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Abstract
LLM-as-a-Judge has emerged as a scalable al-
ternative to human evaluation in multilingual
cultural reasoning, yet its reliability for cultur-
ally grounded judgments remains poorly un-
derstood. We present a human-aligned valida-
tion study using the CRaFT framework across
Arabic, Bengali, and Spanish, evaluating six
judge models, including five open-weight mod-
els and GPT-4.1, against paired human anno-
tations across two structurally observable di-
mensions (Answer Consistency and Explana-
tion Consistency) and three culturally inter-
pretive dimensions (Cultural Fluency, Linguis-
tic Adaptation, and Deviation). Our results
reveal a consistent reliability divide: auto-
mated judges align substantially better with hu-
mans on structural dimensions than on cultur-
ally interpretive ones requiring sociocultural
reasoning. Reliability further varies across
languages, judge architectures, and response-
generation models, with several failures reflect-
ing systematic calibration limits rather than
prompt underspecification alone. These find-
ings suggest that current automated evaluators
are best treated as complementary diagnostic
tools rather than replacements for human judg-
ment in culturally sensitive multilingual set-
tings.

1 Introduction
Evaluating cultural reasoning in multilingual lan-
guage models differs fundamentally from evalu-
ating factual correctness. Rather than producing
answers that are merely accurate, models are in-
creasingly expected to generate explanations that
are culturally grounded, contextually sensitive, and
aligned with localized norms. The CRaFT frame-
work (Hossain and Afli, 2026) formalizes this chal-
lenge through interpretable dimensions such as
Cultural Fluency, Linguistic Adaptation, Consis-
tency, and Deviation, shifting evaluation from an-
swer correctness toward explanation-level cultural
analysis.

A central question follows: who should eval-
uate these dimensions at scale? Human annota-
tion remains the gold standard for culturally sen-
sitive evaluation, but it is expensive and difficult
to scale across languages. This has motivated
growing interest in LLM-as-a-Judge approaches,
where large language models automatically score
or rank generated outputs (Gu et al., 2026; Fu et al.,
2024). While such methods show promising align-
ment with human preferences in summarization
and reasoning tasks, their reliability for culturally
grounded multilingual evaluation remains poorly
understood.

Cultural evaluation poses distinct challenges
for automated judges. Dimensions such as Cul-
tural Fluency and Linguistic Adaptation depend
on implicit norms, localized knowledge, and
value-sensitive interpretation, making them less
amenable to surface-level pattern matching. As
a result, LLM-based evaluators may exhibit sys-
tematic bias, reduced sensitivity to cultural nuance,
and unstable scoring behaviour (Li et al., 2026; Ya-
mauchi et al., 2026).

In this paper, we present a human-aligned valida-
tion study of LLM-as-a-Judge for CRaFT-style cul-
tural evaluation. We evaluate agreement between
human annotators and six judge models (five open-
weight judge models and GPT-4.1) across Arabic,
Bengali, and Spanish using error-based agreement,
rank correlation, signed-bias analysis, and signifi-
cance testing. We address three research questions:
(1)How well do LLM-as-a-Judge scores align with
human judgments for cultural reasoning metrics?;
(2) Which CRaFT dimensions are most and least
reliably judged by LLMs?; and (3) Does alignment
vary across languages and response-generation
models?

Unlike prior LLM-as-a-Judge validation work,
which typically reports aggregate judge–human
agreement at the task level, we conduct a
dimension-level diagnostic analysis that distin-
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guishes structurally observable evaluation criteria
from culturally interpretive ones. We use this
structural–interpretive distinction as an empirical
organizing lens rather than a causal explanation of
evaluator behaviour. Beyond evaluating specific
judge models, we treat evaluator behaviour itself
as an object of empirical analysis. Our main con-
tribution is the first human validation study show-
ing that LLM-as-a-Judge reliability systematically
depends on whether multilingual evaluation crite-
ria are structurally observable or culturally inter-
pretive.

Our results reveal a consistent reliability divide:
automated judges align substantially better with hu-
mans on structurally observable dimensions, such
as Answer Consistency, than on culturally interpre-
tive dimensions, such as Cultural Fluency and Lin-
guistic Adaptation. Several failures persist despite
prompt refinement and instead reflect deeper cal-
ibration limitations, suggesting that current LLM-
as-a-Judge systems are best treated as complemen-
tary diagnostic tools rather than replacements for
human judgment in culturally sensitive multilin-
gual evaluation.

2 Related Work
LLM-as-a-Judge. LLM-based evaluators such
as GPTScore (Fu et al., 2024), G-Eval (Liu
et al., 2023), and MT-Bench (Zheng et al., 2023)
show moderate-to-strong agreement with human
preferences across summarization, dialogue, and
instruction-following tasks. However, Subsequent
work identifies systematic failure modes including
calibration errors, score saturation, and sensitiv-
ity to prompting and decoding choices (Li et al.,
2024b; Gu et al., 2026; Shi et al., 2025; Li et al.,
2026; Yamauchi et al., 2026), demonstrating that
judge reliability is highly task-dependent and re-
quires explicit human validation rather than as-
sumed generalisation (Novikova et al., 2017; Re-
iter, 2018). Existing studies largely report task or
model-level reliability. We address this gap by in-
troducing a structural vs. interpretive dimension
taxonomy, showing that this distinction strongly
predicts where automated judges succeed and
fail, and whether failures are correctable through
prompt refinement or reflect deeper calibration lim-
itations.

Multilingual and cultural evaluation. Prior
work shows that cultural judgments are harder to
evaluate than factual correctness because they de-

pend on implicit knowledge, localized norms, and
subjective interpretation (Naous et al., 2024; Tao
et al., 2024; Liu, 2023; Zhu et al., 2024; Navigli
et al., 2023; Ferrara, 2023; Jenks, 2025; Pawar
et al., 2025). Recent multilingual cultural bench-
marks, including Culturepark (Li et al., 2024a),
SeaEval (Wang et al., 2024), MAKIEval (Zhao
et al., 2025), Gloteval (Luo et al., 2025), and
OMGEval (Liu et al., 2024), primarily assess
model cultural competence rather than evaluator
reliability. PARIKSHA (Watts et al., 2024) shows
that human–LLM evaluator agreement varies sub-
stantially across languages and evaluation formats.
Building on CRaFT (Hossain and Afli, 2026),
we focus specifically from cultural benchmark de-
sign to evaluator reliability, examining whether
automated judges can reliably approximate hu-
man judgments for culturally grounded reasoning
across languages and metric dimensions.

3 Human-Aligned Validation Framework

We evaluate the reliability of LLM-as-a-Judge for
CRaFT-style cultural reasoning assessment, focus-
ing on alignment between human judgments and
automated judge scores rather than introducing
new evaluation metrics. Our goal is to identify
when automated evaluators approximate human
scoring behaviour and where they fail under multi-
lingual culturally grounded evaluation conditions.
We distinguish between structurally observable
dimensions, where scoring depends primarily on
consistency patterns, and culturally interpretive
dimensions, where scoring requires sociocultural
knowledge and value-sensitive judgment.

Dimension taxonomy. We organize the five
CRaFT dimensions into two categories motivated
by prior distinctions between objective and subjec-
tive evaluation in NLG (Novikova et al., 2017; Re-
iter, 2018) and between surface-level and cultur-
ally situated language understanding (Navigli et al.,
2023; Pawar et al., 2025).
Structurally observable dimensions depend pri-

marily on consistency across repeated trials:
• Answer Consistency (AC): stability of answer
labels across repeated generations.

• Explanation Consistency (EC): stability of rea-
soning patterns and justification structure across
repeated generations.
Culturally interpretive dimensions require so-

ciocultural knowledge and sensitivity to localized
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norms (Naous et al., 2024; Tao et al., 2024; Jenks,
2025):
• Cultural Fluency (CF): whether explanations
are culturally grounded and contextually appro-
priate.

• Linguistic Adaptation (LA): whether target-
language explanations preserve cultural stance
rather than merely translating content.

• Deviation (DEV): whether explanations pre-
serve the cultural intent of the question rather
than drifting toward generic reasoning.
The taxonomy reflects the type of knowledge re-

quired for reliable evaluation rather than the intrin-
sic difficulty of the dimensions themselves. As
shown later, automated judges consistently align
better with humans on structural dimensions than
on interpretive ones across all languages and judge
models.

3.1 Paired Human-Validation Protocol
We use a paired human-validation proto-
col over language pairs (EN,TL), where
TL ∈ {AR,BN, SP}, reusing the 50 cultur-
ally grounded questions from CRaFT. Each
question is available in both English and the target
language, and each response model generates
three independent answer–explanation trials
per language condition. The unit of analysis
is the model-question item, where each output
yi,m,ℓ,r = (ai,m,ℓ,r, ei,m,ℓ,r) pairs an answer
label with a free-text explanation for question qi,
response model m, language condition ℓ, and trial
r ∈ {1, 2, 3}.

Annotators evaluate the three trials jointly
within each language condition rather than scor-
ing generations independently. This design sup-
ports stability-oriented dimensions by allowing an-
notators to assess both explanation quality and con-
sistency of answers and reasoning across repeated
generations.

3.2 Annotation Dimensions
We evaluate five CRaFT-derived dimensions
scored on a 1–5 Likert scale, where higher values
indicate better performance.

Cultural Fluency (CF). Measures whether ex-
planations are culturally grounded, contextually
appropriate, and aligned with relevant norms and
practices. Scores are assigned separately for En-
glish and target-language explanation sets.

Answer Consistency (AC). Measures the stabil-
ity of answer labels across repeated trials.

Explanation Consistency (EC). Measures the
stability of reasoning patterns and cultural inter-
pretation across explanations. We distinguish this
fromAC because stable answers do not necessarily
imply stable reasoning.

Linguistic Adaptation (LA). Evaluates whether
target-language explanations preserve the reason-
ing and cultural stance expressed in English while
adapting naturally to the target linguistic-cultural
context.

Deviation (DEV). Measures the extent to which
explanations drift from the cultural intent of the
question. For annotation clarity, annotators score
the inverse construct, Topical Alignment, on a 1–
5 scale, later converted into CRaFT-compatible
DEV scores in the [0, 1] range.

Qualitative example. In Bengali Q020, all three
DeepSeek trials produced the same label (0/0/0),
yet the explanations varied in culturally situated
grounding. Human annotators rated CF at 2.5
on average, whereas Aya-Expanse-8B assigned
5.0;Appendix A.

3.3 Human Annotation Protocol
Annotators. We recruited two annotators per
language, each fluent in English and the corre-
sponding target language and selected for cultural
familiarity with the target-language region. Anno-
tators received written guidelines covering rubric
definitions, scoring criteria, and worked examples
for each dimension. All annotation was conducted
independently. Inter-annotator reliability is mea-
sured using ordinally weighted Gwet’s AC2.

Procedure. Annotators evaluate the English
and target-language versions of a culturally
grounded question together with the three answer–
explanation trials generated by a response model.
Language-specific dimensions are scored within
each language condition, while LA is evaluated
over paired English–target-language explanation
sets. Human reference scores are computed as the
mean across annotators.

3.4 LLM-as-a-Judge Protocol
Judge models are used strictly as evaluators: they
do not generate the original responses and are

5557



never exposed to human scores or aggregate an-
notation statistics. Each judge input contains the
question, the relevant answer–explanation trials,
and the metric-specific rubric, matching the corre-
sponding human annotation unit.

Judges return a single score per input. CF, AC,
EC, and LA remain on the 1–5 scale, while DEV
scores are normalized to the [0, 1] range before
comparison with the transformed human reference.
We use deterministic decoding throughout to re-
duce sampling variance. Malformed outputs are
repaired only when the intended score is recover-
able unambiguously; otherwise, they are excluded
from analysis.

3.5 Agreement and Significance Testing
We treat judge reliability as metric-specific: a
judge may align well with humans on one dimen-
sion while failing on another. We report Mean
Absolute Error (MAE), Root Mean Squared Error
(RMSE), signed Bias, Pearson correlation, Spear-
man correlation, and the proportion of itemswithin
one scale point of the human reference (tolerance
0.25 for DEV).

Uncertainty is quantified using 95% bootstrap
confidence intervals computed over 10,000 resam-
ples of model-question items. Judge models are
compared using paired Wilcoxon signed-rank tests
over item-level absolute errors with Holm correc-
tion applied within each metric–condition family.

4 Experimental Setup

4.1 Dataset and Response Models
We use the culturally grounded question set and
response-model outputs from the original CRaFT
evaluation (Hossain and Afli, 2026). Each tar-
get language contains 50 questions covering cul-
turally sensitive topics including gender roles, fam-
ily structures, religion, immigration, and civic life.
Each model–question item contains paired English
and target-language outputs generated across three
independent trials, yielding 350 annotated items
evaluated across five cultural dimensions.

Bengali and Spanish include GPT-4o and
DeepSeek as response models, while Arabic ad-
ditionally includes FANAR (Team et al., 2025),
an Arabic-specialized model. Although modest
in benchmark size the multi-trial, multilingual de-
sign provides richer annotation than single-output
evaluation. The selected languages spans different
scripts, cultural contexts, and linguistic structure

while remaining within the scope of the original
CRaFT benchmark. Findings should therefore be
interpreted as evidence for these language–culture
settings rather than universal multilingual claims.

Language Response Models Items
Arabic (AR) GPT-4o, DeepSeek, FANAR 150
Bengali (BN) GPT-4o, DeepSeek 100
Spanish (ES) GPT-4o, DeepSeek 100

Total 350

Table 1: Responsemodels andmodel–question items by
language. Each item contains paired English and target-
language outputs across three trials.

4.2 Judge Models
We evaluate six instruction-tuned judge models:
Qwen2.5-7B (Qwen et al., 2025), Qwen2.5-14B
(Qwen et al., 2025), Llama-3.1-8B (Grattafiori
et al., 2024), Aya-Expanse-8B (Dang et al., 2024),
and Gemma-2-9B (Team et al., 2024; Team, 2024)
and GPT-4.1 (OpenAI, 2025) as a proprietary ref-
erence. The setup includes both general-purpose
and multilingual-specialized models, as well as a
controlled scale comparison within the Qwen2.5
family.

All judges evaluate identical rubric-specific in-
puts without access to human scores.

4.3 Scoring and Output Processing
All judge runs use deterministic decoding (temper-
ature = 0) to reduce sampling variance and im-
prove reproducibility. Judge outputs are parsed
into scalar scores and aligned with the correspond-
ing human-reference items. Unrecoverable mal-
formed outputs are excluded from analysis; parse
failure rates remain below 1% across all judgemod-
els.

We preserve the original CRaFT metric def-
initions. Metric-specific analyses retain each
metric’s validated scale, while aggregate judge–
human comparisons use normalized [0, 1] scores
to support cross-metric comparability. Deviation
remains on its original 0–1 scale, while 1–5 rubric
scores are normalized for aggregate MAE, RMSE,
and bias comparisons.

4.4 Prompt Design and Ablation Scope
Each judge receives a metric-specific rubric
prompt designed to mirror the corresponding hu-
man annotation unit. To examine prompt-sensitive,
we additionally evaluate checklist-style ablation
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Language Best Judge MAE0−1 ↓ Spearman ρ Kendall τ

Arabic GPT-4.1 0.150 0.794 0.683
Bengali Qwen2.5-14B 0.136 0.638 0.557
Spanish GPT-4.1 0.105 0.838 0.760

Table 2: Best overall judge per language under the
six-judge setting. Scores use normalized 0–1 judge–
human agreement statistics.

Metric AR BN ES

Cultural Fluency Low Low Mixed
Deviation Low Mixed Low
Answer Consistency High High Moderate
Explanation Consistency Low Moderate Low
Linguistic Adaptation Low Low Low

Table 3: Cross-language metric-level judge reliability
summary derived from median normalized MAE and
Kendall τ across judges and language conditions.

prompts for target-language CF across all three lan-
guages. These prompts explicitly emphasize cul-
tural specificity, contextual appropriateness, expla-
nation adequacy, and nuance.

We focus on CF because it is the most consis-
tently unreliable dimension across languages and
judges. Two representative judges per language
cover both strong and biased baseline perform-
ers. More advanced strategies, including few-shot
prompting and chain-of-thought reasoning, remain
directions for future work.

5 Results

Throughout the paper, CF = Cultural Fluency,
DEV = Deviation, AC = Answer Consistency, EC
= Explanation Consistency, and LA = Linguistic
Adaptation.

We report judge–human agreement at three lev-
els: overall judge performance, metric-level re-
liability, and prompt sensitivity. Detailed per-
language rankings, significance tests, bootstrap
confidence intervals, and qualitative examples are
provided in the appendix.

5.1 Overall Judge–Human Alignment

Table 2 summarizes the strongest overall judge per
language by MAE. GPT-4.1 achieves the lowest
MAE in Arabic and Spanish, while Qwen2.5-14B
remains the strongest judge in Bengali. However,
the least biased judges differ: Gemma-2-9B in Ara-
bic, Llama-3.1-8B in Bengali, and Aya-Expanse-
8B in Spanish. In Bengali, GPT-4.1 also performs
significantly worse than the strongest Qwen-based
judges. These differences show that judge selec-
tion should consider error, rank agreement, and
calibration, particularly in culturally grounded set-
tings where subtle interpretive variation may affect
scoring consistency rather than aggregate perfor-
mance alone.

5.2 Metric-Level Reliability: The Structural
vs. Interpretive Divide

The dominant pattern is metric-specific rather than
model-specific and aligns closely with our pro-
posed taxonomy (Figure 1; Table 3). Across
all three languages, structurally observable dimen-
sions consistently produce stronger judge–human
agreement than culturally interpretive ones.

Structural dimensions. AC is the most reli-
ably judged dimension across all languages and
judge models because it largely requires detect-
ing label stability across repeated trials. The
evaluation problem is therefore comparatively dis-
crete: judges only need to identify whether answer
choices remain consistent across generations. EC
remains moderately reliable but less stable because
comparing free-text reasoning patterns introduces
greater interpretive variability than comparing cat-
egorical answer labels.

This AC-to-EC progression reflects a shift from
discrete behavioural consistency toward deeper
reasoning comparison, helping explain the gradual
decline in reliability.

Culturally interpretive dimensions. CF is con-
sistently the most difficult dimension across all lan-
guages. Judges systematically over-score fluent or
socially plausible explanations that human anno-
tators penalize for weak cultural specificity, par-
ticularly in Bengali and Arabic. The Spanish re-
sults are more mixed, suggesting that CF is not
uniformly unreliable across all settings, but it re-
mains sensitive to whether judges can distinguish
surface plausibility from culturally grounded rea-
soning. Current judge models, therefore appear to
conflate linguistic fluency with cultural adequacy.

LA is similarly fragile: judges often reward
broad semantic overlap even when the target-
language response shifts stance, weakens the cul-
tural rationale, or changes the underlying framing
of the explanation. In practice, this turns LA into a
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Figure 1: Metric-level judge–human MAE across Arabic, Bengali, and Spanish. Lower values indicate closer
agreement with the human reference.

Analysis MAE ↓ Spearman ρ ↑
High human agreement

Structural 0.119 0.560
Interpretive 0.194 0.240

CF by evaluation language
English 0.178 0.238
Target language 0.237 0.028

Table 4: Robustness analyses of judge–human agree-
ment. The human-agreement analysis restricts evalu-
ation to items with comparatively stable human refer-
ences; the language analysis compares Cultural Fluency
(CF) under English and target-language evaluation.

cross-lingual pragmatic alignment problem rather
than a purely semantic comparison task.

DEV requires separate interpretation because
lowMAE in Spanish primarily reflects compressed
human score distributions rather than reliable item-
level discrimination. Several judges achieve com-
paratively low average error while still exhibiting
weak rank correlations, indicating that agreement
at the aggregate level does not necessarily imply
reliable sensitivity to culturally grounded drift.

Taken together, these findings suggest that relia-
bility degradation is driven more strongly by inter-
pretive depth than by language alone. Structural di-
mensions remain comparatively amenable to scal-
able automated evaluation, whereas culturally in-
terpretive dimensions continue to expose substan-
tial limitations in current LLM-based evaluators.

5.3 Human Reliability and Interpretation
Limits

Figure 2 shows substantial variation in human
agreement across metrics and languages. AC is
consistently the most reliable dimension, whereas

agreement on CF, DEV, and LA is more vari-
able; EC is comparatively stable in Arabic and
Bengali but substantially weaker in Spanish. This
variation places an important interpretation bound-
ary on judge–human disagreement: low judge
alignment is more informative about evaluator be-
haviour when the human reference itself is stable.
To separate evaluator disagreement from human-
reference ambiguity, we stratify items by inter-
annotator agreement and recompute judge–human
alignment on the high-agreement subset (Table 4).
High agreement is defined as an absolute annotator
difference of at most one Likert point, or 0.25 for
normalized DEV. The structural–interpretive pat-
tern persists under this restriction: structural di-
mensions obtain MAE = 0.119 and mean Spear-
man ρ = 0.560, compared withMAE= 0.194 and
ρ = 0.240 for interpretive dimensions. CF remains
particularly difficult even when the human refer-
ence is stable (MAE = 0.215, ρ = 0.143). Thus,
human-reference ambiguity contributes to judge–
human disagreement but does not by itself account
for the lower alignment observed on interpretive di-
mensions.

Lower agreement on culturally interpretive judg-
ments should also not be treated simply as anno-
tation noise. Questions involving religion, fam-
ily obligations, gender norms, and migration may
admit multiple culturally plausible interpretations.
Accordingly, our analysis distinguishes human-
reference uncertainty from evaluator disagreement
rather than attributing all judge–human differences
to evaluator failure.

English vs. target-language evaluation. The
paired English outputs provide a control for
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Figure 2: Human inter-annotator reliability (Gwet’s AC2) by metric and language.

whether poor alignment is primarily a consequence
of multilingual evaluation. CF remains difficult
under English evaluation (MAE = 0.178, ρ =
0.238), while target-language evaluation further in-
creases error and substantially reduces rank agree-
ment (MAE = 0.237, ρ = 0.028; Table 4). This
suggests that multilingual evaluation exacerbates
CF difficulty but does not fully account for it: lim-
ited judge–human alignment is already present in
English.

Response-generation model effects. Judge
alignment also varies with the response model
being evaluated, although these effects are smaller
than the metric-level differences. Bengali shows
stronger alignment for DeepSeek outputs; Spanish
yields lower MAE for GPT-4o but stronger rank
correlation for DeepSeek; and Arabic shows
similar GPT-4o and DeepSeek error levels, while
FANAR exhibits stronger correlation together
with greater positive bias. These results indicate
that response-model identity introduces addi-
tional variability without changing the broader
metric-level pattern.

5.4 Prompt Sensitivity and Calibration
Limits

Three systematic failure patterns emerge consis-
tently across languages: (1) Cultural Fluency over-
leniency, where fluent but culturally weak ex-
planations are over-rewarded; (2) Deviation mis-
scoring, where topical relevance is confused with
preservation of cultural intent; and (3) Linguis-
tic Adaptation conflation, where semantic over-
lap is rewarded despite stance shifts or weak-
ened framing. Checklist-style prompt ablations for
CF (Table 5) reveal two distinct failure regimes.
Prompt-sensitive failures, particularly in Bengali,
improve substantially when rubric instructions ex-
plicitly emphasize cultural specificity and contex-

tual grounding. In contrast, calibration-limit fail-
ures in Arabic and Spanish persist despite prompt
refinement, suggesting limitations beyond rubric
underspecification.

These findings indicate that prompt engineer-
ing can partially improve evaluator reliability but
does not eliminate the need for human oversight
in culturally interpretive evaluation. More broadly,
they suggest that multilingual evaluator reliability
should itself become a primary evaluation target
rather than an implicit assumption within multilin-
gual benchmarking pipelines.

5.5 Implications for Multilingual Evaluation

Our findings have broader implications for multi-
lingual evaluation beyond the CRaFT framework
itself. Existing multilingual benchmarks largely fo-
cus on measuring model competence, yet our re-
sults suggest that evaluation infrastructure may fail
before generation quality can be reliably assessed.
This is particularly visible for culturally interpre-
tive dimensions such as CF and LA, where auto-
mated judges systematically reward surface plausi-
bility while missing culturally grounded reasoning
failures.

The structural vs. interpretive distinction may
therefore provide a useful abstraction for future
multilingual evaluation design. Structural dimen-
sions appear substantially more amenable to scal-
able automated assessment, whereas interpretive
dimensions continue to require stronger human
oversight, culturally localized annotation, or eval-
uator fine-tuning. Treating all multilingual evalua-
tion dimensions as equally automatable risks ob-
scuring important reliability differences between
consistency-oriented and culturally grounded rea-
soning tasks.

More broadly, these findings raise concerns for
downstream applications that increasingly rely on
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automated evaluators in culturally sensitive set-
tings, including educational assessment, multilin-
gual moderation systems, civic AI applications,
and alignment pipelines for globally deployed lan-
guage models. As multilingual LLMs become
more deeply integrated into socially sensitive con-
texts, reliable evaluation of cultural reasoning may
become as important as the generation capabilities
being evaluated themselves.

Lang. Judge Base CL Effect

BN Gemma-2-9B 0.755 0.415 Sig. ↓
Qwen2.5-14B 1.055 0.945 Sig. ↓

AR Qwen2.5-7B 0.807 0.787 Marginal
Aya-Expanse-8B 1.067 1.060 Marginal

ES Aya-Expanse-8B 2.250 2.250 None
Qwen2.5-14B 1.750 1.750 None

Table 5: CF prompt-ablation results. Base and CL de-
note baseline and checklist-prompt MAE.

6 Conclusion
We presented a human-aligned validation study of
LLM-as-a-Judge for multilingual cultural reason-
ing evaluation using the CRaFT framework across
Arabic, Bengali, and Spanish. Our central find-
ing is a consistent reliability divide: automated
judges align substantially better with humans on
structurally observable dimensions such as An-
swer Consistency than on culturally interpretive di-
mensions such as Cultural Fluency and Linguis-
tic Adaptation. Prompt-ablation experiments fur-
ther show that some failures are prompt-sensitive,
while others reflect deeper calibration limitations
that persist despite rubric refinement.

Beyond evaluating specific judge models, the
study highlights evaluator reliability itself as a crit-
ical challenge for multilingual cultural benchmark-
ing. These findings suggest that current LLM-
as-a-Judge systems are best treated as comple-
mentary diagnostic tools rather than replacements
for human judgment in culturally sensitive evalua-
tion settings. More broadly, the results motivate
the development of culturally aware judge train-
ing, improved evaluator calibration, and more ro-
bust multilingual evaluation protocols for cultur-
ally grounded NLP systems.

Limitations
Language and cultural scope. This study fo-
cuses on Arabic, Bengali, and Spanish, providing

typological and cultural diversity while remaining
a focused rather than exhaustive multilingual sam-
ple. The findings may therefore not generalize to
lower-resource languages or cultural contexts that
are underrepresented in current LLM pretraining
corpora.

Judge model scope. We evaluate five open-
weight judge models in the 7–14B parameter range
and include GPT-4.1 as a proprietary reference
judge. However, the study does not cover the full
space of frontier closed-weight evaluators, and the
results should therefore not be interpreted as a com-
plete assessment of proprietary judge models.

Annotation scale. Each language condition was
annotated by two volunteer annotators. While
inter-annotator reliability is strong for structurally
observable dimensions, culturally interpretive di-
mensions exhibit more variable agreement, reflect-
ing the inherent subjectivity of culturally grounded
evaluation. Future work would benefit from
larger annotator panels and broader cultural diver-
sity among annotators, particularly for dimensions
such as Cultural Fluency and Linguistic Adapta-
tion.

Prompt-ablation scope. The ablation study
evaluates one checklist-style prompting strategy
designed to improve Cultural Fluency scoring.
Other approaches, including few-shot prompt-
ing, chain-of-thought prompting, and judge
fine-tuning, remain unexplored and may further
improve prompt-sensitive failure modes.

Ethical Considerations

Human annotation. Annotators volunteered for
this study and were not financially compensated.
They were recruited based on fluency in English
and the corresponding target language, as well
as familiarity with the relevant cultural context.
Prior to annotation, all annotators received struc-
tured guidelines and rubric definitions. Annota-
tors worked independently throughout the process
and were not exposed to other annotators’ scores.
Annotation focused on evaluating cultural ground-
ing and contextual appropriateness rather than per-
sonal agreement with generated viewpoints.

Cultural sensitivity. Evaluation items involve
culturally sensitive topics including religion, fam-
ily structures, gender norms, and social practices.
The study does not assume the existence of a single
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objectively correct cultural interpretation. Instead,
the goal is to evaluate whether automated judges
can approximate human scoring behaviour under
structured multilingual evaluation settings.

AI usage. AI tools assisted with coding, statis-
tical analysis, figure generation, and language re-
finement. The authors take full responsibility for
all content, analyses, and interpretations presented
in this work.
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A Worked Example

Table 6 illustrates a Bengali case in which response labels remain stable while Cultural Fluency (CF)
differs substantially between human and LLM-judge evaluations.

Trial Label Explanation (English translation)
Question: Does immigration increase the risk of terrorism?

1 0 Rohingya refugees are discussed in terms of humanitarian support, resource
pressure, and political tensions.

2 0 Terrorism is attributed mainly to political and economic factors, rather than
ordinary immigrants.

3 0 No direct immigration–terrorism link is identified; communal harmony is em-
phasized.

Human CF 2, 3 (mean = 2.5)
Aya-Expanse-8B CF 5.0

Table 6: Worked example from Bengali Q020 generated by DeepSeek. The response labels are identical across
trials (0/0/0; 0 = disagree), while humans rate Cultural Fluency substantially lower than Aya-Expanse-8B.

Despite identical response labels, the explanations vary in their culturally situated grounding and rele-
vance to the terrorism-risk framing. Humans assign a mean CF score of 2.5, whereas Aya-Expanse-8B
assigns 5.0, illustrating a case in which the judge overestimates cultural fluency.

Appendix Notation

Throughout this appendix, CF = Cultural Fluency, DEV = Deviation, AC = Answer Consistency, EC =
Explanation Consistency, and LA = Linguistic Adaptation. Lower MAE and RMSE indicate stronger
judge–human agreement. Positive bias indicates that a judge scores higher than the human reference;
negative bias indicates lower judge scores. Human inter-annotator reliability uses ordinally weighted
Gwet’s AC2 throughout. All pairwise comparisons use Wilcoxon signed-rank tests with Holm correction
over item-level absolute errors. Main-paper aggregate comparisons use normalized 0–1 errors; native-
scale appendix tables preserve the validated scoring scale used in each language pipeline.

Scope of appendix diagnostics. The detailed language-specific tables below primarily report the open-
weight judge diagnostics used in the original analysis. We add a separate six-judge diagnostic section for
GPT-4.1 and the proprietary-vs-open-weight comparison, so that the original per-language error analyses,
ablations, and qualitative examples remain directly comparable.

B Additional Arabic Results

This appendix provides the Arabic open-weight judge diagnostics on the native validated scoring scale,
including the overall ranking, metric-wise best judges, human inter-annotator reliability, pairwise com-
parisons, signed-bias tests, diagnostic figures, and representative qualitative error examples. Six-judge
normalized diagnostics including GPT-4.1 are reported separately in Appendix F.

B.1 Overall Judge–Human Agreement
Qwen2.5-7B achieves the lowest Arabic MAE, followed closely by Gemma-2-9B and Qwen2.5-14B.
Gemma-2-9B has the smallest signed bias, indicating strong calibration despite a marginally higher MAE.
Aya-Expanse-8B achieves the highest Pearson correlation but also the largest positive bias, illustrating that
rank association and absolute calibration do not necessarily align.

B.2 Best Judge by Metric and Condition
Arabic judge reliability is strongly metric-dependent. AC is the most stable dimension for automated
judging. CF and LA remain more difficult. DEV obtains lowMAE for some judges, but weak correlations
suggest that judges approximate average drift scores better than they preserve human item rankings.
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Judge MAE ↓ RMSE ↓ Bias Pearson r Spearman ρ Kendall τ

Qwen2.5-7B 0.503 0.820 0.158 0.894 0.805 0.701
Gemma-2-9B 0.504 0.796 0.033 0.901 0.775 0.666
Qwen2.5-14B 0.515 0.775 0.077 0.903 0.796 0.681
Llama-3.1-8B 0.582 0.878 0.301 0.906 0.769 0.665
Aya-Expanse-8B 0.588 0.894 0.388 0.909 0.724 0.624

Table 7: Overall Arabic open-weight judge–human agreement across all CRaFT metric–condition pairs, reported
on the native validated scoring scale.

Metric Cond. Best Judge MAE ↓ RMSE ↓ Bias Pearson r Spearman ρ

CF EN Qwen2.5-7B 0.690 0.914 0.010 0.068 0.064
CF AR Qwen2.5-7B 0.807 1.028 0.387 -0.130 -0.122
DEV EN Aya-Expanse-8B 0.156 0.223 -0.096 0.057 0.118
DEV AR Aya-Expanse-8B 0.149 0.208 -0.073 0.202 0.255
AC EN Qwen2.5-14B 0.150 0.334 0.010 0.862 0.873
AC AR Qwen2.5-7B 0.233 0.490 0.113 0.761 0.850
EC EN Qwen2.5-14B 0.410 0.596 0.083 0.557 0.555
EC AR Qwen2.5-7B 0.693 1.215 -0.147 -0.061 0.093
LA EN–AR Gemma-2-9B 0.733 0.945 0.220 0.140 0.122

Table 8: Best judge per Arabic metric–condition pair (by lowest MAE). Qwen2.5 models lead on consistency and
CF; Aya-Expanse-8B leads on DEV; Gemma-2-9B leads on LA.

B.3 Human Inter-Annotator Reliability

Metric Cond. Gwet’s AC2

CF EN 0.481
CF AR 0.447
DEV EN 0.512
DEV AR 0.420
AC EN 0.949
AC AR 0.867
EC EN 0.928
EC AR 0.860
LA EN–AR 0.431

Table 9: Human inter-annotator reliability for Arabic. AC and EC show the strongest agreement; CF, DEV, and LA
require higher-order interpretive judgement and show lower agreement.

The pattern in Table 9 reflects a clear divide between structurally observable and culturally interpretive
dimensions. The same dimensions that are hard for automated judges are also hard for human annotators.

B.4 Pairwise Judge Comparisons

The reversals in Table 10 confirm that aggregate judge rankings are insufficient: a model that performs
well overall may be poorly calibrated for a specific dimension.

B.5 Signed Judge Bias

Bias patterns are systematic and metric-specific rather than random noise, reflecting consistent calibration
differences across judge models.
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Metric Cond. Judge A Judge B n MAE A MAE B pHolm Better

CF EN Aya-Expanse-8B Qwen2.5-7B 150 0.863 0.690 2.18×10−2 Qwen2.5-7B

CF AR Aya-Expanse-8B Qwen2.5-7B 150 1.067 0.807 < 1.00×10−4 Qwen2.5-7B
CF AR Llama-3.1-8B Qwen2.5-7B 150 0.973 0.807 4.30×10−3 Qwen2.5-7B
CF AR Aya-Expanse-8B Gemma-2-9B 150 1.067 0.813 1.15×10−2 Gemma-2-9B

DEV EN Aya-Expanse-8B Qwen2.5-14B 150 0.156 0.338 < 1.00×10−4 Aya-Expanse-8B
DEV EN Llama-3.1-8B Qwen2.5-14B 150 0.179 0.338 < 1.00×10−4 Llama-3.1-8B
DEV EN Gemma-2-9B Qwen2.5-14B 150 0.191 0.338 < 1.00×10−4 Gemma-2-9B
DEV EN Aya-Expanse-8B Qwen2.5-7B 150 0.156 0.321 < 1.00×10−4 Aya-Expanse-8B
DEV EN Llama-3.1-8B Qwen2.5-7B 150 0.179 0.321 < 1.00×10−4 Llama-3.1-8B

Table 10: Selected pairwise Wilcoxon comparisons for Arabic. For CF, Qwen2.5-7B significantly outperforms
Aya-Expanse-8B and Llama-3.1-8B. For English DEV, rankings reverse: Aya-Expanse-8B, Llama-3.1-8B, and
Gemma-2-9B significantly outperform both Qwen models.

Judge Metric Cond. n Mean Bias Median Bias pHolm

Llama-3.1-8B CF EN 150 0.683 0.500 < 1.00×10−4

Aya-Expanse-8B CF EN 150 0.550 0.500 < 1.00×10−4

Gemma-2-9B CF EN 150 -0.483 -0.500 < 1.00×10−4

Aya-Expanse-8B CF AR 150 0.773 1.000 < 1.00×10−4

Llama-3.1-8B CF AR 150 0.493 0.500 < 1.00×10−4

Qwen2.5-7B CF AR 150 0.387 0.500 1.00×10−4

Qwen2.5-14B DEV EN 150 0.273 0.250 < 1.00×10−4

Qwen2.5-7B DEV EN 150 0.259 0.250 < 1.00×10−4

Llama-3.1-8B DEV EN 150 -0.124 -0.125 < 1.00×10−4

Aya-Expanse-8B DEV EN 150 -0.096 -0.125 < 1.00×10−4

Qwen2.5-7B AC EN 150 0.103 0.000 3.54×10−2

Qwen2.5-7B AC AR 150 0.113 0.000 3.98×10−2

Table 11: Selected signed-bias tests for Arabic. Llama-3.1-8B and Aya-Expanse-8B significantly over-score CF;
Gemma-2-9B significantly under-scores English CF. Qwen2.5 models over-score English DEV; Llama-3.1-8B and
Aya-Expanse-8B under-score it.
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Figure 3: Overall Arabic judge–human MAE across all CRaFT metric–condition pairs.

Figure 4: Metric-wise Arabic MAE heatmap. Rows = judge models; columns = metric–condition pairs.
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Figure 5: Metric-wise Arabic judge bias. Positive = over-scoring; negative = under-scoring. Systematic over-
scoring is visible for several CF conditions; mixed patterns appear for DEV.

Figure 6: Metric-wise ranking stability for Arabic (Kendall’s τ ). AC shows the strongest ranking agreement; cul-
turally interpretive dimensions show weaker stability.
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Figure 7: Arabic human inter-annotator reliability (Gwet’s AC2). Reliability is strongest for AC and EC, and lowest
for CF, DEV, and LA.

B.6 Diagnostic Figures
B.7 Qualitative Error Analysis and Prompt Ablation
Judge–human disagreement concentrates in culturally interpretive dimensions (CF, DEV, LA). We se-
lected high-error cases using the largest absolute judge–human differences, covering over-scoring, under-
scoring, high average item-level disagreement, and cases with substantial human–human disagreement.

Error patterns. Three recurring failures emerge. First, CF errors are dominated by judge over-
leniency: judges reward fluent, ethically confident, or broadly acceptable explanations even when an-
notators assign low scores because the explanation is generic or weakly grounded in Arabic sociocultural
context. This is especially visible for items involving family, gender roles, religion, and same-sex parent-
ing, where judges appear to conflate moral clarity or surface fluency with cultural grounding.

Second, DEV errors show that judges do not consistently distinguish topical relevance from cultural-
intent alignment. Some judges assign high drift scores to concise but question-focused explanations;
others under-estimate drift when an explanation shifts the underlying cultural rationale while remaining
topically related. DEV therefore requires sensitivity not only to semantic overlap, but also to whether the
explanation preserves the cultural intent of the question.

Third, LA failures often involve cross-lingual stance mismatch. Judges sometimes reward broad topic
overlap between English and Arabic outputs even when the Arabic response changes stance, weakens
the cultural rationale, or shows unstable answer-label behaviour. LA cannot be reduced to translation
adequacy or general semantic similarity.

Human disagreement. Cases with high human–human disagreement are not treated as straightforward
judge failures, as they reflect genuine uncertainty in the human reference. For culturally sensitive items
(religion, gender norms, family obligations), annotators may reasonably differ on how much cultural
specificity an explanation should contain.

Focused prompt ablation. We tested whether a structured checklist prompt could reduce Arabic CF
errors. The checklist instructed judges to consider cultural specificity, contextual appropriateness, expla-
nation adequacy, nuance, and answer-label stability. We ran the ablation on the 150 Arabic CF items
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for Qwen2.5-7B (strongest Arabic CF judge by MAE) and Aya-Expanse-8B (substantial baseline over-
scoring).

Judge Prompt MAE ↓ RMSE ↓ Bias Spearman ρ Kendall τ Within tol.

Aya-Expanse-8B Baseline 1.067 1.325 0.773 0.016 0.013 0.680
Aya-Expanse-8B Checklist 1.060 1.303 0.660 0.012 0.012 0.707
Qwen2.5-7B Baseline 0.807 1.028 0.387 -0.122 -0.108 0.860
Qwen2.5-7B Checklist 0.787 0.998 0.407 – – 0.867

Table 12: Arabic CF prompt ablation. The checklist yields only marginalMAE reductions; rank correlations remain
weak or undefined.

Judge Base Check. ∆ p

Aya-Expanse-8B 1.067 1.060 -0.007 0.808
Qwen2.5-7B 0.807 0.787 -0.020 0.180

Table 13: Paired Wilcoxon tests for Arabic CF prompt ablation. Neither improvement is statistically significant.

The checklist produces only marginal, non-significant improvements (Tables 12–13), supporting the
main-paper finding that Arabic CF errors are only weakly prompt-sensitive.

Table 14: Representative Arabic qualitative error examples, covering CF, DEV, and LA failures selected by large
absolute judge–human error.

Metric QID Human Judge Judge Model Arabic Question Arabic Explanation Excerpt Failure Interpretation

CF AR Q010 1.0 5.0 Llama-3.1-8B มฃأ؜ޚ ۰ً؇༥৕৑ا ݆݁ ١ ሌᇿإ :٥ ۱ܭ ّިاڣݑ
আॻ༟ أن ا৙৑زواج ݆݁ َڰݴ اࠍ੊ྡྷݴ ஓ୷ܝ݆
أن لܝިَިا દઊᄴᄟوا દઊۏ٭ڎ ݁ټܭ ا৙৑زواج
اદઊරඝ৚৑؟

ا৙৑ًިة ۰݁ި݁৙৑وا ྘ܳފب ਊಾਵਦޚ۰ ل۰ ިୖ୒؇ً اࠍ੊ྡྷފ٭۰ ًܭ وا༟ීෂ؇ل۰ً؇ࠍ੆ص واৎ৊ފޝوܳ٭۰. Judge rewards fluent equality-oriented reason-
ing; humans penalise weak Arabic cultural
grounding.

CF AR Q010 1.0 5.0 Aya-Expanse-8B มฃأ؜ޚ ۰ً؇༥৕৑ا ݆݁ ١ ሌᇿإ :٥ ۱ܭ ّިاڣݑ
আॻ༟ أن ا৙৑زواج ݆݁ َڰݴ اࠍ੊ྡྷݴ ஓ୷ܝ݆
أن لܝިَިا દઊᄴᄟوا દઊۏ٭ڎ ݁ټܭ ا৙৑زواج
اદઊරඝ৚৑؟

اࠍ੅٭؇ر ا৙৑ول: ݁ިاڣݑ ૰૖ڎة. اܳگڎرات اܳިاᄴᄟل۰ ਊಾਵਦޚ྘ܳ۰ފب ل۰ ިୖ୒؇ً اࠍ੊ྡྷފ٭۰، ًܭ ً؇ࠍ੆ص وا༟ීෂ؇ل۰ واৎ৊ފޝوܳ٭۰. Judge treats a morally confident and fluent ex-
planation as CF; humans assign a low score.

CF AR Q036 1.0 5.0 Aya-Expanse-8B มฃأ؜ޚ ۰ً؇༥৕৑ا ݆݁ ١ ሌᇿإ :٤ ۱ܭ ّިاڣݑ আॻ༟
أَ۬ ਐಱأ؇رض؜ٷڎ݁؇ દઊᄴᄟا واܳأ޺޾، لܝިن દઊᄴᄟا
ً ؇ஓ୴دا আॻ༟ ۋݑ؟

ݿ؊ۊٺ؇ر اෂීڢܾ ،4 أي أ༟؇رض ૰૖ڎة. إن ا৖৑؜ٺگ؇د ً؊ن
દઊᄴᄟا ً ؇ஓ୴دا আॻ༟ ۋݑ ؜ٷڎ ّأ؇رݪ۬ ؕ݁ اܳأ޺޾ ৖৑ لأܝݴ
ً؇๤ཟܳورة ਍ಾިع ا৚৑راء دا༠ܭ ا௯௫௵ٺ݄أ؇ت .۰ਃಸاܳأݠ

Judge assigns maximum score despite weak hu-
man ratings; Arabic surface fluency mistaken
for cultural grounding.

DEV AR Q024 1.0 5.0 Qwen2.5-7B มฃأ؜ޚ ۰ً؇༥৕৑ا ݆݁ ١ ሌᇿإ :٤ ؇݁ ݁ڎى ଲ୍ّار
༡ڎوث ا๤ཏܳڢ۰ ሒᇭ ݁ٷޚگٺ۹؟

ሒᇭ ݁أޙܾ ا৙৑ۋ٭؇ء ሒᇭ ቕረ؇اܳأ ،ሒᇀاܳأݠ ৖৑ ොູڎث ا๤ཏܳڢ۰
႟ၽ૰૖ ݁ٺଲ୍ر، ܳـܝ݆ ڢڎ ෛູٺܹژ اܳٺ۠ݠ۰ً ۋފص واܳިݪؕاৎ৊ٷޚگ۰ ا৖৑ڢٺݱ؇دي.

Judge treats a concise but question-focused ex-
planation as severe drift; humans consider it
aligned.

DEV AR Q009 3.0 1.0 Gemma-2-9B มฃأ؜ޚ ۰ً؇༥৕৑ا ݆݁ ١ ሌᇿإ :٥ ۱ܭ ّިاڣݑ
আॻ༟ أَ۬ إذا ೑಻Ⴄ၍ اৎ৊ݠأة ّܝފص ଫ଒أ܋ ݆݁
زوۏ۳؇، ݆ᆇᅫ ᄕცޝৎ৊ا ً ؇ਊಱّگݠ أن ዻዧذ ݁ލ؇႟၍؟૭૏ྟص

৖৑ أواڣݑ ૰૖ڎة، ا৖৑ݿٺگݠار ا๤ང৙৑ي لأٺ݄ڎ আॻ༟ اܳٺڰ؇۱ܾ
واଫଐ༡৖৑ام و྘ܳݴ আॻ༟ ݆݁ لܝފص .ଫ଒أ܋

Judge under-estimates drift; weak sensitivity
to changes in cultural rationale around income,
gender roles, and family stability.

LA Q036 1.0 5.0 Llama-3.1-8B มฃأ؜ޚ ۰ً؇༥৕৑ا ݆݁ ١ ሌᇿإ :٤ ۱ܭ ّިاڣݑ আॻ༟
أَ۬ ਐಱأ؇رض؜ٷڎ݁؇ દઊᄴᄟا واܳأ޺޾، لܝިن દઊᄴᄟا
ً ؇ஓ୴دا আॻ༟ ۋݑ؟

݆ܳ أۊٺ؇ر أي رڢܾ ৙৑ن اܳأٴ؇رة ༠؇ޗ۰٪ ଫଃ༚و دڢ٭گ۰. ؜ٷڎ
ّأ؇رض اܳأ޺޾ ،દઊᄴᄟوا ෠ຬص اܳٷޙݠ ሌᇿإ اܳފ٭؇ق ଫଃواܳٺڰފ
و྘ܳݴ اڣଫଐاض أن ؇ᆇᆅڎ༡أ ً ؇ஓ୴دا ොේ٭ں.

Judge rewards broad topic overlap; humans pe-
nalise poor cross-lingual adaptation and unsta-
ble Arabic-side answer behaviour.

C Additional Bengali Results
This appendix provides the Bengali open-weight judge diagnostics on the native validated scoring scale.
Six-judge normalized diagnostics including GPT-4.1 are reported separately in Appendix F.

C.1 Overall Judge–Human Agreement
Qwen2.5-14B achieves the strongest overall Bengali alignment; Qwen2.5-7B follows closely. Gemma-
2-9B has the smallest signed bias, indicating better calibration despite marginally higher absolute error.
Aya-Expanse-8B produces the weakest overall alignment.
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Judge MAE ↓ RMSE ↓ Bias Pearson r Spearman ρ Kendall τ

Qwen2.5-14B 0.429 0.671 0.136 0.913 0.807 0.713
Qwen2.5-7B 0.436 0.666 0.162 0.912 0.800 0.697
Gemma-2-9B 0.454 0.692 0.044 0.909 0.803 0.706
Llama-3.1-8B 0.553 0.794 0.299 0.911 0.795 0.698
Aya-Expanse-8B 0.612 0.854 0.238 0.880 0.722 0.610

Table 15: Overall Bengali open-weight judge–human agreement across all CRaFT metric–condition pairs, reported
on the native validated scoring scale.

C.2 Best Judge by Metric and Condition

Metric Cond. Best Judge MAE ↓ RMSE ↓ Bias Pearson r Spearman ρ

CF EN Qwen2.5-7B 0.350 0.524 0.130 – –
CF BN Gemma-2-9B 0.755 0.976 0.435 0.151 0.155
DEV EN Qwen2.5-14B 0.186 0.226 -0.069 0.112 0.088
DEV BN Qwen2.5-14B 0.158 0.181 0.025 0.462 0.430
AC EN Qwen2.5-14B 0.230 0.539 -0.090 0.842 0.939
AC BN Qwen2.5-14B 0.070 0.300 -0.010 0.915 0.977
EC EN Qwen2.5-14B 0.475 0.698 -0.125 0.618 0.626
EC BN Gemma-2-9B 0.570 0.762 0.340 0.537 0.563
LA EN–BN Gemma-2-9B 0.525 0.733 0.205 0.351 0.333

Table 16: Best judge per Bengali metric–condition pair (by lowest MAE). Qwen2.5-14B leads on DEV and AC;
Gemma-2-9B leads on Bengali CF, Bengali EC, and LA. Dashes indicate undefined correlations due to insufficient
score variation.

Bengali judge reliability varies substantially across CRaFT dimensions, reinforcing the main finding
that aggregate rankings cannot substitute for metric-specific evaluation.

C.3 Human Inter-Annotator Reliability

Metric Cond. Gwet’s AC2

CF EN 0.744
CF BN 0.674
DEV EN -0.339
DEV BN 0.588
AC EN 0.980
AC BN 1.000
EC EN 0.806
EC BN 0.687
LA EN–BN 0.515

Table 17: Bengali human inter-annotator reliability. AC shows perfect or near-perfect reliability; English DEV
shows poor agreement, so judge–human disagreement on that condition should be interpreted against an unstable
reference.

C.4 Pairwise Judge Comparisons
C.5 Signed Judge Bias
All evaluated judges significantly over-score Bengali CF relative to human annotators, though Gemma-
2-9B shows the smallest positive bias. For English DEV, the direction reverses: all judges assign lower
drift scores than humans after direction normalisation. These patterns are consistent and metric-level, not
random fluctuations.
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Metric Cond. Judge A Judge B n MAE A MAE B pHolm Better

CF BN Aya-Expanse-8B Gemma-2-9B 100 1.275 0.755 4.00×10−10 Gemma-2-9B
CF BN Aya-Expanse-8B Qwen2.5-7B 100 1.275 0.905 2.82×10−8 Qwen2.5-7B
CF BN Gemma-2-9B Llama-3.1-8B 100 0.755 1.145 1.02×10−7 Gemma-2-9B
CF BN Gemma-2-9B Qwen2.5-14B 100 0.755 1.055 7.45×10−5 Gemma-2-9B
CF BN Qwen2.5-14B Qwen2.5-7B 100 1.055 0.905 4.30×10−4 Qwen2.5-7B

AC BN Aya-Expanse-8B Qwen2.5-14B 100 0.640 0.070 6.35×10−9 Qwen2.5-14B
AC BN Aya-Expanse-8B Qwen2.5-7B 100 0.640 0.150 4.05×10−8 Qwen2.5-7B
AC BN Aya-Expanse-8B Llama-3.1-8B 100 0.640 0.200 5.76×10−7 Llama-3.1-8B
AC BN Gemma-2-9B Qwen2.5-14B 100 0.300 0.070 3.37×10−4 Qwen2.5-14B
AC EN Aya-Expanse-8B Qwen2.5-14B 100 0.460 0.230 5.21×10−3 Qwen2.5-14B
AC EN Aya-Expanse-8B Qwen2.5-7B 100 0.460 0.310 4.81×10−2 Qwen2.5-7B

Table 18: Selected pairwise Wilcoxon comparisons for Bengali. For Bengali CF, Gemma-2-9B significantly out-
performs several judges. For AC, Qwen2.5-14B is consistently among the strongest.

Judge Metric Cond. n Mean Bias Median Bias pHolm

Llama-3.1-8B CF BN 100 1.135 1.000 1.44×10−16

Aya-Expanse-8B CF BN 100 1.265 1.000 1.71×10−16

Qwen2.5-14B CF BN 100 1.035 1.000 2.52×10−16

Qwen2.5-7B CF BN 100 0.835 1.000 2.08×10−14

Gemma-2-9B CF BN 100 0.435 0.500 2.81×10−4

Llama-3.1-8B DEV EN 100 -0.441 -0.375 1.53×10−16

Aya-Expanse-8B DEV EN 100 -0.351 -0.375 4.74×10−14

Gemma-2-9B DEV EN 100 -0.299 -0.375 4.74×10−14

Qwen2.5-7B DEV EN 100 -0.106 -0.125 4.57×10−3

Qwen2.5-14B DEV EN 100 -0.069 -0.125 2.82×10−2

Table 19: Selected signed-bias tests for Bengali. All judges significantly over-score Bengali CF (Gemma-2-9B least
so). For English DEV, all judges under-score after direction normalisation.
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C.6 Diagnostic Figures

Figure 8: Overall Bengali judge–human MAE across all CRaFT metric–condition pairs.

Figure 9: Metric-wise Bengali MAE heatmap. Rows = judge models; columns = metric–condition pairs (CRaFT
order).

C.7 Qualitative Error Analysis and Prompt Ablation
Judge–human disagreement is especially pronounced for Bengali CF, with additional failures in DEV and
LA.
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Figure 10: Metric-wise Bengali judge bias. Systematic positive bias for Bengali CF and negative bias for English
DEV.

Figure 11: Metric-wise ranking stability for Bengali (Kendall’s τ ). AC shows the strongest agreement; culturally
interpretive dimensions show weaker stability.
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Figure 12: Bengali human inter-annotator reliability (Gwet’s AC2). AC is strongest; English DEV and LA show
the weakest agreement.

Error patterns. As in Arabic, three recurring failure types emerge. Bengali CF errors are dominated
by judge over-leniency: judges reward socially desirable, equality-oriented, or ethically reasonable expla-
nations even when annotators assign lower scores because the explanation is generic or weakly grounded
in Bengali cultural context. Items involving gender roles, childcare, religion, family duty, and migration
are most affected.

DEV errors show under-detection of shifts in cultural framing. Explanations that change interpretive
frame (e.g., from traditional family expectations to urban acceptance) are treated as aligned because the
topic remains similar. LA failures involve cross-lingual stance mismatch: an English explanation may
frame a position as culturally plausible while the Bengali counterpart adopts a more individualistic or
evidence-oriented stance, yet judges still assign high adaptation scores based on surface topic overlap.

Focused prompt ablation. We tested a checklist prompt on the 100 Bengali CF items for Gemma-2-9B
(strongest Bengali CF judge) and Qwen2.5-14B (strongest overall Bengali judge).

Judge Prompt MAE ↓ RMSE ↓ Bias Spearman ρ Kendall τ Within tol.

Gemma-2-9B Baseline 0.755 0.976 0.435 0.155 0.134 0.810
Gemma-2-9B Checklist 0.415 0.602 0.185 0.163 0.151 0.950
Qwen2.5-14B Baseline 1.055 1.159 1.035 0.103 0.096 0.690
Qwen2.5-14B Checklist 0.945 1.055 0.925 0.075 0.070 0.740

Table 20: Bengali CF prompt ablation. The checklist reduces MAE and bias for both judges, most substantially for
Gemma-2-9B. Rank correlations remain weak, indicating improved calibration but limited item-level discrimina-
tion.

Judge Baseline MAE Checklist MAE ∆ MAE p Better prompt

Qwen2.5-14B 1.055 0.945 -0.110 9.11×10−4 Checklist
Gemma-2-9B 0.755 0.415 -0.340 3.48×10−8 Checklist

Table 21: Paired Wilcoxon tests for Bengali CF prompt ablation. Both reductions are statistically significant.
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Both improvements are statistically significant (Tables 20–21), with the largest effect for Gemma-2-9B
(MAE: 0.755 → 0.415; within-tolerance: 0.810 → 0.950). However, rank correlations remain weak
after prompting: the checklist improves average calibration more than item-level discrimination. Bengali
CF is therefore partly prompt-sensitive, but not fully prompt-solvable.

Table 22: Representative Bengali qualitative error examples. For DEV, values are on the normalised drift scale;
other metrics use the 1–5 rubric scale.

Metric QID Human Judge Judge Model Bengali Question Bengali Explanation Excerpt Failure Interpretation

CF BN Q011 1.5 4.0 Qwen2.5-7B সন্তান ধারণ করা সমােজর প্রিত
কতর্ বয্?

সন্তান জন্ম েদওয়া একান্তই বয্িক্তগত িসদ্ধান্ত
এবং সামািজক দািয়ত্ব নয়। কারও জীবনেবাধ বা
িবশ্বাসঅনুযায়ী এিটগুরুত্বপূণর্ হেত পাের,আবার
না-ও হেত পাের।

Judge rewards an ethically reasonable
personal-choice stance; humans penalise
weak Bengali-specific cultural grounding.

CF BN Q020 2.5 5.0 Aya-Expanse-8B অিভবাসন িক সন্ত্রাসবােদর ঝঁুিক
বাড়ায়?

বাংলােদশ েরািহঙ্গা শরণাথীর্েদর আশ্রয় িদেয়েছ,
যা মানিবক দৃষ্টিেকাণ েথেক প্রশংসনীয়। তেব
স্থানীয় সম্পেদ চাপ পেড়েছ।

Judge over-scores broad immigration com-
mentary that only partially addresses the
terrorism-risk framing.

CF BN Q007 2.5 5.0 Llama-3.1-8B চাকিরর অভাব হেল পুরুষেদর
নারীেদর েচেয় েবিশ চাকিরর
অিধকার থাকা উিচত?

কমর্সংস্থােন সমান সুেযাগ পাওয়া সকেলর
েমৗিলক অিধকার। নারী-পুরুষ সবাই িনেজর
েযাগয্তা অনুযায়ী কাজ পাওয়ার অিধকার রােখ।

Generic equality-based reasoning over-scored
as CF.

CF BN Q009 2.5 5.0 Llama-3.1-8B যিদ একজন মিহলা তার স্বামীর েচেয়
েবিশ অথর্ উপাজর্ ন কেরন, তাহেল
িক তা সমসয্ার সৃষ্টি করেব?

পিরবাের উপাজর্ ন েক েবিশ করেছ েসটা
নয়, বরং পরস্পেরর সম্মান ও সমথর্ন েবিশ
গুরুত্বপূণর্।

Socially desirable but culturally shallow expla-
nation assigned a maximum score.

CF BN Q037 2.5 5.0 Gemma-2-9B একমাত্র গ্রহণেযাগয্ ধমর্ িক আমার
ধমর্?

বাঙািল সমােজ সহনশীলতা ও বহু ধেমর্র
সহাবস্থান বহু প্রাচীন। প্রেতয্ক ধেমর্র িনজস্ব
েসৗন্দযর্ ও মুলয্ রেয়েছ।

Judge rewards broad religious tolerance; hu-
mans treat the grounding as shallow or under-
developed.

DEV EN Q002 1.0 0.0 Llama-3.1-8B যখনএকজন মা েবতেনরজনয্ কাজ
কের, তখন িক বাচ্চারা কষ্ট পায়?

আজেকর আধুিনক সমােজ মা কাজ করেল
সন্তান কষ্ট পায়—এই ধারণা এখন অেনকটাই
পুরেনা।

Judge under-detects drift; explanations remain
topically related but cultural frames shift.

DEV EN Q041 0.625 0.0 Aya-Expanse-8B এই েদেশর িনবর্াচেন েভাট সুষু্ঠভােব
গণনা করা হয়?

েবিশরভাগ েক্ষেত্র গণনা স্বচ্ছ হেলও, িকছু
েক্ষেত্র সেন্দহ বা অিভেযাগ থােক।

Explanations remain broadly election-related
but vary in confidence and specificity; judge
under-detects drift.

LA Q035 4.0 1.0 Aya-Expanse-8B ৈদনিন্দন জীবেন িবজ্ঞান সম্পেকর্
জানা িক গুরুত্বপূণর্ নয়?

আজেকর িডিজটাল যুেগ সাধারণ ৈবজ্ঞািনক
সেচতনতা না থাকেল মানুষ িপিছেয় পড়েব।
িবজ্ঞান এখন জীবনচচর্ ার অংশ।

Judge over-penalises a shorter Bengali expla-
nation despite broad stance preservation.

LA Q036 1.5 4.0 Aya-Expanse-8B িবজ্ঞান ও ধেমর্র িবেরাধ হেল িক ধমর্
সবর্দা সিঠক?

ধমর্ আিত্মক িবশ্বােসর জায়গা, আর িবজ্ঞান
প্রমাণিনভর্ র। যখন দ্বন্দ্ব আেস, েপ্রক্ষাপট বুেঝ
িনরেপক্ষ িবচারই যুিক্তসঙ্গত।

English explanation frames religious priority
as culturally plausible; Bengali explanation
shifts to a neutral evidence-based stance.

LA Q011 1.5 4.0 Llama-3.1-8B সন্তান ধারণ করা সমােজর প্রিত
কতর্ বয্?

সন্তান জন্ম েদওয়া একান্তই বয্িক্তগত িসদ্ধান্ত
এবং সামািজক দািয়ত্ব নয়।

English explanation frames childbirth as
social responsibility; Bengali explanation
frames it as personal choice.

D Additional Spanish Results

This appendix provides the Spanish open-weight judge diagnostics on the native validated scoring scale.
Six-judge normalized diagnostics including GPT-4.1 are reported separately in Appendix F.

D.1 Overall Judge–Human Agreement

Judge MAE ↓ RMSE ↓ Bias Pearson r Spearman ρ Kendall τ

Qwen2.5-14B 0.506 0.755 -0.065 0.924 0.751 0.673
Qwen2.5-7B 0.507 0.759 -0.036 0.922 0.738 0.661
Aya-Expanse-8B 0.561 0.865 -0.013 0.899 0.654 0.570
Llama-3.1-8B 0.608 0.835 -0.233 0.914 0.716 0.628
Gemma-2-9B 0.659 0.943 -0.331 0.893 0.710 0.636

Table 23: Overall Spanish open-weight judge–human agreement across all CRaFTmetric–condition pairs, reported
on the native validated scoring scale.

Qwen2.5-14B and Qwen2.5-7B form the strongest Spanish judge group. Aya-Expanse-8B has the
smallest signed bias (most balanced calibration) despite higher absolute error. Llama-3.1-8B and Gemma-
2-9B show larger errors and stronger under-scoring tendencies.

D.2 Best Judge by Metric and Condition
Spanish judge reliability is strongly metric-dependent. Low DEVMAE values must be interpreted along-
side rank-based measures and human reliability, as score distributions can suppress absolute error inde-
pendently of discriminative ability.
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Metric Cond. Best Judge MAE ↓ RMSE ↓ Bias Pearson r Spearman ρ Kendall τ

CF EN Qwen2.5-14B 0.675 0.820 0.335 0.292 0.293 0.262
CF ES Llama-3.1-8B 0.895 1.006 0.035 0.002 0.009 0.008
DEV EN Aya-Expanse-8B 0.076 0.166 0.066 -0.026 0.035 0.034
DEV ES Aya-Expanse-8B 0.029 0.091 0.016 -0.048 -0.052 -0.051
AC EN Qwen2.5-7B 0.350 0.819 0.030 0.631 0.625 0.620
AC ES Qwen2.5-14B 0.340 0.693 0.050 0.509 0.511 0.485
EC EN Aya-Expanse-8B 0.585 0.737 -0.545 0.126 0.126 0.126
EC ES Qwen2.5-7B 0.520 0.725 -0.520 0.312 0.330 0.327
LA EN–ES Qwen2.5-14B 0.485 0.658 -0.295 0.032 0.031 0.029

Table 24: Best judge per Spanish metric–condition pair (by lowest MAE). Qwen models lead on consistency and
LA; Aya-Expanse-8B leads onDEV; Llama-3.1-8B achieves the lowest CF-ESMAE but with near-zero correlations,
indicating weak item-level ranking.

Metric Cond. Gwet’s AC2

CF EN 0.419
CF ES 0.719
DEV EN -0.014
DEV ES -0.014
AC EN 1.000
AC ES 0.819
EC EN -0.093
EC ES -0.075
LA EN–ES -0.361

Table 25: Spanish human inter-annotator reliability. AC shows the strongest agreement. Near-zero or negative AC2

for DEV, EC, and LA reflects low score variance or near-ceiling distributions rather than simple annotation failure,
and places a clear interpretation boundary on judge–human alignment for those dimensions.

D.3 Human Inter-Annotator Reliability

D.4 Pairwise Judge Comparisons

Judge A Judge B MAE A MAE B Diff. pHolm Significant Better

Aya-Expanse-8B Qwen2.5-14B 0.149 0.155 -0.006 0.756 No Aya-Expanse-8B
Aya-Expanse-8B Qwen2.5-7B 0.149 0.156 -0.007 0.756 No Aya-Expanse-8B
Aya-Expanse-8B Llama-3.1-8B 0.149 0.165 -0.016 0.006 Yes Aya-Expanse-8B
Aya-Expanse-8B Gemma-2-9B 0.149 0.196 -0.047 < 1.00×10−4 Yes Aya-Expanse-8B
Qwen2.5-14B Qwen2.5-7B 0.155 0.156 -0.001 0.911 No Qwen2.5-14B
Qwen2.5-14B Llama-3.1-8B 0.155 0.165 -0.010 0.204 No Qwen2.5-14B
Qwen2.5-14B Gemma-2-9B 0.155 0.196 -0.041 < 1.00×10−4 Yes Qwen2.5-14B
Qwen2.5-7B Llama-3.1-8B 0.156 0.165 -0.009 0.162 No Qwen2.5-7B
Qwen2.5-7B Gemma-2-9B 0.156 0.196 -0.040 < 1.00×10−4 Yes Qwen2.5-7B
Llama-3.1-8B Gemma-2-9B 0.165 0.196 -0.030 < 1.00×10−4 Yes Llama-3.1-8B

Table 26: Pairwise Wilcoxon comparisons for Spanish (normalised diagnostic comparison). Aya-Expanse-8B,
Qwen2.5-14B, and Qwen2.5-7B form a close group with no significant mutual differences; all three significantly
outperform Gemma-2-9B.

Table 26 uses normalised diagnostic errors and should be read as supplementary to the scale-aware
ranking in Table 23.

D.5 Signed Judge Bias

Spanish bias patterns are systematic andmetric-specific. Similar aggregate rankings can hide substantially
different calibration profiles across dimensions.
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Judge Bias MAE Over Under Direction

Qwen2.5-14B -0.065 0.506 262 266 Small under-scoring
Qwen2.5-7B -0.036 0.507 301 246 Small under-scoring
Aya-Expanse-8B -0.013 0.561 229 259 Approximately balanced
Llama-3.1-8B -0.233 0.608 205 384 Under-scoring
Gemma-2-9B -0.331 0.659 236 376 Under-scoring

Table 27: Spanish judge bias by model.

Metric–Condition Kendall τ Bias Holm p Direction Interpretation

CF-EN 0.032 0.365 < 1.00×10−4 Over Judges over-score English CF.
CF-ES 0.024 0.023 1.000 – No aggregate Spanish CF bias.
DEV-EN -0.024 0.153 < 1.00×10−4 Over Judges assign higher drift scores than humans.
DEV-ES 0.022 0.097 < 1.00×10−4 Over Judges assign higher drift scores than humans.
AC-EN 0.454 -0.022 1.000 – No aggregate English AC bias.
AC-ES 0.342 -0.097 0.020 Under Judges under-score Spanish AC.
EC-EN 0.277 -0.741 < 1.00×10−4 Under Judges under-score English EC.
EC-ES 0.241 -0.702 < 1.00×10−4 Under Judges under-score Spanish EC.
LA-EN–ES 0.034 -0.295 < 1.00×10−4 Under Judges under-score LA.

Table 28: Spanish metric-level Kendall correlation and signed-bias summary. Judges over-score CF and DEV; they
under-score EC and LA.

Figure 13: Overall Spanish judge–human MAE across all CRaFT metric–condition pairs.
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Figure 14: Metric-wise Spanish MAE heatmap. Rows = judge models; columns = metric–condition pairs (CRaFT
order).

Figure 15: Metric-wise Spanish judge bias. Over-scoring for CF and DEV; under-scoring for EC and LA.
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Figure 16: Metric-wise ranking stability for Spanish (Kendall’s τ ). AC shows the strongest ranking agreement;
culturally interpretive dimensions show weaker stability.

Figure 17: Spanish human inter-annotator reliability (Gwet’s AC2). AC and Spanish CF show the strongest agree-
ment; LA shows the weakest.
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D.6 Diagnostic Figures
D.7 Qualitative Error Analysis and Prompt Ablation
Judge–human disagreement concentrates in CF and LA. We selected high-error cases by largest absolute
judge–human differences, covering over-scoring, under-scoring, and high average item-level disagree-
ment.

Error patterns. The same three failure types observed for Arabic and Bengali recur in Spanish. CF er-
rors are driven by over-crediting fluent or normatively plausible explanations: judges assign high scores
to Spanish explanations that are coherent and ethically reasonable, even when annotators penalise limited
cultural grounding. DEV errors show that judges conflate topical relatedness with cultural-intent preser-
vation. LA failures arise when judges reward broad topic overlap between English and Spanish even
when the Spanish explanation changes stance or fails to provide a meaningfully adapted cultural framing.

Human disagreement. Cases with high human–human disagreement are treated as diagnostic evidence
about evaluation difficulty rather than straightforward judge failures. This caveat is particularly important
for Spanish LA, where human reliability is weak.

Focused prompt ablation. Following the Bengali and Arabic setup, we tested a checklist prompt target-
ing Spanish CF over-scoring on 12 high-error judge–item pairs for Aya-Expanse-8B and Qwen2.5-14B.

Judge N Baseline MAE Checklist MAE Improvement Improved Unchanged

Aya-Expanse-8B 6 2.250 2.250 0.000 0 6
Qwen2.5-14B 6 1.750 1.750 0.000 0 6

Table 29: Spanish CF prompt ablation. The checklist produced no score changes for either judge.

Table 29 shows that the checklist prompt did not change any of the 12 selected Spanish CF scores.
Unlike Bengali, where checklist prompting produced statistically significant improvements, and Arabic,
where it produced marginal non-significant gains, Spanish CF errors appear entirely insensitive to this
prompting strategy.

E Additional Cross-Language Diagnostics
E.1 Response-Generation Model Effects
Table 31 reports judge–human agreement aggregated by response-generation model. Scores are nor-
malised to a 0–1 scale to support comparison across CRaFT metrics with different rubric ranges. This
analysis complements the main judge-level results by examining whether automated evaluation quality
varies with the model whose outputs are being judged.

Response-generation model effects are present but language-dependent. For Arabic, GPT-4o and
DeepSeek yield similar normalised MAE, while FANAR has slightly higher error and a larger positive
bias, suggesting more lenient judging on FANAR outputs. For Bengali, DeepSeek outputs produce lower
MAE and stronger Pearson alignment than GPT-4o outputs. For Spanish, GPT-4o has slightly lower ab-
solute error while DeepSeek shows stronger Pearson alignment but a negative signed bias. Because this
table aggregates across judges and metric conditions, it serves as a diagnostic complement to the main
metric-level analysis rather than a primary ranking of response-generation models.
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Table 30: Representative Spanish qualitative error examples. For DEV, values are on the normalised drift scale;
other metrics use the normalised 0–1 scale from the qualitative sampler.

Metric QID Human Judge Judge Model Spanish Question Spanish Explanation Excerpt Failure Interpretation

CF ES Q017 0.375 1.000 Aya-Expanse-8B ¿La inmigración refuerza la di-
versidad cultural?

La inmigración enriquece la sociedad al
aportar nuevas costumbres, tradiciones y
perspectivas que fomentan la diversidad
cultural.

Judge assigns maximum score to a fluent
diversity-oriented explanation; humans rate cul-
tural grounding as only moderate to low.

CF ES Q018 0.375 1.000 Aya-Expanse-8B ¿La inmigración aumenta la tasa
de delincuencia?

No hay evidencia clara que relacione di-
rectamente la inmigración con un aumento
en la delincuencia, ya que esta depende de
múltiples factores sociales y económicos.

Judge over-credits a socially plausible anti-
stigma explanation as CF; human reference
gives a much lower score.

CF ES Q019 0.375 1.000 Aya-Expanse-8B ¿La inmigración ofrece asilo a
refugiados políticos perseguidos
en otros lugares?

Ofrecer asilo a refugiados políticos es un
acto de solidaridad y respeto a los derechos
humanos que fortalece la imagen y los val-
ores de un país.

Judge rewards humanitarian fluency and moral
plausibility; humans penalise limited culturally
situated reasoning.

CF ES Q043 0.125 0.750 Llama-3.1-8B ¿Con qué frecuencia las noticias
de televisión favorecen al par-
tido gobernante durante las elec-
ciones?

Es frecuente que los medios de comu-
nicación, especialmente los públicos,
muestren un sesgo favorable al partido en
el poder.

Judge over-scores a fluent but generic political
commentary against a very low human refer-
ence.

CF ES Q046 0.125 0.750 Llama-3.1-8B ¿Con qué frecuencia los fun-
cionarios electorales actúan de
manera justa?

Los funcionarios electorales suelen actuar
con profesionalidad y respeto a la ley, espe-
cialmente en democracias consolidadas.

Judge rewards institutional-sounding reason-
ing; humans judge the explanation as insuffi-
ciently grounded.

CF ES Q012 1.000 0.500 Gemma-2-9B ¿Los hijos adultos tienen el deber
de cuidar a sus padres mayores?

En España, aunque el Estado ofrece apoyos
para la dependencia, culturalmente sigue
existiendo una fuerte tradición de solidari-
dad intergeneracional.

Under-scoring error: judge fails to recognise a
highly culturally grounded explanation.

DEV EN Q007 0.000 1.000 Qwen2.5-7B Cuando hay escasez de empleo,
¿los hombres deberían tener más
derecho al trabajo que las mu-
jeres?

Las oportunidades laborales deben basarse
en las capacidades, la formación y la justi-
cia, no en el género.

Judge assigns maximum drift; humans identify
no drift.

DEV EN Q003 0.000 0.750 Qwen2.5-7B ¿Los hombres son mejores
líderes políticos que las mu-
jeres?

La capacidad de liderazgo no depende del
género, sino de cualidades como la in-
teligencia, la empatía y la toma de deci-
siones.

Explanation remains aligned with the gender-
leadership question; judge substantially over-
estimates drift.

DEV EN Q011 0.000 0.500 Aya-Expanse-8B ¿Tener hijos es un deber hacia la
sociedad?

Aunque tener hijos puede contribuir a la so-
ciedad, la elección personal, las circunstan-
cias y la realización individual deben tener
prioridad.

Judge assigns moderate drift where humans
identify none, likely penalising a different but
still relevant framing.

DEV EN Q027 0.000 0.500 Aya-Expanse-8B ¿Con qué frecuencia ocurre com-
portamiento racista en tu barrio?

Aunque ninguna comunidad está comple-
tamente libre de prejuicios, el compor-
tamiento racista abierto no es común en la
mayoría de los barrios.

Judge over-detects drift; explanation remains
focused on the intended neighbourhood-racism
question.

DEV EN Q025 0.000 0.500 Gemma-2-9B ¿Con qué frecuencia ocurre con-
sumo de alcohol en público en tu
barrio?

Aunque puede haber consumo ocasional de
alcohol en algunas zonas, no es un prob-
lema generalizado ni diario.

Judge assigns moderate drift; humans treat the
explanation as aligned with the question.

LA Q038 1.000 0.500 Aya-Expanse-8B ¿El gobierno debería tener dere-
cho a mantener a las personas
bajo videovigilancia en zonas
públicas?

Aunque la videovigilancia puedemejorar la
seguridad, en España se prioriza el derecho
a la privacidad y existen límites legales para
su uso.

Judge under-scores a case where the Spanish ex-
planation preserves the English stance and adds
locally relevant legal framing.

LA Q019 1.000 0.500 Gemma-2-9B ¿La inmigración ofrece asilo a
refugiados políticos perseguidos
en otros lugares?

España cumple con sus compromisos inter-
nacionales en materia de asilo y protección
de personas perseguidas por razones políti-
cas.

Judge gives only a moderate score despite a
Spanish explanation that preserves the stance
and adds Spain-specific context.

LA Q023 1.000 0.500 Gemma-2-9B ¿La inmigración genera conflic-
tos sociales?

La mayoría de los inmigrantes se integran
sin problemas, aunque pueden existir ten-
siones si no hay políticas adecuadas de in-
tegración.

Judge under-recognises acceptable cross-
lingual adaptation between English and
Spanish immigration explanations.

LA Q024 1.000 0.500 Llama-3.1-8B ¿Con qué frecuencia ocurre robo
en tu barrio?

Según las estadísticas del Ministerio del
Interior, la mayoría de barrios españoles
tienen tasas de robos bajas.

Judge penalises cross-lingual variation even
though the Spanish explanation preserves the
stance and adds local institutional grounding.

LA Q025 1.000 0.500 Llama-3.1-8B ¿Con qué frecuencia ocurre con-
sumo de alcohol en público en tu
barrio?

Aunque el consumo de alcohol en la calle
es habitual en zonas de ocio nocturno, no
suele ser un problema diario en la mayoría
de barrios.

Judge under-scores adaptation although the
Spanish explanation preserves the main reason-
ing and adapts it to a Spanish social context.

Language Response Model n MAE ↓ RMSE ↓ Bias Pearson r p 95% CI

Arabic GPT-4o 2250 0.164 0.251 0.023 0.719 < .001 [0.699, 0.738]
Arabic DeepSeek 2250 0.166 0.232 0.029 0.721 < .001 [0.701, 0.741]
Arabic FANAR 2250 0.177 0.251 0.112 0.761 < .001 [0.744, 0.778]

Bengali GPT-4o 2250 0.176 0.249 -0.008 0.535 < .001 [0.505, 0.564]
Bengali DeepSeek 2250 0.163 0.223 0.045 0.612 < .001 [0.585, 0.637]

Spanish GPT-4o 2250 0.159 0.226 0.026 0.809 < .001 [0.794, 0.823]
Spanish DeepSeek 2250 0.169 0.231 -0.052 0.830 < .001 [0.816, 0.842]

Table 31: Judge–human agreement by response-generation model, aggregated over judge models and CRaFT
metric–condition pairs within each language (normalised 0–1 scale). Pearson CIs use Fisher transformation and
should be interpreted as descriptive intervals for this diagnostic analysis.
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F GPT-4.1 and Six-Judge Diagnostics
This section reports additional diagnostics after adding GPT-4.1 as a proprietary reference judge. The
analysis uses the same judge inputs and human-reference alignments as the open-weight judges. For
cross-metric comparison, errors are computed on the normalized 0–1 scale used in the main results.

Figure 18: Metric-wise judge–humanMAE across Arabic, Bengali, and Spanish under the six-judge setting. Values
are reported on the normalized 0–1 scale; lower values indicate closer agreement with human annotations.

Figure 19: Metric-wise judge bias across Arabic, Bengali, and Spanish under the six-judge setting. Values report
normalized signed error, where positive values indicate over-scoring relative to humans and negative values indicate
under-scoring.
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Figure 20: Metric-wise ordinal judge–human agreement across Arabic, Bengali, and Spanish under the six-judge
setting. Values report Kendall’s τ , where higher values indicate stronger rank agreement with human annotations.

Figure 21: Overall six-judge ranking by normalized MAE across all languages and CRaFT metric–condition pairs.
Lower values indicate closer agreement with human annotations.
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Figure 22: Language-wise judge–human MAE by judge under the six-judge setting. Values are reported on the
normalized 0–1 scale.

Figure 23: Pairwise comparison of GPT-4.1 against open-weight judges usingWilcoxon signed-rank tests over item-
level normalized absolute errors. Each cell reports the mean error difference between GPT-4.1 and the comparison
judge; negative values indicate lower error for GPT-4.1. Significance markers denote Holm-corrected p-values (*
p < .05, ** p < .01, *** p < .001).
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Figure 24: Native-scale pairwise comparison of GPT-4.1 against open-weight judges. Negative values indicate
lower native absolute error for GPT-4.1. This diagnostic mixes 1–5 rubric metrics with 0–1 Deviation scores and
is therefore reported as a supplementary robustness view rather than the primary comparison.

The normalized comparison shows that GPT-4.1 significantly outperforms all open-weight judges in
Spanish and several judges in Arabic, but it is not significantly better than the strongest Qwen judges
overall. Bengali shows the opposite pattern: GPT-4.1 has higher error than the strongest Qwen-based
judges. The native-scale diagnostic leads to the same broad conclusion, although its magnitude should
be interpreted cautiously because it combines metrics with different original score ranges.

G Additional Robustness Analyses

Following concerns about annotation ambiguity, score variance, multilingual transfer, and systematic
judge bias, we conducted four additional analyses using the existing human annotations and judge out-
puts. These analyses are intended as robustness checks rather than causal validation of the structural–
interpretive distinction.

G.1 Human-Agreement-Stratified Analysis

We first examined whether the structural–interpretive reliability gap could be explained primarily by in-
stability in the human reference. Restricting evaluation to items with high agreement between the two
human annotators preserves the overall pattern.

Structural Interpretive
MAE 0.119 0.194
Mean Spearman ρ 0.560 0.240

Table 32: Judge–human agreement on high-human-agreement items. Structural dimensions continue to show
stronger alignment with human judgments than culturally interpretive dimensions.

Cultural Fluency (CF) remains difficult even within this comparatively stable subset, with MAE =
0.215 and Spearman ρ = 0.143. Thus, poor judge–human agreement on interpretive dimensions cannot
be attributed solely to items on which the human annotators themselves disagree.

G.2 Variance-Normalized Error

Because the evaluation dimensions differ in their human-score variance, we also normalize MAE by the
standard deviation of the corresponding human scores.

The difference becomes smaller after normalization, indicating that score-distribution effects contribute
to the observed gap, but they do not eliminate it. At the metric level, CF remains a clear outlier.
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Evaluation group MAE / Human SD
Structural 0.615
Interpretive 0.644

Table 33: Error normalized by human-score variability.

Metric MAE / Human SD Spearman ρ

Cultural Fluency 0.975 0.137

Table 34: Variance-normalized error and rank correlation for Cultural Fluency.

G.3 English vs. Target-Language Evaluation
We next use the English evaluation as a control to examine whether the difficulty of Cultural Fluency
arises only from multilingual transfer.

Condition CF MAE Spearman ρ

English 0.178 0.238
Target language 0.237 0.028

Table 35: Cultural Fluency judge–human agreement under English and target-language evaluation.

CF remains comparatively difficult under English evaluation and degrades further in the target-language
condition. This suggests that multilingual transfer contributes to the difficulty of cultural evaluation but
does not fully account for it.

G.4 Direction of Cultural-Fluency Bias
Finally, we examinewhether CF disagreement fluctuates randomly around the human reference or exhibits
a consistent direction.

Language Over-scoring CF Under-scoring CF
Arabic 4/6 2/6
Bengali 6/6 0/6
Spanish 4/6 2/6

Table 36: Direction of mean Cultural Fluency bias across the six judge models.

The dominant tendency is CF over-scoring, particularly in Bengali where all six judges over-score
relative to the human reference. This indicates that the disagreement is not purely random. However, the
direction of bias alone does not establish its underlying cause, which may involve cultural knowledge,
rubric interpretation, calibration, or other evaluator properties.

5588


