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Abstract

Multi-lingual competence in large language
models is often evaluated via static data bench-
marks such as Belebele, M-MMLU and M-
GSM. However, these evaluations often fail
to provide an adequate understanding of the
practical performance and robustness of mod-
els across multi-lingual settings. In response,
we create multi-lingual functional benchmarks
– Cross-Lingual Grade School Math Sym-
bolic (CL-GSM Symbolic) and Cross-Lingual
Instruction-Following Eval (CL-IFEval) – by
translating existing functional benchmark tem-
plates from English to five additional languages
that span the range of resources available for
NLP: French, Spanish, Hindi, Arabic and
Yoruba.

Our results show that the gap between static and
functional evaluations is highly uneven across
models and languages: the drop from Belebele
to CL-IFEval ranges from 15% to over 35%
depending on model and language, while M-
GSM and CL-GSMSym scores diverge substan-
tially across models, with some models scoring
higher on the functional benchmark and oth-
ers lower. Critically, functional benchmarks
not only expose larger language performance
gaps than static ones, but also produce different
model rankings – suggesting that static bench-
mark performance is an incomplete proxy for
multilingual deployment readiness. We further
find that model robustness varies significantly
across languages, with failures concentrated
in specific instruction categories and problem
families rather than distributed uniformly.

1 Introduction

Despite some meaningful progress, models operat-
ing in languages other than English have been reg-
ularly found to be more biased (Talat et al., 2022),
less safe (Yong et al., 2023) and overall meaning-
fully less performant and robust (Ojo et al., 2023).

Popular multi-lingual LLM evaluations, such as
Multilingual MMLU (M-MMLU) and the Multi-

lingual Grade School Math (M-GSM) benchmark
(Hendrycks et al., 2021; Shi et al., 2022; Cobbe
et al., 2021), while useful, often fail to capture
more meaningful indications of functional multi-
lingual model performance – that is, the robust
execution of a given prompt across a variety of
languages (see Figure 1). In this paper, we ex-
tend the scope of two English functional evalu-
ation datasets – IFEval (Zhou et al., 2023) and
GSM-Symbolic (Mirzadeh et al., 2024) – by trans-
lating their prompt templates into five additional
languages: French, Spanish, Hindi, Arabic and
Yoruba.

Our experiments show that the relationship be-
tween functional and static benchmark perfor-
mance varies significantly across models, lan-
guages, and benchmarks. While models often score
higher on static benchmarks than on functional
evaluations, the size of this gap varies substan-
tially, with some static benchmarks aligning much
more closely with functional performance than oth-
ers. More importantly, model rankings are not
stable across evaluation paradigms: a model that
appears superior under static evaluation may rank
substantially lower under functional evaluation for
the same languages. Language performance gaps
also vary significantly across settings as their mag-
nitude and direction shift across specific languages
and models. Finally, functional benchmarks sur-
face robustness failures that are concentrated in
specific instruction categories and problem fami-
lies, revealing that models can be stable for certain
task types yet brittle for others, regardless of lan-
guage resource level.

2 Related Work

Common multi-lingual data benchmarks such as M-
MMLU (Hendrycks et al., 2021; Lai et al., 2023a),
FLORES (Goyal et al., 2022), BeleBele (Bandarkar
et al., 2024), and XLSum (Hasan et al., 2021) pos-
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Figure 1: Description of the functional evaluation paradigm. Unlike with static data benchmarks, in the
functional evaluation paradigm, model input prompts are not fixed but generated through a fixed template and a set
of variables X (modifiable prompt attributes meant to impact model outputs) and a set of distractors D (modifiable
prompt attributes meant to be ignored). The ground truth in this setting is generated through a fixed functional
transformation f(X). For instance, the prompt “Sally bought 2 red apples and 3 green apples. How much fruit
did Sally buy?” is generated from the fixed template “{name} bought {n1} {color1} apples and {n2} {color2}
apples. How much fruit did {name} buy?”. This template involves the variables X = {n1, n2} and the distractors
D = {name, color1, color2}. The correct fixed output function in this case is f(X) = n1 + n2.

sess known limitations. The use of direct transla-
tion for many of these benchmarks has been cri-
tiqued as being devoid of realistic cultural con-
text (Romanou et al., 2024; Singh et al., 2024).
Furthermore, research reveals that English lan-
guage benchmark data contamination might dis-
tort reported benchmark performance in English
or possibly additional languages (as is the case
for MMLU (Dodge et al., 2021) and GSM (Zhang
et al., 2024)).

Functional evaluation involves templating a com-
mon benchmark with modifiable variables. For
example, GSM-Symbolic templates examples of
the static data benchmark GSM8k (Cobbe et al.,
2021) to generate input permutations. The ground
truth for the math problems is then calculated
using literal template-based functional mappings
from input values to the expected output (see Fig-
ure 1). Recent work has attempted to set up similar
symbolic annotations for natural language bench-
marks (Hennigen et al., 2023), and we can see a
similar verifiable, function-based template format
with instruction-following benchmarks (Liu et al.,
2024; Chang et al., 2023) such as the IFEval dataset
Zhou et al. (2023). Although some concurrent work
– a proposed Multi-lingual IFEval (M-IFEval) (Dus-
solle et al., 2025) – has attempted to translate the
IFEval template to Spanish, French and Japanese,
we have yet to see more systematic analysis of
how such functional evaluations can inform bet-
ter assessments of performance and robustness in
multi-lingual deployment settings.

3 Benchmark Datasets and Templates

We construct multi-lingual functional benchmarks
by translating (a) the 100 English GSM-Symbolic
templates (Mirzadeh et al., 2024) and (b) the 541
English IFEval prompts (Zhou et al., 2023) each
containing at least one verifiable instruction into
French, Spanish, Yoruba, Hindi, and Arabic. Fol-
lowing Bang et al. (2023); Lai et al. (2023b), we
refer to languages by ISO 639-1 codes and select
them to span resource levels based on Common-
Crawl coverage (Table 5).

Initial translations are produced with Google
Translate (Wu et al., 2016). We then conduct
native-speaker validation of all translated GSM-
Symbolic templates and all translated IFEval
prompts before any GSM-Symbolic item instan-
tiation.

Validators and recruitment. For each language,
we recruited at least two native speakers to val-
idate translations. Validators were recruited pri-
marily from students at a US-based university. For
Yoruba, we additionally recruited a native speaker
based in Nigeria to ensure dialectal and cultural
appropriateness in a low-resource setting.

Quality control, rubric, and prompt filter-
ing. Validation followed a structured rubric (Ap-
pendix F). Validators compared each translated
prompt or template against the English source to
ensure fidelity to meaning, intent, and constraint
strength, and to verify that instruction realizations
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Benchmark Avail. Lang Prompts/Lang Templates Samples/Template Task

Functional Benchmarks

Cross-Lingual GSM Symbolic (Ours) 5 5000 100 50 Math reasoning
Cross-Lingual IFEval (Ours) 5 371 7 31–163 Instruction following

Static Benchmarks

Multilingual MMLU (Lai et al., 2023a) 26 13062 N/A N/A MC knowledge recall
Multilingual GSM (Shi et al., 2022) 10 250 N/A N/A Math reasoning
Belebele (Bandarkar et al., 2024) 122 900 N/A N/A MC reading comprehension

Table 1: Descriptive statistics of all analyzed benchmarks.

remained valid in the target language. Validators
discussed and, when possible, corrected problem-
atic translations, and also checked for misspellings,
duplicated sentences, and template–instance align-
ment issues.

As part of this validation, validators flagged a
subset of IFEval prompts whose instructions are
not meaningfully evaluable in scripts without case
distinction (e.g., uppercase/lowercase constraints
in Arabic and Hindi). We removed these prompts
to preserve cross-lingual comparability, yielding a
371-prompt CL-IFEval set.

After validation, each GSM-Symbolic template
was instantiated into 50 variants per language,
yielding 5,000 QA pairs per language, while the val-
idated IFEval prompts constitute CL-IFEval. Fur-
ther dataset details appear in Table 1.

CL-IFEval instruction categories. CL-IFEval
prompts are grouped into seven verifiable instruc-
tion categories, defined in Table 2. Categories in-
volving case distinction (change_case) were fil-
tered for Arabic and Hindi as noted above.

CL-GSMSym template families. For robust-
ness analysis, we use a representative subset of
10 templates drawn from the full 100-template
CL-GSMSym set, selected to cover the main
reasoning types present in the GSM-Symbolic
dataset (Mirzadeh et al., 2024): simple count-
ing, rate-based reasoning, probabilistic inference,
chained operations, comparison, unit conversion,
narrative arithmetic, geometry, sequential accumu-
lation, and algebraic setup. These 10 families are
defined in Table 3. Each template is instantiated
into 50 variants per language by substituting nu-
merical values and distractor attributes, yielding
500 controlled items per language for this analysis.

For comparison with multi-lingual static bench-
marks, we evaluate on M-MMLU (Lai et al., 2023a;
Hendrycks et al., 2021), M-GSM (Shi et al., 2022),
and Belebele (Bandarkar et al., 2024). The Cross-

Lingual GSM Symbolic and Cross-Lingual IFEval
datasets are publicly available. 12

Further dataset details can be found in Table 1.

4 Model Evaluation

For tasks that benefit from step-by-step reasoning,
we use Chain-of-Thought (CoT) prompting in the
same language as the query where applicable. Un-
less otherwise stated, CL-GSMSYM follows the
native 8-shot GSM8K setting, and M-GSM uses
the native_cot configuration. All evaluations are
orchestrated with the EleutherAI LM Evaluation
Harness (lm-eval), which standardizes prompts,
decoding, and metrics (Gao et al., 2024).

Our evaluations cover six open-source large lan-
guage models, including instruction-tuned and mul-
tilingual variants: Aya 23-35B, Aya Expanse-32B,
Gemma-2-9B-it, Qwen3-8B, Mistral-7B-Instruct-
v0.3, and Mixtral-8x7B-Instruct-v0.1. Model de-
tails are provided in Appendix A. Using CL-
IFEval, we compute prompt-level strict/loose and
instruction-level strict/loose accuracy as in Zhou
et al. (2023). For CL-GSMSym, we instantiate 50
variants per template per language and evaluate
a random sample of 500 items per language.

5 Results

We organize our findings around three questions:
(1) How do functional and static benchmark scores
compare in absolute terms, and does the gap vary
by model or language? (2) How do language perfor-
mance gaps differ between evaluation paradigms?
(3) Which instruction categories and problem fami-
lies drive cross-lingual failures, and are these fail-
ures language-dependent or universal?

1https://huggingface.co/datasets/vojewale/
Cross-lingualGSMSymbolic

2https://huggingface.co/datasets/vojewale/
Cross-lingualIFEval
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Category Description

length_constraints Response must contain a specified number of words, sentences, or paragraphs
keyword Response must include or exclude specific words or phrases
punctuation Constraints on punctuation use (e.g., no commas)
startend Response must begin or end with a specified string
change_case Constraints on capitalization (e.g., all-caps, capital word frequency); removed for Arabic and Hindi
language Response must be written in a specified language
detectable_format Response must follow a structural format (e.g., JSON, markdown, numbered list)

Table 2: CL-IFEval instruction categories. Each prompt contains one or more verifiable instructions from these
categories. change_case instructions were removed for Arabic and Hindi, which lack upper/lower case distinction.

ID Family Description

T1 Percentage & conversion Unit conversion (inches to feet) followed by percentage calculation
T2 Rate-based Unit-rate and proportional reasoning
T3 Probabilistic Comparing compound probabilities over discrete sample spaces
T4 Chained operations Arithmetic chained across multiple dependent quantities
T5 Sequential accumulation Multi-step accumulation with changing rates across intervals
T6 Ratio & proportion Part-to-whole reasoning from a given ratio
T7 Narrative arithmetic Multi-quantity multiplication with named distractors
T8 Multi-item aggregation Summing weighted quantities and dividing by a threshold
T9 Fractional chaining Sequential application of fractions to a whole
T10 Algebraic setup Single-variable equation setup and solve

Table 3: CL-GSMSym template families used in robustness analysis. Ten representative families selected from
the full 100-template set to cover the main reasoning types in GSM-Symbolic. Full template examples appear in
Appendix H.

5.1 Average Performance and Model Ranking

Full accuracy results across all models and lan-
guages are reported in Appendix C (Tables 10
and 11) and Appendix D (Tables 12, 13, and 14).
We highlight several patterns below.

Static benchmarks compress model differences.
On static natural language benchmarks, the six
models cluster closely for high-resource languages.
On Belebele (Table 12), English scores span 79.4%
- 93.3% and on M-MMLU (Table 13) the English
range is 59.0% - 75.3%. The mathematical rea-
soning benchmark M-GSM (Table 14) shows a
wider spread (English: 44.8% - 88.0%), but rela-
tive model ordering remains broadly stable across
languages.

Functional benchmarks expose a clear two-
tier split. Under functional evaluation the pic-
ture changes substantially. On CL-IFEval (Ta-
ble 10), English strict prompt-level accuracy ranges
from 56.1% (Mixtral-8x7B) to 87.6% (Qwen3-
8B), a 31.5 percentage point spread compared to
a 14 point spread on Belebele. On CL-GSMSym
(Table 11), English accuracy spans from 48.6%

(Mistral-7B) to 86.8% (Qwen3-8B). The mod-
els separate into two tiers: a better-performing
group (Qwen3-8B, Aya-expanse-32B, Gemma-2-
9b-it) and a lower-performing group (Aya-23-35B,
Mixtral-8x7B, Mistral-7B), with a gap of roughly
15 - 20 percentage points between tiers even in
English.

Model rankings shift between paradigms. Aya-
23-35B outranks Gemma-2-9b-it on M-GSM for
most languages, yet Gemma-2-9b-it consistently
outperforms Aya-23-35B on CL-GSMSym (Ta-
bles 14, 11). Similarly, Aya-23-35B outranks Aya-
expanse-32B on Belebele for Yoruba, but this ad-
vantage disappears on CL-IFEval (Tables 12, 10).
A practitioner selecting a model for multilingual de-
ployment based solely on static scores could there-
fore make systematically wrong choices.

A medium-resource language outperforms
high-resource ones. For Aya-23-35B on CL-
GSMSym, Arabic accuracy (61.2%) exceeds both
English (56.0%) and French (55.0%) (Table 11).
This is the only model–language combination
where a medium-resource language outperforms
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Figure 2: Correlation plots of performance gap between M-GSM, M-MMLU, and Belebele (left to right) versus
CL-IFEval for high-resource languages only (en, fr, es). The language performance gap (difference between highest-
and lowest-performing language) is consistently larger in functional evaluations than in static data benchmarks
across all models.

all high-resource languages on a functional bench-
mark, and it persists across multiple template fam-
ilies rather than being driven by a single problem
type. The static M-GSM benchmark, which does
not include Arabic, does not surface this signal
at all thereby illustrating how static benchmark
coverage gaps can mask meaningful cross-lingual
capability differences.

Low-resource language performance is uni-
formly poor and model-invariant. Yoruba
presents a qualitatively different failure pattern. On
CL-IFEval (Table 10), the full range across all six
models is 12.4% - 22.9%, a spread of only 10.5 per-
centage points; in English the comparable spread is
31.5 points. When model choice barely affects per-
formance, the bottleneck is data scarcity upstream
of model design rather than architectural capability.
This is qualitatively distinct from Arabic and Hindi,
where model choice continues to matter substan-
tially (CL-IFEval Arabic range: 25.3% - 50.1%;
Hindi: 21.8%–49.9%).

5.2 Language Performance Gaps
We define the language performance gap as the
difference in accuracy between a model’s best- and
worst-performing language within a given set. Ta-
ble 4 reports these gaps for high-resource languages
across all benchmarks.

Functional benchmarks reveal larger within-
model language gaps than static benchmarks.
Table 4 and Figure 2 show that across high-resource
languages, functional benchmarks consistently ex-
pose larger language performance gaps than static
ones. Aya-expanse-32B, a model explicitly mar-
keted for multilingual capability, shows a gap of
4.22 points on Belebele but 25.88 points on CL-
IFEval for the same three languages. Qwen3-8B
shows a 3.00-point gap on Belebele and a 4.78-

Model CL-IFEval CL-GSMSym M-GSM M-MMLU Belebele

Qwen3-8B 31.00 8.6 14.4 4.78 3.00
Aya-exp-32B 25.88 6.2 9.6 3.84 4.22
Gemma-2-9b 24.80 27.4 29.2 6.39 3.66
Aya-23-35B 26.68 4.4 8.0 4.63 5.00
Mixtral-8x7B 22.36 7.0 12.0 3.63 6.89
Mistral-7B 18.60 14.0 8.0 7.69 15.88

Table 4: Language performance gap (%) for high-
resource languages (en, fr, es). Gap = accuracy on
best-performing language minus accuracy on worst-
performing language. Extended gaps including medium-
and low-resource languages appear in Appendix B.

point gap on M-MMLU, yet a 31.00-point gap on
CL-IFEval.

The math gap is an exception to this pattern.
For mathematical reasoning, the direction partially
reverses: CL-GSMSym sometimes yields smaller
language performance gaps than M-GSM. For
Qwen3-8B, the CL-GSMSym high-resource gap
is 8.6 points versus 14.4 points on M-GSM. The
templated structure of CL-GSMSym, where num-
ber substitution is the primary variation, may par-
tially decouple language resource level from per-
formance on arithmetic tasks.

Gaps expand substantially when low-resource
languages are included. Extending the analy-
sis to include Yoruba (Table 8 in Appendix B)
produces gaps that substantially exceed those in
high-resource settings. Qwen3-8B’s language per-
formance gap reaches 69.81 points on CL-IFEval
and 73.00 points on CL-GSMSym when Yoruba
is included. Notably, Aya-expanse-32B shows the
largest absolute gap of any model (56.87 points
on CL-IFEval, 71.60 points on CL-GSMSym) not
because its Yoruba performance is especially weak,
but because its English performance is especially
strong which is a reminder that gap metrics reflect
both ends of the distribution.
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Figure 3: CL-IFEval instruction-category success
rates for Qwen3-8B across all languages. Yoruba
shows complete failure on startend across all mod-
els. length_constraints and keyword degrade more
gradually, suggesting they generalize more robustly
across languages. Equivalent plots for Aya-23-35B and
Gemma-2-9b-it appear in Appendix B (Figures 5-6).

5.3 Instruction-Level and Template-Level
Robustness

Cross-lingual instruction-following breaks down
unevenly across categories. Figures 5-7 show
per-category success rates for all three models; Fig-
ure 3 (Qwen3-8B) is reproduced here for reference.
Across all models, Yoruba shows complete fail-
ure on startend: no model produces a passing
response in Yoruba for this category across any
evaluation run. This failure is categorical rather
than graded, suggesting models cannot reliably
parse or apply positional string constraints in a lan-
guage this far from their training distribution. By
contrast, length_constraints and keyword de-
grade more gradually across languages, indicating
these instruction types function more as language-
agnostic operations that generalize even under low-
resource conditions.

Probabilistic reasoning is a universal failure
regardless of language. Figure 4 shows per-
template accuracy for Qwen3-8B on CL-GSMSym.
Template 3 (probabilistic inference, T3 in Table 3)
produces the lowest accuracy of any template fam-
ily for all three models and all six languages. Criti-
cally, this is not a low-resource phenomenon: even
in English, all three models perform substantially
worse on T3 than on any other template. Probabilis-
tic reasoning is a domain-level weakness that func-
tional benchmarking can isolate precisely because
it controls for surface variation across template
instances, a signal that static benchmarks, which
do not template problem variants, cannot reliably
surface.

Figure 4: CL-GSMSym per-template accuracy for
Qwen3-8B across all languages. Template 3 (proba-
bilistic inference) is the weakest family across all lan-
guages including English. Templates 2, 4, and 10 show
competitive performance in Arabic and Hindi relative to
French and Spanish. Equivalent plots for Aya-23-35B
and Gemma-2-9b-it appear in Appendix B (Figures 8-
9).

Medium-resource languages are competitive on
certain problem families. Against the general
pattern of performance declining from high to
low resource languages, Templates 2, 4, and 10
show Arabic and Hindi performance comparable
to or exceeding French and Spanish for Aya-23-
35B (Figure 8 in Appendix). For well-structured
arithmetic templates with limited linguistic ambi-
guity, medium-resource languages do not incur the
penalty they show on more linguistically demand-
ing tasks. This finding has direct implications for
model selection in Arabic and Hindi deployment
contexts, where aggregate benchmark scores would
underestimate actual task performance.

Summary. Functional benchmarks expose model
weaknesses that static benchmarks obscure. The
gap between paradigms is largest for instruction-
following, most severe for low-resource languages,
and concentrated in specific instruction categories
(startend) and problem families (probabilistic rea-
soning, Template 3). Model rankings are not sta-
ble across paradigms and strong static benchmark
performance does not imply robust multilingual
task execution, and in at least one case (Aya-23-
35B on Arabic), functional evaluation reveals a
medium-resource language outperforming high-
resource ones, a finding invisible to static bench-
marks.

6 Conclusion

We introduce CL-IFEval and CL-GSMSym, two
multilingual functional benchmarks covering six
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languages that span the full range of NLP resource
levels. Our experiments demonstrate that static
benchmark performance is an unreliable proxy
for multilingual deployment readiness: functional
benchmarks expose larger language performance
gaps, produce different model rankings, and sur-
face failures concentrated in specific instruction
categories and problem families. The startend
instruction category shows complete failure in
Yoruba across all models; probabilistic reasoning
(Template 3) is universally the hardest problem
family regardless of language; and Aya-23-35B on
Arabic outperforms all high-resource languages on
CL-GSMSym, a signal entirely invisible to exist-
ing static benchmarks. Both datasets are released
publicly, providing the community with validated
functional resources for multilingual evaluation in-
cluding the extremely low-resource Yoruba.

Limitations. We use automated translation tools
like Google Translate in constructing CL-IFEval
and CL-GSMSym. While these tools offer broad
language coverage and facilitate large-scale data
generation, they introduce potential inaccuracies,
particularly for lower resourced languages like
Yoruba, and when dealing with conversions across
metric and imperial measurement systems.

Another limitation is the emphasis in our anal-
ysis on open-weight models. Our primary focus
remains on open-weight models such as Mixtral-
8x7B, Mistral-7B, Gemma2-9B-it, Qwen3-8B and
AYA models. This creates a possible inherent bias
in the scope of our comparisons, as proprietary
models may perform significantly better than their
open-weight counter-parts. On the other hand, the
consistency and transparency of open-weight mod-
els make them the preferable object of study – the
incorporation of proprietary models can make re-
sults hard to reproduce reliably.

Future Work. Future directions include system-
atically curating higher-quality translations, ex-
panding into multi-lingual code or multi-modal
instruction evaluation, and further investigating the
robustness and error patterns in both functional
and static benchmarks. Also, as functional evalua-
tions involve automatic verification, there is some
possibility of extrapolating this framework in the
training and evaluation of multi-lingual reasoning
models (Yong et al., 2025).
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A Additional Experimental Details

Language CC-MAIN-2025-05 (%) Category

English (en) 43.37 High-resource (HRL)
French (fr) 4.52 High-resource (HRL)
Spanish (es) 4.64 High-resource (HRL)
Arabic (ar) 0.66 Medium-resource (MRL)
Hindi (hi) 0.20 Medium-resource (MRL)
Yoruba (yo) 0.0009 Extremely low-resource (X-LRL)

Table 5: Classification of languages based on resource availability in CommonCrawl (CC-MAIN-2025-05).

A.1 Models

Our evaluations spanned six open-source large language models:

• Aya 23-35B: A multilingual instruction-tuned model based on Cohere’s Command framework
(Aryabumi et al., 2024).

• Aya Expanse-32B: Part of the Aya Expanse series, designed to enhance multilingual performance
capabilities (Dang et al., 2024).

• Gemma-2-9B-it: An instruction-tuned model trained on 8 trillion tokens from diverse sources
including web documents, code, and mathematical text (Team et al., 2024).

• Qwen3-8B: A dense and mixture-of-experts (MoE) model supporting 100+ languages, with special-
ized modes for logical reasoning, code generation, and agent-based tasks (Yang et al., 2025).

• Mistral-7B-Instruct-v0.3: An open-source instruction-tuned variant of Mistral-7B (Jiang et al.,
2023).

• Mixtral-8x7B-Instruct-v0.1: A sparse mixture-of-experts model with 12.9B active parameters per
token, fine-tuned for instruction tasks (Jiang et al., 2024).

B Full Performance Gap Results

B.1 High-Resource Language Performance Gaps

Model CL-IFEval CL-GSMSym M-GSM M-MMLU Belebele

Aya-23-35B 26.68 4.4 8.0 4.63 5.00
Mixtral-8x7B-Instruct 22.36 7.0 12.0 3.63 6.89
Mistral-7B-Instruct 18.60 14.0 8.0 7.69 15.88
Aya-expanse-32B 25.88 6.2 9.6 3.84 4.22
Gemma-2-9b-it 24.80 27.4 29.2 6.39 3.66
Qwen3-8B 31.00 8.6 14.4 4.78 3.00

Table 6: Performance Gap on High-Resource Languages, as measured by the benchmark accuracy difference
between the results on the best performant language and worst performant language across the set of analyzed
languages (en, fr, es).
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B.2 High to Medium-Resource Language Performance Gaps

Model CL-IFEval CL-GSMSym M-MMLU Belebele

Aya-23-35B 26.68 17.6 18.08 22.45
Mixtral-8x7B-Instruct 31.41 33.2 30.65 36.78
Mistral-7B-Instruct 37.74 33.8 27.92 38.44
Aya-expanse-32B 28.03 11.0 15.29 15.45
Gemma-2-9b-it 28.04 27.4 18.20 19.55
Qwen3-8B 37.73 27.4 20.03 23.45

Table 7: Performance Gap on High to Medium-Resource Languages, as measured by the benchmark accuracy
difference between the results on the best performant language and worst performant language across the set of
analyzed languages (en, fr, es, ar, hi).

B.3 High to Extremely Low-Resource Language Gaps

Model CL-IFEval CL-GSMSym Belebele

Aya-23-35B 51.21 57.4 54.12
Mixtral-8x7B-Instruct 43.66 56.8 57.11
Mistral-7B-Instruct 40.98 44.2 50.11
Aya-expanse-32B 56.87 71.6 60.45
Gemma-2-9b-it 52.29 64.4 52.44
Qwen3-8B 69.81 73.0 62.89

Table 8: Performance Gap on High to X Low-Resource Languages, as measured by the benchmark accuracy
difference between the results on the best performant language and worst performant language across the set of
analyzed languages (en, fr, es, ar, hi, yo).

C Full Functional Benchmark Results

Model English French Spanish Arabic Hindi Yoruba

AYA Exp-32B 74.93 55.52 49.05 46.90 49.86 18.06
AYA 23-35B 67.11 48.78 40.43 43.93 40.70 15.90
Mistral-7B-Instruct 59.57 41.78 40.97 25.33 21.83 18.59
Mixtral-8x7B-Instruct 56.06 36.39 33.70 31.53 24.65 12.40
Gemma-2-9B-it 75.20 53.36 50.40 47.16 48.24 22.91
Qwen3-8B 87.60 61.46 56.60 50.13 49.87 17.79

Table 9: Cross-Lingual-IFEval Prompt-level Strict performance across different models and languages.
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Language Model Strict PL (%) Strict IL (%) Loose PL (%) Loose IL (%)

English AYA 23-35B 67.11 73.75 70.89 77.41
Gemma2-9B-it 75.20 81.08 79.24 84.17
AYA Exp-32B 74.93 79.92 78.97 83.39
Mistral-7B 59.57 68.15 64.42 72.39
Mixtral-8x7B 56.06 64.48 61.19 69.50
Qwen3-8B 87.60 90.70 91.37 93.63

French AYA 23-35B 48.78 58.30 53.90 62.94
Gemma2-9B-it 53.36 61.38 56.06 63.89
AYA Exp-32B 55.52 63.12 58.22 65.83
Mistral-7B 41.78 51.35 46.90 56.18
Mixtral-8x7B 36.39 45.37 39.62 49.03
Qwen3-8B 61.46 69.11 63.07 70.46

Spanish AYA 23-35B 40.43 50.77 44.20 54.24
Gemma2-9B-it 50.40 59.07 51.75 61.00
AYA Exp-32B 49.05 58.49 51.21 60.62
Mistral-7B 40.97 50.96 43.66 53.86
Mixtral-8x7B 33.70 43.47 37.20 47.00
Qwen3-8B 56.60 65.06 57.41 65.83

Yoruba AYA 23-35B 15.90 22.77 16.17 23.74
Gemma2-9B-it 22.91 31.08 25.88 34.75
AYA Exp-32B 18.06 28.19 29.48 30.31
Mistral-7B 18.59 28.95 20.21 31.27
Mixtral-8x7B 12.40 20.27 15.00 23.36
Qwen3-8B 17.79 27.22 20.21 30.50

Arabic AYA 23-35B 43.93 53.47 46.90 56.37
Gemma2-9B-it 47.16 57.14 48.79 58.88
AYA Exp-32B 46.90 56.76 49.06 58.69
Mistral-7B 25.33 36.10 28.57 39.38
Mixtral-8x7B 31.53 40.73 35.85 45.95
Qwen3-8B 50.13 60.62 52.30 62.16

Hindi AYA 23-35B 40.70 50.19 44.47 54.44
Gemma2-9B-it 48.24 56.94 50.94 59.65
AYA Exp-32B 49.86 58.69 52.56 61.78
Mistral-7B 21.83 32.24 25.06 36.67
Mixtral-8x7B 24.65 33.24 32.83 41.31
Qwen3-8B 49.87 58.11 52.02 60.62

Table 10: Comprehensive instruction-following results across multiple models and languages. PL = Prompt-Level
Accuracy; IL = Instruction-Level Accuracy.

Model en fr es ar hi yo

Aya-23-35B 56.00 55.00 59.40 61.20 43.60 3.80
Mixtral-8x7B-Instruct 56.80 55.00 62.00 32.40 28.80 5.20
Mistral-7B-Instruct 48.60 39.40 34.60 18.40 14.80 4.40
Aya-expanse-32B 82.60 76.40 82.20 76.80 71.60 11.00
Gemma-2-9b-it 77.00 49.60 54.80 55.20 57.00 12.60
Qwen3-8B 86.80 78.20 81.80 78.80 59.40 13.80

Table 11: CL-GSMSym (8-shot) accuracy (%) across models and languages.
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D Full Static Data Benchmark Results

Model en fr es ar hi yo

Aya-23-35B 0.856 0.813 0.806 0.767 0.631 0.314
Mixtral-8x7B-Instruct 0.852 0.810 0.783 0.634 0.484 0.281
Mistral-7B-Instruct 0.794 0.671 0.636 0.512 0.410 0.293
Aya-expanse-32B 0.899 0.884 0.857 0.837 0.744 0.294
Gemma-2-9b-it 0.933 0.920 0.897 0.887 0.738 0.409
Qwen3-8B 0.926 0.909 0.896 0.870 0.691 0.297

Table 12: Belebele accuracy across models and languages.

Model en fr es ar hi

Aya-23-35B 0.662 0.617 0.615 0.539 0.481
Mixtral-8x7B-Instruct 0.685 0.651 0.649 0.414 0.379
Mistral-7B-Instruct 0.590 0.513 0.518 0.333 0.311
Aya-expanse-32B 0.740 0.701 0.703 0.627 0.587
Gemma-2-9b-it 0.715 0.664 0.654 0.557 0.533
Qwen3-8B 0.753 0.705 0.709 0.607 0.553

Table 13: M-MMLU (5-shot) accuracy across models and languages. Yoruba not available in this benchmark.

Model en fr es

Aya-23-35B 0.668 0.588 0.600
Mixtral-8x7B-Instruct 0.632 0.512 0.536
Mistral-7B-Instruct 0.448 0.444 0.368
Aya-expanse-32B 0.856 0.760 0.840
Gemma-2-9b-it 0.664 0.372 0.512
Qwen3-8B 0.880 0.736 0.852
GPT-4o-mini 0.656 0.556 0.432
Claude 3.5 Sonnet 0.900 0.716 0.812

Table 14: M-GSM (5-shot) accuracy (native CoT, strict match). Hindi, Arabic, and Yoruba not available in this
benchmark.
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E Robustness Plots

E.1 CL-IFEval Plots

Figure 5: CL-IFEval instruction-category success rates for Aya-23-35B across all languages.

Figure 6: CL-IFEval instruction-category success rates for Gemma-2-9b-it across all languages.
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Figure 7: CL-IFEval instruction-category success rates for Qwen3-8b across all languages.

E.2 CL-GSMSym Plots

Figure 8: CL-GSMSym per-template accuracy for Aya-23-35B across all languages (50 samples, 10 templates).
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Figure 9: CL-GSMSym per-template accuracy for Gemma-2-9b-it across all languages (50 samples, 10 templates).

Figure 10: CL-GSMSym per-template accuracy for Qwen3-8b across all languages (50 samples, 10 templates).
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F Translation Validation Rubrics

F.1 CL-IFEval Translation Validation (541 Prompts)

1. Objective

The goal of this validation task is to ensure that every translated prompt accurately represents the
intent, structure, and constraints of the original English version while remaining clear and natural
in the target language.
Annotators should:

• Confirm that the translation faithfully conveys the same meaning and instructions as the
English source.

• Verify that every element in the instruction_id_list is valid and meaningful in the target
language.

• Flag any instruction IDs that cannot be reasonably expressed or understood in that language.

• Correct minor translation errors or omissions directly in the prompt, but only when needed for
consistency with the English version.

• Record every correction or flag for traceability.

2. Dataset Structure

Each entry contains:

• key – unique identifier for the instance

• prompt – translated text (the only part that differs from English)

• instruction_id_list – the list of instructions applied to the English prompt

• kwargs – parameters or values associated with those instructions

Example (simplified):

{
"key": 1001,
"prompt": "Translated prompt text...",
"instruction_id_list": ["punctuation:no_comma",

"length_constraints:number_words"],
"kwargs": [{}, {"num_words": 300}]
}
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3. Validation Criteria

• A. Translation Fidelity: The translation must convey the same meaning, intent, and con-
straints as the English prompt. If missing, ambiguous, or distorting, revise to align with the
English intent. Record all fixes.

• B. Instruction–Prompt Alignment: For every instruction in the instruction_id_list, mark as
Realized or Not Applicable (e.g., case sensitivity in scripts without upper/lower case). Keep
IDs in metadata; flag separately.

• C. Linguistic and Logical Consistency: Grammatically correct, culturally neutral, logically
coherent. Prohibitions and quantitative phrases must retain their restrictive force exactly.

• D. Formatting and Style: Preserve examples, symbols, and URLs. Maintain Markdown. Do
not introduce additional formatting.

4. Correction and Flagging Process

For each entry: compare English and translated version; flag non-applicable instruction IDs; correct
small inconsistencies directly; record every modification; do not introduce new instructions or
stylistic changes.

5. Final Review and Consistency Check

Ensure all translations are accurate and natural; verify script-dependent IDs are consistently flagged;
confirm all modifications are logged; export validated dataset with annotation log.

F.2 CL-GSMSym Translation Validation Guidelines (100 Math Templates)

1. Objective

Ensure every translated mathematical template accurately preserves the structure, logic, and
functionality of the original English version. Tasks: preserve all template markup; ensure math
logic and units match the original; correct formatting issues; flag every fix.

2. Validation Criteria

• A. Template Markup Preservation: Every variable token must remain identical to English
({var}, {var,label}, etc.). Meta-sections (#init:, #conditions:, #answer:) must remain
in English and unaltered. Flag: “Restored placeholder token”.

• B. Math and Unit Consistency: All numeric quantities, operations, and measurement units
must match the English template logic. If units were converted (e.g., inches to cm), revert.
Flag: “Unit drift fixed”.

• C. Angle Brackets and Final Answer: Maintain «...» spans exactly. Final answer line must
end with #### <number> or #### {expression}.

• D. Meta Sections: #init:, #conditions:, #answer: must remain in English, same order,
with unchanged indentation and syntax. Flag: “Meta block reverted to EN”.

3. Final Review Checklist

Verify: all placeholders {...} and spans «...» intact; all templates end with correct final answer
format; meta sections in English, properly indented; all numbers and units aligned with original
logic; all modifications recorded.
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G Failure Case Examples for CL-IFEval

Failure Example: length_constraints:number_words

Model: Qwen3-8B Language: English

Prompt: Create a riddle about the name Sheldon using only 10 words. Make sure to only use capital letters in your
entire response.

Model Response: SHELDON, A NAME WITH A FUNKY RING.

Instructions:

• change_case:english_capital✓
• length_constraints:number_words p

Failure: Response contained only 8 words, violating the 10-word constraint.

Failure Example: change_case:capital_word_frequency

Model: Qwen3-8B Language: French

Prompt: Rédigez un CV pour Matthias Algiers. Utilisez des mots en majuscules pour mettre en avant les compétences
clés, mais assurez-vous que les mots entièrement en majuscules apparaissent moins de 10 fois. Enveloppez toute la
réponse entre guillemets.

Model Response: “MATTHIAS ALGIERS — RÉSUMÉ PROFESSIONNEL — Professionnel dévoué ... GESTION
DE PROJET, PLANIFICATION STRATÉGIQUE ...”

Instructions:

• change_case:capital_word_frequency p
• startend:quotation✓

Failure: More than 10 fully capitalized words, violating the capital word frequency constraint.

H Template Examples for CL-GSMSym

To illustrate the structure and reasoning complexity of items in the CL-GSMSYM benchmark, we present
representative template-based examples

Template 3 (French) – Probabilistic inference

Question: Luis lance un dé à quatre faces. Quelle est la probabilité (exprimée en pourcentage) qu’il obtienne un
nombre supérieur à 2 plutôt que deux nombres impairs consécutifs ?
Answer: Il y a 2 nombres supérieurs à 2 sur le dé, donc les chances d’en obtenir un sont de 2

4
= 50%. La probabilité

d’obtenir un nombre impair est de 50%, donc la probabilité d’en obtenir deux d’affilée est 0.5 × 0.5 = 25%. La
différence est 50%− 25% = 25%. #### 25

Template 3 (English) – Probabilistic inference

Question: Faisal is rolling a four-sided die. How much more likely is it (expressed as a percentage) that he rolls a
number greater than 1 than that he rolls two even numbers in a row?
Answer: There are 3 numbers greater than 1 on the die, so the chance is 3

4
= 75%. The chance of rolling two even

numbers in a row is 0.5× 0.5 = 25%. The difference is 75%− 25% = 50%. #### 50

Template 10 (Spanish) – Algebraic setup

Question: Cuando Emma observa a su primo, saca una variedad de juguetes para él. La bolsa de bloques tiene 74
bloques. El contenedor de peluches tiene 37 animales. La torre tiene 30 anillos. Emma compró recientemente un tubo
de pelotas saltarinas, elevando el total a 215. ¿Cuántas pelotas vinieron en el tubo?
Answer: 74 + 37 + 30 + T = 215 ⇒ T = 215− 141 = 74. #### 74

34690



Template 10 (English) – Algebraic setup

Question: When Winnie watches her nephew, she gets out a variety of toys. The bag of building blocks has 72 blocks.
The bin of stuffed animals has 47 animals. The tower of stacking rings has 29 rings. Winnie recently bought a tube of
bouncy balls, bringing her total to 215. How many bouncy balls came in the tube?
Answer: 72 + 47 + 29 + T = 215 ⇒ T = 215− 148 = 67. #### 67
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