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Abstract
We present a methodology for building privacy-preserving multilingual QA benchmarks in low-resource and sensitive
domains, demonstrated through JobResQA, a multilingual MRC benchmark over synthetic HR documents. The
dataset comprises 581 QA pairs across 105 synthetic résumé-job description pairs in five languages (English,
Spanish, Italian, German, and Chinese), with questions spanning four types based on document source (intra vs.
cross-document) and reasoning complexity (single-hop vs. multi-hop). We propose an anonymization synthetic
data pipeline, with controlled attributes (via placeholders) to enable future fairness studies. Our cost-effective,
human-in-the-loop translation pipeline based on TEaR methodology incorporates MQM error annotations and
selective post-editing. Baseline evaluations across multiple open-weight LLM families using LLM-as-judge reveal
higher performance on English and Spanish but substantial degradation for other languages, highlighting critical
cross-lingual MRC gaps. Our pipeline, where LLMs act as synthesizers, translators, and evaluators under human
oversight, constitutes a reusable methodology for resource creation and a case study in evaluation-integrity
challenges of LLM-era benchmark construction.
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1. Introduction

Sensitive domains such as Human Resources (HR),
medicine, and law face a shared bottleneck in re-
source creation: real data cannot be shared due
to privacy constraints, yet annotation requires ex-
pensive domain expertise. Synthetic data genera-
tion addresses the first barrier while human-in-the-
loop pipelines address the second. HR is a par-
ticularly high-impact instantiation of this challenge,
as LLMs are increasingly applied to résumé pars-
ing, candidate-job matching, interview evaluation,
and conversational support, already outperform-
ing traditional keyword-based systems in candidate
matching (Bevara et al., 2025), while HR-focused
dialogue datasets demonstrate the potential of con-
versational HR agents (Xu et al., 2024).

However, this rapid adoption raises concerns
about accuracy, reproducibility, and fairness, as
controlled experiments show that current models
often perpetuate demographic and cultural biases
(Nghiem et al., 2024; Rao et al., 2025), with impli-
cations under emerging AI regulatory frameworks
such as the EU AI Act1.

Addressing these risks requires reproducible
and publicly available benchmarks for LLM per-
formance assessment, especially in multilingual

1https://artificialintelligenceact.eu/
the-act/

contexts (Otani et al., 2025). Recent works have
begun providing such resources, including anno-
tated datasets for skills and job matching (Gasco
et al., 2025; Zhang et al., 2022) and LLM-generated
synthetic résumés and job descriptions (JDs) that
reduce privacy exposure while enabling controlled
fairness studies (Skondras et al., 2023; Saldivar
et al., 2025).

One important use case of LLMs in HR is the
analysis of résumés for matching with JDs. This
task involves asking questions about the skills, ex-
perience, and background of a candidate in re-
lation to a JD. Framing this process as a Ma-
chine Reading Comprehension (MRC) task en-
ables knowledge-intensive Question Answering
(QA) approaches that can better assess LLM’s rea-
soning about candidate-job suitability. While a few
works have introduced HR-related QA datasets (Xu
et al., 2024; Luo et al., 2023; van Toledo et al.,
2022), existing resources either focus on extrac-
tive, single-document CV questions or lack realistic,
multilingual, and bias-controllable résumé-JD QA
pairs.

Motivated by these challenges, we introduce Jo-
bResQA, a synthetic multilingual QA benchmark
designed to approximate realistic HR scenarios
with recruiter-style questions over résumé-JD pairs.
The dataset is derived from real-world data through
a de-identification and synthesis pipeline, resulting
in anonymized yet realistic résumés and JDs. Jo-

https://artificialintelligenceact.eu/the-act/
https://artificialintelligenceact.eu/the-act/
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Q. Type Definition Example (EN) Example (ES)
Intra-Doc
Single-hop

Answerable from a single docu-
ment (résumé or JD) using one
piece of information.

What is the highest degree the
candidate has earned?

¿Cuál es el título más alto que ha
obtenido el/la candidato/a?

Intra-Doc
Multi-hop

Requires combining multiple
pieces of information within a
single document (résumé or JD).

What is the candidate’s most spe-
cialized area of competence?

¿Cuál es el área de competencia
más especializada del/de la can-
didato/a?

Cross-Doc
Single-hop

Requires one piece of informa-
tion from each document (ré-
sumé and JD).

Does the candidate meet the ba-
sic technical requirements for MS
Office proficiency?

¿Cumple el/la candidato/a con
los requisitos técnicos básicos de
competencia en MS Office?

Cross-Doc
Multi-hop

Requires combining multiple
pieces of information from both
documents.

Does the candidate’s educational
background exceed the preferred
qualifications for this position?

¿La formación académica del/de
la candidato/a supera las cual-
ificaciones preferidas para este
puesto?

Table 1: Question types with parallel examples in English and Spanish.

bResQA spans question types from basic factual
extraction to complex, cross-document reasoning,
and includes controlled demographic attributes that
may support future bias analysis. It is annotated
in English and extended to Spanish, Italian, Ger-
man, and Chinese using a human-in-the-loop LLM
translation pipeline.

Notably, this paper exemplifies the full LLM-as-
resource-creator loop: the same model families
evaluated here also generated the documents,
translated them, and judge the answers, making
human oversight the key mechanism for evaluation
integrity (Arnardóttir et al., 2025). This scenario
is increasingly common in resource creation for
sensitive, data-scarce domains, and motivates the
design choices we document below.

Our contributions are as follows:

• We present a reusable pipeline for build-
ing privacy-preserving multilingual QA bench-
marks in sensitive, data-scarce domains,
instantiated as JobResQA: 105 synthetic
résumé-JD pairs, 581 QA items, five lan-
guages, and four question types spanning
document source (intra vs. cross-document)
and reasoning complexity (single-hop vs. multi-
hop).

• We present a cost-effective, human-in-the-loop
LLM translation pipeline using MQM error an-
notations and selective post-editing, producing
quality-controlled parallel data in Spanish, Ital-
ian, German, and Chinese.

• We establish an initial cross-lingual evaluation
baseline for LLM machine reading comprehen-
sion on résumés and JDs across several open-
weight model families.

2. Related Works

We group related research into three main areas.
QA and MRC tasks in HR have been explored by

Xu et al. (2024) with HR-MultiWOZ, the first HR-
focused dialogue dataset, and Luo et al. (2023)
who modeled résumé understanding as multilin-
gual MRC by generating QA pairs from English
and Dutch résumés.

Synthetic data generation has proven effective
for addressing data scarcity, with Skondras et al.
(2023) showing that ChatGPT-generated résumés
improve job classification, while Lorincz et al. (2022)
and Yu et al. (2025) advanced vacancy generation
and résumé matching through transfer learning and
hypothetical embeddings.

Bias and fairness research has identified critical
issues, as Saldivar et al. (2025) introduced demo-
graphic attributes in synthetic CVs for bias evalu-
ation, Nghiem et al. (2024) revealed name-based
and gender biases in LLM employment recommen-
dations, and Rao et al. (2025) exposed cultural
biases in interview evaluations.

Resource construction methodology and evalua-
tion integrity form a fourth relevant strand. Wang
et al. (2024) document positional and systemic bi-
ases in LLM-as-judge evaluation, motivating the
human oversight we incorporate. Magar and
Schwartz (2022) show that benchmark data en-
countered during LLM pre-training inflates evalua-
tion scores, a risk our multi-step synthetic transfor-
mation pipeline is designed to mitigate. Arnardóttir
et al. (2025) present a parallel case of LLM-assisted
benchmark construction with automated evaluation
in a different domain, showing the broader appli-
cability of such pipelines. These four directions
collectively inform both JobResQA’s design and its
methodological framing.

3. The JobResQA Dataset

JobResQA is a QA benchmark that instantiates
our proposed methodology for privacy-preserving
multilingual resource creation in sensitive domains,
using HR as the application domain. The dataset
contains 581 question-answer (QA) pairs anno-
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tated over a set of 105 unique pairs of résumé and
JD. The résumés and JDs are derived from real-
world data through a data synthesis pipeline that
produces synthetic, anonymized, yet realistic ver-
sions (see Section 4). The QA pairs are annotated
manually following detailed guidelines to ensure
quality and diversity (see Section 5), spanning four
question types defined by document source and
reasoning complexity defined in Table 1. The entire
dataset is multi-way parallel across five languages:
English (en), Spanish (es), Italian (it), German (de),
and Chinese. The translations are produced by an
LLM-based pipeline with human-in-the-loop correc-
tions (see Section 6). The set enables cross-lingual
QA evaluation, where an English instruction prompt
is used regardless of the question and document
language.

3.1. Main Characteristics
We designed the JobResQA benchmark to be re-
alistic and representative of practical HR applica-
tions, capturing the complexity of real persons’
career-related information and job requirements.
We preserve the data’s privacy and anonymity,
while at the same time, we ensured certain prop-
erties to enable controlled studies in multilingual
and fairness settings, as detailed below. The syn-
thetic résumés and JDs are gender-inclusive and
anonymized through a set of controlled attributes
spanning multiple bias dimensions (demographic,
socioeconomic, educational, etc.), enabling future
systematic investigation of fairness in HR applica-
tions (see Appendix A.1).

3.2. Statistics and Data Fields
We report the main statistics of the JobResQA
benchmark in Table 2 and describe briefly the main
dataset’s textual fields2 as below:

• resume: text of synthetic candidate’s résumé.

• jd: synthetic description of a role.

• question: recruiter-style question on the ré-
sumé in relation to the JD.

• short_answer: concise answer to the ques-
tion, as a span, phrase, number, or yes/no.

• explanation: longer answer with explana-
tory rationale and evidence supporting the
short answer.

• question_type: four-way categorization
across two dimensions, document source (in-
tra vs. cross-document) and reasoning com-
plexity (single-hop vs. multi-hop) (see Table 1).

2For brevity, we omit fields containing numerical iden-
tifiers

• industry: industry sector of the JD.

• language: language of all text fields.

Statistic Value
QAs (#) 581
Unique résumés (#) 105
Unique JDs (#) 101
Unique résumé-JD pairs (#) 105
Industries (#) 24
Question types (%)

- Cross-document Multi-hop 79.7%
- Intra-document Single-hop 9.0%
- Intra-document Multi-hop 8.4%
- Cross-document Single-hop 2.9%

Languages supported en, es, de, it, zh

Table 2: JobResQA dataset statistics.

3.3. Accessibility and Reproducibility
We release JobResQA under the Creative Com-
mons BY-SA 2.0 license3. We provide both
data and code to support reproducibility at
the GitHub repository (https://github.com/
Avature/jobresqa-benchmark).

It includes the complete multilingual dataset,
MQM error annotations from human evaluation,
placeholders for all target languages, prompts for
data synthesis, translation, and LLM-as-judge eval-
uation, as well as runnable scripts for experimenta-
tion.

4. Résumés and Job Synthesis

We detail the generation of realistic, anonymized
synthetic résumés and JDs, along with the QA an-
notation to create recruiter-style questions and an-
swers as illustrated in Figure 1.

4.1. Data Collection, Job Matching and
Industry Classification

We start by collecting real-world résumés and JDs
from a large pool of public job boards that are ran-
domly sampled from diverse locations and indus-
tries to target a wide array of roles and domains.
Then, we align candidates with suitable roles by
performing semantic matching using the job titles of
the résumés and JDs. We use the multilingual job
title encoder in Deniz et al. (2024) to encode the job
title of résumés and JDs into a shared embedding
space, and compute cosine similarity to identify the
most similar pairs. In particular, given a résumé job
title, we obtain the top-10 JD titles from the ranking,
and then we manually review and select the best

3https://creativecommons.org/licenses/
by-sa/2.0/deed.en

https://github.com/Avature/jobresqa-benchmark
https://github.com/Avature/jobresqa-benchmark
https://creativecommons.org/licenses/by-sa/2.0/deed.en
https://creativecommons.org/licenses/by-sa/2.0/deed.en
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Figure 1: Data synthesis pipeline: collection and
matching, de-identification, LLM-based synthesis,
manual review.

match based on title similarity and industry align-
ment, improving over automatic threshold-based
selection.

The final result is a selection of 105 matched
résumé-JD pairs covering a total of 24 industries.
We manually annotated the industry for each JD
of the 105 résumé-JD pairs in the dataset, based
on the job titles of the JD, following our internal
taxonomy of 24 industries that groups similar sec-
tors together. The distribution in Figure 2 shows
a diverse range of industries, with the more com-
mon ones being Healthcare, Accounting/Finance,
and Computer/Internet, while containing also less
common ones such as Construction/Facilities, Gov-
ernment/Military, and Real Estate. This diversity
ensures that the benchmark covers a wide variety
of professional contexts and job requirements.

4.2. De-identification

We then pass the records through a de-
identification stage to preserve the privacy
of the data. For résumés we use the model in
Retyk et al. (2023) to extract relevant entities
such as contact information, work experience,
education, and languages, and we replace all but
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Figure 2: JD’s industry distribution across the 105
résumé-JD pairs.

the job titles and skills with placeholders ([NAME],
[PHONE], etc.).

For JDs, we implement a rule-based de-
identification approach by creating a list of com-
panies, branches, products and company-related
identifiable entities and then extracting and re-
placing those with placeholders (e.g., [COMPANY],
[PRODUCT], etc.) to remove traceability to the orig-
inal company.

4.3. Synthetic Generation
We generated synthetic versions from de-identified
résumés and JDs using carefully crafted prompts
with OpenAI’s GPT-4.1 (temperature 0.7, top_p 1).

For résumé generation, we apply three key trans-
formations:

1. anonymizing personal information by replacing
all PII with a standard set of placeholders (e.g.,
[NAME], [EMAIL], [COMPANY], [SCHOOL])

2. modifying career-related content to prevent
traceability, job titles are replaced with dif-
ferent but career-progression-consistent alter-
natives, skills are substituted with pertinent
equivalents, responsibilities and achievements
are rephrased, language proficiencies are re-
placed with plausible alternatives, and dates
are shifted forward while preserving chrono-
logical consistency

3. normalizing structure by mapping all content to
a fixed set of predefined section names, with
layout deliberately varied from the source to
reduce traceability.

Crucially, while individual identifiers are replaced,
the overall career narrative is preserved from the
real-world source, including career gaps, non-linear
trajectories, and authentic professional histories,
ensuring that the synthetic résumés reflect realistic
career patterns.

Similarly, JD generation involves:

1. anonymizing company information by replac-
ing all company-related identifiable details with
placeholders;
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2. rephrasing job content to remove distinctive
wording while preserving role-specific aspects
including job title, skills, responsibilities, and
requirements;

3. preserving format and style by maintaining
comparable length, professional tone, and re-
alistic formatting.

Collectively, these multi-step transformations can
also play as a contamination-mitigation measure
(Magar and Schwartz, 2022), since the resulting
documents diverge substantially from any web-
crawled source text, preserving evaluation integrity
even when assessed models were trained on public
corpora.

4.4. Manual Review and Selective
Post-Editing

Finally, we manually reviewed and selectively post-
edited the synthetic résumés and JDs to ensure
high quality. We corrected minor issues (e.g., ty-
pos and formatting inconsistencies) and conducted
a manual privacy audit over all 105 résumé-JD
pairs to verify that no personally identifiable infor-
mation (PII) remained after the de-identification and
synthesis steps, removing any residual identifiers
found. Then, we detected both sex-related terms
(e.g., female, male) and gender-related terms4

(e.g., woman, man) and replaced them with person-
centered alternatives using person to ensure inclu-
sivity. We also normalized all placeholders to en-
sure consistency across the dataset (see Table 5
in Appendix A.1) and translated them into each tar-
get language to ensure cross-lingual parallelism.
Finally, we compared the synthetic documents
against their original de-identified versions to verify
that the overall career narrative and job require-
ments were preserved. This combined process
of de-identification, synthesis, manual review, and
post-editing yields 105 unique synthetic résumé-JD
pairs (105 résumés and 101 JDs), preserving real-
istic professional content while ensuring anonymity.

5. Question-Answering Annotations

We consulted with HR experts and Talent Acqui-
sition professionals to develop a curated question
bank of recruiter-relevant questions suitable for real-
world HR screening applications. Following prior
work on QA resource development (??Lan et al.,
2023), we conducted a pilot study on a small set of
résumé-JD pairs, which informed the design of com-
prehensive annotation guidelines for non-expert an-
notators. The subsequent QA annotation was per-
formed by linguists following these guidelines, with

4For simplicity, we treat gender as binary (woman/-
man) in this current version of the dataset.

each annotator independently creating QA pairs
for half of the résumé-JD pairs5. Each annotator
created triplets of (question, short answer, explana-
tion) focusing on specific candidate aspects (e.g.,
work experience). Each triplet was assigned to one
of four question types across two dimensions: doc-
ument source (intra-document: answerable from
a single résumé or JD; cross-document: requires
both documents) and reasoning complexity (single-
hop: direct lookup from a single fact; multi-hop:
synthesis across multiple facts), yielding four cate-
gories as shown in Table 1.

Annotators provided both short answers and ex-
planations detailing their reasoning process. Im-
portantly, they avoided targeting placeholders or
gender-specific information in résumés and JDs, fo-
cusing instead on generalizable skills, experiences,
and qualifications. Given the dataset’s broad indus-
try coverage, annotators consulted the question
bank from HR experts, the ESCO dictionary (esc,
2020) and the O*NET database (National Center
for O*NET Development) to clarify unfamiliar job
titles, skills, or domain-specific terminology. Finally,
a third non-expert annotator was instructed to re-
view the entire dataset to assess the relevance
of each question to practical HR screening tasks,
ensuring the questions’ applicability to real-world
recruitment scenarios.

6. Human-in-the-Loop Machine
Translation Pipeline

To evaluate LLMs’ capabilities in HR-specific MRC
tasks across multiple languages, we extended Jo-
bResQA to four additional languages: Spanish,
Italian, German, and Chinese. Building on recent
studies showing that LLMs can produce transla-
tions in controlled settings (Feng et al., 2025; Zhu
et al., 2024; Cui et al., 2025; Koshkin et al., 2024),
we developed an LLM-based machine translation
pipeline with selective human review and feedback.

Our multi-stage translation process, designed
specifically for résumés and JDs, includes machine
translation, human error annotation, selective post-
editing, and post-processing (Figure 3) . We com-
bined automatic translation using Claude Sonnet
46 (temperature = 0) with review and error annota-
tion by native speakers, thus balancing translation
quality with efficiency. We run inference using AWS
Bedrock service7

5Due to the division of labor rather than overlap, inter-
annotator agreement metrics are not available.

6anthropic.claude-sonnet-4-20250514-v1:0
7https://aws.amazon.com/bedrock/

https://aws.amazon.com/bedrock/
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Figure 3: Human-in-the-loop TEaR translation
pipeline for JobResQA: zero-shot translation, MQM
error annotation & corrections, few-shot estimation,
few-shot refinement and selective post-editing.

6.1. TEaR with Human-in-the-Loop
We implemented a human-in-the-loop variant of
Translate-Estimate-Refine (TEaR) (Feng et al.,
2025) guided by Multidimensional Quality Metrics
(MQM) (Lommel et al., 2013) error annotations.
MQM is an established framework for human eval-
uation of translation quality that structures annota-
tor feedback into a hierarchical taxonomy of error
types (e.g., accuracy, terminology, fluency) each
assigned a severity level (critical, major, minor, or
neutral). This structured approach transforms sub-
jective translator judgements into actionable, fine-
grained error signals, making it well suited to drive
iterative LLM refinement in a human-in-the-loop
pipeline. Full MQM category and severity defini-
tions used in our annotations are provided in Ap-
pendix A.3.

Zero-Shot Translation. We started with an ini-
tial translation following the zero-shot translation

prompt strategy in Feng et al. (2025), with an ad-
ditional instruction that preserve placeholders and
formatting. We translated résumés and JDs at the
paragraph-level, while other fields were processed
entirely. At this stage, the idea is to produce transla-
tions without any human guidance, which are later
improved with human-in-the-loop feedbacks.

Human Feedback: MQM Errors Annotations
and Corrected Translations. We sample approx-
imately 10% of the résumé-JD pairs for manual re-
view. Annotators identify translation errors using
our custom MQM categories designed for HR doc-
uments: Terminology, Accuracy, Linguistic, Style,
Locale, Design, and Custom.

Notably, we introduced Hallucination under the
Custom category to capture AI-generated content
errors, and Gender-Inclusive under the Style cate-
gory to address concerns about inclusiveness in the
translations. The gender-inclusive error category
targets gender-specific translations and enforces a
corrections that uses slashed forms (e.g., “des/der
Kandidaten/-in”, “el/la candidato/a”, “del/la candida-
to/a”). All errors were rated across four severity
levels: Critical, Major, Minor, and Neutral. This
feedback guided the LLM in subsequent Estimate
and Refine steps, driving it towards higher-quality
translations and better aligned with human prefer-
ences.

Few-Shot Estimation. We utilized the errors
from human MQM annotations to apply the few-
shot estimation prompting strategy from Feng et al.
(2025). This allowed us to automatically scale error
estimation to the entire dataset following the MQM
error categories we defined. These errors provide
feedback to improve subsequent translations.

Few-Shot Refinement. Finally, we fed both the
estimated MQM errors and corrected translations
(used as references) to apply the few-shot refine-
ment prompting strategy in Feng et al. (2025). Sim-
ilar to the estimation step, this allows us to scale
the refinement to the entire dataset. The corrected
translations provide references that guide the LLM
to refine the initial translations based on human
feedback and preferences.

6.2. Manual Review, Selective
Post-Editing, and Post-Processing.

To ensure high-quality translations, we sampled
10% of translated résumé-JD pairs for manual re-
view by native speakers to identify main issues. We
then addressed these issues through further selec-
tive post-editing on the full dataset, either manually
or automatically. Below we describe the main is-
sues we detected and how we addressed them:
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Job Titles Consistency. We detected remaining
untranslated English job titles in the 10% review
sample and subsequently reviewed and replaced
them with target-language equivalents across the
full dataset, ensuring consistency across all dataset
fields.

Automatic Verb Tense and Pronoun Consis-
tency. We detected mixed verb tenses (present
and past) and inconsistent pronoun perspectives
(first- and third-person) across résumé sections. To
correct this, we applied an LLM-based post-editing
step using Claude Sonnet 48 (temperature = 0),
followed by a final manual review. The LLM was in-
structed to use present-tense verbs or nominalized
forms for the candidate’s current or most recent
position, nominalized forms for all past positions,
and to remove first-person pronouns throughout
to match standard résumé conventions across all
languages.

Gender-Inclusive Forms. For Spanish, Italian
and German, we detected and fixed gender-
inclusive form issues. We automatically extracted
all words containing the gender-inclusive slash
“/” using a rule-based approach (e.g., “des/der
Kandidaten/-in”, “el/la candidato/a”, “del/la can-
didato/a”), then manually fixed each occurrence
to ensure consistency with MQM annotated errors.
While this ensures formal correctness and inclu-
siveness, it may produce structures less common
in authentic résumés from some locales.

Placeholders Translations. We manually trans-
lated all placeholders for non-English languages,
validating semantic equivalence after translation
and performing typological consistency checks, to
maintain full parallelism across languages.

6.3. Translation Quality Evaluation
To provide an automated estimate of translation
quality, we employed COMETKiwi (Rei et al., 2022,
2023), a reference-free metric specifically designed
for quality estimation of machine translations with-
out reference translations, serving as a proxy in the
absence of human evaluation.

Table 3 presents average COMETKiwi scores
for final translations and improvements (delta) over
zero-shot baselines. Scores range from 83.07 to
85.51, with positive deltas (0.05 to 0.45) indicating
that human-in-the-loop feedback and selective post-
editing improved translation quality. Despite formal
statistical significance testing was not conducted,
the consistent improvements and the overall high
scores across all languages suggest high-quality
translations.

8anthropic.claude-sonnet-4-20250514-v1:0

Lang COMETKiwi COMETKiwi
(2022) (2023, XL)

de 83.36 (+0.09) 74.65 (+0.16)
es 85.25 (+0.33) 78.08 (+0.43)
it 85.51 (+0.24) 78.95 (+0.45)
zh 83.07 (+0.05) 74.86 (+0.19)

Table 3: Translation quality scores and delta (∆)
over zero-shot baseline.

7. Evaluation Experiments

The goal of this section is to establish a first
baseline evaluation on the JobResQA benchmark
to assess LLMs machine-reading comprehension
through cross-lingual question answering on ré-
sumé and JDs, with an English instruction prompt
across all five languages. In the following, we de-
scribe the experimental setup, including the mod-
els, prompting strategy and evaluation metrics, and
then we discuss the results. We run inference using
AWS Bedrock service9, which provides access to a
variety of foundation models through API endpoints.
We note that our use of GPT-4 for data synthesis
and Claude Sonnet 4 for both translation and eval-
uation may introduce evaluation biases, as these
models may share similar reasoning patterns.

7.1. Experimental Setup
Performing QA with LLMs. We designed a zero-
shot prompt that instructs the model to act as an ex-
pert hiring assistant professional, answering ques-
tions about a candidate using only the JD and the
provided résumé. Following the QA annotation
guidelines in Section 5, the model is prompted to
produce a concise short answer and a detailed ex-
planation strictly grounded in the résume and/or
JD. Responses should be factual, objective, and
in the same language as the question, with ex-
planations referencing specific details, quotes as
evidence, and with justification for any information
inferred from résumés and JDs. Since the instruc-
tion prompt is written in English regardless of the
question and document language, this constitutes
a cross-lingual evaluation setting.

For the QA task, we experimented with several
open-weight, multilingual LLM models from vari-
ous families and sizes, from medium to large. The
selected models are Llama 3.1 Instruct (8B, 70B),
Llama 3.2 Instruct (1B, 3B), and Llama 3.3 70B
Instruct (Grattafiori et al., 2024), Mistral Small 2402
and Mistral Large 2402 (Jiang et al., 2023), and
Gemma 3 Instruct (1B, 4B) (Team, 2025). We con-
sider models between 1B and 8B parameters as
medium-sized, and those above 8B as large. For
generation, we set the temperature to 0 and max-

9https://aws.amazon.com/bedrock/

https://aws.amazon.com/bedrock/
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Model en es de it zh
Mistral Large (2402) 0.69 ± 0.26 0.67 ± 0.25 0.65 ± 0.25 0.66 ± 0.24 0.61 ± 0.29
Mistral Small (2402) 0.65 ± 0.28 0.61 ± 0.28 0.59 ± 0.29 0.60 ± 0.29 0.40 ± 0.28
Llama 3.3 70B Instruct 0.73 ± 0.26 0.69 ± 0.25 0.47 ± 0.38 0.70 ± 0.25 0.48 ± 0.39
Llama 3.1 70B Instruct 0.72 ± 0.26 0.68 ± 0.25 0.64 ± 0.27 0.43 ± 0.38 0.66 ± 0.27
Llama 3.1 8B Instruct 0.62 ± 0.30 0.57 ± 0.29 0.52 ± 0.28 0.56 ± 0.29 0.56 ± 0.30
Gemma 3 4B Instruct 0.64 ± 0.29 0.39 ± 0.21 0.48 ± 0.28 0.40 ± 0.21 0.41 ± 0.22
Llama 3.2 3B Instruct 0.55 ± 0.27 0.49 ± 0.26 0.45 ± 0.25 0.47 ± 0.26 0.47 ± 0.28
Llama 3.2 1B Instruct 0.35 ± 0.25 0.27 ± 0.24 0.25 ± 0.20 0.24 ± 0.20 0.26 ± 0.21
Gemma 3 1B Instruct 0.29 ± 0.17 0.15 ± 0.11 0.15 ± 0.11 0.16 ± 0.11 0.15 ± 0.10

Table 4: Average G-Eval scores (mean ± std) by model and language. The score ranges are based on
evaluation rubrics: factually incorrect (0.0-0.3), mostly correct (0.3-0.6), correct but missing minor details
(0.6-0.9). Higher scores indicate better alignment with human reference answers.

imum response length to 512 tokens to produce
deterministic outputs aligned with the short answer
and explanation format.

LLM-as-a-Judge Evaluation Despite the is-
sues associated with fully automated evaluation
Bavaresco et al. (2025), due to the scale of our
evaluation (nine models across five languages and
581 QA items), human evaluation was not feasi-
ble. Instead, we employed an automated LLM-as-
a-judge framework using the G-EVAL metric (Liu
et al., 2023), which has been shown to correlate
well with human judgments in various evaluation
settings. This approach allows us to inject human
expertise into the evaluation process through the
design of the evaluation steps and rubrics, while
leveraging the scalability of automated evaluation.
Concretely, we provided a list of evaluation steps
that guide the judge to compare the short answer
and explanations from both the model and human
responses. The judge checks that the short answer
is concise and it uses minimal wording, and that
the explanation provides detailed justification with
specific references to the JD or résumé. The judge
determines whether both answers communicate
the same main factual conclusion based only on
the provided documents, ensuring objectivity and
factual accuracy. Reasoning and evidence in the
actual output must be semantically equivalent to the
human output, while ignoring stylistic differences.
The judge also verifies that the model’s answer is in
the same language as the question and provides a
brief justification for any major omissions, additions,
mismatches, or failures to reference source docu-
ments. We also instructed the model to produce
calibrated scores based on rubrics ranging from
0.0 “Factually incorrect” (0.0-0.3), “Mostly incorrect”
(0.3-0.6), “Correct but missing minor details.” (0.6-
0.9), “100% correct” (0.9-1.0), using the G-Eval
implementation from the open-source DeepEval
library10.

10https://github.com/confident-ai/
deepeval

For the QA evaluation, we used Claude Sonnet
411 with temperature set to 0.7 and top_p to 0.9.

7.2. Results and Discussions
Table 4 reports QA performance (G-Eval mean ±
std) for each model and language. Score bands
follow the rubrics in Section 7.1. Higher scores
indicate closer agreement with human reference
answers.

The results reveal consistent patterns along both
the model and language dimensions, interpreted
through the G-Eval score bands defined in Sec-
tion 7.1.

Correct but missing minor details (0.6 to 0.9).
This band is reached almost exclusively in English
and Spanish by the strongest models. Mistral Large
is the only model to sustain it across all five lan-
guages, making it the most consistently multilingual
performer. Llama 3.1 70B also attains it for Ger-
man and Chinese, though it drops sharply for Italian.
Models in the 4B to 8B range reach this band only
in English.

Mostly correct (0.3 to 0.6). The majority of
model and language combinations fall here, cover-
ing most non-English results for stronger models
and nearly all results for smaller ones. A clear
cross-lingual gap is evident in larger models, which
achieve high scores in English but drop substan-
tially for German and Chinese, with elevated stan-
dard deviations reflecting considerable variability
across question types. Smaller models remain uni-
formly in this band across all five languages, show-
ing a flatter cross-lingual profile driven by a lower
performance ceiling rather than genuine multilin-
gual robustness.

Factually incorrect (0.0 to 0.3). The two 1B mod-
els fall into this band for most or all languages, with
minimal cross-lingual variation and low standard

11anthropic.claude-sonnet-4-20250514-v1:0

https://github.com/confident-ai/deepeval
https://github.com/confident-ai/deepeval
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deviations, reflecting uniformly poor and undiffer-
entiated performance regardless of language.

Notably, the 100% correct band (0.9 to 1.0) is
not reached by any model in any language, indi-
cating that substantial room for improvement re-
mains across the board. Moreover, the substantial
standard deviations observed in reflect variability
driven by question-type complexity, as detailed in
Appendix A.4.

Overall, the results confirm a consistent cross-
lingual gap across all model families and sizes.
Larger models benefit English and Spanish the
most, while performance degrades markedly for
lower-resource languages, suggesting that current
multilingual pretraining is not sufficient for HR-
specific cross-lingual MRC settings.

8. Conclusion and Future Works

We presented a methodology for building privacy-
preserving multilingual QA benchmarks in sensi-
tive, data-scarce domains, demonstrated through
JobResQA in the HR domain. The pipeline, with de-
identification, LLM synthesis, human-in-the-loop
translation with MQM feedback, and LLM-as-judge
evaluation, is designed to be reusable across other
privacy-sensitive resource creation efforts. By in-
corporating controlled demographic and profes-
sional attributes (via placeholders) and gender-
inclusive design, JobResQA provides infrastruc-
ture that may support future systematic fairness
evaluation, though such studies remain to be con-
ducted. Our human-in-the-loop translation pipeline
with MQM annotations demonstrates a quality-cost
tradeoff in producing multilingual datasets. Base-
line evaluations reveal substantial performance
gaps across languages and model sizes, highlight-
ing the need for improved cross-lingual capabilities
in HR contexts. Future work will extend the bench-
marks with more questions and languages, and
perform bias studies using the controlled attributes.

9. Limitations

We acknowledge the main limitations of our work:

Localization and Translation Quality Despite
human-in-the-loop review, our translations may
not fully capture native writing styles, and gender-
inclusive rewriting may reduce perceived natural-
ness. Some inconsistencies in narrative voice can
arise from paragraph-level translation and synthetic
generation. These factors may limit task perfor-
mance on authentic linguistic patterns.

QA Annotations Annotator subjectivity, particu-
larly for complex cross-document questions, may
reduce alignment with LLM outputs. The absence
of inter-annotator agreement metrics limits verifica-
tion of annotation consistency and reliability.

Synthetic Data and Privacy Our benchmark re-
lies entirely on LLM-generated documents preserv-
ing career narratives but not authentic formatting
inconsistencies. Predefined section structures and
uniform layout reduce ecological validity, limiting
generalizability to diverse real-world résumé for-
mats. Additionally, whilst a manual privacy audit
was conducted over all documents, the privacy-
preserving effectiveness of the de-identification and
synthesis process has not been formally quantified.

Dataset Scale At 105 résumé-JD pairs and 581
QA items, the dataset is relatively small and may
limit generalizability across diverse HR scenarios
and employment patterns.

Evaluation Methodology LLM-as-judge evalua-
tion is susceptible to systemic biases and may not
fully capture answer quality compared to human
assessment. Using the same model for both trans-
lation and evaluation may introduce circularity, and
sharing model families across synthesis, transla-
tion, and evaluation stages risks inflated scores.
Calibrating judge scores against human judgments
remains a priority for future work.

10. Ethical Statement

Potential Applications. The dataset can facili-
tate the responsible development and evaluation
of HR-oriented language technologies, such as
chatbots or virtual assistants for candidate screen-
ing, résumé parsing, and job-candidate match-
ing. These high-risk applications should always
be evaluated rigorously before being deployed in
real-world settings, ensuring fairness, transparency,
and accountability in decision-making. Importantly,
the automation of hiring decisions raises specific
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ethical concerns, including the risk of opaque or un-
accountable filtering of candidates and the potential
for historical biases encoded in training data to be
perpetuated at scale. Therefore, any deployment
should be subject to human oversight and regular
auditing.

Human-in-the-Loop Annotations. Professional
annotators and native speakers were involved
throughout all the stages of the dataset creation
process. We ensured fair compensation and clear
guidelines to support ethical labor practices and
document generation and annotation processes for
transparency and reproducibility. We believe and
emphasize the role of human expertise to ensure
high-quality data and produce ethical outcomes.

Implications for Bias Research in LLMs. Our
dataset is fully synthetic and anonymized, contain-
ing placeholder entities and gender-inclusive lan-
guage. These design choices enable controlled
investigation of potential bias attributes, such as
demographic, gender, racial, and educational ones
in LLMs applied to HR-related tasks. By systemati-
cally varying bias-related variables while removing
personally identifiable information, our approach
supports the study of model behavior based on
content rather than identity cues.
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A. Appendices

A.1. Controlled Attribute Categories and
Placeholders

Table 5 provides the attribute categories with the
most frequent placeholders and their associated
potential bias dimensions, extracted from the En-
glish data, along with bias-related dimensions they
might impact. For the other languages, we trans-
late them to ensure parallelism, as described in
Section 4.4.

Attribute & Bias Top Placeholders
Attribute Category:
PII
Bias Dimensions:
Demographic,
geographic, so-
cioeconomic and
privacy

[EMAIL], [PHONE],
[CITY], [STATE],
[COUNTRY], [NAME],
...

Attribute Category:
Affiliation
Bias Dimensions:
Prestige, socio-
educational,
and domain

[COMPANY], [SCHOOL],
[ORGANIZATION], [UNI-
VERSITY], ...

Attribute Category:
Professional
Context
Bias Dimensions:
Core job quali-
fications, pres-
tige and domain

[PLATFORM], [POSI-
TION], [SUPERVISOR],
[TEAM], [CERTIFI-
CATION], [LICENSE],
[AWARD], [PRODUCT],
...

Table 5: Controlled attribute categories with most
frequent placeholders (ordered by frequency) and
potential associated bias dimensions for the En-
glish dataset.

Table 6 also shows the frequency distribution
of the most frequent top 10 placeholders across
the English dataset, reflecting the different types
of information typically found in résumés versus
job descriptions, with contact and organizational
details being common to both, while personal iden-
tifiers and educational background are specific to
résumés.

A.2. Translation Post-Editing Edit Counts
Table 7 reports total edit counts after the selective
post-editing step, split by language and dataset
field. Résumés required the most editing (1,821-
2,776 edits), with Spanish and Italian needing the
most corrections. Job descriptions required fewer
edits (368-612), while QA fields needed minimal
corrections, particularly explanations (23-142 edits).
These counts reflect the varying complexity of each
field, with longer, more complex fields like résumés
and JDs naturally requiring more post-editing to

Rank Placeholder Total Résumé JD
1 [EMAIL] 200 103 97
2 [COMPANY] 188 91 97
3 [PHONE] 180 99 81
4 [CITY] 136 102 34
5 [STATE] 120 93 27
6 [COUNTRY] 116 63 53
7 [NAME] 105 105 0
8 [SCHOOL] 90 90 0
9 [ZIPCODE] 74 74 0

10 [ADDRESS] 54 54 0

Table 6: Top 10 most frequent placeholders in the
English dataset across résumés and job descrip-
tions.

ensure quality and localization accuracy across
languages.

Field de es it zh
resume 2494 2776 2754 1821
jd 612 500 543 368
short_answer 267 137 278 315
explanation 142 62 110 23

Table 7: Total edit counts from manual post-editing
and automated post-processing per language and
dataset field.

A.3. MQM Categories Definition
We employed Multidimensional Quality Metrics
(MQM) (Lommel et al., 2013) for human annotation
of translation errors, adapting the taxonomy to the
specific context of résumé and JD translation. The
main categories and error types are summarized
in Table 8, with detailed descriptions provided in
the table. Each identified error is further classified
according to its severity level:

• Critical: errors that render the content unfit for
purpose or pose a risk for serious harm.

• Major: errors that seriously affect the under-
standability or usability of the content due to
significant meaning changes.

• Minor: errors that do not seriously impede
the usability or understandability but impact
accuracy, consistency, or fluency.

• Neutral: cases where the evaluator would pre-
fer a different translation but the current trans-
lation.
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Category Error Type Description

Terminology Inconsistent terminol-
ogy

The target contains multiple terms used for the same concept.

Wrong term Use of term that is not what a domain expert would use or
creates a conceptual mismatch.

Accuracy
Mistranslation The target content does not accurately represent the source

content.
Addition The target includes content not present in the source, it was

translated when it should not have been, or is overly specified.
Omission The target is missing content present in the source, is not

translated when it should have been, or is oversimplified.

Linguistic
Grammar A text string in the translation violates the grammatical rules of

the target language.
Punctuation Punctuation incorrect according to target language conven-

tions.
Spelling Error occurring when a word is misspelled.

Style Inconsistent style Style that varies inconsistently throughout the text.
Gender inclusive Output should include both feminine and masculine forms us-

ing appropriate target language conventions (e.g., “des/der
Kandidaten/-in”, “el/la candidato/a”, “del/la candidato/a”).

Locale Entity format Format for entities such as numbers, date, time, currency,
address, etc. is wrongly rendered.

Design Layout Errors related to the physical design or presentation of the
translation.

Custom Hallucination Parts of the target content are completely decoupled from the
input sentence.

Table 8: MQM (Multidimensional Quality Metrics) error categories and error types used in translation
evaluation.

A.4. Impact of Question Type on QA
Performance

Figure 4 shows G-Eval score distributions strati-
fied by question type across all nine models and
five languages. Question types follow the two-
dimensional taxonomy in Table 1, resulting in four
categories: Cross-Document Single-Hop (CD-SH),
Cross-Document Multi-Hop (CD-MH), In-Document
Single-Hop (ID-SH), and In-Document Multi-Hop
(ID-MH). The variability in scores across question
types aligns with the large standard deviations ob-
served in the main results (Table 4).

The figure reveals patterns in question-type diffi-
culty that vary by model capability and language.
For large models (> 8B parameters), results indi-
cate that single-hop questions (CD-SH and ID-SH)
tend to have tighter IQRs and higher medians in
English and Spanish, suggesting more predictable
performance on question requiring direct retrieval
in high-resource languages. Multi-hop questions
(CD-MH and ID-MH) generally exhibit wider distribu-
tions, though this effect appears more pronounced
in some language-model combinations than oth-
ers (notably DE and ZH). For medium-sized mod-
els (4B–8B parameters), the stratification between
single-hop and multi-hop performance becomes
less clear. While some models show a visible
gap in distribution shapes, the IQR widths become
more comparable across question types. For small

models (< 4B parameters), results suggest that
question-type distinctions have minimal bearing on
overall performance, with all four question types
exhibiting uniformly wide distributions and low me-
dians across all languages, consistent with the fac-
tually incorrect band in Table 4.
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Figure 4: G-Eval score distributions by question type (CD-SH, CD-MH, ID-SH, ID-MH), model, and
language. Boxes show the interquartile range (IQR), horizontal lines indicate the median and whiskers
extend to 1.5×IQR.
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