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Abstract

The evaluation of Large Language Models
(LLMs) for software engineering has shifted
towards complex, repository-level tasks. How-
ever, existing benchmarks predominantly rely
on coarse-grained pass rates that treat program-
ming proficiency as a monolithic capability, ob-
scuring specific cognitive bottlenecks. Further-
more, the static nature of these benchmarks
renders them vulnerable to data contamination
and performance saturation. To address these
limitations, we introduce CoreCodeBench, a
configurable repository-level benchmark de-
signed to dissect coding capabilities through
atomized tasks. Leveraging our automated
framework, CorePipe, we extract and transform
Python repositories into a comprehensive suite
of tasks that isolate distinct cognitive demands
within identical code contexts. Unlike static
evaluations, CoreCodeBench supports control-
lable difficulty scaling to prevent saturation
and ensures superior data quality. It achieves
a 78.55% validity yield, significantly surpass-
ing the 31.7% retention rate of SWE-bench-
Verified. Extensive experiments with state-of-
the-art LLMs reveal a significant capability
misalignment, evidenced by distinct ranking
shifts across cognitive dimensions. This indi-
cates that coding proficiency is non-monolithic,
as strength in one aspect does not necessarily
translate to others. These findings underscore
the necessity of our fine-grained taxonomy in
diagnosing model deficiencies and offer a sus-
tainable, rigorous framework for evolving code
intelligence. Code of CorePipe framework1

and data of CoreCodeBench are available2.

1 Introduction

The evaluation of Large Language Models (LLMs)
for code has evolved from function-level snip-
pets (Chen et al., 2021; Austin et al., 2021) to com-
plex, repository-level software engineering tasks,

1https://github.com/AGI-Eval-Official/CoreCodeBench
2https://huggingface.co/collections/tubehhh/corecodebench
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Figure 1: Decomposing Code Intelligence. (a) Core-
CodeBench isolates distinct cognitive demands (Dev,
BugFix, TDD) within an identical code context. (b) Per-
formance comparison across these dimensions reveals
significant capability misalignment, highlighting that
coding proficiency is non-monolithic.

including code generation (Yang et al., 2024), pro-
gram repair (OpenAI, 2024) and unit test gener-
ation (Huang et al., 2025). While these pioneer-
ing benchmarks (Zhuo et al., 2025; Hai et al.,
2025; Xu et al., 2025) simulate realistic workflows,
they predominantly rely on coarse-grained pass
rates, thereby treating programming proficiency as
a monolithic capability.

However, this coarse-grained approach obscures
the distinct cognitive demands inherent to differ-
ent engineering scenarios. Real-world software
engineering entails switching between generating
code from intent (Development), reasoning about
logic errors (BugFix), and planning verification
constraints (Test Driven Development, TDD). By
conflating these dimensions under a single metric,
existing benchmarks mask specific cognitive bot-
tlenecks. As illustrated in Figure 1(b), when eval-
uating models on these specialized tasks derived
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from an identical code context, we observe signif-
icant capability misalignment. Contrary to the
expectation of uniform proficiency, models exhibit
distinct ranking shifts across these dimensions. For
instance, Kimi-K2 excels in Development but fal-
ters in BugFix and TDD, with a pass rate disparity
exceeding 35%. This dimensional inconsistency
underscores that coding proficiency is not mono-
lithic—high generative performance does not guar-
antee the grounded reasoning required for robust
software engineering.

Compounding the granularity issue is the static
nature of existing benchmarks, which limits their
longevity and validity. By representing a fixed
snapshot of the past, these benchmarks suffer from
a dual vulnerability: data contamination, stemming
from the memorization of open-source training
data, and performance saturation, as rapidly evolv-
ing LLMs quickly master fixed difficulty levels.
Consequently, the field urgently requires an auto-
mated, scalable pipeline capable of continuously
transforming code contexts into diverse tasks. Such
a framework must support dynamic difficulty scal-
ing to prevent saturation and employ novel transfor-
mations to mitigate memorization, ensuring eval-
uation remains a rigorous, moving target aligned
with the frontiers of code intelligence.

To address these challenges, we introduce CORE-
CODEBENCH, a Configurable Repository-level
Benchmark designed to dissect LLM coding ca-
pabilities through atomized tasks. Leveraging the
novel COREPIPE framework, we automatically
extract and transform 12 diverse Python reposi-
tories into a comprehensive suite of 1,524 eval-
uation tasks. Our approach offers three key ad-
vantages: (1) Multi-dimensional Capability Iso-
lation: By generating six distinct task types on
the same code context, we explicitly quantify per-
formance disparities across distinct cognitive de-
mands, distinguishing between generation, reason-
ing, and planning. (2) Controllable Difficulty: We
dynamically modulate task complexity by manipu-
lating factors such as mask length and dependency
depth, thereby mitigating performance saturation
and ensuring sustainable evaluation. (3) Superior
Data Quality: Our automated pipeline COREPIPE

ensures high reliability without manual interven-
tion. CoreCodeBench achieves a 78.55% validity
yield, significantly surpassing the 31.7% retention
rate of manually filtered benchmarks like SWE-
bench-Verified (OpenAI, 2024). This highlights
our pipeline as a more reliable and scalable ap-

proach to benchmark construction.
To validate our framework, we conduct exten-

sive experiments on a wide range of state-of-the-art
(SoTA) LLMs. Our analysis probes the underlying
nature of code intelligence, revealing a significant
performance misalignment across distinct cognitive
demands. Crucially, the distinct performance rank-
ings observed here compared to other benchmarks
suggest that our taxonomy captures distinct dimen-
sions of capability overlooked by monolithic eval-
uations. Furthermore, we demonstrate the bench-
mark’s sustainable scalability through graded dif-
ficulty levels, verifying that our complexity ad-
justments effectively mitigate performance satura-
tion and maintain rigorous challenges for evolving
models. Finally, the reliability of our automated
pipeline is corroborated by fine-tuning experiments,
where the successful acquisition of capabilities by
smaller models confirms that CoreCodeBench gen-
erates canonical and valid supervision. In summary,
our key contributions are as follows:

• We propose a fine-grained taxonomy that disen-
tangles programming proficiency into different
tasks with distinct cognitive demands, moving
beyond monolithic metrics to diagnose specific
cognitive bottlenecks in LLMs.

• We introduce CoreCodeBench, a contamination-
resilient benchmark constructed via COREPIPE.
Beyond achieving a 78.55% validity yield, it en-
sures sustainable evaluation by dynamically scal-
ing difficulty to mitigate performance saturation.

• We uncover a critical capability misalignment by
systematically analyzing the inter-dependencies
between distinct cognitive demands, thereby elu-
cidating the internal structure of code intelli-
gence and mapping how these dimensions corre-
late and diverge.

2 COREPIPE Framework

To construct CoreCodeBench, we develop
COREPIPE, an automated framework designed to
transform static repositories into dynamic, atom-
ized evaluation tasks. As illustrated in Figure 2, the
framework proceeds through three stages: context
extraction, atomic task generation with cognitive
isolation, and composite task scaling. This pipeline
guarantees rigorous verifiability while enabling
dynamic difficulty scaling.
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Figure 2: Overview of the COREPIPE Framework. (i) Context Extraction builds verifiable Function Call Trees
from unit tests. (ii) Atomic Task Generation isolates cognitive demands (Dev., BugFix, TDD) within identical
contexts. (iii) Composite Task Scaling aggregates atomic tasks into subgraphs, modulating difficulty via Dependency
Depth (d) and Task Quantity (ν) to prevent saturation.

2.1 Repository Context Extraction

We select 12 open-source Python repositories from
PyPI (detailed in Appendix A) based on three rigor-
ous criteria: (1) Activeness: maintained within the
last six months; (2) Test Coverage: test files consti-
tute > 15% of the codebase; and (3) Complexity:
> 5, 000 LOC(Lines of Code) with cross-module
dependencies.

To operationalize these repositories, we es-
tablish a precise mapping between source im-
plementation and unit tests. We employ a hy-
brid approach combining LLM-based structural
analysis with automated rule-based matching to
generate <source, test> pairs. Subsequently,
we perform dynamic tracing using a customized
pycallgraph (Kaszuba, 2016) to construct a Func-
tion Call Tree. This tree structure, where nodes
represent functions and edges represent invocation
dependencies, serves as the backbone for both iden-
tifying core logic and composing complex tasks.

2.2 Atomic Task Generation

We generate atomic tasks by isolating single-
function logic into distinct engineering scenarios.
To ensure resilience against data contamination,
our pipeline applies fine-grained transformations
that alter the code’s surface form and structural
context. This prevents LLMs from simply recalling
exact solutions from pre-training data, compelling
them to reason grounded in the modified context.

Core Code Identification. To ensure evaluation
substance, we filter out trivial utilities and focus
on core functions. We prompt LLMs to identify

semantically central AST blocks, filtering out triv-
ial utilities. Crucially, we modulate the difficulty
of the resulting tasks by varying the mask length
of these blocks. We then validate the centrality of
these blocks by executing unit tests on the masked
code; only functions where masking triggers test
failures are retained, ensuring the missing logic is
essential for correctness. Manual inspection of 50
random samples confirms 100% accuracy in cap-
turing essential logic, validating the reliability of
this automated approach.

Development. We mask the identified core code
blocks and employ GPT-4o (OpenAI, 2024) to gen-
erate structured functional descriptions. Crucially,
our ablation study confirms that model rankings are
consistent across four distinct generator backbones
(Spearman’s ρ = 1.0, see Appendix B). This vali-
dates that our metrics reflect intrinsic model capa-
bilities, independent of generator-specific stylistic
biases. To ensure quality, we introduce Claude-
3.5-Sonnet (Anthropic, 2024b) as a critic model
to provide feedback. The generator refines the
description based on this feedback. Finally, we
apply an Information Gain (IG) filter (detailed in
Appendix C) to discard samples where the gener-
ated explanation fails to provide effective guidance
compared to the code context alone.

BugFix. To evaluate the capability to diagnose
and rectify logic errors, we extend the Development
tasks by replacing the correct implementation with
a buggy version. Unlike simple syntactic perturba-
tions (Liu et al., 2025b) or adversarial injections tar-
geting model blind spots (Ibrahimzada et al., 2025),
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which often lack semantic coherence or human-like
intent, we employ a cascaded logic-implementation
synthesis. Specifically, we prompt advanced mod-
els (e.g., GPT-4o) to design complex logical fal-
lacies (e.g., boundary neglect, state mismanage-
ment), and subsequently leverage smaller models
(e.g., Qwen3-Coder30B) to implement these flawed
designs. This two-stage approach leverages the rea-
soning depth of large models to ensure logical com-
plexity, while utilizing the stochasticity of smaller
models to introduce natural implementation noise.
Consequently, this bypasses the bias of LLMs to
generate bugs, yielding bugs that manifest as real-
istic developer slips rather than artificial artifacts
(more details and case studies in Appendix D).

Test-Driven Development (TDD). TDD task
evaluate the ability to implement logic strictly
based on verification constraints (Mathews and Na-
gappan, 2024; Ahmed et al., 2024). This paradigm
is particularly relevant to modern LLM-assisted
programming workflows, where models must align
generated code with rigid pre-defined tests to en-
sure reliability. We mask the core code blocks iden-
tified previously, while providing the correspond-
ing unit tests as the specification. CorePipe maps
these unit tests to core code via the Function Call
Tree, ensuring that test constraints directly govern
the target implementation. Test passage thus serves
as a reliable proxy for functional correctness, as
verified by a qualitative validation on 10 sampled
solutions, all showing logical equivalence to the
ground truth (Appendix E).

2.3 Composite Task Generation

To bridge the gap between isolated atomic tasks
and real-world engineering, we introduce Compos-
ite Tasks (multi-function problems), which require
models to reason over a subgraph of the function
call tree. The generation proceeds through three
stages.

Subgraph Sampling. Given the global Function
Call Tree G = (V,E) for a repository and con-
figurable hyperparameters Dependency Depth (d)
and Task Quantity (ν), we randomly sample a con-
nected subgraph G′ ⊆ G with |V (G′)| ≤ ν and
depth ≤ d. The Difficult subset removes the upper
bound (ν=∞) and requires |V (G′)| ≥ 3. By ad-
justing d and ν, we create a graded difficulty scale
that prevents performance saturation.

Table 1: Statistics of CoreCodeBench. # Func and #
Lines denote the average number of functions and gold
solution lines, respectively.

Category Task Type # Func # Lines # Prob

Atomic
Development 1.00 17.00 511
BugFix 1.00 38.00 315
TDD 1.00 14.00 278

Composite

Multi-Dev 3.85 53.92 167
Multi-BugFix 2.00 62.34 10
Multi-TDD 4.07 67.30 152

Difficult 4.75 65.66 91

Node Constraints. Each composite category im-
poses constraints on the nodes within G′:
• Multi-Dev: At least one core node is a Devel-

opment task; leaf/auxiliary nodes may become
Empty-Function nodes (signature only), forcing
implementation of supporting logic from scratch.

• Multi-BugFix: All nodes are BugFix tasks. De-
velopment tasks are prohibited, reflecting real-
world debugging sessions.

• Multi-TDD: At least one core node is a TDD
task; remaining nodes are Development or
Empty-Function, simulating test-specification-
aligned collaborative development.

Validity Verification. We first verify that G′

forms a valid call hierarchy where the root’s ex-
ecution trace reaches all leaf nodes, ensuring no
node is isolated from the testing context. For Dev.
and TDD tasks, we further verify that the unit-
test execution trace traverses each Empty-Function
node, ensuring the main task strictly depends on its
implementation and preventing under-specification.
By adjusting d and ν, we create a graded diffi-
culty scale that prevents performance saturation.
Full generation specifications are provided in Ap-
pendix F.

3 CoreCodeBench Dataset

Benchmark Composition. CoreCodeBench
comprises 1,524 problems from 12 Python
repositories. As shown in Table 1, tasks are
categorized into Atomic (single-function) and
Composite (orchestrating interdependent functions
via call-tree subgraphs) levels across Development,
BugFix, and TDD types. Notably, we retain the
Multi-BugFix task despite its limited size (10) to
preserve taxonomic symmetry, acknowledging the
high difficulty of synthesizing valid interdependent
bugs. Additionally, we introduce a Difficult subset
(task quantity ν = ∞) to probe the reasoning
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ceiling of current models. Dataset details, prompts,
and robustness checks are provided in Appendix G,
H, and I.

Evaluation Protocol. We evaluate performance
using unit tests. Crucially, we perform a pre-
generation execution (denoted as retest) on the
initial masked or buggy code before any model
inference. This step verifies that the masking or
bug injection actually causes test failures, discard-
ing tasks where tests still pass.

We employ two metrics: (1) AC@1 (Chen et al.,
2021): The percentage of problems where the gen-
erated solution passes all unit tests. (2) AC Rate:
A fine-grained metric measuring the proportion of
fixed test cases:

AC Rate =
Npass −Nretest
Ntotal −Nretest

, (1)

where Npass is the number of passed tests after
generation, and Nretest is the number of tests that
already pass on the unmodified code. By subtract-
ing Nretest, this metric strictly measures the model’s
contribution to fixing previously failing tests.

4 Experiments

We conduct a comprehensive evaluation to vali-
date the quality of CoreCodeBench and probe the
code intelligence of SoTA LLMs. Our analysis
addresses four research questions:

• RQ1: Does the automated COREPIPE generate
high-quality, reliable evaluation tasks?

• RQ2: Do LLMs exhibit consistent proficiency
across distinct cognitive demands?

• RQ3: Can CoreCodeBench effectively mitigate
performance saturation and sustain challenge
through dynamic complexity modulation?

• RQ4: Does our fine-grained taxonomy capture
dimensions of capability overlooked by existing
monolithic benchmarks?

4.1 Experimental Setups
We evaluate a comprehensive suite of 9 SoTA
LLMs. Our selection includes leading proprietary
models, including GPT-5.2 (OpenAI, 2025),
Claude-4.5-Opus (Anthropic, 2025b), Gemini-3-
Pro (DeepMind, 2025), and Doubao-Seed1.6 (Seed,
2025), as well as high-performance open-weights
models, including Qwen3-Coder-480B-A3B-
Instruct (Qwen, 2025a), GLM-4.6 (Z.ai, 2025),

Table 2: Leaderboard on Atomic Tasks. Rate indicates
AC Rate (%). Best in bold, second underlined.

Type Model Dev. BugFix TDD

AC@1 Rate AC@1 Rate AC@1 Rate

A
PI

Gemini-3-Pro 67.24 87.72 62.77 78.58 73.39 89.33
Claude-4.5 68.26 86.56 51.66 63.25 61.24 83.92
GPT-5.2 57.66 81.80 53.56 70.92 67.35 83.27
Seed-1.6 39.70 69.35 41.57 64.70 37.93 52.90

O
pe

n-
So

ur
ce Kimi-K2 58.95 86.34 29.57 45.63 50.99 79.45

DeepSeek-V3.2 62.06 87.16 41.00 60.83 57.59 83.04
Qwen3-Coder 57.35 83.96 36.46 55.03 54.19 83.96
GLM-4.6 52.56 83.26 42.46 63.68 65.23 87.33
MiniMax-M2 23.12 53.50 18.56 30.84 33.17 61.96

Kimi-K2 (Kimi et al., 2025), MiniMax-M2 (MINI-
MAX, 2025) and DeepSeek V3.2 (DeepSeek-AI
et al., 2025). For brevity, we hereafter refer to these
models using only their family names and versions.
Notably, for the correlation analyses in Section 4.6,
we extend this set with 3 additional LLMs to
enhance statistical reliability. All evaluations are
performed in a zero-shot setting using greedy
decoding, detailed implementation settings is in
Appendix J.

4.2 Reliability of COREPIPE (RQ1)

Human Inspection. We conduct a large-scale
manual inspection on 360 development problems,
covering 360/511 = 70.5% of the single-dev
tasks. Experienced engineers evaluate the prob-
lems based on readability, accuracy, and complete-
ness (criteria detailed in Appendix K). This in-
spection yields a 78.55% qualification rate (with
inter-annotator agreement rate > 95%), signif-
icantly surpassing the 31.7% retention rate of
manually curated benchmarks like SWE-bench-
Verified (OpenAI, 2024). This result confirms
that COREPIPE’s automated mechanisms produces
high-fidelity tasks suitable for reliable evalua-
tion. For users requiring maximum precision,
we also release the manually verified subset as
CoreCodeBench-Dev-Verified. Note that TDD,
BugFix and multi-function tasks are derived deter-
ministically from existing code and tests without
LLM-generated context, ensuring inherent validity
without the need for manual text verification.

Fine-tuning Validation. To further corroborate
that CoreCodeBench provides canonical supervi-
sion, we perform a controlled fine-tuning experi-
ment. We adopt a repository-level split (11 for train-
ing, 1 for testing) to prevent data leakage. We fine-
tune Qwen3-8B (Qwen, 2025b) on the training split
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Table 3: Leaderboard on Composite Tasks. Rate
indicates AC Rate (%). Best in bold, second underlined.

Type Model Dev. BugFix TDD

AC@1 Rate AC@1 Rate AC@1 Rate

A
PI

Gemini-3-Pro 18.44 35.08 0.00 15.99 20.67 42.16
Claude-4.5 16.06 27.09 0.00 13.85 17.80 25.51
GPT-5.2 3.82 9.34 0.00 13.85 13.76 20.34
Seed-1.6 0.30 7.34 0.00 13.85 7.61 20.87

O
pe

n-
So

ur
ce Kimi-K2 8.78 25.06 0.00 2.14 5.63 16.21

DeepSeek-V3.2 15.36 32.48 0.00 13.85 9.98 27.80
Qwen3-Coder 12.80 25.89 0.00 18.66 8.77 21.01
GLM-4.6 6.76 24.77 0.00 15.99 15.91 31.32
MiniMax-M2 0.77 5.30 0.00 0.00 2.49 10.99

and evaluate their performance on the unseen test
repositories. Training details and experiment re-
sults are available in Appendix M. The result yields
significant improvements on 5 metrics across all
three atomic tasks (e.g., Dev. AC@1 increases by
19.15%), confirming that CoreCodeBench serves
as a canonical supervision signal.

4.3 Main Results: Overall Performance
Table 2 reports the performance on atomic tasks,
while Table 3 summarizes the results on compos-
ite tasks. Confidence intervals, results for ad-
ditional LLMs, and per-repository performance
breakdowns are provided in Appendix N.

Atomic Tasks. As shown in Table 2, propri-
etary models establish a clear lead, with Gemini-
3-Pro and Claude-4.5-Opus achieving top-tier per-
formance. While open-source models like GLM-
4.6 and Qwen3-Coder have narrowed the gap in
generation-heavy tasks (Development and TDD),
performance drops significantly on BugFix across
the board. This decline is particularly pronounced
for open-source models, where AC@1 scores often
halve compared to Development. This suggests
that diagnosing logic errors remains a distinct bot-
tleneck compared to generation, a phenomenon we
analyze further in Section 4.4.

Composite Tasks. Table 3 reveals a dramatic in-
crease in difficulty as we move to repo-level com-
posite tasks. Most strikingly, Multi-BugFix proves
to be an extremely formidable challenge, with all
models failing to solve a single instance (0.00%
AC@1), though non-zero AC Rates indicate partial
progress 3.

This collapse is compositional, not per-bug. On
the same atomic bugs in isolation, Gemini-3-Pro

3Note: due to its small sample size of 10 instances, findings
on Multi-BugFix should be interpreted as indicative.
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Figure 4: Quantifying Capability Misalignment via
Inter-task IoU. The generally low IoU values reveal
significant inconsistency between tasks.

achieves a 79.22% pass rate, and we observed cases
where models fixed every constituent bug indepen-
dently yet failed when presented together. An error
at any node in the call chain can invalidate the en-
tire execution path, amplifying individual mistakes
into system-level failures. This brittleness is com-
pounded by a planning deficit observed across all
composite categories: models strictly follow the
prompt’s function ordering rather than reordering
by dependency (e.g., callees before callers).

4.4 Capability Misalignment (RQ2)

Task Correlation Analysis. To quantify the rela-
tionships between different evaluation dimensions,
we analyze the performance alignment across the
six task types. Specifically, we construct perfor-
mance vectors for each task using the AC Rate
scores of all evaluated models. We then calculate
the Pearson correlation coefficient (Pearson, 1896)
between every pair of task vectors, as visualized
in Figure 3. Using AC Rate ensures meaningful
correlation analysis even for challenging tasks like
Multi-BugFix where AC@1 scores are sparse.

Inter-task Consistency. To further probe
whether models possess a unified understanding of
the code context, we analyze the consistency of
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their success across different tasks derived from
the identical function using the Intersection-over-
Union (IoU) metric. For any pair of tasks A and
B, IoU is calculated as: IoU(A,B) = |SA∩SB |

|SA∪SB | ,
where SA and SB denote the sets of instances
solved by the model in task A and B, respectively.

As visualized in Figure 4, the absolute IoU val-
ues reveal a pervasive lack of consistency. Even
for the strongest proprietary models (e.g., Claude-
4.5, Gemini-3-Pro), the overlap is less than 0.7,
implying that in at least 30% of cases, proficiency
is inconsistent across dimensions. The landscape
for open-source models is even more fragmented
and diverse. While Qwen3-Coder maintain mod-
erate consistency between Development and TDD,
their alignment with BugFix is drastically lower
(< 0.2). This variance in IoU distributions con-
firms that different models rely on distinct, often
disjoint capability profiles, lacking a robust, trans-
ferable mental model of the code.

4.5 Mitigating Performance Saturation (RQ3)

A key design goal of CoreCodeBench is to prevent
performance saturation by providing controllable
difficulty gradients. We analyze how model per-
formance scales with two key complexity factors:
code length and dependency scope.

Impact of Mask Length. Figure 5(a) illustrates
the relationship between the length of the masked
core code block (a configurable parameter in
COREPIPE) and model average Pass@1 across
atomic tasks. We observe a consistent negative
correlation: as the mask length increases, the av-
erage AC@1 drops significantly across all tasks.
Notably, BugFix (Red line) exhibits the steepest
decline in long contexts (> 30 lines), falling below
25%. This suggests that while models can manage
short context repairs, their reasoning capability de-
grades rapidly as the search space for logic errors
expands. Crucially, this trend confirms that by ad-
justing the mask length, COREPIPE can effectively
modulate the difficulty of atomic tasks, tailoring
the challenge to match evolving model capabilities.

Impact of Task Quantity (ν). As shown in Fig-
ure 5(b), we further investigate the effect of depen-
dency complexity by scaling the number of interde-
pendent functions (ν) in Multi-Function tasks. Per-
formance degrades sharply as ν increases, reveal-
ing a clear complexity cliff. Notably, Multi-BugFix
(Red line) remains near zero throughout. This is
expected, as simultaneously diagnosing logic er-
rors in just two interdependent functions (ν = 2)
already exceeds the reasoning capacity of current
models; increasing ν further only compounds this
insurmountable challenge. This confirms that ma-
nipulating ν serves as a potent lever to modulate
difficulty, ensuring the benchmark remains chal-
lenging for future models. To push this to the limit,
we construct the CoreCodeBench-Difficult sub-
set by setting ν = ∞ (unbounded task quantity).
As shown in Figure 6, even the strongest models
achieve AC Rates below 40% on this subset. This
explicitly delineates the current ceiling of code in-
telligence, providing a rigorous testbed for driving
future advancements.
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Figure 7: Comparison with Existing Benchmarks. (a) Heatmap shows limited alignment with external benchmarks.
(b) Clustering reveals that CoreCodeBench forms a unique cluster distinct from current benchmarks.

Validity of CoreCodeBench-Difficult. We en-
sure the validity of CoreCodeBench-Difficult
through two complementary checks. Every Dif-
ficult task is built from Ground Truth code that
passes all unit tests, guaranteeing logical solvabil-
ity. We further identify a verified subset of 48 tasks
(52.75%) whose constituent atomic problems all
come from the human-verified CoreCodeBench-
Dev-Verified set. SOTA models achieve consistent
AC Rates on both the full Difficult set and this ver-
ified subset, confirming that low scores reflect task
complexity rather than data quality issues (detailed
analysis in Appendix L).

4.6 External Validity (RQ4)

To position CoreCodeBench within the broader
evaluation ecosystem, we analyze its relationship
with 8 major external benchmarks, ranging from al-
gorithmic puzzles (including HumanEvalPlus (Liu
et al., 2023a), MBPP-Plus (Liu et al., 2023a)
and MultiPL-E (Cassano et al., 2022)) to
repository-level engineering tasks (including SWE-
bench (OpenAI, 2024), BigCodeBench (Zhuo et al.,
2025), LiveCodeBench (Jain et al., 2024) and Full-
StackBench (Cheng et al., 2024)). We compute
the Spearman correlation coefficients (ρ) (Spear-
man, 1961) between the performance rankings of
12 LLMs (the 9 primary models plus 3 extended
ones) across our six tasks and external benchmarks.

Correlation Landscape. The heatmap in Fig-
ure 7a visualizes the pairwise correlations, reveal-
ing the limited coverage of existing benchmarks.
Most external datasets correlate well with only spe-
cific subsets of our tasks, failing to capture the
full spectrum of engineering capabilities. For in-
stance, algorithmic benchmarks align closely with

our TDD tasks, because both paradigms rely on
test-guided generation where models optimize code
to satisfy rigid input-output constraints. In contrast,
repository-level benchmarks exhibit a more mixed
correlation pattern. This indicates that while ex-
isting benchmarks serve as specialized probes for
monolithic proficiency, CoreCodeBench provides
a more granular diagnosis, encompassing dimen-
sions that are often conflated or overlooked.

Structural Uniqueness. The hierarchical clus-
tering dendrogram in Figure 7b further clarifies
this distinction by revealing the latent taxonomy
of the current benchmark landscape. In this visu-
alization, the vertical height of the branches rep-
resents the dissimilarity between tasks; tasks that
merge at lower heights are more strongly corre-
lated. The analysis uncovers a fundamental bifur-
cation into two primary clusters. The traditional
cluster (left) aggregates the majority of existing
benchmarks, and CoreCodeBench forms a distinct
branch (right). This structural separation serves
as strong empirical evidence that CoreCodeBench
introduces a novel evaluation perspective. Rather
than merely replicating existing difficulty levels, it
captures specific dimensions of engineering capa-
bility that differ significantly from the established
evaluation ecosystem.

5 Related Work

Coding Capability of LLMs. LLMs have
achieved remarkable proficiency in coding ca-
pabilities. On HumanEval (Chen et al., 2021),
leading closed-source models like Claude-3.5-
Sonnet (Anthropic, 2024a) and GPT-4o (OpenAI,
2024), as well as open-source DeepSeek-Coder-
V2 (DeepSeek-AI, 2024) and Qwen2.5-Coder (Hui
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et al., 2024), all exceed 88% AC@1. Similar mas-
tery is observed on MBPP (Austin et al., 2021)
with scores surpassing 85%. Beyond function-level
synthesis, the field has transitioned to complex soft-
ware engineering; frontier models such as Claude
4.5 Opus (Anthropic, 2025b), Gemini 3 Pro (Deep-
Mind, 2025) reportedly achieve over 70% resolu-
tion rates on SWE-bench (OpenAI, 2024).

Repository-level Code Benchmarks. Existing
repository-level benchmarks are typically designed
for isolated scenarios, such as code completion (Wu
et al., 2025; Niu et al., 2023), functional code gen-
eration (Hai et al., 2025; Yang et al., 2024; Fu et al.,
2024), multi-stage software development (Li et al.,
2024a), or specialized engineering tasks like code
translation (Wang et al., 2025) and version migra-
tion (Liu et al., 2025a). Their underlying data
is often derived from random masking (Liu et al.,
2023b), automated extraction of GitHub issues and
pull requests (Jimenez et al., 2024; Pan et al., 2024;
Li et al., 2025), or manual curation (Zhuo et al.,
2025; Li et al., 2024b), which renders the evalua-
tion static, difficult to scale, and vulnerable to data
contamination.While recent work explores clos-
ing the data-training loop by iteratively refining
synthetic data based on model weaknesses (Zhang
et al., 2025), the underlying benchmarks them-
selves remain static. Consequently, the field re-
quires a dynamic framework to dissect the mono-
lithic proficiency masked by static evaluations.

6 Conclusion

We introduce CoreCodeBench, a repository-level
benchmark decomposing code intelligence into dis-
tinct cognitive dimensions. Leveraging the auto-
mated COREPIPE, we transform repositories into
1,524 tasks with controllable difficulty and high
quality without reliance on manual curation. Our
extensive evaluation reveals a significant capability
misalignment: models exhibit uneven proficiency
across development, debugging, and planning tasks,
even within the identical code context. This find-
ing challenges the prevailing monolithic view of
coding proficiency, demonstrating that robust soft-
ware engineering requires the synergy of diverse,
often imbalanced capabilities. Furthermore, our
structural analysis confirms that CoreCodeBench
captures evaluation dimensions that differ from ex-
isting algorithmic and repair benchmarks.

Limitations

Despite the automated generation capabilities of
COREPIPE, our framework currently relies on
the presence of high-coverage unit tests within
source repositories. Consequently, repositories
with sparse tests cannot be processed, potentially
biasing the benchmark towards well-maintained
projects. Future work will explore automated test
generation to broaden this scope. Additionally, due
to the stringent constraints required to synthesize
valid interdependent logic errors, the Multi-BugFix
subset contains a limited number of instances (10).
While valuable as a case study for extreme dif-
ficulty, its statistical power for ranking is inher-
ently lower than other categories. Finally, Core-
CodeBench focuses exclusively on Python; extend-
ing support to other languages (e.g., Java, C++) re-
mains a critical direction to evaluate cross-lingual
engineering proficiency.
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Table 4: Repository Information.

Repo Created Time Latest Version Latest Release Time Github Link Total Code Lines Python Files Test Files Test Coverage (%)

transformers 2019/9/26 4.51.3 2025/4/14 /huggingface/transformers 971,687 1,756 712 40.55
langchain 2022/10/25 0.3.25 2025/5/3 /langchain-ai/langchain 68,790 1,329 265 19.94
datachain 2024/6/27 0.16.4 2025/5/1 /iterative/datachain/tree/main 26,777 137 57 41.61
open-iris 2023/12/14 1.5.0 2025/4/22 /worldcoin/open-iris 8,072 76 64 84.21
UniRef 2023/12/26 0.6 2023/12/26 /FoundationVision/UniRef 36,127 152 50 32.89
haystack 2023/11/25 2.13.1 2025/4/24 /deepset-ai/haystack 33,905 211 150 71.09
d3rlpy 2020/7/31 2.8.1 2025/3/2 /takuseno/d3rlpy 23,984 125 45 36.00
inference 2023/8/16 0.48.3 2025/5/6 /roboflow/inference 83,164 640 118 18.44
rdt 2018/8/23 1.16.0 2025/4/11 /sdv-dev/RDT 7,265 31 16 51.61
cloudnetpy 2019/9/13 1.75.0 2025/5/2 /actris-cloudnet/cloudnetpy 23,025 116 49 42.24
skfolio 2023/12/15 0.9.0 2025/4/5 /skfolio/skfolio 29,865 113 71 62.83
finam 2023/2/3 1.0.1 2025/4/23 /finam-ufz/finam 12,592 46 30 65.22

A Source Repository Details

Table 4 summarizes the metadata and statistical
characteristics of the 12 selected repositories. To
ensure the benchmark’s representativeness and
quality, we curated these projects from PyPI4 based
on strict inclusion criteria. As shown in the table,
the selected repositories exhibit significant diver-
sity in domain, test framework (e.g., unittest vs
pytest), and project structure. Despite this het-
erogeneity, COREPIPE successfully parses and pro-
cesses all repositories, demonstrating robust adapt-
ability to varied engineering conventions.

B Robustness of Benchmarking Results to
Generator Selection

We utilize GPT-4o as the primary backbone to gen-
erate structured functional descriptions. To ver-
ify that our evaluation results are not biased by
this choice, we conduct a comprehensive sensi-
tivity analysis using four distinct generator back-
bones: GPT-4o, Claude-3.5-Sonnet, Qwen-Plus-
Latest, and Doubao-Pro-4k. As visualized in Fig-
ure 8, different backbone models exhibit distinct
stylistic characteristics: GPT-4o tends to produce
richer, more granular details (e.g., explicit loop con-
ditions), whereas Claude 3.5 favors conciseness.

Despite this variation in input prompt density,
our quantitative analysis demonstrates that the
benchmark’s discriminative power remains invari-
ant. As illustrated in Figure 9, we evaluate four
representative test models across tasks generated
by each backbone. While absolute pass rates fluc-
tuate slightly due to varying description styles (e.g.,
Claude-3.5 tends to be more concise), the relative
ranking of the test models remains strictly invari-
ant. Specifically, regardless of which model gen-
erated the task, the performance order is consis-
tently: Claude-3.5 > GPT-4o > Doubao-Pro >

4https://pypi.org/

Qwen-Plus-Latest. This yields a perfect Spearman
Rank Correlation Coefficient of ρ = 1.0 across
all generator configurations. This empirical evi-
dence strongly confirms that CORECODEBENCH

provides a stable, generator-agnostic assessment of
coding proficiency.

Furthermore, we evaluate the performance of
different models on development-type tasks using
descriptions generated by different backbones. As
illustrated in Figure 9 the absolute scores of the
models fluctuate due to differences in the descrip-
tion styles. However, the relative ranking of the
models remains largely consistent and is not af-
fected by the choice of the backbone model.

C Information Gain (IG) Filtering
Protocol

To ensure that the generated natural language de-
scriptions in development tasks provide effective
guidance rather than noise, we introduce an Infor-
mation Gain (IG) Score. We define the score for a
given problem as:

IG = AC Rateexp − AC Rateno-exp (2)

where AC Rateexp is the average pass rate of base-
line models (GPT-4o, Claude-3.5, Doubao-pro-4k,
Qwen-plus-latest) when provided with the gener-
ated description, and AC Rateno-exp is the pass rate
when provided only with the masked code context
(i.e., infilling mode).

Filtering Criteria. We retain a problem if it sat-
isfies one of the following conditions:

1. IG > 0: The description positively aids the
model, indicating it contains valid functional
specifications.

2. AC Rateexp = AC Rateno-exp = 0: The problem
is challenging for all baselines regardless of the
description. We retain these as "Hard" instances,
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# Explanation of the functionality of this code segment:
#1. **Purpose**
...
#2. **Logic**
#- Initialize the retry counter `retries` to 0.
#- While the number of retries is within the maximum allowed attempts:
#  - Attempt to parse the input string using the `self.parser.parse()` method.
#  - If parsing succeeds, return the result.
#  - If an `OutputParserException` is raised:
#    - Check whether the maximum number of retries has been reached. If so,   
       raise the exception.
#    - Increment the retry counter by one.
#    - Check whether `self.legacy` and the `retry_chain.run` method exist:
#      - If they exist, call `retry_chain.run()` to retry; 
#      - otherwise, attempt to call `retry_chain.invoke()`.
#        - If the parser has a `get_format_instructions method`, use it; 
#        - if a `NotImplementedError` or `AttributeError` is raised, skip the
           instructions parameter.
#  - Continue parsing with the result returned from the retry.
#3. **Exceptions**
...

# Explanation of the functionality of this code segment:
#1. **Purpose**
...
#2. **Logic**
#- Initialize the retry counter `retries` to 0.
#- Enter a loop with the condition `retries` <= `self.max_retries`:
#  - Call the `self.parser.parse()` method to parse the input string.
#  - If parsing succeeds, immediately return the parsed result.
#  - If a parsing error occurs, catch the `OutputParserException` exception:
#    - Check whether the current retry count `retries` has reached the maximum
       value `self.max_retries`. If so, raise the exception and terminate the
       parsing process.
#    - Otherwise, increment the retry counter: `retries += 1`.
#    - Check whether `self.legacy` is `True` and `retry_chain` has a `run` method:
#       - If so, call the `retry_chain.run()` method, passing in the parameters
         `instructions`, `completion`, and `error` to reconstruct the input
         string and retry.
#    - If the above condition is not satisfied, call `retry_chain.invoke()`method:
#      - If `self.parser` provides a `get_format_instructions()` method, use the
formatting instructions provided by this method to construct new `instructions`.
...

(a) Claude 3.5 (b) GPT-4o

Figure 8: Qualitative comparison of generated descriptions. GPT-4o (b) captures more granular logic details
(highlighted in red) compared to the more concise Claude 3.5 (a). Despite these significant stylistic divergences, our
robustness analysis confirms that model rankings remain stable.
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Figure 9: Generator Sensitivity Analysis. Perfor-
mance heatmap of evaluated models across descriptions
generated by different backbones. While absolute pass
rates fluctuate due to prompt style, the relative ranking
of models remains highly consistent, confirming the
benchmark’s robustness to generator choice.

provided there is no evidence that the descrip-
tion is misleading (i.e., we filter out cases where
AC Rateno-exp > AC Rateexp).

After applying this filter, 48.56% of the generated
candidates are retained.

Ablation Study. As shown in Table 5, we evalu-
ate models on the discarded subset (IG ≤ 0). The
results show compressed performance gaps and ran-
dom fluctuations, confirming that low-IG questions
fail to effectively discriminate model capabilities.

D Qualitative Analysis of Bug Realism

To ensure the generated bugs reflect real-world de-
velopment scenarios rather than artificial noise, we
validate our cascaded logic-implementation synthe-
sis approach.

Table 5: Model Performance on Low-IG Problems.

Model AC Rate AC@1

Gemini-2.5-Pro 98.84 92.52
GPT-5 98.23 92.53
Doubao-Seed-1.6 85.11 71.28
qwen-plus-latest 92.90 82.11

Rationale for Cascaded Synthesis. Directly
prompting advanced models (e.g., GPT-4o) to gen-
erate buggy code often results in resistance to fail-
ure due to RLHF alignment, or yields trivial syntax
errors when forced. By decoupling logical fallacy
design (assigned to advanced models for complex
error planning, including gpt-4o, claude 3.5, etc.)
from implementation (assigned to smaller models,
such as QwenCoder 30B, DeepSeek 16B), we sim-
ulate a realistic scenario: a developer conceptual-
izing a solution but encountering implementation
discrepancies. This two-stage approach leverages
the reasoning depth of large models to ensure logi-
cal complexity, while utilizing the stochasticity of
smaller models to introduce natural implementa-
tion noise (e.g., variable shadowing, boundary over-
sights), thereby maintaining the semantic structure
of the code.

Bug Diversity and Characteristics. Systematic
analysis reveals a diverse distribution of error types
mirroring realistic developer mistakes:

• Boundary Value Errors: Off-by-one errors in
loops or conditional checks (e.g., < vs <=).

• Control Flow Logic: Incorrect nesting, prema-
ture return, or missing termination conditions.

• Variable Misuse: Variable shadowing, state up-
date errors, or incorrect variable references.
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• Exception Handling: Omission of edge case
checks (e.g., None types).

• Algorithm Logic Errors: Logic inversion or
incorrect operator precedence.

This diversity significantly outperforms simple syn-
tactic perturbation baselines in terms of realism and
semantic coherence.

Case Study Comparison. We compare a bug
generated by a direct GPT-4o prompt versus one
by our COREPIPE framework.
Original Correct Code:

size = get_size_dict(size)
shortest_edge = min(size["height"], size["width"
])

output_size = get_resize_output_image_size(
image,
size=shortest_edge,
default_to_square=False,
input_data_format=input_data_format

)

resized_image = resize(
image,
size=output_size,
resample=resample,
data_format=data_format,
input_data_format=input_data_format,
**kwargs,

)

Baseline (GPT-4o Direct Generation): The
model introduces a trivial operator inversion (min
→ max). This represents a superficial error lacking
semantic depth.

# Artificial Error: Simple Operator Flip
shortest_edge = max(size["height"], size["width"
])

COREPIPE Generation (Ours): The cascaded
approach synthesizes a compound error involving
API hallucination (size["shortest_edge"]), pa-
rameter misalignment (is_square), and variable
shadowing. These errors reflect plausible semantic
misunderstandings typical of complex implementa-
tion tasks.

# Realistic Developer Slips: API Misuse, Key
Error, and Variable Shadowing
resized_image = get_resize_output_image_size(
image, size["shortest_edge"], is_square=False,
input_data_format=input_data_format)

# Superfluous Logic
if resized_image[0] > resized_image[1]:

resized_image = resized_image[::-1]

resized_image = resize(image, size=resized_image,
resample=resample, data_format=data_format,
input_data_format=input_data_format)

Finally, consistent with our validity protocols,
all generated buggy codes undergo strict unit test
regression validation. Only code that passes syntax
checks but fails specific functional tests is retained,
ensuring the bugs are executable, non-trivial, and
theoretically repairable.

E TDD Qualitative Validity Analysis

To validate that the unit tests used in TDD tasks pos-
sess sufficient constraining power (i.e., that pass-
ing the tests is a reliable indicator of functional
correctness), we conduct a small-scale qualitative
analysis.

Methodology. We randomly sampled 10 TDD
instances from CoreCodeBench where at least one
evaluated model produced a passing solution. For
each instance, two experienced engineers indepen-
dently compared the model-generated code against
the ground-truth implementation, assessing logi-
cal equivalence across three dimensions: correct-
ness of the primary algorithmic logic, handling of
edge/boundary cases, and adherence to the func-
tion’s specified interface and side effects.

Results. All 10 sampled solutions (100%) were
confirmed to be logically equivalent to the ground
truth. Notably, in 2 out of 10 cases, models adopted
alternative implementation strategies (e.g., differ-
ent loop structures or equivalent mathematical re-
formulations) that differ syntactically from the
original but were confirmed by the reviewers to
strictly satisfy the same functional specification.
This demonstrates that the unit test suites in Core-
CodeBench are sufficiently constraining: they cap-
ture the essential behavioral contract of each func-
tion such that any passing implementation is func-
tionally correct.

This finding supports our use of test-pass rate as
a valid proxy metric for TDD tasks and validates
the quality of the underlying unit tests inherited
from the source repositories.

F Generation Rules for Composite Tasks

The main text (Section 2.3) summarizes the three-
step generation procedure. Here we provide the
complete specification with additional details.

To construct composite tasks that simulate real-
istic engineering workflows, we employ a rigorous
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subgraph sampling and node assignment protocol.
The generation process follows three key steps:

Subgraph Sampling. We first construct the
global Function Call Tree G = (V,E) for each
repository. Given the configurable hyperparame-
ters for task quantity (ν) and dependency depth (d),
we randomly sample a connected subgraph G′ ⊆ G
such that |V (G′)| = ν and the depth of G′ does not
exceed d. Crucially, we verify that G′ remains a
valid call hierarchy where the root node’s execution
trace can reach all leaf nodes, ensuring that no node
is isolated from the testing context.

Node Assignment Rules. Once the subgraph
structure is determined, we assign specific atomic
task types to each node v ∈ V (G′) based on the
composite task category:

• Multi-Dev: All nodes are assigned as Develop-
ment tasks. To simulate dependency implemen-
tation, leaf nodes or auxiliary utilities may be
converted into Empty-Function nodes (signature
only), forcing the model to implement support-
ing logic from scratch.

• Multi-BugFix: All nodes are assigned as BugFix
tasks. We strictly prohibit mixing Development
tasks here, adhering to the real-world principle
that debugging sessions typically focus on rec-
tifying existing logic rather than implementing
new features simultaneously.

• Multi-TDD: At least one node (typically the root
or a core logic node) is assigned as a TDD task
(implementation via test constraints). Remaining
nodes can be Development or Empty-Function
tasks. This hybrid composition simulates a col-
laborative environment where developers must
align new implementations with rigid test speci-
fications while managing dependencies.

Difficult Subset. For the CORECODEBENCH-
Difficult subset (ν = +∞), we enforce a minimum
complexity constraint of n ≥ 3 nodes, ensuring
that the task requires reasoning over a non-trivial
dependency chain.

G Illustrative Examples of Atomic Tasks

Figure 10 visualizes the structure of the four atomic
task types: Development, BugFix, TDD, and
Empty-Function. As shown, all tasks are derived
from the same function context but mask different
components to isolate distinct cognitive demands:

• Development: Masks the function body, provid-
ing a natural language spec.

• BugFix: Provides a complete but logically
flawed implementation.

• TDD: Masks the body but provides unit tests as
the specification.

• Empty-Function: Specialized for composite
tasks, this type strips the body to a bare signa-
ture, serving as a dependency node that must be
implemented synchronously.

Composite tasks (multi-function problems) aggre-
gate these atomic units into a unified prompt format,
maintaining consistency in input/output interfaces.

H Prompts of Evaluation

Below, we present the evaluation prompts used for
each of the six problem types.

H.1 Prompt for Atomic Tasks
Single-Development

Below is a code snippet containing a placeholder
‘<complete code here>‘. Please analyze the
provided context and description of the missing
code to generate the appropriate code block at
‘<complete code here>‘.
Please output the completed code block using
markdown format (‘‘‘python‘‘‘).
**Important**: Ensure the code block you
complete maintains the same indentation as the
context code, meaning you need to preserve the
original code’s indentation. The output must
exactly match the line count and structure of
the input, including preserving empty lines and
comment positions.
Code snippet:
‘‘‘python
{prompt}
‘‘‘
Please output the completed code block using
markdown format (‘‘‘python‘‘‘). Make sure to
preserve the original indentation before and
after the <complete code here> placeholder. And
remember don’t add the signature of the function
into it.

Single-BugFix

In the following code snippet, there is a buggy
code section between ‘<buggy code begin>‘ and ‘<
buggy code end>‘. I’ve provided the
corresponding unit test file and pytest error
messages. Please analyze the given context and
rewrite the erroneous code segment.
Please format the rewritten function block in
markdown (‘‘‘python‘‘‘), including only the
rewritten content between ‘<buggy code begin>‘
and ‘<buggy code end>‘, without including the ‘<
buggy code begin>‘ and ‘<buggy code end>‘ tags.
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DisjunctiveConstraint::update

(1) prefix

(3) suffix

(2) key block

...(another 168 lines)
    def update(self, token_id: int):
        if not isinstance(token_id, int):
            raise TypeError(f"token_id has to be an int, but is {type(token_id)}")
        stepped = False
        completed = False
        reset = False

if self.does_advance(token_id):
    self.fulfilled_idx += 1
    stepped = True
    if self.fulfilled_idx == (self.seqlen - 1):
        completed = True
    self.completed = completed
    else:
        # failed to make progress.
        reset = True
        self.reset()

        return stepped, completed, reset

    def reset(self):
        self.completed = False
        self.fulfilled_idx = 0

    def remaining(self):
        return self.seqlen - (self.fulfilled_idx + 1)

    def copy(self, stateful=False):
        new_constraint = PhrasalConstraint(self.token_ids)

        if stateful:
            new_constraint.seq_len = self.seqlen
            new_constraint.fulfilled_idx = self.fulfilled_idx
            new_constraint.completed = self.completed

        return new_constraint

...(another 321 lines)

TDD

prefix

# Explanation of the functionality of this code segment:
#1. **Purpose**
#The purpose of this code block is to update the internal state of the PhrasalConstraint object.
#2. **Logic**
#- First checks if the incoming token_id allows progress using the self.does_advance(token_id)
method.
#- If progress is possible, increments self.fulfilled_idx by 1 and sets stepped = True.
#- Then checks if the entire sequence has been matched (whether self.fulfilled_idx equals
self.seqlen - 1).
#If completed, sets completed = True and updates self.completed.
#- If progress is not possible (when does_advance returns False), calls self.reset() to reset the
state and sets reset = True.
#3. **Exceptions**
#None
#4. **Variable assignment**
#- self.fulfilled_idx: Incremented by 1 when advancement is possible, indicating current matching
progress.
#- self.completed: Set to True when the entire sequence is matched; otherwise remains unchanged.
#- stepped: Flag indicating whether a step was advanced (True if advanced).
#- completed: Indicates whether the entire sequence has completed matching.
#- reset: Flag indicating whether to reset the matching state (True if advancement fails).
<complete code here>

suffix

prefix

suffix

<buggy code begin>
    def update(self, token_id: int):

if not isinstance(token_id, int):
            raise TypeError(f"`token_id` has to be an `int`, but is {type(token_id)}")
        stepped = False
        completed = False
        reset = False

        if self.does_advance(token_id):
            self.fulfilled_idx += 1
            stepped = True
            if self.fulfilled_idx == (self.seqlen - 1):
                completed = True
            self.completed = completed
        else:
            reset = True
            self.reset()
        return stepped, completed, reset
 <buggy code end>

suffix

prefix

TDD

Development

BugFix

<buggy code begin>
    def update(self, token_id: int):

if not isinstance(token_id, int):
            raise TypeError(f"`token_id` has to be an `int`, but is {type(token_id)}")

        stepped = False
        completed = False
        reset = False

        if self.does_advance(token_id):
            self.fulfilled_idx += 1
            stepped = True
            if self.fulfilled_idx == (self.seqlen - 1):
                completed = True
            self.completed = completed
        else:
            reset = True
            self.reset()
        return stepped, completed, reset
 <buggy code end>

<complete code here>

def rand() -> Func:
    """
    Returns the random integer value.
    Returns:
        Func: A Func object that represents the rand function.
    Example:
        ```py
        dc.mutate(
            rnd=func.random.rand(),
        )
        ```
    Note:
        - Result column will always be of type integer.
     """ 
<complete code here><complete code here>

Empty-Function

Figure 10: Illustration of atomic single-function problems.

**Note**: Please ensure that your completed code
block maintains the indentation of the original
code context.
Code snippet:
‘‘‘python
{new_code}
‘‘‘
Unit test code:
‘‘‘python
{test_code}
‘‘‘
Test error log:
‘‘‘
{log}
‘‘‘

Single-TDD

Below is a code file {file_name} containing a
placeholder ‘<complete code here>‘.Please
analyze the provided file context and unit test
information, and generate appropriate code at
the ‘<complete code here>‘ location. Please
output your completed code block in markdown
format (‘‘‘python‘‘‘). The code block should
only include the code at the ‘<completed code
here>‘ location, without the surrounding context.

**Note**: Please ensure that your completed code
block maintains the indentation of the
surrounding code, meaning you need to preserve
the original code’s indentation.

Code file {file_name} to be completed:
‘‘‘python
{new_code}
‘‘‘
Corresponding unit test:
‘‘‘python
{test_file}
‘‘‘

H.2 Prompts for Composite Tasks

Output Format and Grading Logic for Compos-
ite Tasks To enable multi-function editing, we
enforce a structured output format where models
sequentially implement target functions wrapped in
explicit ID tags (e.g., <id> code </id>). Our eval-
uation harness automatically extracts these tagged
segments, patches them into the original repository
context, and executes the test suite for verification.

Multi-Development

You are a code completion agent, I would provide
you with a snippet of code, and you would need
to return the completed code segment.
the code after <ralated code> is used while
calling the code to be completed.
You need to complete code blocks after <complete
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following code> by predicting the codes after <
complete code here>, <id> label wraps the
position of the code.
Your output should include the <id></id> label,
followed by the completed code snippet enclosed
within triple backticks ‘‘‘, ensuring clarity
and proper formatting.

<related code>
<id>{id}<\id>
{related code}

<complete following code>
<id>{id}<\id>
{function code}

Multi-BugFix

In the following code snippet, the code between
<buggy code begin> and <buggy code end> contains
bugs, <id> label wraps the position of the code.
Please analyze the provided context and rewrite
the faulty code segment.
The code after <related code> is used while
calling the code to be rewritten.
Your output should include the <id></id> label,
followed by the new code snippet enclosed within
triple backticks ‘‘‘, ensuring clarity and
proper formatting.

<related code>
<id>{id}<\id>
{related code}

<complete following code>
<id>{id}<\id>
{function code}

Unit test code:
‘‘‘python
{test_code}
‘‘‘
Summarized execution trace:
‘‘‘
{summarized_log}
‘‘‘

Multi-TDD

You are a code completion agent, I would provide
you with a snippet of code, and you would need
to return the completed code segment.
The code after <ralated code> is used while
calling the code to be completed.
You need to complete code blocks after <complete
following code> by predicting the codes after <
complete code here>, <id> label wraps the
position of the code.
Please analyze the provided file context and the
unit test information of the file, and generate
an appropriate code block at the position
marked <complete code here>.
Your output should include the <id></id> label,
followed by the completed code snippet enclosed
within triple backticks ‘‘‘, ensuring clarity
and proper formatting.
Note: Please ensure that the code block you
provide as a completion matches the indentation

of the surrounding context, i.e., you need to
preserve the original code’s indentation.

<related code>
<id>{id}<\id>
{related code}

<complete following code>
<id>{id}<\id>
{function code}

The unit test information:
{test_codes}

I Evaluation Robustness to Prompt
Variation

I.1 Evaluation Consistency under Prompt
Variations

To investigate the robustness of evaluation re-
sults under prompt variation, we evaluate four
mainstream LLMs using three distinct rephrased
prompts for each task. Table 6 reports the Maxi-
mum Absolute Pairwise Difference (MAPD) across
these variations compared to the model’s 95%
Confidence Interval in CORECODEBENCH. For
the majority of models, the performance variation
(MAPD) is strictly smaller than the inherent statis-
tical uncertainty (Confidence Interval) (Fasy et al.,
2014). This suggests that CORECODEBENCH pro-
vides stable assessments that are robust to surface-
level prompt changes. In the case of GPT-5, slightly
larger fluctuations are observed, which we attribute
to the inherent non-determinism of the model’s API
even at temperature 0, rather than benchmark insta-
bility. Nonetheless, these variations remain within
acceptable bounds for ranking purposes.

I.2 Consistency under Context Length
Variation

CORECODEBENCH also exhibits strong stability
with respect to variations in prompt context size.
As visualized in Figure 11, both AC@1 and AC
Rate exhibit highly scattered distributions across
different prompt lengths, with no discernible trend.
Quantitative analysis using Kendall’s tau correla-
tion coefficient (Stepanov, 2015) confirms this in-
dependence:

• Correlation between Context Size and AC@1:
τ = 0.109 (Negligible)

• Correlation between Context Size and AC Rate:
τ = 0.153 (Negligible)
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Table 6: Model Performance Stability Under Prompt Rephrasing. MAPD means the Maximum Absolute
Pairwise Difference of evaluation results between different prompts. Conf. means 95% Confidence Interval of
evaluation results.

Model
Single-Function Problem Multi-Function Problem

AC Rate AC@1 AC Rate AC@1

MAPD Conf. MAPD Conf. MAPD Conf. MAPD Conf.

Claude-3.7-Sonnet 0.24 2.35 0.27 2.93 3.49 4.09 0.31 3.62
GPT-5 3.97 2.05 3.99 2.83 1.16 4.54 0.61 4.32
Llama3.1-70B 0.80 2.41 0.54 2.54 0.81 3.43 0.31 2.77
Qwen3-Coder 1.88 2.24 1.18 2.95 1.72 3.41 2.44 2.65

These near-zero correlations indicate that the
benchmark’s difficulty is driven by semantic com-
plexity rather than mere token count, ensuring fair
evaluation across varying context windows. This
observation validates our design choice in atomic
task generation, where we explicitly modulate task
difficulty via Mask Length rather than the total
prompt length. It confirms that CORECODEBENCH

concerns reasoning depth, not just the ability to pro-
cess long contexts.
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Figure 11: Relationship between Prompt Length and
Model Performance.

J Implementation Details

J.1 Task Generation Configuration
For the identification of core code blocks, we en-
force a minimum threshold of 10 lines of code
to filter out trivial snippets and ensure sufficient
reasoning complexity. The default mask length is
set to 30 to 50 lines, chosen to match the coding
capabilities of current SOTA LLMs while ensur-
ing appropriate difficulty discrimination. For com-
posite task generation, we configure the subgraph
sampling parameters as follows:

• Standard Setting: ν = 6 (task quantity), d = 3
(dependency depth).

• Difficult Setting: ν = ∞ (unbounded quantity),
d = 3.

The depth constraint (d = 3) is selected to bal-
ance complexity with the typical call-stack depth
observed in real-world engineering.

Impact of Dependency Depth (d). To quantify
how increasing dependency depth affects difficulty,
we compare average AC@All scores across all eval-
uated LLMs for Multi-Dev and Multi-TDD tasks
at d = 2 versus d = 3, as shown in Table 7. Perfor-
mance consistently drops as depth increases, con-
firming that deeper dependency chains significantly
elevate task difficulty by expanding the reasoning
scope.

Table 7: Impact of Dependency Depth on Composite
Task Performance (Average AC@All, %).

Task Type d = 2 d = 3

Multi-Dev 12.9 8.7
Multi-TDD 19.4 2.8

J.2 Model Inference
To ensure reproducibility, we employ greedy de-
coding (temperature = 0, top_p = 1.0) for all
models. For open-weights models, we utilize the
vLLM library (Kwon et al., 2023) for efficient in-
ference. Code blocks are extracted from model
responses using standard Markdown regex patterns.
To mitigate formatting artifacts, we apply heuristic
post-processing, including indentation repair and
function header alignment, maximizing the exe-
cutability of the generated code.

J.3 Execution Environment
All evaluations are conducted within pre-
configured Docker containers to guarantee
isolation and reproducibility. These environments
encapsulate all repository-specific dependencies
and are designed to run on standard CPU instances
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(verified on 4 vCPU, 16GB RAM). To prevent
resource exhaustion, we enforce a strict 120-
second timeout for each test execution. Dockerfiles
and setup scripts will be open-sourced upon
publication.

K Human Annotation

To validate the quality of CORECODEBENCH, we
conduct a rigorous manual inspection on a sampled
subset of tasks.

K.1 Human Annotator

We recruit three professional annotators, all holding
Bachelor’s degrees or higher in Computer Science
or Software Engineering, with a minimum of two
years of Python development experience. Annota-
tors are compensated at competitive market rates
in compliance with local labor regulations. To pre-
vent fatigue-induced errors, the daily workload is
strictly capped at 8 hours.

K.2 Annotation Workflow

The annotation process follows a strict Review-
Verify-Decision protocol. We present detailed man-
ual annotation criteria in Table 14.

K.3 Quality Control

To ensure reliability, we implement a rigorous qual-
ity control mechanism. Specifically, 50% of the
annotated data undergoes cross-verification by a
second annotator or a quality inspector from the
author team. Disagreements are resolved through
consensus meetings. This process yields an Inter-
Annotator Agreement (IAA) rate exceeding 95%,
demonstrating high consistency in our validation
standards.

L CoreCodeBench-Difficult Validity
Analysis

We rule out the concern that the low scores stem
from flawed task construction rather than genuine
reasoning difficulty with two pieces of evidence.

Ground-truth solvability. Every Difficult task
is built by composing functions drawn from real
repositories whose test suites pass against the
ground-truth implementation. This guarantees that
each task has a logically correct solution reachable
by a model with sufficient reasoning capability.

Verified subset comparison. We further identify
a Verified subset of CoreCodeBench-Difficult con-
sisting of 48 tasks (52.75% of the full set) whose
constituent atomic problems all belong to the
human-verified CoreCodeBench-Dev-Verified
set (see Appendix K for verification protocol). If
low scores were caused by noisy or ambiguous
task specifications, we would expect noticeably
higher scores on the Verified subset (where indi-
vidual components have been manually confirmed).
Instead, as shown in Table 8, state-of-the-art mod-
els achieve nearly identical AC Rates on both the
full Difficult set and the Verified subset.

Table 8: AC Rate (%) on CoreCodeBench-Difficult vs.
CoreCodeBench-Difficult-Verified. The close agree-
ment rules out data quality as an explanation for low
scores.

Model Difficult Difficult-Verified

Gemini-3-Pro 36.1 39.6
Kimi-K2 28.4 27.9
Claude-4.5 25.2 26.9

The negligible gap between Difficult and
Difficult-Verified scores (within 3.5 percentage
points across all models) confirms that the bot-
tleneck is task complexity, specifically the need
for long-range context management and multi-step
dependency reasoning, rather than any systematic
defect in task construction.

M Fine-tuning Validation Details

To empirically validate that CoreCodeBench pro-
vides high-quality, canonical supervision, we con-
duct a controlled fine-tuning experiment. This
section details the data distribution, experimental
setup, and analysis of the results.

M.1 Data Statistics and Split

We evaluate the model using a repository-level split
to ensure no cross-project data leakage. Out of
the 12 repositories in CoreCodeBench, we select
skfolio as the held-out test set due to its com-
prehensive coverage of all three atomic task types
(BugFix, Development, and TDD), while the re-
maining 11 repositories are used for training. Ta-
ble 9 provides a summary of the task distribution
across the entire benchmark used in this experi-
ment.
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Table 9: Task distribution for the fine-tuning experi-
ment.

Split BugFix Dev. TDD Total

Training 297 464 222 983 (89.04%)
Test 18 47 56 121 (10.96%)

Total 315 511 278 1104

M.2 Training Methodology and
Hyperparameters

The Supervised Fine-Tuning (SFT) of Qwen3-8B
is conducted using a full-parameter methodology
with the DeepSpeed ZeRO-3 framework. The
configuration ensures the model can handle long-
context repository-level information:

• Optimization: AdamW optimizer with a peak
learning rate of 1.0 × 10−5 and a cosine decay
scheduler.

• Hardware & Precision: Training is performed in
BFloat16 precision. We use a per-device batch
size of 1 with a gradient accumulation factor of
4, resulting in an effective global batch size of
32 across 8 GPUs.

• Sequence Length: The maximum sequence
length is set to 32,768 tokens to accommodate
complex multi-file contexts.

M.3 Fine-tuning Results and Analysis
Table 10 compares the performance of the base
model and the fine-tuned version on the test set.
The results demonstrate a significant performance
leap. In the Development task, the model improves
from 0.00% to 19.15% in AC@1, demonstrating
that the model successfully acquired generalizable
repository-level reasoning capabilities to navigate
the unseen skfolio architecture. Notably, the Bug-
Fix AC Rate nearly doubles (7.78% → 15.58%),
indicating that the model’s generated patches be-
come significantly more aligned with the ground
truth and project constraints. These improvements
on a completely unseen repository confirm that
CoreCodeBench provides a high-quality, canonical
supervision signal that fosters genuine generaliza-
tion in software engineering tasks.

N Confidence Intervals and Results for
Additional LLMs

Tables 11 and 12 provide the detailed evaluation
results and confidence intervals across various cat-
egories and problem types. Notably, we extend our

Table 10: Model Performance before and after SFT.
We report AC@1 and AC Rate (%) for Development,
Bug-Fix, and TDD.

Model Development BugFix TDD

AC@1 Rate AC@1 Rate AC@1 Rate

Qwen3-8B 0.00 49.93 0.00 7.78 16.07 68.00
Qwen3-8B-FineTuned 19.15 59.02 0.00 15.58 21.43 64.51

reporting to include 12 models in these appendices
to increase the number of sample points for the
analysis in Section 4.6, thereby enhancing the sta-
tistical reliability of the ranking consistency results.
The methodology used to compute these intervals
is described below.

N.1 Confidence Interval Computation
For a given metric (e.g., Rate or AC@1) and task
category, we obtain per-instance scores {xr,i}nr

i=1

for each repository r ∈ {1, . . . , R}. To avoid
over-weighting repositories with more instances,
we adopt repo-equal weighting.

Repo-equal mean. We first compute the per-
repository mean

x̄r =
1

nr

nr∑

i=1

xr,i,

and then define the overall mean as the unweighted
average over repositories

µ =
1

R

R∑

r=1

x̄r.

Basic (CLT) 95% CI under repo-equal weight-
ing. For each repository r, we estimate the stan-
dard error (SE) of its mean by

SEr =
sr√
nr

, sr =

√√√√ 1

nr − 1

nr∑

i=1

(xr,i − x̄r)
2.

We then combine repository-level uncertainties
(treating repositories as independent) as

SE =

√√√√ 1

R2

R∑

r=1

SE2
r ,

and report the normal-approximation 95% confi-
dence interval

µ± z0.975 SE,

where z0.975 ≈ 1.96.
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Table 11: Leaderboard on Atomic Tasks. We report AC@1 and Rate (%) with their 95% CI for Overall, Development,
BugFix, and TDD, where CI denotes the 95% confidence interval half-width (margin) shown after the “±”.

Type Model Overall Development BugFix TDD

AC@1 ± CI Rate ± CI AC@1 ± CI Rate ± CI AC@1 ± CI Rate ± CI AC@1 ± CI Rate ± CI

A
PI

Gemini-3-Pro (DeepMind, 2025) 68.03 ± 2.75 85.36 ± 1.83 67.24 ± 4.92 87.72 ± 2.60 62.77 ± 7.61 78.58 ± 5.46 73.39 ± 6.28 89.33 ± 3.68
Claude-4.5-Opus (Anthropic, 2025b) 61.87 ± 2.87 78.54 ± 2.22 68.26 ± 4.73 86.56 ± 2.66 51.66 ± 7.79 63.25 ± 6.81 61.24 ± 6.69 83.92 ± 3.87
GPT-5.2 (OpenAI, 2025) 58.70 ± 2.91 78.70 ± 2.12 57.66 ± 5.16 81.80 ± 3.11 53.56 ± 7.70 70.92 ± 6.41 67.35 ± 6.60 83.27 ± 4.09
Claude-3.7-Sonnet (Anthropic, 2025a) 43.75 ± 2.93 70.01 ± 2.35 52.81 ± 5.20 82.94 ± 3.18 27.90 ± 7.45 45.63 ± 7.38 45.11 ± 12.74 70.30 ± 11.70
Seed-1.6 (Seed, 2025) 39.22 ± 2.88 64.69 ± 2.50 39.70 ± 5.05 69.35 ± 4.09 41.57 ± 8.02 64.70 ± 6.73 37.93 ± 6.51 52.90 ± 5.78
Qwen3-Max-Instruct (Qwen, 2025b) 47.74 ± 2.95 70.95 ± 2.39 58.72 ± 5.14 84.30 ± 3.07 29.54 ± 7.70 41.15 ± 7.59 47.18 ± 12.86 75.80 ± 11.64

O
pe

n-
So

ur
ce

Kimi-K2 (Kimi et al., 2025) 47.83 ± 2.95 73.47 ± 2.27 58.95 ± 5.04 86.34 ± 2.67 29.57 ± 5.86 45.63 ± 6.49 50.99 ± 6.77 79.45 ± 4.00
Deepseek-V3.2 (DeepSeek-AI et al., 2025) 53.89 ± 2.94 79.08 ± 2.03 62.06 ± 5.09 87.16 ± 2.58 41.00 ± 7.60 60.83 ± 6.99 57.59 ± 6.70 83.04 ± 4.01
Qwen3-Coder-480B-A3B-Instruct (Qwen, 2025a) 50.45 ± 2.95 76.77 ± 2.12 57.35 ± 5.21 83.96 ± 3.20 36.46 ± 7.66 55.03 ± 7.05 54.19 ± 6.80 83.96 ± 3.57
GLM-4.6 (Z.ai, 2025) 51.63 ± 2.95 78.94 ± 2.01 52.56 ± 5.24 83.26 ± 3.18 42.46 ± 7.84 63.68 ± 6.83 65.23 ± 6.49 87.33 ± 3.20
Minimax-M2 (MINIMAX, 2025) 22.01 ± 2.45 46.40 ± 2.64 23.12 ± 4.35 53.50 ± 4.60 18.56 ± 5.66 30.84 ± 6.63 33.17 ± 5.67 61.96 ± 5.17
Llama-3.1 (Meta, 2024) 24.64 ± 2.54 58.09 ± 2.46 33.40 ± 5.20 69.15 ± 3.82 17.37 ± 6.37 33.19 ± 6.79 32.25 ± 12.69 69.51 ± 11.57

Table 12: Leaderboard on Composite Tasks. We report AC@1 and Rate (%) with their 95% CI, where CI denotes
the 95% confidence interval half-width (margin) shown after the “±”.

Type Model Overall Development BugFix TDD

AC@1 ± CI Rate ± CI AC@1 ± CI Rate ± CI AC@1 ± CI Rate ± CI AC@1 ± CI Rate ± CI

A
PI

Gemini-3-Pro (DeepMind, 2025) 20.73 ± 4.39 40.30 ± 4.55 18.45 ± 5.91 35.08 ± 6.69 0.00 ± 0.00 15.99 ± 16.62 20.67 ± 7.31 42.16 ± 8.03
Claude-4.5-Opus (Anthropic, 2025b) 16.46 ± 4.02 26.83 ± 4.21 16.06 ± 6.90 27.09 ± 6.96 0.00 ± 0.00 13.85 ± 15.08 17.80 ± 5.10 25.51 ± 5.26
GPT-5.2 (OpenAI, 2025) 9.15 ± 3.12 16.15 ± 3.56 3.82 ± 3.53 9.34 ± 4.45 0.00 ± 0.00 13.85 ± 15.08 13.76 ± 6.19 20.34 ± 6.52
Claude-3.7-Sonnet (Anthropic, 2025a) 12.80 ± 3.62 29.83 ± 4.09 13.21 ± 5.92 29.23 ± 6.62 0.00 ± 0.00 16.99 ± 16.48 12.16 ± 5.72 28.93 ± 7.14
Seed-1.6 (Seed, 2025) 4.88 ± 2.33 15.30 ± 3.24 0.30 ± 0.58 7.34 ± 4.05 0.00 ± 0.00 13.85 ± 15.08 7.61 ± 4.59 20.87 ± 6.70
Qwen3-Max-Instruct (Qwen, 2025b) 10.37 ± 3.30 28.92 ± 3.97 6.01 ± 4.31 23.93 ± 5.81 0.00 ± 0.00 15.99 ± 16.62 13.83 ± 6.25 31.75 ± 7.02

O
pe

n-
So

ur
ce

Kimi-K2 (Kimi et al., 2025) 8.84 ± 3.08 22.88 ± 3.76 8.78 ± 4.61 25.06 ± 6.61 0.00 ± 0.00 2.14 ± 7.00 5.63 ± 3.75 16.21 ± 5.21
Deepseek-V3.2 (DeepSeek-AI et al., 2025) 14.02 ± 3.76 31.68 ± 4.11 15.36 ± 5.93 32.48 ± 7.31 0.00 ± 0.00 13.85 ± 15.08 9.98 ± 4.90 27.80 ± 6.21
Qwen3-Coder-480B-A3B-Instruct (Qwen, 2025a) 9.45 ± 3.17 21.30 ± 3.68 12.80 ± 6.00 25.89 ± 6.26 0.00 ± 0.00 18.66 ± 15.74 8.77 ± 4.35 21.01 ± 6.50
GLM-4.6 (Z.ai, 2025) 11.89 ± 3.51 27.45 ± 4.02 6.76 ± 4.13 24.77 ± 5.82 0.00 ± 0.00 15.99 ± 16.62 15.91 ± 6.56 31.32 ± 6.94
Minimax-M2 (MINIMAX, 2025) 2.13 ± 1.57 8.76 ± 2.54 0.77 ± 1.51 5.30 ± 2.94 0.00 ± 0.00 0.00 ± 0.00 2.49 ± 2.17 10.99 ± 4.33
Llama-3.1 (Meta, 2024) 6.10 ± 2.59 18.98 ± 3.34 5.28 ± 3.67 18.67 ± 4.79 0.00 ± 0.00 17.66 ± 15.88 6.24 ± 4.19 16.21 ± 4.95

N.2 Per-Repository Performance Breakdown

To assess whether model performance is con-
sistent across repositories of varying domains
and complexity, we report the Development AC
Rate (%) per repository for all 12 evaluated
models (Table 13). Performance varies substan-
tially across repositories—repositories such as rdt
and open-iris with higher test coverage tend
to yield more reliable and discriminative evalua-
tion, while larger, more diverse codebases (e.g.,
transformers, inference) produce more vari-
able scores. Crucially, the relative ranking of
models is stable across repositories (Spearman’s
ρ ≥ 0.85 in pairwise comparisons), confirming that
CoreCodeBench’s aggregate scores are representa-
tive rather than artifact of any specific repository.

O Full Prompts for COREPIPE

O.1 Prompts of Repository Preprocessing

We employ Claude3.5 to analyze the file structure
of each repository and automatically identify the
main test directories and the source code directo-

ries. The prompt used is shown below:

Below is the file tree of a code repository:
{file_structure}

Please analyze the given file names and paths to
identify the corresponding relationships
between source code and test files (paying
special attention to paths containing /test/, /
unit/, or /unittest/), and provide the output in
JSON format. Note that the correspondence must
be based on root path relationships (for example,
if both transformers/test/repo/ and
transformers/test/utils/ exist, select
transformers/test/). If specific unit tests
exist, the relationship should be detailed to
the unit test folder (such as unit), and the
correspondence can tolerate some missing files
as long as the files generally correspond. If
there are no similar corresponding relationships,
please output an empty JSON object.

Example Input:
‘‘‘
- mlflow/gateway.py
- mlflow/gateway/providers.py
- mlflow/gateway/schemas.py
- mlflow/gemini.py
- mlflow/groq.py
- tests/test_gateway.py
- tests/gateway/test_providers.py
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Table 13: Per-Repository Development AC Rate (%). Models are the same 12 as in Table 11. Repos are sorted by
test coverage (Table 4). Scores are AC Rate (%); higher is better.

Model tfmrs lchain dchain iris UniRef hstack d3rlpy infer. rdt cldnet skflio finam

Gemini-3-Pro 92.49 92.41 90.16 89.29 96.84 83.73 92.45 91.65 97.59 75.84 79.87 76.97
Claude-4.5-Opus 88.64 93.45 84.54 85.26 96.54 84.63 69.17 89.12 96.47 70.39 76.73 75.82
GPT-5.2 84.95 90.10 90.78 88.07 100.00 81.70 94.06 92.77 97.31 73.30 82.44 71.15
Claude-3.7-Sonnet 88.64 93.45 84.54 85.26 96.54 84.63 69.17 89.12 96.47 70.39 76.73 75.82
Qwen3-Max-Instruct 85.73 88.32 84.54 83.42 86.11 85.19 86.88 84.47 94.81 65.22 85.10 80.30
Kimi-K2 84.37 64.62 80.49 64.65 76.30 78.06 92.58 83.39 87.08 65.08 87.97 79.05
DeepSeek-V3.2 87.11 91.67 75.48 73.90 92.52 81.74 88.40 89.85 97.32 62.74 79.54 74.73
Qwen3-Coder 85.73 88.32 84.54 83.42 86.11 85.19 86.88 84.47 94.81 65.22 85.10 80.30
Seed-1.6 80.87 78.89 70.74 77.77 77.49 69.15 31.24 66.86 82.31 65.85 68.23 39.46
GLM-4.6 82.84 90.14 86.90 84.28 94.01 85.88 67.18 89.62 93.57 68.57 71.72 77.12
MiniMax-M2 70.79 35.53 75.48 65.64 67.22 66.16 63.25 68.23 91.69 47.47 68.11 55.96
Llama-3.1 66.21 64.96 78.59 68.05 68.71 50.20 54.33 74.34 89.40 67.15 75.76 75.93

Mean 84.86 81.08 82.32 79.59 86.62 79.36 74.63 83.66 93.69 66.43 78.11 73.02
Std 6.99 16.27 6.28 8.81 11.15 10.43 18.44 9.73 4.42 7.58 6.82 11.71

- tests/gateway/test_schemas.py
- mlflow/core/pipeline.py
- mlflow/core/pipeline/graph.py
- core_tests/pipeline.py
- core_tests/pipeline/graph.py
‘‘‘
Example Output:
‘‘‘
{

"repo_name": "mlflow",
"testcase_dir_mapping":{

"mlflow/": "tests/",
"mlflow/core/": "core_tests/",

},
}
‘‘‘

Note that after obtaining the mapping, perform a
check to merge paths for repeated occurrences
of upper-level directories; remove paths for non
-core code segments (such as cli, community,
_sdk, _cli/, etc.); and merge paths in cases
where possible. For example:
‘‘‘
{

"repo_name": "langchain",
"testcase_dir_mapping": {

"libs/cli/langchain_cli/": "libs/cli/
tests/unit_tests/",

"libs/community/langchain_community/": "
libs/community/tests/unit_tests/",

"libs/core/langchain_core/": "libs/core/
tests/unit_tests/",

"libs/langchain/langchain/": "libs/
langchain/tests/unit_tests/",

"libs/partners/anthropic/
langchain_anthropic/": "libs/partners/anthropic/
tests/unit_tests/",

"libs/partners/chroma/langchain_chroma
/": "libs/partners/chroma/tests/unit_tests/",

"libs/partners/exa/langchain_exa/": "
libs/partners/exa/tests/unit_tests/",

"src/transformers/": "tests/",
"src/transformers/models/": "tests/

models/",
"src/transformers/benchmark/": "tests/

benchmark/",
"inference_sdk/": "tests/inference_sdk/

unit_tests/",

"inference/core/": "tests/inference/
unit_tests/core/",

"inference/enterprise/": "tests/
inference/unit_tests/enterprise/",

"inference/models/": "tests/inference/
unit_tests/models/",

"inference/core/workflows/": "tests/
workflows/unit_tests/"

}
}
‘‘‘
No explanations are needed, just output in JSON
format and using ‘‘‘ ‘‘‘.
‘‘‘
{

"repo_name": "langchain",
"testcase_dir_mapping": {

"libs/core/langchain_core/": "libs/core/
tests/unit_tests/",

"libs/langchain/langchain/": "libs/
langchain/tests/unit_tests/",

"src/transformers/": "tests/",
"inference/": "tests/inference/

unit_tests/"
}

}
‘‘‘

Our approach supports cases with multiple root di-
rectories, such as repositories such as langchain,
which contain both source code and embedded
packages (e.g., langchain and langchain_core).

After determining the main test and source direc-
tories, we traverse all files within these directories
to establish fine-grained mappings between individ-
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ual test files and their corresponding source files.
Once valid mappings are identified, we execute the
test files in the environment to verify their usability.
Additionally, we record the number of test cases in
each test file, which is later used to calculate the
AC Rate.

We also use Claude-3.7-Sonnet to choose core
code for the target function, requiring it to contain
key functionality, external calls, algorithms, or core
logic. Code consisting only of simple assignments
or mechanical processing is excluded. Prompts for
core code selection is shown below:

The definition of key code blocks is as follows:
- Code sections that implement the main
functionality of the function and directly
determine whether the function can achieve its
intended goal;
- Code sections whose execution efficiency
significantly impacts the function’s performance.

Based on the code of function {func}, identify
the key code blocks within block {recur}, and
output the block_ids of its sub-key code blocks.
The total number of lines in the selected code
blocks should not exceed 60 lines, so please
select carefully to ensure the most important
parts are chosen.

Output format:
If you select multiple **consecutive** blocks,
please output a list of block_ids:
‘‘‘python
blocks = ["blockid1", "blockid2", ...]
‘‘‘
If the function is relatively simple and only
contains initialization or return statements, it
means there are no key code blocks. In this
case, please output:
‘‘‘python
blocks = None
‘‘‘
Do not include additional comments in the code
section; only output the blockid(s).

Please select key code blocks from the sub-
blocks of the {recur} code block.

Function code:
{code[’func_code’]}

Function block information:
{code[’block_info’]}

To validate the capability of LLMs to select core
code, we randomly sample 50 generated problems
for manual inspection and find that all samples
(100%) meets our standards for core code selection,
demonstrating the accuracy and dependability of
our process.

O.2 Prompts for Single-Dev. Generation

Prompt for Explanation Generation

Please analyze the provided code block based on
its context, and output its functionality using
concise language in the given format (do not
include extra content):
1. **Purpose**

Describe the main goal of the code block and
its role within the entire program. Specifically,
what is its responsibility within the current
function?
2. **Logic**

Elaborate on the core logic and operational
process of the code block. For all conditional
branches (if statements), explain them one by
one.

If complex variable updates are involved, use
Markdown format for formulas to represent these
mathematical calculations.
If variables from previous sections of the

code block are used, try to describe using their
variable names, enclosing them in backticks.
Functions should be enclosed in backticks as
well, and can be in the form ‘function_name(
arguments)‘ or ‘function_name‘, without causing
ambiguity such as ‘function_name()‘ which might
lead to misunderstanding.
3. **Exceptions**

If the code block under analysis throws
exceptions, explain its exceptional cases and
types. If no exceptions are thrown within the
code block, state "None."
4. **Variable Assignments**

Given the variable list, provide the specific
significance and role of the computed variable
in the code block in list form.

If any variables are incorrectly identified
or unused in subsequent sections of code, these
can be directly removed.

If the variable list is missing any modified
variable (such as ‘self.blockid_list.append(
block)‘), please add it to the list.

Variable list: {variable_list}

### Sample Output:
1. **Purpose**

Parse the target string to extract key
information. The target string is in the format
‘blocks = ["blockid1", "blockid2", ...]‘. This
code block extracts all valid blockids,
generating a new list of strings.
2. **Logic**

Uses regular expressions (re library) to
extract blockid list from the target string,
then iterates the list, verifies each blockid’s
existence in the database, and stores them
converted to integer type in a new list.
3. **Exceptions**

- ‘ValueError‘: If the target string has an
incorrect format, making it unable to extract a
valid blockid list, this exception is thrown.
4. **Variable Assignments**

- ‘self.blockid_list‘: Stores extracted and
validated blockids

### Code Block to be Analyzed:
{key_block}
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### Contextual Information of Code Block:
{class_code}

Prompt for Refinement

The code reviewers found the generated code
explanation has the following issues:
{response}

Please modify the current code explanation based
on the content of the code block and the
reviewers’ suggestions, and output it according
to the specified format, **do not include extra
content**.
### Code Block to be Analyzed:
{key_block}

### Current Code Explanation:
{explanation}

### Output Requirements:
1. **Purpose**

Describe the main goal of the code block and
its role within the entire program. Specifically,
what is its responsibility within the current
function?
2. **Logic**

Elaborate on the core logic and operational
process of the code block. For all conditional
branches (if statements), explain them one by
one.

If complex variable updates are involved, use
Markdown format for formulas to represent these
mathematical calculations.

If variables from previous sections of the
code block are used, try to describe using their
variable names, enclosing them in backticks.
3. **Exceptions**

If the analyzed code block throws exceptions
(using ‘raise‘ statements, excluding ‘except‘
statements), explain its exceptional cases and
types. If no exceptions are thrown within the
code block, state "None."
4. **Variable Assignments**

Using the provided variable list, describe
the specific significance and role of the
computed variable in the code block in list form.

If there are any erroneously identified
variables (e.g., those not used later in the
code), you may directly remove these. If the
variable list is missing any modified variable (
such as ‘self.blockid_list.append(block)‘),
please add it to the list.

### Sample Output:
1. **Purpose**

Parse the target string to extract key
information. The target string format is ‘blocks
= ["blockid1", "blockid2", ...]‘. This code
block extracts all valid blockids and generates
a new list of strings.
2. **Logic**

Uses regular expressions (re library) to
extract blockid list from the target string,
then iterates the list, verifies each blockid’s
existence in the database, and stores them
converted to integer type in a new list.
3. **Exceptions**

- ‘ValueError‘: If the target string has an
incorrect format making it impossible to extract
a valid blockid list, this exception is thrown.
4. **Variable Assignments**

- ‘self.blockid_list‘: Stores extracted and
validated blockids.
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Annotation Criteria

The evaluation consists of three aspects: Readability, Accuracy, and Completeness. Each aspect is
scored on a three-level scale:

• 0 points: Unusable, with obvious flaws.

• 1 point: Minor flaws.

• 2 points: Perfect, no flaws.

Problems with a total score of 5 or higher across the three aspects are considered qualified.

1. Readability Comments should be clear, concise, and easy to understand, enabling developers
to quickly grasp the code’s functionality and purpose.

• Comments are clear and easily readable by software engineers.

• Sentences are fluent, with no typographical errors.

• Formatting complies with Markdown standards.

• Comments express the code’s functionality or requirements accurately using minimal word-
ing, avoiding verbosity while ensuring clarity.

2. Accuracy Comments must faithfully reflect the behavior of the code, ensuring that the
functionality implemented based on the comments matches the actual code behavior.

• Comments accurately describe the code’s functionality, and the described logic matches the
original code implementation.

• Important functional functions that need to be used are clearly indicated.

• Important variables that are modified (including class member variables) are listed accurately,
with clear explanations.

• Utility function selection is correct; incorrect selection results in 0 points.

• Exception handling is correctly identified.

3. Completeness Comments should cover all critical aspects of the code, especially inputs,
outputs, data structures, algorithms, and edge cases, without omitting any key content that affects
correct understanding.

• Comments cover all key aspects of the code, without missing important context (such as
inputs, outputs, data structures, algorithms, edge cases).

• Comments are directly related to the code’s functionality and do not contain irrelevant or
redundant information.

• Comments do not omit any branch logic or other elements that may affect correct understand-
ing; omissions that lead to missing functionality are considered completeness issues.

Table 14: Human Annotation Criteria.

26067


