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Abstract

We introduce ML?B, the first benchmark for evaluating cross-lingual task comprehension in end-to-end ML
pipeline generation by large language models. Despite growing global Al adoption, no systematic evaluation exists
for ML pipeline generation beyond English task descriptions. ML?B addresses this gap with 35 Kaggle competitions
spanning tabular, text, and image domains, translated into 14 languages by native-speaker researchers with
ML expertise, yielding 490 task-language pairs. To ensure evaluation integrity, the benchmark incorporates 10
private competitions without publicly available solutions and employs network-isolated evaluation infrastructure
restricting runtime access to essential ML resources. We provide standardized evaluation protocols, an AutoGluon
algorithmic baseline, and comprehensive failure mode analysis. Experiments with frontier models (GPT-4.1-mini,
GPT-0OSS-120b, Gemini-2.5-Flash) reveal that cross-lingual performance degradation is highly task-dependent
rather than following traditional resource-availability hierarchies, with gaps ranging from language advantages to
severe degradation depending on competition characteristics. These findings challenge conventional assumptions
about multilingual model capabilities and underscore the necessity of systematic cross-lingual evaluation for
ML pipeline generation. We open-source the benchmark, baselines, and evaluation infrastructure at https:
//github.com/enaix/ml2b.
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1. Introduction

Machine learning (ML) has become a fundamental component across various domains, motivating the
development of AutoML frameworks to automate pipeline selection [1] and LLM-based code generation
benchmarks such as MLE-Bench [2], DA-Code [3], and Weco-Kaggle [4].

All existing benchmarks are limited to English. LLMs exhibit systematic performance degradation
in other languages [5, 6], with substantial drops for low-resource languages [7, 8]. Meanwhile, ML
research is global: models must interpret problem descriptions in diverse languages while producing
executable code. Current benchmarks cannot measure this cross-lingual robustness.

Another challenge arises from benchmark data leakage, when benchmark data is also present in the
LLM training data [9]. This issue is particularly important, as the model may overperform in particular
benchmark tasks. In the worst-case scenario, this may lead to the affected benchmark competitions
being inconclusive [10]. A similar form of data leakage happens when unintended information about
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Table 1
Comparison of ML2B with related benchmarks: leakage detection, tasks without public solutions (reducing
training-data contamination), assessment of specific ML capabilities, and grading in a network-isolated container.

Benchmark Multilingual Leakage Prevention Private Competitions ML Capabilities Isolated Grading
ML2B (ours) v v v X v
MLE-Bench X X X X X
ML-Dev-Bench X X 4 4 X
MLAgentBench X X X 4 X
DSCodeBench X X X 4 X

the test set appears in training data. Leakage can artificially inflate performance and produce unreliable
results [11, 12, 13]. It is also pervasive in real-world ML code [14].

To address these shortcomings, we introduce ML2B, the first benchmark for evaluating LLMs on gen-
erating complete ML pipelines from multilingual natural language descriptions. Our key contributions
are:

1. Multilingual benchmark. 35 Kaggle competitions translated into 14 natural languages, yielding
490 evaluation instances.

2. Private competitions. 10 competitions without publicly available solutions, reducing the
likelihood of training data contamination.

3. Robust code evaluation. Network-isolated grading, modular submission format, and static
leakage detection.

Beyond the language dimension, ML?B differs from MLE-Bench and DA-Code methodologically:
agent code is executed directly via AST-based recompilation rather than scored as a submission file, the
modular format structurally separates training from prediction data, and grading runs in a network-
isolated container (Table 1).

2. Related work

2.1. ML Code Generation and AutoML

Recent benchmarks evaluate LLM capabilities for ML code generation across different scopes.
DSCodeBench [15] and DS-1000 [16] assess snippet-level code from GitHub and StackOverflow. Full-
pipeline benchmarks include DA-Code [3], Weco-Kaggle [4], and MLE-bench [2], which leverage Kaggle
competitions. MLE-bench evaluates agents on 75 tasks; ML-Dev-Bench [17] provides 30 tasks for
debugging and API integration; MLAgentBench [18] offers 13 research-oriented scenarios. All are
English-only.

Contemporary LLM-based agents for ML engineering employ iterative refinement strategies. AIDE
[4] uses solution space tree search, outperforming traditional AutoML frameworks like LightAutoML
[19] and OpenHands [20] on Kaggle tasks. Recent multi-agent frameworks like ML-Master [21] and
R&D-Agent [22] achieve superior performance but require substantially larger models (GPT-4.1, GPT-5).

2.2. Multilingual Code Generation

Multilingual datasets for code generation remain scarce. MCoNaLa [23] consists of intents for code
generation, which are further rewritten by human annotators, and code snippets in Python. RoCode [24]
offers Romanian programming problems with Python/C++ solutions. MBPP-Translated [25] extends
MBPP to five languages using machine translation. mHumanEval [8] supports 204 languages, with
expert translation for 15, across 25 programming languages. However, none target end-to-end ML
pipelines.

Several studies show LLM performance depends strongly on prompt language. Bang et al. [26], Ahuja
et al. [27], Muennighoff et al. [28], and Raihan et al. [8] report substantial drops for low-resource



languages. Moumoula et al. [29] analyze 13 programming and 23 natural languages, showing that
non-Latin scripts further degrade performance. While targeted multilingual fine-tuning can partially
mitigate these issues [30, 31], current ML code-generation benchmarks provide no means to measure
such cross-lingual robustness.

3. The ML2B benchmark

ML2B provides structured, succinct metadata and task descriptions designed for efficient LLM process-
ing, unlike MLE-Bench [2], which uses verbose descriptions sourced directly from Kaggle. Structured
prompts achieve better performance on 5 of 10 shared competitions and perfect stability (3/3 pass rate)
versus obfuscated format failures on 5 competitions, confirming that clear task descriptions aid com-
prehension without enabling memorization-based shortcuts (Appendix A). The benchmark comprises
35 competitions spanning 14 languages (490 evaluation instances), with 10 private competitions to
mitigate data contamination (Appendix B).

3.1. Benchmark task selection

The ML?B benchmark builds on the Code4ML 2.0 dataset [32], which provides standardized task
descriptions for Kaggle competitions. We first identify all competitions meeting our inclusion criteria
and released after 2020. From these, we manually validate and select 22 tasks with publicly available
Kaggle code. Selected competitions satisfy the following conditions: (1) the competition is closed,
ensuring fixed data and leaderboards; (2) the dataset is publicly downloadable; (3) the evaluation metric
is documented; (4) the evaluation is reproducible with complete metadata; and (5) submissions follow a
tabular prediction format.

As Code4ML 2.0 covers competitions up to 2024, we additionally include three public competitions
released in 2025, resulting in 25 public tasks. To assess generalization to unseen problems, we further add
10 private competitions without publicly available code, i.e., finished, closed Kaggle competitions with no
public solution code, no forum discussions, and limited web indexability (hosted by university courses
or small organizations). These retain public leaderboards, enabling consistent baseline evaluation
(Section 3.5), but lack solution code and forums, reducing the likelihood of inclusion in LLM training
data. Task descriptions are manually summarized from the corresponding Kaggle pages.

All datasets and task descriptions are sourced from Kaggle competition pages and released under
Kaggle’s standard competition license or permissive Creative Commons licenses (CC BY 4.0 or CC
BY-NC 4.0), as specified on each competition page. These licenses allow redistribution with attribution,
with CC BY-NC 4.0 restricting commercial use.

Unlike Code4ML 2.0, ML?B provides a manually curated data card for each task in addition to the
data source link. Data cards and task descriptions are manually reviewed to ensure clarity and to
prevent information leakage that could confer an unfair advantage. In particular, details related to
Kaggle submission formats and test files are removed, as test data lack labels and are irrelevant to
our executable-code generation setting. Each task also includes its evaluation metric and metric type,
following the taxonomy of [33].

3.2. Benchmark Characteristics

Table 2 summarizes ML?B coverage. Competitions span 9 domains (finance, healthcare and medical,
manufacturing and quality, environmental studies, media studies, social studies, urban studies, market-
ing, synthetic data), ensuring broad coverage (Appendix C). Evaluation metrics include 5 higher-is-better
(AUC, F1, MAP, R?, accuracy) and 3 lower-is-better (RMSE, MAE, log-loss) metrics. Overall, both the full
and chosen sets share relatively similar characteristic distributions, which supports using the subset to
present our results sustainably.



Table 2
Competition characteristics on full and sub-set also grouped by public vs. private partition. The private split is
identical for the full set and the chosen one.

Partition Set Size Data type (tab /text/img) Metric direction (higher / lower)
Public Full set 25 20/2/3 14 /11

Chosen set 5 3/1/1 3/2
Private Full/chosenset 10 8/1/1 5/5

3.3. Metadata and Structure
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Figure 1: Structure of the ML?B benchmark. Competition preprocessor prepares task descriptions and
data, runtime container generates the solution while evaluation container executes the solution code

The benchmark consists of 3 main components (Figure 1), which include the main competition
preprocessor, Docker agent runtime, and the submission code grader. The competition preprocessor is
responsible for task description generation (Appendix D) and competition data preparation, the agent
runtime manages the AutoML agent, and the code grader evaluates a metric for the submission code in
an isolated environment.

Both the agent and code grader are executed inside the Docker environment. The agent Docker image
is built from the common runtime image, and both the agent and grader containers are built from the
same agent image. This ensures that both the agent and the grader utilize the same Python environment,
and at the same time, grading is performed in an isolated environment without internet access. This
prevents the potentially sensitive evaluation data from leaking in the event of a misconfigured or
malicious script being submitted.

Agent runtime permits full internet access during code generation. The evaluation grader operates
behind a forward proxy restricting access to essential ML infrastructure (HuggingFace, PyTorch, S3),
blocking Kaggle and GitHub to prevent solution retrieval at runtime.

Instead of the Kaggle-style submission format, which consists of a single submission file, the code
grader reproduces the results by executing the submission code directly. Furthermore, the code submitted
by the agent must provide specific functions, which are then individually evaluated. Such an approach
ensures that the submitted code is valid and can be reproduced in the controlled environment. In order
to successfully load the submission code, the submission must not have top-level executable code. In
order to achieve this, the grader must analyze and recompile the code by performing an Abstract Syntax
Tree (AST) transformation. Then, the recompiled submission code is executed and the data is loaded
into memory by the competition DataLoader class. Finally, the resulting submission data is evaluated
using the corresponding competition grader function.

The benchmark supports two submission formats: single-function submission format MONO_PREDICT
(Figure 2a) and modular submission format MODULAR_PREDICT (Figure 2b). MODULAR_PREDICT con-
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Figure 2: Code flow diagram of agent solution submission formats

sists of three functions train, prepare_val, and predict, which sequentially train the model,
prepare the prediction data, and predict the result. The purpose of such a prediction format is to reduce
the chance of preprocessing leakage. Preprocessing leakage is the type of data leakage when both train-
ing and test data are processed together Yang et al. [12], Apicella et al. [11]. The most common example
is the data normalization being trained on both the training and test features. MODULAR_PREDICT
format restricts the code flow in a way that the prediction data is introduced only in the second
stage of the pipeline, which makes the occurrence of preprocessing leakage less likely. In order to
assess the presence of data leakage in submission code, static leakage analysis was performed using the
leakage-analysis tool [12]. This tool finds potential relations between the variables and outputs lines
of code, causing potential data leakage. Leakage analysis is performed separately from the benchmark
pipeline. Static leakage analysis finds potential leakage in <10% of submissions in MODULAR_PREDICT
format, with 4% remaining after excluding false positives in train-only and single-argument functions
(Appendix E and Figure 3).

3.4. Multilingual Expansion

To obtain a multilingual corpus, we translate the domain, description, and data card fields into target
languages (Appendix F). Other fields do not require translation since they convey universally recognized
entities. Following Jiao et al. [34], we use GPT-40 over commercial translators such as Google Translate
and DeepL, as it matches or exceeds their quality for most language pairs.

After automatic translation, texts undergo manual validation by bilingual annotators with ML experi-
ence and at least a bachelor’s degree in a computer-science-related field. Annotators are researchers
from the authors’ current and former affiliated institutions across multiple countries, ensuring au-
thentic native-speaker validation; all participated voluntarily as academics collaborators and received
co-authorship or acknowledgment commensurate with their contributions. We employ single-annotator
validation per language, as GPT-40’s demonstrated translation quality means that annotators primarily
perform error detection rather than de novo translation.

To structure validation, each annotator has received three Google Forms (one for each translated
field). Each form presents the English source, the translation, and a question assessing whether the text
sounds natural and preserves the original meaning. If the answer is “No,” the annotator has supplied a
corrected version (Appendix G).

The final benchmark includes translations in Arabic, Belarusian, Chinese, French, Italian, Japanese,



Kazakh, Polish, Romanian, Russian, Spanish, Turkish and Ukrainian, spanning diverse language families
(Romance, Slavic, Semitic, Turkic, Sino-Tibetan, Japonic), writing systems (Latin, Cyrillic, Arabic,
CJK), and resource levels. Language selection is constrained by the availability of qualified annotators.
Translation quality is verified via back-translation BLEU (mean >0.35 for all language-field combinations)
and inter-annotator agreement on a subset of 15 competitions (Gwet’s AC1 [35] >0.80 for meaning
preservation across all languages; see Appendix H).

Prediction X 7! prepare_val(train, X_val) E

__________________________

Training data > :' train(data) ;— Prediction Y

__________________________

Figure 3: Code flow diagram of a false-positive data leakage, where the preprocessing function is called
sequentially

3.5. Evaluation

Evaluating ML code generation across heterogeneous competitions requires careful metric design.
Competitions use diverse evaluation metrics (e.g., RMSE, log-loss, F1-score, AUC) with incomparable
scales and directionality. We address this through normalized performance measurement.

For each competition p, we establish two complementary in-benchmark baselines. The primary
baseline uses LLM-assisted manual development: we iteratively prompt Gemini 3 Pro for solution
approaches, implement standard ML pipelines (e.g., LightGBM with basic feature engineering), and
validate on the 20% validation split. The baseline score b, represents competent, manually-validated ML
practice that handles heterogeneous task types uniformly. As a fully reproducible algorithmic reference
point, we additionally provide an AutoGluon [36, 37] baseline. We prefer AutoGluon over Auto-sklearn
because it natively supports all data types in ML2B (tabular, text, and image).

For a model with score s, on competition p, we compute the performance ratio:

p
Tp €hp (1)
where ¢, and ey, ,, are the error rates of the model and baseline, respectively, defined as ¢ = 1 — s for
higher-better metrics (e.g., F1, AUC) and e = s for lower-better metrics (e.g., RMSE, log-loss). Thus,
rp < 1 indicates better-than-baseline performance, r, = 1 parity, and r, > 1 worse performance.
Following Dolan and Moré [38], we define the performance profile as the cumulative distribution of
performance ratios:

1 N
p(r) =5 D _Tlrp < 7] (2)
p=1

representing the fraction of tasks where the model achieves performance within factor 7 of baseline.

The standard Dolan-Moré formulation integrates p(7) over 7 > 1 to measure worse-than-best
performance. In our setting, where r, < 1 indicates better-than-baseline performance, we adapt the
integration domain to 7 € [0, 1], yielding the standard area under the profile:

1
AUP,yg = /0 plr) dr. ()



This formulation emphasizes the region r, < 1 (baseline-meeting or better performance). To
emphasize different performance regimes, we use weighted AUP:

_ Jop(r) - w(r)dr

AUP,, = . (4)
s fol w(T)dr
We report AUP_ /y,, , with w(7) = —ﬁ, which emphasizes near-baseline distinctions (r, ~ 1) and

best distinguishes models that consistently meet baseline from those that occasionally succeed (formal
definitions and numerical implementation details in Appendix I).

4. Experiments and Results

We evaluate three LLMs: GPT-4.1-mini, GPT-OSS-120b, and Gemini-2.5-Flash, using two agent frame-
works: AIDE [4] and ReAct [39]. AIDE experiments use the standard configuration during code
generation. For GPT-OSS-120b, we additionally evaluate a modified single-agent ReAct framework
equipped with standard file system interaction capabilities (read, write, create) and the ability to execute
Python and Bash commands. While the base ReAct agent cannot solve complex benchmark tasks
requiring strictly structured Python files with predefined validation signatures, we address this limita-
tion through two enhancements: tool execution timeouts prevent system freezing during prolonged
operations, and the agent constructs structured command execution plans ensuring complete pipeline
execution before termination.

Each model-framework configuration is executed 3 times per task with a 3-hour wall-clock time
limit per run, yielding 630 runs per configuration (15 competitions x 14 languages x 3 runs). If
executed sequentially in a single process, this amounts to 1,890 computing hours per configuration.
A complete benchmark evaluation across all 4 model-framework configurations totals 2,520 runs and
7,560 sequential computing hours, though this duration can be reduced proportionally through parallel
execution. All code execution is conducted on consumer-grade hardware representative of typical
research environments: a workstation equipped with 64GB RAM and a single NVIDIA GeForce RTX 2080
Ti GPU (12GB VRAM). The average cost per configuration run ranges from 6.36 USD for GPT-OSS-120b
to 38.48 USD for Gemini-2.5-Flash.

AutoGluon produces valid baselines on 13 of 15 competitions; two failures (Multi-label Classification,
Datalab Cup) exceed GPU memory. Both baselines use the same 80/20 train/validation split (random
seed 42) as all model evaluations and are available on GitHub. Table 3 confirms that AUP rankings and
core findings are consistent across both normalizations.

Table 3
AUP_ /1, % std / Pass Rate (%) under both baseline normalizations on the ML2B chosen set (15 competitions,
14 languages, 3 runs). Pass rates are baseline-independent.

Model / Framework LLM-assisted baseline AutoGluon baseline
GPT-4.1-mini (AIDE) 768 + .112/ 61 .736 £+ .106 / 61
Gemini-2.5-Flash (AIDE) 732 +£.091/76 775 £ .075/ 76
GPT-OSS-120b (AIDE) .630 £+ .083/ 81 .616 £ .068 / 81
GPT-0SS-120b (ReAct) .705 £ .081/ 76 732 +£.094/ 76

Table 4 presents the main results across all configurations. GPT-4.1-mini achieves the highest average
AUP (0.768 % 0.112) but with the lowest average pass rate (61%), showing strong ranking ability but
difficulty with exact solutions. Gemini-2.5-Flash demonstrates more balanced performance with high
AUP (0.732 £ 0.091) and the best average pass rate (76%). Among open-source models, GPT-OSS-120b
in the AIDE framework shows a competitive AUP (0.630 £ 0.083) with a strong pass rate (81%), while
the proposed ReAct framework achieves a comparable AUP (0.705 £ 0.081) with 76% pass rate despite
disabled internet access.

As shown in Appendix J.1, the performance gap relative to English contradicts the traditional resource-
availability hierarchy. High-resource languages exhibit mixed results, while medium- and low-resource



Table 4

Cross-lingual performance on the ML?B subset. AUP_ /1, , is reported as mean ; PR denotes Pass Rate (%).
Higher is better. GPT-4.1-mini, GPT-OSS-120b, and Gemini-2.5-Flash are evaluated inside the AIDE execution.
The proposed ReAct framework with GPT-OSS-120b is evaluated with the disabled internet access and external
retrievers. In total, 2,520 runs are executed.

Language GPT-4.1-mini (AIDE) Gemini-2.5-Flash (AIDE) GPT-OSS-120b (AIDE) GPT-OSS (ReAct)
AUP_y/1,, /PR

English .756 +.083 / 60 .689 £ .157/ 84 .600 £ .000 / 87 .644 £ .063 /78
French 711 £.083/ 62 756 £.175/ 80 .556 £ .137 /87 733 £.144/73
Spanish .822 £ .083 / 51 .689 £ .031/ 82 .578 £ .083 / 91 .733 £.054/ 67
Italian 756 £.137/ 62 .800 +.054 /78 .533 £.054/96 622 +.063 /78
Chinese 711 +£.083 / 69 .689 £ .166 / 84 .667 £ .144/ 82 711 £.031/73
Japanese J11£.91/ 71 778 £.137/73 .644 £ .063/73 .667 £.109 / 84
Russian .844 £ .083 /56 .800 £.094 /78 .622 £ .063/78 711+ .113/ 84
Polish .867 £ .054 / 49 711 £.083/ 67 711 £ .083 /78 .778 £.083/ 69
Turkish .822 +.083/ 62 756 £.113/73 .689 £.113/78 .644 £ .083 / 84
Arabic .800 +=.109 / 60 .689 £ .083/73 .689 £ .083/73 .800 £ .054 / 64
Ukrainian .622 £.191/62 .667 £ .000 / 80 711 £.083 / 67 711 £.083/ 80
Romanian 711 £.113/ 64 .756 £ .083 / 67 .622 £ .083/78 J11 £ .13/ 71
Kazakh .867 +.094 / 67 711 £.031/73 .578 £ .083 /89 711 £.113/67
Belarusian 756 =175/ 60 .756 £.063 /73 .622 £ .083/78 .689 £ .031/ 84
Avg. 768 £ .112/ 61 732 £.091/76 .630 £+ .083 / 81 .705 £ .081/ 76

languages display highly task-dependent behavior: certain competitions show better performance than
English across multiple languages, while others exhibit substantial gaps. The variability within resource
groups often exceeds the variability between them, suggesting that competition-specific characteristics
(problem complexity, domain terminology, and code patterns) dominate over language resource availabil-
ity. Task-characteristic analysis (/N=15) further shows that feature count (p=+0.50) and domain-specific
terminology (p=+0.44) are the strongest predictors of cross-lingual variance (Appendix J.3).

We identify five failure categories: execution errors, constraint violations, preprocessing inconsisten-
cies, function signature modifications, and environment issues, with GPT-OSS more robust to these than
GPT-4.1-mini (detailed breakdown and code examples in Appendix E). Our ReAct agent consumes on
average 475K tokens per experiment with a consistently low output-to-input ratio (0.09); language and
competition effects interact, so token efficiency cannot be attributed to either factor alone (Appendix K).

Taken together, our results reveal three consistent patterns. First, cross-lingual gaps are task-
dependent rather than resource-dependent: within-group variability exceeds between-group variability
across resource levels (Appendix J.1), and task characteristics, i.e., feature count (p=+0.50) and domain
terminology (p=+0.44), predict cross-lingual variance better than language identity. Second, the primary
bottleneck is pipeline instruction-following rather than language comprehension (Appendix E). Third,
no model dominates on both quality and reliability: GPT-4.1-mini attains the highest AUP but the
lowest pass rate, revealing a quality—robustness trade-off that aggregate scores obscure.

5. Conclusion

We introduce ML?B, the first multilingual benchmark for evaluating LLMs on end-to-end ML pipeline
generation, comprising 35 real Kaggle competitions translated into 14 languages (490 tasks across
tabular, text, and image data), validated by native speakers. ML?B integrates methodological advances
for reproducible evaluation: private competitions to reduce data leakage, modular code submission
to limit preprocessing leakage, and containerized execution, though modular submissions may retain
residual data access if agents perform late-stage training, which remains a future direction. Our findings
reveal that cross-lingual performance gaps are highly task-dependent, challenging the assumption that
resource availability alone determines multilingual model capabilities.
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A. Prompt Format Comparison

We validate that structured prompt format aids model comprehension without enabling memorization-
based shortcuts. Using DeepSeek-Reasoner within AIDE (3-hour runtime, 3 runs), we compare ML?B
structured prompts against MLE-Bench obfuscated prompts on 10 shared competitions. As shown in
Figure 4, structured prompts achieve better performance on 5 of 10 competitions and demonstrate
perfect stability (3/3 pass rate) across all tasks, whereas the obfuscated format fails (2/3 pass rate) on 5
competitions.

B. Full Competition List

The full list of competitions is presented in Table 5.

C. Domain Subjects Gathering

To assign a suitable domain to every competition in our benchmark we have decided on a following
process. Firstly, the prompt containing the information about the problem (Figure 5) was given to the
GPT-3.5-turbo model to derive domain tag for each competition. The next step was manual evaluation
and necessary polishing of LLM-assigned domains in order to ensure their accuracy and suitability.
Finally, 9 concise domains are obtained: media studies, social studies, environmental studies, urban
studies, finance, marketing, healthcare and medical, manufacturing and quality, synthetic data. The
number of competitions in each domain is presented in Figure 6.

D. Prompt Templates

Prompts consist of three sections: (1) benchmark instructions, (2) competition-specific task description,
and (3) submission constraints. Table 6 summarizes each section’s content, while Table 7 shows the
four supported function signature variants.



Table 5
The full list of competitions included in ML2B

comp name Private/Public Year data type Teams Source
WiDS Datathon 2020 Public 2020 tabular 951 CODE4ML
IEOR 242 Spring 2020 HW 4 Public 2020 tabular 72 CODE4ML
Explicit content detection Public 2020 text 106 CODE4ML
109-1 NTUT Building Deep Learning Applications HW1 Public 2020 image 90 CODE4ML
UWaterloo STAT441/841 Data Challenge 1 Public 2020 tabular 131 CODE4ML
MADE HW-2 Public 2020 text 258 CODE4ML
Financial Engineering Competition (1/3) Public 2020 tabular 290 CODE4ML
Financial Engineering Competition (2/3) Public 2020 tabular 268 CODE4ML
Financial Engineering Competition (3/3) Public 2020 tabular 268 CODE4ML
PRML-Data Contest-Nov 2020 Public 2020 - 2021 tabular 150 CODE4ML
Actuarial loss prediction Public 2020 - 2021 tabular 140 CODE4ML
<She/Hacks> - Shaastra’21 and Wells Fargo Public 2021 tabular 90 CODE4ML
ML2021Spring-hw1 Public 2021 tabular 2032  CODE4ML
2021-ML (Korean) Public 2021 tabular 87 CODE4ML
SYDE 522 (Winter 2021) Public 2021 tabular 130 CODE4ML
Tabular Playground Series - Jul 2021 Public 2021 tabular 1293  CODE4ML
Tabular Playground Series - Aug 2021 Public 2021 tabular 1753  CODE4ML
Classify Leaves Public 2021 image 165 CODE4ML
Google Brain - Ventilator Pressure Prediction Public 2021 tabular 2605  CODE4ML
Porto Seguro Data Challenge Public 2021 tabular 174 CODE4ML
Crime Learn Public 2021 tabular 96 CODE4ML
Binary Classification with a Tabular Stroke Prediction Dataset Public 2023 tabular 770 CODE4ML
Multi-Class Prediction of Cirrhosis Outcomes Private 2024 tabular 108 CODE4ML
Predicting Optimal Fertilizers Public 2025 tabular 2648 Kaggle
Binary Prediction with a Rainfall Dataset Public 2025 tabular 4381 Kaggle
Eid Al-Adha 2025: Sheep Classification Challenge Public 2025 image 355 Kaggle
Alfa University income prediction Private 2024 tabular 8 Kaggle
2024 Datalab Cup1 Private 2024 text 108 Kaggle
Thapar Summer School 2025 | Hack-111 Private 2025 tabular 110 Kaggle
Rutgers Data101 Fall2022 Assignment 12 Private 2022 tabular 162 Kaggle
CS 506 Fall 2025 Technical Midterm Private 2025 tabular 143 Kaggle
Car Becho Paisa Paao Private 2025 tabular 302 Kaggle
ITMO Flat price prediction 2024 Private 2024 - 2025 tabular 127 Kaggle
Multi-label Classification Competition 2025 Private 2025 image 201 Kaggle
IFT6390-1FT3395: Beer Quality Prediction Private 2025 tabular 192 Kaggle

You are given competition name, data card and description of Kaggle competition. You need to identify
the domain that the task belongs to in the given competition.

Competition name: Crime_Learn

Description: Develop a predictive model to estimate the rate of violent crimes per population in a given
area based on specific features. The input consists of two datasets, one for training and one for testing,
with the target variable being *ViolentCrimesPerPop’.

Data card: In this competition you will use the sample US crime data for predicting *ViolentCrimesPer-
Pop’. train.csv - the training dataset.

Figure 5: Example of the prompt used to derive competition domain

Function Signature Variants. We support four signature variants based on two dimensions as
shown in Table 7. Full prompt templates with complete examples are available in our code repository.
Monolithic variant requires a single function:

def train_and_predict(X_train: dict, X_val: dict) -> np.ndarray:
"""Train_model_.and_return_predictions."""

Modular variant separates training and inference:

'https://github.com/enaix/ml2b
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Figure 6: Domain distribution comparison on full and sub-set
Table 6
Prompt template structure.
Section Content
Benchmark instructions Submission path requirements, train/test split clarification, program-
ming language constraints, anti-plagiarism policy
Task description ML task objective, domain, target metric, data schema with column
descriptions (translated to target language)
Submission constraints Required function signatures, single-file requirement, no global vari-

ables, self-contained code

Table 7

Supported function signature variants.
Type Signature
Monolithic (extended) train_and_predict(...)
Monolithic (TypedDict) train_and_predict(X_train, X_val)
Modular (extended) train(), prepare_val(), predict()
Modular (TypedDict) Same with TypedDict

def train(X_train: dict) -> Any:
def prepare_val(train_output: Any, X_val: dict) -> Any:
def predict(train_output: Any, val_output: Any) -> np.ndarray:

E. Failure Pattern Analysis

Out of 2,520 submissions in the MODULAR_PREDICT format, <10% contain potential data leakage
according to static analysis. In 81 submissions, leakage is detected in the train function, which does
not operate on prediction data; in 33 cases it appears in trivial single-argument functions — both are
false positives. This leaves 4% of submissions with potential actual leakage. Residual leakage may still
occur if agents perform model training in later pipeline stages where both training and prediction data
are theoretically accessible.

Table 8 categorizes the systematic failures observed across our experiments (pass rates across all
languages and competitions are shown in Figure 7).
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Figure 7: Pass rate across 14 languages and 15 competitions
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Notably, these failures occurred more frequently with GPT-4.1-mini than with GPT-oss or Gemini-

2.5-flash variants, suggesting that larger or more recent models may have better instruction-following

capabilities for constrained code generation tasks.

Listings 1 and 2, 3 provide the examples of valid and two failed GPT-4.1-mini-generated codes,

correspondingly.



Table 8
Detailed failure patterns observed across ML2B experiments.

Category

Description

Execution errors

Data handling

Preprocessing mismatch

Signature violations

Global dependencies

Environment issues

Absence of if __name__ == "__main__" block prevented importing
target functions from submission file

Agents directly load data files within training functions instead of using
function parameters, violating the predefined function signatures that
expect data as arguments.

Inconsistent feature engineering between training and validation sets,
causing dimension or type errors

Modified function signatures despite explicit instructions requiring
exact formats for grader compatibility

Initialization code placed outside function definitions, violating self-
contained code requirements

Use of deprecated API calls, non-existent library functions, or incorrect
package versions

Listing 1: Valid submission with proper modular structure and LightGBM pipeline.

import pandas as pd
import numpy as np
from typing import Any

from sklearn.model_selection import GroupKFold
from sklearn.metrics import mean_absolute_error

import lightgbm as lgb

def create_features(df):
# Basic features
df["R"] = df["R"].astype("category")
df["c"] = df["C"].astype("category")

# Lag features for u_in and u_out to capture time series
df["u_in_lagl"] = df.groupby("breath_id")["u_in"].shift(1).fillna(0)
df["u_in_lag2"] = df.groupby("breath_id")["u_in"].shift(2).fillna(0)

df ["u_out_lagil"]
df["u_out_lag2"]
# Time step as feature

df.groupby("breath_id")["u_out"].shift(1).fillna(0)
df.groupby("breath_id")["u_out"].shift(2).fillna(0)

df["time_step"] = df["time_step"].astype(np.float32)
# We can also add cumulative sum of u_in per breath to capture progression
df["u_in_cumsum"] = df.groupby("breath_id")["u_in"].cumsum()

# Drop columns not used for training
return df
de

2

X_train = create_features(X_train)
features = [
"Ry,
e,
"time_step",
"u_in",
"u_out",
"u_in_lagil",
"u_in_lag2",
"u_out_lagl",
"u_out_lag2",
"u_in_cumsum",

]

categorical_features = ["R", "C", "u_out",

# Prepare dataset for LightGBM

lgb_train = lgb.Dataset(
X_train[features],
label=y_train["pressure"],

train(X_train: pd.DataFrame, y_train: pd.DataFrame) -> Any:

"u_out_lagl", "u_out_lag2"]

categorical feature=categorical_ features,

free_raw_data=False,

)

params = {
"objective": "regression",
"metric": "mae",
"boosting_type": "gbdt",
"learning_rate": 0.1,

"num_leaves": 31,
"max_depth": -1,
"verbose": -1,
"seed": 42,

"feature_pre_filter": False,

}

model = lgb.train(params, lgb_train, num_boost_round=100)
return (model, features, categorical_ features)

def prepare_val(X_val: pd.DataFrame, train_output: Any) -> Any:
model, features, categorical features = train_output

X_val = create_features(X_val)
return X_val[features]
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def

def

predict(train_output: Any, prepare_val output: Any) -> np.array:

model, features, categorical features = train_output

X_val = prepare_val_output

preds = model.predict(X_val, num_iteration=model.best_iteration)

return preds

run(X_train: pd.DataFrame, y_train: pd.DataFrame, X_val: pd.DataFrame) -> np.array:
train_output = train(X_train, y_train)

X_val_processed = prepare_val(X_val, train_output)

preds = predict(train_output, X _val_processed)

return preds

Listing 2: Failed submission illustrating API version incompatibility (line 55). The agent attempts

to use early_stopping_rounds parameter in 1gb.train(), which was deprecated in
LightGBM 3.0.0 and removed in 4.0.0. This demonstrates a systematic limitation: agents do
not verify library version compatibility or adapt their code when receiving error feedback
about deprecated APIs.

import pandas as pd

import numpy as np

from typing import Any

from sklearn.model_selection import GroupKFold
from sklearn.metrics import mean_absolute_error
import lightgbm as lgb

import os

def

de

2

def

de

Y

def

feature_engineering(df: pd.DataFrame) -> pd.DataFrame:
# Basic features
df["u_in_cumsum"] = df.groupby("breath_id")["u_in"].cumsum()
df["u_in_lagl"] = df.groupby("breath_id")["u_in"].shift(1).fillna(0)
df["u_in_lag2"] = df.groupby("breath_id")["u_in"].shift(2).fillna(0)
df["u_out_lagl"] = df.groupby("breath_id")["u_out"].shift(1).fillna(0)
df["time_step_diff"] = df.groupby("breath_id")["time_step"].diff().fillna(0)
# Interaction features
df["R*C"] = df["R"] * df["C"]
df["R*u_in"] = df["R"] * df["u_in"]
df["C*u_in"] = df["C"] * df["u_in"]
return df
train(X_train: pd.DataFrame, y_train: pd.DataFrame) -> Any:
X_train = feature_engineering(X_train)
features = [

"Ry,

e,

"time_step",

"u_in",

"u_out",

"u_in_cumsum",

"u_in_lagl",

"u_in_lag2",

"u_out_lagl",

"time_step_diff",

"R*C",

"R*u_in",

"C*u_in",

]
X_train = X_train[features]
y = y_train["pressure"].values
# GroupKFold on breath_id to avoid leakage
# We will train a single model on full data here for simplicity
params = {
"objective": "regression",
"metric": "mae",
"boosting_type": "gbdt",
"learning_rate": 0.1,
"num_leaves": 64,
"feature_fraction": 0.8,
"bagging_fraction": 0.8,
"bagging_freq": 5,
"verbose": -1,
"seed": 42,
"n_jobs": -1,
}
lgb_train = lgb.Dataset(X_train, y)
model = lgb.train(
params,
lgb_train,
num_boost_round=1000,
valid_sets=[1lgb_train],
early_stopping_rounds=50, # <-- Unsupported since version 4.0.0
verbose_eval=100,
)
return (model, features)
prepare_val(X_val: pd.DataFrame, train_output: Any) -> Any:
model, features = train_output
X_val = feature_engineering(X_val)
X_val = X_val[features]
return X_val
predict(train_output: Any, prepare_val_output: Any) -> np.array:
model, _ = train_output
X_val = prepare_val_output
preds = model.predict(X_val, num_iteration=model.best_iteration)
return preds
run(X_train: pd.DataFrame, y_train: pd.DataFrame, X val: pd.DataFrame) -> np.array:
train_output = train(X_train, y_train)
prepared_val = prepare_val(X_val, train_output)
preds = predict(train_output, prepared_val)
return preds



Listing 3: Data leakage through target-dependent feature engineering. In train() (line 35), the agent

concatenates input features with the target variable and applies add_features(), which gen-
erates lag features based on the target column pressure (lines 13-14). Reusing this feature
engineering pipeline on the validation set (lines 62, 70), where the target is not available,
results in a missing-column error.

import pandas as pd

import numpy as np

from typing import Any, Tuple

from sklearn.model_selection import train_test_split
from sklearn.metrics import mean_absolute_error
import lightgbm as lgb

def

de

h

def

de

h

def

add_features(df: pd.DataFrame) -> pd.DataFrame: # <-- using target column presure
# Sort by breath_id and time_step for lag features
df = df.sort_values(["breath_id", "time_step"]).reset_index(drop=True)
# Lag features for u_in and pressure
df["u_in_lagl"] = df.groupby("breath_id")["u_in"].shift(1).fillna(0)
df["u_in_lag2"] = df.groupby("breath_id")["u_in"].shift(2).fillna(0)
df["pressure_lagl"] = df.groupby("breath_id")["pressure"].shift(1).fillna(0)
df["pressure_lag2"] = df.groupby("breath_id")["pressure"].shift(2).fillna(0)
# Rolling mean of u_in over last 3 steps
df["u_in_roll3"] = (
df.groupby("breath_id") ["u_in"]
.rolling(3, min_periods=1)
.mean ()
.reset_index (0, drop=True)
)
# Rolling std dev of u_in over last 3 steps
df["u_in_roll3_std"] = (
df.groupby("breath_id")["u_in"]
.rolling(3, min_periods=1)
.std()
.reset_index (0, drop=True)
.fillna(0)
)
# Time step squared to capture nonlinear trend
df["time_step2"] = df["time_step"] *+* 2
return df
train(X_train: pd.DataFrame, y_train: pd.DataFrame) -> Any:
# Add features to training data
X_train = add_features(pd.concat([X_train, y_train], axis=1))
# Target
y = X_train["pressure"].values
# Drop columns not used as features
drop_cols = ["id", "breath_id", "pressure"]
features = [c for ¢ in X_train.columns if c¢ not in drop_cols]
X = X_train[features]
# LightGBM dataset
lgb_train = lgb.Dataset(X, label=y)

params = {
"objective": "regression",
"metric": "mae",
"verbosity": -1

"boosting_type": "gbdt"
"learning_rate": 0.1,
"num_leaves": 31,
"feature_fraction": 0.9
"bagging_fraction": 0.9
"bagging_freq": 1,
"seed": 42,
"n_jobs": -1,
}
model = lgb.train(params, lgb_train, num_boost_round=300)
return (model, features)
prepare_val(X_val: pd.DataFrame, train_output: Any) -> Any:
model, features = train_output
# Add features to validation data (pressure not available, fill with 0)
X_val = add_features(X_val.copy()) # <-- pressure target column not presented
# For lags of pressure which we don’t have in val, fill with 0
X_val["pressure"] = 0.0
X_val["pressure_lagl"] = 0.0
X_val["pressure_lag2"] = 0.0
X_val = add_features(X_val)
return X_val[features]
predict(train_output: Any, prepare_val_output: Any) -> np.array:
model, features = train_output
X_val = prepare_val_output
preds = model.predict(X_val)
return preds
run(X_train: pd.DataFrame, y_train: pd.DataFrame, X_val: pd.DataFrame) -> np.array:
train_output = train(X_train, y_train)
val_features = prepare_val(X_val, train_output)
preds = predict(train_output, val_features)
return preds

F. Translation Prompt

Since some fields include imperatives (e.g., Develop a model, Create an agent), it has to be defined
explicitly in a prompt (Figure 8) to use imperative mood, otherwise the model have translated English



imperatives, which have the same form as verbs not in imperative mood, mainly as infinitives.

Prompt example

Translate text into {target_language}. Infinitive forms that stand apart, if any, should be translated as
the imperative mood: {text}

Figure 8: Example of the prompt used in translation experiments.

G. Form Example

Figure 9 illustrates an example of one question block in a form, which asks a native speaker of Romanian
to validate the translation of the competition description.

Translation Check

Translated version:

Dezvoltati un model predictiv pentru a anticipa probabilitatea mortalitatii in spital pentru pacienti.
Seturile de date includ diverse caracteristici legate de pacienti la momentul internarii in spital. Obiectivul
este de a prezice cu acuratete probabilitatea mortalitatii in spital pentru fiecare pacient din setul de
testare.

Original version:

Develop a predictive model to forecast the likelihood of hospital mortality for patients. The datasets
include various features related to the patients upon hospital admission. The objective is to predict the
probability of hospital mortality for each patient in the test set accurately.

Does the translated text (1) sound native and (2) convey the same meaning as the original text?

« YES and YES
« NO and YES
« YES and NO
« NO and NO

If there is at least one NO in the answer, please suggest your own version:

Figure 9: Example of question block in Google Form for Romanian language

H. Validation Results

As it has been stated before, for each language we considered the translations from a single annotator.
To prove the reliability and the quality of translations, we have used back-translation into English and
have assessed quality using BLEU metric.

Using the same GPT-40 model and identical prompts, we have executed three independent translation
runs and collected the resulting English back-translations. We then have computed BLEU scores between
the original texts in English and their back-translated versions. Finally, we have estimated bootstrap
confidence intervals for each language and text type.

Lavie [40] claims that a BLEU score in the range [0.4, 0.5] can be a sign of high-quality translation.
As shown in Figure 10, the mean BLEU scores across the three runs exceed 0.35 for all languages.
Moreover, the intervals for descriptions and data cards are relatively narrow, suggesting stable and
accurate translations.
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Figure 10: BLEU scores with 95% confidence intervals by language and text type.

For domain-level texts, the confidence intervals are notably wider. This is expected since BLEU is
highly sensitive to short texts, and GPT-40 often produces less consistent translations for very short
inputs lacking contextual cues. Overall, these results support our claim that translations from a single
native speaker are sufficiently reliable for our study.

Table 9 shows the inter-annotator agreement measured by Gwet’s AC1.

Table 9
Inter-annotator agreement measured by Gwet’s AC1 for nativeness and meaning preservation criteria across
languages.

Language Nativeness AC1 Meaning AC1

Arabic 0.936 0.902
Belarusian 0.950 0.838
Chinese 0.450 0.971
French 0.723 0.899
Italian 0.841 0.971
Japanese 0.308 1.000
Kazakh 0.359 1.000
Polish 0.743 0.931
Romanian 0.560 0.869
Russian 0.876 0.971
Spanish 0.773 0.822
Turkish 0.876 1.000
Ukrainian 0.538 1.000

We also analyze the GPT-4 translation patterns. Prior work shows that GPT-4 produces more
accurate and more lexically diverse translations than commercial systems such as Google Translate [34].
Additionally, Raunak et al. [41] note that GPT-family models tend to generate non-literal translations,
including figurative renderings of idioms. Based on this, we anticipated many outputs that preserved
meaning but lacked features that make them sound fully native.

Figure 11 indicates that nearly two-thirds of responses within each language are judged as both
natural and semantically equivalent. The second most frequent pattern is NO and YES, reflecting
translations that preserve meaning but lack native-like phrasing. This outcome is expected for LLMs,
which tend to prioritize semantic adequacy over fine-grained stylistic and idiomatic conventions [42].

I. AUP Metric Details

Here we provide the details on the modified versions of AUP metric.
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Figure 11: Answer distribution across languages

Weighted AUP with Emphasis on Strong Outperformance.
1
AUP_y,, = / p(t) - (=InT)dr (5)
0

The weight w(7) = —In is strictly positive on (0, 1), with fol(— InT)dr = 1, ensuring natural
normalization. This metric is sensitive to models achieving r, < 1.

Weighted AUP with Emphasis on Near-Baseline Performance.

Jo o) (= gz) dr
S e dr

where € = 1078, This metric emphasizes 7 ~ 1, distinguishing models that reliably meet baseline from
those slightly below.

AUPfl/lnT - (6)

Sensitivity Properties of Weighted AUP Metrics The weighting functions transform the standard
AUP into complementary metrics with distinct sensitivity profiles. For AUP _y,, ,, the weight w(7) =
—InT diverges as 7 — 0T, making the metric highly sensitive to models achieving r, s < 1—i.e.,
models that substantially outperform the baseline. This metric, therefore, highlights excellence,
emphasizing large performance gains and breakthrough capabilities.

Conversely, for AUP_; /1, ;, the weight w(7) = —1/In 7 diverges as 7 — 17, amplifying differences
in the critical region where models are only marginally better than the baseline (7, s ~ 1). This metric
emphasizes reliability, rewarding consistent, modest improvements over the baseline.

Together, these metrics provide a more nuanced diagnostic picture than the standard AUP alone. In
multilingual evaluation, a model might show similar AUPgq scores across languages, yet AUP_y,,
could reveal that its advantage in high-resource languages comes from occasional strong wins , while
AUP_ /1, » might indicate more stable, incremental improvements in others (Figure 12).

J. Extended Analysis

J.1. Cross-Lingual Performance Gap

Figure 13 shows the per-competition performance gap relative to English across 13 languages for
GPT-OSS-120b.
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Figure 12: Aggregated performance across all languages for the three AUP variants.

J.2. Qwen2.5-72B-Instruct Preliminary Evaluation

We run preliminary experiments with Qwen2.5-72B-Instruct via AIDE (1-hour budget) on 3 competitions
x 3 languages (Russian, Kazakh, Chinese). Results are shown in Table 10.

Table 10

Qwen2.5-72B-Instruct preliminary results (F1 / RMSE / Logloss). None indicates a failed submission.
Competition (metric) Russian Kazakh Chinese
Explicit content (F1) 0.941 0.971 0.967
ML2021Spring-hw1 (RMSE) None None None
ECE460j-fall24 (Logloss) None 0.495 None

Qwen fails to produce valid submissions in 5 of 9 pairs, with complete failure on the RMSE task.
When Qwen succeeds — on the F1 task — scores are broadly comparable to GPT-OSS-120b (0.941-0.971
vs. 0.965-0.988). Failure analysis reveals a configuration leakage pattern: Qwen generates structurally
correct train/predict functions but additionally emits global-scope code with hardcoded paths from
its internal AIDE test run. When ML?B executes only the required functions in a clean environment,
stale path references cause runtime failures. This is consistent with the broader pattern that pipeline
instruction-following is the primary bottleneck for weaker models. A full evaluation with matched
3-hour budgets across all 14 languages will be included in future work.
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Figure 13: Performance gap relative to English across 13 languages for GPT-OSS-120b. Negative values
indicate worse performance than English.

J.3. Task-Characteristic Analysis of Cross-Lingual Variance

For each of the 15 competitions, we code domain, modality, dataset size, number of features, description
length (tokens), and number of domain-specific terms. We compute per-competition cross-lingual
standard deviation of performance ratios (std of r;, across 14 languages, aggregated over all four
model-framework configurations) and correlate these with task characteristics (Table 11).

Table 11
Spearman correlations between task characteristics and cross-lingual variance (IN=15). Mean r,, is uncorrelated
with all characteristics (all |p| < 0.17, p > 0.54).

Task characteristic P p

Number of features +0.50  0.055
Domain-specific terms (count) +0.44  0.100
Dataset size (log) +0.36  0.187
Description length (tokens) +0.04 0.874

Task characteristics predict how much a result varies across languages, not how well models perform
on average. Low cross-lingual variance has two distinct patterns: tasks where all languages succeed (e.g.,
Thapar Summer School, std=0.0005) and tasks where all languages fail equally due to underspecification
(e.g., Financial Engineering 2/3, std=0.034, mean 1, ~ 0.60). Stability is therefore not always a success
signal. These correlations should be interpreted as exploratory evidence (V=15 limits statistical power)
motivating targeted follow-up.



K. Token Consumption Analysis

We analyze the token usage across 14 natural languages and 15 programming competitions using the
proposed modification of ReAct agent, comprising a total of 630 individual experiments. Token usage is
measured separately for input (prompt), output (generated code), and total tokens.

On average, experiments have consumed 475,158 total tokens (SD = 446,482) (for language detailed
see Figure 14), including 448,755 input tokens (SD = 422,395) and 26,402 output tokens (SD = 42,534).
The output-to-input token ratio remains consistently low across languages (M = 0.09, SD = 0.02),
indicating substantial contextual prompts and concise code outputs.

Language Effects A one-way analysis of variance (ANOVA) revealed statistically detectable differ-
ences across languages for all token types:

« Input tokens: F'(13,594) = 0.49, p < 0.001
« Output tokens: F'(13,594) = 0.68, p < 0.001
« Total tokens: F'(13,594) = 0.44, p < 0.001

Romanian requires the highest number of tokens (M = 584,788), Polish the fewest (M = 396,858),
representing a 47.4% difference (187,930 tokens per task). Post-hoc t-tests with Bonferroni correction
(av = 0.000549) identify no significant pairwise differences.

Competition Effects Competition type significantly affect token usage: F'(14,593) = 4.09, p <
0.001. The most token-intensive competition is rutgers-data101-fall2022-assignment-12 (M = 686,101),
while financial-engineering-2 requires the fewest tokens (M = 254,701), corresponding to a 169.4%
difference.

Input-Output Correlation Pearson correlation shows moderate positive association between input
and output tokens (r = 0.532, p < 0.001). Language-specific correlations range from r = 0.427
(Kazakh) to r = 0.851 (Japanese).

Interaction Effects Within-language variation across competitions (C'V' = 0.560) exceeds between-
language variation (C'V = 0.096), indicating meaningful language X competition interactions.
Overall, the observed language x competition interaction suggests that token efficiency cannot
be fully characterized by language or task alone (Figure 15), highlighting the importance of jointly
modeling both dimensions when estimating the computational costs of large language models.
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