

3.1 Edit Base Construction

Following prior work on parameter-altering KE, we as-
sume that many edits have accumulated since the model’s
last update and must be incorporated at query time. We
thus construct an edit base € from the test split of Multi-
CounterFact, and require it to be conflict-free: for any
subject—relation pair x,., there is only one possible object
ye. We perform conflict filtering on 1500 sampled records
and obtain 946 unique entries.

Since we focus on cross-lingual KE between specific
language pairs, we adopt monolingual edit bases in our
experiments. This avoids interference from unrelated lan-
guages and matches the nature of dynamic KE: edits are
applied on demand at inference time, and each query only
interacts with a small subset of €, making a monolingual

edit base sufficient for controlled evaluation.
3.2 Framework Details

Given a MLLM, an edit base, and a user query (in tar-
get language), CLICKER aims to return the edited fact in
the target language whenever the query is relevant to some
edited knowledge. To this end, CLICKER introduces a
three-step process (Figure 2): (i) relevance-aware knowl-
edge retrieval, (ii) on-demand in-context prompt construc-
tion, and (iii) language alignment.

To

support large-scale multilingual retrieval, we train a

Step 1: Relevance-aware Knowledge Retrieval.

threshold-aware dense retriever by fine-tuning the multi-

lingual encoder bge-m3 [16] with a triplet loss on exam-

This work is published without peer review and
is licensed by the author(s) under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/).



Edit in en: en—*

Test in en: *—en

Metrics Methods
de fr ja zh avg. de fr ja zh avg.
IKE 41.00 26.00 3.00 16.00 21.50 30.00 20.00 2.00 4.00 14.00
Reliability ReMaKE 91.00 72.50 79.00 96.00 84.63 98.00 92.00 58.00 56.00 76.00
CLICKER 98.50 95.00 88.00 96.50 94.50 96.00 96.50 92.00 95.00 94.88
IKE 4275 2525 450 15.00 21.88 30.00 22.00 1.00 4.00 1425
Generality ReMaKE 76.75 58.00 62.00 95.75 73.13 93.00 88.00 57.00 49.00 71.75
CLICKER 96.75 92.50 86.00 93.00 92.06 94.50 94.50 90.50 95.00 93.63
IKE 22.15 49.50 55.00 1290 3489 220 17.00 7.00 2.60 7.20
Locality ReMaKE 28.85 2225 2245 13.60 21.79 12.60 2040 7.20 4.80 11.25
CLICKER 99.75 99.65 98.15 99.75 99.33 99.80 99.65 9895 95.00 98.35
Table 1  Results on Multi-CounterFact (Exact Match, EM) for GPT-40-mini.

New fact: Where will the 2026 Winter Olympics be held? /taly.
Prompt: Where will the 2026 Winter Olympics be held?

Answer: [taly. 1
B 202644 WEG EAEME 28752 BAH.

RaR: 20264 & B ARG ZAEM %8752

R BAA.

New fact: Where will the 2026 Winter Olympics be held? /taly.
Prompt: In which city will the 2026 Winter Olympics be held?
Answer: [taly. Cy
B 20264 & WA G EAEME H 2852 AH.
IR 2026474 B8RRI 2 HL?

BR: BAF.

Retain

Rephrase

FESEL: Where will the 2028 Summer Olympics be held? Los Angeles.
TR 20284 1) AR UL 5832 3 S 7EIE L2672
BER:

Figure 3 CLICKER prompt with two in-context demonstra-
tions (retain, rephrase); the yellow panel combines the retrieved
fact and the user query to elicit the answer.

ples from Multi-CounterFact. For each in scope fact f, we
construct cross-lingual positive queries g, (direct requests
or paraphrases) and triplets {(q., f, [NULL]) so that f is
preferred to a special pseudo fact [NULL] indicating that
no edit applies; we also add hard negative facts f from
other targets, yielding (g, f, f). For unrelated prompts
q-, we instead use (g_, [NULL], f), teaching the model to
rank [NULL] above any fact.

At inference time, we encode the query, use FAISS [17]
for approximate nearest-neighbor search over €, and ob-
tain the top candidate with a similarity score. If the score
is above a threshold 7 (tuned on the development set; Ap-
pendix C) and the candidate is not [NULL], we retrieve
that edit; otherwise, the retriever abstains and no editing is
performed. Decoupling similarity ranking from the thresh-
olded decision allows us to combine high recall with pre-
cise rejection. Unlike ReMaKE [12], which uses a single
binary classifier, our approach scales to large multilingual
edit bases via efficient ANN search and achieves a better

balance between recall and precision.
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Step 2: On-demand In-Context KE. We proceed to
Step 2 only when Step 1 returns a non-empty result, avoid-
ing the injection of irrelevant information that could in-
terfere with the model’s pre-existing knowledge. When
relevant knowledge is retrieved, we construct an in-context
prompt with k = 16 demonstrations to guide cross-lingual
KE (Figure 3). Each demonstration contains a prompt in
the source language and a semantically equivalent prompt
in the target language.

We use two types of demonstrations: Retain and
Rephrase. Retain examples reuse the exact prompt from
the edited fact and provide the new answer, while Rephrase
examples use lexically different but semantically similar
prompts with the same answer. Together, they improve
reliability and generality. We select demonstrations by
ranking candidates according to cosine similarity with the
user query, following Zheng et al. [6], using bge-m3 and
FAISS for efficient top-k retrieval.

Step 3: Language Alignment. Finally, we add a lan-
guage alignment step to avoid mixed-language outputs,
which frequently arise when edits are stored in the source
language but queries are issued in the target language. We
enforce that the answer is expressed in the target language
by wrapping the model call with a simple prompt-based
instruction (Refer the prompt in Appendix D).

4 Experiments

Settings. We evaluate CLICKER on 200 randomly
sampled test instances from Multi-CounterFact, using
Qwen2.5-7B-Instruct [1]

as an open-source model and GPT-40-mini as a closed-

two representative MLLMs:

source model. We compare CLICKER against dynamic
KE baselines IKE [6, 9] and ReMaKE [12]; all experi-
ments are run on a single NVIDIA RTX A6000 GPU.
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is licensed by the author(s) under CC BY 4.0
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Edit in en: en—*

Test in en: *—en

Metrics Methods
de fr ja avg. de fr ja zh avg.
IKE 54.00 42.00 16.50 22.50 33.75 57.50 60.50 10.00 28.00 39.00
Reliability ReMaKE 89.00 75.50 78.00 85.50 82.00 85.00 7850 69.50 68.50 75.38
CLICKER 86.00 81.50 77.50 93.00 84.50 81.50 81.50 78.50 82.50 81.00
IKE 58.75 53775 1525 2525 3825 6050 61.50 975 27.75 39.838
Generality ReMaKE 74.75 68.00 74.25 80.00 7425 7225 73.00 65.75 63.50 68.63
CLICKER 83.00 69.50 76.50 84.75 178.81 73.25 76.75 7175 7725 74.75
IKE 17.60 21.70 37.20 14.85 22.84 995 550 4.50 1.20 5.29
Locality ReMaKE 1250 9.75 10.85 17.90 1275 695 470 575 495 559
CLICKER 100.0 99.90 99.60 98.00 99.79 99.95 99.85 99.80 99.70 99.83

Table 2 Results on Multi-CounterFact (Exact Match) for Qwen2.5-7B-instruct, best and second best results are emphasized.
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Figure 4 Results (EM, Exact Match) of CLICKER for all language pairs on Qwen2.5-7B-Instruct backbone.

Main Results. Tables 1 and 2 report English-centric
cross-lingual KE, where English is the source or the tar-
get language, following Wang et al. [12]. CLICKER im-
proves locality over baselines by over 60% for Qwen2.5-
7B-Instruct and over 40% for GPT-40-mini, while enhanc-
ing other metrics, across all four languages. We attribute
CLICKER’s large locality advantage mainly to contrastive
retriever training and adaptive demonstration injection.
Full results with CLICKER on Qwen2.5-7B-Instruct.
Figure 4 reports CLICKER on Qwen2.5-7B-Instruct.
CLICKER maintains strong and consistent locality, sup-
porting the effectiveness of our adaptive knowledge injec-
tion in limiting side effects. When Chinese is the target
language, CLICKER achieves higher reliability and gener-
ality, likely because Qwen’s training corpus contains a large
share of Chinese data. Performance drops when Japanese
is the source or French the target, consistent with weaker
backbone support for these languages. We corroborate
this by comparing backbones with different multilingual
coverage (See Appendix E for results with GPT-40-mini).
Impact of Edit Base Size. To assess scalability, we
vary the size of the edit base and measure retrieval time,
retrieval accuracy, and the three KE metrics. As shown in
Figure 5, retrieval time grows with base size but remains

in the millisecond range, retrieval accuracy decreases only
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Figure 5 The impact of edit base size. Experiments are con-
ducted between English-Chinese, using Qwen2.5-7B-Instruct.

slightly to about 95%, and reliability, generality, and lo-
cality show only small fluctuations with a mild downward
trend, indicating that CLICKER remains robust as the edit

base grows, maintaining efficiency and accuracy.

5 Conclusions

We introduced CLICKER, a cross-lingual in-context
knowledge editing framework that updates knowledge in
LLMs through adaptive stepwise reasoning, and Multi-
CounterFact, a five-language benchmark with paraphrased
and predicate-matched unrelated prompts for rigorous lo-
cality evaluation. Experiments show that CLICKER sur-
passes existing dynamic cross-lingual KE baselines in re-

liability, generality, and locality.
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Figure 6 Evaluation results (EM, Exact Match) of CLICKER for all language pairs on GPT-40-mini backbone.

A Benchmark Quality Check

We assess translation quality using both automatic and
human evaluation. For the automatic metric, we follow
back-translation [15]: target-language sentences are trans-
lated back into English and scored with BLEU against
the original English, averaged over 200 randomly sampled
records; all target languages achieve syntactically faithful
translations (Table A). For human verification, we focus
on the two lower-scoring languages, Chinese and Japanese:
two native-speaking graduate students each review 250 ran-
domly sampled sentence—translation pairs per language,
judging syntactic and semantic correctness, and find that
only about 1% require correction. We also check the struc-
tural integrity of the translated datasets, observing minor
JSON format deviations in only 0.5% of records, all of

which are manually fixed.

Language zh ja de fr
57.0 50.6 633 69.1

BLEU Score

Table A BLEU Scores for back-translation to English.

B Edit Base Conflict Filtering

We use the multilingual encoder bge-m3 to embed all
entries in the Multi-CounterFact test set as dense vectors.
For each entry f, we retrieve its top-5 nearest neighbors by
cosine similarity and manually check whether any share the
same or a semantically equivalent subject-relation pairs; if
overlap is found, duplicate entries are removed, otherwise
all are retained. To avoid spurious violations when eval-
uating locality, we further filter each unrelated prompt so
that none of its concepts appear in the edit base, ensuring

a theoretical upper bound of 100% locality.
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C Retriever Threshold Selection

For Step 1 of CLICKER, we fine-tune the multilingual
encoder bge-m3 on training triples from Multi-CounterFact
and then apply a similarity threshold 7 to suppress false
positives that the retriever alone fails to reject. To choose
7, we construct a labeled validation set with positive pairs

and negative pairs:

* Positive pairs: (target fact prompt [source lan-
guage], target fact prompt or paraphrase prompt [tar-
get language]),

» Negative pairs: (target fact prompt [source lan-

guage], each unrelated prompt [target language]).

We compute cosine similarities for all pairs, sweep
thresholds from O to 1 in steps of 0.01, and select the

value that maximizes F1.
D Prompt for Language Alignment

You are a professional translator. Translate the following text
(which may contain multiple languages) into English. Output
only the English translation, without any explanations or
additional content.

Text: [Model output from Step 2]

English translation:

Figure 7 Prompt for language alignment (Step 3).
E Supplementary Results

Figure 6 displays a heat map visualizing CLICKER’s
performance using GPT-40-mini backbone across all lan-
guage pairs. On average, GPT-40-mini outperforms
Qwen2.5-7B-Instruct across all language pairs, likely ow-

ing to its higher-quality training data.
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