The Cost of Asking in Turkish: Prompt Language Effects on Code LLMs

Mert Incidelen, Melike Kaya, Elif i§bilir, Yunus Santur
Department of Artificial Intelligence and Data Engineering, Firat University, Elaz1g, Tiirkiye
mincidelen@firat.edu.tr, km.kaya.melike@gmail.com
isbilirelif.ie@gmail.com, ysantur@firat.edu.tr

Abstract

Large language models (LLMs) have demon-
strated strong performance on existing code
generation benchmarks. However, these bench-
marks are almost entirely based on English
prompts. This study examines the cost of
prompt language on code generation perfor-
mance for Turkish, an agglutinative and mor-
phologically rich language. For this purpose,
EN-TR CodeBench, a benchmark consisting
of 60 problems and 811 unit tests at easy,
medium, and hard difficulty levels, was cre-
ated. Five open-source code LLMs from three
model families, one with three different pa-
rameter scales, were evaluated under English,
Turkish, and Turkish-localized conditions us-
ing the pass@1 metric. The results show that
the use of Turkish prompts leads to a perfor-
mance decrease in all five models, and this de-
crease narrows as model scale increases within
the Qwen2.5-Coder family. Analysis according
to difficulty level reveals that, for most mod-
els, the language-related performance loss in-
creases substantially with problem complexity.
Error analysis shows that the performance dif-
ference between languages is largely driven by
runtime and logic errors, while syntax errors
remain rare.

1 Introduction

Large language models (LLMs) perform success-
fully in the task of converting natural language
expressions into executable program code. Bench-
marks such as HumanEval (Chen et al., 2021) and
MBPP (Austin et al., 2021) have been among the pi-
oneering efforts to measure the code generation per-
formance of LLMs. However, evaluation studies
of LLMs conducted with these and similar bench-
marks have often concentrated primarily on the En-
glish language (Peng et al., 2024). This raises the
question of the extent to which the code generation
performance of LLMs is language-dependent. The
ability of LLMs to correctly interpret prompts and

their ability to solve algorithmic problems cannot
be disentangled in standard monolingual assess-
ment frameworks.

Studies in which HumanEval was translated into
different languages using machine translation meth-
ods have revealed that prompts in different lan-
guages for the same problem create significant
performance differences (Peng et al., 2024; Rai-
han et al., 2025). Similarly, evaluations of MBPP
translated into languages other than English and
performed on code LLMs show significant perfor-
mance differences (Li et al., 2025). In addition,
token fertility differences between languages in
LLMs have the potential to affect performance
(Petrov et al., 2023; Ahia et al., 2023). Repre-
senting words with more tokens not only increases
the processing cost and latency, but also limits the
amount of information that the model can process
within its context window. As Turkish is an ag-
glutinative language, it is known that a Turkish
word is represented as multiple sub-words when
tokenized by LLMs (Toraman et al., 2023; Bayram
et al., 2025). In addition, general-purpose Turkish
LLM benchmarks such as TurkishMMLU (Yiiksel
et al., 2024), TR-MMLU (Bayram et al., 2024) and
Cetvel (Er et al., 2026) evaluate the Turkish lan-
guage capabilities of LLMs across various tasks.
However, none of these benchmarks are based on
the code generation performance of LLMs.

This study reveals the cost of asking questions in
Turkish by creating EN-TR CodeBench, a parallel
English-Turkish code generation benchmark con-
sisting of 60 problems spread across three difficulty
levels and validated with 811 unit tests. The bench-
mark also checks for the impact of the identifier
language with a Turkish-localized condition where
function and parameter names are localized along
with the prompt. The performance of five open-
source code LLMs, spanning three model families,
one of which was further evaluated across three pa-
rameter scales, is compared. Furthermore, the code
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generation performance of the models is analyzed
through syntax, runtime, and logic errors.

2 The EN-TR CodeBench Dataset

EN-TR CodeBench! was created to evaluate the
cost of prompt language in code generation tasks
for LLMs. It consists of English and Turkish
prompts for 60 problems of varying difficulty lev-
els. The Turkish prompts were prepared under
two separate conditions, one in which function and
parameter names remained in English and one in
which they were also localized into Turkish. Prob-
lem prompts were created and validated jointly
by two people fluent in both English and Turkish.
The aim was to ensure the problem prompts were
equivalent in both languages. Figure 1 shows test
inputs and outputs along with English, Turkish, and
Turkish-localized prompts for an example problem
in the benchmark.

Problem Prompts

English Prompt: "Write a Python function that re-
moves duplicate elements from a list while preserving
the order of first appearance.

Function signature: unique_preserve(items) Write
only the code.”

Turkish Prompt: "Bir listedeki tekrar eden eleman-
lar, ilk goriilme sirasimi koruyarak temizleyen bir
Python fonksiyonu yaz.

Fonksiyon imzasi: unique_preserve(items) Sadece
kodu yaz."

Turkish-localized Prompt: "Bir listedeki tekrar eden
elemanlari, ilk goriilme sirasimi koruyarak temizleyen
bir Python fonksiyonu yaz.

Fonksiyon imzasi: tekrarsiz_yap(elemanlar) Sadece

kodu yaz."

Sample Unit Test Case
Input: [[1, 2, 2, 3, 1]1]
Output: [1, 2, 3]

- J

Figure 1: Anatomy of a benchmark task illustrating the
three evaluation setups: English, Turkish, and Turkish-
localized.

The benchmark includes 15 easy, 20 medium,
and 25 hard problems. Difficulty levels broadly
reflect problem and code complexity, ranging from
simple operations at the easy level to multi-step
tasks at the medium level and more advanced al-
gorithms or interacting rules at the hard level. For

"huggingface.co/datasets/incidelen/EN-TR-CodeBench

each problem, unit tests were prepared to evaluate
the logical correctness of the code. Each unit test
consists of an input value and its corresponding ex-
pected output. To test the model’s ability to handle
edge cases, the unit tests include boundary values
in addition to values that test core functionality.
Benchmark statistics are given in Table 1.

Difficulty Problems Total Tests Average Tests
Easy 15 200 13.3
Medium 20 269 135
Hard 25 342 13.7
Total 60 811 13.5

Table 1: Distribution of problems and test cases across
difficulty levels.

3 Methodology

3.1 Models

In this study, code LLMs were selected to allow
both comparison of different model families with
similar parameter scales and evaluation of the ef-
fect of parameter scale within the same model
family. For this purpose, five open-source code
LLMs from the CodelLlama (Roziere et al., 2023),
DeepSeek-Coder (Guo et al., 2024), and Qwen2.5-
Coder (Hui et al., 2024) model families were evalu-
ated. For inter-family comparison, the Codel.lama-
7B-Instruct, DeepSeek-Coder-6.7B, and Qwen2.5-
Coder-7B models were selected. For intra-family
comparison, in addition to the 7B model from the
Qwen2.5-Coder family, variations with 14B and
32B parameters were evaluated.

3.2 Experimental Setup

The code generation experiments of the code LLMs
were conducted for the Python programming lan-
guage, based on the system prompt presented in
Appendix A. The hyperparameters used in the ex-
perimental processes are given in Table 2.

Parameter Value
Temperature 0.2
Seed 1234
Samples per problem 5
Maximum new tokens 1200

Table 2: Hyperparameters used in the experiments.

The evaluation process of the code outputs gen-
erated by code LLMs was carried out using a three-
stage pipeline. In this context, the generated code
was first checked for syntax errors, then for run-
time errors. Finally, logic errors were evaluated,
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and code that correctly executed all test scenarios
was considered successful. Accordingly, the errors
that occurred in each stage were evaluated sepa-
rately and reported as syntax errors, runtime errors,
and logic errors. All models were evaluated under
the same hyperparameter settings.

3.3 Evaluation Metrics and Statistical Testing

To evaluate the code generation performance of
code LLMs, the pass@k metric, preferred in sim-
ilar studies, was used (Chen et al., 2021). This
metric calculates the probability of finding at least
one correct solution among & samples taken from
the model for a problem, estimated from n > k
generated samples. In this study, n = 5 samples
were generated by the models for each problem,
and pass@1 (k = 1), reflecting the success of the
models in a single trial, was taken as the main met-
ric. The statistical significance of the performance
differences between prompt language conditions
was tested for each model with 10,000 iterations
using paired bootstrap resampling, and 95% confi-
dence intervals were calculated. Holm-Bonferroni
correction was applied to the p-values to control
for the risk of Type I errors arising from multiple
comparisons.

4 Results and Discussion

As can be seen in the pass@1 findings presented
in Table 3, a performance decrease was observed
between English and Turkish prompts for all eval-
uvated code LLMs. Among the evaluated mod-
els, the highest performance decrease due to the
prompt language was observed in the CodeLlama-
7B-Instruct model with a decrease of 15.3 percent-
age points. In addition, within the Qwen2.5-Coder
family, it was observed that the performance dif-
ference between English and Turkish languages
narrowed with increasing model scale. Among the
variations of the Qwen2.5-Coder family with three
different parameter scales, it was observed that the
difference between English and Turkish languages

decreased from 14.0 to 2.3 percentage points as
the number of parameters increased. The results
obtained for Qwen2.5-Coder-32B show that the dif-
ference is not statistically significant. These results
suggest that the language-related performance loss
is not a fixed loss, but an effect that may narrow
with increasing model scale. Under the Turkish-
localized condition, where function and parameter
names were localized along with the prompt, re-
sults varied from model to model. In smaller-scale
models, an additional decrease in performance was
observed due to this condition. However, in the
Qwen2.5-Coder-14B model, identifier localization
had the opposite effect compared to other models,
and no performance difference was observed for
the Qwen2.5-Coder-32B model.

Model Language Easy Medium Hard
English 100.0 400 104

ICO?eL'tama‘m‘ Turkish 693 300 00
nstrue Turkish-localized 58.7 23.0 0.0
English 86.7 680 304

ggzgf_‘gel;l‘g Turkish 867 550 17.6
’ Turkish-localized 86.7 54.0 15.2
English 933 80.0 36.0
%”enzj'c"d“' Turkish 893 710 120
Turkish-localized 86.7 69.0 14.4

English 933 820 528
Qwen2.5-Coder-  nich 933 750 29.6

14B Turkish-localized 933 740 32.8
English 1000 880 472
Turkish 987 860 44.0
Turkish-localized 97.3 90.0 41.6

Qwen2.5-Coder-
32B

Table 4: Pass@1 accuracy (%) broken down by problem
difficulty across prompt-language conditions.

Analysis based on the difficulty levels given in
Table 4 shows that, for most models, language-
related performance loss increases substantially
with problem complexity. While the effect of
prompt language remains limited in most models
at the easy level, this effect becomes markedly pro-
nounced at the hard level. CodeLlama-7B-Instruct
was able to solve 10.4% of hard problems in En-

Model EN TR TR-Loc. ATR-EN  95% Cltren  ALoc.-TR  95% Clroc. TR
CodeLlama-7B-Instruct 42.7 27.3 22.3 —15.3%*  [—26.0, —5.7] -=5.0 [—10.0, —1.0]
DeepSeek-Coder-6.7B  57.0 47.3 46.0 —9.7 [—19.3, —1.0] —1.3 [—8.7,6.0]
Qwen2.5-Coder-7B 65.0 51.0 50.7 —14.0%**% [—-22.3, —6.7] —-0.3 [—7.3,6.3]
Qwen2.5-Coder-14B 72.7 60.7 61.7 —12.0%** [—20.0, —5.3] 1.0 [—3.3,6.0]
Qwen2.5-Coder-32B 74.0 71.7 71.7 —-2.3 [—9.7,5.0] 0.0 [—4.7,5.0]

Table 3: Overall pass@1 accuracy (%) across prompt-language conditions. ATR-EN: prompt-language effect;
ALoc.-TR: identifier-localization effect. *p < 0.05, **p < 0.01, ***p < 0.001.
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glish, but the success rate dropped to zero in Turk-
ish. To examine the source of performance differ-
ences, the failures of the code generated by code
LLMs were separated into syntax errors, runtime
errors, and logic errors, as shown in Table 5.

Model Language SE RE LE Success
English 0 72 100 128
ﬁ(;fflzltama'm' Turkish g 124 86 82
u Turkish-localized 4 120 109 67
English 0 33 96 171

Bﬁgﬁfg"‘;{g Turkish 0 42 116 142
: Turkish-localized 0 47 115 138
English 0 31 74 195
%;V@“Z'S‘C"der‘ Turkish 2 39 106 153
Turkish-localized 1 51 96 152

English 0 11 71 218
%ﬁenz's‘c"der‘ Turkish 0 37 81 182
Turkish-localized 0 27 88 185

English 0 16 62 222
%Vlvgenz's'c"der' Turkish 0 12 73 215
Turkish-localized 4 12 69 215

Table 5: Model error types and success counts across
languages. (SE: syntax errors, RE: runtime errors, LE:
logic errors)

When the distribution of error types was exam-
ined, the lowest number of syntax errors was ob-
served in the generated code. This indicates that
syntactic validity is largely preserved across scale
and prompt language, though a small increase in
syntax errors under Turkish conditions is observed
for CodeLlama-7B-Instruct and Qwen2.5-Coder-
7B, and for Qwen2.5-Coder-32B only under the
Turkish-localized condition. However, the run-
time and logic error rates differed noticeably for
the Turkish prompt language compared to English.
The error analysis shows that the performance loss
caused by the prompt language occurs not at the
level of producing syntactically valid code, but at
the level of correctly executing the solution.

Tokenizer English  Turkish
CodeLlama 1.34 3.35
DeepSeek-Coder 1.34 3.65
Qwen2.5-Coder 1.24 2.53

Table 6: Tokenization fertility behavior across English
and Turkish prompts.

The fertility analysis performed on the tokeniz-
ers of the compared LLM families is given in Ta-
ble 6. The results show that Turkish requires con-
siderably more tokens per word compared to En-
glish. CodeLlama, which has high fertility, also

shows the largest performance difference in Table 3.
However, DeepSeek-Coder, which has the highest
fertility, shows a smaller performance difference
than Qwen2.5-Coder-7B. This suggests that fertil-
ity may contribute to the performance difference
but is not its sole determinant.

5 Conclusion

This study examined the cost of prompt language
on code generation performance for an agglutina-
tive and morphologically rich language like Turk-
ish. For this purpose, a parallel English-Turkish
code generation benchmark consisting of 60 prob-
lems and 811 unit tests was created. This bench-
mark was used to evaluate five open-source code
LLMs, spanning three model families, one of
which was further evaluated across three param-
eter scales, under English, Turkish, and Turkish-
localized conditions. Switching the prompt lan-
guage from English to Turkish reduced pass@]1 for
all five models, and this reduction remained statisti-
cally significant after Holm-Bonferroni correction
for three of them. These findings also showed that
the performance difference between English and
Turkish prompts mainly occurred at the runtime
and logic levels, not at the syntax level. Although
the effect of the Turkish-localized condition, where
the identifiers were also localized into Turkish, var-
ied from model to model, these differences did
not reach statistical significance. Future studies
could extend this benchmark to other low-resource
languages, include large closed-source language
models in the comparison, and retest the impact of
identifier localization with a larger sample size.

6 Limitations

While the 60-problem benchmark used in this study
is sufficient to identify the main effect of prompt
language, it limits the statistical power for more
subtle effects such as identifier localization. In-
deed, the identifier localization effect observed in
this study did not reach statistical significance at
the current sample size. A larger benchmark might
reveal this effect more clearly. In addition, the
evaluation is limited to only five open-source mod-
els ranging from 6.7B to 32B parameters; whether
much larger, closed-source models would show a
similar language-related performance loss is out-
side the scope of this study. Furthermore, the study
covers only one language pair and one program-
ming language. The generalizability of the findings
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to other agglutinative or low-resource languages,
or to different programming languages, should also
be tested.
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A System Prompts

English System Prompt:

You are an expert Python developer. Solve the
task as a single Python function. Return ONLY
one " “python code block. No explanation, no
examples, no tests. The function name must match
exactly. Put any imports inside the code block.

Turkish and Turkish-Localized System Prompt:

Sen uzman bir Python gelistiricisisin. Gorevi
tek bir Python fonksiyonu olarak ¢6z. SADECE
tek bir * " ‘python kod blogu dondiir. A¢iklama,
ornek veya test yazma. Fonksiyon adi tam olarak
istendigi gibi olmali. Gerekli import’lart kod
bloguna koy.
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