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Abstract—With the advent of large language models (LLMs),
dialogue systems have become capable of generating more natural
utterances. However, dialogue breakdowns still occur, highlighting
the need for effective repair strategies. To enable more natural
repair behaviors in dialogue systems, we analyzed the linguistic
patterns of repair utterances in human-human communication
and investigated how humans perform repair. Based on how
speakers signal communication problems, other-initiated repairs
(OIRs) have been categorized into three types. Using this classifi-
cation framework, we analyzed data from the Corpus of Everyday
Japanese Conversation and found substantial variations in part-
of-speech (POS) patterns across different OIR types. Specifically,
we observed differences in the average number of morphemes, the
types of POS tags used, and their frequencies for each OIR type.
These findings provide fundamental insights that can contribute
to the development of dialogue systems capable of performing
natural and contextually appropriate repair behaviors.

I. INTRODUCTION

With the advent of large language models, dialogue systems
have become capable of generating natural responses. How-
ever, just as misunderstandings and mishearings frequently oc-
cur in human-human conversations and require repair, it is also
essential to detect and appropriately repair breakdowns during
human-system dialogues. Various studies have been conducted
to detect dialogue breakdowns. For example, the “Dialogue
Breakdown Detection Challenge” [1] is a workshop where
participants compete in detecting breakdowns in text-based
dialogues with users, and numerous methods for breakdown
detection have been proposed. On the other hand, although
several approaches to repairing dialogue breakdowns have been
suggested [2], [3], there is no established method for dialogue
repair.

Since repair occurs in human-human communication as
well, analyzing how humans perform such repairs can pro-
vide valuable insights that can be applied to human-system
dialogue. In their study, Ngo et al. [4] identified distinct
patterns characterizing other-initiated repair (OIR) utterances
for detecting the initiation of repair and generating repair
responses in conversational agents. However, their research
focuses on task-oriented dialogues, and initiation patterns of
repair in non-task-oriented dialogues remain unexplored.
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In this study, we focus on “Other-Initiated Self-Repair,”
where users initiate a repair following a system breakdown
and the system subsequently performs the repair. This study
focuses on non-task-oriented Japanese dialogues and analyzes
repair behaviors. Building on the classification proposed by
Dingemanse and Enfield [5], who identified three types of
OIR utterances, we examine the characteristic part-of-speech
(POS) patterns associated with each OIR type. The goal of this
work is to obtain insights that can inform the implementation
of natural repair behavior in dialogue systems. Additionally,
assuming that a system can recognize a user’s repair initiated
utterance, we conduct a classification experiment to determine
whether OIR types can be automatically identified.

The contributions of this study are as follows:

o We reveal part-of-speech patterns for each type of OIR
utterance in Japanese casual conversation.

e We perform automatic classification of OIR types and
achieve an accuracy of 79.9%.

II. REPAIR IN CONVERSATION ANALYSIS

In conversation analysis, repair is defined as a method for
dealing with troubles related to the production, hearing, or
understanding of utterances [6]. The process of repair involves
the emergence of a trouble source, followed by the marking
of the trouble (repair initiation), and then the execution of the
repair. For example, consider the following exchange:

A: 1 forgot that thing. (Trouble Source)

B: What do you mean by “that thing”? (Repair Initiated
Utterance)

A: My wallet. (Repair Utterance)

In this case, B does not understand the referent of A’s
expression “that thing” and initiates repair by asking for
clarification. A then specifies the referent, thus completing the
repair.

Repairs can be categorized into four types depending on
who initiates and who performs the repair:

o Self-initiated self-repair
« self-initiated other-repair

1004



TABLE I
DEFINITIONS AND EXAMPLES OF OTHER-INITIATED REPAIR (OIR) TYPES

OIR Type Definition and Example

A request that signals a problem in the prior utterance without specifying its nature

Open Request

or location. Typically realized using interjections or wh-question words with interrogative
intonation. Formulaic expressions like “3 A %8 A (Excuse me?)” also fall into this category.
Example: “Z.? (Huh?)”, “{a]? (What?)”

A request that narrows down the problem by specifying or characterizing it in more
detail, often asking for clarification. Typically realized with question words like

Restricted Request

B: ¥11? (Which one?)

“UD7? (When?)” or “& Z? (Which one?)”, and often accompanied by partial repetition.
Example (B is the Restricted Request):
A: ZHFF-T3? (Do you have this?)

A request that seeks confirmation by specifying the trouble source more precisely.
This is done by repeating or paraphrasing all or part of the problematic utterance.

Restricted Offer

Example (B is the Restricted Offer):

A: 7L v Mo T3? (Do you have a tablet?)

B: 7L v }? (A tablet?)

o Other-initiated self-repair
o Other-initiated other-repair

In the context of dialogue systems, other-initiated self-repair
corresponds to a situation where the system produces an
inappropriate or problematic utterance (e.g., a dialogue break-
down), the user initiates repair, and the system then executes
the repair. Our ultimate goal is to enable the system to respond
appropriately to user-initiated repair attempts. To this end,
the present study focuses on other-initiated self-repair, aiming
to uncover the linguistic patterns of both repair initiations
and subsequent repair utterances. To analyze other-initiated
self-repair, we followed the methodology of a prior study
that examined the linguistic structure of other-initiated repair
(OIR) in task-oriented dialogues [4], and classified each OIR
utterance into one of three types as defined by Dingemanse
and Enfield [5]. According to Dingemanse and Enfield [5],
OIR utterances are categorized into the following three types
(see Table I): Open Request, Restricted Request, and Restricted
Offer. This classification allows us to investigate linguistic
patterns specific to each OIR type. Through this analysis, we
seek to provide insights into how a system can recognize the
initiation of repair and generate appropriate repair utterances.

III. DATASET

To analyze other-initiated self-repair utterances in Japanese
non-task-oriented dialogue, this study utilizes the Corpus of
Everyday Japanese Conversation (CEJC) [7]. Repair instances
are extracted from CEJC (Section III-B) and annotated with
their corresponding OIR types (Section III-C).

A. Corpus of Everyday Japanese Conversation (CEJC)

The Corpus of Everyday Japanese Conversation (CEJC)
[7] is a collection of naturally occurring spoken interactions
recorded in real-life daily situations. It contains a well-
balanced variety of dialogues involving diverse speakers across
various contexts. For this study, in order to analyze repair
phenomena in human-human interactions, we focus on a subset
of CEJC known as the Core, which provides discourse function

annotations. The Core consists of approximately 20 hours
of data across 52 sessions and includes multiple layers of
annotation, making it suitable for detailed dialogue analysis.

B. Extraction of Repair Initiated Utterances

In the Core subset of CEJC, each utterance is annotated with
discourse act information based on ISO 24617-2 [8]". Among
these annotations, the tag RepairInitiation indicates the
initiation of repair. We first aggregated all utterances annotated
with the RepairInitiation tag. As aresult, out of 59,324
utterances in the CEJC Core, 510 utterances were labeled
as RepairInitiation in the dialogAct2 column. 2
Utterances labeled with RepairInitiation also included
relation2 column entries that specified either Retrospective
Dependence or External Retrospective Dependence.® These de-
pendency tags describe the relationship between two utterances
performing discourse functions, with the second utterance
(i.e., the repair initiation) tagged accordingly. Retrospective
Dependence refers to a connection where the second utterance
is a voluntary response to the discourse function of the
first utterance. In contrast, External Retrospective Dependence
indicates responses to non-verbal events (e.g., sounds in the
environment), which means such utterances lack an explicit
verbal trouble source. Therefore, utterances with External
Retrospective Dependence were excluded from the analysis.
After this filtering, we obtained 508 repair initiated utterances.

Next, we identified the trouble source utterance correspond-
ing to each repair initiated utterance. Since repair initiated
utterances with Retrospective Dependence depend on a prior
utterance, we considered those referenced utterances as the
trouble source. By referring to the utterance IDs specified
in the relation2 column, we identified candidate trouble
source utterances. However, twenty instances where multiple

IDiscourse act annotation manual: https://www2.ninjal.ac.jp/conversation/
cejc/doc/dialogAct_manual.pdf

2The dialogAct2 column in the CEJC Core data provides information
about discourse progression and dialogue coordination.

3The relation2 column specifies the ID of the utterance on which the
relationType?2 annotation depends.
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[ Utterances in the CEJC Core | 59,324 utterances ]

I

Step | Extract utterances labeled as repair
1 initiation

Step | Exclude external retrospective
2 dependence

Output:
510 utterances

Output: }

508 utterances

Step | Exclude cases with no majority
6 agreement on OIR type labels

Output:
462 utterances

Exclude cases that involve multiple Output:
trouble source utterances 488 utterances

Step | Exclude cases where the repair initiation Output:
4 utterance precedes trouble source 484 utterances

Step A . Output:
5 Remove self initiated repairs 481 utterances

Fig. 1. Flow of extracting other-initiated repair utterances

utterances were indicated as trouble source were also excluded
to avoid analytical complexity. Additionally, four instances
were excluded because the trouble source was either the same
utterance as the repair initiated utterance or occurred later in
the conversation sequence. As a result, we obtained 484 repair
initiated utterances for further analysis.

Finally, we annotated each of the 484 repair initiated
utterances as either self-initiated or other-initiated. If both
the trouble source and the repair initiated utterance were
produced by the same speaker, it was labeled as self-initiated
repair; otherwise, it was labeled as other-initiated repair (OIR).
Consequently, only three instances were self-initiated, while
481 instances were classified as OIR. To further identify actual
repair utterances, we scanned the CEJC Core for utterances
labeled as Repair in the dialogAct2 column. By linking
the relation2 value of each repair utterance to the ID
of its corresponding repair initiated utterance, we identified
the associated repair utterances. Furthermore, we examined
whether the speaker labels of the trouble source and the
repair utterance matched, in order to determine whether the
repair was a self-repair. As a result, among the 481 OIR
utterances, 84 were followed by an actual other-initiated self-
repair utterance.

C. Annotation of Other-Initiated Repair (OIR) Types

To analyze other-initiated repair (OIR) utterances, we clas-
sified each utterance into one of three types—Open Request,
Restricted Request, or Restricted Offer—based on the catego-
rization proposed by Dingemanse and Enfield [5] (see Table
D). In this study, we adopted this classification framework as
our annotation guideline, and all annotations were performed
manually.

Three annotators independently labeled each of the 481
OIR utterances as either Open Request, Restricted Request,
Restricted Offer, or Other (e.g., unclear or unclassifiable cases),
based on the definitions provided in Table I. Inter-annotator

agreement, measured by Fleiss’ Kappa, was 0.667, indicating
substantial agreement. Final labels were determined based on
majority voting among the three annotators. Utterances for
which no majority agreement was reached (8 cases) and those
labeled as Other by the majority (11 cases) were excluded
from the dataset. As a result, 462 utterances were successfully
labeled as OIR types, and among them, 79 utterances were
followed by a corresponding repair utterance. The procedure
for extracting other-initiated repair utterances is shown in the
Figure 1.

As a result, the distribution of OIR types was as follows:
249 utterances (53.9%) were classified as Open Request, 149
utterances (32.3%) as Restricted Request, and 64 utterances
(13.9%) as Restricted Offer. In contrast, a prior study on
task-oriented dialogues [4] reported a distribution of 6.5%
Open Request (20 utterances), 10.4% Restricted Request (32
utterances), and 83.1% Restricted Offer (255 utterances). This
comparison reveals a clear difference in the distribution of OIR
types between task-oriented and non-task-oriented dialogues.

IV. ANALYSIS OF OTHER-INITIATED SELF-REPAIR
UTTERANCES

A. Method of Analysis

To analyze the linguistic patterns of the three types of
other-initiated repair (OIR) utterances, we followed the an-
alytical framework proposed by [4]. We first used GiNZA,
an open-source Japanese natural language processing library
[9]*, to perform morphological analysis on each repair initiated
utterance and extract its sequence of part-of-speech (POS)
tags. To examine the relationship between the repair initiated
utterance and its corresponding trouble source, we then applied
coreference resolution using KWJA [10]°, a general-purpose
Japanese language analyzer based on large language models.
This allowed us to determine whether the repair initiated
utterance referred to the trouble source utterance. Based on the
coreference results, we identified the referring words and re-
placed their corresponding POS tags with the label [COREF ]
in the sequence obtained via GiNZA. We then used this
modified POS sequence to analyze grammatical structures by
OIR type with Seq2Pat [11]%, a library for extracting sequential
patterns. Finally, we analyzed the grammatical structure of
the repair utterances using the same procedure as for the
repair initiated utterances. Note that transcription tags in the
utterance text were manually removed before morphological
and coreference analysis.

B. Results and Discussion

1) Distance between the Trouble Source and the Repair
Initiated Utterance: As a preliminary analysis, we present
a frequency distribution of the utterance distance between
the trouble source and the repair initiated utterance. Figure
2 shows that in most cases, the utterance distance is within

“https://megagonlabs.github.io/ginza/
Shttps://github.com/ku-nlp/kwja
Shttps://fidelity.github.io/seq2pat/

2025 Asia Pacific Signal and Information Processing Association Annual Summit and Conference (APSIPA ASC) 1006



TABLE II
FREQUENT UTTERANCES AND THEIR FREQUENCIES BY OIR TYPE

Open Request Restricted Request Restricted Offer

Utterance (JP/EN) Frequency | Utterance (JP/EN) Frequency | Utterance (JP/EN) Frequency
A% (Hn?) 84 | N2 (This?) 11 | 2> & 72 (Lantern?) 2
5 A% (Hmm?) 54 | ¥#Q2, (Which one?) 5 | ¥k&2, (War?) 2
Z7 (Eh?) 36 | fil%, (What?) 4 | (Others omitted due to frequency = 1)

Z 2% (What!?) 16 | €252 (Which?) 4

fil?,  (What?) 8 | ¥5W5 ¥ (Whatdo you mean?) 3

falfaf?2,  (What what?) 6 | faIA% (What [subject]?) 3

132, (Sorry?) 6 | ¥Z, (Where?) 3

Zo (Uh) 5 | #?% (Who?) 3

7 (Ah?) 4 | {aH32, (What [subject]?) 3

fil,  (What.) 4 | fiI%2, (What [object]?) 2

Frequency Distribution

Frequency

0

5 10 15 20 25
Distance between the Trouble Source and the Repair Initiated Utterance

Fig. 2. Frequency distribution of the utterance distance between the trouble
source and the repair initiation
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Fig. 3. Number of morphemes in other-initiated utterances by OIR type

five, indicating that repair is typically initiated shortly after
the trouble source. This suggests that it is rare for repair
to be initiated by referring far back in the conversation, and
that focusing on the most recent utterances is effective when
identifying the trouble source.

2) Number of Morphemes by OIR Type: We compared the
number of morphemes in each of the three OIR utterance
types. The number of morphemes in each OIR utterance
was calculated using the results of morphological analysis
conducted with GiNZA. The average number of morphemes
was 2.98 for Open Request, 4.81 for Restricted Request, and
4.16 for Restricted Offer. To test whether these differences
were statistically significant, we conducted a Kruskal-Wallis
test, which showed a significant difference among the three
types (p < 0.001). Subsequently, a Steel-Dwass post hoc
test confirmed that all pairwise differences were statistically
significant at the 1% level, indicating that the number of
morphemes significantly varies across OIR types. These results
indicate that Open Requests tend to consist of very short
utterances, whereas the other two types—Restricted Requests
and Restricted Offers—tend to be longer, as they aim to
constrain the possible responses.

3) POS Tag Patterns of Repair Initiated Utterance by OIR
Type: Next, to analyze the grammatical structure of repair
initiated utterances, we examined the POS tag sequence pat-
terns using Seq2Pat. Figures 4, 5, and 6 present the resulting
heatmaps for each OIR type. In each figure, the vertical
axis indicates the first POS tag in a pair, the horizontal axis
indicates the second POS tag, and the values represent the
frequency of the corresponding tag sequences. A comparison
of the three heatmaps reveals that Open Request utterances
involve fewer POS categories, followed by Restricted Offer
and then Restricted Request, which shows the most diverse
and complex tag patterns. As shown in Figure 4, Open Request
frequently includes INTJ (interjections), and many transitions
from INTJ to SYM (symbols, such as question marks) were
observed—suggesting frequent use of expressions like “A.?2
(Hn?)” or “5 A2 (Hmm?)”. In Figure 5, Restricted Request
utterances are characterized by a high frequency of ADP
(particles), more so than the other OIR types. This aligns
with our earlier observation that Restricted Request has the
highest average number of morphemes, suggesting that the use
of particles contributes to added semantic detail. As shown
in Figure 6, Restricted Offer utterances feature a notably
higher frequency of COREF (coreference). This indicates that
speakers frequently refer back to specific elements in the
trouble source utterance via coreferential expressions to signal
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Heatmap of First vs Second with Value of OpenRequest
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Fig. 4. POS tag sequence patterns for Open Request utterances

Heatmap of First vs Second with Value of RestrictedRequest
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Fig. 5. POS tag sequence patterns for Restricted Request utterances

misunderstanding or request clarification. In summary, the
analysis demonstrates that each OIR type exhibits distinct
linguistic patterns.

4) POS Tag Patterns of Repair Utterances by OIR Type:
Finally, we analyze the part-of-speech (POS) tag sequence
patterns of repair utterances (Figures 7, 8, and 9). A com-
parison of the three heatmaps reveals that repair utterances
in response to Restricted Offers exhibit low POS diversity.
This suggests that, since Restricted Offers often initiate re-
pair through confirmation-seeking utterances, the repair can
frequently be completed with simple responses such as “5 A
(yeah)”, which require minimal syntactic structure. In contrast,
repair utterances following Open Requests and Restricted
Requests show greater POS diversity. In the case of Restricted
Requests, the system must respond to a specific question
or clarification request, and thus the form of repair varies
depending on the context. In Open Requests, many responses
involve repeating the trouble source utterance or clarifying
what was misunderstood, indicating a wide range of repair
strategies.

Heatmap of First vs Second with Value of RestrictedOffer
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Fig. 6. POS tag sequence patterns for Restricted Offer utterances
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Fig. 7. POS tag sequence patterns for repair utterances after Open Request

C. Classification of Other-Initiated Repair (OIR) Types

As the previous section confirmed that the grammatical
structures differ across OIR utterance types, we next attempted
to automatically classify the OIR types. For each repair ini-
tiated utterance, we used BERT (bert-base—uncased) to
extract the embedding vector of the [CLS] token. Using these
vectors, we performed 5-fold cross-validation with a Support
Vector Machine (SVM) classifier using a linear kernel.

The classification achieved an accuracy of 79.9% and an
Fl-macro score of 0.704. The confusion matrix is shown in
Figure 10. From the confusion matrix, we observe that Open
Request and Restricted Request utterances were generally well
classified, whereas Restricted Offer utterances were frequently
misclassified as Restricted Request. These results indicate that
repair initiated utterances exhibit distinct linguistic structures
depending on the OIR type, and that they can be automatically
classified.

V. CONCLUSIONS

In this study, we analyzed patterns of other-initiated self-
repair utterances in human-human communication within
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Japanese casual conversation, using the Corpus of Everyday
Japanese Conversation. We annotated utterances in the corpus
with their respective other-initiated repair (OIR) types and
examined the part-of-speech (POS) patterns for each type.
As a result, we clarified the characteristic POS tag patterns
for each OIR type in Japanese dialogue. Furthermore, we
conducted automatic classification of OIR utterance types and
achieved an accuracy of 79.9%. As future work, we aim to
advance the generation of repair utterances and implement
repair mechanisms in dialogue systems.
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