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Abstract

Parametric knowledge in Large Language
Models is not equally accessible across lan-
guages. As a result, standard inference tech-
niques often struggle to surface localized facts,
leading to failures in cross-lingual knowledge
transfer and consistency. In this work, we
investigate techniques for accessing hidden
factual knowledge by exploring cross-lingual
prompting strategies. We identify four in-
herent dimensions of cross-lingual exploration
that directly govern parametric knowledge re-
trieval and evaluate them on multilingual fac-
tual benchmarks covering 17 typologically di-
verse languages. Our results demonstrate
that cross-lingual exploration significantly im-
proves knowledge transfer and factual recall,
representing a more efficient compute Pareto
frontier than native-language scaling. Fur-
thermore, we observe corresponding improve-
ments in cross-lingual consistency, exceed-
ing what can be explained by accuracy gains
alone. Overall, our work establishes multi-
lingual prompt exploration as a highly effec-
tive inference-time strategy for unlocking la-
tent parametric knowledge. !

1 Introduction

A defining characteristic of Large Language Mod-
els (LLMs) lies in their ability to encode massive
amounts of real-world, multi-lingual and multi-
cultural knowledge in their parameters (Petroni
et al., 2019; Brown et al., 2020; Ventura et al.,
2025). This parametric knowledge is not only
foundational for natural interaction but it further
provides a scalable repository of information that
can complement or exceed human specialty (Guo
et al., 2024; Singhal et al., 2023). Yet, the mecha-
nisms by which this knowledge is stored, accessed,
and manipulated remain poorly understood. It
is intricately encoded in parametric superposition

'Code and data available at GitHub.
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Figure 1: Illustration of cross-lingual exploration for
parametric knowledge retrieval. On the top, a mono-
lingual English reasoning path hallucinates an incor-
rect answer, whereas in the middle, reasoning through
Japanese accesses the relevant localized knowledge and
retrieves the correct entity. At the bottom, aggregating
multiple linguistic paths further increases the probabil-
ity of retrieving the correct answer.

(Templeton et al., 2024) across different compo-
nents of the network (Geva et al., 2021; Meng
et al., 2022; Geva et al., 2023). Consequently,
when presented with a factual question, correct an-
swers often remain unreachable for standard infer-
ence methods (Gekhman et al., 2025). We show
that suitable inference, leveraging multi-lingual
exploration, can mitigate this gap.

Multilingual settings are a case in point, as fac-
tual recall varies substantially across languages
and scripts (Jiang et al., 2020; Kassner et al., 2021;
Fierro and Segaard, 2022). The same underlying
fact may thus be easier to access in one language,
script, or cultural context than another.

These access failures motivate the evaluation of
cross-lingual knowledge transfer and cross-lingual
consistency. The former asks whether knowledge
acquired or most readily accessible in one lan-
guage can answer equivalent queries in another,

52429

Findings of the Association for Computational Linguistics: EMNLP 2026, pages 52429-52466
October 24-29, 2026 ©2026 Association for Computational Linguistics


https://github.com/elishadiskind/Cross-Lingual-Exploration-for-Parametric-Knowledge/

Gemini 2.5
Flash Flash mini 2358

. . Er

Gemini 2.0 GPT 40 GPT 40
N Baseline

-,

mm [.-EN
Le - Choose

Figure 2: Knowledge Transfer reported for selected
strategy implementations. Cross-lingual exploration
consistently improves performance across all evaluated
models. See table 1 for a list of all exploration strate-
gies.

the latter asks whether semantically equivalent
questions across languages produce the same fac-
tual answer (Fierro and Segaard, 2022; Qi et al.,
2023; Ifergan et al., 2025). Consistency is often a
desideratum of independent value from accuracy,
as it provides robustness downstream applications
may build on.

Existing inference-time approaches aim to im-
prove multilingual performance by changing the
input or reasoning language, typically through
translation to a fixed high-resource pivot such as
English or through cross-lingual prompting (Qin
et al., 2023; Etxaniz et al., 2024; Mondshine
et al., 2025). Recent work on Language Specific
Knowledge further challenges the fixed-English
assumption, showing that some queries are bet-
ter answered in non-English expert languages and
proposing language selection as a way to improve
question answering (Agarwal et al., 2025). How-
ever, our goal is broader than identifying an expert
language for culturally grounded question answer-
ing.

Our main contributions are summarized as fol-
lows. We provide behavioral evidence that spend-
ing an inference-time reasoning budget across al-
ternative languages retrieves parametric factual
knowledge more effectively than spending a com-
parable budget only in the query language. We re-
port broad empirical results across multiple state-
of-the-art multilingual LLMs on two complemen-
tary factual benchmarks, CLIKE and ECLeKTic,
covering 17 typologically diverse languages. We
introduce a systematic characterization of cross-
lingual inference as a design space comprised of
four principal dimensions to analyze their impact
on cross-lingual knowledge transfer and factual re-
call.

2 Related Work

2.1 Exploration for Parametric Knowledge
Retrieval

Previous work used reasoning techniques (Wei
et al., 2022) to improve the performance of lan-
guage models through exploration of the solution
space. Similarly, Wang et al. (2023) improves self-
consistency by sampling and aggregating multi-
ple reasoning paths. Recent work connects this
idea directly to factual recall. Gekhman et al.
(2025) shows that models can contain hidden fac-
tual knowledge that is not expressed in their out-
puts, and Gekhman et al. (2026) shows that rea-
soning can help recover factual answers that direct
prompting fails to produce. These findings sug-
gest that factual recall depends not only on what
is stored in the model, but also on whether an in-
ference technique can access it. Our work builds
upon this, positioning the language as the central
axis of the inference-time exploration.

2.2 Multilinguality at Inference-Time

Multilingual prompting and translation-based in-
ference have been used to improve model perfor-
mance across languages. Qin et al. (2023) intro-
duces cross-lingual prompting and cross-lingual
self-consistency, showing that multilingual rea-
soning paths can improve zero-shot chain-of-
thought reasoning. Etxaniz et al. (2024) study self-
translation into English and show that routing non-
English inputs through English can often improve
performance. Mondshine et al. (2025) showed that
the benefit of translation depends on which prompt
components are translated and on properties of the
source and target languages.

Recent work further challenges the assump-
tion that English is always the best inference lan-
guage. Agarwal et al. (2025) show that, espe-
cially for culture-specific knowledge, reasoning in
a non-English language can outperform English.
Rather than treating multilingual inference as a
task-specific prompting method, we frame cross-
lingual exploration as a multi-dimensional design
space that unlocks hidden parametric knowledge
and expands the evaluation scope to budget-aware
cross-lingual knowledge transfer and consistency,
isolating the precise benefits of cross-lingual ex-
ploration.
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Strategy Language Selection Structure Aggregation Model Calls

L. — EN Fixed Pivot (EN) Single-path None 1

L. — Choose-Unlimited Autonomous Single-path None 1

L. — Choose-ReasonAboutOrigin ~ Autonomous (Origin-aware) Single-path None 1

L. — Choose + EN Autonomous + Fixed Pivot Sequential None 1

Leel Fixed Set (£) Multi-path Maj / Mino L]+ 1

Le € Lprea Predicted Subset Multi-path Maj / Mino | Lprea| + 2

L. € Choose (x13) Repeated Autonomous Multi-path Maj / Mino 13+1
Baselines & Ablations

Native Baseline Original (L) Direct Answer  None 1

Le — Ly Original (L) Single-path None 1

Native (x13) Original (L) Multi-path Maj / Mino 13+1

Le — Lgource (Oracle) Oracle Source Single-path None 1

L. — L,-ReasonAboutOrigin Original (Lg) Single-path None 1

Table 1: Summary of cross-lingual exploration strategies across four design dimensions. Single-path strategies use
a fixed English pivot (L. — EN) or autonomous model-driven selection (Choose), where Origin-aware selection
requires prior reasoning about the fact’s cultural source. Hybrid exploration sequentially traverses in more than
one language in a single path. Multi-path strategies aggregate independent reasoning paths using Majority-Vote or
Minority-Aware selection across a fixed set (£), a predicted subset (Lpeq), or repeated autonomous choices (x13).
The Model Calls column reports the number of inference calls, where multi-path methods require one call per
explored path plus one aggregation call. Baselines include direct retrieval, monolingual reasoning (L. — L), and
budget-matched native ensembles, alongside oracle source-language routing.

3 Cross-Lingual Exploration for
Knowledge Recall

To better understand the contributing factors that
improve cross-lingual exploration, we decompose
the methodological design space into four inherent
dimensions (§3.1). These dimensions govern how,
and at what computational cost, knowledge is re-
trieved during inference, framing cross-lingual ex-
ploration as a structured search process for unlock-
ing hidden parametric knowledge. Building on this
framework, we then use these dimensions to con-
trollably implement a suite of effective exploration
strategies (§3.2).

3.1 Dimensions of Multilingual Parametric
Knowledge Exploration

Language Selection. This dimension deter-
mines the linguistic contexts used to probe the
model’s parameters. Since factual knowledge is
unevenly distributed across languages, the choice
of exploration language is critical for successful
retrieval.  Different strategies can use model-
driven language selection, routing queries toward
languages associated with culture-specific con-
texts or leveraging high-resource pivot languages
where factual recall is often superior.

Exploration Routing. This dimension defines
the routing of the search process. By encourag-
ing the model to traverse different linguistic paths,

the exploration structure determines whether the
search is narrow and focused on a single linguis-
tic context or broad and distributed across mul-
tiple independent viewpoints. Variations include
a single-path trajectory that commits to one lan-
guage throughout the exploration, multiple inde-
pendent paths that allow different linguistic con-
texts to compete or complement each other, and se-
quential language-switching within a single path.

Answer Selection and Aggregation. When ex-
ploration produces multiple candidate trajectories,
this dimension governs how the final factual output
is distilled. It represents the mechanism for resolv-
ing potential conflicts between linguistic contexts
and selecting the most reliable answer. This step
is a critical bottleneck for realized performance,
while broad exploration increases the probability
that the correct fact is surfaced in at least one path,
the aggregation strategy must successfully identify
it among competing (and potentially incorrect) al-
ternatives. Strategies can range from simple ma-
jority voting to more complex, reasoning-aware
selection methods.

Inference Budget. This dimension accounts for
the total compute allocated to the search, the num-
ber of model calls, generated tokens, and parallel
paths required by a strategy. Budget tracking is
critical, as computational cost remains a primary
bottleneck in LLM inference. Moreover, control-
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ling for this dimension allows us to isolate the in-
trinsic benefits of uncovering parametric knowl-
edge from the raw performance gains driven purely
by general inference-time scaling.

3.2 Exploration Strategies

Building upon this design space, we construct a
suite of strategies that probe the model’s paramet-
ric space through different linguistic trajectories.
Formally, we define an exploration strategy S as a
function S(¢, Ly;) — a that maps a factual ques-
tion ¢ in input language L, to a final answer a.
Each strategy is composed of: (i) a selection mech-
anism that identifies a set of exploration languages
Le C L; (ii) arouting process that generates an ex-
ploration trajectory 77, for each L. € L., and (iii)
an aggregation function A that distills these trajec-
tories into the final answer a = A({Ty, | L. €
L.}). By varying these components, we instanti-
ate strategies that represent specific configurations
within the exploration design space. These strate-
gies are summarized in table 1.

4 Experimental Setup

4.1 Evaluation Tasks and Datasets

To robustly evaluate the impact of cross-lingual
exploration on accessing parametric knowledge,
we use two complementary benchmarks.

ECLeKTic: The ECLeKTic (Evaluating Cross-
Lingual Knowledge Transfer) dataset (Goldman
et al., 2025) measures the effectiveness of an LLM
in transferring localized knowledge across lan-
guages. It targets “language-specific” facts, in-
formation corresponding to entities that possess
a Wikipedia article in one source language but
lack equivalents in the other evaluated languages.
These facts are instantiated as natural language
questions. To succeed on this benchmark, a model
must be able to retrieve a fact learned primarily in
its source language and accurately answer a query
posed in a target language where the fact was never
explicitly encountered.

CLIKE: While the previous focuses on local-
ized facts, CLIKE (Cross-Lingual Knowledge
Editing) dataset (Ifergan et al., 2025) provides a
broad evaluation of general Wikidata facts across
13 typologically diverse languages. Each fact in
CLIKE is structured as a subject-relation-object
triplet and instantiated into natural language cloze-
style queries. Because the same underlying fact is

queried across all languages, CLIKE allows us to
simultaneously measure overall factual recall and
cross-lingual answer consistency.

Due to computational costs, we conduct our
analysis on a representative subset of 2K CLIKE
entities, yielding approximately 18 K multilingual
queries. This subset is sufficiently large to ensure a
robust evaluation of factual recall and consistency
across all available languages, covering roughly
234K exploration paths for multi-path strategies.

Our evaluation spans over 13 languages for
CLIKE and 12 for ECLeKTic (a total of 17 unique
languages), covering diverse scripts and language
families. See Appendix C.1 for details.

4.2 Models

We evaluate our strategies across a diverse set of
state-of-the-art LL.Ms, including Gemini 2.5 Flash,
Gemini 2.0 Flash (Gemini Team, Google, 2025),
GPT-40 (OpenAl, 2024b), GPT-40-mini (OpenAl,
2024a), Qwen 3 235B (Team, 2025), and Grok
4.1 Fast (xAl, 2025). This suite of models covers
both proprietary and open-source models, as well
as different model sizes. Knowledge cutoffs for
all models are reported in Appendix C.4. Knowl-
edge cutoff dates are particularly relevant for the
ECLeKTic benchmark to prevent contamination of
the gold answers in the model parameters. De-
tailed hyperparameters and configurations are pro-
vided in Appendix C.

4.3 Strategy Instantiation

To instantiate these strategies, we develop a suite
of prompt templates tailored for each strategy and
language, as detailed in Appendix E. A core de-
sign principle of our experimental setup is that the
full prompt, including instructions for translation,
intermediate reasoning, and answer formatting is
always provided in the original query language L.
For example, if a question is posed in Japanese
and the strategy requires exploring a trajectory in
English, the instruction “Translate the following
question to English, answer it, and then translate
the final answer back to Japanese” is itself pre-
sented in Japanese. This approach avoids introduc-
ing uncontrolled code-switching within the prompt
and isolates the model’s ability to explore its own
internal parametric space using its native cross-
lingual capabilities.
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4.4 Evaluation Metrics

Accuracy We evaluate the correctness of model
predictions using Gemini 2.5 Flash (Gemini Team,
Google, 2025) as an LLM-as-a-judge, tasked with
classifying whether the prediction is equivalent to
the gold answer (using the prompt provided in Ap-
pendix C.6), regardless of phrasing. We report
mean accuracy with Standard Error of the Mean
(SEM), and both Macro (language-level) and Mi-
cro (sample-level) averages.

Knowledge-Transfer We quantify cross-lingual
knowledge transfer (K71') by measuring the
model’s ability to correctly answer queries from
the ECLeKTic dataset in a target language, where
the underlying fact is localized to a different source
language. Formally, let Do be the ECLeK-
Tic dataset where each sample is a quadruplet
(¢, Lg, Lsre, agoia), with ¢ being the question, L,
the query language, L. the language where the
fact is uniquely localized, and a4 the gold an-
swer. We define Knowledge-Transfer for a strat-
egy S as:

KT(S) = \113\ > 1[S(q, Ly) = agaal (1)
D

where, D= {(Q7anLsr07agold) €Dgc | Lq ?é Lsrc}

Factual Recall We define Factual Recall (F'R)
as the model’s ability to correctly retrieve and ex-
press factual knowledge that is nominally present
within the query language corpus, unlike KT,
which involves retrieving facts localized to a dis-
tinct source language. This metric allows us to
distinguish between bridging cross-lingual knowl-
edge gaps and recalling facts that are likewise
present in the query language. In our experiments,
we use accuracy on the CLIKE benchmark as the
primary measure of F'R.

Upper Bounds For all multi-path methods, we
compute a potential upper bounds (e.g., Potential
- L. € £). In this setting, an example is consid-
ered successful if at least one generated path con-
tains the correct answer. This decouples the ef-
fectiveness of exploration from the bottlenecks of
the aggregation strategy, providing an estimate of
the knowledge unlocked by the search. However,
we note that this upper bound may be optimistic,
as taking the maximum over multiple stochastic
generation paths can inflate performance estimates
even when gains are due to noise.

Inference Budget Measurement To compare
the computational cost of different strategies on an
even ground, we measure the token cost of each
method. The cost is computed as the average to-
tal tokens consumed per question, encompassing
both the input tokens and the generated response
output tokens. For multi-path strategies, the cost
is the sum of tokens across all generated paths and
the aggregation step.

5 Results

5.1 Exploration Improves Knowledge
Transfer

Our techniques utilize alternative linguistic con-
texts to encourage wider exploration of the model’s
parametric knowledge and improve the recall of lo-
calized facts. To evaluate this, we measure knowl-
edge transfer (K'T") on the ECLeKTic dataset. As
shown in fig. 2, our exploration strategies con-
sistently improve KT across all evaluated mod-
els. Furthermore, fig. 3 indicates that every cross-
lingual variant achieves a positive KT' gain of up
to 21% compared to the native monolingual base-
line. Crucially, these gains occur without any up-
dates to the model parameters or access to exter-
nal information. These results demonstrate that
cross-lingual exploration can successfully surface
localized facts that were previously inaccessible
through standard querying methods.

5.2 Exploration Improves Factual Recall

We investigate whether cross-lingual exploration
additionally improves general factual recall.
Specifically, we evaluate facts that are nominally
present within the query language corpus. To eval-
uate this, we use the CLIKE benchmark, where
every queried fact is represented in Wikipedia
across all evaluated languages. As shown in fig. 3,
cross-lingual exploration significantly boosts
factual recall across all evaluated methods. This
directly indicates that parametric facts that are
present in the query language but are inaccessible
by standard monolingual strategies benefit from
cross-lingual exploration.  This goes beyond
bridging knowledge transfer as a fact may be
represented in the query language itself. Overall,
this shows that traversing alternative linguistic
paths provides an effective behavioral strategy
for closing the “recall gap” even in low-budget,
single-path routing.
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5.3 Cross-Lingual Exploration Outperforms
Monolingual Reasoning Scaling

Our results demonstrate the clear advantage of
cross-lingual exploration. We now verify that
these gains genuinely stem from uncovering hid-
den parametric knowledge through exploration
rather than merely from inference-time scaling via
reasoning. To isolate this effect, we compare
our cross-lingual exploration strategies against a
standard monolingual reasoning baseline that uti-
lizes an intermediate thinking path in the orig-
inal query language (L. — L), as well as
a monolingual origin-reasoning control (L, —
L,-ReasonAboutOrigin).

The L. — L4-ReasonAboutOrigin control uses
the origin-aware instruction, while keeping the
reasoning language fixed to the original query lan-
guage L,. As illustrated in fig. 3, this monolin-
gual control yields an accuracy gain of +10% on
CLIKE and a knowledge transfer gain of +9%
on ECLeKTic relative to the Native Query Lan-
guage baseline. This confirms that reasoning about
the cultural and linguistic origin of facts helps the
model locate and retrieve latent parametric knowl-
edge even within the query language, outperform-
ing standard monolingual reasoning (+7% and
+6% gains, respectively).

However, this monolingual control is substan-
tially outperformed by cross-lingual exploration
strategy (L. — Choose-ReasonAboutOrigin),
which achieves gains of +16% on CLIKE and
+15% on ECLeKTic in fig. 3. These margins
clearly demonstrate that the linguistic shift itself,
rather than the reasoning process alone, is the pri-
mary driver for unlocking previously inaccessible
parametric knowledge.

6 Impact of Dimensions

6.1 The Selection Dimension

The choice of exploration language (L.) dictates
the linguistic context under which the query is pro-
cessed. A frequent assumption in the literature is
that routing through a high-resource pivot, such as
English, yields optimal retrieval. Our results chal-
lenge this assumption.

While English-only exploration (L, — EN)
provides a substantial improvement over the
native baseline (e.g., 12% on CLIKE and
9% on ECLeKTic), it falls short of au-
tonomous selection strategies, specifically,
Le — Choose-ReasonAboutOrigin achieves
improvements of 16% and 15% respectively,
outperforming the English pivot (fig. 3). This
gap suggests that a single pivot language cannot
act as a universal key to all latent knowledge,
as facts localized in specific cultural contexts
often require traversal through their associated
linguistic context to be successfully retrieved.

The autonomous origin-aware selection
(53.1%) surpasses even the provided oracle
setting (Le — Lsource, 91.0%), where the model is
explicitly routed through the fact’s original source
language provided in the ECLeKTic dataset. This
result reinforces recent evidence that multilingual
models possess some ability to select useful
reasoning languages on their own through their
LLM-selected language baseline (Agarwal et al.,
2025). We show that autonomous selection is not
only competitive with fixed or externally supplied
language choices, but can potentially outperform
routing based on provided source-language meta-
data. This suggests that having the model first
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reason about the source language it should explore
in, greatly improves its ability to surface relevant
knowledge, and potentially more effective than
supplying the true source language in advance.

To better understand how effectively the model
identifies the correct linguistic region for factual
queries, we analyzed the selections made by the
model in the L. — Choose-ReasonAboutOrigin
strategy on the ECLeKTic dataset. We find
that the selected reasoning language matched the
true ECLeKTic source language in 69.49% of
instances. This language selection was identi-
fied using an automated LLM-based language-
classification pipeline that analyzed the model’s
raw step-by-step reasoning process as described in
Appendix K.

To study the behavioral patterns of autonomous
selection, we performed a qualitative analysis of
reasoning traces where English-pivot reasoning
failed but autonomous language selection suc-
ceeded on the ECLeKTic benchmark. As sum-
marized in Appendix D, we observe that while
English-pivot paths often default to generic hal-
lucinations or incorrect heuristics for localized
queries, autonomous selection allows the model to
identify the entity’s cultural origin and retrieve pre-
cise factual details by switching to the associated
language.

6.2 The Routing Dimension

The specific routing of cross-lingual exploration
greatly impacts its effectiveness. Our results
in fig. 3 show a clear performance hierarchy,
while a single-path autonomous selection strat-
egy (Le — Choose-ReasonAboutOrigin) al-
ready yields substantial gains (e.g., +15.7%
on CLIKE), extending to multi-path exploration
(Le € Choose-ReasonAboutOrigin (x13)) con-
sistently further improves accuracy by 4.7% and
6.2% on CLIKE and ECLeKTic, respectively.
This demonstrates that multi-path exploration is
superior for parametric retrieval, and aligns with
existing work reporting that exploration across
multiple independent paths improves parametric
retrieval (Wang et al., 2023).

In contrast, we find that a hybrid routing (i.e.,
L. — Choose + EN), where the model transi-
tions through multiple languages within a single
generation path does not contribute to performance
gains over L, — Choose-Unlimited. To inves-
tigate this, we used an LLM-as-a-judge (Gemini
2.5 Pro) to evaluate whether the model’s seman-

tic answer changes across the different languages
within the same path (see extraction prompt in Ap-
pendix C.6). Our analysis shows that in 99% of
cases, the answer remained identical after the ini-
tial language shift. This indicates that sequential
switching provides no additional retrieval benefit
while consuming a larger token expense. Conse-
quently, parallel multi-path exploration or a sin-
gle optimized autonomous path represent the
most effective routing strategies.

6.3 The Aggregation Dimension

Our analysis reveals a massive gap between the
potential upper bound and the knowledge success-
fully selected during aggregation. For instance, on
the CLIKE benchmark with the L. € L strategy,
we report potential knowledge recall gain of over
31% relative to the native baseline, while the real-
ized gain is approximately 18% (fig. 3). Similarly
on the ECLeKTic benchmark, the potential knowl-
edge transfer gain exceeds 44%, compared to a re-
alized gain of approximately 21%. This shows that
cross-lingual exploration successfully reaches and
unlocks latent parametric knowledge in the vast
majority of cases, while identifying the correct an-
swer among competing candidates remains a sig-
nificant challenge.

The nature of the knowledge may dictate the op-
timal aggregation strategy. In CLIKE, where facts
are broadly represented across languages, the delta
achieved by Majority-Vote is slightly higher than
that of Minority-Aware aggregation (+17.6% vs.
+17.4% ). However, on the ECLeKTic bench-
mark, which targets highly localized knowledge,
Minority-Aware aggregation takes a lead over Ma-
jority Vote (+16.0% vs. +15.3%). This may occur
because correct parametric associations for local-
ized facts might only be triggered in a narrow set of
languages, potentially making the correct answer a
minority among hallucinated responses from other
paths.

6.4 Cross-Lingual Exploration as an
Efficient Compute Frontier

A central question in inference-time scaling is
whether performance gains stem from additional
computation or from a more effective search. We
evaluate this by comparing the Pareto frontier of
accuracy versus cost for native-language scaling
and cross-lingual exploration. As shown in Fig-
ure 4, the red Pareto curve, which corresponds
to scaling compute within the native query lan-
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Figure 4: Accuracy as a function of Average Token
Cost (log scale) on the CLIKE benchmark. The green
dashed curve (cross-lingual exploration) dominates the
red dashed curve (query language scaling), demonstrat-
ing that traversing alternative linguistic paths is a more
efficient use of inference-time compute than scaling
within the native query language. See Appendix G (Ta-
ble 12) for exact token cost and latency values for each
strategy.

guage, presents low efficiency in factual recall. In
contrast, the green Pareto curve, capturing cross-
lingual exploration, outperforms the native lan-
guage at every point. The Pareto frontier for
ECLeKTic, which shows a comparable pattern, is
provided in Appendix F. A detailed breakdown
of the average input, output, and total tokens con-
sumed per question, alongside end-to-end wall-
clock latency for each strategy, is provided in Ap-
pendix G (Tables 12 and 13).

7 Measuring Cross-Lingual Consistency

Cross-lingual consistency is a key desideratum for
robust LLMs, ensuring that factual queries yield
the same answer regardless of input language. This
stability is valuable independently of accuracy, as
it provides predictable behavior for downstream
applications. However, consistency is often con-
founded with accuracy, as a perfectly accurate
model is necessarily perfectly consistent. To iso-
late intrinsic consistency improvements from ac-
curacy gains, we formalize a hypothesis testing
framework to compare any two methods. We test
the null hypothesis (Hy) that consistency gains are
strictly a side-effect of improved accuracy, against
the alternative (H) that a method intrinsically pro-
duces more consistent answers, even when con-
trolling for whether those answers are correct or
incorrect.

7.1 Variables and Definitions

For any pair of answers to a given query across
a language pair (L1, Lo), we define C' (Consis-
tency) to be a binary outcome, where C = 1 if the
LLM judges the two answers as semantically con-
sistent, and 0 otherwise. M (Method) is a binary
indicator comparing two methods, where M = 0
for a baseline method and M = 1 for an evalu-
ated experimental method. Finally, S (Joint Ac-
curacy State) is a categorical variable representing
the correctness of the pair, taking one of three val-
ues: Both Correct (A1 = 1AAs = 1), One Correct
(A1 # As), or Both Incorrect (A1 = 0N Ay = 0).

7.2 Hypothesis Testing

Our null hypothesis states that consistency (C)
is conditionally independent of the method (M)
given the joint accuracy state (S). Formally,
P(C =1|5M =0)=PC =15M =1).
Under Hy, a new method only increases overall
consistency by shifting the distribution of S toward
the Both Correct state. We employ three primary
statistical methods to test this:

Macro Analysis (Expected vs. Observed): We
compute the expected consistency of the experi-
mental method (M = 1) under Hy by applying
the conditional consistency rates from the baseline
(M = 0) to the experimental method’s joint accu-
racy distribution:

Y Pu—o(C=1S=s) Py_i(S=s) ()

ses

We then compare this expected rate against the ac-
tual observed consistency of M = 1.

Cochran-Mantel-Haenszel (CMH) Test: We
stratify the data by the three accuracy states S to
test for the conditional independence of C' and M
(Mantel and Haenszel, 1959). A rejection of the
null hypothesis indicates an intrinsic consistency
effect beyond accuracy gains.

Logistic Regression: To quantify the effect size,
we fit a logistic regression model (Hosmer et al.,
2013): logit(P(C = 1)) = /80 +B1]S:One Correct
Bols—Both Correct + B3M . The coefficient 33 repre-
sents the log odds ratio of consistency for the ex-
perimental method versus the baseline, holding ac-
curacy constant.
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7.3 Results

All cross-lingual strategies yield significant in-
trinsic consistency gains (p < 0.001 for both
CMH and Logistic Regression). For instance,
the Multi-Path strategy (L. € L) achieves a 6
point gain beyond its expected consistency rela-
tive to the native baseline. Similarly, Single-path
(Le — Choose-Unlimited) shows a significant in-
trinsic gain of 4.3%. Furthermore, Multi-Path ex-
ploration outperforms the Single-Path reasoning
baseline (L, — Lg) by 4.5% in intrinsic con-
sistency. We conclude that cross-lingual explo-
ration improves consistency beyond what can be
explained by accuracy gains alone. Detailed re-
sults are provided in Table 4 in Appendix B.

8 Conclusion

While LLMs store immense knowledge in their pa-
rameters, some of it may be inaccessible to stan-
dard inference methods. We show the effective-
ness of cross-lingual exploration to overcome this
challenge. By demonstrating that specific facts
may be behaviorally accessible in one language
while remaining latent in others, we show that tran-
sitioning between languages during inference im-
proves access to knowledge that is underexplored
using conventional direct querying techniques. We
define a four dimensional design space of infer-
ence methods, to systematically compare differ-
ent options. Our analysis shows substantial im-
provement in factual recall, knowledge transfer,
and intrinsic consistency beyond simple accuracy
gains, while maintaining a more efficient compute-
performance trade-off than native-language scal-
ing.

We observe that the answer aggregation dimen-
sion is a primary bottleneck, marking a key area
for future research. Overall, our results suggest
that explicitly training models to strategically per-
form cross-lingual exploration could be a promis-
ing direction for building more robust and factu-
ally accessible multilingual LLMs. By character-
izing the dimensions of cross-lingual exploration,
our work provides a structured path toward more
reliable multilingual systems.

Limitations

This work has several limitations. First, our eval-
uation relies on automatic LLM-based judgments
for correctness and consistency. This allows eval-
uation at the scale required by multi-path cross-

lingual exploration, but may introduce errors, es-
pecially for answers involving aliases or partial en-
tity names. To mitigate this concern, we conducted
a rigorous human validation on an expanded set
of 510 randomly sampled examples across all 17
evaluated languages (see Appendix J for details).
Because our annotators do not speak most of the
evaluated languages, they utilized Google Trans-
late to inspect and verify the model’s raw generated
reasoning and extracted responses, demonstrating
an overall judge reliability rate of 97.84

Second, our evaluation is restricted to the spe-
cific benchmarks of CLIKE and ECLeKTic, which
focus on multilingual factual recall, cross-lingual
knowledge transfer, and cross-lingual consistency,
primarily involving Wikipedia/Wikidata-style or
KB-like factual knowledge. Consequently, our
findings may not generalize to other forms of
knowledge or reasoning, such as complex math-
ematical reasoning, commonsense inference, or
multi-step logic. Furthermore, our experiments
provide behavioral evidence of factual access
across languages, but they do not establish a mech-
anism for how multilingual representations are
learned, or direct evidence regarding internal neu-
ral mechanisms.

Finally, our experiments depend partly on pro-
prietary or externally hosted models whose inter-
nal architectures and training protocols are undis-
closed. While we utilize specific model versions
to improve reproducibility, the ’black-box” nature
of these systems and the potential for service-side
deprecations or undocumented updates remain in-
herent risks to long-term stability.
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A Cross-Lingual Exploration Across Methods and Languages

Method Latin | Cyrillic | Devanagari | Chinese | Japanese | Hebrew | Arabic | Macro  Micro
EN FR IT ES RU UK BG HI BN ZH JA HE AR || LangAvg  Global
Baselines
Le — Ly—ReasonAboutOrigin 70550 67041 672+ 680410 6ld i 679414 706421 519436 540424 552412 616412 639414 600415 || 63.0 04 643 k04
Le —+ Ly (x13) - Naive 720150 719410 69011 722410 5981 663414 752420 Tldias S4d e 504412 56512 612414 530415 || 640 o4 640 204
Le = Lg 72610 707410 67311 66211 581 605414 T3S421 63.5ias 448424 534 sz 526412 622414 S2las || 613 k04 621104
Le =+ Ly (x13) - Majority Vote 70050 695410 67311 70010 55741 622414 TAlda 672434 525424 486412 53312 S4dais 50941 || 612404 612504
Native Query Language 665+ 64dsii 63811 66511 502+ 536415 682422 65.0+as 4ddine 373412 39312 4944is 43341 || S48ios 546404
Single-path

Le — Choose — Unlimited 74110 723 10 750 +10 699 +11 732413 80.0+19 672434 6474235 587412 70.6+11 703 413 64.7 13 70.4 04 70.6 +03

Le — Choose — ReasonAboutOrigin 749110 72410 T52410 67511 TASiis 798419 6404ss 645425 SToii2 668411 70215 670412 || 70.0<0s 704 x0s

L. — Choose — Unlimited + L, -+ EN T36<10 719+ TAl=io 689411 738413 794419 646435 580424 54912 668411 68.1+13 65313 || 68.7 404 692 03

L. — Choose — Unlimited + EN Ta6 =10 T0.6+10 726510 657+ Tldsis 779419 651435 612424 566+12 659411 657414 602413 | 67.9 404  68.3 03

Le —EN 705<10 68111 70010 63811 TLlais 792419 704433 612424 54312 672411 679+13 588413 || 66.8 404  66.2 z0s
Multi-path

L. € Choose — ReasonAboutOrigin (x13) - Majority Vote 78300 76510 77805 736410 772412 83liis 656435 690423 66.6+12 738411 T68+12 709412 || Tdros 750 203
L. € £ - Majority Vote 750410 752410 T04+10 750415 8ldxis Thlisz 650423 63412 Z2041 733+ 662412 || T24s0s 723 =03
L. € £ - Minority Aware 73310 TS0 69811 75.6+13 8Llats 735432 662423 642412 T18+n T5lii2 676412 721 %03
Le € £ -Naive 738410 736410 689411 T40+13 820418 746432 619424 629412 7001411 T18 43 646413 710 <03
Le € Loea - Majority Vote 732410 T4li0 696411 T40+13 809 is  65.14ss 655423 600412 6901411 707 s13 646413 70.6 03
L. € L - Extracted Answer 732410 T3.0x10 Tdliro 669+11 T03x13 794419 730432 592424 5812 674411 683413 59.0413 || 689404  68.8x03

Upper Bounds

L.eL 874 207 87907 879 x07 851 x0s 87810 91713 937118 820419 80.1 k10 86.2+os 885 +to9 837 xi0 86.9 03 86.3 03
L. € Choose — ReasonAboutOrigin (x13) 86.9 08 869 x0s 875107 854108 87.6+10 917413 783130 827419 797410 853 tos  86.7+10 843 +i0 854 103 85.7 03
Le € Ly, 80.7 09 811 x09 81.6x09 769+10 8l0+12 875416 772431 T4l 21 680+11  T75+10 777 x12 729 12 78.3 +04 782 03

red
Le — Lq (x13) 832 108 81.5x09 842108 723+10 783412 855416 836127 698423 636412 685111 70.6+13 669 12 76.3 04 76.1 +o03

Table 2: Factual Knowledge Recall Accuracy across different languages and reasoning strategies for CLIKE. Re-
sults are reported as Mean = SEM in %. Best results (excluding Potential upper bound) are bolded and second-best
are underlined. Methods are grouped by their reasoning paradigm (Baselines, Single-path, Multi-path).

Method Latin | Devanagari | Chinese | Japanese | Korean | Hebrew | Macro  Micro
EN FR T ES PT DE D HI ZH JA KO HE ‘ Lang Avg Global
Baselines
Le — Lg (x13) - Minority Aware 53.9 425 552425 557 425 534425 529426 544405 40.9 425 53.9 425 45.6 425 432 225 || 50.6 x07  50.6 o7
L. — Ly—ReasonAboutOrigin 513 26 523 +26 482 426 51326 474126 513 26 44.0 +25 47.1 26 422 425 43.0 +25 47.5 07 47.5 x07
Le — Lq 49.2 426 50.0 +26 44.0 +25  43.0 25 503 426 48.7 +26 38.8 425 48.7 +26 393 425 42.7 425 44.6 07 44.6 +o07
Native Query Language 44.5 125 414 125 39.6 +25  41.1 £25 474 126  40.6 £25 29.7 423 36.7 x25 354 124 32.0 424 384 107 384 07
Single-path
L. — Choose — ReasonAboutOrigin 56.2 +25 544 125 57.0 +25 555125 542425 544 425 48.7 +26 55525 503 +26 49.7 426 53.1+07  53.1 07
Le = Liource 529 426 492 426 547 +25  51.6 +26 544425 529 26 47.4 126 50.0 £26 549 425 482 426 || 51.0+07 510 %07
L. — Choose — Unlimited + EN 53.1+25  53.6 +25 52.1 426 503 £26 544 425 557 425 46.1 +25 50.5+26 445 425 474 +26 50.4 +07 504 +07
L. — Choose — Unlimited + L, + EN 53.6 +25  55.7 425 542425 53925 53.1+25 547 +25 453 425 50.0 +26  45.1 425 45.6 +25 50.1 +07  50.1 07
Le — Choose — Unlimited 542 +25 544 125 539425 48726 534425 510426 43.8 25 49.7 226 47.1 £26 45.6 +25 || 49.7 x07  49.7 07
L. — EN 44.5 +25  48.7 126 50.0 +26 482126 518426 49.0 +26 46.4 +25 49.5 £26  42.7 425 47.7 426 47.6 07 47.6 07
Multi-path
L. € Choose — ReasonAboutOrigin (x13) - Minority Aware | 57.8 +25  62.8 425 61.7 +25  61.2 £25  62.0 +25  63.3 125 55.5 425 62.5 +25  54.7 425 55.2 425 59.3 o7 59.3 +o07
Le € Lyreq - Minority Aware 52.6 +26 57.8 425 581425 578425 583425 56.0 25 50.0 +26 59.6 £25  51.0 26 482 426 || 34.8 07 548 07
L. € L - Minority Aware 50.8 +26  56.0 +25 56.8 +25  57.6 25 60.4 +25  53.6 25 48.4 +26 56.8 +25  53.6 +25 50.8 +26 54.0 +07  54.0 07
L. € L - Majority Vote 492 426 56.0 +25 56.2 +25 562425 578425  57.0 425 48.7 426 56.0 £25 482 426 534 07 534 x07
Upper Bounds
L. € Choose — ReasonAboutOrigin (x13) 839 +19  82.6 19 849 +1s 82619 828419 83919 77.6 2.1 84.1 x19 784 +21 78.9 +2.1 81.7 +06  81.7 x06
Leel 78.6 +21  80.5 +20 80.5 +20 80220 823420 79.7 421 75.3 422 80.2 +20  80.2 +20 773 +21 79.3 06 79.3 x06
Le — Lq (x13) 75.0 22 76.8 +22 755 +22 76822 776421 T4T 22 62.8 +25 73.7£22 638 425 63.5 25 || 71.6 x07  T1.6 07
Le € Lyea 64.3 £24  66.7 +24 66.9 +24  65.6 24 67.4 +24 66.4 +24 59.9 425 672+24 628 425 60.4 +25 64.5 +07 645 x07

Table 3: Factual Knowledge Recall Accuracy across different languages and reasoning strategies for ECLeKTic.
Results are reported as Mean = SEM in %. Best results (excluding Potential upper bound) are boldfaced and
second-best are underlined. Methods are grouped by their reasoning paradigm (Baselines, Single-path, Multi-
path).

52440



Baseline Target Base Cons. Target Cons. Exp. Cons. Gain CMHp Logits Logitp
Native Query Language ~ Multi-path, L e € £ 49.8% 74.1% 68.1% +6.0% <0.001 0.89  <0.001
Native Query Language  Single-path, L_e — Choose 49.8% 70.8% 66.4% +4.3% <0.001 0.66 <0.001
Native Query Language  Single-path, L e = L ¢ 49.8% 58.5% 56.8% +1.7% <0.001 0.23 <0.001
Single-path, L_e — L g Multi-path, L_e € L 58.5% 74.1% 69.6% +4.5% <0.001  0.65  <0.001
Single-path, L_e — L_q Single-path, L_e — Choose 58.5% 70.8% 67.8% +2.9% <0.001 0.43 <0.001

Table 4: Hypothesis Testing Results for Cross-Lingual Consistency. Base Cons. and Target Cons. show the
observed cross-lingual consistency for the baseline and target methods, respectively. Exp. Cons. is the expected
consistency of the target method under the null hypothesis (i.e., if its consistency gains were solely due to its joint
accuracy distribution matching the baseline’s conditional consistency rates). Gain denotes the difference between
Target Cons. and Exp. Cons. CMH p is the p-value from the Cochran-Mantel-Haenszel test stratifying by joint
accuracy. Logit 5 and Logit p represent the coefficient and p-value for the method indicator in a logistic regression
modeling consistency, controlling for joint accuracy state.

B Cross-Lingual Consistency Results
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C Experimental Details

C.1 Language Details

Our evaluation covers 17 unique languages across the CLIKE and ECLeKTic benchmarks. Table 5 sum-

marizes the languages, their ISO codes, language families, and scripts.

Language ISO Family Script Region Datasets
English EN  Germanic (Indo-European) Latin Global CLIKE, ECLeKTic
French FR Romance (Indo-European) Latin Europe/Africa CLIKE, ECLeKTic
Italian IT Romance (Indo-European) Latin Europe CLIKE, ECLeKTic
Spanish ES Romance (Indo-European) Latin Europe/Americas CLIKE, ECLeKTic
Portuguese PT Romance (Indo-European) Latin Europe/Americas ECLeKTic
German DE  Germanic (Indo-European) Latin Europe ECLeKTic
Indonesian  ID Austronesian Latin SE Asia ECLeKTic
Russian RU  Slavic (Indo-European) Cyrillic Europe/Asia CLIKE
Ukrainian UK Slavic (Indo-European) Cyrillic Europe CLIKE
Bulgarian BG  Slavic (Indo-European) Cyrillic Europe CLIKE
Hindi HI Indo-Aryan (Indo-European)  Devanagari South Asia CLIKE, ECLeKTic
Bengali BN Indo-Aryan (Indo-European)  Devanagari South Asia CLIKE
Chinese ZH  Sinitic (Sino-Tibetan) Chinese (Simp.)  East Asia CLIKE, ECLeKTic
Japanese JA Japonic Japanese East Asia CLIKE, ECLeKTic
Korean KO  Koreanic Korean (Hangul) East Asia ECLeKTic
Hebrew HE  Semitic (Afroasiatic) Hebrew Middle East CLIKE, ECLeKTic
Arabic AR Semitic (Afroasiatic) Arabic Middle East/Africa CLIKE

Table 5: Detailed overview of languages evaluated in this work, including their linguistic classification and cover-
age in each benchmark.

C.2 Hyperparameters and Decoding

For all generations, we used the default decoding parameters for each model to reflect their standard
performance characteristics. For proprietary models (Gemini, GPT-40, Grok), this typically corresponds
to a temperature of 1.0. For the open-weights Qwen 3 model, we used the Google MaaS (Model-as-a-
Service) default configuration.

The LLM-as-a-judge were configured with a temperature of 0.0 to maximize reproducibility and ensure
deterministic assessments. These models were also instructed to provide outputs in a structured JSON
format to facilitate automated parsing.

C.3 Reasoning and Token Budgets

Models with native inference-time reasoning capabilities (Gemini 2.5 Flash) were allocated a “’thinking
budget” of 0 tokens to ensure model output is available for analysis.

The inference budget reported in Section 5.6 is defined as the average total tokens (input tokens + output
tokens) consumed per factual question. For multi-path strategies, the budget represents the aggregate
token count across all parallel reasoning paths plus the tokens used for the final aggregation step (e.g.,
the majority vote or minority-aware selection).

C.4 Compute Resources

The models evaluated in this work were trained on large-scale industrial compute clusters. For instance,
the Gemini 2.5 family was trained on Google’s TPUv5p architecture, while the Qwen 3 235B model
utilized a diverse dataset of 36 trillion tokens. Our own experiments were conducted using the Gemini
Batch API and the OpenAl Batch API.

C.5 Model Specifications, Sources, and API Access
To ensure transparency and reproducibility, we provide the technical specifications, original source doc-
umentation, and API endpoints for all models evaluated in this work. Table 6 details the release dates,

knowledge cutoffs, and official source links, while Table 7 lists the API providers used for inference. Ta-
ble 8 details the exact API model identifiers, versions, temperatures, and decoding configurations used.
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Model Release Date Knowledge Cutoff Technical Source / Announcement

Gemini 2.5 Flash / Pro  June 2025 January 2025 https://arxiv.org/abs/2507.06261

Gemini 2.0 Flash-Lite ~ February 2025 Late 2024 https://deepmind.google/technologies/gemini/

GPT-40 May 2024 June 2024 https://openai.com/index/hello-gpt-40/

GPT-40-mini July 2024 October 2023 https://openai.com/index/gpt-4o0-mini-advancing-cost-efficient-intelligence/
Qwen 3 235B April 2025 Early 2025 https://qwenlm.github.io/blog/qwen3/

Grok 4.1 Fast November 2025  Late 2025 https://x.ai/blog/grok-4.1-fast

Table 6: Metadata and technical documentation sources for evaluated models.

Model Family API Provider Documentation Link
Gemini Google Vertex Al https://cloud.google.com/vertex-ai/docs/generative-ai/model-reference/gemini
GPT OpenAl API https://platform.openai.com/docs/models/gpt-40

Qwen / Grok Vertex Al Model Garden  https://cloud.google.com/vertex-ai/docs/model- garden/explore-models

Table 7: API endpoints and provider documentation used for inference.

Model (Common Name) Exact API Model Identifier API Provider / Endpoint Temp. Top-p Top-k Thinking Budget
Gemini 2.5 Flash publishers/google/models/gemini-2.5-flash Vertex Al Batch API 1.0 0.95 40 0

Gemini 2.0 Flash-Lite publishers/google/models/gemini-2.0-flash-lite-001 Vertex Al Batch API 1.0 0.95 40 0
GPT-40 gpt-4o (version gpt-40-2024-05-13) OpenAl Batch API 1.0 1.0 - N/A
GPT-40-mini gpt-40-mini (version gpt-40-mini-2024-07-18) OpenAl Batch APL 1.0 1.0 - N/A

Qwen 3 235B publishers/qwen/models/qwen3-235b-a22b-instruct-2507-maas ~ Vertex AI Model Garden 1.0 0.95 40 N/A

Grok 4.1 Fast xai/grok-4.1-fast-non-reasoning Vertex AI Model Garden 1.0 0.95 40 N/A
LLM-as-a-Judge publishers/google/models/gemini-2.5-flash Vertex Al Batch API 0.0 0.95 40 0

LLM Consistency Checker publishers/google/models/gemini-2.5-flash Vertex Al Batch API 0.0 0.95 40 0
Language Classifier publishers/google/models/gemini-2.5-flash Vertex Al Batch API 0.0 0.95 40 0

Table 8: Detailed hyperparameters, exact API model identifiers, and decoding configurations used for all evaluated
models, judge, and auxiliary classifiers. Non-applicable settings are marked as ‘—* or ‘N/A°‘. All generations except
the deterministic judge and auxiliary tasks used provider-recommended defaults for decoding parameters.
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C.6 Evaluation Prompts

LLM-as-a-Judge (Correctness): You are an expert evaluator. Given a question, a gold target answer,
and a model prediction, determine if the model prediction is correct. The model prediction might be in a
different language or phrased differently, but if it conveys the same correct meaning or entity as the gold
target, it should be considered correct.

Question: {original question}

Gold Target: {gold answer)

Model Prediction: {prediction}

Respond strictly with a JSON object containing a single boolean field is _correct”. Example:
{"is_correct": true} or {"is_correct": false}

LLM Consistency Checker: You are an expert multilingual evaluator. You will be given a question
and two answers provided in potentially different languages. Your task is to determine if the two answers
convey the same core information and are consistent with each other.

Original Question (for context): {question }

Answer 1 ({langl }): {answerl }

Answer 2 ({lang2 }): {answer2 }

Evaluate if the two answers are semantically equivalent or consistently convey the same core fact in the
context of the question.

Single-path Consistency Extraction: Analyze the following model output which contains reasoning
and answers in multiple languages. The model was asked to answer a factual question in several lan-
guages within a single response.

Original Question: {question)}

Model Output: {prediction _raw}

Your task:

1. Identify all languages in which the model provided an intermediate answer (before the final answer).
2. Extract the core answer provided for EACH language.

3. Determine if these intermediate answers are consistent with each other.

4. Also extract the 'Final Answer’ provided at the very end.

Respond strictly with a JSON object in the following format:

{ Vintermediate_answers”: { "lang code 1”: “answer 17, ... }, "final answer”: “the final answer”,
“is_consistent_across_languages”: true/false, “explanation”: ”...” }
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Original Query ) a Yy HHIKIZ YOS K o TERINE L72h? (Japanese)
Gold Answer ) 2 > (PRECONSA)

English Path  Raw Output: Here’s the English translation of your question, followed by the answer and the final

(Failed) response in Japanese: **Question in English:** ”Which company built the Prikon district?” **An-
swer:** There is no readily available information about a ”Prikon district” being built by a specific
company. It’s possible that *Prikon” might be a misspelling... **Final Answer:** 1) 2 > H#i[X (X ¥
DA X > TERINP DV TOHEREIR 22D FHATL .

Chosen Path  Raw Output: The language in which information about the Preconsa district is most likely to be found
(Success) is Spanish. **Spanish Translation:** ’; Por qué empresa fue construido el barrio de Preconsa?” **An-
swer in Spanish:** El barrio de Preconsa fue construido por la empresa Promotora de Construcciones,
S.A. (PRECONSA). **Final Answer in Japanese:** 1) 2 Y ¥#iXi¥, YmvE b7 -7 - a2 R

L7 oA 2 A SA. (PRECONSA) #iCk o TEBENE L,

Table 9: Example showing the model identifying the Spanish origins of a district mentioned in a Japanese query,
enabling successful retrieval that failed in English.

Original Query In quale universita Rubén Saul Stiglitz ha conseguito la laurea in Giurisprudenza? (Italian)

Gold Answer Universita Nazionale di La Plata

English Path  Raw Output: Ecco la traduzione della domanda, la risposta in inglese e poi la traduzione finale della
(Failed) risposta in italiano: **Domanda tradotta in inglese:** ”At which university did Rubén Satl Stiglitz

obtain his Law degree?” **Risposta in inglese:** Rubén Saul Stiglitz obtained his Law degree from
the University of Buenos Aires. **Risposta finale:** Rubén Satl Stiglitz ha conseguito la laurea in
Giurisprudenza presso I’Universita di Buenos Aires.

Chosen Path  Raw Output: La lingua piu probabile in cui trovare informazioni per questa domanda ¢ lo spagnolo,

(Success) data I’origine ispanica del nome e la probabilita che una persona con questo nome abbia conseguito la
laurea in un paese di lingua spagnola (in questo caso 1’Argentina). **Domanda in spagnolo:** ”;En
qué universidad Rubén Saul Stiglitz obtuvo su titulo de abogado?” **Risposta in spagnolo:** Rubén
Saul Stiglitz obtuvo su titulo de abogado en la Universidad Nacional de La Plata. **Risposta finale:**
Rubén Saul Stiglitz ha conseguito la laurea in Giurisprudenza presso I’Universita Nazionale di La
Plata.

Table 10: Example showing the model correctly routing to Spanish for an Argentine figure, whereas English rea-
soning hallucinates the most common Argentine university.

D Qualitative Examples of Cross-Lingual Trajectories

This section provides qualitative examples from the ECLeKTic benchmark where routing through a fixed
English pivot failed, but allowing the model to autonomously choose the reasoning language succeeded.

We observe that when forced to route through English, the model frequently produces hallucinated or
overly generic answers. For instance, when asked in Japanese about “Prikon district”, English reasoning
hallucinates that the district does not exist, whereas the autonomous strategy correctly selects Spanish
(identifying it as related to the Spanish company “PRECONSA”), and surfaces the precise factual detail.
Similarly, for geographically localized queries such as identifying the university of Argentine scholar
Rubén Satl Stiglitz or the ingredients of the traditional Iberian drink “Gloriao” (Coffee), the English rea-
soning path defaults to high-probability but incorrect heuristics (e.g., guessing the University of Buenos
Aires for an Argentine lawyer or “Lemon Zest” for drinks). In contrast, the autonomous strategy explic-
itly reasons about the entity’s origin, switches to the associated language (e.g., Spanish or Portuguese),
and successfully retrieves the localized parametric knowledge.
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Original Query Que ingrediente ¢ adicionado ao Gloriao além de agticar queimado, agua fervida e aguardente? (Por-

tuguese)
Gold Answer Café
English Path  Raw Output: Aqui esta a tradugdo da pergunta, a resposta em inglés e a traducdo final em portugués:
(Failed) **Tradugao da pergunta:** What ingredient is added to Gloriao besides burnt sugar, boiled water, and

aguardente? **Resposta em inglés:** The ingredient added to Gloriao besides burnt sugar, boiled
water, and aguardente is lemon zest. **Resposta final:** Raspa de limao.

Chosen Path  Raw Output: A pergunta refere-se a ”Gloriao”, que ¢ uma bebida tradicional portuguesa. Portanto,

(Success) ¢ mais provavel que as informagdes detalhadas... sejam encontradas em portugués. **Traducdo da
pergunta para portugués:** ”Que ingrediente ¢ adicionado ao Gloriao além de agticar queimado, agua
fervida e aguardente?” **Pesquisa e Resposta em portugués:** O Gloriao ¢ uma bebida alcoolica
quente tipicamente portuguesa. A receita tradicional inclui aglicar queimado, agua a ferver, aguardente
e, muitas vezes, café ou casca de limdo... o ingrediente mais comumente adicionado... é o café.
**Resposta final:** Café

Table 11: Example demonstrating access to highly localized cultural knowledge (a traditional Iberian drink) by
reasoning in Portuguese instead of English.

E Prompt Templates

This section provides the full prompt templates used for each strategy across all supported languages.
These instructions are always presented to the model in the original query language L.

Strategy: Native (x13) / Native Baseline

en: Answer the following factual question: 'question'. Provide your final answer in English. The final answer should be concise
and directly answer the question. Provide your final answer at the very end after the phrase 'Final Answer:'.

he: 005 nsnn MRS 7278 0Y9I07 TAWNT .NTAYA 791D TAIWNT 1R PRD L'question’ IRIT 7PNTAIWN ORI HY
LTDI0 720N T Rb 102 A0 TN PR PR0 5% Sp o

es: Responde a la siguiente pregunta factual: 'question’. Proporciona tu respuesta final en espafiol. La respuesta final debe ser
concisa e responder directamente a la pregunta. Proporciona tu respuesta final al final después de la frase 'Respuesta final:'.

fr: Répondez a la question factuelle suivante : 'question'. Fournissez votre réponse finale en frangais. La réponse finale doit &tre
concise et répondre directement a la question. Fournissez votre réponse finale a la fin apres la phrase 'Réponse finale:'.

ar: e sl sy Sge wilgd) BLY 055 O iz el alL aled) Anls) ead question’ (I adlydl Jlgd) e o
Sl LY L) an Bled) (B WSl Anle] pad . Jlgd)

ru: OrtseTbTe Ha ceayoIuUi (pakTuueckuil Bonpoc: 'question’. IlpegocraBbTe CBON OKOHYATEIbHBIA OTBET HA PYCCKOM SI3BIKE.
OKOHYaTe/IbHbII OTBET AOJDKEH ObITh KPATKUM M IIPSMO OTBevaTh Ha Borpoc. [IpeaocraBbTe CBOH OKOHYATE/IbHBIH OTBET B
caMoM KoHIle nociie (ppa3sl 'OKOHYATe/IbHBIA OTBET:'.

it: Rispondi alla seguente domanda fattuale: 'question’. Fornisci la tua risposta finale in italiano. La risposta finale dovrebbe
essere concisa e rispondere direttamente alla domanda. Fornisci la tua risposta finale alla fine dopo la frase 'Risposta finale:'.

uk: Jaiite BiANOBib Ha HACTYNHE (DaKTHYHE MUTAHHSA: 'question’. Hapaiite cBOIO OCTaTOYHY BiOBib YKPAiHCHKOIO.
OcraroyHa BiJIOBib TIOBUHHA OYTH CTHCIIOIO Ta MPSIMO BiATNOBIIaTY HA MUTaHHA. Hanaiite cBOI0 OCTaTOUHY BiANOBiIb B
camoMy KiHui micns ¢pasu 'OcraToyHa BiAloBiab:'.

bg: OrtroBopeTe Ha cienHus (haKTHIECKH BIpoc: 'question’. [IpeocTaBeTe OKOHYATETHNS CU OTTOBOP HA OBJITAPCKUL.
OKOHYATEHUAT OTTOBOP TPsAOBa Ja Objie KPAaThK M Jia OTroBapst AUPEKTHO Ha BbIipoca. [IpenocraBete OKOHYATETHNS CU
OTroBOp B caMusl Kpail cief; ppazara 'OKOHYATETIEH OTTOBOP: .

zh: [FEDURHSELME: question'. 16 HFF R HHIRAE R, BB RN AT ERAIE R, ERE, EENLTE
BRIREIRIRAER:  REABR:

hi: Tretata auETaas T &7 Iqd< & 'question’. STIAT SFATH Iqa< gfar # & | FAATH IqaT GRITIT &7
ITETT 3T {1 OO &7 Iqa AT TR0 | AT &, 7 ATRIATI & qTS AT AT Iqa & AT Iqa<:'.
bn: FARAARS ST “FIFca Tewd wf: 'question’. SI#IFIF TEINS Towd ARER Wl | TUITS Sowanf MIale 263 T5fe «ar @l

A T CeT T | GFCIC *I0AC, 93 *WPRCA ~IHC A= §oiae Towd niv 'Tole Sewd:',

ja: ROEFICHT2EMITBERTLZE W 'question’. RAMR[EE 2 HAGBTRME L T W, mE&NZRE
BB T, BEMICEEREZ 20ERDH D E£T, REIC, RO7 L —XDRBRICERKAEEZREL TSV &
I S

id: Jawablah pertanyaan faktual berikut: 'question’. Berikan jawaban akhir Anda dalam bahasa Indonesia. Jawaban akhir harus
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ringkas dan langsung menjawab pertanyaan. Berikan jawaban akhir Anda di bagian paling akhir setelah frasa 'Jawaban akhir:'.
ko: thEAME A 2o RS Al 2 ‘question’. 2 FHH =0 24| 5HA| 2. 2| FHH A 5L A Foll 2 - s of et
Ut} siopx et ok Z- 2 ol H S SAl S Al 2. 2 S EE

Pt: Responda a seguinte pergunta factual: 'question'. Fornega sua resposta final em portugués. A resposta final deve ser concisa e
responder directamente a pergunta. Forneca sua resposta final no final apés a frase 'Resposta final:'.

de: Beantworten Sie die folgende Sachfrage: 'question’. Geben Sie Ihre endgiiltige Antwort auf Deutsch. Die endgiiltige
Antwort sollte priagnant sein und die Frage direkt beantworten. Geben Sie Thre endgiiltige Antwort ganz am Ende nach dem Satz
an 'Endgiiltige Antwort:'.

Strategy: L. € Choose (x13) / L, — Choose-Unlimited

en: Choose the language where information for the following factual question is most likely to be found, translate the question
to that language, answer it, and then translate the final answer back to English. The question is: 'question’. Provide your final
answer in English. The final answer should be concise and directly answer the question. Provide your final answer at the very end
after the phrase 'Final Answer:'.

he: rR5Y 750 M 1 TS ORI DR D100 ,IRIT DTNT2I0T TOKRUT 7120 DT RIERD 0172 MI2a7 110700 T TR0 0K 2
727N TR0 T2WAT .NT2Y2 D200 720N O P20 'question’ R A5RWA .NMap-H A7 0IRI0T "2WNT N8 0200 ijmia)
LMD 120N Mt Ry 102 A"07 TN AR PR SR HR 1wt o1 arnEnn 01

es: Elige el idioma en el que es mds probable encontrar informacion para la siguiente pregunta factual, traduce la pregunta a
ese idioma, respéndela y luego traduce la respuesta final de vuelta al espafiol. La pregunta es: 'question'. Proporciona tu respuesta
final en espafiol. La respuesta final debe ser concisa e responder directamente a la pregunta. Proporciona tu respuesta final al final
después de la frase 'Respuesta final:".

fr: Choisissez la langue dans laquelle les informations pour la question factuelle suivante ont le plus de chances d'étre trouvées,
traduisez la question dans cette langue, répondez-y, puis traduisez la réponse finale de retour en francais. La question est :
'question’. Fournissez votre réponse finale en francgais. La réponse finale doit &tre concise et répondre directement a la question.
Fournissez votre réponse finale a la fin apres la phrase 'Réponse finale:'.

ar: 5l 50 1) LY o @ arde oy AR AL ) ) (o5 (I all) Jpedd lashea g s ol Jaid il a2l s
ADl>) pad . ) (e 8palie Cuxiy g dlgill LY 5SS O ey i pad] UL Eled) ile @as L'question’ tga g iyl )
Craslgd] LY 8 il sms 20l 8 sl

ru: Bribepute s13bIK, Ha KOTOPOM BeposiTHee Bcero OyzieT HaiieHa MH(pOpMaNus 1JIs1 CIIeAYIoIero (pakTHIecKoro Borpoca,
HepeBeIUTe BOIMPOC Ha ITOT sI3bIK, OTBETHTE HA HETO, a 3aTeM IepeBeMTe OKOHYATE IbHBIN OTBET 00OPaTHO Ha pycckoM. Bompoc:
'question’. I[IpegocTaBbTe CBOIT OKOHUYATENBHBIA OTBET HA PYCCKOM si3blke. OKOHYATENIbHBIN OTBET HOJIKEH OBITh KPATKUM 1
MpsIMO OTBevaTh Ha Borpoc. [IpegocTaBbTe CBOM OKOHYATEbHBIN OTBET B CaMOM KOHIIE Hocie (¢pasbl 'OKOHYATEIbHBIA OTBET: .
it: Scegli la lingua in cui ¢ piti probabile trovare informazioni per la seguente domanda fattuale, traduci la domanda in quella
lingua, rispondi e infine traduci la risposta finale di nuovo in italiano. La domanda ¢: 'question’. Fornisci la tua risposta finale in
italiano. La risposta finale dovrebbe essere concisa e rispondere direttamente alla domanda. Fornisci la tua risposta finale alla fine
dopo la frase 'Risposta finale:'.

uk:  BuoGepits MoBy, KOO HalliMOBipHiIE Oy/ie 3HalIeHO iH(OPMAIIiIO JUIS HACTYIHOTO (PAKTMYHOTO TTMTAHHS, EPEKTIAIITh
NUTAHHA L€I0 MOBOIO, IaiiTe BiANOBi/b HA HHOTO, a IOTIM IEePEKJIaiTh OCTATOYHY BiANOBi/Ib Ha3a] Ha yKpalHCbKOW. IIuTaHHs:
'question'. Hapaiite cBOIO OCTATOYHY BifMOBiAb yKpaiHChKOW. OCTATOYHA BiAMOBi/IH MOBUHHA OYTH CTUCIIOK0 Ta MPSIMO
BiJTIOBi1aTH Ha nuTaHHsA. Hasaiite cBOI0 OCTaTOUHY BiAINOBIAbL B CAMOMY KiHIi Micis ¢ppa3u 'OcratoyHa BiAnoBib: .

bg: W3bepete e3rka, Ha KOWTO € Hall-BEPOSATHO Ja ce Hamepy MH(OpMaIWs 3a CleIHHs (PAaKTUUECKH BBIIPOC, IpeBeaeTe
BBIIPOCA HA TO3H €3HK, OTTOBOPETE Ha HEro U Clie]] TOBa MpeBeeTe OKOHYATEIHIS OTTOBOP 00paTHO Ha Objrapcku. BempocsTt

e: 'question’. I[IpegocTaBeTe OKOHYATEHUS CH OTTOBOP Ha Obiarapck. OKOHYATETHHUAT OTTOBOP TpsiOBa qa Objie KPaThK U

Jia OTroBaps JUPEKTHO Ha BbIpoca. [IpenocraBeTe OKOHYATETHNS CH OTTOBOP B caMust Kpai ciiesi (ppaszata 'OKOHUATENIeH
OTroBop:'.

zh: JEFEAFRAEI DL N ELREERINES, BREBIEMIZIES HEE, BEaEEBIEE R, MM
72 'question’. IE I SIRMIRAE R, REERMEEH EREENE, Ei)a, HENL NEEEREIRNRESE
FOREEFR:

hi: @ YT A SR AT IS T S STTRE A S G99 T §WTaT &, TI &7 3T W97
T STETT &Y, IHAT IAAT &, AT R AT IAAL FT F1aT 7 GTIH TGS HY | T 8 'question’. STIT AT Iqa¥
gfEr & & | Sl Iqav AR I &7 e 3N ES @I T A7 a7 TTE1T | (T F, §7 ATRATT & q7€ 7T
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Haf Iqae & A Iqa<:.

bn: QT 4F5f Ot 0T AW AT ATT TLATS “AFHAF ©AT ST ATSIRAT FIGEIT 0, AFB 302 S S T, Towd v «ar
S FITS SOl QA @ AWM T | AFR01 24 1 'question’. SR FOIRS Sewd IRAY Wi | TEITS Towan! MIFIS 26T THfs @R
STITE( 2 Towd weedl Thfe | ARHCIIRTC *I0aT, U *RMPREE AT AT ROlT® Toos v 'FoiTe Tous:',

ja: ROBECHET2HMEOERVED AOr DR TVWEEBLEIRL, HlZZ20SHBICERL TEZ. &E&W
BREZEZHARBIZBERURLTL 72XV, HfM: 'question'. IARIZMAIE 2 HARGETREL T E3 WV, BENR
B IHEE T, ERICEREZ 2BENH D £5, BB, RO7 1L —XDRBICRKARELZREL T ZE WV !
A

id: Pilih bahasa di mana informasi untuk pertanyaan faktual berikut paling mungkin ditemukan, terjemahkan pertanyaan

tersebut ke bahasa itu, jawablah, dan kemudian terjemahkan jawaban akhirnya kembali ke Indonesia. Pertanyaannya adalah:
'question’. Berikan jawaban akhir Anda dalam bahasa Indonesia. Jawaban akhir harus ringkas dan langsung menjawab
pertanyaan. Berikan jawaban akhir Anda di bagian paling akhir setelah frasa 'Jawaban akhir:'.

ko: th3AME A 1A Zo Y HEA S 7ol E2 Aol S s, A ESslgdol 2 dstol gttt s, &
FHSTARIg ol 2 s Al 2. Z & ‘question’. Z|FHH ST o] 2| F5hA 2. HFEH 27 E st A Foll A A H
SfoFgtu et siupz| o k&2 Lol 2 S H R S AT Al 2. S HH:

pt:  Escolha o idioma no qual é mais provavel que as informagdes para a seguinte pergunta factual sejam encontradas, traduza
a pergunta para esse idioma, responda a ela e, em seguida, traduza a resposta final de volta para o portugués. A pergunta é:
'question’. Forneca sua resposta final em portugués. A resposta final deve ser concisa e responder directamente a pergunta.
Forneca sua resposta final no final apés a frase 'Resposta final:'.

de: Wibhlen Sie die Sprache aus, in der am wahrscheinlichsten Informationen zu der folgenden Sachfrage gefunden werden,
iibersetzen Sie die Frage in diese Sprache, beantworten Sie sie und iibersetzen Sie die endgiiltige Antwort dann zuriick ins
Deutsch. Die Frage lautet: 'question'. Geben Sie Ihre endgiiltige Antwort auf Deutsch. Die endgiiltige Antwort sollte pragnant
sein und die Frage direkt beantworten. Geben Sie Ihre endgiiltige Antwort ganz am Ende nach dem Satz an 'Endgiiltige

Antwort:".

Strategy: L. — Choose-ReasonAboutOrigin

en: Keep in mind that the knowledge for the following factual question might not be in English or other popular languages.
First, think about where this knowledge most likely originates and which language would be most appropriate to find it. Then,
choose that language, translate the question to it, reason about it step-by-step in that language, answer it, and finally translate the
final answer back to English. The question is: 'question’. Provide your final answer in English. The final answer should be concise
and directly answer the question. Provide your final answer at the very end after the phrase 'Final Answer:'.
he: T vn 1277 2101 ,0TORT MR MIXID] MWD R D182 KBTS ROW MWD 7RIT NNT2I0A AOKRUT N2 DI a7
TR 175D 200 ,770R TORWT DR 200,17 1200 08 T2 ,19 MRS INRTENRS T RN TR TR0 1R 1MPn ARTIA 532
D107 T2WNT DR PRD L'question’ R A58 .NMap-5 T NIRI0T 72T DR 00 mD:'?T 10D MY TR IR TYR MR
7200 MM NRS 102 A" TNAWN IR P20 SR 5D MR MRS OTTELD D 12 00T 12T Tapa
210
es: Ten en cuenta que el conocimiento para la siguiente pregunta factual podria no estar en inglés u otros idiomas populares.
Primero, piensa en donde se origina mis probablemente este conocimiento y qué idioma seria el mds apropiado para encontrarlo.
Luego, elige ese idioma, traduce la pregunta a él, razona sobre ella paso a paso en ese idioma, respéndela y finalmente traduce la
respuesta final de vuelta al espafiol. La pregunta es: 'question’. Proporciona tu respuesta final en espafiol. La respuesta final debe
ser concisa e responder directamente a la pregunta. Proporciona tu respuesta final al final después de la frase 'Respuesta final:'.
fr:  Gardez i l'esprit que les connaissances pour la question factuelle suivante pourraient ne pas étre en anglais ou dans d'autres
langues populaires. Tout d'abord, réfléchissez a 1'origine la plus probable de ces connaissances et a la langue la plus appropriée
pour les trouver. Ensuite, choisissez cette langue, traduisez la question dans celle-ci, raisonnez a ce sujet étape par étape dans
cette langue, répondez-y et enfin traduisez la réponse finale de retour en frangais. La question est : 'question'. Fournissez votre
réponse finale en francais. La réponse finale doit étre concise et répondre directement a la question. Fournissez votre réponse
finale a la fin apres la phrase 'Réponse finale:'.
ar: G il OB (s Se gl Laaslall b)) (e lape ol gl 2l 0655 Y 28 S eadlyd] Sl dolsd) a8 jmall o A lic) (b g
Al ALty sy 85k s S35 ] Jlgedl s il A5 5] o lgale pstal) ol S 1 aally 85yma 0de e Lais of el
Wkl LY 065 O i pad) 83Ul 8L Anly) pad 'question’ (g Jlgd) dnyxl) () (5,5 8re anileid] LY a5 huslg cenle g
railgil) Rl 5 Ll ams lgid) (6 ailal) Anla) £ - Jdl (sle 6l oy e
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ru: Nwmeiite B BUIY, YTO 3HAHUS JUISI CIIEYIOMIEro (haKTHYECKOTo BOMPOCA MOTYT OBITh He Ha aHITIMIICKOM FUIH JPYTHX
NONYJISAPHBIX si3blkax. CHavasIa MogyMaiTe O TOM, IJie BEPOsITHEE BCEro 3apOJMIIMCh ITH 3HAHUS M KAKOH s3BIK ObLT ObI
HanOoJiee MOAXOASIIMM JUIsl X MOUCKA. 3aTeM BBIOEPUTE ITOT sA3BIK, IEPEBEAUTE HA HErO BOMPOC, 00{yMaiTe ero miar 3a
IIaroM Ha 9TOM sI3bIKEe, OTBEThTE Ha HEroO U, HAKOHEl], IIepeBeINTe OKOHYATEIbHBIA OTBET 0OpaTHO Ha pycckoM. Borpoc:
'question’. [IpegocTaBbTe CBOIT OKOHUYATETBHBII OTBET HA PYCCKOM s13bIke. OKOHYATEIBHBIN OTBET HOIKEH OBITh KPATKUM 1
MpsIMO OTBeYaTh Ha Borpoc. [IpefocraBbTe CBOM OKOHYATEILHBIN OTBET B CAMOM KOHIIe rociie ¢pa3bl 'OKoHYATEIbHBIN OTBET: .
it:  Tieni presente che la conoscenza per la seguente domanda fattuale potrebbe non essere in inglese o in altre lingue popolari.
Per prima cosa, pensa a dove ha piu probabilmente origine questa conoscenza e quale lingua sarebbe la piu appropriata per
trovarla. Quindi, scegli quella lingua, traduci la domanda in essa, ragiona su di essa passo dopo passo in quella lingua, rispondi

e infine traduci la risposta finale di nuovo in italiano. La domanda ¢: 'question’. Fornisci la tua risposta finale in italiano. La
risposta finale dovrebbe essere concisa e rispondere direttamente alla domanda. Fornisci la tua risposta finale alla fine dopo la
frase 'Risposta finale:'.

uk: Maiite Ha yBas3i, 1110 3HAHHSI /sl HACTYITHOTO (PaKTMYHOTO IMUTAHHSI MOXKYTh OYTH HE aHIIHCHKOI0 a00 1HIIMMHE
nommy IsipHAMY MoBaMu. CIiouaTKy MogyMaiTe Ipo Te, Je HaiiMOBipHillle 3apojIvIncs IIi 3HaHHSA i sika MoBa OyJ1a 6 HafHOUIbII
HiAXOAIIOI0 115 iX mortyKy. ITotiM BUOepiTh 110 MOBY, epeKJIafiTh Helo MUTAaHHS, OOMIpKYy#iTe HOro KpoK 3a KPOKOM Lii€l0
MOBOIO, IafiTe BiATIOBi/Ib HA HHOTO i, HAPEIITI, MEPEKJIaAiTh OCTATOYHY Bi/IMOBI/Ib Ha3a] Ha yKpaiHChbKoOwW. [InTaHHS: 'question'.
Hanaiite cBOI0 OCTATOUYHY BifIMOBi/Ib YKpaTHChKOW. OCTaTOYHA Bi/IMOBI/Ib MOBUHHA OYTH CTUCIION Ta MPSAMO BiIMOBiIaTH HA
nutanHs. Hagaiite cBolo ocTaTOYHY BiAIOBiAR B caMoMy KiHi miciist ¢pasu 'OcTaTouHa BiANOBIb: .

bg: Nmaiite npeiBua, de 3HaHUATA 3a CIIeAHUs (PaKTHUYECKH BBIIPOC MOJXKe J1a He ca Ha aHIJIMHACKYU WIIH APYTY IO ISIPHA
esuny. [TbpBO, MOMHUCIIETE Kb/Ie HAll-BEPOSITHO Bh3HUKBAT T€3U 3HAHMSI M KOU e3MK OM OWJT Hai-TIOAXOSII 32 HAMHPAHETO

nm. Crex ToBa n30bepeTe TO3M €3HK, PeBeieTe BHIIPOCca Ha HETo, pa3ChiAaBaiTe BbPXY HEro CTBIIKA MO CTHIIKA Ha TO3M €3WK,
OTroBOpeTe My M Hakpasi IpeBeJeTe OKOHYATEHUsI OTTOBOP 00paTHO Ha Obirapckul. Bernpocst e: 'question’. [IpenocraBere
OKOHYATEJIHUS CH OTTOBOP Ha Obirapcku. OKOHYATETHUAT OTTOBOP TPsIOBA 1a Objie KPaThK U Ja OTrOBaps JMPEKTHO HA
BhIpoca. [IpefocraBete OKOHYATEIHUS CH OTTOBOP B caMus Kpaii ciief; (ppasara 'OkoHYaTeIeH OTTOBOpP: .

zh: IHICAE, DUNHESLRERATRRT R B IEESHMIRITIE S . B, EHBXERNRRA AR IR TR, DU
MBS RIGEERE. R)F, EEIMIES, KRAEMIRBOZIES, HIZESEPER, BB, RERREER
BRI, [FIUZ: 'question'. 1A HF AR B A E S, BB RN EREEIE R, ERE, EELTEE
JEIREIRHI R ER:  RERER:

hi: == v & AT TETAHR T AT ST SHS T AT ST AT T & T8 1 &7 GehdT & | 999
TR, AT &f T8 ST G99 A Fgl § IO a1aT & AT 56 @I & AT HF JT AT Ta6 ITIRT 81T | HT,
TE WTYT I, T &7 IHH AT &Y, I ATV H TIO-ZL-T707 §9G a0 H ah &7, THHT IqqL &, 37 AT F AATH
IAAT HT ETET & GTOE AT FT | TI & 'question’. TATAT ATTH IqaL gIar & & | AT IqaT GRVTA 21T IHIT
ST FT I & IqAL 4T AR1T | AT H, T ATRATT & 18 AIAT AqH Iqa¥ & AT Iqav:’.

bn: T AR TC AT SLANS AT Sl L& A TN T ST e AP AR | AT, 5! T 93 Feelog Seorwsf
ATIS T 12T 93 B et ATST FT 17 it AT BoI7FS FATC | ST, 02 S, q0=g A, 2751 03 SR <@ I, R SR 4hoie
47t B RT TFef T4, SO Nl QIR ST TUINS SORb! A1« SHRAM T4 | 761 2 T: 'question’. S#IFIF §OHS oo7 IRAT A |
TUITS Towas! MFAAS 26T T6f6 W3 TR “AHITa Towd nredt TS | QITIRT *ITAT, 9T MR AT AT GTITS ST T 'THS

IS CER

ja: ROFFICHT 2 HAM DA, HEEHERZOMDO—BRFTETIIRVWATRES D2 Z L ITHEL TS
Vo X3, ZOHMOSRLIEALZSBGME. ZAZROT2DCROBBELAESTHICOVTERATILEI WV, &
2. ZOEmEIERL, B2 Z0SFEICHR L, 20 CREN R L. BB L, &BICEENZEEZH
AFECEERLIR L TL 223 W, Hf: 'question’. BRAA LM% 2 HAGE CTIRA L TL 23V, RN EIE IR
T, BRICEEEZ 2DERDD £3, BIEIC, KD 7L —XDBICEKAELREL T AXV:  BEEE:
id: Ingatlah bahwa pengetahuan untuk pertanyaan faktual berikut ini mungkin tidak dalam bahasa Inggris atau bahasa populer

lainnya. Pertama, pikirkan dari mana pengetahuan ini kemungkinan besar berasal dan bahasa apa yang paling tepat untuk
menemukannya. Kemudian, pilih bahasa tersebut, terjemahkan pertanyaannya ke bahasa itu, pikirkan secara bertahap dalam
bahasa itu, jawablah, dan terakhir terjemahkan jawaban akhirnya kembali ke Indonesia. Pertanyaannya adalah: 'question’'.
Berikan jawaban akhir Anda dalam bahasa Indonesia. Jawaban akhir harus ringkas dan langsung menjawab pertanyaan. Berikan
jawaban akhir Anda di bagian paling akhir setelah frasa 'Jawaban akhir:'".

ko: TheAHA A Q1A Rl cf 4| 4] ol ThE T Z A2l Aol gl 2+ = U -2 HASHI AL 2. A 0] 1|4 o] 7472
27Hs Aol & & kol 22 7]0l 7P A ARl o] /R I N YA A A . TR THS S PNl S 1A B
siglol 2 s n s olol A2 F 2 olol FHTHE Ik PO R HFHU AT o ZOA NS A 2. R
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‘question’. 2| B &) 24 B3HA . 2 F T 71 A5t Lol A W sorU T Wokx| gollchg B 75 o 25
A B . B

pt: Tenha em mente que o conhecimento para a seguinte pergunta factual pode ndo estar em inglés ou outros idiomas
populares. Primeiro, pense sobre onde esse conhecimento mais provavelmente se origina e qual idioma seria o mais apropriado
para encontréa-lo. Entdo, escolha esse idioma, traduza a pergunta para ele, raciocine sobre ela passo a passo nesse idioma,
responda a ela e, finalmente, traduza a resposta final de volta para o portugués. A pergunta é: 'question’. Fornega sua resposta
final em portugués. A resposta final deve ser concisa e responder directamente a pergunta. Forneca sua resposta final no final
apos a frase 'Resposta final:'.

de: Beachten Sie, dass das Wissen fiir die folgende Sachfrage moglicherweise nicht auf Englisch oder in anderen populdren
Sprachen vorliegt. Uberlegen Sie zuniichst, woher dieses Wissen am wahrscheinlichsten stammt und welche Sprache am besten
geeignet wire, um es zu finden. Wihlen Sie dann diese Sprache aus, iibersetzen Sie die Frage in diese Sprache, denken Sie
Schritt fiir Schritt in dieser Sprache dariiber nach, beantworten Sie sie und iibersetzen Sie schlieSlich die endgiiltige Antwort
zuriick ins Deutsch. Die Frage lautet: 'question'. Geben Sie Ihre endgiiltige Antwort auf Deutsch. Die endgiiltige Antwort sollte
pragnant sein und die Frage direkt beantworten. Geben Sie IThre endgiiltige Antwort ganz am Ende nach dem Satz an 'Endgiiltige

Antwort:".

Strategy: L. — L,-ReasonAboutOrigin

en: Keep in mind that the knowledge for the following factual question might not be in English or other popular languages.
First, think about where this knowledge most likely originates and which language would be most appropriate to find it. Then,
reason about the question step-by-step in English, answer it, and finally provide the final answer in English. The question is:
'question’. Provide your final answer in English. The final answer should be concise and directly answer the question. Provide
your final answer at the very end after the phrase 'Final Answer:'.

he: mmvn 1277 2101 ,0TORT.MIAAR MINID) MWD R D798 RENTTO ROW WY 7827 DDA AOKRUT N2 DI 13T
M5 7750 IV ,NMAD-2 TUR R TOR TONGT S 20,120 IMRD INRTERS 0172 TR TN 120 178 1700 71817 922
TR0 DD 72T D100 12T 002 NI00 12T DR P20 .'question’ X7 A9 NTMaD-2 DI0A T2WON DR P20
LT2I0 T2I0R T nRb 102 A0 TN PR PR0 S8 S 1wt e,

es: Ten en cuenta que el conocimiento para la siguiente pregunta factual podria no estar en inglés u otros idiomas populares.
Primero, piensa en donde se origina mas probablemente este conocimiento y qué idioma seria el mas apropiado para encontrarlo.
Luego, razona sobre la pregunta paso a paso en espafiol, respondela y finalmente proporciona la respuesta final en espaiiol. La
pregunta es: 'question’. Proporciona tu respuesta final en espaiiol. La respuesta final debe ser concisa e responder directamente a
la pregunta. Proporciona tu respuesta final al final después de la frase 'Respuesta final:".

fr:  Gardez a l'esprit que les connaissances pour la question factuelle suivante pourraient ne pas étre en anglais ou dans d'autres
langues populaires. Tout d'abord, réfléchissez a 1'origine la plus probable de ces connaissances et a la langue la plus appropriée
pour les trouver. Ensuite, raisonnez a ce sujet étape par étape en francais, répondez-y et enfin fournissez la réponse finale en
frangais. La question es : 'question’. Fournissez votre réponse finale en frangais. La réponse finale doit étre concise et répondre
directement a la question. Fournissez votre réponse finale a la fin apres la phrase 'Réponse finale:'.

ar: G il OB s 8o gl Laaslall b)) e lape ol gl 2l 0655 Y a8 S alyd] Sl dolsd) a8 jmall o A lic) (b g
£33 gl (g wenle oy i yal) LIl Slasns Bslas Jlged] (B S8 - Lpude jiall e O5S (a) aally 38 mall oaa e Lais O el
e dpalie Cuxy 83290 ailgd) LY eSS o L) GG aslgd) Anle) eas Uquestion’ ige Jlgd) L dnad) &l dslgd) Ll
Cragilgd] LY 8 ) amy ldl (8 el Al pos gl

ru: Wmeiite B BUIY, 9TO 3HAHUS JUIS CIIEAYONIEro (hakTHYECKOTo BOMPOCa MOTYT OBITh HE Ha AHIVIMIICKOM HJIM JPYTHX
TIOIYJISIPHBIX si3bIkax. CHavasa mogyManTe o TOM, IJie BEpOsiTHee BCErO 3apOAIIMCEH STU 3HAHUS U KaKOH s3bIK OBUT OBl
HanOoJiee MOAXOAAIMM JUIsl X MOMCKA. 3aTeM 00JyMaiTe BOIIPOC ILIar 32 1IAroM Ha PyCCKOM, OTBEThTE HA HErO U, HaKOHell,
IIpeIoCTaBbTe OKOHYATEIBbHBIN OTBET Ha pycckoM. Bompoc: 'question'. IlpegocraBbTe cBOI OKOHUYATEIIbHBIA OTBET HA PYCCKOM
si3bIKe. OKOHYATEJIbHBII OTBET J0JIKEH ObITh KPATKUM M IIPSIMO OTBeuaTh Ha Borpoc. IIpefocTaBbTe CBOM OKOHYATEIbHBINA OTBET
B CaMOM KoHLIe nocjie ppasbl 'OKOHYATEIbHBIIA OTBET:'.

it:  Tieni presente che la conoscenza per la seguente domanda fattuale potrebbe non essere in inglese o in altre lingue popolari.
Per prima cosa, pensa a dove ha pill probabilmente origine questa conoscenza e quale lingua sarebbe la més appropriata per
trovarla. Quindi, ragiona sulla domanda passo dopo passo in italiano, rispondi e infine fornisci la risposta finale in italiano.

La domanda ¢: 'question'. Fornisci la tua resposta finale in italiano. La risposta finale dovrebbe essere concisa e rispondere

direttamente alla domanda. Fornisci la tua risposta finale alla fine dopo la frase 'Risposta finale:'.
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uk: Maiire Ha yBas3i, 0 3HAHHS /11 HACTYIHOTO (haKTIYHOTO MUTAaHHS MOXYTh OyTH He aHIJIIHCHKOIO 200 IHIINMUI
nonyJisipHuMH MoBamu. Criouatky nogymaiire mpo Te, ie HaiiMOBIpHillle 3apoAMInCs 1ii 3HAHHA i sIka MoBa OyJ1a 6 HaiOIbII
X000 11 TX romryKy. [TotiM 0OMipKy#iTe MUTaHHSI KPOK 3a KPOKOM MOBOIO YKPATHCHKOIO, IaiiTe BiAMOBIAb HA HHOTO

1, HapeIlTi, HajlaliTe OCTaTOYHY BiANOBi/Ib MOBOIO yKpalHCbKOIO. IInTaHH: 'question’. HapaliTe cBOI0 ocTaTo4YHY BiIOBigb
yKpaTlHchKolo. OcTaTouHa Bi/INOBIgb MOBUHHA OyTH CTHCIIOI Ta MPSIMO Bi/INOBigaTH Ha nuTaHH:. Hanaiite cBOIO ocTatouHy
BiJINIOBi/Ib B caMOMYy KiHLi micis ¢ppazu 'OctaTouHa BiINOBiAb: .

bg: Nmaiite npeBua, de 3HAHUATA 3a CIeAHNA (haKTHIECKH BBIIPOC MOXKE Ja He ca Ha aHIIMHACKHU WM APYTHU MOy ISIPHA
e3uny. [1bpBo, momucIeTe Kbjie Hail-BepOsITHO Bh3HUKBAT Te3W 3HAHUS M KOH e31K 01 OMJI Hai-TIOAXOSIIT 32 HAMHPAHETO

uM. Criesi TOBa pa3chkaBaiiTe BbPXy BIIPOCA CTHIIKA O CTHIIKA Ha OBJIFAPCKU, OTTOBOPETE MY M HaKpasi IpelocTaBeTe
OKOHYATEJIHUS OTTOBOP Ha ObJrapckul. BuripocsT e: 'question’. IIpefoctaBete OKOHUATEIHISI CH OTTOBOP Ha OBJITapcKy.
OKOHYATeHUAT OTTOBOP TPsiOBa 1a O'bJie KPAThK M Jia OTroBapst JMPEKTHO Ha BbIpoca. [IpefocTaBeTe OKOHYATEIHUS CH
OTroBOp B camus Kpail cief; ppazara 'OKoHYATENIEH OTIOBOP:'.

zh: EICME, PUNFESLRIERYATRATREN B oR s R TIE 5. B, BHEXERAEA rTRERIE TR, DUZIR
ME S RIEEERE, Ra, AP CEPHEIZR-, [E R, &P SR RAESR, FEUZ: 'question’. 1EH]
PR IR E R, RABRMETEH EZRIERE, ERE, HEU NEERRRIREAER:  BREER:
hi: == = S A afT TETOHR T AT ST ST AT ST AT T & T81 &7 GhdT & | 99
TR, AT & T8 AT a9 TR FaT & IATT 2147 & 30T TH G & AT Hf ST 9T GG JTLRT &1 |

i, BTET & SRr-a - S qT § aYE §¢, THAT IqA7 %, and T F AT IAAL BT H ETT RE | I 7
'question’. IT HAH IAAL BTN & & | ATH IqAL FRTTIT BT AR ST FHe QAT AT IAAL 3T T | e H,
S ITRATI & T AIAT AT Iqa¥ & 'SAafy Iqaw:.

bn: T AR TC AT LIS AN Sl ZLCE( A TN S=f SIFrg e AT AT | ATATS, 5t T AT Tled Seorwef
TGS FC I 3R @B Fe 2ITST 3T 7 OISl FIBTIT ToFF® T | SIFIAT, -« 4i=1T di#it B 9T Il Fgw, Tows nid 43z ST Foie
TowR0f ARA- ~FAIT TG | A6 ¢ T: 'question’. ST TS Tooa IR A | OIS SO0 TRIFA® e Tbe QI TR 7"
Towd mCed! Tofo | G AT, 9% *qWAPRCA 2T AT Geie Towd nid 'poiHe Sewd:',

jar ROFFICHE T 2 BRI ORI, HEFERZ OO KL FEHE TR VATREEYNH 2 Z L ICHEL TS
W, 27, COHBIRDFEELZSI RGN, 22 AOI2DIEDBELALTHITOVWTERZTLLZI WV, X
2. HAGECERIERNCHER L, [I%E L, RIRICERAIZEE Z HAGE TR L T2 E W, HM: 'question'. H#&
A7 E%E 2 HAGE TR L T 23w, BREHZEERERT, HEMICEREZ 20EXDH D $5, &ERIZ, XKD
7L —XOBITRAEAIE 2RI L T ES 0 RREE:

id: Ingatlah bahwa pengetahuan untuk pertanyaan factual berikut ini mungkin tidak dalam bahasa Inggris atau bahasa populer

lainnya. Pertama, pikirkan dari mana pengetahuan ini kemungkinan besar berasal dan bahasa apa que paling tepat untuk
menemukannya. Kemudian, pikirkan secara bertahap dalam Indonesia, jawablah, dan terakhir berikan jawaban akhirnya dalam
Indonesia. Pertanyaannya adalah: 'question’. Berikan jawaban akhir Anda dalam bahasa Indonesia. Jawaban akhir harus ringkas
dan langsung menjawab pertanyaan. Berikan jawaban akhir Anda di bagian paling akhir setelah frasa 'Jawaban akhir:'.

ko: TheAHIH Q1M BollcfaiA| 4l 2ol it 2t)Z A 2l dlolol gl e+ =l S 2B A SHI Al 2. WA o] 2] 40| 7147] 9l
H27Hs Aol e T ato| 237|074 A B e o] /LR SISl A 2B B AL Al 2. IR ST ol 2T E 22 2 5hof
S-S RA o 2 A FEHH S o] 2A| FSHIA 2. A2 question'. H FHR ST o] 2A|F5HA 2. | FHH2T
st Eoll 2 Faforety ot finp ol ohg 2 F ol 2 SEH AT A 2. 2 SHH:

pt: Tenha em mente que o conhecimento para a seguinte pergunta factual pode ndo estar em inglés ou outros idiomas

S
2

populares. Primeiro, pense sobre onde esse conhecimento mais provavelmente se origina e qual idioma seria o mais apropriado
para encontra-lo. Ento, raciocine sobre ela passo a passo em portugués, responda a ela e, finalmente, fornega a resposta final

em portugués. A pergunta é: 'question’. Forneca sua resposta final em portugués. A resposta final deve ser concisa e responder
directamente a pergunta. Fornega sua resposta final no final apés a frase 'Resposta final:'.

de: Beachten Sie, dass das Wissen fiir die folgende Sachfrage moglicherweise nicht auf Englisch oder in anderen populiren
Sprachen vorliegt. Uberlegen Sie zuniichst, woher dieses Wissen am wahrscheinlichsten stammt und welche Sprache am besten
geeignet wire, um es zu finden. Denken Sie dann Schritt fiir Schritt in Deutsch dariiber nach, beantworten Sie sie und geben Sie
schlieBlich die endgiiltige Antwort auf Deutsch. Die Frage lautet: 'question’. Geben Sie Thre endgiiltige Antwort auf Deutsch.

Die endgtiltige Antwort sollte prignant sein und die Frage direkt beantworten. Geben Sie Ihre endgiiltige Antwort ganz am Ende

nach dem Satz an 'Endgiiltige Antwort:'.

52451



Strategy: L. — Choose + EN

en: In addition to English, choose one more language where information for the following factual question is most likely to be
found. Translate the question to both English and that language, answer it in both, and then translate the final answer back to
English. The question is: 'question’. Provide your final answer in English. The final answer should be concise and directly answer
the question. Provide your final answer at the very end after the phrase 'Final Answer:'.

he: £ 75807 0R T30 IR2T ORI AYKWT 12D DT RIRAD 0172 MI20T 2700 720 D201 DR 780 N2 008D ao12
PBD .'question’ :R"TT TORWM .£1™2D-5 MO ATDI0N T2WAN DR D300 120 IR, Mswt w2 1HY miv ,namaw mawh o1 nonRd
RLRP) 102 A0 TN DR PRD AR 5P D1 DI ANTERD 01D 7278 02100 72T 0202 NII0T 12T DN
210 mown' T

es: Ademis del inglés, elige un idioma mds en el que sea mas probable encontrar informacion para la siguiente pregunta
factual. Traduce la pregunta tanto al inglés como a ese idioma, respéndela en ambos y luego traduce la respuesta final de vuelta

al espariol. La pregunta es: 'question’. Proporciona tu respuesta final en espafiol. La respuesta final debe ser concisa e responder
directamente a la pregunta. Proporciona tu respuesta final al final después de la frase 'Respuesta final:'.

fr: En plus de l'anglais, choisissez une autre langue dans laquelle les informations pour la question factuelle suivante ont le plus
de chances d'étre trouvées. Traduisez la question en anglais et dans cette langue, répondez-y dans les deux langues, puis traduisez
la réponse finale en frangais. La question est : 'question'. Fournissez votre réponse finale en francais. La réponse finale doit &tre
concise et répondre directement a la question. Fournissez votre réponse finale a la fin apres la phrase 'Réponse finale:'.

ar: Ay Lyl a3l Go JS ) Jlsed] s Q18I Jlgedd loglas Lpad ax Of Jaind 5] a8 i) e pulo) alll (] aLaYl
O oz i) Gl ayiled) Qnls] pas question’ ge Jlsed] il ) sy Bre anilgl) LI o o et ) LSS ande WY sl
1)) BV 8 lal) sns et (8 el i) o Y5l e 8 Lie oy Byrpe auilel] L2165

ru: B nonosiHeHHe K aHIIMACKOMY sI3bIKY BBIOEpHUTE ellie OfIH s3bIK, HA KOTOPOM BEpOSITHEE BCEro OyeT HailaeHa
nH(popMarys is cregyomnero pakTuaeckoro Borpoca. IlepeBeute BOonpoc Ha aHIIMHACKUI M Ha 9TOT SI3bIK, OTBEThTE Ha

HEro Ha 00OMX sI3BIKAX, & 3aTeM MepeBeIUTe OKOHYATEIbHBIN OTBET 00paTHO Ha pycckoM. Bompoc: 'question'. IIpenocraBbre
CBOH OKOHYATENIBHBII OTBET Ha PyCCKOM si3blke. OKOHUYATEIbHBIN OTBET AOJDKEH OBITh KPAaTKUM M IIPSIMO OTBEYATh Ha BOIIPOC.
[IpenocraBbTe CBOI OKOHYATEBHBIN OTBET B CAaMOM KOHIIE octe ¢ppasbl 'OKOHYATE bHBINA OTBET: .

it: Oltre all'inglese, scegli un'altra lingua in cui ¢ piu probabile trovare informazioni per la seguente domanda fattuale.
Traduci la domanda sia in inglese che in quella lingua, rispondi in entrambe le lingue e infine traduci la risposta finale di

nuovo in italiano. La domanda ¢: 'question’. Fornisci la tua risposta finale in italiano. La risposta finale dovrebbe essere concisa e
rispondere direttamente alla domanda. Fornisci la tua risposta finale alla fine dopo la frase 'Risposta finale:'.

uk: Ha gonatok 10 aHIIiHACHKOT, BUOEPITH e OJHY MOBY, AKOI HaiiMOBipHille Oy/e 3HaiiieHo iHOpMalIilo 111 HACTYIIHOTO
¢aktuuHOro nMUuTaHHS. [lepeknaiiTh MMTaHHS AHIJTIACHKOIO Ta €0 MOBOIO, JIAliTe BIIMOBI/IL HA HHOTO 0OOMa MOBaMH, a

MOTiM MEPEeKJIaiTh OCTATOYHY BiANOBi/Ib Ha3a Ha yKpaiHChKolo. [InTaHHs: 'question’. Hapaiite cBOO ocTaTo4yHy BiIMOBigh
yKpaiHchkolo. OcTaTouHa BiIOBib ITOBUHHA OYTH CTHCIIO Ta MPsIMO BimoBifaTH Ha nmutaHHs. Hanaiite cBolo octatouny
BIINOBi/Ib B caMOMY KiHui miciis ¢ppa3u 'OcraTouHa BiANOBiAb: .

bg: B nombiHeHME KbM aHIIMACKUS €3UK, U30epeTe ollle eINH €3UK, Ha KOITO e Hali-BeposITHO Jla ce HaMepy nH(opManys
3a cieHus pakTrdecku Borpoc. [IpeBeaere BpIIpoca Ha aHITIMIICKY M HA TO3H €3HK, OTTOBOPETE Ha HETo U Ha [BaTa e3UKa U
CJIe/l TOBa IpeBe/ieTe OKOHYATEHUSI OTTOBOP 00paTHO Ha Obirapcku. BempocsT e: 'question’. [TpeocraBeTe OKOHYATETHHS CH
0TroBop Ha Obyrapcku. OKOHYATEIHHUAT OTIOBOP TPsiOBa a O'bJe KpaThbK U Ja OTroBapsi AMPEKTHO Ha Bbrpoca. [IpenocraBere
OKOHYATEJHUS CH OTTOBOP B caMusl Kpait ciiel ppasata 'OKOHUATENIEH OTTOBOD: .

zh: PRTJIE AN, AR —MEA AT REHEIDL FRLRBERRIE S, K RERIRACENIZIES, MXmiE
SR, REKRAEEMERN, FERZ: question. 1EHH SR MHRAE R, BABFNETEH ERERIE M,
fEffa, TBELNNEIEGIRERIRAER:  REER:

hi: IS & AATAT, T AT AT I STHH AAAA G T AT S I dl AR AAT Hl qGH A4 (R
FHTEAT & | IO T AT T A IF 99T &1 H AT &Y, I H SHAT IqaT &, AT K AqH Iqa? FT afar 7
T TS & | T &7 'question’. FTAT SAATH a7 FFET & & | HART IqAT SR ST TTEAT 377 #0d qworT
FT IAAL AT AR1T | AT H, T ATRATI & 1€ AIAT AATH IqaL & AT Iqav:.

bn: RSl TErS WHe @6 O IR A AT BT SIS 2N ST ANSIF TS 1320 FIGCC 0o | A5 2eawet @3 7R orat
ToYE AW g, TOY O TEwH W G2 SIFIT RIS Sewdn! Al @ SHAM FA | AFHAGT & 1: 'question’. SR TUINS Teed AREAR
wf | poie Tewetl Heatie zent 5o war ATl ol Towd nredl $5fS | G e, @ RWIPEI At WA TTTS Soed A

jar JEEIIA T, ROFFRICHT 2 HBDHERARD AONRDRTVEEEZ S S I0BIRL TS, HlZ
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WEEL ZOFHEOMAFICER L TH A TERL, BREMNREZZHABICHERUIEL T Z& W, Ef: 'question'.
RN BE 2 HAGE TR L T RS v, &ENZFZFRHERT, BMCEEEZ 20 1 H D 15, KRIZIC,
RD 7L —XDRITRRAGEZ ML TR E 0 & AE:

id: Selain bahasa Inggris, pilih satu bahasa lagi di mana informasi untuk pertanyaan faktual berikut paling mungkin ditemukan.
Terjemahkan pertanyaan tersebut ke dalam bahasa Inggris dan bahasa itu, jawablah dalam kedua bahasa, dan kemudian
terjemahkan jawaban akhirnya kembali ke Indonesia. Pertanyaannya adalah: 'question’. Berikan jawaban akhir Anda dalam
bahasa Indonesia. Jawaban akhir harus ringkas dan langsung menjawab pertanyaan. Berikan jawaban akhir Anda di bagian
paling akhir setelah frasa 'Jawaban akhir:'.

ko: ol ol =thZARE A A Folltf Y HEZ S 7 d ol M s Ao Sstutidgsti Al . A 22 ol d
AojnFzH sy, FAo B2 ittt HSFHSTAITT ol 2 s Al 2. A 2: 'question”. H S HH ST
ojZA|FstAl 2. ZFEH 2 st 2ol A Eelofehyth. fintx| ol ok F ol X SEHH S A TSI A 2. &
SEH:

pt: Além do inglés, escolha mais um idioma no qual é mais provavel que as informag¢des para a seguinte pergunta factual
sejam encontradas. Traduza a pergunta tanto para o inglés quanto para esse idioma, responda em ambos e, em seguida, traduza a
resposta final de volta para o portugués. A pergunta é: 'question’. Forneca sua resposta final em portugués. A resposta final deve
ser concisa e responder directamente a pergunta. Forneca sua resposta final no final apds a frase 'Resposta final:'.

de: Wihlen Sie neben Englisch eine weitere Sprache aus, in der am wahrscheinlichsten Informationen zu der folgenden
Sachfrage gefunden werden. Ubersetzen Sie die Frage sowohl ins Englische als auch in diese Sprache, beantworten Sie sie in
beiden Sprachen und iibersetzen Sie die endgiiltige Antwort dann zuriick ins Deutsch. Die Frage lautet: 'question'. Geben Sie
Thre endgiiltige Antwort auf Deutsch. Die endgiiltige Antwort sollte pragnant sein und die Frage direkt beantworten. Geben Sie

Ihre endgiiltige Antwort ganz am Ende nach dem Satz an 'Endgiiltige Antwort:'.

Strategy: L. € L/ Le € Lyreq /! Le — EN

en: Translate the following factual question to [REASONING_LANGUAGE], then answer it, and then translate the final
answer back to English. The question is: 'question’. Provide your final answer in English. The final answer should be concise and
directly answer the question. Provide your final answer at the very end after the phrase 'Final Answer:'.

he: 71 m2100 72WNT N8 Q30 120 RDY 775D 10 1R _LANGUAGE],REASONING]-5 7827 07072107 7HR0T A8 0100
5D MW YD NERD DD 72T OTDI0N 2WRT 0202 ATD0N 2w DR P20 .'question' X7 ToRwn map-b
JEDI0 20N MY MRS 102 A0 TN Nk PR0 ORWN

es: Traduce la siguiente pregunta factual al [REASONING_LANGUAGE], luego respondela, y después traduce la respuesta
final de vuelta al espafiol. La pregunta es: 'question’. Proporciona tu respuesta final en espafiol. La respuesta final debe ser concisa
e responder directamente a la pregunta. Proporciona tu respuesta final al final después de la frase 'Respuesta final:'.

fr: Traduisez la question factuelle suivante en [REASONING_LANGUAGE], puis répondez-y, et ensuite traduisez la réponse
finale de retour en frangais. La question est : 'question'. Fournissez votre réponse finale en frangais. La réponse finale doit étre
concise et répondre directement a la question. Fournissez votre réponse finale a la fin aprés la phrase 'Réponse finale:'.

ar: e Jisdl an ) ) e 5 asledl bV 02 o wasle xl & _LANGUAGEL[REASONING ] (J) (a3ls) Jlsud] o5
a2y ll) (8 gl Anlo] o sl e Bptlin Capy Spe algtl) BLY) 0555 O e L pal] 24l ailed] Anle) a5 'question’
Sl LY 8 L)

ru: Iepesenute cnenytomuii paxrideckuit Borpoc Ha [REASONING_LANGUAGE], 3ateM oTBeThTE Ha HETO, a 3aTEM
NepeBeIuTe OKOHYATENIbHBIN OTBET 0OpPaTHO Ha pycckoM. Bompoc: 'question’. TIpenoctaBbTe CBOW OKOHYATEIBHBIN OTBET

Ha PYCCKOM si3bike. OKOHYATEJIbHBIN OTBET JOJKEH ObITh KPATKMM M IPSIMO OTBEYATh Ha BOMpoc. IIpegocTaBbTe CBOM
OKOHYAaTeJIbHBII OTBET B CaMOM KOHLIe Iociie (ppa3bl 'OKOHYATEIIbHBII OTBET:'.

it: Traduci la seguente domanda fattuale in [REASONING_LANGUAGE], poi rispondi, e infine traduci la risposta finale di
nuovo in italiano. La domanda &: 'question'. Fornisci la tua risposta finale in italiano. La risposta finale dovrebbe essere concisa e
rispondere direttamente alla domanda. Fornisci la tua risposta finale alla fine dopo la frase 'Risposta finale:'.

uk: [epexnanite HactynHe paktuuHe nutaHHsA Ha [REASONING_LANGUAGE], notim paiite BiiNOBiAb HA HHOTO, &
MOTiM MEepeKJIaliTh OCTATOYHY BiANOBi/Ib Ha3a]] Ha yKpalHCbkolo. [TuTaHHs: 'question’. HapaliTe cBOIO ocTaTo4YHy BiOBiIb
yKpaiHchkomo. OcTaTouHa BiIOBi/b ITOBUHHA OYTH CTHCIIOI Ta MPSIMO BiAmoBifaTé Ha mutaHHs. Hanaiite cBolo octatouny
BIANOBi/Ib B caMOMYy KiHL micis ¢ppasu 'OcTaTouHa BiANOBigb: .

bg: IIpesenere cnennus pakrtuuecku Bbpoc Ha [REASONING_LANGUAGE], cien ToBa 0TroBOpeTe Ha Hero u cieq

TOBa IIPEBEACTE OKOHYATEIHUA OTTOBOD O6paTHO Ha 6’bJ'l1"apCKI/I, B’prOC’bT e 'question‘. HpeIIOCTaBeTe OKOHYATEC/JIHUSA CU
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OTroBop Ha ObJrapcki. OKOHYATEHUAT OTTOBOP TPsIOBa Ja ObJie KPaThK U a OTrOBapsi AUPEKTHO Ha Bbipoca. [Ipenocrasere
OKOHYATeJHUs CU OTTOBOP B caMusl Kpail ciejt ¢ppaszaTa 'OKOHUATEsIeH OTroBOp: .

zh: ¥ DU NS R @R AL [REASONING_LANGUAGE], RJGHI%, RIGHR&EZRIEM P, MFE: 'question'.
TSR RAE R, RABERNEEH ERRENE, Ehka, HENEBERMMIREESR: &REER:

hi:  FfgEefafa T>ETE® AT T [REASONING_LANGUAGE] & a7 &+, ®f¥ Iq&T IqqT &, 37 G Aqf7
I FTETET & AT FATE FY | T & 'question’. STTT HATH IAAT £TET 7 & | HATH Jqa7 SR Z14T TEMT
AT HN I & T IAA &AT FTR 1 | T 7, T qIRIATI & a78 FAIAT FqT Iqa¥ & AT Iqae:”

bn: @ wuzere *misf [REASONING_LANGUAGE] @ SiaW 9, SiF°[ $ood i, 132 S [UiAs Seeet q1ee @ Smam 3 |
AFAGI & 1: 'question’. SIAIF TN $Owd IREY Wi | TEITS Tooas! MIF(S 26T TS QIR Tl #I7+7ca Towd nrsdl Tofs | G
T, O *RAPRGA *RT S F ToiAe Tood wfi 'Tuiae Sows:',

ja: ROHFEFICH T 2 ER% [REASONING_LANGUAGE] IZFRR L. ZHUCEZ TH S, REMRE 2 % HAGEIZ
BIERLIBL T 23w, HfM: 'question’. BRAM BB 2 HARE THRA L T2V, RENRZEIZFEMET, E
MICHEEZ 20ERH D £, REBIZ, RO 7L —XDBICEKAZEZIRE L T Z X0V T B&EE:

id: Terjemahkan pertanyaan faktual berikut ke dalam [REASONING_LANGUAGE], kemudian jawablah, dan kemudian

terjemahkan jawaban akhir kembali ke Indonesia. Pertanyaannya adalah: 'question'. Berikan jawaban akhir Anda dalam bahasa

Indonesia. Jawaban akhir harus ringkas dan langsung menjawab pertanyaan. Berikan jawaban akhir Anda di bagian paling akhir
setelah frasa 'Jawaban akhir:'.

ko: ThHEAMI 22 [REASONING_LANGUAGE] (2) 2 gtk HH s, 2| FHH SoH=0] (2) 2HAH 54
A2, AE2HZ 5 U question’. | SEH S0l 2| F5HA| 2. 2 SEH 22 skt Fof 2 Fafofet U o
e gl o2 F ol H SEH Al TS A 2. 2 FH!

pt: Traduza a seguinte pergunta factual para [REASONING_LANGUAGE], em seguida, responda-a e depois traduza a
resposta final de volta para portugués. A pergunta é: 'question’. Forneca sua resposta final em portugués. A resposta final deve ser
concisa e responder directamente a pergunta. Forneca sua resposta final no final ap6s a frase 'Resposta final:'.

de: Ubersetzen Sie die folgende Sachfrage in [REASONING_LANGUAGE], beantworten Sie sie dann und iibersetzen Sie
schlieBlich die endgiiltige Antwort zuriick in Deutsch. Die Frage lautet: 'question’. Geben Sie Ihre endgiiltige Antwort auf
Deutsch. Die endgiiltige Antwort sollte prignant sein und die Frage direkt beantworten. Geben Sie Thre endgiiltige Antwort ganz

am Ende nach dem Satz an 'Endgiiltige Antwort:'.

Strategy: L. € Lpred

en: Predict 3 languages that would be most effective for reasoning and finding the correct answer to the following factual
question. Provide the response as a JSON object with a single key "languages" containing a list of ISO 639-1 language codes.
Question: question

he: DPY2IRD T2WHT DR PR0D .ARIT ATNT2107 A9RWY 711237 IO DR 72700 MY M MO 1w w3 am
question 198 .639-1 ISO 1P 5w xR 5721 "languages” 7°M7° Mhan oY JSSON

es: Predice 3 idiomas que serian mds efectivos para razonar y encontrar la respuesta correcta a la siguiente pregunta factica.
Proporciona la respuesta como un objeto JSON con una tnica clave "languages" que contenga una lista de cédigos de idioma
ISO 639-1. Pregunta: question

fr: Prédisez 3 langues qui seraient les plus efficaces pour raisonner et trouver la bonne réponse 2 la question factuelle suivante.
Fournissez la réponse sous la forme d'un objet JSON avec une seule clé "languages" contenant une liste de codes de langue ISO
639-1. Question : question

ar: "languages" a>ly zliaas JSON (58 wl>¥l pad I (sadlyd) Jlgl) dmammad] LY alog)y pSaild alas SV (psSins lad 3 5 Ls
question :Jl5udl .1-639 ISO ulall) jgep 43l (e (sgizy

ru: IMpenckaxute 3 s3BIKOB, KOTOpBIe ObUTH OB HanOONee 3(PPEKTUBHEI IJIs1 pACCyKICHHUHN 1 MOKMCKA IPABIILHOTO OTBETA
Ha creyromuii ¢paktudeckuii Bonpoc. [Ipenocraeste oTBeT B Bie JSON-00beKTa ¢ €AMHCTBEHHBIM KJIIOYOM "languages”,
coiepKalliM CIIUCOK KoJ0B A3bIKOB ISO 639-1. Bompoc: question

it: Prevedi 3 lingue che sarebbero piu efficaci per ragionare e trovare la risposta corretta alla seguente domanda fattuale.
Fornisci la risposta come oggetto JSON con una singola chiave "languages" contenente un elenco di codici lingua ISO 639-1.
Domanda: question

uk: INepenbaure 3 MOB, sIKi Oy 6 HAHOLIBIN eheKTHBHUMH Il MipKyBaHb Ta MOIIYKY MpaBIIIBHOI BiAMOBi/l HA HACTYITHE

(paxriune nuranna. Hanaiire Binnosine y Burisani JSON-06'ekta 3 M KimoueM "languages”, 110 MICTUTB CITUCOK KOJIiB
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MoB ISO 639-1. INutanns: question
bg: Tpensunere 3 e3uxa, kKouTo Grxa OGuiK Hail-eDEKTUBHM 32 PA3CHKIEHUE U HAMUPAHE HA TIPABWJIHUS OTTOBOP HA CJIEHHS
¢akruuecku Bbpoc. [Ipenocrasere otroBopa kato JSON 06ekT ¢ eauH Kimod "languages”, ChIbpIKaIll CIIUCHK C €3MKOBU

konose ISO 639-1. Benpoc: question

zh: T 3 Rfoet THERAERE| DUT FSL R EME R R EGRIES . 15 ISON MRIEA R HEE, Hhts
—/NM# “languages”, HAH M ISO 639-1 &S V3R, [A#: question

hi:  Ffefafa TS o & aE 2 AT TG IqqT Ao & AT a9 TATET 3 JITYTH? S TG H7 |
AR AT &7 JSON SAqAHE & TT H TETT &Y ATGH TaeT Foil "languages” &T 3T ITH SO 639-1 ITNT &S & =T
&T | 09T question

bn: SRERS SFeTs A Eef wredt @3 FF Towd At TN ST ARG FIIFAT T AT 35T ORI A R | et sl
JSON SRS BT FWIF T I "languages" TNCE GF51 g Ft AFAC GR SIeC [SO 639-1 SN FC T8 SIaf AT | ~7+0:
question

ja: ROFEFICH T 2EMIIH LT, #HERLIELWEZZRADOT 2D CR MR 3 ODFiEEZTHIL TL
7ZE WV, BB, 1SO0639-158Ea—ROU R M2 PH—DF — "languageS" PEHOISONA 7Y 27 b LT
LT 72X, E: question

id: Prediksikan 3 bahasa yang akan paling efektif untuk bernalar dan menemukan jawaban yang benar untuk pertanyaan
faktual berikut. Berikan respons sebagai objek JSON dengan satu kunci "languages" yang berisi daftar kode bahasa ISO 639-1.
Pertanyaan: question

ko: theAMEEHAA Fo s Bt g H = astA d 37H4 Ao} E0| Z514| 2. 1S0 639-1 oj T EE2
Z3el=TY 7] "languages" 7S+ JSON A 2-5-F

pt:  Preveja 3 idiomas que seriam mais eficazes para raciocinar e encontrar a resposta correta para a seguinte pergunta factual.

o

2 A|55A| 2. Z-&: question

Forneca a resposta como um objeto JSON com uma tnica chave "languages" contendo uma lista de c6digos de idioma ISO
639-1. Pergunta: question

de: Sagen Sie 3 Sprachen voraus, die am effektivsten wiren, um zu schlussfolgern und die richtige Antwort auf die folgende
Sachfrage zu finden. Geben Sie die Antwort als JSON-Objekt mit einem einzigen Schliissel "languages" an, der eine Liste von

ISO 639-1-Sprachcodes enthélt. Frage: question

Strategy: L. — L,

en: Please think about the following factual question first in English, and then provide your final answer. 'question’. Provide
your final answer in English. The final answer should be concise and directly answer the question. Provide your final answer at the
very end after the phrase 'Final Answer:'.

he: oow0m 12w NN P20 .'question’ .[1"D10M NN NN PO 121 AMRSY ,NTAR-2 7N ARIA DT ORI DD 2107 RN
7200 MM NRS 102 A" 7NN IR PR0 SR 5D MRt MRS QRN SIS 12 0TR0T 12T aTapa
210

es: Por favor, piensa primero en la siguiente pregunta factual en espafiol y luego proporciona tu respuesta final. 'question'.
Proporciona tu respuesta final en espafiol. La respuesta final debe ser concisa e responder directamente a la pregunta.
Proporciona tu respuesta final al final después de la frase 'Respuesta final:'.

fr: Veuillez d'abord réfléchir a la question factuelle suivante en francais, puis fournissez votre réponse finale. 'question’'.
Fournissez votre réponse finale en frangais. La réponse finale doit étre concise et répondre directement a la question. Fournissez
votre réponse finale a la fin apres la phrase 'Réponse finale:'.

ArT (5555 0l ey i al) 230 2ilgdl) Al a5 'question’ . sley] Qi) s 5 gl il Vgl JI (pdll] Jlsdl (58 uSa] (i
Craslgtl) Bl 5 leal) s Rlgtd) (8 algtl) Anlr] e . sl e 83lis s Brpo il LY

ru: Iloxanyiicta, cHa4yana nMogymaiite HaJ CleqyIOIUM (DaKTHYECKMM BOITPOCOM Ha PYCCKOM, a 3aTeM JAaiiTe OKOHYATe bHbIN
otBeT. 'question’. [IpegocTaBbTe CBOI OKOHYATENIBHBIN OTBET Ha PYCCKOM si3bIke. OKOHYATEIbHBIA OTBET JIOJKEH OBITh KPaTKHM
Y MpsIMO OTBeYaTh Ha Borpoc. IIpenoctaBbTe CBOM OKOHYATENbHBIH OTBET B CAMOM KOHLIE ociie (ppa3bl 'OKOHYATEIbHBII
OTBeT:'.

it: Per favore, pensa prima alla seguente domanda fattuale in italiano, quindi fornisci la tua risposta finale. 'question'. Fornisci la
tua risposta finale in italiano. La risposta finale dovrebbe essere concisa e rispondere direttamente alla domanda. Fornisci la tua
risposta finale alla fine dopo la frase 'Risposta finale:'.

uk: Bynp nacka, cioyaTKy mogyManTe Haj HACTYITHUM (DaKTHIHUM MUTAHHSM MOBOIO YKPaiHCBKOIO, a TIOTIM HajjaiTe

OCTaTOYHY BifNOBib. 'question’. Hapaiite cBOIO ocTaTOYHY BifNOBIIb YKpaiHChKO0. OCTaTovHAa BigNOBi/Ib IOBUHHA OYTH
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CTHUCIIOI0 Ta TIPSIMO BiMoBinaTé Ha mutaHHs. Hagaiite cBolo ocTaTouHy BimOBiAb B caMoMy KiHII micis ¢ppasu 'OcraTtouna
BiANOBIL:'.

bg: Mons, mbpeo nomucreTe Bbpxy ciieanus (aKTHUECKU BBIPOC HA GBJITAPCKH U CIIE/ TOBA IPEJOCTABETE OKOHYATEHUS CH
orrosop. 'question’. IIpegocraBere OKOHUATEIHHUSA CU OTTOBOP Ha Obrapcki. OKOHYATETHUAT OTrOBOP TPsOBa Ja ObJe KpaThbK
U J]a OTroBapsi JUPEKTHO Ha BbIpoca. [IpegocraBeTe OKOHYATETHUS CH OTTOBOP B caMusl Kpaii ciief (ppasata 'OKOHUATENEH
OTrOBOp:'.

zh: EEATSCEE DI ERAM, AEREREESR, ‘question'. I IRMRAER, REAERNFEEIFEE
EIERE, fEi)a, EEN NEBERMIRINRAESR: T REER: .

hi: FIAT T8 &al & AHAATGIT TEATAHE TI & q1¢ H 19, 3T K TTAT ATTH I 1 | 'question'. STTAT
ST FAae &S & & | e I Ry e &1 STE T ST E I AT I a7 e | HT F, I GRATT F
T TYAT AATT Iqa< & AT Iqae:’.

bn: SFE FAC AU IEA- ARFARIS STor #Ag«Ieof AT bfet T «32 SIFF A#4F oINS Towd Wi | 'question’. S#HF TEITS
Towd AR W | TOINS Tewan! MeFAe 267 T56 W2 TRl #ITwra Towd nred TS | GIFTIIT *I0C, 9T *_MAPRET 7T ST FOITS
EOCERGERCIE RO

ja: ETHATETROFERICHT 2EMITOWTHE R, Z1h 6 RERNREEZHMEL L T 72 & W, 'question'. %
KA RS2 HABTREE L TRV, REANRAEZMHERE T, HAMCEREZ 2LEND D $5, RIRIZ. X
D7 L —RADRICERHEAEZRBEL TRV BRI

id: Tolong pikirkan pertanyaan faktual berikut terlebih dahulu dalam Indonesia, lalu berikan jawaban akhir Anda. 'question'.

Berikan jawaban akhir Anda dalam bahasa Indonesia. Jawaban akhir harus ringkas dan langsung menjawab pertanyaan. Berikan
jawaban akhir Anda di bagian paling akhir setelah frasa 'Jawaban akhir:'.

ko: A ETo] (2) 2ok A A RO hsl 2B Th S H S HE S AT AL L. ‘question’. HEFH LTl 24135}
Ale. HF e erast 1 g 2o A g dslokduch Mok golche 2 2 H o H SR S A A 2. HF T,
pt: Por favor, pense primeiro na seguinte pergunta factual em portugués e depois forneca a sua resposta final. 'question'.
Forneca sua resposta final em portugués. A resposta final deve ser concisa e responder directamente a pergunta. Forneca sua
resposta final no final ap6s a frase 'Resposta final:'.

de: Bitte denken Sie zuerst in Deutsch tiber die folgende Sachfrage nach und geben Sie dann Ihre endgiiltige Antwort.
'question’. Geben Sie Thre endgiiltige Antwort auf Deutsch. Die endgiiltige Antwort sollte prignant sein und die Frage direkt
beantworten. Geben Sie Ihre endgiiltige Antwort ganz am Ende nach dem Satz an 'Endgiiltige Antwort:'.

Aggregation - Majority Vote

en: Question: 'question' Here are answers to the question in different languages: responses Based on these responses, determine
the correct answer by performing majority voting. Identify the answer that appears most frequently among the provided options
and choose it as the correct answer. Provide your reasoning briefly, and then provide your final answer concisely at the very end
after the phrase 'Final Answer:'.

he: mpxnRa 712337 72007 T P3P 198 M2WN Y 002N responses W MDY YR 112100 1975 'question’ 1ORY
PIMIT AR PO .20 A2WN2 72 AM27 P20 MIMAWDRT 1720 N2 7230 TN ADRNAT A2WN0 AR 70T .27 Nuasa
LT2I0 120N T R 102 8P '['7(&’ D07 72NN SR P20 120 MRS ,18P2 T'?U

es: Pregunta: 'question' Aqui hay respuestas a la pregunta en diferentes idiomas: responses Basdndote en estas respuestas,
determina la respuesta correcta mediante una votacién por mayoria. Identifica la respuesta que aparece con mas frecuencia entre
las opciones proporcionadas y eligela como la respuesta correcta. Proporciona tu razonamiento brevemente y luego proporciona
tu respuesta final de forma concisa al final después de la frase 'Respuesta final:'.

fr: Question : 'question’ Voici les réponses a la question dans différentes langues : responses Sur la base de ces réponses,
déterminez la réponse correcte en effectuant un vote a la majorité. Identifiez la réponse qui apparait le plus fréquemment parmi
les options fournies et choisissez-la comme réponse correcte. Fournissez brievement votre raisonnement, puis fournissez votre
réponse finale de maniere concise a la fin apres la phrase 'Réponse finale:'.

ar: cugai cle] U (e dousudll LY 22> (b)) 2 e il responses tdalise culaly Jlgd] e bl (G lawd 'question” ;)5
@ izl ailgil) o] s 8 ol D5 35 i IS Lajisly dasiall L) O 5 Sie St sgles ] BV sa> il
gl Bl 8 laadl ans aulgd

ru: Bomnpoc: 'question’ Bot oTBeThI Ha BOIpoc Ha pa3HbIX sI3bIKax: responses Ha OCHOBE 9TMX OTBETOB ONpeenTe
NPaBHJIBHBINA OTBET METOJOM OOJIbIIMHCTBA roJIocoB. Hailiute OTBET, KOTOPHIil BCTPEUAETCs Yallle BCEro CPeH MpeIIoKeHHBIX

BapHUaHTOB, U BbI6epI/ITe €ro B Ka4Y€CTBE IPaBUJILHOI'O. KpaTKO [pUBEAUTE CBOU PACCYXKICHUA, a 3aTEM KPATKO YKAKUTE
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OKOHYATEJIbHBIA OTBET B CAMOM KOHIIe Tociie (ppas3bl 'OKOHYATENBHBIN OTBET: .

it: Domanda: 'question’ Ecco le risposte alla domanda in lingue diverse: responses In base a queste risposte, determina la
risposta corretta eseguendo una votazione a maggioranza. Identifica la risposta che appare piu frequentemente tra le opzioni
fornite e sceglila come risposta corretta. Fornisci brevemente il tuo ragionamento, quindi fornisci la tua risposta finale in modo
conciso alla fine dopo la frase 'Risposta finale:'.

uk: IMutanus: 'question’ Ock BIAINOBIII HA MUTAHHS PI3HUMHU MOBaMHU: responses Ha ocCHOBI 1Iux BinoBifel BU3HauTe
MPaBUJIbHY BiANOBIIb HUISIXOM TOJOCYBaHHs OlbIicTio. BusHauTe BiAMOBib, sIka 3yCTPIYaEThCSI HAMYACTIIIE cepe]] HaTaHuX
BapiaHTiB, i 00epiTh 1l SIK MPaBUIbHY BiAMOBigb. CTUCIIO HABEITh CBOE OOT PYHTYBaHHSI, a IOTIM HAJIaliTe OCTATOYHY Bi/IMOBI/Ib
CTHUCJIO B caMoMy KiHui miciist ¢ppasu 'OctaTouHa BiANOBIIb: .

bg: Bonpoc: 'question’ ETo oTroBopr Ha BBITpoca Ha pa3iMiHM e3UIH: responses Bb3 OCHOBa Ha Te3M OTrOBOPH OIpejiesieTe
MPaBHJIHUS OTTOBOD Ype3 [7IacyBaHe C MHO3ZUHCTBO. M neHTudgunmpaiite 0TroBopa, KOMTO ce MosiBsiBa Hali-4ecTo cpef,
MIpeJOCTaBeHHTe OIIWY, ¥ TO U30epeTe 3a IpaBuieH otroBop. [IpeacraBere KpaTKo MOTHBHTE CH, a CJIEJl TOBA IIPEJOCTaBETe
OKOHYATEJHUs CU OTTOBOP KPATKO B caMus Kpail cie; (ppasara 'OKOHYATEIEH OTTOBOP: .

zh: A 'question' PA N2 IZIAIEHIAFIE S CARIIEIZE 1 responses MRHEIXLEAIE, @IS ZHILERIE AR, K
PR AERIEITR IR B VAR, RN IERE SR, S HAIRIE S, RSERE, £ REER: 25
fEAYE ZE AR IR R R B R

hi: T 'question’ T&ET T HTYTA & W & Iqa &7 T & responses T IAALN & ATITY I, TEAT HASTT
FE Rl IAAT ATCITT HY | 3T ITRATT H T IT IqAL FT TEATT HY ST T ATk ¢ IM@TE aaT & AT IT Tar
IAATEH TTH I | TTAT T GaNT 7 &, 3T G AT H, A7 Iqa<: ITaF19 & a7 FAIAT HAqH Jqa T 7 7 |
bn: I 'question’ Q1T ISFH S #F=ATa Towa 7S T T: responses G TOTAYAC 11 @7 Sfewl FH, MWt O Hra
AT 71T Towabl Aidiad T | Agree AFT2E 1 LI T Sowebl FI6CC ICHRIT Gt ©f 53 Fg @R B A9 Twoq 2hiat
JORC AR | AFFCAT AT IFf A T QR AT, 'FOIT® Tood:' TR #FC IRFICT A GoiFe Towd i |

ja: B 'question’ ANIE, S EXHBRFFBIC L2 EMADEE T responses 25 DEIFITEDNT, ZHIR
WEDIELWEZZREL TRV, Rt ERNROT TRHABEICHNIBEEZREL. ThZEffL
LTOERL TS0, BHZEICENTAR, BRI &EEE: 205 7L —XDRIC, BERILRE X 2 iR
WFEIR L TL 2 &0,

id: Pertanyaan: 'question' Berikut adalah jawaban-jawaban untuk pertanyaan tersebut dalam berbagai bahasa: responses

Berdasarkan jawaban-jawaban ini, tentukan jawaban yang benar dengan melakukan pemungutan suara terbanyak. Identifikasi
jawaban yang paling sering muncul di antara pilihan yang tersedia dan pilih sebagai jawaban yang benar. Berikan penalaran
Anda secara singkat, lalu berikan jawaban akhir Anda secara ringkas di bagian paling akhir setelah frasa 'Jawaban akhir:".
ko: Z-EF: 'question' TH&20 2 Aol 2H A Fo| i HEH A Ut} responses O] FHESHIFH 2Ot SIS 2
oA 2. Al E S SR U g S A E st ao| S F e =  Hst Al 2. F 22 s AIAl

=, HHA ol 2| S SR T ol H S EH ST E sHAIA S s Al 2.

pt: Pergunta: 'question’ Aqui estdo as respostas a pergunta em diferentes idiomas: responses Com base nessas respostas,
determine a resposta correta realizando uma votagdo por maioria. Identifique a resposta que aparece com mais frequéncia entre
as opcdes fornecidas e escolha-a como a resposta correta. Fornega seu raciocinio brevemente e, em seguida, fornega sua resposta
final de forma concisa bem no final, apés a frase 'Resposta final:'.

de: Frage: 'question' Hier sind Antworten auf die Frage in verschiedenen Sprachen: responses Bestimmen Sie anhand dieser
Antworten die richtige Antwort durch Mehrheitsentscheidung. Identifizieren Sie die Antwort, die unter den angegebenen
Optionen am hiufigsten vorkommt, und wihlen Sie diese als richtige Antwort. Geben Sie Ihre Begriindung kurz an und geben

Sie dann Ihre endgiiltige Antwort kurz am Ende nach dem Satz 'Endgiiltige Antwort:' an.

Aggregation - Minority Aware

en: Question: 'question' Here are answers to the question in different languages: responses Based on these responses, determine
the correct answer. Consider all the provided answers and justify your selection. Note that the correct answer is not necessarily
the one chosen by the majority of the responses. Keep in mind that knowledge related to this question might be more common or
accurate in specific languages. Provide your justification first, and then provide your final answer concisely at the very end after
the phrase 'Final Answer:'.

he: 5208 Hpw 131237 72WNT TR 2P OR MR S DDA responses 11310 MDY THRLY M2WN 15715 'question’ TORW
ipliiop) WPT DT M7 .MAwnT 27 T 5D M2 1T M9 TR 7107 TR 25 0w ST DR PR IPRI0w M
7MRP2 7O NDI0T A2IWNT DR PIO 13 RO TN 7O PN N8 PRO IMON MBW3 01T P R 7123 MY e 7
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LTDI0 T2I0R T nRb a102

es: Pregunta: 'question' Aqui hay respuestas a la pregunta en diferentes idiomas: responses Basdndote en estas respuestas,
determina la respuesta correcta. Considera todas las respuestas proporcionadas y justifica tu seleccion. Ten en cuenta que la
respuesta correcta no es necesariamente la elegida por la mayoria de las respuestas. Recuerda que el conocimiento relacionado
con esta pregunta puede ser mas comtin o preciso en idiomas especificos. Proporciona tu justificacion primero y luego
proporciona tu respuesta final de forma concisa al final después de la frase 'Respuesta final:'.

fr: Question : 'question’ Voici les réponses a la question dans diftérentes langues : responses Sur la base de ces réponses,
déterminez la réponse correcte. Considérez toutes les réponses fournies et justifiez votre sélection. Notez que la réponse correcte
n'est pas nécessairement celle choisie par la majorité des réponses. Gardez a 1'esprit que les connaissances liées a cette question
peuvent étre plus courantes ou précises dans des langues spécifiques. Fournissez d'abord votre justification, puis fournissez votre
réponse finale de maniere concise a la fin apres la phrase 'Réponse finale:'.

ar: gz jlic¥l 6 3> dousall LY 2> (LY se (e il responses tdalise culaly Jlsd) (e cable] (b lays 'question” )3
0555 28 Il Tagy dilaiad) 86 pmadl O S35 1390 ,0) ddle L ksl ()l (s 8500l i duseddl GY) O LY AL g deaiiadl LY
Jragtle) By 8 L) an ayleil) (6 jLaisl ale) Anly] pa S Vgl A 455 pad Baame i) (6 @8a ol legus ]

ru: Bomnpoc: 'question’ Bot oTBeThI Ha BOnpoc Ha pa3HbIX si3bIKax: responses OCHOBBIBASICh HA ITHX OTBETAX, ONPEIE/IUTe
NpaBUJIbHBIN OTBET. PaccMoTpHTe BCe MpeCTaBIIEHHbIE OTBEThI M 000CHYITE CBOIi BBIOOpP. OOpaTHTEe BHUMaHHUE, YTO
MIPaBUJIBHBIN OTBET He 00sI3aTENILHO COBIAAET C TeM, KOTOPBIi BHIOpasto OoibIMHCTBO. VIMeliTe B BULY, YTO 3HAHHS 110

3TOMY BOIPOCY MOTYT ObITh 00JIe€ MOJHBIMH HJIM TOYHBIMU Ha ONpeJeeHHbIX sA3blkax. CHavalIa MpuBeuTe 0OOCHOBaHHUE, &
3aTeM KpaTKO yKaXUTe OKOHYATEJIbHBII OTBET B CAMOM KOHLIE rociie (ppa3bl 'OKOHYATEIbHBIN OTBET:'.

it: Domanda: 'question’ Ecco le risposte alla domanda in lingue diverse: responses In base a queste risposte, determina la
risposta corretta. Considera tutte le risposte fornite e giustifica la tua scelta. Nota che la risposta corretta non ¢ necessariamente
quella scelta dalla maggioranza delle risposte. Tieni presente che la conoscenza relativa a questa domanda potrebbe essere pill
comune o accurata in lingue specifiche. Fornisci prima la tua giustificazione, quindi fornisci la tua risposta finale in modo conciso
alla fine dopo la frase 'Risposta finale:'.

uk: IMuranss: 'question’ Och BiAMOBiAI Ha MUTAHHS Pi3HUMU MOBaMH: responses Ha ocHOBI X BifNoBineil BU3HaUTe
NPaBUIbHY BiJMNOBiab. Po3risiHpTe Bei HajaHi BignoBsii ta oOrpyHTyiiTe cBiii BUOip. 3ayBaxTe, IO NPaBUJIbHA BiAOBiAb HE
00OB'SI3KOBO € Ti€lo, SIKy 0Opaa OinblricTb. MaiiTe Ha yBasi, 0 3HAHHS, ITOB'I13aHi 3 IIUM [TUTaHHSM, MOXYTb OyTH OiIbII
MOIIMPEHNMHU 260 TOYHUMHU B NeBHUX MoBax. CHOUaTKy Hajiaiite CBOE OOIpPYHTYBaHH:I, a MOTIM CTHUCIIO HaJalTe OCTATOYHY
BIZINIOBI/Ib Y caMOMYy KiHmi micist ¢ppazu 'OcraTtouHa BiAMOBiAb: .

bg:  Bwmpoc: 'question' ETo 0TroBOpH Ha BBIIPOCA Ha Pa3/IMUHK €3HIIM: responses Bb3 OCHOBa Ha Te3U OTTOBOPH OIIPE/IEIETe
NpaBUJIHKSA OTrOBOp. Pasriesaiite BCMUKM NPEAOCTaBEHN OTTOBOPU M 000CHOBeTe M300pa cu. ViMaiiTe npeBul, de MpaBUIHUAT
OTrOBOP He € 3aABJUKUTENHO TO3H, N30paH OT MHO3MHCTBOTO. He 3abpaBsiiiTe, ye 3HaHUATA, CBBP3aHU C TO3U BBIIPOC, MOTaT Ja
ObJAT M10-YECTO CPELaHN WM TOYHH Ha OpeseseHH e3ulu. IIbpBo npecrtaBete 000CHOBKATA CH, A CJIE/ TOBA MPEIOCTABETe
OKOHYATEJIHUS CH OTTOBOP KPaTKO B caMusl Kpai ciiesi ppazata 'OKOHUYATENIEH OTTOBOD:'.

zh: [AIf: 'question' DA N2 IZ A R R FIE = AR EIZS . responses ARFEIXLEEE, HIE EMESR, BEATERMLN
ESIFUHBNERR B, EER, EMEEHNERRZEEIEMERIID. HICE, SIRRESCHATRIER:
SEVE S AT RE S LB e, B SCIROURIVBEH, ARRTERSS, £ REAER: ' eI E R AR R E
.

hi: TEI: 'question’ TET AT HTITAN § WU & IAAY &1 7T & responses I IAALN & AL T, FET IqAL
Fhramefa &% 1 it & 0 Iaadt 97 af e & S0 ;T T AT (AT ATafd &Y | I & K Gar IqqT 98 T8l

& T STTaRTor IqaeT G@TIT AT AT & | 93T T & § T & Hao{d ST aforfye Irrsit & srafe aram=e ar
TETh T AHAT & | T STIT ST &, 3T R AT H, 'SAqT Iqq7: aTRIATIT & I8 TAT HATH Iqa? TRy T 7 7 |
bn: ==F: 'question’ QT IS ST AT+IT TOTH WG T T: responses 2T TTTIYT 17 8917 Sfoe T, T Towan  AHHIwe 7 |
ATAOS HITS GO AACHAT T AR AT NGB T TFfFo! TAREN T | T AR T 0T Towal SIq=7g HeL@eiaay Towg warm
IR Tooa 7 | ¢ AR IC 9T AT TGS Sreley AT ST A ALl 91 ASF 2o AT | AFANC AANT TS A Fgey @2
FRICAT, 'FOITS TOSH:' AFAIACE A7 AT S GOl Twwd At |

ja: Bl 'question' PATFIE. TEXFRFEIC K2 EMADEZETT: responses 25 DEIFIZEDINT, IELW
BEZRDPELTLRZE WV, #tSh TR ToEE 2B L, EBROMEZHH L TSV, ERIZBTLD
REBORIETEINZ DD LIFROERNI ECHER LTIV, TOHEMCHEES 2 HH I, FEDSHET
XD~ FIEMTH 2NN DH 2 2 ZRBUCTEW T L E W, BYICIEYOMEZRR, REIC &
HEE: VW) 7L —XDRIT, BRIREZ 2RISR L TR E W,

id: Pertanyaan: 'question’ Berikut adalah jawaban-jawaban untuk pertanyaan tersebut dalam berbagai bahasa: responses
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Berdasarkan jawaban-jawaban ini, tentukan jawaban yang benar. Pertimbangkan semua jawaban yang diberikan dan berikan
alasan atas pilihan Anda. Perhatikan bahwa jawaban yang benar tidak selalu jawaban yang dipilih oleh mayoritas tanggapan.
Ingatlah bahwa pengetahuan yang terkait dengan pertanyaan ini mungkin lebih umum atau akurat dalam bahasa tertentu. Berikan
alasan Anda terlebih dahulu, lalu berikan jawaban akhir Anda secara ringkas di bagian paling akhir setelah frasa 'Jawaban
akhir:'.
ko: Z-&: 'question' T2 2| Ao 2 H A Rof| i ot EH A Y th: responses Ol FHEZHIH 2 HHSEAHSHAI 2. Al
THEEFHS o] RS 2. A H ol Rt EA Th o HiH o] el QI Z 2 : L
HEA A 25 Ao M LA o] A S0l S A I Al 2. HAH G A ST ThZ, nhA 2ol 2 S5
ERTF X SEH S sHAIAI S s Al 2.
pt: Pergunta: 'question’ Aqui estdo as respostas a pergunta em diferentes idiomas: responses Com base nessas respostas,
determine a resposta correta. Considere todas as respostas fornecidas e justifique sua seleciio. Note que a resposta correta ndo é
necessariamente a escolhida pela maioria das respostas. Tenha em mente que o conhecimento relacionado a esta pergunta pode
ser mais comum ou preciso em idiomas especificos. Fornega sua justificativa primeiro e, em seguida, fornega sua resposta final
de forma concisa bem no final, apds a frase 'Resposta final:'.
de: Frage: 'question’ Hier sind Antworten auf die Frage in verschiedenen Sprachen: responses Bestimmen Sie anhand dieser
Antworten die richtige Antwort. Beriicksichtigen Sie alle bereitgestellten Antworten und begriinden Sie Ihre Auswahl. Beachten
Sie, dass die richtige Antwort nicht unbedingt diejenige ist, die von der Mehrheit der Antworten gewihlt wurde. Denken
Sie daran, dass Wissen zu dieser Frage in bestimmten Sprachen verbreiteter oder genauer sein kann. Geben Sie zuerst lhre

Begriindung an und geben Sie dann Ihre endgiiltige Antwort kurz am Ende nach dem Satz 'Endgiiltige Antwort:' an.
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Figure 5: Accuracy versus average token cost (log scale) on the ECLeKTic benchmark. Similar to CLIKE, cross-
lingual exploration provides a more efficient compute frontier than native-language scaling. See Appendix G (Table
13) for exact token cost and latency values for each strategy.
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G End-to-End Cost and Latency Analysis

In this section, we present a detailed empirical cost and latency breakdown for the various single-path
and multi-path exploration strategies, as well as baseline methods.

G.1 Latency Measurement Methodology

While our primary evaluation was conducted using the batch API (which optimizes for high throughput
and lower token cost but does not yield representative real-time wall-clock latencies), we systematically
benchmarked real-time latency. This benchmark was performed using the Gemini 2.5 Flash via the Vertex
Al SDK on a randomly selected subset of 100 questions from each benchmark (CLIKE and ECLeKTic).
Furthermore, we explicitly specify the following operational design choices of our benchmark:

* Concurrency and Execution Structure: For multi-path strategies (e.g., L. € L), the in-
dividual parallel exploration paths are executed simultaneously using a concurrent thread pool
(ThreadPoolExecutor with a maximum of 16 workers). For single-path or sequential strategies (e.g.,
L. — Choose + EN), calls are executed strictly sequentially.

» Aggregation Overhead: The reported latency for multi-path and predicted-subset strategies fully
includes the time required to format the candidate responses and execute the final LLM-based ag-
gregation step (e.g., Stage 3 Majority Vote or Minority-Aware selection).

* Queueing and Batch Processing: Because these benchmarks were executed live using direct online
API endpoints, the reported latencies represent direct network-to-model overhead and do not include
provider-side offline batch queueing delays.

* Environmental and Network Reliability: Since latency is inherently subject to server load and
network state, we performed the latency benchmarks for all compared methods around the same time
and under identical local conditions. Consequently, the relative performance and latency differences
between the methods are reliable and representative of their algorithmic design.

G.2 Cost and Latency Breakdown

Table 12 compiles the average input tokens, average output tokens, average total tokens, number of API
calls, and clean parallel wall-clock latency for each strategy evaluated on the CLIKE benchmark. Table 13
lists the corresponding results for the ECLeKTic benchmark.

For both benchmarks, input and output tokens are averaged across the full evaluation datasets. For
multi-path strategies, the token counts represent the cumulative sum of all parallel exploration paths plus
the final answer extraction and aggregation steps.
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Strategy Calls Input (K) Output(K) Total (K) Latency (s)

Single-path Strategies

L. — EN 1 0.79 0.96 1.76 4.50
L. — Choose — Unlimited 1 0.95 0.92 1.86 5.45
L. — Choose — ReasonAboutOrigin 1 1.40 3.12 4.51 9.28
L. — Choose + EN 1 1.08 1.57 2.65 6.48
Multi-path Strategies

L. € £ (Maj. Vote) 14 23.84 13.04 36.88 19.80
L. € £ (Mino. Aware) 14 24.09 14.05 38.14 19.80
L. € £ (Naive) 14 23.49 12.05 35.54 19.80
L. € L (Extracted Answer) 14 13.39 11.82 25.21 19.80
Le € Lprea (Maj. Vote) 5 5.78 3.03 8.81 19.32
L. € Choose (x13) (Maj. Vote) 14 59.64 41.09 100.74 16.07
Baselines & Ablations

Native Baseline (L) 1 0.61 0.16 0.77 2.04
Le — Ly 1 0.73 0.69 1.43 2.22
Native (x13) (Maj. Vote) 14 11.85 3.15 15.00 8.93
Native (x13) (Naive) 14 11.52 2.69 14.21 8.93
Le — Ly—ReasonAboutOrigin 1 1.28 3.12 4.40 7.57

Table 12: Detailed cost and latency analysis on the CLIKE benchmark. Average tokens are reported in thousands
(K). Clean parallel latency is the mean end-to-end wall-clock duration in seconds across 100 live-benchmarked
runs (Gemini 2.5 Flash), excluding rate-limit retry overhead.

Strategy Calls Input(K) Output(K) Total (K) Latency (s)
Single-path Strategies

L. — EN 1 1.14 1.92 3.06 5.33
Le — Choose — Unlimited 1 1.34 2.24 3.57 7.00
L. — Choose — ReasonAboutOrigin 1 1.90 6.96 8.86 10.43
Le — Choose + EN 1 1.49 3.37 4.86 7.82
Multi-path Strategies

L. € £ (Mino. Aware) 14 53.82 37.49 91.31 20.29
L. € L (Maj. Vote) 14 19.66 30.48 50.14 20.29
Le € Lyrea (Mino. Aware) 5 9.75 7.77 17.52 22.54
L. € Choose (x13) (Mino. Aware) 14 114.06 93.84 207.90 24.19
Baselines & Ablations

Native Baseline (L) 1 0.88 0.52 1.40 3.88
Le — Ly 1 1.04 2.47 3.50 4.21
Native (x13) (Mino. Aware) 14 26.31 12.56 38.87 15.42
Le — Ly—ReasonAboutOrigin 1 1.72 6.42 8.15 10.66

Table 13: Detailed cost and latency analysis on the ECLeKTic benchmark. Average tokens are reported in
thousands (K). Clean parallel latency is the mean end-to-end wall-clock duration in seconds across 100 live-
benchmarked runs (Gemini 2.5 Flash), excluding rate-limit retry overhead. Strategies marked with “~” were not
benchmarked due to requiring oracle setup conditions.
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H Artifacts and Data Characteristics

The datasets used in this work (ECLeKTic and CLIKE) are derived from public knowledge bases
(Wikipedia and Wikidata). Their use in evaluating cross-lingual parametric knowledge is consistent with
their intended research purposes. As these datasets primarily concern general factual knowledge and
public entities, they are not expected to contain personally identifying information (PII) beyond what is
already public, nor do they contain offensive content.

I Use of AI Assistants

During the preparation of this manuscript and the codebase, standard Al assistants (such as GitHub Copi-
lot and Gemini) were used for code generation and formatting in accordance with the ACL policy on Al
assistance.

J Human Validation of the Automatic Judge

To evaluate the reliability of our automatic LLM-as-a-judge (Gemini 2.5 Flash), we conducted an exten-
sive human validation on a randomly sampled subset of 510 examples. We sampled exactly 30 model
outputs per language across all 17 evaluated languages from the results of different cross-lingual and
monolingual strategies. Since our human annotators do not speak the majority of the 17 evaluated lan-
guages, they utilized Google Translate to assist in translating and validating the original questions, model
predictions, and intermediate reasoning steps during evaluation.

For each of the 510 samples, human annotators reviewed:

1. The original question in the query language L,

2. The gold standard answer provided by the benchmark dataset,

3. The model’s raw generated response and the extracted answer,

4. The binary correctness decision (0 or 1) produced by the automatic LLM Judge.

J.1 Overall and Per-Language Reliability

Our automatic judge demonstrated exceptionally high reliability under these evaluation rules, achieving
an overall agreement rate of 97.06% (495 out of 510 cases correct) with human annotators. This high
agreement rate underscores the robustness of using Gemini 2.5 Flash as a benchmark evaluator.

Table 14 reports the detailed reliability statistics broken down by language and grouped by their re-
spective script families. We observe that the judge’s reliability remains robustly high across all scripts,
including perfect agreement in Cyrillic (100.00%) and near-perfect agreement in East Asian (97.78%),
Semitic (96.67%), Devanagari (96.67%), and Latin (97.62%).

J.2  Recurring Error Types and Analysis

Out of the 510 total evaluations under the stick-to-gold rules, human annotators identified exactly 15
discrepancies (unreliable judgments) between the LLM Judge’s decisions and human annotations. Our
analysis categorizes these discrepancies into five primary recurring error types:

1. Minor Transliteration and Spelling Variations (False Negatives) Phonetic and character translit-
erations of foreign named entities in non-Latin scripts (particularly Bengali, Russian, and Hebrew) occa-
sionally confuse the judge, leading to False Negatives where identical phonetic names are not aligned.

+ Example (Kazuo Ishiguro in Bengali): The gold standard spelling of the author’s name is ®/ge
gf*etar while the model predicted F1Fe ¥#etal. In Bengali transliterations of foreign names, the
characters ‘&’ (jo) and ‘¥ (yo) are frequently used interchangeably to represent the phonetic ‘z’
sound. Both spellings are correct and refer to the same entity, but the judge ruled the prediction as
incorrect.
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Language / Script Examined Samples Reliable Judgments Unreliable Judgments Judge Reliability (%)

Latin Script

German (DE) 30 29 1 96.67%
English (EN) 30 29 1 96.67%
Spanish (ES) 30 30 0 100.00%
French (FR) 30 30 0 100.00%
Indonesian (ID) 30 29 1 96.67%
Italian (IT) 30 30 0 100.00%
Portuguese (PT) 30 28 2 93.33%
Subtotal (Latin) 210 205 5 97.62%
Cyrillic Script

Bulgarian (BG) 30 30 0 100.00%
Russian (RU) 30 30 0 100.00%
Ukrainian (UK) 30 30 0 100.00%
Subtotal (Cyrillic) 90 90 0 100.00%
Semitic Script

Arabic (AR) 30 30 0 100.00%
Hebrew (HE) 30 28 2 93.33%
Subtotal (Semitic) 60 58 2 96.67%
Devanagari Script

Bengali (BN) 30 28 2 93.33%
Hindi (HI) 30 30 0 100.00%
Subtotal (Devanagari) 60 58 2 96.67%
East Asian Scripts

Japanese (JA) 30 30 0 100.00%
Korean (KO) 30 28 2 93.33%
Chinese (ZH) 30 30 0 100.00%
Subtotal (East Asian) 90 88 2 97.78%
Total 510 499 1 97.84%

Table 14: Human validation statistics of the automatic LLM judge, broken down by language and grouped by
script family. Reliability represents the rate of agreement between the judge’s binary correctness decision and
human meta-evaluation under the benchmark’s guidelines.

2. Granularity and Precision Differences (False Negatives) Discrepancies arise when the model
provides a more general, more specific, or a literal count answer that is correct but differs in specificity
from the gold standard.

+ Example (District Counts in Korean): Posed in Korean, the question asks ”how many towns”
are part of an association besides Iyo city. The model correctly answered 2 towns (234 Y Th).
However, the gold standard lists the names of the two towns (FFAFZ] %, = H]Z). The model’s
answer is a direct and correct response to the specific count question, but the judge ruled it incorrect.

3. Literal Translation of Proper Nouns (False Positives) In some cases, proper nouns are literally
translated instead of kept as proper names. The judge occasionally fails to identify these literal translations
as incorrect.

* Example (Roque Negro): For the phonolite rock Roque Negro, the German and Korean models
outputted Schwarzer Felsen and =22 (both literally translating to ”Black Rock”). The judge
incorrectly marked these as correct, failing to enforce proper noun preservation.

4. Numerical Unit and Currency Mismatches (False Positives) The judge sometimes fails to detect
differences in currencies or local unit scales, leading to incorrect positive evaluations.

+ Example (Millionaire Definition): Posed in English, the gold standard for the asset threshold is 70
lakhs (which represents 1,000,000 Indian Rupees, or roughly $12,000 USD). The model predicted
81,000,000 USD, is factually different from the gold answer. The judge incorrectly marked this as
correct.
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K Analysis of Source-Language Selection Accuracy

To better understand how effectively the model identifies the correct linguistic region for factual queries,
we analyzed the selections made by the model in the L. — Choose-ReasonAboutOrigin strategy on the
ECLeKTic dataset. On the ECLeKTic benchmark (which consists of 4,608 total queries spanning 12
languages/scripts), we report that the selected reasoning language matched the true ECLeKTic source
language in 69.49% of instances (representing 3,202 out of 4,608 total queries).

K.1 LLM-as-a-Classifier Language Verification Pipeline

To identify the selected reasoning language, we developed an automated pipeline powered by
gemini-2.5-flash. The classifier analyzed the entire raw prediction to determine whether the model per-
formed its core reasoning steps in the target language (Lsource)-

The classifier was prompted with the target source language and the model’s raw generation trace, and
returned a structured JSON object containing;:

1. chose_original_lang: A boolean indicating whether the core reasoning steps were performed in the
specified target source language.

2. reasoning_lang_identified: The ISO 639-1 code of the primary language identified in the thinking
steps.

3. explanation: A concise textual explanation justifying the classification decision.
The exact classification prompt and instructions are provided in Figure 6.

K.2 Human Evaluation and Classifier Validation

To evaluate the reliability of this automated language verifier, we conducted an extensive human valida-
tion on a randomly sampled subset of 150 instances from the classified dataset. Human annotators re-
viewed the original question, the target source language (Lsource), the model’s raw step-by-step response,
and the verifier’s output.

The manual validation revealed that the automatic classifier is highly reliable, achieving an accuracy
of 94.67% (142 out of 150 instances correctly identified). The remaining 8 instances (5.33%) exhibited
systematic discrepancies between the automatic judge and human annotators. These discrepancies belong
to two main categories:

1. Strict vs. Lenient Reasoning Language Execution (False Negatives) This discrepancy (repre-
senting 6 out of the 8 error cases) occurred when the model explicitly stated it would think in the tar-
get language (e.g., Chinese, Hebrew, or Korean) and did translate the query or generate initial search
terms/steps in that language, but eventually completed or explained its main reasoning steps in a differ-
ent language (often Chinese, German, or Hebrew). While the automated verifier strictly marked these
as False (identifying that the core reasoning narrative was not primarily in the target language), human
annotators evaluated these cases as successful executions of the strategy because the model did correctly
identify and utilize the target language’s vocabulary, structure, or initial context.

+ Example (Sample 509): The expected language was Chinese (zh), and the query language was Ger-
man (de). The model explicitly stated “Schritt fiir Schritt Uberlegung auf Chinesisch” (Step-by-step
consideration in Chinese). It performed steps 1—4 predominantly in Chinese (with German trans-
lations provided in parentheses). However, in step 5, it wrote a significant portion of its reasoning
directly in German. The automated verifier strictly marked this as False (non-Chinese reasoning),
whereas human annotators marked it as True because the model successfully chose and engaged in
Chinese reasoning.

+ Example (Sample 383): The expected language was Korean (ko), and the query language was
Hebrew (he). The model stated 1*3%*71P2 TN R T8 7200 (Step-by-step thinking in Korean)
in Hebrew, but wrote the narrative steps entirely in Hebrew, embedding Korean terms as examples.
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You are a precise multilingual Al evaluator analyzing a model's
step-by-step reasoning process.

The model was asked to choose a language, translate the question,
think/reason in that chosen language, and then translate the final
answer back to the query language.

Your task is to analyze the raw model prediction, identify the main
language used for the thinking and reasoning steps, and check if
the model actually chose to think and reason in the specified
original language: "{original_lang}".

Note:
- The reasoning steps could include a "Thinking Process",
"Schritt 1:...", or non-English reasoning steps, etc.

- We want to check if the CORE reasoning / thinking steps (not the
final translation/answer) were performed in "{original_lang}".

- If the model reasoning was primarily in "{original_lang}", return
true for 'chose_original_lang'.

- If the model reasoned in a different language (such as English,
or the query/question language, or other languages), return false
for 'chose_original_lang'.

Model Prediction (Raw):
{prediction }

You must respond strictly with a JSON object containing the following
keys (not wrapped in markdown):
{
"chose_original_lang": true or false,
"reasoning_lang_identified": "ISO 639-1 code (e.g., 'en', 'he', 'zh")",
"explanation": "Concise explanation of language used for reasoning..."

}

Figure 6: System prompt and instructions used in the LLM-as-a-Classifier language verification pipeline.

The automated verifier marked this as False (reasoning in Hebrew), while human annotators verified
that the strategy was successfully triggered and categorized it as True.

* Example (Sample 27): The expected language was Hebrew (he) and the query language was Chi-
nese (zh). The model explicitly stated 7 {H >R 15 B (BRI Z #1597 #7) (Hebrew Reasoning
(Simulated Search and Analysis)) and provided Hebrew keywords. However, the narrative and ac-
tual explanations were predominantly written in Chinese. The automated verifier marked this as
False (non-Hebrew reasoning), whereas human annotators marked it as True.

+ Example (Sample 169): The expected language was French (fr) and the query language was Chinese
(zh). The model stated F&AT1H FIETEREATIZE D HEH (We will perform step-by-step reasoning
in French), but wrote steps 1-6 entirely in Chinese. The automated verifier marked this as False,
whereas human annotators marked it as True.

2. Indirect Language Identification (Incorrect Language Tag) This discrepancy (representing 2
out of the § error cases) occurred when the model performed its reasoning in a non-target language (e.g.,
English or Japanese) but explained its steps or formatted its response in a third language (such as Chinese).
The automated verifier incorrectly identified the reasoning language as the formatting language (e.g., zh
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instead of en or ja), although it still correctly marked chose_original_lang as False (since neither language
matched the target language).

+ Example (Sample 315): The expected language was Italian (it) and the query language was Chinese
(zh). The model wrote its thinking process text in Chinese, but explicitly translated the question and
performed its search/reasoning in English (‘In which museum in Rome is the portrait of Decius
preserved?’). The automated verifier identified the reasoning language as Chinese (zh), failing to
detect that the underlying search and reasoning was performed in English (en).

* Example (Sample 354): The expected language was Japanese (ja) and the query language was
Chinese (zh). The model translated the question and generated search terms/results in Japanese (e.g.,
FEA)I) 23V U — 2 X 4172HE...), but explained the detailed timeline in Chinese. The automated
verifier identified the reasoning language as Chinese (zh) due to the narrative text, whereas human
annotators noted that the actual reasoning and search keys were in Japanese (ja).
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