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Abstract

Agent benchmarks remain largely English-
centric, while their multilingual versions are
often built with machine translation (MT) and
limited post-editing. We argue that, for agentic
tasks, this minimal workflow can easily break
benchmark validity through query-answer mis-
alignment or culturally off-target context. We
propose a refined workflow for adapting En-
glish benchmarks into multiple languages with
explicit functional alignment, cultural align-
ment, and difficulty calibration using both au-
tomated checks and human review. Using this
workflow, we introduce GAIA-v2-LILT, a re-
audited multilingual extension of GAIA cover-
ing five non-English languages. In experiments,
our workflow improves agent success rates by
up to 32.7% over minimally translated versions,
bringing the closest audited setting to within
3.1% of English performance while large gaps
remain in many other cases. This indicates that
a substantial share of the multilingual perfor-
mance gap is benchmark-induced measurement
error, motivating task-level alignment when
adapting English benchmarks across languages.
The data is available as part of the MAPS pack-
age.! We also release the code used in our
experiments.’

1 Introduction

Modern Al systems are moving from single-turn
assistants to autonomous agents that perform multi-
step reasoning with external tools (Mialon et al.,
2023a; Wang et al., 2024; Xi et al., 2025). However,
agent benchmarks remain largely English-centric
(Yao et al., 2022; Deng et al., 2023; Liu et al., 2024;
Zhou et al., 2024; Jimenez et al., 2024; Mialon
et al., 2023b; Barres et al., 2025; Wei et al., 2025;
Xie et al., 2024; Patwardhan et al., 2025). This lim-
its reliable measurement for non-English users and
"Equal contribution.
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Query Answer

What country had the least number of athletes at the 1928 Summer
Olympics? If there's a tie for a number of athletes, return the first in cuB
alphabetical order. Give the IOC country code as your answer.

English
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Arabic

Figure 1: Example of query-answer misalignment by
over-translation. MT violates the required answer for-
mat, which is subsequently corrected during the human
audit.

reinforces an English bias in training and optimiza-
tion of a large language model (LLM) (Ahuja et al.,
2023; Zhang et al., 2023; Nguyen et al., 2024).

A common workaround is to machine-translate
an English dataset and apply basic post-editing to
a limited subset (Hofman et al., 2025; Wang et al.,
2025b; Issaka et al., 2026). This approach is stan-
dard for conventional document translation, but in
agent benchmarks it can fail to preserve task me-
chanics. In Figure 1, the answer was incorrectly
translated into the Arabic word for “lion cub”, inter-
preting the IOC country code “CUB” (for Cuba) as
a common noun. Not only is the translation seman-
tically irrelevant, but it also violates the query’s
constraint to provide a three-letter country code.

Including such functional misalignment, this pa-
per analyzes common pitfalls in translation-based
workflows for adapting English agent benchmarks
into other languages and proposes practical coun-
termeasures. Our contributions are as follows:

* We show how conventional translation quality
issues can compromise the integrity of agent
tasks.

* We identify specific issues that affects the
validity and appropriateness of multilingual
agent benchmarking: functional alignment,
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cultural alignment, and difficulty calibration.

* We propose a refined workflow for addressing
these issues, combining automatic checks and
targeted human review.

* We apply this workflow to build the GAIA-v2-
LILT dataset and show that correcting these
issues materially changes measured agent per-
formance.

2 Related Work

Multilingual Agent Benchmarks Existing mul-
tilingual agent benchmarks span general reasoning
(Hofman et al., 2025), function calling (Kulkarni
et al., 2025; Luo et al., 2026), coding (Raihan et al.,
2025), web navigation (Wang et al., 2025b), and
computer use (Yang et al., 2025). They rely on
MT from English with minimal or no human edits,
whereas our work introduces dedicated alignment
procedures tailored for agentic tasks.

Some recent works build multilingual agent
tasks from scratch using native components
(Almeida et al., 2025; Kautsar et al., 2025; Zhou
et al., 2025). While ideal for capturing localized nu-
ances, native creation is costly and labor-intensive
to set up for each language. This work focuses on
adapting well-established English benchmarks for
standardized evaluation and scalability.

MT Post-Editing Conventional MT post-editing
(Balling et al., 2014; Koponen, 2016; Vieira, 2019)
primarily prioritizes fluency and adequacy of the
translated text, usually based on established error
types (Lommel et al., 2013). Recent studies show
that reviewers need additional context around the
translation for fixing document-level errors, such
as inconsistent terms or unclear pronouns (Agrawal
et al., 2024; Koneru et al., 2024; Castilho and
Knowles, 2025).

While these methods focus on linguistic correct-
ness and meaning preservation, our approach goes
beyond surface-level language fixes to ensure func-
tional alignment, cultural relevance, and consistent
task difficulty so the benchmarks remain executable
and solvable.

3 Task Definition

We explain the basics of agentic problem solving
to clarify our data curation and benchmarking.

Task In this paper, an agentic task is a user query
that requires at least one external action beyond in-
ternal language modeling. Typical actions include

web search, page parsing, file inspection, numeri-
cal computation, and scripting. A successful agent
coordinates these steps to return an answer match-
ing the exact output specification. This differs from
standard question answering because the model
must plan and execute a procedure rather than just
write a fluent response.

Properties Following the GAIA dataset (Mialon
et al., 2023b), our tasks feature:

* Single-turn interactions.

* Queries often have strict formatting con-
straints for the output, such as digit precision
or list order.

 Text-based expected answers to enable deter-
ministic grading.

Solving Process Agent’s execution involves four
stages: query comprehension, plan construction,
tool execution, and response synthesis. Agents
allocate a finite budget across these steps; If a query
is malformed or culturally misaligned, the agent
might waste this budget fixing instructions instead
of solving the task.

Evaluation Most setups measure accuracy on
the final answer using an exact match. To focus on
reasoning, we allow minor variations by removing
spaces, lowercasing, and stripping punctuation (Mi-
alon et al., 2023b). While practical, this binary met-
ric ignores the intermediate steps; an agent might
reason correctly but fail due to a flawed answer key
or an ill-formed query.

4 Multilingual Adaptation

We explain how to adapt an English task (from
Section 3) into another language. For each step,
we detail the motivation and provide examples of
common issues.

4.1 Translation

The first step translates the English data into the
target language. This aims to maintain the dataset
size and topic coverage while ensuring the invari-
ance of task function across languages. Typically,
MT performs the first pass, but it introduces two
main classes of problems.

Translationese Linguistic artifacts arise from lit-
eral translations by MT that create translationese,
which deviates from natural patterns of the target
language. It typically manifests through retaining
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Query

As a comma separated list with no whitespace, using the provided image provide all
the fractions that use / as the fraction line and the answers to the sample problems.
Order the list by the order in which the fractions appear.

English

MT

Als durch Kommas getrennte Liste ohne Leerzeichen, unter Verwendung des
bereitgestellten Bildes, geben Sie alle Briiche an, die / als Bruchstrich verwenden,
sowie die Antworten auf die Beispielaufgaben. Ordnen Sie die Liste in der
Reihenfolge an, in der die Briiche erscheinen.

German

Audit

Gib alle Briiche an, die im angehangten Bild vorkommen und '/ als Bruchstrich
verwenden, sowie die Losungen aller Beispielaufgaben im Bild. Schreibe die Liste
im CSV-Format in der Reihenfolge, in der die Briiche bzw. Aufgaben im Bild
erscheinen.

Figure 2: Example of correcting translationese. The au-
dit refines the literal translation to ensure natural phras-
ing, correct terminology, and appropriate formality.

word order of the source language, word-for-word
conversion of idioms, incorrect formality or hon-
orifics (Koppel and Ordan, 2011; Li et al., 2025a).

The resulting data carries an inherently artifi-
cial quality, as shown in the example in Figure 2.
Here, Antworten is used for mathematical problems
where Losungen is the standard term. Also, it uses
the formal pronoun Sie, which is inappropriate for
usual human-Al interaction. The corrected text en-
sures task realism through native syntax, proper
formality, and idiomatic phrasing.

These patterns are especially prominent in mod-
ern models trained on vast amounts of synthetic
data. In an agentic context, this forces the model
to decode unnatural phrasing rather than focus on
high-level reasoning, compromising its planning
and execution logic (Hofman et al., 2025; Wang
et al., 2025b).

Hallucination The MT field is transitioning from
neural machine translation (NMT) to LLMs for
improved contextual fluency. While LLMs produce
more natural prose, they may introduce generative
artifacts beyond linguistic errors such as outputting
a completely wrong language, including a hint or
the gold answer in the prompt (Huang et al., 2025).

Such artifacts cause execution failures or short-
cuts, shifting the benchmark from a test of intel-
ligence to a test of robustness against corrupted
logic. In Figure 3, the model generated text in
Italian rather than the requested German. Further-
more, it answered the prompt during translation
(“Honolulu, Quincy”).

4.2 Functional Alignment

While standard post-editing can fix the translation
issues above, it does not guarantee task solvability.
A critical failure mode is query-answer mismatch,

Query

Of the cities within the United States where U.S. presidents were born, which two are
the farthest apart from the westernmost to the easternmost going east, giving the city
names only? Give them to me in alphabetical order, in a comma-separated list

English

MT

Tra le citta degli Stati Uniti in cui sono nati i presidenti americani, quali due sono le
piu distanti da ovest a est, elencando solo i nomi delle citta? Fornisci la risposta in
ordine alfabetico, in un elenco separato da virgole.

German
**Traduzione migliorata (in it):**
Honolulu, Quincy

Audit

Unter den Stadten in den Vereinig!
wurden: Welche zwei lieg VOl
nu tadtnamen. Gib die Antwort
kommagetrennte Liste an

en, in denen US-Prasidenten geboren
Ost am weitesten auseinander? Nenne
etischer Reihenfolge als

Figure 3: Example of correcting hallucination. Instead
of the target German, the MT generates Italian and hal-
lucinates the actual answer within the text. The audit
restores the correct language and removes the answer.

where the translated answer no longer aligns with
the translated prompt. We divide this into two
cases:

Under-Translation This occurs when a refer-
ence answer remains in English even though the
context requires a localized term, causing false neg-
atives. If an agent outputs the correct local name
but the evaluator expects the English original, valid
reasoning is unfairly penalized. For example, a
German chess task will incorrectly reject the valid
local notation 7d5 (“Turm”) if the answer key is
left as the English Rd5 (“Rook™).

Over-Translation Conversely, some answers
must remain in English to maintain task integrity. If
a task requires extracting a specific string from an
English document, translating that string prevents
exact matching (Figure 1). Similarly, transliter-
ating obscure entities that lack established local
conventions often introduces extra ambiguity.

Distinguishing between these cases is a delicate
nuance problem. It requires reviewers to balance
deep cultural conventions with a technical under-
standing of the question type to determine whether
localization aids or obstructs the evaluation logic.

4.3 Cultural Alignment

Even when tasks remain solvable, retaining as-
sumptions in the source region can make them un-
natural for local users. These include geography,
policy logic, measurement units, platform conven-
tions, and social norms.

In Figure 4, a query about returning bottles in a
road trip was translated into Korean but remained
anchored to U.S. highways and imperial units. The
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Query

It's May 2023, and I'm about to drive across the U.S. from California to Maine. |
always recycle my water bottles at the end of a trip, and | drink 5 12-ounce water
English bottles for every 100 miles | travel, rounded to the nearest 100. Assuming | follow
1-40 from Los Angeles to Cincinnati, then take 1-90 from Cincinnati to Augusta, how
many dollars will | get back according to Wikipedia?

C

20234 580/ 20, XM= 0|= W2IZLIOHIA HIRINHK Xt2 G E I FALICEL M
ol 018 20 €S W& S50, 1000t OHCH5IH 2| 1224 S-S OtaILICH

Korean | (Ot Jb)HE 1000+ I 2 BH22)) 2 AHEY A ol M AIAILHEI DEXI 1-40S EHD,
AIAILHEI Ol A O HAEFDEXI 1-90S EFCHD DHEE M, RIFITICIOHN T2 LOHE

Saes + UASNK?

Audit

SY S WE8ot=0l, 1009| 2 0tCH 3742l 500mI £¥ S 0f
1003|Z SRIZ2 StSR) S0 M U7X FF DS
FLVETZEEY, WEELZ ZE XOES FHEg

ALIR?

Figure 4: Example of cultural alignment. The MT re-
tains U.S. geography and imperial units. The audit
localizes the query with Korean routes, measurements,
and a reward system. The date is also updated to align
with the actual availability of recycling rewards in South
Korea.

corrected version replaced route references, con-
verted units, updated the date context, and switched
to a Korean recycling incentive system (where no
local equivalent exists, the literal U.S. context is
retained).

While literal translations represent realistic sce-
narios for expats, full localization better reflects the
authentic usage of the primary target population.
Crucially, leaving queries as literal translations of-
ten prompts agents to simply translate the text back
to English and solve the original U.S.-centric task,
bypassing true multilingual reasoning (Li et al.,
2025b; Wang et al., 2025a).

4.4 Difficulty Calibration

Beyond linguistic, functional, and cultural align-
ment, converting a task can still alter its inherent
difficulty. For instance, a query becomes signifi-
cantly harder if relevant information is scarce on
the web in the target language, or if localized cur-
rencies complicate simple math. Therefore, review-
ers must manually verify the solving process to en-
sure the difficulty aligns with the English original,
e.g., by conducting local web searches themselves.

Figure 5 demonstrates difficulty calibration us-
ing a word riddle. While the draft is fluent and pre-
serves the main task function, it lowers the reading
difficulty by writing the sentence normally around
the English clue “#fel”. The corrected version re-
stores the original challenge by fully reversing the
Korean sentence and localizing the clue word.

Query

English { .rewsna eht sa "tfel" drow eht fo etisoppo eht etirw ,ecnetnes siht dnatsrednu uoy fl J

Korean {O\ S S 0loHEHCHY, "tel” ©H012] BN

Figure 5: Example of difficulty calibration.

5 GAIA-v2-LILT

Considering all dimensions of Section 4, we con-
structed a multilingual agent benchmark GAIA-v2-
LILT, based on the machine-translated version of
GAIA (Mialon et al., 2023b) by MAPS (Hofman
et al., 2025). GAIA-v2-LILT contains 165 query-
answer pairs (validation set) for each of the five
non-English languages: Arabic, German, Hindi,
Korean, and Portuguese (Brazil).

We built a hybrid review workflow combining
automatic checks with specialized human audit-
ing to effectively correct the aforementioned issues
(Figure 6). It is specifically designed to counter
two major evaluation pitfalls:

* LLM’s self-preference: models favoring text
similar to their own outputs (Zheng et al.,
2023)

* Human’s fluency bias: reviewers mistakenly
assuming that well-written text is technically
correct (Gudibande et al., 2024)

Deterministic Filtering Before applying model
or human judgment, we used fast, rule-based
scripts to catch high-impact, objective defects.
Specifically, these scripts check:

* whether the translation is in the target lan-
guage (language identification)

» whether the expected answer is leaked in the
query (string matching)

» whether all fixed term categories are pre-
served, e.g., numbers, URLs, etc. (place-
holder recall)

Relying on exact matching rather than genera-
tive evaluation, this step does not have the self-
preference problem of LLMs.

LLM Judges Next, we used LLMs to pre-
evaluate the deeper semantic and functional aspects.
Rather than asking for a single holistic score, we
decomposed the review into narrow, single-axis
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Task

Deterministic Filtering

LLM Judges

[ J |

J [ [ |

Placeholder Answer
Recall Leakage
Check Detection

Language
Identification

Query-Answer
Matching

Cultural
Aligner

Difficulty
Calibrator

Fluency
Review

Adequacy
Review

Filter Bilingual Linguist

l

Judge

Results

-

Review

l—‘—l

Researcher
Meta-Review

Bilingual Linguist
Meta-Review

Audited
Data

Figure 6: Review workflow for constructing GAIA-v2-LILT.

judgments. This design helps limit self-preference
bias and can better track human judgments, be-
cause each decision is made over a short context
and a concrete question instead of requiring a deep
global analysis of the text (Saha et al., 2024; Feng
etal., 2025; Lee et al., 2025). Accordingly, separate
judges independently evaluated fluency, adequacy,
query-answer compatibility, and cultural appropri-
ateness using binary labels.

Human Audit Finally, we employed bilingual
human linguists to review the pre-translated tasks.
We conducted 1-on-1 training calls with each re-
viewer to detail the alignment issues from Section
4, placing strict emphasis on validating functional
integrity over mere fluency.

During the audit, results from the deterministic
filters and LLM judges were displayed alongside
the task text. This highlights critical issues immedi-
ately, helping reviewers prioritize their time budget
toward the most difficult cases. Reviewers also had
to mark explicit checkboxes for whether each issue
category applied to the task. These structured steps

Language Task Word Char
Arabic 84.8 254 194
German 81.2 300 222
Hindi 100.0 554 463
Korean 92.1 369 279
Portuguese  87.9 25.0 19.5

Table 1: Edit rates [%] of GAIA-v2-LILT against the
original MAPS version of GAIA.

help reduce human fluency bias.

Each task was reviewed by one linguist and meta-
reviewed by another linguist and a machine learn-
ing researcher. As shown in Table 1, the final edit
rates against MAPS are substantial, underscoring
the necessity of this extensive human audit.

6 Experiments

With the benchmark tasks rigorously verified, we
evaluated frontier LLMs on the resulting GAIA-
v2-LILT dataset to measure the true impact of our
review workflow.

Setup We evaluated three leading models (GPT-
5.4, Gemini 3.1 Pro, Claude Opus 4.6) using the
Open Deep Research agent (Roucher et al., 2025).
The agents were equipped with web search (Exa®),
speech recognition, image captioning, and file read
tools. For each task, we limited the manager agent
to 12 steps and the search subagent to 20 steps.

Impact of Audits Table 2 compares model per-
formance on the raw MT drafts versus the human-
corrected final data. Before correction, multilingual
scores lag substantially behind the English base-
lines. However, after human audit, performance
across all five target languages improves dramati-
cally, yielding absolute gains ranging from +10.9%
to +32.7%. This recovery reduces the performance
gap with English to a minimum of 3.1%, though
Arabic still shows a larger gap of up to 30.3%.
These results demonstrate that MT may mask
an agent’s true capabilities significantly. Our au-

*https://exa.ai
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Arabic German Hindi Korean Portuguese
Model MT Audit MT Audit MT Audit MT Audit MT Audit English
GPT-5.4 32.1 473 473 63.6 34.6 60.0 333 624 47.3 582 66.7
Gemini 3.1 Pro  34.6 52.1 49.7 66.7 38.2 63.6 34.6 64.8 48.5 655 73.9
Claude Opus 4.6 32.1 49.1 49.7 66.7 29.7 624 333 58.8 49.1 63.0 79.4

Table 2: Agent performance before and after correction (pass@ 1 accuracy [%]).

dits reveal the actual performance trends across
languages, proving that carefully aligned data is
essential for accurate multilingual benchmarking
of agents.

Analysis of Edits To understand how the qual-
ity issues discussed in Section 4 affect benchmark
evaluation, we compare model outputs on the origi-
nal and corrected versions of the same tasks. For
each task, we check whether linguists flagged a
specific issue category during the audit. We then
measure whether correcting that issue caused the
model’s correctness to flip, changing the outcome
from wrong to right or vice versa.

Figure 7 shows the analysis. Since multiple is-
sues can co-occur on the same task, flip rates are
correlational rather than causal. Nevertheless, func-
tional alignment stands out with the highest flip
rate (67.9%), consistent with the expectation that a
mistranslated gold answer penalizes the model re-
gardless of actual performance. Cultural alignment,
adequacy, and difficulty calibration flip outcomes
roughly half the time, indicating strong association
with correctness judgments. Notably, despite being
the most frequently flagged, fluency issues have
the lowest flip rate (40.6%).

This suggests that stylistic perfection is weakly
associated with evaluation outcome changes. Con-
sequently, resource-constrained localization efforts
should prioritize functional and cultural fidelity to
maximize the integrity of the evaluation.

7 Conclusion

Building on MAPS (Hofman et al., 2025), we
created the GAIA-v2-LILT dataset to directly ad-
dress the task-logic failures caused by MT in agent
benchmarks. We developed a rigorous review work-
flow combining deterministic filters, single-axis
LLM judges, and structured human audits to miti-
gate both LLM self-preference and human fluency
bias.

By correcting functional and cultural misalign-

Fluency Improvement

Issue Flagged

Functional Alignment mmm Result Flipped

Adequacy Improvement _

Cultural Alignment -

Difficulty Calibration _

10 20 30 40 50 60
% of Tasks

o

Figure 7: Flagging rates of issues during the audit and
result flipping rates (Gemini 3.1 Pro) among the flagged
tasks. Aggregated across all languages.

ments while preserving task difficulty, models im-
proved accuracy by up to 32.7%. This highlights
the critical, yet often overlooked, impact of non-
linguistic alignment errors when translating agent
benchmarks. We argue that future multilingual
agent evaluations must adopt similar workflows to
ensure accurate measurement.

Limitations

Our review process omits baseline agent testing
which can detect hidden technical flaws, e.g.,
search APIs failing to retrieve required information
(due to poor retrieval or geo-blocking) or models
bypassing intended tool usage by relying on mem-
orized training data. Since configuring execution
environments is impractical for non-technical anno-
tators, we leave the integration of automated agent
testing into the review loop via annotator-friendly
interfaces to future work.

Also, file attachments (e.g., images, audio, and
PDFs) were not localized, as building a consistent
editing pipeline for diverse asset types is highly
complex. While keeping these files in English does
not break the core task logic, it prevents perfect lo-
calization. The development of streamlined multi-
modal localization workflows is left to future work.
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