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Testing AIware Systems: A Software Engineering Survey
Anonymous Author(s)

Abstract
Foundation models, particularly large language models, are increas-
ingly embedded as core components of software systems. This shift
has given rise to a growing body of research on testing such sys-
tems, referred to in this paper as AIware systems. While prior work
proposes numerous techniques to expose undesirable behaviors,
it remains unclear how these approaches align with established
software testing practices and support the software lifecycle.

This survey analyzes the AIware testing literature through the
lens of classical software engineering concepts. We examine testing
levels, oracle strategies, automation readiness, and diagnostic sup-
port, and assess how existing approaches map to lifecycle activities
such as integration testing, regression testing, and CI-integrated
workflows. Our results show that the literature is strongly concen-
trated on system-level, pre-release evaluation, with limited oper-
ational support for integration, regression, and deployment-time
testing.

We further show that many of these gaps stem from fundamental
challenges in oracle design, including non-determinism, underspec-
ified correctness, and limited diagnosability. Without stable and
automatable decision criteria, AIware testing techniques remain
difficult to integrate into continuous development and maintenance
pipelines.

Overall, this survey provides a structured characterization of
the current state of AIware testing research and identifies key
structural challenges that must be addressed to support lifecycle-
aware, reliable AIware systems.

Keywords
AIware systems, Foundation models, Software testing, Test oracles
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1 Introduction
Foundationmodels (FMs), particularly large languagemodels (LLMs),
are increasingly embedded as core components of software sys-
tems [1, 7, 8]. These systems—referred to here as AIware systems—
combine prompt templates, orchestration logic, retrieval compo-
nents, external tools, and agentic workflows. Their behavior emerges
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from interactions between conventional softwaremodules and prob-
abilistic model components, rather than deterministic code alone.

This shift challenges core assumptions of classical software test-
ing. Traditional testing practices rely on determinism, stable inter-
faces, and well-defined test oracles [6, 25]. Given the same input, a
system is expected to produce the same output, enabling unit test-
ing, integration testing, regression testing, and automated release
gates [13, 28, 43]. In AIware systems, however, non-deterministic
outputs [3], prompt sensitivity [27], and evolving external depen-
dencies complicate the direct application of these practices.

In response, a growing body of work proposes testing techniques
for AIware systems, including robustness testing, search-based test
generation, metamorphic testing [9], and human-in-the-loop evalu-
ation. However, this emerging literature is uneven. Most approaches
emphasize end-to-end system behavior and pre-release evaluation,
while integration testing, regression testing, CI-integrated work-
flows, and debugging support receive limited operational treat-
ment [16, 46]. Testing is frequently framed as evaluation or bench-
marking rather than as a lifecycle activity embedded in software
development.

As a result, it remains unclear how AIware testing research
aligns with established software engineering practice. Specifically,
we lack a structured view of: (1) how existing work maps to classical
testing levels, (2) which foundational testing assumptions hold or
break down in AIware settings, and (3) whether current approaches
support repeatable, automation-ready testing across the software
lifecycle.

Prior surveys have examined testing of machine learning models
at the model level [46] and behavioral testing for NLP systems [27].
In contrast, this study focuses on lifecycle implications when foun-
dation models are embedded within software systems. To address
this gap, we adopt a testing-first perspective rooted in software
engineering. Rather than organizing prior work by application do-
main or model architecture, we analyze the literature through the
lens of classical testing concepts and lifecycle stages. Our goal is to
characterize where testing activity is concentrated, identify struc-
tural gaps, and examine how AIware properties reshape established
testing assumptions.

This survey is guided by the following research questions:
RQ1:How is existing research on testingAIware systems structured
in terms of testing levels, system types, and testing techniques?
RQ2: Which assumptions underlying classical software testing
hold, weaken, or break down in AIware systems?
RQ3: Towhat extent do existing AIware testing approaches provide
support for core software testing activities across the software
lifecycle?

By answering these questions, we make three contributions.
First, we provide a systematic mapping of AIware testing research
to classical testing levels. Second, we analyze how key testing as-
sumptions—such as determinism, oracle reliability, and failure at-
tribution—are affected in AIware systems. Third, we synthesize
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lifecycle implications, identifying limitations in integration, regres-
sion, and CI-integrated testing and highlighting oracle design as a
central bottleneck for practical adoption.

As AIware systems become integral to production environments,
establishing testing practices that align with software engineer-
ing principles is essential for supporting long-term reliability and
system evolution.

2 Survey Methodology & Corpus Construction
This survey follows a structured literature review approach. The
goal is not to exhaustively review all work related to foundation
models, but to analyze existing software testing approaches for AI-
ware. We focus on identifying which testing activities are currently
supported, which assumptions no longer hold, and which parts
of the software testing lifecycle remain underexplored within the
emerging AIware testing landscape.

The goal of this search process is to identify studies that contain
concrete evidence of testing activity for AIware systems. Papers are
treated as individual units of analysis. The behaviours we search
for are mainly described through methodologies, evaluations and
reported results, rather than conceptual discussions. Subsequent
screening and coding decisions focus on whether a paper has suf-
ficient evidence and detail to support explicit classification along
our dimensions.

2.1 Scope of the Review
We studyAIware systems, defined as software systems that integrate
foundation models (e.g., large language models) as core components
alongside conventional software modules such as orchestration
logic, retrieval mechanisms, external tools, and user interfaces.

The scope of this survey is intentionally narrow. We focus on
work that addresses testing or evaluation from a system-level soft-
ware engineering perspective. This includes studies that propose or
analyze concrete testing activities, such as robustness testing or
system-level validation. We also examine whether existing work
provides support for debugging, regression testing, or lifecycle-
integrated testing, without assuming that such support exists.

Table 1 summarizes the inclusion and exclusion criteria used
in this survey. Papers that discussed testing challenges or risks
without proposing structured frameworks (e.g., taxonomies) or
concrete testing procedures were excluded. The resulting corpus
therefore consists of studies that provide sufficient methodological
and evaluative detail to support evidence-based classification of
testing characteristics, which forms the basis of analyses performed
under each research question.

2.2 Search Strategy and Study Selection
The literature search and corpus construction follow an iterative,
multi-phase procedure summarized in Table 2. The procedure is
designed to identify system-level software testing methodologies
for AIware systemswhile maintaining a controlled and reproducible
search scope.

Search sources and scope. The search is conducted using Google
Scholar, the ACM Digital Library, IEEE Xplore, and arXiv. Google
Scholar serves as the primary discovery engine due to its broad
coverage of venues and preprints, while the remaining sources are

Table 1: Study inclusion and exclusion criteria

Inclusion criteria (all must hold):

✓ The study examines AIware systems or provides a structured
analytical framework (e.g., taxonomy) grounded in such sys-
tems.
✓ The study addresses testing or evaluation from a system-level
software engineering perspective.
✓ The study proposes, analyzes, or systematically categorizes
testing activities, test oracles, or testing workflows.
✓ The study goes beyond isolated model training or benchmark-
only evaluation.
✓ The study provides concrete methods rather than high-level
visions, roadmaps, or challenge catalogues.
Exclusion criteria (any one is sufficient):

✗ The study focuses exclusively on foundation model architec-
ture, training, or pretraining.
✗ The study reports benchmark results without discussing
system-level testing implications.
✗ The study uses foundation models only to support traditional
software engineering tasks (e.g., test generation).
✗ The study discusses reliability or trustworthiness only at a
conceptual level without operational testing methods.

used to confirm coverage in core software engineering and systems
venues.

For all keyword-based and targeted searches, results were screened
until thematic saturation was observed. In practice, this typically
occurred within the top 10 ranked results, after which no additional
relevant studies were identified. For citation-based exploration, the
set of papers considered is determined by the source paper itself.
In practice, this corresponds to examining reference lists of ap-
proximately 30 papers on average per seed paper. Forward citation
search is applied when available; however, many recent papers have
low citation counts, which naturally limits the size of the forward
citation set.

Phase 1: Seed discovery. In the seed discovery phase, an initial set
of keyword queries is defined based on two keyword families: (i)
testing- and evaluation-oriented terms (e.g., “LLM testing”, “AI sys-
tem robustness”, “LLM evaluation”) and (ii) system-oriented terms
reflecting common AIware architectures (e.g., “retrieval-augmented
generation”, “agentic systems”, “tool-using LLMs”). Queries are con-
structed by combining these families.

For each query, the top 10 search results are screened at the
title and abstract level using the inclusion and exclusion criteria
described in Table 1. At the end of this phase, seven papers satisfy
the screening criteria and are forwarded as seed papers to the next
phase.

Phase 2: Citation expansion. In the citation expansion phase, the
seed papers are used as starting points for backward and forward
citation exploration, as well as similarity-based expansion using
related-article suggestions provided by the search engine. Backward
citation search examines the reference list of each seed paper, while
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Table 2: Iterative literature search, screening, and gap analysis procedure

Phase Step Action Outcome

Seed discovery
Query definition Define initial keyword queries based on the research scope. Query set
Keyword search Run keyword-based searches using academic search engines. Initial candidate papers
Initial screening Screen titles and abstracts using inclusion and exclusion criteria. Seed paper set

Citation
expansion

Backward search Examine references of each seed paper. Additional candidates
Forward search Examine papers citing each seed paper. Additional candidates
Related search Review closely related papers suggested by the search engine. Additional candidates
Screening Screen expanded candidates using the same criteria. Expanded corpus

Gap analysis

Coverage assessment Assess coverage across testing levels and lifecycle stages. Identified gaps
Targeted search Run focused searches targeting the identified gaps. Gap-specific candidates
Re-screening Screen gap-specific candidates using the same criteria. Updated corpus

Stopping criteria Saturation check Assess whether new papers introduce new testing concepts. Corpus saturation
Finalization Corpus freeze Finalize the paper set used for synthesis. Final corpus: AIware

testing corpus

forward citation search examines papers that cite the seed paper
when such information is available.

Candidate papers identified during citation expansion are screened
immediately using the same title and abstract criteria applied in
Phase 1. This conservative expansion strategy limits topic drift and
ensures that only papers closely aligned with the survey scope are
retained for further consideration.

Phase 3: Gap analysis. After constructing the core corpus, a final
search phase verifies coverage across classical software testing
levels. Targeted searches using focused queries are run to verify
coverage of specific testing activities. As in Phase 1, screening is
limited to the top 10 results per query and uses the same inclusion
and exclusion criteria.

Screening and corpus finalization. Screening decisions are applied
throughout all phases of the procedure to determine whether candi-
date papers are forwarded or excluded. Across the full process, 622
candidate papers are screened at least at the title or abstract level.
Of these, 16 studies satisfy the inclusion criteria and are retained
in the final corpus, which we refer to in the rest of the paper as the
AIware testing corpus.

The corpus was considered saturated when additional rounds did
not introduce studies that met the inclusion criteria or contributed
new testing concepts.

Figure ?? summarizes how the three research questions build on
the collected corpus and differ in their unit of analysis.

3 RQ1 Analysis and Results
RQ1 characterizes the retained AIware corpus along a set of di-
mensions derived from classical software testing concepts. The
goal is descriptive: to identify how testing is currently conducted,
what levels are targeted, what techniques are employed, and how
correctness and failure are evaluated.

Table 3 defines the coding dimensions used in this analysis. In
addition to these core testing dimensions, we also recorded de-
scriptive corpus characteristics, including publication year, venue

type, and the primary testing technique employed by each study.
These attributes are used to summarize the maturity and method-
ological distribution of the field but are not part of the formal
testing-dimension taxonomy defined in Table 3. Detailed per-paper
coding examples are provided in Appendix A (Tables A1 and A2).

3.1 Coding and Data Extraction
For each retained study, one row was recorded in a structured
extraction spreadsheet available in the replication package.1 Cod-
ing decisions were based on explicit evidence in the methodology,
evaluation, and results sections of each paper. Testing level was
assigned by identifying the artifact under test and the execution
scope. AIware system type was determined from the architectural
role of the foundation model during evaluation. Test oracle type
was derived from the mechanism used to determine acceptable be-
havior. Debugging support was coded based on whether the study
provided diagnostic insight beyond failure reporting. The primary
testing technique was identified from the study’s main methodolog-
ical contribution (e.g., robustness testing, search-based generation,
taxonomy-driven analysis, stress testing, or coverage criteria).

Each paper was assigned one primary value per dimension, to
reflect its main contribution. Secondary aspects were noted inter-
nally but not counted toward aggregate summaries. Appendix A
(Tables A1 and A2) provides detailed coding examples for represen-
tative studies to illustrate how classification decisions were linked
to textual evidence. The findings reported in this paper are lim-
ited to the retained corpus (N=16) and do not extend beyond this
evidence-based set of studies.

3.2 Results
Publication year. The corpus is dominated by very recent work,
with nearly all retained studies published between 2024 and 2026.
This suggests that systematic testing of AIware systems is an emerg-
ing research area rather than a mature subfield.
1All replication materials, including search logs, coding sheets, and RQ analysis
datasets, are publicly available at: https://figshare.com/s/de28656ebb590a85b2ce
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Figure 1: Overview of the study design and unit of analysis across research questions. RQ1 operates at the paper level, extracting
and coding study attributes (testing level, system type, test oracle, and debugging support). RQ2 maps six classical testing
assumptions to each paper, with the unit of analysis being an assumption per paper. RQ3 aggregates results by testing level to
synthesize dominant oracle strategies, automation readiness, and diagnostic support across the AIware testing corpus.

Venue type and peer-review status. The literature spans con-
ferences, journals, and preprint servers. The majority of retained
studies appear as preprints, which reflects the rapid evolution of AI-
ware testing research. A smaller subset has undergone peer review
in established software engineering venues, including AST, ICSTW,
and the Journal of Systems and Software [23, 35, 42, 44]. The same
inclusion criteria were applied uniformly across venues.

Testing levels.Within the retained corpus, the majority conduct
system-level evaluation. Most studies evaluate end-to-end AIware
behavior, exercising complete workflows, prompt–example com-
binations, or multi-component interactions [3, 11, 15, 30, 38–41].
Regression testing appears in one study, which analyzes prompt
behavior under evolving LLM APIs and examines the impact of
silent model updates

We did not identify any retained study that treats CI-integrated
or in-production testing as a primary testing level. Agent reliability
studies evaluate production-like stress conditions [15], but they
do so as controlled experiments rather than as part of ongoing
development or deployment workflows. This approach mirrors
fault injection and chaos engineering, where controlled failures
are introduced to evaluate system resilience [2, 5]. Overall, the
retained corpus focuses mainly on system-level evaluation rather
than component-level or lifecycle-integrated testing.

AIware system type. The retained studies cover a range of AI-
ware system types. Prompt-based and LLM-driven application sys-
tems account for a substantial portion of the corpus, particularly
in robustness and search-based testing frameworks [30, 38–41].
Human-in-the-loop quality evaluation of prompt-driven applica-
tions is also represented [20]. Agentic and tool-using systems form

another present category, with emphasis on reliability, stress condi-
tions, and tool/API interaction behavior [11, 15, 35]. Several studies
focus on infrastructure-level components such as LLM libraries
and deployment frameworks, analyzing defects related to API mis-
use, configuration, and integration [18, 32]. Finally, model-centric
testing approaches appear in work proposing coverage and ade-
quacy criteria at the level of internal LLM components rather than
complete application workflows [42]. Within the retained corpus,
testing challenges arise across multiple layers of the AIware stack,
from prompt templates and application logic to agent coordination
and infrastructure dependencies.

Testing techniques employed.The retained studies can be grouped
according to their primary methodological approach to test genera-
tion or failure analysis.

• Robustness and perturbation-based testing. A substantial
portion of the corpus focuses on generating input variations
to expose unstable behavior in AIware systems [38–41]. These
approaches apply controlled perturbations or fuzzing strategies
to prompts and natural-language inputs and evaluate behavioral
changes under variation.

• Search-based test generation. Several studies use guided search
strategies, such as adaptive random testing or evolutionary opti-
mization, to systematically explore diverse or failure-inducing
inputs [30, 44]. These approaches aim to increase failure discov-
ery compared to random input sampling.

• Taxonomy and failure-model–driven analysis. A significant
subset of the corpus develops structured taxonomies of failures
or defects in AIware systems [11, 18, 32, 33, 35]. These studies
emphasize systematic categorization of failure modes, oracle
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Table 3: Coding dimensions used for data extraction and analysis

Dimension Value Definition

Testing level

Unit Testing individual components in isolation, such as prompt templates, scoring functions, or
wrapper code around a foundation model.

Integration Testing interactions between multiple components, such as a model combined with retrieval,
tools, or orchestration logic.

System End-to-end testing of the complete AIware system, focusing on overall behavior from inputs to
outputs.

Regression Testing whether system behavior changes unintentionally after updates to prompts, models, data,
or system configuration.

CI Testing activities designed to run automatically as part of a continuous integration or deployment
pipeline.

In-production Testing or validation performed on deployed systems using live or shadow traffic.

System type

Prompt-based Systems where behavior is primarily driven by prompt design and prompt templates.
RAG Retrieval-augmented generation systems that combine a foundation model with external knowl-

edge sources.
Agentic Systems that perform multi-step reasoning or decision-making using planning, memory, or action

loops.
Tool-using Systems where the foundation model interacts with external tools or APIs to complete tasks.

Test oracle

Exact Oracles with a clearly defined correct output or assertion, enabling deterministic pass/fail deci-
sions.

Heuristic Oracles based on expectations, thresholds, or qualitative criteria rather than exact correctness.
Metamorphic Oracles that check consistency across related inputs or executions instead of absolute correctness.
Human Oracles that rely on human judgment, ratings, or rubric-based evaluation.

Debugging support
None The approach reports failures without providing diagnostic information about their cause.
Limited The approach provides aggregate signals such as failure counts, coverage metrics, or performance

trends.
Strong The approach supports fault localization, causal analysis, or explicit diagnosis of failure sources.

ambiguity, and infrastructure-level defects rather than executable
test-case generation.

• Stress and production-oriented evaluation. Some studies
evaluate AIware systems under production-like conditions, in-
cluding repeated execution, API drift, or injected perturbations
[15, 23]. These approaches focus on temporal stability, reliability
under faults, and regression across system updates.

• Coverage and adequacy-based criteria. One study proposes
formalized multi-level coverage criteria to assess testing ade-
quacy at the level of internal LLM components [42]. Unlike ro-
bustness testing, this work emphasizes measuring coverage of
model behaviors rather than generating adversarial inputs.

Test oracles. The studies use a range of oracle strategies to deter-
mine acceptable behavior. Many robustness-oriented approaches
rely on heuristic or metric-based oracles, such as error rates, task
accuracy, or safety indicators [38, 40, 41].

Some studies incorporate human judgment, particularly in qual-
itative or human-in-the-loop evaluation settings [20]. Regression-
oriented work compares outputs across system versions to detect
behavioral drift [23]. Metamorphic and relational approaches assess
consistency across multiple executions or input transformations
[15, 39]. Taxonomy-driven studies define structured failure cate-
gories that function as evaluation criteria [33, 35]. To summarize,

oracle design varies from quantitative metrics to structured failure
modeling and human evaluation.

Debugging support. Debugging support differs across the studies.
Many robustness and fuzzing approaches mainly report failure rates
or robustness scores, without explaining why failures occur [38, 40,
41]. Some studies provide more detailed diagnostic insight. Human-
in-the-loop evaluation frameworks collect qualitative feedback to
better understand failure behavior [20]. Regression-oriented work
analyzes how system behavior changes after LLM updates [23].
Agent reliability and stress-testing studies categorize failure types
and analyze contributing factors under controlled conditions [15,
30]. Taxonomy-based studies also organize recurring defects and
testing challenges into structured categories [11, 33, 35]. Overall,
across the retained corpus, the level of debugging support ranges
from simple failure reporting to structured analysis of failure causes.

4 RQ2 Analysis and Results
The findings of RQ1 indicate that the retained corpus of AIware
testing research relies largely on system-level and exploratory tech-
niques. RQ2 examines how foundational assumptions from software
engineering testing theory hold when such models are integrated
into AIware systems.
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4.1 Baseline Assumptions from Classical
Software Testing.

To analyze how AIware systems challenge traditional testing prac-
tice, we make explicit a set of baseline assumptions implicit in
classical software engineering testing theory. These assumptions
are drawn from established work on test oracles, regression testing,
test adequacy, and fault detection, and serve as reference points for
analyzing where existing testing approaches break down in AIware
systems. They are not intended to be exhaustive, but represent core
foundations repeatedly relied upon by classical testing techniques.
The analysis in this section is based solely on the retained AIware
testing corpus.
Assumption A1: Deterministic Execution. Classical software
testing assumes that software systems exhibit deterministic be-
havior: given the same inputs and execution conditions, a system
produces the same observable outputs. This assumption is implicit
in foundational definitions of testing, where test cases are speci-
fied as combinations of inputs, execution conditions, and expected
results that are assumed to be reproducible [6, 25].

Deterministic execution is a prerequisite for regression testing.
Regression testing techniques rely on re-executing previously pass-
ing tests to detect unintended behavioral changes introduced by
code modifications, implicitly assuming that test outcomes are
stable across executions [28, 43]. The same assumption underlies
automated testing and continuous integration practices, where test
failures are treated as reliable indicators of software regressions
rather than execution variability [13].
A1 — Deterministic Execution. Given the same inputs and
system configuration, a software system produces the same
observable behavior across repeated executions.

Assumption A2: Stable and Explicit Interfaces. Classical soft-
ware testing assumes that software systems are decomposed into
components that expose stable and explicit interfaces. Foundational
work on modular design emphasizes that systems should be struc-
tured aroundwell-defined interfaces that separate external behavior
from internal implementation, enabling independent development
and reasoning about components [26, 31].

This assumption is central to software testing practice. Testing
techniques are designed to exercise components through their pub-
lic interfaces, treating these interfaces as fixed points of interaction
while internal implementations evolve [6]. Test cases are specified
in terms of inputs and observable outputs exposed by these inter-
faces, implicitly assuming that the interface remains stable across
executions and versions [25]. More formal approaches, such as de-
sign by contract, further treat interfaces as behavioral contracts
whose preconditions and postconditions can be validated through
testing [24].
A2 — Stable and Explicit Interfaces. Software components
expose stable, well-defined interfaces through which their be-
havior can be exercised and validated independently of their
internal implementation.

Assumption A3: Existence of a Reliable Test Oracle. Classical
software testing assumes the existence of a reliable test oracle: a
mechanism by which the correctness of a program’s behavior can

be determined for a given test case. In traditional testing, expected
outputs are derived from specifications, requirements, or known
correct implementations, allowing test executions to be classified
as pass or fail [6, 25].

The importance of test oracles has long been recognized in the
testing literature [34]. When exact expected outputs are unavail-
able or impractical to specify, alternative oracle strategies—such
as metamorphic relations, partial oracles, or human judgment—are
employed, but correctness is still assumed to be assessable in some
form [4, 9]. The effectiveness of automated testing, regression test-
ing, and test adequacy assessment depends on the availability of
such oracles to interpret test outcomes meaningfully.

A3—Existence of aReliable Test Oracle. For a given test case,
there exists a mechanism to determine whether the observed
system behavior is correct.

Assumption A4: Controlled and Stable Execution Environ-
ment. Classical software testing assumes that tests are executed
within a controlled and stable environment [17]. Foundational test-
ing literature defines a test case not only by its inputs but also by
its execution conditions, implicitly assuming that these conditions
can be reproduced across test runs [25]. Testing frameworks rely
on test harnesses, stubs, and drivers to isolate the system under
test from environmental variability and external dependencies [6].

This assumption is critical for regression testing and automated
testing pipelines. Regression testing techniques attribute changes
in test outcomes to modifications in the system under test, pre-
supposing that the surrounding execution environment remains
unchanged [28]. Similarly, continuous integration practices depend
on stable build and test environments so that test failures can be in-
terpreted as meaningful signals of regressions rather than artifacts
of environmental drift [13].
A4 — Controlled and Stable Execution Environment. Soft-
ware tests are executed in an environment whose configuration
and external dependencies are known, controlled, and stable
across test runs.

Assumption A5: Clear Attribution of Failures. Classical soft-
ware testing and debugging assume that observed failures can be
attributed to specific system components or program elements. Foun-
dational work on debugging treats failure analysis as a process of
isolating the code, module, or interaction responsible for an ob-
served incorrect behavior [45]. Testing and debugging techniques
are therefore designed to narrow down the set of potential fault
locations based on execution traces, coverage information, or com-
ponent boundaries.

This assumption is embedded in fault localization research and
testing practice. Spectrum-based fault localization techniques ex-
plicitly rely on the ability to associate test failures with program
elements that are more likely to be faulty [37]. Similarly, object-
oriented testing approaches assume that failures can be traced back
to individual classes, methods, or interactions, enabling targeted
debugging and repair [6].

A5 — Clear Attribution of Failures. When a test fails, the
cause of the failure can be localized to specific components,
program elements, or interactions within the system.
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Assumption A6: Explicit and Stable Specifications of Correct-
ness. Classical software testing assumes that the expected behavior
of a system is defined by explicit and stable specifications. These
specifications—derived from requirements, design documents, or
contracts—provide the reference against which test outcomes are
judged. Foundational testing literature treats correctness as behav-
ior that conforms to stated expectations, enabling test cases to be
constructed with well-defined expected results [6, 25].

This assumption underlies many testing activities, including unit
testing, system testing, and acceptance testing. More formal ap-
proaches, such as design by contract, make this assumption explicit
by defining correctness in terms of preconditions, postconditions,
and invariants that remain stable across executions and versions
[24].
A6 — Explicit and Stable Specifications of Correctness.
Correctness is defined by explicit specifications that remain
stable enough to support test design and evaluation.
In the remainder of RQ2, we examine how these assumptions

hold, weaken, or break down across existing AIWare testing ap-
proaches.

4.2 Mapping Method
To analyze how classical software testing assumptions behave in
AIware systems, we systematically map the six baseline assump-
tions (A1–A6) to the studies included in the retained AIware testing
corpus.

For each study, we evaluate every assumption along two orthog-
onal dimensions: applicability and status. Applicability captures
whether a given assumption is relevant to the system type and
testing context considered in the study. When an assumption is not
meaningful for a paper’s scope or evaluation setting, it is explicitly
marked as not applicable rather than being forced into the analysis.
For assumptions that are applicable, status characterizes how the
assumption manifests in the study, including whether it is upheld,
implicitly assumed, violated, adapted, or partially holds. Table 4 sum-
marizes the definitions of the applicability and status labels used in
our mapping.

The mapping is performed through close reading of each pa-
per’s problem formulation, testing methodology, evaluation design,
and stated limitations. For each assumption, we first determine its
applicability to the paper’s system type and testing context. For
assumptions that are applicable or partially applicable, we then
assign a status based on how the assumption is treated in the study.
An assumption is coded as implicitly assumed when it is relied
upon without being discussed, and as violated or adapted when
the paper explicitly shows that the classical assumption does not
hold or introduces an alternative formulation. When the evidence
is ambiguous, we apply a conservative coding strategy, favoring
weaker interpretations (e.g., implicitly assumed or partially holds)
over stronger claims of violation. As the analysis progresses, later
studies largely reflect previously identified patterns of assumption
breakdown rather than introducing new categories.

4.3 Results
Table 5 summarizes how the six classical software testing assump-
tions behave across the retained AIware testing corpus. Rather than

failing uniformly, assumptions break down in different ways: some
are repeatedly violated, others hold only under constrained condi-
tions, and several are adapted to accommodate the properties of
AIware systems.

A1 — Deterministic Execution. Within the retained corpus, this
assumption is frequently violated or explicitly adapted. Multiple
studies report substantial run-to-run variability for identical inputs,
even under fixed prompts and configurations [33, 40, 44]. As a result,
several approaches replace single executions with repeated sam-
pling and probabilistic consistency metrics [15]. This shift indicates
that test outcomes for AIware systems cannot be treated as stable
pass/fail signals, but instead must be interpreted as distributions
over possible behaviors.

A2 — Stable and Explicit Interfaces. In AIWare systems, this as-
sumption is frequently violated or holds only partially. The effective
testing interface often includes prompts, contextual information,
and tool schemas, all of which may change with model updates
or deployment context [33, 40, 44]. Studies of agentic and tool-
using systems further show that interface behavior can drift due to
schema evolution and partial failures [15]. Consequently, tests are
bound to volatile interaction surfaces rather than fixed contracts,
limiting the applicability of interface-based testing abstractions.

A3 — Existence of a Reliable Test Oracle. This assumption is vi-
olated or adapted in most studies in the corpus. Binary oracles
based on exact output matching are often infeasible due to out-
put variability and open-ended tasks [33, 40]. In response, prior
work introduces alternative oracle strategies, including probabilistic
correctness thresholds [44], robustness-based proxies [40], human
judgment [20], and state-based goal verification for agentic systems
[15]. These adaptations indicate that correctness assessment in AI-
Ware settings is approximate and context-dependent rather than
definitive.

A4 — Controlled and Stable Execution Environment. In AIWare
systems, this assumption is repeatedly violated or only partially sat-
isfied. Execution depends on evolving foundation models, external
APIs, and shared infrastructure that may change independently of
application code [33, 40]. Several studies explicitly model or inject
environmental variability to better reflect production conditions,
including stress testing, fault injection, and infrastructure-level
perturbations [15]. Other approaches rely on partially controlled
offline setups that nonetheless acknowledge residual execution vari-
ability [44]. These findings show that environmental instability is
a recurring source of variability in AIware systems.

A5 — Clear Attribution of Failures. In the AIWare testing corpus,
this assumption is largely violated or only partially holds. Failures
often emerge from interactions among prompts, model reasoning,
tools, and context rather than isolated code defects [15, 20, 33].
Even when attribution is attempted, it is typically coarse-grained
or probabilistic. Studies tend to identify failure patterns, behaviors,
or fault categories, rather than precise fault locations in code or sys-
tem components [33, 40]. As a result, traditional fault localization
techniques require reformulation in AIWare settings.

A6 — Explicit and Stable Specifications of Correctness. In AIWare
systems, this assumption is violated or adapted in most studies.

7



813

814

815

816

817

818

819

820

821

822

823

824

825

826

827

828

829

830

831

832

833

834

835

836

837

838

839

840

841

842

843

844

845

846

847

848

849

850

851

852

853

854

855

856

857

858

859

860

861

862

863

864

865

866

867

868

869

870

Conference acronym ’XX, June 03–05, 2018, Woodstock, NY Anon.

871

872

873

874

875

876

877

878

879

880

881

882

883

884

885

886

887

888

889

890

891

892

893

894

895

896

897

898

899

900

901

902

903

904

905

906

907

908

909

910

911

912

913

914

915

916

917

918

919

920

921

922

923

924

925

926

927

928

Table 4: Definitions of Applicability and Status Labels Used in Assumption Mapping

Label Definition

Applicability

Applicable The assumption is relevant to the system type or testing context studied in the paper and can meaning-
fully be evaluated.

Partially Applicable The assumption applies only under restricted conditions (e.g., benchmarked settings or specific compo-
nents) or applies to part of the system but not end-to-end.

Not Applicable The assumption is not meaningful for the paper’s scope or testing objective and is therefore excluded
from evaluation.

Status (for Applicable or Partially Applicable Assumptions)

Upheld The assumption holds as in classical software testing and is relied upon without qualification.
Implicitly Assumed The assumption is not discussed explicitly but is required for the proposed testing or evaluation

approach to function as intended.
Violated The paper explicitly shows that the assumption does not hold in the studied AIWare setting.
Adapted The classical assumption does not hold, and the paper introduces a modified or alternative formulation

to replace it.
Partially Holds The assumption holds only under specific constraints (e.g., fixed benchmarks or controlled environ-

ments) and does not generalize to broader AIWare settings.
N/A Used only when the assumption is marked as Not Applicable.

Correctness is frequently defined using benchmark-specific labels,
task-dependent criteria, or proxy measures rather than fixed func-
tional specifications [33, 40, 44]. Agent-oriented approaches further
relax specifications by using goal states, invariants, or metamorphic
relations to assess behavior [15, 20]. These findings indicate that
stable and complete specifications are rarely available for AIware
systems, requiring more flexible notions of correctness.

Overall, the results in Table 5 show that none of the six classi-
cal testing assumptions consistently holds across the retained AI-
Ware testing corpus. Instead, AIware systems introduce systematic
sources of nondeterminism, interface instability, oracle ambiguity,
environmental drift, attribution challenges, and specification un-
certainty. These breakdowns motivate our subsequent analysis of
lifecycle testing support in RQ3.

5 RQ3 Analysis and Results
To address RQ3, we examine whether existing AIware testing ap-
proaches provide adequate support for core testing activities across
the software lifecycle. Rather than evaluating individual techniques
in isolation, we synthesize the literature by testing level and assess
how well the reported approaches support repeatable execution,
interpretation of results, and debugging in practice.

5.1 Synthesis approach.
This analysis builds directly on the coding dimensions defined in
Table 3, namely Testing Level, Test Oracle, and Debugging Support.
For each testing level, we aggregate the coded oracle strategies
and debugging characteristics and summarize whether the reported
workflows allow tests to be executed repeatedly with limited human
involvement. The resulting synthesis is shown in Table 6.

Table 6 reorganizes the retained studies by testing level and
summarizes the dominant oracle strategies, observed automation
characteristics, and diagnostic support at each level. The values
shown in the table are derived directly from the RQ1 coding results;
no new dimensions are introduced. Representative citations are
included to illustrate how these patterns appear in specific studies.

The columns in Table 6 are interpreted as follows. Dominant or-
acle strategy summarizes how correctness or adequacy is assessed
(e.g., heuristic rules, human judgment, or goal-based criteria). Au-
tomation readiness (observed) indicates whether the reported testing
workflow can be executed repeatedly with limited human involve-
ment, based on the described execution and oracle mechanisms.
Diagnostic support reflects whether the approach provides infor-
mation that helps developers understand or localize failures, as
captured in the debugging-support coding.

5.2 Results
System-level testing exposes failures but offers limited life-
cycle support.Within the retained corpus, most studies evaluate
AIware applications at the system level through end-to-end as-
sessments of robustness, reliability, or safety. These approaches
can reveal high-level failures, but they rely mainly on heuristic
or human-in-the-loop oracles [15, 20, 38–41]. Although execution
is often automated, result interpretation frequently depends on
manual judgment or heuristic thresholds. As a result, support for
repeatable, automation-ready lifecycle workflows remains uneven.

Unit-level testing shows more structured execution but
limited scope. One retained study primarily targets unit-level
artifacts, focusing on model-level adequacy criteria [42]. This ap-
proach supports scripted and repeatable execution, leading to high
observed automation readiness. However, its diagnostic capabilities
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Table 5: Breakdown of Classical Software Testing Assumptions in the AIWare Testing Corpus

Assumption Role in Classical Test-
ing

Observed Status
in AIWare

Representative Evidence Implications for Testing

A1 — Deterministic
Execution

Enables repeatable ex-
ecution and regression
testing

Violated or adapted
in most studies

LLM outputs vary across ex-
ecutions, leading to repeated
runs and probabilistic metrics
[15, 33, 44]

Test outcomes must be inter-
preted statistically rather than
as binary pass/fail results

A2 — Stable and Ex-
plicit Interfaces

Defines stable interac-
tion boundaries for test
design

Violated or only
partially holds

Prompt, context, and tool in-
terfaces change with model up-
dates and usage context [15, 33,
40, 44]

Tests bind to volatile interfaces
and must account for drift and
interaction variability

A3 — Existence of a
Reliable Test Oracle

Determines correctness
of test executions

Violated or adapted
across studies

Binary oracles are replaced by
probabilistic, robustness-based,
human, or state-based checks
[15, 20, 44]

Correctness assessment shifts
from exact output matching to
approximate or contextual eval-
uation

A4 — Controlled
and Stable Execu-
tion Environment

Allows failures to be
attributed to system
changes

Violated or only
partially holds

Execution depends on evolving
models, APIs, and infrastruc-
ture beyond developer control
[15, 33, 40, 44]

Regression testing must track
environment and model
changes, not only code revi-
sions

A5 — Clear Attribu-
tion of Failures

Supports fault localiza-
tion and debugging

Violated or only
partially holds

Failures emerge from interac-
tions among prompts, models,
tools, and context rather than
isolated components [15, 20, 33,
40]

Debugging shifts from code-
level localization to system-
level diagnosis

A6 — Explicit and
Stable Specifica-
tions of Correctness

Provides a fixed refer-
ence for expected be-
havior

Violated or adapted
in most studies

Correctness is benchmark-
dependent, task-specific, or
defined via goal states and
invariants [15, 20, 33, 40, 44]

Specifications must be relaxed,
contextualized, or reformulated
to support testing

remain limited, and its applicability is restricted to internal model
components rather than full application behavior.

Integration testing is absent in the retained corpus. Al-
though many studies acknowledge that AIware systems consist of
multiple interacting components, we did not identify any primary
study that treats integration testing as a first-class activity with
instantiated test processes or dedicated oracles. Instead, integration-
related challenges are discussed conceptually in taxonomies and
surveys, without corresponding operational techniques [11].

Regression and deployment-time testing remain underde-
veloped. The need to detect behavioral regressions after model or
API changes is recognized, but concrete regression testing practices
are rare in the retained corpus. Ma et al. analyze prompt behavior
under evolving LLM APIs and frame regression as an important
concern, but their work takes the form of analytical and exploratory
evaluation rather than stable regression test suites with automated
decision criteria [23]. Similarly, while several studies discuss pro-
duction failures, non-determinism, and reliability issues in deployed
systems [3, 33], they do not present CI-integrated or in-production
testing workflows with automated oracles and actionable diagnostic
outputs.

Overall, the retained corpus emphasizes pre-release, system-level
evaluation, with limited support at the unit level. Integration, re-
gression, and deployment-time testing remain sparse or conceptual.
Lifecycle-complete testing support comparable to established soft-
ware engineering practice has not yet emerged.

6 Discussion
6.1 From Model Evaluation to AIware Testing
Much of the work labeled as testing for AIware systems resembles
model evaluation. Many studies assess robustness, stress behavior,
or performance characteristics, but are not designed to support
integration, regression, or release validation in a software lifecycle
context. While these approaches are valuable, they do not fully
align with the traditional role of testing in software engineering.

This helps explain the dominance of system-level testing. The
absence of precise specifications and the non-deterministic behav-
ior of AIware components make finer-grained testing difficult. As
a result, researchers favor end-to-end evaluation with heuristic or
human-based judgments. However, this limits support for regres-
sion control, fault localization, and automated quality enforcement.
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Table 6: Lifecycle-oriented synthesis of AIware testing support derived from Table 3 coding. Representative studies are cited per
testing level to illustrate dominant oracle strategies, automation characteristics, and diagnostic support observed in the corpus.

Testing Level Dominant Oracle Strategy Automation Readiness (Observed) Diagnostic
Support

Unit Heuristic [42] High (scripted, offline execution) Limited
Integration Absent (no primary studies) [11] None None
System Heuristic; Human; Exact (goal-based) [15,

20, 38, 40]
Mixed (automated execution with manual or
heuristic oracles)

Limited-Strong

Regression Exact [23] Low (unstable, ad hoc analyses) None
CI / In-production Not established [15, 33] None None

6.2 Lifecycle Mismatch in Current AIware
Testing Research

RQ3 reveals a clear mismatch between the testing activities empha-
sized in the AIware literature and those required across the soft-
ware lifecycle. While classical software engineering treats testing
as continuous—spanning development, integration, regression, and
deployment—the retained corpus focuses primarily on pre-release,
system-level evaluation.

The gap is most visible at the integration level. Although AIware
systems involve interacting components, i.e, prompts, orchestration
logic, retrieval modules, tools, and model APIs, none of the retained
studies studies integration testing with defined workflows and exe-
cutable oracles. Integration challenges are discussed conceptually,
but not instantiated as testing processes [11]. In contrast, classical
integration testing frameworks emphasize structured interaction-
level validation between components [19, 22].

Regression testing shows a similar limitation. Behavioral drift
under model or API updates is widely acknowledged, yet regres-
sion is typically studied through exploratory comparisons rather
than executable regression suites integrated into CI pipelines [23].
This contrasts with established regression practices in software
engineering [12, 29, 43].

Deployment-time testing is also weakly supported.While several
studies analyze production-like failures and non-determinism [3,
33], they do not present CI-integrated or in-production testing
workflows with automated decision criteria. Even stress-testing
work remains experimental rather than lifecycle-integrated [15].

Overall, AIware testing research emphasizes exposing system-
level failures but provides limited support for long-term mainte-
nance and evolution.

6.3 Oracle Design as the Central Bottleneck
Across testing levels and lifecycle stages, the dominant limitation
is the absence of reliable and automatable test oracles. While many
approaches can generate inputs and execute tests at scale, deter-
mining whether observed behavior constitutes a failure remains
difficult. This aligns with RQ2, which showed that deterministic
execution and exact correctness rarely hold in AIware systems.

Unlike traditional software testing, where pass/fail conditions
are derived from specifications [14], AIware systems exhibit non-
determinism, output variability, and underspecified correctness.

Most approaches therefore rely on heuristic, probabilistic, or human-
in-the-loop oracles [4, 10, 34]. Empirical studies further show that
identical executions can yield divergent outputs [3].

This oracle ambiguity limits automation. Without stable pass/fail
criteria, CI-based gating, automated regression checks, and system-
atic failure triage become unreliable. The lack of CI-integrated test-
ing in the corpus reflects this constraint rather than just a tooling
gap.

Existing approaches, such as adequacy metrics, diversity criteria,
and metamorphic relations [9, 42, 44], provide approximate signals
but limited diagnostic insight. Regression studies similarly rely on
aggregate comparisons rather than executable test suites with clear
failure conditions [23].

Advancing AIware testing beyond pre-release evaluation will
require new oracle designs that are both executable and tolerant to
non-determinism.

6.4 Implications for Researchers
The results of RQ2 and RQ3 suggest that future progress depends
less on additional system-level testing techniques and more on
addressing lifecycle coverage, oracle design, and diagnostic support.

Integration testing as a first-class problem. Future work should explic-
itly target interactions among prompts, orchestration logic, retrieval
modules, tools, and external APIs. Making integration testing oper-
ational would enable earlier detection of interaction-level failures.

Regression testing under non-determinism. Regression should move
beyond exploratory comparison toward executable strategies that
tolerate non-determinism while still providing meaningful sig-
nals [23].

Oracle design beyond detection. Future oracle designs should sup-
port both failure detection and diagnosis. Existing surrogate mech-
anisms—adequacy metrics, diversity criteria, and metamorphic re-
lations—offer detection but limited explanatory power [9, 42, 44].

Lifecycle-aware workflows. AIware testing needs to evolve from
isolated experimental evaluation to continuous, lifecycle-integrated
workflows that support versioning, deployment, and evolution.

6.5 Implications for Practitioners
Current AIware testing techniques are most effective at pre-release,
system-level evaluation. Practitioners can adopt robustness testing,

10



1161

1162

1163

1164

1165

1166

1167

1168

1169

1170

1171

1172

1173

1174

1175

1176

1177

1178

1179

1180

1181

1182

1183

1184

1185

1186

1187

1188

1189

1190

1191

1192

1193

1194

1195

1196

1197

1198

1199

1200

1201

1202

1203

1204

1205

1206

1207

1208

1209

1210

1211

1212

1213

1214

1215

1216

1217

1218

Testing AIware Systems: A Software Engineering Survey Conference acronym ’XX, June 03–05, 2018, Woodstock, NY

1219

1220

1221

1222

1223

1224

1225

1226

1227

1228

1229

1230

1231

1232

1233

1234

1235

1236

1237

1238

1239

1240

1241

1242

1243

1244

1245

1246

1247

1248

1249

1250

1251

1252

1253

1254

1255

1256

1257

1258

1259

1260

1261

1262

1263

1264

1265

1266

1267

1268

1269

1270

1271

1272

1273

1274

1275

1276

stress testing, and human-in-the-loop evaluation to expose high-
risk behaviors before deployment.

However, traditional CI-style automated pass/fail gating is dif-
ficult to implement due to unstable oracles and non-determinism.
Automated regression triggered by code changes remains unreliable
in many AIware settings.

Practitioners should therefore treat AIware testing as part of a
broader risk management strategy, combining pre-release testing
with monitoring, logging, and post-deployment analysis. Since
reliable pass/fail guarantees are often not feasible, teams should
also rely on runtime monitoring, safeguards, and human review to
manage risk.

7 Threats to Validity
As with any survey-based study, our findings are subject to several
validity threats. We summarize these threats and the steps taken to
mitigate them.

Study selection and search scope. A primary threat concerns the
completeness of the corpus. Our search focused on established soft-
ware engineering and AI venues to capture methodologically ma-
ture work [21, 36]. This may exclude relevant studies published in
lower-ranked or emerging venues. To mitigate this risk, we comple-
mented database searches with backward and forward snowballing
and conducted a final gap-oriented verification pass. Nevertheless,
some niche or very recent studies may not have been captured.

Coding subjectivity and interpretation bias. The analysis relies on
manual coding of testing level, oracle type, and debugging support.
Single-annotator coding introduces the risk of subjective interpre-
tation, particularly when studies use informal terminology [36].
To reduce bias, we applied a conservative strategy, assigning a
single primary value per dimension and coding only what was
explicitly described. A second researcher reviewed the corpus cod-
ing and discussed ambiguous cases. Disagreements were resolved
collaboratively. Although this process reduces bias, alternative in-
terpretations remain possible in borderline cases.

Interpreting absence as a research gap. Our identification of gaps
—particularly in integration, regression, and CI-integrated test-
ing—relies on the absence of concrete testing methods in the re-
tained corpus. It is possible that relevant methods exist under differ-
ent terminology or are embedded within broader frameworks. To
mitigate this risk, we cross-referenced our findings with recent tax-
onomies and surveys on AI/ML system failures and testing [11, 16],
which report similar lifecycle coverage limitations.

Rapid evolution of the field. AIware testing is evolving quickly,
and many studies appear first as preprints. Findings may change as
work matures. To reduce this temporal threat, we focus on method-
ological characteristics and testing concepts rather than reported
performance outcomes, which are more likely to shift.

Generalizability of conclusions. Our conclusions describe trends
observed in the retained corpus (N=16) rather than evaluating the
effectiveness of individual techniques. The relatively small size of
the corpus reflects the emerging nature of AIware testing research.
Findings should therefore be interpreted as indicative of current

research patterns within this scoped set of studies, rather than as
exhaustive coverage of all possible approaches.

Overall, while these threats cannot be eliminated, the systematic
search strategy, conservative coding approach, and cross-validation
with prior surveys support the credibility of our conclusions.

8 Conclusion
This survey examines the current state of testing research for AI-
ware systems, with a focus on how existing approaches align with
established software testing concepts and software lifecycle prac-
tices. By analyzing the literature across testing levels, oracle types,
and lifecycle stages, we identify clear patterns in both the emphasis
and the limitations of current AIware testing research.

The results show that most existing work focuses on system-
level testing and pre-release evaluation. While this focus reflects
the challenges introduced by non-deterministic and underspecified
behavior, it also leaves important gaps in areas that are central
to software engineering practice, such as integration testing, re-
gression testing, and CI-based quality control. These gaps are not
incidental; they arise from fundamental difficulties in defining reli-
able test oracles and supporting diagnosis in AIware systems.

Our lifecycle-oriented analysis highlights oracle design as a cen-
tral constraint on the practical use of AIware testing techniques.
Without oracles that support automation and debugging, many
approaches remain limited to exploratory evaluation and cannot be
reliably integrated into development and maintenance workflows.
As a result, current testing research often falls short of supporting
long-term system evolution.

Overall, this survey clarifies where AIware testing research cur-
rently stands and outlines the structural challenges that must be
addressed to support lifecycle-aware, reliable AIware systems.
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A Appendix
A.1 RQ1 Coding Examples
This section provides illustrative examples of the per-paper coding process used in our analysis. For transparency, we present detailed
extraction tables for two representative papers from the AIWare corpus. These examples demonstrate how each coding dimension was
derived based on explicit evidence from the respective paper.

Table A1: Example of the per-paper coding process for Dobslaw et al. [11], illustrating how coding dimensions were assigned
and grounded in explicit evidence from the study.

Coding Dimension Assigned Value Description Evidence Location in the Paper
Testing level System (conceptual) The paper discusses testing challenges at the level of complete LLM-based

software executions, focusing on variability, non-determinism, and test out-
comes across runs. It does not describe unit- or component-level tests, but
instead frames testing at the level of full system behavior.

1. Introduction;
3.3 Goal;
5. Discussion

AIWare type Agentic The study targets software systems that embed LLMs, including single-LLM
and multi-agent LLM systems. The focus is on application-level behavior
rather than standalone model evaluation or testing tools.

1. Introduction;
2. Background and Motivation

Testing Technique Conceptual /
Taxonomy-based
analysis

Rather than executing tests, the paper organizes testing challenges into facets
describing variability sources, oracle ambiguity, and test design concerns.
No executable testing framework or algorithm is proposed.

3.2 Software Under Test;
3.5 Inputs;
4.1 Manual Taxonomy-Based Tool Evalu-
ation

Test oracle Heuristic Correctness is framed as aggregated judgment across multiple executions
due to inherent non-determinism. The taxonomy distinguishes atomic versus
aggregated oracle perspectives and explicitly rejects single expected outputs
as sufficient.

3.4 Oracles;
4.3.1 Non-deterministic Outputs and Us-
age of Aggregated Oracle

Debugging support Limited The paper identifies sources of testing difficulty and variability but does
not provide debugging workflows, fault localization, or repair strategies. Its
contribution is explanatory rather than operational.

4.1 Manual Taxonomy-Based Tool Evalu-
ation;
4.3 LLM sensitivity analysis;
5. Discussion

Failure Types Variability / Oracle
Ambiguity

Failures are not defined as crashes or incorrect outputs, but as situations
where non-determinism, variability, or configuration sensitivity make test
outcomes ambiguous or inconclusive.

Abstract;
4.2 LLM-based Tool Evaluation Through
a Detailed Checklist/Prompt Taxonomy
Facets

Table A2: Example of the per-paper coding process for Ma et al. [23], illustrating how coding dimensions were assigned and
grounded in explicit evidence from the study.

Coding Dimension Assigned Value Description Evidence Location in the Paper
Testing Level System-level regression

analysis (slice-based)
Compares model behavior before/after API updates; defines regression
over slice-level aggregated metrics rather than single predictions

Abstract; 1 Introduction; 3.2 Observa-
tions; 4.1 Identifying Data Slices as Re-
gression Test Suites

AIWare Type Prompt-based system LLM API + prompt templates; no tools or multi-agent workflow 2.2 The Rise of Prompting LLMs; 3 Case
Study: Toxicity Detection

Testing Technique Exploratory slice-based re-
gression analysis

Cross-version accuracy/F1 comparison; slice-level performance track-
ing; entropy-based uncertainty analysis

3.1 Experiment Setup; 3.2 Observations; 4
Towards Regression Testing for Prompt-
ing LLMs

Test Oracle Metric-based (heuristic) Accuracy and F1 used; regression defined over slice-level aggregated
metrics rather than individual prediction flips

3.1.4 Metrics; 4.1 Identifying Data Slices
as Regression Test Suites

Debugging Support Limited Identifies regressions and affected slices; recommends tracking prompts
but no fault localization or repair workflow

3.2 Observations; 4.2 Tracking Prompts
for Regression Testing

Execution Context Offline experimental study Fixed datasets; repeated API calls; no CI/CD or deployment-time moni-
toring

3.1 Experiment Setup

Automation Support Partial Automated metric computation and entropy estimation; no automated
regression threshold framework or CI pipeline

3.1 Experiment Setup; 3.2 Observations

System Scope End-to-end prompt + API
behavior

Evaluates final classification outputs only; no internal model component
inspection

3 Case Study: Toxicity Detection
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A.2 RQ2 Coding Examples
To illustrate how classical testing assumptions were mapped in our analysis, we provide two representative assumption-level coding examples
for two papers. These tables show how each assumption (A1–A6) was evaluated in context, including its applicability, observed treatment,
and supporting evidence.

Table A3: RQ2: Assumption-level coding example for Xiao et al. [40]

Assumption Status in P002 Applicability What P002 Observes / Does Why the Assumption Is Prob-
lematic in AIWare

Concrete Evidence from P002

A1 — Determinis-
tic Execution

Implicitly As-
sumed

Applicable Treats robustness failures as repro-
ducible under fixed perturbations

LLM outputs remain stochastic,
but variability is not explicitly ad-
dressed

No repeated executions per test
case; success rate computed per gen-
erated input

A2 — Stable & Ex-
plicit Interfaces

Upheld Applicable Treats prompt+example pair as a
unified, stable input interface

Interface abstraction holds only as
long as model behavior is stable

Defines testing unit as “input
prompts and examples as a unified
whole”

A3 — Reliable
Test Oracle

Upheld Applicable Uses label-preserving robustness or-
acle (prediction change under per-
turbation)

Correctness conflated with robust-
ness; semantic correctness not re-
assessed

Success defined via prediction in-
consistency under synonym substi-
tution

A4 — Controlled
Execution Envi-
ronment

Partially Holds Partially Applicable Fixes model versions (LLaMA2-13B
/ 70B) and datasets

Environment control depends on
frozen models and offline execution

Explicitly evaluates transferability
across model sizes

A5 — Clear Attri-
bution of Failures

Partially Holds Partially Applicable Attributes failures to specific word-
level perturbations

Attribution remains heuristic, not
causal

AdaptiveWIR identifies “important”
words driving failure

A6 — Explicit &
Stable Specifica-
tions

Upheld Applicable Uses labeled NLP datasets with
ground-truth labels

Specification stability depends on
task framing and dataset quality

Evaluates on MR, AG’s News, etc.
with fixed labels

Table A4: RQ2: Assumption-level coding example for Gupta et al. [15].

Assumption Status of As-
sumption in
P005

Applicability What P005 Observes / Does Why the Assumption Is Prob-
lematic in AIWare

Concrete Evidence from P005

A1 — Determin-
istic Execution

Violated Applicable Treats execution as inherently sto-
chastic; evaluates consistency via
passk

Single-run outcomes systematically
overestimate reliability

Introduces passk and shows pass@1
overestimates reliability by 20–40%

A2 — Stable &
Explicit Inter-
faces

Violated Applicable Treats prompts, tools, and schemas
as volatile interaction surfaces

Interfaces evolve via schema drift,
paraphrasing, and tool failures

Fault profiles include schema drift,
partial responses, API changes

A3 — Reliable
Test Oracle

Adapted Applicable Replaces output-based oracles with
state-based goal verification

Textual correctness is insufficient
for agentic tasks

Defines correctness via determinis-
tic state predicates (Alg. 1)

A4 — Controlled
Execution Envi-
ronment

Violated Applicable Explicitly injects faults to model
production instability

Real deployments include network,
rate-limit, and infra failures

Chaos-engineering-style fault injec-
tion with 𝜆-profiles

A5 — Clear At-
tribution of Fail-
ures

Partially Holds Partially Applicable Attributes failures to fault types
rather than code locations

Agent failures emerge across rea-
soning, tools, and recovery logic

Fault ablation isolates rate-limit vs
timeout vs schema-drift impacts

A6 — Explicit &
Stable Specifica-
tions

Adapted Applicable Defines correctness as goal-state
satisfaction under perturbation

Specs must tolerate paraphrase, re-
ordering, and correction

Action Metamorphic Relations pre-
serve end-state equivalence
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