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Abstract

This survey presents a comprehensive anal-
ysis of speech disfluency, repetition, and
reduplication within the context of Auto-
matic Speech Recognition (ASR) and nat-
ural language processing (NLP). The pa-
per reviews various types of disfluencies,
their implications for speech recognition
systems, and methods to detect and cor-
rect them. We explore both the technolog-
ical advances in handling disfluencies and
the ongoing challenges posed by the diverse
nature of human speech. Additionally, the
survey discusses the impact of linguistic di-
versity on ASR performance, highlighting
the need for more inclusive and adaptable
systems to ensure equitable technology ac-
cess across different languages and dialects.

1 Introduction

The rapid evolution of Automatic Speech
Recognition (ASR) technologies, propelled by
advancements in deep learning and robust
computational platforms, has significantly en-
hanced the quality of speech-to-text trans-
lation.  This progress has broadened the
scope of ASR applications, encompassing
voice-controlled systems, personal assistants,
and automated transcription services, yield-
ing impressive results particularly in well-
resourced languages such as English and Chi-
nese (Amodei et al., 2016). Despite these ad-
vancements, ensuring equitable performance
across diverse demographic groups remains
a substantial challenge. Studies have con-
sistently shown that ASR systems perform
variably based on the user’s dialect, gender,
and ethnicity, often disadvantaging non-white
speakers and those speaking English as a sec-
ond language (Wheatley and Picone, 1991;
Meyer et al., 2020; Koenecke et al., 2020).
This disparity raises significant ethical con-

cerns about linguistic justice and representa-
tion within ASR technologies (Blodgett et al.,
2020; Hovy and Prabhumoye, 2021; Markl and
McNulty, 2022).

Moreover, ASR systems’ performance in
low-resource languages presents additional
complexities. = These languages often lack
substantial transcribed speech and parallel
text data, crucial for training effective mod-
els. In such scenarios, end-to-end speech-to-
text systems, which directly convert spoken
language into another language’s text, have
shown potential despite the substantial re-
sources still required for optimal performance
(Weiss et al., 2017; Bansal et al., 2018). The
gap between high-resource and low-resource
languages underscores the necessity for inno-
vative approaches, such as multi-task learn-
ing, to leverage limited data more effectively
(Anastasopoulos and Chiang, 2018).

Additionally, the presence of speech disflu-
encies like filled pauses, repetitions, and cor-
rections complicates the processing of sponta-
neous speech, posing significant challenges for
downstream NLP applications that typically
depend on clean, fluent speech data (Liu et al.,
2006; Johnson and Charniak, 2004). These
disfluencies, while often overlooked, are preva-
lent in everyday conversation and can severely
impact the performance of dialogue systems
and question-answering models trained on
disfluency-free data (Rajpurkar et al., 2018;
Raffel et al., 2020). Addressing these issues
requires dedicated disfluency detection mod-
els that can refine ASR outputs for more ac-
curate downstream processing (Zayats et al.,
2016; Dong et al., 2019).

Despite the clear challenges posed by dis-
fluencies and the demographic variability in
speech, ASR systems continue to be integral in
various applications, pushing the boundaries



of what’s possible with speech recognition tech-
nologies. However, the journey towards truly
inclusive and robust ASR systems is ongo-
ing, demanding continued research into both
the technological advancements and the socio-
ethical implications of speech recognition tech-
nology.

This ongoing journey highlights the need
for a deeper understanding of the underly-
ing linguistic and acoustic features that dif-
ferentiate speakers and dialects. For instance,
linguistic studies have shown that phonologi-
cal variations such as consonant voicing and
vowel height have significant acoustic corre-
lates, which can influence ASR accuracy (Koe-
necke et al., 2020; Wassink et al., 2022). Such
insights are crucial for refining ASR mod-
els to handle sociolinguistic variation and L2
transfer effectively, thereby improving sys-
tem robustness across different speaker profiles
(Corder, 1983; Dechert and Raupach, 1989;
Best et al., 1994).

In parallel, there is a growing recognition
of the need to develop ASR and NLP tech-
nologies that can adapt to the natural, un-
scripted nature of human speech, which fre-
quently includes disfluencies. These spon-
taneous elements, although challenging for
speech recognition systems, are integral to hu-
man communication and cannot be ignored.
Addressing them requires innovations in both
system architecture and training methodolo-
gies. For instance, end-to-end models that
integrate disfluency detection directly into
the speech recognition process are showing
promise. These models can leverage the par-
alinguistic features inherent in the speech sig-
nal, offering a more holistic approach to under-
standing and processing spoken language (Za-
yats and Ostendorf, 2019).

Furthermore, the quality of ASR is tradi-
tionally assessed by metrics such as Word Er-
ror Rate (WER), which, while useful, do not
fully capture the nuances of speech recogni-
tion errors (Specia et al., 2013; Ogawa and
Hori, 2017). Recent research has begun ex-
ploring more sophisticated error analysis tech-
niques, such as detecting and classifying differ-
ent types of ASR errors using sequence mod-
els. These approaches aim to provide a more
detailed understanding of where and why ASR
systems fail, leading to more targeted improve-

ments (Seigel and Woodland, 2014; Ghannay
et al., 2015; Tam et al., 2014).

The necessity for enhanced datasets cannot
be overstated. Most existing speech datasets
tend to focus on specific domains like tele-
phone conversations or broadcast news, offer-
ing a limited view of the full range of human
speech (Godfrey and Holliman, 1993; Zayats
et al., 2014). A richer, more diverse collection
of speech data, encompassing a wider array of
disfluencies and speaker demographics, is es-
sential for training and testing the next gener-
ation of ASR systems. Only then can we hope
to achieve the level of linguistic inclusivity and
accuracy required for ASR technologies to be
genuinely useful across all sections of society.
The development of such datasets would not
only help in training more robust ASR systems
but also enable a more comprehensive evalua-
tion of these systems across various real-world
scenarios.

As we move forward, the integration of NLP
methodologies to handle disfluencies becomes
increasingly crucial. Innovative approaches
such as using neural language models to pre-
dict the likelihood of disfluencies based on con-
textual predictability are promising. These
models can help elucidate the complex inter-
actions between speech production processes
and linguistic structures, potentially leading
to breakthroughs in how speech systems han-
dle spontaneous language.

Moreover, the incorporation of fairness and
bias mitigation strategies in ASR development
is essential. By addressing the disparities
in ASR performance among different demo-
graphic groups, researchers and developers can
ensure that speech technologies do not perpet-
uate or exacerbate social inequalities. This
involves not only technical improvements but
also a concerted effort to understand and in-
tegrate the ethical implications of deploying
these technologies in diverse environments.

In conclusion, the field of ASR is at a piv-
otal juncture. The potential to create inclu-
sive, accurate, and efficient speech recogni-
tion technologies is immense, but realizing this
potential requires tackling the complex chal-
lenges of variability in speech, disfluencies, and
demographic biases. By embracing a multi-
disciplinary approach that includes advance-
ments in machine learning, linguistics, and



Language Word (Meaning) Reduplicated Word (Meaning)
Indonesian/Malay orang (person) orang-orang (people)
Tagalog bili (buy) bili-bili (to buy here and there)
Tamil kaal (leg) kaal-kaal (legs)
Punjabi xushii (happy) xushii-xushii (happily)

Mandarin Chinese %% (ma, mother)

4% (mama, mommy)

Hawaiian wiki (quick) wiki-wiki (very quick)
Samoan pili (cling) pili-pili (to cling repeatedly)
Turkish ev (house) ev-ev (every house)
Basque txiki (small) txiki-txiki (very small)

Table 1: Examples of Morphological Reduplication in Various Languages Demonstrating Pluralization,
Intensification, and Other Grammatical or Semantic Changes

ethics, the next generation of ASR technolo-
gies can truly meet the needs of all users, ir-
respective of their language, dialect, or socio-
cultural background. This will not only en-
hance the usability of ASR systems but also
their acceptance and reliability in everyday ap-
plications, making them indispensable tools in
our increasingly interconnected world.

2 Reduplication as a Multiword
Expression

In the domain of natural language process-
ing (NLP), multiword expressions (MWEs)
are identified for their complex and often id-
iomatic nature, which presents unique chal-
lenges in linguistic analysis. Effective han-
dling of MWEs within NLP systems is piv-
otal, demanding sophisticated computational
strategies to unravel their syntactic and se-
mantic complexities intricacies (Baldwin and
Kim, 2010; Sag et al., 2002).

Reduplication serves as a quintessential ex-
ample of MWEs and has been studied across
various languages including Bengali, Can-
tonese, and Mandarin Chinese, showcasing its
ability to express grammatical or semantic
nuances (Chakraborty and Bandyopadhyay,
2010; Lam, 2013; Chen et al., 1992). These
studies highlight the global relevance of redu-
plication, with substantial progress in mod-
eling these phenomena through the use of
two-way finite-state transducers (2-way FSTs),
which adeptly capture the processes involved
in reduplication across languages (Dolatian
and Heinz, 2018). Furthermore, the advent
of finite-state buffered machines (FSBMs) has
refined our computational understanding of

reduplication (Wang, 2021).

The practical ramifications of these ad-
vancements are evident in their incorpora-
tion into machine translation systems, where
they significantly enhance translation ac-
curacy (Doren Singh and Bandyopadhyay,
2011). Moreover, the creation of the Red-
Typ database marks a significant stride in pro-
viding a structured resource for reduplication
studies, facilitating a deeper understanding
of this linguistic feature across different lan-
guages (Dolatian and Heinz, 2019). Despite
these technological advances, there is a per-
sistent need for more comprehensive datasets
specifically designed for reduplication research,
alongside the application of modern NLP tech-
niques to better process these complex struc-
tures.

In exploring the concept of iconicity within
reduplication, various scholars propose that
the form-meaning pairings in languages ex-
hibit different types of iconicity, which may
interact with each other (Peirce, 1955; Reg-
jer, 2022; Rozhanskiy, 2015). Li and Pons-
ford (2018) further this discussion by identify-
ing five features that characterize the form of
fully reduplicated words, which correlate icon-
ically with certain semantic aspects marked
by total reduplication. They categorize these
into five dimensions of iconicity: identity, mag-
nitude, discreteness, proximity, and sequen-
tiality, each reflecting a different aspect of
how form and meaning align in reduplication.
For instance, in Balinese, the use of plurac-
tional markers illustrates how different types
of pluractionality are marked either by redupli-
cation or non-reduplicative affixation, reveal-



ing an underlying iconic relationship between
the form of expression and its semantic intent
(Arka and Dalrymple, 2017).

For many languages pluractionality is
marked distinctly through either reduplication
or affixation, not based on repetition in mean-
ing but rather on the complexity of the ex-
pression (Conathan and Wood, 2003). This
analysis serves as a proof-of-concept for ap-
plying model-theoretic approaches to linguis-
tic structure, demonstrating how the complex-
ities in linguistic forms and meanings can be
effectively modeled and understood. The the-
oretical discussions provide a solid foundation
for a computational representation of plurac-
tionality and reduplication, enriching our un-
derstanding of these linguistic phenomena and
their applications in modern NLP systems.

3 Disfluency

Speech utterances can be broadly categorized
into read speech and conversational speech.
“Read speech” refers to situations where con-
tent is delivered verbatim from a written text.
In contrast, conversational speech is character-
ized by its spontaneity, with speakers formu-
lating and articulating thoughts in real-time.
This type of speech often includes various ir-
regularities, known as disfluencies, which do
not typically contribute meaningful content to
the discourse. Common types of disfluencies
include fillers, phrase repetitions, abrupt topic
shifts, and self-corrections.

Consider the following example where dis-
fluencies are emphasized in italicized and bold
text:

So, it was like, um | was trying to explain my
point, and then uh, you know, | totally lost my
train of thought.

While often perceived as disruptions or ir-
regularities, disfluencies frequently occur in ev-
eryday speech and are generally overlooked in
casual interactions. However, they have gar-
nered considerable attention in computational
linguistics due to their prevalence. A seminal
study from 1994 using the Switchboard cor-
pus highlighted the regular occurrence of dis-
fluencies in conversational speech. The study
found that sentences containing 10-13 words
had a 50% chance of including a disfluency,
with this likelihood increasing with sentence

length. This correlation emphasizes how dis-
fluencies can complicate sentence structure, di-
minish semantic clarity, and degrade the over-
all fluidity of speech.

These effects pose significant challenges
for downstream applications such as machine
translation, which rely on accurate and clear
interpretation of spoken content. The pres-
ence of disfluencies can lead to reduced effec-
tiveness in these technologies, highlighting the
importance of understanding and managing
disfluencies in computational systems.

4 Types of Disfluencies

In our discussion of disfluencies, we focus
on those that occur within single sentences
rather than spanning multiple sentences, with
variations in annotation across different cor-
pora. Following the classifications described
by Honal and Schultz (2003), disfluencies
range from simple to complex types. This
section outlines these types, providing a struc-
tured overview and examples for each.

The simplest forms of disfluencies are filled
pauses and discourse markers. Filled pauses,
such as ”uh”, "um”, and "ah”, serve no se-
mantic purpose but act as placeholders in
speech.  Similarly, discourse markers like
"well”, 7yeah”, 7alright”, "you know”, and
7okay” structure discourse but add no seman-
tic content. They are essential in managing
turns during conversation or acknowledging
previous statements. Often, words like ”yeah”
and ”okay” are also categorized as filled pauses
due to their function in maintaining the flow
of speech rather than conveying concrete infor-
mation.

More intricate disfluencies include interjec-
tions, repetitions or corrections, false starts,
and edits. Interjections like ”oops”, "ugh”,
”uh-huh” convey spontaneous reactions or
emotions and are typically non-lexical but im-
pactful. Repetitions or corrections occur when
a speaker repeats or slightly alters a phrase
without changing its syntactical structure sig-
nificantly. These adjustments generally main-
tain the original train of thought.

False starts are characterized by the aban-
donment of a phrase, followed by the initia-
tion of a new phrase with a different syntac-
tic structure and semantic content, reflecting



--- Reparandum

Interruption Point ---Interregnum

--- Repair
a.lwould like” uh  |wantto go to Boston on Sunday

Interruption Point

b.afa aia H T B N FU

2
watch watch Mein ruka hua timer resume karo

watch watch  in stopped is timer resume do

Translation: Resume the timer that is stopped in the watch

Figure 1: Examples showing the four regions of
any disfluency: Redarandum, Interruption Point,
Interregnum, and Repair. Not all parts are neces-
sary to be present in every example of a disfluency;
as can be seen in Example (b) in the Figure, with
no interregnum.

a shift in the speaker’s thought process. Ed-
its are corrective phrases that explicitly refer
to previous parts of the discourse to indicate
a deviation from the intended message, often
leading to the correction or abandonment of
the initial utterance.

4.1 Classification and Examples

Each type of disfluency serves a distinct func-
tion in speech, as summarized in the table be-
low:

Understanding these types is crucial for en-
hancing the performance of speech recognition
and natural language processing systems, as it
allows for more accurate modeling of natural
language patterns and improves the handling
of spontaneous speech in computational appli-
cations.

5 Structure of Disfluency

Shriberg (1994) introduces the disfluency
structure, which comprises three key compo-
nents: the Reparandum, Interregnum, and Re-
pair. Although the Interruption Point, mark-
ing the moment of interruption, is integral to
this structure, it is not typically included in
transcripts as it is part of the acoustic signal
rather than the textual representation. This
omission is considered in our modeling strat-
egy. Figure 1 shows an example with the struc-
tural components of a disfluency.

The Reparandum-Interregnum-Repair
(RiR) structure forms the foundation of
our classification approach, essential for
identifying and differentiating patterns of

reduplication and repetition:

¢ Reparandum: The original segment of
speech that is subject to modification
through either repetition or reduplication.

¢ Interregnum: An optional component
that may include disfluent markers, play-
ing a crucial role in distinguishing be-
tween repetition and reduplication.

e Repair: The segment where the initial
speech (Reparandum) is repeated or redu-
plicated, often with variations.

5.1 Significance of the RiR Structure

The integration of the RiR structure into our
classification methodology is instrumental in
decoding complex linguistic phenomena, par-
ticularly useful when reduplication and repeti-
tion occur simultaneously within a single ut-
terance. This is illustrated by the structured
formula:

[ reparandum + {interregnum} + repair |

5.1.1 Examples

« Example 2:
g [ + { 78 } e ] B B
It [blue + no + blue blue] flower is.

Translation: "It is a blue, no blue-blue flower.”

In this instance, the interregnum " &l "
(no) indicates a repetition between the
first and second instances of Hi@T (blue),
separated by a negation marker. This con-
trasts with the reduplication seen between
the second and third =@ (blue).

« Example 3:
g [Hie + { } e g 2
It [blue + { } + blue] flower is.

Translation: "It is a blue, blue flower.”

The lack of an interregnum in this exam-
ple suggests a straightforward reduplica-
tion where the Reparandum is repeated
without any intervening elements.

6 Multilingual Disfluency Studies

In this section we discuss several studies across
different languages to explore the characteris-
tics of disfluency in bilingual and multilingual
settings, providing insights into how disfluency



Type

Description

Examples

Filled Pause

Non-lexicalized sounds with no se-
mantic content.

77uh77’ 77um777 77ah7’

out adding semantic content.

Interjection Non-lexicalized sounds indicating af- | "uh-huh”, “ugh”,
firmation or negation. “oops”
Discourse Marker Words that assist in managing turns | "well”, "you
or serve as acknowledgments with- | know”, ”okay”

Repetition or Correction

Repetition or slight modification of
previously uttered words, maintain-
ing the original idea.

If T can’t don’t
know the answer
myself, I will find
it

False Start

Abandonment of a phrase followed
by a new phrase with different syn-
tax and semantics.

"We’ll never find
a day what about
next month?”

Edit

Words following a disfluency that in-
dicate the preceding words were un-

"We need two
tickets, I'm sorry,

intended.

three tickets
for the flight to
Boston.”

Table 2: Types of Disfluencies with descriptions and examples (Honal and Schultz, 2003)

manifests differently depending on linguistic
and cultural contexts.

AT’Amri and Robb (2021) investigated the
disfluency characteristics in Omani Arabic-
English bilingual speakers, particularly focus-
ing on bilinguals who stutter (BWS). The
study compared the frequency of overall disflu-
encies and stuttering-like disfluencies (SLDs)
across the two languages in both oral reading
and conversational speech. It found equiva-
lent levels of overall disfluencies in both lan-
guages during conversation, but a higher inci-
dence of SLDs in Arabic during reading due
to the linguistic complexity of formal Ara-
bic. Carias and Ingram (2006) analyzed dis-
fluency patterns in Spanish-English bilingual
children, observing that the children exhibited
more disfluencies in one language compared
to the other. This variation correlated with
the mean length of utterance, indicating that
increased linguistic complexity could lead to
higher disfluency rates. The type of disfluency
also varied between the two languages, under-
scoring language-specific effects on speech pat-
terns. Brundage and Rowe (2018) examined
typical disfluency rates in Spanish—English si-
multaneous bilinguals, noting significant dif-
ferences in disfluency rates between the two

languages. Interestingly, typical disfluency
rates were lower in bilingual children com-
pared to monolinguals, suggesting unique lin-
guistic processing in bilingual environments.
The study also highlighted the influence of
mean length of utterance and vocabulary di-
versity on disfluency rates, particularly in En-
glish.

Moving towards disfluency detection,
Kundu et al. (2022) introduced a zero-shot
disfluency detection model for Indian lan-
guages, utilizing a pretrained multilingual
model fine-tuned on English disfluencies. The
approach was validated by generating syn-
thetic disfluent text in four Indian languages,
demonstrating the potential of transfer learn-
ing in low-resource language settings. Bhat
et al. (2023) presented DISCO, a large-scale
human-annotated corpus for disfluency cor-
rection across four Indo-European languages.
The study showcased the improvement in
downstream language processing tasks when
disfluencies were systematically removed,
highlighting the critical role of disfluency
correction in enhancing the quality of auto-
mated speech recognition outputs. Kochar
et al. (2024) focused on creating annotated
corpora for Indian languages, emphasizing



the need for a nuanced understanding of lin-
guistic properties unique to these languages.
The study proposed synthetic generation
of disfluent data to improve model training
for disfluency detection. Lastly, Dao et al.
(2022) conducted the first empirical study
on Vietnamese disfluency detection, creating
a manually annotated dataset and testing
various baseline models. The study found
that language-specific word segmentation
significantly enhances disfluency detection,
with the best results achieved by fine-tuning
a monolingual pre-trained model.

Cho et al. (2016) explored a multilingual
approach to disfluency removal using neural
machine translation (NMT), suggesting that
a joint representation of disfluencies across
languages could effectively address the data
scarcity issue in disfluency annotation. Their
multilingual NMT system demonstrated im-
proved performance over single-language sys-
tems and enhanced outcomes in downstream
applications.

Together, these studies illustrate the di-
verse manifestations of disfluency across lan-
guages and the effectiveness of multilingual ap-
proaches in understanding and mitigating dis-
fluencies in speech processing.

7 Disfluency Detection

This section covers prior research in the area
of disfluency detection. @ We explore vari-
ous methodologies including sequence tagging,
parsing-based models, and noisy channel ap-
proaches, which have significantly advanced
our understanding and capabilities in this
field.

7.1 Approaches to Disfluency
Detection

We discuss four prominent ways of modelling
the task of disfluency detection in the current
literature.

7.1.1 Sequence Tagging Models

Sequence Tagging Models are prevalent in dis-
fluency detection, leveraging a variety of ma-
chine learning techniques to classify words
as fluent or disfluent. These models employ
technologies such as Hidden Markov Models
(HMM) (Liu et al., 2006), Conditional Ran-
dom Fields (CRF) (Liu et al., 2006; Georgila

et al., 2010; Ostendorf and Hahn, 2013; Zayats
et al., 2014), Max-Margin Markov Networks
(M3N) (Qian and Liu, 2013), Recurrent Neu-
ral Networks (RNN) (Hough and Schlangen,
2015), Bidirectional Long Short-Term Mem-
ory networks (Bi-LSTM) (Zayats et al., 2016,
2014), and Transformers (Wang et al., 2020).
These models tag each word with labels in-
dicating whether it is fluent or disfluent, or
use the Begin-Inside-Outside (BIO) tagging
format to denote the structure of disfluencies
(Ferguson et al., 2015; Wang et al., 2018; Qian
and Liu, 2013; Hough and Schlangen, 2015).

7.1.2 Parsing-based Models

Parsing-based Models integrate disfluency de-
tection with syntactic parsing, focusing on
the structural elements of disfluencies such as
reparandum and filled pauses to analyze and
interpret the syntactic structure of sentences.
These models, such as those by Rasooli and
Tetreault (Rasooli and Tetreault, 2013), Hon-
nibal and Johnson (Honnibal and Johnson,
2014), Wu et al. (Wu et al., 2015), Yoshikawa
et al. (Yoshikawa et al., 2016), and Jamshid
Lou and Johnson (Jamshid Lou and John-
son, 2020) focus on detecting disfluencies along
with identifying the syntactic structure of the
sentence. In particular, Jamshid Lou and
Johnson (2020b) (Jamshid Lou and Johnson,
2020) focus on joint disfluency detection and
constituency parsing of transcriptions, provid-
ing insights into how these elements can be
integrated for a more in-depth understanding
of both the syntax and disfluencies present in
speech.

7.1.3 Noisy Channel Models

Noisy Channel Models conceptualize disflu-
ency as noise added to an otherwise fluent sen-
tence. The objective of these models is to re-
construct the original fluent sentence from its
noisy counterpart, making assumptions about
the nature of the noise and the methods of
its introduction (Johnson and Charniak, 2004;
Zwarts and Johnson, 2011; Jamshid Lou and
Johnson, 2017).

7.2 Motivation for Sequence Tagging

Drawing inspiration from the aforementioned
studies, Ahmad et al. (2024)’s approach pri-
marily focuses on sequence tagging based mod-



eling. This method offers direct and explicit
tagging of disfluencies at the word level, which
is crucial for fine-grained detection and classi-
fication. Such capabilities are indispensable
for the development of robust speech recogni-
tion systems, allowing for precise control and
correction of disfluent speech segments. The
sequence tagging framework’s ability to han-
dle complex disfluency patterns effectively sup-
ports the decision to adopt this approach as
the cornerstone in Ahmad et al. (2024)’s dis-
fluency detection strategy.

8 Metrics for Disfluency
Measurement

Evaluating disfluency detection models has
predominantly relied on precision, recall, and
F1 score at the token level. These metrics
measure the accuracy of models in identify-
ing and correcting disfluencies within speech
or text data. However, some studies also con-
sider the BLEU score to evaluate the fluency
of generated sentences against fluent reference
sentences.

8.1 Standard Evaluation Metrics

The majority of research in disfluency detec-
tion utilizes traditional metrics such as pre-
cision, recall, and F1 score to assess perfor-
mance. These metrics are calculated based on
the correct identification of disfluent versus flu-
ent tokens and provide a balanced measure of
model accuracy through the harmonic mean
of precision and recall (Liu et al., 2006). Ad-
ditionally, some studies report the NIST Er-
ror Rate, which includes errors from insertions,
deletions, and substitutions, normalized by
the length of the reference utterance (Georgila
et al., 2010).

8.2 Metrics for Specific Contexts

Some recent studies have developed more nu-
anced metrics to better capture the effects of
disfluency on downstream tasks like summa-
rization and machine translation. For instance,
ROUGE scores, which are traditionally used
in summarization, have been adapted to mea-
sure how disfluencies affect the quality of gen-
erated summaries from spoken content (Teleki
et al., 2024). This approach allows for a more
detailed understanding of how disfluencies im-

pact the performance of NLP models beyond
simple error rates.

Mohapatra et al. (2022) address the chal-
lenge of disfluency detection in stuttering
within speech, emphasizing the balance be-
tween model accuracy and the computational
efficiency of using limited data. Georgila et al.
(2010) compare the performance of Integer
Linear Programming (ILP) models to Condi-
tional Random Fields (CRFs) for disfluency
detection, using metrics like F-score and NIST
Error Rate to demonstrate the significant su-
periority of ILP, especially in contexts with
limited domain-specific training data. This
highlights the effectiveness of ILP in envi-
ronments where data scarcity could otherwise
compromise model performance.

8.3 Metrics for Integrated Systems

Lou and Johnson (2020) tackles end-to-end
models for simultaneous speech recognition
and disfluency removal, proposing new metrics
to evaluate these integrated systems. They
suggest that traditional metrics like BLEU
and METEOR may not adequately reflect the
nuances of disfluency removal as they are sen-
sitive to sequence length and exact n-gram
matches. Therefore, they introduce metrics
specifically designed to assess the fluency of
generated transcripts, aiming to provide a
more targeted evaluation of disfluency detec-
tion within speech recognition systems. Chen
et al. (2022) introduces a novel BERT-based
sequence tagging model for real-time disflu-
ency detection, focusing on metrics that evalu-
ate both accuracy and operational efficiency in
streaming contexts. This includes metrics like
Time-to-Detection (TTD) and Edit Overhead
(EO), which measure the latency and stabil-
ity of predictions in dynamic, real-time envi-
ronments. These metrics are crucial for appli-
cations requiring immediate feedback, such as
interactive voice-responsive systems. Salesky
et al. (2019) tackle the challenge of translat-
ing disfluent speech into fluent text, utilizing
BLEU and METEOR scores to compare model
outputs against clean, edited references. This
study underscores the importance of both met-
rics for evaluating how well models maintain
semantic integrity while effectively removing
disfluencies, providing insights into the dual
objectives of translation accuracy and disflu-



ency removal in speech translation applica-
tions.

Overall, the selection of metrics for evaluat-
ing disfluency detection models is guided by
the specific challenges and goals of each study,
ranging from improving summarization in the
presence of spoken disfluencies to enhancing
the responsiveness of real-time disfluency de-
tection systems. These metrics not only as-
sess the accuracy of disfluency identification
but also the practical effectiveness of models
in applications where real-time processing is
critical.

9 Summary and Conclusions

This survey has extensively discussed the phe-
nomenon of disfluency in speech, emphasizing
its significance in both human communication
and ASR technologies. Key points from the
survey include:

e The identification and classification of dif-
ferent types of disfluencies and their com-
mon occurrences in natural speech.

e The challenges disfluencies pose to ASR
systems, particularly in terms of accuracy
and efficiency, and the various method-
ologies developed to detect and mitigate
these disruptions.

e Innovations in modeling techniques, such
as sequence tagging and parsing-based
models, that have improved our ability to
handle disfluencies.

e The influence of linguistic diversity on the
performance of ASR systems, underscor-
ing the importance of developing adaptive
models capable of handling a variety of
speech patterns and dialects.

e The necessity for integrating disfluency
detection and correction into NLP tasks
to enhance the performance of down-
stream applications such as machine
translation and dialogue systems.

The review underscores that while substan-
tial progress has been made in understanding
and processing disfluencies, significant work
remains to fully integrate these insights into
ASR and NLP systems. Future research
should focus on:

¢ Enhancing the robustness of ASR systems
against disfluencies by employing more so-
phisticated machine learning models and
larger, more diverse training datasets.

¢ Developing real-time disfluency detection
models that can operate efficiently in live
conversations, thus broadening the appli-
cability of ASR technologies.

e Addressing the ethical dimensions of ASR
technology, particularly ensuring that
these systems do not perpetuate or exac-
erbate linguistic biases.

In conclusion, advancing our handling of
speech disfluencies will not only improve the
technical capabilities of ASR systems but also
their usability and accessibility, making them
more effective and equitable tools for global
communication.
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