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Abstract

Addressing the scarcity of annotated data for Other-Initiated Repair (OIR), when recipients interrupt conversation
progressivity to signal trouble, prompting speakers to provide repair, this work introduces OIR annotations for the
NOXI corpus, achieving considerable reliability. We evaluate whether LLMs can reliably annotate OIR sequences
using structured Chain-of-Thought prompting and conduct comparative analysis across two corpora: NOXI (natural
dialogue) and CABB-S (Dutch, task-oriented), finding weak alignment between LLMs and human annotations,
particularly in recognizing trouble signaling. Analyzing human-LLM disagreement using the LLM-generated
explanations revealed limitations: models rely on lexical patterns rather than conversational context, construct
reasonable-sounding but misleading narratives, highlighting crucial limitations for both automated annotation of
complex interactional phenomena.

Keywords: other-initiated repaired, large language model, data annotation, IlIm reasoning, human-lim dis-

agreement

1. Introduction

Conversation is the fundamental mode of human
interaction, in which interlocutors can consider any-
thing as a problem, potentially leading to commu-
nication breakdowns. When speakers encounter
difficulties in understanding or interpreting their in-
terlocutor’s utterances, humans use repair mech-
anisms to resolve the issues and maintain conver-
sational flow. Other-Initiated Self-repaired, or
in short, Other-Initiated Repair (OIR), is one of
such mechanisms, where a recipient interrupts
the ongoing conversational activity to signal
an issue with the prior speaker’s turn, prompt-
ing the original speaker to provide the actual
repair (Schegloff et al., 1977; Schegloff, 2000), as
illustrated in Figure 1.

The study of OIR sequences has broad implica-
tions. Accurate identification of OIR sequences is
crucial for dialogue systems to handle communica-
tion breakdowns effectively (Ashktorab et al., 2019),
as poor handling of conversational errors, such
as unexpected responses or ignoring from Con-
versational Agents can quickly demotivate users
(Benner et al., 2021) and easily escalate into a
conversational breakdown and interaction failure.
Dingemanse and Enfield (2024) shows that cur-
rent agents are typically fine-tuned to maintain an
appearance of confidence, even when misunder-
standing users. They attempt simple forms of repair
only when dialogue stalls, usually through a sim-

ple apology or generic clarification request (e.g.,
“Could you repeat that?”), placing the burden of
repair on the human user.

Implementing repair strategies that go beyond
simple open requests (e.g., “Huh? Could you re-
peat that?”) and identifying human repair requests
remain difficult due to the combinatorial complexity
of natural conversation, where any element of a
prior turn can become a potential source of trou-
ble (Dingemanse and Enfield, 2024). Another key
challenge is the lack of annotated data for com-
putational modeling of OIR, although such data
are essential for training and evaluation. Existing
resources are largely derived from Conversational
Analysis (CA) studies, where expert analysts per-
form in-depth, case-by-case analyses rather than
standardized annotation. While these collections
provide valuable theoretical insights, they are not
directly applicable to computational work. Very
few attempts of pre-annotated OIR corpus (e.g.,
CABB-S, Rasenberg et al. (2022)) exist for com-
putational use, underscoring the critical need for
additional resources. In contrast, corpus annota-
tion involves trained, often non-expert annotators
applying predefined guidelines to label data sys-
tematically across larger scales, which is a labor-
intensive process that demands substantial training.
This makes manual annotation costly and limited in
scope, highlighting the need to explore automatic
annotation methods, which remain underexplored
for such complex phenomena.
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1)..alors tu as les lacs avec des plages de
sable noir.
(so you have lakes with black sand beaches)

- [Trouble
Source]

A 2) sable noir ? (black sand?)
- [Repair Initiation]

B

3) Ouais sable noir ouais. Parce que c'est

la lave du coup.
(veah, black sand, yeah, because it's lava)

- [Repair
Solution]

A

Figure 1: Example of Other-initiated Repaired (OIR)
from NOXI corpus (English translated). Speaker B
initiates repair request by "sable noir?", signalling a
trouble with this part of speaker A's turn 1. Speaker
A provides solution by confirmation and addition
information for clarification at turn 3.

In parallel, Large Language Models (LLMs) of-
fer promising possibilities for automatic annotation
(Brown et al., 2025; Nasution and Onan, 2024;
Calderon et al., 2025). They can generate large
amounts of labeled data, potentially mitigating the
bottleneck of manual annotation. Moreover, LLMs’
ability to produce explanations (Ara et al., 2024;
Zhang et al., 2024) offers additional potential to in-
terpret and understand annotation decisions, which
is crucial to assess annotation quality and reliability.

To address the scarcity of resources for compu-
tational modelling of Other-Initiated Repair (OIR),
this study introduces new OIR annotations for the
NOXI corpus (French) with corresponding guide-
lines. We further examine whether LLM can serve
as a reliable annotator through a structured prompt-
ing approach grounded in CA literature. Our con-
tributions are in 3-fold: (1) the OIR sequence an-
notation for a French corpus (NOXI, Cafaro et al.
(2017)) with detailed guidelines and protocols; (2)
a systematic evaluation of LLM-based OIR annota-
tion using a decision-tree structure prompting ap-
proach, with comparative analysis against human
annotation across two corpora: NOXI (French, nat-
ural dialogues) and CABB-S (Dutch, task-oriented
conversations), enabling assessment across lan-
guages and dialogue types; (3) disagreement anal-
ysis methodology using LLM-generated explana-
tions to interpret human and LLM perspectives and
assess annotation reliability.

2. Related Works

OIR Resources. OIR has been investigated
across many languages and modalities in CA
studies (Kendrick, 2015; Dingemanse and Enfield,
2015; Floyd, 2015; Rossi, 2015), but existing cor-
pora are designed for qualitative in-depth analy-
sis rather than standardized annotation suited for
computational models. Resources with explicitly
annotated OIR sequences remain scarce, with only
one available resource in Rasenberg et al. (2022)’s

work (CABB-S). Moreover, the low frequency of OIR
occurrences and the variability across corpora fur-
ther complicate annotation quality. Regarding this,
van Dijck et al. (2024) demonstrates that system-
atic multi-stage review protocols can substantially
improve agreement by distinguishing annotation er-
rors from fundamental interpretational differences.
Besides, Baledent et al. (2022) introduced validity,
agreement, and consensuality metrics to represent
distinct aspects of annotation quality, showing that
high inter-annotator agreement does not necessar-
ily guarantee annotation accuracy. To address
these limitations, this work provides OIR anno-
tations for a French corpus (NOXI) with annota-
tion guidelines and multi-stage validation.

LLM-as-Annotator. With advances in LLM, re-
cent research suggests using LLMs as an annota-
tor to reduce human effort in multiple annotation
tasks in NLP. Nasution and Onan (2024) compared
human and LLM annotations in complex linguistic
tasks, found that human annotations consistently
outperformed LLMs in intricate contexts that require
contextual understanding and ambiguity resolution,
which are characteristics central to OIR identifica-
tion. Brown et al. (2025) reveals that task difficulty
is the most influential factor in human-LLM agree-
ment patterns, with demographic factors showing
less systematic impact than expected, when us-
ing LLM to annotate several subjective tasks. He
et al. (2024) demonstrates that structured prompt-
ing, particularly "explain-then-annotate" methods,
can significantly improve LLM performance by in-
corporating explicit reasoning processes. Lu et al.
(2025) found that LLMs struggle significantly with
samples which human annotators show low agree-
ment. Calderon et al. (2025) provides statistical
testing frameworks for evaluating LLM annotation
quality, demonstrating that LLMs can sometimes
reliably replace human annotators, depending on
task and dataset. Building on these findings, our
study examines whether structured prompting
can enable LLMs to perform reliable OIR an-
notation in dialogues, across languages and
conversational contexts.

LLM-as-Explanator. LLM capabilities in generat-
ing explanations for annotation decisions present
novel opportunities to understand disagreement
patterns. Chen et al. (2025) showed that LLM-
generated explanations can approximate human
judgment distributions with minimal guidance, sug-
gesting potential value for illuminating annotation
boundary cases rather than simply replacing hu-
man judgment. However, Zhang et al. (2024) identi-
fied a critical limitation: LLMs consistently fail to rec-
ognize legitimate interpretational differences, typi-
cally selecting decisive responses even when hu-
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man annotators are evenly split. Lu et al. (2025)
further demonstrates that LLM confidence often
exceeds accuracy, particularly in ambiguous cases
where there is substantial human disagreement.
Ara et al. (2024) further investigates how knowl-
edge gaps between beginner and expert annotators
affect the quality of data annotation and involves
LLM to generate explanations and reasoning for
the Reasoning interface to assist annotators by
offering concise, Al-generated reasoning for deci-
sion making, resulting in the most common reasons
for disagreements between beginner and expert
annotators being confusing words and hidden con-
text. Inspiring by these works, we examine LLM-
generated reasoning to analyze and interpret
human-LLM disagreement in OIR annotation.

3. Methodology

3.1.

Annotation corpus NOXI. We adopted an exist-
ing multimodal corpus NOXI (Cafaro et al., 2017)
for OIR annotation. The corpus contains around
7 hours of dyadic conversations in French. For
each conversation, one speaker plays the role of
an expert while the other speaker plays the role
of a novice, featuring spontaneous dialogue with
natural OIR sequences. The NOXI corpus was
transcribed at word-level by both human annotator
and by an Automatic Speech Recognition (ASR)
system.

Data & OIR Annotation Framework

Corpus for comparison CABB-S. For compar-
ative analysis of LLM annotations, we use a pre-
annotated corpus from Rasenberg et al. (2022),
which is a subset of the Dutch task-oriented multi-
modal corpus CABB Eijk et al. (2022), here referred
to as CABB-S. The corpus has about 5 hours of
recordings. In each dyad, participants complete
an object-matching task for multiple trials, alter-
nating between the roles of director and matcher.
Although the CABB-S (Dutch, task-oriented) and
NOXI (French, natural settings) corpora differ in
language and settings, this diversity allows us to as-
sess LLM performance and its consistency across
languages and dialogue characteristics, leveraging
LLM’s demonstrated multilingual capabilities.

NOXI’s OIR Annotation Framework The two cor-
pora employ different segmentation approaches.
CABB-S provides pre-defined turn constructional
units (TCU) boundaries, whereas NOXI transcripts
contain sentence-level punctuation ("." and "?")
but no discourse segmentation. To ensure consis-
tent annotation logic across corpora, we adopted a
functional annotation unit called “segment,” whose
boundaries are determined by the scope of OIR

components rather than fixed structural units. NOXI
originally provides punctuation marks, which were
manually transcribed based on prosodic cues and
syntactic completion, offering candidate boundaries
for segmentation. Based on that, our annotator
identified segments as follows: (1) identifying re-
pair initiation segments through trouble-signaling
features (question words, repetition, repair mark-
ers); (2) determining the corresponding trouble
source retrospectively based on what the repair
initiation targeted; (3) marking the repair solution
as the acknowledgment and resolution. This ap-
proach aligns with the CA principles, where trouble
sources are defined retroactively by what recipients
treat as problematic (Schegloff et al., 1977; Sche-
gloff, 2000), rather than by predetermined structural
boundaries. In CABB-S, the same functional logic
was applied: segments corresponded to one or
more TCUs based on OIR component logic. This
approach ensures that the annotations of both cor-
pora are comparable despite differences in under-
lying transcription granularity.

We adapted the OIR coding scheme developed
by Rasenberg et al. (2022) for CABB-S annotation,
which was derived from Kendrick (2015). Based on
the definition of OIR, we formulate the steps of iden-
tifying repair initiation and its type into a decision
tree protocol (see Figure 2). Guided by this protocol,
our human annotator labeled each OIR sequence
with three components: trouble source, repair ini-
tiation, and repair solution segments. The repair
initiation was further classified into open request,
restricted request, or restricted offer. Additionally,
based on our observation from the NOXI corpus,
trouble sources were coded as mishearing, non-
understanding, or other, and the specific problem-
atic spans were also marked. These refinements
ensure a more detailed granularity of OIR phenom-
ena, facilitating further OIR analysis. The detailed
coding schema is provided in the Appendix.

3.2. NOXI Multi-Stage Annotation
Protocol

We employed a French native speaker, majoring
in linguistics, as the primary annotator (hereafter
referred to as the (human) annotator). Annotations
were performed in ELAN ' with predefined tiers for
OIR components and three repair initiation types.
To ensure annotation consistency and quality, we
followed a multi-stage protocol, beginning with a
training session with provided guidelines and ex-
amples (see Appendix), followed by a pilot anno-
tation of 20 minutes of recordings. The next step
involves a discussion and feedback with two review-
ers. The first reviewer is the first author, a compu-
tational linguist (hereafter referred to as the mid-

1https ://archive.mpi.nl/tla/elan
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Given a segment {x} - candidate for Repair Initiation
Step 1: Does {x} signals trouble in prior turn?

* NO = not Repair Initiation

Prompting Strategies

Input « YES ~ go to Step 2 ThStruE:ureCd $hsln-odf- LLM Models
Data Step 2: Does {x} gets response, acknowledged? oughts (e, asedon
— P Decision Tree Logic
‘ NOXI > * NO - not Repair Initiation » » | Llama3(8B)
* YES = {x} is Repair Initiation. Go to Step 3 Zero-shot
‘ CABB-S Step 3: Localizes trouble source? Qwen2.5 (78)‘

* NO - Open Request

* YES - Restricted type. Go to Step 4
Step 4: Offer a candidate?

* NO - Restricted Request

* YES - Restricted Offer

‘ Few-shot

Figure 2: Overview of LLM Annotation Framework

dle reviewer), and the second reviewer is a senior
conversational analyst (hereafter referred to as the
expert). After the discussion, the annotator revised
his decisions for three instances for the pilot study
and started the main phase. The main annotation
phase proceeded in mini-batches, each comprising
two recordings (around 40—-45 minutes), followed
by iterative reviews after each batch. First, the
middle reviewer provided feedback and discussed
revisions with the annotator. Subsequently, the ex-
pert assessed the revised annotations and had a
final discussion with both the annotator and the
middle reviewer to reach a final consensus. This
two-stage process enabled early detection of sys-
tematic issues, iterative refinement of guidelines,
and assessment of annotation quality improvement
by examining the evolution of the inter-annotator
agreement (IAA), which we will discuss in greater
detail in Section 4. The annotator re-annotated 10%
of the data randomly selected from early batches
during the final annotation stage, approximately
2.5 months later, to assess the annotator’s self-
consistencies.

3.3. LLM Annotation

Task: Identify OIR in Dialogues (Summarized)
Prompt

Sytem: Role: expert conversation analyst..(OIR background). Task:
Identify Repair Initiation and classify type via decision steps:

(1) Signals trouble? (2) Gets acknowledgment? (3) Localizes trouble?
(4) Offers candidate?

Types: Open Request, Restricted Request, Restricted Offer. Input:
Dialogue segments: [id]. [speaker] [timestamp]: [text]

Example Output

{"dialogue_id": "cabb_ex_2", "oir_sequences": [{
"trouble_source": {"idq":"1", "spk":"B",
"timestamps":"00:12-00:15", "text":"..."},
"repair_initiation": {Dael® g 0AD o o)
"type":"open_request"},

"repair_solution": {"id":"3", "spk":"B", ..},
"decision_steps": {"stepl": {"value":true},

AN

Figure 2 illustrates our framework for OIR an-
notation using LLMs. We selected two open-
source models: Llama3-8B-Instruct (Grattafiori
etal., 2024), for its strong instruction-following capa-

bilities and broad benchmarking across NLP tasks;
and Qwen2.5-7B-Instruct (Qwen et al., 2025), the
latest release of the Qwen family, for its improved in-
struction adherence, enhanced role-based prompt-
ing, and multilingual proficiency. To ensure compa-
rability with human annotations, our LLM prompting
strategy was designed to mirror the four-step de-
cision tree used in human annotation guidelines.
We adapted the Chain-of-Thought (CoT) prompting
approach (Wei et al., 2022) as its multistep rea-
soning aligns naturally with our decision logic for
OIR identification, allowing the model to explicitly
rationalize each classification stage. The CoT logic
is embedded within the task prompt, where each
step branches through binary (yes/no) decisions
rather than the original linear reasoning chain (see
the compacted version in Prompt 3.3, the complete
prompt is provided in Appendix A). Rather than
optimizing performance through advanced prompt-
ing techniques, we prioritize transparent reasoning
and systematic comparability, facilitating the analy-
sis of interpretive differences between human and
LLM annotations. Therefore, we experimented with
our structured CoT prompting with zero-shot and
few-shot scenarios. Source code with full prompt
templates, few-shot examples, and all experiments’
parameters 2 is provided.

4. NOXI Human Annotation Results &
Discussion

4.1. Overall annotation results

We identified 49 OIR sequences from 21 dyads
in NOXI, occupying approximately 3% of the data,
with a mean of 2.2 repair initiations per dyad. The
distribution includes 22 (47.8%) open requests, 17
(37%) restricted requests, and 7 (15.2%) restricted
offers. In comparison, Rasenberg et al. (2022) re-
ports 378 OIR sequences from around 8 hours of
recordings in the CABB-S corpus (~14.5% of the
data), with 24 open requests, 39 restricted requests,

?https://github.com/haanh764/NOXI_
annotation
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and 315 restricted offers. Despite comparable to-
tal durations, OIRs occur less frequently in NOXI,
and the distribution of OIR types differs noticeably.
These differences appear to stem from both interac-
tional design and epistemic stance characteristic of
each corpus. CABB-S is task-based, with referen-
tial objects presented to both participants, creating
epistemic symmetry and favoring restricted offers
as a resource for negotiating mutual understanding.
In contrast, NOXI is designed for natural, sponta-
neous interaction, making repair more likely in natu-
ral dialogue settings, resulting in less frequent OIR.
Besides, the setting is epistemically asymmetric
(expert—novice role play), where participants tend
to rely more on open and restricted requests to elicit
clarification. The screen-mediated setting further
contributes to the prevalence of open requests, as
issues such as lag or audio quality can lead to mis-
hearing. In summary, it suggests that epistemic
asymmetry in combination with the communicative
setting (natural vs. task-based, screen-mediated
vs. face-to-face) influences both repair frequency
and type preference.

4.2. Annotation Evaluation

Metric Stage 0—1  Stage 12
Agreement rate 72.73% 89.09%
Cohen’s x 0.372 0.667
Revision rate 27.27% 10.91%
Sequences changed 15 6

Table 1: NOXI annotation reliability metrics across 2
validation stages. Stage 0—1: human annotator vs.
middle reviewer; Stage 1—2: stage 1 consensus
VS. expert reviewer.

Table 1 summarizes the reliability metrics across
the two-stage validation, showing progressive im-
provement. Cohen’s x was calculated for 1AA
between our annotator and the middle reviewer
at stage 1, and between the stage 1 consen-
sus and the expert at stage 2. The score in-
creased markedly from 0.372 (fair agreement) to
0.638 (substantial agreement), indicating a sig-
nificant improvement in annotation consistency.
The agreement rate rose from 72.73% to 89.09%,
while revision rates decreased from 29.63% to
12.96%, indicating convergence toward stable an-
notations. Overall, 61.82% of sequences remained
unchanged through both review stages, showing a
fair stability rate. For revised samples, stage 1 sys-
tematically resolved annotation uncertainties and
guideline ambiguities, with most revisions address-
ing “undecided” annotations. The rest involved
misclassified OIR types or misidentified OIR se-
quences. For stage 2, revised samples are mostly

genuinely ambiguous boundary cases (see Ap-
pendix), where the annotator and middle reviewer
had considered these as regular dialogue but were
reclassified by the expert as repair initiations. The
annotator shows high self-consistency. After 2.5
months, 10/11 OIR sequences (90.9%) were re-
annotated identically, with only one reclassified as
non-OIR, corresponding to a Jaccard similarity of
0.91 and 100% agreement on repair initiation types.

5. LLM Annotation Results
(NOXI+CABB-S) & Discussion

Table 2 summarizes the overall results of LLM
annotation on NOXI and CABB-S corpora, using
four model configurations (LLaMA and Qwen, each
in zero-shot and few-shot settings), evaluated at
both sequence and segment (repair initiation) lev-
els. The human annotations in NOXI correspond
to the final consensus results after two-stage val-
idation. In addition, Table 3 presents the LLM’s
performance in identifying repair initiation types.

Sequence-level annotation. At the sequence
level, the human annotator identified 47 OIR se-
quences in NOXI and 366 in CABB-S, whereas
the two models showed different patterns. LLaMA
consistently overpredicts across both corpora and
strategies, predicting approximately double the
number of OIR sequences annotated by the hu-
man annotator in NOXI and around 4-5 times more
in CABB-S. Conversely, Qwen exhibits extreme
conservatism in both settings, identifying far fewer
sequences (coverage only ~2—3% in zero-shot and
30-50% in few-shot) for both corpora. The num-
ber of fully matched sequences, where all three
components (trouble source, repair initiation, and
repair solution segments) align with human anno-
tation, remains low, typically below 10 per each
setting. In NOXI, models achieve 8.5-12.8% exact
sequence match rates (4-6 sequences out of 47),
with LLaMA-FS and Qwen-FS tied at 12.8%. Mean-
while, CABB shows higher absolute numbers of ex-
act matches for LLaMA (77-79 sequences in both
settings), though this represents only around 21%
of the human annotations. Given the small number
of matched sequences, similar metrics were not
computed at this level, as they are more sensitive
and may not reflect a meaningful difference.

Segment-level annotation. Atthe segment-level,
we examined repair initiation segments identified by
both the LLMs and the human annotator. LLM mod-
els’ performance improves slightly, with higher num-
bers of LLM identified repair initiations aligned with
human annotator, but remains weak overall. Pre-
cision and recall are low across corpora (< 0.50),
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Sequence-Level

Segment-Level

Corpus Model Human LLM  #Exact Matched | # RI Matched P R F1 K
LLaMA-ZS 47 85 4 14 0.165 0.298 0.212 —0.618

NOXI LLaMA-FS 47 106 6 18 0.170 0.383 0.235 —0.477
Qwen-ZS 47 1 1 1 1 0.021  0.042 0.000
Qwen-FS 47 26 6 12 0462 0255 0.329 —0.488
LLaMA-ZS 366 1823 77 139 0.076 0.380 0.127 —0.242

CABB-S LLaMA-FS 366 1530 79 153 0.100 0.418 0.161  —0.268
Qwen-ZS 366 10 0 6 0.60 0.016 0.032 —0.022
Qwen-FS 366 114 18 37 0.327 0.101 0.154  —0.388

Table 2: Overall LLM annotations results, with 2 strategies: ZS=zero-shot, FS=few-shot. Sequence-
Level: Counts of OIR sequences identified by LLM, and # Exact matched=numbers of exactly matched
sequences between LLM and human annotator (matched all 3 components trouble source, repair initiation,
and repair solution). Segment-Level: LLM performance on identification of whether each dialogue
segment is a repair initiation (# Rl matched=numbers of matched repair initiation segment between LLM
vs. human annotator, P=precision, R=recall, F1=F1-score, k=Cohen’s kappa for agreement between LLM

vs. human annotator).

yielding F1 scores below 0.3 for most configura-
tions. Qwen-FS achieves the highest F1 score and
precision on both NOXI and CABB-S, but lower
recall, while LLaMA-FS shows a reverse trend,
higher recall but lower precision, reflecting its over-
inclusiveness predictions, where models correctly
identify some repair initiations but flag many non-
repair segments as positive. Qwen-FS thus identi-
fies only a few but salient repair initiations. Never-
theless,  values again hover around zero or nega-
tive, confirming limited alignment with human labels
in both corpora. This weak alignment shows differ-
ences between how LLMs and human annotators
identify repair. While human annotation relies on
conversational progressivity by analyzing a turn’s
relation to surrounding turns, LLMs appear to rely
largely on surface-level lexical cues to detect trou-
ble signalling, as further confirmed in Section 6.
Moreover, the extreme difference in behaviour be-
tween LLaMA’s over-prediction and Qwen’s under-
prediction indicates that neither model captures the
OIR patterns in conversation.

In addition, at the sequence-level, a critical in-
sight from the results is the ratio of matched repair
initiations (same repair initiation segment identi-
fied by both human and LLM) to exact sequence
matches (all three components align), suggesting
clues for the source of disagreement between the
LLM and human annotator. Since a repair initia-
tion is theoretically defined by its relationship to
a trouble source and repair solution, matching on
the repair initiation segment alone indicates that
both LLM and the human annotator recognized a
repair phenomenon but disagreed on its bound-
aries. In NOXI, this ratio varies sharply: LLaMA
models achieve around 29-33% (4/14 and 6/18),
while it is around 50% in Qwen-FS (6/12), implying
severe boundary disagreement in NOXI (around
67-71% for LLaMA and around 50% for Qwen-FS).
Noticeably, Qwen-ZS achieving 1/1 (100%) does

not mean it is better at boundaries, as it identified
only one OIR sequence in total, which happened to
be exactly aligned with humans’ for both sequence
and repair initiation segment-level. CABB shows
better boundary agreement (approx. 50%) except
for Qwen-ZS, suggesting either the OIR sequences
in CABB-S have clearer boundaries or the LLM
models happen to align better with human judg-
ment in CABB-S.

Repair initiation types classification. Among
matched repair initiations, Table 3 reports the num-
bers of each repair initiation type identified by both
LLM and human annotator. Across corpora, open
request emerges as the most consistently identi-
fiable type, whereas restricted offer is the most
difficult type overall. For open request type, in
NOXI, both LLaMA-FS and Qwen-FS achieve 7
matched instances out of 23 human annotations
(30.4%). However, their classification patterns are
different, in which LLaMA-FS labeled a total of 16
open request instances, while Qwen-FS identified
only 14, resulting in a precision of around 44% and
50% for each, respectively. This pattern becomes
more visible in CABB-S, where both LLaMA experi-
ments achieve more than 50% (12/24 and 15/24)
matched open request instances with human labels
compared to only 12.5% (3/24) of Qwen-FS. How-
ever, examining total predictions tells a different
story: LLaMA-FS made 1347 open request pre-
dictions to achieve these 15 correct identifications
(1.1% precision), while Qwen-FS made only 63
predictions (4.8% precision, nearly 4 times better).
Restricted request shows intermediate difficulty for
both models and across corpora. In NOXI, LLaMA-
ZS achieved 4 matches out of 17 instances identi-
fied by the human annotator, followed by LLaMA-FS
and Qwen-FS with 2 matches only.

In CABB-S, the similar pattern between precision
and recall persists, in which LLaMA-ZS identifies 8
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Types (# matched/# identified) Agree.
©
g Model OR RR RO K
LLaMA-ZS 3/7 4/7 0/0 0.125
= LLaMA-FS 7/16 2/2 0/0 0.165
O Qwen-ZS 0/0 0/0 0/1 0.000
Z  Qwen-FS 7114 2/8 0/4 0.438
Human 23 17 7 -
LLaMA-ZS 12/981 8/678 23/164 0.113
@ LLaMA-FS  15/1347 3/182 0/1 0.014
2  Qwen-zS 2/6 on 2/3 0.333
5 Qwen-FS 3/63 4/49 0/2 —0.060
Human 24 39 315 -

Table 3: LLM annotation performance per repair
initiation types, among matched repair initiation
indentified by LLM and human annotator (per each
type, # matched: numbers of repair initiations of
that type by both LLM and human, # identified: total
numbers of repair initiation of that type identified
by LLM including unmatched sequences)

correct instances from 678 predictions (1.2% preci-
sion) versus Qwen-FS’s 4 correct from 49 predic-
tions (8.2% precision). Restricted offer presents
the most challenging across nearly all configura-
tions, especially in the NOXI corpus, where this
type is rare even in human annotation; no model
correctly classifies any of the 7 restricted offers.
In CABB-S, even the restricted offers dominate
(315/378 instances, 83.3%), performance remains
low. LLaMA-ZS achieves the best absolute count
(28 correct) but only 7.3% (23/315) recall and
14.0% precision (23/164), followed by Qwen-ZS
with 2 matches out of its total 3 predictions only,
and when it comes to few-shot prompting, both
models perform even worse. This noticeable per-
formance degradation from NOXI to CABB also re-
flects the effects of class distribution. Regarding the
agreement between LLMs and human annotation,
Qwen-FS on NOKXI attains the highest overall Co-
hen’s x (0.438), showing limited but fair agreement
with human annotation, while Cohen’s « values on
CABB-S are varied around zero or negative, ex-
cept that Qwen-ZS surprisingly achieves moderate
agreement (x=0.333) but with minimal predictions.

Taken together, these results reveal that few-shot
strategies outperform zero-shot ones, particularly
on NOXI, indicating that a few examples help the
models better perceive the OIR concept. Regarding
the model family, LLaMA identified more potential
OIRs overall but is less selective, while Qwen found
fewer OIRs, but when they do, they are more likely
to be correct. Although overall Cohen’s « is still
far from inter-human reliability, both repair initia-
tion detection and type classification show slightly
better performance in NOXI than in CABB-S, likely
due to the greater contextual complexity of task-
oriented dialogues, where repair initiation is highly
context-dependent and embedded in directive or

referential actions. It also suggests that the LLM
annotation is sensitive to discourse organization,
especially for restricted offer instances, which rely
on implicit candidate understandings rather than
explicit interrogative markers. Despite having a
decision-tree structure to guide the model through
explicit reasoning steps, Step 1 ('Does x signal trou-
ble?’) fundamentally requires understanding how a
turn relates to its surrounding turns rather than just
surface form. Although the proposed structured
prompts can mimic the reasoning procedure, they
cannot provide the interactional knowledge needed
for this evaluation. Especially in restricted offers,
the surface forms can appear as a demonstration,
and the model must infer that a speaker proposes a
candidate understanding of what another speaker
said, which requires tracking both speakers’ epis-
temic states across turns. This process of reason-
ing with theory-of-mind over conversational context
cannot be induced by prompt structure alone.

6. Disagreement Analysis

6.1. Overview of Disagreement Cases

To understand the systematic differences between
human and LLM annotations, we extracted and an-
alyzed disagreement cases between final human
annotations and Qwen-FS annotations on NOXI,
resulting in 41 instances for analysis. Figure 3
presents the overall distribution of disagreement
types: 75.6% of disagreements occurred when the
human annotator identified repair sequences that
the LLM did not. For most of them (> 77%), LLM
found nothing, while a few showed partial (6.5%)
or completely different (16%) overlaps. The other
disagreements fell into groups of LLM found but
human not (approx. 17%), and the same repair ini-
tiation found but classified as different repair types
(7.3%). Across decision steps, LLM and human
annotation diverge the most at the first step in rec-
ognizing trouble-signaling in the target segment,
followed by identifying repair solutions, and clas-
sifying repair initiation types is not a controversial
problem. These patterns raise a critical question
about what the main reasons or cues lead to the
disagreement in recognizing trouble-signaling in
the first place.

To answer this, we examined the LLM’s capabili-
ties and reliability in explaining both humans’ and
the LLM’s reasoning. Inspired by recent works in
LLM-as-a-judge, we prompted Qwen2.5-7B to gen-
erate structured explanations for disagreements
between two given OIR annotations for the same
dialogue, identifying the likely reasoning behind
each annotator’s decisions and assessing which
interpretation better aligns with OIR theory. (see
the summarized version of our Prompt 6.1; the full
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Case

Extract

LLM explanation

Key Issue

Human [1]N: “Exactly, yes I'm actually planning to leave” LLM'’s reason: “Pardon’ does not contain any cues - Contingency/adequacy problem, LLM
identi- [2]E: “sorry” suggesting trouble or repair initiation.” missed the link to common conversa-
fied, LLM  [3]N: “..| was saying I'm actually planning to leave very soon, Human’s reason: “..’Pardon’ indicating trouble  tional orientation/actions
not at the end of April.” with the previous statement, ’j’ envisage ..peu fin - The "pardon" is due to mishearing, be-
avril’ provides the repair solution.” cause of overlap speaker turns, need
non-verbal cues to decide, which LLM
missed
LLMiden- [1]E: “..The banks of the Arno, which are also very, very nice  LLM'’s reason: “The phrase ‘d’ accord’ (okay) sug-  LLM explanation used words like "need",
tified, Hu- todo... gests agreement, but the following question indi-  pretends to be able to infer human in-
man not [2]E: “It's very pretty..” cates confusion or need for clarification” tention (theory-of-mind), yielding false

[3]N: “okay, can you explain to me what the Arno is”
[4]E: “Well, it's the river that flows through the middle of Rome”

Human’s reason: The segment appears to be a
natural follow-up to the previous statement without
any signs of confusion or need for clarification.

positive

Table 4: Sample Cases of LLM Explanation Analysis

Human ifi LLM
LLM NOT Human NOT

Same Founds,
Different Types

Level 1:
Disagreement
Categories

75.6% 17.1% 7.3%

Completely
Different

Complete Missed
(found nothing)

Partially
Overlapped

Level 2: |
Sub-categories

77.4% 6.5%16.1%

Step 1: Step 2:Gets Step 3:
Signals Trouble Acknowledgement | Localize Trouble
Level 3:
Disagreement per

Decision Steps 73:6%

18.9%  7.5%

Figure 3: Disagreement cases overview statistics

version is given in the Appendix B). However, we
focus on analyzing LLM’s reasoning process to ex-
amine how the LLM conceptualizes OIR sequences
compared to CA methods, rather than investigating
its judgments as authoritative. Therefore, for each
disagreement case, we provide an LLM with anony-
mous annotations (eg, annotator A’'s annotation
and annotator B’s annotation) to ensure the LLM
does not always favor human annotations. The
proportion of human and LLM annotations being
either annotator A or B is randomly assigned.

Disagreement Analysis Prompt (Summarized)

Input: Dialogue + Annotator A’'s annotation + Annotator B’s annotation
Task: Analyze disagreement and provide JSON output with:

- Disagreement summary; Possible reasons (explanation, supporting
evidence)

- Each annotator analysis (annotation summary, rationale, supporting
cues)

- Recommendation (favorability towards annotators)

6.2. LLM’s Explanation Analysis &
Discussion

The model generated six categories of disagree-
ment reasons, with the most common being repair
initiation interpretation (37%), type classification
(34%), sequence boundary dispute (29%), and trou-
ble source identification (21.9%). We validate the
reliability of these reasons, finding correct reasons
for most categories (93-100%), except for type clas-
sification and sequence boundary dispute, where
approximately 50% of disagreements stemmed
from different causes rather than those generated.
When the LLM identified OIR that humans did not,

Similar Partially Similar mmm Not Similar

LLM Identified,

85.7% 14.3% n=7
Human NOT
Human
Identified, 35.5% 51.6% n=31
LLM NOT
Same Found, 33.3% 33.3%

Different Types

Pgrcenta;e (%)

Figure 4: Overview of similarity between LLM’s
generated human reasoning vs the real human an-
notator’s reasoning

its rationales closely resembled human reasoning
(85.7% similar, 14.3% partially similar). In contrast,
when humans identified OIRs missed by the LLM,
the LLM struggled significantly to reconstruct hu-
man reasoning (35.5% similar, 51.6% partial, and
12.9% not similar). This asymmetry pattern can be
explained by the nature of the reasoning task: when
LLM identifies an OIR that humans do not, recon-
structing human reasoning is relatively straightfor-
ward by applying the decision tree logic in reverse to
deduce why that annotator rejected the sequence.
In contrast, cases where humans identified an OIR
but the LLM did not are more complex, as human
annotators may rely on more subtle interactional
cues, such as contextual factors, making it harder
for the LLM to infer.

Table 4 presents examples of LLM-generated
reasoning, illustrating the earlier observed patterns.
In “LLM identified, Human not” cases, the LLM’s
reconstruction of human reasoning (e.g., “a natu-
ral follow-up without confusion”) correctly aligned
with our annotator’s reason, but can be easily in-
ferred by reversing the decision-tree logic. For the
opposite case, LLM could produce only partial rea-
soning with supporting lexical cues, but remained
incomplete: the actual trigger for "pardon” was the
speaker’s mishearing due to overlapping speech,
which requires inferring acoustic from temporal pat-
terns rather than lexical content solely. When ex-
plaining its own annotations, we observed several
issues. In sample 1, the LLM dismissed “pardon”
as non-trouble signaling, reasoning solely based
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on lexical or semantic cues rather than interactional
context, reflecting a contingency problem. In sam-
ple 2, it combined “confusion” (a cognitive state)
with “clarification” (a conversational action), treat-
ing them as interchangeable, and introduced intent
interpretation (e.g., “need”), which goes beyond cur-
rent observation. In other words, when generating
explanations, LLM models tend to produce mental-
istic narratives by attributing mental states such as
"confusion” or intents such as "need” to speakers.
These explanations may sound reasonable, which
can make them appear convincing even when they
are incorrect annotations. However, under the CA
methodology, analysis should be grounded in ob-
servable interactional behavior rather than inferred
speaker intentions. This reveals that LLM explana-
tions may appear persuasive but misidentify regular
requests for information as repair.

7. Conclusion

This work provides annotated Other-Initiated Repair
sequences for the NOXI corpus with systematic
reliability evaluation across two-stage validation,
achieving substantial inter-annotator agreement.
We also investigated LLM capabilities in annotat-
ing OIR sequences in task-oriented and natural
dialogue, revealing fundamental limitations in auto-
mated repair annotation. While few-shot prompting
with decision-tree structured outperformed zero-
shot approaches, overall alignment with human
annotations remained weak across both corpora.
LLaMA models consistently over-predicted while
Qwen models exhibited extreme conservatism, with
both struggling particularly at sequence bound-
ary identification and restricted offer classification,
showing limitations in identifying implicit trouble-
signaling rather than explicit markers.

Disagreement analysis revealed that LLMs pri-
marily failed at recognizing trouble-signaling, with
the majority of disagreements involving repairs that
humans identified but LLMs missed. The mod-
els demonstrated limited reasoning capabilities,
struggling to understand the nuanced cues un-
derlying human repair identifications. LLM self-
explanations exposed critical limitations that rely
on lexical patterns rather than conversational con-
text and progressivity, and produce plausible but
misleading mentalistic narratives that misidentified
routine information-seeking as repair. The plau-
sibility of LLM explanations poses risks for users
without expertise. This work provides empirical
evidence of LLM limitations in capturing complex
interactional phenomena.

Future work could explore several directions
to improve LLM performance on OIR annota-
tion. Retrieval-augmented prompting with exam-
ples from CA literature could help ground the model

in interactional rather than lexical reasoning. In ad-
dition, multimodal LLMs, incorporating multimodal
inputs, such as prosodic and visual signals, may
help LLM resolve ambiguous cases.
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A. LLM OIR Annotation Prompt

Task: Identify Other-Initiated Repair (OIR) in
Dialogues (Full Prompt)

System Prompt

You are an expert in conversation analysis specializing in identifying
Other-Initiated Repair (OIR) sequences using a structured decision-
tree approach. Definition. Other-Initiated Repair (OIR) occurs when
a recipient interrupts the ongoing conversational activity to signal pos-
sible trouble in speaking, hearing, or understanding, leaving it to the
speaker of the trouble source to perform the repair. Key components:
Trouble Source: The segment in prior speaker’s turn retrospectively
signaled by another speaker as containing a repairable; Repair Initia-
tion: The segment that signals trouble/reparable with the prior turn and
initiates the repair sequence ; Repair Solution: The Trouble Source
speaker’s subsequent turn that acknowledges the Repair Initiation
and resolves the repairable.

Task Instructions

Given a dialogue containing a list of segments, in format: [seg-
ment_id] . [speaker_name] [start_time-end_time]:
[text] Your task is to identify the Repair Initiation segment in an
OIR sequence and classify its type. First, read through the entire
dialogue to understand the context. Then, for each segment that
might be a Repair Initiation, follow the decision tree below. For each
decision step, explain your reasoning before concluding YES or NO:
Step 1. Does a candidate segment signal a trouble/reparable pres-
ence in the prior speaker’s segment?
YES - Step 2 (identify prior segment as Trouble Source); NO —
Not Repair Initiation.
Step 2. Is the signal acknowledged in the subsequent segment?
YES — Segment is Repair Initiation; subsequent segment is Repair
Solution — Step 3; NO — Not Repair Initiation.
Step 3. Does the candidate segment localize the trouble source?
NO — open_request; YES — Step 4
Step 4. Does the candidate segment offer a candidate understanding?
NO - restricted_request; YES - restricted_offer

Input
{dialogue}

Required Response JSON Format

{"dialogue_id": "...", "language": oo,
"oir_sequences": [{"sequence_id": oL,
"trouble_source": {segment_id, speaker_name,
start_time, end_time, text},
"repair_initiation": {segment_id, speaker_name,
start_time, end_time, text, type},
"repair_solution": {segment_id, speaker_name,
start_time, end_time, text}, "confidence":
0.0-1.0, "decision_steps": {
"stepl_signals_trouble": {value, explanation
confidence},

"step2_gets_acknowledgment": {value, explanation,
confidence},

"step3_localizes_trouble": {value, explanation
confidence},

"step4_offers_candidate": {value, explanation,

confidence}}} ]}

B. LLM-Human Annotation
Disagreement Analysis Prompt

Task: Explain Human-LLM Disagreement in
OIR Annotation (Full Prompt)

System Prompt

You are an expert in conversation analysis and Other-Initiated Repair
(OIR) annotation. Your task is to analyze disagreements between two
annotators who analyzed the same dialogue for OIR sequences but
produced different annotations. Provide objective, balanced explana-
tions that help understand why the disagreement occurred.

Task Instructions

Other-initiated Self-repaired, or Other-initiated Repair (OIR), refers
to the practices in interaction where a recipient interrupts the ongo-
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ing conversational activity to address possible trouble/reparable in
speaking, hearing, or understanding, but leaves it to the speaker of
the trouble source to accomplish the actual repair. Two annotators
A and B have analyzed the same dialogue for OIR sequences but
produced different annotations. Given a dialogue and two annotations
from two annotators, your task: read the full dialogue to understand
sequential context, compare Annotator A vs Annotator B annotation,
identify where they differ, reason for each annotator’s decision, and
provide recommendation about which annotation better aligns with
the OIR definition, and justify it with evidence.

Input
{dialogue} | {annotation_A} | {annotation_B}
Required Output (Structured Format)

Response a JSON object with the following structure:

{"dialogue_id": string, "disagreement_summary":
string, "disagreement_types": one of
[sequence_identification,

boundary_dispute, repair_initiation_type,
component_identification, others (specified)],

"supporting_evidence": [Evidencel],

"annotator_analysis": {

"A": {"annotation_summary": string,
"rationale": [Reason],
"supporting_evidence": [Evidence]l},

"B": {"annotation_summary": string,
"rationale": [Reason],
"supporting_evidence": [Evidence]}},

"recommendation": {"favors": select one

[strongly_favors_a, slightly_favors_a, neutral,
slightly_favors_b, strongly_ favors_b],
"justification": [Reason], "supporting_evidence":
[Evidence], "confidence": float in [0,1]}}

C. Sample of Few-shot Example

Few-shot Example: OIR Annotation (NOXI)
Dialogue

1.A [00:02:34.120-00:02:38.450]: j’ai vraiment
adoré 1l’exposition sur le mouvement

impressionniste au musée

2.B [00:02:38.780-00:02:39.890]: le mouvement quoi?
3.A [00:02:40.120-00:02:43.560]: l'impressionnisme
tu sais Monet Renoir et les autres

4.B [00:02:43.890-00:02:45.230]: ah oui d’accord

je vois

Annotation Output

{"dialogue_id":"noxi_ex_1", "language":"french",

"oir_sequences":[{"sequence_id":"seq 1",
"trouble_source":{"segment_id":"1",
"speaker_name":"A", "start_time":"00:02:34.120",
"end_time":"00:02:38.450",

"text":"j’ai vraiment adoré 1l'exposition sur le

mouvement impressionniste au musée"},
"repair_initiation":{"segment_id":"2",

"speaker_name":"B", "start_time":"00:02:38.780",
"end_time":"00:02:39.890", "text":"le mouvement
quoi?", "type":"restricted_request"},
"repair_solution":{"segment_id":"3",
"speaker_name":"A", "start_time":"00:02:40.120",
"end_time":"00:02:43.560",
"text":"1l’impressionnisme tu sais Monet Renoir et
les autres"}, "confidence":0.9,

"decision_steps":{

"stepl":{"value":true, "explanation":"B signals
trouble with ’'le mouvement quoi?’, indicating
issue with the term connecting to ’'mouvement’",
"confidence":0.95},

"step2":{"value":true, "explanation":"A clarifies
"l’impressionnisme’ and provides examples",
"confidence":0.9},

"step3":{"value":true, "explanation":"partial
repetition 'le mouvement’ + ‘quoi’ localizes
trouble", "confidence":0.9},

"stepd":{"value":false, "explanation":"no candidate
understanding offered", "confidence":0.9}}}1}
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