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Abstract

To achieve equitable performance across lan-
guages, multilingual large language models
(LLMs) must be able to abstract knowledge
beyond the language in which it was ac-
quired. However, the current literature lacks
reliable ways to measure LLMs’ capability
of cross-lingual knowledge transfer. To that
end, we present ECLEKTIC,1 a multilingual
closed-book QA (CBQA) dataset that Evalu-
ates Cross-Lingual Knowledge Transfer in a
simple, black-box manner. We detected in-
formation with uneven coverage across lan-
guages by controlling for presence and absence
of Wikipedia articles in 12 languages. We
generated knowledge-seeking questions in a
source language, for which the answer appears
in a relevant Wikipedia article and translated
them to all other 11 languages, for which the
respective Wikipedias lack equivalent articles.
Assuming that Wikipedia reflects the promi-
nent knowledge in the LLM’s training data, to
solve ECLEKTIC’s CBQA task the model is
required to transfer knowledge between lan-
guages. Experimenting with 8 LLMs, we show
that SOTA models struggle to effectively share
knowledge across, languages even if they can
predict the answer well for queries in the same
language the knowledge was acquired in.

1 Introduction

Ideally, multilingual large language models (LLMs;
Gemini Team, 2024; Llama Team, 2024; OpenAI,
2024, inter alia) should perform similarly and con-
sistently in all languages they were trained on and
specifically be as knowledgeable across these lan-
guages. In addition to making models more human-
like, this would enable speakers of languages with

*Equal contribution
1The dataset is available at https://www.kaggle.com/

datasets/googleai/eclektic
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Figure 1: A model incapable of cross-lingual knowledge
transfer (top box) can only answer factual questions in
their source language, that is, the language in which
the information appeared in its training. It cannot an-
swer the same question when translated into another
target language. A transfer capable model (bottom
box), is able to answer questions no matter the language.
ECLEKTIC allows distinguishing between the two by
targeting facts that unevenly distributed in the model’s
training data as approximated, in the figure and in the
paper, by Wikipedia.
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smaller resource footprints on the Web to have eq-
uitable access to the world’s knowledge, and speak-
ers of higher resource languages, to access a wider
range of information. Alas, LLMs are known to be
inconsistent across languages (e.g., Ohmer et al.,
2023), and in particular, their performance on fac-
tual queries varies significantly depending on the
language in which the model is queried (Jiang et al.,
2020; Kassner et al., 2021; Qi et al., 2023).

LLMs may learn similar knowledge in differ-
ent languages when such documents are encoun-
tered during pretraining. But, since observing all
of the world’s knowledge in all languages, e.g.,
via translation, is not feasible, a complementary
requirement from LLMs may be to share acquired
knowledge between languages, irrespective of the
language it was acquired in. Models with such
capability would either represent knowledge in
a language-agnostic way, or implicitly translate
knowledge at inference time from the language in
which it was acquired to the target language. How-
ever, measuring this knowledge-sharing capability
is not trivial. Methods suggested in the literature
require either causal interventions that are far from
perfect and limited in their transparency (Ifergan
et al., 2024; Wei et al., 2024) or careful dissection
of the model’s inner states that may be noisy (Chen
et al., 2024; Zhao et al., 2024a).

In this paper, we address the problem of em-
pirically quantifying the cross-lingual knowledge-
sharing ability of LLMs. Aiming for a simple,
black-box evaluation, we introduce ECLEKTIC

to Evaluate Cross-Lingual Knowledge Transfer,
by means of closed book QA. Consider, for exam-
ple, a question asking who usually dubs characters
played by Brad Pitt in German movies. Since in
the German part of the internet it is well-known
that the answer is Tobias Meister, a modern LLM
is expected to answer this question easily when
asked in German. However, to answer that in other
languages, in which the internet contains little ev-
idence of this fact, LLMs may struggle without
being able to internally retrieve the German knowl-
edge (see Figure 1).

To target facts like the one above, we constructed
ECLEKTIC, by targeting articles in Wikipedias
in 12 languages that have no equivalent articles
in the other languages, such as the article ded-
icated to Tobias Meister that exists only on the
German Wikipedia. We generated fact-seeking
question/answer pairs based on those articles us-
ing Gemini (Gemini Team, 2024) and translated

them to the other tested languages. The entire gen-
eration and translation phases were manually ver-
ified by human annotators. The result is a set of
questions and answers that relate to a fact that is
well known only in one language (henceforth: the
source language), but are contained in the dataset
in all 12 languages (the target languages). Each
question-answer pair is accompanied by the rele-
vant Wikipedia context. Various LLMs were then
asked these questions across all target languages
in a closed-book setting and their predictions were
judged by another model (Chiang and Lee, 2023;
Zheng et al., 2023) in an open-book setting.

Based on the predictions for each question in the
12 languages, we defined 2 metrics: overall success
that reflects the model’s ability to solve ECLEK-
TIC as a whole by transferring knowledge across
languages, and transfer ability that only measures
the model’s ability to transfer correct answers. We
experimented with 8 top-performing models, both
open-source and proprietary, to demonstrate that,
across the board, ECLEKTIC poses a significant
challenge. The best performing model, Gemini 2.0
Pro, achieves overall success of 41.3% and man-
ages to transfer only 65.0% of the facts it was able
to retrieve in the the respective source language.
Breaking down the results by source and target
language, we show that shared script is a major
factor in the ease of transfer, corroborating findings
from previous works (Qi et al., 2023; Ifergan et al.,
2024). Finally, we tested models of various sizes,
all from the Qwen 2.5 model series (Qwen Team,
2025), and found that bigger models are not able
to transfer more knowledge in relative terms, i.e.,
in terms of transfer ability, although they are more
successful in terms of overall success.

All in all, the contribution of this paper is
twofold. First, we introduce ECLEKTIC, a novel
benchmark for cross-lingual transfer evaluation,
along with its construction and evaluation process.
Second, we present a systematic evaluation of state-
of-the-art models on ECLEKTIC, showing lack
of knowledge transfer across languages, leaving
significant headroom for further research towards
more capable and consistent multilingual models.

2 The Challenge of Cross-lingual
Transfer Evaluation

With the rapid evolution of open-source and pro-
prietary LLMs, we need robust black-box methods
for evaluating and scrutinizing various model ca-
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Figure 2: A schematic overview of the creation of ECLEKTIC and its application in evaluating language models.

pabilities. In this work, we target the cross-lingual
knowledge transfer abilities of multilingual LLMs.
Specifically, we wish to assess whether consistent
outputs for the same input in different languages oc-
cur due to genuine knowledge sharing — stemming
from internal orthogonal treatment of knowledge
and language — or due to incidental exposure and
memorization of the same information in multiple
languages during training.

To the best of our knowledge, prior work for
directly assessing parametric knowledge-sharing
and cross-lingual knowledge-transfer capabilities
mainly looked at the internal mechanisms of open-
source models. One line of work utilizes knowl-
edge editing to determine whether the model’s rep-
resentation of knowledge is causally linked across
languages (Ifergan et al., 2024; Wei et al., 2024).
However, editing methods are far from perfect as
the field is still evolving. Another approach uses
direct observation of neuron activations in order
to understand the extent to which actual transfer
occurs (Chen et al., 2024; Zhao et al., 2024a). One
downside of this approach is that models’ inner
states are not easily interpretable. Yet, more limit-
ing is the fact that all the above methods are white-
box inspection approaches that can only be applied
to open-source models. These methods cannot as-
sess modern SOTA proprietary models, for which
only black-box analysis is possible.

In this work, we present ECLEKTIC to black-
box evaluate cross-lingual knowledge transfer us-
ing a well-established method of closed-book QA
to query parametric knowledge (AlKhamissi et al.,

2022) by carefully selecting questions that would
indicate genuine knowledge transfer.

3 ECLEKTIC

In this section we introduce the ECLEKTIC bench-
mark. We detail the construction of the dataset and
then describe the evaluation procedure and metrics.

3.1 The ECLEKTIC Dataset Construction

As ECLEKTIC is a QA benchmark, we want to
include only questions whose answers were ex-
posed to the model in a single language during pre-
training. Then, when we query such questions in
other languages, an LLM could answer them from
its parametric memory if it has a representation of
that knowledge that is language agnostic.

To generate such question/answer pairs, we se-
lected articles in Wikipedia that exist only in one
of the 12 target languages (see list in Table 1). Con-
cretely, we analyzed the July 2023 Wikipedia dump
and for each language sampled 100 articles that
contain at least 200 characters, had at least 100
views during 2023,2 and most importantly do not
have equivalent articles in any of the other 11 lan-
guages. From each such article we extracted the
10 first sentences and based on them we instructed
Gemini to generate a question and an answer.

The context, the question, and the answer of all
candidate generations were validated by human
annotators. First, the annotators checked that the
question is answerable in a closed book setting, i.e.,

2Statistics available on: https://stats.wikimedia.
org/#/all-wikipedia-projects.

https://stats.wikimedia.org/#/all-wikipedia-projects
https://stats.wikimedia.org/#/all-wikipedia-projects


Source Language # Examples

ENGLISH 39
FRENCH 22
GERMAN 16
HEBREW 29
HINDI 64
INDONESIAN 31
ITALIAN 29
JAPANESE 26
KOREAN 33
MANDARIN CHINESE 35
PORTUGUESE 28
SPANISH 32

TOTAL GENERATED 384
TOTAL TRANSLATED 4224

TOTAL EVALUATED 4608

Table 1: Statistical information on the examples in
ECLEKTIC, broken down by source language.

it does not refer explicitly to the context or mention
the answer. Second, they validated that the question
is related to a fact that is particularly relevant to the
language in question, e.g., it does not relate to a
science or other general knowledge fact. Questions
and answers that did not meet these criteria were
discarded. Third, the annotators made sure that the
question contains all the information needed to be
answerable when translated. For example, a ques-
tion in Hebrew relating to the TV series "Survivor"
was disambiguated by the annotators to explicitly
mention "the Israeli adaption of Survivor". Named
entities were also clarified similarly, so a question
referring to "Ambev" was modified refer to "the
Brazilian brewing company, Ambev".

Finally, each retained question, answer and con-
text were automatically translated to the other 11
languages. The translations were verified by an-
other set of human annotators and modified when
needed. At this stage some examples were also
discarded if they were proved to be untranslatable.
For example, when a question explicitly refers to
the meaning of a word in the source language. To
overcome the difficulties in the verification of trans-
lation between non-trivial language pairs, this stage
was done through English as a pivot language.

The complete annotation process is depicted in
Figure 2. All prompts that were used in the data
creation are detailed in Appendix A. The statistics
of the final benchmark are depicted in Table 1.

3.2 ECLEKTIC Metrics

To empirically assess the cross-lingual knowledge-
transfer capabilities over ECLEKTIC, we devise

two metrics that accompany the benchmark. The
first is overall success, which measures the extent
to which a model succeeds in answering correctly
the questions in ECLEKTIC, in both source and tar-
get language. The second is transfer score, which
measures the success in the knowledge transfer
itself, taking into account only the questions an-
swered correctly in their source language.

Formally, for each question/answer pair we de-
fine example-level success, based on the target lan-
guage in which they are written lt and on the source
language from which they were translated ls, as

Sq,a
M = 1

(
M(qlt) = alt ∧M(qls) = als

)
where M(ql) is the prediction of model M for ques-
tion q in language l. Sq,a

M is a 0/1 score that indi-
cates whether questions that are expected to be cor-
rectly answered in language ls are indeed answered
correctly both in this language as well as in another
target language lt, capturing positive knowledge
sharing between the two languages. Given a set of
examples D, the final metric overall simply aver-
ages across all question/answer pairs.

Soverall
M =

∑
({q,a}∈D) S

q,a
M

|D|
Soverall is the main metric of ECLEKTIC.

To strictly measure the knowledge transfer prob-
ability, we consider only question/answer pairs for
which the model provided the correct answer in the
source language: K = {(q, a)|M(qls) = als}. We
then define transfer score as the number of ques-
tions that were answered correctly by the model in
lt given that they were answered correctly in ls:

Stransfer
M =

∑
({q,a}∈K) S

q,a
M

|K|
Note that this metric does not explicitly reflect the
number of questions answered correctly in their
source language. As a result, it can be maximized
even by weak models, for which |K| is small, as
long as they can answer the same questions in all
languages.

To determine whether a model gives the correct
answer to a specific question in a specific language
M(ql)

?
= al we use an LLM as a judge (Zheng

et al., 2023). This is done in order to avoid the
pitfalls of automatic metrics that are less correlated
with human judgements (Chen et al., 2019). The
judge model, in our case Gemini 2.0 Flash, receives
as input the question and the prediction of the tested
model as well as the translated context in order to
verify that the predicted answer is correct (Zhou



Model Overall Transfer

Gemini 2.0 Pro 41.6±1.5 65.0±1.8
GPT 4o 38.8±1.4 67.0±1.8

Gemini 2.0 Flash 34.6±1.4 62.3±1.9
Claude 3.5 Sonnet 34.4±1.4 60.8±1.9

Gemma 2 9B 8.7±0.8 40.3±3.1
Mistral Nemo 7.1±0.8 38.9±3.4
Qwen 2.5 7B 2.8±0.5 23.5±3.7
Olmo 2 7B 1.6±0.3 17.2±3.7

Table 2: Performance for all proprietary and open mod-
els over all examples in ECLEKTIC in both metrics.

et al., 2025). The prompt used for judgement is in
Appendix A.

3.3 Assumptions in ECLEKTIC

There are several important assumptions we made
in the construction of ECLEKTIC, which we make
explicit here.

First, we assume that all the tested models are ex-
posed to the articles we extracted from Wikipedia.
Moreover, we assume that the model was exposed
to the information in those articles in their respec-
tive source languages multiple times during its
training and the knowledge is therefore more acces-
sible to it. In practice, Wikipedia itself is repeated
in the pre-training data of most LLMs due to the
quality of its texts (Brown et al., 2020; Chowdhery
et al., 2023), and we assume that it holds also for
all multilingual models. Additionally, we assume
that the existence of a Wikipedia article reflects
a general interest of online speakers in the same
topic so the information is also likely to be repeated
in the same language outside of Wikipedia. This
is even more straightforward given that we only
targeted articles with significant yearly view count.

Conversely, we assume that the absence of an
article from a certain Wikipedia reflects the lack
of interest of online speakers in that topic. The
information on that topic is therefore assumed to
appear sparsely on the internet, if at all, and be far
less accessible to the model in that language.

Together, these assumptions allow us to treat the
(in)existence of a fact in Wikipedia as an approx-
imate to the (in)exposure of a fact in a specific
language to a multilingual model that was trained
on the entire internet.

4 Experiments

4.1 LLMs Struggle with Knowledge Transfer
To demonstrate ECLEKTIC’s value in cross-
lingual transfer evaluation, we measured the per-
formance of several models. We included open
models, namely the latest versions of Gemma,3

Mistral,4 Qwen5, and Olmo,6, all in sizes of be-
tween 7 and 9 billion parameters that underwent
instruction tuning. In addition, the black-box na-
ture of ECLEKTIC allows the evaluation of closed
models as well. We therefore included also GPT
4o,7 Claude 3.5 Sonnet,8 and Gemini 2.0 in both
Pro9 and Flash10 versions.

All models were evaluated in a zero-shot setting
and were prompted with the question on its own,
i.e., without an explicit instruction. The results of
can be found in Table 2. They show a clear gap in
performance between the two groups, with propri-
etary models clearly outperforming the open ones
by a very wide margin, probably due to their bigger
size in terms of parameters (see also Section 4.3).

Gemini 2.0 Pro is the best performing model in
solving the task of ECLEKTIC, as defined in terms
of overall success. It manages to answer correctly,
in both source and target language, 41.3% of the
examples. This score reveals that there is still a
clear room for improvement in knowledge retrieval
and transfer capabilities of all models. In terms of
the transfer score, that is the portion of questions
that were answered correctly in the target language
out of those that got the right answer in their source
languages, the performance in much better, with
all closed models achieving more than 60%, but it
is still far from perfect.

All in all, we conclude that ECLEKTIC presents
a serious challenge to modern LLMs despite their
impressive abilities overall.

4.2 Shared Script Eases Transfer
In order to provide further insight into the factors
that affect knowledge transfer, Figure 3 details a
breakdown per language of our results in terms of

3https://huggingface.co/google/gemma-2-9b-it
4https://huggingface.co/mistralai/

Mistral-Nemo-Instruct-2407
5https://huggingface.co/Qwen/Qwen2.

5-7B-Instruct
6https://huggingface.co/allenai/

OLMo-2-1124-7B-Instruct
7We used version gpt-4o-2024-11-20.
8Version claude-3-5-sonnet-20241022.
9Currently an experimental release.

10Version gemini-2.0-flash-001

https://huggingface.co/google/gemma-2-9b-it
https://huggingface.co/mistralai/Mistral-Nemo-Instruct-2407
https://huggingface.co/mistralai/Mistral-Nemo-Instruct-2407
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/Qwen/Qwen2.5-7B-Instruct
https://huggingface.co/allenai/OLMo-2-1124-7B-Instruct
https://huggingface.co/allenai/OLMo-2-1124-7B-Instruct
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Figure 3: Transfer score results of Gemini 2.0 Pro broken down per source and target language. blue is better, red is
worse. Note the diagonal is perfect by the definition of the transfer metric.

transfer score of our best performing model, Gem-
ini 2.0 Pro. This analysis shows that the model’s
ability to transfer knowledge is highly dependent
on the source and target language, with average
scores ranging from 23.5 (transfer from Portuguese
to Japanese) to 100.0 (from German to Indonesian).

It is also possible to see that transfer is much
higher between languages with the same script.
This is evident from the high transfer score be-
tween German, English, French, Spanish, Italian,
Portuguese, and Indonesian. Note that the latter is
not genealogically related to the rest of the Latin-
written languages, yet it performs on par with the
others when serving as a source or a target to other
Latin-written languages. The dependence on script
can also be seen in the transfer scores between Chi-
nese and Japanese, especially when compared to
the transfer from Japanese to other languages. This
finding aligns with previous works in the litera-
ture on the importance of script to transfer (Malkin
et al., 2022; Mittal et al., 2023; Ifergan et al., 2024).

Additionally, this analysis reveals an asymmetry
in transfer scores depending on the role of the lan-

Gemini 2.0 Flash Overall Transfer

Closed-book 34.5±1.4 62.3±1.9
General hint 35.3±1.4 64.4±1.9
Source language name 41.4±1.5 70.0±1.8
Source language title 47.4±1.4 75.8±1.6
Cross-lingual open-book 94.3±0.7 96.0±0.6

Table 3: Performance of Gemini 2.0 Flash when
prompted with hints adding increasing amounts of infor-
mation, from a general hint to use knowledge in another
language to a cross-lingual open-book QA.

guage, as a source or a target. For example, knowl-
edge seems to be easily transferable from Hindi,
mostly to Latin-written languages and to Chinese,
resulting in a macro-averaged transfer score of 78.6.
But the transfer to Hindi is much worse, averaging
in only 59.6 when Hindi is the target language.

A similar breakdown for the overall success met-
ric can be found in Appendix B.

4.3 Bigger Isn’t Necessarily Better

To further explore the role of model size in the
ability to transfer knowledge, we evaluated all 7



Figure 4: Performance of Qwen 2.5 models in various
sizes in terms of both overall success and transfer score.
While transfer saturates at around 14B parameters, over-
all success keeps improving with the increasing model
size.

model sizes of the Qwen 2.5 series, in sizes of
0.5, 1.5, 3, 7, 14, 32, and 73 billion parameters.
We plotted the transfer and overall scores of these
models in Figure 4.

The difference in the curves of the transfer and
the overall scores is clearly evident. The perfor-
mance in terms of overall score continues to im-
prove with almost every increase in model size, and
it seems plausible that an even bigger version of
Qwen would have an even better performance. On
the other hand, in terms of transfer score, the perfor-
mance improves rapidly with the increase in model
size up until 14B parameters and then somewhat
saturates, as more than a 5-fold increase in model
size only give an improvement of about 7 percent-
age points in transfer. Taken together, this leads to
the conclusion that the improvement in the over-
all scores of the bigger model comes mostly from
their ability to retrieve more facts in their source
language while the proportion of facts transferred
rises only marginally.

4.4 Hinting LLMs Into Success Is Not Easy

In the evaluation setting we examined until now
— a zero-shot setting where models are only given
the question itself with no instruction — we found
that models have a significant room for improve-
ment. In order to characterize the pitfalls that make
models fail and how to avoid them, we conducted
an ablation study by incorporating more and more
information into the prompt given to the model. We
experimented with Gemini 2.0 Flash in the follow-
ing settings:

• Closed-book. This is the setting used for the
main experiment, giving the model only the

question to be answered.
• General hint. In this setting an instruction

is given to the model to answer the question
while also instructing it to use its knowledge
in other languages if it sees fit.

• Source language name. This setting is very
similar to the previous one but the name of
language with the relevant knowledge is given
explicitly as part of the prompt.

• Source language title. Here the model is given
not only the name of the language but also the
title of the Wikipedia article from which the
question was generated. The title is given in
its source language.

• Cross-lingual open-book. In this last setting,
the prompt includes the context in its source
language and the question in the target lan-
guage, so the model can completely disregard
its parametric knowledge and it is only re-
quired to bridge the language differences in
its input. This experiment is equivalent to that
done by Chua et al. (2024).

The prompts used in all of these settings are given
in Appendix A.

The results, given in Table 3, show that while
simply hinting the model towards cross-lingual
knowledge is not enough and provides only in-
significant improvement. Revealing the source lan-
guage and the topic leads to a much improved per-
formance of about 7 and 12 percentage points, re-
spectively, indicating that in some cases the knowl-
edge may be partially available to the model, but it
requires some guidance.

However, the most substantial improvement, al-
most to the point of solving ECLEKTIC, comes
when we gave the model the correct context, just
in the source language. The model has no problem
to reason across languages to produce the correct
answer in 94.3% of the examples. This means that
when the knowledge is available in the prompt,
transferring it is less of a problem. The limited
performance over ECLEKTIC is then more likely
to arise from the difficulty in retrieving knowledge
cross-lingually rather than processing it.

5 ECLEKTIC Popular Pages

Beyond reliance on Wikipedia article distribution,
when constructing ECLEKTIC we also made a de-
cision to base the questions and answers on pages
that exist in only one language out of the 12 in
our selection. While providing control over the



Model Popular Pages
Overall Transfer

Gemini 2.0 Pro 36.7±1.2 67.8±1.7
GPT 4o 34.5±1.2 67.3±1.7

Gemini 2.0 Flash 31.6±1.2 65.8±1.8
Claude 3.5 Sonnet 23.8±1.1 56.8±2.0

Gemma 2 9B 6.0±0.6 33.0±2.9
Mistral Nemo 4.0±0.5 31.5±3.4
Qwen 2.5 7B 1.5±0.3 18.9±3.6
Olmo 2 7B 0.8±0.2 9.3±2.5

Table 4: Performance for all proprietary and open mod-
els over all examples in ECLEKTIC popular pages in
both metrics.

language from which the knowledge has to be
transferred, it also means that ECLEKTIC may
include many questions on topics that are some-
what marginal and less consequential to users in
the target languages.

To examine whether our results are due to lim-
ited exposure of the models to their topics, we
experimented with another variant of our dataset,
namely ECLEKTIC popular pages. In this version
we sampled articles that were popular in terms of
views, instead of prioritizing lack of equivalents.
Thus, this version gives emphasis to topics that are
more likely to interest average users and appear
more frequently outside Wikipedia.

Specifically, from each Wikipedia we took the
200 articles that had the most views during April
2023 and lacked equivalent in at least one of the
12 Wikipedias. Then,S through the same pipeline
described in Section 3.1, we created, translated and
verified questions and answers based on the con-
tent of the articles. We ended up with 964 unique
question/answer pairs. However, each example was
evaluated on a subset of target languages consisting
only of languages whose Wikipedias do not include
an article on the question’s topic, resulting in a total
of 6,628 examples summed over all languages.11

We evaluated the same models of Section 4.1 on
this data as well. The results, detailed in Table 4,
are inline with the results over the main ECLEK-
TIC dataset in Table 2. The order of models by
performance didn’t change, Gemini 2.0 Pro is the
best model, followed by GPT 4o, and open 7-9B
models far worse. This experiment indicates on the
robustness of our results to the article selection cri-
terion and on the validity of our assumptions about
the link between Wikipedia articles distribution and

11The data for this variant is also included in https://www.
kaggle.com/datasets/googleai/eclektic.

the necessity of transfer.

6 Related Work and Discussions

6.1 Types of Cross-Lingual Transfer

The term cross-lingual transfer has been exten-
sively used in the NLP literature. The idea of
one language benefiting from resources in another
through a shared representation goes back to Mc-
Donald et al. (2011) at least. However, this term
was used to refer to different specific experimental
settings, some of them significantly different than
the setting of this work.

The first distinction in the literature concerns
what is being transferred, specifically the differ-
ence between cross-lingual skill transfer and knowl-
edge transfer (Rajaee and Monz, 2024). Cross-
lingual skill transfer is the ability to generalize a
given skill to unseen languages regardless of the
language that was used to learn it. E.g. perfect-
ing multilingual summarization when learning to
summarize from English data, or excelling at mul-
tilingual instruction following while only exposed
to a few languages (Hu et al., 2020; Turc et al.,
2021; Malkin et al., 2022; Huang et al., 2023; Sha-
ham et al., 2024). On the other hand, cross-lingual
knowledge transfer is the ability to retrieve factual
knowledge from one language’s data when queried
with any language (Asai et al., 2020; Limkonchoti-
wat et al., 2022; Mittal et al., 2023; Chua et al.,
2024; Litschko et al., 2024).

In addition, methods for evaluation of cross-
lingual transfer can also be orthogonally catego-
rized into two broad approaches: fine-tuning on
sources, then testing on targets (e.g., Shaham et al.,
2024; Limkonchotiwat et al., 2022) vs. zero-shot
evaluation of the targets (e.g., Malkin et al., 2022;
Chua et al., 2024). While the earlier enables higher
control over the data and experimental setting, the
latter is less expensive and reflects how models
behave in the wild.

Lastly, when dealing with cross-lingual knowl-
edge transfer, the knowledge can be either para-
metric (e.g., Rajaee and Monz, 2024) or contextual
(e.g., Chua et al., 2024; Mondshine et al., 2025), a
distinction explored by Neeman et al. (2022) in a
monolingual setting.

Within this taxonomy of cross-lingual transfer
related works, ECLEKTIC clearly belongs to meth-
ods evaluating parametric knowledge transfer in a
zero-shot setting. In addition, the experiment in
Section 4.4 gradually transition from parametric

https://www.kaggle.com/datasets/googleai/eclektic
https://www.kaggle.com/datasets/googleai/eclektic


to contextual knowledge transfer, with the cross-
lingual open-book experiment occupying the other
end of that spectrum.

6.2 ECLEKTIC and Cross-Lingual
Consistency

Cross-lingual knowledge transfer is closely related
to cross-lingual consistency, which has been ex-
plored extensively in recent literature. Starting with
monolingual English settings, early works noticed
that LLMs lack a guarantee on consistency due to
the statistical nature of their training. That is to
say that models may generate contradictory state-
ments when presented with semantically equivalent
inputs (Kassner and Schütze, 2020; Ravichander
et al., 2020) or may rephrase identical factual in-
formation in different ways (Elazar et al., 2021).
In the context of modern LLMs, there has been
increasing attention on ensuring output consistency
when faced with variations in prompts (Mizrahi
et al., 2024; Sclar et al., 2024; Zhao et al., 2024b).
A variety of methods have been proposed to im-
prove this consistency, including the augmentation
and diversification of instructions during training
(Liang et al., 2023; Zhao et al., 2024b).

In multilingual models, the challenge becomes
even more complex, as it introduces the issue of
cross-lingual inconsistency, where models fail to
provide consistent responses to semantically equiv-
alent inputs in different languages. To assess cross-
lingual consistency, earlier works translated En-
glish datasets, either derived from knowledge bases
(Kassner et al., 2021; Jiang et al., 2020; Ifergan
et al., 2024) or from NLP tasks (Ohmer et al., 2023),
into multiple languages. These studies then mea-
sured the variance in LLM responses, typically in
terms of answer overlap or ranking (Qi et al., 2023).

However, when applying translation across-the-
board to entire datasets, these consistency-focused
benchmarks may include some well-known facts
that the model saw and memorize in many lan-
guages separately and therefore could easily predict
consistently (see discussion in Section 2). More-
over, starting with English-constructed datasets
may introduce biases into these benchmarks.

The QA task of ECLEKTIC, although created
with transfer in mind, may also serve as a better
benchmark for cross-lingual consistency. To begin
with, ECLEKTIC is not generated in English but in
all languages of the dataset. But more importantly,
by targeting specific knowledge that is less known
in most languages, we present models with a far

greater challenge in keeping their answers consis-
tent. It is therefore possible to view the results over
ECLEKTIC also as a tighter upper bound on the
consistency of multilingual models.

7 Conclusions

In this paper we presented ECLEKTIC, a closed-
book QA dataset for evaluating the abilities of mod-
els to transfer knowledge from their parametric
memory across languages. This black-box eval-
uation was made possible by carefully phrasing
questions that target topics that are highly visible
in one language and not in any of the others. Our
benchmark allows for simple and reliable transfer
evaluation which is, for the first time, easily appli-
cable also to API-fenced models. Our results show
that cross-lingual knowledge transfer is a difficult
task that is far from being solved, and that ECLEK-
TIC can be employed to indicate on the progress
made towards consistent and inclusive multilingual
language models.

8 Limitations

Time sensitivity When constructing ECLEKTIC

we relied on the distribution of topics in Wikipedia
in different languages as reflected in July 2023.
Since then, and in the future, it is of course possible
for the article distribution to change, mostly as new
topics become more prominent for the speakers of a
given language, on Wikipedia and in general. This
makes ECLEKTIC somewhat time-dependent, so
in the future it would probably require an update.

Number of languages Although the data
ECLEKTIC covers varied languages, its coverage
is obviously partial. It covers only 6 out of the 10
most spoken languages according to Ethnologue,12

and 8 out of the 10 most active Wikipedias in terms
of active users.13 However, due to the translation of
all examples to all languages, adding significantly
more languages may make the evaluation using
ECLEKTIC less cheap and fast.

The limited number of languages also make the
conclusions of Section 4.2 less unequivocal, but
the fact the previous works pointed to the same
conclusions (Malkin et al., 2022; Mittal et al., 2023;
Ifergan et al., 2024) provides some reassurance.

12https://www.ethnologue.com/statistics/
13https://en.wikipedia.org/wiki/List_of_

Wikipedias
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A Prompts

A.1 ECLEKTIC Creation
During the creation of ECLEKTIC, LLMs were
used for question and answer generation and for
the translation of the examples from their respec-
tive source languages to all other target languages.
Although human annotators verified and fixed their
outputs, we also provide here the prompts that were
used.
Question and Answer Generation

**Task:** Formulate a question in {lang_name}
that requires a deep understanding of a given
{lang_name} Wikipedia paragraph.

**Requirements:**
* **Context-Specific:** The question must be

answerable solely through information presented
within the paragraph, excluding general knowledge
or common sense.

* **Self-Contained:** The question should be
completely self-explanatory, providing all neces-
sary context within its phrasing. Assume the reader
has no access to the paragraph when answering the
question.

* **Single Concrete Factual Detail:**
- The question should not require multiple an-

swers or involve listing multiple details.
- Avoid asking about opinions, interpretations.
- In you can’t answer the question, prefer to

generate another question.
- Focus on extracting a specific, concrete, factual

detail that the paragraph directly states.
- Be specific:
- If you are asking about an entity be clear about

it – Use full names for example.
- Mention expected granularity: If you are asking

about a date, instead of asking "when", ask for a
decade, year, month, date etc. If you are asking
about a location, instead of asking "where", ask for
a country, state, city, street, landmark etc.

- Avoid asking questions that their answers are
acronyms.

Even for non-English examples keep the con-
vention of using the English words "Paragraph",
"Response", "question" and "answer" for specify-
ing the parts being generated.

Generate only the question and answer. No need
to continue with additional examples.

**Examples:**
Paragraph: The Great Barrier Reef is the world’s

largest coral reef system, composed of over 2,900
individual reefs and 900 islands stretching for over

2,300 kilometers (1,400 mi) over an area of approx-
imately 344,400 square kilometers (133,000 sq mi).
The reef is located in the Coral Sea, off the coast of
Queensland, Australia. The Great Barrier Reef can
be seen from outer space and is the world’s biggest
single structure made by living organisms.

Response: Question: Where is the Great Barrier
Reef located? Answer: Coral Sea, off the coast of
Queensland, Australia

Paragraph: Die Cazoo Snookerweltmeisterschaft
2023 wurde vom 15. April bis 1. Mai im Cru-
cible Theatre in Sheffield ausgetragen. Mit ihr
endete die Saison 2022/23 der World Snooker
Tour.[1] Titelverteidiger Ronnie O’Sullivan scheit-
erte im Viertelfinale gegen Luca Brecel. Der Bel-
gier erreichte das Finale und schlug dort den vier-
fachen Weltmeister Mark Selby mit 18:15. Bre-
cel ist damit der erste Kontinentaleuropäer, der
Weltmeister wurde. In diesem Jahr wurden noch
weitere Bestmarken in Bezug auf die 47-jährige
„Crucible-Ära“ aufgestellt. Unter anderem über-
traf Ronnie O’Sullivan mit seiner 31. Endrunden-
teilnahme die 30 Teilnahmen von Steve Davis.[2]
O’Sullivan erzielte auch sein 200. WM-Century-
Break. Zweimal wurde ein Maximum Break erzielt,
was es 2008 bereits einmal gegeben hatte; das „per-
fekte Break“ in einem WM-Finale gelang 2023
erstmals Mark Selby.

Response: Question: Gegen wen verlor Ron-
nie O’Sullivan im Viertelfinale der Snooker-
Weltmeisterschaft 2023? Answer: Luca Brecel

Paragraph: {context}
Response:

Translation
Translate the provided text from {in_lang} to

{out_lang} while maintaining the original mean-
ing and intent. Ensure accuracy and preserve the
entities and concepts expressed in the source text.

Input in {in_lang}: {text} Response in
{out_lang}:

A.2 Judging Prompt
**Task:** Determine if an answer to the question
is supported by a given text.

**Input (in {target_language}):** - Text - Ques-
tion - Answer

**Single Word Output (in English):** - YES:
Answer is derived from the text. - NO: Answer is
not derived from the text.

Text: {context}
Question: {question}
Answer: {predicted_answer}
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Figure 5: Overall success results of Gemini 2.0 Pro broken down per source and target language. blue is better, red
is worse.

Output:

A.3 Prompts for Ablation in Section 4.4

Closed-book
{question}

General hint
Answer the following question based on your

knowledge in another language.
{question}

Source language name
Answer the following question based on your

knowledge in {in_lang}.
{question}

Source language title
Answer the following question based on your

knowledge in {in_lang} about {original_title}.
{question}

Cross-lingual open-book
Context: {original_context}
{question}

B Per-Language Breakdown - Overall
Success

Figure 5 contains per-language breakdown of the
results in terms of overall success of the best per-
forming model, Gemini 2.0 Pro, similar to the trans-
fer score breakdown done in Section 4.2. It shows
that when taking into account the ability to answer
questions in their source language, some languages
lead to worse performance when used as a source.
For example, the low scores on the diagonal for
German, Hebrew and Japanese lead to worse scores
on the entire respective columns.
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