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Abstract: Large language models are increasingly used not to write code from scratch but to change code that already works:
renaming and restructuring, extracting functions and modules, migrating interfaces, and tightening designs across successive
conversational turns. Refactoring is a demanding target for such assistance because its defining contract, behavior preservation
under structural change, is exactly the property that generative models do not natively guarantee, and because realistic refactoring
is multi-turn, with requirements, corrections, and constraints arriving incrementally in a dialogue whose earlier content the model
must keep honoring. Existing code generation benchmarks measure single-shot synthesis against input-output tests and therefore
see neither the preservation contract nor the conversational dynamics. This paper develops a research concept for a systematic
empirical study of failure modes in LLM-assisted code refactoring under multi-turn interaction. The concept contributes a failure
taxonomy spanning behavior-preservation violations, scope violations, constraint forgetting across turns, instruction-following
decay, regression reintroduction, sycophantic acceptance of incorrect user assertions, and self-repair pathologies; a task corpus of
refactoring scenarios over real codebases with layered verification, regression suites, differential and metamorphic checks, and
refactoring-type-specific invariants; a controlled multi-turn protocol with scripted personas that inject corrections, contradictions,
distractions, and erroneous claims at defined points; and an annotation and metrics framework that localizes each failure to
taxonomy category, turn, and trigger. Prespecified hypotheses target constraint decay with conversation length, the divergence
between edit locality instructed and edit locality performed, and the conditions under which iterative repair converges rather than
oscillates. Applications to model evaluation, tooling design, and review practice are analyzed alongside limitations.

1. Introduction

The economics of software have always favored modification over creation: most engineering effort is spent evolving
systems that exist, an observation formalized in the laws of software evolution (Lehman, 1980) and institutionalized in the practices
of modular design and disciplined restructuring (Parnas, 1972; Fowler, 2018). Refactoring, behavior-preserving transformation of
code structure, was given its systematic treatment decades ago (Opdyke, 1992; Fowler, 2018), surveyed as a research field (Mens &
Tourwé, 2004), and studied empirically at industrial scale, where its practice is frequent, valued, and error-prone even for humans
with tool support (Murphy-Hill et al., 2012; Kim et al., 2014), with modern mining infrastructure making refactoring activity
detectable in version histories (Tsantalis et al., 2018). The debt metaphor explains its motivation, structure is paid for later if not
maintained now (Cunningham, 1992; Kruchten et al., 2012), and code review is the human quality gate through which structural
change passes (Bacchelli & Bird, 2013), a gate now mediated by version-controlled pipelines, branch and merge governance, and
automated deployment tooling whose configuration determines which structural changes reach production at all (Badmus, Dosunmu,
& Ozowara, 2018; Badmus, Jooda, Ozowara, & Anunagba, 2022a; Mbonu, Iwuanyanwu, Aliliele, & Uzoka, 2020b).

Language models entered this workflow rapidly. Code-capable models progressed from synthesis demonstrations (Chen et
al., 2021; Li et al., 2022; Nijkamp et al., 2023; Roziére et al., 2023) into general assistants used conversationally inside development
environments (Brown et al., 2020; Ouyang et al., 2022; OpenAl, 2023), and are now being wired into enterprise workflows as tool-
using agents whose autonomy raises governance, confidentiality, and interface-design questions well beyond the accuracy of any
single completion (Nwakamma, Ojukwu, & Oyesiji, 2024b; Ogundairo & Ayivi-Donkor, 2024b; Ominyi, Anichukwueze, &
Uzougbo, 2025c¢), and the evaluation ecosystem followed the synthesis framing: single-shot generation against test suites (Chen et
al., 2021; Austin et al., 2021; Hendrycks et al., 2021), hardened by stronger tests (Liu et al., 2023), protected against contamination
(Jain et al., 2024), and extended to repository-scale issue resolution (Jimenez et al., 2024), on encoder and encoder-decoder
foundations built for code understanding tasks (Feng et al., 2020; Guo et al., 2021; Wang et al., 2021; Lu et al., 2021). Repair-
oriented studies established that models can fix bugs competitively with dedicated program repair systems in some regimes (Xia &
Zhang, 2022; Fan et al., 2023; Sobania et al., 2023), and iterative techniques, self-refinement, reflective agents, and execution-guided
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self-debugging, defined the multi-step usage pattern (Madaan et al., 2023; Shinn et al., 2023; Chen et al., 2024), with careful analyses
showing its benefits are real but conditional (Olausson et al., 2024).

What this apparatus does not measure is the refactoring contract under conversational dynamics. Behavior preservation is
invisible to pass-at-k on synthesis tasks; scope discipline, change only what was asked, has no metric at all; and multi-turn behavior
is evaluated mainly through judge-scored dialogue quality (Zheng et al., 2023) rather than through verified code outcomes as
instructions accumulate, despite documented mechanisms that predict trouble: positional weaknesses over long contexts (Liu et al.,
2024), sensitivity to prompt form and order (Sclar et al., 2024; Lu et al., 2022), sycophantic deference to user assertions (Sharma et
al., 2024; Turpin et al., 2023), and unfaithful self-reports about reasoning (Lanham et al., 2023). Human-factors findings raise the
stakes, since developers over-accept plausible model output (Vaithilingam et al., 2022; Barke et al., 2023; Dakhel et al., 2023; Perry
et al., 2023) and generated code carries measurable defect and vulnerability rates (Pearce et al., 2022), even as applied work reports
real gains from Al-assisted testing and automated regression control in settings where the assistance is bounded by an explicit
verification regime rather than trusted on its own (Borah, Aliliele, Rakshit, & Vajjhala, 2022; Mbonu, Aliliele, Iwuanyanwu, &
Uzoka, 2021b). This paper specifies the study that fills the gap: a controlled, verification-grounded characterization of how LLM
refactoring fails across turns. Section 2 reviews background; Section 3 defines the taxonomy; Sections 4 through 7 specify the study
design, corpus, protocol, and metrics; Section 8 states hypotheses; Sections 9 and 10 treat implications and limitations; Section 11
concludes.

2. Background and Related Work

Refactoring research fixes the contract and its verification problem. The canonical catalogues define transformation types
and their mechanics (Fowler, 2018; Opdyke, 1992), the survey literature organizes supporting techniques from detection to
correctness (Mens & Tourwé, 2004), and the empirical strand documents practice: refactoring is interleaved with other change,
frequently performed without tools, and a recognized source of regressions, which is why version-history detection matters for
studying it at scale (Murphy-Hill et al., 2012; Kim et al., 2014; Tsantalis et al., 2018). Verification of behavior preservation inherits
software testing's fundamentals: regression suites as the first line (Yoo & Harman, 2012), their adequacy judged by fault-revealing
power rather than coverage alone (Jia & Harman, 2011; Just et al., 2014), the oracle problem as the standing limit on what testing
can certify (Barr et al., 2015), and property-based and metamorphic techniques as oracles where examples run out (Claessen &
Hughes, 2000; Chen et al., 2018). Applied testing work supplies the engineering constraints under which such oracle stacks are
actually assembled and run, from scripting frameworks and instrument control in automated test benches to structured user-
acceptance validation in deployment settings (Quainoo, Ogundapo, & Asiedu, 2025b; Eyetsemitan, Ambali, Oyeleye, & Fadayomi,
2023b). This stack defines the study's measurement layer: preservation violations are detectable exactly to the strength of the
verification bundle, and the bundle must therefore be layered and its sensitivity audited.

LLM-for-code research supplies the treatment side. Synthesis benchmarks and their hardening establish measurement
conventions the study extends rather than repeats (Chen et al., 2021; Liu et al., 2023; Jain et al., 2024), repository-scale benchmarks
demonstrate evaluation over real codebases with real test suites, the setting refactoring requires (Jimenez et al., 2024), and repair
studies establish both capability and characteristic error patterns when models modify existing code under test feedback (Xia &
Zhang, 2022; Fan et al., 2023; Sobania et al., 2023), a framing that adjacent applied work extends into security engineering and
defensive automation, where models reason over existing artifacts rather than generate them fresh, and into natural language
processing pipelines whose reliability rests on the same evaluation discipline (Odejobi, Okonkwo, Ahiaeke Patrick, Okeke, & Mayo,
2025; Hussain & Adebayo, 2026; Atakpa, Abolaji, & Akeju, 2023). The iterative-usage literature defines the loop structure the
protocol instruments, refine, reflect, debug against execution signals (Madaan et al., 2023; Shinn et al., 2023; Chen et al., 2024), and
its critical strand identifies the pathologies the taxonomy names: repair that plateaus, oscillates, or trades one fault for another, with
net benefit contingent on feedback quality (Olausson et al., 2024). A parallel governance literature treats model-generated evaluation
as itself an object of scrutiny, cataloguing the biases and release-gating practices that arise when models are used to judge model
output, which is precisely the dependency a study of conversational failure must avoid inheriting (Nwakamma, Ojukwu, & Qyesiji,
2024a).

The behavioral mechanisms literature motivates the multi-turn design. Long-context studies show mid-context information
is systematically underused (Liu et al., 2024), predicting decay of early-turn constraints; prompt-sensitivity studies show that
semantically irrelevant variation moves outcomes (Sclar et al., 2024; Lu et al., 2022), predicting instability across conversational
phrasings; sycophancy studies show models revise correct positions under user pushback and adopt user-asserted errors (Sharma et
al., 2024), predicting acceptance of false claims about code behavior; and faithfulness studies caution that model explanations of
their own edits cannot be taken as mechanisms (Turpin et al., 2023; Lanham et al., 2023), which the annotation framework respects
by grounding every failure in verified code state rather than in model narration. The same caution motivates treating human judgment
as a measured rather than assumed input, following work on human-in-the-loop pipelines, human-centered annotation under
generative assistance, and the interpretability requirements that make automated decisions auditable at all (Ladapo, Dosunmu, Jooda,
& Abolaji, 2022; Ladapo, Jooda, Dosunmu, & Abolaji, 2024; Sanni, Iwuanyanwu, & Essien, 2026; Komi & Adamolekun, 2021).
Multi-turn evaluation practice to date scores conversational quality with model judges (Zheng et al., 2023), a practice whose
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adaptation, curation, and deployment constraints the applied language-model literature has begun to map across model scales and
serving environments (Oyesiji, Nwakamma, & Ojukwu, 2023, 2024, 2025; Nwakamma, Ojukwu, & Oyesiji, 2025); the study's
departure is to make the conversation the independent variable and verified program behavior the dependent one.

3. Failure Mode Taxonomy

The taxonomy is organized by the contract each failure violates, and it is the study's coding scheme as well as its conceptual
contribution. Behavior-preservation violations: the refactored code fails regression, differential, or metamorphic checks that the pre-
change code passed, subdivided by surface, functional regressions, interface breaks, and semantic drift in edge behavior that only
property-level oracles catch (Barr et al., 2015; Chen et al., 2018). Interface breaks matter disproportionately in integrated systems,
where a published contract is consumed by parties the refactoring author cannot see, which is why API governance and integration-
pattern discipline treat the published surface as a controlled asset rather than an implementation detail (Aliliele, Mbonu, &
Iwuanyanwu, 2023b; Badmus, Jooda, Ozowara, & Anunagba, 2022b). Scope violations: edits exceed the instructed change locality,
gratuitous rewrites, reformatting beyond the target, drive-by modifications to untargeted units, measurable as the difference between
instructed and realized edit sets, a category with no analogue in synthesis evaluation and central to refactoring discipline (Fowler,
2018; Murphy-Hill et al., 2012). Constraint forgetting: a requirement established in an earlier turn, preserve this public signature, do
not touch that module, keep compatibility with this caller, is violated in a later turn, the conversational decay mechanism predicted
by long-context findings (Liu et al., 2024). Instruction-following decay: progressive drift in adherence to standing stylistic or
procedural instructions across turns even without contradiction. Regression reintroduction: a defect fixed in an earlier turn reappears
after later edits, the code-level signature of lost conversational state. Sycophantic incorporation: the model accepts a user assertion
that is false, about current behavior, about test status, about a language or library semantics claim, and edits accordingly, the code
consequence of documented sycophancy (Sharma et al., 2024). Analogous incorporation risks arise wherever a semi-autonomous
system acts on unverified assertions, which is why guardrail and orchestration designs place validation between assertion and action
rather than after it (Ogundairo, 2025; Nwakamma, Ojukwu, & Oyesiji, 2024b). Self-repair pathologies: under iterative feedback,
oscillation between states, plateau below correctness with confident completion claims, and repair that fixes the reported symptom
while violating preservation elsewhere (Olausson et al., 2024; Chen et al., 2024). Categories are not exclusive per episode; the
annotation unit is the failure event, localized to turn, triggered condition, and verified evidence. This organization follows the general
pattern of accountable decision frameworks, in which an automated decision is auditable only when its trigger, its evidence, and its
control point are recorded as separate fields rather than collapsed into an outcome label (Shah, Oziri, & Seyi-Lande, 2025; Odejide,
2024; Aliliele, Mbonu, Uzoka, & Iwuanyanwu, 2025b).

4. Study Design Overview

The study is a controlled multi-factor experiment. Units are refactoring episodes: a codebase state, a refactoring objective,
a scripted multi-turn interaction, and a model configuration. Factors are refactoring type, drawn from the catalogue families, rename
and move, extract and inline, interface migration, structural decomposition (Fowler, 2018); conversation script class, cooperative,
corrective, contradictory, distracting, and adversarially misinformed, defined in Section 6; conversation length and constraint
density; codebase scale and test strength strata; and model and decoding configuration, with the execution environment held fixed
so that infrastructure variability does not confound model effects, a control standard familiar from predictive modeling and capacity-
planning studies in which platform elasticity silently alters measured outcomes (Ahmed & Odejobi, 2018a; Ahmed, Odejobi, &
Oshoba, 2020; Edivri & Oteri, 2022). Outcomes are verified code states after every turn, scored by the verification harness of Section
5 and annotated under the taxonomy of Section 3. The design is fully scripted rather than user-observational: personas inject the
same turns at the same points across models and repetitions, trading naturalism for the attribution the research questions require,
with observational replication over real developer sessions named as follow-on work rather than smuggled into this design.
Repetition across sampling seeds quantifies stochastic variance, reported as an uncertainty band rather than a point estimate in line
with forecasting practice for stochastic systems (Wedraogo & Sanni, 2024; Mayo, Ogbole, Okoruwa, & Babatope, 2021), and all
prompts, scripts, harnesses, and annotations are versioned for exact reproduction, the reporting posture repository-scale evaluation
has normalized (Jimenez et al., 2024; Jain et al., 2024).

5. Task Corpus and Verification Harness

The corpus is built from real codebases rather than synthetic snippets, sampled across the scale strata from single-module
libraries to multi-package projects, because refactoring difficulty lives in coupling and context that toy programs lack (Jimenez et
al., 2024; Kim et al., 2014). Each episode's starting state is a pinned commit with a passing test suite; the refactoring objective is
specified as a developer would state it, in natural language with the target units named; and the ground-truth change locality, the file
and symbol set a faithful execution would touch, is authored per episode, giving the scope metrics of Section 7 their reference.
Refactoring-type coverage is enforced across the catalogue families, and, where history supports it, episodes are seeded from
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refactorings mined out of the project's own past commits (Tsantalis et al., 2018), anchoring objectives in changes the codebase
actually underwent. Corpus construction is itself an extraction, transformation, and loading problem, with provenance, schema
stability, and reproducible builds as first-order concerns rather than incidental ones (Badmus, Dosunmu, & Ozowara, 2019a;
Badmus, Dosunmu, Ozowara, & Anunagba, 2020).

The verification harness layers oracles in the pattern the testing literature prescribes. The project's regression suite is the
base layer, with suite strength measured by mutation score so that preservation claims carry their sensitivity bound rather than an
assumption (Jia & Harman, 2011; Just et al., 2014; Yoo & Harman, 2012). A differential layer executes pre- and post-change code
on generated inputs, property-based where input structure permits (Claessen & Hughes, 2000), asserting output equivalence for
behavior-preserving objectives. A metamorphic layer covers surfaces examples miss, equivalence under input transformations and
invariants specific to the refactoring type, extracted functions must compose to the original, moved units must preserve call
semantics, interface migrations must satisfy adapter equivalence on the legacy surface (Chen et al., 2018; Barr et al., 2015). Static
layers complete the bundle: compilation and type checks, public-interface diffing against declared compatibility constraints, and
edit-set extraction for scope measurement. Compatibility constraints are expressed against a single documented standard per episode,
since divergence between nominally equivalent standards is a well-documented source of false conformance findings in regulated
assurance settings (Aneke, Adesemoye, & Sydney, 2024). Every layer runs after every turn, so the study observes trajectories of
verified state, not just endpoints. Instrumentation follows the pattern established in operational telemetry and automated response
systems, where continuous capture of state transitions, rather than periodic sampling, is what makes post hoc attribution possible
(Mbonu, Iwuanyanwu, Uzoka, & Oluoha, 2019; Dosunmu & Ogundele, 2025c¢). Execution isolation and portability across language
runtimes are handled at the harness boundary so that episodes drawn from different stacks remain comparable (Ojukwu, Oyesiji, &
Nwakamma, 2025), with the network and deployment surface of each sandbox constrained by the same reasoning applied to
distributed enterprise environments and to workload classification in containerized systems (Ogunwola, 2026; Idika, Salami, Ijiga,
& Enyejo, 2021).

6. Multi-Turn Interaction Protocol

Conversation scripts operationalize the study's behavioral probes as persona classes with defined injection points. The
cooperative script issues the objective, then plausible follow-on requests within scope, measuring baseline multi-turn execution and
instruction persistence. The corrective script reports genuine harness-detected faults back to the model in developer language,
instantiating the iterative repair loop under controlled feedback quality (Chen et al., 2024; Olausson et al., 2024). The contradictory
script introduces a mid-conversation requirement change that legitimately conflicts with an earlier constraint, measuring whether the
model surfaces the conflict or silently violates one side. The distracting script interleaves in-scope work with unrelated questions
and tangents, probing constraint retention across intervening content, the conversational analogue of the long-context and irrelevant-
context findings (Liu et al., 2024; Sclar et al., 2024). Scripted progression through material of controlled difficulty mirrors the
sequencing logic of adaptive instructional systems, in which what is presented next is a function of what has already been established
and retained (Onwubuya et al., 2026; Seun et al., 2024; Joseph & Uzondu, 2024a). The adversarially misinformed script asserts
falsehoods with confidence, that a test already passes, that an API behaves otherwise than it does, that a change was already made,
measuring sycophantic incorporation against verifiable ground truth (Sharma et al., 2024). This script is adversarial in the threat-
modeling sense rather than the security sense: the input is crafted to move behavior away from ground truth, and its structure borrows
from adversarial evaluation frameworks that fix attacker capability, injection point, and success criterion in advance (Adebayo,
Adegbite, & Ahmed, 2022; Nwakamma, Ojukwu, & Oyesiji, 2024b). Script wording is held constant across models and, where
episodes run in more than one natural language, rendered under a controlled translation protocol, since phrasing and accessibility
choices measurably change how instructions are received (Odejide, 2023).

Scripts are parameterized by length and constraint density, with constraints registered at scripted turns and their observance
mechanically checkable by the harness's interface and edit-set layers, so that constraint forgetting is measured by verification, not
judgment. Injection points are fixed relative to conversation structure, early, middle, late, enabling positional analysis of decay.
Model-side conditions cross the scripts with decoding regimes and with context-management variants, full history versus
summarized history, because context handling is itself a deployed design choice whose effect on constraint retention the study can
estimate directly.

7. Annotation and Metrics

Measurement is two-layered: mechanical metrics computed by the harness, and taxonomy annotation grounded in them.
Mechanical metrics per turn include preservation status per oracle layer with the suite's mutation-score bound attached; scope
divergence, precision and recall of the realized edit set against the authored locality reference; constraint compliance vectors over
all registered constraints; interface compatibility status; and, across turns, trajectory statistics, turns-to-success, oscillation counts
between verified states, regression reintroduction events, and final-state quality. Conversation-level metrics aggregate by script class
and injection position, yielding the decay curves, compliance as a function of turns since constraint registration, that the hypotheses
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target. Because every metric is computed from a timestamped harness record rather than from a summary, the metric set supports
process-level reconstruction of how a given failure arose, the auditability property that process mining and control-oriented reporting
frameworks are built to deliver (Sanni, lwuanyanwu, & Essien, 2025; Edivri & Oteri, 2024; Mbonu, Aliliele, lwuanyanwu, & Uzoka,
2022; Fobellah, 2025b).

Taxonomy annotation assigns failure events to categories with turn, trigger, and evidence fields, performed by two
annotators per episode from the harness record and transcript, with disagreement adjudicated and inter-annotator agreement reported
before any substantive analysis, treating annotator disagreement as a measurable property of the coding scheme rather than as noise
to be averaged away (Ladapo, Jooda, Dosunmu, & Abolaji, 2026), since the taxonomy's reliability bounds every claim built on it.
Model self-explanations are recorded but never used as evidence of mechanism, only as an object of study in their own right, scored
for accuracy against the verified record in line with the faithfulness caution (Lanham et al., 2023; Turpin et al., 2023). Analysis
prespecifies mixed-effects structure, episodes and codebases as random effects, factors as fixed effects, with stochastic repetition
supplying variance estimates, and all comparisons across models are paired on identical episode-script combinations.

8. Hypotheses

Six hypotheses are prespecified. First, constraint compliance decays with turns since registration, steepest when intervening
turns are distracting, the conversational instantiation of positional underuse (Liu et al., 2024). Second, scope divergence is nonzero
even in cooperative scripts and grows with codebase scale, with realized edit sets exceeding instructed locality more often by addition
than by omission, quantifying the gratuitous-rewrite tendency practitioners report (Barke et al., 2023; Murphy-Hill et al., 2012); the
practitioner-side counterpart is an adoption gap in which capability is assumed and verification is not, a pattern documented across
settings where organizations deploy Al faster than they build the readiness to supervise it (Ogundairo & Ayivi-Donkor, 20243;
Afrihyia, Akinse, & Ojukwu, 2025; Akintola, Fawehinmi, Aiyenitaju, Chinemerem, & Emmanuella, 2025). Third, sycophantic
incorporation rates under adversarially misinformed scripts are substantial and rise when the false assertion is delivered with
correction framing, following documented sycophancy dynamics (Sharma et al., 2024). Fourth, corrective-loop convergence is
conditional on feedback specificity: fault reports naming failing properties converge faster and oscillate less than generic failure
reports, consistent with the feedback-quality dependence of self-repair (Olausson et al., 2024; Chen et al., 2024). Fifth, preservation
violations detected only by the metamorphic and differential layers, invisible to the project suite, constitute a material fraction of all
violations, quantifying the oracle gap for refactoring claims (Chen et al., 2018; Jia & Harman, 2011). Sixth, summarized-history
context management trades reduced late-conversation constraint forgetting against increased early-detail loss, yielding measurably
different failure profiles rather than uniform improvement. Each hypothesis names its metric, contrast, and direction;
disconfirmations are reportable results.

9. Anticipated Implications

For evaluation practice, the study supplies what synthesis benchmarks omit: preservation, scope, and conversational
persistence as first-class measured properties, with a released corpus, scripts, and harness constituting a reusable benchmark for
refactoring-under-dialogue, complementing repository-scale issue benchmarks on the modification side of the capability space
(Jimenez et al., 2024; Liu et al., 2023). For tooling design, the failure profile localizes where guardrails pay: scope divergence
motivates edit-set contracts enforced by the environment rather than the model; constraint decay motivates externalized constraint
registries checked mechanically each turn rather than entrusted to context; sycophancy rates motivate verification-before-
incorporation for user assertions about program state, all of which are implementable in current assistant architectures. Each of these
guardrails instantiates the general result that automation delivers reliably when the surrounding process supplies explicit control
points, standardized procedure, and defined exception handling, and not when the automated component is merely made individually
stronger (Okonkwo, Agbabiaka, Mayo, & Okeke, 2024f; Akinleye & Adeyoyin, 2021; Eyetsemitan, Ambali, Oyeleye, & Fadayomi,
2025; Akanbi & Sunday, 2025). For review practice, category base rates give code reviewers of model-assisted changes an evidence-
based checklist, sharpening the human gate that modern review already constitutes (Bacchelli & Bird, 2013; Perry et al., 2023).
Whether such a checklist changes behavior is an adoption question as much as an evidence question, since review practice shifts
only when readiness, training, and incentives shift with it (Akhigbe, Falemi, & Akin-Oluyomi, 2024; Eyetsemitan, Ambali, Oyeleye,
& Fadayomi, 2023a). And for model development, decay curves and pathology rates across context-management variants provide
optimization targets that conversational judge scores do not expose (Zheng et al., 2023).

10. Limitations and Threats to Validity

Construct limits are inherited and stated: preservation is certified only to the layered oracles' sensitivity, bounded by
mutation score and by the chosen properties, so undetected semantic drift remains possible, and all preservation results carry their
bounds (Barr et al., 2015; Jia & Harman, 2011). Scripted conversations trade ecological validity for attribution: real developers adapt
to model behavior, and interaction effects between human strategy and model failure are outside this design's reach, marked for
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observational follow-on rather than claimed here (Vaithilingam et al., 2022; Barke et al., 2023). Corpus external validity is bounded
by language, scale strata, and project selection, and mined-refactoring seeding, while anchoring realism, biases objectives toward
historically performed change types (Tsantalis et al., 2018). Annotation subjectivity is controlled but not eliminated by dual coding
and agreement reporting. Contamination is a live threat for public codebases, mitigated by commit pinning, symbol renaming
variants, and preference for post-cutoff project states, following contamination-aware practice (Jain et al., 2024). Disclosure limits
bound this further, since proprietary training-data and configuration details that would sharpen contamination analysis are routinely
withheld, and the transparency obligations now emerging in Al regulation will determine how much of that gap future replications
can close (Annan, 2024; Ominyi, Anichukwueze, & Uzougbo, 2024b). Rapid model turnover dates any single campaign's numbers,
which is why the durable contributions are the taxonomy, corpus, and harness, with model results versioned as snapshots against
them.

11. Conclusion

This paper has developed a research concept for the systematic study of LLM failure modes in code refactoring under multi-
turn interaction. Its contributions are a contract-organized failure taxonomy, from behavior-preservation and scope violations through
constraint forgetting, sycophantic incorporation, and self-repair pathologies; a real-codebase task corpus with layered verification
whose sensitivity is itself measured; a scripted persona protocol that makes conversational dynamics an experimental factor with
fixed injection points; and a metrics and annotation framework that grounds every failure event in verified program state, with
prespecified hypotheses linking the design to documented behavioral mechanisms.

The concept's premise is that modification, not synthesis, is where language models will do most of their work in software,
and that the properties modification prices, preserving behavior, respecting scope, honoring accumulated constraints, resisting
confident misinformation, are precisely the ones current evaluation does not measure. Executed, the study converts anecdote into
base rates, base rates into guardrail requirements, and guardrail requirements into evaluable tooling claims, moving assisted
refactoring from a capability demonstrated to a practice characterized, bounded, and improvable.
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