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Parallel translation simplifies multilingual evaluation, but it does not guarantee
equivalent model behavior. This study evaluated a quantized 135-million-parameter
multilingual language model on the English, Arabic, and Chinese test slices of
Global-MMLU-Lite. Six complete native and retrieval-augmented runs produced
2,400 item-level predictions. Cross-language inference used 390 genuinely aligned
items, including equal numbers of culturally sensitive and culturally agnostic
questions; a 387-item strict cohort excluded three questions with duplicated answer
options. Native accuracy was 26.7% in English, 26.9% in Arabic, and 25.6% in
Chinese, yet native-condition prediction agreement ranged from 3.3% to 52.8%,
with Cohen’s k between -.058 and .015. Same-language retrieval changed accuracy
by -1.0, 0.5, and +2.8 percentage points, respectively; none of the paired effects
survived Holm correction. Culturally sensitive items were directionally harder in
every native-language condition, although all bootstrap intervals included zero.

Calibration differed more sharply than accuracy: native expected calibration error
was .102 in English, .069 in Arabic, and .308 in Chinese. Cross-fitted temperature
scaling reduced these values mainly by flattening probabilities toward the four-
choice uniform distribution, while selective risk remained high. Native Arabic and
Chinese prompts required 3.04 and 2.12 times as many tokens as English prompts.
The results show that score parity can coexist with different decisions, confidence
failures, and token burdens. Translation equivalence should therefore be evaluated
jointly through accuracy, item-level agreement, calibration, selective risk, and token
burden.

1. Introduction

Multiple-choice benchmarks are widely used to evaluate language-model knowledge. MMLU established an examination format
spanning academic and professional subjects (Hendrycks et al., 2021), while multilingual extensions either translate common
items or collect questions within particular educational settings. ArabicMMLU and CMMLU follow the latter approach (Koto et al.,
2024; H. Li et al., 2024); Global MMLU combines translated content with cultural annotation (Singh et al., 2025). These designs
answer different questions about language, knowledge, and culture.

Translation is an imperfect control. It can preserve a designated answer while changing lexical frequency, syntax, option
plausibility, or access to learned knowledge. A culturally sensitive source item may also remain culturally specific in every
language; its Arabic or Chinese rendering is not thereby a test of Arabic or Chinese cultural knowledge. Cultural sensitivity is
consequently treated here as an item property rather than a property of the prompt language (Hershcovich et al,, 2022; Naous et
al., 2024).

Accuracy alone cannot reveal whether aligned versions elicit the same decisions or whether errors carry reliable confidence.
Calibration separates predictive probability from correctness (Guo et al., 2017; Jiang et al., 2021), and multilingual models can
show language-dependent reliability despite shared parameters (Ahuja et al., 2022; Yang et al., 2026). Expected calibration error,
proper scoring rules, and selective risk therefore complement paired accuracy.

1 © 2026 The Author(s). This open access article is distributed under the terms and conditions of the Creative Commons Attribution-NonCommercial-
ShareAlike 4.0 International (CC- BY-NC-SA) License (https://creativecommons.org/licenses/by-nc-sa/4.0/), published by Stout Journals, London, United Kingdom
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Seen this way, multilingual equity is a reliability problem rather than a score-comparison problem. Cross-domain work has paired
prediction with calibrated uncertainty, distribution-free intervals, rejection policies, and risk-bounded operating rules in capacity
planning, credit decisions, and medical vision—-language classification (He et al., 2023; Y. Chen et al,, 2023; Jin et al,, 2024b; S.
Chen et al, 2024; Lu & Zou, 2026). These application areas are not evidence about multilingual language models, but they
establish a transferable measurement principle: acceptable top-label accuracy does not guarantee that confidence is usable for
triage. Fair credit scoring likewise shows why subgroup interpretation and explanations must accompany a headline score (Xin,
2026d).

Language can also be treated as a structured domain shift: the intended content is shared, whereas script, lexical frequency,
tokenization, and learned associations change. Studies of cross-cloud transfer, cross-dataset activity recognition, approximately
shared features, calibrated fusion, and rank uncertainty show that common structure can coexist with environment-specific error
or ordering (He et al., 2024; J. Zhang, 2025; Zhong, Pan, et al., 2025; Xin, 2025b; Zhong & Ling, 2024a, 2024b). A vision—-language
consistency study makes a related distinction between structural preservation and surface agreement (Y. Chen & Li, 2025). Here
these works are methodological analogies, not direct evidence about translation.

This study evaluates SmolLM2-135M Multilingual Base under native zero-shot scoring, a reference-English pivot, and subject-
restricted same-language retrieval-augmented in-context learning. It asks whether English, Arabic, and Chinese differ in forced-
choice accuracy, agreement, calibration, cultural-item performance, and token burden; whether retrieval or the English
representation changes those differences; and whether confidence can support selective answering. The compact checkpoint is a
diagnostic case rather than a proxy for frontier systems. Iltem-level pairing ensures that translated versions remain dependent
observations throughout calibration and resampling.

2. Literature Review

Global MMLU pairs translated questions with cultural-sensitivity annotation and shows that culturally sensitive and agnostic
subsets can alter model rankings (Singh et al., 2025). Global-MMLU-Lite supplies a balanced compact subset (Cohere Labs, 2024),
while Belebele demonstrates the broader value of parallel content for paired comparison (Bandarkar et al., 2024). Alignment
controls source content but cannot eliminate translation-induced difficulty.

Native ArabicMMLU and CMMLU instead reflect their own educational settings (Koto et al., 2024; H. Li et al., 2024). BLEnD and
Arabic-English cultural evaluations further show that region, framing, and prompt language can interact (Myung et al., 2024;
Naous et al, 2024). OMoS-QA likewise documents the difficulty of cross-language correspondence between questions and
evidence (Kleinle et al., 2024). The present design therefore pairs items by verified content and treats English as a reference
representation, not as the output of a machine-translation system.

Cross-language evidence access becomes more consequential when a system remembers earlier sessions, personalizes retrieval,
or supports sensitive dialogue. Confidence-gated memory controls whether content should be written or retrieved (Sun et al,
2023), federated topic-preference learning adds privacy constraints (Kuo et al, 2025), and counseling and conversational-
recommendation systems couple retrieval with ranking or response generation (Y. Zhang & H. Zhang, 2025a; Xin, 2026b). A
multilingual humanitarian RAG study is the closest deployment analogue because it joins evidence access, answerability,
calibration, and interface-level trust across languages (Y. Chen & Xu, 2026). Strategy-controlled emotional-support dialogue and
segment-level representation learning further illustrate that language behavior can vary by interaction context and subgroup (Y.
Zhang & Zhou, 2026; Xin, 2026g).

Expected calibration error summarizes reliability but depends on binning; negative log-likelihood and the multiclass Brier score
provide complementary proper scores (Brier, 1950; Guo et al, 2017). For forced choice, normalizing admissible label logits
targets the evaluated decision, although arbitrary answer symbols can carry a prior. Contextual calibration estimates that prior
from a content-free input (Zhao et al., 2021). Question-answering calibration can remain poor (Jiang et al., 2021), vary across
languages (Ahuja et al,, 2022), and fail to transfer from English (Yang et al., 2026).

Calibration also interacts with subgroup composition and decision policy. Uplift and privacy-robust incrementality studies
foreground heterogeneous effects rather than a single population average (Mu et al, 2023; Bai, Wang, et al., 2026), while
extreme-imbalance fraud and bankruptcy studies show how class structure can make aggregate accuracy misleading (Jin et al.,
2024a; Y. Chen et al, 2024). Conservative off-policy selection offers a parallel for acting only when a policy is adequately
supported (Ye et al,, 2026). The present cultural-label contrasts do not use those methods, but they follow the same reporting
discipline: disaggregate first, attach uncertainty, and avoid interpreting a small overall difference as behavioral equivalence.
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Selective prediction ranks items by confidence and measures retained error as coverage changes (El-Yaniv & Wiener, 2010).
Domain shift can disrupt that ranking (Kamath et al., 2020), while multilingual feedback produces language-dependent
abstention behavior (Feng et al., 2024). Risk—coverage analysis therefore tests whether confidence has operational value beyond
its absolute calibration.

Selective prediction must also be distinguished from safety refusal. Confidence-based withholding ranks uncertain cases; red-
team guardrail updates, evidence-based self-verification, and multistage refusal instead target adversarial or harmful behavior
(Zheng et al.,, 2023; Zheng et al.,, 2024; Zheng & Li, 2024). Dark-pattern explanation shows that apparently ordinary microcopy
may encode a separate behavioral risk, while prompt-injection risk cards and attack-chain sequence models emphasize human
oversight and traceability (Xu et al,, 2025; Su, Rao, et al., 2026; Bai, Chen, et al., 2026). Numerical guardrails and generalist-agent
trajectory diagnostics similarly argue for evaluating the control layer around an answer, not only the answer itself (Z. Li et al.,
2026; Zhong et al,, 2026). Accordingly, the risk—coverage curves below are evidence about confidence ranking, not claims of
jailbreak robustness or safe conversational refusal.

Retrieval-augmented generation grounds responses in selected context (Lewis et al., 2020), including across languages (Asai et
al, 2021), but multilingual RAG remains sensitive to prompt language, script, and evaluation design (Chirkova et al., 2024). Here
retrieval selects solved same-language development examples rather than factual passages. Subject restriction limits irrelevant
demonstrations, and language matching keeps retrieval quality distinct from translation quality.

Recent RAG work further separates retrieval success from answer faithfulness. Evidence-grounded DevOps QA and bilingual
incident triage evaluate grounding in operational corpora (B. Zhang et al,, 2024; Liu et al., 2024); evidence-chain systems add
word-level attribution or deterministic provenance (C. Li et al., 2024; Jin, 2025a). Budgeted multi-hop retrieval makes context
selection an explicit policy, while unanswerable-question RAG makes evidence sufficiency and abstention first-class outcomes
(Su et al,, 2025; Zhong, Chen, et al,, 2025). Retrieval-quality prediction likewise treats the retriever as a component that must be
evaluated rather than an assumed source of improvement (R. Zhang et al., 2025). These distinctions are central here because
solved examples can change the model's answer distribution even when they do not supply the missing fact.

Similar separations appear across code intelligence, accounting review, scientific verification, legal governance, and personalized
recommendation. Retrieval-summary integration keeps finding and explaining distinct (Y. Li, 2024); accounting-aware retrieval,
prototype-based log explanation, and financial-search reranking expose different retrieval and ranking stages (Y. Chen et al,
2025; Xin, 2025a; Meng et al,, 2026). Scientific claim verification, review-grounded recommendation, and multi-regulation legal
RAG require a visible chain from source to conclusion (Su, Chen, et al,, 2026; Chang et al.,, 2026; J. Li & Zhou, 2026). Retrieval-
grounded HDFS narratives and cost-aware AlOps routing add deterministic explanation and routing constraints (Sun et al.,, 2026;
C. Li et al,, 2026). These are application examples rather than multilingual benchmark evidence, but collectively they motivate
reporting the measured retrieval effect instead of presuming that more context is better.

Compact-model evidence also supports a narrow validity boundary. TinyLLM intrusion detection demonstrates that small
checkpoints can be operationally useful while remaining capacity-limited (Lu & Zhou, 2024); multisource root-cause attribution
and self-supervised LogBERT-style anomaly detection show how representation choices alter downstream diagnostics (Liu et al.,
2023; Xin, 2026h). Conformal alert control and forensic sequence narratives place uncertainty and localization around those
predictions (Xin, 2026e, 2026f). The comparison to security and operations is deliberately limited: it supports disciplined, task-
specific evaluation of compact models, not transfer of their substantive performance to multilingual reasoning.

How reliability is communicated is a separate design problem. Medical explanation and safety cards organize confidence,
uncertainty, and limitations for nonexpert readers (Zhong, Wu, et al., 2025; Zhou et al., 2025; T. Ye et al,, 2025; C. Li et al.,, 2025).
Recommendation and scientific-search cards similarly tie a model output to supporting evidence and calibrated trust (B. Zhang
et al, 2025; Jin, 2025b). These proposals do not validate any interface in the present study; they explain why calibration gaps,
selective risk, and cultural-item uncertainty should be visible rather than compressed into one accuracy number.

Other evidence-centered interfaces emphasize hierarchy, editable rationale, and human judgment. Accounting-disclosure cards,
text-grounded design rationales, visual briefs, and risk dashboards make sources and uncertainty inspectable (K. Zhang et al,
2025; Wu et al, 2025; Tu et al., 2025; Z. Li et al,, 2025). Capacity-dashboard cards translate forecast risk into an operational
decision, whereas design-critic alignment warns that fluent model feedback can diverge from human judgment (Liu et al., 2025;
Y. Li et al, 2025). Evidence-linked counseling cards, designer-editable briefs, and incident-visualization cards extend the same
principle to sensitive or operational workflows (Y. Zhang & H. Zhang, 2025b; Mu et al., 2026; Nie et al., 2026).
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3. Methodology

The experiment used the English, Arabic, and Chinese Global-MMLU-Lite test slices (Cohere Labs, 2024). Each has 400 items, 43
subjects, four answer options, a gold label, and cultural and topical metadata. Every slice contains 200 culturally sensitive and
200 culturally agnostic items; the supplied cultural label was retained as an item annotation.

Table 1 reports the identical broad-category composition of the three test slices.

Table 1. Broad-category composition of each 400-item language slice. CA = culturally agnostic; CS = culturally sensitive.

Category CA Cs Total
Business 29 29 58
Humanities 51 51 102
Medical 18 18 36
Other 28 28 56
STEM 23 23 46
Social Sciences 51 51 102

The full cohort supports language-specific summaries. Ten Chinese high_school_world_history rows differ in content from their
English and Arabic identifier matches; removing them yields a 390-item aligned cohort with 195 culturally sensitive and 195
culturally agnostic cases. Cross-language and pivot analyses use this cohort.

A strict cohort also removes three questions with duplicated options: international_law/test/51 (A/B in all languages),
business_ethics/test/44 (Arabic A/D), and miscellaneous/test/473 (Chinese C/D). Its 387 items comprise 193 culturally sensitive
and 194 culturally agnostic cases. This exclusion avoids treating collapsed semantic choices as four distinct alternatives.

Figure 1 summarizes the audit and cohort construction.

Dataset audit and analytic cohorts

exclude 10 Chinese exclude 3 duplicatef
content-10 mismatches collapsed-option items

1,200 benchmark rows 390 aligned item triples 387 strict item triples
400 per language 195 CA + 195 CS 194 CA + 193 CS

Figure 1. Dataset audit and construction of the full, aligned, and strict analytic cohorts.

The model was SmolLM2-135M Multilingual Base, a 50-language checkpoint (Agentlans, 2025; Hugging FaceTB, 2025), in GGUF
Q4_K M quantization (Radermacher, 2025). The file checksum was
52c76ba0c5572d6batlabddc48ca18d58d3c8b995bdbf4260682e2ea783df5e90. CPU inference used llama-cpp-python 0.3.16, one
thread, batch size 1,024, and seed 20260729. Native, English-retrieval, and Chinese-retrieval runs used 4,096-token contexts.
Arabic retrieval used 8,192 after preflight identified a 5,621-token maximum. Every completed prompt fit its context without
truncation.

Prompts kept a common information order: localized instruction, target marker, question, options A-D, and answer cue. Retrieval
prompts placed two localized solved demonstrations before the target. Rather than generate text, the scorer extracted the final-
position logits of the four Latin answer labels, verified as distinct single tokens 49-52. A same-language content-free prompt
replaced the question and options with N/A; its logits were subtracted from native and retrieval logits, then normalized with a
four-way softmax (Zhao et al, 2021). Retrieval used the same zero-shot baseline, without demonstrations. The top corrected
probability supplied the prediction and confidence. Raw scores were retained for option-bias analysis, and input length included
the beginning-of-sequence token.
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The native zero-shot condition presented each item in its dataset language without demonstrations.

The reference-English pivot reused the English native prediction and probability vector for each aligned Arabic or Chinese
identifier. It isolates the human-curated English representation without introducing a translation system or another model call.

The retrieval-augmented in-context learning condition selected from the five official same-language development items in each
subject. Character-boundary TF-IDF used two- to five-character n-grams, minimum document frequency one, sublinear term
frequency, L2 normalization, and cosine similarity. English was lowercased; Arabic and Chinese were unchanged. Stable source
order broke ties, and the top two solved items became demonstrations. Test answers never entered the index, and the dataset's
reference field remained annotation metadata.

Accuracy used the highest-probability label. Calibration used the complete four-class distribution: negative log-likelihood, the
unscaled multiclass Brier score, and expected calibration error (ECE). ECE used 10 equal-count bins overall and five for cultural
and category cells, with stable ordering of confidence ties. Reliability plots compare binwise mean confidence and accuracy.

Five folds were stratified by cultural label and category from English identifiers, then reused across conditions and languages. In
each training portion, scalar temperature minimized NLL over T € [0.05, 20] and was applied to held-out corrected logits.
Regimes were language-specific, pooled multilingual, and English transfer; pivot transfer used the English-native temperature
(Ahuja et al.,, 2022; Yang et al., 2026). Native and retrieval fitting used 400 rows; pivot fitting used 390. Primary comparisons used
the aligned cohort, cohort sensitivity used full and strict sets, and raw-option diagnostics used all 400 items.

Selective prediction was an offline withholding rule, not observed refusal. At coverage ¢, the [cn] highest-confidence items were
retained. Mean cumulative error defined area under the risk—coverage curve; fixed risks used 50%, 70%, 80%, and 90% coverage.
Curves used pre-temperature contextual probabilities (El-Yaniv & Wiener, 2010).

Accuracy received 95% Wilson intervals. Aligned paired differences in accuracy, NLL, and Brier score were resampled 10,000
times within category-by-cultural strata (Efron & Tibshirani, 1994). Cultural contrasts used independent category-stratified
bootstraps because the sensitive and agnostic sets were disjoint. ECE and selective-risk measures remained descriptive.

Contrasts were English minus Arabic, English minus Chinese, Arabic minus Chinese, retrieval minus native, pivot minus native,
and culturally sensitive minus agnostic. Eleven paired accuracy tests used exact two-sided McNemar values (McNemar, 1947)
with one Holm correction family (Holm, 1979). Paired prompt-token ratios received stratified bootstrap intervals; category
analyses were secondary. Fold and resampling seed was 20260729.

The validity boundary is one compact quantized base model and one translated benchmark, with possible MMLU-like pretraining
exposure. Quantization may alter logit spacing. Cultural annotations concern situated source knowledge, not whole
communities, and the English pivot does not estimate machine-translation cost or error.

4. Results and Discussion

All six inference cells contained 400 predictions with 400 unique sample identifiers. None of the 2,400 scored prompts was
truncated, including the longest Arabic retrieval prompt at 5,621 tokens. Table 2 links every completed run to the aligned and
strict cohorts used in subsequent comparisons. This execution record matters because missing cases or language-specific
truncation would otherwise change the composition of paired estimates.
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Table 2. Prediction-file audit and analytic-cohort coverage.
Language Condition Rows | Unique IDs Aligned n Strict n Truncated
English Native 400 400 390 387 0
English Retrieved 400 400 390 387 0
Arabic Native 400 400 390 387 0
Arabic Retrieved 400 400 390 387 0
Chinese Native 400 400 390 387 0
Chinese Retrieved 400 400 390 387 0

On the 390 aligned items, native-language accuracy remained close to the 25% chance level: 26.7% for English (95% Cl [22.5%,
31.3%]), 26.9% for Arabic ([22.8%, 31.5%)]), and 25.6% for Chinese ([21.6%, 30.2%)]). Table 3 reports the corresponding confidence
and proper-score metrics, and Figure 2 displays the Wilson intervals. None of the three native-language accuracy contrasts was
significant after Holm correction. Aggregate scores alone would therefore suggest little linguistic disparity.

Table 3. Accuracy and calibration metrics on the 390-item aligned cohort. ECE = expected calibration error; NLL = negative log-

likelihood.
Language Condition n Accuracy (%) 95% CI (%) Confidence ECE | NLL rBrie
English Native 390 | 267 [225,313] | 0367 8; l; (7)77
English Retrieved 390 | 256 [21.6,30.2] 0407 (5)51 (1)55 828
Arabic Native 390 | 269 [22.8, 31.5] 0322 gé) 174 2'57
Arabic Retrieved 390 | 264 [22.3, 31.0] 0.468 242 135 g:
Arabic English pivot | 390 | 26.7 [22.5,31.3] 0.367 8'21 lg 277
Chinese Native 390 | 256 [21.6, 30.2] 0.564 85 147 ?‘5
Chinese Retrieved 390 | 285 [24.2,33.1] 0.551 272 ;28 8:
Chinese English pivot | 390 | 26.7 [22.5, 31.3] 0.367 821 lg (7)77
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Figure 2. Aligned-cohort accuracy with 95% Wilson confidence intervals.

The item-level decisions told a different story. As Table 4 shows, native prediction agreement was 17.9% between English and
Arabic, 52.8% between English and Chinese, and only 3.3% between Arabic and Chinese. Cohen’s k was -.058, .015, and -.001,
respectively. Retrieved-condition agreement rose to 40.3%, 77.4%, and 48.7%, but k remained modest at .026, .283, and .124.
Similar accuracy thus arose from substantially different answer patterns. This distinction is consistent with the broader finding
that multilingual benchmark scores can conceal language- and culture-conditioned behavior (Singh et al., 2025): translation held
the intended answer constant, but it did not make the model’s decision process invariant.

Table 4. Paired cross-language contrasts and answer agreement on the aligned cohort. Accuracy differences are in percentage

points.

. Pair 95% CI | NLL Brie Agreement Hol
Comparison s Accuracy A (pp) @) A FA %) K -
English native — Arabic native 390 -0.3 [-6.7, 6.2] ?'03 (2)'01 17.9 0.05 (1)'00

8
English native — Chinese native 390 1.0 [-4.1,5.9] 026 | 0.13 | 528 2'01 (1)'00
6 3
N ) ) i i i 1.00
Arabic native — Chinese native 390 13 [-5.6, 8.2] 029 | 0.14 | 33 0.00 0
7 5 1
Engillsh retrieved -  Arabic 390 08 (6.4, 4.6] 003 | 003 | 403 0.02 | 1.00
retrieved 6 0
8 6
Engillsh retrieved -  Chinese 390 28 (6.2, 0.5] 031 | 009 | 774 0.28 | 1.00
retrieved 3 0
8 7
Ara!:)lc retrieved -  Chinese 390 21 (7.2, 3.1] 027 | 006 | 487 0.12 | 1.00
retrieved 9 1 4 0
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Retrieval did not yield a consistent gain. Relative to native inference, it changed English accuracy by -1.0 percentage point (95%
Cl [-5.6, 3.6], Holm-adjusted p = 1.000) and Arabic accuracy by —0.5 points ([-6.4, 5.4], p = 1.000). Chinese retrieval increased
accuracy by 2.8 points ([0.8, 4.9]), but the exact paired test was not significant after correction (p = .211). Its NLL worsened by
.108 while its Brier score improved by .011, giving a mixed probabilistic result. The English pivot changed Arabic accuracy by -0.3
points ([-6.4, 6.2], p = 1.000) and Chinese accuracy by +1.0 point ([-3.8, 5.9], p = 1.000). Both pivot cells inherited the 26.7%
English accuracy by construction. Table 5 shows that neither intervention established a reliable improvement over direct native-
language inference. This result accords with multilingual RAG research showing that added context can introduce language- and
prompt-dependent effects rather than a uniform benefit (Chirkova et al., 2024).

The mixed retrieval effect is consistent with applied pipelines that separate evidence selection, diagnosis, explanation, and
routing rather than treating them as one operation (Liu et al., 2023; Xin, 2025a; Nie et al., 2026; C. Li et al,, 2026). The result
therefore does not indict RAG generally; it shows that two subject-matched demonstrations were not a uniformly beneficial
intervention for this compact model.

Table 5. Paired effects of same-language retrieval and the reference-English pivot. Accuracy differences are in percentage points.

Comparison Pair | Accuracy A | 95% Cl | NLL | Brie | Agreement < Hol
P S (pp) (pp) A ra | (%) mp
English retrieved - English [-5.6, 00 |00 0.2 1.0
native 390 | -10 3.6] 57 25 | O3 98 | 00
o S [-6.4, 01 | 00 i 1.0
Arabic retrieved — Arabic native 390 0.5 5.4] %6 73 25.9 0.0 00
43
Chinese retrieved - Chinese [0.8, 0.1 - 0.0 21
native 390 | 28 4.9] 08 (1)10 887 32 1
Arabic via English pivot — Arabic [-6.4, 00 |00 _ 1.0
native 390 03 6.2] 31 12 179 0.0 00
58
Ch!nese via English pivot - 390 | 1.0 [-3.8, 02 | 04 528 00 |10
Chinese native 5.9] 66 33 15 00

Calibration differences were larger than accuracy differences. Before temperature scaling, native English produced ECE = .102,
NLL = 1.448, and Brier = .777; Arabic produced .069, 1.417, and .765; and Chinese produced .308, 1.714, and .910. Figure 3
displays the contextual reliability curves, while Table 6 compares those probabilities with all three cross-fitted temperature
regimes. Temperature scaling left accuracy unchanged while reducing native ECE to .037-.051 for English and .051-.059 for both
Arabic and Chinese; NLL converged to approximately 1.386—-1.387 and Brier to .750. Most fold-specific temperatures reached or
approached the upper optimization bound of 20, however, and mean confidence approached .25. The improved scores therefore
came chiefly from flattening probabilities toward the four-choice uniform distribution, not from better ranking or additional
knowledge. Calibration must be interpreted together with discrimination rather than alone (Guo et al., 2017; Jiang et al., 2021).
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Table 6. Cross-fitted scalar temperature calibration for native inference on the aligned cohort.

Language | Calibration Accuracy (%) ECE NLL Brier | Mean confidence
English Contextual 26.7 0.102 | 1.448 | 0.777 | 0.367
English Language-specific T 26.7 0.051 | 1386 | 0.750 | 0.256
English Pooled multilingual T 26.7 0.037 | 1386 | 0.750 | 0.255
English English-transfer T 26.7 0.051 | 1386 | 0.750 | 0.256
Arabic Contextual 26.9 0.069 | 1417 | 0.765 | 0.322
Arabic Language-specific T 26.9 0.051 | 1.387 | 0.750 | 0.253
Arabic Pooled multilingual T 26.9 0.051 | 1.387 | 0.750 | 0.253
Arabic English-transfer T 26.9 0.059 | 1.387 | 0.750 | 0.253
Chinese Contextual 25.6 0308 | 1.714 | 0910 | 0.564
Chinese Language-specific T 25.6 0.059 | 1.387 | 0.750 | 0.265
Chinese Pooled multilingual T 25.6 0.051 | 1387 | 0.750 | 0.264
Chinese English-transfer T 25.6 0.059 | 1.387 | 0.750 | 0.265

Native-condition reliability on aligned items

English Arabic Chinese

1.0 - .
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Mean confidence Mean confidence Mean confidence

Figure 3. Contextual reliability diagrams for native predictions.

Confidence also supplied little basis for low-error selective answering. Native AURC was .709 for English, .742 for Arabic, and .758
for Chinese; retrieval yielded .759, .774, and .761. At 50% coverage, native risks were still 71.8%, 75.9%, and 77.9%, while retrieved
risks were 76.9%, 77.4%, and 78.5%. At 90% coverage, native risk remained between 72.9% and 74.9%. Table 7 gives all fixed-
coverage values, and Figure 4 traces the native-condition curves. Higher confidence did not identify a dependable low-risk
subset. This offline result does not describe conversational refusal, but it reinforces prior evidence that confidence-based
abstention can fail under multilingual or domain variation (Kamath et al., 2020; Feng et al., 2024).
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Table 7. Selective-prediction risk across conditions on the aligned cohort. AURC = area under the risk—coverage curve.

Language Condition AURC | Risk @ 50% Risk @ 70% Risk @ 80% Risk @ 90%
English Native 0709 | 718 747 74.0 735
English Retrieved 0.759 | 76.9 75.8 75.0 738
Arabic Native 0.742 | 759 747 734 729
Arabic Retrieved 0774 | 774 76.2 753 724
Arabic English pivot 0709 | 718 747 74.0 735
Chinese Native 0.758 | 779 75.5 75.0 749
Chinese Retrieved 0.761 | 785 744 734 726
Chinese English pivot 0709 | 718 747 74.0 735
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Figure 4. Native-condition risk—coverage curves.

Culturally sensitive items were directionally harder than culturally agnostic items in every native-language condition, although
uncertainty was substantial. The sensitivity-minus-agnostic gap was —2.1 points for English (95% CI [-10.8, 6.7]), —=7.7 points for
Arabic ([-15.9, 1.0]), and -5.1 points for Chinese ([-13.3, 3.6]). Under retrieval, the gaps were -3.1, 0.5, and -5.6 points; under
the English pivot, both Arabic and Chinese inherited gaps of —2.1 points. Every interval in Table 8 and Figure 5 crossed zero. The
repeated negative direction is worth monitoring, but the experiment does not establish a culturally sensitive item penalty.
Moreover, the annotation concerns the source knowledge required by each question; it should not be interpreted as a
comprehensive measure of the cultures associated with the three prompt languages (Hershcovich et al, 2022; Naous et al.,
2024).
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Table 8. Accuracy differences between culturally sensitive and culturally agnostic aligned items.

Language | Condition CA accuracy (%) CS accuracy (%) CS - CA (pp) 95% Cl (pp)
English Native 27.7 25.6 -2.1 [-10.8, 6.7]
English Retrieved 27.2 24.1 -3.1 [-11.8, 5.6]
Arabic Native 30.8 23.1 -7.7 [-15.9, 1.0]
Arabic Retrieved 26.7 26.2 -0.5 [-9.2,8.2]
Arabic English pivot | 27.7 25.6 -2.1 [-10.8, 6.7]
Chinese Native 282 23.1 -5.1 [-13.3, 3.6]
Chinese Retrieved 313 256 -5.6 [-14.4, 3.1]
Chinese English pivot | 27.7 25.6 -2.1 [-10.8, 7.2]
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Figure 5. Culturally sensitive minus culturally agnostic accuracy gaps with 95% bootstrap intervals.

Broad-category results further showed that the language relationship depended on content. Table 9 and Figure 6 report native
accuracy by category. Chinese reached 41.3% in STEM, compared with 32.6% for English and 13.0% for Arabic. Arabic reached
44.6% in the heterogeneous Other category, compared with 21.4% for English and 14.3% for Chinese. Chinese medical accuracy
was 16.7%, below English at 30.6% and Arabic at 27.8%. Business and social-science scores were more closely grouped. Because
several categories were small, these descriptive contrasts do not establish stable disciplinary strengths; they show that a single
overall language score averages over different subject mixtures of success and error.
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Table 9. Native accuracy by broad category on the aligned cohort.

Category English (%) Arabic (%) Chinese (%)
Business 224 27.6 25.9
Humanities 304 22.8 283
Medical 30.6 27.8 16.7
Other 214 446 143
STEM 326 13.0 413
Social Sciences 24.5 26.5 255
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Figure 6. Heatmap of native accuracy by language and broad category.

Prompt length imposed an additional, operational disparity. Native prompts averaged 123.1 English tokens, 393.0 Arabic tokens,
and 266.9 Chinese tokens. Arabic therefore required 3.04 times as many tokens as English (95% CI [3.00, 3.08]), while Chinese
required 2.12 times as many ([2.09, 2.14]). Retrieval increased the means to 369.5, 1,205.4, and 767.7 tokens, with Arabic-to-
English and Chinese-to-English ratios of 3.18 and 2.03. The medians and maxima in Table 10 confirm that the difference was not
driven only by a few long questions. Figure 7 summarizes the paired distributions as boxplots, with outliers suppressed for
legibility; the observed maxima remain in Table 10. These ratios combine script, tokenization, and surface-length effects, but
under a fixed model they translate directly into unequal context-processing burden. This limitation is especially relevant because
the model card cautions that the checkpoint retains an English tokenizer despite multilingual continued pretraining (Agentlans,
2025).

Operationally, these ratios are not cosmetic. Capacity research frames deployment under heterogeneous hardware, topology
shift, calibrated risk, and human-readable capacity decisions (He et al., 2023, 2024; Liu et al., 2025). The present experiment did
not measure latency, energy, or admission rates, but its two- to threefold token ratios identify a mechanism that can consume
context and compute unequally under a fixed serving budget.
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Table 10. Beginning-of-sequence-inclusive input-token burden on aligned items.

Languag | Conditio | Mean Median tokens Maximum Token ratio to EN Ratio 95%
e n tokens tokens Cl

English Native 123.1 92 578 — —

English Eet”e"e 369.5 272 1643 — —

Arabic | Native | 393.0 282 2104 3.04 3.00, 3.08]
Arabic Eet”e"e 12054 874 5621 3.18 [3.14, 3.22]
Chinese | Native 266.9 201 1287 2.12 [2.09, 2.14]
Chinese Eet”e"e 7677 549 3776 2.03 [2.01, 2.06]
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Figure 7. Prompt-token distributions by language and condition; outliers are suppressed in the display and observed maxima
appear in Table 10.

The forced-choice logits also revealed strong answer-symbol priors. As Table 11 and Figure 8 show, unadjusted scoring
predicted option A for 95.2% of English items, 100% of Arabic items, and 97.8% of Chinese items. Contextual correction
improved accuracy and ECE, but residual concentration remained: English selected D for 53.5% of items, Arabic selected B for
67.5%, and Chinese selected D for 99.2%. These language-specific shifts help explain how almost equal accuracies could coexist
with very low agreement. They support content-free label-prior correction in constrained multiple-choice prompting (Zhao et al.,
2021), while showing that one subtraction did not restore a well-dispersed decision distribution.
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Table 11. Raw and contextually corrected native answer-label distributions on all 400 items per language.

I;ngua Score Accuracy (%) ,c\faiiir:jence ECE Most predicted option | Option share (%)
English | Raw 230 0511 0281 | A 95.2

English E:l”te"t 260 0.369 0109 | D 53.5

Arabic | Raw 235 0.785 0550 | A 1000

Arabic E:l”te"t 26.8 0.322 0072 | B 67.5

Chinese | Raw 225 0.558 0333 A 978

Chinese E';’l”te"t 255 0.563 0308 | D 99.2
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Figure 8. Answer-option shares before and after contextual correction.

Finally, the main findings were stable across cohort definitions. Table 12 shows native accuracies of 26.0%, 26.7%, and 26.6% for
English in the full, aligned, and strict cohorts; the corresponding Arabic values were 26.8%, 26.9%, and 26.9%, and the Chinese
values were 25.5%, 25.6%, and 25.8%. Retrieved and pivot estimates were similarly stable. The audit exclusions therefore
protected the logic of paired comparison without creating the substantive pattern. Across cohorts, aggregate accuracy remained
nearly equal while decision agreement, calibration, selective reliability, response-option preference, and token burden differed
materially.

Human-facing auditability matters most when scores inform interventions. Rubric-grounded essay scoring, student-retention
rationales, and teacher-facing course explanations all make the evidence trail and uncertain cases available for review (Xin,
2026a, 2026¢; J. Zhang, 2026). For multilingual benchmarks, an analogous report should show language-specific accuracy,
confidence calibration, risk—coverage, item-level disagreement, and token burden together. Such reporting does not turn a
benchmark into a deployment interface; it prevents a single aggregate from standing in for linguistic equity.
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Table 12. Accuracy sensitivity to the full, aligned, and strict cohort definitions.

Language Condition Full 400 (%) Aligned 390 (%) Strict 387 (%)
English Native 26.0 26.7 26.6
English Retrieved 25.0 25.6 25.8
Arabic Native 26.8 26.9 26.9
Arabic Retrieved 26.0 26.4 26.1
Arabic English pivot — 26.7 26.6
Chinese Native 255 25.6 25.8
Chinese Retrieved 282 285 28.7
Chinese English pivot — 26.7 26.6

5. Conclusions

Translation equivalence did not produce linguistic equity for the evaluated model. English, Arabic, and Chinese native accuracy
differed by no more than 1.3 percentage points on aligned questions, yet native-condition answer agreement ranged from 3.3%
to 52.8%, Chinese native ECE reached .308, and confidence-based withholding left error rates above 71% even at 50% coverage.
Same-language retrieval and the English reference pivot did not yield a multiplicity-adjusted accuracy gain. Culturally sensitive
questions were consistently but inconclusively harder, with every bootstrap interval spanning zero. Arabic and Chinese prompts
also consumed substantially more context than English prompts.

These results make aggregate score parity an insufficient criterion for multilingual evaluation. At minimum, parallel benchmarks
should report item-level agreement, probabilistic calibration, selective risk, answer-symbol diagnostics, and language-specific
token burden alongside accuracy. Dataset audits must also verify semantic alignment rather than infer it from shared identifiers.
Here, nearly identical aligned- and strict-cohort estimates show that the results were insensitive to the exclusions.

The scope remains model-conditional. SmolLM2-135M Multilingual Base is a compact, quantized base checkpoint, and its
residual option collapse is not evidence about larger or instruction-tuned systems. The cultural annotation characterizes
benchmark knowledge assumptions, not whole language communities. For this model and dataset, translated questions
preserved their human answer key while eliciting different decisions, confidence structures, and token burdens. Multilingual
evaluation should treat those dimensions as part of equity rather than secondary diagnostics.
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