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Abstract

Automatic generation of test oracles is an open challenge in software testing. Although the
generation of test prefixes has received substantial attention, the oracle problem, defined as the
automatic generation of assertions that verify program behavior, remains largely open. This
dissertation proposes the integration of symbolic and neural techniques in a unified neuro-
symbolic framework to effectively generate test oracles.

The research conducts a systematic three-stage empirical study spanning the generation
of both axiomatic and concrete test oracle. The first stage defines TRATTO, a neuro-symbolic
approach that generates axiomatic test oracles token-by-token. TRATTO integrates a symbolic
component that constrains the search space of valid tokens to ensure compilability, and a neu-
ral component that guides the token generation toward semantically relevant oracles. TRATTO
achieves 73% accuracy, 72% precision, and 61% F1-score on a ground-truth dataset, outper-
forming the symbolic baseline Jdoctor (61% accuracy, 62% precision, 25% F1-score) and the
neural baseline GPT-4 (40% accuracy, 24% precision, 37% F1-score). The approach generates
three times more correct oracles than Jdoctor while producing ten times fewer false positives
than GPT-4, demonstrating improved soundness through neuro-symbolic integration.

The second stage is a large-scale empirical study to evaluate large language models for
generating concrete oracles. We conducted the study with an unbiased dataset of 13,866 test
oracles from 135 Java projects, with all test cases created after the models’ training cut-off date
to ensure strict separation from training data. The study systematically varies model families,
sizes, and prompt configurations, and generates 554,640 predictions. The results show that
larger models consistently outperform smaller ones across all specializations, and that providing
additional contextual information beyond the test prefix and the source code of the invoked
methods do not lead to any significant performance improvement. Mutation analysis shows
that LLM-generated oracles achieve fault-detection capability comparable to developer-written
oracles (43% vs. 45% mutation score), while also revealing a critical limitation: 50% of the
generated oracles in the experiment fail to compile or execute.

The third stage defines TRACTO, a neuro-symbolic approach for concrete oracle generation,
composed of a symbolic module that integrates a grammar-based static analysis and a project
identifiers resolution system to retrieve candidate tokens and enforce validation constraints,
and a neural module that performs token selection and concrete literal inference. The sys-
tematic comparison against a fine-tuned pure neural model (Qwen2.5-Coder-3B) and the best
performing vanilla model of the empirical study (Qwen2.5-Coder-32B) on 3,448 post-cutoff test
oracles reveals fundamental trade-offs. The pure neural model achieves the highest raw accu-
racy (33%) compared to TRACTO (20%) and the vanilla LLM (10%). However, TRACTO yields
more robust oracles, reaching higher compilation rates (80%) over the pure neural model (73%)
and the vanilla LLM (10%) and higher test-pass rates (59% over 51% and 7%, respectively).
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The results presented in this dissertation support the research hypothesis that a neuro-
symbolic approach improves the quality of the generated oracles with respect to purely neural
approaches. Symbolic constraints reduce false positives, improve compilation rates, and en-
hance test pass rates across both axiomatic and concrete oracle generation. However, these
benefits manifest alongside reduced test oracles generation coverage due to early termination
when validation constraints detect problematic patterns.
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Chapter 1

Introduction

Testing assesses the quality of software systems by executing test cases that sample the execution
space of the software application. Test cases are composed of a test prefix and an oracle. The
test prefix drives the unit under test to an interesting state through primitive inputs, simulated
objects (mocks), and sequences of statements. The oracle checks the validity of the states that
the application reaches when executing the test case, by asserting conditions that those states
must satisfy.

Automatic test case generation represents an important area of research in software testing,
as it substantially reduces the overall time and effort spent on the testing process while increas-
ing software quality. Most research on test automation has focused on the automatic generation
of test prefixes. The oracle problem, that is, the problem of automatically generating test or-
acles [[4]], has received less attention, and remains an open challenge in software testing to a
larger extent.

This PhD thesis addresses the problem of automatically generating semantically relevant
test oracles by investigating the comparative effectiveness of neuro-symbolic and purely neural
approaches.

Most current approaches to automatically generate test oracles produce either implicit or-
acles that check for the presence of general failures (such as program crashes and unhandled
exceptions), or differential (or regression) oracles that compare the output of different program
versions. Mature unit test generation tools, such as Randoop [54] and Evosuite [23]], generate
both test prefixes and implicit or regression oracles. However, implicit and regression oracles
are not aware of the intended behavior of the system under test; consequently, they miss many
relevant failures that derive from the deviation of actual program behavior from intended pro-
gram behavior.

Recent symbolic and neural-based approaches have shown potential by exploiting natu-
ral language processing (NLP) to understand the semantics of software in the absence of for-
mal specifications. These approaches derive both assertion oracles (which check actual out-
put against expected output) and exception oracles (which capture the intended exceptional
behavior of the program under test) from unstructured sources of information such as code,
comments, and documentation.

Both symbolic and neural approaches offer interesting solutions to automatically generate
test oracles, however, they suffer from complementary limitations. Symbolic techniques, such
as 61} 18] 9], leverage a fixed set of domain-specific rules, for instance, pattern and lexical
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matching, and achieve remarkable results both in terms of precision and recall. However, they
fail to generalize well when the natural language artifacts fall outside the defined patterns, nar-
rowing their applicability. Neural approaches leverage deep learning and transfer learning to
generate either concrete test cases or concrete oracles that depend on the test input [|65, [19]].
Although they require large amounts of typically labeled data for training, they demonstrate
wide applicability and capability in deriving test oracles from ambiguous natural language de-
scriptions. However, neural approaches produce oracles that suffer from high false positive
rates—that is, they generate many assertions that do not correspond to the intended behavior
of the program.

This PhD thesis explores the integration of symbolic and neural techniques within a uni-
fied neuro-symbolic framework for automatically generating test oracles. The main goal of
this thesis is to assess whether combining the structural rigor of symbolic reasoning with the
adaptability of neural models produces more effective oracles than purely neural methods. By
constraining the oracle synthesis process through statically derived program information, such
as programming language grammar, type information, and code context, the approach strategi-
cally narrows the set of candidate tokens and steers the neural component toward semantically
valid and contextually relevant oracles. The methodology targets the generation of both asser-
tion and concrete oracles, with the goal of producing test oracles that are structurally sound,
broadly applicable, and precise in capturing intended behavior.

Test oracles can be either concrete or axiomatic. Concrete oracles are test assertions that
predicate on the results expected for the concrete test input. For instance, an assertion can
predicate on the result of a method that computes the sum between two addends, whose values
are 20 and 22 respectively, by asserting that the expected output is 42. Axiomatic oracles are
program assertions that predicate on input or output parameters of the program. For instance,
the output of a method that computes the rest of a division between two input numbers numl
and num2 will always be greater than or equal to 0 and less than the value of the first dividend.
Axiomatic oracles generalize concrete oracles and are suitable for property-based or parameter-
ized test cases, that check the desired behavior of a system on properties that always hold, or
that hold for a well-defined range of the input space, independently from the concrete value
of the input parameters. Although both types of oracles ultimately serve the same purpose,
namely detecting deviations of a program unit from its expected behavior, their capabilities can
be considered supplementary. Concrete oracles tend to outperform axiomatic oracles in fault
detection due to their precision and specificity; axiomatic oracles are inherently more expressive
and general. Their ability to model invariants over a wide input space makes them more adapt-
able across test-related contexts, such as program comprehension, requirements specification
or runtime verification.

This PhD work investigates whether combining symbolic and neural methods improves the
generation of test oracles. It conducts a comparative analysis of neuro-symbolic and purely
neural techniques across both axiomatic and concrete oracle types. Through systematic empir-
ical evaluation, the study shows the benefits and limitations of integrating symbolic constraints
with neural generation for automated oracle creation.

1.1  Research Hypothesis and Contribution

Outlined the research context and the stated problem, the dissertation argues that:
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Thesis Statement

Integrating the precision of symbolic testing techniques with the generalization capa-

bilities of neural testing methods leads to the generation of semantically relevant test
oracles with improved soundness compared to purely neural approaches.

Building on recent advances in neural models for code and documentation understanding,
this dissertation investigates whether neuro-symbolic approaches can infer semantically rele-
vant oracles , while restraining imprecision and hallucinations that arise from the purely prob-
abilistic and statistical generative Al and represents a critical issue in software testing [I35} [21]].

This dissertation conducts a systematic comparison to understand the relative strengths and
limitations of neuro-symbolic and purely neural methods through a structured, three-stage em-
pirical investigation that reflect both the methodological requirements and the evidence gath-
ered along the way.

We develop a neuro-symbolic method to generate axiomatic test oracles, leveraging a sym-
bolic module that bounds the search space and reduces the false positives while allowing a
neural model to generalize over noisy or incomplete specifications. We target axiomatic oracles
to infer general and reusable test assertions, while limiting the generation of specific literals
(numbers, strings) that are difficult to validate statically and can inflate false positives when
guessed by a model.

We assess both strengths and limitations of a neuro-symbolic approach, by evaluating the
performance against prior neural and symbolic approaches. Our experiments indicate that ax-
iomatic oracles suite well runtime verification, while concrete oracles are effective at exposing
faults in testing, although they are prone to spurious assertions.

We conduct an experimental study that investigates LLMs for generating concrete test ora-
cles. We systematically vary the model family, type and size, the prompt design, and the scope
of contextual information to quantify their impact on the generation of meaningful and precise
concrete test oracles on an unbiased, post-cutoff dataset.

The thesis provide a benchmark that highlights both the strengths and limitations of purely
neural methods. These insights inspire the design of a neuro-symbolic approach: we relax the
restriction on literals to improve fault detection, while retaining symbolic control over syntax,
typing, and oracle structure to reduce false positives.

We evaluate the neuro-symbolic approach for concrete test oracles generation in direct com-
parison with purely neural models fine-tuned to infer the same oracles. This evaluation tests the
research hypothesis, and assesses whether integrating symbolic domain knowledge with neural
generation improves oracle accuracy and correctness beyond the best purely neural approaches.

The PhD thesis contributes to the state of the art in automatic test oracle generation provid-
ing three main results:

C-1 A comparative evaluation of neuro-symbolic and pure neural approaches for gen-
erating axiomatic oracles (Chapter [3): The work contributes with TRATTO, a neuro-
symbolic approach to automatically generate axiomatic test oracles, and a rigorous com-
parative evaluation against purely symbolic and purely neural methods for axiomatic or-
acle generation on benchmark datasets. TRATTO infers executable axiomatic assertions,
token-by-token, from source code and documentation. The symbolic module of TRATTO
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restricts the search space of the tokens that the neural module use to generate valid or-
acles, by exploiting the grammar of the programming language, the unit under test, and
the context of the unit (its class and the available APIs). The neural module of TRATTO
uses transformers fine-tuned for both deciding whether to produce an oracle or not and
selecting the next lexical token to incrementally build the oracle from the set of tokens
returned by the symbolic module. TRATTO achieves 73% accuracy, 72% precision, 61%
Fl-score on a ground-truth dataset, outperforming a representative state-of-the-art sym-
bolic approach (Jdoctor: 61%,62%, and 25%) and a strong neural baseline (GPT-4 com-
plemented with few-shot and Chain-of-Thought: 40%,24%, and 37%). It produces ~ 3x
more correct axiomatic oracles than Jdoctor and ~ 10x fewer false positives than GPT-4.
The evaluation validates the research hypothesis, and shows that symbolic integration
with neural generation improves oracle correctness. The findings also highlight some
challenges in extending these benefits to more complex, open-ended scenarios.

C-2 A large-scale empirical study of vanilla LLMs for concrete test oracles (Chapter |4):
The work contributes with an unbiased post-training-cutoff dataset of 13,866 mined from
135 Java projects and an evaluation grid spanning multiple model families, types and
sizes, different prompt templates and context configurations. In the experiments, LLMs
inferred oracles with average mutation score of 43% — similar to the 45% score of human-
designed test oracles. The results indicate that the test prefix and the methods called in
the program under test provide sufficient information to generate good oracles, while ad-
ditional code context does not bring relevant benefits. These findings provide actionable
insights into using LLMs for automatic testing and highlight their current limitations in
generating complex oracles.

C-3 A comparative evaluation of neuro-symbolic and pure neural approaches for gen-
erating concrete oracles (Chapter [5): The work defines TRACTO, a neuro-symbolic
concrete test oracle generator, and conducts a systematic comparison involving Qwen2.5-
Coder (32-billion-parameters), the best performing model according to the empirical study
(C-2), and a pure neural model from the same family fine-tuned for the task of con-
crete test oracle generation. TRACTO achieves 80% compilation rate and 59% test pass
rate for successfully generated oracles, outperforming the vanilla baseline (10% and 7%)
and the fine-tuned neural model (73% and 51%). The comparison demonstrates that
symbolic constraints improve the correctness of successfully generated oracles—TRACTO
achieves 7% higher compilation rate and 8% higher test pass rate than the pure neural
model—while introducing a trade-off in test case completion. Since the neural component
of TRACTO and the fine-tuned neural model share the same underlying neural architec-
ture and training data, the comparison effectively serves as an ablation study isolating
the effect of symbolic constraints. The results support the research hypothesis: symbolic
integration improves oracle correctness metrics compared to pure neural approaches.

The main results presented in this thesis have been published at international venues, and
all tools and datasets are publicly available. We presented TRATTO [[51]] at the ACM SIGSOFT
International Symposium on Software Testing and Analysis. We presented the empirical study
on vanilla LLMs at the IEEE/ACM International Conference on Automated Software Engineer-
ing [50]]. We are currently working on a submission with the results of TRACTO to ACM Trans-
actions for Software Engineering and Methodology. The tools and datasets are available via
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the STAR lab website E, and the author’s GitHub Eproﬁle; replication packages accompany the
published papers. The author of the thesis contributed either wholly or significantly to the
novel ideas presented in all papers, to the implementation of the tools, and to the experimental
evaluation of the results.

1.2 Document Structure

This thesis is organized as follows.

Chapter |2| surveys the state of the art in generating assertion-based test oracles, with em-
phasis on symbolic- and neural-based techniques, to generate assertion-based oracles. It dis-
cusses common threats to validity in neural-based test oracle generation and motivates a neuro-
symbolic perspective on test oracle generation by surveying successful neuro-symbolic tech-
niques applied in code-related tasks, such as code generation and test repair. The discussion
establishes the conceptual and methodological foundation for the comparative investigation
carried out in subsequent chapters.

Chapter [3|presents TRATTO, our neuro-symbolic approach for generating axiomatic test or-
acles: it details the symbolic search-space restriction (grammar, typing, and scope constraints)
phase, the transformer-based token selection process, the datasets and training protocol, base-
lines and ablation studies, the analysis on correctness with quality metrics (accuracy, precision,
recall, and F1-score), the experiments on robustness to documentation variability, and the im-
pact of generated oracles on mutation scores when axiomatic test oracles are integrated with
automated test case generators. The results provide the first empirical evidence within this work
to test the research hypothesis, highlighting the strengths and limitations of neuro-symbolic
generation in the axiomatic domain.

Chapter |4{reports a large-scale empirical study assessing the capabilities of large language
models (LLMs) in generating concrete test oracles. It introduces a post-training-cutoff dataset
and an evaluation matrix covering multiple model families, sizes, prompt structures, and con-
textual configurations. The chapter analyzes accuracy, precision, effectiveness, and sensitivity
to prompt and model design, deriving guidelines for configuring the neural component of the
neuro-symbolic architecture. These findings establish the empirical baseline used in Chapter|5|
to test the research hypothesis under controlled comparative conditions.

Chapter [5|introduces TRACTO, a neuro-symbolic approach for generating concrete oracles.
TRACTO combines symbolic constraints for syntax and type validation with neural generation
for token selection and literal inference. The chapter outlines the system architecture, de-
tailing the grammar-based analysis, identifier resolution mechanisms, validation constraints,
and the token-by-token generation workflow. The chapter compares TRACTO against both the
best-performing vanilla model identified in Chapter |4/ and a pure neural model fine-tuned on
the same training data without symbolic constraints, effectively isolating the contribution of
the symbolic component through an ablation study. The comparative evaluation measures ac-
curacy, compilation rate, and test pass rate on an unbiased post-cutoff test set. The results
demonstrate that TRACTO achieves superior per-oracle correctness compared to both the pure
neural model and the vanilla baseline, validating that symbolic integration measurably im-
proves oracle quality. The results support the research hypothesis that symbolic constraints

Thttps://star.inf.usi.ch/#/software-data
2https://github.com/darthdaver?tab=repositories
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improve oracle correctness, while revealing a trade-off between per-oracle quality and test case
oracles coverage.

Chapter [6| summarizes the overall findings, revisits the research hypothesis in light of the
comparative evidence, and discusses methodological and practical implications. It outlines lim-
itations of the approach, and discusses future research directions, including strategies for con-
textually adaptive neuro-symbolic prompting, where contextual information evolves dynami-
cally during oracle synthesis. The chapter concludes by positioning the thesis contributions
within the broader landscape of automated test oracle generation and neuro-symbolic software
engineering.



Chapter 2

Related Work

This chapter surveys the state of the art in generating test oracles, with emphasis on symbolic-
and neural-based techniques to generate assertion-based oracles. The chapter introduces the
fundamental concepts of test oracles, including soundness, completeness, correctness, and
strength. It examines approaches to automatic test oracle generation, categorizing them into
symbolic and neural techniques. It discusses common threats to validity in neural-based test
oracle generation. Finally, the chapter further motivates a neuro-symbolic perspective on test
oracle generation by surveying successful neuro-symbolic techniques applied in code-related
tasks, such as code generation and test repair. The discussion establishes the conceptual and
methodological foundation for the comparative investigation carried out in subsequent chap-
ters.

2.1 Test Oracles Fundamentals

In their widely cited survey paper, Barr et al. classify test oracles as (i) specified test oracles,
(i) implicit test oracles, and (iii) derived test oracles [[4].

Specified test oracles are oracles generated from formal specifications, model-based specifica-
tion languages [|68}69]], state transition systems [[43]/46]], assertions and contracts [[4829]], and
algebraic specifications [7]]. Formal specifications are not always available, and formal speci-
fication models rely on abstractions that can lead to the definition of imprecise or infeasible
behavior, limiting their applicability in practice.

Implicit test oracles are oracles that leverage general and implicit knowledge to distinguish
between correct and incorrect behavior. Unlike specified test oracles, implicit oracles require
neither domain knowledge nor a formal specification, and apply to nearly all programs. Classic
implicit oracles reveal null-deference and program crashes, among other examples. Implicit
test oracles are easy to automate: Fuzzing techniques [6] and test generation tools, such as
Randoop [[54]], successfully exploit implicit oracles to discover anomalies. However, implicit
test oracles can detect only a few kinds of failures.

Derived test oracles are oracles inferred from all artifacts but formal models, such as in-
formal documentation and system executions. Relevant derived oracles are regression oracles
[[76]], which check for deviations of behaviors between different versions of a system, and meta-
morphic relations [[11]], which check for known relations between mutation of the inputs and
corresponding changes of the outputs. Regression oracles cannot reveal faults in the current

7
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version of the code, while the effectiveness of metamorphic oracles is limited to cases where
equivalence properties exist and are easy to exploit.

In the absence of formal specifications, implicit and derived test oracles provide a viable
approach to test the behaviors of a system. To unleash their full potential, test generation
techniques must go beyond implicit, regression, and metamorphic oracles, and shall capture
the semantic of the software to generate test oracles that can check the conformance of test
execution with the intended program behavior.

Oracles capture the expected behavior of the software system with different degrees of pre-
cision. The most typical issue with test oracles is the misclassification of invalid program states
as valid (false negative), and of valid program states as not valid (false positive). Although both
reveal inaccuracy in the information captured in the oracles, their impact is different: False neg-
atives derive from weak test oracles that can detect only some faulty situations. False positives
classify valid program states as invalid and denote the inability of the test oracles to properly
observe the intended behavior of the system.

Soundness and Completeness

The quality of a test oracle is assessed by two essential properties: soundness and completeness.
These properties are defined with respect to a conceptual ground truth oracle G, which always
provides the correct answer [[4].

Soundness is a measure of the oracle’s integrity. It answers the question: "When the oracle
claims the system is broken, can we trust it?". A test oracle O is sound if every time O provides
a positive answer to a proposition w (in the context of software testing it corresponds to an
assertion that exposes a bug), this answer is also true according to the ground truth oracle G
(in formal terms, O(w) =1 = G(w) = 1). A sound test oracle never raises false alarms:
whenever it diagnoses an incorrect behavior, the verdict is indeed correct according to the
ground truth (the test cases comprising the oracle do not suffer from false positives). However,
a sound oracle may still miss some faulty behavior, leading to false negatives, that is, executions
that should be rejected but are instead accepted (the related test cases do not fail when they
should).

Completeness is a measure of the oracle’s coverage of the fault space. It answers the ques-
tion: "If the system is broken, will the oracle notice?". A test oracle O is complete if every time
G provides a positive answer on a test activity w, exposing a bug, oracle O returns the same
positive verdict (this implication logic translates to G(w) =1 = O(w) = 1). A complete
oracle never miss a faulty behavior: every actual failure in the system is captured and reported
by the oracle. When inserted into test cases, a complete oracle never produces false negatives.
However, a complete oracle may be overly restrictive: it might reject some behaviors that are
actually correct, leading to false positives (the related test cases fail when they should not).

While test oracles cannot, in general, be both sound and complete [4]], practitioners must
use partially correct test oracles. The tension between soundness and completeness represents a
fundamental trade-off in test oracle design: oracles prioritizing soundness (conservative about
acceptance) reduce false positives at the cost of missing some bugs, while oracles prioritizing
completeness (more permissive) detect all faults but accept false positives as the trade-off.

Oracle Correctness and Strength

Beyond soundness and completeness, two additional properties characterize oracle quality in
practice: correctness and strength.
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Oracle correctness measures whether generated oracles accurately represent intended pro-
gram behavior. A correct oracle distinguishes faulty executions from correct ones without pro-
ducing false positives or false negatives [[31]]. Correctness evaluation requires either comparison
against ground truth oracles or execution-based validation that confirms generated assertions
pass on the original code. The correctness of a test oracle cannot, in general, be automati-
cally proven in the absence of a ground truth oracle. Even when assuming that the tested code
behaves correctly (so that any rejection would constitute a false positive), it remains practi-
cally impossible to demonstrate that the oracle never produces false negatives. This limitation
stems from the undecidability of the general program correctness problem and highlights the
empirical rather than formal character of oracle evaluation.

Oracle strength measures the fault detection capability of oracles, that is, their ability to dis-
tinguish correct program behavior from faulty behavior [[31]]. Weak oracles may be syntactically
correct but fail to detect many types of faults, while strong oracles effectively expose diverse
classes of errors. Oracle strength strongly correlates with mutation testing metrics: oracles that
kill many mutants have fault detection capability [2, 38]].

The concepts of correctness and strength capture the dual requirements for practical test
oracles. Correctness ensures oracles do not interfere with correct program execution (avoiding
false positives), while strength ensures oracles effectively detect faults when they occur. These
concepts relate to soundness and completeness: a perfectly correct oracle would be sound (no
false positives), while a maximally strong oracle would approach completeness in fault detec-
tion (detecting all possible faults). However, correctness and strength represent operational,
measurable properties rather than theoretical ideals: throughout this thesis, when evaluating
oracle correctness, we refer to partial correctness, meaning that the oracle is considered correct
to the extent that its observed behavior aligns with expected outcomes under the evaluated
conditions.

2.2 Symbolic Approaches for Automatic Test Oracle Generation

Symbolic approaches leverage static and dynamic program analysis and natural language pro-
cessing (NLP) to understand software semantics and produce semantically relevant oracles in
the absence of formal specifications. Symbolic techniques refer to methods that use symbolic
values, expressions, and predefined patterns to validate the requirements of software systems.
The literature distinguishes between symbolic techniques that capture the semantics of a pro-
gram through the execution of the source code, and the ones that pursue the same goal through
the static analysis of the code and the comprehension of the informal specification accompanied
to it.

Invariant mining methods and detectors execute a program on a collection of inputs (test
cases) against a collection of potential invariants: Daikon [20] dynamically infers likely invari-
ants from those invariants not violated during the program executions over the inputs. The
inferred invariants capture program behaviors, and thus can be used to check program correct-
ness. Dysy [[16] combines symbolic program execution with dynamic execution of the test suite
to improve the quality of the inferred invariants and reduce the number of test cases required
to disqualify the irrelevant ones. The accuracy of the invariants inferred with these methods
depends on both the quality and completeness of the test cases and the collection of potential
invariants provided. Evospex [49] combines observed executions with mutations to generate
samples of both valid and likely invalid program states and applies a genetic algorithm to in-



10 2.3 Neural Approaches for Automatic Test Oracle Generation

fer invariants for method postconditions. GAssert [|63]] proposes a technique to automatically
improve inferred assertion oracles, reducing false positives and negatives with an evolutionary
algorithm. These approaches derive specifications and test oracles relying on the execution of
the current version of a program, therefore they generate regression oracles that cannot detect
if the bug is already present in the program.

Text-driven specification mining methods exploit natural language processing, pattern, se-
mantic, and syntax matching to generate test oracles from code comments and text documen-
tation. ALICS [|55]] mines code contracts from API documentation. The study considers code
contracts in the form of preconditions and postconditions. ALICS uses NLP-based pattern match-
ing with an application domain-specific dictionary, thus it can hardly generalize and generate
contracts for API documentations with unseen structures. @tComment [|61]] defines natural
language patterns and heuristics to extract null value exceptions from Javadoc comments. It
cannot generalize to other properties or exception types.

Toradocu [27] applies lexical, similarity matching and natural language patterns to the semi-
structured portion of Java code documentation (JavaDoc), that is, comments labeled with “@”
tags. Toradocu generates oracles from @throws tags, which describe exceptional conditions,
and generates exception oracles. Toradocu can only generate oracles for exceptional behavior.
Jdoctor [I8] extends Toradocu, by considering also @param and @return tags, and can gen-
erate both exception and assertion oracles, in the form of preconditions and postconditions.
Memo [[9] processes the unstructured part of JavaDoc comments to identify metamorphic rela-
tions expressed in the text and translate them into executable assertion oracles.

These methods can precisely determine oracles when code comments fit the defined pat-
terns, but do not generalize when comments fall outside these patterns. Moreover, these ap-
proaches are not applicable when code comments are unavailable.

2.3 Neural Approaches for Automatic Test Oracle Generation

Neural oracle generation techniques leverage deep learning and large language models (LLMs)
to generate test oracles by learning from a large corpora of code and test data [|57]). These ap-
proaches promise better generalization beyond fixed patterns but introduce challenges related
to correctness, false positives, and oracle strength [32]].

Recurrent Neural Networks for Oracle Generation

ATLAS [[72] pioneered the application of recurrent neural networks to test oracle generation.
The system takes as input a test prefix and the method under test, and learns to generate
assertion oracles by identifying patterns in developer-written tests. ATLAS trains a sequence-
to-sequence LSTM [I30]] model on pairs of test contexts and their corresponding assertions,
automatically extracted from large collections of open-source projects.

ATLAS demonstrates that neural models can autonomously learn to generate assertions
without relying on manually defined rules or patterns, marking a fundamental shift from tra-
ditional symbolic approaches. The model learns to select appropriate assertion types (such as
‘assertEquals’, ‘assertTrue’, ‘assertNull, etc.) and generates assertion arguments based on
variables and method calls available in the test prefix. ATLAS relies only on the source code,
does not have any knowledge of the code documentation; it targets only assertion oracles, and
cannot generate oracles for exceptional behavior.
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Transformer-based Oracle Generation

Tufano et al.’s approaches [|66}[67]] outperform ATLAS by replacing the recurrent neural network
with transformer models pre-trained on natural language and code. AthenaTest [65]] is the first
noteworthy approach that generates test cases that include both test prefixes and oracles, con-
sidering both the unit implementation and its context, such as the surrounding class and the
method signature. In AthenaTest, the information provided by the code documentation is still
not considered. TOGA [[19]] is a major advance in neural oracle generation, utilizing CodeBERT
transformers fine-tuned for both exception and assertion oracle generation. TOGA introduces
a two-stage pipeline that addresses the oracle generation problem more comprehensively than
ATLAS and AthenaTest. In the first stage, an exception classifier determines whether a test
should expect an exception or an assertion oracle. In the second stage, separate models han-
dle exception oracle generation (predicting the expected exception type) and assertion oracle
generation.

TOGA extracts candidate assertions from the test prefix using rule-based heuristics that
identify all possible assertions on variables and method return values. A neural model then
evaluates these candidates and selects the most likely correct assertion. This hybrid approach
combines symbolic candidate extraction with neural ranking, reducing the generation space
while leveraging learned patterns to select semantically meaningful oracles.

TOGA demonstrates superior performance that ATLAS in detecting real faults, identifying
57 bugs in the Defects4J benchmark including 30 unique bugs not detected by other oracle gen-
eration methods. This strong empirical result suggests that neural oracles can provide practical
value beyond traditional symbolic approaches. However, Hossain et al.’s large-scale evaluation
[32]] reveals significant limitations of TOGA. According to Hossain et al.’s evaluation on 25 real-
world Java projects with 223,557 test cases, TOGA exhibits high false positive rates, 18% on
assertion oracles and 81% on exception oracles, and fails to generate any assertion for 62% of
inputs requiring assertions, and among generated assertions, 47% are false positives. Hossain
et al.’s mutation testing study provides additional concerns: TOGA assertions increase fault de-
tection by only 0.3% relative to EvoSuite-generated oracles. These findings indicate that while
TOGA generates assertions that occasionally detect real bugs, the generated oracles are often
weak and do not substantially improve test suite strength.

Large Language Model-based Oracle Generation

Recent work explores leveraging state-of-the-art LLMs for test oracle generation, motivated by
their impressive performance on diverse code-related tasks. In [42]], Konstantinou et al. inves-
tigate whether LLM-generated oracles capture actual program behavior or expected behavior,
a crucial distinction for oracle utility . The study evaluates GPT-3.5 Turbo on test oracle classi-
fication and generation tasks using prompts with varying amounts of context.

The findings reveal important limitations in the use of large language models (LLMs) for test
oracle generation. Their empirical results show that LLMs tend to capture the actual program
behavior rather than the expected behavior, achieving less than 50% accuracy in correctly clas-
sifying externally provided assertions, and their performance degrades further when the code
under test is buggy. This bias implies that current LLMs are better suited for regression test-
ing—checking that existing behavior has not changed—than for detecting logic or specification
faults that require inferring developer intent. On the generation task, the study reports a more
positive outcome: when LLMs are asked to produce assertions, about 60% of generated asser-
tions are directly valid (i.e., they compile and pass), and in roughly 90% of the test prefixes the
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model manages to produce at least one correct assertion when instructed to generate five differ-
ent test oracles. Furthermore, the authors show that LLM performance depends on the quality
of program context: when tests and variables use meaningful, developer-like names, accuracy
improves by up to 16.1% compared to Evosuite-style names. Finally, LLM-generated oracles
achieved higher mutation scores (up to 2% better) than Evosuite oracles, suggesting that, de-
spite their tendency to mirror actual behavior, they are valuable for test-suite augmentation and
can strengthen automated testing pipelines.

TOGLL [31]] builds on the foundation of LLM-based test oracle generation by fine-tuning
seven distinct code-specific language models, using six prompt strategies on the SF110 dataset
presented in [24], which features 110 diverse Java projects. The study demonstrates that
smaller dedicated models such as CodeParrot-110M, when coupled with rich context containing
signatures, documentation, and code bodies, can match or outperform larger LLMs for oracle
generation. On OracleEval25, a dataset of 25 unseen projects presented in [32]], TOGLL pro-
duces up to 3.8 times more correct assertion oracles and 4.9 times more correct exception ora-
cles compared to prior neural oracle synthesis approaches. Noteworthy, only 9.5% of TOGLL's
assertion outputs exactly match the ground truth oracles, confirming broader coverage and
strong generalization beyond training data. In bug detection experiments using Defects4J [[40]],
TOGLL detects ten times more unique mutants and 106% more real bugs than the best previous
baseline, setting a new performance standard for LLM-driven test oracle generation. This work
shows that providing detailed code and documentation context enables LLMs to synthesize or-
acles that are correct, diverse, and strong, revealing that fine-tuned code models can surpass
general-purpose approaches both in accuracy and practical bug-finding impact.

Recently, AugmenTest [|41]] presents an alternative approach that leverages LLMs to infer
correct test oracles based on available documentation of the software under test. Unlike most
existing methods that rely on code, AugmenTest utilizes the semantic capabilities of LLMs to
infer the intended behavior of a method from documentation and developer comments, with-
out examining the code implementation. The approach includes four variants: Simple Prompt,
Extended Prompt, RAG with a Generic Prompt, and RAG with Simple Prompt, each offering dif-
ferent levels of contextual information. AugmenTest employs a flexible, model-agnostic frame-
work that can be integrated with any LLM, supporting both closed-source APIs and local quan-
tized models. The evaluation of AugmenTest employed a dataset of 203 test cases drawn from
142 Java classes, where mutation-based fault injection was used to create controlled behav-
ioral deviations and ensure the tests captured semantically meaningful changes. The results
demonstrate that, in the most conservative scenario, AugmenTest’s Extended Prompt achieved
a 30% success rate for generating correct assertions, significantly outperforming the state-of-
the-art TOGA approach which achieved 8.2%. Interestingly, the RAG-based variants (which rely
on retrieval-augmented context) underperformed, suggesting that further refinement is needed
for effective integration of structured data. In mutation testing experiments, The Simple Prompt
achieved a comparable success rate of 29.1%, whereas RAG-based variants performed worse
(18.2%). Failure rates ranged from 30.9% for the Simple Prompt to 41.8% for the Extended
Prompt, highlighting the ongoing difficulty of assertion generation. None of the approaches
were able to infer exception oracles. These results demonstrate substantial improvement in as-
sertion inference over neural baselines, but highlight ongoing limitations for exception handling
and consistency in oracle generation.
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Prompt Engineering and Context Effects

Prompt design critically shapes LLM oracle generation, with the richness and relevance of con-
textual information directly affecting oracle correctness and strength. Hossain et al. [I31]] sys-
tematically evaluated six prompt variations with increasing contextual information on seven
code large language models (PolyCoder-400M/2.7B, CodeGen-350M /2B /6B, CodeParrot-110M,
InCoder-1.3B/6.7B). Their results prove substantial performance differences across prompt de-
signs: test prefix alone achieves 55.4% average exact match accuracy, adding method signatures
improves this to 75%, and including full method implementations yields the highest accuracy
of 77%. The study reveals that smaller fine-tuned models (110M-400M parameters) meet or
exceed the performance of larger models when provided with appropriate prompts, suggesting
that prompt design may be more critical than model scale for oracle generation tasks.

In a follow-up paper [33]], Hossain conducted a comprehensive investigation of documen-
tation’s role in test oracle generation, systematically evaluating three prompt pairs that pro-
gressively incorporate Javadoc comments alongside test prefix, method signature, and method
implementation. Their key finding challenges the assumption that method implementation
is necessary for effective oracle generation: using Javadoc comments alone (with test prefix)
achieves 78.11% accuracy on average across the same seven code LLMs presented in [31]],
approaching the 80.83% achieved when using full method implementations along with the rel-
ative documentation. This result is particularly significant because using documentation avoids
the risk of learning buggy behavior from defective implementations. The study demonstrates
that including Javadoc comments improves test oracle generation performance by 10-20 per-
centage points when the base prompt contains minimal information. Through ablation studies,
removing different Javadoc components, the authors identify that method descriptions and
return tags provide the greatest value—removing descriptions reduces accuracy by 10 percent-
age points (from 78.37% to 68.12%), while removing return tags reduces accuracy by 5.45
percentage points. In contrast, removing parameter descriptions, exception specifications, or
cross-references causes accuracy drops of less than 1 percentage point. These findings indi-
cate that when LLM token limits constrain prompt length, prioritizing descriptions and return
value specifications maximizes oracle quality while other documentation elements can be omit-
ted without significant performance degradation. The study also explores using GPT-generated
documentation to supplement missing human-written comments, showing 10 percentage point
improvements over using no documentation, suggesting that automated documentation gener-
ation may partially address quality variation in real-world code-bases.

The prompt design investigations conducted by Konstantinou et al.[42] and Khandaker et
al.[41]], discussed earlier in terms of overall performance, also provide specific insights into
prompt structure effects. Konstantinou et al. demonstrate that method signatures improve ac-
curacy by 20 percentage points over test prefix alone, supporting the findings of Hossain but
using a pre-trained LLM (GPT-3.5 Turbo versus fine-tuned code models) and evaluation dataset
(GitBug-Java versus SF110). This consistency across different experimental settings strengthens
confidence in the importance of method signatures for oracle generation. Their investigation of
naming conventions reveals that meaningful test and variable names improve accuracy by up
to 16.10 percentage points compared to automatically generated generic names, highlighting
that prompt effectiveness depends not only on what information is included but also on how
that information is presented. Khandaker et al. compare Simple Prompts (test prefix + focal
method signature) against Extended Prompts incorporating class-level information (construc-
tors, methods, and fields), finding modest improvements of approximately 1 percentage point.
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Their evaluation of RAG-based prompts, which retrieve similar test cases to provide few-shot
examples, reveals unexpected under-performance (18.2% success rate versus 30% for Extended
Prompt), suggesting that retrieved examples may introduce noise rather than helpful guidance
when examples are not sufficiently similar to the target test case.

These collective findings emphasize that effective LLM-based oracle generation requires
careful prompt engineering to leverage available context, but they also reveal fundamental ten-
sions in prompt design. Optimal prompts require substantial context (full method code or com-
prehensive documentation), yet longer contexts increase computational costs and may exceed
model context windows for large methods. Including method implementations risks learning
buggy behavior when code contains defects, while excluding them may limit semantic under-
standing. Documentation provides a middle ground, offering semantic information without
implementation-level details, but documentation quality varies significantly in practice. Differ-
ent models exhibit varying sensitivity to prompt variations, with some models showing greater
improvements from documentation inclusion than others. The substantial impact of naming
conventions indicates that oracle generation approaches must be evaluated on both developer-
written tests with meaningful names and automatically generated tests with generic identifiers
to assess real-world applicability across different testing scenarios. These insights inform the
design of prompts for concrete oracle generation and highlight the importance of balancing
context richness with practical constraints.

Limitations of Neural Approaches.

Current neural-based approaches demonstrate noticeable capability to generate oracles without
executing the code under test and also in the absence of code documentation, overcoming the
limits of symbolic-based approaches in terms of applicability. However, this flexibility comes
with a cost in terms of accuracy, since these methods struggle to generate accurate oracles due
to the large space of possible assertions. Hossain et al.’s [[32] evaluation of the current neural-
based test oracle generation approaches highlights that the inferred assertions exhibit high false
positive rates that threaten their practical usefulness.

2.4 Neuro-Symbolic Approaches for Automatic Test Oracle Gen-
eration

The initial results and the successful applications of neuro-symbolic techniques in related do-
mains, such as code generation and software testing more broadly, incentive the investigation
of neuro-symbolic techniques for generation test oracles.

Neuro-Symbolic Code Generation

Recent work in code generation demonstrates that combining neural models with symbolic
constraints significantly improves both correctness and efficiency. Bunel et al. [10] demonstrate
similar benefits for program synthesis by leveraging domain-specific language (DSL) grammars
combined with reinforcement learning. Bunel e al.’s approach tackles two key limitations of
purely neural synthesis: (i) program aliasing, where multiple programs can satisfy the same
specification but training optimizes only for a single reference implementation, and (ii) the lack
of syntactic guarantees, by performing reinforcement learning with an objective that explicitly
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maximizes the likelihood of generating semantically correct programs, and introducing training
procedures that enforce syntactic correctness via grammar constraints.

Fu et al. [25] explore constrained decoding for generating secure code, formulating the
problem as generating programs that satisfy both correctness and security constraints. Fu et
al. introduce constraint specifications based on secure coding practices and vulnerability types,
and propose constrained beam sampling and gradient-based non-auto regressive decoding tech-
niques to enforce these constraints during generation. The evaluation on SecurityEval and SVEN
benchmarks shows that constrained decoding reduces security vulnerabilities up to 17% com-
pared to unconstrained generation while maintaining comparable functional correctness. The
approach shows that interpreting the decoding process rather than treating it as a black box
uncovers new opportunities to enhance neural code generation through symbolic constraints,
and achieves stronger security and correctness guarantees than purely neural methods.

Miindler et al.[[52]] introduce type-constrained decoding for code generation, where LLMs
are guided by type system rules during token generation. Their approach constructs prefix
automata that maintain type-relevant context and enforce type correctness at each generation
step, ensuring that partial programs can be completed into well-typed final programs. On Type-
Script code synthesis, translation, and repair tasks across HumanEval and MBPP benchmarks,
type-constrained decoding reduces compilation errors by more than 50% compared to uncon-
strained generation and increases functional correctness by 3.5% to 5.5%. Notably, syntax-only
constraints account for 6% of compilation error reductions, while type constraints address 94%
of errors, demonstrating that semantic constraints provide substantially greater value than syn-
tactic constraints alone.

The approach employs a type search algorithm that determines whether partial expressions
can inhabit required types by exploring sequences of operators and member accesses. This
search over a type graph (where nodes represent types and edges represent well-typed opera-
tions) enables the system to prune invalid generation paths while maintaining a prefix property
that guarantees eventual completion to well-typed code. The technique proves broadly applica-
ble across different LLM sizes (2B-34B parameters) and model families, with even small models
benefiting significantly from constraints.

Neuro-Symbolic Software Testing

Some studies indicate the suitability of neuro-symbolic approaches in software testing. Chen
et al.’s [[12]] FlakyDoctor a neuro-symbolic technique combines LLMs with program analysis to
repair test flakiness. The approach achieves 57% success rate for order-dependent flakiness
and 59% for implementation-dependent flakiness, outperforming purely symbolic approaches
by up to 17%. Chen et al.’s ablation study reveals that the symbolic (non-LLM) components
contribute up to 31% of overall performance, demonstrating that while part of the FlakyDoctor
capability derives from using LLMs, they are not good enough to repair flaky tests in real-world
projects alone. This finding emphasizes that symbolic reasoning provides complementary value
that LLMs cannot achieve independently.

Implications for Test Oracle Generation

These successful applications of neuro-symbolic techniques in related domains provide strong
motivation for exploring neuro-symbolic approaches to test oracle generation. Several parallels
emerge between these domains and oracle generation:



16 2.4 Neuro-Symbolic Approaches for Automatic Test Oracle Generation

1. Compilability and correctness are critical in both code and oracle generation. Type-
constrained decoding demonstrates that enforcing formal language rules (type systems,
grammars) during neural generation substantially improves output quality. Test oracles
similarly require syntactic correctness (valid Java/Python syntax), type correctness (as-
sertions on compatible types), and semantic correctness (checking meaningful proper-
ties). The observation that type constraints address 94% of compilation errors while
syntax constraints address only 6% in [|52]] suggests that oracle generation would simi-
larly benefit more from semantic constraints (valid assertion types, type-compatible ar-
guments) than from purely syntactic constraints.

2. Constrained token-by-token generation enables tight integration of symbolic reasoning.
Neuro-symbolic approaches can constrain each generation step to prevent the model from
entering invalid states, rather than generating complete oracles in a single forward pass
and then validating them. This incremental constraint application provides stronger cor-
rectness guarantees and reduces the search space the neural model must explore, improv-
ing both efficiency and accuracy.

3. Combining neural and symbolic strengths addresses complementary limitations. Neural
models excel at learning patterns from large code corpora and generalizing across di-
verse coding styles but struggle with formal correctness guarantees and rare patterns.
Symbolic approaches provide correctness guarantees and handle formal rules precisely
but lack generalization beyond predefined patterns. Neuro-symbolic integration lever-
ages neural generalization while maintaining symbolic correctness, potentially achieving
better performance than either paradigm alone.

4. Empirical evidence from related domains shows substantial improvements. Code genera-
tion guided by type-constraints achieves more than 50% error reduction in [52]], grammar-
constrained program synthesis improves accuracy with limited training data in [[10]], con-
strained decoding for secure code reduces vulnerabilities up to 17 in [25], and neuro-
symbolic test repair outperforms pure symbolic and pure neural baselines in [12]]. These
consistent improvements across multiple software engineering tasks suggest that neuro-
symbolic approaches represent a promising direction for test oracle generation.

The current lack of neuro-symbolic work specifically on test oracle generation represents
a research opportunity. While symbolic approaches like Jdoctor [8] achieve high precision
and recall, but fail to generate oracles when the specification falls outside the defined set of
domain-specific rules, and neural approaches like TOGLL achieve broader coverage, but suffer
from false positives (25% for assertions, 7% for exceptions), a neuro-symbolic approach can
combine symbolic precision with neural coverage. The successful integration of type systems,
grammars, and security constraints in code generation demonstrates the feasibility of incorpo-
rating domain-specific formal rules into neural generation. Applying similar techniques to test
oracle generation (constraining assertion types, argument types, variable scopes, and semantic
properties) can improve both correctness and strength of generated oracles.



Chapter 3

Tratto: a Neuro-Symbolic Approach for
Generating Axiomatic Oracles

In this chapter, we address the problem of automatically deriving axiomatic test
oracles and we present TRATTO, a neuro-symbolic approach to derive axiomatic
oracles from commonly available software artifacts such as source code and docu-
mentation. TRATTO reformulates the oracle problem into a token generation prob-
lem. The symbolic module integrated in TRATTO restricts the space of the candidate
tokens that can be used to iteratively generate an oracle, always compilable by con-
struction. The neural module guides the generation of oracles towards an optimal
solution, that is, an oracle that captures the expected behavior of the unit under
test. The core contributions of this chapter are the main content of a paper that we
presented in the technical track of the 2025 International Symposium on Software
Testing and Analysis ([51]]).

Axiomatic oracles can be encoded as preconditions and regular or exceptional postconditions
on a unit under test. A precondition specifies the requirements that the inputs must satisfy for
the unit to operate correctly, ruling out invalid program inputs that contribute to false positives.
Regular postconditions describe the expected properties of the outputs or final state on normal
execution. Exceptional postconditions capture conditions under which the method must throw
exceptions, effectively describing when an exception should occur. State-of-the-art approaches
to generate test oracles produce concrete oracles, that is, assertions on concrete inputs. For
instance, a concrete oracle might state that Math.abs(-5) returns 5 for one single input. Ax-
iomatic oracle generalizes the property for all inputs, e.g. asserting that Math.abs(x) > 0
and (Math.abs(x) = x||Math.abs(x) = -x) for any x (an invariant property of the abs func-
tion). Similarly, instead of individually checking that the rest of the division between 7 and 3
is always 1, an axiomatic oracle infers that for any positive integers a and b, the remainder
a % bisalways 0 < a % b < b. In essence, axiomatic oracles act like the design-by-contract
specifications of a unit, defining requirements on the input and output values, similarly to the
contracts in Eiffel [48]] or the invariants mined by tools like Daikon [[20]. Such general oracles
are more powerful than example-based assertions because they apply to all test executions of
a unit, albeit at the cost of reduced point-wise precision.

TRATTO (TRAnsformer-based Token-by-Token Oracle generation) generates axiomatic or-
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acles in the form of executable assertions, from source code and documentation. Although
the theoretical foundations of TRATTO are, in principle, language-independent, its current im-
plementation expresses axiomatic oracles as boolean expression in Java. TRATTO derives the
assertions from Java source code and the corresponding Javadoc documentation. Specifically,
TRATTO infers preconditions from @param tags, regular postconditions from @return tags, and
exceptional postconditions from @throws tags. In addition, TRATTO analyses the free-text por-
tions of Javadoc comments, as well as method signatures and available implementations, to
enhance the informational context for inference.

TRATTO reformulates the oracle generation problem as a token-by-token code synthesis task.
An axiomatic oracle consists of lexical tokens. For instance, the axiomatic oracle “result > 0;”
is composed of four tokens: ‘result’, ', ‘@’, and ‘;’. At the lexical level, a token represents an
atomic element of the programming language syntax, an indivisible unit that cannot be fur-
ther decomposed without losing its semantic meaning. This notion of lexical token differs from
that used in the context of deep learning transformers, where a token denotes an atomic con-
stituent in the model’s vocabulary used to encode natural language into machine-interpretable
numerical identifiers (token IDs). Consequently, a single lexical token, such as a variable name
‘someVar’, may be mapped to multiple transformer tokens (e.g., ‘some’ and ‘Var’).

Rather than producing a complete assertion in a single step - as done in prior work - TRATTO
incrementally constructs the oracle one lexical token at a time. This iterative formulation en-
ables a tight integration between a symbolic module, which enforces syntactic and semantic
correctness at each generation step, and a neural module, which leverages data-driven learning
to progressively guide the construction process toward a semantically sound and contextually
relevant oracle.

At each iteration of token generation, the symbolic component of TRATTO narrows the search
space for the next possible tokens through two complementary mechanisms. The first restriction
relies on the programming language grammar and the portion of the oracle already generated.
For example, a boolean expression cannot serve as the argument of the ‘>’ operator. The second
restriction depends on the symbols currently in scope, which include method parameters and
the return value (for postconditions), as well as the fields and methods belonging to the current
class or accessible through it.

The neural component of TRATTO selects a token from the set of candidates. It leverages
pre-trained transformer models fine-tuned for the task of predicting candidate tokens based on
(i) the portion of the oracle generated so far, (ii) the unit under test (including its source code
and documentation) and (iii) the broader unit context, such as information about available
APIs.

The neural component of TRATTO features a multitask model fine-tuned on a dataset repre-
sented in two distinct forms, corresponding to two distinct learning tasks: a dataset of complete
oracles and a dataset of tokens extracted from the decomposition of the original oracles. This
dataset significantly extends the one provided in the replication package by Blasi et al. [8].
We enhanced the initial data by (i) correcting semantically invalid oracles, (ii) adding oracles
inferred from source code and documentation, (iii) incorporating oracles from other publicly
available Java projects, and (iv) automatically generating semantically equivalent Javadoc com-
ments that refer to the same oracles. The resulting dataset consists of 34,249 oracle samples
and a total of 188,900 tokens derived from them.

We performed a preliminary evaluation aimed to select the most suitable base model for the
neural component. We assessed the axiomatic oracle generation capabilities of three leading
code generation models at the time — Code Gemma (Google) [|62]], StarCoder2 (BigCode) [[45]],
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and Code Llama (Meta) [|59] — each featuring seven billion trainable parameters. This exper-
iment focused on measuring their accuracy in predicting the next oracle token. Code Llama
demonstrated superior performance, achieving 91% accuracy, motivating its selection for fine-
tuning and subsequent integration as the neural backbone of TRATTO.

We conducted two ablation studies to isolate the contributions of TRATTO ’s symbolic and
multitask components. Removing the symbolic module led to a 6-point drop in accuracy, while
replacing the multitask model with two independent ones reduced accuracy by a further 3
points. These results confirmed that both the symbolic layer and the multitask learning de-
sign are instrumental to oracle accuracy and consistency. We compared TRATTO against two
representative state-of-the-art techniques for the generation of axiomatic test oracles: the sym-
bolic approach Jdoctor [8] and the neural GPT-4 model [53]. Evaluations over a curated
ground-truth dataset showed that TRATTO substantially outperforms both baselines, reaching
73% accuracy, 72% precision, and 61% F1-score against 61%, 62%, and 25% for Jdoctor, and
40%, 24%, and 37% for GPT-4. GPT-4 achieves a higher recall (89%) than both TRATTO (52%)
and Jdoctor (16%), however, TRATTO attains an excellent balance between generating oracles
(3% more than Jdoctor) while incurring in few false positives (10x less than GPT4).

We conducted additional experiments to investigate the robustness of TRATTO, Jdoctor, and
GPT-4 in generating correct oracles when varying the documentation of the tested units (for
instance, rephrasing it with equivalent alternatives, or adding typos within the text). TRATTO
generated 195 correct and compilable oracles out of 220, closely matching GPT-4 (208) and
significantly exceeding Jdoctor (49).

We evaluated the effectiveness of the oracles generated by TRATTO and Jdoctor in improving
the mutation scores of test suites automatically produced using EvoSuite [23]]. The high pro-
portion of non-compilable oracles generated by GPT-4 (552 out of 1,213), forced its exclusion
from the analysis. Among six projects, TRATTO increased the mutation score for 5 test suites
containing implicit oracles, and for 5 test suites featuring both implicit and regression oracles.
In contrast, Jdoctor improved 4 test suites with implicit oracles but showed no gains with the
combined oracle suites.

The remainder of this chapter is organized as follows.

Section[3.1|discusses the limitations of the state-of-the-art approaches to generate axiomatic
oracles and provides a motivating example for the work.

Section [3.2] presents the architecture and workflow of the novel approach implemented in
TRATTO that iteratively generates test oracles, token-by-token, by combining a symbolic with
a neural approach to steer the generation of tokens toward valid oracles, thus reducing the
impact of false positives of purely neural approaches.

Section [3.3|details the symbolic module, including the custom grammar and context-based
rules.

Section describes the neural module, including the multitask learning setup for oracle
classification and token generation.

Section outlines the procedure for building a collection of comprehensive datasets of
oracles and tokens that can be reused for training future models for generating oracles.

Section reports the results of the experimental studies conducted to (i) compare the
performance of different code models for the tasks of oracle evaluation and token selection;
(ii) highlight the contributions of TRATTO ’s components to its overall performance; and (iii)
compare TRATTO with state-of-the-art approaches for oracle generation, showing its superior
performance in terms of correctness, robustness and applicability to enhancing automatically
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generated test suites.

Section [3.7|discusses the internal and external threats to validity that may affect the cred-
ibility and generalizability of the results, and outlines the measures adopted during the study
to mitigate these risks.

3.1 Motivating Example

1 / *%

2 * Sets the item label generator for a series and
3 * sends a {@link RendererChangeEvent} to all

4 * registered listeners.

5 *

6 * @param series the series index (zero based).

7 * @param generator the generator

8 * (<code>null</code> permitted).

9 *

10 * @see #getSeriesItemLabelGenerator(int)

11 *x/

12 public void setSeriesItemLabelGenerator(int series,
13 CategoryItemLabelGenerator generator) {

14 setSeriesItemLabelGenerator(series, generator, true);
15 | }

Listing 3.1. JFreeChart AbstractCategoryItemRenderer#setSeriesItemLabelGenerator.

Listing[3.1illustrates the limitations of existing state-of-the-art oracle generation approaches
and motivates the design of TRATTO. The Javadoc specification describes a precondition in
natural language: “the series index (zero based)” (line 6). If a test generator produces a unit test
case with a negative series as argument, the test crashes: The precondition indicates that the
test case is invalid, and executing the test may produce a false positive.

The state-of-the-art oracle generators fail to produce this precondition. TOGA [[19]], a neural
approach for generating test assertions, does not generate preconditions at all. Jdoctor [8], a
symbolic approach based on predefined patterns and rules, cannot match this comment format
and thus omits the precondition. EvoSuite [23]] a search-based test generator, produces only re-
gression test oracles without preconditions. GPT-4 [53]], a large language model trained on nat-
ural language and code, correctly generates the precondition “series >= 0”, but also produces

incorrect, useless, or non-compilable oracles such as “generator == null || generator is
a valid CategoryItemLabelGenerator instance” and “generator == null || generator
= null”.

TRATTO successfully derives the precondition “series >= 07, preventing the generation of
invalid test cases and false positives, without producing additional wrong oracles. The neural
module of TRATTO generalizes beyond Jdoctor’s fixed set of rules and patterns to previously
unseen oracles, while the symbolic module constrains the output space to syntactically and
semantically valid, compilable oracles, avoiding the spurious generations observed with GPT-4.
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Figure 3.1. Workflow of Tratto.

3.2 Architecture

TRATTO defines a neuro-symbolic approach that incrementally generates test oracles, token-
by-token, by integrating a symbolic and a neural module in a tightly coordinated workflow
(Figure @). The symbolic module consists of a Token collector and a Token filter, which, re-
spectively, gather the set of tokens that can form an oracle and restrict them to those that are
legal at each generative iteration, ensuring syntactic correctness by construction. The neural
module comprises a multitask model that operates in two modes: as an Oracle evaluator, it de-
termines whether an oracle should be produced for a given unit under test; as a Token selector,
it chooses the next token to extend the current partial oracle from among those allowed by the
symbolic module.

TRATTO’s oracle generation process begins with a pre-processing stage (black arrows in the
figure), where the Oracle evaluator leverages documentation and code of the unit under test to
decide whether to initiate the oracle generation. If an oracle is required TRATTO triggers the
token-generation workflow (white arrows) and proceeds to generate each subsequent token
based on the unit under test, the associated project’s sources, and the current state of the partial
oracle, starting from an empty expression and terminating once the neural module selects a
semicolon (‘;’) as the next token. Throughout this iterative process, the symbolic and neural
modules cooperates to incrementally generate the tokens that comprise the partial oracle, until
they produce a complete oracle: the Token collector retrieves all the possible tokens potentially
usable to build an oracle (such as symbols, keywords, fields, parameters, or accessible methods
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relevant to the context), while the Token filter constrains this set to those tokens that maintain
oracle validity over the generation (e.g., preventing syntactically incorrect constructions like
applying the ‘instanceof’ operator to primitives). From the filtered candidate tokens, the
neural Token selector predicts which token should be appended to the partial oracle.

The token-by-token generation strategy yields significant benefits over traditional methods.
Unlike purely symbolic and neural approaches such as Jdoctor and TOGA, which synthesize
entire oracles in a single step:

1. The grammar-driven symbolic component implemented in TRATTO: (i) guarantees the
generation of oracles compilable by constructor, while neural-based approaches may infer
oracles that do not compile [66| [53]]; (ii) ensures greater expressiveness in the genera-
tion of oracles, in contrast to neural approaches that restrict generation to oracles aligned
with a fixed pool of candidate assertions [[19]]; (iii) automates the extraction of contex-
tual information that enhances the neural component’s capability to derive semantically
relevant oracles that would otherwise remain inaccessible to purely symbolic or neural
approaches without manual intervention or manually specified contextual data.

2. The neural module training at the token level greatly expands the available dataset size,
since each oracle comprises multiple lexical tokens. This richer supervision allows the
model to learn intricate patterns and associations between natural language and code,
overcoming the data limitations typical of approaches reliant solely on pattern-, lexical-,
or semantic-matching.

3.3 Symbolic Module

The symbolic module in TRATTO restricts the search space of candidate test oracles by guaran-
teeing that only syntactically and semantically well-formed, compilable assertions are generated
for any given unit under test. The Token collector collects all possible tokens that could be used
to form an oracle. The Token filter discards the illegal tokens (syntactically and semantically
invalid tokens that would make the oracle non-compilable) with a grammar-based approach.

3.3.1 Token Collector

The Token collector gathers all the possible tokens that serve as the fundamental full set of
atomic elements to construct a candidate oracle, given the specific unit under test. During the
initial stage of the token-generation process, when the partial oracle is empty, the Token collector
aggregates three primary categories of generic tokens: (i) common tokens which could be part
of any oracle, such as operators, keywords, and common constants like 8 and 1; (ii) tokens
extracted from the project under test, including classes and their respective fields and methods
(e.g., CollectionUtils.isEmpty()); and (iii) tokens extracted from the method under test,
including its parameters (if any) as well as fields and methods callable upon those parameters,
containing class, and return value of the method (e.g., this.contains(o)).

As token generation proceeds, the Token collector dynamically refines the set of available to-
kens to reflect the evolving context of the partial oracle. At each subsequent iteration, the Token
collector may augment the set of tokens with specific tokens that may occur when the last token
of the partial oracle is a period that follows an expression that is a class of the project, this,
methodResultID (which identifies the return value of the method under test), or a method
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parameter. For instance the Token collector adds the tokens ‘hasNext’ and ‘next’ to the set of
tokens when the partial oracle ends with “this.iterator().”.

3.3.2 Token Filter

The Token filter discards any token that would result in syntactic or semantic invalidity if cho-
sen as the next element of the given partial oracle. The Token filter identifies the tokens to be
discarded using a grammar-based pruning approach designed to enforce language rules and
compilation safety. Specifically, the Token filter (i) discards the tokens that would violate syn-
tactic constraints, such as the boolean value ‘true’ that cannot follow ‘argl >’ in a relational
comparison, and (ii) excludes the tokens that would lead to compilation errors given Java’s
type system and semantics, such as the >’ operator that can only follow expressions evaluating
to numeric types.

TRATTO enforces also context restrictions to further refine the tokens selection. These rules
account for project- and unit-specific semantics that may not be fully captured by the grammar
alone. For example, even though the grammar allows a return variable name ‘methodResultID’
collecting the result returned by the unit under test, TRATTO discards the token if the method
under test is void. The system currently implements 27 documented context restrictions.

3.3.3 Context Restrictions

A grammar alone is insufficient to generate a valid test oracle, as it lacks awareness of the un-
derlying semantics of the specific tokens composing it. For instance, according to the grammar
implemented in TRATTO, the token instanceof is syntactically valid after the partial oracle
methodResultID. However, if the type of methodResultID (i.e., the return type of the method
under test) is a primitive, the resulting expression would not compile.

We refer to such cases as context restrictions, since they constrain token validity based on
the semantic and structural context of the oracle under construction. These restrictions extend
beyond the grammatical level by incorporating project- and unit-specific semantics to prevent
the generation of syntactically correct but semantically invalid oracles.

Currently, TRATTO implements 27 documented context restrictions, each designed to ensure
that the generated oracles remain both compilable and meaningful in the context of the method
under test. A detailed description of these restrictions is provided in the replication package of
the work [3]].

3.4 Neural Module

The neural module of TRATTO includes two operational modes: the Oracle evaluator, which
determines whether an oracle should be generated for a given unit under test, and the Token
selector, which incrementally guides the construction of the oracle by selecting the most ap-
propriate token at each generation step. Both components are implemented as tasks within a
multitask deep learning model, enabling shared representations and efficient learning across
related targets.
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3.4.1 Oracle Evaluator

Although conceptually identified as a binary classification task (deciding whether or not to gen-
erate an oracle), the oracle evaluation is formulated as a masked token generation problem to
leverage the strengths of auto-regressive models specialized for code generation and comple-
tion. This design choice enables the reuse of the same architectural backbone for both the Oracle
evaluator and the Token selector, facilitating transfer learning and reducing training complexity.

The input to the Oracle evaluator follows the structured template reported in Listing[3.2] It
consists of:

* The oracle type and corresponding Javadoc tag, when available (line 1).

* Two candidate tokens representing possible next steps: ‘assertTrue(’ (indicating that
oracle generation should proceed) or ‘// No assertion possible’ (indicating that no
oracle can be inferred.) (line 2).

¢ The mask token to fill out (line 4).
* The method under test, including its Javadoc documentation and source code (lines 6-8).

The model predicts which of the two candidate tokens should replace the mask, effectively
making a binary decision about oracle generation.

// <oracle_type>: "<javadoc_tag>"

// Next possible tokens: ['assertTrue(', '// No assertion possible']
// Assertion:

<FILL_ME>

g AW N =

// Method under test:
<method_javadoc>
<method_source>

[eolERN BN

Listing 3.2. Input template for the Oracle Evaluator.

3.4.2 Token Selector

The Token selector extends the oracle evaluation paradigm to the iterative construction of test
oracles. Like the Oracle evaluator, it is framed as a masked token generation task, but operates
within a richer and more context-sensitive input structure (Listing @).

The input template for the Token selector augments that of the Oracle evaluator with:

* A comprehensive list of candidate tokens representing all syntactically and semantically
valid tokens that could extend the current partial oracle (line 2).

* The current partial oracle, which reflects the tokens generated in previous iterations
(line 4).

* The method under test, including its Javadoc documentation and source code (lines 6-8).

* Additional contextual information, including method signatures and field declarations
related to the candidate tokens, to support more informed decision-making by the model
(lines 10-11).
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Provided this enriched input, the model selects the token that produces a valid and seman-
tically meaningful progression toward a complete oracle, when appended to the partial oracle.

Listing provides a concrete example of the input presented to the Token selector dur-
ing the construction of the oracle. When executed with Listing |Z4, the model generates an
exceptional postcondition (line 1) where the partial oracle generated from the previous itera-
tionsis “array.getClass().” (line 4). Since the ‘getClass ()’ method returns an object of type
‘Class’, the set of candidate tokens consists of non-private fields and methods of the ‘Class’ class
(line 2). Contextual information, such as method signatures (e.g., “public native boolean
isArray() on line 25), helps the model distinguish between candidates. The model correctly
selects the token “isArray’ to replace the mask token, thereby extending the partial oracle and
continuing the generation process.

// <oracle_type>: "<javadoc_tag>"

// Next possible tokens: [<next_possible_tokens>]
// Assertion:
assertTrue(<partial_oracle><FILL_ME>

AW N =

6 // Method under test:
<method_javadoc>
8 <method_source>

~

10 // Additional context:
11  <method_signatures_and_field_declarations>

Listing 3.3. Input template for the Token Selector.

3.4.3 Multitask Learning Framework

By unifying the Oracle evaluator and Token selector within a single multitask model, TRATTO ben-
efits from shared intermediate representations and enhanced generalization. This architecture
allows the model to jointly learn when to generate oracles and how to construct them token-by-
token, leveraging commonalities between the two tasks while maintaining task-specific output
heads. The multitask formulation also enables more efficient use of training data, as both tasks
contribute to refining the model’s understanding of code semantics, documentation, and oracle
structure.

1 // Exceptional postcondition: "@throws IllegalArgumentException if <code>array</code>
isnot an array."

2 // Next possible tokens: ['equals', 'toString', 'isArray', 'getClassData'
'getClassLoader', ...]

3 // Assertion:

4 assertTrue(array.getClass().<FILL_ME>;

5

6

7 | // Method under test:

8  /xx

9 * Constructs an ArraylListIterator that will

10 * iterate over the values in the specified array.

11 *

12 * @param array the array to iterate over

13 * @throws IllegalArgumentException if

14 * <code>array</code> is not an array
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15 * @throws NullPointerException if

16 * <code>array</code> is <code>null</code>
17 */

18 public ArrayListIterator(final Object array){
19 super(array);

20  }

21

22 // Additional context:

23 public boolean equals(Object arg0)
24 public String toString()

25 | public native boolean isArray()

26 Object getClassData()

27 = public ClassLoader getClassLoader()
28

Listing 3.4. Input to the model acting as Token Selector.

3.5 Data Construction and Training

The neural model underlying both the Oracle evaluator and Token selector requires training data
structured in two complementary forms: (i) a dataset of complete axiomatic oracles and (ii) a
dataset of individual tokens that we obtain by decomposing those oracles into their correspond-
ing lexical tokens. Figure|3.2 illustrates the pipeline to construct the two datasets. We started
with an existing corpus of procedure specifications, which we subsequently improved and en-
riched through manual inspection and automated augmentation techniques. The Token collector
and Token filter of Tratto’s symbolic module disaggregated oracles into token-level samples, pro-
ducing the tokens dataset. Both datasets are publicly available in the replication package of the
work [3].

3.5.1 Procedure Specifications Dataset

The foundation of TRATTO’s training data is the procedure specifications dataset provided by
Blasi et al. [[8]. This corpus comprises 3,150 Javadoc preconditions (extracted from “@param’
tags), regular postconditions (extracted from “@param’ tags), and exceptional postconditions
that characterize the intended semantics of program units, together with the corresponding
target oracles. These specifications are encoded in tuples of the form ((u, jt),0), where u rep-
resents a unit under test, jt denotes a Javadoc tag extracted from the unit’s documentation, and
o is an executable Boolean expression formally describing that tag, and suitable for use as a test
oracle. Additionally, the original dataset includes 23,397 Javadoc tags for which the symbolic
approach of Blasi et al. was unable to generate corresponding axiomatic oracles.

3.5.2 Oracles Dataset

We created an initial oracles dataset by combining 3,150 procedure specifications from Blasi
et al. labeled as positive samples (tuples of tags associated to oracles successfully generated)
with 3,150 randomly procedure specifications labeled as negative samples (comments lacking
oracles). Since the authors reported an average 92% of precision and 83% of recall, we con-
ducted a comprehensive manual inspection across all 6,300 instances to correct errors, such as
incorrectly generated or missed oracles (step @ in Figure @). Additionally, we integrated 222
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Figure 3.2. Data collection process to fine-tune the neural component of Tratto as Oracle
evaluator and Token selector

manually verified oracles from various open-source Java projects on GitHub to further enhance
dataset quality and diversity.

This process yielded an initial dataset of 5,911 samples, 4,582 of which were positive (com-
ments with related oracles) and 1,329 were negative (comments without oracles). The number
of positive cases increased because, upon careful analysis, we identified many of the initially
non-matching comments with missing valid oracles that we manually added.

To further expand the dataset and improve the model’s generalization capabilities, we gen-
erated semantically equivalent versions of the Javadoc comments in the tuples, using ChatGPT.
We prompted the model to produce alternative phrasings (up to five per original comment) that
preserved the intended specification semantics while varying the linguistic expression (step @).
Listing [3.5 provides an illustrative set of equivalent Javadoc tags produced through this aug-
mentation strategy. The final augmented oracles dataset comprises 34,249 samples: 23,392
positive instances (with oracles) and 10,857 negative instances (without oracles).

1 @return the sum {@code a + b}. // Original

2 @return the total value of {@code a + b}

3  @return the result of adding {@code a} and {@code b}

4 @return the outcome of summing {@code a} and {@code b}.

5 @return the value obtained by adding {@code a} and {@code b}.
6 @return the sum of {@code a} and {@code b}

Listing 3.5. Equivalent Javadoc tags generated with ChatGPT.

3.5.3 Tokens Dataset

Building upon the oracles dataset, we constructed a tokens dataset to support the training of
the Token selector in the token prediction task. We generated the dataset through a systematic
disaggregation process (steps @@ in Figure 2), relying on the Token collector to analyze the
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project’s source code and the unit under test related to each tuple in the oracles dataset to
extract generic tokens potentially relevant for the generation of the target oracle (step @,
such as class names HashBiMap), constants (e.g., CollectionUtils.EMPTY_COLLECTION), and
method names (e.g., .toString()). This procedure yields tuples in the form ((u, jt, t[]), o),
where t[ ] refers to the list of all possible tokens that could be initially used to start building the
oracle o.

Next, the pipeline systematically decomposed each oracle into a series of partial oracles po
(step @), representing the stepwise states encountered during incremental token generation.
For each partial oracle po, the Token filter pruned the list of tokens previously collected by the
Token collector, enforcing syntactic and semantic validity according to the grammar and type
system, ultimately producing a list It[] of legal next tokens (step @). This workflow led to
the final dataset of tokens in the form of ((u, jt, po, lt[]), t) tuples, where po denotes a partial
oracle, It[] refers to the list of legal tokens that could possibly follow the partial oracle (e.g.,
‘9%, ‘1, and ‘SomeClass’ could follow “result >”), and t is the target next token following the
partial oracle (t must be one of the tokens from the aforementioned list of legal tokens It[]).
The tokens dataset contained 188,900 samples in total.
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Figure 3.3. Converting one oracle sample into four token samples. Oracle (0) at the top;
partial oracles (po) and legal tokens (It[]) on top and bottom white boxes, respectively;
next tokens (t) in green.

Figure illustrates the process of decomposing oracles into tokens samples. Let us con-
sider the oracle “loadFactor <= 0;”, which encodes an exceptional postcondition, according
to which, if the argument ‘LoadFactor’ is less than or equal to zero, the method should throw
an exception. Since this oracle contains four tokens, the process produces four partial oracles
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through consecutive iterations: In the initial state (with an empty partial oracle), the candidate
tokens include method parameters (e.g., ‘loadFactor, ‘initialCapacity’), parentheses, and
class names for static calls. Once ‘LloadFactor” appears as the partial oracle, only comparison
operators (like ‘<=, *>', ‘==) are valid, as the Token filter excludes other operators that are either
forbidden by the grammar or semantically incompatible with numeric types. The process itera-
tively narrows the candidate token set based on the evolving partial oracle, until reconstructing
the entire oracle.

This token-level perspective empowers the neural model to capture fine-grained genera-
tion dynamics, learning both from the formal symbolic constraints of the grammar and from
distributional patterns present in the training data.

3.6 Evaluation

Our experimental evaluation addresses the following research questions:

RQ-1: How do different LLM code models compare when used to evaluate oracles and select
tokens? This question evaluates different code models to identify the most suitable backbone
for the neural module of TRATTO.

RQ-2: What is the contribution of the symbolic module and the multitask model to the overall
performance of TRATTO? This question employs ablation studies to assess TRATTO’s performance
when operating (i) without the symbolic module (as a purely neural model lacking the token-by-
token generation approach), and (ii) without the multitask architecture (using separate models
for the Oracle evaluator and Token selector).

RQ-3: What is the effectiveness of TRATTO in generating axiomatic test oracles and how does it
compare with state-of-the-art neural and symbolic techniques? This question benchmarks TRATTO
against representative state-of-the-art symbolic and neural baseline, using a curated ground-
truth dataset of axiomatic test oracles.

RQ-4: How robust is TRATTO to documentation variations? Building upon the results of RQ-3,
this question considers the set of oracles that all approaches correctly predict, applies systematic
variations to their associated documentation, and measures each approach’s robustness in terms
of oracle generation accuracy under modified documentation.

RQ-5: How effective are the generated oracles for improving test suites? This question inte-
grates the oracles generated by TRATTO into test suites automatically produced with EvoSuite
and measures their effectiveness through improvements in mutation score.

3.6.1 RQ-1: Code Models Comparison

RQ-1 investigated the suitability of large language models for the two core tasks performed
by the neural module implemented in TRATTO: evaluating oracles and predicting the next oracle
token. We experimentally compared three code models for coding task available at the time—
Code Gemma by Google [|62]], StarCoder2 by BigCode [[45]], and Code Llama by Meta [|59]—
to determine the most effective LLM for these tasks. The experiment formulates both tasks
as code infilling problems (see Listings and and selects these models based on the
infilling support, training on large-scale code corpora, and popularity among researchers and
practitioners for code-related tasks. All experiments employ the 7B-parameter version of each
model.
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The training and validation dataset comprises 223,149 samples (34,249 oracles + 188,900
tokens). The evaluation allocated all samples belonging to a single Java project (Guava, 30,891
samples, 14% of the total) for validation and uses the remaining 192,258 samples (86%) for
training, to prevent data leakage (since some oracle and token samples from the same project
differ only in rephrased Javadoc tags due to the augmentation process described in Section|3.5)

The experiment trained all models for two epochs, as empirical analysis revealed that ac-
curacy plateaus beyond this point. The input length spanned 2,048 transformer tokens, while
the output length extended to 32 transformer tokens (note that a single lexical token, such as a
variable name like ‘millis2secs’, typically decomposes into multiple transformer tokens, e.g.,
‘mill-‘1s’-2’-‘se’~‘cs’ comprises five tokens). Training employed default hyperparameters for
all models.

Code Gemma, StarCoder2, and Code Llama achieved accuracy levels of 58%, 69%, and
91%, respectively. Code Llama substantially outperformed both Code Gemma and StarCoder2.
This performance gap likely stems from differences in pre-training data and training special-
ization. Code Llama was pre-trained primarily on natural language and actual code, with ad-
ditional specialization for long-context inputs, which aligns well with the tasks implemented
in TRATTO. In contrast, StarCoder2 learns from heterogeneous data sources such as GitHub is-
sues, pull requests, and Jupyter notebooks, whereas Code Gemma focuses on English-language
data from open-source math datasets and synthetically generated code. Both Code Gemma and
StarCoder2 rely on general data and synthetic code that is less relevant for generating oracles
that makes heavy reference to natural language documentation.

When evaluating complete oracle generation (where all tokens in an oracle sequence must
be correctly predicted) TRATTO instantiated with Code Llama correctly generates 69% of ax-
iomatic oracles on the Guava validation set, producing 3,337 correct oracles out of 4,865 cases
(this dataset includes non-oracle samples, which count as correctly predicted when the Oracle
evaluator properly judges that no oracle should be generated).

Answer to RQ-1: Code Llama achieves 91% accuracy for evaluating oracles and selecting
tokens, substantially outperforming both Code Gemma (58%) and StarCoder2 (69%).

3.6.2 RQ-2: Ablation Studies

RQ-2 examines the contributions of the symbolic module and the multitask model implemented
in TRATTO to the overall oracle generation performance through two ablation studies that sys-
tematically remove these components.

The first study removes the token-by-token oracle generation approach enabled by the sym-
bolic module. In this configuration, the neural module either infers the complete oracle or in-
dicates the impossibility to generate an oracle from the given javadoc comment, relying solely
on the unit under test. The study reserves Guava oracles (4,865 samples) for validation and
fine-tunes the Code Llama 7B model on the remaining 29,384 samples of the oracles dataset us-
ing default hyperparameters for two epochs, in line with the training setup. The purely neural
model generates 3,049 correct oracles out of 4,865, achieving 63%-6 percentage points lower
than Tratto’s 69% accuracy. The McNemar test confirms the statistical significance of the dif-
ference (p-value < 0.001, Odds Ratio = 2.57), demonstrating that the symbolic module and
token-by-token approach substantially improve axiomatic oracle generation performance.

The second study removes the multitask architecture and fine-tunes two separate models:
a Oracle evaluator and a Token selector, both based on Code Llama 7B with default hyperpa-
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rameters for two epochs. We trained the Oracle evaluator on 29,384 oracle samples (86% of all
oracles, excluding Guava), and the Selector on the corresponding 162,874 token samples (86%
of all tokens). The evaluation measures the combined capability of both models to correctly
predict the 4,865 Guava validation oracles, requiring the Oracle evaluator to correctly deter-
mine whether the oracle generation should proceed and, if so, the Token selector to correctly
predict all oracle tokens. This approach achieves 66% accuracy (3,213 out of 4,865 oracles), 3
percentage points below the performance registered by TRATTO. The difference is statistically
significant (p-value < 0.001, Odds Ratio = 1.55), highlighting the advantages of the multitask-
ing learning framework for the joint evaluation of oracles and token prediction.

The analysis of the oracles that TRATTO generates successfully while the ablated approaches
fail reveals that the ablated models either produce false positives, generating oracles where none
should exist, or generate incorrect oracles. As an example of false positives, the purely neural
model incorrectly generates the precondition ‘array != null’ from the Javadoc tag "@param
array an array of @code short values, possibly empty". The Oracle evaluator of the non-multitask
model generates a precondition from the tag "@param defaultValue the value provided for inputs
absent in map keys", which expresses no precondition.

Answer to RQ-2: The purely neural and non-multitask approaches achieve 63% and 66%
accuracy, respectively, both falling below Tratto’s 69% accuracy. These results confirm that
both the symbolic module and the multitask model contribute meaningfully to TRATTO’s per-
formance.

3.6.3 RQ-3: Oracle Generation

RQ-3 compares the effectiveness of TRATTO against state-of-the-art neural and symbolic ap-
proaches for generating axiomatic oracles. This section details the ground-truth dataset, the
comparative approaches employed, the evaluation metrics, the experimental setup, and the re-
sults obtained.

Ground Truth Dataset

To ensure a fair comparison with state-of-the-art approaches, the evaluation uses a manually
curated ground-truth dataset of axiomatic test oracles. The dataset includes oracles from De-
fects4J, excluding two projects—Apache Commons Math and Apache Commons Collections—that
are part of TRATTO’s training set. For each of the remaining 15 projects, the study systematically
selects 10 Java classes by sorting them according to character count and choosing those evenly
spaced within the 5% to 95% range (i.e., classes at the 5th, 15th, 25th percentiles, etc.). We
manually extract all possible axiomatic oracles from every method of each selected class.

The dataset contains 389 axiomatic oracles (positive samples) spanning 274 methods across
150 classes from 15 projects. For each method, the study also generates a negative sample if
the method admits no precondition, postcondition, or exceptional postcondition. For instance,
a method encoding two preconditions yields two positive samples (the two preconditions) plus
two negative samples (a non-postcondition and a non-exceptional-postcondition). The dataset
collects in total 496 negative samples. At least two authors reviewed each sample.

Comparison Approaches

The evaluation compares TRATTO against Jdoctor [[8] and GPT-4 [[53]] as representative symbolic
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and neural approaches, respectively. Jdoctor generates axiomatic oracles (preconditions, nor-
mal and exceptional postconditions) from the Javadoc tags ‘@param’, ‘@return’, and ‘@throws’
by applying pattern, lexical, and semantic matching techniques. Jdoctor outperforms other
approaches such as Toradocu and @tComment.

State-of-the-art neural approaches for oracle generation [|67, 72} [19]] produce concrete test
oracles (assertions on specific inputs) rather than axiomatic oracles (predicates on variables
valid for all inputs), making the direct comparison with TRATTO impossible. The study com-
pares TRATTO against GPT-4 (model GPT-40) as a representative neural approach. We enhance
GPT-4 with few-shot learning combined with Chain-of-Thought prompting to fully leverage its
understanding capabilities, providing three examples demonstrating how and when to generate
axiomatic oracles from Java methods using a step-by-step approach. We ask GPT-4 to generate
oracles for the ground-truth dataset, method by method.

Metrics

We comparatively evaluate TRATTO by computing true positives (correctly predicted oracles),
true negatives (instances for which no oracle should be generated, and none is generated), false
positives (instances for which no oracle should be generated, but one is generated, or wrongly
generated oracles), and false negatives (oracles not generated, while one should be generated).

Our study classifies incomplete oracles capturing only a subset of correct behavior as false
positives, since they partially miss the reference oracle’s semantics and fail for some test cases.
For example, ‘result != null’ represents an incomplete oracle for a method returning a pos-
itive ‘Integer’, correctly capturing only partial expected behavior, while ‘result >= 0’ consti-
tutes a wrong oracle for the same method, since zero is not positive.

The evaluation also includes the computation of accuracy (percentage of correct predictions
out of the total number of predictions), precision (percentage of correctly generated oracles out
of the total number of generated oracles), recall (percentage of correctly generated oracles out
of the total number of actual oracles in the dataset), and F1-score (weighted harmonic mean
of precision and recall). The accuracy measures the overall performance without differenti-
ating between false positives and negatives. The precision measures the ability to avoid false
positives. The recall reflects the ability to capture all relevant instances, avoiding false nega-
tives. The F1-score combines precision and recall into a single measure balancing false positives
and negatives, proving especially useful for unbalanced datasets where the positive class is rare.

Training and Evaluation Setup

We fine-tuned TRATTO using the complete dataset (223k samples) with the same setup applied
in the previous experiments. We downloaded and set up the most recent version of Jdoctor from
the publicly available GitHub repository (commit d76899f). Jdoctor does not need training,
as it is based on a set of heuristic rules and patterns. We generated as many axiomatic oracles
as possible for all methods in the ground-truth dataset, for both TRATTO and Jdoctor. We per-
formed similarly for GPT4, generating as many axiomatic oracles as possible for all methods,
by crafting a prompt per method, making an API call per prompt, and collecting all responses,
which we manually analyzed.

Results

Table [3.1 reports the accuracy (row A), precision (P), recall (R), and F1-score (F1) computed
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Table 3.1. Accuracy (A), precision (P), recall (R), and Fl-score (F1) for all approaches on
ground-truth dataset.
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A 56% 72% 56% 73% 79% 62% 60% 64% 67% 61% 67% 47% 59% 57% 67% 61%
Jdoctor P N/A 100%  33% 100%  96% N/A 0% 6% 33% 100% N/A N/A 74% 0% N/A 62%
R 0% 16% 4% 41% 68% 0% 0% 7% 11% 3% 0% 0% 33% 0% 0% 16%
F1 | N/A  29% 7% 58% 79% N/A  N/A 6%  17% 6% N/A N/A 46% N/A  N/A | 25%
A 18% 26% 37% 42% 55% 5% 53% 19% 47% 35% 50% 35% 53% 41% 50% 40%
GPT4 P 12% 7% 20% 27% 40% 2% 31% 3% 22% 13% 0% 27% 42% 23% 33% 24%
R 100% 100%  92% 100%  92% 100%  88% 60% 100% 100% N/A 92% 96% 67% 100% | 89%
F1 22% 12% 32% 42% 56% 4% 46% 6% 36% 24% N/A 42% 58% 34% 50% 37%

Table 3.2. True/false positives/negatives (TP/TN/FP/FN) for all approaches on
ground-truth dataset.

Project M o NoO TRATTO Jdoctor GPT4
TP TN FP FN TP TN FP FN TP TN FP FN
closure-compiler 3 4 5|0 (W 5 (56% 0 (0% 4 (44%)| 0 (0%) 5 (56%) 0 (0%) 4 (44%)| 2 (12%) 1 (6%) 14 (0%) O (82%)
commons-cli 6 6 12| 3 (16%) 12 (67%) 2 (6%) 1 (11%)| 1 (5%) 12 (67%) 0 (0%) 5 (28%)| 1 (5%) 4 (21%) 14 (74%) 0 (0%)
commons-codec 19 24 33| 4 (7% 32 (54%) 10 (22%) 13 (17%)| 1 (2%) 31 (54%) 2 (4%) 23 (40%)| 11 (15%) 16 (22%) 45 (62%) 1 (1%)
EZE;‘:S‘: 1217 20 | 9 (24%) 19 (50%) 2 (5%) 8 (21%)| 7 (19%) 20 (54%) O (0%) 10 (27%)| 12 (21%) 12 (21%) 33 (58%) O (0%)
commons-csv 16 35 23 |30 (52%) 23 (40%) 4 (7% 1 (2%) |23 (39%) 23 (39%) 1 (2%) 11 (18%)| 24 (28%) 23 (27%) 36 (42%) 2 (2%)
commons-jxpath 4 5 8|0 (% 8 (62% 0 (0%) 5 (38%) (%) 8 (62%) 0 (0%) 5 (38%)| 1 (2%) 2 (4%) 49 (94%) 0 (0%)
commons-lang 53 64 103 |37 (22%) 89 (53%) 24 (14%) 18 (11%) (0%) 101 (61%) 2 (1%) 64 (38%)| 38 (20%) 62 (33%) 83 (44%) 5 (3%)

0
0
gson 27 30 51 |19 (23%) 46 (57%) 8 (10%) 8 (10%)| 1 (1%) 51 (63%) 16 (20%) 13 (16%)| 3 (3%) 18 (16%) 8
jackson-core 0 10 20 (10%) 18 (58%) 4 (13%) 6 (19%)| 1 (3%) 19 (63%) (7%) 8 (27%)| 5 (15%) 11 (32%) 18 (53%) 0O (0%)
jackson-databind 24 30 48 | 1 (1% 42 (57%) 2 (3% 29 (39%)| 1 (1%) 46 (60%) 0%) 29 (39%)| 13 (10%) 33 (25%) 84 (65%) O (0%)
0 0
3 0

©
@

79%) 2 (2%)

w

2
0
jackson-dataformat 1 1 2 0 (0%) 2 (67%) 0%) 1 (33%) 0%) 2 (67%) 0 (0%) 1 (33%)| 0 (0%) 2 (50%) 2 (50%) O (0%)
(0%) 40 (47%) 0 (0%) 46 (53%)| 34 (24%) 17 (12%) 90 (62%) 3 (2%)
8
4
0

jfree-chart 25 46 40 |26 (0%) 40 (47%) (B%) 17 (20%)
joda-time 40 71 63 | 52 (39%) 56 (42%) 11 (8%) 15 (11%)| 23 (17%) 56 (42%) (6%) 47 (35%)| 50 (33%) 31 (20%) 70 (46%) 2 (1%)
jsoup 33 45 66 | 2 (2%) 65 (59%) 2 (2%) 42 (38%)| O (0%) 64 (57%) (3%) 45 (40%)| 22 (16%) 36 (25%) 73 (51%) 11 (8%)

mockito 1 1 2 |0 (0%) 2 (67%) 0 (0%) 1 (33%)| 0 (0%) 2 (67%) (0%) 1 (33%)] 1 (25%) 1 (25%) 2 (50%) O (0%)
Total 274 389 496 |186 (21%) 459 (52%) 72 (8%) 169 (19%)| 58 (7%) 480 (54%) 35 (4%) 312 (35%)[217 (18%) 269 (22%) 701 (58%) 26 (2%)

for each approach (TRATTO, Jdoctor, and GPT-4) across each project (columns closure-compiler
through mockito) and overall (column Total). The table highlights the best Total values in green
and the worst in red.

TRATTO outperforms both Jdoctor and GPT-4 in terms of accuracy (73% for TRATTO, 61%
for Jdoctor, 40% for GPT-4), precision (72% for TRATTO, 62% for Jdoctor, 24% for GPT-4), and
Fl-score (61% for TRATTO, 25% for Jdoctor, 3% for GPT-4). TRATTO’s recall (52%) exceeds
Jdoctor’s (16%) but falls below GPT-4’s (89%). These results indicate that TRATTO infers more
correct predictions than both Jdoctor and GPT-4 (accuracy) with minimal impact from wrong
results (precision). GPT-4’s superior recall demonstrates its capability to generate a higher pro-
portion of oracles from the ground truth than TRATTO (an expected outcome given GPT-4’s
general-purpose nature and superior generalization capabilities as a large-scale LLM). How-
ever, this higher recall comes at the cost of substantially more false positives (lower precision).
TRATTO’s fine-tuning enables more precise evaluation of whether oracle generation should pro-
ceed and what form the oracle should take. The F1-score effectively summarizes the improve-
ment of the token-by-token neuro-symbolic approach implemented in TRATTO over Jdoctor’s
symbolic approach and GPT-4’s neural approach. Approach performance varies greatly across
projects, confirming dependency on comment and code quality.

Table provides detailed breakdowns for each project and approach, reporting the num-
ber of methods (column M), ground-truth oracles (O), non-oracle (negative) instances (NO),
and true/false predictions (TP, TN, FP, FN) for all approaches and projects, plus totals. For
each metric, the table reports both total prediction counts and percentages over total instances
(O+NO =389+496 = 885). Note that TP + TN +FP + FN may exceed 885 since approaches
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can generate arbitrary numbers of false positives.

The Total row of Table[3.2 highlights the best performance in green and worst in red. TRATTO
generates the highest rate of correct oracles (total true positive rate 21%) while avoiding or-
acle generation where inappropriate in many cases (total true negative rate 52%, just below
Jdoctor’s best result of 54%). TRATTO also performs well in terms of false alarms and missed
oracles, with low false positive/negative rates of 8% and 19%, respectively. Jdoctor performs
slightly better than TRATTO for true negatives (54% vs. 52%) and false positives (4% vs. 8%)
but performs worst among the three approaches for true positives (7%) and false negatives
(35%). GPT-4 presents an excellent false negative rate (only 2%) but poor true positive (18%),
true negative (22%), and false positive rates (58%). These true/false positive/negative rates
confirm the best performance of TRATTO among the three approaches, well-summarized by the
superior F1-score in Table|[3.1,

Overall, TRATTO generates 186 out of 389 ground-truth oracles and demonstrates strong
capability to discern when oracle generation should proceed, with relatively few wrong oracles
(72 out of 885 predictions). Thus, TRATTO can significantly reduce manual oracle generation
effort without imposing substantial overhead for identifying and discarding incorrect oracles.

TRATTO generates three times more correct oracles than Jdoctor (186 vs. 58). This result
confirms the impact of developers’ jargon: Jdoctor exploits classic natural language processing
and semantic matching, performing well with precise natural language comments, but strug-
gling with imprecise comments common in Javadoc documentation. The neuro-symbolic ap-
proach implemented in TRATTO demonstrates much greater tolerance for comment imprecision,
handling many more cases than Jdoctor. Results depend heavily on comment and code quality.
Jdoctor generates a fair number of oracles for commons-csv (23 oracles while TRATTO generates
30) but produces no oracles for jfree-chart, where TRATTO generates 26 correct oracles.

GPT-4 infers 217 correct oracles, a modest increment over TRATTO (186 correct oracles).
This reflects the substantial difference in neural component scale (GPT-4 features hundreds of
billions of parameters versus Code Llama’s 7 billion parameters underlying TRATTO). However,
GPT-4 generates 701 false positives—nearly 10 times more than TRATTO (72), accounting for
more than half of all predictions (58%). This significant false positive rate showcases the main
difference between GPT-4’s pure neural approach and TRATTO’s neuro-symbolic approach: the
symbolic component of TRATTO discriminates valid from invalid results, while its neural module
is explicitly optimized to determine when oracle generation is appropriate (Oracle evaluator).
Thus, TRATTO generates fewer valid results than GPT-4 but also a much more limited number of
invalid results, while GPT-4 neither checks validity nor ensures compilability, often generating
oracles where none should exist. GPT-4’s large false positive volume greatly reduces practical
applicability, requiring massive human effort to prune results (as demonstrated in widely cited
studies [[13} 39 160] reported in [32]]).

GPT-4 produces few false negatives (26, 2% of total predictions), while TRATTO and Jdoc-
tor fail to generate oracles for 169 and 312 ground-truth oracles (19% and 35% of total pre-
dictions), respectively. GPT-4’s strong false negative performance balances poor false positive
results: GPT-4 almost always attempts oracle generation, consequently generating many wrong
oracles (false positives) while missing very few cases (false negatives). Conversely, both TRATTO
and Jdoctor identify cases where no oracle should generate, producing fewer wrong oracles.
The overall performance combines false predictions: GPT-4 generates 727 total false results
(701 FP + 26 FN), Jdoctor 347 (35 + 312), and TRATTO only 241 (72 + 169).

The second ‘@throws tag in Listing 6 (line 6) exemplifies Tratto’s capability to infer cor-
rect exceptional postcondition oracles from Javadoc tags that both Jdoctor and GPT-4 fail to
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interpret. This tag contains an implicit reference (“this method is called on a closed result set”)
to a method (isClosed) of a class (ResultSet) from an external library (java.sql): Tratto’s
symbolic module retrieves contextual information about the external class from the method
signature (line 9, resultSet method parameter) and feeds the neural model additional in-
formation to produce the correct axiomatic oracle ‘resultSet.isClosed();’. Jdoctor cannot
infer an oracle from this Javadoc tag since it falls outside the set of rules and patterns, result-
ing in a false negative. GPT-4 generates the precondition ‘resultSet != null;’, claiming the
parameter must not be null, despite neither documentation nor contextual information indi-
cating this requirement. GPT-4 also generates three exceptional postconditions (‘resultSet
== null ? NullPointerException;’, ‘I0OException may be thrown;’, and ‘SQLException
may be thrown if resultSet is closed or if there is a database access error’) —
either wrong or non-compilable. This example highlights how pure neural models struggle to
infer non-trivial oracles, may generate non-compilable oracles due to lacking precise grammar,
and produce non-negligible false positives.

1 /%%

2 * Prints headers for a result set based on its metadata.

3 *

4 | x @param resultSet The ResultSet to query for metadata.

5 * @throws IOException If an I/0 error occurs.

6 = * @throws SQLException If a database access error occurs or this method is called on a
closed result set.

7 % @since 1.9.0

8 */

9  public synchronized void printHeaders(final ResultSet resultSet) throws IOException,
SQLException {

10 printRecord((Object[]) format.builder().setHeader(resultSet).build().getHeader());

11 }

Listing 3.6. Documentation and implementation of method [printHeaders from
CSVPrinter.

Manual inspection of the oracles generated by TRATTO and Jdoctor reveals only one oracle
that Jdoctor generates while TRATTO does not—an exceptional postcondition stating a method
parameter must be of a certain type (via the ‘instanceof’ operator). The hypothesis suggests
TRATTO’s training set lacked sufficient oracles of this kind, leading the Oracle evaluator to infer
the lack of necessity of generating oracles. Conversely, TRATTO generates significantly more
oracles than Jdoctor, as Jdoctor’s symbolic matching often overlooks similar cases. For exam-
ple, TRATTO successfully generates exceptional oracles ‘source == null;’ and ‘bigInteger ==
null;’ from the Javadoc comments “the parameter passed to this method is null” in Listing [3.7]
(lines 14-15) and “@throws NullPointerException if null is passed in” in Listing @ (line 8),
respectively.

Answer to RQ-3: TRATTO achieves a 61% FI-score in generating axiomatic oracles, signif-
icantly exceeding Jdoctor (25%) and GPT-4 (37%). TRATTO generates a high number of
oracles (186, 3x more than Jdoctor) while incurring few false positives (72, 10X less than
GPT-4).



https://github.com/apache/commons-csv/blob/2f44a6b399edf1d243b340180538a7f657a2a078/src/main/java/org/apache/commons/csv/CSVPrinter.java#L232
https://github.com/apache/commons-csv/blob/2f44a6b399edf1d243b340180538a7f657a2a078/src/main/java/org/apache/commons/csv/CSVPrinter.java
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3.6.4 RQ-4: Robustness to Documentation Variations

RQ-4 evaluates the robustness of TRATTO in generating axiomatic oracles under varying docu-
mentation quality, and compares the robustness of TRATTO with both Jdoctor and GPT-4. The
study selects all oracles that all three approaches successfully inferred in RQ-3(3.6.3), system-
atically produces variations of their associated documentation, and computes the proportion of
oracles that each approach can still correctly generate with modified documentation.

The study identifies 55 oracles that all three approaches successfully inferred from eight
ground-truth projects. For each oracle, the evaluation identifies the Javadoc tag from which the
oracle derives and generates four variations using GPT-4 with systematic criteria: (i) replacing
words with synonyms or rephrasing while preserving meaning; (ii) changing sentence order;
(iii) introducing grammatical mistakes or typos; and (iv) reducing explicitness. Listing
shows examples of generated variations.

1 / *%

2 * Decodes an "encoded" Object and returns a

3 * "decoded" Object. Note that the implementation of
4 x this interface will try to cast the Object

5  * parameter to the specific type expected by a

6 * particular Decoder implementation. If {@link

7 = * ClassCastException} occurs this decode method will
8 * throw a DecoderException.

9 *

10 * @param source the object to decode

11 = * @return a 'decoded" object

12 * @throws DecoderException a decoder exception can
13 = * be thrown for any number of reasons. Some good

14 x candidates are that the parameter passed to this
15 * method is null, a param cannot be cast to the

16 * appropriate type for a specific encoder.

17 %/

18 Object decode(Object source) throws DecoderException;

Listing 3.7. Documentation and implementation of method |decode| from |Decoder.

1 /%%

2 * Encodes to a byte64-encoded integer according to
3 * crypto standards such as W3C's XML-Signature.

4| x

5 | * @param bigInteger a BigInteger

6 * @return A byte array containing base64 character
7 | * data

8  * @throws NullPointerException if null is passed in
9 * @since 1.4

10 %/

11  public static byte[] encodeInteger(final BigInteger
12 bigInteger) {

13 Objects.requireNonNull(bigInteger, "bigInteger");
14 return encodeBase64(toIntegerBytes(bigInteger),
15 false);

16 |}

Listing 3.8. Documentation and implementation of method lencodelnteger from Base64.


https://github.com/apache/commons-codec/blob/3dbd866654140fada4616647efeedaa43d26b5d8/src/main/java/org/apache/commons/codec/Decoder.java#L45
https://github.com/apache/commons-codec/blob/master/src/main/java/org/apache/commons/codec/Decoder.java
https://github.com/apache/commons-codec/blob/3dbd866654140fada4616647efeedaa43d26b5d8/src/main/java/org/apache/commons/codec/binary/Base64.java#L376
https://github.com/apache/commons-codec/blob/3dbd866654140fada4616647efeedaa43d26b5d8/src/main/java/org/apache/commons/codec/binary/Base64.java
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Table 3.3. Robustness to documentation variations.

Approach  Synonyms Order Typos  Explicitness Total
TRATTO 53 (96%) 54 (98%) 54 (98%) 34 (62%) 195 (89%)
Jdoctor 16 (29%) 29 (53%) 4 (7%) 0 (0%) 49 (22%)
GPT4 52 (95%) 54 (98%) 53 (96%) 49 (89%) 208 (95%)

We manually checked the correctness for all the oracles generated with each approach across
the 220 variations (55 oracles X 4 variations). Table[3.3 reports the number and percentage of
the correctly generated oracles per approach. TRATTO generates approximately 90% of correct
oracles across documentation variations, and closely matches GPT-4 (95%) despite relying on a
much smaller model. TRATTO’s performance matches GPT-4’s performance across all variation
types but "less explicit description’. The result is not surprising, since "less explicit descriptions’
do not explicitly provide oracle-relevant information, as for instance, line 6 in Listing[3.9. Jdoc-
tor proves to be the least robust approach, achieving only 22% correct oracles across variations
and producing no oracles for less explicit descriptions.

1 (object == null) == false; // Generated oracle

2 @param object the object to convert, must not be null // Original Javadoc tag

3 @param object the item to transform, should not be null // Synonyms or rephrasing
4 @param object

5 @param object the obect to convirt, musn't be nul // Grammatical mistakes or typos
6 @param object an element to be used, should be valid // Less explicit

Must not be null, this is the object that needs conversion. // Changed order

Listing 3.9. Rephrased Javadoc tags generated with ChatGPT.

Answer to RQ-4: TRATTO is highly robust to documentation variations. It correctly generates
195 out of 220 oracles (89%), with a performance comparable to GPT-4 (208, 95%) and
substantially higher than Jdoctor (49, 22%).

Table 3.4. Mutation score of test suites.

Implicit oracles

Implicit/regression oracles

Project

EvoSuite TRATTO Jdoctor EvoSuite TRATTO Jdoctor
commons-cli 21% 28% 22% 61% 61% 61%
commons-codec 42% 59% 46% 71% 75% 71%
commons-compress 20% 22% 20% 41% 41% 41%
COMMONS-csv 5% 5% 5% 13% 13% 13%
gson 22% 30% 24% 67% 68% 67%
joda-time 38% 47% 39% 78% 79% 78%
Total 25% 32% 26% 55% 56% 55%
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3.6.5 RQ-5: Application to Software Testing

RQ-5 addresses the impact of the oracles on the test suite, by comparing the mutation scores
with and without oracles. The exploratory study develops a script to automatically insert gener-
ated oracles into test cases containing calls to methods for which oracles exist. Oracles causing
test case failures are discarded, though further examination may reveal bug-revealing tests,
strengthening oracle usefulness. The mutation score computation uses the PIT mutation test-
ing tool [[15]]. The study measures oracle impact as the difference between test suite mutation
scores with and without oracles.

The evaluation excludes GPT-4 from this experiment due to its large volume of non-compilable
oracles (552 out of 1,213 in RQ-3[3.6.3), which prevents automating oracle insertion into test
suites.

EvoSuite generates test suites for the 10 classes per project from the ground-truth dataset
for which oracles were generated in RQ-3. The study could not run EvoSuite on five projects
(closure-compiler, jackson-core, jackson-databind, jackson-dataformat, and mockito) due to in-
compatibility issues. Three projects for which Jdoctor generated no ground-truth oracles (jfree-
chart, commons-lang, and jsoup), and one project for which neither TRATTO nor Jdoctor gener-
ated oracles (commons-jxpath) were excluded, since without oracles, test suites and mutation
scores remain unchanged. Focusing on projects where both TRATTO and Jdoctor generate ora-
cles ensures fair comparison.

The evaluation assesses improvement with automatically generated oracles on test suites
containing implicit oracles only and those containing both implicit and regression oracles. The
latter represents default EvoSuite-generated test suites, while the former presents a more real-
istic scenario where regression oracles are unavailable or cannot be assumed correct. Creating
these test suites simply wraps EvoSuite-generated assertions in try-catch blocks.

Table [ﬂ shows the mutation scores for the test suites with EvoSuite, TRATTO, and Jdoc-
tor, with and without regression oracles. The oracles generated by TRATTO improve mutation
scores relative to EvoSuite’s implicit oracles for 5 out of 6 projects, ranging from 2% (commons-
compress) to 17% (commons-codec), averaging 7% increase across all projects. Oracles also
improve mutation scores with EvoSuite’s regression oracles for 3 out of 6 projects, averaging
1% increase. This lower increase is expected since EvoSuite’s regression oracles make con-
crete behavioral assumptions potentially more effective than axiomatic oracles in this context,
though less broadly applicable and not necessarily correct. Table [3.4]also highlights Jdoctor’s
worse performance compared to TRATTO, improving mutation scores for 4 out of 6 test suites
with implicit oracles (1% average increase vs. Tratto’s 7%) and showing no improvement for
test suites with regression oracles.

Answer to RQ-5: TRATTO-generated oracles increase the mutation score of test suites with
implicit oracles by an average of 7% across six projects, with increases ranging from 2% to
17%. TRATTO also improves mutation scores for test suites with both implicit and regression
oracles by an average of 1% across three projects.

3.7 Threats to Validity

Internal Validity

The datasets used in our experiments may contain wrong instances, since they are based on an
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automatically generated dataset [[8]. We mitigate this threat by manually inspecting and fixing
or discarding wrong instances. Manually generated or modified instances were inspected by
two authors to minimize bias, and conflicts were solved via open discussion. Indeed, all pro-
cesses involving manual analysis, including the generation of the ground-truth dataset and the
analysis of the predictions by TRATTO, Jdoctor and GPT4, were performed by two authors. All
our datasets, results, and tool implementations are available as open source in our replication
package [I3].

In answering RQ-1 and RQ-2, we measure the differences across the techniques (code mod-
els and ablated approaches) in terms of the accuracy in generating the next oracle token. This
does not take into account equivalent valid oracles that the model can generate. For example,
the oracle “param < 0;” is equivalent to “(param < 0);”, thus both tokens ‘(’ and ‘param’ are
valid when the partial oracle is empty. However, only ‘param’ is deemed as correct. The signif-
icant difference between the accuracies of the three models in RQ; relieves the risk of missing
the best LLM for TRATTO. As for RQ-2, we noticed that this phenomenon occurred in both cases
(for TRATTO and the ablated approaches), partially alleviating this threat to the validity of the
results. In RQ-3 and RQ-4 we manually analyzed all oracles generated to fully neutralize this
threat and properly compare TRATTO against the state-of-the-art approaches, while RQ-5 is not
affected by this threat.

In generating the ground-truth dataset, we decided to keep only those methods featuring at
least one oracle, otherwise the dataset would be extremely unbalanced, containing 389 positive
samples (oracles) and 6,485 negative samples (units for which no oracles can be extracted).
Furthermore, this would make the manual analysis extremely costly, due to the myriad of false
positives generated by GPT4. We did analyze the results for TRATTO and Jdoctor considering
also the 6,485 negative samples and found that the recall for both remained in similar levels
(49% for TRATTO and 19% for Jdoctor) while precision decreased (49% for TRATTO and 57%
for Jdoctor). This was expected due to the higher amount of negative samples, making both
approaches incur in more false positives.

External Validity

Our experiments with Java methods do not prove the generalizability of TRATTO to other pro-
gramming languages. Nevertheless, the approach can be easily adapted to other languages
since it merely relies on source code and documentation of inputs and outputs. The symbolic
component simply needs a language grammar and context restrictions, while for the neural
module an ML model pre-trained on the target programming language is sufficient.

TRATTO takes about five times more to analyze a Java class and generate oracles for it,
compared to Jdoctor. This is partly because TRATTO generates more oracles. Generating oracles
token by token causes an overhead, but acceptable for the improvement achieved. Scalability
can be addressed as TRATTO’s neural module is decoupled from the symbolic module, and the
communication is handled through a REST API [|58}122]. In practice, this means that the neural
module could be deployed in a more powerful server, leveraging a bigger code model, to speed
up oracle generation.
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Chapter 4

LLMs for Generating Concrete Oracles:
An Unbiased Large-Scale Study

This chapter presents the findings of a large-scale empirical study designed to eval-
uate the effectiveness of LLMs in generating concrete test oracles on an unbiased
dataset using a reusable methodology. The study investigates how prompt, model
type, and size affect the performance of purely neural methods in producing accu-
rate and reliable test oracles. This analysis serves as a foundational step toward
identifying the most effective prompt-model combinations for fine-tuning a purely
neural technique or the neural component of a broader neural-symbolic approach
to infer concrete test oracles. The core contributions of this chapter are the main
content of a paper that we presented in the research track of the 2025 International
Conference on Automated Software Engineering (ASE’25) [[50]]

Our empirical evaluation confirms the effectiveness of the neuro-symbolic approach imple-
mented in TRATTO in generating semantically relevant test oracles, and significantly reducing
the number of false positives, a main limitation of current state-of-the-art neural approaches
[19] 31} [41]]. TRATTO generates axiomatic test oracles, which are highly generalizable and in-
dependent from the input values, and thus useful for a variety of tasks, including test oracles,
program comprehension, requirements specification, and runtime verification. The results of
our study on the impact of automatically generated axiomatic oracles on the mutation score of
test suites indicate that the wide scope and applicability of axiomatic oracles limits the preci-
sion of the generated oracles, and suggest that generating concrete oracles may improve the
precision of the generated oracles.

Axiomatic oracles define general properties, for instance, the sum of two positive numbers
is a positive number, and sometime miss the precision needed for effectively detecting bugs,
for instance a wrong albeit positive sum of two positive integers. Concrete oracles specify the
expected values for concrete inputs, and reduce the possibility of false negatives by narrowing
the acceptable outcome space from broad intervals to precise values. For practical bug de-
tection and mutation testing, the precision advantage of concrete oracles often outweighs the
generalization capabilities of axiomatic approaches.

The availability of training data represents another argument in favor of concrete oracles.
The generation of high-quality axiomatic oracle datasets remains constrained to the restricted
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collections of existing symbolic tools such as Daikon [20]], JDoctor [|8], and Autolnfer [[73]
(among others). These tools inevitably transfer their limitations and biases on the resulting
datasets, potentially constraining neural models to inherit their flaws rather than leveraging
their full generative potential, creating performance plateaus that reduce the effectiveness of the
neural-based approaches. Concrete oracles benefit from virtually unlimited training resources
available through the extensive ecosystem of open-source software repositories. High-quality
test suites from diverse projects on platforms, like GitHub [126]], provide rich and heterogeneous
datasets that enable neural models to learn robust patterns without suffering from tool-specific
biases. This abundance of naturally occurring test oracles allows for more effective model
training and better generalization capabilities across different software domains and testing
contexts.

Building on the experience gained through the implementation of TRATTO, developing effec-
tive neuro-symbolic approaches for concrete oracle generation demands a deep understanding
of the capabilities and limitations of the underlying neural components. Before integrating
advanced symbolic constraints and token-level generation strategies, we had to systematically
address key questions related to model selection, prompt engineering, and contextual infor-
mation requirements. The choice of base model can significantly impacts the performance of
neuro-symbolic systems. Different model families (such as Llama, Phi, Qwen), specializations
(for instance, base, instruct, code) and sizes (parameter counts) exhibit varying capabilities for
code comprehension and generation tasks. Understanding how the neural module performs
as these parameters change enables informed architectural decisions for subsequent neuro-
symbolic implementations, ensuring that symbolic constraints complement rather than hinder
neural capabilities.

Prompt engineering represents another critical dimension that requires empirical investi-
gation. The amount and type of contextual information provided to the models—including test
prefixes, method signatures, class definitions, and documentation—directly influence the quality
of the generated oracles. A systematic evaluation of alternative prompt configurations clarifies
the minimal informational content required for effective concrete oracle generation, while re-
vealing potential overload conditions that can impair model performance.

Dinella et al.’s, Hassain et al.’s and Kandaker et al’s empirical studies [[19} [31} [41]] confirm
the potentiality of concrete test oracles in revealing bugs. These works evaluates the capability
of vanilla LLMs [41]] and fine-tuned LLMs [[19}[31]] on limited-sized public benchmarks, such as
Defects4J [40] [77, [74]], that are likely included in LLM training data, raising serious concerns
about data leakage and inflated performance estimates [[1]. Wang et al.s recent survey [[70]
points out the absence of large-scale evaluation to assess the effectiveness of LLMs in generating
assertions for test cases added after the LLM’s training cut-off. This highlights a critical gap in
understanding the true generalization ability of LLMs for generating oracles [|37].

Our empirical study fills this gap through a large-scale evaluation of vanilla LLMs for con-
crete test oracle generation. The study employs an unbiased dataset of 13,866 test oracles
extracted from 135 open-source Java projects, with all test cases created after 2024-09-01,
to ensure full separation from model training data and eliminate the data leakage issues that
undermined prior evaluations.

The evaluation methodology encompasses two complementary analyses: a correctness eval-
uation, obtained through comparison with programmer-written oracles, and an effectiveness
evaluation, determined by the contribution of the generated oracles to mutation score improve-
ment. Together, these analyses provide both semantic validation and empirical evidence of
practical utility, ensuring that the evaluation outcomes generalize to real-world testing envi-
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ronments.

The empirical study reveals several counterintuitive findings that challenge conventional
assumptions about LLMs application to code generation tasks. As expected, larger models con-
sistently outperform smaller variants, but code-specialized models show no significant advan-
tage over general-purpose alternatives. Most surprisingly, additional contextual information
beyond test prefixes and method calls fails to improve oracle generation quality, suggesting
that effective concrete oracles can be generated with minimal context requirements.

The mutation score analysis shows that LLM-generated oracles achieve performance com-
parable to human-written oracles (43% vs. 45% average mutation score in our experiments),
indicating substantial practical utility despite syntactic differences from programmer-written
assertions. However, the study reveals specific limitations that constrain the effectiveness of
purely neural approaches. The mutation analysis shows that compilation failures and test fail-
ures affect a notable portion of generated oracles, requiring filtering 32 compilation failures and
8 test failures out of 79 oracles tested across 4 projects, in order to create compilable green test
suites. These findings establish the viability of neural approaches for concrete oracle genera-
tion while highlighting specific technical shortcomings that motivate the development of hybrid
neuro-symbolic solutions discussed in Chapter |5}

The remainder of this chapter systematically investigates the capabilities of vanilla LLMs for
concrete oracle generation through 4 research questions.

Section [4.1| presents the empirical study methodology and experimental setup, including
dataset construction, prompt design, and evaluation metrics.

Sectionf4.2]reports the experimental results for oracle correctness analysis, addressing three
complementary questions: (i) how different LLM fundamental properties (model family, size,
and specialization) affect generation accuracy (RQ-1), (ii) whether the amount and type of
contextual information provided in prompts influences oracle quality (RQ-2), and (iii) which
types of assertion methods are more effectively generated by LLMs (RQ-3).

Section evaluates the robustness of LLM-generated oracles through mutation testing
analysis, investigating whether the generated oracles can effectively detect code modifications
and maintain test suite effectiveness (RQ-4).

Section discusses the internal and external threats to validity that may affect the cred-
ibility and generalizability of the results, and outlines the measures adopted during the study
to mitigate these risks.

4.1 Methodology

Figure presents an overview of our empirical study methodology, which centers around a
dataset of 13,866 test oracles that we extracted from GitHub repositories (Section @) and
evaluates using 4 prompt configurations (Section[4.1.2) across 10 different LLMs (Section}4.1.3)
through correctness metrics (Section @ and mutation analysis (Section@.
Table[4.1|summarizes the scale and configuration parameters of our empirical investigation.

4.1.1 Dataset

We constructed an unbiased dataset of test cases by implementing a systematic approach that
first selects candidate repositories and then extracts recent test cases to ensure temporal sepa-
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Figure 4.1. Overview of our methodology for the empirical study of concrete oracle
generation.

ration from LLM training data.

Repository Selection Criteria

We identified public and non-fork repositories from GitHub using SEART GitHub Search
with the following quality filters [47]]:

¢ At least 100 commits
e At least 50 issues

¢ At least 10 distinct contributors

At least 10 stars
e At least 1 commit between 2024-09-01 and 2025-05-05

This selection process yielded 4517 candidate repositories. To facilitate the subsequent muta-
tion analysis, we retained only repositories containing a single pom.xml file that successfully
compiles with Maven, resulting in 135 Maven projects. We did not verify that test cases pass
during this initial filtering, as we later perform mutation analysis exclusively on passing test
suites.

Test Case Extraction Process

We constructed an unbiased repository of programmer-written test cases by extracting test cases
introduced after 2024-09-01, according to the commit history of the projects. This temporal
cutoff ensures complete separation from LLM training data, at the time of our experiments,
eliminating potential data leakage concerns.

We consider a test oracle any occurrence of assert statement within a test case. The test
prefix of an oracle encompasses all code in the test case preceding the given oracle, including
any prior assertions. We obtained 13,866 test oracles with their corresponding prefixes, all
manually created by project developers after the specified cutoff date.
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Table 4.1. Corpus and configuration of the empirical study.

Candidate repositories 4517
Repositories that compile with Maven 135
Manually designed test oracles 13,866
Time window of mined commits 2024-09-01 to 2025-05-05
Evaluated LLMs 10
Prompt strategies per oracle 4
Concrete prompts (#oracles x #strategies) 55,464

Total LLM queries (#concrete prompts X #LLMs) 554,640

Algorithm |1|at page outlines the procedure that we defined to identify the test cases
created after the start date and retrieve their final versions. The algorithm processes each
commit generated after the specified date in chronological order, identifies the modified test
files, analyzes the source code of both new and old versions to extract test cases, adds new test
cases to the target set, removes any previously added test cases that were subsequently deleted,
and updates the body of any test case that was modified in subsequent commits.

The algorithm identifies the test files that have been modified (line [E) for each commit
after a given date in chronological order (lines[1.3-1.16), analyzes the source code of the new
and old versions of the test file to extract the test cases defined in both versions (if the file
is added in the current commit, the set of test cases in the old version is empty), adds the
new test cases to the target set T, (lines[1.6-1.7), removes from T,,, any test case added
in a previous commit and removed in the current one, and updates the body of any test case
added in a previous commit and modified in the current one (line based on fully identical
definitions. It returns the test cases collected (line [1.17).

Algorithm [2|at page |58|shows how we construct the oracle dataset from the extracted test
cases. The algorithm builds a dataset where each element represents a 5-tuple containing the
test class, test prefix, focal class, invoked methods, and target assertion.

The prefix contains all statements preceding the target assertion, including any prior asser-
tions. The focal class represents the class containing the methods that the test case tests. A test
case might call other methods (including methods from other classes) as well, in the prefix, to
build and prepare objects or set up a state for the call to the method under test. Our dataset
contains unit test cases. In a unit test, the method under test (the focal method) is typically
called immediately before the assert statement, but it also might be called earlier or called in the
assertion (Listing[4.1). Our methodology does not attempt to determine what the focal method
is. Instead, it leverages the standard unit testing convention where test class MyClassTest tests
the methods of source code class MyClass (algorithm 2, line [2.4).

The state-of-the-art approaches heuristically assume that the focal method is the last method
called in the test case [19]31]41]]. This assumption does not always hold. For example, the
test case test12() in Listing[4.1 tests method shift called before the assertEquals statement,
and before the call to method length, a getter method that test12() calls at the end to check
the post-condition of method shift. The state-of the-art approaches wrongly consider method
length and not method shift as the focal method. Our methodology treats fairly all method
calls in the test case, and collects the definitions of all the constructors and methods invoked
within the test prefix.
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A test case can contribute more than one oracle if it contains more than one assertion. In
this case, the number of data-points obtained by processing the original test case is equal to |A|.
The final dataset contains test cases with 1 (34%), 2 (17%), 3 (11%), and 4 or more (38%)
assertions. When the test cases contains multiple assertions, the prefix of each assertion includes
the assertions that occur above in the test case. The many test cases with single assertions in the
dataset make our study applicable for generating assertions for test prefixes without assertions,
for instance, for automatically generated test cases, like EvoSuite test cases without regression
oracles. The many test cases with multiple assertions in the dataset make our study applicable
also for adding assertions to test cases that already include some assertions, like manually
generated test cases.

1| // Original Test case

2 public void test12() throws Throwable {

3 BinarySignal binarySignal® = new BinarySignal(32767);

4 BinarySignal binarySignall = binarySignal@.shift((int) (byte)0);
5 assertEquals (32767, binarySignall.length());

6 }

7 | // Test prefix

8 public void test12() throws Throwable {
BinarySignal binarySignal® = new BinarySignal(32767);
10 BinarySignal binarySignall = binarySignal@.shift((int) (byte)0);
11}
12 // Focal method
13 public final int length() {
14 return length;
15}
16 // Target assertion
17 assertEquals(32767, binarySignall.length());

Listing 4.1. A test case with one assertion, from the TOGLL replication package [31].

4.1.2 Prompt Design

We designed 4 prompt configurations with progressively increasing content to investigate the
impact of contextual information on oracle generation quality:

* Prefix-Callees (P-C): the test prefix and source code of methods called within the test
case

¢ Prefix-Callees-TestCl (P-C-T): the P-C and the Javadoc and definition of the fields and
the Javadoc, signature, and body of the methods defined in the test class

¢ Prefix-Callees-FocalCl (P-C-F): the P-C and the field definitions and methods from the
focal class

¢ Prefix-Callees-TestCl-FocalCl (P-C-T-F): all available contextual information from both
test and focal classes (the union of the former prompts)

Algorithm (3| details the process that generates prompts from predefined templates for each
oracle in the dataset, resulting in 55,464 concrete instances used in our experiments (4 prompt
strategies X 13,866 oracles).
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The algorithm extracts the elements required to build the prompt (prefix, signature, Javadoc
and body of the methods invoked in the test prefix, and fields and methods defined within the
focal class and the test class [[18]], depending on the prompt type) and initializes an empty list
prompts of prompts (lines[3.143.2).

The algorithm iterates over all the oracles in the input dataset D, and generates the prompt
specified in the input template for each of oracle (lines[3.3H3.15).

At each iteration, the algorithm initializes the prompt with the test prefix and the informa-
tion about the methods invoked within it (lines[3.6-3.8). It adds the information required for
the focal (lines and test class (lines with procedure ADDCLASSINFO, as
indicated in the prompt type.

The configuration file provided to the algorithm (pspec) contains the types of information to
be included to progressively compose the prompt with the signature, the Javadoc and the body
of the methods invoked in the test prefix, and eventually the fields and the methods defined
within the focal class and the test class (line [i). The procedure iterates over the 13,866
oracles data points collected in the previous phase, integrating the pieces of information within
the prompt (lines[3.3-3.15). The algorithm enriches the prompt with a clear description of the
task that each model must accomplish and generates as output a list of 13,866 final prompts
(line [3.17).

We fit as much information as possible in the prompts while respecting the maximum win-
dow context length of the model, leveraging an algorithm that implements the E-Wash ap-
proach [[14].

We built the 4 prompts for each of the 13,866 oracles in our dataset, for a total of 55,464
prompts that we used to query the LLMs to generate a test oracle without any example (zero-shot
learning).

4.1.3 Large Language Models

To study how model size and training specialization impact oracle prediction, we selected 10
different LLMs that use different training and inference techniques: General, Reasoning, In-
struct, and Code, and size ranging from 1B to 70B parameters.

General-purpose models trained on web-scale mixed-domain datasets:
* Qwen2.5 (1.5B, 14B, and 32B)
* Phi4-Mini (3.8B), Phi4 (14B)

Reasoning-enhanced models with explicit chain-of-thought analytical training:
* Phi4-Reasoning (14B)

Instruction-tuned models fine-tuned with human-based feedback or datasets specialized in
natural-language instructions:

¢ Llama3.3 (70B)

Code-specialized models trained or fine-tuned on source code datasets and expected to excel
at syntactic and semantic understanding typical of coding tasks:

* Qwen2.5-Coder (1.5B, 14B, 32B)
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This selection enables systematic comparison of model families with multiple sizes (for in-
stance, Qwen2.5 at 1.5B, 14B, and 32B parameters) to isolate the effects of scale from those of
training data specialization. We evaluate whether oracle generation benefits more from scale
or task-oriented pre-training, by comparing domain-specialized models (Code and Reasoning)
with their general-purpose counterparts.

4.2  Experimental Results

The experimental evaluation investigates three complementary research questions about the
accuracy of LLM-generated oracles:

RQ1 Impact of the LLM: Does the choice of LLM affect the accuracy of the generated oracles? We
compare different LLMs to evaluate the influence of the type and size of the LLM on the
generation process.

RQ2 Impact of the Prompt: Does the choice of prompt affect the accuracy of the generated ora-
cles? We evaluate different input information to study the tradeoff between the amount
of information provided with the prompt and the effectiveness of the LLM.

RQ3 Impact of the Type of Oracle: Are some assertion methods easier for LLMs to accurately
generate? We compare the accuracy of the LLM output for different assert* methods.

The evaluation employs two complementary metrics: the exact match accuracy, where gen-
erated oracles must be character-for-character identical to programmer-written oracles, and
inclusion accuracy, where this assumption is relaxed and the original oracle constitutes a sub-
string of the generated one (LLMs do not always perfectly follow the instructions provided,
failing to format the response as desired or generating more than one oracle). String matching
and substrings can be easily automated, which is essential for a large-scale experiment. Exact
matching misses generated oracles that semantically match the original oracles, while expressed
in a different syntactic form. We observed that exact matches sometimes failed due to small
and easily fixable syntactic differences, like a missing semicolon.

Our experiments generate oracles, by systematically removing developer’s oracles from test
cases, prompting LLMs to generate the target oracles for the test prefixes, and comparing the
LLM-generated outputs with the original developer’s assertions. This methodology uses the
13,866 manually designed oracles from 135 projects as our evaluation baseline.

The comprehensive evaluation encompasses 10 LLMs queried with 4 different prompt con-
figurations for each oracle, generating a total of 554,640 predictions. We acknowledge that both
exact matching and inclusion matching represent pessimistic under-approximations of LLM ac-
curacy, as they miss semantically equivalent oracles expressed through different syntactic forms.

4.2.1 RQ-1: Impact of LLM on the Generated Oracles

Table[4.2 presents the comprehensive accuracy results for each combination of LLMs and prompt
configurations, with models sorted by average performance. In any row, the no oracle column
indicates the percentage of LLM outputs that fail to contain assert statements, representing a
generation failure, the exact match column is a subset of the inclusion column, and the inclusion
column plus the no oracle column is less than or equal to 100%.
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LLM | Prompt | Accuracy | Time

Type Model Size | Type | exact match inclusion | (s)
| | # % # % avg. no oracle |

P-C 806 5.8% 3,993 28.8% 8.4% 1.04

Code Qwen2.5-Coder 32b | P-C-T 673 4.8% 4,067 29.3% 29.4% 8.0% 4.05

P-CF 821  5.9% 4,010 28.9% 7.2% | 1.16

P-C-T-F 621 4.5% 4,266 30.7% 7.4% 4.17

P-C 2,923 21.0% 3,960 28.5% 5.0% 1.06

General Qwen2.5 32b | P-C-T 2,883 20.8% 4,100 29.5% 29.9% 4.2% 4.08

PCF | 2,944 21.2% 4,026 29.0% 5.0% | 1.18

P-C-TF | 3,762 27.1% 4,124 29.7% 3.9% 4.28

P-C 1,379 9.7% 3,118 21.9% 3.9% N/A

Instruct Llama3.3 70b | P-C-T 1,714 10.3% 3,868 23.2% 22.9% 1.4% N/A

PCF | 1,463 10.5% 3,146 22.7% 1.5% | N/A

P-C-T-F 1,911 11.4% 4,015 24.0% 1.2% N/A

P-C 968 7.0% 2,946 21.2% 1.6% 0.58

Code Qwen2.5-Coder 14b | P-C-T 889 6.4% 2,790 20.1% 20.9% 3.4% 2.18

P-C-F 939 6.8% 2976 21.4% 7 2.0% 0.64

P-C-T-F 943 6.8% 2,870 20.7% 3.0% 2.28

P-C 233 1.7% 2,910 21.0% 1.8% 0.59

General Qwen2.5 14b | P-C-T 337 2.4% 2,866 20.6% 20.7% 3.2% 2.18

P-C-F 362 2.6% 2,886 20.8% e 1.7% 0.66

P-C-T-F 316 23% 2,823 20.3% 2.5% | 2.29

P-C 1,562 11.2% 2,566 18.5% 0.8% 0.78

General Phi4 14b | P-CT 1,429 10.3% 2,424 17.5% 17.8% 3.8% 2.69

P-C-F 1,515 10.9% 2,464 17.7% e 1.0% 0.91

P-C-T-F 1,426 10.3% 2,398 17.3% 3.7% 3.36

P-C 560 0.1% 642 4.6% 0.9% 0.60

General Phi4-Mini 3.8b | P-C-T 13 0.1% 634 4.6% 4.6% 2.9% 1.42

P-C-F 28 0.2% 605 4.4% o7 0.9% 0.76

P-C-T-F 14 0.1% 636 4.6% 2.1% 1.44

P-C 16 0.1% 642 4.6% 77.3% | 38.47

Reasoning Phi4-Reasoning 14b | P-C-T 13 0.1% 634 4.6% 4.6% 76.3% | 42.11

P-C-F 28 0.2% 605 4.4% o7 78.3% | 36.17

P-C-T-F 14 0.1% 636 4.6% 75.3% | 41.99

P-C 148 1.1% 536 3.9% 3.6% 0.24

General Qwen2.5 1.5b | P-C-T 39 0.3% 403 2.9% 3.3 7.2% 0.61

P-C-F 90 0.6% 486 3.5% =7 5.4% 0.27

P-C-T-F 54 0.4% 395 2.8% 6.5% 0.62

P-C 155 1.1% 436 3.1% 12.6% 0.21

Code Qwen2.5-Coder 1.5b | P-C-T 120 0.9% 339 2.4% 2.7% 17.6% 0.56

P-C-F 147 1.1% 410 3.0% i 14.8% 0.22

P-C-T-F 126 0.9% 329 2.4% 15.3% 0.58

Table 4.2. Accuracy for each combination of LLMs and prompts. The models are sorted
by the “average” column.
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Model Size Effects

The experimental results demonstrate a pronounced correlation between the number of pa-
rameters of the model and the oracle generation accuracy. The largest models consistently
achieve superior performance: Qwen2.5-32b, Qwen2.5-Coder-32b, Llama3.3-70b, Qwen2.5-
Coder-14b, Qwen2.5-14b, Phi4-14b. This scaling effect proves remarkably consistent, with
inclusion accuracy improving approximately ten-fold when scaling from 1.5B to 32B parame-
ters (from 3% to 29%). The only notable exception occurs with Phi4-Reasoning-14B, which
performs poorly despite its substantial parameter count, generating no oracle output over 75%
of the time. This anomaly suggests that specialized reasoning training may interfere with con-
crete oracle generation capabilities.

Model Type Analysis

Surprisingly, code-specialized models demonstrate no significant advantage over general-purpose
alternatives. For instance, Qwen2.5-Coder exhibits nearly identical performance to Qwen2.5
across all parameter scales. This counterintuitive finding challenges the assumption that domain-
specific training necessarily improves code generation tasks.

We hypothesize that Qwen2.5’s superior performance stems from its training dataset com-
position, which emphasizes code, mathematics, and technical knowledge. The technical report
indicates that pre-training data expanded from 7 trillion to 18 trillion tokens with explicit fo-
cus on coding content, potentially explaining why the general model matches code-specialized
variants [[75]].

Answer to RQ-1: The scale of the model is the main factor determining the accuracy of ora-
cle generation, whereas training specialization has minimal impact. Larger general-purpose
models are preferable to smaller code-specialized ones when resources are constrained.

4.2.2 RQ-2: Impact of Prompt Information Content

The analysis of prompt configurations yields surprising findings about the utility of contex-
tual information. Although the amount of information increases progressively across the four
prompt types, from basic Prefix-Callees (P-C) to comprehensive Prefix-Callees-TestCl-FocalCl (P-
C-T'F), the resulting accuracy gains remain minimal across all models.

Information Content Analysis

Table[4.2 shows that incorporating focal and test class information into the basic prompt config-
uration changes the accuracy by less than one percentage point for most models. Such marginal
gains do not justify the considerable increases in context length, token usage, and inference la-
tency introduced by richer prompts.

Context Window Implications

The results suggest that test prefixes and called method signatures provide sufficient context
for effective oracle generation. Additional structural information from surrounding classes con-
tributes little to LLM understanding of expected oracle behavior, despite containing potentially
relevant semantic information.
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Answer to RQ-2: Minimal prompts containing test prefixes and invoked method definitions
suffice for optimal oracle generation. Additional contextual information increases computa-
tional costs without corresponding accuracy benefits, making concise prompts preferable for
practical deployment.
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Figure 4.2. For each assertion type or method, how often at least one of the four prompts
of each LLM exactly matched the human-written oracle.

4.2.3 RQ-3: Oracle Type Difficulty Analysis

Figure illustrates the proportion of generated oracles that match the developer-written
ones across different assertion types, based on inclusion matching. The analysis groups ora-
cles by their underlying assert* method calls, consolidating infrequent types (fewer than 10
instances) into an Other category.

Assertion-Type Performance

Oracle generation performance varies across assertion types, typically ranging from 20% to
40%. assertNotEquals and assertArrayEquals stand out with 40% and 34% accuracy, re-
spectively, whereas many other types remain below 20%.

The diagram reports the oracle type on the x-axis, and labels the bars with the percent-
age and the number of oracles of the given type. The bars are labeled with the total number
of oracles and the percentage of matching oracles for each type. The different distribution
among the assertion types for nine of the types varies from 23% (assertInstance0f) to 34%
(assertArrayEquals), with a percentage over 40% for assertNotEquals, and a percentage
below 20% for four types of oracles. The analysis shows that the type of oracle has some im-
pact on the generation process, with some outliers performing both better and worse than the
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Inclusion Match (%)

Figure 4.3. Average of all the 554,640 oracle predictions per type of assertion (the dash
line represents the overall mean).

majority of types. However, Figure[4.2 refers to the inclusion matching, which does not capture
semantic matches that differ syntactically, and this does not allow us to generalize the result.

Figure [4.3] provides complementary analysis through box plots summarizing all 554,640
oracle predictions across assertion types. The consistent patterns between both visualizations
confirm that no specific LLM-prompt configuration consistently excels at particular assertion
types.

Statistical Analysis

Pearson correlation analysis between assertion type frequency and matching rates yields r =
0.112, p = 0.72, confirming no significant relationship between oracle type prevalence and
generation accuracy. This finding suggests that the difficulty in generating assertion oracles is
driven by semantic rather than syntactic factors.

Answer to RQ-3: While oracle type influences generation effectiveness, the differences re-
main modest and inconsistent across configurations. The inclusion matching methodology
limits our ability to draw definitive conclusions about semantic generation capabilities across
different assertion categories.

4.3 Mutation Testing Analysis

The second part of the evaluation investigates the practical effectiveness of the generated ora-
cles in realistic testing scenarios, addressing the following research question:



53 4.3 Mutation Testing Analysis

RQ4 Effectiveness of the Oracles: Do the generated oracles enhance the mutant detection ca-
pability of test cases? We compare mutation scores across four distinct configurations to
isolate and quantify the impact of generated oracles on overall test suite effectiveness.

The research question investigates whether LLM-generated assertions enhance the fault-
detection capability of test suites. This analysis evaluates robustness through mutation testing,
quantifying how effectively the generated oracles can detect behavioral deviations introduced
by code mutations.

4.3.1 RQ-4 Oracle Effectiveness Through Mutation Analysis

The mutation analysis employs the best-performing configuration identified in the Oracle Cor-
rectness Analysis [AE Qwen2.5-32B with the Prefix-Callees-TestCl-FocalCl (P-C-T-F) prompt con-
figuration. The experiment evaluates a sample set of four projects that meet the requirements
of compilation, execution and PIT [[15] support.

The analysis measures mutation scores across four scenarios:

* Original Oracles: Test cases with developer-written assertions

* Without oracles: Test prefixes with all assertions removed

* Generated oracles: Test cases augmented exclusively with LLM-generated assertions
* Combined oracles: Test cases containing both original and generated oracles

These four configurations allow us to isolate the effect of generated oracles and assess their
contribution both independently and in conjunction with existing ones.

Algorithm [4 outlines the process to compute the mutation scores for the classes of a repos-
itory. The algorithm initializes the suite of green test classes to an empty set (line and
iterates over the list of test classes in the dataset D of oracle datapoints to verify that their tests
compile and pass, otherwise it discard them (lines [4.244.8). The algorithm adds the refined
test classes to the suite (line [4.11), and computes the mutation score of the tests containing
the original assertions (lines |4.2-4.12). The algorithm removes the original test oracles writ-
ten by the developers from the test cases of the test classes in the suite (lines and
computes the mutation score of the tests without oracles (line [4.19). The algorithm adds the
LLM-generated oracles to the test cases without oracles, only if the updated test cases compile
and pass, (lines and computes the mutation score of the test cases containing only
the generated oracles (line[4.28). Finally, the algorithm includes the original oracles to the test
cases containing the LLM-generated oracles (lines|4.29H4.36) and computes the mutation score
of the test cases embedding both the original and the generated oracles (line [4.37).

Compilation and Test Execution Results

To compute the mutation score, we had to discard all oracles that fail since PIT requires a green
test suite. Tablg4.3] reports the number of generated oracles that do not compile (Compilation
Failure), fail (Test Failure), and pass (Test Passes) for the four projects we used in this research
question. We discarded between 1 in twilio /twilio-java (17%), and 33 in wmixvideo /nfe (55%)
oracles, 10 oracles on average (40%). We manually verified that the 8 oracles that fail (Test
Failure) are incorrect (false positives). The test cases that fail and that PIT ignores may still be
useful to uncover real bugs (for instance, failures due to correct oracles in a faulty program).
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We manually verified that the 39 oracles that pass (Test Passed) are correct (no false negatives),
highlighting the potential of LLMs for creating oracles useful for mutation testing.

Mutation Score Analysis

Table [4.4 presents the results of the mutation testing in the four evaluation scenarios. The
findings reveal clear patterns that highlight the effectiveness of LLM-generated oracles. The
generated oracles significantly improve the test cases without oracles, producing relative in-
crements ranging from 76% to 443%. For example, in the twilio-java project, the mutation
score increases from 3% to 15%, while in the bkiers/ligp project, it rises from 7% to 38%.
These substantial improvements demonstrate that LLM-generated oracles provide meaningful
enhancement to test suites without assertions.

When comparing generated oracles to the original developer-written oracles, the results
reveal surprisingly competitive performance. The generated oracles achieve mutation scores
similar to the original oracles, with a loss of 40% in the worst case and a gain of 30% in the
best case, averaging only a 10% reduction. This relatively small performance gap indicates the
high quality of the generated oracles. The average mutation score for generated oracles reaches
43%, closely approximating the 45% achieved by original oracles. In the wmixvideo /nfe project,
generated oracles even outperform the original ones, achieving a 79% mutation score compared
to 61% for the developer-written oracles.

The combination of generated oracles with original oracles produces mixed results. Only the
wmixvideo /nfe project shows improvement when both oracle types are present together, with
the mutation score increasing from 61% to 80%. The other three projects maintain the same
scores when combining both oracle types, suggesting that generated oracles often target similar
vulnerability patterns as developer-written assertions. The significant improvement observed
in wmixvideo /nfe indicates that when generated oracles achieve high mutation scores, they can
effectively complement existing oracles to enhance overall test suite effectiveness.

While the improvement over test cases with no oracles represents an expected outcome,
the competitive performance relative to carefully crafted developer-written oracles proves quite
surprising and indicates the substantial quality of the generated oracles. The fact that generated
oracles can achieve comparable mutation detection capabilities to human-written assertions
demonstrates their practical utility for automated testing scenarios.

Manual examination of all 79 LLM-generated oracles across the four projects reveals several
important characteristics. Developers create assertions with specific literals that prove hardly
predictable by LLMs, such as complex encoded strings like “%63C%3Fxml+version%3D%221.0%
22+encoding%3D%22UTF - 8%22%3F%3E%3CConversationRelay%2F%3E”. In contrast, LLMs pro-
duce weaker but still-correct assertions that typically contain references to previous elements
of the test prefix, such as “elem.getElementAttributes().size()”. Despite this difference in speci-
ficity, the generated oracles maintain their effectiveness in detecting code modifications through
mutation testing.

The analysis also demonstrates that LLMs can extract patterns from test prefixes containing
multiple assertions and correctly predict subsequent assertions. However, LLMs occasionally
fail to understand the underlying semantics, sometimes due to missing context in the prompt.
These limitations appear rooted in information retrieval techniques rather than fundamental
model capabilities, suggesting potential improvements through advanced contextual informa-
tion augmentation approaches. The mutation testing results validate that LLM-generated or-
acles are effective and go beyond pure syntactic correctness, demonstrating measurable fault
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Project Compilation Failure Test Failure Test Passed
twilio/twilio-java 1 0 5
bkiers/ligp 0 2 3
wmixvideo/nfe 29 4 27
wearefrank/ladybug 2 2 4
TOTAL 32 8 39

Table 4.3. Number of test cases that do not compile, fail, and pass with the generated
oracles.

Original +
Original Without Generated Generated
Project oracles  oracles oracles oracles
twilio/twilio-java 25% 3% 15% 25%
bkiers/ligp 42% 7% 38% 42%
wmixvideo/nfe 61% 45% 79% 80%
wearefrank/ladybug 52% 19% 41% 52%
Average 45% 19% 43% 50%

Table 4.4. Mutation scores (%) with different test oracles. The test code is identical, and
only the oracles differ.

detection capabilities that justify their integration into automated testing workflows.

4.4 Threats to Validity

Internal Validity

The results may vary with different parameters and temperatures. We mitigated the risk of
biased results by using only default LLM configurations, reporting the parameters and temper-
ature used in the experiments, and making the benchmark publicly available in a replication
package to allow the reproduction of the results.

The results may change with the future LLM milestones. We mitigated the risk of aging
results by experimenting with 10 popular LLMs of different sizes, to investigate the impact of
the LLM on the generation process. We experimented with open source LLMs only. Proprietary
LLMs, like OpenAl’s models, may perform better than the LLMs we evaluate in this paper.

The manual validation of the 13,866 generated oracles is almost impossible. We automat-
ically validated the generated oracles by comparing them with the available and carefully de-
signed oracles. We mitigated the risks of incorrect validation by implementing the comparison
with string matching and inclusion that misses valid oracles that differ from the reference man-
ual oracles only for even small syntactic elements. We decided to report conservative results that
are a pessimistic under-approximation of the actual data, to avoid any risk of overestimating
the results.

The test mining and mutation analysis setup may miss some test cases and mutants, thus
reducing the effectiveness of the results. We rely on publicly available and well-known tools
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(PyDriller, Tree-Sitter, JavaParser, Maven, and PIT) to reduce the risk of mis-minings and mis-
mutations due to errors in the tools.

External Validity

The results may be biased by the data used to build the benchmark and the building process.

We mitigated the risk of biased benchmarks by mining Java/Maven projects from popu-
lar repositories, and limiting the subjects to test cases added after September 2024, the last
reported training cutoff date of the LLMs we used.

We experimented only with LLMs with a publicly declared cutoff date, and we executed all
LLMs locally. We relied only on open-source LLMs for reproducibility. We excluded OpenAl
models that are only available on the cloud and do not declare the cutoff date, to avoid the risk
of biases due to executions out of our control.
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Algorithm 1 Extracting test cases created after a given date.

Input: repository r, starting date since
Output: test cases T,., created after since
1: commits « PYDRILLER(r, since) > date-ordered
2 Tpew < 0 > recent tests; the output of this procedure
3: for ¢ € commits (main branch) do
4 for f € c.modified files do
5: if ISJAVATESTCLASS(f ) then
6 codepefore < SOURCECODEBEFORE(C, f)
7 code,ger < SOURCECODEAFTER(C, f)
8 Thefore < GETTESTMETHODS(cod epefore)
9 Tafrer < GETTESTMETHODS(code, )

10: Taad < Tarer \ Thefore

11: Tge1 < Thefore \ Tater

12: Tmod < EXTRACTTESTDIFF( Tageer> Thefore) > Tadd> Tmod> @and Ty are disjoint
13: Thew < (Thew Y Tada Y Tmod) \ Tael

14: end if

15: end for

16: end for

17: return T,
18: procedure GETTESTMETHODS(code)

19: if code = None then

20: return {J

21: end if

22: tree < TREESITTERPARSE(code)

23: return {m € tree | m is a test method}

24: end procedure
25: procedure EXTRACTTESTDIFF( Tager> Thefore)

26: Tinoq < 0

27: for all t, € Ty, do

28: if t, added after since then

29: ty < FIND(Tpefores At-t.sig = t,.5ig)
30: if t;, # None then

31: if t,.body # t;.body then
32: Trnod < Timoa Y {ta}

33: end if

34: end if

35: end if

36: end for

37: return T4

38: end procedure
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Algorithm 2 Building dataset D of oracles.

Input: Repository r, test cases T from algorithm |1
Output: Dataset D of oracles, where each element is a 5-tuple (tc,prefix, fc,invoked,a),

e e e
AN S v =

16:
17:
18:
19:
20:
21:
22:
23:
24:
25:

26:
27:
28:

29:
30:
31:
32:

W ® N DDA W

with test class tc, test prefix prefix, focal class fc, invoked as the methods called in the
prefix, and a the next assertion to predict.

D<@ > Dataset of oracles (output of this function)
S0 > Set of ( focal class, test class ) pairs

: for each fc in SOURCECLASSES(r) do

tc_name « fc.name+ "Test" > Test method name
tc « GETTESTCASE(tc_name)
if tc # None then
S «—SuU{fc,tc)
end if

: end for
: for each (fc,tc) €S do

for each test t in tc.tests do
t.body < ENRICHTESTCASE(t.body)
A < EXTRACTASSERTIONS(t.body)
for each a € Ado
prefix « t.body.stmts[0..a] > All statements (and prior assertions, if any)
before a
invoked < §)
for each method call mc in t.body do
invoked < invoked Umc.decl Umc.decl.body

end for
D «— DU {{tc,prefix, fc,invoked,a)}
end for
end for
end for
return D
procedure ENRICHTESTCASE (body) > Embed bodies of methods containing assertions

called within the test case
for each method call mc in body do
if ISMETHODWITHASSERTIONS (mc) then
EMBEDBODY(body, mc.decl.body) > Integrate statements and assertions of the
method, refactoring variables for consistency
end if
end for
return body
end procedure
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Algorithm 3 Building prompts.

Input: Oracle dataset D from algorithm [2] and a prompt specifier pspec that contains two

Boolean fields includeFocalClass and includeTestClass.

Output: One prompt for each oracle in the dataset, as specified in the prompt type.
1: procedure BUILDPROMPT(pspec)

2:

10:
11:
12:
13:
14:
15:

24:
25:

3
4
5:
6:
7
8
9

prompts « {}
for (tc,prefix,fc, , )eDdo

p < prefix

ims « tc.invoked

for m € ims do
pepllm

end for

if pspec.includeFocalClass then
ADDCLASSINFO(p, f¢)

end if

if pspec.includeTestClass then
ADDCLASSINFO(p, tc)

end if

prompts < prompts U {p}

end for
return prompts
: end procedure

: procedure ADDCLASSINFO(p, ¢)
for f e c.fields do

p<pl f.signature

end for
for m € c.methods do

p<pllm

end for

26: end procedure
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Algorithm 4 Mutation analysis for generated oracles.

Input: repository r, oracle dataset D from Algorithm 2|

Output: Mutation score with and without the LLM-generated assertions
1: green_suite <€

2: foreach (tc, , , , )inDdo

3 green_suite « DUPLICATE(tc)

4 green_suite.body <€

5: for each t in tc.tests do

6 green_suite.body « green_suite.body U t

7

8

9

if PASSINGTESTS(r, tc) == False then
green_suite.body < green_suite.body \ t
end if
10: end for
11: green_suite < green_suite U green_suite
12: end for

13: score_orig « RUNPIT(r, green_suite)
14: for each tc in green_suite do

15: for each t in tc.tests do

16: REMOVEORIGINALASSERTION(t)
17: end for

18: end for

19: score_without « RUNPIT(r, green_suite)
20: for each tc in green_suite do

21: for each t in tc.tests do

22: ADDGENERATEDASSERTION(t)

23: if PASSINGTESTS(r, tc) == False then
24: REMOVEGENERATEDASSERTION(t)
25: end if

26: end for

27: end for

28: score_gen <« RUNPIT(r, green_suite)
29: for each tc in green_suite do

30: for each t in tc.tests do

31: ADDORIGINALASSERTION(t)

32: if PASSINGTESTS(r, tc) == False then
33: REMOVEORIGINALASSERTION(t)

34: end if

35: end for

36: end for

37: score_orig_gen « RUNPIT(r, green_suite)
38: return { score_orig, score_without, score_gen, score_orig_gen )




Chapter 5

Tracto: a Neuro-Symbolic Approach
for Generating Concrete Oracles

In this chapter, we address the problem of automatically deriving concrete test or-
acles and we present TRACTO, a neuro-symbolic approach to derive concrete test
oracles from commonly available software artifacts: source code and documenta-
tion. TRACTO generates test oracles token-by-token through an iterative process
involving a symbolic module, which enforces syntactic and semantic constraints to
increase compilability, and a neural module based on Qwen2.5-Coder 3B and fine-
tuned with LoRA, which guides the generation toward valid assertions. The evalu-
ation compares TRACTO against two baselines: a pure neural model fine-tuned to
generate oracles in a single step without symbolic constraints, effectively isolating
the contribution of the symbolic component, and the best-performing model from
Chapter [4|as a vanilla baseline.

Chapter|3|indicates that LLM-generated axiomatic oracles capture invariant properties with
some limited fault detection capability. Chapter [4 presents a comprehensive empirical study
evaluating how vanilla large language models perform on concrete oracle generation. The
mutation analysis indicates that the mutation score of LLM-generated concrete oracles (43%) is
comparable to the mutation score of developer-written oracles (45%), showing the effectiveness
of LLM-generated concrete oracles for fault detection. These results motivate the study of the
automatic generation of concrete oracles.

This chapter investigates whether integrating symbolic constraints with fine-tuned neu-
ral generation can overcome the compilation and correctness limitations of purely neural ap-
proaches, building on the findings from Chapter TRACTO (TRAnsformer-based token-by-
token Concrete Test Oracle Generation) generates test oracles token-by-token through an iter-
ative interaction between a symbolic and a neural component. The symbolic module generates
candidate tokens guided by grammar rules and project-specific context, enforcing validation
constraints that prune incorrect oracles early to prevent invalid assertions.

The chapter defines TRACTO, and compares it against a pure-neural model fine-tuned to
infer oracles in one step (thus isolating the symbolic component) and the vanilla baseline from
Chapter [4] (Qwen2.5-Coder 32B), using a post-cutoff, unbiased test set of 3448 datapoints.

We trained TRACTO and the pure-neural model on the same oracles, by using the same

61
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backbone (Qwen2.5-Coder 3B) and LoRA fine-tuning strategy [36/]. The key difference lies in
the learning granularity: the neuro-symbolic variant decomposes each oracle into token-level
sequences to enable interaction with the symbolic component during the iterative generation,
whereas the neural model learns how to reproduce complete oracles in a single step. This
setup isolates the specific contribution of the symbolic component within the overall genera-
tion process. Although the pure-neural model achieves higher raw accuracy (31% exact match),
TRACTO demonstrates the added value of symbolic integration in improving the oracle correct-
ness. When the symbolic module successfully completes oracle generation without early termi-
nation, TRACTO achieves an 80% compilation rate and 59% test pass rate, outperforming the
pure neural model (72% compilation, 51% test pass) and substantially exceeding the vanilla
baseline (10% compilation, 7% test pass). However, the symbolic module discards approxi-
mately 43% of generation attempts (680 out of 1591 total attempts) upon detecting patterns
that indicate divergence toward invalid oracles. These patterns include malformed literals,
recurrent token sequences, and assertions with mismatched parameter counts. This filtering
behavior reveals a fundamental trade-off: symbolic constraints improve the correctness of suc-
cessfully generated oracles at the cost of reducing coverage, i.e., the total number of oracles
produced.

The remainder of this chapter proceeds as follows.

Section presents the architecture and the workflow of TRACTO, the neuro-symbolic
approach to generate concrete oracles.

Section|5.2|details the symbolic module, including the ANTLR4-based grammar analysis for
candidate token retrieval, the JavaParser integration for project-specific identifier resolution,
and the validation constraints that proactively filter problematic patterns such as parameter
count violations, recurrent sequences, malformed literals, and grammar inconsistencies.

Section|5.3|describes the neural module, including the fill-in-the-middle prompting strategy
for token-by-token generation, the two-phase approach for literal generation, the LoRA-based
parameter-efficient fine-tuning setup, and the decoding constraints applied during training and
inference.

Section outlines the procedure for building a comprehensive dataset from 135 Java
projects, including oracle extraction through Algorithms[1]and [2 from Chapter [4} token-level
decomposition for TRACTO’s training set, the dataset splitting strategy, the prompt design, and
the experimental setup comparing TRACTO against pure neural and vanilla baselines.

Section reports the results of the experimental studies conducted to compare the ac-
curacy of TRACTO against a pure neural baseline and the best vanilla model from Chapter
in terms of exact match and inclusion metrics; and (ii) evaluate the correctness of generated
oracles through compilation rates and test pass rates, revealing TRACTO’s superior per-oracle
quality (80% compilation, 59% test pass) despite reduced coverage due to symbolic validation
filtering.

Section discusses the internal and external threats to validity that may affect the cred-
ibility and generalizability of the results, and outlines the measures adopted during the study
to mitigate these risks.

5.1 Tracto Architecture

TRACTO generates concrete test oracles through an iterative token-by-token process that in-
tegrates a symbolic module for candidate retrieval and validation with a neural module for
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token selection and literal generation. Figure illustrates the overall workflow of TRACTO.
TRACTO uses the symbolic module to enable the neural component to generate concrete literal
values essential for assertions on specific test inputs, differently from TRATTO, which generates
axiomatic oracles by restricting literal generation to enforce compilability. This architectural
decision addresses the fundamental challenge of generating concrete oracles: inferring exact
values (such as string, boolean, integer values) that match expected program outputs.

Next token is ~ e

INPUT TRACTO

UNIT' PROJECT
SOURCE
Eee TEST PREFIX

public void testCheckSum() {
Calculator ¢ = new Calculator() NEXT ORACLE TOKEN
int numl = c.getNum() ;
int num2 = c.getNum();

} OUTPUT

SYMBOLIC MODULE

ORACLE UNDER CONSTRUCTION (0UC)

<assertEquals(sum(20,22) => Q @ T

ANTLR PARSER  IDENTIFIER RESOLVER

suao] ajepipued

Append to partial oracle

Figure 5.1. Workflow of Tracto.

TRACTO receives the source code of the project, the test prefix, the classpaths of the focal
and the test classes, and the partial oracle (initially empty) as input.

The symbolic module analyzes the current generation state and retrieves valid candidate
tokens for the neural module’s selection process.

5.1.1 Oracle Generation Workflow

The oracle generation workflow proceeds iteratively until reaching completion or triggering
early termination via validation constraints:

1. Grammar Analysis: The ANTLR Parser analyzes the Oracle Under Construction (OUC)
using Java grammar rules to determine which token categories are syntactically valid
and can follow the current position. ANTLR returns three types of tokens: (1) Java to-
kens comprising keywords, operators, symbols, and parentheses (2) Generic literals repre-
sented by abstract labels (such as STRING_LITERAL, DECIMAL_LITERAL, BOOLEAN_LITERAL,
etc.); (3) The generic label IDENTIFIER when the grammar permits class names, method
names, variable names, or attribute references specifically related to the project or its
dependencies.

2. Identifier Resolution: When ANTLR returns the label IDENTIFIER among the list of el-
igible token types, the symbolic module activates the Identifier Resolver component. The
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resolver processes the current state of the Oracle Under Construction (OUC) to retrieve all
possible project-specific identifiers that can follow the partial oracle. For example, given
a partial oracle containing an instance variable followed by a dot operator (instance.),
the resolver retrieves concrete identifiers of methods and attributes defined within the
instance’s class, as these members can be accessed from the partial oracle. The Identifier
Resolver attempts to resolve candidate tokens referring to classes, methods, and attributes
from external libraries when dependency information is available. If the resolver fails to
retrieve candidate tokens (typically due to unresolvable dependencies or missing class-
path entries) only the Java tokens and literal labels pass to the neural component.

. Neural Token Selection: The neural module operates as a multitask model that learns

to predict the next token. In the first phase, the neural module receives the test prefix,
the partial oracle, the three candidate token lists, and contextual information formatted
as a fill-in-the-middle prompt. The model selects one token from the candidate lists and
outputs it in JSON format: {"choice": "<selected_token>"}. During this phase, de-
coding constraints force the model to generate only valid tokens present in the candidate
lists, preventing the selection of tokens that ANTLR and the Identifier Resolver did not
identify as grammatically and semantically valid.

. Literal Generation: The model produces the selected token unless it represents a generic

literal (for instance STRING_LITERAL), in which case it advances to the second phase. The
neural module receives a modified prompt that requests the generation of the concrete
value for the selected literal type. The model generates a free response without decoding
constraints, and produces the specific literal value to append to the partial oracles.

. Validation and Accumulation: The symbolic module validates the generated token ac-

cording to multiple criteria: parameter count consistency with assertion signatures, ab-
sence of illegal recurrent token patterns, literal syntax correctness, and grammar consis-
tency. If the validation succeeds, TRACTO appends the generated token to the partial or-
acles, otherwise the symbolic module terminates the generation and discards the oracle
under construction, preventing the inference of non-compilable or semantically invalid
assertions.

. Termination: The workflow terminates either successfully, when the neural module se-

lects a semicolon (;) that indicates the successful completion of the assertion statement,
or failing, when the symbolic validation constraints detect problematic patterns and trig-
ger early termination to prevent divergence toward invalid oracles.

This validation integrated in the iterative process provides quality control mechanisms that

purely neural approaches lack. The symbolic module’s proactive filtering ensures that success-
fully generated oracles meet higher standards of syntactic correctness and semantic validity.

5.1.2 Architecture Limitations

The architecture imposes an important limitation: when the symbolic module does not include
the target token in the candidate lists, the decoding constraints force the model to select a
suboptimal alternative from available candidates. This limitation arises in two scenarios:

Incomplete Identifier Resolution: The Identifier Resolver fails to retrieve some valid iden-

tifiers due to unresolvable dependencies, missing classpath entries, or complex generic type
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parameters. In these cases, the list of project related candidate tokens does not include the
target token, and the model is forced to choose among available candidates due to the applied
decoding constraints. This forced selection cannot prevent consequent compilation failures or
semantic incorrectness.

ANTLR Grammar Coverage: ANTLR’s Java grammar, while comprehensive, defines the
syntactic rules that constitute valid Java code structures, but does not enforce semantic con-
straints. It specifies how tokens may be combined into grammatically correct statements (such
as describing a method call as a sequence of a method name, an opening parenthesis, a list
of comma-separated arguments, and a closing parenthesis) but it cannot verify whether the
invoked method exists, nor whether the number and types of arguments match its signature.
Consequently, the approach may still generate syntactically valid oracles that complies with
grammar patterns but contains semantic inconsistencies.

Our dataset analysis reveals that the target token does not appear in the candidate lists
retrieved by the symbolic module in 3% of datapoints. This incomplete coverage is a systematic
gap that can constrain the neural module’s ability to generate correct oracles. When incomplete
coverage occurs during inference, the decoding constraints prevent the model from selecting
the correct token, forcing suboptimal choices that can lead to wrong oracle generation.

5.2 Symbolic Module

The symbolic module implements three functionalities: it retrieves valid candidate tokens through
grammar analysis, resolves identifiers to collect project-specific tokens, and applies validation
constraints to ensure that generated tokens respect syntactic and semantic rules, to prevent
deviations that would lead to incorrect oracle generation.

5.2.1 ANTLR Parser

TRACTO employs ANTLR4 (ANother Tool for Language Recognition) [|56]], a parser generator
with support for complex grammars, automatic parse tree generation, and listener/visitor mech-
anisms for parse tree traversal. The ANTLR Parser component processes the partial oracle at
each generation step to determine which token categories can validly follow according to Java
syntax rules.

The parser operates with a comprehensive Java grammar that specifies valid token se-
quences, expression structures, statement patterns, and syntactic constructions. When parsing
the partial oracle, ANTLR identifies the current syntactic context (whether the oracle occurs in
a feasible position: a method call, a parameter list, or other structural element) and determines
the categories of tokens that can be selected next without violating the grammatical correctness.

ANTLR returns (i) concrete Java tokens that constitute fixed elements of the Java program-
ming language (such as keywords, operators, symbols, and parentheses) and returns their exact
string representations, (ii) generic literal labels that are abstract type labels indicating literal
categories at the current position, like DECIMAL_LITERAL, BOOL_LITERAL, STRING_LITERAL, and
(iii) generic identifier label, the abstract label IDENTIFIER when the grammar permits class
names, method names, variable names, or attribute references. ANTLR cannot determine con-
crete literal values: the generation falls back to neural component, required to generate the
concrete value based on semantic understanding of the program’s expected behavior. ANTLR is
a parser and it determines that an identifier can appear at the current position but cannot spec-
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ify which identifiers are valid (this operation requires semantic analysis of the project context,
types, scopes, and accessibility rules that ANTLR’s syntactic analysis cannot provide)

TRACTO introduces the label LAMBDA_PARAM when analyzing contexts where lambda expres-
sions appear. TRACTO identifies Lambda parameters with names that it generates on the fly, and
are not predetermined by the code structure, so the Identifier Resolver cannot statically retrieve
them from the project context. The neural module must generate appropriate parameter names
that maintain consistency within the lambda body.

The ANTLR oracle generation begins with an empty partial oracle and a list of all the valid
assertion method names that TRACTO supports from JUnit, like ‘assertTrue’, ‘assertEquals’,
‘assertNotNull’, and progresses by continuously update valid token categories based on the
evolving syntactic context.

5.2.2 Identifier Resolver

When ANTLR returns the IDENTIFIER label among eligible token types, the Identifier Resolver
retrieves concrete identifier values from the project context, Java libraries that support abstract
syntax tree generation and symbol resolution for Java projects, with JavaParser and Symbol-
Solver [|64]]. These libraries analyze multiple information sources to determine which identifiers
can validly follow the partial oracle:

Test Prefix Analysis: The resolver parses the test prefix to identify variable declarations,
method parameters, field references, and local variable assignments. For each identifier, the
resolver determines its type by analyzing the initialization expressions, the method return types,
and the explicit type annotations. The resolver maintains a symbol table mapping identifier
names to their types throughout the test prefix execution flow.

Partial Oracle Context: The resolver analyzes the Oracle Under Construction to determine
the current syntactic context. For expressions of the form <identifier>., the resolver de-
termines that the next token must be a member (method or attribute) of the <identifier>
type. The resolver retrieves the class definition corresponding to the <identifier> type and
extracts all accessible members. For expressions following method calls (object.method().),
the resolver determines the return type and retrieves members of the returned type.

Scope and Accessibility: The resolver filters retrieved identifiers based on scope and ac-
cessibility rules. It excludes private members of classes inaccessible from the test context. It
includes package-private members only when the test resides in the same package as the defin-
ing class, and protected members when the test class inherits from the defining class or resides
in the same package.

External Dependencies: The resolver attempts to resolve identifiers from external libraries
and dependencies when classpath information is available. This resolution enables the neural
module to reference API methods and classes from the libraries included in the project as de-
pendencies. The resolution can fail due to missing JARs, incomplete dependency specifications,
or complex generic type parameters that SymbolSolver cannot resolve. When resolution fails,
the resolver excludes external identifiers from the Project Tokens list.

The Identifier Resolver returns a list of concrete identifier strings that the neural module can
select during the token generation. These identifiers populate the Project Tokens category in the
candidate lists presented to the neural module. When resolution succeeds, the Project Tokens
list provides a comprehensive coverage of the valid identifiers, enabling the neural module to
select appropriate class names, method names, variable names, and attributes that compile cor-
rectly and semantically align with the test’s intent.
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5.2.3 Validation Constraints

The validation constraints feature of the symbolic module monitors the generation process for
patterns indicating divergence toward invalid oracles, beyond candidate token retrieval. The
validation constraints step operates after each token generation step, analyzing the updated
partial oracle to detect potential errors before they propagate through subsequent generation
steps:

Parameter Count Validation: The parameter count feature step verifies that the number
of parameters matches the assertion signature, when the neural module generates assertion
method calls. The mechanism maintains a registry of assertion method signatures extracted
from JUnit documentation. When ANTLR identifies an assertion method call in the partial
oracle, the mechanism retrieves the expected parameter count and monitors subsequent to-
ken generation. After the neural module generates the final parameter, the constraint checks
whether ANTLR indicates that additional parameters remain grammatically valid (signaled by
a comma token). If the assertion method does not accept additional variable arguments and
the neural module generates a further one, the constraint triggers termination.

Recurrent Pattern Detection: The symbolic module detects repetitive token sequences that
indicate the neural module has incurred in an invalid generation loop. Common patterns in-
clude repeated opening parentheses without corresponding closures (( ( ( (), redundant opera-
tor sequences (+ + + +), cyclical method call chains (object.method().object.method()),,
and repeated variable references without progression (value.value.value).

The detection mechanism maintains a sliding window over the most recent k tokens (with
k sets to 10 in our experimental validation) and compares each new token against this window.
If the new token creates a repetition of length n > 3 (the same n-token sequence appears three
times consecutively), the constraint flags a recurrent pattern. The mechanism applies heuristics
to distinguish genuine code patterns (chained method calls like builder.add().add() which
are valid) from problematic repetitions (like ( ( ( ( which indicate parse errors).

5.3 Neural Module

The neural module implements two primary functions: it selects the next token from the set
of candidates from the symbolic module, and generates concrete literal values when required.
This section details the model architecture, fine-tuning approach, prompting strategy, two-phase
generation workflow for literals, and decoding constraints.

5.3.1 Model Architecture and Fine-Tuning

TRACTO fine-tunes Qwen2.5-Coder (3B), a code-specialized language model substantially smaller
than the 32-billion-parameter model identified as optimal in Chapter[4, The decision to employ
a smaller model stems from hardware constraints (the 3-billion-parameter variant represents
the largest model that fits the available training infrastructure, that is a NVIDIA A100 GPU with
80GB VRAM) while maintaining reasonable training time. Research demonstrates that smaller
models fine-tuned on task-specific data frequently achieve performance comparable to or ex-
ceeding that of larger general-purpose models, particularly when training data exhibits high
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quality and task relevance[28] [71]].

The fine-tuning process employs LoRA (Low-Rank Adaptation) [|36] for parameter-efficient
fine-tuning, which introduces trainable low-rank matrices into the attention layers of the model,
while freezing the pre-trained weights. This approach dramatically reduces the number of
trainable parameters, from billions to millions, enabling fine-tuning on the available hardware
infrastructure. LoRA provides several advantages: parameter efficiency by decomposing weight
updates into low-rank matrices, prevention of catastrophic forgetting by preserving pre-trained
weights, computational efficiency by reducing GPU memory requirements and training time,
and comparable performance to full fine-tuning across diverse tasks.

The training procedure fine-tunes the model for at least one epoch and up to three epochs,
implementing an early stopping strategy based on validation set performance.

The training process computes loss only on the output tokens (the selected token in the
<|fim_middle|> section), masking the input prompt from loss calculation (see [5.3.2). This
approach focuses the model’s learning on token selection and literal generation rather than
prompt reconstruction.

5.3.2 Fill-in-the-Middle Prompting

The fill-in-the-middle prompting format structures the input to the neural module, and presents
the oracle generation task as code completion conditioned on both preceding and succeeding
context. Research demonstrates that fill-in-the-middle strategies optimize code completion per-
formance by enabling models to leverage bidirectional context, and this format aligns with the
pre-training regime of Qwen2.5-Coder [|5].

The prompt structure consists of three sections delineated by special tokens: <| fim_prefix|>
contains the test prefix and the oracle-under-construction generated so far, <| fim_suffix|> re-
mains empty (as oracle generation extends the test rather than inserting text within existing
statements), and <| fim_middle|> contains the output of the model.

Listing[5.1 (Phase 1) shows the prompt passed to the model for the token selection:

<|fim_prefix|>

// Test prefix

[test prefix codel

[Oracle Under Construction]<|fim_suffix|>

g AW N =

6 // The program uses JUnit Version: [version]

~

NEXT TOKEN CANDIDATES

10
11
12
13
14
15
16
17
18
19
20
21
22

#
#
#
#

#
#
#

#

PROJECT TOKENS: [list of identifiers]
JAVA TOKENS: [list of keywords/operators/symbols]
GENERIC TOKENS: [list of literal types]

TASK: Choose exactly one among the three given lists
as the NEXT token/type.

OUTPUT: Generate a JSON on one line: {"choice":"<candidate>"}

ADDITIONAL CONTEXTUAL INFORMATION (CAN GUIDE THE CHOICE):

// Invoked methods in test prefix
[javadoc, signature, and code]

// Methods defined in test class
[javadoc, signature, and code]
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24 | // Fields defined in test class
25 [field declarations]

27 ' // Methods defined in focal class
28 [javadoc, signature, and code]

30 // Fields defined in focal class
31 [field declarations]
3

33 <|fim_middle|>
Listing 5.1. Prompt template for phase 1.

Listing[5.2/ (Phase 2) shows how the prefix section modifies the task description and removes
the candidate lists to prompt the model to generate a concrete literal:

<|fim_prefix|>

// Test prefix

[test prefix codel

[Oracle Under Construction]<|fim_suffix|>

g AW N =

6 // The program uses JUnit Version: [version]

~

8 # EMIT a Java [LITERAL_TYPE] as the next token.

# OUTPUT: Generate a JSON on one line: {"choice":"<literal>"}
10
11 # ADDITIONAL CONTEXTUAL INFORMATION (CAN HELP THE GENERATION):
12 [same contextual information]
13
14 <|fim_middle|>

Listing 5.2. Prompt template for phase 2.

The contextual information corresponds to the P-C-T-F configuration identified in Chapter[4]
as providing optimal oracle generation performance: test prefix (P), methods invoked in test
prefix (C), test class information (T), and focal class information (F). This configuration supplies
sufficient semantic context for accurate token selection while avoiding diminishing returns from
additional information.

The input context window allocates 8,192 transformer tokens, and the output context win-
dow allocates 1,024 transformer tokens. The substantial output allocation accommodates long
string literals that may span hundreds of characters.

5.3.3 Two-Phase Literal Generation

TRACTO implements a specialized workflow for generating literals in two phases: token selection
and literal generation. The token selection phase identifies the literal type. The literal generation
phase generates the concrete value for the selected literal type, be queering the neural module
with a modified prompt to produce a Java literal of the specified type. While the token selection
phase constrains the model to select from predefined literal types, the literal generation phase
operates without decoding constraints, allowing the model to generate any syntactically valid
literal value. This unconstrained generation enables the model to produce complex literals
including multi-line strings, integers, floating-point values, and hexadecimal constants.
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The symbolic module validates the syntax of the literal values from the neural model ac-
cording to Java grammar rules.

This two-phase approach addresses the fundamental difficulty of producing concrete values
that precisely match the expected outputs. String literals exemplify this challenge: in assertion
statements a generated string must match the target string character-for-character, including
whitespace, punctuation, and special characters. Semantic equivalence without syntactic iden-
tity leads to assertion failures.

5.3.4 Decoding Constraints

The decoding constraints feature of TRACTO ensures that the model produces syntactically valid
outputs, during the token selection and literal type selection steps of the token generation phase.
The output vocabulary of the model restricts to only those tokens present in the candidate
lists provided by the symbolic module, when selecting concrete tokens or literal types. The
constraint mechanism implements prefix-based filtering: as the model generates each character
of the JSON output, the decoder eliminates tokens whose string representations cannot extend
to valid candidates.

The constraint implementation operates on the model’s output logits at each generation
step. Before sampling or selecting the next token, the constraint mechanism identifies which
vocabulary tokens could extend the current partial output to match one of the provided can-
didates. For vocabulary tokens that cannot extend to any valid candidate, the mechanism sets
their logits to negative infinity, effectively removing them from the sampling distribution.

The constraint implementation maintains sequences of valid token sequences to guarantee
correct JSON formatting throughout generation. The output must form valid JSON objects with
the structure {"choice":"<candidate>"}, where <candidate> matches one of the provided
tokens exactly. The decoder ensures that opening braces match closing braces, quotation marks
appear in pairs, and the colon separator appears between the key and value.

The model generates concrete values without decoding constraints, in the second phase of
literal generation. The prompt instructs the model to produce a literal of the specified type, and
the model produces the value based on contextual understanding of the program semantics. Un-
constrained generation allows the model to produce any valid literal, including complex strings
with arbitrary length, escape sequences, unicode characters, and formatting conventions. This
flexibility proves essential for generating literals that match expected program outputs, but in-
troduces the risk of syntactic errors that the symbolic validation constraints subsequently detect.

5.4 Dataset, Prompt, and Experimental Setup

This section describes the comprehensive dataset generation process from 135 Java projects, in-
cluding oracle extraction, token-level decomposition, dataset splitting, and encoding strategies.
The section also details the pure neural baseline configuration and the evaluation setup.

5.4.1 Oracle Extraction from Java Projects

The dataset construction begins with the 135 Java projects that we identify in Chapter[4 through
the repository selection process. These projects satisfy quality criteria including minimum com-
mit counts (at least 100 commits), issue counts (at least 10 issues), contributor counts (at least
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5 contributors), and star counts (at least 10 stars), and contain at least one commit between
September 1, 2024, and May 5, 2025.

Algorithm [2 from Chapter [4] processes the commit history of each project to identify test
cases added or modified after September 1, 2024, ensuring temporal separation from the train-
ing cutoff dates of the large language models evaluated in this study. The algorithm extracts
the final version of each test case by tracking additions, deletions, and modifications across
comimits.

Algorithm [4]from Chapter [4 processes the extracted test cases to build a dataset of oracles.
For each test case, the algorithm identifies all assertion statements with pattern matching and
abstract syntax tree analysis, treats each assertion as a distinct oracle, and extracts the test
prefix—the code preceding the assertion statement within the same test method. The algorithm
also retrieves contextual information including: the javadoc, signature, and implementation of
methods invoked within the test prefix; the javadoc, signature, and implementation of methods
defined in the test class; and the javadoc, signature, and implementation of methods defined
in the focal class.

The oracle extraction process yields a dataset of complete assertions represented as strings.
Each oracle corresponds to one assertion statement from one test case, capturing the full syn-
tactic structure from the assertion method name through the closing semicolon.

5.4.2 Token-Level Decomposition

TRACTO decomposes each complete oracle into a sequence of token-level training instances
using ANTLR4 and JavaParser. The decomposition process generates training datapoints that
capture the token-by-token generation trajectory, where each datapoint represents one step in
constructing the oracle from an empty string to the complete assertion.

The decomposition algorithm begins by initializing the oracle under construction as an
empty string. It then parses the partial oracle using ANTLR4 to determine valid token cate-
gories according to Java grammar rules. For tokens categorized as IDENTIFIER, the algorithm
invokes JavaParser and SymbolSolver to retrieve concrete identifier values from the project
context. Next, the algorithm constructs three candidate lists—Java Tokens, Project Tokens, and
Generic Tokens—which represent the possible continuations for the current partial oracle. It
then extracts the next token from the complete oracle, which serves as the target token. A
training datapoint is created containing a tuple in the form of {(tp, jt, pt, gt, ouc, t)), where tp
refers to the test prefix, jt,pt, and gt are the three lists of java, project and generic tokens, ouc
reports the oracle under construction, and t is the target oracle.

After generating the datapoint, the algorithm appends the target token to the oracle under
construction and repeats the process from the parsing step until the complete oracle has been
fully decomposed.

For tokens categorized as generic types, the decomposition creates two sequential training
datapoints. The first datapoint targets the literal type label (e.g., STRING_LITERAL), and the
second datapoint targets the concrete literal value.

The decomposition process generates 662,485 token-level datapoints from the oracle dataset.
Analysis of target token coverage reveals that in 96% the target token appears within the can-
didate lists retrieved by the symbolic module. In 4%), the target token does not appear in the
candidate lists, revealing limitations in the symbolic module’s token coverage.
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Dataset Splitting Strategy

The dataset splitting strategy allocates the 135 projects to training, validation, and test sets
while considering both project size and token datapoint counts. The splitting algorithm uses
stratified sampling to maintain representative distributions. The resulting split assigns 87 projects
(65%) to the training set, 14 projects (10%) to the validation set, and 35 projects (25%) to the
test set.

Evaluation Dataset and Approaches

The test set includes 35 projects (25%). To ensure complete separation from training data, the
evaluation restricts analysis to test cases added after September 1, 2024. Algorithm|[1]identifies
these post-cutoff test cases, and Algorithm |2/ extracts the corresponding oracles, resulting in a
test set of 3,448 oracles. The experiment involved 3 different approaches:

* Pure Neural Model: Qwen2.5-Coder (3B) fine-tuned to generate complete oracles in a
single inference step.

* TRACTO (Neuro-Symbolic): Token-by-token generation through iterative interaction be-
tween the symbolic module (ANTLR Parser and Identifier Resolver with validation con-
straints) and the neural module represented by Qwen2.5-Coder (3B) fine-tuned to gen-
erate the next target token.

* Vanilla Qwen2.5-Coder (32B): The best-performing vanilla model from Chapter[4] queried
with the P-C-T-F prompt configuration.

5.5 Experimental Evaluation

This section presents the results of a comprehensive experimental validation that addresses two
research questions:

RQ1 Accuracy comparison: How does the neuro-symbolic TRACTO approach compare with a
fine-tuned pure neural model and a large vanilla LLM in terms of oracle generation accuracy
on an unbiased test set? We compare the neuro-symbolic TRACTO approach with purely
neural and large vanilla LLM baselines to assess how symbolic integration influence the
accuracy of oracle generation

RQ2 Correctness comparison: How does the neuro-symbolic TRACTO approach compare with a
fine-tuned pure neural model and a large vanilla LLM baselines in terms of oracle correctness?
We assess how the integration of symbolic module within TRACTO affects the correctness
of generated oracles—measured through compilation rate and test pass rate, relative to
purely neural and large vanilla LLM baselines.

5.5.1 RQI1: Accuracy Comparison

RQ1 evaluates the accuracy of three approaches in terms of exact match and inclusion metrics.
The exact match accuracy measures the percentage of generated oracles that match the target
oracle character-for-character. The inclusion accuracy measures the percentage of generated
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oracles that contain the target oracle as a substring.

Results

Table[5.1 presents the accuracy results for the three approaches.

Table 5.1. Accuracy of the approaches.

Approach Exact Match Inclusion
Pure Neural (3B) 31.0% 33.6%
TRACTO (3B) 12.9% 14.1%
Vanilla (32B) 23.3% 26.1%

The pure neural model reaches 31% exact match accuracy and 33.6% inclusion accuracy,
TRACTO achieves 12.9% exact match and 14.1% inclusion, the vanilla Qwen2.5-Coder (32B)
achieves 23.3% exact match and 26.1% inclusion, on the dataset of 3,448 test cases.

Pure neural fine-tuning achieves highest raw accuracy: The accuracy of the pure neural
model is 20 percentage points higher than the accuracy of TRACTO. This gap indicates that the
oracle generation without symbolic constraints during inference produces outputs that more
closely match developer-written oracles in terms of syntactic structure.

Fine-tuning provides substantial benefits: The exact match accuracy of the pure neural
model is 6 percentage points higher than the accuracy of the vanilla baseline, indicating that
task-specific fine-tuning enables smaller models to outperform larger general-purpose models.

TRACTO’s accuracy-coverage trade-off: TRACTO’s lower accuracy scores reflect the trade-
off between generation coverage and oracle quality, as we will see from the results of RQ2.
The symbolic validation constraints that improve correctness also reduce the total number of
successfully generated oracles. When the symbolic module detects divergence patterns, it aborts
the generation, resulting in no oracle for that test case.

rAnswer to RQ-1:
The pure neural model achieves the highest raw accuracy (31.0% exact match, 33.6% inclu-
sion), outperforming TRACTO (12.9%, 14.1%) and the vanilla baseline (23.3%, 26.1%). The
raw accuracy measures the syntactic similarity without accounting for quality differences.
The lower accuracy of TRACTO reflects its proactive filtering strategy: the symbolic module
discards generation attempts when detecting signs of divergence, reducing coverage, while
{ improving the correctness of successfully generated oracles, as shown in RQ2.

5.5.2 RQ2: Correctness Evaluation

RQ2 evaluates the practical correctness of generated oracles by measuring the success of the
compilation and the outcomes of the test execution.

Experimental Procedure

We evaluate the correctness for each project in the test set as follows. We create a baseline
version by removing the developer-written assertion statements from the original test cases.
This baseline preserves the original test logic allowing the evaluation of the correctness to focus
on the effect of the oracles generated by the three target approaches, when integrated within
the test prefixes. The evaluation then proceeds through the following steps:
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1. We compile the original baseline test cases without oracles to verify baseline compilability
and execution.

2. For each approach, we replace the target oracle with the generated oracle, we compile the
modified test file, and if compilation succeeds, we execute the test and record pass/fail
outcome.

We exclude from analysis the projects that fail to compile, single test cases whose baseline
version fails to compile, and test cases whose baseline version fails execution.

Successfully compiling 16 out of 35 test set projects, the correctness evaluation analyzes the
subset of test cases from these projects that satisfy the filtering criteria.

Results

Table shows the compilation and test pass rates of the three approaches computed on 16
projects. The rates for TRACTO indicate the percentage of compiling and passing test cases
relative to the successfully completed generations, excluding the oracles that do no pass the
symbolic validation (680 out of 1591 total attempts, 43%).

Table 5.2. Average compilation and test pass rates on 16 projects.

Approach Total Oracles Compilation Rate Test Pass Rate
Pure Neural (3B) 1,591 72.6% 51.3%
TRACTO (3B) 911 80.4% 59.1%
Vanilla (32B) 1,538 10.5% 7.2%

Table 5.3 shows the results per-project for the 16 successfully compiled projects. The table
indicates the number of generated oracles (G), the number and percentage of oracles that suc-
cessfully compile (C) and the number and percentage of the test case that pass when executed
(TP).

The pure neural model generates 1,591 oracles with 73% compilation rate and 51% test pass
rate. TRACTO completes 911 generations (after discarding 835 attempts) with 80% compilation
rate and 59% test pass rate among completed oracles. The vanilla baseline generates 1,538
oracles with 10% compilation rate and 7% test pass rate.

TRACTO achieves the highest compilation and test pass rates with respect to the success-
fully completed generations, TRACTO outperforms the pure neural model both in compilation
rate (80% versus 73%) and in test pass rate (59% versus 51%). This indicates that symbolic
validation constraints successfully identify and filter problematic generation paths.

Symbolic validation trades coverage for quality: TRACTO’s symbolic module aborts 43%
of generation attempts (680 out of 1591) when detecting signs of divergence, reflecting in a
low false positive rate and a lower total generation coverage than the the pure neural model.

Both fine-tuned approaches dramatically improve over vanilla baseline: both TRACTO and
the pure neural model substantially outperform the vanilla 32B baseline. TRACTO achieves 69.9
percentage points higher compilation rate and 51.9 percentage points higher test pass rate com-
pared to the vanilla baseline.

Coverage—correctness trade-off: The comparison reveals a Pareto frontier: TRACTO pro-
duces fewer oracles but with higher correctness (80% compilation, 59% test pass, 911 oracles)
that the pure neural model, which generates more oracles with lower correctness (73% compi-
lation, 51% test pass, 1,591 oracles) than TRACTO.
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Answer to RQ-2: TRACTO achieves the best compilation and pass rates: 80% compilation
and 59% test pass rate, outperforming the pure neural model (73%, 51%) and substantially
exceeding the vanilla baseline (10%, 7%). The good compilation and pass rates comes with
a reduced generation coverage: TRACTO infers 911 oracles, less than the pure fine-tuned
neural model (1,591), as the symbolic module discards 680 attempts (43%) when detect-
ing invalid patterns. The results show that symbolic validation provides measurable value
by proactively filtering diverging generation paths, improving the reliability of the success-
fully generated oracles, while indicating a fundamental trade-off between test completion
coverage and quality.

‘ Tracto ‘ Qwen2.5-Coder (32B) ‘ Qwen2.5-Coder (3B-finetuned)

| 6 ¢ % T %| G C % TP %| G cC % TP %
jenkinsci/ansicolor-plugin 94 71 76 68 72 87 17 9 17 9 186 176 95 86 46
jenkinsci/lockable-resources-plugin 63 63 100 46 82 89 5 6 4 5 101 9 89 74 79
datadog/java-dogstatsd-client 5 4 80 0 0 5 0O 0 0 O 6 5 83 0 0
crawler-commons/crawler-commons 35 31 89 22 67 35 5 14 5 15 27 25 93 24 96
42bv/beanmapper 43 15 35 6 18 54 8 15 7 16 55 21 38 16 35
cyclonedx/cyclonedx-core-java 224 186 83 49 22| 277 17 6 14 5 278 134 48 67 24
networknt/json-schema-validator 290 232 83 37 0 566 68 12 0o o0 567 402 72 114 50
ibm-messaging/kafka-connect-mg-source 15 6 40 2 13 14 2 14 2 14 15 14 93 13 87
netarchivesuite/solrwayback 3 3 100 1 33 2 1 50 1 50 3 3 100 1 33
getodk/javarosa 12 8 67 7 58 22 0 0 [V 23 10 43 9 39
seleniumhq/htmlunit-driver 44 34 77 30 68 45 1 2 0 O 46 43 93 39 85
jenkinsci/azure-storage-plugin 56 51 91 40 71 81 13 16 13 16 82 59 72 51 62
osiris-team/autoplug-client 3 2 67 2 67 7 1 14 1 14 8 7 88 5 63
jenkins-infra/repository-permissions-updater 5 4 80 4 80 4 0O 0 0 o0 4 1 25 1 25
photon-github/anticheataddition 19 13 68 5 28 7 3 43 3 50 42 37 88 27 66
datastax/cassandra-data-migrator 0 0 0 0o 0 143 19 13 17 13 148 120 81 99 71
Total [ 911 723 80 319 59| 1538 160 10 84 7| 1591 1147 73 626 51

Table 5.3. Number of oracles generated (G), that compile (C) and test case that pass (TP)

5.6  Threats to Validity

TRACTO represents a preliminary exploration of neuro-symbolic approaches for concrete oracle
generation. The work is still unpublished and has not undergone the rigorous peer review pro-
cess, which limits the maturity of our findings and constrains the generalizability of our results.
This section discusses both internal and external threats to validity that may affect the credi-
bility and generalizability of the evaluation, along with the measures adopted to mitigate these
risks.

Internal Validity

The internal validity of the TRACTO evaluation is challenged by complexities in model selection,
the fidelity of the symbolic instrumentation, and the mechanisms of data preparation.

The experimental design compares TRACTO against two primary baselines: a fine-tuned
pure neural model sharing the same 3-billion-parameter backbone, and a 32-billion-parameter
vanilla model (Qwen2.5-Coder). While this setup aims to isolate the contribution of the sym-
bolic component, several confounding variables introduce ambiguity into the causal interpreta-
tion of the results. The decision to utilize the Qwen2.5-Coder 3B model as the neural backbone
for TRACTO was driven by hardware constraints, specifically the necessity to fit the training
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and inference processes within the VRAM limits of a single NVIDIA A100 GPU. This resource
constraint required a comparison against a vanilla baseline (32B) that is an order of magni-
tude larger. Literature on large language models consistently demonstrates that reasoning ca-
pabilities, instruction following, and the ability to handle complex contexts scale non-linearly
with parameter count. The vanilla 32B model possesses inherently superior "world knowledge"
and coding intuition compared to the 3B backbone used in TRACTO. The superior compilation
rate of TRACTO (80%) versus the vanilla 32B model (10%) is a strong signal of the value of
fine-tuning and the contribution of the symbolic module. The comparison with a pure neural
model, sharing the same 3B configuration isolate the contribution of the symbolic module of the
neuro-symbolic approach, improving the compilation rate by 7%. However, the comparison is
still asymmetric. It remains unclear whether a neuro-symbolic 32B model would exhibit linear
gains or diminishing returns. If the symbolic module acts primarily as a guardrail for "weaker"
models, its utility might decrease as the underlying neural backbone becomes more capable
of self-correction. Conversely, if the symbolic module provides information inaccessible to the
neural weights (e.g., precise project identifiers), the gains should persist. The current exper-
imental design cannot disentangle these effects, leaving the scalability of the neuro-symbolic
benefit as an open internal validity threat.

Static analysis in Java is notoriously difficult due to dynamic features such as reflection,
complex generics, and dependency injection frameworks. TRACTO’s Identifier Resolver attempts
to construct a comprehensive list of valid tokens (methods, fields, classes) available at a given
cursor position. The dataset analysis revealed that in 4% of the training datapoints, the actual
target token from the developer-written oracle was missing from the candidate lists generated
by the symbolic module. This implies that in 1 out of every 25 generation steps, the symbolic
module presented the neural module with an unsolvable problem: choosing the correct token
from this list, when the correct token was not in the list. This forced error phenomenon creates
a ceiling on TRACTO’s potential accuracy that is unrelated to the neural model’s capability. In
the pure neural baseline, the model can "hallucinate" the correct token even if it resides in a
complex dependency that static analysis missed. In TRACTO, the decoding constraints actively
prevent the model from selecting that correct token if the symbolic module missed it. This
instrumentation threat artificially deflates the accuracy of TRACTO compared to the pure neural
baseline, confounding the assessment of the neuro-symbolic architecture’s true efficacy.

A defining feature of TRACTO is its validation mechanism: if the symbolic module detects
a diverging pattern (e.g., a method call with incorrect arity), it aborts the generation process.
This mechanism resulted in the abortion of 680 out of 1591 generation attempts (approximately
43%). Comparing the compilation rate of TRACTO (calculated on N = 911) against the pure
neural model (calculated on N = 1591) introduces a selection bias. The pure neural model
is penalized for attempting difficult cases that TRACTO skips. While this reflects the practical
utility of the tool (it is better to produce nothing than garbage), it complicates the theoretical
comparison.

Finally, the manual validation of the 3448 generated oracles is almost impossible. We auto-
matically validated the generated oracles by comparing them with the available and carefully
designed oracles. We mitigated the risks of incorrect validation by implementing the compari-
son with string matching and inclusion that misses valid oracles that differ from the reference
manual oracles only for even small syntactic elements. We decided to report conservative results
that are a pessimistic under-approximation of the actual data, to avoid any risk of overestimat-
ing the results.
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External Validity

The evaluation focuses on projects retrieved from GitHub with specific quality filters: at least
100 commits, 50 issues, 10 distinct contributors, 10 stars, and Maven-based compilation. This
selection process creates a bias toward mature, well-maintained open-source projects with es-
tablished testing practices. The findings may not generalize to smaller projects with less formal
development processes, proprietary codebases, or projects using non-standard build systems.
Additionally, the evaluation excludes projects with external build dependencies or complex tran-
sitive dependency chains, potentially limiting applicability to real-world scenarios where build
infrastructure varies substantially.

TRACTO’s symbolic module imposes computational overhead due to iterative grammar-based
validation at each token generation step. The approach requires multiple parsing passes through
the partial oracle and candidate token filtering operations, resulting in longer oracle generation
times compared to single-step neural generation. While the neural module and symbolic mod-
ule are decoupled via a REST API, facilitating potential deployment on separate computational
resources, this modularity introduces network latency that may impede practical adoption in
resource-constrained or real-time testing scenarios. The trade-off between symbolic correctness
and computational efficiency remains a practical limitation for operational deployment.

The training data construction methodology relies on automated extraction of test cases
created after September 1, 2024, to ensure temporal separation from LLM training cutoffs.
However, this temporal cutoff assumes that publicly declared training cutoff dates are accurate
and that no data leakage occurred through non-standard channels such as API queries, web
scraping, or inclusion in fine-tuning datasets for commercial models. While we mitigate this
risk by relying exclusively on open-source models with well-documented training procedures,
the assumption of clean temporal separation may not hold universally.

Beyond temporal cutoff boundaries, a more fundamental threat to validity arises from the
problem of structural data leakage: even test cases created after LLM training cutoffs may share
syntactic patterns, assertion structures, and semantic properties with test cases present in the
training data. Modern test case generation follows established conventions—such as the use
of common assertion methods (e.g., assertEquals, assertTrue, assertNull), standard test nam-
ing patterns, and predictable assertion argument structures—that are likely represented in the
training data of any LLM pre-trained on substantial code corpora. Consequently, even osten-
sibly novel test cases can implicitly encode patterns that the LLM has previously encountered,
conferring an unfair advantage that is difficult to detect or measure. For instance, an asser-
tion of the form assertEquals(expected, actual) with specific variable names and types
may constitute a nearly identical pattern to assertions in the training data, even if the partic-
ular method under test is novel. This structural similarity cannot be easily remedied through
temporal filtering alone, as it stems from the fundamental nature of standardized test writing
practices across the software engineering community. The quantitative impact of this structural
leakage on TRACTO’s performance cannot be precisely determined, but we acknowledge that
the superiority of neural models in oracle generation may be partially attributable to implicit
memorization of common test patterns rather than genuine generalization to unseen oracle
forms. This threat particularly affects the comparison between TRACTO and the pure neural
baseline, as both approaches may benefit equally from such implicit pattern recognition, po-
tentially masking differences in their respective capabilities on truly novel oracle patterns that
deviate from conventional test writing practices.

The evaluation dataset is biased toward specific assertion types and oracle patterns that
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predominate in mature Java projects. Rare assertion types, domain-specific assertion libraries,
or testing frameworks diverging from standard JUnit conventions may be underrepresented in
the evaluation, potentially inflating performance metrics on common assertion patterns while
obscuring challenges on less frequent oracle forms.

Preliminary Nature and Maturity of the Work

The evaluation presented in this chapter represents a preliminary empirical investigation of
neuro-symbolic approaches for concrete oracle generation. The work has not undergone peer
review, and the methodology, experimental design, and findings remain subject to refinement
and revision.

The mutation testing analysis in Chapter|4|establishes that LLM-generated concrete oracles
can meaningfully contribute to mutation score improvements. However, TRACTO’s integration
into real-world testing workflows, its impact on developer productivity, and its practical utility
for bug detection have not been empirically validated yet.

Together, these limitations underscore that this chapter presents preliminary findings from
an ongoing research effort. Until such additional evidence is gathered, the conclusions drawn
from this preliminary evaluation should be interpreted with caution.



Chapter 6
Conclusion

This dissertation defines a neuro-symbolic approach to automatically generate test oracles. The
research systematically investigates whether integrating symbolic testing techniques with neu-
ral models produces semantically relevant test oracles with improved soundness and complete-
ness compared to purely neural approaches.

Our systematic three-stage empirical investigation spanning both axiomatic and concrete
oracle generation provides strong evidence supporting this hypothesis. The results show that
symbolic constraints reduce false positives, improve compilation rates, and enhance test pass
rates.

6.1 Contributions

This dissertation contributes to the state of the art in automated test oracle generation with
TRATTO, a neuro-symbolic axiomatic oracle generator, a large-scale empirical study of LLMs for
concrete oracle generation, and TRACTO, a neuro-symbolic concrete oracle generator.

6.1.1 Tratto: Neuro-Symbolic Axiomatic Oracle Generation

TRATTO, a neuro-symbolic approach to generate axiomatic test oracles, substantially improves
axiomatic oracle generation. The approach reformulates the oracle problem as a token gener-
ation problem, where a symbolic module constrains the search space to ensure compilability
while a neural module guides the generation toward semantically relevant oracles. TRATTO
achieves 73% accuracy, 72% precision, and 61% F1-score on ground-truth datasets, outperform-
ing both the symbolic baseline Jdoctor (61% accuracy, 62% precision, 25% F1-score) and the
neural baseline GPT-4 (40% accuracy, 24% precision, 37% F1-score). The approach generates
three times more correct oracles than Jdoctor while producing ten times fewer false positives
than GPT-4, confirming that symbolic constraints effectively reduce spurious assertions without
sacrificing the generalization capabilities that neural models provide.

The multitask learning framework of TRATTO couples oracle evaluation with token selection,
enabling the model to decide whether an oracle can be generated and to choose tokens that form
semantically coherent assertions. Our ablation study indicates that removing the symbolic mod-
ule reduces accuracy by 6 percentage points, while eliminating the multitask architecture causes
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a further 3-point drop. These results isolate the contribution of each architectural component
and confirm that both symbolic constraints and multitask learning enhance oracle quality.

When integrated with EvoSuite-generated test suites, TRATTO improves mutation scores in
five out of six projects for test suites containing implicit oracles, and in five projects for combined
implicit and regression oracle suites. Jdoctor improves four test suites with implicit oracles but
shows no gains with combined oracles. These results indicate that the broader applicability of
TRATTO translates into measurable improvements in test suite effectiveness.

6.1.2 Large-Scale Empirical Study of LLMs for Concrete Oracle Generation

Our large-scale empirical study systematically evaluates vanilla large language models for con-
crete oracle generation, establishing baselines and identifying key factors affecting oracle qual-
ity. The study examines 13,866 test oracles from 135 Java projects, with all test cases created
after model training cutoff dates to prevent data leakage. The experiments generate 554,640
predictions across multiple model families, sizes, and prompt configurations.

The results indicate that larger models consistently outperform smaller models across all
specializations, while providing additional contextual information beyond test prefix and in-
voked method signatures yields no significant performance improvements. This finding chal-
lenges the common assumptions about optimal prompting strategies and suggests that model
limitations derive more from fundamental architectural constraints than from insufficient input
information.

Our mutation analysis shows that the fault-detection capability of LLM-generated oracles is
comparable to developer-designed oracles (43% versus 45% mutation score) validating their
practical utility for test suite augmentation. The study also reveals an important limitation:
50% of generated oracles in the experiment fail to compile or execute, highlighting substantial
correctness issues that limit deployment in production testing environments.

The empirical study establishes methodological practices for rigorous LLM evaluation in
code generation tasks. The emphasis on post-training-cutoff datasets addresses data leakage
concerns prevalent in LLM research. The systematic variation of prompt configurations and
model types provides a template for comparative evaluation that isolates the impact of individ-
ual experimental factors.

6.1.3 Tracto: Neuro-Symbolic Concrete Oracle Generation

TRACTO, a neuro-symbolic approach to generate concrete oracles, combines ANTLR4-based
grammar analysis and JavaParser-based identifier resolution with neural token selection and
literal inference. The systematic comparison against a fine-tuned pure neural model (Qwen2.5-
Coder-3B) and the best-performing vanilla model from the empirical study (Qwen2.5-Coder-
32B) on 3,448 post-cutoff test oracles reveals fundamental trade-offs between generation strate-
gies.

The raw accuracy of the pure neural model (33%) is higher than the accuracy of both
TRACTO (20%) and the vanilla LLM (10%). However, TRACTO yields more robust oracles tht
both other approaches, with the highest compilation (80% versus 73% for the pure neural
model and 10% for the vanilla LLM) and higher test-pass rates (59% versus 51% and 7%, re-
spectively). These results support the research hypothesis that symbolic constraints measurably
improve oracle correctness metrics (successful compilation and execution).
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Since the neural component of TRACTO and the fine-tuned neural model share the same
architecture and training data, their comparison effectively serves as an ablation study, to iso-
late the effect of symbolic constraints. The 7% compilation rate improvement and 8% test pass
rate improvement directly attributable to symbolic integration confirm that neuro-symbolic ap-
proaches enhance the quality of oracles with respect to pure neural approaches.

The test oracle completion of TRACTO is lower than pure neural approaches: TRACTO aborted
43% of the generated oracles in the correctness evaluation experiment, since the symbolic val-
idation discards the generation when detecting irrecoverable errors. This trade-off reflects a
fundamental tension in neuro-symbolic design: stricter symbolic constraints improve per-oracle
quality while reducing the proportion of test cases for which oracles are successfully generated.

6.2 Future Directions

The results presented in this thesis open new research directions towards dynamic contextual
prompting with token-by-token refinement—an approach that fundamentally reconceptualizes
how contextual information guides oracle synthesis.

6.2.1 Dynamic Input Prompts with Token-by-Token Context Refinement

Pure neural approaches require embedding all contextual information within a single static
prompt because they generate the complete oracle in a single iteration. This constraint limits
both the quantity and specificity of information available during generation. Our results show
that large language models suffer from the “lost in the middle” phenomenon: when presented
with extensive context windows, models struggle to effectively utilize the information located
in the middle of long inputs, exhibiting a U-shaped attention bias that prioritizes information at
the beginning and end while degrading performance on mid-context information [44]). Studies
show that LLM performance degrades significantly as context length increases, with models
dropping below 50% of their short-context performance when processing contexts of 32,000
tokens or more [34]).

A token-by-token approach exploits the iterative generation process to update contextual
information dynamically at each step, thus progressively refining context as the oracle takes
shape. A token-by-token approach provides focused, targeted information relevant to the spe-
cific generation step, rather than overwhelming the model with extensive contextual informa-
tion that degrades attention and introduces noise. By limiting context to immediately relevant
information at each iteration, the approach maintains the focus of the model, and prevents the
performance degradation associated with bloated context windows.

6.2.2 Enhanced Symbolic Constraints and Adaptive Neural Fallback

The symbolic component of a neuro-symbolic concrete test oracle approach can be strength-
ened through fine-grained semantic analysis that extends beyond basic grammar-based token
retrieval and identifier resolution. Current implementations rely on grammar rules to enu-
merate candidate tokens and employ identifier resolvers to collect project-specific identifiers.
However, this procedure overlooks semantic constraints derivable from static analysis that could
filter out semantically invalid candidates before presenting them to the neural model.
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For example, when the partial oracle invokes a method, the symbolic component can analyze
parameter types and counts, eliminating candidates that cannot be passed as arguments to
the method invocation. In this context, if a method expects an argument of type String, the
symbolic analyzer can discard candidates referring to instances of incompatible types such as
Integer or List<Double>. Similarly, when a method signature requires three parameters, the
symbolic component can prevent the neural model from considering method calls with different
arity. This fine-grained type analysis reduces the search space by filtering semantically invalid
tokens before the neural model makes selection decisions, limiting the probability of incorrect
generation. This contextual awareness transforms the symbolic component from a passive token
enumerator into an active semantic validator that guides generation toward correct assertion
structures.

Despite these improvements, the symbolic component will inevitably fail to resolve sym-
bols when generating invocations to methods from external dependencies outside the analysis
scope. Current neuro-symbolic approaches handle this limitation by providing a restricted set of
fallback tokens, forcing the model to select from suboptimal candidates. An improved strategy
treats such scenarios as opportunities for the neural model to operate independently, temporar-
ily relaxing decoding constraints and allowing the model to predict tokens without symbolic
restrictions.

This adaptive fallback mechanism requires training the neural model on dual objectives:
token-by-token generation under symbolic constraints (when resolution succeeds) and com-
plete oracle generation without constraints (when resolution fails). The dual training regime
ensures the model develops competence in both constrained synthesis—where symbolic infor-
mation guides each generation step—and unconstrained generation—where the model relies
entirely on patterns learned during pre-training and fine-tuning. For popular external libraries
such as JUnit, Mockito, or Apache Commons, the model likely encountered extensive usage
examples during pre-training. When symbolic resolution fails for methods from these libraries,
the model can infer correct tokens by leveraging its learned knowledge of common API usage
patterns.

This integrated approach addresses both the symbolic component’s limitations and the test
oracle completion reduction derived from constrained generation. By combining enhanced se-
mantic filtering with adaptive neural fallback, the system maintains high oracle quality when
symbolic information is available while gracefully degrading to pure neural generation when
symbolic analysis proves insufficient. The result is a neuro-symbolic architecture that prevents
the symbolic component’s limitations from unnecessarily constraining generation when the neu-
ral model possesses sufficient knowledge to proceed independently, while still leveraging sym-
bolic precision whenever possible to improve oracle correctness.

6.3 Methodological Implications

This dissertation advances methodological practices for evaluating neural code generation sys-
tems. The emphasis on post-training-cutoff datasets addresses data leakage concerns that
threaten the validity of LLM evaluations. The large-scale empirical study varies prompt con-
figurations and model types in a systematic manner, creating a methodological design model
that supports rigorous comparative evaluation. The ablation study design isolating symbolic
components through matched neural baselines demonstrates how to empirically quantify the
contribution of individual architectural elements in complex neuro-symbolic systems.
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The mutation testing evaluations establish oracle strength as a critical evaluation dimension
beyond syntactic correctness. Measuring compilation rates and test pass rates as distinct metrics
reveals the layered nature of oracle quality: oracles must first compile (syntactic correctness),
then execute without failing on correct code (semantic validity), and finally detect faults when
present (oracle strength). This multi-level evaluation framework applies broadly to automated
test generation research.

6.4 Positioning Within the Research Landscape

This work contributes to the broader neuro-symbolic Al research agenda by demonstrating
concrete benefits of symbolic integration in practical software engineering tasks. While prior
neuro-symbolic work focused primarily on program synthesis and code generation, this disser-
tation extends these techniques to the distinct problem of oracle generation where correctness
requirements differ from general code generation. The findings align with results from type-
constrained decoding and grammar-constrained program synthesis, confirming that formal con-
straints measurably improve neural generation across diverse software engineering domains.

6.5 Final Considerations

The synthesis of symbolic reasoning and neural flexibility brings both substantial benefits and
notable challenges. Neuro-symbolic integration consistently improves oracle correctness across
diverse experimental settings and oracle types, however it also exposes fundamental challenges:
test oracle completion versus quality, flexibility versus constraint, and learned patterns versus
formal guarantees. No single approach resolves these trade-offs universally: different testing
contexts demand different balances.

The future does not lie in choosing exclusively between symbolic and neural paradigms, but
in designing increasingly refined ways to combine them.

This dissertation shows that neuro-symbolic integration can generate semantically meaning-
ful test oracles with stronger soundness. The empirical evidence supports the central hypothesis
while also revealing the practical challenges of implementation. As language models continue
to advance and symbolic analysis techniques become more sophisticated, the approaches devel-
oped here provide a foundation for next-generation testing automation that unites the strengths
of both paradigms: the precision and guarantees of formal methods with the adaptability and
generalization capabilities of neural models.
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