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Abstract

Code large language models (LLMs) enhance
programming by understanding and generating
code across languages, offering intelligent feed-
back, bug detection, and code updates through
reflection, improving development efficiency
and accessibility. While benchmarks (e.g. Hu-
manEval/LiveCodeBench) evaluate code gener-
ation and real-world relevance, previous works
ignore the scenario of modifying code in repos-
itories. Considering challenges remaining in
improving reflection capabilities and avoiding
data contamination in dynamic benchmarks,
we introduce LiveRepoReflection, a challeng-
ing benchmark for evaluating code understand-
ing and generation in multi-file repository con-
texts, featuring 1,888 rigorously filtered test
cases across 6 programming languages to en-
sure diversity, correctness, and high difficulty.
Further, we create RepoReflection-Instruct, a
large-scale, quality-filtered instruction-tuning
dataset derived from diverse sources, used to
train RepoReflectionCoder through a two-turn
dialogue process involving code generation and
error-driven repair. The leaderboard evaluates
over 40 LLMs to reflect the model performance
of repository-based code reflection.

1 Introduction

Code large language models (LLMs) (Hui et al.,
2024; Yang et al., 2024a; Touvron et al., 2023;
Anthropic, 2025; OpenAl, 2023) represent a signif-
icant advancement in comprehending and produc-
ing code across numerous programming languages.
Fueled by extensive training on massive code repos-
itories, LLMs empower developers by offering in-
telligent feedback, identifying potential bugs, and
updating code snippets from human instructions.
Code reflection refers to the ability of LLMs to ex-
amine and modify their previous responses. Using
reflection, LL.Ms can streamline the development
process, boost efficiency, and make programming
more accessible to a wider number of developers.
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Figure 1: Comparison between general code generation
tasks and LiveRepoReflection tasks.

Most previous works primarily focus on gen-
erating and evaluating functionally correct code
from human instructions illustrated in Figure 1,
such as HumanEval/MBPP (Chen et al., 2021;
Austin et al., 2021) and MultiPL-E (Cassano et al.,
2023). More recent LLMs (e.g. Claude3.7 (An-
thropic, 2025) and Qwen3 (Yang et al., 2024a))
and code benchmarks (e.g. LiveCodeBench (Jain
et al., 2024), McEval (Chai et al., 2024), and Big-
CodeBench (Zhuo et al., 2024)) aim to increase
the difficulty, complexity, and real-world relevance
by introducing more libraries, algorithms, and
programming languages. The recently proposed
benchmark Aider-polyglot (Gauthier, 2024a) cov-
ering 6 languages measures the ability of LLMs to
apply code changes to source files without human
intervention, reflecting a more realistic develop-
ment workflow. However, the Aider benchmark is
limited by a repository of programming exercises,
where the repositories have been included in the
pre-training data. There is still a lack of knowl-
edge on how to improve the repository-based code
reflection capability of LLMs and build dynamic
benchmarks to measure the actual LLM capabilities
to avoid data hacking.
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To explore the LLM capability of repository-
based code reflection, we propose an automatic
creation pipeline to dynamically update the large-
scale instruction corpus and the evaluation bench-
mark to avoid data hacking. This paper introduces
LiveRepoReflection, a challenging benchmark for
evaluating code understanding and generation in
repository-style multi-file contexts, drawing inspi-
ration from the Aider benchmarks and Exercism
problems. To ensure data consistency and facili-
tate realistic evaluations, LiveRepoReflection com-
prises coding problems organized with a defined
repository structure, including problem definitions,
reference answers, code signatures, unit tests, and
environment support files. Unlike the potentially
redundant data from Exercism, LiveRepoReflec-
tion employs an optimized and streamlined file
structure. Furthermore, the paper details the con-
struction of RepoReflection-Instruct, a large-scale
instruction tuning dataset derived from diverse
sources and filtered for quality, which is used to
train RepoReflectionCoder, a code-focused large
language model. The data generation process for
RepoReflection-Instruct involves a sophisticated
multi-turn dialogue simulation encompassing code
generation, error-driven repair, and style standard-
ization, aiming to enhance the model’s ability to
handle complex coding tasks and iterative interac-
tions.

The contributions are summarized as follows:

* We propose a high-quality, high-difficulty
benchmark for evaluating code reflection of
LLMs, featuring 1,888 rigorously filtered test
cases across 6 programming languages. The
benchmark emphasizes diversity, correctness,
and challenge by retaining only cases that
stump strong LLMs and undergo human an-
notation.

« Starting with 500k examples, a strict rejection
sampling process ensured high quality by fil-
tering repositories based on criteria such as
having unit-test files, reference answer files,
aligned code signatures and answers, compati-
ble environment configurations, and standard-
ized file names. The resulting high-quality
dataset is used to fine-tune base LLMs to
obtain RepoReflectionCoder, enhancing their
ability to understand and reason about multi-
file codebases with clear dependencies and
reproducible environments.

* Our systematic evaluation of over 40+ LLMs
on LiveRepoReflection led to the creation
of a dynamic leaderboard to track model
performance, with extensive experiments
demonstrating that LiveRepoReflection effec-
tively measures the alignment between model-
generated responses and human preferences.

2 Automatic and Dynamic Pipeline for
Repository-based Code Reflection

Repository Code Data File Structure Follow-
ing Aider Code Edit Benchmark (Gauthier, 2024b)
and Aider Polyglot Benchmark (Gauthier, 2024a),
we collect 702 coding problems from Exercism! for
C++, Go, Java, JavaScript, Python, and Rust, avail-
able at different repositories®. Then we remove the
225 coding problems in the Aider Polyglot Bench-
mark (Gauthier, 2024a) tests and some erroneous
data, and we retain about 473 coding problems
to keep the file structure of newly generated code
problems the same as these code problems. How-
ever, this code data may contain redundancy, as
the purpose of these coding problems is to help
people complete courses and become proficient in
programming languages. Illustrated in Figure 7 in
Appendix A, we design a standardized repository
code data file structure and streamline the file struc-
ture to the minimum size while ensuring normal
evaluation compared to them. These data are used
to guide the LLMs to generate the repository code
file structure format of the newly generated cod-
ing problems but do not participate in guiding the
content of the new coding problems illustrated in
Figure 2.

Seed Code Data To build LiveRepoReflection
with high quality and diversity, we collect six pro-
gramming languages (Python, Java, Go, Rust, C++,
JavaScript) code from multiple public sources, like
GitHub, Hugging Face, and Reddit.

Multiple Turn Dialogue Data Generation We
generate the program topics, definitions, unit tests,
then reference answers sequencely and continue
each step after the previous dialogue for consis-
tency. To balance diversity and difficulty, a “cre-
ative” LLM randomly drawn from a mixed LLM
stream produces topics and problem definitions,
while multiple “reasoning” LLM, also randomly
selected, generate unit tests and reference solutions.

lhttps://exercism.org/
https://github.com/exercism
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Figure 2: Overview of Construction Pipeline. We use this pipeline to generate polyglot repository code data of
LiveRepoReflection and instruction corpus of RepoReflection-Instruct following our designed repository code file
structure. 1) Pull Exercism repos, dedupe against other benchmarks, clean out broken samples, and optimize the
repository file structure. 2) Collect code snippets from multiple public source like GitHub, Hugging Face and Stack
Overflow. 3) Filter data by programming languages. 4) Use a randomized LLM stream to pick a “creative” LLM for
generating program topics and definitions from the seed data. 5) Use several “reasoning” LLMs to produce unit
tests and reference solutions. 6) Cross execute for verifying every unit test-solution pair, drop anomalies, then retain
the test with the lowest pass rate and the solution with the highest and manual review. 7) Package everything into

the final repository structure.

Cross-execution Verification We generate one
program topic and definition but multiple unit-tests
and multiple reference-answers for one coding pro-
gram. unit-test and reference-answer pairs are
sandbox cross-executed, and abnormal samples are
dropped. For each program, we keep the unit test
with the lowest pass rate and the reference answer
with the highest; any 0%—pass cases undergo man-
ual inspection. Each curated coding program are
then organized into a repository.

3 LiveRepoReflection Benchmark

Selection of Executable Program Using our au-
tomated pipeline, we generate 100K coding pro-
gram repository cases. We run them in a sandbox,
including environment setup, compilation and test-
ing, discarding any case that all LLMs can passe
unit tests for too easy or exceeded 180s running
time for too slow. Finally, we minimized same
topic overlap per language to maximize diversity
and retained 10K high-difficulty, high-correctness
cases.

Selection of Difficult Problems For high cor-
rectness and difficulty of LiveRepoReflection, we
generate the code signature based on the reference
answer to organize coding program cases into a
test repository following the file structure in Fig-
ure 7. Then 10 selected mainstream strong reason-
ing LLMs will write the answer and each LLM has
one chance to modify its answer if its initial answer
not pass the unit test for some error. For each code
program case, we collect the results of 10 LLMs
and the result can be “success”, “failure-success”
and “failure-failure”.

If all 10 LLMs get “success”, we think the code
program case is easy and will discard it. If all 10
LLMs get “failure-success” or several model get
“failure-failure”, but more than half of the LLMs
can still complete the task, we think this part of
these code program cases has a certain degree of
difficulty but cannot test all LLMs. Therefore, we
will keep some data to test weaker LLMs. If more
than half of the LLMs only get “failure-failure” but
there are still LLMs that can complete it, we think
these code program cases have a high degree of
difficulty and are more suitable for evaluating most
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Figure 3: Comparison of dataset scales and structures
between Aider Polyglot Benchmark (blue) and LiveRe-
poReflection (orange). We display eight metrics: (1)
problem count; (2) average tokens in test suites; (3) av-
erage example-context tokens; (4) average instruction
tokens; and (5-8) average files per repository (total, so-
lution, test, example). These metrics highlight that Liv-
eRepoReflection substantially exceeds Aider Polyglot
Benchmark in problem coverage, contextual richness,
and real-world, multi-file layout complexity.

LLMs. If there are some code program cases that
all 10 LLMs get “failure-failure”, we will keep
them and mark them with special marks to focus
on checking in the subsequent stages. The data that
passes the inspection will be considered the most
difficult part of the entire evaluation data. Finally,
we discard nearly 8k data and only keep 2300 code
program cases with high quality, high difficulty,
high diversity.

Human Annotation To ensure the quality of Liv-
eRepoReflection, we employ 8 graduate students
and provide them with a complete code running
sandbox environment and ensure the integrity of
the data. Each person will complete the annota-
tion of nearly 300 code program cases with the
assistance of LLMs. The inspection tasks for each
code program case are to check the rationality of
the code program case, check the code environ-
ment configuration file, check the code file struc-
ture, check the reference answer and unit test. In
the end, we retained 1,888 test code program cases
as the final version of the test data.

Dataset Statistics Figure 3 presents a head-to-
head comparison of LiveRepoReflection (orange)
against the Aider Polyglot Benchmark (blue) over

full-file code generation: the entire file, including
changes, is wrapped in a markdown code block.

Here is the updated copy of your file demo.py: J

demo.py

Y python

def main():
print("goodbye")

patch-based incremental edits: specify a file name
and the ORIGINAL and UPDATED code blocks.

Here are the changes you requested to demo.py:
demo.py
T python
<< ORIGINAL
print("hello")

print("goodbye")
>»»>»> UPDATED

Figure 4: Two evaluation edit format of LiveRepoRe-
flection.

eight key dimensions. First, LiveRepoReflection
comprises 1,888 problems—more than 8 x the 225
in Aider Polyglot Benchmark, enabling far broader
coverage. In terms of test-suite length, our bench-
marks average 1,448.8 tokens versus 1,609.4 in
Aider Polyglot Benchmark, reflecting more con-
cise, targeted checks. Example contexts in LiveRe-
poReflection average 1,052.9 tokens compared to
596.9 (<1.8 x), and instructional contexts average
983.5 tokens versus 471.4 (2.1 x), underscoring
richer problem descriptions. Structurally, each Liv-
eRepoReflection repository contains an average of
8.02 files (vs. 5.97), including 2.00 solution files
(vs. 1.26), 1.06 test files (vs. 1.01), and 2.01 ex-
ample files (vs. 1.16). This expand, multi-file lay-
out more faithfully mirrors real-world codebases
and challenges models to navigate complex project
structures. Overall, LiveRepoReflection delivers
substantially greater scale, depth, and structural
complexity, making it a more rigorous and realistic
testbed for modern code-generation systems. And
we provide language distribution comparison in
Table 3 in Appendix B.

4 Training of RepoReflectionCoder

Source Data Creation and Quality-Based Re-
ject Sampling We collect approximately 500,000
code examples (including 400,000 newly automati-
cally and dynamically generated ones) to construct
the RepoReflection-Instruct corpus. To ensure data
quality, strict rejection sampling was applied to all
examples, and only repositories meeting all five
of the following criteria were retained as a high-
quality fine-tuning dataset: 1) At least one unit test
file; 2) At least one reference answer file; 3) The
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Model Sire Python Java Cpp Rust Go Javascript All
Pl P2 WF FW | Pl P2 WF FW| Pl P2 WF FW [Pl P2 WF FW [Pl P2 WF FW | Pl P2 WF FW | Pl P2 WF FW |
Closed-Source LLMs
a 115 337 978 659 | 128 224 964 429 | 42 133 895 684 |14 57 1000 750 |27 169 995 838 | 17 500 950 966 | 78 244 975 681
a 121 346 983 651|120 236 976 492 | 35 84 846 583 |14 66 995 786 |37 166 983 776 | 17 450 983 962 | 81 245 973 670
a 144 457 982 685|108 304 992 645 | 42 147 993 714 |28 75 995 625 |57 236 955 758 | 17 533 783 968 | 96 326 974 706
a 176 511 999 656 | 140 332 1000 578 [ 63 231 986 727 |33 66 1000 500 | 65 258 1000 750 | 17 800 983 979 | 118 3701 998 683
a 141 407 999 653 | 128 256 992 500 [ 49 203 993 759 |33 80 1000 588 | 60 184 998 676 | 17 433 1000 960 | 99 288 997 656
a 101 335 990 698 | 24 164 996 854 | 42 147 972 714 |05 33 1000 857 |15 67 995 778 | 167 750 1000 777 | 59 220 992 731
a 56 266 990 789 | 56 160 968 650 | 28 84 972 667 | 19 33 1000 429 |05 27 988 8L8 [ 00 233 967 100 | 37 160 986 768
Flash-preview-04-17 a 17 190 595 9L1| 16 108 828 852 | 28 161 573 826 |24 52 976 545 [27 82 8001 667 | 00 100 767 100 | 20 136 717 852
Gemini-2.5-pro-preview-05-06 a 05 135 1000 964 | 08 60 1000 867 | 07 49 1000 857 |00 38 1000 1000 | 15 32 995 538 [ 00 50 1000 100 | 07 83 999 9L7
GPT-4o-mini-2024-07-18 a 76 229 983 670 | 28 140 956 800 | 28 77 853 636 |19 28 986 333 |02 47 968 947 [ 417 750 1000 444 | 55 161 967 66.1
GPT-40-2024-11-20 a 9.1 304 996 699 | 88 216 996 593 | 35 147 1000 762 |28 66 1000 570 |20 112 1000 822 |467 683 1000 316 | 7.6 225 998 660
GPT-4.1-2025-04-14 a 106 457 1000 768 | 36 27.6 100.0 870 [ 49 266 1000 816 |33 94 1000 650 |22 149 998 850 |283 367 1000 229 | 72 309 999 767
GPT-4.1-mini-2025-04-14 a 109 388 999 720 | 40 176 1000 773 | 7.7 217 1000 645 |42 7.0 1000 400 |47 191 998 753 | 500 850 1000 412 | 89 284 999 687
GPT-4.1-nano-2025-04-14 a 32 128 757 752 | 08 52 472 846 | 21 112 538 812 |05 09 929 500 |02 40 734 938 [ 100 567 650 08 | 21 99 714 790
GPT-4.5-preview-2025-02-27 a 1L1 401 1000 723 | 32 236 1000 864 | 70 196 1000 643 |38 85 1000 556 |32 144 1000 776 | 217 333 1000 348 | 76 271 1000 721
Grok-3 a 122 406 1000 700 | 48 228 1000 789 [ 56 154 993 636 |33 80 1000 588 |45 201 1000 778 | 00 600 1000 100 | 77 289 999 734
Grok-3-fast a 143 424 999 664 | 48 252 1000 810 [ 56 161 993 652 |47 94 1000 500 |57 201 998 716 | 00 500 1000 100 [ 90 299 998 699
Grok-3-mini a 99 380 967 740 | 36 224 996 839 | 91 217 986 581 |33 80 1000 S88 | 15 119 995 875 | 17 283 1000 940 | 62 255 983 757
Grok-3-mini-fast a 89 372 963 761 | 12 240 1000 950 | 56 196 1000 714 |19 75 1000 750 |32 149 1000 783 | 00 233 1000 100 | 53 256 984 79.1
ol-mini-2024-09-12 a 122 412 984 704 | 28 180 920 844 | 56 231 825 758 |24 47 976 500 |42 169 965 750 | 550 850 950 353 | 90 289 958 688
03-mini-2025-01-31 a 188 509 1000 631 | 48 316 988 848 [ 105 329 1000 681 |47 85 1000 444 |42 189 1000 776 |267 750 100.0 644 | 119 361 998 672
04-mini-2025-04-16 a 204 549 998 629 | 44 332 1000 867 | 105 413 930 746 | 66 108 1000 391 |77 298 993 742 | 450 500 983 100 | 140 405 992 654
Open-Source LLMs

Qwen3-0.6B-Instruct Think 0.6B 06 11 832 44|08 08 724 00 ] 00 00 664 00 |00 00 948 00 [00 00 680 00 | 33 50 683 340 | 05 07 781 357
Qwen3-0.6B-Instruct Chat 0.6B 04 05 907 25004 04 724 00 ] 00 00 937 00 |00 00 972 00 |00 00 938 00 [ 00 00 583 00 | 02 03 889 200
Quwen3-1.7B-Instruct Chat 178 12 21 946 412| 16 16 920 00 | 00 00 1000 00 |00 00 986 00 [00 05 990 1000 | 83 217 917 618 | 10 19 960 472
Qwen3-1.7B-Instruct Think 178 28 68 796 S89 | 12 12 504 00 | 00 00 615 00 |00 00 788 00 |05 05 623 00 [ 00 67 383 100 | 15 34 693 569
Quwen3-4B-Instruct Chat 4B 40 109 984 629 | 12 24 1000 500 | 21 49 1000 571 |00 05 1000 1000 | 07 25 1000 700 [ 50 217 1000 908 | 24 67 993 643
Qwen3-4B-Instruct Think 4B 37 178 922 795 | 08 40 724 800 | 21 70 678 700 |00 05 953 1000 | 15 50 866 700 | 00 217 783 100 | 22 106 864 795
Qwen3-8B-Instruct Think 8B 44 229 923 809 | 36 88 800 591 | 14 105 734 867 [00 19 981 1000 | 1.7 79 844 781 | 50 167 817 770 | 30 144 8.9 790
Qwen3-8B-Instruct Chat 8B 43 156 999 727 | 96 192 996 500 | 14 42 1000 667 | 00 05 1000 1000 | 05 40 993 875 [ 200 433 983 538 | 40 119 997 667
OpenCoder-8B-Instruct 8B 02 02 1000 00 [ 08 08 1000 00 | 00 00 1000 00 |00 00 1000 00 [00 00 1000 00 [ 00 00 1000 00 | 02 02 1000 00
Seed-Coder-8B-Instruct 8B 44 133 916 670 | 20 116 472 828 | 21 35 559 400 |24 38 981 375 |10 32 821 692 | 17 133 933 872 | 29 91 818 686
Qwen3-14B-Instruct Chat 14B 48 200 994 762 | 44 156 992 718 | 35 63 986 444 |05 28 995 833 |12 84 990 853 | 17 233 967 927 | 33 141 992 767
Qwen3-14B-Instruct Think 14B 48 260 877 8L7| 20 164 716 878 | 14 105 692 867 | 1.4 33 929 571 |35 92 86 622 | 17 1.7 717 855 | 34 169 838 800
Qwen3-30B-A3B-Instruct Think 3/308 63 293 915 783 | 16 152 768 895 | 28 119 622 765 |24 42 953 444 |27 129 841 788 | 133 350 733 620 | 44 200 86 777
Qwen3-30B-A3B-Instruct Chat 3/308 77 230 988 667 | 08 136 1000 941 | 35 77 993 545 |09 09 995 00 |17 69 1000 750 | 83 400 1000 793 | 44 153 994 708
Quwen2.5-Coder-32B-Instruct 328 66 227 984 710 | 32 108 936 704 | 21 63 986 667 |09 47 986 800 |12 65 985 808 | 17 383 917 956 | 39 149 976 740
Qwen3-32B-Instruct Think 328 57 320 861 81| 68 176 704 614 | 35 182 517 808 | 14 47 972 700 |27 107 787 744 | 150 383 633 694 | 49 216 803 775
Qwen3-32B-Instruct Chat 328 77 279 951 725 | 64 196 892 673 | 56 147 832 619 | 14 24 986 400 | 17 89 933 806 | 283 60.0 850 528 | 60 199 931 697
QwQ-32B 328 21 218 926 905 | 16 84 944 810 | 35 133 916 737 |14 33 981 5701 |10 52 948 810 [ 00 83 767 100 | 17 133 933 869
DeepSeek-V3 3767IB | 111 4001 993 723 | 112 296 996 622 | 63 154 1000 590 |33 7.0 1000 533 |27 184 985 851 [ 00 183 967 100 | 77 278 992 722
DeepSeek-R1 37671B | 96 376 999 744 | 64 260 996 754 | 70 224 986 688 |38 94 1000 600 |45 176 993 746 | 00 467 1000 100 | 69 278 996 750
DeepSeek-V3-250324 37671B | 127 399 998 682 | 160 308 1000 481 | 49 126 1000 611 |24 75 1000 688 |37 1901 995 805 | 00 150 1000 100 | 91 278 998 674
DeepSeek-R1-Distill-Llama-8B 8B 10 28 762 652| 04 08 380 500 | 00 28 427 1000 | 00 00 858 00 [00 02 533 1000 | 50 67 250 250 | 06 18 632 647
DeepSeek-R1-Distill-Qwen-14B 14B 39 130 940 700 | 04 16 816 750 | 07 28 944 750 |00 00 972 00 |05 10 814 500 [ 00 50 483 1000 | 19 65 886 705
Llama3.1-8B-Instruct 8B 13 44 872 94| 12 76 720 82| 07 07 636 00 [00 00 929 00 |05 05 86 00 | 67 150 700 556 | L1 35 827 687
RepoReflectionCoder 328 135 404 998 665 | 84 220 996 618 | 56 154 1000 636 | 14 33 1000 570 |45 174 1000 743 | 150 783 1000 808 | 90 282 998 680

Table 1: Main Results for ‘full-file code generation‘.

number of code signature files matches the number
of reference answer files; 4) Environment configu-
ration files correspond with the declared program-
ming language; 5) File naming and extensions are
standardized and free of anomalies.

Quality Scoring Mechanism Following reject
sampling, we employ LLM as a judge and the
following sophisticated scoring checklist to quan-
titatively assess each code program. The com-
posite score S(p) for a code program p is for-
mulated as a weighted linear combination of five
key metrics: S(p) = >";cq1,2,3,4,5) Wi Si » where
w = (0.3,0.2,0.2,0.15,0.15). The five key points
are listed as: (1) S = Sezec: Executability score
derived from unit-test pass rate and the absence
of compilation or interpretation errors, reflecting
functional correctness. (2) So = Spop: Novelty
score measuring code similarity against existing
repositories and semantic diversity in problem de-
scriptions. (3) S3 = Sy;: Difficulty score inferred
from low test pass rates and the extent of boundary
and edge-case coverage, to select challenging tasks.
(4) Sy = Sstyie: Code style score based on static
analysis tools (e.g., Black, ESLint) that evaluate
adherence to naming conventions, code comments,
and formatting. (5) S5 = S,,;: Inverse perplex-
ity on reference answers, indicating code that is
more challenging for the model to predict and thus
potentially more informative.

LiveRepoReflection Decontamination We split
the top 10,000 code problems ranked by the scoring
function into character 5-gram fragments, use the
MinHash algorithm to generate compact signatures,
and then utilize an LSH index to efficiently filter
candidate texts exhibiting Jaccard similarity greater
than 0.8 with the test set. Finally, we perform exact
matching verification to ensure the effective and
accurate removal of duplicate or highly similar data,
thereby maintaining the purity and high quality of
the dataset. A total of 8,702 high-quality training
code program cases, strictly decontaminated with
the original 1,888 test sets in LiveRepoReflection.

Multi-turn Interaction for RepoReflection-
Instruct Generation To achieve diverse multi-
turn interaction styles, we simulated 840,839
multi-turn coding dialogues using four top models
(claude-3-7-sonnet-20250219, gwen3-235b-a22b-
instruct, ol-mini, o4-mini), each run four times in
two formats (full-file generation and patch-based
edits). Training examples are filtered by task impor-
tance as follows: 1) Direct generation (40%): pro-
duce a complete solution from a prompt. 2) Error-
driven repair (40%): iteratively fix code based on
compiler/runtime errors. 3) Style standardization
(10%): refactor code to meet linting/style guide-
lines. 4) Dialogue summarization (10%): condense
multi-turn interactions into concise overviews.
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Model Sire Python Java Cpp Rust Go Javascript All
Pl P2 WF FW | Pl P2 WF FW | Pl P2 WF FW [Pl P2 WF FW [Pl P2 WF FW | Pl P2 WF FW | Pl P2 WF FW
Closed-Source LLMs
Claude-3-5-Haiku-20241022 a 120 366 989 673 124 252 956 508 21 99 923 786 |24 52 995 545 |32 164 995 803 | L7 417 1000 959 | 80 254 982 685
3-5-Sonnet-20240620 a 112 354 988 683 116 224 948 482 28 105 951 733 |14 57 986 750 |40 161 983 754 | 33 450 1000 927 | 77 246 979 686
-5-Sonnet-20241022 a 138 415 994 668 144 288 99.6 500 28 140 895 800 |33 52 1000 364 | 67 216 998 690 | 17 317 1000 946 | 100 291 988 658
a 174 512 979 660 148 202 956 493 56 224 881 750 |38 66 981 429 |57 213 980 733 | 00 700 933 1000 | 116 353 968 67.2
a 141 452 989 687 132 292 99.6 548 7.0 182 951 615 [24 80 991 706 |47 189 990 750 | 1.7 567 983 970 | 97 316 987 692
a 99 309 934 680 20 144 912 861 53 84 580 364 |09 19 759 500 |07 72 938 897 | 00 00 900 00 | 52 178 886 706
a 63 237 767 732 48 80 800 400 21 63 748 667 |24 38 882 375 |02 32 782 923 | 00 100 817 1000 | 39 132 788 708
-2.5-Flash-preview-04-17 a 46 226 751 795 32 108 728 704 28 126 797 778 |09 52 892 818 |20 94 868 789 | 17 150 833 887 | 32 153 795 788
Gemini-2.5-pro-preview-05-06 a 17 182 916 90.6 24 112 876 786 21 119 937 824 [09 38 906 750 [ 17 60 960 708 | 00 83 850 1000 | 17 122 918 861
GPT-40-2024-11-20 a 104 305 928 660 32 156 772 795 42 119 636 647 |14 47 953 700 |07 99 854 925 | 400 767 800 478 | 68 213 868 679
i-2024-07-18 a 76 198 882 617 04 76 800 947 07 28 587 750 |00 05 925 1000 |05 27 896 818 | 267 433 900 383 | 43 118 857 632
10-2025-04-14 a 07 28 838 739 16 52 82 692 00 28 427 1000 |00 00 953 00 |02 07 834 667 | 17 50 817 660 | 0.6 24 8§17 739
-mini-2025-04-14 a 122 371 921 671 52 216 912 759 49 175 657 720 |47 75 962 375 |35 166 856 791 | 600 867 983 274 | 95 274 892 653
-2025-04-14 a 109 439 949 753 40 252 872 84l 63 196 937 679 |47 99 943 524 |25 129 958 808 | 1L7 683 950 829 | 72 299 939 76l
view-2025-02-27 a 104 457 971 773 60 260 888 769 63 252 958 750 |47 94 925 500 | 17 104 955 833 | 50 583 1000 914 | 68 303 951 775
fast a 106 361 916 706 20 276 924 928 70 168 741 583 |33 52 972 364 |30 112 948 733 | 17 117 983 855 | 65 239 919 730
a 166 428 970 613 84 276 960 696 56 168 972 667 |42 90 976 526 |50 189 980 737 | 17 600 1000 972 | 103 305 972 66.1
Grok-3-mini a 113 378 923 700 32 212 928 849 63 182 755 654 |19 47 972 600 |27 122 960 776 | 33 217 983 848 | 67 244 926 725
Grok-3 a 157 450 980 650 68 264 952 742 63 154 951 590 |28 75 976 625 |52 221 975 764 | 00 567 1000 1000 | 96 316 974 695
ol-mini-2024-09-12 a 98 287 887 660 12 152 844 921 63 154 615 590 |19 38 901 500 |22 74 926 700 | 200 450 833 556 | 649 191 869 67.5
03-mini-2025-01-31 a 182 505 982 640 32 300 956 893 84 287 727 707 |47 66 958 286 |35 206 978 831 [250 717 967 651 | 110 355 955 69.0
04-mini-2025-04-16 a 184 518 957 645 52 312 940 833 119 308 839 614 |52 108 990 522 |65 223 935 711 |450 583 983 228 | 130 368 946 647
Open-Source LLMs
Qwen2.5-Coder-32B-Instruct 3B 62 194 820 679 36 148 740 757 35 49 343 286 |05 19 797 750 |20 57 787 652 | 00 233 283 1000 | 39 129 746 69.7
Seed-Coder-8B-Instruct 8B 54 94 411 429 28 80 312 650 14 21 175 333 |09 14 519 333 |05 15 467 667 | 17 33 333 485 | 31 59 4001 477
DeepSeek-R1 37671B 89 354 963 748 72 224 972 679 56 126 734 556 |28 75 962 625 |30 151 965 803 | 00 300 1000 1000 | 62 243 949 745
DeepSeek-V3-250324 37671B 121 404 985 700 144 244 988 410 63 112 937 438 |38 61 986 385 | 17 169 988 897 | 00 233 1000 100.0 | 84 266 983 684
DeepSeek-V3 37671B 154 390 990 606 132 248 992 468 56 119 916 529 |33 61 995 462 |20 154 988 871 | 00 283 983 1000 | 96 260 985 629
QwQ-32B 32B 33 201 528 836 08 28 508 714 00 84 336 100009 24 462 600 |07 32 65 769 | 00 00 617 00 | 18 107 527 832
Quwen3-1.7B-Instruct Chat 178 05 L0 3L1 500 04 04 272 00 07 07 371 00 |00 00 75 00 [00 02 305 1000| 00 17 650 1000 | 03 06 293 500
Quwen3-1.7B-Instruct Think 178 15 45 520 676 08 08 472 00 00 00 406 00 [00 00 656 00 [02 05 491 500 | 00 83 767 1000 | 08 24 522 674
Quwen3-14B-Instruct Chat 14B 66 216 966 695 24 132 916 818 07 56 692 875 |00 05 958 1000 |20 62 938 680 | 00 250 833 1000 | 37 137 927 734
Quwen3-14B-Instruct Think 14B 67 263 807 745 28 156 732 821 21 119 566 824 |09 33 873 714 |15 65 727 769 | 00 67 683 1000 | 39 164 765 764
Qwen3-30B-A3B-Instruct Think 330B 72 235 754 694 20 7.6 724 737 14 91 573 846 |14 19 571 250 | 10 67 792 852 | 117 267 817 562 | 42 144 726 706
Quwen3-30B-A3B-Instruct Chat 330B 111 277 967 599 20 104 948 808 35 70 790 500 |00 05 910 1000 | 25 65 948 615 [ 50 250 950 800 | 60 162 940 626
Qwen3-32B-Instruct Think 32B 68 290 827 765 48 164 828 707 28 105 580 733 |19 33 722 429 |22 87 839 743 | 133 233 750 429 | 49 185 797 734
Qwen3-32B-Instruct Chat 32B 74 238 905 687 56 148 920 622 49 77 846 364 |05 24 939 800 |17 74 950 767 | 133 367 950 638 | 52 159 91T 673
Quwen3-4B-Instruct Chat 4B 39 112 879 652 08 12 396 333 14 14 629 00 |05 05 840 00 |07 12 407 400 | 00 33 450 1000 | 21 56 677 619
Qwen3-4B-Instruct Think 4B 44 138 720 681 16 36 652 556 00 21 469 1000 | 00 09 660 1000 |00 17 605 1000 | 00 117 483 1000 | 21 75 653 716
Qwen3-8B-Instruct Chat 8B 65 173 930 627 88 148 956 405 07 21 769 667 |00 09 948 1000 | 10 40 926 750 | 250 467 833 465 | 50 121 919 583
Qwen3-8B-Instruct Think 8B 57 199 709 712 20 60 772 667 07 63 531 889 |00 09 651 1000 |17 45 742 6L1 | 17 100 433 830 | 32 113 695 714
Quwen3-0.6B-Instruct Chat 068 02 02 179 00 04 04 112 00 00 00 210 00 [00 00 118 00 [00 00 107 00 |00 00 100 00 | 02 02 148 00
Qwen3-0.6B-Instruct Think 0.6B 02 02 123 00 08 08 40 00 00 00 133 00 [00 00 160 00 |00 00 87 00 |00 00 33 00 |02 02 106 00
OpenCoder-8B-Instruct 8B 02 02 1000 00 08 08 1000 00 00 00 1000 00 [00 00 1000 00 [00 00 1000 00 | 00 00 1000 00 | 02 02 1000 00
DeepSeek-R1-Distill-Llama-8B 8B 10 28 722 652 00 04 748 1000 00 00 245 00 [00 00 708 00 [02 02 529 00 |283 300 783 56 | 14 23 648 395
DeepSeek-R1-Distill-Qwen-14B 14B 41 112 917 630 04 20 912 800 07 21 392 667 |00 00 943 00 |02 07 816 667 | L7 S50 917 667 | 20 56 858 642
Llama3. 1-8B-Instruct 8B 02 02 26 00 08 08 48 00 00 00 35 00 [00 00 52 00 |00 00 42 00 |00 00 67 00 |02 02 37 00
RepoReflectionCoder 32B 157 373 962 578 120 220 920 455 49 105 818 533 |28 47 967 400 |52 181 958 712 | 100 850 1000 882 | 105 270 947 610

Table 2: Main Results for ‘patch-based incremental edits*.

5 Experiments

5.1 Implementation Details

We fine-tune Qwen2.5-Coder-32B on 128 NVIDIA
H800-80GB GPUs’ using the RepoReflection-
Instruct dataset and a set of roughly 500 K reposito-
ries, employing Adam with a cosine-decay sched-
uler: after 100 warm-up steps the learning rate
peaks at 5e-5, a global batch size of 1,024, and
inputs truncated to 32,768 tokens. In a second
stage, we further train RepoReflectionCoder on
150,000 simulated multi-turn dialogue trajecto-
ries—covering code synthesis, iterative debugging,
and style standardization—to sharpen its practical
generative and reasoning skills in realistic coding
scenarios.

5.2 Evaluation Metrics

Inspired by the aider polyglot benchmark setting,
we evaluate LLMs with four key metrics:
Pass@1. Measures the proportion of coding tasks
an LLLM completes correctly on its first attempt, as
verified by test cases (Zheng et al., 2023), directly
reflecting the one-shot coding accuracy of LLMs.
Pass@2. After a failed attempt, LLMs can view
their previous code and error messages before try-
ing again, capturing the capacity of LLMs to im-
prove via immediate feedback.

*https://github.com/QwenLM/Qwen? .
5-Coder/tree/main/finetuning/sft

Fix Weight (FW). Defined as FW
W, it represents the fraction of success-
ful second-attempt fixes among all second-attempt
successes, emphasizing the relative contribution of
LLM through error diagnosis and correction.

Well Format (WF). Measures the percentage of
tasks where the LLM strictly follows the edit for-
mat specified in the system prompt, quantifying
format compliance under constrained instructions.

5.3 [Evaluation Edit Format

Figure 4 shows two different “edit formats” when
evaluating different LLMs. The “full-file code gen-
eration” format is the easiest for an LLM to use,
but it uses a lot of tokens and may limit how large a
file can be edited. Models which can use one of the
“patch-based incremental edits” formats are much
more efficient, using far fewer tokens. Models that
use a diff-like format are able to edit larger files
with less cost and without hitting token limits. For
fair comparison, we will show the scores in “full-
file code generation” and “patch-based incremental
edits” format to fully evaluate all LLMs.

54 Code LLMs

We evaluate 40+ LLMs, including GPT-4.1/GPT-
4.5 (OpenAl, 2025), Claude-3.5/3.7 (Anthropic,
2023, 2025), ol-mini/o4-mini (Jaech et al., 2024),
Gemini (Anil et al.), Qwen2.5-Coder/Qwen3/Qwq-
32B (Hui et al., 2024; Yang et al., 2024a; Qwen,
2025), Grok (xAl, 2025), OpenCoder (Huang
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Figure 5: Performance comparison between LiveRepoReflection and the Aider Polyglot Benchmark over multiple
large language models. Scatter points show individual model scores under full-file code generation and patch-based
incremental edits across four metrics (Pass@ 1, Pass@2, Well-Formed, Fix-Weight). The dashed diagonal line
denotes y = z, ellipses represent 1.5¢0 confidence regions, and solid lines are ordinary least squares fits annotated

with their R? values.

et al., 2025), DeepSeek-R1/V3 (Guo et al.,
2025; DeepSeek-Al et al., 2025) and Doubao-1-
5-Thinking-pro-m-250415 (Seed et al., 2025). And
to compare all LLMs fairly, we use a temperature 0,
max_output_tokens 8192 and no additional custom
parameters.

5.5 Main Result

Table 1 and Table 2 show that the results under both
patch-based incremental edits and full-file code
generation formats show that leading closed-source
models consistently achieve the highest one-shot
and post-feedback accuracies, while open-source
models trail behind but display similar relative
gains when allowed a second attempt. All systems
find Python tasks easiest and struggle most with
C++ and Rust. Nearly every model exceeds ninety
percent format-compliance, and fix-weight values
around sixty to eighty percent demonstrate that test
feedback reliably drives improvements. Incremen-
tal patch edits narrow the gap between first and
second passes compared with full-file generation.
Our RepoReflectionCoder clearly outperforms its
Qwen2.5-Coder base yet still falls short of the top
closed-source performers, highlighting room for
further advances in multi-file code reflection.

6 Analysis

6.1 Performance Comparison between
LiveRepoReflection and Aider Polyglot
Benchmark

Figure 5 reveals that while pass@1 and pass@2
scores on LiveRepoReflection correlate moderately
with the older aider polyglot benchmark (R? ~
0.65 for pass@1 and 0.78 for pass@2), nearly
all points fall below the y = =z line, indicating
consistently lower absolute pass rates on LiveRe-
poReflection and thus greater task difficulty. well-
formedness remains highly consistent between the
two datasets (R? ~ 0.83 full-file, 0.70 diff-based),
showing that syntactic and structural constraints
are enforced similarly. In stark contrast, fix-weight
exhibits very weak alignment (R? ~ 0.21 and
0.04), underscoring divergent repair performance
and demonstrating that LiveRepoReflection more
reliably challenges and discriminates model debug-
ging capabilities. Moreover, because the aider poly-
glot benchmark has been publicly available since
mid-2024 and may have been subject to overfitting
by recent model releases, our freshly curated Liv-
eRepoReflection, compiled from never-before-seen
repositories through May 2025, provides a more ro-
bust and less biased evaluation of real-world code
generation and repair.
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Figure 6: Pass@k (k=1-10) curves for nine LLMs under full-file code generation (left) and patch-based incremental
editing (right). All models exhibit strictly increasing performance with diminishing marginal gains beyond k=2;
patch-based editing yields more uniform improvements across samples, whereas full-file generation achieves higher

absolute pass rates.

6.2 Pass@k Curves for Two Editing Formats

We evaluate 9 representative LLMs under two
edit formats (full-file code generation and patch-
based incremental edits) by measuring pass@k
(k = 1— > 10). Figure 6 illustrates pass@k
of each LLM curve is strictly increasing yet ex-
hibits pronounced diminishing returns: the largest
marginal gain occurs at k=1—2, and thereafter each
additional sample yields progressively smaller im-
provements. Although full-file code generation at-
tains higher absolute pass rates, patch-based in-
cremental edits produces notably more uniform
gains across k, suggesting that iterative feedback
helps smaller improvements stack more evenly.
Some LLMs (e.g. 03-mini, claude-3-5-sonnet) en-
joy larger early gains but plateau by k=-5-7, and
other LLMs (e.g. o4-mini, gpt-4.1) start with high
pass@1 and maintain smoother, lower-amplitude
increments. The overall trends of all LLMs are con-
sistent. As the number of iterations k increases and
the feedback information increases, pass @k grad-
ually increases, and the rate of increase gradually
slows down. In addition, weaker LLLMs (such as
gpt4.1-nano-2025-04-14 and gpt4o-mini-2024-07-
18) perform worse than full-file code generation in
patch-based incremental edits, but there is no sig-
nificant difference in stronger LLMs.

7 Related Work

Code Large Language Model. Leveraging ad-
vancements in NLP, pre-training techniques have
significantly bolstered code understanding and syn-

thesis in models like CodeBERT (Feng et al., 2020)
and CodeT5 (Wang et al., 2021), leading to the
adoption of NLP-inspired architectures and objec-
tives for tasks such as code generation, infilling,
summarization, refinement, and translation (Lu
et al., 2021; Yan et al., 2023; Liu et al., 2023; Xie
et al., 2023). The emergence of code-specific large
language models (LLMs) (Li et al., 2023; Roziere
et al., 2023; Guo et al., 2024a; Yang et al., 2024b,c),
exemplified by CodeGen (Nijkamp et al., 2023) and
Code Llama (Roziére et al., 2023), demonstrates
foundational competence in code understanding
and generation. Inspired by multi-agent collabo-
ration (Guo et al., 2024b; Wang et al., 2023a), the
concept of language-specific agents is introduced
to create multilingual instruction datasets, build-
ing upon the success of instruction tuning (Ouyang
et al., 2022; Zhang et al., 2023; Wang et al., 2023b)
and innovations like code Evol-Instruct (Luo et al.,
2023) and the utilization of real-world code in OSS-
Instruct (Wei et al., 2023) and CodeOcean (Yu et al.,
2023) to enhance instruction data quality and real-
ism, with multilingual benchmarks (Cassano et al.,
2023; Chai et al., 2024; Liu et al., 2024a,b; Zhuo
et al., 2024) assessing these models’ capabilities.

Code Reflection For code intelligence,
repository-based code benchmarks such as
SWEBench (Jimenez et al., 2024; Miserendino
et al., 2025), Aider-polyglot (Aider Team), and
ExecRepoBench (Yang et al., 2024c) evaluate
the abilities of addressing real-world software
engineering tasks, code reflection, and repository-
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based code completion. DeepSeek-R1 (Guo
et al., 2025) demonstrates capabilities such as
reflection capabilities in long CoTs, marking a
significant milestone for the research community.
Reflectioncoder (Ren et al., 2024).

8 Conclusion

This paper proposes LiveRepoReflection, a high-
difficulty code reflection benchmark for multi-file
repository scenarios. By combining automated
pipelines with manual verification, we built a total
of 1,888 strictly screened test cases covering six
programming languages. Based on multi-source
high-quality corpora and multi-round dialogue gen-
eration strategies, we built the RepoReflection-
Instruct instruction set and trained RepoReflec-
tionCoder, achieving significant performance im-
provements. Experimental results show that Liv-
eRepoReflection can truly and effectively measure
the model’s reflection and repair capabilities in
cross-file dependency and iterative repair scenar-
ios, providing a solid foundation for subsequent
research.
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(3) The fine-tuned model can be further improved
using RLHF for better user experience, such as
DPO.

Ethics Statement

This research adheres to ethical guidelines for Al
development. We aim to enhance the capabilities
of large language models (LLMs) while acknowl-
edging potential risks such as bias, misuse, and
privacy concerns. To mitigate these, we advocate

for transparency, rigorous bias testing, robust se-
curity measures, and human oversight in Al appli-
cations. Our goal is to contribute positively to the
field and to encourage responsible Al development
and deployment.

References
Aider Team. Aider 1lm leaderboards.

Rohan Anil, Sebastian Borgeaud, Yonghui Wu, Jean-
Baptiste Alayrac, Jiahui Yu, Radu Soricut, Johan
Schalkwyk, Andrew M Dai, Anja Hauth, Katie Mil-
lican, et al. Gemini: A family of highly capable
multimodal models. corr, abs/2312.11805, 2023. doi:
10.48550. arXiv preprint ARXIV.2312.11805, pages
24-28.

Anthropic. 2023. Claude 2. Technical report, An-
thropic.

Anthropic. 2025. Claude 3.7 sonnet and claude code.

Jacob Austin, Augustus Odena, Maxwell 1. Nye,
Maarten Bosma, Henryk Michalewski, David Dohan,
Ellen Jiang, Carrie J. Cai, Michael Terry, Quoc V. Le,
and Charles Sutton. 2021. Program synthesis with
large language models. CoRR, abs/2108.07732.

Federico Cassano, John Gouwar, Daniel Nguyen, Syd-
ney Nguyen, Luna Phipps-Costin, Donald Pinckney,
Ming-Ho Yee, Yangtian Zi, Carolyn Jane Anderson,
Molly Q Feldman, Arjun Guha, Michael Greenberg,
and Abhinav Jangda. 2023. Multipl-e: A scalable
and polyglot approach to benchmarking neural code
generation. IEEE Transactions on Software Engi-
neering, 49(7):3675-3691.

Linzheng Chai, Shukai Liu, Jian Yang, Yuwei Yin,
Ke Jin, Jiaheng Liu, Tao Sun, Ge Zhang, Changyu
Ren, Hongcheng Guo, et al. 2024. Mceval: Mas-
sively multilingual code evaluation. arXiv preprint
arXiv:2406.07436.

Mark Chen, Jerry Tworek, Heewoo Jun, Qiming Yuan,
Henrique Pondé de Oliveira Pinto, Jared Kaplan,
Harrison Edwards, Yuri Burda, Nicholas Joseph,
Greg Brockman, Alex Ray, Raul Puri, Gretchen
Krueger, Michael Petrov, Heidy Khlaaf, Girish Sas-
try, Pamela Mishkin, Brooke Chan, Scott Gray,
Nick Ryder, Mikhail Pavlov, Alethea Power, Lukasz
Kaiser, Mohammad Bavarian, Clemens Winter,
Philippe Tillet, Felipe Petroski Such, Dave Cum-
mings, Matthias Plappert, Fotios Chantzis, Eliza-
beth Barnes, Ariel Herbert-Voss, William Hebgen
Guss, Alex Nichol, Alex Paino, Nikolas Tezak, Jie
Tang, Igor Babuschkin, Suchir Balaji, Shantanu Jain,
William Saunders, Christopher Hesse, Andrew N.
Carr, Jan Leike, Joshua Achiam, Vedant Misra, Evan
Morikawa, Alec Radford, Matthew Knight, Miles
Brundage, Mira Murati, Katie Mayer, Peter Welinder,
Bob McGrew, Dario Amodei, Sam McCandlish, Ilya

7156


https://aider.chat/docs/leaderboards/
https://www-files.anthropic.com/production/images/Model-Card-Claude-2.pdf
https://www.anthropic.com/news/claude-3-7-sonnet
http://arxiv.org/abs/2108.07732
http://arxiv.org/abs/2108.07732
https://doi.org/10.1109/TSE.2023.3267446
https://doi.org/10.1109/TSE.2023.3267446
https://doi.org/10.1109/TSE.2023.3267446

Sutskever, and Wojciech Zaremba. 2021. Evaluat-
ing large language models trained on code. arXiv
preprint arXiv:2107.03374, abs/2107.03374.

DeepSeek-Al, Aixin Liu, Bei Feng, Bing Xue, Bingx-
uan Wang, Bochao Wu, Chengda Lu, Chenggang
Zhao, Chengqgi Deng, Chenyu Zhang, Chong Ruan,
Damai Dai, Daya Guo, Dejian Yang, Deli Chen,
Dongjie Ji, Erhang Li, Fangyun Lin, Fucong Dai,
Fuli Luo, Guangbo Hao, Guanting Chen, Guowei
Li, H. Zhang, Han Bao, Hanwei Xu, Haocheng
Wang, Haowei Zhang, Honghui Ding, Huajian Xin,
Huazuo Gao, Hui Li, Hui Qu, J. L. Cai, Jian Liang,
Jianzhong Guo, Jiaqi Ni, Jiashi Li, Jiawei Wang,
Jin Chen, Jingchang Chen, Jingyang Yuan, Junjie
Qiu, Junlong Li, Junxiao Song, Kai Dong, Kai Hu,
Kaige Gao, Kang Guan, Kexin Huang, Kuai Yu, Lean
Wang, Lecong Zhang, Lei Xu, Leyi Xia, Liang Zhao,
Litong Wang, Liyue Zhang, Meng Li, Miaojun Wang,
Mingchuan Zhang, Minghua Zhang, Minghui Tang,
Mingming Li, Ning Tian, Panpan Huang, Peiyi Wang,
Peng Zhang, Qiancheng Wang, Qihao Zhu, Qinyu
Chen, Qiushi Du, R. J. Chen, R. L. Jin, Ruiqi Ge,
Ruisong Zhang, Ruizhe Pan, Runji Wang, Runxin
Xu, Ruoyu Zhang, Ruyi Chen, S. S. Li, Shanghao
Lu, Shangyan Zhou, Shanhuang Chen, Shaoqing Wu,
Shengfeng Ye, Shengfeng Ye, Shirong Ma, Shiyu
Wang, Shuang Zhou, Shuiping Yu, Shunfeng Zhou,
Shuting Pan, T. Wang, Tao Yun, Tian Pei, Tianyu Sun,
W. L. Xiao, Wangding Zeng, Wanjia Zhao, Wei An,
Wen Liu, Wenfeng Liang, Wenjun Gao, Wenqin Yu,
Wentao Zhang, X. Q. Li, Xiangyue Jin, Xianzu Wang,
Xiao Bi, Xiaodong Liu, Xiaohan Wang, Xiaojin Shen,
Xiaokang Chen, Xiaokang Zhang, Xiaosha Chen,
Xiaotao Nie, Xiaowen Sun, Xiaoxiang Wang, Xin
Cheng, Xin Liu, Xin Xie, Xingchao Liu, Xingkai Yu,
Xinnan Song, Xinxia Shan, Xinyi Zhou, Xinyu Yang,
Xinyuan Li, Xuecheng Su, Xuheng Lin, Y. K. Li,
Y. Q. Wang, Y. X. Wei, Y. X. Zhu, Yang Zhang, Yan-
hong Xu, Yanhong Xu, Yanping Huang, Yao Li, Yao
Zhao, Yaofeng Sun, Yaohui Li, Yaohui Wang, Yi Yu,
Yi Zheng, Yichao Zhang, Yifan Shi, Yiliang Xiong,
Ying He, Ying Tang, Yishi Piao, Yisong Wang, Yix-
uan Tan, Yiyang Ma, Yiyuan Liu, Yonggiang Guo,
Yu Wu, Yuan Ou, Yuchen Zhu, Yuduan Wang, Yue
Gong, Yuheng Zou, Yujia He, Yukun Zha, Yunfan
Xiong, Yunxian Ma, Yuting Yan, Yuxiang Luo, Yuxi-
ang You, Yuxuan Liu, Yuyang Zhou, Z. F. Wu, Z. Z.
Ren, Zehui Ren, Zhangli Sha, Zhe Fu, Zhean Xu,
Zhen Huang, Zhen Zhang, Zhenda Xie, Zhengyan
Zhang, Zhewen Hao, Zhibin Gou, Zhicheng Ma, Zhi-
gang Yan, Zhihong Shao, Zhipeng Xu, Zhiyu Wu,
Zhongyu Zhang, Zhuoshu Li, Zihui Gu, Zijia Zhu,
Zijun Liu, Zilin Li, Ziwei Xie, Ziyang Song, Ziyi
Gao, and Zizheng Pan. 2025. Deepseek-v3 technical
report.

Zhangyin Feng, Daya Guo, Duyu Tang, Nan Duan, Xi-
aocheng Feng, Ming Gong, Linjun Shou, Bing Qin,
Ting Liu, Daxin Jiang, and Ming Zhou. 2020. Code-
bert: A pre-trained model for programming and nat-
ural languages. In Findings of the Association for
Computational Linguistics: EMNLP 2020, Online
Event, 16-20 November 2020, volume EMNLP 2020

of Findings of ACL, pages 1536—1547. Association
for Computational Linguistics.

Paul Gauthier. 2024a. GPT code editing benchmarks
— aider.chat. https://aider.chat/docs/
leaderboards/#polyglot—-leaderboard.
[Accessed 28-01-2025].

Paul Gauthier. 2024b. GPT code editing benchmarks
— aider.chat. https://aider.chat/docs/
benchmarks.html#the-benchmark. [Ac-
cessed 21-01-2025].

Daya Guo, Dejian Yang, Haowei Zhang, Junxiao Song,
Ruoyu Zhang, Runxin Xu, Qihao Zhu, Shirong Ma,
Peiyi Wang, Xiao Bi, et al. 2025. Deepseek-rl: In-
centivizing reasoning capability in llms via reinforce-
ment learning. arXiv preprint arXiv:2501.12948.

Daya Guo, Qihao Zhu, Dejian Yang, Zhenda Xie, Kai
Dong, Wentao Zhang, Guanting Chen, Xiao Bi,
Y. Wu, Y. K. Li, Fuli Luo, Yingfei Xiong, and Wen-
feng Liang. 2024a. Deepseek-coder: When the large
language model meets programming — the rise of
code intelligence.

Taicheng Guo, Xiuying Chen, Yaqi Wang, Ruidi Chang,
Shichao Pei, Nitesh V. Chawla, Olaf Wiest, and Xi-
angliang Zhang. 2024b. Large language model based
multi-agents: A survey of progress and challenges.
CoRR, abs/2402.01680.

Siming Huang, Tianhao Cheng, J. K. Liu, Jiaran Hao,
Liuyihan Song, Yang Xu, J. Yang, Jiaheng Liu,
Chenchen Zhang, Linzheng Chai, Ruifeng Yuan,
Zhaoxiang Zhang, Jie Fu, Qian Liu, Ge Zhang, Zili
Wang, Yuan Qi, Yinghui Xu, and Wei Chu. 2025.
Opencoder: The open cookbook for top-tier code
large language models.

Binyuan Hui, Jian Yang, Zeyu Cui, Jiaxi Yang, Day-
iheng Liu, Lei Zhang, Tianyu Liu, Jiajun Zhang,
Bowen Yu, Kai Dang, et al. 2024. Qwen2. 5-coder
technical report. arXiv preprint arXiv:2409.12186.

Aaron Jaech, Adam Kalai, Adam Lerer, Adam Richard-
son, Ahmed El-Kishky, Aiden Low, Alec Helyar,
Aleksander Madry, Alex Beutel, Alex Carney, et al.
2024. Openai ol system card. arXiv preprint
arXiv:2412.16720.

Naman Jain, King Han, Alex Gu, Wen-Ding Li, Fanjia
Yan, Tianjun Zhang, Sida Wang, Armando Solar-
Lezama, Koushik Sen, and Ion Stoica. 2024. Live-
codebench: Holistic and contamination free eval-
uation of large language models for code. arXiv
preprint arXiv:2403.07974.

Carlos E. Jimenez, John Yang, Alexander Wettig,
Shunyu Yao, Kexin Pei, Ofir Press, and Karthik R.
Narasimhan. 2024. Swe-bench: Can language mod-
els resolve real-world github issues? In The Twelfth
International Conference on Learning Representa-
tions, ICLR 2024, Vienna, Austria, May 7-11, 2024.
OpenReview.net.

7157


http://arxiv.org/abs/2107.03374
http://arxiv.org/abs/2107.03374
http://arxiv.org/abs/2412.19437
http://arxiv.org/abs/2412.19437
https://doi.org/10.18653/V1/2020.FINDINGS-EMNLP.139
https://doi.org/10.18653/V1/2020.FINDINGS-EMNLP.139
https://doi.org/10.18653/V1/2020.FINDINGS-EMNLP.139
https://aider.chat/docs/leaderboards/#polyglot-leaderboard
https://aider.chat/docs/leaderboards/#polyglot-leaderboard
https://aider.chat/docs/benchmarks.html#the-benchmark
https://aider.chat/docs/benchmarks.html#the-benchmark
http://arxiv.org/abs/2401.14196
http://arxiv.org/abs/2401.14196
http://arxiv.org/abs/2401.14196
https://doi.org/10.48550/ARXIV.2402.01680
https://doi.org/10.48550/ARXIV.2402.01680
http://arxiv.org/abs/2411.04905
http://arxiv.org/abs/2411.04905
https://arxiv.org/abs/2403.07974
https://arxiv.org/abs/2403.07974
https://arxiv.org/abs/2403.07974
https://openreview.net/forum?id=VTF8yNQM66
https://openreview.net/forum?id=VTF8yNQM66

Raymond Li, Loubna Ben Allal, Yangtian Zi, Niklas
Muennighoff, Denis Kocetkov, Chenghao Mou,
Marc Marone, Christopher Akiki, Jia Li, Jenny
Chim, Qian Liu, Evgenii Zheltonozhskii, Terry Yue
Zhuo, Thomas Wang, Olivier Dehaene, Mishig
Davaadorj, Joel Lamy-Poirier, Jodo Monteiro, Oleh
Shliazhko, Nicolas Gontier, Nicholas Meade, Armel
Zebaze, Ming-Ho Yee, Logesh Kumar Umapathi,
Jian Zhu, Benjamin Lipkin, Muhtasham Oblokulov,
Zhiruo Wang, Rudra Murthy V, Jason Stillerman,
Siva Sankalp Patel, Dmitry Abulkhanov, Marco
Zocca, Manan Dey, Zhihan Zhang, Nour Moustafa-
Fahmy, Urvashi Bhattacharyya, Wenhao Yu, Swayam
Singh, Sasha Luccioni, Paulo Villegas, Maxim Ku-
nakov, Fedor Zhdanov, Manuel Romero, Tony Lee,
Nadav Timor, Jennifer Ding, Claire Schlesinger, Hai-
ley Schoelkopf, Jan Ebert, Tri Dao, Mayank Mishra,
Alex Gu, Jennifer Robinson, Carolyn Jane Ander-
son, Brendan Dolan-Gavitt, Danish Contractor, Siva
Reddy, Daniel Fried, Dzmitry Bahdanau, Yacine Jer-
nite, Carlos Mufioz Ferrandis, Sean Hughes, Thomas
Wolf, Arjun Guha, Leandro von Werra, and Harm
de Vries. 2023. Starcoder: may the source be with
you! CoRR, abs/2305.06161.

Shukai Liu, Linzheng Chai, Jian Yang, Jiajun Shi,
He Zhu, Liran Wang, Ke Jin, Wei Zhang, Hualei
Zhu, Shuyue Guo, et al. 2024a. Mdeval: Mas-
sively multilingual code debugging. arXiv preprint
arXiv:2411.02310.

Siyao Liu, He Zhu, Jerry Liu, Shulin Xin, Aoyan Li, Rui
Long, Li Chen, Jack Yang, Jinxiang Xia, ZY Peng,
et al. 2024b. Fullstack bench: Evaluating llms as full
stack coder. arXiv preprint arXiv:2412.00535.

Yue Liu, Thanh Le-Cong, Ratnadira Widyasari,
Chakkrit Tantithamthavorn, Li Li, Xuan-Bach Dinh
Le, and David Lo. 2023. Refining chatgpt-generated
code: Characterizing and mitigating code quality is-
sues. CoRR, abs/2307.12596.

Shuai Lu, Daya Guo, Shuo Ren, Junjie Huang, Alexey
Svyatkovskiy, Ambrosio Blanco, Colin B. Clement,
Dawn Drain, Daxin Jiang, Duyu Tang, Ge Li, Li-
dong Zhou, Linjun Shou, Long Zhou, Michele Tu-
fano, Ming Gong, Ming Zhou, Nan Duan, Neel Sun-
daresan, Shao Kun Deng, Shengyu Fu, and Shujie
Liu. 2021. Codexglue: A machine learning bench-
mark dataset for code understanding and generation.
In Proceedings of the Neural Information Process-
ing Systems Track on Datasets and Benchmarks 1,
NeurlPS Datasets and Benchmarks 2021, December
2021, virtual.

Ziyang Luo, Can Xu, Pu Zhao, Qingfeng Sun, Xi-
ubo Geng, Wenxiang Hu, Chongyang Tao, Jing Ma,
Qingwei Lin, and Daxin Jiang. 2023. Wizardcoder:
Empowering code large language models with evol-
instruct. CoRR, abs/2306.08568.

Samuel Miserendino, Michele Wang, Tejal Patward-
han, and Johannes Heidecke. 2025. Swe-lancer:
Can frontier 1lms earn $1 million from real-world

freelance software engineering?
arXiv:2502.12115.

arXiv preprint

Erik Nijkamp, Bo Pang, Hiroaki Hayashi, Lifu Tu, Huan
Wang, Yingbo Zhou, Silvio Savarese, and Caiming
Xiong. 2023. Codegen: An open large language
model for code with multi-turn program synthesis. In
The Eleventh International Conference on Learning
Representations, ICLR 2023, Kigali, Rwanda, May
1-5, 2023. OpenReview.net.

OpenAl. 2023.
abs/2303.08774.

GPT-4 technical report. CoRR,

OpenAl. 2025. Introducing gpt-4.5.

Long Ouyang, Jeffrey Wu, Xu Jiang, Diogo Almeida,
Carroll L. Wainwright, Pamela Mishkin, Chong
Zhang, Sandhini Agarwal, Katarina Slama, Alex Ray,
John Schulman, Jacob Hilton, Fraser Kelton, Luke
Miller, Maddie Simens, Amanda Askell, Peter Welin-
der, Paul F. Christiano, Jan Leike, and Ryan Lowe.
2022. Training language models to follow instruc-
tions with human feedback. In Advances in Neural
Information Processing Systems 35: Annual Confer-
ence on Neural Information Processing Systems 2022,
NeurlIPS 2022, New Orleans, LA, USA, November 28
- December 9, 2022.

Qwen. 2025. Qwqg-32b: Embracing the power of rein-
forcement learning.

Houxing Ren, Mingjie Zhan, Zhongyuan Wu, Aojun
Zhou, Junting Pan, and Hongsheng Li. 2024. Re-
flectioncoder: Learning from reflection sequence for
enhanced one-off code generation.

Baptiste Roziere, Jonas Gehring, Fabian Gloeckle, Sten
Sootla, Itai Gat, Xiaoqing Ellen Tan, Yossi Adi,
Jingyu Liu, Tal Remez, Jérémy Rapin, Artyom
Kozhevnikov, Ivan Evtimov, Joanna Bitton, Man-
ish Bhatt, Cristian Canton-Ferrer, Aaron Grattafiori,
Wenhan Xiong, Alexandre Défossez, Jade Copet,
Faisal Azhar, Hugo Touvron, Louis Martin, Nico-
las Usunier, Thomas Scialom, and Gabriel Synnaeve.
2023. Code llama: Open foundation models for code.
CoRR, abs/2308.12950.

ByteDance Seed, :, Jiaze Chen, Tiantian Fan, Xin Liu,
Lingjun Liu, Zhiqi Lin, Mingxuan Wang, Chengyi
Wang, Xiangpeng Wei, Wenyuan Xu, Yufeng Yuan,
Yu Yue, Lin Yan, Qiying Yu, Xiaochen Zuo, Chi
Zhang, Ruofei Zhu, Zhecheng An, Zhihao Bai,
Yu Bao, Xingyan Bin, Jiangjie Chen, Feng Chen,
Hongmin Chen, Riwei Chen, Liangqiang Chen, Zixin
Chen, Jinsong Chen, Siyan Chen, Kaiyuan Chen, Zhi
Chen, Jin Chen, Jiecao Chen, Jinxin Chi, Weinan
Dai, Ning Dai, Jiahui Dai, Shihan Dou, Yantao
Du, Zhengyin Du, Jianhui Duan, Chen Dun, Ting-
Han Fan, Jiazhan Feng, Junda Feng, Ziyuan Feng,
Yuwei Fu, Wenqi Fu, Hanjie Fu, Hao Ge, Hongyi
Guo, Mingji Han, Li Han, Wenhao Hao, Xintong
Hao, Qianyu He, Jerry He, Feng He, Wen Heng, Ze-
hua Hong, Qi Hou, Liang Hu, Shengding Hu, Nan
Hu, Kai Hua, Qi Huang, Ziyue Huang, Hongzhi

7158


https://doi.org/10.48550/ARXIV.2305.06161
https://doi.org/10.48550/ARXIV.2305.06161
https://doi.org/10.48550/ARXIV.2307.12596
https://doi.org/10.48550/ARXIV.2307.12596
https://doi.org/10.48550/ARXIV.2307.12596
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/c16a5320fa475530d9583c34fd356ef5-Abstract-round1.html
https://datasets-benchmarks-proceedings.neurips.cc/paper/2021/hash/c16a5320fa475530d9583c34fd356ef5-Abstract-round1.html
https://doi.org/10.48550/ARXIV.2306.08568
https://doi.org/10.48550/ARXIV.2306.08568
https://doi.org/10.48550/ARXIV.2306.08568
https://openreview.net/pdf?id=iaYcJKpY2B_
https://openreview.net/pdf?id=iaYcJKpY2B_
https://doi.org/10.48550/ARXIV.2303.08774
https://openai.com/index/introducing-gpt-4-5/
http://papers.nips.cc/paper_files/paper/2022/hash/b1efde53be364a73914f58805a001731-Abstract-Conference.html
http://papers.nips.cc/paper_files/paper/2022/hash/b1efde53be364a73914f58805a001731-Abstract-Conference.html
https://qwenlm.github.io/blog/qwq-32b/
https://qwenlm.github.io/blog/qwq-32b/
http://arxiv.org/abs/2405.17057
http://arxiv.org/abs/2405.17057
http://arxiv.org/abs/2405.17057
https://doi.org/10.48550/ARXIV.2308.12950

Huang, Zihao Huang, Ting Huang, Wenhao Huang,
Wei Jia, Bin Jia, Xiaoying Jia, Yuhua Jiang, Haobin
Jiang, Ziheng Jiang, Kaihua Jiang, Chengquan Jiang,
Jianpeng Jiao, Xiaoran Jin, Xing Jin, Xunhao Lai,
Zheng Li, Xiang Li, Liyi Li, Hongkai Li, Zheng Li,
Shengxian Wan, Ya Wang, Yunshui Li, Chenggang
Li, Niuniu Li, Siyu Li, Xi Li, Xiao Li, Aoyan Li,
Yuntao Li, Nianning Liang, Xinnian Liang, Haibin
Lin, Weijian Lin, Ye Lin, Zhicheng Liu, Guanlin
Liu, Guanlin Liu, Chenxiao Liu, Yan Liu, Gaohong
Liu, Juncai Liu, Chundian Liu, Deyi Liu, Kaibo
Liu, Siyao Liu, Qi Liu, Yongfei Liu, Kang Liu,
Gan Liu, Boyi Liu, Rui Long, Weigiang Lou, Chen-
wei Lou, Xiang Luo, Yao Luo, Caiping Lv, Heyang
Lv, Bole Ma, Qianli Ma, Hongzhi Ma, Yiyuan Ma,
Jin Ma, Wenchang Ma, Tingting Ma, Chen Mao,
Qiyang Min, Zhe Nan, Guanghan Ning, Jinxiang
Ou, Haojie Pan, Renming Pang, Yanghua Peng, Tao
Peng, Lihua Qian, Lihua Qian, Mu Qiao, Meng Qu,
Cheng Ren, Hongbin Ren, Yong Shan, Wei Shen,
Ke Shen, Kai Shen, Guangming Sheng, Jinlong Shi,
Wenlei Shi, Guang Shi, Shuai Shuai Cao, Yuxin
Song, Zuquan Song, Jing Su, Yifan Sun, Tao Sun,
Zewei Sun, Borui Wan, Zihan Wang, Xiaohui Wang,
Xi Wang, Shuguang Wang, Jun Wang, Qinlong Wang,
Chenyuan Wang, Shuai Wang, Zihan Wang, Chang-
bao Wang, Jiagiang Wang, Shihang Wang, Xuwu
Wang, Zaiyuan Wang, Yuxuan Wang, Wenqi Wang,
Taiqing Wang, Chengzhi Wei, Houmin Wei, Ziyun
Wei, Shufa Wei, Zheng Wu, Yonghui Wu, Yangjun
Wu, Bohong Wu, Shuang Wu, Jingqgiao Wu, Ning
Wu, Shuangzhi Wu, Jianmin Wu, Chenguang Xi,
Fan Xia, Yuqiao Xian, Liang Xiang, Boren Xiang,
Bowen Xiao, Zhen Xiao, Xia Xiao, Yongsheng Xiao,
Chao Xin, Shulin Xin, Yuwen Xiong, Jingjing Xu,
Ziwen Xu, Chenyin Xu, Jiayi Xu, Yifan Xu, Wei
Xu, Yufei Xu, Shikun Xu, Shipeng Yan, Shen Yan,
Qingping Yang, Xi Yang, Tianhao Yang, Yuehang
Yang, Yuan Yang, Ximing Yang, Zeyu Yang, Guang
Yang, Yifan Yang, Xuesong Yao, Bairen Yi, Fan Yin,
Jianian Yin, Ziqiang Ying, Xiangyu Yu, Hongli Yu,
Song Yu, Menghan Yu, Huan Yu, Siyu Yuan, Jun
Yuan, Yutao Zeng, Tianyang Zhan, Zheng Zhang,
Yun Zhang, Mofan Zhang, Wang Zhang, Ru Zhang,
Zhi Zhang, Tianqi Zhang, Xinyi Zhang, Zhexi Zhang,
Sijun Zhang, Wenqiang Zhang, Xiangxiang Zhang,
Yongtao Zhang, Yuyu Zhang, Ge Zhang, He Zhang,
Yue Zhang, Renjie Zheng, Ningxin Zheng, Zhuolin
Zheng, Yaowei Zheng, Chen Zheng, Xiaoyun Zhi,
Wanjun Zhong, Cheng Zhong, Zheng Zhong, Bao-
quan Zhong, Xun Zhou, Na Zhou, Huan Zhou, Hang
Zhu, Defa Zhu, Wenjia Zhu, and Lei Zuo. 2025.
Seed1.5-thinking: Advancing superb reasoning mod-
els with reinforcement learning.

Hugo Touvron, Thibaut Lavril, Gautier [zacard, Xavier
Martinet, Marie-Anne Lachaux, Timothée Lacroix,
Baptiste Roziere, Naman Goyal, Eric Hambro, Faisal
Azhar, Aurélien Rodriguez, Armand Joulin, Edouard
Grave, and Guillaume Lample. 2023. Llama: Open
and efficient foundation language models. CoRR,
abs/2302.13971.

Lei Wang, Chen Ma, Xueyang Feng, Zeyu Zhang, Hao

Yang, Jingsen Zhang, Zhiyuan Chen, Jiakai Tang,
Xu Chen, Yankai Lin, Wayne Xin Zhao, Zhewei
Wei, and Ji-Rong Wen. 2023a. A survey on large
language model based autonomous agents. CoRR,
abs/2308.11432.

Yizhong Wang, Yeganeh Kordi, Swaroop Mishra, Alisa
Liu, Noah A. Smith, Daniel Khashabi, and Hannaneh
Hajishirzi. 2023b. Self-instruct: Aligning language
models with self-generated instructions. In Proceed-
ings of the 61st Annual Meeting of the Association
for Computational Linguistics (Volume 1: Long Pa-
pers), ACL 2023, Toronto, Canada, July 9-14, 2023,
pages 13484—13508. Association for Computational
Linguistics.

Yue Wang, Weishi Wang, Shafiq R. Joty, and Steven
C. H. Hoi. 2021. Codet5: Identifier-aware unified
pre-trained encoder-decoder models for code under-
standing and generation. In Proceedings of the 2021
Conference on Empirical Methods in Natural Lan-
guage Processing, EMNLP 2021, Virtual Event /
Punta Cana, Dominican Republic, 7-11 November,
2021, pages 8696-8708. Association for Computa-
tional Linguistics.

Yuxiang Wei, Zhe Wang, Jiawei Liu, Yifeng Ding, and
Lingming Zhang. 2023. Magicoder: Source code is
all you need. CoRR, abs/2312.02120.

xAl 2025. Grok 3 beta — the age of reasoning agents.

Zhuokui Xie, Yinghao Chen, Chen Zhi, Shuiguang
Deng, and Jianwei Yin. 2023. Chatunitest: a chatgpt-
based automated unit test generation tool. CoRR,
abs/2305.04764.

Weixiang Yan, Yuchen Tian, Yunzhe Li, Qian Chen, and
Wen Wang. 2023. Codetransocean: A comprehen-
sive multilingual benchmark for code translation. In
Findings of the Association for Computational Lin-
guistics: EMNLP 2023, Singapore, December 6-10,
2023, pages 5067-5089. Association for Computa-
tional Linguistics.

An Yang, feng Li, and etc. 2024a. Qwen3 technical
report. arXiv preprint arXiv:2505.09388.

Jian Yang, Jiaxi Yang, Ke Jin, Yibo Miao, Lei Zhang,
Liqun Yang, Zeyu Cui, Yichang Zhang, Binyuan
Hui, and Junyang Lin. 2024b. Evaluating and align-
ing codellms on human preference. arXiv preprint
arXiv:2412.05210.

Jian Yang, Jiajun Zhang, Jiaxi Yang, Ke Jin, Lei Zhang,
Qiyao Peng, Ken Deng, Yibo Miao, Tianyu Liu, Zeyu
Cui, et al. 2024c. Execrepobench: Multi-level exe-
cutable code completion evaluation. arXiv preprint
arXiv:2412.11990.

Zhaojian Yu, Xin Zhang, Ning Shang, Yangyu Huang,
Can Xu, Yishujie Zhao, Wenxiang Hu, and Qiufeng
Yin. 2023. Wavecoder: Widespread and versatile
enhanced instruction tuning with refined data genera-
tion. CoRR, abs/2312.14187.

7159


http://arxiv.org/abs/2504.13914
http://arxiv.org/abs/2504.13914
https://doi.org/10.48550/ARXIV.2302.13971
https://doi.org/10.48550/ARXIV.2302.13971
https://doi.org/10.48550/ARXIV.2308.11432
https://doi.org/10.48550/ARXIV.2308.11432
https://doi.org/10.18653/V1/2023.ACL-LONG.754
https://doi.org/10.18653/V1/2023.ACL-LONG.754
https://doi.org/10.18653/V1/2021.EMNLP-MAIN.685
https://doi.org/10.18653/V1/2021.EMNLP-MAIN.685
https://doi.org/10.18653/V1/2021.EMNLP-MAIN.685
https://doi.org/10.48550/ARXIV.2312.02120
https://doi.org/10.48550/ARXIV.2312.02120
https://x.ai/news/grok-3
https://doi.org/10.48550/ARXIV.2305.04764
https://doi.org/10.48550/ARXIV.2305.04764
https://aclanthology.org/2023.findings-emnlp.337
https://aclanthology.org/2023.findings-emnlp.337
https://doi.org/10.48550/ARXIV.2312.14187
https://doi.org/10.48550/ARXIV.2312.14187
https://doi.org/10.48550/ARXIV.2312.14187

Renrui Zhang, Jiaming Han, Aojun Zhou, Xiangfei Hu,
Shilin Yan, Pan Lu, Hongsheng Li, Peng Gao, and
Yu Qiao. 2023. Llama-adapter: Efficient fine-tuning
of language models with zero-init attention. CoRR,
abs/2303.16199.

Qinkai Zheng, Xiao Xia, Xu Zou, Yuxiao Dong, Shan
Wang, Yufei Xue, Zihan Wang, Lei Shen, Andi Wang,
Yang Li, Teng Su, Zhilin Yang, and Jie Tang. 2023.
Codegeex: A pre-trained model for code generation
with multilingual evaluations on humaneval-x. arXiv
preprint arXiv:2303.17568, abs/2303.17568.

Terry Yue Zhuo, Minh Chien Vu, Jenny Chim, Han Hu,
Wenhao Yu, Ratnadira Widyasari, Imam Nur Bani
Yusuf, Haolan Zhan, Junda He, Indraneil Paul, et al.
2024. Bigcodebench: Benchmarking code genera-
tion with diverse function calls and complex instruc-
tions. arXiv preprint arXiv:2406.15877.

7160


https://doi.org/10.48550/ARXIV.2303.16199
https://doi.org/10.48550/ARXIV.2303.16199
https://doi.org/10.48550/ARXIV.2303.17568
https://doi.org/10.48550/ARXIV.2303.17568

A Polyglot Repository Code File Structure Examples

We provide polyglot repository code file structure examples of LiveRepoReflection and instruction corpus
of RepoReflection-Instruct in Figure 7.

{ Python Example J Java Example { Rust Example ‘
.docs/instructions.md # Program Define (Visible) = .docs/instructions.md # Program Define (Visible)
meta/ meta/ .docs/instructions.md # Program Define (Visible)
config.json # Visible Control Config (Invisible) config.json # Visible Control Config (Invisible) ‘meta/ . )
network_route.py # Reference Answer (Invisible) src/main/ java/ TaskScheduler.java  # Reference Answer (Invisible) config.json # Visible Control Config (Invisible)
src/lib.rs # Reference Answer (Invisible)
__init__py # Code Signature (Visible)| | src/main/java/ TaskScheduler.java # Code Signature (Visible) )
network_route.py # Code Signature (Visible) src/lib.rs # Code Signature (Visible)
src/test/java/ TaskSchedulerTest. java # Unit Test (Invisible)
network_route_test.py # Unit Test (Tnvisible)  build gradle # Unit Test Config (Tnvisible) | Tests/task_orchestrator.rs # Unit Test (Invisible)
gradlew # Unit Test Config (Invisible) Cargo.toml # Unit Test Config (Invisible)
gradlew.bat # Unit Test Config (Invisible)
CPP Exal'nple gradle/wrapper/
gradle-wrapper.jar # Unit Test Config (Invisible) q
-docs//insfrucﬂonsmd # Program Define (Visible) | gradle-wrapper.properties # Unit Test Config (Invisible) J ClVOSCI“Ip'f Example
.meta,
config.json # Visible Control Config (Invisible) . .
drone_delivery.h # Reference Answer (Invisible) GO Example .:inois//lns?rucfcons.md # Program Detine (Visile)
drone_delivery.cpp # Reference Answer (Invisible) fu=a L
docs/instructions.md # Program Define (Visible) aiip{n AU (L
drone_delivery.h # Code Signature (Visible) .mefu/ . g - fransaction_coordinator. js # Reference Answer (Invisible)
drone_delivery.c # Code Signature (Visible) config.json # Visible Control Config (Invisible) . N .
D - K cof):gruph test.go D e A"SWE‘Z (Tnvisible) transaction_coordinator.js # Code Signature (Visible)
drone_delivery_test.cpp # Unit Test (Invisible)
cpp-test.sh # Unit Test Config (Invisible)|| k_color_graph.go # Code Signature (Visible) npm-TesT..sh Uiy Tgsj (Invisible)
e Py package. json # Unit Test Config (Invisible)
tests-main.cpp # Unit Test Config (Invisible) Iy 4i dinat . # Unit Test Config (Tnvisibl
catchhpp # Unit Test Config (Invisible) | | k_color_graph_test.go # Unit Test (Invisible)| |Trensaction _coordinator.spec.)s i S G ()
CMakelLists.txt # Unit Test Config (Invisible)| | go.mod # Unit Test Config (Invisible)

Figure 7: Polyglot repository code file structure examples of LiveRepoReflection and instruction corpus of
RepoReflection-Instruct. Visibility (“Visiable” or “Invisiable”) indicates whether the model is allowed to obtain
and modify the file content during evaluation. The repository code file structure consists of five parts: 1) problem
definition, 2) reference answer, 3) code signature, 4) unit test, 5) unit test environment support file.

B Language Distribution Comparison

Table 3 compares the number of test cases per programming language in LiveRepoReflection versus the
Aider Polyglot Benchmark. LiveRepoReflection contains over eight times as many test cases overall
(1,888 vs. 225) and expands coverage in every language. Python, as a dominant scripting language, grows
from 34 to 820 cases, while compiled languages like Go (39—403), Java (47—250), C++ (26—143),
and Rust (30—212) also see substantial increases. JavaScript remains smaller in absolute terms but still
benefits from a slight boost (49—60). This balanced, large-scale distribution across both scripting and
system languages ensures that models are evaluated on a wide spectrum of real-world coding tasks and
paradigms.

Table 3: Language Distribution Comparison

Language  LiveRepoReflection  Aider Polyglot Benchmark

C++ 143 26
Go 403 39
Java 250 47
JavaScript 60 49
Python 820 34
Rust 212 30
Total 1,888 225

C Prompts for Our Pipeline, LiveRepoReflection and RepoReflection-Instruct

We provided data generation stage prompts for our pipeline, LiveRepoReflection and RepoReflection-
Instruct in Figure 8, Figure 9, Figure 10, Figure 11, Figure 12, Figure 13, Figure 14 and Figure 15.
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Act as a high-level programming competition question setter and take requests for generating a
new code problem.

1. Make sure your code problem concise but complete.
2. Make sure your code problem difficult and challenging.

Figure 8: System Prompt for Our Pipeline.

When Creating files, maintain a consistent folder structure as shown in the examples by providing
the appropriate path/to/filename and adhere to the following format:

path/to/filename

1113

// entire code or file content ...

1113

- The first line should contain *only* the appropriate path/to/filename, without any addi-
tional markup, punctuation, comments, or other elements.

- The second line should start with three backticks (“¢)

- ... include the complete content of the file ...

- The last line should end with three closing backticks (‘)

Please ensure that you *never* skip, omit, or abbreviate content using ellipsis (...) or by
adding comments like “... rest of code...”. Use only standard libraries in your code.

Figure 9: Format Reminder Prompt for Our Pipeline.

Here are some question examples to give you inspiration:
## Question Example {index_placeholder}:

### Project Name

{project_name}

### Question Description

{question_description }

### Answer File With Dependencies

{answer}

### Unit Test File

{unit_test}

Figure 10: Sample Data Template Prompt for Our Pipeline.
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—

Please generate a challenging and sophisticated {language} coding problem. Consider incorporat-
ing these elements to increase complexity from question example inspiration:

- Advanced data structures (trees, graphs, heaps)

- Multiple edge cases and constraints

- Optimization requirements

- Real-world practical scenarios

- System design aspects

- Algorithmic efficiency requirements

- Multiple valid approaches with different trade-ofts

Make sure the difficulty is as high as possible, similar to the leetcode Hard level.

Please **only** describe the question clearly but challenge the solver with interesting
constraints and requirements. Do not include any project name, code signature, answer, unit test or
any other things at this stage.

{sample_data_str}

Now, begin!

Figure 11: Coding Program Definition Prompt for Our Pipeline.

Now, present the name of this {language} problem with snake case and keep it short and concise
by using 1-3 words, like “hello_world”. Please generate the name in the following format:

“‘ project_name “*

Please **only** generate the name in the above format. Do not include any question de-
scription, code signature, answer, unit test or any other things at this stage. Now, begin!

Figure 12: Coding Program Topic for Our Pipeline.

Please supply a comprehensive {language} unit test for this question. DO NOT include any answer
or any other things at this stage.

{format_reminder}

Attention to follow and implement the ‘{project_name}‘ project structure, each file should replace
in ‘{project_name}‘ folder and have similar filepath to ensure the unit test can be run successfully.

Now, begin! {end_suffix}

Figure 13: Unit Test Prompt for Our Pipeline.
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Please supply a comprehensive {language} answer and necessary dependencies for this question.
{format_reminder}

Attention to follow and implement the ‘{project_name}* project structure, each file should replace
in ‘{project_name}‘ folder and have similar filepath to ensure the answer can be run successfully.

Now, begin! {end_suffix}

Figure 14: Reference Answer Prompt for Our Pipeline.

1. Attention Our JavaScript Environment is ‘Node.js v16.20.2°.
2. Attention Our Rust Environment is ‘rustc 1.75.0 (82e1608df 2023-12-21) (built from a source
tarball)‘, only support rust edition <= 2021.

Figure 15: Optional End Suffix Prompt Examples for Our Pipeline.

D Unit Test Running Command Setup

We provided unit test commands for our pipeline, LiveRepoReflection and RepoReflection-Instruct in
Figure 16.

=

99, &

“python”: “pytest”

“rust”: “cargo test — —include-ignored”
“g0”: “gotest ./...”

“javascript”: “./npm-test.sh”

“cpp”: “./cpp-test.sh”

99,

“java”: “./gradlew test —-no-daemon”

Figure 16: Unit Test Command Setup.
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