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ABSTRACT

Recent advances in code agents have enabled automated software
development at the project level, supported by large language mod-
els (LLMs) and widely adopted tools. However, existing benchmarks
for code agent evaluation face two major limitations: high annota-
tion cost and expertise requirements, and rigid evaluation metrics
that rely primarily on unit tests. To address these challenges, we pro-
pose an agent-driven benchmark construction pipeline that lever-
ages human supervision to efficiently generate diverse and chal-
lenging project-level tasks. Based on this approach, we introduce
PRDBench, a novel benchmark comprising 50 real-world Python
projects across 20 domains, each with structured Product Require-
ment Document (PRD) requirements, comprehensive evaluation
criteria, and reference implementations. PRDBench features rich
data sources, high task complexity, and flexible metrics. We fur-
ther employ an Agent-as-a-Judge paradigm to score agent outputs,
enabling the evaluation of various test types beyond unit tests. Ex-
tensive experiments on PRDBench demonstrate its effectiveness
in assessing the capabilities of both code agents and evaluation
agents, providing a scalable and robust framework for annotation
and evaluation.
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1 INTRODUCTION

In recent years, code agents have made significant progress, capable
of solving increasingly complex programming tasks. From initially
focusing on single-file code generation to now advancing towards
complete project-level software development, Code Agents are
demonstrating powerful software development capabilities. LLM-
based Code Agents such as CursorAgent [10], Claude Code [1]
and Gemini CLI [17] have been widely adopted in real-world de-
velopment scenarios, accelerating the proliferation of automated
programming tools.

As code agents continue to advance, a variety of benchmarks
have emerged to evaluate their capabilities. Several works [3, 5, 9]
focus on assessing LLMs and code agents in data science tasks,
including subtasks such as data processing and machine learning
training. Other benchmarks [6, 11, 26] select complex code reposi-
tories from GitHub pull requests and transform them, often with
minimal human intervention, into testable scenarios. In addition,
PaperBench [22] evaluates the ability of agents to reproduce paper-
level code implementations, providing a more rigorous assessment
of their research reproducibility.

Despite these advancements, current benchmarks face two major
limitations. First, the creation of high-quality evaluation datasets
requires substantial human effort and expertise. Generating reliable
unit tests or grading tasks often depends on expert annotators,
especially when migrating real-world scenarios such as Kaggle
competitions or GitHub pull requests. These tasks demand domain-
level verification and annotation to produce usable test cases. As
code agents advance rapidly, the requirements for annotators’ ex-
pertise and time investment continue to increase. For example,
PaperBench [22] recruited ICML authors as annotators, with each
annotation task demanding several days of work from PhD-level
experts. This process not only incurs high annotation costs, but
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Benchmark Area # Project Annotator # Metrics Judger Claude Code Score
SWE-Bench [11] Pull Requests 12 Web Crawler 2,294 Unit Test 70.3%"*
MLEBench [3] Al Competition 75 Human 75 Test Set 51.1%
DevAl [33] Al Developement 55 Human 365 Agent 73.0%"
PaperBench [22] Al Research 20 Human (PhD.) 8,316 Human/LLM 21.0%
PRDBench Engineering Development 50 Agent & Human 1,262 Agent 45.5%

Table 1: Comparison between PRDBench and project-level code agent benchmarks. We employ the performance of code agents
with Claude as a benchmark indicator for assessing the task difficulty of our proposed evaluation suite. The results from
external report [1] is denoted by *, from our implementation is denoted by f, otherwise we use the best results from the original

paper with author specified Claude-driven agents.

also restricts the diversity of evaluation data, as recruiting experts
from various domains is challenging and often leads to datasets
being sourced from a single domain.

Second, the rigidity of the evaluation limits the broad applicability
of current benchmarks. Existing benchmarks [11] primarily rely on
unit test pass rates to assess code agent performance. While unit
tests are effective for verifying specific functions or components,
they are limited in scope and cannot fully cover the diverse testing
needs encountered in project-level software development. In prac-
tical scenarios, quality assurance involves not only unit testing, but
also integration testing, end-to-end testing, performance testing,
and security testing, which are all essential for robust software de-
livery. Relying solely on unit tests is not only insufficient, but also
overly restrictive, as it enforces strict requirements on project in-
terfaces and implementation details. Many real-world tasks require
broader validation methods. To address these gaps, it is necessary to
introduce additional evaluation strategies such as shell interaction
and file comparison, enabling more comprehensive and flexible
assessment of code agents in complex development environments.

To address the two aforementioned challenges, we propose an
agent-driven construction approach that enables the creation of
project-level benchmarks with flexible metrics at low human cost.
Specifically, a state-of-the-art code agent is used to generate both
the project scaffolding and a Product Requirement Document (PRD)
along with an executable criteria scheme. Human annotators are
only required to verify whether the criteria scheme is compatible
with the scaffolding interfaces and whether the expected outputs are
reasonable, without the need to manually create detailed evaluation
standards or reference solutions. This significantly reduces anno-
tation complexity: for PRDBench, annotators with undergraduate-
level knowledge in software engineering related fields are able
to complete the annotation, with an average of only eight hours
needed to finish the scaffolding and metrics for each project, greatly
improving annotation efficiency.

Based on this approach, we build a Product Requirement Docu-
ment (PRD)-centered benchmark, named PRDBench'. PRDBench
consists of 50 real-world coding tasks, each defined by a structured
PRD, an well-specified and verifiable criteria scheme, and a standard
solution code repository. The coding tasks are sourced from real-
world requirements, academic projects, and thesis work, spanning
20 common subdomains. For each task, the PRD provides a criteria

1Source of PRDBench is available in https://github.com/AGI-Eval-Official/PRDBench.
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scheme that facilitates comprehensive human-like quality assur-
ance (QA) checks. We present a comparison between PRDBench
and previous code agent benchmarks in Table 1, where PRDBench
offers a comprehensive, multifaceted, project-level benchmark for
code agents. During evaluation, we employ the Agent-as-a-Judge
paradigm to score code according to the criteria scheme, enabling
the evaluation of a wide range of test types beyond unit tests.
In summary, our contributions include:

We design an agent-driven data production pipeline, where
human supervision guides agents to efficiently generate chal-
lenging test cases that go beyond current agents capabilities.
This pipeline alleviates the need for expertise annotators.

We construct PRDBench, which covers 20 common domains in
Python software development. Each benchmark item includes a
PRD and evaluation metrics, and we design three categories of
agent-friendly test types for comprehensive evaluation.

We adopt the Agent-as-a-Judge paradigm for evaluation, en-
abling flexible adaptation to human-like QA assessment beyond
traditional unit tests.

We conduct extensive experiments on PRDBench, providing
useful insights into both code agents and the evaluation agent.

The most recent version including full appendix and additional
results is maintained at https://arxiv.org/abs/2510.24358.

2 RELATED WORK

2.1 Code Agent Evaluation

To keep pace with the rapid development of LLMs’ and agents’
coding capabilities, recent benchmarks increasingly emphasize the
construction of executable and complex tasks within real software
projects. These benchmarks are typically built by mining human-
generated data from online platforms or through extensive manual
annotation. Some benchmarks [9, 13] require annotators to manu-
ally create test points for each step, while others [7, 12, 20, 30, 32]
rely on authentic submission records, using the inherent difficulty
of submitted code as a basis for evaluation. Additionally, some
benchmarks [14, 21, 34] leverage existing resources and require
expert-driven rewriting, which demands significant manual effort.
As code agents become more capable, these annotation paradigms
require increasingly specialized expertise, making the recruitment
of expert annotators for each domain costly and limiting the scala-
bility and diversity of benchmark construction.
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Figure 1: Overview of the PRDBench data production workflow. Step1: PRD and Test Plan Initialization; Step 2: Code Scaffold
and Criteria Scheme Generation; Step 3: Human Inspection; Step 4: Agent-based Fix and Refinement; Step 5: Remove scaffold.

In terms of evaluation metrics, most existing benchmarks adopt
relatively narrow criteria, such as unit test pass rates [11, 13, 31],
which primarily assess functional correctness. ProjectEval [16] sim-
ulates user interaction to evaluate projects, focusing on specific
types of tasks. However, these evaluation criteria are limited to spe-
cific task types and cannot comprehensively assess diverse, complex
software projects.

2.2 Agent-as-a-Judge

Due to the inherent limitations of unit test-based benchmarks,
recent studies have begun to explore the use of LLMs as judges for
agent evaluation, a paradigm often referred to as LLM-as-a-Judge.
LLMs can provide capabilities such as image recognition [4], code
alignment [29], and quesion-answering [8], breaking the restriction
that benchmark metrics must be executable. With the emergence
of agents equipped with tools, LLMs are able to read large volumes
of files and perform extensive analyses, offering new possibilities
for evaluation. DevAl [33] is the first work to apply the agent-as-a-
judge paradigm to code agent evaluation. It focuses on checking
program execution and output format, but lacks comprehensive
assessment of overall engineering effectiveness. Some studies[27],
have explored LLM-based agent frameworks for evaluating code
generation, improving the accuracy of Agent-as-a-Judge through
architectural innovations. However, the lack of well-defined metrics
and code agents has limited the use of agent-as-a-judge. PRDBench
fills this gap with structured criteria and dedicated tools, enabling
more robust evaluation.

3 PRDBENCH
3.1 Seed Tasks

Our seed tasks are sourced from a variety of real-world project
requirements, including user requests from end-to-end Al product
development platforms, academic theses and projects. To ensure
the suitability and consistency of tasks for PRDBench, we apply a
rigorous filtering process. Specifically, selected tasks must satisfy:
(1) the task can be fully implemented in Python; and (2) all datasets
required for the task are publicly accessible. We choose Python
as the programming language for PRDBench primarily due to its
versatility and comprehensive ecosystem, which supports a wide
range of programming paradigms and application domains. This
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ensures that PRDBench tasks are representative of diverse, real-
world scenarios.

3.2 Agent-Driven Data Production

Figure 1 illustrates the agent-driven data production workflow of
PRDBench. Throughout the annotation process, we apply SOTA
code agents to generate the project scaffold and criteria scheme.
Human annotators are only required to supervise the quality of
criteria scheme, i.e., whether the criteria aligns with the scaffold
interfaces and whether the expected outputs meet the requirements
specified in the PRD. It is worth mentioning that manual metric
annotation and code modification are not necessary, which greatly
reduces both the complexity and time required for annotation.

Step 1: PRD and Test Plain Initialization. After selecting seed
tasks, we utilize SOTA LLMs (such as GPT-4.1) or code agents (such
as Claude Code) to generate detailed and standardized PRD docu-
ments, ensuring clarity and completeness in task specification. The
PRD serves as the evaluation blueprint for PRDBench, and includes
sections such as Requirement Overview, Functional Requirements,
and Data Requirements. Based on the PRD, we employ GPT-4.1
to generate a corresponding metric outline, structuring test cases
using the Arrange-Act-Assert (AAA) methodology [28]. The Ar-
range step sets up the test case by preparing the necessary files,
input data, and environment configurations. The Act step focuses
on the core behavior to be tested, such as running the program or
performing interaction tests to obtain output results. The Assert
step verifies the expected outcomes by checking the system’s re-
sponse or state, ultimately determining whether the test passes or
fails. This structure is applicable to a wide range of code-related
testing scenarios, providing PRDBench with a comprehensive and
executable testing plan.

Step 2: Scaffold and Criteria Generation. After initializing with
the PRDs and metric outlines, we employ state-of-the-art code
agents to generate the code scaffold for each task. The scaffold
includes both module design and interface design, serving as the
core framework of the entire project. In some cases, particularly for
complex algorithms, the implementation may not be fully correct
as long as it does not affect the annotation process. Building upon
the scaffold, we further utilize code agents to expand and refine
the metric outline into a specific criteria scheme, which includes
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necessary test interfaces and test artifacts. The presence of well-
defined code interfaces in the scaffold simplifies and standardizes
the generation of the criteria scheme, making the process more
efficient and consistent.

Step 3: Human Inspection. With the scaffold and the criteria
scheme in place, the inspection process for human annotators be-
comes straightforward. Annotators conduct inspection only by
running the tests to verify whether the interfaces function cor-
rectly and whether the expected outputs in the criteria scheme
align with the PRD requirements. Notably, even for tasks sourced
from expertise projects or academic papers, annotators only need
basic computer science knowledge to perform effective checking
and annotation.

Step 4: Agent-Based Fix and Refinement. If any issues are iden-
tified during step 3, annotators shall provide targeted feedback to
the code agent for refining the scaffold or criteria scheme. The code
agent then revises the relevant components, and the inspection
process is repeated. This iterative process continues until all issues
are resolved, ensuring the quality and correctness of the data.

Step 5: Remove Scaffold. In the final stage, the scaffold is removed
and only the criteria scheme, test artifacts, required data, and PRD
are retained in PRDBench. The removal of scaffold ensures that the
code agents to be evaluated generate the code from scratch, thereby
we can assess the end-to-end development capacity of the agents.

An overall example of a PRDBench task is illustrated in Fig-
ure 2. Each PRDBench testcase consists of a PRD document and an
evaluation suite, which includes a criteria scheme and test artifacts.

3.3 EvalAgent and Evaluation

For each item in the criteria scheme, PRDBench provides executable
terminal commands and expected outputs, enabling systematic
verification. PRDBench employs a lightweight evaluation agent,
EvalAgent, to automate the validation of code generated by code
agents against predefined criteria schemes, as illustrated in Figure 3.

EvalAgent is equipped with six core tools, including file reading

and writing, command-line execution, image handling, and a judge

tool. Among these, the dealgraph tool offers a multimodal LLM

interface (GPT-4o0 in this paper), allowing the agent to process im-

ages by submitting both the image and a descriptive prompt to

obtain results—this is particularly useful for tasks requiring visual
verification. The judge tool is specifically designed for PRDBench.

It accepts files containing simulated user inputs, enabling compre-

hensive terminal log generation for thorough analysis without the

need for manual input specification. By automating the validation
process, EvalAgent significantly reduces manual intervention and
improves evaluation efficiency.

Within PRDBench, the EvalAgent performs three main cate-
gories of tests, which collectively simulate the different stages of
QA in Python projects:

o Unit Test: As in previous benchmark studies [11], unit tests
remain the most effective approach for verifying the functional
correctness of individual components and modules within the
code. PRDBench retains this type of testing and provides aux-
iliary pytest-based test scripts. The EvalAgent simply runs the
pytest command to execute these tests.
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Table 2: Agent Specifications and Open-Source Status.

Agent Type Agent Framework Model Agent 0SS LLM 0SS
Qwen3-Coder [25] v v
. ) GPT-5 [19] v X
Minimal Basic code tools Claude-3.7-Sonnet [1] v X
Gemini-2.5-pro [23] v X
Gemini CLI [17] Gemini-2.5-pro [23] v X
Commercial Claude Code [1] Claude-4/3.7 Hybrid [2] X X
CodeX [18] GPT-5 [19] v X
Qwen Code [24] Qwen3-Coder [25] v v
EvalAgent EvalAgent Qwen3-Coder [25] v v

o Shell Interaction: For tasks involving command-line interac-
tion or external system operations, the EvalAgent executes pre-
defined shell commands and compares the actual outputs to the
expected results, ensuring the code correctly handles system-
level operations and user inputs. PRDBench supplies compre-
hensive simulated user input files and program entry commands
for this purpose.

o File Comparison: For project-level tasks that generate files or
require specific directory structures, the EvalAgent compares the
produced files against reference solutions, checking for correct-
ness in content, format, and organization. PRDBench provides
the raw data for target file generation, the corresponding Python
commands, and the reference solution files.

By leveraging these tools, the EvalAgent can automatically adapt
to specific code repositories and complete all required tests. All
test categories and supporting files are provided within PRDBench,
which greatly reduces the complexity of evaluation. EvalAgent only
needs to execute each test and analyze the results. This automated
evaluation process generates detailed reports on the performance
and correctness of code agent submissions.

4 EXPERIMENTS AND RESULTS
4.1 Data Statistics

PRDBench comprises 50 project-level tasks, encompassing a total
of 1,262 scoring points. Specifically, there are 409 unit test points,
729 shell interaction points, and 124 file comparison points. Each
PRD contains, on average, 105.22 lines. Figure 4(a) presents the
distribution of scaffold line counts recorded during the annotation.

For all PRDs, we utilize GPT-4 to assign a domain label to each
task. From these labeled tasks, we select 50 tasks that span 20 dis-
tinct domain labels to construct PRDBench. The distribution of
these domain labels is illustrated in Figure 4(b). To ensure broad
domain coverage, we include at least one representative task from
less common domains. For more prevalent areas of Python develop-
ment, such as data processing and machine learning, we select tasks
that require a variety of technical approaches and sub-skills. This
sampling strategy ensures that PRDBench provides comprehensive
and balanced coverage across different Python application domains.

4.2 Code Agents

We evaluate two categories of code agents in our experiments:
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Task: Logistics Center Site Selection System

src/

Requirement Overview.

Basic Functional Requirements.
2.1 Data Management Module
Data Requirements.

3.1 Input Data

PRD.md (Product Requirement Document)

This project aims to develop an optimized logistics center site selection system based on mathematical modeling and machine
learning, providing a scientific logistics distribution network planning solution for McDonald's stores in Anhui Province. The
system integrates the centroid method and K-means clustering algorithm, combined with GIS analysis. Through
multidimensional data modeling and visual presentation, it provides data-driven site selection recommendations for logistics
distribution decision-making, achieving the dual goals of minimizing delivery costs and maximizing service efficiency.

evaluation/

Type: Unit Test
Description:

2. **Act: ** Execute unit tests to verify coordinate rationality.

Expected output: pytest passed.

Type: File Comparison
Description:

2. **Act:** Execute scripts to generate visualization charts.

explanation.

Detailed_test_plan.json (Criteria Scheme)
- M1: Centroid Method Coordinate Rationality: Verify Centroid Coordinates Rationality

1. **Arrange:** Ensure evaluation/intput_coordintate.xIsx file exists.

3. **Assert:** Verify that the centroid longitude is within the 115-120 range, latitude is within the 30-35 range,
Testcases: “test command”: pytest evaluation/tests/test_centroid_coordinates.py::test_centroid_in_anhui_range

- M2: Centroid Method Coordinate Visualization: Verify Generate Complete Scatter Plot

1. **Arrange:** Ensure matplotlib can display charts normally and evaluation/intput_coordintate.xlsx file exists.

3. Verify that the scatter plot includes blue store scatter points, a red centroid point, axis labels, and legend explanation.
Testcases: “test command”: python src/centroid.py —input_file evaluation/intput_coordintate.xIsx
Expected output: Display a complete scatter plot including blue store scatter points, red centroid point, axis labels, and legend

Figure 2: A task example of PRDBench.

(1) Minimal Agents?, implemented using the Agent Development
Kit (ADK). These agents are equipped with essential tools for
file manipulation, bash scripting, and Python execution. We inte-
grate state-of-the-art LLMs (Claude-3.7-Sonnet, Gemini-2.5-Pro,
Qwen3-Coder-480B-A35B, and OpenAlI GPT-5) to systematically
assess their core capabilities in strategy implementation. Here-
after we denote the models as Claude, Gemini, Qwen3-Coder
and GPT-5 respectively for simplicity.

Commercial Code Agents, including advanced CLI-based agents
(Claude Code, CodeX, Gemini CLI, and Qwen Code). These
agents offer enhanced integration with command-line interfaces
and external tools, representing the current state-of-the-art in
code agent development.

@)

2Code is available in https://github.com/AGI-Eval-Official/Minimal-CodeAgent.
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Each commercial agent and minimal agent utilizes a correspond-
ing backbone LLM. Commercial agents typically benefit from vendor-
specific fine-tuning and optimization, resulting in more stable and
robust performance within their respective frameworks. While
minimal agents are designed to facilitate fair comparison across
different LLMs, commercial agents provide an assessment of the
latest advancements in agent capabilities. The mapping between
agent frameworks and backbone models is summarized in Table 2.

4.3 Experimental Setups

We select Qwen3-Coder [24] as the backbone LLM for EvalAgent.
Qwen3-Coder is fully open-source, which facilitates future fine-
tuning and further experiments for Agent-as-a-Judge scenarios
within PRDBench. For code agents, we select the latest model from
each family that is compatible with the agent framework. However,
Claude-4-Sonnet occasionally encounters tool call issues that result
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INPUT (PRD.md, detailed_test_plan.json,...)
Eval Agent {

Tools

] | shelt_interaction | [

read_file judge
[ J

[ deal_graph ][system_command][ write_file ]

Metrics

[ Unit Test ] [ Shell Interaction ] [ File Comparison ]

\ J

v

OUTPUT (reports.json)

Figure 3: Overview of PRDBench evaluation. The EvalAgent
executes tests based on the criteria scheme using various
tools, compares outputs (files or results) with expected out-
puts, and generates a report for the submitted code.

in no code being generated, as frequently reported by the commu-
nity. Therefore, we use Claude-3.7-Sonnet in minimal code agent.
For all LLMs used in our work, we set temperature to be 0.1, max
token identical to their official APIs’ setting. We set top-p to 1.0,
Top-k to be 100, and presence penalty to be default to the APL
Each code agent is executed using a Python virtual environment
that contains necessary and useful packages for the agents. If the
code agent need other packages, we allow it use pip to install them.

4.4 Main Results

Table 3 presents the performance of all evaluated code agents on
PRDBench. In Round 1, we provide the PRD and the relevant evalu-
ation materials, allowing each code agent to implement the entire
project based on the existing interfaces. This round assesses the
development capability of the code agents. In Round 2, we provide
the EvalAgent report from the first round along with the Round 1
code, enabling each code agent to analyze and revise the code ac-
cording to the feedback and identified issues. This round evaluates
the debugging capability of the code agents.

Our main findings are as follows: (1) The coding ability of
the underlying LLM significantly impacts the development
performance of the code agent. We observe that the relative
ranking of minimal agents in round 1 is consistent with that of
the commercial agents, indicating a strong correlation between
the LLM’s capabilities and the agent’s development outcomes. (2)
Adapting the code agent framework to LLMs can further
enhance development performance. While commercial agents
typically outperform minimal agents based on the same LLM, there
are reasonable exceptions. For example, since Claude-3.7-Sonnet
does not appear to be specifically optimized for Claude Code, Claude
Code achieves lower scores than the ADK-based Claude agent in
our experiments. Additionally, Gemini-2.5-Pro and Qwen3-Coder
demonstrate better generalization and more stable performance
across different code agent frameworks. (3) Debugging and initial
development require distinct capabilities from code agents.
In the Debug phase (Round 2), we provide the previous round’s
test report to guide code agents in targeted fixes. Minimal code
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Table 3: Average pass rate of code agents on PRDBench (in %).
The best results are highlighted in bold, and the second-best
results are underlined.

Agent Type  Agent DEV.] DEBUGT Enhance?
GPT-5 55.81 60.15 4.34
Minimal Claude 45.50 49.07 3.57
nima Gemini 14.27 15.99 1.72
Qwen3-Coder  37.60 46.98 9.38
CodeX 56.23 50.24 -6.99
C ial Claude Code 36.60 45.53 8.93
OmmEre1at - Gemini CLI 16.35 21.59 5.16
Qwen Code 39.59 35.69 -3.90

agents demonstrate more stable improvements during debugging,
consistently increasing their accuracy after applying corrections. In
contrast, CodeX experiences a dramatic drop in performance in the
DEBUG phase due to interface inconsistencies introduced during
modification, which led to additional errors. These observations
suggest that effective debugging requires not only error identifica-
tion but also careful maintenance of code structure and interfaces,
highlighting the importance of robust error analysis and correction
strategies in code agent designs.

4.5 Code Agent Analysis

4.5.1 Cost of code agents. Table 4 presents the resource consump-
tion statistics for each code agent, including time spent, input and
output token counts, and lines of code generated or modified dur-
ing both development (Round 1) and debugging (Round 2). Overall,
commercial agents tend to consume more time than mini-
mal agents during both phases. For each backbone LLM, the
resource consumption patterns of its minimal and commer-
cial agent implementations are generally consistent. Notably,
Gemini exhibits significantly lower input token consumption in
the development phase compared to other models, whereas Qwen3-
Coder consume the least output token. However, in the debugging
phase, Gemini’s input token usage is more than twice that of other
agents, indicating that the development and debugging phases pose
distinct challenges for code agents in terms of resource demands.
Regarding code modification, Claude Code and Qwen Code made
relatively few changes during debugging, while GPT-5 and Gemini
demonstrated much larger code modifications. This suggests that
different code agents adopt varying strategies or exhibit different
levels of responsiveness when addressing feedback and implement-
ing code revisions. Some agents may focus on targeted, minimal
fixes, while others opt for more extensive refactoring or rewriting
in response to evaluation reports.

In summary, the observed differences in resource consumption
and code modification patterns highlight that development and
debugging are fundamentally different for code agents, requiring
distinct approaches and optimization strategies. The results also
suggest that agent architecture and underlying LLM characteristics
strongly influence how agents allocate resources and perform code
updates during the evaluation process.

4.5.2  Error Analysis of Code Agent. Figure 5 shows the error rates
of code agents across different types of test cases. The error rate
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Figure 4: Data statistics of PRDBench.

Table 4: Cost statistics of code agents. Code indicates the number of lines generated in Round 1 (development) and the number
of lines modified in Round 2 (debug). Relevant log data for CodeX is unavailable, so its results are not reported.

Round 1 (DEVELOPMENT) Round 2 (DEBUG)
Time (s) Input Output Code (lines) Time (s) Input Output A Code (lines)
Minimal Agent
GPT-5 1517.75 1506252.18 43467.62 854.49 1165.25 1888893.43 32358.57 774.04
Claude 717.50 1775631.15 33398.27 1975.35 380.37 599139.68 22760.68 285.96
Gemini 760.54 609661.54 27374.89 667.78 1370.54 3419419.51 32752.20 1579.06
Qwen3-Coder 892.35 1136848.60 17209.19 982.67 495.48 1835992.38 14176.74 917.50
Commercial Agent
CodeX - - - 651.62 - - - 101.18
Claude Code 1309.84 4113143.56 46669.50 1751.80 729.74 2140884.40 19593.26 112.68
Gemini CLI 2740.70 834125.00 20238.96 362.13 2067.61 5776370.08 24611.50 546.12
Qwen Code 1183.42 3108353.62 31400.28 1183.42 9582.81 988041.65 5604.89 31.00

I Unit Test (DEV)
I Shell Interaction (DEV)

1 File Comparison (DEV)
[ Unit Test (DEBUG)

I Shell Interaction (DEBUG)
I File Comparison (DEBUG)

Error Rate (%)

Claude Gemini

Qwen3

CodeX Claude-Code

Qwen-code

Gemini-cli

Figure 5: Error rates of code agents on different types of test cases.

reflects the proportion of failed test cases within each category
for the code generated by the agents. This comparison highlights
the strengths and weaknesses of various agents when handling
diverse evaluation scenarios. We observe two main findings from
the results. First, there is no single category of test cases that is
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consistently easy for code agents. The error rates are relatively
uniform across the three types of test cases, indicating that PRD-
Bench’s test case design is well-balanced and effectively covers a
broad spectrum of code implementation scenarios. Second, unit test
cases are noticeably more challenging to debug compared to the



Research Paper Track

Table 5: Alignment between Human-as-a-Judge and Agent-
as-a-Judge.

Total Unit Test Shell Inter. File Comp.
Human-as-a-Judge
Number 282 107 149 26
Alignment 81.56% 79.44% 82.55% 84.62%

other two types. Most code agents fail to resolve these issues even
after the debugging phase. This is primarily because unit test cases
require agents to read and understand the test function code before
making corrections, whereas the other two test types only require
agents to compare actual and expected outputs, which lowers the
reasoning complexity.

4.6 EvalAgent Analysis

4.6.1 Human Alignment. We assess the reliability of the evaluation
agent through manual annotation. Specifically, we randomly select
16 code submissions, each corresponding to a distinct problem,
and employ two annotators to score the outputs of the code agent
according to the criteria scheme from PRDBench. These 16 codes
are generated by different code agents and span different problems.

The results of human alignment are summarized in Table 5. In
total, we examine 282 distinct test cases. Of these, 230 test cases
(81.56%) achieve perfect score alignment between the annotators
and the EvalAgent, indicating that EvalAgent’s evaluation re-
sults are generally reliable. For 9 cases (3.2%), the absolute differ-
ence in scores is 1, and for 43 cases (15.2%), the absolute difference
is 2. We analyze the alignment rates across different projects and
observe substantial variance (variance = 774.66), indicating signifi-
cant differences in score alignment between projects. The standard
deviation of alignment rates is also relatively high (27.83%), with
values ranging from 0% to 100%. This suggests that the consistency
between machine and human scoring can vary greatly depending
on the specific project or model. The result implies that the stabil-
ity of EvalAgent remains a major challenge, as an error occurs in
one test case, subsequent evaluations within the same project may
be affected due to contextual dependencies, potentially leading to
distorted overall assessment for that problem. This phenomenon is
also observed in other LLM-driven agents [15], and attributed to
propagation chains.

In addition, we examine the alignment rates among the three
major test case types: file comparison (84.62%), shell interaction
(82.55%), and unit test (79.44%). The alignment rates are comparable
across these categories, indicating that the evaluation difficulty
for EvalAgent is similar among the three types. This demonstrates
that our three test formats, as well as the commonly used unit test
benchmarks, are well-suited for reliable assessment by EvalAgent.

4.6.2 Cost of EvalAgent. Table 6 shows the average time and token
cost for EvalAgent. On average, EvalAgent generates a compre-
hensive testing report in just 7 minutes at an API cost of $2.68 per
problem, compared to 0.5 to 1 hour for human annotators (excluding
writing reports). This demonstrates that EvalAgent and PRDBench
greatly improve evaluation efficiency while keeping costs low.
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Table 6: Average cost of EvalAgent. The input and output
are quantified by the number of tokens, and the API cost is
estimated according to the official pricing of Qwen3-coder.

Time (s)

425.62

Input  Output API Cost($)

2.68

EvalAgent 124,2440 8,825

@ Fixed Inference

Il Free Development

Figure 6: Comparison of code agent scores under fixed infer-
ence and free development modes on PRDBench.

4.7 Free Development

Currently, PRDBench uses code agents to generate project scaf-
folding and fixes the inference interfaces in the criteria scheme.
Code agents are required to implement code that conforms to these
predefined interfaces, which greatly simplifies the evaluation pro-
cess for EvalAgent. However, in real-world development, free-form
implementation is more common, where only the PRD is provided,
and interfaces are not fixed. To assess code agents in this free
development setting, we modified EvalAgent to accommodate flex-
ible interface designs and evaluated the agents’ ability to develop
projects without fixed scaffolding.

Figure 6 presents a comparison of code agent performance in
the fixed inference and free development modes on PRDBench. Our
results show that, compared to fixed inference development, the
distinction among code agents decreases in the free development
scenario, as reflected by the variance in performance scores: 0.011
for free development versus 0.028 for fixed inference. Nevertheless,
the relative ranking of code agents remains fairly stable between
the two settings. This demonstrates that PRDBench can effectively
evaluate code agents in both constrained and unconstrained devel-
opment environments while maintaining reliable differentiation.

5 CONCLUSION

In this work, we introduce PRDBench, a PRD-centered benchmark
that enables flexible and comprehensive evaluation of code agents
at the project level with reduced annotation costs. Our agent-driven
construction approach greatly reduces annotation cost and enables
efficient creation of project-level benchmarks. We further propose
EvalAgent and a corresponding flexible metric scheme to support
comprehensive and adaptable evaluation of code agents. Based on
these innovations, PRDBench provides a scalable and realistic foun-
dation for advancing research in automated software development
and code agent evaluation.
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