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ABSTRACT

Software Testing is an essential but time-intensive discipline within Software Engineering.
Once a software test is in place, we can evaluate its quality using, among other metrics,
mutation testing. This method of analysis uses artificial source code bugs (mutations), and
measures how many of them cause test failure. It is itself notoriously time consuming, but
provides feedback on the essential part of Software Testing: potential fault detection.

Recently, Large Language Models (LLMs) have shown promising results in automating
a wide range of classical Software Engineering problems. Additionally, these models can be
trained to use tools to form so-called agents, capable of completely autonomous work. In
this thesis, we extend research in this direction by providing an agent with various tools
before prompting it for the generation of entire JavaScript test suites. In order to provide
feedback signals on generated test quality, we integrate the JavaScript mutation framework
StrykerJS at various points in the test generation process.

We evaluate the effectiveness and cost of the agentic test generation approach by compar-
ing against an LLM-based JavaScript test generation framework that integrates test quality
feedback, but does not enable autonomous tool calls. Additionally, we measure the effec-
tiveness of the mutation feedback by splitting our experiments into groups with and without
detailed mutant information. We find that our solution can create stronger tests while re-
ducing LLM token costs. Mutation analysis proves to be a useful signal, but only when

scoped correctly.
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CHAPTER 1: INTRODUCTION

Large Language Models (LLMs) have taken the software engineering field by storm. Their
generalization capabilities and impressive performance on generative coding tasks have prompted
research into applying them in classic programming disciplines. One practice where LLMs
are an attractive option is test case creation, a traditionally time-consuming endeavour for
software developers: Daka et al. find that developers spend around 15.8% of their time

writing unit tests.[14]

LLMs are neural language models: their design is inspired by the way human brains processes
natural language. They consist of many small, interconnected computational units which are
(greatly oversimplified) models of human neurons. In LLMs, billions of these computational
units are organized into layers and trained on large bodies of natural language text to learn
statistical patterns in language use. This allows the model to predict and generate text
that is coherent and contextually appropriate, which has proven useful: LLMs have shown
remarkable performance across a broad range of natural language tasks, including machine
translation [63], text summarization [56], and question answering [17].

Before the advent of LLMs, Hindle et al. already observed that software shares many
statistical regularities with natural language [29]. This allowed for joint natural language
and source code modeling, which ultimately led to the powerful code-enabled LLMs we see
today. Modern LLMs are trained on large corpora of both natural language and code, and
can respond to natural language prompts with code completion, function generation, and

reasoning about program behaviour [10].

1.1 Research Gap

As LLMs became capable of producing coherent and semantically plausible code, researchers
started exploring whether they could assist with test creation, which can be labor-intensive.
Typically, an LLM will be prompted with a function under test and tasked with generating
a unit test. The resulting machine-generated tests are often high in readability and decent
in code coverage scores, but they can contain hallucinated code or fail to compile [9]. These
limitations, combined with increasing context windows that allow larger prompts, have led to
the development of iterative test-generation approaches, in which the models are re-prompted
with feedback extracted from previous attempts in order to progressively improve the quality

and correctness of the generated tests.



Such feedback can take the form of execution and compilation results, or test-quality
metrics such as code coverage and mutation scores. These iterative approaches report out-
performing classical (non-LLM), as well as zero- and few-shot approaches. They find im-
proved test correctness, coverage, and robustness compared to previous state-of-the-art [6],
[11], [15], [27], [51], [70].

There is still room for improvement in feedback-driven approaches. Celik et al. [9] have
surveyed LLM-based test generation and find several limitations in such systems. Invalid
test cases are still generated, and test effectiveness takes a hit when programs depend on
external resources or undocumented dependencies. Performance drops when documentation
is ambiguous in general, and when projects are not modular or contain complex structures
like inheritance. To mitigate these limitations, the authors recommend exploring hybrid
approaches that combine LLM-based generation with additional sources of feedback and

program understanding.

1.2 Approach and Research Questions

A natural response to the recommendations from the previous section is to combine LLM
generation with existing, established software engineering tools. Our industrial partner Info
Support, which maintains the mutation testing tool Stryker, is particularly interested in the
effectiveness of mutation analysis as a feedback signal. Stryker, like other mutation testing
frameworks, provides information about whether tests can catch artificial bugs. We select
the JavaScript flavour of the project, StrykerJS, to develop our own hybrid test generation
system and investigate the usefulness of this feedback during the generation process.

The feedback mechanisms used by iterative test generation frameworks depend on ex-
ternal compilers, test runners and static analyzers that each need their own programmatic
integration into the framework. Modularity depends on the implementation details, and
extending the loop with additional feedback will always require a software integration step.
In our solution, we use a simple, recently developed interface between the language model
and the tools that support it: The Model Context Protocol (MCP) [32].

MCP servers provide a well-defined interface that allows an LLM to call external tools
directly, using its own judgement. This can simplify the construction of feedback loops: If
we provide the right prompt and tools, the model makes its own decisions about when to
obtain and act on feedback signals, reducing time spent programming the desired behaviour.
Alongside a custom StrykerJS MCP server, we leverage the MCP interface to provide the
agent with access to a code search tool for gathering context, and access to the filesystem

for reading and writing code.



We provide mutation feedback at two points in the test generation process. First, the
model gets access to fine-grained mutation feedback per API item exposed by the library
under test. Then, after tests have been generated for all items, the agent is provided with
project-wide information on which code blocks still produce a poor mutation analysis signal.
This phase will be referred to as the residual feedback phase

This thesis aims to investigates whether such an MCP-based, feedback-driven architecture
can improve JavaScript unit test generation, and in particular whether making mutation
feedback visible to the model improves the quality of the generated tests. We formulate the

following research questions:

RQ1: How effective is an MCP-based agentic test generation system

for generating JavaScript unit tests?

RQ2: How does incorporating mutation testing feedback through Stryk-
erJS affect the quality of LLM-generated tests?

1.3 Contributions

This thesis makes the following contributions:

o We design and implement an agent that generates test suites for JavaScript libraries.
It implements LLM-based test generation with project exploration, source-code search,

test execution, and StrykerJS-based mutation analysis through tool calls.

o We introduce a mutation-guided generation loop in which the agent can iteratively
improve passing tests using StrykerJS feedback targeted per API item. This allows the
model to simultaneously receive feedback on whether tests execute and whether they

detect behavioural changes in the code under test.

e We add and evaluate a residual mutation feedback phase that gives the agent an
additional opportunity to integrate mutation feedback not emitted by the regular public
API generation loop.

o We empirically evaluate the system on a JavaScript library benchmark derived from
another LLM-based test generator for JavaScript: TESTPILOT [55]. The evaluation
compares hidden and visible mutation feedback conditions, analyzes the cost and ben-
efit of the residual feedback phase, and compares the resulting tests against TestPilot

in terms of correctness, mutation score, and token usage.



The remaining chapters of this document are organised as follows: Chapter 2 con-
tains background information for the relevant technical concepts, Chapter 3 will provide
an overview of the related work, and Chapter 4 details the research questions and method-
ology. Chapter 5 contains the implementation and design rationale. Finally, Chapter 6

reports the experimental results and Chapter 7 provides discussion and our conclusion.



CHAPTER 2: BACKGROUND

In this chapter, we provide relevant background information for the interested reader unfa-

miliar with some of the technical domains involved in the thesis.

2.1 Large Language Models

Large language models (LLMs) are a class of language models that excel in Natural Language
Processing (NLP). As the name suggests, NLP concerns itself with machine-based processing
of natural language. However, the capabilities of modern LLMs have grown far beyond the
processing of natural languages. Many modern models support multimodal inputs (e.g.

images, audio), code generation, and tool use.

2.1.1 History

In order to solve fundamental NLP tasks like speech recognition and natural language gen-
eration, current state-of-the-art LLMs have evolved significantly from their first ancestors in
the 1990s, Statistical Language Models (SLMs) [66].

Statistical Language Models

Given a textual context, these models provide a probability distribution over the set of
possible next words. This distribution is estimated by training on a large dataset that
likely contains the current context. The frequency of all words following this context in the
dataset is then normalized to obtain a probability, after which the next word with the highest
probability is selected. Another name for SLMs is n-gram, referring to this generation of the
n’th word for a context size of n — 1. A severe limitation of n-grams is exponential growth
of the required dataset with increased context size. In practice, this limited the number n of
included words to 1 or 2 at the time [66]. Additionally, SLMs cannot generalize to n-grams
that do not appear in the training data.

Neural Language Models

In 2003, Bengio et al. introduced their Neural Probabilistic Language Model, which was the
first Neural Language Model (NLM) to outperform state-of-the-art SLMs [5]. NLMs rely on

encoding words as large vectors of real numbers, representing points in a high-dimensional



numerical space. With enough dimensions, the position of a word in this space can capture
aspects of its semantics. Words that are close to each other in this space are then likely to
have a similar meaning, and vector operations can be performed to verify the encoding of
semantics.

NLMs derive their name from the involvement of neural networks, which are computa-
tional models inspired by the human brain. They consist of many small units of computation
called neurons. These neurons are stacked in layers which operate on the input signals of
previous layers and gradually adjust the connection weight to different neurons during the
training stage. The layered nature allows NLMs to extract different features of text at dif-
ferent levels of abstraction. The true semantics of these layers are difficult to analyze, but
we can derive an intuitive example by assuming that the extracted features map nicely to
grammar constructs. For example: one layer detects simple patterns like adjective-noun
relationships, and another layer receives these patterns as inputs and finds out which verbs
these adjective-noun combinations relate to. The last layer is the size of the model’s vocab-
ulary. Each neuron outputs a value between 0 and 1, representing the probability that its
associated token is the next token in the sequence. The next token is then picked from the
highest ranking outputs, with some degree of randomness.

The randomness in this sampling process is controlled by a parameter called tempera-
ture. Temperature modifies the probability distribution over possible next tokens before the
final token is selected. A low temperature makes the distribution sharper, meaning that the
model is more likely to select high-probability tokens and therefore produce more predictable
output. A higher temperature flattens the distribution, which gives tokens of a lower prob-
ability a higher chance of being selected and making the output more varied, but also less

reliable.

Recurrent Neural Networks & Transformers

The NLMs discussed so far handle each input independently: there is no feedback from one
prediction to the next. It is possible to improve performance in tasks involving sequential
data, by adding a feedback loop. That is in essence what a Recurrent Neural Network (RNN)
is. Instead of only feeding information forward to the next layer, neurons in an RNN can
feed their output to a hidden state. This hidden state is combined to the input at every
time step, allowing RNNs to keep information “in memory” in between inputs. RNNs are
very well-suited for processing sequential data like audio streams, and also perform well in
machine translation [37].

However, RNNs struggle when connections between inputs are spread over a longer range,

and their sequential processing cannot be parallelized. These limitations were overcome in



the Transformer architecture, proposed in 2017 by Vaswani et al. [63] The Transformer
allows every token to interact with every other token in the input through a process called
self-attention. Transformers also inject extra positional information to allow parallelization
of this process without losing the order of the input tokens. As a result, the Transformer
achieved state-of-the-art results on machine translation tasks while training faster and more
efficiently. Since then, it has become the backbone of large language models, supporting

further scaling and longer context windows.

Pre-trained Language Models

The increased scaling enabled by the Transformer architecture laid the foundation for the
Pre-Trained Model (PTM) paradigm. Instead of being trained from scratch for the task at
hand, training can be split into a general and specialized phase for large enough models.

In the first stage, pre-training, PTMs are supplied with a large corpus of data for self-
supervised learning. For text generation, self-supervised learning looks like this: Given a
complete sentence in the training data, iterate through the sentence word by word. For
every iteration, provide only the context as input to the model, and set the next (known)
word as a training target. This proved to be an effective way of providing language models
with a basic “understanding” of NLP.

After the pre-training phase, PTMs can be adapted to specific tasks by means of so-
called “fine-tuning”, during which they undergo a final stage of supervised learning. A
simple example is a PTM adapted to sentiment classification. In its final fine-tuning stage,
it receives extra training on a dataset that is labeled by humans with labels like “positive”
and “negative”. In 2018, Devlin et al. brought the pre-trained paradigm to natural language
processing, with the Transformer-based BERT model [17]. BERT surpassed state-of-the-art
prior work in multiple NLP benchmarks, and supported simple fine-tuning for a variety of
tasks.

Large Language Models

The success gained by large PTM models based on the Transformer architecture like BERT
(its large version had 340 million parameters) prompted research into scaling them even
further. It turns out PTMs scale remarkably well, and parameter counts and training data
size grew quickly. More funding and research led to the development of models with billions
of parameter. By 2020, Brown et al. presented GPT-3 with 175 billion parameters [7].
Their model demonstrated that massive scale and self-supervised pre-training enables strong

performance, without requiring any fine-tuning. Models of such scale became known as Large



Language Models, named after the large numbers of parameters used in their neural networks
and the massive datasets they are trained on. They have proven useful in a variety of research

fields including medicine, law, finance, and education [66].

2.1.2 Cost

LLM providers typically bill usage based on the number of tokens processed by the models.
One token does not necessarily translate to one word or character, but refers to a unit of text
produced by a tokenizer. A tokenizer might convert entire words to single tokens, but often
words are split into multiple tokens. The cost of an LLM request is therefore dependent on
the size of the natural language context (often a query) that a user provides, called a prompt,
and the number of output tokens. However, it is not always possible to precisely calculate
the cost of a prompt beforehand, since some providers keep their tokenizers private.

Most LLM providers also distinguish between input and output tokens, and generally
charge more per output token. This happens because during the input processing phase, the
model can process the previously mentioned self-attention over the prompt in parallel. When
the model starts outputting tokens, each next token depends on the previous output. This
means that the output phase is sequential across tokens, which keeps resources occupied for
a longer time.

There is a third category: cached input tokens. When the same prompt prefix is reused
across requests, e.g. a system prompt with tool instructions, providers can cache the input
after processing and charge a lower rate for later re-use of those tokens. We can see the

proportions in the pricing of some contemporary models available in Table 2.1.

Table 2.1: Example API token prices for selected LLM providers

Provider Model Input Cached input Output
OpenAl [47]  GPT-5.5 $5.00 $0.50  $30.00
Anthropic [3] Claude Sonnet 4.6  $3.00 $0.30  $15.00
Anthropic [3] Claude Haiku 4.5  $1.00 $0.10  $5.00
Google [26]  Gemini 3.5 Flash  $1.50 $0.15  $9.00

Prices are shown in USD per one million tokens.

Trends

The cost of LLM inference has generally decreased when measured relative to model capabil-

ity: over time, achieving similar levels of benchmark performance has become cheaper [13],



[58]. However, this does not mean that newly released models are cheaper than their pre-
decessors. Frontier and reasoning-oriented models can be priced substantially higher than
smaller or older models. Additionally, they often have larger context windows or longer
responses, which can further increase the total cost of a task. For example, GPT-4.5 was
introduced after GPT-40 and much more expensive: input prices increased from $2.50 to
$75 per million and output tokens went from $10 to $150 per million [45].

It should be noted that these numbers are publicly listed API prices instead of the actual
cost for providers when serving a request. The real cost of inference depends on many
different physical factors like the operational expenses for data centers alongside business
considerations. As a result, listed prices cannot be interpreted as a direct measurement of
the cost of inference. They are still relevant for the of API users, because they determine

the actual cost of using these models.

2.1.3 Prompt Engineering

Because natural language is inherently flexible, the prompts that language models process can
be expressed in many different forms, and small differences in phrasing can affect the quality
of an LLM’s output [8]. The search for optimized prompts became its own discipline: prompt
engineering. However, the internal “reasoning” processes of LLMs are poorly traceable and
interpretable due to very large size of the models and their computational complexity. This
makes prompt engineering a process of mostly trial and error, sensitive to model-specific

behaviour. Still, some general techniques have been published.

Zero- and Few-shot prompting

Zero-shot prompting is a simple prompting technique, which only requires writing natural
language instructions or task descriptions. A zero-shot prompt contains no examples, unlike
the few-shot prompting technique proposed by Brown et al. in 2020 [7]. The authors’ strategy
consists of providing a few solved tasks alongside the actual task description. They demon-
strate that this improves the performance of GPT-3 considerably, performing comparably to
fine-tuned models across a variety of benchmarks. However, in 2021, Reynolds et al. have
found simple zero-shot prompts that can outperform few-shot prompts [52]. They explain
that examples do not always help because the LLM might misinterpret them as part of the
task description, instead of providing general guidance. In a 2023 survey on zero-prompting,
Li. et al. argue that examples in few-shot prompting lead to biased predictions [38]. This
could decrease performance for the unseen tasks that differ from the examples too much.

These mixed results highlight the fragile nature of prompt engineering: comparing results

10



across the large number of ways to phrase a task in natural language is difficult. Especially

for LLMs whose internal semantics are hard to trace.

Chain-of-Thought

In 2022 Wei et al. proposed Chain-of-Thought prompting, which involves providing step-by-
step solutions for the example problems included in few-shot prompts [67]. After performing
experiments on various reasoning benchmarks, the authors conclude that their relatively
simple technique improves reasoning capability for sufficiently large LLMs. That same year,
Kojima. et al demonstrate that a zero-shot version of this technique also leads to significant
gains in reasoning performance over simpler zero-shot techniques [34]. This can be achieved

by simply appending “Let’s think step by step” to a zero-shot prompt.

2.1.4 LLMs for Code

LLMs are not limited to interpreting and generating natural languages. Provided with
sufficient training, they can operate on programming languages just as well. An example
is OpenATl’s Codex family of GPT models, fine-tuned on GitHub code. In 2021, Chen et
al. describe the training process of the first Codex model and evaluate its performance [10].
It outperformed contemporary GPT models at code generation tasks, but suffered some
limitations like struggling with correctly generating long chains of operations.

Still, code completion and generation became some of the most popular and commercially
successful applications of LLMs. A notable example is the Codex-powered Visual Studio
Code extension GitHub Copilot. It was introduced as a preview in June 2021, before GitHub
made the tool generally available to individual developers in June 2022 [21], [24]. Its rapid
adoption suggests that code completion and generation became one of the first commercially
significant applications of LLMs in software engineering. For example, Microsoft reported
in early 2024 that GitHub Copilot had more than 1.3 million paid subscribers and was used
by more than 50,000 organizations [41]. As new developments in LLMs research improved
code generation, applications shifted to more complex generation tasks, including automatic

generation of test suites.

Challenges

When prompting LLMs for complex code-related tasks, the context window (maximum size
of the prompt + output) limits the analysis of complex programs. This can cause LLM-
based test generators to struggle with generating sensible tests for programs that depend on

multiple internal modules.
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A related challenge is dependency understanding on the repository level. In 2025, Du et
al. introduced DEPENDEVAL, a benchmark for evaluating LLMs on dependency recognition,
repository construction, and file editing on real-world repositories [18]. Their results show
substantial performance gaps on tasks that require models to infer dependencies and maintain

consistency across files.

2.2 Al agents

When LLMs are provided with tools they can control autonomously, they become Al agents.
Although some authors make an explicit distinction between agent-based and agentic sys-
tems (the latter referring only to interconnected multi-agent systems [54]), we will use the
word agentic to ergonomically refer to autonomous, tool-using behaviour. Recently, LLMs
have proven to be effective drivers of agentic workflows after various LLM providers started
supporting external function calling and tool use. American Al research organization Ope-
nAl pioneered external function calling in the API for its GPT models [22]. Soon after,
the organization developed ChatGPT plugins, which enable developers to integrate their
external tools with the Ul of OpenAl’s chatbot. In the following period, numerous other
providers like Google [22] and Microsoft [23] launched custom tool and plugin interfaces for
their LLMs. Enabling external tool functionality usually involves an extra training step that
teaches the models to output special tokens to request an available tool. The introduction of

a variety of such interfaces with different syntax fragmented the development landscape [30]

2.2.1 Model Context Protocol

In 2024, the American AT company Anthropic (known for developing the LLM family Claude)
released the Model Context Protocol [32] in an effort to unify engineering efforts. It is an
open standard for registration, exploration, and execution of tools for Al agents. Inspired by
the Language Server Protocol [44], which standardizes communication between IDEs with
language intelligence services, the standard contains specifications for hosts, servers, and
clients. The host is the Al application itself, often in the form of a chatbot or an Interactive
Development Environment. External tools and resources are available on dedicated MCP
servers. When a host needs access to an MCP server, it launches an MCP client that
connects with the server and discovers the available tools. The MCP server advertises its tools
(endpoints and usage schemas), resources (data) and pre-defined prompts. This information
is then provided to the host, after which the agents may begin using the available resources.

Besides the standard output of a tool call or resource request, the MCP server can send

12



notifications. The MCP client can communicate these back to the host, to keep the Al
application up to date with e.g. progress updates. Another interesting innovation of MCP
is the possibility of bidirectional communication: If the host allows it, an MCP server may

sample the host Al application for additional information during a tool call.

2.3 Mutation Testing

Mutation testing is a powerful tool in Software Testing that allows developers to test the
effectiveness of a test suite by following a straightforward process. First, the syntax of the
program under test is mutated some way that is intended to modify its semantics. The
next step is detecting whether the test suite detects this “mutation” and fails, or if the
mutation survives and all tests succeed. In order to derive useful conclusions from these
outcomes, two important assumptions must be made. The first is that programmers generally
make programs that do not differ greatly from their intended functionality (Competent
Programmer Hypothesis). This narrows the scope of mutation analysis down to mutants
that are close to the correct program. The second assumption is that test cases sensitive
enough to “kill” simple faults (i.e. fail on a mutated program) are likely sensitive enough to
kill more complex faults. The combined effect of these hypotheses is powerful: by generating
artificial, simple mutations, we can simulate real and complex bugs.

The results of mutation analysis are useful in practice: Instead of waiting for real faults to
appear or manually reasoning about the thoroughness of a test suite, developers can obtain a
quantitative measure of test adequacy. Mutation testing can highlight untested behaviours,
weak assertions, and missing edge cases.

Although the core idea is simple, mutation testing remains an area of active research

more than 50 years after it was first suggested by Lipton in a student report in 1971 [39].

Mutation Operators

Mutation testing works by introducing changes to source code using a set of possible mu-
tations defined as mutation operators. For example, an arithmetic mutation operator might
replace a + sign with a -, while a relational operator mutation could change > to >=.

Most mutation testing frameworks allow users to select which mutation operators to ap-
ply. This flexibility enables trade-offs between thoroughness and computational cost. Intro-
ducing more operators will produce a larger number of mutants, increasing the time required
for analysis but potentially revealing new weaknesses. In practice, developers often adjust

these settings depending on available resources: for example, running a more exhaustive
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mutation analysis during periodic quality assessments, and using a smaller operator set for

faster, continuous integration feedback.

2.3.1 Metrics & Mutant Equivalence

A commonly used mutation-based metric for test suites is mutation score, which is defined
as the ratio of killed mutants to generated mutants. A low mutation score means that many
injected faults (mutants) survived the tests, which indicates weak fault-detecting ability. A
high mutation score means that most mutants were killed, showing that the test suite is
effective at catching bugs.

The accuracy of mutation score as a test effectiveness metric is subject to one problem:
equivalent mutants. An equivalent mutant is a generated mutant that is semantically equiva-
lent to the original program. Executing a test suite on such a mutant is a waste of resources,
and can make the resulting mutation score less reliable: An equivalent mutant is impossible
to kill, since it will always return the same outputs for all test inputs. Generating equivalent
mutants will therefore result in a pessimistic estimate of the true mutation score. However,
finding out if two programs are equivalent is a fundamentally undecidable problem. As a
result, many tools include them in the mutation score unless they are manually inspected
or removed by additional analysis. Mutation testing tools do often automatically discard
mutants that are syntactically invalid, fail to compile, or cannot be executed due to runtime
or configuration errors.

Another equivalence problem occurs when two mutants are functionally identical to each
other, but different from the source program. These so-called redundant mutants will always
be killed by the same test cases, so generating and evaluating them again is a waste of
resources. Additionally, killing a redundant mutant skews the mutation score more than it
should, because it is increased twice for an equivalent mutation. The opposite holds for a

surviving redundant mutant.

State-of-the-art Equivalent Mutant Detection

Equivalent mutants are a practical problem: the rate at which they are produced varies with
programming language, mutation operators, and programs, but empirical studies commonly
find non-trivial proportions. For example, Kushigian et al. manually analysed 1,992 mutants
from seven open-source Java projects and identified 215 equivalent mutants, with a median
equivalent-mutant rate of 2.97% [35]. Reducing equivalent mutant generation rates would
improve the usefulness of mutation scores and potentially boost the adoption of mutation

testing, which is why it is an area of active research. A wide variety of algorithms, heuristics,
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and verification methods has been introduced to the mutation testing community throughout
the years, and recent LLM-based equivalent mutant detection has shown promising results
(see Section 3.3).

2.3.2 Strong and Weak Mutation Testing

A more accurate name for the process described so far would be strong mutation testing. This
refers to the case where mutations are used to validate test oracles (i.e. checks) specifically:
Given a (non-equivalently) mutated PUT and our input test data, do our assertions and
checks kill this mutant? The process is powerful, but executing the test program fully for
all test inputs can be prohibitively expensive for many larger software systems.

In 1982 Howden et al. proposed weak mutation testing [31] to mitigate this problem.
Weak mutation testing uses more relaxed criteria for the killing of mutants, meaning a weak
mutation test does not require a different output in order to kill a mutant. Instead, there is
only one condition: Is there a test input with which we reach a different state right after the
mutated statement? Intuitively, this means that we are no longer validating the test oracles,
but checking that the test inputs reach the mutated state, and that the test is “sensitive”
to the mutated code. On its own, this does not prove anything, but the absence of such a

sensitivity means that there is a potential gap in the test data.

Example

A classic example to illustrate the otherwise abstract difference between weak and strong mu-
tation testing, is presented below. Listing 2.1 contains the original function, while Listing 2.2
shows the same function with a mutated comparison operator.

In this case, the mutation changes the relational operator from > to >=. Assuming numeric
inputs, this mutation is equivalent under strong mutation testing: there is no input for which
the original and mutated functions return different values. When a > b, both versions return
a; when a < b, both versions return b; and when a == b, the original takes the false branch
while the mutant takes the true branch, but both branches return the same value.

However, the mutant is not equivalent under weak mutation testing. For the input max (3,
3), the original and mutated programs take different branches immediately after evaluating
the conditional. This creates an internal state difference, even though the difference does
not propagate to the output. A test suite consisting only of assertEquals(max(3,3), 3)
would therefore be deemed acceptable by weak mutation testing, but not by strong mutation
testing. The mutant is weakly killed, but it cannot be strongly killed.

In practice, weak mutation testing sacrifices accuracy for a significant performance boost.

15



export function max(a, b) { 1 export function max(a, b) {

if (a > b) { 2 if (a >= b) {
return a; 3 return a;
} else { 4 } else {
return b; 5 return b;
} 6 }
+ 7}
Listing 2.1: Original function Listing 2.2: Mutated function

It has recently seen use for validating deep learning models, but industrial adoption is still
limited. For the remainder of this thesis, we will only discuss strong mutation testing, as
that is the kind that Stryker provides.

2.3.3 Mutation Testing With Stryker

Stryker Mutator is an open source framework for strong mutation testing with support for
JavaScript, C# and Scala [59]. Its architecture is the same across all flavours, though some
features are not feasible or implemented for all languages. Recent work describes strykerJS as
a state-of-the-art mutation testing tool for JavaScript [62]. Stryker.NET is also a recognized
mutation testing tool in its ecosystem, and is used as the example tool in Microsoft’s official
documentation on mutation testing for .NET [42].

The rest of this work will focus on StrykerJS, the JavaScript flavour of the framework. It
supports most many major JavaScript and TypeScript test runners through a plugin system,
together with a generic solution for other cases. In this thesis, we will use the Mocha runner,

which runs tests through the widely used JavaScript test framework Mocha.

Dry Run

After StrykerJS mutates the target source code, it performs a so-called “dry-run”. During
this phase, Stryker simply executes the tests suite with mutants disabled, and aborts if any
tests fail. It is a relatively cheap way to identify configuration errors or broken tests before

spending computation on the expensive actual mutation testing.

Nondeterminism

Multiple StrykerJS runs on the same project can produce different mutation scores. One

cause is that an inconsistent test suite will naturally produce inconsistent mutation result:
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a flaky test that happens to pass the dry run and then fail during mutation testing will kill
mutants that might survive in another run.

StrykerJS classifies the results of mutation testing per mutant as killed /timed out/sur-
vived/no coverage. The timeout classification also leads to a variance in mutation score.
Reducing the timeout threshold can increase the number of timeouts and vice versa. Even
with the same threshold between runs, small differences in scheduling and resource use can

make a difference.

Reports

After executing a mutation test, Stryker provides a detailed report alongside the mutation
score and error rates. The mutation report contains the modified source code of each mutant
and an indication of whether it was killed, and by which test. There is a variety of reporting
formats available, including a remote dashboard and real-time output. If it becomes clear
that additional context may be helpful, Stryker’s modular architecture allows for the creation

of custom (reporter) plugins.
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CHAPTER 3: RELATED WORK

Mutation testing is not a new technology, but LLM-based test generation has only recently
entered the software engineering research space. Using mutation score as feedback for this
test generation is an even newer direction, but it has already produced some promising
research. This chapter will give an overview of related work in these areas, and identify

research gaps.

3.1 LLMs for Software Testing

Given the time-consuming nature of writing software tests, it is no surprise that there is
plenty of research available for offloading tasks in this domain to LLMs. In one of the first
large surveys of studies researching LLM-enabled software testing, Wang et al. identify 102
papers (dated up to October 2023) from 4 databases based on relevancy and quality [65].
They find that major categories of LLM application in this domain are test case preparation,
test oracle generation, and program repair. We limit our exploration to test case preparation,
i.e. generating test inputs and execution steps, and test oracle generation: judging whether
the displayed behaviour is correct, e.g. through assertions. We will treat both as elements

of test case generation in order to simplify cross-referencing with other papers.

3.1.1 Surveys of the Landscape

Wang et al. survey LLM use in software testing and report that test-case preparation
is among the most studied tasks [65]. They note that about a third of reviewed studies
use pre-training or fine-tuning, while prompt-based approaches are dominated by zero-shot
and few-shot prompting; more advanced strategies such as chain-of-thought are rarely used.
They identify improved oracle handling, more rigorous evaluation, advanced prompting,
and tighter integration with traditional testing techniques as important future directions. In
particular, they discuss the use of accompanying techniques alongside LLMs, which motivates
later work that combines LLM prompting with static analysis, dynamic analysis, or execution
feedback.

Many of their conclusions and recommendations are consolidated by Zhang et al. in their
2025 survey on the use of LLMs, specifically for unit testing [71]. They describe a shift in the
field from model adaptation toward prompt- and context-based techniques. Earlier studies

often adapted models to testing tasks through pre-training, fine-tuning, or reinforcement
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learning, partly because then-available models had weaker out-of-the-box code-generation
capabilities. Later studies more often rely on stronger general-purpose or code-oriented
LLMs and focus on improving the information provided to the model, for example through
prompt engineering, retrieval, or feedback from test execution. Despite this progress, Zhang
et al. report that generated tests still suffer from compilation errors, incorrect assertions,
and inconsistent evaluation standards. They therefore recommend combining LLMs with
software-engineering techniques such as static analysis, dynamic analysis, and execution
feedback.

Celik et al. provide an even more recent perspective in their review on test case gener-
ation, which includes papers until July 2025 [9]. They identify similar challenges: compi-
lation errors and test oracles that cannot distinguish correct from incorrect behaviour are
still prominent obstacles. In addition, they heavily emphasize the need for comprehensive

metrics and universal benchmarks.

Utilized LLMs

Celik et al. report that the majority of the LLMs used in test generation research belong
to the OpenAl GPT family [9]. The popular models GPT-3.5 and GPT-4 were available
early, and have strong zero-shot learning capabilities. Additionally, they have a rich, ex-
tensively documented ecosystem compared to smaller or open-source models. Still, many
researchers include open-source models like LLaMA, CodeLLaMA and DeepSeek Coder to
improve transparency and reproducibility.

Godage et al. conduct a comparison study including GPT-40, Claude 3.5, Command-
r-plus-08-2024, and Llama 3.1 [25]. The generated tests are measured by test success rate,
statement coverage, and mutation score. Claude 3.5 ends up as the top performer in all
categories.

These findings are in line with the results of the LiveBench benchmark introduced by
White et al. in 2024 [68]. LiveBench consists of new benchmarks for six LLM task categories
including coding. The questions are refreshed every 6 months and the authors claim that the
questions are uncontaminated (i.e. not seen in any LLM training data). claude-3-5-sonnet-
20240620 (a version of Claude Sonnet 3.5 released in June of 2024) outperforms 39 other
LLMs in the coding category and scores second best overall, just behind OpenAl ol.

Metrics & Benchmarks

Zhang et al. report that among LLM-based unit test generation studies, code coverage is the

most commonly used metric, followed by pass rate and compile rate [71]. Coverage tools are
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available in many ecosystems and show whether generated tests execute the source code, but
do not indicate whether their assertions actually check for the intended behavior. This is why
mutation score is a useful complementary metric: instead of measuring only execution, it
measures whether the test suite detects actual behavioral changes in the program. Table 3.1
summarizes the metrics from Zhang et al. that are most relevant to test generation from

source code alone, where no reference implementation or formal specification is available.

Table 3.1: Selected metrics for LLM-based unit test generation

Metric Count Description

Code Coverage 38 The percentage of code (e.g., lines, branches) executed by
a test suite. Indicates how much of the system is explored
by the generated tests. Useful for measuring exploration
of the code under test, but not assertion quality.

Pass Rate 27 The proportion of generated test cases that execute with-
out failing, and have no failing checks (assertions). This is
only an executability metric: A high value does not nec-
essarily imply that the tests catch faults in the system.

Compile Rate 21 The percentage of generated tests that successfully com-
pile. This is a stricter criterion than syntactic validity,
because syntactically valid tests may still fail due to type
errors, missing imports, unavailable symbols, or incorrect
use of the test framework. For interpreted languages,
comparable measures include import success, parse suc-
cess, or execution success.

Syntax Rate 14 The proportion of generated test code that is syntacti-
cally valid. A weaker executability metric than compile
rate: syntactically valid code may still fail to compile or
execute.

Mutation Score 9 The proportion of non-equivalent mutants killed by the
generated test suite (see Section 2.3.1).

Bug Detection 8 The ability of tests or generated code to reveal faults.
Tested on datasets with known, ground truth bugs.

Cyclomatic Complex- 2 The number of independent control-flow paths through

ity code. It is framed as a maintainability or readability met-
ric for generated tests, not as a measure of fault-detection
power.

Note. The counts refer to the number of papers, out of 105 papers reviewed by Zhang et al.; that
report each metric [71]. The counts are not mutually exclusive, since a single paper may report
multiple metrics. The following metrics were omitted because they require a predetermined “correct

answer” for comparison, which is not available when new tests are generated from source code alone:
Correct Rate, Syntactic Accuracy, BLEU, and CodeBLEU.

One issue that the authors report is that many studies only evaluate a very limited

selection of metrics. Zhang et al. [71] report that most test generation studies rely on code
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coverage, pass rate, and compile rate, while only eight examine whether generated tests
uncover real-world bugs. One case only reports the number of generated tests [53].
Another significant problem is the lack of standardized benchmarking. In order to make
a meaningful comparison across different test generators, it is essential to evaluate them
on the same input programs. However, the datasets used in practice vary wildly: Zhang
et al. [71] attempt a performance evaluation but find that all included papers benchmark

against a different dataset, so no cross-comparison can be done.
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3.2 Techniques for Enhancing LLM-Based Test Gener-

ation

The black-box nature of LLMs turns prompt engineering (discussed in Section 2.1.3) into
more of an art than a science. Slightly modified wording in a prompt might have a significant
effect on LLM output, but the reasons might be hard to trace. Still, providing extra con-
text does generally improve the quality of outputs, which can be empirically verified. Roy
Chowdhury et al. [53] present a simple example; they find an increased number of generated
tests when augmenting their prompt with type information and method signatures.

This idea can be expanded across different types of context, or even providing dynamic
feedback in loops. Several recent LLM-based unit-test generators therefore combine prompt-
ing with additional static context, execution feedback, repair loops, coverage guidance, or
mutation feedback. Zhang et al. [71] see this as part of a broader trend toward hybrid LLM-
based unit-testing techniques. This section provides a deep dive with concrete examples of

such contemporary test generators.

3.2.1 Mutation-guided Test Generation

As shown in Table 3.1, many LLM-based test generation techniques discussed in the inves-
tigations in Section 3.1.1 use metrics such as line or branch coverage. However, coverage
alone is not a complete metric for test effectiveness: a test suite may achieve high coverage
yet still detect very few actual faults. For instance, recent work shows that some generated
test suites achieve 100% line coverage yet only 4% mutation score [64].

The computational cost of mutation analysis remains a drawback, but it is less prob-
lematic when used for one-time use for test generation instead of continuous test execution.
Moreover, LLM-based test generation can imply a context where extra computation is ac-
cepted as the cost of automation: LLMs facilitate a high degree of automation, but have
relatively high latency and compute costs. Still, the stronger justification is that mutation
score captures a property that coverage does not: whether generated tests are capable of

catching behavioral changes in the code under test.

MuTAP

One of the firsts report of an LLM-based test generation system guided by mutation anal-
ysis was MUTAP, released by Dakhel et al. in July 2024 [15]. The system takes a python
program under test as input together with an LLM and the type of initial prompt (zero-
or few-shot). The LLM is prompted with an initial prompt, and the resulting unit test is
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syntax-checked and refined. syntax errors are fed back into the LLM, and all assertions in
the test are updated to expect the actual values produced by the test inputs. Then MUTAP
runs the Python mutation testing tool MutPy. All surviving mutants are returned in an
“augmentation prompt” that tells the model to add a test killing the mutant. MUTAP iter-
ates while there are surviving mutants that have not yet been used for prompt augmentation
stops when all mutants are killed or when no unused surviving mutant remains. Finally, MU-
TAP applies a minimization algorithm to retain the smallest set of assertions that preserves
the achieved mutation score.

The results are encouraging: on HumanEval, the best MUTAP configuration achieves a
mutation score of 93.57%, killing 1179 out of 1260 mutants. This is a significant increase from
65.94% and 649 killed mutants for Pynguin, a fully automated unit test generation framework
for Python, which uses traditional test-generation techniques to produce regression tests
with high code coverage [40]. It also reaches a perfect mutation score for 114 out of 164
PUTs, compared with 46 for Pynguin. On the Refactory benchmark of real buggy student
submissions, the same configuration detects 94.91% of bugs, compared with 67.54% for
Pynguin [15]. These results make MUTAP a useful example of mutation analysis being
used not only as an evaluation metric, but also as feedback for improving LLM-generated

tests.

ACH

Meta engineers introduced a similar iterative mutation-guided system in February 2025,
when they reported on successfully integrating a tool called ACH with their pipeline [19].
The engineers instruct an LLM to create mutants simulating real-world issues, and then
prompt an LLM to generate a test in order to kill this mutant. Additionally, there is an
LLM-enabled equivalent mutant detection step to improve resource efficiency. Overall, 73%
of generated tests were useful enough to accept into the test suite, enough to prove the worth

of this paradigm in industrial settings.

MutGen

Later in 2025, Wang et al. introduce an LLM-based framework for generating Java unit tests:
MUTGEN [64]. MUTGEN iterates on its tests with feedback from PITest, also known as PIT,
a widely used mutation testing system for Java and the JVM [49]. The feedback includes the
mutation location, mutant status, and mutation operator. The system also includes a fixing
step for repairing runtime errors, compilation errors, and assertion failures. Test generation

is repeated iteratively: after each round, MUTGEN re-evaluates the current test suite, feeds
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the remaining live and uncovered mutants back into the prompt, and continues until the
mutation score converges or a predefined iteration limit is reached.

The evaluation shows a substantial improvement over the baselines. The main non-
LLM baseline is EVOSUITE, a search-based Java unit-test generation tool that automatically
generates JUnit tests [20]. MutGen achieves mutation scores of 89.5% on HumanEval-Java
and 89.1% on LeetCode-Java, compared with 69.5% and 58.9% for EVOSUITE. Even when
EvoSuite is configured as EVOSUITE,,,; to optimize for mutation score, it reaches only 67.4%
and 58.1% on the two benchmarks [64]. The authors also present the new dataset LeetCode-
Java, extracted from public GitHub repositories containing Medium and Hard LeetCode
solutions. The paper contains an ablation study in which code summarization, fixing, and
mutation feedback are disabled to assess the contribution of each component. In MutGen,
code summarization is a preprocessing step in which the LLM summarizes the behaviour
of the method under test from its implementation, so that test generation is guided by a
description of the actual code rather than only by existing comments or method names.
The authors conclude that this summarization step has the largest impact, because original
comments can mislead the LLM or omit details such as input formats; the fixing step also
matters, especially on LeetCode-Java; and mutation feedback gives an additional, smaller

improvement by helping the model target harder-to-kill mutants.

3.2.2 TestPilot

For JavaScript, the most directly relevant LLM-based unit test generation framework is
TESTPILOT [55]. It targets JavaScript libraries distributed as npm packages, i.e., reusable
Node.js packages that expose an API to client programs. For such a package under test,
TeESTPILOT first dynamically explores the package’s exported object graph to identify ex-
ported API functions. For each discovered function, it records an access path, a signature
with parameter names, and the function body.

TESTPILOT then generates tests for Mocha, a common JavaScript testing framework.
The initial prompt contains the test scaffolding, imports, and the recorded access path and
signature of the function under test. Additional prompts are then produced by adding

different kinds of context. The available prompt refinements are:

o the function body of the method under test;
e documentation comments on the method under test;
o usage snippets mined from documentation;

« a failing test from a previous iteration, together with its error message.
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These refinements are applied independently and in all possible combinations. When several
kinds of context appear in the same prompt, TESTPILOT uses a fixed order: usage snip-
pets, previous failure information, documentation comments, function body, and finally the
function signature.

The authors evaluate TESTPILOT on 25 JavaScript packages from the npm ecosystem,
covering 1,684 API functions. The first 10 packages are taken from the evaluation of NESSIE,
a feedback-directed JavaScript test generator for APIs with synchronous and asynchronous
callbacks [4]. Because those packages mainly cover I/O-related, callback-heavy libraries,
Schéfer et al. add 10 packages from other domains and programming styles, as well as 5
packages hosted on GitLab to reduce the risk that the evaluated code was present in the
LLM’s training data [55].

Compared with NESSIE, TESTPILOT achieves higher median coverage: 70.2% statement
coverage and 52.8% branch coverage, against 51.3% and 25.6% for NESSIE. These differences
are statistically significant in the authors’ evaluation. There is another difference between
the tools: NESSIE generates tests only based on coverage feedback which end up without any
assertions, whereas TESTPILOT often produces more “natural-looking” tests with assertions.
The authors report that a median of 61.4% of generated tests contain non-trivial assertions.
This is the authors’ own proxy for measuring test oracle quality: the number of assertions

which depend on at least one function from the package under test [55].

3.3 LLMs for Equivalent Mutant Detection and Mu-

tant Generation

As mentioned in Section 2.3.1, equivalent mutants are a major challenge for mutation testing
because they reduce the reliability of the mutation score and introduce unnecessary execu-
tion effort. Recent work has explored whether LLMs can help detect such mutants more
accurately. In addition, LLMs have been investigated as a way to generate mutants that
better resemble real-world bugs than traditional operator-based mutation tools.

Tian et al. claim to be the first to systematically study LLM-based strategies for equiv-
alent mutant detection [61]. They evaluate several LLM-based techniques on 3,302 method-
level Java mutant pairs and report substantially better scores than existing equivalent mutant
detection methods. Their study also considers efficiency, measuring training and inference
time, and concludes that LLM-based techniques can offer a favorable trade-off between de-
tection effectiveness and the computational overhead of equivalent mutant detection.

On the mutant generation side, Tip et al. show that their LLMORPHEUS can generate
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effective custom mutants using LLMs. These mutants are generated by an LLM from the
surrounding code context, and then executed and classified using a modified version of Stryk-
erJS [62]. This approach targets a specific limitation of traditional operator-based mutation
testing: fixed mutation operators can only generate faults expressible by their predefined
syntax transformations, while some real-world bugs require more context-specific changes.
In a case study of 40 real-world bugs, LLMORPHEUS generated mutants that were syntacti-
cally identical to the buggy code in 10 cases and generated mutants that produced the same
test failures as the real bug in 26 additional cases. These results suggest that LLM-based
mutant generation can improve the expressiveness and realism of mutation analysis, though

the problems of equivalent mutants and mutant execution cost remain relevant.
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CHAPTER 4: RESEARCH QUESTIONS &
METHODOLOGY

Chapter 1 introduced the goal of this thesis: evaluating whether an MCP-based, feedback-
driven agent can generate effective JavaScript unit tests, and whether visible mutation feed-
back improves the quality of those tests. This chapter turns those goals into an experimental
design. We reiterate on the main research questions and introduce additional validation ques-
tions. Finally, we define the experimental conditions, metrics, benchmark suite, and LLM

settings used to answer them.

4.1 Research Questions
The main research questions of this thesis are:

RQ1: How effective is an MCP-based agentic test generation system

for generating JavaScript unit tests?

RQ2: How does incorporating mutation testing feedback through Stryk-
erJS affect the quality of LLM-generated tests?

RQ1 evaluates the complete system as a test generator. It is answered using the generated
tests’ pass rate, non-triviality rate, coverage, mutation score, mutant outcome breakdown,
and token usage. RQ2 isolates the contribution of visible mutation feedback within the
agentic system. It is answered by comparing an agent configuration where successful muta-
tion feedback is hidden from the model with one where StrykerJS feedback is visible during
generation.

For each of these main research questions, we provide two validation questions to guide

our investigation:

VQ1.1: How does the correctness, coverage and mutation score of
tests generated by the agentic approach compare to those generated
by TestPilot?

VQ1.2: How does the token and runtime cost of the agentic approach

compare to TestPilot’s light context test generation baseline?
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VQ2.1: How does mutation feedback targeted to the API item level

affect project-wide mutation score?

VQ2.2: How does the residual mutation feedback phase affect mutation

score relative to its additional token overhead?

These validation questions do not introduce separate research goals, but are used to
systematically evaluate the existing ones. VQ1.1 and VQ1.2 guide the answer to RQ1 by
evaluating how our agent measures against the JavaScript state-of-the-art, while VQ2.1
and VQ2.2 allow us to go in-depth for RQ2. If the answers to those validation questions
significantly differ, it indicates that the answer to RQ2 depends on how and where StrykerJS’

mutation feedback is integrated.

Variables and constants For RQ2, the only variable we want to evaluate is making per-
item Stryker feedback visible to the model. What remains the same is: all other tooling, the
benchmark suite, the LLM, and the external evaluation pipeline. Additionally, the separate
residual feedback phase is naturally a variable because the final mutation score before the
residual phase starts is always recorded. This means that the pre- and post-residual scores
are available for all runs with a residual phase. For the mutation score achieved by an agent
with access to item-level mutation feedback but no residual feedback phase, we use the term

pre-restdual mutation score.

4.2 Experimental Design

Our evaluation combines a comparison on the system level comparison and a controlled
ablation study. The system-level comparison answers RQ1 by evaluating how effective our
agentic approach is as a JavaScript unit test generator. The controlled ablation answers RQ2
by isolating whether making StrykerJS mutation feedback visible to the model improves the
quality of generated tests. Together, these two parts let us evaluate both the complete

system and the specific contribution of mutation feedback.

Comparison with TestPilot To evaluate the overall effectiveness of the agentic system
for RQ1, we compare it with TESTPILOT, an existing LLM-based unit test generator for
JavaScript (discussed earlier in 3.2.2). One problem with this comparison is that the tool-
enabled agent approach is difficult to compare fairly against an LLM-based test generator
without tool access. Our agent is free to call exploration tools when necessary and can,

thanks to access to tools like read_file and the regex-enabled search, gather much more
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information than is available in TESTPILOT’s harness. However, we will not control for infor-
mation budget, because the difference in context management is precisely what sets the two
approaches apart. We can only compare the outcomes of each system, and do so according
to VQ1.1 and VQ1.2. For test quality, we use VQ1.1 and measure test correctness, coverage,
and mutation score. The latter is not available for TESTPILOT’s published datasets, but
they are complete enough to make retroactive mutation analysis relatively straightforward.
To measure the effect of our approach on cost, we refer to VQ1.2 and track token expenditure

and test generation time.

Mutation feedback ablation To answer RQ2, we follow controlled comparisons accord-
ing to VQ2.1 and VQ2.2. The independent variables they introduce are whether successful
StrykerJS mutation feedback is visible to the model, and at what point in the test genera-
tion process this is presented. In either case, project exploration tools, prompt preparation,
benchmark suite, and LLM configuration are all kept constant.

To answer RQ2 by evaluating the variables presented by VQ2.1 and VQ2.2 requires us

to evaluate three different agent modes:

o« Hidden mutation feedback: the agent receives access to all tooling, but any muta-

tion feedback is redacted.

o Partial mutation feedback: the agent receives model-visible StrykerJS feedback

during test generation.

o Full mutation feedback: the partial feedback condition plus a residual mutation

analysis phase.

To answer VQ2.1, we use the first and second condition. In the first condition, Stryk-
erJS feedback is redacted from the tool response and detailed analysis is unavailable. Failed
StrykerJS calls remain visible, because they can contain information about ordinary test
failures that the model must repair before mutation testing can proceed. The second con-
dition is exactly the same, but makes mutation feedback actually visible. This isolates the
effect of the model seeing mutation analysis per API item. One limitation of keeping these
2 setups so similar is that we can do no meaningful comparison on the tokens used for both
approaches: the hidden condition will waste tokens on executing Stryker calls and interpret-
ing the redacted results, which means it is operating far from maximum efficiency. That is
why we opt to only measure the token costs for the last condition.

Evaluating the third condition is straightforward. In any run with a residual feedback
phase, we simply record the mutation scores and token usage before and after. This allows

us to answer VQ2.2 without introducing an extra agent mode.
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4.3 Metrics

We select metrics from the LLM-related unit testing work surveyed by Zhang et al. [71].
However, not all of the reported metrics are suitable for the evaluation of test quality.
Examples from their report are 'correct rate’, which is only applicable to generation of non-

test code as it needs to satisfy a test suite. We select the following metrics:

o Pass Rate: The proportion of generated tests that execute without errors. The
benchmark harness records the number of passing, failing, pending, and other tests

after running the generated suite.

« Non-triviality Rate (NT"): The proportion of generated tests that contain at least
one non-trivial assertion. Following TESTPILOT [55], an assertion is non-trivial if
it depends on at least one function from the library under test, which we detect by
tracing the assertion’s backward program slice to an import of the package under
test. The purpose of this metric is to separate tests that genuinely check library
behaviour from tests that pass without asserting anything meaningful about it. This
matters because code coverage alone can overstate test quality: a test may execute
the code under test yet verify nothing about it, for example an assertion-free test
that merely does not throw, or a vacuous check such as assert.equal(true, true).
Schaefer et al. introduce the metric precisely because automatically generated tests
“often lack assertions, or only contain very generic assertions |. .. ], or too many spurious
assertions” [55]; a high non-triviality rate is therefore evidence that passing tests carry
real oracles rather than merely inflating coverage. We reuse their definition and adapt

the measurement script to fit our modern environment.

o Code Coverage: The percentage of the program under test that is actually executed
by the generated tests. This is measured on the line, statement, branch, and function

level.

o Mutation Score: The Stryker mutation score of the generated suite over valid mu-

tants.

o Mutant Outcome Breakdown: Stryker provides the absolute counts of killed, sur-
viving, no-coverage, timeout, runtime-error, compile-error, ignored, detected, and un-
detected mutants. These statistics complement the mutation score by revealing why
mutants go undetected: surviving mutants indicate weak assertions over reachable

code, while no-coverage mutants indicate unexplored code paths. We do not directly
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use these metrics for systematic analysis, but record them to aid with explaining any

anomalies encountered during the experiments.

o Token Usage and Cost: We record input tokens, cached input tokens, output tokens,
reasoning tokens where available, total LLM requests, generation time, and estimated
cost. Estimated cost is computed from these counts under the GPT-5.4 API rate in
effect at the time of the experiments: $1.25 per million uncached input tokens, $0.125

per million cached input tokens, and $10.00 per million output tokens.

Together, these metrics capture runtime correctness, assertion relevance, code coverage,

fault-detection effectiveness, and generation cost.

4.4 Benchmark

We evaluate the system on a shared benchmark suite used for the TESTPILOT comparison.
We replicate the 25-package dataset from the original study, described in Section 3.2.2.
This lets us compare the agent against TESTPILOT with the same LLMs, making a direct
comparison possible. Appendix C summarises each library, including its domain, source size,
mutant count, and any interesting features that might affect test generation or evaluation.
During the TESTPILOT replication with GPT-5.4, we marked five libraries in the suite
as incompatible: bluebird, rsvp, memfs, js-sdsl, and fs-extra were skipped in all ex-
periments for the reasons described in Section 6.1.2. The remaining 20 active libraries are

checked out at the same commits listed in TestPilot’s specification.

4.4.1 LLMs

We evaluate the system using OpenAl’s GPT-5.4, a proprietary frontier model released in
March 2026. OpenAl reported strong performance for GPT-5.4 on several agentic bench-
marks at launch, including GDPval for professional knowledge work [48], SWE-Bench Pro
for long-horizon software-engineering tasks [16], and Toolathlon for realistic multi-step tool
use [36]. These results make GPT-5.4 a suitable model for evaluating the maximum effec-
tiveness of our approach. Ideally, we would include a variety of models including open-source

ones, but budget constraints prevent us from doing so.

4.4.2 Temperature

Temperature is a relevant factor in our comparison with TestPilot, but it is not fully con-

trolled. The original TESTPILOT evaluation used low-temperature decoding: for its main
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gpt-3.5-turbo experiments, it sampled completions at temperature 0, while its StarCoder
experiment used temperature 0.01 because that model did not support temperature 0 [55].
Our GPT-5.4 TESTPILOT replication follows this low-temperature setup and runs at tem-
perature 0. By contrast, the main agent runs in this thesis were executed at temperature 1.

Temperature 1 is a relatively high setting for an evaluation experiment. Higher temper-
atures allow more variation in the model’s completions, which can increase exploration and
produce a wider range of possible test cases. However, they also make runs less determin-
istic and can increase the risk of unsupported API assumptions or invalid assertions. This
setting was initially used as the default generation configuration for the agentic loop, but in
retrospect it introduces an avoidable difference between the TESTPILOT and agent runs.

The TESTPILOT comparison therefore cannot be interpreted as a comparison between
only two generation architectures. It also compares a low-temperature TESTPILOT run
with a higher-temperature agent run. The direction of this effect is not obvious: a higher
temperature may help the agent discover more edge cases or alternative test designs, but it
may also reduce reliability. To estimate the sensitivity of our conclusions to this setting, we
include an additional temperature 0 run of the full mutation-enabled agent condition. This
run is not part of the main controlled mutation-feedback ablation, but serves as a robustness
check for the TESTPILOT comparison.

This limitation does not affect the mutation-feedback ablation in the same way. The
hidden-feedback and full-feedback agent conditions are run with the same agent configu-
ration and temperature, so RQ2 still evaluates the effect of mutation-feedback visibility.
Temperature is primarily a threat to validity for the validation questions that compare the

agent against TESTPILOT.

4.5 Runs and Replications

This section details the concrete set of experiments we run to evaluate the conditions (Sec-
tion 4.2) over the benchmark suite (Section 4.4).

For each condition, we use 2 temperature-1 runs to mitigate the effect of the run-to-run
variation. This means we need 4 temperature 1 runs in total: 2 executing the hidden-feedback
condition, and 2 executing both mutation-enabled conditions simultenously. As explained
previously, we can evaluate both conditions in the same run because the pre-residual score
is recorded even in runs with a residual phase.

All four temperature-1 runs use the same agent version and the same flags, and differ only
in whether successful mutation feedback is visible to the model. We additionally execute the

mutation-enabled conditions once at temperature 0 as a robustness check for the TESTPILOT
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comparison described in Section 4.4.2. This brings the evaluation to 5 agent runs in total,

as shown in Table 4.1.

Table 4.1: Agent runs included in the evaluation and the conditions they evaluate.

Run set Mutation feedback Temp. #Runs Conditions

Hidden redacted 1.0 2 1 (hidden)

Full visible 1.0 2 2 (partial), 3 (full)
Full visible 0.0 1 robustnesss check
Total 5
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CHAPTER 5: ARCHITECTURE &
IMPLEMENTATION

Chapter 4 defined the experimental design used to evaluate the MCP-based agentic test
generation approach. This chapter describes the architecture and implementation of the
agent and research harness used to execute that design. The system is built to generate
JavaScript unit tests under controlled experimental conditions and vary the visibility of
StrykerJS mutation feedback while keeping the remaining tool support constant.

The chapter first gives a high-level overview of the system components and their data flow.
It then explains the main design decisions shaping the agent, before separately describing the
implementation details of the agentic generation loop, the MCP tool integrations, robustness

mechanisms, and report formats.

5.1 System Overview

Figure 5.1 shows an overview of the test generation workflow implemented by the research
harness. The process starts when the benchmark harness is invoked for a target library. The
harness prepares the library, starts the required MCP servers, and performs API extraction.
This step identifies the exported functions and methods that will become “todo items” for
the agent.

For each item, the harness constructs a prompt containing the API access path, the
expected test file, a bounded source snippet, and the rules and budgets that apply to the
item. The agent then enters a feedback loop in which it writes or edits tests, validates them,
and requests mutation feedback through the Stryker MCP server. To save computation time,
Stryker is configured to only mutate the code in the source range associated with the active
API item. The returned mutation feedback is used by the agent to strengthen the tests
before closing the item.

After the item is completed or dropped (Section 5.3.5 explains how this happens), the
harness validates the result and records a structured JSON summary emitted by the model.
When all items have been completed, the harness checks the full generated suite for cross-
test failures, possibly starting a repair phase before moving on. Once every item has been
processed, a whole-project Stryker run produces the mutation score.

The optional residual feedback phase starts from this aggregate mutation report, but is

omitted from Figure 5.1 to keep the main workflow readable. Its motivation is discussed in
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Figure 5.1: Sequence-style overview of the agentic test generation workflow, excluding the
residual feedback phase. The non-Stryker MCP tools were omitted for readability. Together
with other lower-level details, they are discussed in later sections.
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Section 5.2.6, and its implementation is described in Section 5.3.6.
Throughout the process, the harness records a large variety of data, including generated

tests, LLM transcripts, verdicts, token usage, test results, coverage, and mutation outcomes.

5.1.1 Repository Structure

The system consists of five TypeScript packages in a single repository. Table 5.1 shows each

package’s high-level responsibility.

Package Role

agent Command-line interface and test generation loop. Connects a language
model to MCP tool servers through an MCP client, with provider-agnostic
model integration through LangChain.

mcp-server Exposes MCP tools: StrykerJS, test runner, source snippet reader, and
public-API explorer.
benchmark Executes the agent on containerized benchmark libraries, validates the

generated tests, and compiles the resulting reports.

report-schema  Shared schemas used by the agent and benchmark for reports, transcripts,
and coverage data.

example-app ~ Small local target for testing & developing new features.

Table 5.1: Packages in the repository and their roles.

5.2 Design Rationale

This section explains the reasoning behind the main design decisions in the harness. Several
of these decisions were motivated by failures observed in an earlier pilot run of a simpler
agent architecture. Table 5.2 summarizes these observations and links them to the corre-
sponding design choices. The subsections following the table follow the same order: per-item
generation, on-demand code search, and scoped mutation feedback. The final subsections

discuss two later refinements: bounded item budgets and residual feedback.

5.2.1 Pilot Observations

The final architecture was informed by decisions made on an earlier run of a simpler agent
architecture. This agent had access to the same LLM configuration and mutation testing
tools, but no explicit API exploration phase or code search. The only way to perform project

exploration was exposed by the filesystem MCP server in the form of coarse-grained tools like
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read_file, read multiple_files and search_files (only searches for filenames). This
proved to be too coarse to scale across bigger libraries, and led to a number of changes. A
summary of the problems we found is available in Table 5.2, and the supporting data is in

Appendix A.

Table 5.2: Problems in the pilot run and their correlation to the final architecture. Detailed
per-library numbers are available in Appendix A.

Observation Evidence Design choice

Keeping full conversation A repository-wide search result car- Per-item conversations.
history can become expen- ried throughout the entire conversa-
sive tion inflated the input token count

of a small project.

Project exploration with Multiple generated test suites failed Add code search through a
only filesystem tools is in- due to incorrect imports, setup, or ripgrep MCP server.

efficient and unreliable usage assumptions.

The agent initiated al- A full Stryker run timed out be- Programmatically restrict
most exclusively project- fore feedback reached the model on per-item Stryker calls to
wide mutation tests, which a package. file/line scopes of the active
can make iteration unneces- item.

sarily expensive

The following subsections go into more detail on Table 5.2. Each subsection explains
how one pilot observation led to a design decision in the final harness. The final two subsec-
tions describe design choices that were introduced later: bounded item budgets and residual
feedback.

5.2.2 Per-Item Generation

The first observation in Table 5.2 concerns the cost of carrying full conversation history
through an entire library run. This motivated the per-item generation design: instead of
maintaining one long conversation per package, the harness starts a separate agent run for
each public API item. This avoids unbounded growth from raw tool output bloating the
context window, and prevents possibly irrelevant information from one API item influence
the test generation of another. There is a clear example of this in the pilot run: on uneval, a

single file read early in the generation loop returned the contents of the entire project (~245k
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tokens). This was re-sent in the 10 following model calls, and accounted for roughly 2.45M
of the 2.57M input tokens (Table A.3).

To allow a small amount of information to cross item boundaries, the agent returns a
structured verdict at the end of each item. This verdict can include short item-specific and

library-wide notes. The implementation of this mechanism is described in Section 5.3.5.

5.2.3 On-Demand Code Search

The second observation in Table 5.2 concerns project exploration. The agent struggled with
filesystem-only exploration: Of the 8 libraries with no passing tests, 6 failed simply because
the agent could not locate correct imports, setup code, or usage examples through directory
listings and file reads. These libraries are glob, graceful-fs, pull-stream, jsonfile, geo-point,
and gitlab-js (Table A.1).

Given the time constraints of this thesis, an existing code-search MCP server backed
by ripgrep, a fast command-line search tool, provided a simple implementation path. It
addressed the immediate problem observed in early runs: locating relevant definitions, usage
examples, and import patterns without loading large parts of the project into the model

context.

5.2.4 Scoped Mutation Feedback

The third observation in Table 5.2 concerns the cost in runtime of unconstrained mutation
testing. In early runs, the agent often requested project-wide Stryker runs, which could time
out before useful feedback reached the model. This motivated scoped mutation feedback.

On countries-and-timezones, which is a small library dense in mutants (78 lines / 2,663
mutants), both of the agent’s strykerMutationTest calls exceeded the MCP tool timeout
before the agent finished at 8.1% mutation score (Table A.1). On omnitool, the largest
library in the suite (8,904 mutants), all three Stryker attempts also failed to return a result:
one dry-run failure followed by two MCP timeouts. These runs were effectively wasted, but
provided quick feedback that leaving the scope of mutation tests to the agent might not be a
reliable solution. First, the MCP timeouts were doubled, to support project-wide mutation
testing where it is necessary. Then, we opted to leverage the per-item conversation design
choice by pre-calculating the source range of the active API item. This forces efficient,
targeted mutation testing during iteration, while project-wide mutation testing is now only
available in repair phases and evaluation of the final result.

For example, the mutation feedback calls for the API element getAllCountries ex-

tracted from countries-and-timezones are constrained to its specific source range:
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strykerMutationTest ({

mode: "files",

files: [{
path: "dist/index.js",
range: {

start: { line: 4052, column: 3 },
end: { line: 4057, column: 4 }

1
H
1)

This saves the Stryker Server from mutating more than 4000 lines of code that are not

relevant to the tests being generated.

5.2.5 Bounded Item Budgets

Bounded item budgets are a consequence of the same failure modes summarized in Table 5.2.
Per-item generation limits context growth, but without explicit tool-call budgets, a difficult
item could still consume disproportionate time or tokens.

We opt for two tool-call budgets: one for mutation testing and one for all other tool
calls (mostly project exploration). The reason for this is that we are trying to keep 2 factors
within reasonable limits: token use and run time. Token use is mainly controlled by project
exploration and test (re)write, while the mutation analysis easily dominates the runtime of
the agent. We therefore separate these limits into one budget which bounds total tool use,
and a budget which bounds successful mutation feedback calls. However, failed Stryker calls
do not count against the latter, because failed dry-runs require much less computation time

than a full mutation run and provide useful feedback for repairing tests.

5.2.6 Residual Feedback

The residual feedback phase addresses a new limitation introduced by the scoped-feedback
design (Section 5.2.4): some surviving mutants are reachable through public API calls but are
not directly in the source code range computed for an API item. For example, public export
can be a small wrapper around an internal helper, or some bundled or compiled packages
can have some behaviour defined outside the computed source ranges. The generated tests
can still reach that code through calling the API item, but the mutation tests might not be
able target it.
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This gap appeared in development runs after the introduction of the API extraction. On
the plural package, several runs of the scoped loop produced low aggregate mutation scores,
despite completing the discovered API items. The reports shows why this failure mode is
plausible: API item plural.addRule had a calculated source range of lines 9-12, while many
surviving mutants were clustered in the internal addRule implementation around lines 16-
70. Those mutants were reachable through the public API, but they were not owned by any
active API item’s mutation-feedback range.

We considered some alternatives but ultimately deemed them less suitable: Allowing the
model to decide its own mutation testing scopes could in theory be the perfect solution.
However, the results would be highly dependent on the capabilities of the LLMs to correctly
derive these scopes and formulate them as Stryker inputs, while they previously lazily opted
for full-size runs for almost every tool call (Section 5.2.4). Additionally, we would lose the
guarantee that a test emitted for an item only concerns that item’s source range. This would
undermine the repair phase. A test attributed to item X but failing on item Y’s code would
send X back to fix a problem that does not lie in its source range. Alternatively, showing the
full aggregate Stryker result to the LLM as one large feedback object would bypass the work-
queue structure and reintroduce the same cost and context problems that scoped feedback
was designed to avoid.

The final design therefore keeps scoped mutation feedback as the default per-item mecha-
nism, but adds a separate residual phase after the first aggregate mutation run. The purpose
of this phase is to compensate for mutants that are reachable through the public API while
falling outside the source ranges assigned to regular API items. Section 5.3.6 describes how

these residual regions are selected and converted into additional work items.

5.3 Agentic Test Generation Loop Implementation

Figure 5.1 introduced the main control flow of the generation loop. This section describes
the implementation details that were abstracted away: how API items are discovered, how
prompts are constructed, how test execution and mutation feedback are gated, and how
completed items are attributed to generated files.

The harness decides what is being tested, while the agent decides how to test it: The
harness constructs the prompts for each API item, alongside source ranges, expected file-
names, tool budgets, and validation rules. Within these boundaries, the LLM can inspect

the project, write and revise tests, and request mutation feedback.
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5.3.1 API Exploration

Before the first model call, the harness invokes exploreAPI once on the package under
test. This function is inspired by TestPilot’s API exploration phase (see Section 3.2.2) and
returns a list of exported functions and methods. An example entry in the list could be
simple-statistics.mean(x: number([]): number. The results of exploreAPI are also
stored inside the Stryker MCP server. Details like signature, recovered body, and source
location are stored for later use by getFunctionBody.

The explorer uses two strategies: When declaration files or TypeScript sources are avail-
able, it uses the TypeScript compiler API to recover exported symbols and typed signatures
without executing the package. If that strategy produces no functions, we fall back to a
sandboxed child process that loads the package and walks the resulting exports object (this
is the exact strategy implemented by TestPilot). The resulting access paths become the

initial todo list.

5.3.2 Prompt Construction

Each API item in the queue is handled by a fresh agent.run() call. Its prompt is assembled
by the harness’ item prompt renderer, and consists of a mostly stable instruction prefix (to
enable token caching) with a dynamic item suffix. The dynamic part contains the current
work-queue summary, the library notes collected so far, the active signature and access path,
the source snippet returned by getFunctionBody, the name of the test file the model should
write, the exact runTests pattern it should use, and the current tool budgets.

If the function body for the item is too large, the prompt includes a truncated snippet
and directs the model to use read_file_range or ripgrep if it needs detailed information.
This keeps the starting prompt small, but leaves space for the agent to do what agents are
good at: fetching more context when it is necessary.

Appendix B contains an abbreviated example of a rendered per-item prompt. The full
prompt is longer because it includes several extra harness rules for imports, filesystem safety,

mutation feedback, and formatting.

5.3.3 Test Validation

During the test generation phase, the agent cannot start a mutation test without a preceding
successful runTests call. After every write or edit, the model must run the targeted test
pattern for the active item. The prompt states this pattern explicitly, and the harness rejects

runTest calls that cover more files than the predefined patterns. These patterns are derived
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from the access path and match the item’s expected test filename plus optional extra files
with the same prefix.

Furthermore, if the same exact test failure appears twice in a row, the item is stopped
immediately. This prevents the model from spending the entire budget retrying the same

broken assertion.

5.3.4 Iterative Mutation Refinement

Once the generated tests pass, the model can request mutation feedback. As discussed in
Section 5.4.2, successful Stryker results are converted to compact plaintext. During per-item
generation, the only permitted mutation call is mode: ’files’ on the active item’s file
and line range. Calls to mode: ’all’, mode: ’survivors’, or mode: ’mutants’ are
MCP-server capabilities, but the harness’ tool use policy rejects them during this phase.
Each successful mutation run does count against the item’s mutation budget. When that
budget is hit, the item is forcibly closed, but the tests are recorded (if they are passing).
To support the controlled ablation for RQ2, the harness can hide successful mutation
feedback from the model. In that case, the same Stryker calls are still fully executed so
their outputs can be recorded in the reports, but receive mutation feedback is redacted for
the model. Likewise, strykerMutantDetails is not available, but mutation testing errors

remain visible so that test failures can still be repaired.

5.3.5 Verdicts and Test Attribution

An item ends when the model returns a small JSON summary in its final assistant message.
The verdict has a completed/skipped status, an optional skip reason, optional notes for the
item, and an optional line to append to the library-wide notes.

When the verdict arrives, the harness checks that the expected file or a valid file with the
correct suffix exists. If not, the item is force-closed as skipped. This guarantees that repair

phases can correctly trace back failing test files back to the item that ’owns’ them.

5.3.6 Residual Mutation Feedback

The motivation for this phase was discussed in Section 5.2.6; this subsection describes
its implementation. When residual feedback is enabled, the harness performs an aggre-
gate Stryker run after the regular API-item loop and repair phase. This run is stored as
preResidualAggregatePass. The harness filters out clusters that already belong to source

ranges processed by regular API items.
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The remaining clusters are sorted by survivor count and source location. Large clusters
are split into bounded source regions before the harness appends up to
-residual-mutation-max-items synthetic items to the work queue. The default cap is five,
and the cap applies after splitting. Each synthetic item receives an identifier such as
__residual__.index_js.addRule.L16-49.partlof3, together with a source snippet and
file range.

Residual items are processed by the same loop as regular API items, but their prompt
presentation is different. Instead of asking the agent to test a specific exported function or
method, the prompt asks it to exercise a source region through the public library interface.
After all residual items have completed or been skipped, the harness performs a final aggre-
gate Stryker run. This final pass provides the reported benchmark mutation score, while the

pre-residual pass is retained to measure the effect and cost of the residual phase separately.

5.4 Tool Integrations

The previous section described how the generation loop uses external tools. This section
describes the MCP tool integrations that provide those capabilities. All tools are made
available through servers adhering to the Model Context Protocol (see Section 2.2.1). Custom
tools are exposed through our own Stryker MCP server, while filesystem access and code
search are provided through separate MCP servers.

In the remainder of this section, we discuss the test-execution tool, the StrykerJS mutation-

testing interface, filesystem access, and ripgrep-based code search.

5.4.1 Test Execution

The Stryker MCP server exposes runTests as a lightweight test-execution tool. It accepts a
glob pattern, runs the matching generated test files through Mocha, and returns a compact
pass/fail summary. When a test fails, the response includes the failing test names and short
error snippets that can be fed back to the model.

This tool is used by a validation step in the agentic test generation loop, described in
Section 5.3.3. Keeping plain test execution separate from mutation testing allows the harness

to check generated tests before invoking the more expensive StrykerJS mutation analysis.

5.4.2 Mutation Testing with Stryker

Stryker MCP interacts with Stryker Server, an execution mode for StrykerJS that adheres
to the Mutation Server Protocol [60]. It supports JSON-RPC methods for configuration,
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mutant discovery, and mutation testing. In order to save tokens from the agent’s context,
we expose only a custom interface to the mutation testing tool, and a tool for retrieving

extra information about undetected mutants. We briefly discuss these two tools below.

strykerMutationTest

The Stryker MCP server exposes an interface for mutation testing through its custom
strykerMutationTest tool. It supports 4 custom execution modes: ’all’; ’survivors’, 'files’
and ‘'mutants’ This means the agent can choose to perform mutation testing on all mutants
in the project, only the survivors of a previous run, only the mutants in specific files (and line
ranges), or specific mutants from a previous run. In the current agent, the harness applies a
stricter policy on top: per-item calls must use mode: ’files” with the active item’s file and line
range, and whole-project ’all’ calls are reserved for the final aggregate pass (Section 5.2.4,
Section 5.6.1).

The output has been minimized from Stryker Server’s verbose mutation-test result to a
custom plaintext grouped overview. By default, strykerMutationTest clusters undetected
mutants, meaning Survived and NoCoverage mutants, by file, nearby line range, and best-
effort enclosing symbol. The output starts with a run summary containing the run ID,
mutation score, total valid mutants, and total undetected mutants, then emits one line
per shown cluster with the cluster’s undetected count, coverage summary, mutant IDs, and
mutators. The tool also outputs one example mutation for each cluster up to a configured
budget (default 10), using a diff-style original/mutated view. Listing 5.1 shows an example

output for a successful tool call with 3 remaining undetected mutants.
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1 RunId: O Score: 93.02% (95.24% covered) Mutants: 43 Undetected: 3

3 Clusters (1, covering 3 undetected):
| src/isPrime. js
5 L2 @ isPrime x3 <cov=partial ids 18,19,21 ConditionalExpression*2,

EqualityOperator

7 Representative diffs (1 of 1, one per cluster):
8 src/isPrime. js:2:6 i1d=18 ConditionalExpression
9 - if (n <= 1) return false;

10 + if (false) return false;

12 Drill down:

13 - strykerMutantDetails (runId, refs=[{filePath, id}, ...]) for specific
mutants

14 - strykerMutationTest ({mode:’files’, files:[{path,

range :{start,end}}]}) to re-score one cluster

Listing 5.1: Example mutation test output (grouped format) with 3 undetected mutants

When mutation testing fails, the Mutation Server Protocol provides no standard error
format. We therefore capture the final output lines emitted by the Stryker process and parse
them into a minimal error message. This is important because test failures are a natural
part of test generation. If the agent produces syntactically invalid tests or incorrect asser-
tions, Stryker’s initial dry-run aborts before mutation testing starts. This avoids spending
mutation-testing time on a broken test suite; the corresponding repair phase is described
in Section 5.5.4. These dry-run errors are compiled into a list of failing tests with concise

descriptions of their failures, as shown in Listing 5.2.

One or more tests failed in the initial test run:
isPrime small primes

Error: expect(received).toBe(expected) // Object.is equality
Expected: false

Received: true

Listing 5.2: Example mutation test output with assertion errors

strykerMutantDetails

strykerMutantDetails is an extra custom tool for obtaining more detailed information for a

specific surviving mutant. It takes the original mutation test runlD and a mutant ID and
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)

outputs an expanded source snippet alongside precise information on the location, mutation,
and test coverage of that mutant. Listing 5.3 shows a call for details on the ConditionalEx-

pression survivor from Listing 5.1 and the structured response the tool returns.

{ // request
"runId": O,

"refs": [{ "filePath": "src/isPrime.js", "id": "18" }]

{ // response

"runId": O,
"mutants": [
{
"filePath": "src/isPrime.js",
"id": "1i8",
"found": true,
"mutant": {
"id": "18",
"mutatorName": "ConditionalExpression",
"status": "Survived",
"location": {
"start": { "line": 2, "column": 6 I},
"end": { "line": 2, "column": 12 }
I
"replacement": "false",

"COVeredBy": [lllll’ ll2||:|

},
"sourceSnippet": {
"startLine": 1,
"endLine": 5,
"text": "function isPrime(n) {\n if (n <= 1) return
false;\n for (let i = 2; i * i <= n; i++) {\n
if (n % i === 0) return false;\n 3"
}

Listing 5.3: Example strykerMutantDetails call and response
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5.4.3 Filesystem Access

In order to read existing source code and write new test files, we provide the agent with
access to the MCP filesystem server ’@modelcontextprotocol /server-filesystem’ maintained
by Anthropic [43]. The agent receives no shell access, and the filesystem server is configured
with restricted roots covering the project tree and the dedicated test-output directory, so
the agent cannot read or write outside the project..

We disallow some tools from the server to reduce context bloat and to avoid redundancy
with custom tooling. For example, tools that return too much information (directory_tree,
list_directory_with_sizes) can flood the prompt with content that does not help test
generation. The one-level 1ist_directory tool should be sufficient for basic exploration, and
code search (Section 5.4.4) covers the case where the agent needs deeper navigation. Likewise,
some file operations (move_file, get_file_info, read_media_file) are not required by the
agent. Those have been removed to reduce context bloat.

The agent therefore sees only the following files from the MCP filesystem server:

e read text_file, read multiple_files: reading source files and previously written

tests
e list directory, list_allowed_directories, search_files: project exploration

e create_directory, write_file, edit_file: creating and refining test files

One problem with the off-the-shelf filesystem server is that it only allows reading full text
files. With the narrow per-item scope in our generation loop, that can often be overkill. For
that reason, we provide a custom read_file_ range tool that takes a file path together with
a start and end line. The tool returns just the requested slice plus the total line count. This
supports use cases like inspecting the body of a function surrounding a surviving mutant or
the source code around a snippet matched by a ripgrep query.

Our tool is also limited to the project directory and rejects paths outside it, so it does

not give the agent more access than the filesystem server already permits.

5.4.4 On-Demand Code Search

We expose the code search capability (motivated in Section 5.2.3) through an off-the-shelf
MCP server: mcp-ripgrep [12]|, which wraps the ripgrep command-line tool. The agent
can use it to make a regex query inside the project, optionally filtered by a file range. The

tool returns all matching lines plus a small amount of surrounding context. This means that
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the token cost no longer scales with the size of the file in which the answer lives, but with
the size of answer itself.

The tool can be used to approximate relationships between code, such as which function
calls which other function, which export resolves to which definition, or which tests exercise
a particular path. However, this depends on the LLM constructing useful regular-expression

queries.

5.5 Robustness and Hygiene Mechanisms

The harness also has several safeguards that help the agent stay on track, aimed at increasing

the probability that the generated test suite is valid after a long-running agent session.

5.5.1 Budget Enforcement

The budgets motivated in Section 5.2.5 are enforced by a callback around MCP tool calls.
It gives us enough context to determine which tool is being called, making the decision to
decrement the correct budget a very straightforward implementation: if the tool budget is
exhausted, any tool call aborts the item. The next Stryker attempt after the successful
Stryker call budget is exhausted is blocked before it reaches the MCP server. The actual
values of the budgets are configurable, however they are not part of the research question

because we do not have the budget to investigate multiple choices.

5.5.2 Transactional Test Writes

At the start of each item, the harness records the contents and filenames of every file in the
generated-test directory. If the item completes and passes harness validation, the snapshot
is committed and the agent’s tests are kept. If the item contains failing tests after close,
exceeds its budget, or the model returns an invalid verdict, the transaction rolls back to the
snapshot. This prevents a failing item from leaving broken tests that would poison later

items or the final run.

5.5.3 Suite Repair Phases

Tests that pass in isolation can still fail when the full generated suite runs together. This is
a problem that some of TestPilot’s test suites face, as discussed in Section 6.1.2. After each
completed item, the harness checks the full generated test suite with runTests. If the check

fails, the failing files are mapped back to their owning items through the filename convention
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and those items are marked for repair. A final repair pass runs after all pending items have
been processed.

Repair prompts consist of the failing test information and the relevant generated test
files. They also forbid mutation testing, which is made unavailable by the harness for the
duration of the repair phase. The goal of repair is to get the full generated suite passing
again before doing the full Stryker evaluation, not further iteration on mutation feedback.
The repair loop stops when the suite passes, when the exact same failure repeats, or after a

hard cap of repair iterations.

5.5.4 Stryker Dry-Run Repair

As discussed in Section 2.3.3, Stryker starts every mutation test with an initial dry run, whose
purpose is to abort mutation testing if the unmutated test suite already fails. Although this
dry run also simply executes the generated tests, it is not the same process as the harness’s
direct Mocha check. The harness calls Mocha through runTests, while Stryker runs the suite
through its own test-runner setup and Stryker configuration. Small differences in module
loading, global state, test ordering, or timeouts could therefore make a suite pass under
direct Mocha execution but fail during Stryker’s dry run. In our experiments this occurred
on q, where a generated test depended on the value of this inside a bare function call. That
value differed between direct Mocha execution and Stryker’s test-runner environment.

The harness therefore implements a Stryker dry-run repair phase. It is triggered only
after normal repair has passed and the full Stryker pass fails its dry-run.

In this phase, the model receives the Stryker dry-run failure text and a repair prompt,
but it still cannot call strykerMutationTest. After each repair attempt, the harness itself
retries the aggregate mutation pass. The first successful retry is reused as the aggregate
score input. This phase is recorded separately in the report, because it does not provide

mutation feedback.

5.6 Evaluation and Reports

5.6.1 Aggregate Mutation Pass

After each item has finished generation and the repair phases are done, the harness performs
a whole-project Stryker call with mode: ’all’. The result of this run is the mutation score
reported by the benchmark. The aggregate pass uses a longer timeout than interactive item

feedback, because full-library mutation testing can take a long time.
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If there are still failing tests after the repair phase, this evaluation is skipped and the
reason is recorded. When residual feedback is enabled, the first aggregate pass is stored
as preResidualAggregatePass, after the residual feedback phase is started and a last full

Stryker pass becomes responsible for the final score.

5.6.2 Report Artifacts

Each library run produces a report.json file containing configuration, token usage, per-
item summaries, repair summaries, and coverage and mutation metrics. The report schema
is shared through a separate report-schema package so that the agent and benchmark agree
on the same contract.

The run also records the conversation with the LLM in a separate directory. The raw
transcript with conversation and tool calls is recorded alongside verdicts. jsonl and various
debug telemetry. For example, loop-events. jsonl records the harness-side events outside
the per-item generation loop, like item selection and repair phases.

One helpful feature is that reports are incrementally written and saved throughout the
run. The harness updates the report after API exploration, item closure, repair milestones,
residual planning, and aggregate evaluation. This is especially important for long benchmark
runs. If library terminates early or times out, the partial report still usually explains when

the failure happened and what might have caused it.
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CHAPTER 6: EXPERIMENTAL RESULTS

This chapter presents the experimental results for the study defined in Chapter 4. First,
Section 6.1 establishes the results achieved by replicating the TESTPILOT experiments. It
reports on the results of retroactive mutation analysis on the original TESTPILOT outputs,
explains replication issues, and evaluates our GPT-5.4 replication. Section 6.2 then presents
the results of the complete agentic system.

Section 6.3 puts the results of both approaches side by side, a comparison that will
serve as evidence when answering RQ1. Because the agent runs used temperature 1 while
the TESTPILOT baseline used temperature 0, Section 6.4 checks whether the results are
affected by that temperature difference using an additional temperature 0 agent run. Finally,
Section 6.5 provides data for RQ2 by reporting how mutation feedback affects generated tests
for the hidden, partial, and full feedback conditions.

6.1 TestPilot Replication

First, we reproduce the results of the existing JavaScript test generator, previously discussed
in Section 3.2.2, TESTPILOT [55]. The authors provide data for three different LLMs, and
see the best results with OpenAl’'s GPT-3.5 Turbo. Since then, newer LLMs have shown
stronger coding capabilities on real-world software-engineering benchmarks and benchmarks
for LLM tool use and APT calling [33], [50]. Our agentic approach is only suited for models
with tool calling capabilities, so we use a GPT-5.4, a modern member of OpenAl’s GPT
model family (of which TESTPILOT’s top performer GPT-3.5 Turbo is also a member).

6.1.1 Retroactive Mutation Analysis

Mutation analysis is a central part of our agentic approach, and can be seen as a proxy for
test quality [1]. Analyzing the mutation scores achieved by TESTPILOT, which does not
provide mutation feedback, can help answer RQ1. By retroactively performing mutation
analysis on original test suites generated by TESTPILOT’s authors, we establish a baseline
of older models’ performance. We clone the libraries to a docker container, install Stryker,
and collect the mutation testing metrics. However, mutation analysis is not possible for
the datasets of all libraries. The next sections report on why several libraries were dropped

entirely, or required the exclusion of problematic tests.
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6.1.2 Replication and Validation Issues

Some libraries could not be evaluated with the modern Node 22/Stryker toolchain, while
other libraries produced tests that passed TESTPILOT’s original per-test validation but failed
when executed as a complete suite during Stryker’s dry run. We distinguish three categories:

incompatible libraries, independence failures, and environment overfitting.

Incompatible libraries The following libraries were excluded from the mutation-score
comparison because the pinned package version or generated test suite could not be evaluated

reliably in the replication environment:

bluebird isa library implementing promises, later succeeded by JavaScript-native Promises.
Its API allows enabling ’'long stack traces’ by calling
bluebird.longStackTraces(). This debugging mode records additional information
when promises are created so that errors in asynchronous promise chains can be traced
back through earlier asynchronous calls. Because that information must be captured
from the start, Bluebird requires long stack traces to be enabled before any Bluebird
promise has been created. If an earlier test has already created a promise, bluebird
fails: Error: cannot enable long stack traces after promises have been created.
In practice, this happens during every Stryker dry run on the TESTPILOT bluebird

dataset, preventing the generation of valid mutation scores.

rsvp is another Promises implementation. It uses an old Ember CLI based build stack that

does not install under our Node 22 toolchain.

memfs is an in-memory implementation of Node’s fs API. The pinned commit uses an old
TypeScript/Jest setup, including a typescript@4.9.5 peer dependency that does not
work with our Node/pnpm/TypeScript toolchain.

js-sdsl is a JavaScript/TypeScript library inspired by the C++ Standard Template Li-
brary. It is marked incompatible because the build writes CommonJS output while
compiling with ES2015 module syntax. As a result, importing the package can fail on

modern Node versions before any generated tests or mutation analysis can run.

Environment overfitting A problem occurs when tests depend more on the TESTPILOT
environment than we can replicate. Due to TestPilot’s iterative nature (one of its prompt
refinement strategies includes allowing the LLM to rewrite a test with information on why

it failed previously), it is possible for the test cases to overfit to the environment.
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fs-extra is a library with clear examples of this problem, and was dropped from the bench-

mark because of it. Consider the generated test case in listing 6.1:

it(’test case’, function(done) {
fs_extra.readdir(’test’, function(err, files) {
assert.equal(files.length, 2);
done () ;
)
b

Listing 6.1: Expecting 2 files in test/

This test assumes the existence of a ’test’ directory and asserts the presence of 2
files, testing the readdir function exposed by fs-extra. Coincidentally, there happens
to be a test directory in TestPilot’s execution environment: the one containing unit
tests for TESTPILOT itself! The test opens this directory and then fails because there
are actually 10 unit tests and 1 subfolder present, resulting in 11 items. Next, this
prompt is refined with TestPilot’s 'RetryWithError’ strategy. This prompt is listed in
listing 6.2.

it(’test fs-extra.readdir’, function(done) {
fs_extra.readdir(’test’, function(err, files) {
assert.equal(files.length, 2);
done () ;
3
b
// the test above fails with the following error:
// 11 == 2
// fized test:
it(’test fs-extra.readdir’, function(done) {

)

Listing 6.2: Refining the prompt with an error message

The LLM learns that there are 11 files present in the test folder and updates the
test case to reflect that (as shown in listing 6.3). This test passes in the TESTPILOT
environment and is included in the coverage statistics. However, in our replication
the tests are re-executed in a Stryker sandbox where there is no test folder present.
Instead, the test now counts the members of fs-extra’s own test folder, finds 1 item,

and fails.
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1 it(’test case’, function(done) {
2 fs_extra.readdir(’test’, function(err, files) {
3 assert.equal(files.length, 11);
4 done () ;
P
6 });

Listing 6.3: Passing test generated with the refined prompt

Independence Failures TestPilot spawns one validation process per generated test using
the Mocha test runner for JavaScript. If the test succeeds, Mocha generates a coverage
report. When all tests have been generated and validated, these reports are merged to
obtain comprehensive coverage analysis of the entire library under test. In contrast, Stryker
always performs its dry run before mutation testing can start. The dry run executes all tests
specified through the configuration file as one test suite (as mentioned in Section 2.3.3).
Some test suites generated by TESTPILOT fail this dry run unexpectedly, despite all
the individual tests passing in their isolated Mocha runs. We mitigate this by discarding
tests that fail the initial test run, instead of excluding the libraries completely. In total, we
discard 1.4% of tests for GPT-5.4-500 and 1.8% for GPT-5.4-1000. A simple example of this
problem occurs in almost every test suite generated for the plural library, which provides

methods for modifying the library’s global state.

plural is a small library for pluralizing words. Amongst others, it exposes the functions
plural (word, num) and addRule(match, result). The plural function will return
the plural or singular version of the provided word, depending on the 'num’ argument.
To facilitate this, the library comes with a set of 'rules’ that specify the plural for some
given nouns. If a user wants to extend the default rule set, they can use the addRule
function. This function will modify the global rule set of the plural module and include

the user’s custom rules.

The existence of this function that can modify global state causes TESTPILOT to
generate test suites with incompatible unit tests. Consider Listing 6.4, which shows
the contents of test_ 6.js generated by cushman, one of the three completion models
used in the TESTPILOT study [55]. Due to Mocha’s alphabetical test order, it is always

executed before test_ 9.js from the same test suite. Its contents are listed in Listing 6.5.
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1 it (’test case’, function(done) {
2 plural.addRule(’test’, ’test’);
done () ;
2

Listing 6.4: Adding a custom pluralization rule (test_6.js)

1 it (’test case’, function(done) {

2 plural.unmonkeyPatch(); // This line is srrelevant
assert.equal (plural(’test’), ’tests’);
done () ;

5 1)

Listing 6.5: Test expecting default behaviour (test_9.js)

After generation, TESTPILOT validates these tests independently by Mocha execution.
Both tests pass and make it to the final test suite: Test 6 simply adds a rule to the
module, and the test case passes because no exceptions are thrown; Test 9 succeeds
because it correctly expects the plural of 'test’ to be ’tests’. There is no explicit rule
for the plural of 'test” in the module, so the plural function falls back to the general

case. return word + ’s’.

However, when these tests are executed consecutively, the rule added in test 6 will
override this default fallback and test 9 will now fail, as its assertion now evaluates to

’test’ == ’tests’.

6.1.3 GPT-5.4 Results

The original TESTPILOT study evaluated older completion models, with GPT-3.5 Turbo
performing best among the reported models. Because the agent in this thesis uses GPT-5.4,
we perform an additional TESTPILOT replication with GPT-5.4 to create a stronger baseline.
The GPT-5.4 replications will ultimately be used in a final comparison with the agent to
answer RQ1.

Figure 6.1 compares the original GPT-Turbo TESTPILOT results with two GPT-5.4
TESTPILOT runs that follow the same generation approach under different output-token
budgets: 500 tokens (GPT-5.4-500) and 1000 tokens (GPT-5.4-1000). Each row is one
benchmark package; the gray dot is the GPT-Turbo baseline and the two green markers are
the GPT-5.4 budgets, so the line between them shows the difference per LLM configura-

tion. GPT-Turbo values are medians over 10 runs, while each GPT-5.4 value comes from
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a single run. The left panel shows statement coverage and the right panel mutation score.
The exact per-package values, including branch and line coverage, are listed in Table D.1 in

Appendix D.

GPT-Turbo vs. GPT-5.4 TestPilot — coverage and mutation score per package

Statement coverage
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Figure 6.1: Per-package comparison of GPT-Turbo (best performing LLM originally studies
by Schéfer et al. [55]) and the two GPT-5.4 TESTPILOT variants (500- and 1000-token output
budgets) on statement coverage (left) and mutation score (right).

The GPT-5.4 variants substantially outperform the GPT-Turbo baseline on both metrics.
The median mutation score increases from 34.8% for GPT-Turbo to 62.4% for GPT-5.4-
500 and 59.9% for GPT-5.4-1000, a median per-project improvement of +21.0 and +27.0
percentage points respectively. Statement coverage improves similarly, with the median rising
from 70.8% to 85.9% and 84.7%, for median per-project gains of +9.9 and +12.2 points. The
dumbbell view shows these gains hold for a majority of the packages: the marker moves to
the right for 18 of the 20 mutation scores, for 18 of 20 packages on coverage at the 500-token
budget, and 20 of 20 at 1000 tokens.

There are some regressions, but they can mostly be attributed to natural variance
The single GPT-5.4-500 run for

image-downloader produced no passing tests (0% on both metrics) but recovers strongly at

and reporting only 1 run per GPT-5.4 configuration.

the 1000-token budget (+41.2 pp mutation, +12.1 pp coverage). graceful-fs is a filesystem-

heavy package whose mutation score is unstable across reruns (discussed below), and at
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the 500-token budget glob loses some statement coverage. crawler-url-parser originally
scored 0% under both GPT-5.4 budgets, but we traced this to a TESTPILOT harness bug
rather than a model failure. After applying a fix (discussed below) it becomes one of the
larger gains.

In general, we see significant gains in both mutation score and statement coverage holding
broadly across the benchmark. This suggests that to the extent our GPT-5.4-based agentic
approach later outperforms the original TESTPILOT runs, a large part of that quality increase
must be attributed to the improvement in underlying LLM capability alone.

The comparison between the two GPT-5.4 token budgets is inconclusive. GPT-5.4-500
has a slightly higher median mutation score and statement coverage score, while GPT-5.4-
1000 has a slightly higher median branch coverage score and a larger median per-project
improvement in both mutation score and statement coverage. Because each GPT-5.4 con-
figuration was run only once, these small differences should not be interpreted as evidence
that one token budget is generally preferable.

We do see that GPT-5.4-500 failed for image-downloader while GPT-5.4-1000 managed
to achieve a 12.1pp increase over GPT-Turbo. We observe that for this case, 4 out of the
5 LLM conversations end because the output token limit was filled with reasoning tokens
while generating no passing tests. The remaining prompt resulted in an incomplete test case
that timed out. This is the strongest evidence we have for choosing one budget over the
other. The median mutation and coverage scores are so close together that we are unable

draw any other conclusions at N=1.

6.1.4 TestPilot and Stryker bug mitigations

Some bugs in the TESTPILOT test generation process only showed up during the GPT-5.4

run, but they were mitigated and/or fixed as follows.

Crawler-url-parser

Initially, neither of the GPT-5.4 runs produced any passing tests for crawler-url-parser. Our
initial explanation was that crawler-url-parser is simply a difficult library for TESTPILOT:
Schéfer et al. [55] report an average of 2 passing tests generated at best (GPT-turbo, cush-
man), and 1 at worst (starcoder) during the original run. However, an in-depth investigation
into the GPT-5.4 experiments uncovered a minor harness bug.

TESTPILOT contains a post-processing cleanup step in which the generated test is passed
through fixMinorSyntaxIssues, intended to repair small syntactic errors before the test is

executed. One class of problems that is detected in this phase is an unbalanced number of
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delimiters, like unclosed parentheses or missing '}’ brackets. These problems are found and
fixed by closeBrackets, a scanner that counts unmatched opening brackets and appends
the necessary closing brackets before parsing the result. The scanner ignores line comments
prefixed by ’//’, in order to avoid miscounting brackets that are just comments. However, the
closeBrackets function can also apply this rule when string literals contain these characters.
In URL literals such as http://..., the // are interpreted as delimiters for comments. The
real closing brackets later on the same line are then skipped, and the bracket count turns out
unbalanced. This results in otherwise valid GPT-5.4 tests being rejected due to a reported
‘invalid syntax’

When we reran the original completions through our fixed fork of the validator, we
recovered 0 additional successful tests across the 30 runs. The original completion models
did generate URL literals, but did not fail. The reason is that the original completion
models generated simpler tests with no delimiters on multi-line URL literals containing //
characters. A typical example is Listing 6.6, where closeBrackets would skip the remainder
of lines 1 and 2 without missing any brackets or parentheses. On the other hand, the GPT-
5.4-generated test in Listing 6.7 contains problematic lines with parentheses on the same
lines as URL literals. This resulted in the validator detecting multiple unmatched opening
parentheses (lines 1 and 4), and rejecting a perfectly fine test. We attribute the difference
in generation styles mostly to a general increase in complexity of the model outputs enabled
by the increased capabilities of GPT-5.4 over GPT-Turbo.

let linkurl "http://www.baidu.com";
let pageurl = "http://www.baidu.com";
let type = crawler_url_parser.gettype(linkurl, pageurl);

assert.equal (type, "samelevel");

Listing 6.6: Excerpt from a test generated by GPT-5.4-1000

let r3 = crawler_url_parser.parse(’../up/file.txt’,
’http://a.com/dir/sub/page.html’);

assert .ok (r3);

let r4 = crawler_url_parser.parse(’//cdn.example.org/lib.js’,
https://site.test/app/’);

assert.ok(r4d);

Listing 6.7: Excerpt from a test generated by GPT-5.4-1000, incorrectly flagged for invalid

syntax
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Graceful-fs

GPT-Turbo originally achieved perfect mutation scores for graceful-fs, but in a suspicious
manner: approximately 40 tests timed out during every regular test run. When Stryker
re-executed the suite with mutants, all mutants covered by these tests are marked as timed
out and killed. These cases are caused by flaky tests that kill large amounts of mutants. For
example, test_ 113 generated by GPT-3.5 Turbo killed all 282 mutants in one run. This test
is first run in the Stryker dry run, where it successfully creates a test directory and passes.
Since the test does not contain any cleanup code, any subsequent executions will fail because
the directory already exists. Stryker then finds that this previously passing test now fails

for every possible mutant, and returns 100% mutation score.

it(’test case’, function(done) {
let dir = __dirname + ’/test _dir’;
graceful _fs.mkdirSync(dir);
D)
b g

Listing 6.8: Test killing all mutants (test_ 113.js)

We re-ran the classic-model graceful-fs data through a filter that drops tests whose pass/fail
depends on prior filesystem state, so a test can no longer mark every mutant as killed
by failing identically everywhere. GPT-Turbo mutation score dropped to 59.7% (median),

cushman to 59.1%, and starcoder achieved a mutation score of 10.7%.

6.1.5 Token Usage

Figure 6.2 summarises token usage for GPT-Turbo and both GPT-5.4 variants running
through TestPilot’s harness. The exact token counts are listed per library in Appendix
Table D.2.

The GPT-Turbo values are estimated because TESTPILOT originally does not report on
exact token counts. We use the persisted prompt to estimate the number of input tokens
as prompt character count divided by four. Not all outputs have been recorded, so we
cannot use the same estimation strategy for those. Instead, we assume an upper bound of
the output token limit multiplied by the number of completions generated. The GPT-5.4
values are exact counts from the API, measured directly by our fork of TestPilot. The
input and output columns of the appendix table show that GPT-5.4-500 and GPT-5.4-
1000 spend roughly 3:1 output-to-input tokens, though GPT-5.4-1000 has higher absolute

output volume. The estimation method means GPT-Turbo cannot be directly compared
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to GPT-5.4, but it does reinforce our observation that TESTPILOT is output-heavy. These
consistently high output-to-input ratios are logical considering TestPilot’s approach: each
function under test results in several independent completions, regardless of whether passing
tests have been generated, or what coverage has already been achieved.

This prompting strategy also determines how much each library consumes in total: token
usage scales roughly with project size, but not uniformly. Large libraries with many exported
functions (omnitool, simple-statistics, graceful-fs) account for a disproportionate share of
total tokens, since every public API member contributes at least one prompt-completion pair.
Libraries with smaller API surfaces (zip-a-folder, jsonfile, uneval) consume comparatively

fewer tokens.

TestPilot token usage vs. project size
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Figure 6.2: Total token usage (input + output) per library for GPT-Turbo and the two
GPT-5.4 TESTPILOT budgets, against lines of code (left) and functions under test (right).
Both axes are logarithmic, since library sizes and token counts each cover two orders of
magnitude. Dashed lines are power-law fits, and p is the Spearman rank correlation between
the size measure and token usage. GPT-Turbo Wvalues are estimated upper bounds (open
markers). GPT-5.4 values are exact API counts.

How token usage scales with the amount of functions in the API is explicitly shown in
Figure 6.2. It plots each library’s total token usage against lines of code and the number of
functions under test. For LoC, we see a moderate correlation of Spearman p between 0.82
and 0.88 across the three configurations. The biggest outliers are the libraries with relatively
few lines per function: graceful-fs and dirty. When we plot token usage against the

number of functions under test, we see a clearer trend (p > 0.96), supporting the idea that
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TESTPILOT’s token expenditure is a function of the number of API functions that are turned
into prompts. These results are useful as a reference point when examining the agent’s token

usage in Section 6.2, where the balance between input and output tokens is inverted.
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6.2 Agent Results

We present the results of the agent with access to all the features discussed in Chapter 5. The
data in this section was produced by the two temperature 1 full-feedback runs, as discussed
earlier in Section 4.5. We discuss failures (Section 6.2.1), the agent’s mutation scores and

how they relate to coverage (Section 6.2.2), and cost (Section 6.2.3).

6.2.1 Failed runs

Some libraries did not complete full measurements in both mutation-enabled runs. We distin-
guish generation failures from partial measurement failures. A run that produces zero passing
tests contributes a 0.0% mutation score. A run that produces a passing suite is counted only
when it yields a complete pair of measurements: the agent’s own final strykerMutationTest
score and the independent external benchmark that runs on the saved suite. When only one
of the two is available, we drop that run from the library’s cell, which then holds a single
run’s value rather than the mean of two. Such cells are marked with an asterisk in Appendix
Table D.4 and all subsequent scoring tables and figures. This can happen when a test is
flaky, causing it to pass one mutation test, but fail another. In practice, this only occurred
for one run of graceful-fs, as reported below.

Both rules follow the same principle: we report what was correctly measured. An empty
suite has a well-defined mutation score: it detects no mutants, so a generation failure con-
tributes 0.0%. If we dropped this measurement, we would misrepresent information about
a known unreliable result. By contrast, a run which passes the agent’s own suite-wide mu-
tation test but fails the external one, produces no real score: the agent-side measurement
shows that the suite does detect mutants, so 0.0% would be false, but any other value also
wouldn’t be entirely correct. Therefore, we drop the unmeasured run and mark the cell,
without hiding the failure itself. This means that the affected run is still counted as an

agent validation failure in Table 6.3, so the reliability information does not disappear.

uneval. Both runs produced zero passing tests. The package has only one API item, so
failing that results in no generated test suite. In one run, the agent first generated a passing
test and passed a Stryker call, but introduced a wrong assertion in a later update. In the
other run, the early-stop rule was activated after repeated runTests failures. In both cases
repair then had no test file to run, Stryker was skipped, and the row has no score. These

runs are included with scores of 0.0%.
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graceful-fs. The first run completed the agent-side complete Stryker test, but the bench-
mark validation found one flaky failing test, causing it to skip the external Stryker bench-
mark. Because the full set of mutation scores was missing, we exclude this run. This was
not a full generation failure, because 136 of the suite’s 137 tests passed. Additionally, the
agent-side score shows that the suite does detect mutants; only the second measurement of
the pair is missing. The other run completed cleanly and supplies the starred graceful-fs

scores.

crawler-url-parser. The first run produced no tests, even though every LLM request
succeeded and the run terminated normally. All three public API items ended through
the deliberate give-up mechanisms of the bounded-budget design (Section 5.2.5): one by
the agent’s own skip verdict, two by the early-stop rule after the same runTests failure
repeated. In each case the model kept asserting wrong values for the library’s unusual URL
classification behaviour; the closest item had three of its four tests passing when the rule
fired, but only fully passing test files are retained. This resulted in a correctly reported
mutation score of 0.0%. The second run completed with a final score of 59.7%, resulting in
a mean of 29.9% — best read as the expected outcome of a single agent invocation rather

than a score either run achieved.

6.2.2 Mutation Score

The scatterplot in Figure 6.3 shows statement coverage and mutation score for the full
mutation-enabled agent at temperature 1. It is the result of averaging two runs and scoring
the failures as previously described.

The agent reaches a median statement coverage of 85% and a median mutation score
of 76%, and most libraries sit in the upper-right region where high coverage is matched by
a high mutation score. This is a good sign for the quality of the test suites generated by
the agent: not only do they execute the code under test, the tests contain assertions strong
enough to kill the mutants in that code.

A few libraries fall below this cluster. uneval is placed on the origin as the agent failed
to produce tests both times (Section 6.2.1). crawler-url-parser is low because one of its
replicate runs produced no tests, halving the averaged score. countries-and-timezones is
an interesting outlier: it reaches reasonable coverage but a low mutation score. This is likely
because its behaviour is largely a lookup table for timezones. The tests execute the lookup
code, but don’t actually reach all the entries, even though those are all mutated by Stryker.
This is a clear example of the benefits of using mutation score alongside coverage as a test

quality signal.
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GPT-5.4 agent: coverage vs. mutation score per library

100 A zip-a-folder @
pn:di_fn cov = 85% O graceful-fs image-downloader @
median mut = 76% jsonfile @

plural @
pull-stream @ @ cord
80 - omnitool @
complex.js @@
geo-point
@ node-dir
@isimple-statistics
@ quill-delta
@q
= 60 -
X
) @ dirty
5
9 @ glob
[
.°
-t
©
-t
s
40 A
@ crawler-url-parser ® gitlab-js
20 A
@ countries-and-timezones
0 4 @ uneval

0 20 40 60 80 100
Statement coverage (%)

Figure 6.3: Per-library statement coverage versus mutation score for the GPT-5.4 agent.
Each point is the average of 2 temperature 1 runs. No-test failures are scored as 0%, except
for hollow markers: graceful-fs is a single-run value, the other mutation measurement was

incomplete and omitted. Dashed lines represent the medians (85% coverage, 76% mutation
score).
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6.2.3 Cost

Table 6.1 contains the token usage, estimated API cost, request count, and generation time
for the agent runs. Estimated cost is computed as described in Section 4.3, by pricing each
run’s tokens at the GPT-5.4 rate: non-cached input at $1.25, cached input at $0.125, and
output at $10.00 per million tokens. The total row is computed by summing the means of
all the libraries. It should therefore be read as the expected cost of one full 20-library run.
This evaluates to 72.08M input tokens, 1.52M output tokens, 7,550 model requests, and an
estimated cost of $32.34.

The token usage profile is opposite from TESTPILOT’s, discussed in Section 6.1.5. TEST-
PiLoT was output-heavy, with an input-to-output ratio of about 1:3. The agent instead
spends input and output tokens at a rate of about 50:1. This is a result of the agentic
architecture: we provide the agent with extensive context and tools to enhance its context
gathering abilities, which help the LLM craft passing tests in fewer attempts. Additionally,
the file writing tools allow tests to be rewritten by modifying only parts of the source, in-
stead of the model having to regenerate the entire test. Still, the agent uses a significant
amount of tokens, and prompt caching is what keeps this affordable. Since the prefix of
each test generation item is largely the same, 89.9% of input tokens are cached and billed at
the reduced cached rate, which is ten times cheaper than uncached input. Without caching,
the same run would cost roughly $105 rather than the $32.34 reported above, more than
tripling the price, so the cached prefix is what makes the agent’s 50:1 input-to-output ratio
affordable.

The cost distribution is also highly skewed. The median library costs only $0.68, but
the mean is $1.62 because a few large libraries dominate the run: omnitool, graceful-fs,
and complex.js together account for 59.3% of the estimated cost, and the top five libraries
are responsible for 74.8%. These rows also have the largest request counts and runtimes:
omnitool takes an average of 2,047 LLM requests, graceful-fs 1,404, and complex. js 946.

In total, the agent took about 11.9 hours of runtime, including Stryker and tool runtime.
In larger projects, Stryker becomes the major bottleneck, especially during the residual runs.
During the residual phase, the agent needs two more library-wide mutation tests, which is
why complex.js, graceful-fs, and omnitool are expensive not only in tokens but also in

time.
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Table 6.1: GPT-5.4 agent: token usage, cost, and generation time, averaged across the two
residual-mutation-feedback runs. Cells marked * were averaged from a single run.

Project Input Cached Output Cost (USD) Requests Time (min)
glob 1.26M 1.13M 40k 0.70 127 11.2
graceful-fs 1551M  13.71M 353k 7.49 1,404 150.0
jsonfile 601k 548k 14k 0.28 72 4.2
q 5.65M 5.11M 130k 2.61 680 47.6
node-dir 1.14M 1.04M 36k 0.63 109 11.7
zip-a-folder 109k 99k 4k 0.07 16 1.7
quill-delta 2.47TM 2.24M 62k 1.19 291 22.3
complex.js 9.38M 8.45M 181k 4.04 946 156.5
pull-stream 1.92M 1.75M 53k 0.95 226 21.8
countries-and-timezones  2.52M 2.31M 26k 0.82 124 13.1
simple-statistics 5.37TM 4.84M 114k 2.40 638 53.0
plural 654k 589k 13k 0.29 78 4.7
dirty 628k 568k 19k 0.34 64 5.5
geo-point 1.21M 1.09M 31k 0.60 140 8.8
uneval 130k 118k 4k 0.07 14 1.0
image-downloader 370k 338k 10k 0.18 40 3.0
crawler-url-parser 425k 388k 10k 0.20 44 3.1
gitlab-js 2.68M 2.42M 54k 1.17 318 18.7
core 1.42M 1.30M 34k 0.66 173 10.3
omnitool 18.63M  16.80M 327k 7.66 2,047 165.2
Total 72.08M  64.83M 1.52M 32.34 7,550 713.5

6.3 Agent vs. TestPilot

This section provides a side-by-side comparison of the results achieved by TESTPILOT with
GPT-5.4 and the results of our agent on the same model, across mutation score, coverage,
correctness, test non-triviality, and cost.

Unless noted otherwise, the agent figures in this section come from the two full-feedback

temperature 1 runs also used in Section 6.2.

6.3.1 Mutation score, coverage, and passing tests

Table 6.2 compares the averages of metrics that are relevant for both systems. The per-
library data is shown in Figure 6.4 and listed in full in Appendix Table D.3.

The agent achieves a higher average mutation score than both GPT-5.4 TESTPILOT repli-
cations: a mean mutation score of 66.5% and a median of 75.5% compared with 54.4%/62.4%
for GPT-5.4 TestPilot-500 and 58.3%/59.9% for GPT-5.4 TestPilot-1000. The agent scores
higher than GPT-5.4-500 on 14 of 20 libraries and outscores GPT-5.4-1000 on 13 of 20.
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Table 6.2: Comparison between GPT-5.4 TestPilot and the final GPT-5.4 agent. Mut. is
mutation score (mean/median over libraries); Cov. is coverage (statement/branch); Tests
and LoC are the passing test count and the lines of passing test code; In/Cached/Out are
token totals. Min/lib is mean minutes per library.

System Mut. Cov. Tests LoC In Cached Out Cost Min/lib
TestPilot-500  54.4%/62.4% 79.9%/68.7% 3,067 84.7k  2.38M 0 6.91M $72.09 24.7
TestPilot-1000 58.3%/59.9% 84.9%/74.3% 3,246 94.2k  2.61M 0 7.22M $75.47 29.2
Agent 66.5%/75.5% 78.6%/71.3% 826 40.3k 72.08M  64.83M 1.52M $32.34 35.7

The coverage results are closer, and here TESTPILOT is in fact slightly ahead. The agent
reaches 78.6% mean statement coverage and 71.3% mean branch coverage after no-test runs
are counted as 0% coverage, compared with 79.9%/68.7% for TestPilot-500 and 84.9% /74.3%
for TestPilot-1000. The agent’s statement coverage is therefore marginally below both TEST-
P1LoT budgets, even though its mutation score is substantially higher. This means the agent
kills more mutants while executing a comparable or smaller amount of code, which indicates
that it concentrates stronger assertions on the code it does cover rather than simply reaching
more of it. This pattern is directly visible in Figure 6.4: in the mutation panel the three
median lines separate clearly, while in the coverage panel the three series’ summary marks
nearly coincide.

TESTPILOT is still stronger on several libraries, visible as the bottom rows of the mutation
panel in Figure 6.4. Both GPT-5.4 variants remain ahead on quill-delta,
countries-and-timezones, simple-statistics, dirty, uneval, and
crawler-url-parser. The 1000-token budget also remains ahead on geo-point. The
uneval and crawler-url-parser losses are partly caused by the agent’s no-test failures,
while the other losses show that the agentic strategy is not uniformly better. For small or
straightforward APIs, TestPilot’s multiple completion strategy can be sufficient.

The solutions also differ in the number of tests they produce. The two GPT-5.4 TEST-
PI1LOT experiments produce 3,057 and 3,246 passing tests respectively, while the final agent
produces an average of 826 passing tests across one full 20-library run. The agent therefore
achieves higher mutation scores with far fewer tests.

When we look at the total size of the test suites produced by both systems, we see that
the agent does produce longer tests, but not enough to negate the difference. In total, the
agent produces an average of 40k lines, versus 85k for GPT-5.4 TESTPILOT-500 and 94k
for GPT-5.4 TESTPILOT-1000. This is less than half the volume, with the individual agent
tests being about 49 lines per passing test, versus 28-29 for TESTPILOT. The agent is able
to concentrate more powerful assertions in less code, reaching a higher mutation score while

producing under half the test code.
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GPT-5.4 agent vs. GPT-5.4 TestPilot — mutation score and coverage per library
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Figure 6.4: Per-library mutation score (left) and statement coverage (right) for the two
GPT-5.4 TESTPILOT budgets and the final agent. Rows are sorted by the agent’s difference
with TestPilot-1000. Vertical lines mark each the median and the carets on the top edge
mark the means. uneval (red label) is an agent no-test failure in both runs, scored as 0.0%.

6.3.2 Correctness

To combat some of TESTPILOT’s replication issues discussed earlier in Section 6.1.2, the
agent validates the tests at two levels. First at the API item level, where the tests for an
item must pass runTests, a simple tool that just calls the Mocha test runner, before being
allowed to request strykerMutationTest. On the suite level, the harness initiates repair

phases when there are failures in the full suite.

Table 6.3: Number of runs affected by validation failures. “Validation failures” are attempts
that produced tests but failed later validation. “T0” and “T1” refer to the agent experiments
at temperature 0.0 and 1.0, respectively.

System No passing tests Validation failures Total affected
TestPilot-500 1/20 (5.0%) 4/20 (20.0%) 5/20 (25.0%)
TestPilot-1000 0/20 (0.0%) 6/20 (30.0%) 6/20 (30.0%)
Agent full4+residual T1 3/40 (7.5%) 1/40 (2.5%) 4/40 (10.0%)
Agent full+residual TO 0/20 (0.0%) 0/20 (0.0%) 0/20 (0.0%)
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Table 6.3 contains the correctness data for both systems. We see that the rate at which
they fail to produce any passing tests at all is comparable. TESTPILOT produced no passing
tests for 1 of 20 libraries in the GPT-5.4-500 run (5.0%) and for 0 of 20 libraries in the GPT-
5.4-1000 run (0.0%). The temperature 1 mutation-enabled agent has no retained tests in 3
of 40 library-runs (7.5%). The temperature 0 agent did not produce any outright failures,
but was only executed for one set of the 20 libraries.

There is a clear difference in failures exposed by suite-wide validation. Beyond the
outright failures, TESTPILOT had 4 further libraries for GPT-5.4-500 and 6 for GPT-5.4-
1000 whose tests failed the mutation dry run, giving a total of 5 affected libraries out of
20 for GPT-5.4-500 (25.0%) and 6 out of 20 for GPT-5.4-1000 (30.0%). By contrast, the
mutation-enabled agent exposed only 1 such suite-validation failure across 40 library-runs
at temperature 1 (2.5%) and none at temperature 0, so its total affected rate is 4 out of 40
(10.0%) at temperature 1 and 4 out of 60 (6.7%) across all mutation-enabled runs.

This indicates that the agent’s validation and repair loop makes generated suites more
robust. However, it does not solve suite contamination completely. One agent run without
mutation feedback (not included in Table 6.3) still contained a contamination case for the
problematic plural library. The agent therefore reduces the rate of affected runs, but is not

completely immune to this failure mode. Besides, other unobserved failures can still remain.

6.3.3 Non-Trivial Tests

The TESTPILOT harness measures whether generated tests contain non-trivial assertions:
assertions which can be traced backwards to reach the import statement of the package
under test. For GPT-5.4, TestPilot-500 produced non-trivial tests at a rate of 92.3% of all
generated tests and TestPilot-1000 at 92.7% (Table 6.4).

Running the original TESTPILOT classifier unchanged on the agent suites marks all agent
tests as trivial. This is not because the tests lack assertions, but because the agent uses differ-
ent import conventions than TestPilot. The original query expects Node’s unprefixed assert
module and a package-name import such as require("q"). The agent tests usually import
Node’s node:assert variants and import the checked-out package by relative path, as in
Listing 6.9. We therefore add an agent-compatible criterion that also accepts node:assert,

node:assert/strict, and relative imports that reach the archived package under test.
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Table 6.4: Non-triviality of generated tests. Pass is the share of generated tests that
pass. NT" is the percentage of all generated tests that contain a non-trivial assertion, and
NT" (pass.) the same percentage but for passing tests only. TESTPILOT and GPT-Turbo
use the original criterion, while agent rows use the agent-compatible metric.

Generator (condition) Runs Tests Pass NT" NT" (pass.)
GPT-Turbo (original) 10 4,984  42.3% 71.2% 67.8%
TESTPILOT-500 1 8872 34.5% 92.3% 97.2%
TESTPILOT-1000 1 9357  34.7% 92.7% 97.4%
Agent, full+residual (T'=1) 2 827  99.9% 99.1% 99.1%
Agent, hidden (T'=1) 2 821 99.9% 99.6% 99.6%
Agent, full+residual (T'=0) 1 848 100.0% 98.1% 98.1%

“Re-scoring the TESTPILOT/GPT-Turbo suites under the agent-compatible criterion does not change their
non-triviality score (<0.02 pp; zero affected files for GPT-5.4), so the difference does not give either system
an advantage.

const assert = require(’node:assert/strict’);

const Complex = require(’../../complex.js’);

it(’matches Math.acos for real inputs’, function () {
const value = new Complex (0.5, 0).acos();

assert.strictEqual (value.im, O0);

s

Listing 6.9: Agent test pattern detected by the updated non-triviality query

Under the agent-compatible definition, the agent suites are almost entirely non-trivial:
Table 6.4 shows non-triviality rates (NT™) of 99.1% for the mutation-enabled runs, 99.6%
for the hidden runs, and 98.1% for the temperature 0 run. Meanwhile, the 2 GPT-54
TESTPILOT budgets score 92.3% and 92.7%.

For the non-triviality of passing tests, the agent produces effectively the same number
because almost every generated test also passes. For TESTPILOT roughly a third of TEST-
PI1LOT’s generated tests are passing. GPT-5.4 TESTPILOT therefore already produces highly
non-trivial tests, but the agent suites are both almost entirely non-trivial and almost entirely
passing.

We do not report non-trivial coverage scores for the agent, because the agent reports
do not retain the per-test coverage needed to recompute that metric without rerunning the

suites.
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6.3.4 Token costs and runtime

When we compare the token costs discussed in sections 6.1.5 and 6.2.3, we see that both ap-
proaches come with dramatically different token usage profiles. TESTPILOT produces output
tokens at thrice the rate it consumes input tokens, while our agent uses approximately 50
input tokens for every output token. This follows from the differences in design: TESTPILOT
samples multiple LLM outputs, while the agent injects extra context in its input using tool
calls. Additionally, the TESTPILOT tokens are not eligible to be cached due to the small
size of the per-item prompts, while the agent can take full advantage of the reduced cached
token prices (Section 4.3): its starting prompt is larger because it must contain detailed tool
instructions and parameters, and every per-item conversation has many turns that incre-
mentally grow that cached prefix. Under this pricing, this makes the final agent cheaper in
estimated API cost ($32.34) than TestPilot-500 ($72.09) and TestPilot-1000 ($75.47), despite
the agent’s much larger raw input-token count.

TestPilot does beat the agent in runtime. A full residual agent run takes about 11.9
hours. TESTPILOT achieves a total runtime of about 8.2 and 9.7 hours, which makes the

agent slower, but cheaper.
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6.3.5 Overall performance

These comparisons show a consistently positive picture during our evaluation: on the 20
GPT-5.4 libraries, the agent produces suites that are almost entirely valid, kill more mutants
(66.5% against 54.4-58.3%), cost under half as much to generate ($32.34 against $72-$75),
and are less than half the size (on average 826 passing tests and 40k lines of test code,
against roughly 3,000-3,200 tests and 85-94k lines). TESTPILOT’s suites only achieve a
slightly higher statement coverage and a shorter runtime.

However, these results hold only for GPT-5.4 on a sample of 20 libraries with two runs
per condition. Further limitations and the extent to which we can generalize are discussed

in the next chapter.

6.4 Temperature Sensitivity

To check whether the agent’s results depend on decoding temperature, we ran one additional
full benchmark suite at temperature 0. This run uses the same agent commit as the other
runs with full mutation feedback. We compare it with the two temperature 1 residual runs
used in the previous tables. Temperature 0 has only one run, but we can expect the variance
to be very low at this temperature. That is why we can compare it against 2 temperature 1

runs.

6.4.1 Effect of temperature on mutation score

The results are available in Figure 6.5. On average, they do not show a clear temperature
effect on mutation score; most libraries barely move between the two settings and the ex-
tremes cancel out. Temperature 0 ends up with a slightly higher mean score both for partial
feedback (58.5% vs. 58.1%) and after residual feedback (68.2% vs. 66.5%). However, these
differences are strongly affected by temperature 1 no-test failures: uneval produces no tests
in either run (counted as 0.0%), and one of crawler-url-parser’s two runs also produced
no tests, lowering its temperature 1 mean to 29.9%. The paired differences are much smaller,
with the median delta —0.5pp before residual feedback and —0.1pp after.

We can discern a pattern separating the sign of the delta: The libraries that that do
better for temperature 1 (jsonfile and below) almost all use I/O or are stateful or asyn-
chronous, while the temperature 0 improvements are mostly pure computation libraries like
simple-statistics, geo-point, q, and core. However, it is difficult to say if this is a real

temperature effect.
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Temperature 0 vs. temperature 1 final muta%?n score per library

uneval 1 © @
glob A O @

gitlab-js - O @
geo-point A
crawler-url-parser - O @
core
q O=@

countries-and-timezones - O=@

simple-statistics OJI

zip-a-folder - |

complex.js I

quill-delta A @O :

omnitool I

I

jsonfile |
node-dir 1 .—b
image-downloader . Q)

p|ura| B M
pull-stream A O—I_O

I

graceful-fs * 4 | O ()
I
l

dirty 1 O O

0 20 40 60 80 100
Final mutation score (%)

© Temperaturel === Temp. O higher * single T1 run — - series median
@ Temperature 0 === Temp. 1 higher V series mean

Figure 6.5: Final (post-residual) mutation score at temperature 0 versus temperature 1,
sorted by the temperature difference. The line colour shows direction (green: temperature
0 higher; red: temperature 1 higher). uneval (red label) produced no passing tests in either
temperature 1 run.

The 1/O-heavy libraries at the temperature 1 end are also the ones with the highest
run-to-run variance (Section 2.3.3), so their large deltas could just be noise instead of tem-
perature effects, especially since temperature 0 is a single run compared against a two-run

temperature 1 mean (and graceful-fs is a single run at both settings).
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The split is also not entirely clean: The largest temperature 0 improvement, uneval, is
caused by 2 failing temperature 1 runs. Additionally, the I/O-heavy glob and gitlab-js
fall on the temperature 0 side. We therefore cannot interpret this pattern as a systemic

temperature effect.

6.4.2 Effect on completion

The clearest difference is the number of libraries for which a full test suite is completed. The
temperature 0 agent completed and scored all 20 libraries, with no partial or failed libraries.
By contrast, the two temperature 1 runs include no-test outcomes for two libraries: uneval
fails in both runs, and crawler-url-parser fails in one run. At temperature 0, uneval

reaches 91.5% and crawler-url-parser improves from 23.9% pre-residual to 36.3% final.
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6.5 Ablation study for mutation feedback

Mutation analysis reaches the agent at two distinct points, and we evaluate each separately.
During the per-item generation loop, every successful strykerMutationTest call returns
mutation feedback that the model uses to only modify the tests for the API item it is
working on. At the end of the run, the residual phase selects aggregate survivor clusters
across the whole library, and adds them as artificial API items for which the agent generates
additional targeted tests (Section 5.3.6).

6.5.1 Fine-grained feedback

We measure the results achieved by the agent in two runs with per-item mutation feedback
disabled. In this hidden mode, the agent contains the exact same instructions as normal but
every successful strykerMutationTest call returns "Mutation test completed. Successful
mutation feedback is hidden for this ablation condition." If strykerMutationTest fails, the
model still gets access to the error messages to repair any invalid tests. This gives the
hidden-mode agent the exact same context as the mutation-enabled one, without access to
mutation scores and mutant information.

Note that the residual phase necessarily includes mutant information, as described in
Section 5.3.6. This means that this entire phase is unavailable in hidden mode. However,
we can still provide a clean ablation study by simply comparing the final mutation scores
achieved on hidden mode to the pre-residual scores achieved by the mutation-enabled agent.
This allows us to examine only the effects of mutation feedback inside the per-item test
generation loops. Figure 6.6 presents the resulting comparison.

The ablation does not show a clear positive effect from adding per-item mutation feedback
to the agent. The mean Ageedpack i —3.2pp and the median is —1.7pp. If mutation feedback
were effective, we would expect to see positive values. Full mutation feedback outperforms
hidden feedback on only 7 libraries, hidden feedback scores higher than full feedback on 13
libraries, and no library is tied. The result therefore does not support a reliable positive
effect from exposing per-item mutation feedback to the model.

In fact, there are some large differences in favour of leaving out mutation feedback. For
example, uneval and crawler-url-parser, where the full-feedback condition includes no-
test failures under the scoring rule described above. However these are not direct evidence
that hidden feedback is generally better. They are more plausibly explained by run-level
variation combined with the fact that iteration on mutation feedback provides an extra

failure possibility. In the current agent, a passing test might end up failing after the agent
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Figure 6.6: Hidden vs. full mutation-feedback ablation (pre-residual) per package. Rows are
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attempts to incorporate mutation feedback. One hidden run for node-dir created passing

tests for promiseFiles, files, readFiles, and readFilesStream. In the mutation-enabled

run, several of these items generated successful tests that were broken by modifications

after strykerMutationTest feedback. Across the two mutation-enabled runs, we found 228

passing test cases that could have been preserved by rolling back after a failed mutation-

76



feedback iteration. These discarded tests amount to 13.8% of all tests written across the two

mutation-enabled runs.

6.5.2 The residual phase

Figure 6.7 shows the mutation scores before and after the residual phase, at both decoding
temperatures (the exact per-library scores and differences are listed in Appendix Table D.4).
The pre-residual score is the agent-side Stryker score after the public-API generation loop
and repair phase; agent final is the score after the residual phase has completed, and A is
their difference. Temperature 1 is the mean of two runs and temperature 0 a single run.
As elsewhere, agent failures with zero passing tests are included as 0.0% scores, while other
incomplete measurements are omitted, and the affected values are marked .

In contrast to the per-item signal, the residual phase strictly increases the mutation score
on most libraries. Across the 20 libraries at temperature 1, 15 improve, 4 are unchanged, and
1 decreases. The mean difference is +8.4 percentage points and the median difference is +3.9
percentage points. The median mutation score rises from 63.7% pre-residual to 75.5% after
residual feedback. This gain is not specific to temperature 1: the temperature 0 panel of
Figure 6.7 shows a comparable effect (+9.7pp mean, +6.3pp median, with 16 of 20 libraries
improving), so the residual phase helps regardless of decoding temperature.

We see the biggest improvements on libraries where the API loop leaves concentrated sur-
vivor clusters untested. For example, plural, which motivated the addition of the residual
phase (see Section 5.2.6), improves by +50.3pp. Similarly, image-downloader increases by
+23.3pp, core by +20.6pp, node-dir by +16.3pp, and glob by +13.6pp. Smaller gains on li-
braries like quill-delta (+3.9pp), gitlab-js (+1.8pp), and simple-statistics (+2.9pp)
show that residual feedback can still be useful after a strong pass with just the API-guided
generation, but with diminishing returns.

The four unchanged libraries have different causes. zip-a-folder already reaches 100.0%
before the residual phase, leaving no room for improvement. dirty still had survivor clus-
ters after the public-API pass, but the residual planner selected none of them: in both runs,
all available clusters overlapped source ranges that had already been assigned to public-
API items. uneval is unchanged because both runs are no-test failures scored as 0.0%.
crawler-url-parser averages one no-test failure with one completed run. In the completed
run, the residual phase selected two clusters, but neither changed the final score: one tar-
geted an unused object, and the other demo code guarded by if (!'module.parent), which
generated Mocha tests cannot cover when they import the library.

graceful-fs is the only library with a negative residual delta, decreasing by 0.3pp in the
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Figure 6.7: Mutation score before and after the residual phase, per library and decoding
temperature. The temperature 1 panel shows the mean of the two temperature 1 runs.
Rows are sorted by the mean residual gain across both temperatures. Green segments
represent libraries the residual phase improves and red segments the single case it lowers
(graceful-fs at temperature 0). Vertical lines represent medians carets on the top represent
means. uneval (red label) produced no tests in either temperature 1 run and is scored 0.0%
there. The asterisk marks graceful-fs’s single-run temperature 1 value.

single completed score run. We attribute the difference to natural variance in mutation scores
for larger test suites. For graceful-fs, the new residual tests execute “polyfill behaviour”
(i.e. code that normalizes platform features so that graceful-fs presents a consistent API
across Node versions), like module loading and the require cache. These tests can interact
with Stryker’s Mocha workers by changing module initialisation order, and therefore timeout
behaviour. Since Stryker counts timeouts as detected mutants, a mutant that was previously
killed or timed out can later complete and survive when the suite composition changes.
The residual phase produces a consistent gain, although at a small token cost. When

we measure LLM requests within the residual phase, residual generation accounts for 11.9%
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of the agent’s tokens (about 8.8M of the 73.6M per run) and 11.8% of the estimated API
cost (roughly $3.8 of the $32.34 per run). Against the +8.4pp mean (+3.9pp median)
improvement, it is a token-efficient source of gains. The real cost is runtime: the two extra
library-wide Stryker runs it triggers are the main runtime bottleneck (Section 6.2.3), not its
tokens.

Together, these two effects show how the effect of mutation feedback can differ based on
how it is inserted. Exposing per-item mutation feedback during generation does not reliably
improve scores, and can even corrupt previously passing tests. The project-wide residual
phase however, is responsible for a large part of the agent’s higher mutation scores, despite

using relatively few tokens.
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CHAPTER 7: DISCUSSION

This chapter will interpret the experimental results with regard to the research questions
posed in Chapter 4. Additionally, we will provide an analysis of the limitations and possible
threats to validity of our research. Finally, we will provide recommendations for future work,

discuss the practical applicability of our agent, and conclude the thesis.

7.1 Answering the Research Questions

This section answers the two research questions from Chapter 4:

RQ1: How effective is an MCP-based agentic test generation system

for generating JavaScript unit tests?

RQ2: How does incorporating mutation testing feedback through Stryk-
erJS affect the quality of LLM-generated tests?

The validation questions are used as supporting questions that describe the metrics along
which we evaluate the RQs:

VQ1.1: How does the correctness, coverage and mutation score of
tests generated by the agentic approach compare to those generated
by TestPilot?

VQ1.2: How does the token and runtime cost of the agentic approach

compare to TestPilot’s light context test generation baseline?

VQ2.1: How does mutation feedback targeted to the API item level

affect project-wide mutation score?

VQ2.2: How does the residual mutation feedback phase affect mutation

score relative to its additional token overhead?

7.1.1 RQ1: Effectiveness of the Agentic Test Generation System

RQ1 asks how effective our agentic test generation system is for generating JavaScript unit
tests. We can use VQ1.1, which investigates test correctness, coverage, and mutation score,
to formulate an answer. In the comparison with the GPT-5.4 TESTPILOT baseline, we see

the following:
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o the agent generates fewer tests, of which more are correct
« the agent achieves slightly lower statement coverage on average

o the agent achieves a higher mutation score on average

The comparison in Table 6.2 shows that the agent’s clear advantage is in mutation score,
while its statement coverage is in fact slightly below both TESTPILOT budgets. This is useful
information because coverage only measures whether code is executed, while mutation score
also depends on whether the tests assert behaviour strongly enough to detect changes. The
agent therefore gains its advantage not by executing more code, but by generating more
effective assertions for the code it does execute. We also see that the agent’s tests suites are
smaller: they are under half the LoC of TESTPILOT’S.

For correctness, as discussed in Section 6.1.2, TESTPILOT validates generated tests inde-
pendently, which allows some tests to pass in isolation but fail when executed as a full suite.
The agent instead validates tests both at the API item level and at the test suite level, with
repair phases between generation and final evaluation. This does not eliminate the correct-
ness problems entirely, but it reduces the number of affected runs and makes failures more
visible in the generated reports.

VQ1.2 qualifies the answer by considering cost. The agent is cheaper in estimated API
cost under the measured GPT-5.4 pricing setup, largely because prompt caching reduces
the price of its large repeated input contexts. The agent spends many conversation turns
interacting with tools and StrykerJS runs. These are all opportunities for taking advantage
of token caching, but the tool calls do increase the runtime beyond TESTPILOT’s.

Overall, RQ1 can be answered positively: our MCP-based agentic system is an effec-
tive JavaScript unit test generator in this benchmark. Its main strengths are free context
exploration, iterative execution feedback, suite-level repair, and mutation-guided residual
targeting. Its main weakness is runtime, especially on large libraries with many API items

or expensive mutation runs.

7.1.2 RQ2: Effect of Mutation Testing Feedback

RQ2 asks how incorporating mutation testing feedback through StrykerJS affects the quality
of LLM-generated tests. We find that the answer depends on how mutation analysis is in-
corporated. The per-item mutation feedback ablation does not show a reliable positive effect
from exposing this small-scoped feedback directly to the model. The residual feedback phase

however, which also depends on mutation analysis, does improve mutation score consistently.
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Our explanation for the nonexistent effect of per-item mutation feedback is that it intro-
duces an extra failure opportunity. As discussed in Section 6.5.1, 13.8% of all tests written
across both mutation-enabled runs only fail after the attempted integration of mutation
feedback.

It is possible to conclude what the benefits of per-item mutation analysis would be without
this drawback. Currently, the tests for an APIitem are committed or discarded based on their
pass/fail once all exploration and mutation analysis has been completed. The introduction
of a rollback mechanism that would restore tests to their last successful state inside the
per-item generation process would support that analysis. We reserve this for future work.

When we analyse the effect of mutation analysis according to VQ2.2, which concerns the
residual phase, we see a different result. Section 6.5.2 reports consistent improvements in
mutation score after the residual phase (+8.4pp on average). Unlike per-item feedback, it
avoids the test-regression problem: the residual phase only adds tests, so failing additions
are simply discarded and cannot lower the score (the single small negative, graceful-fs, is
Stryker measurement noise rather than a regression). It is also cheap relative to its benefit,
costing only about 12% of the run’s tokens. This directly answers V(Q2.2: the residual phase
improves mutation score at a small token overhead.

RQ2 should therefore be answered in two parts: We find that mutation feedback scoped to
the unit level does not directly improve test quality, but that mutation analysis can improve

a test suite when it is used to point an agent at suite-level weak points.

7.2 Threats to Validity

This section discusses threats to the validity of the experimental results. Following the clas-
sification of Wohlin et al. [69], we distinguish conclusion validity, internal validity, construct
validity, and external validity.

Conclusion validity refers to whether the amount and variability of the evidence are
sufficient for the claims we make. Internal validity concerns whether our observations can
actually be attributed to the experimental conditions. Construct validity regards whether the
selected metrics measure the intended concepts. Finally, external validity concerns whether

the results can generalize beyond the benchmarks, model, and tooling used in this thesis.

Threats to Conclusion Validity

The main conclusion validity threat is nondeterminism in the generation and evaluation

pipeline. Even when the same agent configuration is used, the generated tests can differ

82



between runs. In addition, StrykerJS mutation scores are not always perfectly stable between
runs. This is especially visible for larger libraries whose tests interact with global state,
filesystem state, module loading, or timeouts. For example, graceful-fs consistently shows
unstable behaviour across runs.

The small number of repeated runs we fit in our budget (4 runs at temperature 1, 1 total
temperature 0 run) are not enough to mitigate this threat. We can reveal large effects and
obvious failures, but do not have enough evidence for strong statistical claims about smaller

effects.

Threats to Internal Validity

One threat to internal validity that was controlled for is drift in the agent and harness
code. Data was collected over several weeks, during which the system itself still evolved.
We mitigate this risk by explicitly dividing our results into the ones that were only used to
support architectural decisions (Section 5.2.1), and the ones used to answer the RQs. The
latter are all restricted to a single agent commit.

The residual phase also introduces a possible attribution threat. The intended interpre-
tation is that residual feedback adds tests for survivor clusters not already targeted by the
public-API item loop. However, after residual items have been generated, the repair phase
may edit existing generated files as well. The final post-residual score could therefore not
always be the score of the original public API suite plus only newly added residual tests. It
is the score of the suite after residual generation and any repairs the agent deemed necessary.
The residual effect should be interpreted as the effect of the residual phase as a whole, not
just as the effect of adding residual test files.

Finally, there is a threat that the proprietary GPT-5.4 model might have been modified
throughout, or after our experiments. This might limit the replicability and validity of our

results.

Threats to Construct Validity

The main quality metric in this thesis is mutation score. Mutation score is useful because it
measures whether generated tests detect behavioural changes, and it is stronger than coverage
alone. However, mutation score is still only a proxy for real fault-detection ability. Any
reported increases in mutation score should be interpreted as evidence of stronger behavioural
testing, not as a direct measurement of real-world bug detection.

Coverage metrics have a related limitation. Coverage shows which code was executed,

but it does not show whether the generated tests asserted the right behaviour. This is why
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the agent can be closer to TESTPILOT on coverage than on mutation score. Therefore, we

interpret coverage as a supporting metric rather than as the main indicator of test quality.

Threats to External Validity

The experiments use the JavaScript library benchmark derived from the original TESTPILOT
study. This makes the comparison with TESTPILOT meaningful, but it limits generaliza-
tion. The benchmark consists of small to medium-sized libraries with public APIs that can
be explored and called from generated unit tests. We cannot say if the results will hold
for applications, where important behaviour is mostly internal and not available through
exported APIs.

The system is also tied to the JavaScript/TypeScript ecosystem. Other languages have
different testing frameworks, build systems, dependency mechanisms, and mutation-testing
tools. The general architecture of an MCP-based tool-enabled agent could still be useful in
other ecosystems, but we cannot make any claims about the resulting test effectiveness and
cost profile.

Another limitation is our use of a single frontier language model. All main experiments
use GPT-5.4 due to budget constraints. This keeps the comparison simple, but it also means
the results may not generalize to other models. A different model might benefit more or less

from the feedback provided to our agent.

7.3 Future Work

The contributions and limitations of this thesis leave plenty of room for future work. We

provide an overview of some possibilities:

o More experiments Mitigating our threat to conclusion validity would require more ex-
periments under the same conditions. Additionally, there are many possible conditions
that have been left unevaluated due to budget and time constraints. Different LLMs
at different LLM temperatures would be interesting first steps. Our selection of 1
LLM sampled at 2 temperatures is unlikely to coincidentally be the most cost efficient

and /or effective solution, so more research here is recommended.

o More mutation testing on the same results As mentioned in Background Section 2.3.3,
mutation scores on a fixed target are not deterministic. Re-running mutation analysis
multiple times would give more insight in the variance of the results. This would allow

for drawing more fine-grained conclusions on existing data. For example, if the variance
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turned out very low, the small temperature differences between the temperature 0 and
temperature 1 experiments (Figure 6.5) become more interesting. A prerequisite of
this would be to run more experiments in total, to first mitigate the non-determinism

inherent in the agentic test generation process.

Integrating Stryker MCP with state-of-the-art coding agents. Building a custom agent
let us run controlled, transparent experiments in which every tool call, budget, and
feedback path was observable. This meant we had to sacrifice the mature code context
management, repository indexing, project exploration, and conversation compaction
that production coding agents such as OpenCode [57], Codex [46], or Claude Code [2]
already provide. A natural next step is to attach the Stryker MCP server and a
mutation-feedback prompt to such a harness and measure whether their stronger con-

text management combined with the same feedback signal creates better results.

Fine-grained test rollback As discussed earlier in this chapter and in Section 6.5.1
of Experimental Results, we currently have no way of recovering tests that only fail
after attempted mutation feedback integration. The results could add nuance to our
observation that the effects of fine-grained mutation feedback are, at best, equally

useful and confusing.

More ablation studies Due to the limited budget of the thesis, multiple design decisions
were made after a pilot run, and only systematically evaluated together. Ablation
studies on the API item loop or the inclusion of ripgrep and other MCP tools would
give insight into which capabilities of the agent are the most efficient upgrades token

wise.

Parameter tuning The test generation loop contains some parameters that have been
chosen on anecdotal observations during development, because emperically evaluating
their optimal values would exceed the budget. For example, studying different tool
call budgets (Section 5.5.1) could help optimize the tradeoff between successfully fixing
bugs after many retries and wasting tokens in an unproductive tool call loop. Likewise,
allowing more retries during the suite-level repair phases (Section 5.5.3) could prove

worthwhile if it helps prevent failures in a relatively large amount of projects.

Real bug detection Bug detection is a powerful metric that we only approximate with
mutation score. Future work could adapt the agent for experiments on datasets with
known bugs. For example, the BugsJS dataset contains large JavaScript applications

and libraries with known bugs [28]. However, it is likely that the BugsJS data has been
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included as training data for modern LLMs, contaminating the results and requiring a

mitigation strategy.

o Integrating other test quality signals inside the feedback loop We used mutation analysis
as the only test quality signal inside the test generation loop. Perhaps coverage reports
could complement or replace the mutation feedback signal. Other interesting signals
would be test flakiness checks or test runtime budgets. Studying how these signals can
complement or replace each other inside this agentic environment is an open research

direction.

7.4 Practical Applicability

As discussed earlier in Section 5.2, the agent’s design changed dramatically to target some
failure modes that appeared during a pilot run. Our simple agent consisting only of filesystem
exploration tools plus Stryker, produced low mutation scores or failed to produce any at all.
The introduction of programmatic API exploration, repair and residual phases improved the
performance dramatically, but reduced the versatility and autonomy of our agent.

The API exploration phase is designed to work with libraries which expose an API that
contains useful test targets. This makes our approach effective for the utility libraries in
our benchmark, but it is likely less suitable for other classes of systems. Applications with
user interfaces, databases, network dependencies, and other complexities would likely need
a modified version of the harness.

In practice, we see the best use case of the project as a test generation augmentation tool
for library developers. If a developer finds themselves with an untested library, a run of the
agent might provide a useful starting point. If not, a developer could augment their current
test suite by manually selecting strong tests from the system’s output.

For other applications, we recommend experimenting with the utilization of the Stryker
MCP server as a standalone augmentation for an existing coding harness (also recommended
as future work in the previous section). Modern coding agents are likely to drastically
outperform our simple agent in project exploration and context management. With the
right prompt, an agent could autonomously utilize Stryker MCP to target and fix weak
points in the test suite. This is a promising direction since it is essentially a more versatile

version of our 'residual feedback’ phase, which has already proven useful in experiments.
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7.5 Conclusion

This thesis investigates whether an MCP-based, feedback-driven agent can generate effective
JavaScript unit tests, and whether StrykerJS mutation feedback improves the quality of those
tests. To answer these questions, we built a research harness that provides an agent with tools
for filesystem access, code search, test execution, API exploration, and mutation testing.
The system was evaluated on a JavaScript library benchmark derived from the TESTPILOT
study and compared against GPT-5.4 replications of TESTPILOT’s light-context generation
approach.

The agentic system performs well on the benchmark. Compared with GPT-5.4 TESTPI-
LOT, it achieves higher mutation scores on most libraries while producing far fewer passing
tests. This suggests that the agent tends to more targeted tests. The agent also improves
suite-level robustness by validating generated tests both at item level and at full-suite level,
although it does not eliminate all failure modes.

The effect of mutation feedback is less clear. Ablating per-item mutation feedback shows
no measurable effect on mutation score. However, mutation analysis is still useful when it
is targeted differently. The residual feedback phase consistently improves mutation score
by using project-wide mutation results. These are used to identify remaining weakly tested
source regions and convert them into additional work items, which results in a substantial
improvement for a small token overhead.

We find that mutation analysis is more effective in this system as a suite-level targeting
mechanism than as direct feedback scoped on the unit test level. Combined with the im-
provements over minimal context strategy used by TESTPILOT, we conclude that there is
potential for traditional software-engineering tools like mutation analysis in agent-based test

generation.

Data and Code Availability

The agentic test generator and benchmark harness (AGENTIC-STRYKER) is publicly avail-
able at https://github.com/eefscheef/agentic-stryker. All experiments in this thesis
were performed at development-history commit 63be77f. The complete run data is archived
at https://doi.org/10.5281/zenodo.21326300. The analysis pipeline that generates ev-
ery table and figure in this thesis from that data is available at https://github.com/
eefscheef/agentic-stryker-tables.

The original TESTPILOT data (Codex cushman, GPT-3.5-turbo, StarCoder) is available
in the artifact by Schéfer et al. [55] at https://doi.org/10.6084/m9.figshare.23653371.
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The GPT-5.4 TESTPILOT replications were produced with our fork of TESTPILOT, avail-
able at https://github.com/eefscheef/testpilot2, and the retroactive mutation anal-
ysis that added Stryker mutation reports to all TESTPILOT runs is available at https:
//github.com/eefscheef/mutation-pilot.
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APPENDIX A: PILOT AGENT RUN DATA

We provide some preliminary results achieved by a primitive version of the agent. These
results are used as motivation for some decisions made in the final architecture in the Design
Rationale (Section 5.2): Table 5.2 in that section summarises the observations, and this
appendix collects the per-library data behind them. This data should only be viewed in that
context, and not as a full controlled experiment. This version of the agent was not a clean
subset of the final agent (single conversation per library, no code search, no test execution

outside Stryker), and predates some targeted fixes causing library-specific failures.

A.1 Pilot Configuration and Tool Surface

The pilot used a simpler test generation process than the current one described in Chapter 5:
For each library, the agent was prompted once to inspect the package, write generated Mocha
tests using only Node built-ins, and then run a baseline mutation test. The model could
then use the returned surviving mutants as feedback, before requesting one final validation
mutation run. The agent was limited to at most two successful strykerMutationTest calls,
but only on the prompt level. The first successful call was meant to be the baseline and
feedback, and the second as validation.

This version only had access to the filesystem and Stryker MCP servers. These tool calls

were recorded:

o Stryker MCP tools:

— strykerMutationTest

— strykerMutantDetails
o Filesystem MCP tools:
— create_directory
— edit_file
— list_allowed_directories

— list_directory

read_file/read_text_file

read_multiple_files
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— search_files

— write_file

There was no ripgrep MCP server in this pilot. The search_files tool was the generic
filesystem MCP search tool, not targeted content search. The pilot also had no runTests,
exploreAPI, getFunctionBody, read_file_range, verdicts, or small mutation scopes en-
forced on the harness side.

The strykerMutationTest tool did already support targeted modes such as *files’,
>survivors’, and ’mutants’, but the prompt did not contain any specific instructions.
Besides, the 2-tool call limit made it sensible to just apply the default >all’ mode, which

is what the agent did for practically every run.

A.2 Mutation-Score Comparison

Table A.1 lists the per-library mutation scores for GPT-Turbo, the two GPT-5.4 TESTPILOT
budgets, and the pilot agent. We attempted test generation for a set of 20 libraries (fs-extra
was marked incompatible due to an incompatibility that was later fixed). Only 12 libraries
produced a pilot mutation score; the other eight generated test files (this version of the
agent produced one test file per library) failed the harness’ independent Mocha evaluation

and are counted as 0.0%. These are the failure counts cited in Section 5.2.1 and reported in
Section A.5.
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Table A.1: Mutation score comparison across GPT-Turbo, the two GPT-5.4 TESTPILOT
variants, and the GPT-5.4 agent. A reports the absolute per-project difference in percentage
points relative to GPT-Turbo. No-passing-test failures are counted as 0.0% mutation score.
Row groups follow the original benchmark grouping: Nessie packages, additional GitHub
packages, and GitLab packages.

Project GPT-Turbo GPT-5.4-500 GPT-5.4-1000 GPT-5.4-agent
Mut. Score Mut. Score A (pp) Mut. Score A (pp) Mut. Score A (pp)
glob 22.4% 33.9% +11.5 44.4%  +22.0 0.0% -22.4
graceful-fs 59.7% 26.7% -33.0 27.0% -32.7 0.0% -59.7
jsonfile 13.1% 68.9% +55.7 55.7%  +42.6 0.0% -13.1
q 38.7% 55.3% +16.6 54.4%  +15.7 33.6% -5.1
node-dir 26.6% 60.9% +34.3 67.1%  +40.6 56.2%  +29.6
zip-a-folder 8.3% 95.8% +87.5 95.8%  +87.5 100.0%  +91.7
quill-delta 45.8% 76.9% +31.1 78.3% +32.5 0.0% -45.8
complex.js 34.6% 63.9% 4+29.3 61.1% 4+26.5 64.2% +29.6
pull-stream 45.6% 69.8%  +24.3 73.4%  4+27.8 0.0% -45.6
countries-and-timezones 5.2% 16.4%  +11.2 16.6% +11.5 0.0% -5.2
simple-statistics 47.0% 76.6% < +29.7 76.7%  4+29.7 32.1% -14.8
plural 22.5% 26.4% +3.9 34.3% +11.8 91.6% +69.1
dirty 41.8% 69.4% +27.5 69.4% +27.5 76.7%  +34.9
geo-point 56.5% 74.4%  +17.8 80.5% +24.0 0.0% -56.5
uneval 54.2% 89.8% +35.6 89.8% +35.6 91.5% +37.3
image-downloader 10.0% 0.0% -10.0 51.2%  +41.2 97.7%  +87.7
crawler-url-parser 22.1% 64.2%  +42.0 68.6% +46.5 74.8%  +52.7
gitlab-js 7.8% 95%  +1.7 4.7% 3.0 0.0% 7.8
core 35.0% 51.5% +16.5 58.4% +23.3 78.2%  +43.1
omnitool 50.7% 57.1% +6.4 58.7% +8.0 26.3% -24.4
Median score 34.8% 62.4% 59.9% 32.9%
Median A — - 421.0 - 427.0 - -5.1
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A.3 Pilot Agent Coverage and Mutation Scores

Table A.2 shows the pilot agent’s results in detail: The number of passing generated tests
and the statement coverage, branch coverage, and mutation score per library. Coverage cells
are empty for the eight libraries whose generated tests did not pass the independent Mocha

evaluation, discussed in Section A.5.

Table A.2: Statement and branch coverage and mutation score for the GPT-5.4-agent run.

Project Passing Tests Stmt Cov Branch Cov Mutation Score
glob 0 - - -
graceful-fs 0 - - -
jsonfile 0 - - -
q 1 68.8% 59.6% 33.6%
node-dir 1 80.3% 72.7% 56.2%
zip-a-folder 1 100.0% 100.0% 100.0%
quill-delta 0 - - -
complex.js 1 87.8% 68.2% 64.2%
pull-stream 0 - - -
countries-and-timezones 0 - - -
simple-statistics 1 51.8% 39.4% 32.1%
plural 1 100.0% 90.9% 91.6%
dirty 1 92.5% 86.5% 76.7%
geo-point 0 - - -
uneval 1 100.0% 100.0% 91.5%
image-downloader 1 100.0% 93.8% 97.7%
crawler-url-parser 1 96.4% 88.8% 74.8%
gitlab-js 0 - - -
core 1 98.6% 88.6% 78.2%
omnitool 1 76.7% 69.9% 26.3%
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A.4 Token Usage

Table A.3 lists, per library, the lines of code, exported functions under test (FUT), and input
and output token totals for the two GPT-5.4 TESTPILOT budgets and the pilot agent. We
can see the context growth example from Section 5.2.2: on uneval, a single early file read
was re-sent on every following model call and accounts for roughly 2.45M of the pilot’s 2.57M
input tokens. The totals also show the inverted token balance: the pilot spends almost all

tokens on input, whereas TESTPILOT spends most on output.

Table A.3: Token usage comparison between GPT-5.4 TestPilot and the GPT-5.4 agent. All
values are actual counts from the API.

GPT-5.4-500 GPT-5.4-1000 GPT-5.4-agent

Project LoC FUT Input Output Input Output Input Output
glob 314 21 42k 139k 59k 177k 245k 4k
graceful-fs 208 187 308k  1.129M 340k  1.273M 249k Tk
jsonfile 46 4 11k 41k 8k 34k 294k 18k
q 736 98 224k 773k 426k 738k 443k 5k
node-dir 244 6 48k 145k 54k 173k 261k 9k
zip-a-folder 25 3 4k 18k 5k 20k 89k ok
quill-delta 395 36 104k 328k 178k 333k 425k 11k
complex.js 393 52 130k 368k 130k 367k 384k 4k
pull-stream 308 24 46k 185k 50k 202k 398k 12k
countries-and-timezones 78 7 21k 57k 23k 60k 458k 2k
simple-statistics 917 89 296k 804k 288k 808k 501k 8k
plural 53 4 9k 25k 10k 25k 192k 6k
dirty 89 34 138k 298k 167k 342k 404k 8k
geo-point 76 19 45k 150k 47k 159k 245k 6k
uneval 31 1 4k 11k 5k 13k 2.571M 3k
image-downloader 32 1 2k 10k 4k 17k 160k 6k
crawler-url-parser 100 3 16k 52k 17k 59k 399k 8k
gitlab-js 205 37 234k 328k 106k 330k 307k Tk
core 136 20 66k 206k 65k 207k 320k 8k
omnitool 1603 270 627k  1.846M 627k  1.885M 621k 14k
Total 5989 916 2.375M  6.913M 2.607M  7.221M 8.964M 152k
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A.5 Failure Categorisation

Eight of the 20 libraries produced no passing generated tests. We can divide the failures into

3 categories:

« Missing import, setup, or incorrectly using API (6 libraries): glob, graceful-fs,
pull-stream, jsonfile, geo-point, and gitlab-js. This is the expected failure
mode: the agent can struggle with difficult setup logic or complex functions. These
failures are the main motivator for improved project exploration, like the introduction

of code search in Section 5.2.3.

« Mutation feedback timed out (1 library): countries-and-timezones. The pack-
age is small in source lines but has relatively many mutants. The whole-project mu-
tation feedback was expensive and hit the MCP timeout. This is the failure category

cited in Section 5.2.4, motivating forced scoped mutation testing.

« Harness bug (1 library): quill-delta. The agent generated a TypeScript test file
and wrote it to delta.generated.spec.ts. However, the Stryker configuration used
in the harness at the time only looked for JavaScript test files: .js, .cjs, and .mjs.
This led us to miss a mutation score for a generated test that was possibly perfectly
fine. The current agent avoids this by requiring generated tests to use a predetermined

filename pattern. See Section 5.3.5.
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APPENDIX B: EXAMPLE PER-ITEM PROMPT

Listing B.1 shows an abbreviated prompt for one ordinary API item. Some repeated safety

rules are omitted here, but the listing shows the two most important implementation features:

N

a stable instruction prefix and a dynamic item context.

You are a careful JavaScript/TypeScript test engineer.
Work on exactly one API element. Kill Stryker mutants by writing
Mocha tests with Node built-ins only.

Rules:

- No third-party assertion or mocking libraries.

- Ignore pre-existing project tests. Write all new tests into
OUTPUT_DIR.

- Every returned mutant must be handled: kill it with tests or
conclude it
is not worth more local iteration.

- IMPORT PATHS: do not guess. If Library notes include
‘public API import path from OUTPUT_DIR:‘, use it verbatim.

- Issue exactly one tool call per turn.

- After every edit, call ‘runTests‘ with ‘testsDir: OUTPUT_DIR ¢ and
the
active item pattern shown below. Do not call Stryker until it

passes.

Tools:

- Use ripgrep tools for content search.

4

- Use ‘read_file_range ‘ when you already know the relevant lines.

- Use ‘getFunctionBody({ accessPath })‘ for sibling implementations.

Stryker:

- Per-item Stryker is only iteration feedback.

- Every mutation call must use ‘mode: ’files’‘ with the active item
source

path and range shown below.
- Never use ‘mode: ’all’‘, ‘mode: ’survivors’‘, or ‘mode:

‘mutants’‘ here.
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## Workflow

1. Read the active item’s signature, source location, and body

below.
Write a Mocha test at the expected path.

3. Call ‘runTests ‘ using the active item pattern.

Call ‘strykerMutationTest ({ mode: ’files’, format: ’flat’,

files: [<active item’s source path + range>] }) ¢.

Refine the tests from the returned mutants, within budget.

Return the verdict via the schema.

## Verdict
Return a single structured object matching this schema:
{

status: "completed" | "skipped",

skipReason?: string,

notes?: string,

libraryNotesAppend?: string

## Active run context

- DIR=/tmp/agentic-stryker-suite/repo

- OUTPUT_DIR=/tmp/agentic-stryker-suite/repo/test/generated

- Targeted runTests call:
‘runTests ({ testsDir: OUTPUT_DIR,
pattern: "simple-statistics_mean*.test.js"
- Mutation scope: pass
{ path:

"/tmp/agentic-stryker -suite/repo/dist/simple-statistics.js"
p/ag y p p J

range: { start: { line: 123, column: 1 },
end : { line: 130, column: 2 } } .

## Library notes (shared across items)
public API import path from OUTPUT_DIR:

require("../../dist/simple-statistics.js")

## Work queue

[x] simple-statistics.sum(x: number []): number
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[>] simple-statistics.mean(x: number[]): number

[ ] simple-statistics.median(x: number[]): number

## Active item
simple-statistics.mean(x: number []): number
Source location: dist/simple-statistics.js lines 123:1-130:2

Tier: ts-declarations

### Active body
Ceiyg
function mean(x) {
if (x.length === 0) {
throw new Error ("mean requires at least one data point");
}

return sum(x) / x.length;

## Output and file naming

- Write the test for this item to exactly:
‘OUTPUT_DIR/simple-statistics_mean.test.js ‘.

- Additional files are attributed to this item only if their name
starts

4

with ‘simple-statistics_mean_‘ and ends with ‘.test.js°‘.

## Budgets
- Budget A: 20 model-actionable tool calls for this item.

- Budget B: 3 successful ‘strykerMutationTest ‘ calls for this item.

Listing B.1: Abbreviated per-item prompt rendered for an API item
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APPENDIX C: LIBRARIES UNDER TEST

Table C.1: Benchmark-library corpus characteristics. LOC and domains follow TestPilot’s
Table 1; valid-mutant counts come from this thesis’ Stryker configuration when a compatible
run produced that information.

Library Domain LOC Valid mutants Benchmark notes

glob file system 314 627 1 file: filesystem glob imple-
mentation

fs-extra file system 822 — excluded: overfitting

graceful-fs file system 208 313 lagacy filesystem wrapper

jsonfile file system 46 61 small JSON file helper

bluebird promises 3.1K — excluded: incompatible

q promises 736 1,032 dry-run-repair was devel-
oped for this library

rsvp promises 565 — excluded: incompatible

memfs file system 2.2K — excluded: incompatible

node-dir file system 244 493 directory traversal

zip-a-folder file system 25 24 zips folders

js-sdsl data structures 1.5K — excluded: incompatible

quill-delta document changes 395 851 TypeScript, rich-text manip-
ulation

complex.js numbers/arithmetic 393 1,295 1 file of arithmetic functinos

pull-stream streams 308 474  callback stream protocol li-
brary

countries-and- date/timezones 78 2,662 Dbasically a large table of

timezones timezone data

simple-statistics statistics 917 2,054 large statistics API

plural text processing 53 175 global state modification

dirty key-value store 89 160 filesystem KV store

geo-point geographical coor- 76 186 TypeScript class

dinates

uneval serialization 31 59 reverse eval, can be unintu-
itive

image-downloader image handling 32 43 downloads images
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Table C.1: Benchmark-library corpus characteristics (continued).

Library Domain LOC Valid mutants Benchmark notes

crawler-url-parser URL parser 100 226 repeatedly proven to be a
difficult library for LLMs

gitlab-js API wrapper 205 1,057 GitLab API client

@spacl/core access control 136 293 TypeScript  access-control
package

omnitool utility library 1.6K 4,995 largest TypeScript library

complex.js. complex.js is a compact library for doing arithmetic on complex numbers.
In the version used by TestPilot (and us), there is one implementation file, complex. js, and
a minified build and TypeScript declarations. Even though the library is small, the public

API exposes many functions and the entire library contains 1,295 mutants.

@spacl/core. @spacl/core is a library for controlling access to filepaths. The source is

TypeScript and contains 293 mutants.

countries-and-timezones. countries-and-timezones is basically a lookup table for
country and timezone data. The source contains bundled data and helper functions for
building country and timezone records, but we mutate only the compiled dist/index. js.
This makes for a small target with a very high mutant density: 78 LOC produce 2,662
mutants. To kill these, tests must contain many assertions matching the large amount of

available data.

crawler-url-parser. crawler-url-parser is a single-file URL parser for crawling. It

only exposes parse, extract, and gettype, and is responsible for 266 mutants.

dirty. dirty is a small key-value store which operates on a JSON file. The API is not

very large, but filesystem and asynchronous behaviour can be challenging for LLMs.

geo-point. geo-point Exports a single TypeScript class GeoPoint with functions like
validation, distance, destination, and GeoJSON /object conversion. It is a small target with

186 valid mutants.

gitlab-js. G@nerdvision/gitlab-js is a TypeScript GitLab API client for JavaScript

and TypeScript. The compiled target contains many public classes and 1,057 valid mutants.
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glob. glob is a single-file glob implementation for JavaScript. The implementation exposes

both synchronous and callback-based APIs, producing 627 valid mutants.

graceful-fs. graceful-fs is a drop-in replacement for Node’s fs module aimed at nor-
malizing behaviour across different environments and increased resilience. In the benchmark
runs, this library was extremely slow under Stryker because some mutations can time out,

even though the final valid-mutant count is only 313.

image-downloader. image-downloader downloads an image from a URL to disk. The
target is very small with 32 LOC and 43 mutants, but useful tests are difficult to get right.
The existing TestPilot tests usually opt for downloading real external resources, while GP'T-

5.4 runs are wary of downloading actual data.

jsonfile. jsonfile is a helper for reading and writing JSON files in Node. The bench-

mark mutates only 2 files with 61 mutants.

node-dir. node-dir provides asynchronous and synchronous directory traversal and helpers
for recursive file reading. A pain point for models generating node-dir tests is that they
often forget to call the iterator’s next () method manually for some of the API functions,
resulting in many timeouts. GPT-5.4 is noticeably better at this and performs better than

the 3 models used in TestPilot’s original study.

omnitool. omnitool is a TypeScript 'general purpose utility library for JavaScript and
TypeScript’. It is the largest target in the suite by LOC and mutant count: 1.6K LOC
producing 4,995 valid mutants. Pilot runs repeatedly hit the maximum MCP tool call

timeout on full mutation tests, which makes omnitool an interesting stress test for timeouts.

plural. plural is a small library that pluralizes English worlds based on a rule sys-
tem. The library provides a base set of rules, together with addRule, monkeyPatch, and
unmonkeyPatch. It is only 53 LOC, but monkeyPatch mutates String.prototype globally,
which can make independently generated tests fail when executed together. Repairing these
problems requires isolating the prototype state or restoring it after each test that modifies
it.

pull-stream. pull-streamisa minimal take on data streams and pipes. It is not filesystem-
heavy, but contains some complexity in the callback protocol. The benchmark configuration

produced 474 valid mutants.
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q. qisa promise library for JavaScript, marked as deprecated after the release of JavaScript-

native promises.

quill-delta. quill-delta implements the JSON Delta format for rich-text documents

and their modification (in TypeScript). The library is of medium size at 851 mutants.

simple-statistics. simple-statistics is a statistics library with a broad API with
many statistical fucntions. In fact, it has one of the largest public API surfaces in the

benchmark and contains 2,054 valid mutants.

uneval. uneval isan approximation of Node.js/v8 uneval behaviour, which turns JavaScript
values into source-code strings. The target is very small: 31 LOC and 59 valid mutants, but
getting assertions exactly right in one shot can be difficult for complex objects. However

assertion failures are often easily repairable with one round of execution feedback.

zip-a-folder. zip-a-folder is a callback helper for zipping a folder. The library is
only 25 LOC with 24 mutants. Though the behaviour is asynchronous and works with real
files, zip-a-folder performs well across multiple models, likely because of its API’s simple

nature.
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APPENDIX D: FULL EXPERIMENTAL RESULTS

This appendix contains tables with the full measurements per library used to generate the

figures in Chapter 6.

D.1 TestPilot Replication Metrics

Table D.1 shows the exact statement, branch, and line coverage and mutation scores for GPT-
Turbo and the two GPT-5.4 TESTPILOT budgets. These are the values used for Figure 6.1
in Section 6.1.3.

Table D.1: Statement, branch, and line coverage and mutation score per package for GPT-
Turbo and the two GPT-5.4 TESTPILOT variants. These are the exact values used in
Figure 6.1. GPT-Turbo values are medians over 10 runs, and each GPT-5.4 value is from
a single run. Rows are grouped by the original categories: Nessie packages, extra GitHub
packages, and GitLab packages.

Project GPT-Turbo GPT-5.4-500 GPT-5.4-1000
Stmt Br Line Mut Stmt Br Line Mut Stmt Br Line Mut
glob 71.3 66.3 76.1 224 628 51.4 66.6 33.9 76.0 67.5 80.9 444
graceful-fs 49.3 33.3 50.5 59.7 56.7 41.7 577 26.7 548 409 55.8 27.0
jsonfile 383 294 391 131 85.1 73.5 84.8 68.9 76.6 70.6 76.1 55.7
q 70.4 53.7 709 387 80.5 63.5 807 553 80.6 631 80.8 54.4
node-dir 64.3 50.8 72.5 26.6 789 67.3 8.9 609 827 735 90.2 67.1
zip-a-folder 84.0 50.0 84.0 8.3 100.0 100.0 100.0 95.8 100.0 100.0 100.0 95.8
quill-delta 73.0 64.3 729 458 889 83.6 839 769 914 8.4 914 78.3
complex.js 70.2 46.5 70.3 34.6 86.0 66.9 86.0 639 845 66.2 84.5 61.1
pull-stream 69.1 52.8 724 456 86.0 71.5 883 698 889 743 899 734
countries-and-timezones  93.1 69.1 100.0 5.2 99.0 85.1 100.0 164 99.0 87.2 100.0 16.6
simple-statistics 87.8 T71.3 87.5 47.0 90.3 879 90.2 76.6 91.7 882 91.6 76.7
plural 73.8 59.1 90.6 225 785 68.2 925 264 815 773 943 34.3
dirty 74.5 654 79.8 41.8 85.8 788 876 694 849 769 876 69.4
geo-point 87.8 70.6 86.8 56.5 96.3 88.2 96.0 744 100.0 97.0 100.0 80.5
uneval 68.8 583 71.0 54.2 100.0 95.8 100.0 89.8 100.0 95.8 100.0 &89.8
image-downloader 63.6 50.0 62.5 10.0 0.0 0.0 0.0 0.0 75.8 62,5 750 51.2
crawler-url-parser 51.4 35.0 54.0 22.1 94.6 81.2 96.0 64.2 946 85.0 96.0 68.6
gitlab-js 51.7 16.5 51.9 7.8 59.6 22,5  60.5 9.5 59.6  20.8 60.5 4.7
core 783 50.0 77.2 35.0 88.1 72,7 882 515 916 76.1 91.2 584
omnitool 742 552 739 50.7 816 73.1 825 57.1 83.0 76.2 84.0 587
Median 70.8 53.2 727 34.8 859 729 879 624 84.7 762 90.0 59.9
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D.2 TestPilot Token Usage

Table D.2 contains the token usage per library. This data is used in Figure 6.2 in Sec-
tion 6.1.5.

Table D.2: Token usage for GPT-Turbo and GPT-5.4 running TestPilot’s generation ap-
proach. FUT is the number of exported functions under test. GPT-Turbo values are es-
timated upper bounds (input tokens estimated as prompt length divided by four. output
tokens as the output token limit times number of completions). GPT-5.4 values are actual
counts from the APL.

GPT-Turbo (est.) GPT-5.4-500 (actual) GPT-5.4-1000 (actual)

Project LoC FUT Input Output Input Output Input Output
glob 314 21 13k 36k 42k 139k 59k 177k
graceful-fs 208 187 61k 194k 308k 1.129M 340k 1.273M
jsonfile 46 4 5k 12k 11k 41k 8k 34k
q 736 98 100k 225k 224k 773k 426k 738k
node-dir 244 6 30k 29k 48k 145k 54k 173k
zip-a-folder 25 3 3k 6k 4k 18k 5k 20k
quill-delta 395 36 74k 102k 104k 328k 178k 333k
complex.js 393 52 48k 155k 130k 368k 130k 367k
pull-stream 308 24 21k 50k 46k 185k 50k 202k
countries-and-timezones 78 7 Tk 20k 21k 57k 23k 60k
simple-statistics 917 89 112k 223k 296k 804k 288k 808k
plural 53 4 2k 9k 9k 25k 10k 25k
dirty 89 34 30k 50k 138k 298k 167k 342k
geo-point 76 19 18k 41k 45k 150k 47k 159k
uneval 31 1 2k 4k 4k 11k 5k 13k
image-downloader 32 1 2k 2k 2k 10k 4k 17k
crawler-url-parser 100 3 11k 12k 16k 52k 17k 59k
gitlab-js 205 37 27k 80k 234k 328k 106k 330k
core 136 20 47k 62k 66k 206k 65k 207k
omnitool 1603 270 270k 667k 627k 1.846M 627k 1.885M
Total 5989 916 883k 1.979M 2.375M 6.913M  2.607TM 7.221M

D.3 Agent vs. TestPilot Per-Library Metrics

Table D.3 lists the mutation score, statement and branch coverage, and generation cost for
the two GPT-5.4 TESTPILOT budgets and the final agent. This data backs the summary in
Table 6.2 and the dumbbell in Figure 6.4 (Section 6.3).
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Table D.3: Per-library mutation score, statement and branch coverage, and generation cost
for the two GPT-5.4 TESTPILOT budgets and the final GPT-5.4 agent. Mut, Stmt, and
Br are mutation score and statement and branch coverage in percent. Cost is the USD
generation cost for that library. Failing to generate any passing tests counts 0.0% mutation
score. Agent values are means over the two temperature 1 runs, and the agent mutation
score is the final (post-residual) score.

Project TestPilot-500 TestPilot-1000 Agent

Mut Stmt Br Cost Mut Stmt Br Cost Mut Stmt Br Cost
glob 339 628 514 $1.45 444 760 675 $1.84 51.8 777 69.8 $0.70
graceful-fs 26.7 56.7 41.7 $11.68 27.0 54.8 40.9 $13.15> 96.8 60.8 51.5 $7.49
jsonfile 689 8.1 735 $0.42 557 76.6 70.6 $0.35 926 989 92.6 $0.28
q 55.3 80.5 63.5 $8.01 544 80.6 63.1 $7.91 659 8.7 75.6 $2.61
node-dir 609 789 673 $151 671 827 735 $1.79 728 84.1 75.8 $0.63
zip-a-folder 95.8 100.0 100.0 $0.19 958 100.0 100.0 $0.21 100.0 100.0 100.0 $0.07
quill-delta 769 8.9 836 $3.41 783 914 8.4 $3.55 681 756 71.3 $1.19
complex.js 639 8.0 669 $385 61.1 845 66.2 $3.83 785 944 80.7 $4.04
pull-stream 69.8 8.0 715 $191 734 839 743 $2.09 827 90.1 829 $0.95
countries-and-timezones  16.4  99.0 85.1  $0.59 16.6 99.0 872 $0.63 114 71.6  55.2 $0.82
simple-statistics 76.6  90.3 879 $8.41 76.7 91.7 88.2 $8.44 70.3 84.2 794 $2.40
plural 26.4 785 682 $0.26 34.3 815 T77.3 $0.27 845 985 955 $0.29
dirty 69.4 858 788 $3.15 69.4 849 769 $3.63 56.6 684 61.5 $0.34
geo-point 744 96.3 882 $1.56 80.5 100.0 97.0 $1.65 782 96.0 82.8 $0.60
uneval 89.8 100.0 958 $0.11 89.8 100.0 958 $0.13 0.0 0.0 0.0 $0.07
image-downloader 0.0 0.0 0.0 $0.10 512 758 62,5 $0.18 96.5 100.0 96.9 $0.18
crawler-url-parser 642 946 812 $0.54 686 946 8.0 $0.61 299 356 350 $0.20
gitlab-js 9.5 59.6 225 $3.57 4.7 59.6 20.8 $3.44 31.0 609 372 $1.17
core 51.5 88.1 727 $2.14 584 91.6 76.1 $2.15 821 965 94.3 $0.66
omnitool 57.1  81.6 73.1 $19.24 587 83.0 76.2 $19.63 80.2 91.8 87.4 $7.66
Mean 54.4 799 68.7 $3.60 583 849 743 $377 665 786 71.3 $1.62

D.4 Residual-Phase Mutation Scores

Table D.4 lists the exact pre-residual and final mutation scores at both decoding tempera-

tures. This is the data visualised by Figure 6.7 in Section 6.5.2.
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Table D.4: Residual feedback effect at both decoding temperatures. Pre-residual and Agent
final are the agent-side strykerMutationTest scores before and after the residual phase,
and A is their difference (Agent final — Pre-residual). Temperature 1 is the mean of two
runs and temperature 0 is a single run. No-test failures are scored as 0.0%. Cells marked "
were taken from a single run.

Temperature 1 (mean of two runs) Temperature 0
Project Pre-residual Agent final A  Pre-residual Agent final A
glob 38.1% 51.8% +13.6 38.4% 60.6% +22.2
graceful-fs 97.1%" 96.8%" —-0.3" 86.0% 81.8%  —4.1
jsonfile 82.8% 92.6% +9.8 65.6% 85.2% +19.7
q 63.3% 65.9% +2.7 62.0% 69.1%  +7.0
node-dir 56.5% 72.8% +16.3 46.6% 64.3% +17.6
zip-a-folder 100.0% 100.0% +0.0 100.0% 100.0%  +0.0
quill-delta 64.1% 68.1% +3.9 65.0% 66.0% +1.1
complex.js 71.4% 78.5% +7.1 70.4% 783% 479
pull-stream 78.8% 82.7% +3.9 65.0% 67.9% +3.0
countries-and-timezones 71% 11.4% +4.3 8.4% 141%  +5.6
simple-statistics 67.3% 70.3% +2.9 67.2% 71.8%  +4.5
plural 34.3% 84.5% +50.3 18.0% 73.0% +55.0
dirty 56.6% 56.6% +0.0 28.1% 28.1%  40.0
geo-point 73.3% 78.2% +4.9 84.6% 86.2% +1.5
uneval 0.0% 0.0% +0.0 91.5% 91.5% 40.0
image-downloader 73.3% 96.5% +23.3 74.4% 86.0% +11.6
crawler-url-parser 29.9% 29.9% +0.0 23.9% 36.3% +124
gitlab-js 29.3% 31.0% +1.8 31.4% 39.5%  +8.1
core 61.4% 82.1% +20.6 66.5% 87.0% +20.5
omnitool 78.3% 80.2% +1.9 76.1% 774% 413
Mean 58.1% 66.5% +8.4 58.5% 682% +9.7
Median 63.7% 75.5% +3.9 65.3% 724%  46.3
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