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Abstract
Two conversations can end with equally cor-
rect answers while requiring unequal user ef-
fort. One system may correct its own prior
error. Another may succeed only after the user
restores an instruction, referent, or evidential
standard. Output-focused evaluation can as-
sign these trajectories the same result and over-
look who performed the work required for re-
covery. We propose a framework for measur-
ing this difference through observable repair
sequences in conversations between humans
and large language models. Extending Picker-
ing and Garrod’s Interactive Alignment Model,
the framework combines four concurrent func-
tional loops (Grounding, Continuity, Negoti-
ation, and Epistemic) with a structural clas-
sification of who initiates and resolves repair
and a temporal hypothesis about expectation
stabilization. It generates testable predictions
about system self-repair, epistemic signaling,
and phase-dependent repair cost. In a pilot
analysis of 30 dialogues, two human annotators
achieved substantial agreement under an earlier
turn-level rubric (Cohen’s κ = .75). The analy-
sis revealed category-boundary problems that
motivate the revised sequence-level framework
presented here. Its evidential scope is limited
to annotation feasibility. The resulting account
makes repair burden measurable and specifies
the evidence required for future validation.

1 Introduction

Most evaluations of conversational large language
models (LLMs) treat a dialogue as a sequence of
outputs. A correct and preferred final response
makes the interaction appear successful. This crite-
rion can obscure consequential differences in how
that result was reached. A system may identify
and correct its own violation, or a user may spend
several turns restoring shared context. The second
trajectory requires more user work even when both
receive the same final score. As conversational ar-
tificial intelligence (AI) becomes an interface for

information access and collaborative tasks, this dif-
ference affects accessibility, trust calibration, and
task completion (Luger and Sellen, 2016; Branigan
et al., 2010).

A reasonable response is to improve task accu-
racy, context use, and multi-turn preference train-
ing (Shi et al., 2024). These approaches can im-
prove outputs. However, an evaluator that treats a
corrective user turn as ordinary input may award
the system for recovery produced by the user. Ap-
parent progress can therefore reflect more effective
user compensation with no corresponding improve-
ment in system coordination.

Existing studies document grounding rifts
(Shaikh et al., 2025), instruction degradation (Sird-
eshmukh et al., 2025), sycophancy (Sharma et al.,
2023; Perez et al., 2022), overconfidence (Lin et al.,
2022; Kadavath et al., 2022), and persona or long-
context drift (Li et al., 2024; Liu et al., 2024). Their
computational causes differ, yet they raise the same
interactional questions after trouble becomes visi-
ble: who initiates correction, who resolves it, and
whether the relevant conversational state is restored.
Final-answer scores do not preserve these distinc-
tions.

Conversation analysis explains how repair is
organized through observable sequences (Sche-
gloff et al., 1977), while the Interactive Alignment
Model (IAM) explains which representations re-
main coordinated across turns (Pickering and Gar-
rod, 2004). Existing human–LLM accounts ad-
dress individual parts of this problem (Shen et al.,
2024; Wang, 2024; Shaikh et al., 2025; Carroll
et al., 2024). An operational account that connects
functional trouble, repair organization, and tem-
poral cost remains missing. We address this gap
through four linked claims:

(1) Alignment is a control process. The primary
unit of analysis is the repair sequence across inter-
turn transitions. Four functional loops (Ground-
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ing, Continuity, Negotiation, and Epistemic) can
be active during the same sequence (§4, Figure 1,
Table 3).

(2) Misalignment has a phase-dependent cost.
The same violation may require more repair after
user expectations have stabilized. This proposed
early-to-consolidation distinction generates a direct
experimental prediction that aggregate multi-turn
scores may obscure.

(3) Percolation across representational levels is
an evaluation target. We operationalize IAM’s
(Pickering and Garrod, 2004) percolation claim
as the persistence of lexical or referential align-
ment at turn t in the situation model at turn t+ k.
Long-context (Liu et al., 2024) and persona drift
(Li et al., 2024) benchmarks provide suitable dia-
logues, although their aggregate accuracy scores
do not measure this conditional persistence.

(4) Limited system self-repair is a testable hy-
pothesis. Findings on grounding rifts, multi-turn
instruction degradation, sycophancy, and persona
drift suggest that users often initiate repair. We hy-
pothesize that current systems initiate and resolve
their own prior misalignment less often than users
initiate repair. The framework specifies observa-
tions that would reject this hypothesis (§5.1).

Together, these claims motivate natural language
processing (NLP) evaluation of repair sequences.
Each sequence is indexed by its functional content
and by who observably initiates and resolves it.

2 Conversation as Interactive Alignment

The evaluation problem above requires an account
of conversational state and the work needed to re-
store it. Joint activity explains why success de-
pends on both parties, and IAM identifies the levels
at which coordination can persist or fail.

2.1 Conversation as a Joint Activity
Human conversation is a joint activity in which in-
terlocutors coordinate their task and their language
practices (Clark, 1996). Success depends on contin-
uous negotiation, monitoring of partner signals, and
incremental updates to mutual beliefs. Two cen-
tral notions are common ground, the shared knowl-
edge that supports interpretation, and grounding,
the collaborative activity of displaying evidence of
understanding through backchannels, clarifications,
and repair (Clark and Brennan, 1991). Users ap-
proach conversational AI with similar expectations

and modify their behavior when a system does not
participate symmetrically (Luger and Sellen, 2016;
Beneteau et al., 2019). Single-turn evaluation un-
derestimates this coordination work.

2.2 Interactive Alignment Model

IAM (Pickering and Garrod, 2004) describes how
interlocutors spontaneously converge at multiple
linguistic levels (lexical, syntactic, referential, sit-
uational) through perception–production coupling.
Its central claim is percolation: alignment at one
level propagates to others, so surface coordination
supports higher-level common ground without ex-
plicit perspective-taking. We use IAM as a norma-
tive model. Our claims concern behavioral persis-
tence from turn t to turn t+ k and do not presume
the same internal mechanism in LLMs.

2.3 Levels of Alignment

Interactive alignment operates at four levels that
are most actionable for NLP research on text-based
LLMs. Lexical and referential alignment concerns
labels and reference (Brennan and Clark, 1996;
Clark and Schaefer, 1989). Syntactic alignment
concerns structural priming (Branigan et al., 2000;
Pickering and Garrod, 2004). Pragmatic alignment
concerns turn-taking and repair (Schegloff, 2000;
Schegloff et al., 1977). The situation model repre-
sents the shared task (Garrod and Pickering, 2004).
The framework must therefore identify the func-
tional state affected by trouble and whether a re-
pair persists across levels. Section 3 next specifies
which assumptions require modification when one
participant is an LLM.

3 Bridging to Human–LLM Interaction

Psycholinguistic alignment models assume human
interlocutors. Applying them to LLM interaction
creates three requirements. The analysis must use
observable behavior because transcript evidence
cannot establish an LLM mental state. It must pre-
serve temporal state because trust and prior com-
mitments change across turns. It must also dis-
tinguish agreement from repair because perceived
authority can produce compliance without mutual
adjustment. The following accounts derive these
requirements and locate the remaining gap.

3.1 Mutual Theory of Mind

Theory of Mind concerns reasoning about another
person’s mental states (Premack and Woodruff,
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1978). Mutual Theory of Mind (MToM) extends re-
ciprocal modeling to human–AI interaction (Wang,
2024). For an LLM, this is a behavioral model-
ing construct and does not establish corresponding
mental states. The framework must consequently
code observable repair initiation and resolution.
Cognitive Load Theory further makes the distri-
bution of that work consequential: repeated user
repair consumes finite attention (Sweller, 1994).

3.2 Trust Dynamics

Trust in AI depends on competence, benevolence,
and integrity (Mayer et al., 1995). Early errors can
reduce trust before mutual understanding forms
(De Visser et al., 2020), and calibration may change
abruptly (Hoff and Bashir, 2015). Mismatched
transparency and reliability cues can lead users
to abandon collaboration, overtrust the system, or
withhold corrective feedback (Wischnewski et al.,
2023). Because the same violation can have dif-
ferent consequences before and after expectations
stabilize, the framework requires a temporal hy-
pothesis about repair cost.

3.3 Power Dynamics

AI-mediated communication introduces asymme-
tries in autonomy and perceived authority (Han-
cock et al., 2020). Users may defer to perceived sys-
tem authority, producing pseudo-alignment, which
is surface agreement that reflects compliance with-
out mutual adjustment (Giles and Ogay, 2007; Hou
et al., 2024). A repair framework must record this
outcome separately because surface agreement can
conceal an unresolved stance or evidence problem.

3.4 Differences in Human–LLM Alignment

Contemporary LLMs also differ from human in-
terlocutors in ways that shape these requirements.
Context-window dependence affects continuity
(Liu et al., 2024). The absence of embodiment
limits perceptual grounding. In-context correc-
tion leaves model parameters unchanged. Rein-
forcement learning from human feedback (RLHF)
can encourage agreement biases (Sharma et al.,
2023; Perez et al., 2022). In-context learning pro-
vides a partial analog of linguistic priming, al-
though it does not establish the human perception–
production mechanism. Observable inter-turn be-
havior is therefore the appropriate evidence for the
proposed framework.

Together, these literatures determine the frame-
work’s structure. Observable initiation and reso-

lution address the limit on mental-state inference.
Persistent conversational state and temporal phase
represent changing commitments. A separate out-
come category identifies agreement without demon-
strated resolution. Section 4 implements these re-
quirements.

3.5 Situating against Existing Accounts

Recent accounts characterize human–LLM align-
ment as bidirectional and temporally extended.
Shen et al. (2024) cataloged aligned values, ca-
pabilities, and behaviors. MToM (Wang, 2024)
specified who models whom in a sequential cycle.
Shaikh et al. (2025) analyzed grounding rifts, and
Carroll et al. (2024) formalized dynamic rewards.
Assistance games model alignment as cooperative
inference (Hadfield-Menell et al., 2016), while di-
alogue state tracking represents task state across
turns (Budzianowski et al., 2018).

Conversation analytic research is especially rele-
vant. Pütz and Esposito (2024) showed that Chat-
GPT often depends on human repair work and may
respond to repair without consistently resolving the
underlying trouble. Lachenmaier et al. (2026) com-
pared model- and user-initiated repair and found
substantial differences among LLMs in multi-turn
mathematical dialogues. These studies establish
that repair burden and model-specific repair behav-
ior are existing empirical concerns. Our contribu-
tion is an operational synthesis that connects the
functional source of trouble, observable repair ini-
tiation and resolution, a temporal phase hypothesis,
and evaluation targets. The framework therefore
organizes established observations and produces
comparisons that prior accounts do not jointly spec-
ify.

4 Proposed Interactive Framework

The framework has two analytical axes. The func-
tional axis identifies the coordination problem: es-
tablishing meaning (Grounding), maintaining prior
commitments (Continuity), resolving stance or rep-
resentation (Negotiation), or addressing evidence
and uncertainty (Epistemic). These loops may co-
occur. The structural axis follows conversation
analytic repair organization (Schegloff et al., 1977).
Its unit is a repair sequence, coded by the party
that makes the first observable repair initiation and
the party that produces the corrective outcome. Ini-
tiation and resolution may occur in one turn or
across several turns. Trouble producer is recorded
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as a separate attribute because it is independent of
who initiates and resolves repair. We do not infer
internal detection from a transcript.

The separation permits controlled comparisons
within a functional problem. Suppose a system
violates an established style instruction. The func-
tional label is Continuity. If the user repeats the
instruction and the system corrects the response,
the sequence is user-initiated and system-resolved
(Cell 1). If the system independently acknowledges
and corrects its violation, it is system-initiated and
system-resolved (Cell 4) and also belongs to the
system self-repair subset. A repair-turn count mea-
sures how much work occurred, yet it cannot iden-
tify the state affected or which party restored it. A
functional failure label identifies the state without
assigning repair work. Crossing the two axes sup-
ports matched comparisons that either axis alone
cannot provide.

Semantic contradictions, referent mismatches,
reformulations, repair markers, clarification ques-
tions, and disagreement markers serve as annota-
tion cues. A cue does not determine the loop. The
content of the trouble source determines the func-
tional labels: referent or meaning for Grounding,
prior commitment for Continuity, stance for Nego-
tiation, and evidence or uncertainty for Epistemic.
Multi-label coding is retained when problems co-
occur. A provisional ordering may be used for a
single-label descriptive summary, and sensitivity to
that ordering must be reported. This ordering has
no effect on the initiator–resolver cell.

The framework yields a falsifiable hypothesis:
for system-authored trouble, current LLMs may
produce fewer system-initiated, system-resolved
repairs than sequences initiated by users. Existing
findings motivate this hypothesis (Pütz and Espos-
ito, 2024; Lachenmaier et al., 2026; Huang et al.,
2024). Model differences reported by Lachenmaier
et al. (2026) show why it must be tested for spec-
ified models and settings. The framework treats
several failure types as comparable observable out-
comes while leaving their computational mecha-
nisms open.

Observable repairs and unresolved outcomes.
The four cells partition completed sequences that
have one identifiable first initiator and one iden-
tifiable resolver. Co-resolved, nested, abandoned,
and indeterminate sequences require separate flags
and are excluded from cell-rate comparisons. Two
unresolved outcomes also remain outside the ma-

Table 1: Completed repair sequences classified by ob-
servable initiator and resolver. Functional loop labels
are coded separately and may be multi-label.

User resolves System resolves

User Cell 2 Cell 1
initiates User-led repair User-initiated repair

System Cell 3 Cell 4
initiates System-initiated probe System-led repair

Table 2: Worked coding trace for a constructed Conti-
nuity example.

Stage Observable event Code

Trouble System violates an es-
tablished style instruc-
tion

Continuity

Initiation User repeats the in-
struction

User initiates

Resolution System produces a
compliant revision

System resolves

Outcome Established instruction
is restored

Cell 1, resolved

trix. First, pseudo-alignment occurs when a sys-
tem makes an unjustified concession under user
pressure. Second, unresolved drift occurs when
an externally identifiable violation receives no ob-
servable repair initiation. The latter is an analyst
judgment and supplies no evidence about whether
either participant detected the trouble internally.

System self-repair. Cell 4 contains all system-
initiated, system-resolved sequences. System self-
repair is the subset in which the trouble source is
the system’s own prior contribution. Internal rea-
soning and self-refinement (Madaan et al., 2023;
Huang et al., 2024) qualify only when their correc-
tion becomes observable in the conversation. Each
analysis must report the trouble-source rule, look-
back window, and rules for user cues.

4.1 The Loops
The four inner loops identify the functional con-
tent of coordination. At each inter-turn transition,
they compare the current contribution with conver-
sational state inherited from prior turns. A resolved
sequence updates that state, which becomes the ref-
erence point for the next transition. This recurrence
motivates the loop terminology. The structural cells
describe how repair occurs within any loop.

The Outer Loop is the integrating cycle. It rep-
resents shared context, task state, expectations, and
trust across turns. Its phase state changes the pre-
dicted cost of a violation. This temporal layer does
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Conversational state at turn t

Concurrent functional checks
Grounding | Continuity |
Negotiation | Epistemic

Observable repair sequence
initiator × resolver

trouble source is recorded separately

Outcome and state update at t + 1
resolved | pseudo-

alignment | unresolved drift

Phase
conditions

repair
cost

Figure 1: Each transition checks inherited state, orga-
nizes observable repair, and updates the state used at the
next turn. Temporal phase conditions predicted repair
cost.

not constitute a fifth functional process.

The Grounding Loop maintains shared refer-
ence and meaning. A grounding rift is a diver-
gence in the parties’ apparent interpretations that
disrupts their coordinated activity (Shaikh et al.,
2025). Clarification requests, corrections, repair
markers, and referent reformulations are possible
cues. Grounding sequences can occupy any struc-
tural cell.

The Continuity Loop maintains behavioral and
task-state expectations across turns. Cues include
instruction restatement, expressions of surprise,
and persona correction. The associated findings
concern multi-turn instruction degradation (Sird-
eshmukh et al., 2025) and persona drift (Li et al.,
2024). The structural axis measures whether the
user or system initiates and resolves each continuity
repair.

The Negotiation Loop addresses terminology,
stance, conceptual representation, and disagree-
ment. Its cues include terminology switches,
hedges, stance shifts, and disagreement markers.
Pseudo-alignment is one possible unresolved out-
come when surface agreement follows an unjusti-
fied concession (Sharma et al., 2023; Perez et al.,
2022).

The Epistemic Loop addresses knowledge gaps
and unverified inferences. Cues include uncertainty
expressions, user probes, citation requests, and can-
didate offers. A system question that initiates clari-
fication and elicits the corrective information from
the user is a Cell 3 trajectory. A system correc-
tion of its own prior unsupported claim is a Cell 4
trajectory.

Table 3: Operational closure conditions for the func-
tional loops. Cues support initiation coding. The trouble
source determines the label.

Loop Trouble condition Evidence of restoration

Grounding Reference or mean-
ing diverges

Parties use the same ref-
erent or interpretation

Continuity Prior commitment
or task state is vio-
lated

Corrected commitment
persists in later turns

Negotiation Stance or represen-
tation diverges

Revision is justified or
disagreement remains
explicit

Epistemic Evidence or uncer-
tainty is unresolved

Evidence is supplied or
uncertainty remains cali-
brated

Outer cycle Any loop outcome
changes shared
state

Updated state becomes
the next turn’s reference
point

4.2 Phase Transitions and Loop Coordination

The temporal layer distinguishes an Early Phase,
during which users are still revising their expec-
tations of system capability, and a Consolidation
Phase, during which those expectations have stabi-
lized. An early error can update an uncertain model
of system capability. The same error after stabiliza-
tion can invalidate the task state and an established
expectation, which may require additional repair.
Longer context, accumulated task complexity, and
fatigue provide competing explanations for greater
cost later in a dialogue. Turn position alone can-
not distinguish these accounts. Confirmatory work
should therefore manipulate phase or use an in-
dependent criterion, such as blind judgments of
expectation stabilization or repeated user reports.
Probe-rate segmentation remains an exploratory
candidate until a window, threshold, and minimum
dialogue length are specified and validated.

Loops may exchange information when one re-
pair reveals another problem. A referent clarifica-
tion, for example, may expose a stance disagree-
ment and add a Negotiation label to a Ground-
ing sequence. Table 3 specifies how each loop
closes. The phase hypothesis predicts an effect of
expectation stabilization after controlling for con-
text length, task complexity, and fatigue (Test C,
§5.2).

4.3 Re-reading Failure Cases

These literatures concern different conversational
states and should yield different functional labels.
Grounding rifts include missed presuppositions and

1569



failures to register corrections, which affect shared
reference or meaning (Shaikh et al., 2025). Instruc-
tion retention, inference memory, reliable editing,
and persona stability concern continuity of prior
commitments (Sirdeshmukh et al., 2025; Li et al.,
2024). Their explicit violations create repair op-
portunities whose initiation and resolution can be
observed directly.

Sycophancy and overconfidence create a harder
diagnostic problem because fluent agreement can
conceal unresolved trouble. An unjustified reversal
after user doubt indicates pseudo-alignment in the
Negotiation Loop (Sharma et al., 2023; Perez et al.,
2022). A mismatch between confidence and cor-
rectness creates an Epistemic problem (Lin et al.,
2022; Kadavath et al., 2022). Long-context find-
ings add a persistence question: an apparently re-
paired commitment may still fail at a later turn
(Liu et al., 2024). The framework preserves these
distinct causes and states, then asks a common
structural question about who restores them.

This comparison produces the paper’s empirical
agenda. Grounding and Continuity findings moti-
vate opportunity-normalized comparisons of repair
initiation. Sycophancy motivates a test of justi-
fied epistemic signaling against pseudo-alignment.
Long-context behavior motivates measurement of
whether restored state persists. Evidence for a gen-
eral repair asymmetry therefore requires model-
identified samples and matched trouble opportuni-
ties. The prior findings supply hypotheses, not a
pooled prevalence estimate.

5 Implications for NLP Research

The opening problem can now be stated opera-
tionally: evaluation must distinguish the incidence
of trouble, the work required to repair it, and the
persistence of the restored state. The framework
converts each component into a measure and a re-
jection condition before examining what the pilot
can support.

5.1 Measurement Targets

Four measurement classes connect the theory to
observable dialogue data.

Grounding integrity. Grounding integrity mea-
sures the incidence of Grounding trouble: the per-
turn rate at which a system response relies on infor-
mation that has not been established or contradicts
established context. It can be estimated from the
rift dialogues of Shaikh et al. (2025) or through

natural language inference annotation on WildChat
(Zhao et al., 2024). Each violation is linked to any
repair sequence that follows.

Expectation-violation recovery. Recovery mea-
sures repair burden: the number of turns and
amount of additional user information required
to restore an established instruction or task state.
It can be estimated by extending MultiChallenge
(Sirdeshmukh et al., 2025) or the dialogue traces
studied by Zheng et al. (2023) with follow-up turns.
The initiator–resolver cell identifies who restored
the state, and phase-conditioned recovery supplies
the outcome for Test C.

Percolation strength. Percolation strength oper-
ationalizes the IAM persistence claim as the con-
ditional probability that a term, referent, or stance
aligned at turn t is preserved and correctly used at
turn t + k. Alignment at turn t can be identified
through lexical overlap or semantic equivalence
with user-introduced content. Correct use at turn
t+ k requires reference to the same entity or main-
tenance of the stance when no contrary user signal
occurs. Long-context probes (Liu et al., 2024) and
persona drift traces (Li et al., 2024) provide candi-
date data.

Pseudo-alignment detection. This measure sup-
plies the outcome for the epistemic signaling test
by distinguishing surface agreement from justi-
fied position revision. The sycophancy probes of
Sharma et al. (2023); Perez et al. (2022) can be ex-
tended across turns. A response is coded as pseudo-
alignment when the system reverses its prior stance
after user pressure without new evidence or an ac-
knowledged reason. A hedge alone does not estab-
lish pseudo-alignment.

Together, the measures separate trouble inci-
dence, repair trajectory, persistence, and unre-
solved agreement. This prevents an increase in
visible self-correction from receiving credit when
it follows a larger number of avoidable violations.

5.2 Tests That Can Reject the Predictions

Test A: repair initiation. Condition the analy-
sis on independently identified, system-authored
trouble with at least one observable opportunity
for repair. Compare system self-repair, the rele-
vant Cell 4 subset, with user-initiated trajectories in
Cells 1 and 2. Report unresolved cases separately.
Chat interfaces usually give the system a new turn
only after user input, so Cell 4 opportunities oc-
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cur when the intervening user message contains no
repair initiation. The analysis must normalize by el-
igible opportunities, state the observation window,
and censor traces that end before another system
response. We used a k = 2 look-back rule for user
cues in the pilot rubric. A comparable or higher
opportunity-normalized system self-repair rate re-
jects the predicted asymmetry for that model and
task.

Test B: epistemic signaling. Within a model fam-
ily, hold the RLHF stage and data constant. A
higher rate of justified, system-initiated epistemic
repair should predict fewer unjustified reversals
on sycophancy probes (Sharma et al., 2023; Perez
et al., 2022). Absence of this association rejects
the proposed link for that model family. The pilot
does not test this prediction.

Test C: phase-dependent cost. Inject the same
instruction violation before and after independent
evidence that user expectations have stabilized,
while matching context length and task complex-
ity. The framework predicts more user-initiated
turns or additional information before recovery in
the Consolidation condition. No reliable interac-
tion with expectation stabilization rejects the phase
hypothesis. The pilot does not test this prediction.

5.3 Pilot: Boundaries in the Original Rubric
We applied the original turn-level rubric to 30 Mul-
tiChallenge (Sirdeshmukh et al., 2025) dialogues
with a mean of 5.43 visible system turns. The
sample was stratified across instruction retention,
inference memory, reliable version editing, and
self-coherence. The released fields do not identify
which responder model produced each dialogue,
and the traces omit the assistant response to the
final benchmark probe.

Two human annotators independently coded the
sample. Agreement on 150 per-dialogue, per-cell
binary labels (five cells across 30 dialogues) was
Cohen’s κ = .75. Human adjudication resolved
disagreements. This statistic concerns category
presence under the original rubric and does not
measure event boundaries or validate the revised
scheme. Table 4 reports the adjudicated annota-
tions.

The adjudicated file contains 19 repair-related
events and no original Cell 4 event across 163 vis-
ible system turns. Fifteen dialogues contain no
coded event. These values illustrate application of
the earlier categories. They do not estimate repair

Table 4: Human-adjudicated counts from two indepen-
dent human annotations under the original rubric. Cell 0
combines pseudo-alignment and unresolved drift.

Original category Count

Cell 0 10
Cell 1 4
Cell 2 4
Cell 3 1
Cell 4 0
Dialogues with no coded event 15

prevalence or test the Cell 4 hypothesis. The origi-
nal rubric defined the unit as a system turn while
also coding Cell 2 on user turns. It also combined
unjustified concession with unresolved drift and
treated user restatement as a Cell 2 event before
its outcome was visible. These boundaries moti-
vated the revised sequence-level scheme, whose
reliability remains untested.

5.4 Implications for System Design

These diagnostics can guide training only when
violation incidence and recovery are evaluated to-
gether. Increasing Cell 4 alone could reward avoid-
able errors followed by conspicuous correction. A
sound objective first reduces matched violations
and then favors recovery trajectories that restore
conversational state with less user work.

Training objectives. A multi-turn direct prefer-
ence optimization objective (Shi et al., 2024) could
give greater weight to trajectories that avoid a Con-
tinuity violation and, conditional on a violation, to
trajectories that restore state with less user inter-
vention. Constitutional AI critique loops (Bai et al.,
2022) are one candidate mechanism for producing
observable system self-repair.

Agent architecture. Memory updates can be
linked to interactional milestones, including an es-
tablished referent or corrected instruction. Func-
tional labels identify which state-management
mechanism requires intervention, and structural
cells test whether that intervention reduces user
repair work.

6 Conclusion

Evaluation of individual outputs cannot distinguish
a system that restores its own conversational state
from one that reaches the same answer after re-
peated user correction. The proposed framework
makes that difference measurable by pairing the
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functional source of trouble with observable re-
pair initiation and resolution, then testing whether
restored state persists and whether recovery cost
changes after expectations stabilize. The pilot re-
vealed where the original turn-level rubric failed
and defines the validation required for the revised
sequence-level scheme. If this research program
succeeds, two dialogues with the same final an-
swer will receive different assessments when one
required the user to recover the interaction.

Limitations

This position paper develops a theoretical synthesis
and re-examines published findings. The measures
in §5.1 require validation. The four functional
loops provide one account of the interactional
space. They may co-occur, and the framework
currently provides no validated rule for assigning a
single dominant label. Co-resolved, nested, aban-
doned, and indeterminate repair sequences also
require validated coding rules. Multi-label anno-
tations and ambiguity flags should therefore be
preserved in primary analyses.

The psycholinguistic foundations we draw on
(Pickering and Garrod, 2004; Clark, 1996) were de-
veloped primarily with Western, English-speaking
populations. Henrich et al. (2010) and Agarwal
et al. (2025) documented systematic underrepresen-
tation of non-Western populations and communica-
tion patterns in source theories and NLP datasets.
Cultural bias also affects LLM behavior (Naous
et al., 2024). The proposed categories and cues
therefore require validation across languages and
communities.

The analysis in §4.3 depends on published find-
ings that may reflect benchmark and model selec-
tion effects. The framework focuses on text-based
dialogue. Spoken, multimodal, and agentic settings
require additional phonological, prosodic, percep-
tual, and affective levels.

The pilot uses 30 pooled MultiChallenge dia-
logues and cannot identify the responder model as-
sociated with each trace. It also lacks final assistant
responses to the benchmark probes. Its κ = .75
concerns per-dialogue category presence under
the original rubric and does not establish event-
boundary or revised-scheme reliability. The origi-
nal unit inconsistency and combination of pseudo-
alignment with unresolved drift prevent conclu-
sions about event prevalence. The study does not
test the revised sequence-level scheme, epistemic

signaling prediction, or temporal phase prediction.
Larger human annotation studies, model-identified
samples, opportunity-normalized comparisons, and
independent validation of the phase construct re-
main necessary.

Ethical Considerations

The framework hypothesizes that some systems im-
pose substantial repair work on users. Such work
may affect users differently according to interac-
tional fluency, available cognitive resources, and
English proficiency. The proposed measures are
also susceptible to superficial optimization. For
example, a system may emit uncertainty markers
without improving uncertainty estimation. Any de-
ployed measure therefore requires behavioral val-
idation and reporting across relevant user popula-
tions.

Human review. Two human annotators indepen-
dently coded the public MultiChallenge dialogues.
Human adjudication resolved disagreements. No
research participants were involved. The analysis
used existing benchmark data, so institutional re-
view board review and informed consent were not
required.

Use of existing artifacts. We collected no new
dataset. MultiChallenge was used for the pilot, and
the other corpora in §5.1 are candidate sources for
future evaluation. Future use remains subject to
each artifact’s license and intended terms.

Use of AI Assistants

We used LLM-based assistants for manuscript cri-
tique, revision, language editing, LaTeX format-
ting, and supplementary documentation. Claude
4.6 produced a separate exploratory annotation of
the pilot sample. This analysis did not enter the
reported human agreement statistic or the adjudi-
cated counts. The human authors reviewed the as-
sisted output and take responsibility for the paper’s
claims, citations, and reported analyses.

References
Dhruv Agarwal, Mor Naaman, and Aditya Vashistha.

2025. Ai suggestions homogenize writing toward
western styles and diminish cultural nuances. In
Proceedings of the 2025 CHI Conference on Human
Factors in Computing Systems, CHI ’25, page 1–21.
ACM.

1572



Yuntao Bai, Saurav Kadavath, Sandipan Kundu,
Amanda Askell, Jackson Kernion, Andy Jones, Anna
Chen, Anna Goldie, Azalia Mirhoseini, Cameron
McKinnon, and 1 others. 2022. Constitutional AI:
Harmlessness from AI feedback. arXiv preprint
arXiv:2212.08073.

Erin Beneteau, Olivia K. Richards, Mingrui Zhang,
Julie A. Kientz, Jason Yip, and Alexis Hiniker. 2019.
Communication breakdowns between families and
Alexa. In Proceedings of the 2019 CHI Conference
on Human Factors in Computing Systems, pages 1–
13.

Holly P. Branigan, Martin J. Pickering, and Alexandra A.
Cleland. 2000. Syntactic co-ordination in dialogue.
Cognition, 75(2):B13–B25.

Holly P. Branigan, Martin J. Pickering, Jamie Pearson,
and Janet F. McLean. 2010. Linguistic alignment be-
tween people and computers. Journal of Pragmatics,
42(9):2355–2368. How people talk to Robots and
Computers.

Susan E. Brennan and Herbert H. Clark. 1996. Concep-
tual pacts and lexical choice in conversation. Journal
of Experimental Psychology: Learning, Memory, and
Cognition, 22(6):1482–1493.

Paweł Budzianowski, Tsung-Hsien Wen, Bo-Hsiang
Tseng, Iñigo Casanueva, Stefan Ultes, Osman Ra-
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