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Abstract

Beyond scratch coding, exploiting large-scale code reposito-
ries (e.g., GitHub) for practical tasks is vital in real-world
software development, yet current benchmarks rarely eval-
uate code agents in such authentic, workflow-driven sce-
narios. To bridge this gap, we introduce GitTaskBench, a
benchmark designed to systematically assess this capabil-
ity via 54 realistic tasks across 7 modalities and 7 domains.
Each task pairs a relevant repository with an automated,
human-curated evaluation harness specifying practical suc-
cess criteria. Beyond measuring execution and task success,
we also propose the alpha-value metric to quantify the eco-
nomic benefit of agent performance, which integrates task
success rates, token cost, and average developer salaries. Ex-
periments across three state-of-the-art agent frameworks with
multiple advanced LLMs show that leveraging code repos-
itories for complex task solving remains challenging: even
the best-performing system, OpenHands+Claude 3.7, solves
only 48.15 % of tasks. Error analysis attributes over half of
failures to seemingly mundane yet critical steps like envi-
ronment setup and dependency resolution, highlighting the
need for more robust workflow management and increased
timeout preparedness. By releasing GitTaskBench, we aim
to drive progress and attention toward repository-aware code
reasoning, execution, and deployment—moving agents closer
to solving complex, end-to-end real-world tasks.
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Introduction

In just two years, fueled by the transformative progress of
large language model (LLM) agents, an increasing number
of code benchmarks have reached saturation (Chen et al.
2021; Austin et al. 2021a; Hendrycks et al. 2021; Lu et al.
2021). However, most early code-agent works and bench-
marks target isolated, static problems, such as algorith-
mic tests (Hendrycks et al. 2021; Li et al. 2022; Zheng et al.
2025), code completion at the function (Chen et al. 2021;
Austin et al. 2021a; Lai et al. 2023), class (Du et al. 2023),
or repository level (Liu, Xu, and McAuley 2023; Ding et al.
2023), program synthesis (Austin et al. 2021b), and program
repair (Jimenez et al. 2023)—failing to assess agents’ ca-
pacity in real-world problem solving.

Recent efforts have begun to develop more practical, com-
prehensive benchmarks. Some works still focus on code gen-
eration, requiring agents to produce increasingly complex
code, even generating entire repositories from scratch (Yu
et al. 2024; Ihle 2025; Chan et al. 2025; Miserendino et al.
2025; Starace et al. 2025). However, such a heavy burden
remains prohibitively difficult for most current agent sys-
tems (Li et al. 2024; Starace et al. 2025). Moreover, fo-
cusing solely on code generation overlooks the broader
scope of real-world developer practice (Masood 2024),
and provides diminishing insight into agent capabili-
ties (Gao et al. 2024). Another line of work rethinks eval-
uation paradigms (Ishibashi and Nishimura 2024) by inte-
grating code generation with external tools or API calls (Li
et al. 2023; Wang et al. 2024; Ye et al. 2024; Zhuo et al.
2024; Tang et al. 2025; Dong et al. 2025), thus easing the
generation burden but still sidestepping the harder challenge
of understanding and repurposing the full repositories.

However, real-world programmers usually exploit open-
source libraries to tackle diverse real-world tasks with-



out reinventing “the wheel”. Current GitHub has 28 mil-
lion repositories and 190 million public projects to be ex-
ploited. Previous code-agent benchmarks ignore the abil-
ity of autonomous environment setup and leveraging
open-source repositories for solving complex, end-to-end
tasks, which is a more user-centric setting in practical soft-
ware engineering (Lyu et al. 2023; Tang et al. 2023; Wang
et al. 2025a).

To this end, we design and develop GitTaskBench (Git-
TaskBench 2025), which systematically evaluates how
well agents leverage code repositories to automatically
solve real-world tasks end-to-end in realistic scenarios,
focusing on the following three key dimensions:

* Overall coding mastery: Navigating extensive documen-
tation, understanding code dependencies, and dynami-
cally generating, modifying, or debugging code.

Task-oriented execution: Efficiently comprehending user
intent, completing tasks via multi-turn reasoning and ap-
propriate tool usage. All generated code is task-focused.

Autonomous environment provisioning: Independently
managing environment setup and dependency resolution
in the sandbox without pre-built support.

The construction of GitTaskBench follows a rigorous
four-step process: task and repository selection, complete-
ness verification, execution framework design, and evalu-
ation framework development, each performed by humans
and some assisted by LLMs. The resulting benchmark cov-
ers 54 real-life, multimodal tasks across 7 domains and 24
subdomains, going far beyond the technically narrow scope
of traditional machine learning tasks (Liu et al. 2018; Tang
et al. 2023; Chan et al. 2025). Each task comes with human-
designed, automated evaluation scripts that assess both exe-
cution completion and task pass by practical success criteria.

Beyond these core metrics, we further introduce the alpha
metric, which jointly considers cost and effectiveness.
Previous work has rarely analyzed or quantified the tangi-
ble benefits of agent applications, especially in multimodal
scenarios (Yang et al. 2024; Maslej et al. 2025; Chen et al.
2025). Our alpha metric integrates task completion quality,
agent token usage, and market-rate human labor costs into
a unified framework, enabling direct, interpretable compar-
isons between agent and human efficiency.

Experiments are conducted on multiple code agents with
advanced LLMs, and the results show the following find-
ings: (1) Complex repository-centric tasks remain challeng-
ing, with the top success rate of only 48.15% (OpenHands,
Claude3.7). (2) Replacing humans with agents is not always
cost-effective; evaluating cost-efficiency is key for practical
application. (3) Agents excel in purely textual tasks versus
multimodal ones. (4) Better environment configuration and
dependency management in the experimental workflow are
crucial for accelerating real-world code agent deployment.

Our main contributions are summarized as follows:

1. We present GitTaskBench, the first open-source bench-
mark that tests agents on solving real-world com-
plex tasks by leveraging open-source repositories in
a human-like manner, encompassing 54 tasks drawn
from 18 GitHub projects across 7 modalities.
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. Each task includes hand-crafted test scripts and cor-
responding practical success criteria to enable rigor-
ous and automated evaluation.

. We propose a novel domain-specific “alpha value” for-
mula to quantitatively assess agent economic benefits,
providing actionable insights for agent deployment.

. We benchmark state-of-the-art agent frameworks with
both open- and closed-source LLMs, perform hyperpa-
rameter sensitivity analysis, and conduct a detailed error
analysis to highlight the remaining challenges.

Related Work

Existing code-agent benchmarks can broadly be divided into
two categories: code-generation- and task-solving-centric.

In the first category, benchmarks evaluate code genera-
tion tasks of increasing complexity and granularity (Chen
et al. 2021; Austin et al. 2021a; Du et al. 2023; Austin
et al. 2021b; Hendrycks et al. 2021; Li et al. 2022; Liu,
Xu, and McAuley 2023; Ding et al. 2023). More recently,
more challenging benchmarks like SWE-Bench (Jimenez
et al. 2023) have targeted resolving repo-level issues, SWE-
Lancer (Miserendino et al. 2025) expands into real-world
software engineering jobs with payouts, but most tasks re-
main narrowly bug fixing in pre-configured environments.
These benchmarks share two main limitations: (1) tasks are
still relatively isolated with small granularity, and (2) eval-
uations typically occur within simplified or synthetic envi-
ronments rather than dynamic, realistic conditions.

In the second category, task-oriented benchmarks evalu-
ate general programming skills involving tool usage and ex-
ternal API calls (Wang et al. 2022; Jain et al. 2022; Zhang
et al. 2023; Lai et al. 2023; Wang et al. 2024; Ni et al. 2024;
Tang et al. 2023; Chan et al. 2025; Wang et al. 2025b). How-
ever, these tasks remain predominantly technical-oriented,
missing a critical capability widely practiced: leveraging
GitHub repositories to solve real-world daily problems.

GitTaskBench

GitTaskBench rigorously evaluates code agents on realistic,
repository-centric tasks closely aligned with common user
queries (see Figure 1). Agents must autonomously analyze
and reuse existing repositories to complete tasks that mirror
authentic user workflows, handling any errors without hu-
man intervention. The benchmark is primarily handcrafted
and validated by five computer science PhDs to ensure qual-
ity. Each task pairs a representative full-scale GitHub repos-
itory accompanied by a specific natural-language instruc-
tion specifying input-output requirements, and tailored task-
specific evaluation metrics reflecting both correctness and
utility, allowing meaningful automated assessment of agent
performance. Below is how we constructed it.

Task and Repository Selection

We began by identifying the target domains through ex-
tensive literature reviews, deep LLM-driven research, and
consultation with domain experts, combining these insights
with practical, everyday experience. For each domain, we
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Figure 1: Overview of GitTaskBench. 7 example real-life tasks from different modalities and their evaluations are shown.
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Figure 2: Overview of Task Domains in GitTaskBench.

selected subdomains that mirror frequent user needs, in-
cluding a broad spectrum of modalities. We prioritized fasks
that are non-trivial, typically requiring the integration or
reuse of existing tools or codebases, to ensure that bench-
marks are both meaningful and challenging for code agents.
Human completion time for these tasks ranged up to three
hours, averaging 1.34 hours per task.

For each domain, we run targeted deep researches to
locate suitable GitHub repos. Candidates must (1) be
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Python-based, (2) have > 50 stars with activity in the past
five years (including issue updates), and (3) provide ready-
to-use weights and a simple setup. We then inspect key
statistics like stars, forks, license, commit history, and man-
ually verify functionality. The resulting set formed the pool
of potential repositories.

Task and repository selection was iterative and tightly
coupled—repository capabilities and task requirements
were refined in parallel, with each informing the other. When
a promising repository was identified, we would expand po-
tential task formulations around its core features.

Summary statistics are presented in Table 2. Figure 2 il-
lustrates the features of each domain. GitTaskBench sup-
ports both data generation and analysis-oriented objectives.
See the Appendix in the extended version for details.

Completeness Verification

Following the Repository Selection phase, each chosen
repository undergoes a stringent Completeness Verifica-
tion. In this human-driven stage, experts follow the repos-
itory’s documented instructions, performing tasks exactly as
an agent would, ensuring both a 100% human success rate
and outputs that satisfy all task requirements. This pro-
cess confirms that the repository is fully operational and free
of hidden obstacles that could hinder execution.

The verification process includes: Checking for es-
sential dependencies, such as requirements.txt or
package. json; Confirming the availability of key config-
uration files, like config.yaml or setup.py; Ensuring
that the required datasets and pre-trained models are pub-
licly accessible and properly formatted.



Benchmark ‘ Task Num Task Type Multimodal  Repo Use  Repo-level CodeGen  Auto Env Setup
RepoBench (Liu, Xu, and McAuley 2023) 7778 Code Completion v

Swe-Bench-Verified (Jimenez et al. 2023) 500 Program Repair v

LiveCode (Jain et al. 2024) 584 Programming Competitions

MLAgentBench (Huang et al. 2023) 13 ML Tasks v v

MLE-Bench (Chan et al. 2025) 72 Kaggle (ML) Tasks v v

PaperBench (Starace et al. 2025) 20 Paper Code Replication Tasks v v v
GitTaskBench (Ours) 54 User-centric, Daily-life Tasks v v v v

Table 1: Comparison of GitTaskBench (Ours) with Existing Benchmarks of Similar Complexity and Comprehensiveness.

Category Metric (Mean) Value
# Domain 7
# Subdomain 24
Instances # Tasks 54
# Modality 7
# Size 18
# Files 204 (7-1157)
# Classes 263.61 (2-1130)
Repos # Functions 1274.78 (25-4915)
# Dependency 1242.72 (33-6979)
# Calls 8651.28 (180-40552)
# Code Lines 52.63 (0.575-351.42) k
# Tokens 448.95 (4.87-2888.35) k

Table 2: Summary Statistics of GitTaskBench.

If any required resources are gated or instructions are only
available via external links, we supplement the repository by
downloading relevant files and inlining essential documenta-
tion into the README . md, ensuring all information needed
for task execution is completely self-contained.

Execution Framework Design

To evaluate code agents in realistic and repository-
leveraging contexts, we design an execution framework that
integrates structured task formulation, automated execu-
tion, and output verification. This framework not only tests
agents’ capabilities for understanding and utilizing existing
codebases but also ensures reproducibility and automation
throughout the evaluation process.

Task Formulation. We meticulously define each task,
specifying the expected input format (e.g., image path, text
string) and the desired output format (e.g., processed image,
generated report), ensuring clarity in task goals and reducing
ambiguity in prompt interpretation. A single repository may
host multiple distinct tasks, each with its clear definition.

Agent Inputs and Expected Outputs. The framework
provides the agent with two inputs: a GitHub repository and
a task definition prompt. Unlike conventional code genera-
tion settings that require only code snippets, our framework
emphasizes end-to-end functionality. Agents are expected to
return the final task-specific output, which could be a file,
text, or visual result, depending on the task requirements.

Execution Workflow. Agents are evaluated on their abil-
ity to autonomously solve tasks in the multi-stage pro-
cess: (1) Repository Understanding: Agents not just read
the repository’s code, but analyze its structure, dependen-
cies, and available functionalities, often leveraging entry-
point documentation such as README .md and selectively
parsing key source files. (2) Code Generation or Modifica-
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tion: Based on their understanding and the task definition,
agents generate new scripts or adapt existing files to ful-
fill the task. (3) Environment Setup: Agents are expected
to construct the required execution environment, including
issuing installation commands (e.g., pip install -r
requirements.txt) and resolving dependency issues.
(4) Code Execution: The generated or modified code is ex-
ecuted automatically in the sandbox, directly assessing the
agent’s ability to produce runnable and correct solutions.

Evaluation Framework

To support automated, practical, and cost-benefit evaluation,
we introduce the following metrics, which are implemented
through hand-verified custom-built test scripts.

Execution Completion Rate (ECR). ECR measures the
proportion of cases where the agent successfully executes
the target code repository and generates outputs in an ac-
ceptable format (e.g., . jpg or .png for image processing
tasks). This metric reflects the agent’s compatibility with the
code repository and its basic operational capability. It en-
sures that: (1) the output file(s) exist, (2) the output file(s)
are not empty, and (3) the output format can be correctly
processed by the testing scripts.

Task Pass Rate (TPR). TPR quantifies the agent’s ac-
tual performance quality in task completion. It is deter-
mined by formulating evaluation test functions and defining
concrete success and failure criteria using established met-
rics tailored to each task, drawing on standards recognized
within the domain developer community. TPR requires the
agent’s outputs to satisfy predefined quality standards, such
as functional correctness, result completeness, or achieving
specific task objectives. For example, in speech enhance-
ment tasks, success might be defined by achieving a PESQ
> 2.0 (indicating acceptable perceptual quality) and a SNR
> 15d B (suggesting good suppression of noise). Tasks fail-
ing to meet these thresholds are marked as failures.

Both of the above metrics are evaluated using hand-
crafted test scripts. Additionally, we streamlined the
benchmarking process so that all tasks can be automatically
assessed with a single shell command. The evaluation out-
puts a clear “Process” and “Result” status (success or fail-
ure), along with detailed “Comments” explaining the out-
come—such as which metric exceeded a threshold, which
criterion caused failure, or any error messages encountered
during execution. See Appendix A for example test results.

Alpha Practical Value Assessment. We introduce a
new perspective for evaluating LLM agents by incorporat-
ing market-driven cost considerations. While technical met-
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Figure 3: Overview of the GitTaskBench Data Curation and Processing Pipeline.

rics like ECR and TPR are essential, they overlook cost-
effectiveness. High technical performance alone does not
guarantee practical utility—an agent is only valuable if it
completes tasks more cheaply than human labor, without
sacrificing quality. In practice, agents incur tangible opera-
tional costs, like API fees for proprietary LLMs or hardware
expenses for open-source solutions. We estimate the eco-
nomic value of agent-completed tasks by quantifying poten-
tial cost savings, efficiency gains, and market impact from
automation and scalability of these tasks. Accordingly, we
propose the c-score, a value-based metric defined as the av-
erage net benefit generated by the agent across tasks:

1
a=—
n

n

ST x MV xQ)—C]

i=1

6]

where n is the number of tasks in the evaluated area; 7' is a
binary indicator of task success (1 if the agent successfully
executes the target code repository, O otherwise), consistent
with the definition of ECR; MV represents the estimated,
prevailing market value of the task if completed by a human;
@ is a quality factor (ranging from O to 1) that measures
how closely the agent’s output approximates the groundtruth
produced by a human executing the same code repository;
and C' denotes the agent’s total operational cost, which is
approximated here as the API cost. The resulting a-score
clearly reflects the economic viability and gains of the agent-
based automation approach across the evaluated areas.

Human Check. Experts compare the automatically gen-
erated assessment of a repository/task with their own manual
execution and evaluation, identifying any discrepancies or
inconsistencies. For generating the groundtruth, humans can
interpret the task requirements and iteratively adjust reposi-
tory parameters to obtain the best possible output.

Because this expert-guided result provides a reliable up-
per bound on quality, we derive () through human assess-
ment. Five raters independently compare each agent output
with the groundtruth and assign it to one of five levels—far
below human (0), large gap (0. 25), moderate gap (0.50),
near parity (0 . 75), or indistinguishable from/better than hu-
man (1). The level chosen by the majority is recorded as the
final @@ value. MV is drawn from publicly listed freelance
fees on the platforms (Upwork 2025; Fiverr 2025; Free-
lancer 2025) for similar deliverables—for example, roughly
$10 per restored photo on Fiverr—providing a consistent
task-level benchmark for the a-score.
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Experiments
Setup

We evaluate three representative open-source frameworks,
Aider (Aider-Al 2025), OpenHands (Wang et al. 2025¢),
and SWE-Agent (Yang et al. 2024) with multiple advanced
models, including the closed-source as well as the open-
source. For robustness, all reported results are averaged over
two independent runs under identical settings.

Comparative Analysis

Different framework—LLM pairings exhibit substantial per-
formance disparities, affecting both effectiveness (ECR,
TPR) and efficiency (token usage, cost, API calls).

OpenHands achieves the best overall performance
across all frameworks. As shown in Table 3, (1) Open-
Hands+Claude 3.7 delivers the best results (ECR 72.22%,
TPR 48.15%) among all evaluated settings. (2) With the
same LLM, OpenHands consistently outperforms Aider and
SWE-Agent, likely due to its robust code execution capabil-
ities and more proactive and explorative strategies.

OpenHands offers higher success rates, while SWE-
Agent balances moderate cost and efficiency as a lower-
cost alternative. SWE-Agent consistently uses fewer tokens
than OpenHands when paired with top-performing closed-
source models, indicating stronger control over context to-
ken usage. Meanwhile, Aider+DeepSeek V3 yields the low-
est cost (< $0.003) with reasonable output.

GPT-4.1 is more cost-efficient than Claude. (1) In
SWE-Agent, Claude 3.7 leads but costs 2x more than 2nd-
place GPT-4.1. (2) Under OpenHands, GPT-4.1 also delivers
the 2nd-best ECR/TPR at just 1/10 or 1/30 of Claude’s cost.

Open-source models generally underperform closed
ones. But Qwen3-32B (with think mode) is impressive—
reaching up to 60% of top closed Claude3.5’s performance
with far lower token usage. In contrast, Gemini 2.5 Pro un-
derwhelms in think mode, likely due to the added context
burden in our long, token-heavy, complex real-world tasks.

These findings highlight trade-offs between performance,
cost, and interaction complexity when choosing agents
framework and model combinations. Next, we drill down
into domain-specific performance, as visualized in Figure 4.

Agents perform notably better on purely textual tasks
compared to multimodal, model-based tasks. Specifi-
cally, (1) most agents process office documents effectively,
such as parsing Excel files with Eparse or splitting PDFs




Framework LLM ECR (%) 1 TPR (%) 1 Input Tokens (k) | Output Tokens | Cost ($) |
GPT-40 5.56 1.85 10.67 492.67 0.0316
. GPTA4.1 11.11 7.41 14.83 734.17 0.0355
Ader Claude 3.5 16.67 12.96 748 534.00 0.0304
DeepSeekV3 20.37 16.67 7.51 599.64 0.00269
GPT-40 17.58 10.19 275.53 1282.70 0.778
GPTA4.1 38.89 31.48 301.11 2098.33 0.661
03-mini 25.93 20.37 158.45 215.20 0.175
SWE-Agent | Claude 35 41.67 22.23 45534 943.30 1.38
Claude 3.7 64.81 42.59 552.79 807.63 1.67
DeepSeekV3 18.52 12.04 412.65 1649.82 0.113
Qwen3-32b* 741 3.70 1445.97 2405.00 -
Qwen3-32b* T 16.67 11.11 124.15 559.11
Llama3.3-70b* 25.83 18.52 397.03 1985.64
GPT-40 21.30 14.82 760.53 3990.31 1.94
GPT-4.1 55.56 42.59 465.94 1535.47 0.942
03-mini 29.63 2222 2523.53 183637.53 3.58
Claude 3.5 53.70 40.74 2858.00 24929.47 8.95
Claude 3.7 7222 48.15 9501.25 85033.05 29.8
OnenHangs | GeMini-2:5-pro 51.85 35.19 760.88 35173.29 2.18
pentiands - peepSeekV3 4537 26.85 4717.78 31957.67 131
Qwen3-8b* 1.85 1.85 846.26 2045.00 -
Qwen3-14b* 11.11 5.56 339.42 2540.17
Qwen3-32b* 35.19 25.93 591.02 2097.89
Qwen3-32b* ' 44.44 29.63 208.00 8755.35
Llama3.3-70b* 27.78 2037 132.69 872.93

Table 3: Performance Comparison of Different Frameworks and LLMs on GitTaskBench. Bold values indicate the best among
all models for each metric; underlined values denote the second-best. The best-performing row for each metric is highlighted.
All token values are rounded to two decimal places. * means our self-deployed model. f: with think mode.

using PyPDF. That is because these workflows typically re-
quire reading simple wrapper scripts that import the library
APIL. (2) In contrast, multimodal tasks, especially in im-
age or speech processing domains, mainly involve model-
based processing and prediction and thus demand much
deeper competence. For example, removing image scratches
with DeScratch entails installing multiple dependencies,
downloading pretrained weights, and configuring runtime
arguments—all of which require a nuanced understanding
of the repository’s build and execution process.

Current agents often struggle with such complex work-
flows, suggesting that future work should focus on richer
codebase comprehension and automated environment
management beyond what a simple README scan provides.

Sensitivity Analysis to Configuration Changes

Since OpenHands consistently outperformed SWE-Agent
overall, we examined how its key hyperparameters affect
performance. Notably, GPT-40 with OpenHands lagged be-
hind despite strong overall results, with execution traces re-
vealing frequent failures from environment setup errors and
flawed code generation. To clarify these issues, we tested
two critical hyperparameters. timeout: Maximum time
per iteration. max_iteration: Total environment inter-
actions allowed. Performance variation is in Table 5.
Results show that more generous settings significantly
boost performance. Increasing the t imeout (from 120s to
1800s) raises both ECR and TPR, but also incurs more to-
kens, indicating that environment setup may be the pri-
mary time-consuming step in repurposing repositories.
Similarly, increasing max_iteration (from 30 to 100)
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consistently improves ECR and TPR, suggesting that more
interaction rounds could help mitigate errors within rea-
sonable limits. Overall, these findings underscore the im-
portance of tuning both interaction depth and time budgets
to balance effectiveness and computational efficiency.

Practical Benefits Analysis

Given OpenHands’ strong overall performance, we select it
as the evaluation backbone for estimating the practical value
of the three most cost-effective models. We treat each reposi-
tory as a domain, capturing agents’ domain-specific applica-
bility and their ability to leverage the code. For each repos-
itory, we computed a-score by averaging net gains of all n
tasks executed with that repository, as defined in Eq (1).
Figure 6 (a) presents the « score (green revenue minus
red cost) of each repository, facilitating a direct cost-benefit
comparison across models and repositories. Figure 6 (b) dis-
plays the Pareto curves, illustrating how each model’s to-
tal alpha is distributed across repositories. The dashed 45-
degree reference line represents a perfectly even distribu-
tion: if the cumulative alpha curve rises steeply and sur-
passes the diagonal early, it means just a few repositories
contribute most of the total benefit (high concentration). In
contrast, if a curve close to the diagonal means alpha is more
evenly spread across repositories. This directly reveals the
difference in benefit concentration for each model.
Expensive tasks are always profitable if completed by
the agent, while cheap tasks require careful cost control.
Repositories with intrinsically high human market value
(MYV), like VideoPose3D, FunASR, and NeuroKit,
yield the largest positive o when agents succeed. Low-MV
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image-processing tasks (MV = $5-10) often produce nega-
tive v once the agent’s average cost exceeds $1-2. This pat-
tern underscores the importance of controlling operational
costs for tasks with limited commercial potential.

DeepSeek V3 delivers the highest overall benefit and best
cost—performance for most repositories. GPT-4.1’s perfor-
mance is more consistent and robust across scenarios, with
fewer large losses. Claude 3.5 has the most dispersed re-
turns, excelling at information extraction but being cost-
sensitive on compute-intensive vision tasks.

« captures meaningful distinctions that technical metrics
(ECR/TPR) alone may miss, emphasizing the need to align
agent deployment with task-specific economic profiles.

Error Analysis

To better understand the challenges in such repository-
centric tasks, we studied execution errors encountered across
various agents. We grouped all errors into five types: El,
Environment-Setup; E2, Workflow Planning; E3, Reposi-
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Figure 7: Distribution of Errors per Agent (a) and Overall
Error Statistics (b).

tory Comprehension; E4: Runtime; and ES: Failures to Fol-
low Instructions. Case studies are in extended version.

As summarized in Figure 7 (b), El errors were the most
common, constituting 65.04% of all failures. These usually
came from dependency conflicts, missing binary wheels, or
absent system-level libraries. Notably, env setup doesn’t im-
prove results but causes most failures—showing its unavoid-
able importance in real-world agent applications. E2 errors
mainly reflected agents’ inability to orchestrate execution
sequences or their stagnation at setup stages. E3 errors oc-
curred when agents misidentified entry-point scripts or mis-
used APIs within repositories. E4 errors involved premature
termination due to system freezes, timeouts, or interrupts
(Ctr1+C). ES errors, the least frequent, included things like
wrong file naming, incorrect output formats, missing deliv-
erables, or solving the task without using the repository as
required. Check Appendix F for examples of each.

We compared errors across agents/models and found sim-
ilar weaknesses regardless of architecture (see Figure 7 (a)).
Key improvements could be summarized as: robust depen-
dency management, enhanced execution planning, deeper
repo comprehension, smarter resource handling during run-
time, and rigorous instruction following—all crucial for
more reliable and effective real-world agent performance.

Conclusion

We introduced GitTaskBench, a benchmark for evaluat-
ing agents’ ability to leverage repository code for com-
plex task solving. With carefully curated tasks, thoroughly
reviewed repositories, and practical automated evaluation,
GitTaskBench sets a new standard for assessing real-world
agent utility. We hope this benchmark drives greater focus on
repository utilization for everyday, non-technical challenges
and encourages economic value-driven agent applications.
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