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Abstract

Code-related benchmarks play a critical role in
evaluating large language models (LLMs), yet
their quality fundamentally shapes how the com-
munity interprets model capabilities. In the past
few years, awareness of benchmark quality has
grown. Yet, after a decade-scale (2014 - 2025)
survey over 672 code benchmarks, we observed a
lag between growing awareness and actual prac-
tice. For example, in 2025 alone, the number of
benchmarks that ignore code coverage when pro-
viding test cases nearly matches the total count
accumulated across the previous ten years. In
response, we take a clear position: Code bench-
marks must prioritize rigor in benchmark con-
struction, reliability in evaluation, and repro-
ducibility in release. To operationalize this po-
sition, we introduce a code benchmark guideline
How2BENCH with 55 checklists. Finally, our
further human study also exposed that the current
issues not only stem from the significant effort
required, but also from a lack of awareness re-
garding their importance.

1. Introduction

& Awareness is the beginning of action; action
is the fulfillment of awareness. *® — Yangming
Wang (1472 - 1529)
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Large Language Models (LLMs) are increasingly evaluated
on code benchmarks such as SWE-Bench (Jimenez et al.,
2024) to measure their code generation, code reasoning, and
debugging capabilities. These benchmarks play a critical
role in shaping the understanding of LLMs’ true capabili-
ties and limitations. However, the validity of conclusions
drawn from these code benchmarks depends on the rigor,
reliability, and reproducibility of the benchmarks them-
selves. When the benchmark construction is flawed, the
validity of conclusions may not hold.

Encouragingly, awareness of benchmark quality has grown.
Guidelines (Wu et al., 2025) and enhancing approaches (Liu
et al., 2023b; Qiu et al., 2024b; Yadav et al., 2024b) were
proposed to provide the good practices and enhance the
quality in certain aspects (e.g., code coverage (Liu et al.,
2023b), data contamination (Cao et al., 2024b)). As a result,
one might expect that benchmark construction practices
have already become more rigorous over time.

However, our findings suggest the opposite. Through a large-
scale survey of 672 code benchmarks across the last decade
(2014 — 2025), we uncover a concerning trend: despite
rising awareness of benchmark quality, the number of
flawed benchmarks has continued to grow. For example,
in 2025 alone, the number of benchmarks that ignore code
coverage when providing test cases nearly matches the total
count accumulated across the previous ten years. More
empirical evidence includes:

e 46% benchmarks did not go through quality assurance
check; 79.8% did not consider data contamination; 67.1%
did not deduplicate the data points;

e 85.0% did not ensure a reliable judgement, such as en-
suring a high code coverage when test suites are provided;
66.1% benchmark evaluation was one-pass, without repeat-
ing the experiment to avoid randomness;

@ 38.2% of the benchmarks did not provide the essential
information (e.g., prompts) for reproducibility; 80.0% did
not provide the log information on the benchmarks; 14.7%
are not open source, 2.2% only partially released;
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In response, we take a clear position: Code bench-
marks must prioritize rigor in benchmark construction,
reliability in evaluation, and reproducibility in release
as first-class objectives.

To operationalize this position, we introduce a compre-
hensive code benchmark guideline, HOW2BENCH, com-
prising 55 rigor-oriented checklists, each annotated with its
relative threat level to the benchmark validity. This checklist
covers the entire lifecycle of benchmark development, from
design and construction to evaluation, analysis, and release,
as shown in Figure 1.

Upon the 55-item checklist, we revisited 672 code bench-
marks, and quantified longitudinal trends in how benchmark
practices have evolved. We observe a lag between grow-
ing awareness and actual practice. Although the yearly
proportion of benchmarks that prioritize data quality and
evaluation credibility has increased, the absolute number
of flawed benchmarks continues to rise, largely due to the
rapid overall growth in benchmark production.

In addition to these concerning trends, we also identify
several positive signals:

e During Benchmark Design: recent benchmarks increas-
ingly focus on practical, real-world problems; notably, the
number of project-level benchmarks in 2025 nearly tripled
compared to 2024, and the distribution of code task types
has become more diverse;

e During Benchmark Construction: creators are showing
stronger awareness of manual quality assurance: the
number of benchmarks incorporating human verification
more than doubled from 2024 to 2025;

e During Benchmark Evaluation: benchmark creators in-
creasingly include a larger and more diverse set of studied
LLMs, improving the generalizability and robustness of
reported findings;

e During Benchmark Release: growing open-science en-
gagement, with an upward trend in publicly released
artifacts, prompts, and evaluation resources, reflecting
stronger community commitment to transparency and reuse.

Human Study — To better understand whether the current
situation stem from lack of awareness, resource constraints,
or incentive misalignment, we conducted a human study
involving 49 participants through questionnaires. All partic-
ipants concurred on the necessity of having a checklist for
benchmark construction to enhance quality. Interestingly,
beyond admitting the its importance, the collected feed-
backs also exposed gaps in awareness: 16% of participants
were unaware of the necessity for data denoising; over 40%
were not aware that the experimental setup and environment
could impact the reproducibility and transparency.

The questionnaires results revealed that the current issues in
flawed benchmark not only stems from the significant effort
required to construct a rigorous and reliable benchmark, but
also from a lack of awareness regarding how crucial a rig-
orous development process is to the quality of benchmarks
and the reliability of evaluations. Without being aware of
and addressing the quality of code-related benchmarks (as
well as other kinds of LLM benchmarks), the reliability and
reproducibility of benchmark results remain compromised,
misleading research directions, and hindering meaningful
progress.

This paper makes contributions in five aspects:

* Novelty. We introduce HOW2BENCH, a comprehensive
set of guidelines packaged as a 55-criteria checklist that
covers the lifecycle of code-related benchmark develop-
ment.

Significance. HOW2BENCH presents the first compre-
hensive set of actionable guidelines for developing high-
quality benchmarks, striving to create a more reliable and
transparent environment. The human study also high-
lighted the demand for such a detailed guideline.

Usefulness. HOW2BENCH serves as a guideline for prac-
titioners before/during developing code-related bench-
marks, and a checklist for evaluating existing benchmarks
after their release. For ease of use, we also provide a
printable version of HOW2BENCH on Appendix G.

Generalizability. Most criteria listed in HOW2BENCH
can be adopted or adapted to other benchmarks such as
Question-answering, mathematical reasoning, and multi-
modal benchmarks.

Long-term Impact. Our statistics alert the community
to the severity and prevalence of non-standard practices
in benchmark development. It ultimately improves the
overall quality of benchmarks through propagation effects
among them.

2. Related Work
2.1. Code Benchmarks

Benchmarks for coding tasks like code generation (Chen
etal., 2021a; Austin et al., 2021), defect detection (Just et al.,
2014; Gao et al., 2023b; Liu et al., 2024d), and program
repair (Jimenez et al., 2024; Risse & Bohme, 2024) are in-
creasingly common, reflecting the growing needs for using
LLMs for coding tasks. Recent studies have highlighted
various issues with these benchmarks, ranging from design
inconsistencies to scope and applicability limitations. For
example, (Liu et al., 2023b) found that even some widely
used benchmarks, such as HumanEval (Chen et al., 2021a)
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and MBPP (Austin et al., 2021), contains a non-trivial pro-Furthermore, this new benchmark should be designed to
portion of bugs in implementation, documentation, and testevaluate speci ¢ LLMs' capabilities; the crafted tasks are
cases. Our work, in comparison, introduces a detailed guidexpected to re ect these capabilities (Hodak et al., 2023).
line thatguides the benchmark developmedtiring the

o Phase 2. Construction Benchmark Construction phase
entire lifecycle.

moves from design to execution. Typically, date@lected
from public coding websites such as GitHub, LeetCode, and
StackOver ow. This is followed by preprocessing, which

Several recent surveys (Koohestani et al., 2025a) and erficludes ltering, cleaning (e.g., deduplication, denoising),
pirical studies have pro led the status quo of LLM develop-andcuration (e.g., aligning tests with corresponding code).
ment. These studies either explore the overall performancéhe phase usually ends withvalidation process, which
for certain areas, such as software engineering (Hou et akan be manual or automated (Mclintosh et al., 2025).

2023; Wang et al., 2024a), or investigate the capabilities Obp5se 3. Evaluation Once the benchmark is available,
LLMs on speci ¢ tasks, such as code generation (Dou et alyg next step is to apply it to LLMs, validating if it can ef-
2024; Yu et al., 2024) and test generation (Schafer et aletively measure the intended LLM capabilities. Essential
2024; Yuan et al., 2024b; 2023b). A survey (Chang et al.¢onsjgering factors includselecting a representative array
2024) about how to evaluate LLMs was proposed to answegs LLMs, con guring settingslike prompts and hyperpa-

what/where/how to evaluate LLMs. This paper differs from ., eters for consistency, choosing appropriate experimental
these studies in its purpose and perspectives. environmentsto meet LLM requirements, and implement-

Assessments or guidelines for benchmarks (Qian et aling thoroughoggingto ensure dependable and reproducible
2026; Koohestani et al., 2025a; Hu et al., 2025b; Reuelesults.

et al., 2024) are also constantly released. For exampl@pase 4. AnalysisAfter evaluation, experimental results
BetterBench (Reuel et al., 2024) is a related work assesgre gnalyzed, drawing conclusions on LLMs' capabilities.
ing the Al benchmarks against 46 criteria. Then, it scoredrp,;g phase involves comparing each LL\gsrformanceto

24 Al benchmarks in various domains and ranked theMyentity standout or underperforming models. Then, proper
BetterBench differs from this paper in several key aspects;is,al aids such as bar charts and tables can be ustig-to

scope (general benchmarks vs. code-related benchmarkg),y the experimental results, presenting clearer observation

lifecycle division (it addresses benchmark retirement, while; 4 deepeinspiration, such as the correlations between

How2Bench focuses on benchmark evaluation, analysis, anghoqels, the correlations with related benchmarks, or per-
release), and objectives (scoring benchmarks vs. offering, . .ance in upper-/down-stream tasks (Hendee & Wells,

comprehensive guidelines for future benchmark developrgg7y |ndeed, a thorough analysis helps pinpoint areas for
ment). Additionally, the study in this paper was conductedimprovement and guides future LLM enhancements.
on amuch larger scale (24 vs. 572 benchmarks), statistically

highlighting the prevalent issues in existing benchmarks. Phase 5. ReleaseThe nal phase is to make the benchmark

) L open-accessible. This phase involves meticulously prepar-
Unlike these surveys and guidelines, our work reveals g, 5|l materialsassociated with the benchmark, ensuring
longitudinal trends before and after them came out. they are ready foopen acces® foster widespread adoption

and collaboration. Clear, comprehensilgcumentationis

3. Guideline Design provided to guide users on effectively utilizing the bench-
mark. Additionally, all loggedxperiment detailare made
available, enhancing the reproducibility and transparency of

Code-related benchmark development comprises ve typicalne benchmark.
phases (Phase 1 - 5), as shown in Figure 1, explained in _
detail as follows. 3.2. Study Design

Phase 1. DesignAt the beginning of benchmark develop- Our study consists of four steps (Figure 2). All steps are
ment, it is vital to identify the motivation, thecopeand the  explained as follows.

capabilitiesrequired by thepplicationscenario of interest. Step 1. Guideline Construction To begin with, we
To achieve this objective, one needs to carefully ConSidegketched the initial guidelinegor each phase in the i)ench-

the application scenarios, making sure these scenarios a”grﬂark development lifecycle (Section 3.1, Figure 1) by re-

with real-world demands (Moriarty, 2011). Also, itis nec- viewing existing literature (Suppes et al., 1962; Zheng et al.,
essary to assess whether other benchmarks already e 23b: Schafer et al., 2024; Reuel et al., 2024) and brain-

:Eat address similar t'aSll(si anhd t(t) '?enzt'cgg_n'}\l/ls?oémo%;g torming. After that, wee ned the guidelinesthrough
ey may possess (Mclintosh et al., » Malode, series of interviews with various stakeholders, includ-

2.2. Benchmark Surveys and Studies

3.1. The Lifecycle of Benchmark Development
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Figure 1. Lifecycle of Benchmark Development

ing model developers and benchmark builders, allowingand iterating to gather diverse, logical insights, which is
for the addition, deletion, or modi cation of criteria based thendistributedto a targeted audience. After collecting and
on expert feedback and practical insights. In order to altering responses for quality, the dataamalyzedto derive
low more exibility and increase the practicality of the insights. See Appendix D for details.

guideline, we prioritized them witeFF  (Highly impor-

tqnt),FF (Important), ar}d: .(Optional). By doing so, the. 4. Guideline and Key Statistics
highly-recommended criteria are essential to comply with

when setting up a new benchmark, while other criteria allowThe completed guidelinelow2BENCH with 55 criteria can
compromise, making the guideline simpler for benchmarkbe found in the Appendix. Each guideline contains: an
developers to follow. actionable check criterion with necessary explanations; a
priority indicator, divided into three levels in total, mark-

Step 2. Literature Pro ling . Th|s step pegms 'bgol'lectlrjg ing the importance of the checklist; and a checkbox for
related benchmarksaccording to their publication time, convenience

venue, and coding tasks, then employing techniques like

snowballingto ensure a comprehensive collection. This L )

step leads to 672 code-related benchmarks for study. THe 1 Guideline for Benchmark Design

detailed statistics are available in Appendix F. This Step iSE)(p|anati0n — For benchmark design’ we listed four es-
followed bypro ling each selected benchmark through asential criteria, as shown in Figure 3. In particular, the
thorough review otorresponding paperand examination  guideline starts by recommending that benchmarks should
of the released artifacter homepages associated with thesejnitially assess if they are addressingigni cant gap in
benchmarks. The phase is completeddyyorting statistics  existing research, ensuring the relevance and necessity of
that hlghllght overall trends, pros, and cons identi ed during the benchmark. Thmopa)f the benchmark is expected to
the pro ling, providing a structured overview of existing pe well-de ned, clarifying thecapabilitiesor characteristics
benchmarks. being tested, how these relate to practical scenarios such
as programming assistance or automated testing, and the

Step 3. Focused Case StudyAfter obtaining an overall o N
relevance of these capabilities in real-woalgblications

impression of existing benchmarks, welected 30 (= 5
* 6) representative benchmarkom the top-5 most fre- n Key Statistics -According to our statistics among 672
quent coding tasks (see Figure 9), with top-5 highly-citedhenchmarksapparent research biasan be observed in
benchmarks plus the latest 1 benchmark (Appendix E). Eackerms of coding tasks, programming languages, and code
selected benchmark is thanalyzed againSHOWZBENCH, granu|arities (Appendix C]_) For examp@ode Gener-
examining how well they meet the established criteria, StUdyation is most pre\/a|ent Coding task, with 235 benchmarks
ing their overall statistics, and identifying both exemplaryfocusing on this area, according to 34.97% (235/672) of
and poor cases. Insights and references from existing literatudied benchmarks, indicating a signi cant interest in gen-
ture are also incorporated to enrich the analysis, providing &rating code automatically. The second most prevalent is
deeper understanding of the benchmarks' performance angbde reasoning 12.64% (85/672), followed by Program Re-
areas for improvement. pair and Defect Detection.

Step 4. Human Study The nal step is @ human study that wWhen examining the distribution of coding tasks by year
evaluates the importance and practicalitfHiw2BENCH.  (see Figure 10), we observe that benchmark growth ac-
This involvesdesigning a questionnair®y rstinitiating  celerated most rapidly in the past two years (2024—2025),
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Figure 2. Work ow of study process

with code generation remaining the most frequently benchbe evaluated, an@d3.3% have not speci ed application
marked task. At the same timdgemand for code reasoning  scenariosthe benchmark targets.

has increased substantiallyrising from 19 benchmarks in
2024 to 61 in 2025. Benchmarks for program repair als
increased over the same period, from 22 to 33.

Besides, we also identi ed a case in MBPP (Austin et al.,
Q2021) where a case fell out of the target evaluation capabili-
ties (Appendix C.2). Indeed, clearly de ning the application
Regarding the bias in programming language, Figure 1%cenarios/scopes/capabilities could help benchmark con-
shows that 409 (71.50%) benchmarks are in Python, folstructors establish precise goals for the design and develop-
lowed by Java and C++, with 229 and 160, respectivelyment of the benchmark, ensuring accuracy in the evaluation.
This observation consolidates the observation from previoug- - . A
works (Cao et al., 2024a; Hou et al., 2023) on a larger scal{ S Severity —Current benchmarks exhikan apparent
When analyzed by year (Figure 12), the number of bencl imbalancein coding tasks and programming languages
marks for C/C++ and JavaScript has increased noticeab| dominated by code generation and Python, leaving re-
between 2024 and 2025. We also observe a sharp rise search blank to be lled. Also, even hlghly_ cited bench-
Rust-related benchmarks: although only a few benchmark] marks may have samples that do not fall into the exam-
existed for Rust since its release in 2015, 57 benchmark\”“"ld capabilities.
were published in the past two years (27 in 2024 and 29
in 2025). These trends in programming language coverag o .

re ect the evolving demand for LLMs across different lan- %.2. Guideline for Construction

guages, highlighting particularly the growing reliance on+ Explanation —Figure 4 shows 19 criteria for benchmark
large models to generate, reason about, and maintain codenstruction. Essentially, fatata source the key consider-
in these languages. ations include verifying the traceability and quality of the

Regarding the bias in granularity, a dramatic upward trenéjata source, addressing potenlata contaminatiorfSainz
9 9 g Y. P et al., 2023), and ensuring that thiata sampling processes

was observed in project-level benchmarks (Figure 16): be- S .

. are scienti cally robust and rigorous. Also, fdata rep-

tween 2024 and 2025, the number of project-level bench- . . . .

. . resentativenessit also guides through speci c checks to

marks surged, increasing from 35 to 97 new benchmarks. , . .

. —__ensure the benchmark's scope is strictly adhered to, such as

Importantly, these numbers refer to benchmarks newly intro-=_ " ! -

. . . making sure every data point falls within the targeted scope

duced in each year, rather than cumulative totals. This surge . o )

A ) . and that the data can cover all studied capabilities, domain
indicates agrowing community focus on the real-world

applicability and large-scale practical utility of LLMs . knowledge, and application scenarios.

J

Regarding the LLMs' capability evaluated, during the fo- For data preprocessing and cleaning, !t a'?? stresses han_dlmg
code-speci ¢ aspects, such as compilability and execution,

cused case study (listed in Appendix E), we identi ed thatalong with cleaning anchanually reviewingdata for qual-

20% benchmarks have not explicitly speci ed the capabil- L .
. : . . | ity assurance. Output validation methods and evaluation
ities (e.g., intention understanding, program synthesis) to” "~ : .

metrics must be carefully designed and reviewed to ensure
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they effectively measure the benchmark’s goals. Lastly4.3. Guideline for Evaluation
it suggests considering additional evaluation perspectives,

such as safety (Wei et al., 2024; Yuan et al., 2024a) checkd Explanation —Guidelines for benchmark evaluation fo-

ensuring the code does not contain sensitive information. Cus on the flgorousness anq rgllabll|ty of the evaluation.
How2BENCH provides 12 criteria for benchmark evalua-

n Key Statistics —According to our statistics (Ap- tion, as shown in Figure 5. It mainly focuses on the com-
pendix C.3), the 572 benchmarks exhifiitmerous irregu-  prehensive evaluation processes for benchmarks involving
larities in their implementation, which could signi cantly LLMs. For evaluation design, it stresses the importance of
threaten the reliability of the benchmarks. Surprisingly,assessing a suf cient anmgpresentative range of LLM$o
67.1% of benchmarks did not deduplicate or did not menensure the benchmark's applicability across various model
tion. 79.8% benchmarks did not consider or handle datfamilies and con gurations, both open and closed-source.
contamination threats. About 46.0% of the benchmarks-igure 35 and Figure 37 show the distribution of numbers
did not go through any quality assurance checks such asf LLMs studied and the most exercised LLMs.

manual checks and code execution. In particular, we SLmKI inah di . h litv of th
marized theeommonly-used data quality assurance metrics SO0, promptinghas a direct impact on the quality of the

and their frequency: manual check (45.8%), code executior"r!["\/llS %t;;t :(esultts I(erg);tiaal.fOZZ;. I—:edet alé,bzoz4a; Jmt
(1.2%),0thersé.g, heuristic rules, 6.4%). eta., , 1e etal, )- As pointed out by a recen

study, up to 40% performance gap could be observed in
Examining the trends by year (Figure 24), howee@e pos-  code translation when prompts vary (He et al., 2024b).
itive development is the increasing prevalence of manual

quality checks The number of benchmarks with manual o
check guarantees doubled from 84 in 2024 to 193 in Zozgvsproduublllty and trangparency. Indeed, th? hardwar'e, soft-
indicating that a growing share of code benchmarks now are, _and platform environments used during experiments
undergo partial or full human veri cation. might in uence the outcomes (Zhang _&_HL_Jang, 2025). Fur-
thermore, because of the nondeterministic nature of LLMs,
Also, since we focus on code-related benchmarks, whiclexperiments should be repeated, and randomization strate-
usually accompany test casesde coverag@lso needs gies should be used to mitigate the effects of randomness
to be considered. According to the statistics over oracleand parameter con guration biases. Lastheticulously
(Figure 31)passing test case@57 / 672 = 38.2%) anthe ~ documented logsf the experimental process is advised to
exact match(193 / 672 = 28.7%) are the most common or-facilitate transparency and reproducibility, detailing every-
acles used in code benchmarks. However, we observed theting from parameter settings to the speci ¢ LLM pipelines
only 15.9% considered and reported code coverageline  such as vLLM (Kwon et al., 2023) used.
coverage, branch coverage) explicitly in their papers, while -
82.5% ?Jlid not consider thg c)odepcove¥age WheFr)1 fonstructin Key Statistics -Among the 672 benchmarks, 585 of them

the test suites for benchmark evaluation. The annual distrf < er:/aluakted over LLlMSt‘ dAS ShO\f{m_ inLE:aurelg’g;/m_ogg

bution (Figure 33) makes this trend even clearer: althoug egg rTflaIrl swgrl;a eva UL?_I(\E/I aglgzams SIX ! | S.( S

many benchmarks in the past three years (2023-2025) d M ), fo gWe tyj'lxdf S.d nk;:oursglngky, chiasmg.

not consider code coverage, the sheer volume of bencEigufea;% ﬁ:nzgoszz :';é 52/; g? beeznce:kT;;I?st v?/éresesv;\tljv;t:and
ks in 202 that th lut f . ’ re :

marks in 2025 means that the absolute number o suCa}galnst fewer than ve LLMs, whereas in 2025, 64.2% of

benchmarks is high, with 24, 77, and 123 benchmarks r .
spectively for 2023, 2024, and 2025. This underscores tha enchmarks (36‘7% N 2.7‘5%) were evaluated aga_mst S-
0 models. This shift indicates that benchmark studies are

despite growing awareness of evaluation rigor, a substan-

tial number of benchmarks continue to provide incompletemcre"’ISIneg aiming for more comprehensive and generaliz-

testing, highlighting a persistent threat to the validity and refslble evaluations. However, it also introduces substantially

liability of benchmark-driven assessment. It severely affecté“gher computational and_ ”a_”c'a' costs, h|gh||ght|r_1g the

the reliability of ndings on these benchmarks, potentially trade-off between evaluation rigor and resource ef ciency.

misguiding future research and applications based on theseor reference, we listed the top 10 most studied LLM fami-
awed assessments. lies in Figure 37. Among them, the GPT series from Ope-
nAl is the most extensively studied, accounting for 76%
(446/585), followed by Deepseek and Qwen.

Additionally, the experiment environmeris essential for

s Severity —Most benchmarks displagevere loophole
in data preparation and curatiare., only 54% of bench
marks went through a quality assurance check, and pnly The prompt quality also signi cantly impacts the LLM eval-
20.2% of them considered and handled data contamina-uation (He et al., 2024b). According to a recent study, up to
tion threats. 40% of performance variation could be observed in the code
translation task (He et al., 2024b). So, carefully designing
a prompt needs consideration. Howevé,7%represen-
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tative benchmarks (Appendix E) do not validate whethercontext of the research questions. According to our statistics
the prompts they used are well-designed (Appendix C.4JAppendix C.5), 70% of benchmarks have detailed explana-
Similarly, though 89.4% benchmarks were evaluated in dions and analyses of their evaluation results, while 3@#o
zero-shot manner, only 18.6% benchmarks were evaluatelthve not Indeed, an explanation contributes to the body of
under few-shot, 3.7% under Chain-of-Thought and 1.0%&nowledge by making it possible to understand and compare
under RAG (Figure 40). However, as shown in Figure 41results with previous studies, promoting transparency within
76.7% representative benchmarks (Appendix E) do not valithe community.

date whether the prompt they used is well-designed.

) ] o s Severity —The analysis of experimental data and the
Regarding the evaluation process, our statistics exposg clarity of data presentation may receive less attention

repeated(Appendix C.4). Also, regarding the transparency| times like MBPP (Austin et al., 2021), there are instantes
and matriculated documents, the observation is not optf gfunclear evaluation analysis and display

mistic —Only 6.3% benchmarks provided their experi-
ment environment More than 38% of benchmarks did
not provide reproducible instructions such as prompts, 4 5 Guideline for Benchmark Release

examples for few-shot learning, or content for retrieval (Fig-

ure 48). Only half (50.5%) provide hyperparameters ~ + Explanation —Finally, releasing a benchmark for open
such as temperature for reproduction. access also needs careful consideration. We offered 10
suggestions for this step, as shown in Figure 7, to highlight
s Severity —66.6% of evaluations have not been fe- essential steps for public release preparation, emphasizing
peated to eliminate the impact of randomness, and theaccessibility and ethical compliance. This includes setting
trend grows from the year 2023 to 2025 (from 31 to 205). an appropriatéicenseto clarify usage rights, conducting a
thorough review teliminate sensitive or harmful content
such as the API keys to access LLMs, the personal emails
4.4. Guideline for Evaluation Analysis or toxic code comments (Miller et al., 2022) unless they
are a part of the benchmark, and ensuring reproducibility

. . . . : . C |
Explanation —The analysis of the experiment results by making all related materials openly availalbetailed

IS ex_p.ectgd Fo be objegt|ve and co'mprehenswle, hOperI.%rompts and clear descriptions of the experimental setup are
providing insights or actionable advice. So, we listed 10 cri-

teria for the evaluation analysis phase, as shown in Figure gdwsed to facilitate replication. Additionally, providing user

. . T manuals and evaluation interfaces is crucial for effective user

Regardinghe perspectives of analysisinspired by clas- : L L

. engagement with the benchmark, enhancing its reliability
sic measurement theory (Suppes et al., 1962), we suggest X

. : . - and value for the research community.

four essential perspectives, includidif culty (whether a
benchmark is appropriately challenging for LLMsS)ability  n Key Statistics The nal step involves the release of the
(whether the results are consistent through repeated trial¥Jenchmark. The fundamental requirement for releasing a
differentiability (whether benchmarks can differentiate the benchmark is that it must be open-sourced. However, sur-
strengths and weaknesses of various LLMS), ms@ira-  prisingly, we observed that 2.2% of the benchmarks are only
tion (e.g., the correlations between the upper-/down-strearpartially open-sourced (e.g., missing some subjects or tests),
coding tasks and LLM scores). and 14.7% are not open-sourced at ale.g., links/web
pages are no longer active). Furthermore, prompts, which

Moreover, effectivgpresentation of resultsising clear vi- . . . 0
sual and textual descriptions could ensure the ndings or&'e necessary for reproducibility, are not disclosed in 38.2%
f the benchmarks (Figure 48), not to mention the lack of

understandable and actionable. The phase concludes wi ublic information on experimental settings (Figure 39 and

the suggestion to interpret and explain the results compn’%gure 38) and experimental parameters (Figure 53). What
hensively, providing a basis for future enhancements. i

is worse, 19.3% benchmarks do not set up licenses (Fig-
n Key Statistics -Because experimental analysis is rela-ure 54). The absence of licensing may lead to severe legal
tively subjective and cannot be obtained through mechanicadnd ethical issues, potentially resulting in unauthorized use
scanning, we focus on 30 representative focus benchmarkand distribution of proprietary technologies. Additionally,
(Appendix E), covering the highest cited and latest benchenly 16.7% of the benchmarks make their logged experimen-
marks in top-5 tasks. Figure 45 shows an example frontal results publicly available (Appendix C.6). Note that this
CruxEval (Gu et al., 2024) where the experimental scoresonclusion about log availability are based on publicly ac-
can hardly be read from the gures. cessible materials; logs are often missing for a combination
of policy, privacy, and practicality reasons.

Also, explaining experiment resultss crucial for other
practitioners to understand what the outcomes mean in theortunately, the recent years show a positive shift toward

7
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openness (Figure 47). From 2024 to 2025, the number ahat different experimental environments, parameters, and
open-sourced benchmarks increased substantially, risingrompts can lead to substantial variations in outcomes (Xiao
from 169 to 266, indicating growing community commit- et al., 2024; Wang et al., 2019; 2023a).

ment to transparency, accessibility, and reproducibility.

s Severity —The release of existing benchmarks ex- 6. Alternative Views

hibits several issues. For example, 16.8% of the bench+we clarify several seemingly natural but ultimately mislead-
marks are either not open to public access or are nlying ways to frame our workAlternative View 1: Frame
partially open-sourced. Only 47.4% of benchmarks are oyr work as a survey of code benchmarksOur decade-
released with replicable prompts. scale analysis of 672 benchmarks may suggest that this
paper is primarily a survey. While we do provide quantita-
tive and qualitative observations, our main contribution is
5. Human Study normative and prescriptive, not purely descriptive. Rather
than cataloging existing work, we (i) expose systematic gaps
rlbetween awareness and practice, and (ii) propose actionable

we surveyed 49 global researcheirs Al (42.6%) and Soft- tandard d tooling directi for future bench Kd
ware Engineering (57.14%), as shown in Figure 61. Eacf ondards and tooling directions for future benchmark de-
gn. Alternative View 2: Frame our work as a criticism

participant had published at least one research paper to en= i ¢ benchmark ities Our intent i i
sure their research maturity, ahdlf had constructed code OF'SPECI C benchimarks or communities Lurintent 1S no

benchmarks See Appendix D for more details about the to single out particular benchmarks or communities as bad.

- : ; : : : . The issues we study are widespread and systemic. We em-
articipants' demographics and questions in uestmnnawel ; . .
P P grap q q phasize structural incentives and use HOW2BENCH to offer

First, all participants agreed that having a checklist for a constructive, forward-looking path for community-wide
benchmark construction would contribute to the quality ofimprovementAlternative View 3: Frame our work as a

the benchmark. 47/55 criteria HOW2BENCH are deemed  call for perfectionism or over-engineered benchmarks
important by more 80% participants. Additionally, among Prioritizing rigor, reliability, and reproducibility does not
the 21 participants who have constructed code-related bencimean that all checklists must be satis ed for a benchmark
marks,53 out of 55 criteria were deemed important by all to be “acceptable”. HOW2BENCH is a structured check-
benchmark developernly two criteria (criteria 3 and 4  list and prioritization tool, not a rigid standard. It makes
in Section 4) were considered unimportant by a few inditrade-offs explicit, helps authors identify the most critical
viduals (3 and 2 participants, respectively). Additionally,gaps, and supports transparent choices. Our goal is to shift
we received two valuable suggestions that draw importancehe default toward more principled practices and clearer
to recordingthe time/monetary costef constructing the documentation, not to demand maximal rigor in every di-
benchmark and conducting the experiments. mension.

To delve deeper into the integration of knowledge and actio

However, we also identi ed someotable gaps in aware-

ness First, regarding thelata preparation more than 15% 7. Discussion

of participants were not aware that the selection of dat .
shguld ch))nsider the target scope of the evaluation set (i.?.;l' Trade-offs Betwe_en Benchmark Rigor and
the data must be representative). 16% of participants were Development Ef ciency
unaware of the need for data denoisingvhile half (8%)  Despite all the above arguments, we admit that constructing
of these have already published at least one paper on bengiyorous benchmarks often entails a signi cant investment
marking construction. This oversight can signi cantly affect of time and human effort, which can lead to reduced ef -
the validity and generalizability of experimental results, un-ciency in the development and evaluation process. Indeed,
derscoring the importance of a comprehensive understanénsuring data quality, implementing thorough validation
ing of data handling for reliable research outcomes. procedures, and designing comprehensive evaluation pro-
tocols requires non-trivial effort and may slow down the

Over 40% of participants believe that recording and publipace of research. It also echoed our human study. Through

cizing the hardware and software environments, softwar@4r human study, we found that researchers are often aware

versions, and libraries used in experiments is not importanP! the importance of several criterie.g, data denoise and
with more than 20% still considering it unimportant despite '6Peating the experiments), but did not implement them due

already done so. This revealssigni cant lack of aware-  t© lime constraints or other limitations.
nessabout the impact that experimental environments camMHowever, this trade-off between rigor and ef ciency is nec-

have orthe reliability, reproducibility, and stability of eval-  essary to guarantee the reliability, reproducibility, and scien-
uation results In fact, various studies have demonstratedtj ¢ value of benchmark results. While faster, less rigorous

Second, regardingvaluation replicability and reliability
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benchmarks might accelerate short-term experimentatiofgonsiders data quality assurance” only if we identi ed a ded-
they risk producing misleading or non-generalizable nd-icated section, subsection, or explicit sentences describing
ings that ultimately hinder long-term progress. Thereforehow data quality was ensured. In the absence of such textual
each checklist iHow2BENCH is labeled with griority :  evidence, we labeled the benchmark as not considering data
FFF  (Highly important),FF (Important), and= (Op- quality assurance. Annotators look for explicit discussion
tional). We hope the design of this indicator may better helpof how data quality is ensured. Typical evidence includes

benchmark developers balance ef ciency with rigor. sections or sentences tagged as “Data Curation / Cleaning /
Preprocessing”, “Quality Control / Quality Assurance”, etc.,
7.2. Awareness and Action or detailed descriptions of construction and lItering proce-

dures. (2)Criteria for data quality assurance by manual

It is also worth recapping the notable gaps in awarenesshecic \We mark a benchmark as using manual checks if

of the importance of data preparation and reproducibilityi; e yjicitly mentions human involvement in inspecting or

(Section 5). For example, 16% of participants were unawargigating data/labels, with keywords such as “manual”, “hu-

of the need for data denoising; 40% of participants believeg,, 5~ “inspection”, “veri cation”, “review”, “spot check”
that recording and publicizing the hardware and softwarerand(')m sampling ' audt saniiy check",“hancljrated“’
environments, software versions, and libraries used in exhumanin-theloop:’ g @ ! n amrre

. . . ) X expert”, “label correction”, “error
periments is not important. However, without being aware,nalvsis”, “casevy-case”. (3)Criteria for data quality

of and addressing the quality of LLM benchmarks, the rezqqrance by code executiorWe mark a benchmark as
liability and reproducibility of benchmark results remain | gjng code execution checks if it describes validating items

compromised. This observation should be a call to action fOby actually running code or tests, with keywords such as
the research community to strengthen education and awargs o - te/execution”. “run” “compiI,e" “build”. “unit tests”

Y run”,
ness around best practices in benchmark development. « gt suite”, “pass/fail’. (4)Criteria for data quality as-

o ) _ surance by LLM-asjudge: We mark a benchmark as us-
7.3. Criteria on Literature Labeling ing LLM-asjudge if it delegates evaluation or ltering to

Labeling Process Because the literature scanning and an Mmodel as a judge, with phrases like "LEdsarjudge”,
notation (.e., Step 2 in the study work ow) involve manual

“LLM judge”, “model judge”, “[model name] as judge”. (5)
labeling, we summarize the concrete steps we followedrriteria for data contamination check: We mark a bench-
when labeling the 672 benchmarks. Fitatdependent an-

mark as checking for contamination if it explicitly examines
notation by two primary annotators. For each benchmark ©F Mitigates training—test overlap. We rely on terms such
paper, two primary annotators independently: (1) SkimmedS- “data: (iontamlnatlon”, ‘leakage”, “overlap”, “Jaccard
the full paper and then carefully read sections likely to co

"o TR

nSimilarity”, “time-based split”, “cutoff date”, “pos¥YYY”.

tain relevant information (e.g., Dataset/Data, Data Collec(6) Criteria for checking Data deduplication: We mark

tion, Data Curation/Cleaning, Quality Control/Assurance)d€duplication as present if the benchmark explicitly states

(2) Assigned each attribute a label from present, not mefVith cues like: “deduplication”, “delup”, “remove dupli-

tioned. (3) Recorded textual evidence (exact sentences or I6&(€S”; “duplicate removal”, “redundant”, “repetitive. (7)
cations) whenever an attribute was labeled as “present”, stof=/ teria for checking coverage considerations For code

ing all evidence in a shared annotation sheet. Seddad; ~ COverage, we look for mentions of: “coverage”, “test ade-
ict detection and resolution with additional annotators. ~ duacy”, “test strength”, “test suite quality”, "corner case(s)”
After both primary annotators completed their labels, we au®' €lated phrasing.

tomatically identi ed con icts (e.g., one annotator labeled

“has contamination check” as present while the other labele@. Conclusion

it as absent). For each con icted benchmark-attribute pair; )
The two primary annotators rst rehecked the paper and Awareness of benchmark quality has grown. Yet, we ob-

their evidence. If disagreement remained, two additionaP€rved a 1ag between growing awareness and actual practice
annotators joined the discussion to reach a consensus. Bff€r surveying 672 code benchmarks. This position pa-
nally, Finalization and quality control. Only consensus Per argues that code benchmarks should prioritize rigor in
labels were used in our descriptive statistics. We calculate§€nchmark construction, reliability in evaluation, and repro-

inter-annotator agreement using Cohen's kappa; it rangegucibility in release as rst-class objectives; users should
from 0.76 to 0.92 across attributes. actively scrutinize the quality and credibility of the evidence

the benchmark designer provides for each claimed category.
Labeling Criteria : The manual annotatiore(g, determin-  To operationalize this position, we introduce a code bench-
ing whether a paper considers data denoising) follows thenark guidelineHow2BENCH with 55 checklists. We hope
annotation criteria: (193riteriafor CheCking whether data this work serves as both a Warning and a Cata|yst' encourag-
quality assurance is presentWe labeled a benchmark as ing the community to adopt stronger shared standards.
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A. Appendix

The appendix is organized as follows:

» Appendix B lists the checklist items in each benchmark
development phase.

» Appendix C lists all the statistics in the survey.
» Appendix D explains the details of human study.
» Appendix E lists all the benchmarks in focused study.

» Appendix F lists all the surveyed benchmarks in a chrono-
logical order.

» Appendix G shows the completdl ow2BENCH with 55
checklists.
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B. Detailed Guidance in How2BENCH

We present the detailed guidance in each phase.

Figure 3. Guideline for Benchmark Design

Figure 5. Guideline for Benchmark Evaluation

Figure 6. Guideline for Evaluation Analysis

Figure 4. Guideline for Benchmark Construction

Figure 7.Guideline for Benchmark Release
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C. Statistics of studied benchmarks marks. Itis clear that the task Gode Generatioris most
. . . . prevalent, with 235 benchmarks focusing on this area, ac-
In th|s_sect|on, we conducted a comprehensive and detallegording to 34.97% (235/672) of studied benchmarks, in-
statistical analysis of the 572 benchmarks collected. dicating a signi cant interest in generating code automati-
. cally. The second most prevalent is code reasoning 12.64%
C.1. Pro le of Studied Benchmarks (85/672), followed by Program Repair and Defect Detection.

We rst show the trend in the development of benchmarksyhen examining the distribution of coding tasks by year

from 2014 to 2025. As shown in Figure 8, the data showgsee Figure 10), we observe that benchmark growth ac-
a modest beginning, with only a handful of benchmarkscelerated most rapidly in the past two years (2024-2025),
created annua”y until 2017. From 2018 Onwards, there haﬁnth code generation remaining the most frequent|y bench-
ing in a signi cant jump to 210 benchmarks in 2024, and has increased substantially, rising from 19 benchmarks in
316 benchmarks in 2025. This sharp increase indicates 2024 tg 61 in 2025. Benchmarks for program repair have

recent heightened interest and demand for comprehensiv@so nearly doubled over the same period, increasing from
code-related benchmarks for LLMs, re ecting the evolv-25 tg 33.

ing complexities and expanding requirements of automated ) )
software engineering. These trends suggest a growing emphasis on LLMs' reason-

ing capabilities as well as their role in code development and
software maintenance, re ecting an evolving expectation of
model competence beyond surface-level code synthesis.

Figure 8.Benchmark Distribution over Years

Hierarchy of Benchmarks. Figure 59 visualizes the in-

heritance relationships among benchmarks, indicating that

the benchmarks on tHeft serve as sourcefor those on

the right. It highlights thatl8% of benchmarks act as

data sourcescontinuously bene ting the construction of Figure 9. Benchmark Distribution over Tasks
subsequent benchmarks.

Figure 59 reveals thailumanEval (Chen et al., 2021a),

as themost signi cant sourcebenchmark, bene ts at least

15 downstream benchmark$ollowed by MBPP (Austin

et al., 2021) and CodeSearchNet (Husain et al., 2019).
From the right side of the gure, some benchmarks, like
VulBench (Gao et al., 2023b), incorporate methodolo-
gies or data from 4 previous benchmarks, and codeRag-
Bench (Wang et al., 2024f) integrates elements from 8 prior
benchmarks.

This hierarchical structure among benchmarks also alerts
us that thedata quality of a benchmark not only affects Figure 10.Benchmark Distribution over Tasks per Year
its own credibility but can continue to impact otherbit

serves as a source. This underscores the importance of adher

. i Do . rogramming LanguagesFigure 11 shows the distribution
ing to stringent guidelines during benchmark developmenOf benchmarks across various prodramming lanquages. The
and highlights the crucial role @stablishing standard#o prog g )anguages.

ensure the integrity and utility of benchmark data acrossovera” trend in_dicates astrong preference for benchmark-
research and development efforts ing Python, which leads W|th_409 (71.50%) benchma_rks,

' followed by Java and C++, with 229 and 160, respectively.
Coding Task.Regarding theoding tasks Figure 9 illus- The graph also reveals a diverse range of languages being

trates the distribution of various coding tasks across benclused. In total, 67 programming languages are studied by
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these 672 benchmarks. Though some programming lawf benchmarks for different natural languages. The bar
guages, such as Kotlin, Swift, and Scala, are less frequentighart overwhelmingly shows that English is the dominant
exercised, the benchmarks involving them are tailored to diflanguage, with 577 (85.9%) benchmarks highlighting its
ferent application needs and technology environments. Thisibiquity in research and development. Other languages
distribution shows the existing benchmarks are dominatethave signi cantly fewer benchmarks, with 16 in Chinese
by three mainstream programming languages, leaving otheand 15 in Russian. The category labeled “Other” includes
programming languages less studied and benchmarked. 24 benchmarks spread across other natural languages, indi-
cating some diversity but limited attention to non-English
benchmarks. This distribution highlights the prominence of
English in the global research community and also demon-
strates theineven representationf natural languages in
the studied benchmarks.

Figure 13.Benchmark Distribution over Natural Language

Figure 11.Benchmark Distribution over Programming Language
Modals in the benchmarksFigure 14 presents the distri-
bution of benchmarks according to the type of language
used in their prompts. The chart shows that the majority,
at 66.2%, of the benchmarks use a combination of natural
language and programming Language, followed by PL only
(13.7%) and NL only (18.2%).

Figure 12.Benchmark Distribution over Programming Language
per Year

Figure 14.Benchmark Distribution over Modal in Prompt
When analyzed by year (Figure 12), the number of bench-
marks for C/C++ and JavaScript has increased noticeabl@ranularity. The code snippet in a code-related benchmark
between 2024 and 2025. We also observe a sharp rise iraries from statement-level (i.e., one line of code. For exam-
Rust-related benchmarks: although only a few benchmarkple, CoNaLa (Yin et al., 2018) and Math-QA (Amini et al.,
existed for Rust since its release in 2015, 57 benchmark&019)), function-level (i.e., a function unit of code. For ex-
were published in the past two years (27 in 2024 and 2&mple, HumanEval (Chen et al., 2021a) and MBPP (Austin
in 2025). These trends in programming language coveraget al., 2021)), class-level (i.e., a class with multiple function
re ect the evolving demand for LLMs across different lan- units of code. For example, ClassEval (Du et al., 2023)) and
guages, highlighting particularly the growing reliance onproject-level (i.e., a project with multiple classes or modules.
large models to generate, reason about, and maintain cod®r example, DevEval (Li et al., 2024a) and JavaBench (Cao
in these languages. et al., 2024a)).

Natural Language Figure 13 illustrates the distribution Figure 15 illustrates the granularity levels at which bench-
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marks are typically conducted. The chart shows that the
majority of benchmarks, comprisir@5.9%, focus on the
function level Projects constitute 21.5% of the benchmarks.
Class-level granularity is the least represented at only 3.4%.

When analyzed by year, an interesting phenomenon emerges

(Figure 16): between 2024 and 2025, the number of project-

level benchmarks surged, increasing from 35 to 95 r]ev}figure 17.Benchmark Distribution Over Capabilities Considera-

benchmarks. Importantly, these numbers refer to benchn

marks newly introduced in each year, rather than cumulative

totals. This surge indicates a growing community focus on

the real-world applicability and large-scale practical utility descriptions for “ entry-level programmers As we can

of LLMs. see from Figure 18, the prompt requires LLMs /tite
a function to calculate the dogs' yedrsSimply from this
description, an entry-level programmer is unlikely to write
a correct program without knowing the conversion equation
from dogs' year to dogs' age. In other words, this case is
more about assessing whether LLMs have acquired this spe-
ci ¢ knowledge rather than evaluating the most fundamental
programming skills.

Figure 15.Benchmark Distribution over Granularity

Figure 18. An Example of Out-of-capability Case from
MBPP (Austin et al., 2021).

Figure 16.Benchmark Distribution over Granularity per Year
Design of Studied Application ScenariosSimilarly, to
C.2. Statistics about Benchmark Design understand whether benchmark developers scoped the appli-
. ) o cation scenarios of LLMs they aim to evaluate, we carefully
Design of Studied Capabllltle§ To understap.d. whether analyzed 30 representative benchmarks (Appendix E) to
benchmark developers recognize the capabilities of LLMS;ee whether they explicitly specify the application scenarios
they aim to evaluate, we carefully analyzed 30 representgneir henchmarks target. As shown in Figure 19, 76.7%
tive benchmarks (Appendix E) to see if they clearly specifyepresentative benchmarks have clearly speci ed applica-
the capabilities being assessed by their benchmarks. Agyn scenarios (e.g., programming assistant), while the rest
shown in Figure 17, 80% of benchmarks explicitly specify 4o not. Indeed, clearly de ning the application scenarios
the capabilities (e.g., intention understanding, problem solvgqid help benchmark constructors establish precise goals

ing, testing, debugging capabilities)to be evaluated, whilgqy the design and development of the benchmark, ensuring
20% do not. The statistics show that the most highly citedyccyracy in the evaluation.

benchmarks clearly de ne the assessment capabilities.

Furthermore, we investigated the 30 focused benchmarke.3. Statistics about Data Preparation
and identi ed a case (Figure 18) from MBPP (Austin et al.,
e . .3.1. DATA PREPROCESSING
2021) where the case is likely to fall outside of the targetedC 8
capability of the benchmark. In particular, MBPP (Austin Data Deduplication.During benchmark preparation, data
et al., 2021) aims torheasure the ability of these models cleaning and preprocessing are necessary. However, as
to synthesize short Python programs from natural languageshown in Figure 20, onlg2.9% benchmarks have dedu-
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Figure 19. Benchmark Distribution Over Expected Application
Scenario Consideration

plicatedthe collected data. More than half of them didn't

mention this process.
] Figure 22. A Counterexample of Rule 16 from MBPP (Austin
The yearly trend (Figure 21) shows that, although the numet al., 2021).

ber of benchmarks that applied deduplication increased

slightly from 71 in 2024 to 93 in 2025, the total number ) .

of benchmarks in 2025 more than doubled compared t&10S€ benchmarks that do incorporate data quality mea-
2024. As a result, the absolute number of benchmarks thstireS: the majority rely on manual checks, which account
ignored or did not apply deduplication nearly doubled, high-for 45.8%. Other countermeasurements, such as code exe-

lighting a growing risk of duplicated data despite increasedFution: constitute only 1.2%. Additional methods, such as
awareness. using download counts as a basis, are also employed (6.4%)

Figure 20.Benchmark Distribution over Deduplication ) o .
Figure 23. Benchmark Distribution over Quality Assurance

Method

Figure 21.Benchmark Distribution over Deduplication per Year

Figure 24. Benchmark Distribution over Quality Assurance
To investigate the situation, we went through the 30 repreMethod per Year
sentative benchmarks (Listed in Appendix E) and found two
duplicated subjects in MBPP (Austin et al., 2021). TasksExamining the trends by year (Figure 2dhe positive de-
with id 71 and141 examined the same functionality, i.e., velopment is the increasing prevalence of manual quality
“Write a function to sort a list of elemeritscollected from  checks The number of benchmarks with manual check
the same source. guarantees doubled from 84 in 2024 to 193 in 2025, indicat-
ing that a growing share of code benchmarks now undergo

Data Quality Assurance. Ensuring data quality for the S?artial or full human veri cation.

benchmark is essential. However, our statistics (Figure 2
show disappointing resultg6.0% of benchmarks do not Additionally, we dived into the 30 representative bench-
take any measures for data quality assurancédmong  marks (Listed in Appendix E) and identi ed an example
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