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As large language models are deployed across multilingual environments,
the benchmarks used to evaluate their safety remain largely designed
for high-resource, English-dominant contexts. Trust & Safety systems
increasingly rely on automated classifiers and generative models to mod-
erate harmful content across dozens of languages, yet the tools used
to assess them often fail to capture linguistic variation and culturally
specific harm. This paper presents a structured review of 37 bench-
marks relevant to multilingual safety evaluation, 27 of them safety bench-
marks, published between 2019 and 2026. Using a nine-dimension tax-
onomy spanning linguistic authenticity, cultural grounding, and evalu-
ation transparency, we analyze how benchmarks construct evaluation
datasets and report safety performance. We identify recurring design pat-
terns: reliance on translated English prompts rather than native-language
data, aggregate metrics that obscure cross-language variation, and lim-
ited use of locally grounded harm categories or community-informed
evaluation. These patterns show that broader language coverage alone
does not ensure benchmarks capture how harm is expressed across cul-
tural contexts. We therefore propose a design framework emphasizing
native-authored data, disaggregated reporting, locally grounded harm
taxonomies, symmetric evaluation of false positives, coverage of dialect
and code-switching, and testing under deployment-relevant conditions.

1 Introduction

Large language models (LLMs) are now deployed at scale across Majority World contexts,
including South Asia, sub-Saharan Africa, Southeast Asia, and Latin America, where mul-
tilingual communication and dialect mixing are common features of everyday language
use. The benchmarks used to evaluate the safety of these systems were largely devel-
oped under different linguistic and policy assumptions. Most benchmarks originated in
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English-language settings, were later extended to other languages primarily through
translation, and were validated against harm taxonomies shaped by Western regulatory
and policy environments. Prior research has documented a persistent “language gap” in
Al safety research, where English-language datasets and evaluations dominate while
multilingual contexts remain underexplored (Yong et al. 2025; Peppin et al. 2025). As a
result, the ability of current benchmarks to capture risks arising in diverse sociolinguistic
contexts remains uneven.

Here we survey 37 benchmarks relevant to multilingual safety evaluation, 27 of them
safety benchmarks, published between 2019 and 2026. These benchmarks evaluate
models whose safety training is largely English-centric. Techniques such as reinforcement
learning from human feedback, Constitutional AL, and instruction tuning are implemented
predominantly using English-language datasets, so the multilingual capabilities acquired
during pretraining coexist with more limited multilingual safety calibration (Yue Deng
etal. 2024; Kumar et al. 2025).

This review provides two primary contributions. First, it provides a taxonomy-based
structured review of 37 benchmarks published between 2019 and 2026, comprising 27
multilingual and monolingual safety benchmarks alongside 10 capability benchmarks
analyzed as methodological reference points. Using a nine-dimension framework span-
ning linguistic authenticity, cultural grounding, evaluation transparency, and operational
readiness, the review produces a comparative map of gaps in current benchmark design.
The taxonomy enables systematic comparison across benchmarks with heterogeneous
methods and objectives. Second, it proposes a six-principle design framework for multi-
lingual safety evaluation. The framework draws directly from patterns observed in the
benchmark corpus (each principle corresponds to a findings subsection in Section 4) and
is intended to provide practical guidance for researchers and practitioners developing
evaluation infrastructure.

2 Background

2.1 Safety Alignment and English-Dominant Training Pipelines

The safety properties of current LLMs reflect deliberate alignment procedures, including
reinforcement learning from human feedback (RLHF), Constitutional Al, and instruction
tuning. In practice, however, much of the data and evaluation infrastructure used
for safety alignment remains concentrated in English-language contexts. As a result,
multilingual capabilities acquired during pretraining on diverse corpora coexist with safety
calibration that is largely English-centric (Yong et al. 2025; Peppin et al. 2025).

Evidence consistent with this asymmetry appears across the literature. Multilingual
capabilities typically emerge during the pretraining stage, while safety fine-tuning relies
on more limited multilingual coverage in later stages (Yue Deng et al. 2024). Kumar et
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al. (2025) note a related constraint in their own system, observing higher rates of unsafe
responses in several non-English languages. As a result, tools developed to address
multilingual safety challenges often inherit the training distributions of the datasets on
which they are built.

Empirical patterns associated with this imbalance appear across multiple studies. S-
Eval reports declining safety performance along a language-resource gradient, from
55.85% in Chinese to 46.15% in Swabhili (Yuan et al. 2025). MultiJail similarly reports
that low-resource languages produce harmful outputs at approximately three times the
rate observed in high-resource languages (Yue Deng et al. 2024). The recurrence of these
findings across independent studies suggests that disparities in safety performance may
be linked to characteristics of current training and evaluation pipelines.

These observations have implications for benchmark design. Benchmarks limited to high-
resource languages, or extended to additional languages primarily through translation
from English, largely measure the extent to which safety behaviors learned in high-
resource contexts transfer across languages. Such evaluations provide only partial
visibility into safety performance in the broader linguistic environments where models
are deployed. Assessing safety in low-resource contexts requires evaluation frameworks
designed for those contexts from the outset.

2.2 Conceptualizing “Low-Resource” Languages

The term low-resource is used inconsistently across the NLP literature and often conflates
distinct conditions. For this paper, we distinguish three related but analytically separate
forms of scarcity.

Data scarcity refers to limited pretraining and fine-tuning data in a given language,
typically measured through indicators such as CommonCrawl corpus proportions or
Wikipedia article counts. Research attention and data resources remain concentrated on
a small number of languages (P. Joshi et al. 2020). This definition underlies benchmark
categorizations in work such as MultiJail (Yue Deng et al. 2024) and LinguaSafe (Ning
et al. 2025). Bengali, for example, is commonly classified as low-resource despite having
approximately 230 million native speakers, reflecting gaps in digital data infrastructure
rather than speaker population.

Evaluation scarcity refers to the absence of benchmarks designed for a particular
language. A language may have modest representation in training data yet still possess
well-developed evaluation infrastructure, or conversely be widely spoken while lacking
purpose-built safety benchmarks. This paper focuses primarily on evaluation scarcity.
Within the 37 works in our corpus, languages with the most extensive native-authored
evaluation coverage tend to coincide with dedicated institutional investment, including
Arabic (AraSafe; Mubarak, Mohamed, and Hawasly 2025), Indonesian (IndoSafety; Azmi
et al. 2025), and Bengali (BanglaGuard; Alam et al. 2026; BengaliMoralBench; Ridoy
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et al. 2026). Large linguistic regions, including Central Asia, Indigenous languages of the
Americas, and much of sub-Saharan Africa, remain largely absent from current safety
evaluation efforts.

Institutional scarcity refers to limited research infrastructure, annotation capacity, and
community representation in benchmark development. Building benchmarks for low-
resource languages frequently requires multi-institutional collaboration and external
funding, as documented across several works in the corpus (Muhammad et al. 2025;
Ridoy et al. 2026; Wynter et al. 2025). Section 4 examines these cases in detail.

These forms of scarcity have different implications for benchmark design and are
addressed in the design framework proposed in Section 5.

2.3 Research Questions

Building on past work, we organize this review around three research questions:

« RQ1: How do existing multilingual safety benchmarks perform across the dimen-
sions of linguistic authenticity, cultural grounding, and evaluation transparency, as
measured by a structured nine-dimension taxonomy?

« RQ2: Where do systematic gaps persist in the current benchmark landscape, and
what structural forces produce them?

- RQ3: What design principles are necessary for safety evaluation to be valid in
low-resource, non-Western linguistic contexts?

3 Methods: Taxonomy-Based Structured Review

3.1 Corpus Selection

Benchmarks were identified through systematic searches of major NLP and Al safety
venues (ACL, EMNLP, NAACL, NeurIPS, ICLR, COLM, AAAI), preprint servers (arXiv,
OpenReview), and government and industry technical reports. The primary focus was on
work published between 2023 and 2025, reflecting rapid growth in multilingual safety
evaluation. Earlier benchmarks were included where they establish methodological
lineage relevant to the current landscape, including MLMA (Ousidhoum et al. 2019),
AmericasNLI (Ebrahimi et al. 2022), and the Multilingual Content Moderation study
(Ye et al. 2023). Inclusion required at least one of the following: a primary focus on
safety, toxicity, or harm evaluation; multilingual or non-English scope; or English-only
design with comparative relevance to multilingual safety evaluation, as in SALAD-Bench
(Li et al. 2024) and WildGuard (Han et al. 2024), whose taxonomies and evaluation
methodologies are widely adopted across multilingual work. Publication formats include
peer-reviewed conference and journal papers as well as preprints.
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The final corpus comprises 37 works. Of these, 27 are safety benchmarks designed
to measure harmful, toxic, or unsafe model outputs, including hate speech detection,
jailbreak resistance, toxicity scoring, and content moderation. These include broad
evaluations (Ning et al. 2025; Li et al. 2024; Z. Zhang et al. 2024), targeted hate
speech datasets (Muhammad et al. 2025; Ousidhoum et al. 2019), jailbreak evaluation
frameworks (Yue Dengetal. 2024; Yoo, Yang, and Lee 2025; Liu et al. 2024), and deployed
moderation tools (Kumar et al. 2025; Yihe Deng et al. 2026; Han et al. 2024). The
remaining 10 are capability benchmarks evaluating general language understanding and
reasoning without a primary safety focus, including IrokoBench (Adelani et al. 2025),
AfriQA (Ogundepo et al. 2023), AfroBench (Ojo et al. 2025), BharatBench (Krutrim
2025), MILA (Sawarkar et al. 2026), MILU (Verma et al. 2025), AmericasNLI (Ebrahimi
etal. 2022), PoETa v2 (Almeida et al. 2025), La Leaderboard (Grandury et al. 2025), and
Cultural Expressiveness (LatAm) (Mora-Reyes, Drewyor, and Reyes-Angulo 2025).

Both categories are included because capability and safety benchmarks often draw on
overlapping data sources and research communities in many Majority World contexts,
and limitations in the underlying language ecosystem affect both. Capability benchmarks
also demonstrate methodological practices less common in safety evaluation. AfriQA, for
instance, draws on the same Masakhane research community as the safety benchmark
AfriHate, but the two sit in largely separate literatures, while BharatBench mobilizes
in-house linguists across 22 Indic languages at a scale no Indic safety benchmark has
attempted. These works show that approaches to native data collection and community
validation already exist in multilingual NLP. Capability benchmarks are therefore analyzed
as methodological reference points rather than sources of safety-specific findings.

Beyond the safety and capability split, nine of the 37 works evaluate a single language
rather than several. Two are the English-only benchmarks noted above (Li et al. 2024;
Han et al. 2024), retained as methodological reference points. The other seven are
single-language non-English benchmarks (Mubarak, Mohamed, and Hawasly 2025;
Krasnodebska et al. 2025; Alam et al. 2026; Ridoy et al. 2026; Huang et al. 2024; W.
Zhang et al. 2024; Almeida et al. 2025). These are included because the review examines
how benchmarks represent language-specific harm and how they are constructed,
and focused single-language efforts often demonstrate the native authorship, cultural
adaptation, and community validation that broad multilingual benchmarks lack. Their
single-language scope means they do not contribute to the cross-language comparison
findings, which require multilingual benchmarks.

The corpus is therefore broader than the multilingual safety benchmarks named in the
paper’s central claim, and the cross-language safety findings in Section 4 are drawn only
from the latter.

The corpus is predominantly text-based. Thirty-four of 37 works evaluate text modality
only. The three exceptions are MuTox (Costa-jussa et al. 2024), which evaluates speech
toxicity across 30 languages; Lingua-SafetyBench (Shi et al. 2026), which addresses
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image-text multimodal safety across 10 languages; and BharatBench (Krutrim 2025),
which spans text, vision, and speech for Indic languages. These examples highlight the
limited development of multilingual safety evaluation outside text, despite Trust & Safety
systems operating across multiple modalities in practice.

Language coverage ranges from single-language benchmarks for Arabic, Bengali, Chinese,
and Polish to efforts covering 17 languages (Kumar et al. 2025), 28 languages (Wynter
et al. 2025), 30 languages (Costa-jussa et al. 2024), and 64 African languages (Ojo
et al. 2025). Data production methods fall into four categories: fully native-authored (8
works), fully translated from English (2 works), fully synthetic (2 works), and hybrid
combinations of these (25 works). Table 2 presents the full taxonomy scoring and
descriptive summary for all 37 works.

The corpus was assembled to cover multilingual and non-English safety evaluation
broadly rather than to include only benchmarks that target low-resource languages.
This is a deliberate design choice. Restricting the corpus to benchmarks that focus on
low-resource languages would have measured the internal characteristics of that subset
while obscuring the field-level pattern this review aims to document, namely how much
of current multilingual safety evaluation reaches low-resource languages. Admitting the
broader set of non-English and multilingual benchmarks allows low-resource coverage to
be treated as a finding rather than an inclusion criterion, which makes it possible to report,
in the following paragraphs, how few benchmarks center low-resource languages. The
distinction matters because “multilingual” and “low-resource” are frequently conflated.
A benchmark can cover many languages while still concentrating on high-resource ones,
and only a corpus that admits both kinds can reveal that gap.

Mapping the corpus onto the three forms of scarcity defined in Section 2.2, 24 of the
37 works include at least one low-resource language, and 16 focus on low-resource
languages as their primary target. The remaining 13 cover only high- and medium-
resource languages. This coverage is uneven across the safety and capability split. Nine
of the 10 capability benchmarks center low-resource languages, compared with 7 of the
27 safety benchmarks, indicating that native data collection for low-resource languages
is more established in capability evaluation than in safety evaluation.

The three forms of scarcity overlap rather than partition the corpus, and a single
benchmark often reflects more than one. Data scarcity maps most directly onto coverage.
It applies to these 24 works (16 of them centrally), where limited digital text constrains
data collection. Evaluation scarcity, the primary focus of this review, is a property of
languages rather than individual works and cuts across the corpus, most visible in
dedicated single-language efforts such as AraSafe (Mubarak, Mohamed, and Hawasly
2025), IndoSafety (Azmi et al. 2025), and BanglaGuard (Alam et al. 2026). Institutional
scarcity is clearest in the multi-institutional and community-driven benchmarks, including
the Masakhane-led African efforts (Adelani et al. 2025; Ojo et al. 2025) and RTP-LX
(Wynter et al. 2025).
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3.2 The Nine-Dimension Taxonomy

To enable structured comparison across benchmarks with different designs and goals, we
developed a nine-dimension scoring taxonomy organized under three meta-dimensions.
Each dimension is scored on a 0-2 scale, where 0O indicates absence or minimal en-
gagement, 1 indicates partial or acknowledged engagement, and 2 indicates systematic
engagement. The framework was developed iteratively. An initial version was applied to
a subset of benchmarks, revised after reviewing ambiguous cases, and then applied to
the full corpus.

The nine dimensions were derived from a broader set of attributes recorded during corpus
review. Each benchmark was first coded on roughly two dozen descriptive fields spanning
language coverage, data methodology, annotation practice, harm taxonomy, reporting,
and access. These fields were then consolidated into the nine scored dimensions. Several
descriptive fields were merged into a single dimension: data origin and translation method
became Native Data; annotator profile and community involvement became Community
Validation; code-switching handling and dialect coverage became Dialect and Code-
Switch Coverage; and region-specific harms and taxonomy provenance became Local
Harm Categories.

Other recorded attributes were retained as descriptive context rather than scored,
because they characterize a benchmark without indicating the adequacy of its low-
resource representation. Dataset size, the number of harm categories, and licensing, for
instance, were recorded for every benchmark but not scored on the 0 to 2 scale. A larger
dataset or a longer category list does not by itself indicate whether harmful language
is natively expressed or whether harm categories are locally relevant. Native Data and
Local Harm Categories capture those qualities directly.

The three meta-dimensions capture distinct aspects of benchmark design that this
review treats as complementary rather than substitutable. Meta-Dimension A, Linguistic
Authenticity, captures how faithfully a benchmark represents the target language as
actually used, through three dimensions: Native Data Score, Dialect and Code-Switch
Coverage, and Scarce Corpora Acknowledgment. Meta-Dimension B, Cultural Grounding,
captures how well harm categories and validation processes reflect local context,
through Cultural Adaptation, Local Harm Categories, and Community Validation. Meta-
Dimension C, Evaluation Transparency and Operational Readiness, captures how usable
the benchmark is for deployment decisions, through Disaggregated Metrics, Over-Refusal
Analysis, and Operational Applicability. Table 1 provides the full scoring rubric.

The meta-dimensions are scored independently, with no weighting across them. A
benchmark can score high on Linguistic Authenticity while scoring low on Evaluation
Transparency, or vice versa. The taxonomy profiles benchmark strengths and weaknesses
rather than producing a single ranking. Total scores range from a theoretical 0 to 18; in
this corpus they span 3 (SALAD-Bench) to 14 (RabakBench, RTP-LX).
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The taxonomy relates to existing safety frameworks by operating at a different level of
analysis. Established harm taxonomies such as MLCommons and Llama Guard, and ethics
benchmarks such as ETHICS and Scruples, specify what content counts as harmful and
organize it into categories. This taxonomy does not classify harms and is not a substitute
for these frameworks. It instead assesses how a benchmark is constructed: whether its
data is natively authored, whether its harm categories are locally grounded or imported,
and whether its results are reported in ways that reveal cross-language variation.

In this respect, the taxonomy is closer to dataset documentation practice (Bender and
Friedman 2018; Gebru et al. 2021) than to harm classification, though it scores these
properties comparatively across a corpus rather than documenting a single artifact. The
relationship is made explicit in the Local Harm Categories dimension, which scores each
benchmark by its stance toward these established taxonomies, from applying a Western
taxonomy globally (0) to deriving categories locally (2). The framework therefore takes
existing harm taxonomies as one of the objects it evaluates rather than as a standard it
reproduces, which is what allows it to surface the cultural-grounding gaps documented
in Section 4.

The nine dimensions are not claimed to be exhaustive. They were derived bottom-up
from the attributes that recurred across the 37 benchmarks and consolidated from the
broader set of coded fields described above, so they reflect the design choices that
distinguish benchmarks in this corpus rather than a complete account of benchmark
quality. The taxonomy is intended as a structured, repeatable review instrument rather
than a certification standard, and the inter-rater results reported in Section 3.3 indicate
how consistently it can be applied.

3.3 Scoring Procedure and Reliability

All 37 benchmarks were scored by the first author using the taxonomy described above.
Scores were assigned through close reading of the main paper and, where available,
supplementary materials and appendices. When methodological descriptions were
ambiguous, scoring erred toward the lower value to avoid overstating benchmark rigor or
coverage. Table 2 reports the full set of scores for all benchmarks in the corpus.

To assess the reliability of this single-evaluator procedure, a second author independently
re-scored a stratified random subset of 12 of the 37 benchmarks (32%), selected to span
the full range of total scores and to include both safety and capability benchmarks. The
second author scored blind to the original ratings, applying the nine-dimension rubric to
a standardized evidence summary compiled from each source paper.

Across the 98 doubly coded cells (excluding dimensions not applicable to capability
benchmarks), exact agreement was 51% and agreement within one scale point was 92%;
quadratic-weighted Cohen’s k (a chance-corrected measure of inter-rater agreement
where 0 is chance-level and 1 is perfect) was 0.43, indicating moderate agreement.
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Table 1: Scoring rubric for the nine evaluation dimensions. Dimensions are grouped under three meta-
dimensions: Linguistic Authenticity, Cultural Grounding, and Evaluation Transparency.

Meta-Dimension Dimension 0 1 2
A. Linguistic Native Data Predominantly Hybrid (native Substantially
Authenticity translated from plus translated or  native-origin
another language  synthetic) (authored,
elicited, or
native-language
sourced)
Dialect / Standard variety Concrete but Systematic
Code-Switch only (a passing partial (a covered  (code-switching/
Coverage mention counts dialect/creole, dialect as a core,

B. Cultural Grounding

C. Evaluation
Transparency

Scarce Corpora
Acknowledgment

Cultural Adaptation

Local Harm
Categories

Community
Validation

Disaggregated
Metrics

Over-Refusal
Analysis

Operational
Applicability

here)

Assumes data
availability

Translated
Western content,
no adaptation

Western
taxonomy
applied globally

No community
involvement

Aggregate scores
only

Not measured or
discussed

Academic only

code-mix tooling,
or colloquial vs.
formal)

Acknowledges as
limitation

Post-hoc
localization

Adapted Western
with local
additions

Some native
speaker review

Some
per-language
results

Acknowledged or
handled
incidentally (no
benign-input
metric)

Deployment-
aware (evaluates
deployed
systems, ships a
guard model, or
concrete
moderation
framing)

varied condition)

Addresses with
methodology

Native design
from the outset

Locally derived
categories

Participatory
design
throughout

Full per-language
breakdown +
analysis
Explicitly
measured
(benign
false-positive or
oversensitivity
metric)

Production
artifact
(deployed in
service or
integrated into a
live pipeline)

Legend: 0 = absent/minimal, 1 = partial/acknowledged, 2 = systematic/comprehensive.

Agreement was highest for Local Harm Categories (k = 0.71) and Scarce Corpora
Acknowledgment (k = 0.67) and lowest for Operational Applicability (k = 0.18), Native

Data (k = 0.21), and Dialect/Code-Switching (k = 0.21).

The 48 disagreements were adjudicated against the source papers; 30 upheld the original
score and 18 revised it, with revisions concentrated in Operational Applicability and Over-
Refusal Analysis. Because these disagreements stemmed largely from under-specified
anchor boundaries rather than from differing readings of the papers, we refined the
0-2 definitions for the four lowest-agreement dimensions (Section 3.2) and applied the
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refined definitions across the full corpus, updating the affected scores in Table 2. Broader
limitations of the scoring approach and review design are discussed in Section 7.

4 Findings

Across the 37 works in the corpus, the taxonomy scores reveal uneven progress. Because
Over-Refusal and Operational Applicability apply only to safety benchmarks, the patternis
clearest within the 27 safety benchmarks, with the 10 capability benchmarks summarized
separately in Table 2. Scores are strongest on disaggregated reporting (1.44/2) and
acknowledgment of data scarcity (1.33/2), and weakest on dialect and code-switching
coverage (0.44/2), operational applicability (0.78/2), locally derived harm categories
(0.81/2), and over-refusal analysis (0.93/2). Table 2 summarizes these scores for the
full corpus. Sections 4.1-4.6 each examine one taxonomy dimension, addressing how
benchmarks perform (RQ1) and where systematic gaps persist (RQ2); Section 4.7
synthesizes these patterns into recurring design archetypes that motivate the framework
in Section 5 (RQ3). Each findings subsection closes with the design implication it supports.
The subsections below unpack the patterns behind these averages.

4.1 Data Origins: Translation and Native Authorship

Translation from English is the dominant data production method across the corpus,
including in benchmarks that present themselves as multilingual. MultiJail (Yue Deng et
al. 2024) translates 315 English prompts into nine languages to construct a multilingual
jailbreak dataset. CultureGuard (R. Joshi et al. 2025) produces 386K samples by culturally
adapting English source data via Mixtral and then machine-translating the output.
PolyGuard (Kumar et al. 2025) builds the largest multilingual safety training corpus
to date at 1.91M samples, but 77% of that data is machine-translated from English-
annotated sources. DuoGuard (Yihe Deng et al. 2026) claims support for 29 languages, yet
its seed data is 81.4% English, with French, Spanish, and German collectively accounting
for less than 19%.

Several studies document limitations of translation-based pipelines. SafetyBench (Z.
Zhang et al. 2024) reports that ChatGPT refused to translate unsafe content and
sometimes modified unsafe answers during translation, prompting the authors to use
Baidu Translate instead. Even with a commercial API, the authors ultimately excluded
the entire “Sensitive Topics” category because Chinese and English answers diverged
systematically on political questions. These cases illustrate how translation pipelines can
modify the content they are intended to preserve and how safety categories developed
in one context may not transfer cleanly to another.

IndoSafety (Azmi et al. 2025) reaches a similar conclusion from the opposite direc-
tion. The authors argue that translated safety prompts overlook informal registers and
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Table 2: Heatmap scoring matrix evaluating all 37 works in the corpus across the nine dimensions
defined in Table 1, organized under three meta-dimensions. The taxonomy is designed to profile
benchmark strengths and weaknesses rather than produce a single ranking. Capability benchmarks
are scored on applicable dimensions only; Over-Refusal and Operational Applicability do not apply
and are marked “—". Subgroup averages are reported separately for the 27 safety and 10 capability

benchmarks.

Benchmark

Linguistic

Authenticity

Cultural
Grounding

Evaluation
Transparency

Native Data

Dialect/Code-Switch

Scarce Corpora

Cultural Adapt.

Local Harm Cat.

Community Valid.

Disaggregation
Over-Refusal
Operational

Total

RabakBench
RTP-LX

AfriHate
SGToxicGuard
IndoSafety
LinguaSafe
BengaliMoralBench
La Leaderboard
AfriQA

HASOC (2023-2024)
BanglaGuard
MLMA

CSRT

Chai Safety Bench
AraSafe

S-Eval

FLAMES

MultiJail
PolyGuard

Cultural Expressiveness (LatAm)

PoETa v2
BharatBench

MILA

AfroBench
CultureGuard

MILU
Lingua-SafetyBench
PL-Guard
Multilingual Mod. (Reddit)
WildGuard
AmericasNLI
IrokoBench

MuTox

DuoGuard
JailJudge
SafetyBench
SALAD-Bench
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Safety Benchmarks avg. (n=27)

1.07 0.44 1.33 0.96 0.81 0.78 1.44 0.93 0.78

Capability Benchmarks avg. (n=10) 0.90 0.20 1.70 1.30 0.25 1.20 1.80 -— -

Legend: 0 = absent/minimal, 1 = partial/acknowledged, 2 = systematic/comprehensive; italic =

capability (non-safety) benchmark; “—” = not applicable.
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culturally specific norms. Their evaluation shows that models appearing safe on for-
mal Indonesian prompts produce unsafe responses at substantially higher rates when
prompted in colloquial Indonesian, Javanese, Sundanese, or Minangkabau.

The most sophisticated attempt to address translation distortion in the corpus is Lin-
guaSafe’s TATER (Task-Aware Translate, Estimate and Refine) framework (Ning et
al. 2025), which combines machine translation with LLM-based transcreation and hu-
man refinement. TATER reduces Bengali translation error rates from 71% to 12% and
Malay error rates from 36% to 3%. However, the benchmark’s harm taxonomy remains
Western-derived and the data pipeline still begins with English source material.

Several benchmarks demonstrate that native-authored data collection is feasible and
produces qualitatively different results. AraSafe (Mubarak, Mohamed, and Hawasly
2025) collects 12K prompts from 110 native Arabic speakers across eight countries.
AfriHate (Muhammad et al. 2025) assembles approximately 75K items across 15 African
languages using culture-specific keywords and native annotators. BengaliMoralBench
(Ridoy et al. 2026) takes this furthest, with 3,000 items handcrafted by 30 Bengali
speakers covering culturally grounded scenarios such as load-shedding etiquette and
the distinction between zakat and voluntary charity. These scenarios cannot easily
be reproduced through translation of English-language ethics benchmarks such as
ETHICS or Scruples. Across these works, native-authored benchmarks consistently
surface vulnerabilities that translated benchmarks miss (Ning et al. 2025; Azmi et
al. 2025).

The countervailing tension is that native data collection is expensive and difficult to scale.
AfriHate required collaboration across more than 20 institutions funded by the Lacuna
Fund (Muhammad et al. 2025), while RTP-LX (Wynter et al. 2025) paid professional
transcreators between 19 and 54 USD per hour across 28 languages.

Native authorship also does not guarantee benchmark quality. AraSafe’s participant
pool skews toward Egypt, with roughly two-thirds of contributors from a single country
(Mubarak, Mohamed, and Hawasly 2025). AfriHate reports class imbalance in several
languages, with the hate speech class containing fewer than 200 instances in some cases
(Muhammad et al. 2025). Issues of geographic representation, annotation consistency,
and taxonomy design remain relevant even in native-authored datasets.

This tension reflects a central design trade-off in multilingual safety evaluation. Transla-
tion pipelines scale easily but can distort culturally embedded harms. Native authorship
produces more contextually grounded data but is slower and more resource-intensive. Ef-
fective benchmark design therefore requires combining both approaches while reporting
their trade-offs transparently.
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4.2 Aggregate Metrics and Hidden Cross-Language Variation

Even benchmarks that report per-language results often fail to analyze the disparities
those results reveal. Performance differences across languages can be substantial.
RabakBench (Chua et al. 2026) finds that WildGuard achieves 78.89% F1 (the harmonic
mean of precision and recall, where higher values indicate more accurate harmful-content
detection) on Singlish but drops to 2.32% on Tamil, despite both languages being used
by the same population on the same platform. AWS Bedrock Guardrails shows a similar
collapse, from 66.50% F1 on Singlish to 0.06% on Chinese (Chua et al. 2026). LinguaSafe
(Ning et al. 2025) reveals a more complex pattern. Claude shows lower vulnerability
in Arabic and Thai than in English, but higher oversensitivity in those same languages,
indicating misalignment across error types rather than a simple safety gradient.

These disparities become invisible when results are reported only in aggregate. SALAD-
Bench (Li et al. 2024) and WildGuard (Han et al. 2024) are English-only, while DuoGuard
(Yihe Deng et al. 2026) evaluates only four high-resource languages despite its base
model supporting 29. Aggregate metrics can therefore mask meaningful differences in
model behavior across linguistic contexts.

The relationship between language resource level and safety performance is not strictly
deterministic. The HASOC shared task analysis (Ghosh et al. 2026) provides an instructive
example. Across four languages (Assamese, Bengali, Bodo, and English), Bodo, the lowest-
resource language in the set, achieved the highest best-system F1 at 0.85, compared to
0.81 for English. The authors attribute this partly to dataset construction quality. The
Bodo dataset had the highest inter-annotator agreement (Fleiss’s k = 0.633, compared
to 0.366 for English) and the lowest average item difficulty. This suggests that evaluation
design and annotation quality can partially mitigate resource disparities, even if they do
not eliminate the underlying data gap.

These patterns underscore the importance of disaggregated reporting. When cross-
lingual variation is substantial, aggregate metrics provide an incomplete picture of system
performance. Per-language breakdowns, accompanied by analysis of where and why
performance gaps emerge, are therefore necessary for benchmarks intended to inform
multilingual safety decisions.

4.3 Imported Harm Taxonomies and Cultural Misalignment

The dominant safety frameworks in the corpus originate in Western policy environments
and are applied globally with minimal adaptation. PolyGuard (Kumar et al. 2025) applies
the MLCommons Safety Taxonomy across 17 languages without cultural validation.
CultureGuard (R. Joshi et al. 2025) describes its approach as “cultural adaptation,”
but in practice this involves substituting institutional references (such as replacing SSN
with Aadhaar) while retaining the underlying Western harm ontology.

As a result, certain forms of harm remain unmeasured. IndoSafety (Azmi et al. 2025)
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identifies seven Indonesia-specific safety categories, including misinterpretation of
Pancasila (the national philosophical foundation), regional separatism, and supernatural
beliefs, none of which appear in MLCommons or Llama Guard taxonomies. AfriHate
(Muhammad et al. 2025) documents hate speech patterns tied to regional political
targeting and disability-based discrimination in the political contexts of 15 African
countries. BengaliMoralBench (Ridoy et al. 2026) constructs a culturally grounded ethical
framework rooted in Bangladeshi social norms that cannot be directly mapped onto
Western benchmarks such as ETHICS or Scruples.

FLAMES (Huang et al. 2024) illustrates the practical implications of this gap. The bench-
mark integrates Chinese philosophical values, including harmony (1i&), benevolence
(1), and the Doctrine of the Mean (A /&), alongside standard safety dimensions. When
tested on ChatGPT, FLAMES achieves a 53% attack success rate (the proportion of ad-
versarial prompts that elicit an unsafe or policy-violating response, where higher values
indicate weaker safety), compared to 1.6% for Safety-prompts and 3.1% for CValues,
two Chinese-language benchmarks that rely on simpler prompt designs without cultur-
ally grounded adversarial framing. These results suggest that models performing well
on translated safety prompts may still fail when evaluated against scenarios requiring
knowledge of local values and social norms.

This pattern does not imply that harm itself is culturally relative. However, the ways
harms are expressed, through language, social references, or political sensitivities, vary
across communities; Jiang et al. (2021) find that perceptions of harm severity differ
systematically across countries. A taxonomy built for one context will not capture these
variations in another. When evaluation frameworks rely primarily on Western-derived
categories, gaps in coverage tend to fall on the linguistic communities least represented
in their design.

4.4 Limited Attention to Over-Refusal and False Positives

Safety evaluation has two directions of error. Systems may fail to flag harmful con-
tent or incorrectly classify benign content as harmful. The latter suppresses legiti-
mate speech and degrades user experience, the free-expression side of the central
content-moderation trade-off between removing harm and preserving legitimate speech
(Kozyreva et al. 2023). Despite this, over-refusal is rarely measured in the multilingual
safety evaluation corpus. Of the 27 safety benchmarks reviewed, 7 score zero on the
Over-Refusal Analysis dimension, meaning they did not assess false positives. The safety-
benchmark average on this dimension is 0.93 out of 2.

Only five benchmarks systematically measure over-refusal. LinguaSafe (Ning et al. 2025)
is the most comprehensive, incorporating oversensitivity evaluation alongside vulner-
ability assessment and showing that Claude exhibits lower vulnerability in Arabic and
Thai than in English but higher oversensitivity in those languages. BanglaGuard (Alam
et al. 2026) tracks refusal rate and unsafe completion rate (the share of benign prompts
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the model declines and the share of harmful prompts it answers) as separate metrics.
RTP-LX (Wynter et al. 2025) reports false positive rates across evaluator models, finding
that Gemma 2B misidentifies up to 40% of benign completions as toxic while Llama
Guard produces near-zero false positives. WildGuard (Han et al. 2024) includes refusal
detection as a distinct task alongside harm detection, though its evaluation is English-
only.

CSRT (Yoo, Yang, and Lee 2025) is the fifth, quantifying benign over-filtering directly.
Perplexity-based defense filters, which flag inputs whose statistical unfamiliarity to the
modelis high on the assumption that adversarial text is less predictable, incorrectly block
87.1% of benign Bengali queries and 97.9% of benign code-switching queries, because
unfamiliar linguistic patterns generate high perplexity scores that the filter interprets as
adversarial.

For Trust & Safety teams, it can be challenging to distinguish between genuinely robust
systems and those that suppress benign speech in unfamiliar linguistic contexts. In low-
resource languages, where training data is sparse and linguistic patterns diverge most
from the English-dominated training distribution, over-refusal may be a dominant failure
mode. Limited attention to this dimension means that the communities most affected by
such behavior are also those least represented in current evaluation frameworks.

4.5 Dialect, Code-Switching, and Informal Language Coverage

Real language use in Majority World contexts routinely involves code-switching and
dialect variation. Singlish weaves English, Malay, Hokkien, and Tamil within single
sentences. Hindi-English code-switching is a common register for millions of South
Asian internet users. Arabic-speaking communities operate across Modern Standard
Arabic and numerous regional dialects that differ substantially in vocabulary and syntax.
Despite this, the multilingual safety evaluation corpus primarily treats “standard” written
varieties as adequate proxies for everyday communication. Of the 27 safety benchmarks,
18 score zero on the Dialect and Code-Switching dimension, meaning they make no
accommodation for linguistic variation beyond standard written forms. The safety-
benchmark average is 0.44 out of 2, the lowest dimension in the taxonomy.

Only three works score a 2 on this dimension. SGToxicGuard (Hu et al. 2025) and
RabakBench (Chua et al. 2026) are both built for Singapore, where Singlish functions as a
recognized creole that cannot be meaningfully evaluated by treating English, Malay, Tamil,
and Chinese as separate monolingual streams. These benchmarks treat code-mixing
as a central design requirement rather than an edge case. The third, CSRT (Yoo, Yang,
and Lee 2025), approaches code-switching from the perspective of jailbreak attacks.
CSRT shows that intra-sentence code-switching increases attack success rates by 46.7%
over monolingual English attacks, with success increasing as more languages are mixed
in a single query. Lower-resource languages in the mix correlate with higher attack
success. Although framed as a jailbreak vulnerability, the finding also suggests that safety
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alignment weakens in the linguistic environments where multilingual users commonly
communicate.

Several other works engage with linguistic variation partially. IndoSafety (Azmi et
al. 2025) evaluates formal versus colloquial Indonesian alongside Javanese, Sundanese,
and Minangkabau, finding that models perform substantially worse on colloquial and
local-language prompts. AfriHate (Muhammad et al. 2025) builds a custom language
identification model to handle code-mixing, though the benchmark does not systemati-
cally vary code-switching as an evaluation condition.

The strongest work on this dimension is geographically concentrated. Both SGToxicGuard
and RabakBench emerge from Singapore, where Singlish’s status as a recognized national
vernacular and government investment in AI safety have supported benchmarks that
treat code-mixing as a core design requirement. Comparable safety benchmarks for
other regions where code-switching is equally pervasive, including South Asia, West
Africa, and broader Southeast Asia, do not appear in the selected corpus.

4.6 Operational and Deployment-Relevant Evaluation

Trust & Safety systems operate under conditions that academic benchmarks rarely
reproduce: heavily imbalanced class distributions, adversarial inputs, and latency or
cost constraints. The Operational Applicability dimension captures how far a benchmark
engages these conditions. Because it does not apply to capability benchmarks, it is
scored only for the 27 safety benchmarks, where it scores low (average 0.78/2).

Only one benchmark, S-Eval (Yuan et al. 2025), reports validation in an actual production
setting, having been deployed by an industrial partner for automated safety evaluation
at scale. A second group (19 of 27) engages deployment at one remove. Some evaluate
already-deployed moderation systems, such as RabakBench (Chua et al. 2026), which
tests 13 commercial and open-source guardrails under adversarial and code-mixed
inputs, and CSRT (Yoo, Yang, and Lee 2025). Others release a guard model that could
itself be deployed, including WildGuard (Han et al. 2024), PolyGuard (Kumar et al. 2025),
and CultureGuard (R. Joshi et al. 2025). The remaining 7 are academic resources with
no deployment evaluation.

The benchmarks strongest on cultural grounding sit largely in this academic group. Ben-
galiMoralBench (Ridoy et al. 2026), AraSafe (Mubarak, Mohamed, and Hawasly 2025),
and AfriHate (Muhammad et al. 2025) score 0 or 1 on this dimension, reflecting an
orientation toward contextual validity rather than deployment workflows. The corpus
therefore provides little evidence about how any benchmark, least of all the most cultur-
ally grounded ones, behaves in a live moderation pipeline, where decisions depend on
platform rules, context, and locally varying norms rather than on balanced, decontextual-
ized prompts (Ye et al. 2023). Moderation is better assessed as a system than as a series
of individual decisions (Douek 2022), and it is at the system level that the corpus offers
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least evidence. This is the central tension synthesized in the next subsection.

4.7 Synthesis: Benchmark Archetypes and Design Trade-Offs

The preceding subsections examined the corpus one dimension at a time. Read together,
they show that benchmarks cluster into a small number of design strategies, each making
a coherent trade-off across dimensions rather than excelling uniformly. The data reveals
three such archetypes, each representing a genuine trade-off rather than a single best
practice.

The first archetype is the participatory native benchmark, exemplified by AfriHate
(Muhammad et al. 2025), AraSafe (Mubarak, Mohamed, and Hawasly 2025), Bengal-
iMoralBench (Ridoy et al. 2026), and SGToxicGuard (Hu et al. 2025). These benchmarks
score highest on Linguistic Authenticity and Cultural Grounding. AfriHate and SGToxic-
Guard each score 5 out of 6 on both meta-dimensions, while BengaliMoralBench achieves
the highest Cultural Grounding score in the corpus (6 out of 6) due to its fully native
authorship, participatory design process, and locally derived ethical framework. The
trade-off appears in Evaluation Transparency. BengaliMoralBench scores only 1 on that
meta-dimension (reporting no disaggregated metrics or over-refusal analysis, and engag-
ing deployment only through the binary framing of its scenarios) while AraSafe scores O.
These benchmarks produce highly contextualized data but tend to be narrow in scope,
expensive to build, and less connected to deployment workflows.

The second archetype is the transcreated hybrid benchmark, represented by RTP-LX
(Wynter et al. 2025), RabakBench (Chua et al. 2026), IndoSafety (Azmi et al. 2025),
and LinguaSafe (Ning et al. 2025). These approaches combine native authorship or
professional transcreation with translated or synthetic data and invest in methodological
rigor across several dimensions. RabakBench and RTP-LX both score 14, reflecting
strong performance across all three meta-dimensions. This archetype provides the
clearest balance between cultural validity and evaluation infrastructure. The trade-off is
cost and complexity. RTP-LX required professional transcreators across 28 languages,
RabakBench involved multi-stage human calibration of LLM labelers, and LinguaSafe
developed the TATER framework to improve transcreation quality. Such approaches
require substantial institutional investment that may be difficult to access in low-resource
settings.

The third archetype is the synthetic adaptation pipeline, exemplified by CultureGuard
(R. Joshi et al. 2025), DuoGuard (Yihe Deng et al. 2026), and Lingua-SafetyBench (Shi et
al. 2026). These approaches prioritize scale and automation, producing large multilingual
datasets through synthetic generation, machine translation, or both. CultureGuard
produces 386K samples across nine languages, while DuoGuard generates synthetic
training data through a two-player reinforcement learning framework. These benchmarks
score relatively well on Evaluation Transparency (4 out of 6) but poorly on Cultural
Grounding. CultureGuard scores 1, DuoGuard scores 0, and Lingua-SafetyBench scores
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1. CultureGuard does demonstrate a 31% improvement over English-only safety models
(R. Joshi et al. 2025), suggesting that synthetic pipelines can expand language coverage
even if they rarely surface culturally specific harm categories or dialect variation.

Taken together, the results suggest that no single strategy performs well across all di-
mensions. Effective multilingual safety evaluation therefore depends on combining these
approaches while reporting their trade-offs transparently. These trade-offs are not inci-
dental; they are produced by the structural forces that shape the field (RQ2): the cost of
native data collection, the institutional investment required for professional transcre-
ation, and the automation economics of synthetic generation. The design framework in
Section 5 translates each dimension-level finding into a corresponding principle, while
recognizing that no single benchmark is likely to maximize all of them at once.

5 Design Framework for Multilingual Safety Benchmarks

The patterns identified in Section 4 highlight a distinction between linguistic coverage and
cultural grounding. Coverage alone does not indicate whether evaluation data captures
how harm is expressed in different linguistic communities or whether harm categories
reflect locally relevant concerns. This gap between what a benchmark measures and
what it is taken to represent is a problem of construct validity (Raji et al. 2021).

The following six principles draw on the empirical patterns identified in Section 4 and
provide practical guidance for multilingual safety benchmark design. Each principle
corresponds directly to a findings subsection in Section 4, so that every design recom-
mendation is traceable to an observed pattern in the corpus.

These principles also respond to the three forms of scarcity distinguished in Section 2.2,
each of which carries a different design implication. Data scarcity, the limited availability
of digital and training text in a language, is the condition that translation-based pipelines
and standard-variety evaluation most often obscure, and it motivates the native-authored
corpus requirement (Section 5.1) and the treatment of dialect and code-switching as
core evaluation conditions (Section 5.5).

Evaluation scarcity, the absence of purpose-built benchmarks for a language, is what
aggregate reporting conceals and what unmeasured over-refusal leaves undetected, and
it motivates disaggregated reporting (Section 5.2) and the measurement of false positives
(Section 5.4). Institutional scarcity, the limited annotation capacity and community
representation available for a language, constrains both the derivation of locally grounded
harm categories (Section 5.3) and the deployment testing that operational validity
requires (Section 5.6). Each principle therefore targets a specific form of resource
limitation identified in Section 2.2.
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5.1 Native-Authored Minimum Viable Corpus

Benchmarks claiming multilingual coverage should include a minimum threshold of
natively authored data in the target language. Hybrid approaches combining native,
translated, or synthetic data are often necessary for scale, but the relative contribution
of each source should be reported transparently. Evidence across the corpus suggests
that translation-only pipelines frequently miss culturally embedded harm expression
(Ning et al. 2025). Native-authored data provides an important foundation for evaluating
harms embedded in everyday language use.

5.2 Disaggregated Reporting as Default

Benchmarks should report per-language performance as a default publication standard
rather than as supplementary material. Aggregate metrics can obscure substantial
performance differences across languages (Chua et al. 2026). Disaggregated evaluation
is already established practice in model reporting (Mitchell et al. 2019); what it requires
here is disaggregation by language. Per-language analysis improves transparency for
both researchers and practitioners selecting evaluation tools.

5.3 Locally Grounded Harm Taxonomies

Benchmark harm categories should be derived from, or validated with, communities
familiar with the linguistic and cultural context of the target language. Established
taxonomies can provide useful starting points, but they often require adaptation to
capture locally relevant harms. IndoSafety (Azmi et al. 2025), for example, introduces
categories related to Indonesian political and cultural contexts that do not appear in
widely used Western safety taxonomies. Community involvement during dataset design
can therefore improve the cultural relevance of benchmark content and help ensure that
evaluation reflects the environments in which models are deployed.

5.4 Measuring False Positives

Safety evaluation should measure both harmful outputs and over-refusal rates. Much
of the existing evaluation literature focuses primarily on harmful completions, leaving
false positives comparatively underexamined. Measuring both error directions provides
a more complete view of system behavior.

5.5 Dialect and Code-Switching Coverage

Benchmarks should treat dialectal variation and code-switching as core evaluation
conditions rather than edge cases, particularly for languages whose speakers routinely
mix codes in everyday communication. Evaluations restricted to standard written varieties
can overstate safety. CSRT (Yoo, Yang, and Lee 2025) finds that intra-sentence code-
switching increases attack success rates by 46.7% over monolingual English attacks,
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and the guardrail collapse across languages reported in Section 4.2 shows the same
pattern in deployed systems. Where feasible, benchmarks should include code-mixed
and colloquial inputs and report performance on them separately, as SGToxicGuard (Hu
et al. 2025) and RabakBench do by design.

5.6 Operational Validity Testing

Building on the operational patterns documented in Section 4.6, benchmarks intended
to inform Trust & Safety deployment should evaluate models under conditions that ap-
proximate real platform environments. Academic datasets often rely on balanced class
distributions and controlled prompts, while production moderation systems operate un-
der highly imbalanced conditions and adversarial inputs. RabakBench (Chua et al. 2026)
illustrates this difference by evaluating guardrail systems using multilingual content and
adversarial prompts that better reflect platform moderation contexts. Evaluation under
deployment-relevant conditions complements traditional benchmark design.

6 Implications for Trust & Safety Practice

The findings of this review have practical implications for Trust & Safety practitioners,
including platform policy teams, guardrail model designers, frontier labs, and regula-
tors.

Benchmark selection carries governance implications, since automated classifiers and
guardrails are themselves instruments of platform governance rather than neutral
technical tools (Gorwa, Binns, and Katzenbach 2020; Gillespie 2018). Platforms serving
multilingual user bases that rely on English-origin evaluation tools implicitly treat English-
language performance as a proxy for safety across other languages. Documenting
evaluation coverage explicitly can help organizations understand the limits of their safety
assessments.

Evaluation coverage also shapes the ability to detect harm. When evaluation tools do
not include certain categories of harm, it becomes difficult to assess whether deployed
systems are robust against those risks. As documented in Section 4, several benchmarks
identify vulnerabilities invisible to English-derived evaluation frameworks. Reporting eval-
uation coverage is therefore as important as reporting benchmark performance.

The most culturally grounded benchmarks in this corpus emerged from collaborations
involving regional research communities and targeted funding. The expertise to design
locally grounded benchmarks is widely distributed. The labor of commercial content
moderation is itself globally distributed (Roberts 2019), often to regions whose lan-
guages remain least represented in evaluation. What is often limited is the institutional
infrastructure to support evaluation development at scale.
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For frontier labs, partnerships with researchers and institutions working in low-resource
language environments can strengthen the empirical foundations of safety evaluation.
For platform operators, extending evaluation coverage to the languages represented
in their user bases can improve the reliability of system-level safety assessments. For
regulators considering AI safety standards, evaluation requirements that account for
variation across language resource levels may better reflect the conditions under which
systems are deployed globally.

7 Limitations

The findings and framework presented in this review should be interpreted in light of
several methodological and scope limitations.

First, the scoring procedure relied on a single primary evaluator. All 37 benchmarks were
initially scored by the first author. To assess reliability, a second author independently
re-scored a 32% subset blind to the original ratings (Section 3.3); inter-rater agreement
was moderate (quadratic-weighted k = 0.43; 92% within one scale point), the 48
disagreements were adjudicated against the source papers, and the lowest-agreement
dimensions were given sharper definitions that were re-applied across the corpus.
Nonetheless, agreement before adjudication was only moderate, full-corpus multi-rater
scoring was not performed, and the 0—2 scale leaves residual interpretive latitude; the
scores should therefore be read as a structured and partially validated characterization
rather than a definitive measurement.

Second, the review corpus is weighted toward benchmarks published in English-language
venues and widely indexed conference proceedings. Work published primarily in other
languages or regional venues may therefore be underrepresented. In addition, the
benchmark landscape is evolving rapidly, and several works included in the review were
still in preprint at the time of scoring. The results should therefore be interpreted as a
snapshot of the field as it existed in late 2025.

Third, the nine-dimension taxonomy reflects the evaluative priorities of this review
and therefore represents an interpretive framework rather than a universal standard
for benchmark quality. The 0-2 scoring scale also compresses variation within each
dimension, meaning that benchmarks with different methodological choices may receive
the same score.

Finally, the design framework proposed in Section 5 is derived from patterns observed
in the benchmark corpus rather than from demonstrated causal relationships between
benchmark design and downstream moderation performance. The extent to which
improvements in benchmark design translate into measurable improvements in deployed
safety systems remains an open empirical question.
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8 Conclusion

This paper reviewed 37 benchmarks across safety and capability evaluation using a nine-
dimension taxonomy spanning linguistic authenticity, cultural grounding, and evaluation
transparency. Multilingual coverage has expanded, but the corpus shows limited attention
to dialect and code-switching coverage, operational readiness, over-refusal analysis,
and locally derived harm categories. Representation in evaluation datasets does not
ensure that benchmarks capture how harm is expressed across linguistic and cultural
contexts.

Several benchmarks in the corpus, including RabakBench (Chua et al. 2026), RTP-LX
(Wynter et al. 2025), AfriHate (Muhammad et al. 2025), and IndoSafety (Azmi et al. 2025),
demonstrate that culturally grounded multilingual evaluation is achievable.

The six-principle design framework proposed in Section 5 builds on these examples,
outlining directions for strengthening multilingual safety evaluation as LLMs continue to
be deployed across diverse linguistic environments.
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