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Introduction
Unit testing plays a crucial role in software development, as
it ensures that individual components of a system work as
intended by testing them in isolation. These tests help devel-
opers catch bugs early, maintain code quality, and streamline
future development by making refactoring safer and more
reliable (Tosun et al. 2018). However, creating unit tests is
often time-consuming, repetitive, and labor-intensive. As a
result, many developers tend to de-prioritize writing com-
prehensive tests (Daka and Fraser 2014), leading to technical
debt and decreased software reliability over time.

In recent years, the advent of large language models
(LLMs) has revolutionized many aspects of software en-
gineering, from code completion to full-scale code gener-
ation (Jiang et al. 2024). This technological shift has also
highlighted the growing need for automated testing systems
that can complement and aid these advances. For example,
many code generation systems rely on automated test gener-
ation and execution to iteratively develop code (Huang et al.
2024a; Chen et al. 2022; Huang et al. 2024b). However,
current test creation approaches lack the accuracy and code
coverage to fully support developers or be a reliable indica-
tor for code generation tasks. As software systems become
more complex and developers increasingly rely on LLM-
generated code, the ability to automatically generate high-
quality unit tests is becoming more important than ever. This
work proposes QAagent, a multiagent system that leverages
LLMs’ abilities to write pseudocode for functions in code to
improve the coverage of LLM-generated unit tests.

Methodology
QAagent and its overall pipeline are depicted in Figure 1.
The process begins by providing information, such as a func-
tion header and a comment describing its function, into the
code architect agent. Once the code architect agent has gen-
erated pseudocode in natural language of how the function is
most likely to be implemented, the test generator agent cre-
ates a comprehensive suite of test cases to cover basic and
edge cases, predicated on the function header, the comment
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Figure 1: An Illustration of the QAagent Workflow with an
Example from the HumanEval Dataset

describing the goal of the function, and the generated pseu-
docode.

Code Architect Agent: Natural Language Code
Planning
The code architect agent employs a LLM to generate a nat-
ural language plan of how a function will be implemented.
By omitting the implementation step, the system mitigates
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the mistakes that LLMs often make during the code gener-
ation process. The agent is prompted to utilize a Chain-of-
Thought approach (Wei et al. 2023) to methodically break
down the task of planning how a function will be imple-
mented into smaller, granular efforts. For example, the agent
typically considers the function signature and the provided
comment, and then fleshes out the idea. Following this, the
LLM generates the pseudocode in natural language. The
pseudocode is structured as comments to be placed into the
code without issues at the test execution stage.

Test Generator Agent: General and Edge Cases
Before the test generation step, the natural language pseu-
docode is appended to the function header and comments
describing the function’s aims and any other pertinent in-
formation. The test generation agent also utilizes an LLM.
The agent prompts the model to cover base and edge cases.
Similarly, this agent employs a Chain-of-Thought process
to break down the consideration of the various parts of the
input, as well as base and edge cases, into many steps.

Evaluation
In this section, experiments are conducted in order to an-
swer the following: What is the code coverage of the tests
created by QAagent? And how accurate are the tests created
by QAagent?

Experimental Setup
Benchmarks In this work, QAagent’s effectiveness is
evaluated with two widely used code generation datasets,
HumanEval and MBPP (Chen et al. 2021; Austin et al.
2021). Though these benchmarks evaluate the effectiveness
of generated code and not tests, many prior works using Hu-
manEval and MBPP have reported test generation metrics.

Baselines We report the performance of GPT-4 Turbo, uti-
lizing a zero-shot prompt, on the two benchmarks. Addition-
ally, we compare the performance of QAagent against two
code generation frameworks: CodeCoT and AgentCoder
(Huang et al. 2024a,b).

Metrics Test suites are evaluated on line coverage and ac-
curacy. To compute these values, we execute the generated
tests on the canonical solution for each problem. The cov-
erage results are collected by Coverage.py1. Line coverage
is defined as the percentage of lines of code covered by the
produced tests, and accuracy is the percentage of tests that
pass the canonical solution.

What Is the Code Coverage of the Tests Created by
QAagent?
The coverage results are shown in Table 1. We observe that
the coverage from the tests generated by QAagent is 96.2%
and 96.6% for HumanEval and 87.8% and 87.9% for MBPP,
respectively. These results indicate that QAagent allows for
better test coverage than other test generation mechanisms,
for the most part. For example, AgentCoder scored 84.7%

1https://coverage.readthedocs.io/en/7.6.7/

Strategies HumanEval MBPP
GPT-4 Turbo 77.0 / 79.2 35.5 / 35.9

CodeCoT 74.7 / 77.2 79.3 / 82.9
AgentCoder 84.7 / 87.5 85.3 / 89.5

QAagent 96.2 / 96.6 87.8 / 87.9

Table 1: Code Coverage of Generated Tests. We report code
coverage as the percentage of code lines covered by the first
five test cases / all test cases

and 87.5% for HumanEval and 85.3% and 89.5% for MBPP.
AgentCoder scores slightly higher on test coverage when all
tests are considered for MBPP.

How Accurate Are the Tests Created by QAagent?

Strategies HumanEval MBPP
GPT-4 Turbo 76.2 42.6

CodeCoT 67.1 79.0
AgentCoder 87.8 89.9

QAagent 88.6 52.7

Table 2: Accuracy of the Generated Test Cases

The accuracy results are shown in Table 2. We observe
that the accuracy from the tests generated by QAagent
is 88.6% for HumanEval and 52.7% for MBPP. Though
the HumanEval accuracy score is higher than AgentCoder
and CodeCoT, QAagent’s accuracy on MBPP is drastically
lower than the accuracies observed by AgentCoder and
CodeCoT.

Conclusion
This work presents QAagent, a multi-agent system designed
to improve the generation of unit tests by leveraging the
capabilities of LLMs to create pseudocode for functions.
Through a series of experiments conducted on the Hu-
manEval and MBPP datasets, we demonstrate that QAa-
gent achieves superior code coverage compared to other test
generation frameworks such as AgentCoder and CodeCoT.
Specifically, QAagent’s tests produced significantly higher
coverage on HumanEval and competitive results on MBPP.

However, while QAagent excelled in code coverage, test
accuracy showed mixed results. Though QAagent’s accu-
racy was the highest out of the three strategies on Hu-
manEval, the observed accuracy on MBPP was notably
lower compared to other approaches. This discrepancy high-
lights a key area for future research—enhancing the robust-
ness of QAagent in generating accurate tests across different
datasets. As the difference between HumanEval and MBPP
is mainly that HumanEval provides at least one test case and
a correct answer for this test case, future work could focus
on determining valid answers for just one or two basic test
cases without having access to anything more than a func-
tion definition and a comment describing its aims.
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