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1 Introduction

In recent years, there has been a surge in interest in conversational speech recognition, driven by its
potential to facilitate natural and intuitive interactions between machines and its users. This growing
fascination is well-founded, as conversational speech recognition holds great promise across multiple
domains. In the medical field, for instance, conversational speech recognition offers a hands-free and more
efficient way of documenting clinical information. These systems can also play a vital role in language
translation and transcription, encouraging cross-cultural communication and foreign language learning.
Furthermore, individuals with speech and hearing difficulties can benefit significantly from adaptive
conversational speech technology, which can provide real-time transcriptions — allowing them to follow
and even participate in social interactions better. The technology’s versatility extends beyond specific
applications as well, as it is increasingly incorporated into everyday tools like virtual assistants and voice-
controlled devices. As these become more and more ubiquitous, the gap between true conversational
ability and the extent to which conversational technology can imitate natural interactions becomes more
apparent.

Current conversational technology may be proficient in handling straightforward tasks and providing
scripted responses, but they often struggle to navigate the intricacies of real-life, open-ended interac-
tions. |Shriberg (2005)) describes some of the fundamental challenges of automatic speech recognition
(ASR) with conversational speech such as representing overlaps, short conversational words, and rapid
turn-taking. Despite the significant technological progress made over the past decades, these challenges
remain highly relevant. This is because contemporary ASR systems are typically trained on read, mono-
logic speech (Liesenfeld and Dingemanse] 2022)). Although such data is valuable for developing speech
recognition systems with high accuracy in controlled environments, spontaneous conversations offer a
far more complex and richer context. Conversations are dynamic, with interlocutors engaging in a con-
tinuous process of contribution and negotiation to create meaning collaboratively. Understanding and
accurately transcribing conversational speech requires ASR systems to be sensitive to these aspects. It
goes beyond simply recognizing individual words or phrases and involves capturing the structure and
nuances that emerge from interaction. Failing to do so results in frustrating and unnatural exchanges,
unmet expectations, and falling short on intended use cases — as evident in various user experience studies
on current state-of-the-art technology (Luger and Sellen), |2016; [Hoegen et al., |2019; |Alac et al., 2020)).

Over the years, various attempts have been made to identify the specific elements of interaction
that ASR systems tend to overlook. Consistent with the findings of [Shriberg| (2005), several studies
have highlighted the dearth of conversational words in ASR transcripts. These conversational words
are crucial for enabling smooth turn-taking and interaction among interlocutors, with recent research
underscoring their significance in modern systems (Lopez et al., |2022; [Mansfield et al.; [2021; Zayats
et al., 2019)). To address the challenge of conversational speech recognition, it is essential to delve deeper
into the intricacies of conversations. This entails moving beyond merely focusing on words and phrases
and considering aspects such as timing, structure, and other interactional features.

One critical step in this direction is to tackle the shortcomings of current evaluation methods utilized
to assess the performance of conversational speech recognition systems. The Word Error Rate (WER),
being the prevailing evaluation metric in the field of ASR, has indeed demonstrated its utility in certain
contexts. This simple and easily calculated standard provides a convenient choice for measuring word-
level accuracy in controlled speech settings. However, the difficulties arise when we apply WER to
conversational speech, which involve interactional infrastructure and resources that play a pivotal role
in shaping the conversation’s meaning and flow. WER falls short in capturing these crucial features,
often leading to an underestimation of the system’s true performance in real-world interactive scenarios
(Szymanski et al., 2020; |Aksénova et al., 2021)). Neglecting to account for these in the evaluation process
hinders the progress of conversational speech recognition systems and limit their effectiveness in practical
applications. A more comprehensive evaluation framework is urgently needed, and one that gives due
consideration to the intricacies of conversational speech.

In this thesis, I explore in detail the disparities between human and ASR transcriptions of conver-
sations, emphasizing the importance of reevaluating how we assess the performance of conversational
speech recognition systems. By examining the unique challenges posed by these interactions, I advocate
for a paradigm shift in the evaluation of ASR systems, moving beyond the traditional reliance on Word
Error Rate (WER) as the sole metric. I start by briefly discussing conversational speech, describe the



infrastructure that both facilitates and arises from interaction as well as the different resources employed
by interlocutors to achieve successful communication. I then provide an overview of the current landscape
of conversational speech recognition and its evaluation methods. To further investigate these conversa-
tional systems, I run several off-the-shelf ASR engines on spontaneous conversations across a variety
of languages. With the results of my analyses, I propose a composite measure that considers multiple
aspects of interaction. Ultimately, my research aims to contribute to the advancement of conversational
AT technologies, making them more adaptive, responsive, and attuned to the complexities of how humans
naturally communicate.

2 Literature Review

Conversational speech interfaces have steadily grown in popularity and are being used more and more
in real-world interactive settings. Given the rising demand, speech recognition technology — a critical
component of these interfaces — is now faced with the challenge of handling natural and spontaneous
conversational speech. Conversational speech, in contrast to other forms of speech, reflects how humans
naturally communicate and interact with one another. This makes it more complex than the typically
pristine, monologic, and carefully read speech these technologies are usually trained on (Panayotov et al.|
2015). In conversations, meaning is established through an ongoing and dynamic collaboration among
participants (Levinson, [1983; |Clancy et al., |[1996)), making use of different interactional resources. In this
chapter, I describe the necessary elements to take into account for technology to be truly conversational,
the current state of conversational speech recognition, and how these systems are evaluated.

2.1 Representing Conversations

The key challenge to conversational speech recognition is adequately representing conversations. In ev-
eryday life, people use language in conversations for a myriad of purposes such as to convey information,
build relationships, negotiate, and express oneself (Levinson and Torreira, 2015)). Naturally, capturing
all of its intricacies — especially with the possible variations that different cultures, languages, and com-
municative situations can bring — is a seemingly impossible task. So instead, I focus on the “bare bones”
of conversation in this section. Taking insights from conversation analysis, I describe the fundamental
aspects of conversational speech and point out why each one is critical in understanding meaning.

2.1.1 Interactional Infrastructure

To truly understand the underlying mechanisms behind conversations, we must first establish what they
are. When we think of the word “communication”, we often envision conversations. This is where we
use language at its most natural form, continuously working together to establish meaning. The conver-
sational system both supports and reflects this ongoing interaction, accommodating an indeterminate
number of interlocutors. Conversations are made up of turns, with participants switching intuitively
between comprehension and production and doing this so quickly that the two processes often occur si-
multaneously. These turns are made up of syntactic units but are not necessarily syntactically complete.
And while turn length can indeed vary, they are often short — averaging at around two seconds long.
Furthermore, the gap between turns were found to usually be in between 0 and 200 ms (Dingemanse and
Liesenfeld, [2022]).

With the exchange occurring so rapidly to maximize efficient communication (Levinson and Torreira,
2015)), it is also quite common for the turns to overlap. These portions of simultaneous speech are
not mere interruptions or disorder in an otherwise tidy structure (Drew, 2009). Instead, overlap is an
incredibly common phenomenon that plays a fundamental role in the organization and dynamics of a
conversation — allowing for fluid turn-taking (Dingemanse et al.l|2015)). Overlaps can act as a cooperative
device, signaling agreement or completing an anticipated point (Li, [2001; [Stivers, |2008). In contrast,
they can also be competitive, where a speaker attempts to disrupt ongoing speech in order to express
a strong opinion, topic change, or disagreement (Li, |2001}; [Yang), [2001). Overall, overlaps are used as a
resource to navigate and facilitate the turn-taking system as well as to establish meaning.

Pauses within a conversation are also used strategically to convey meaning (Sacks et al., 1974} Heldner
and Edlund} 2010; [Beach, [1991). They can indicate a temporary hesitation or uncertainty, a shift to a



different topic, or a point for emphasis (Schegloff], [1986)). Pauses can also show the speaker’s monitoring
of the ongoing exchange (Schegloff] [2000). hand, are the silences between turns (Heldner and Edlund)
2010). Furthermore, the length and placement of pauses have different implications in a conversational
context. Short pauses may indicate strong agreement, while longer ones may hint at uncertainty or
hesitation (Beach) |1991). These temporal features of conversations add a dimension to meaning that
cannot be put aside if one wants to fully capture its contents.

2.1.2 Interaction Resources

Conversational speech stands out with a distinct set of lexical features, as it comprises of certain words
and phrases that reflect its interactive nature. This includes contracted forms (i.e. “gonna” for going
to), widely-used expressions (i.e. “what’s up?”), and idioms — all elements that arise and contribute to
natural and successful language use. The familiarity of this vocabulary allows interlocutors to quickly
grasp each other’s intended meanings, establish rapport, and maintain social appropriateness in a con-
versation (Bell, [1984). By using these as interaction resources, participants can better navigate the
dynamic conversational landscape allowing for a fluid and efficient exchange (Sacks, [1974)). Beyond their
instrumental role in conversations, these words and phrases also offer subtle insights into a speaker’s
individual characteristics such as personality and heritage (Eckertl [2000; Buchstaller, |2006). As such,
these interaction resources vary across languages and communities but are generally utilized in the same
manner.

One cannot discuss interaction resources without giving due attention to interjections. Interjections
are typically short utterances that enable smooth and systematic turn-taking — fundamental in estab-
lishing and maintaining the whole conversational system (Sacks et al., [1974). These specific resources
can be employed to signal the speaker’s presence and engagement ( “mhm”), or to add a layer of expres-
siveness by indicating surprise ( “wow”), hesitation ( “uhh...”), and frustration ( “ugh”) (Amekaj |1992}
Dingemanse, [2021)). They are also used to flag communication breakdowns ( “huh?”) (Dingemanse et al.)
2015)), allowing for prompt resolution and continuity in the flow of a conversation. Furthermore, inter-
jections convey a speaker’s intention to initiate or maintain a turn. Interlocutors therefore use these
utterances to coordinate the timing and sequencing of their conversational turns. As an essential feature
of conversational speech, interjections exemplify the underlying mechanisms at play in interaction.

Conversations are also distinguished by discourse markers like “I mean” and “you know”. These
words and phrases are instrumental in conversational speech by revealing the speaker’s stance, marking
turn boundaries, and highlighting important information (Fraser, [1990). They also serve as connectors,
indicating relationships like cause-effect ( “/be/cause”) and exemplification ( “like”). These ensure that the
sequential expression of ideas and information are logical and smooth (Lenk, [1998). Without discourse
markers, conversations become incoherent and disorderly.

Conversational speech is not solely reliant on utterances or certain words and phrases. Interlocutors
also make use of prosody, encompassing of various aspects such as rate of speech and intonation, as
another resource to convey meaning. These features play a crucial role in placing emphasis and punc-
tuation, as well as signaling an individual’s intentions and attitudes. Speakers vary their speech rate to
highlight relevant portions of their turn, and often produce repair sequences at a relatively faster rate
(Auer and Luzio, |1992)). Participants in a conversation also use intonation patterns as hidden punctu-
ation, for example to differentiate a statement from a question, and to convey undertones like sarcasm
and annoyance (coh) [2003). Research has also shown that speakers often raise their pitch and increase
the loudness to signal a topic change (Schegloff, [1979). The lowering and rising is also used as a strat-
egy to indicate continuity between ideas and to mark turn and segment boundaries (Hirschberg and
Pierrehumbert, (1986; [Lelandais and Thibergel 2023)).

While this subsection provides a broad overview of the interaction resources utilized in conversations,
it is not exhaustive and there may be additional elements and strategies that are not covered here.
Moreover, while T give examples in English, it is crucial to acknowledge that these interaction resources
exist in the vast majority, if not all, languages used worldwide. Understanding the universality of these
resources is vital, as it highlights the fundamental principles of interaction shared across diverse linguistic
communities. At the same time, it is equally important to recognize and represent the variation that
undoubtedly exists.



2.2 Conversational Speech Recognition

Automatic Speech Recognition (ASR) is a crucial component in conversational technology as it enables
the analysis and processing of human speech. However, these ASR systems face unique challenges
in conversational settings. This section delves into the uses of conversational speech recognition and
examines the specific obstacles that arise.

2.2.1 Uses

Conversational speech recognition has found a series of applications across a range of domains. In the
field of Human-Computer Interaction, the recognition of conversational speech is crucial in enabling
natural and intuitive interactions with virtual assistants and voice-controlled systems. It also holds
great potential in language learning and education by providing automatic feedback and assessment of
learners’ spoken language proficiency (Neri et al., |2003; [Wald,, 2005)), as well as in healthcare by assisting
in medical transcription and communication accessibility (Berez-Kroeker et al., 2022 [Healy et al., |2013]).
The use of automatic transcripts of conver ‘sations are also being explored in several other fields such
as: marketing (Vajpai and Boral [2016} |Sehgal et al., 2018)), journalism (Munteanu et al., |2006; de Lima-
Santos and Ceronl,|2022)), and legal documentation (Loof et al., 2010)). In research, conversational speech
recognition can also facilitate large-scale analysis of spoken data, providing unique insights on language
and cognition ().

Currently, there are a handful of available ASR systems that claim to be conversational. The state-
of-the art engines are developed by big tech companies like Meta, Google, and Amazon; however, there
is limited publicly available information on their official performance on conversational speech and on
how exactly they process the data. However, there are a few systems that do report on this. For
example, [Han et al.| (2018) developed the CAPIO conversational speech recognition system, reporting
word error rates of 5.0% on the Switchboard corpus and 9.1% on CallHome. Microsoft also published
documentation on their system a several years ago, with word error rates of 5.1% and 9.8% on the
same two corpora respectively (Xiong et all |2018). Switchboard and CallHome are both collections
of spontaneous conversations, while word error rate (WER) is a general percentage of words recognized
correctly — all of which will be explained in greater detail in the following sections. Overall, these systems
highlight the advancements in the field and work impressively according to the popular benchmarks they
are measured against.

2.2.2 Challenges

While state-of-the-art conversational systems report incredibly low error percentages, with some even
claiming to be better than human performance (Xiong et al., [2017)), these numbers unfortunately do not
necessarily translate to real-world applications. Studies have reported that modern conversational agents
are far from being truly conversational, failing user expectations majority of the time (Luger and Sellen,
2016; [Hoegen et all [2019). One likely reason for this is that most ASR systems are trained on read,
monologic speech (Panayotov et al., |2015) — which, as discussed in prior sections, is quite different from
conversational speech. This results into ASR systems missing various aspects crucial to conversations.

For one, performance of ASR systems were found to be affected by overlapping speech — a natural
and frequent occurrence in conversations. |Cetin and Shriberg| (2006b) has shown that ASRs exhibit
a higher word error rate in portions with overlapping speech, as well as on portions surrounding the
overlap. This tendency occurs even on recordings with speakers closer to the microphone, showing that
these errors are likely due to the recognition of background speech; thus introducing confusion in the
transcript (Shriberg et al.l 2001). Further analysis showed that these portions of overlap, where ASRs
are likely to misrecognize words, occur at the following places: potential turn exchanges, relatively more
complex utterances, and when speakers are more affectively involved (Cetin and Shriberg} |2006al). These
areas are all especially crucial in the context of the data used — meetings — and to all other forms of
conversations in general. If machines are likely to make errors during these peaks of interaction, then
the whole interaction is also likely to be misinterpreted. This was shown in a user study conducted by
Hoegen et al.| (2019), wherein they report that when a conversational agent is not equipped to handle
overlaps, it results to ‘ ‘nonsensical responses”.



01 CAR ale[xa (1.0) ] bea:t: the (.) intro

02 SUS [ ((laughs)) ]

03 SUS it does it for you

04 (5.0)

05 EMM nope (.) she didn like tha:::::t

06 EMM alexsa [ (1.3) ] play beat the intro::
07 CAR [ is it called

08 beat the intro? ]

09 (2.1)

10 ALE vyou want to hear a station for b b intro
11 [ (0.5) ] right?

12 EMM [ °no:° ]

13 EMM (1.1) no: (.) i don’t alex:a (0.5) no!
14 ALE (1.3) alrigtht

15 (0.7)

16 CAR we played it the other ni:ght! the game we

17 played the [ other night ((laughs)) ]

18 SUS [ yeaherr:: alexa ] skills (.)
19 beat the intro

20 (4.5)

21 SUS °uh::y:°
22 EMM she didn like tha::t
23 SUS alechSA::::::

Figure 1: Example illustrating a discrepancy between Echo’s error indication and users’ response, taken
from [Porcheron et al.[(2018). The users attempted to repair the communication breakdown by reiterating
the request, showing that how Echo signals misunderstanding is ineffective.

Another challenge conversational systems face is representing interjections and other conversational
words. In the field of speech technology, these are also referred to as “backchannels”, “disfluencies”, or
“fillers” — reflecting how they are often regarded as unimportant or something to be filtered out. This
reflects too in the transcripts ASR systems produce, as numerous error analyses have pointed out that
conversational words are notably absent in their output (Zayats et al.l2019; [Mansfield et al.l 2021} |Lopez
et al.l [2022; [Shriberg et al., |2001; |Goldwater et al., [2008; |Xiong et al., [2017). However, misrepresenting
these can lead to confusions to whether a user is asking for clarification, holding their turn, transitioning
to a different topic, or waiting for acknowledgement. This is exactly what happened in a study about
Amazon Echo, where one of the findings is that “there is a significant mismatch sometimes between the
ways in which designed responses from the Echo appear to integrate indicators of the form of trouble,
and actually how participants dealt with them” (Porcheron et al.| 2018|). This is exemplified in figure
where Echo signaled an error in categorizing the user’s request. However, the users’ response to this
miscommunication was to repeat the request, as if the error lied in Echo’s failure to accurately hear them
the first time.

With ASR systems being mainly trained on written language, prosody is also often overlooked in
conversational speech recognition. This results in challenges in accurately detecting turn boundaries and
“hidden” punctuation (Shriberg, [2005). Recognizing the significance of prosodic features, Hirschberg
et al.| (2004)) demonstrated that incorporating these features not only helps identify misrecognized turns
but also improves the acceptance of correctly recognized ones, leading to smoother and more efficient
interactions. They argue that strategically utilizing prosodic features in combination with existing ASR
systems significantly reduces the word error rate. This finding aligns with the observations made by
Furui et al.| (2005]), who discovered that words produced in conversational speech exhibit less phonemic
distance compared to those in read speech. This means that in conversation, sounds within words are
more blended; whereas in read speech, each sound is articulated more distinctly. This phenomenon may
explain why users often feel compelled to exaggerate their pronunciation when interacting with conver-
sational agents as a repair mechanism (Pelikan and Broth) 2016} [Luger and Sellen) 2016)), a behavior
less commonly observed in human-human conversations. Aside from identifying turn boundaries and
recognizing words, prosodic features are also essential in automatically classifying speech acts and prag-



matic features (Shriberg and Stolcke, [2004). This is further evidenced in a review of state-of-the-art
conversational agents by [Luger and Sellen (2016]), whhere a user described Siri’s response to their sar-
castic remark as, “and it just said, I swear in an equally sarcastic tone, ’that’s fine, it’s my pleasure”’,
negatively affecting user experience.

In summary, conversational speech recognition poses significant challenges that must be addressed
to develop robust systems. Two aspects that are often overlooked are the interactive nature of conver-
sations and that meaning is established collaboratively. Quick and overlapping turns, interjections, and
conversational words all play crucial roles in accurately representing naturalistic interactions with users.
Furthermore, additional dimensions of meaning that are unique to conversations and not commonly
found in written text or monologues, should not be disregarded if a system aims to be responsive and
efficient. This includes capturing prosodic features such as pauses and intonation. An effective conver-
sational system should adhere to the natural structure of human communication rather than imposing
a “tidied” organization for the sake of computational simplicity. Failure to understand and incorporate
the intricacies of interaction can hinder the development of truly effective conversational systems.

2.3 [Evaluation of ASR for Conversational Speech

In the current technological landscape, there definitely is a demand for conversational agents to be fit for
real-world use. But where do we start? I discuss in this section how speech recognition systems are cur-
rently evaluated, what existing benchmarks that a system needs to meet to claim human conversational
ability, and why there’s a need for better methods.

2.3.1 Benchmarks

Benchmarking plays a crucial role in the development of ASR systems for conversational speech. It
involves a systematic evaluation with an established standard, aiming to capture both the performance
of a system as well as how it compares to others. In ASR, the evaluation method most often used is the
Word Error Rate (WER). WER is a simple metric that compares an ASR transcript against a reference,
typically human-annotated data, using the following formula:

S+D+1
N

where S is for substitutions, D for deletions, I for insertions, and N is the total number of words in the
reference. In the field of automatic speech recognition, the widely referenced word error rate of human
parity is set at around 5%. This standard supposedly goes back to a 1996 study entitled “Personal
Communication” where the human word error rate for spontaneous speech is calculated at 4%. However,
how this was calculated remains unknown as the reference is only cited in another study by |Lippmann
(1997) where the differences between human and machine-produced transcripts are revisited and further
analyzed. In that review, |[Lippmann concluded that human error rates are at below 5% in spontaneous
speech with channel variability and noise. Further work was done by |Xiong et al.| (2017)) where nuances
between types of conversational speech were taken into account by using two different corpora — Switch-
board (Godfrey et all [1992), a collection of conversations between strangers, and CallHome (Canavan
et al.l [1997)), a collection of conversations between friends and family.

At this point, two standards emerge — the use of these two corpora and the reference human rates of
5.9% for Switchboard and 11.3% for CallHome. [Saon et al.| (2017)), on the other hand, argues that the
human rates are instead at 5.1% and 6.8% respectively, making “human parity” harder to achieve. The
differences between the two calculations are brought about the instructions given to the transcribers,
how meticulous they were in transcribing, and how the transcripts were processed.

Moreover, there are also other datasets used to benchmark conversational speech recognition. A no-
table example is CHIMED, a collection of distant-microphone dinner party conversations, where current
systems report WERs ranging from 45% - 73% (Manohar et al.l2019; [Szymanski et al.,|2020). Unlike the
dyadic telephone conversations found Switchboard and CallHome, CHiME includes several aspects that
are more representative of real-world applications: presence of background noise, unprompted conversa-
tions tackling a variety of topics, and multi-party interactions. However, even with such a challenging
task, there are still some limitations with CHiME and most benchmark datasets currently employed.
One, these datasets only include native speakers of the particular language, where non-native accents

WER =



may not be taken into account in the evaluation of ASR systems (Canavan et al., |1997; Godfrey et al.|
1992; [Manohar et al.l |[2019; [Kawahara et al. |[2003)). Another limitation is that there is a lack of sponta-
neous conversational speech data for diverse languages that represent the global population (Liesenfeld
and Dingemanse} |2022)). With so much to take into account, there is still no standard human word error
rate or other set of evaluation methods established as of this writing.

2.3.2 Evaluation Methods

There are also concerns about how well the human word error rate truly represents how humans recognize
speech. Word error rate (WER) compares the ASR transcript to a references and categorizes errors
into three: substitutions, deletions, and insertions. The rate is then the percentage of the total of
number of errors against the total number of words in the reference. A closer look at the human word
error rate and ASR systems that have reached this unveils a couple of things. First, Mansfield et al.
(2021) shows that there are significant and systematic differences between the types of errors a human
and a machine makes in transcribing Switchboard and CallHome. One, they found that humans are
more likely to commit deletion, while machines tend to insert and substitute words. Next, they also
found that conversational words caused the largest discrepancy between human and ASR WERs. The
same finding was also reported in the development of the first conversational recognition system that
claimed to reach human parity (Xiong et al., 2017]), wherein errors occurred with words characteristic of
spontaneous speech (i.e. interjections, repetitions, and corrections). These findings raise the question,
if ASR systems that supposedly approach or even reach human parity make errors on the very words
that characterize spontaneous conversations, how conversational can they truly be? Especially with the
user experience studies discussed previously, there is an apparent and undeniable disparity between how
these technologies are benchmarked and how they actually perform in conversational settings.

Starting with the widely used WER, the preference for this metric stems from its simplicity. It
provides an easy common ground for comparing different ASR systems as well as their performances
on different datasets. Furthermore, it measures accuracy well, serving as an effective evaluation for
certain applications such as text dictation. However, its deficits — particularly in conversational speech
recognition — are well documented (Szymanski et al., 2020 |Aksénova et al., 2021} |Errattahi et al., |2018]).
As these studies have found, the different types of words are not recognized equally. ASR systems have
been found to systematically miss conversational words even across different languages (Lopez et al.l
2022; |Stolcke and Droppol 2017). This error is unique to machines, as humans do not confuse these
elements, but rather rely on them to structure a conversation (Stolcke and Droppol 2017). In addition
to that, homophones were also found to be difficult for machines to correctly transcribe (Pasandi and
Pasandi, 2023} |Wirth and Peinl, |2022)), highlighting the need for context — referring nearby words within
the utterance — to be considered in evaluation. Additionally, since WER treats all errors equally, it fails to
serve as a true percentage in a sense that values above 100 are possible especially in noisy environments.
Finally, as what many error analyses have pointed out, a single value fails to pinpoint any strengths
or weaknesses of a system. In this regard, it merely serves as a score where developers aim to one-up
each other — moving focus away from developing systems catered to representing conversations and are
instead catered to producing a low word error rate.

There have been numerous efforts to address these deficits, with several alternatives proposed for
conversational speech recognition specifically. |[Shah et al.| (2022) pointed out the limitations of WER
for languages that have multiple accepted spellings for each word, and proposed Alternate Word Error
Rate (AWER). Unlike WER, AWER takes into consideration ambiguous characters commonly found
in certain languages like Hindi. Several approaches have also been proposed to resolve this particular
limitation as well. A widely-used alternative to WER is Character Error Rate (CER), where accuracy is
measured at the character level instead of word level. This comes in particularly handy when transcribing
speech with non-words or on logographic languages. Another approach is using the Phonetically Oriented
WER, proposed by (Ruiz and Federico, [2015)), to minimize homophonic errors and resolve ambiguously
recognized portions. Another key limitation of WER is that it appears to be disconnected to how humans
evaluate and perceive speech, make it an ineffective measure for real-life performance. [Morris et al.| (2004))
propose a solution: the Match Error Rate (MER) where the types of errors are optimized and a the rate
serves as a true percentage of a system’s overall performance.

In conversational speech recognition, it is essential not only to focus on accurately recognizing the



speech but also to allocate it to the appropriate speaker and represent conversational turns. To evaluate
this aspect, a commonly used method is known as Diarization Error Rate (DER) (Park et al., 2022)).
Unlike metrics such as WER and its alternatives discussed earlier, DER specifically addresses the accu-
racy of speaker diarization, ensuring that each speaker segments are correctly identified and attributed
in the conversation. DER is defined as:

FA+ MISS + ERROR
TOTAL

DER =

where FA is the total hypothesis speaker time not attributed to a reference speaker, MISS is the total
reference speaker time not attributed to a hypothesis speaker, FRROR is the total reference speaker
time attributed to the wrong speaker, and TOTAL is the total reference speaker time, i.e. the sum
of the duration of all reference speaker segments. However, DER also has its own limitations. One
particularly relevant to conversational speech is that DER falls short in capturing the significance of
short conversational phrases. These utterances, despite their brevity, often play a significant role in
structuring a conversation as previously discussed. To address this, (Cheng et al., |2022) proposed the
Conversational Short-phrase Diarization Error Rated (CDER), defined as:

The number of mistakes

CDER =
The number of total utterances

The CDER is calculated by first merging utterances from the same speaker, resulting into an A-B-
A-B format in dyadic conversations. The reference is then compared against the ASR transcript using
the formula above computed at the utterance level for each speaker.

As of the current state, the CDER stands as the sole published evaluation metric specifically designed
for conversational speech recognition. It addresses certain interactional resources utilized in spontaneous
conversations, rightly acknowledging their significance. However, CDER still does not fully capture the
interactional infrastructure and temporal dynamics present in conversational speech. These unrepre-
sented aspects highlight the need for a specialized evaluation metric that can comprehensively account
for the unique characteristics of conversational speech, including its interactive nature and the precise
timing of speaker turns and overlaps. While the CDER is a step in the right direction, there is still
room for further refinement and development to comprehensively represent interaction in the evalua-
tion process. Such advancements would enhance our ability to assess and improve the performance of
conversational speech recognition systems in real-world settings (Likhomanenko et al.| 2021)).

3 Methods

This section describes the methodology used to investigate the evaluation of conversational speech recog-
nition. To gain a comprehensive understanding of the differences between how a human and a machine
processes conversational speech, a mixed-methods approach combining qualitative and quantitative tech-
niques was employed.

3.1 Data
3.1.1 Human Transcripts

Human transcripts were used as reference in thoroughly evaluating how ASR systems handle conversa-
tional speech. The selection of the data was guided by the aim of capturing spontaneous and natural
conversations, ensuring that the full range of complexities in conversational speech was accounted for.
To ensure the accuracy and reliability of this evaluation, several quality control measures were put in
place. First, only transcripts sourced from published conversational corpora that have undergone peer-
review were used — increasing the credibility and reproducibility of the evaluation. Next, only transcripts
that represent conversations at the level of individual turns, with each turn fully annotated with precise
timestamps down to the decisecond (0.1ms), were included. These transcripts also reflect non-speech
behaviors that often occur in conversations such as laughter, audible breaths, and unintelligible noises.
Such phenomena are tagged and enclosed in brackets. Finally, in order to include a wide range of
linguistic features and to compare the performance of ASR systems across languages, transcripts from



multiple widely supported languages were selected. This allows for cross-linguistic comparisons, revealing
both language-specific and language-general features that influence ASR performance in conversational
settings. Table [T] shows the languages and corpora used in this study.

Language | Corpus Description
IFAA Dialog Video Corpus .
(van Son et al| [2008) face-to-face conversations
utc orpus Gesproken Nederlands ace-to-face an
Dutch C G ken Nederlands (CGN f f d
(Taalunie| 2014) telephone conversations
English (Cg;i?;rf eAtrzle rliggﬁnghsh telephone conversations
renc . : ace-to-face conversations
French (Tgrgii?zfe; C;éil)l;s of Casual French " f .
Forschungs- und Lehfkorpus Gesprochenes (FOLK) T
German (Reincke and Schmidt] 2022) face-to-face conversations
Korean e telephone conversations
(Canavan and Zipperlen||1996a) P v
Mandarin CallHome Mandarin Chinese televhone conversation
anda (Canavan and Zipperlen||1996b) ciephone conversations
Spanish (Gélasfzréioetcgpgsolg' face-to-face conversations

Table 1: Conversational data used in this thesis. Each corpora was carefully selected to represent
spontaneous and natural interactions across a diverse set languages, fully annotated with decisecond-
precise timestamps at the turn level.

3.1.2 ASR Transcripts

In this research, carefully selected conversational corpora that included sound files were utilized. These
sound files were processed using to two types of ASR systems: off-the-shelf systems and systems designed
to handle conversational speech to some extent. The inclusion of both types of ASR systems allowed for
a comprehensive evaluation of their performance in transcribing conversational speech. The off-the-shelf
systems represent the commonly available ASR technologies, while the conversational-specific systems
represent technologies that have somewhat addressed the unique challenges posed by conversational
speech. By analyzing the output of these different ASR systems against the human transcripts, we can
further understand what aspects need to be better represented in both the ASR transcript and how it is
evaluated.

The three off-the-shelf ASR systems — one each for Dutch, English, and German — were accessed
through the Bavarian Archive for Speech Signals’ CLARIN Transcription Portal [Draxler et al. (QOQO)B
On the other hand, table [2] shows the commercial systems used, corresponding models employed, and
how they claim they can handle conversational speech. Because processing conversational speech entails
much more than simply recognizing what was said and in order to match the information found in
the human transcripts, several additional features were also used — speaker diarization, which involves
assigning a speaker to each speech segment or turn, word-level timestamps, and confidence scores that
reflect the certainty of the machine on the transcript it produced. A summary of the features used with
each ASR as well as any publicly available information its development can be found in Appendix A.

3.2 Pre-Processing

In the pre-processing stage of this research, several important steps were taken to ensure the comparability
of human and ASR transcripts. First and foremost, all audio files were chosen to show similarity in
terms of audio encoding and channel separation. This allows for consistency in the audio data used for
transcription. To facilitate the analysis, non-speech tags present in the human transcripts were removed.
These tags, indicating phenomena such as laughter or background noises, are not expected to show up

Thttps://clarin.phonetik.uni-muenchen.de/apps/TranscriptionPortal/

10


https://clarin.phonetik.uni-muenchen.de/apps/TranscriptionPortal/

ASR System Model Claim

“capture meetings and conversations that

matter to you”

“for any kind of long form content such as media

or spontaneous speech and conversations”

default “produces transcription results for any type of audio”
“conversational toolkit [...] paving a path to personalized,

Amazon Transcribe default

latest_long
Google Cloud Speech-To-Text

NVIDIA NeMo ASR QuartzNet15x15 S R

natural human-machine interactions

113 _ _ . ;,
Rev AT Asynchronous outperforms other speech t:) tfsrt providers in accuracy

default for virtually every use case”, “analyze and

Speech-To-Text . . . »

monitor conversations with customers
Whisper default “human-level robustness and accuracy on English speech recognition”

Table 2: Conversational ASR systems used in this thesis. These stat-of-the-art commercial engines
claim to handle conversational speech to some capacity across multiple languages.

in the ASR transcripts. In order to align the spelling conventions, proper names found in the ASR
transcripts were corrected. For example, if the human transcript spelled a name as ”Benni,” but the
ASR transcript had it as ”Benny,” the ASR transcript was adjusted accordingly to match the intended
spelling. Similarly, contractions in the transcripts were unified into a single format for consistency. For
instance, if the human transcript had ”can’t” but the ASR transcript had ”ca nt,” the ASR transcript was
modified to match the standard contraction format of ”can’t.” However, certain elements were preserved
in this stage. Word fragments, indicated by hyphens (i.e., "h-") and shortened forms (i.e., "gonna”),
were left untouched. These features are common in conversational speech and reflect the natural flow
of dialogue. Both types of transcripts were then pre-processed using clean'cex1:E|7 a python package
for systematically removing punctuation, capitalization, and other special characters. Finally, NLTK’s
whitespace was used for tokenization. This was selected based on its approach to tokenizing, which does
not heavily rely on linguistic information. This characteristic ensures a consistent and uniform splitting
of the transcript into basic units, regardless of the language being analyzed. These steps allow for a more
accurate and reliable analysis of the ASR system’s performance in transcribing conversational speech.

3.3 Error Analysis

The Word Error Rate (WER) was calculated to show how these systems would be typically evaluated.
This was done using jiwerﬂ The WER was calculated for each conversational ASR system and for
each supported language. This allows for a general but broad analysis of the performance of the ASR
systems and provided insights into the challenges posed in evaluating conversational speech recognition
in various linguistic contexts.

To gain a more comprehensive view of these challenges, the scaled F—scoreE| was used for comparison.
The Scaled F-score is a modified version of the traditional F-score designed to address certain limitations.
Given a word w; € W and a category c¢; € C, the precision of word w; with respect to a category c; is
defined as the following: ( )

L. # wi,cj
prec(é, ) > cec #(wisc)
The function #(w;, ¢;) represents either the number of times w; occurs in an utterance labeled with the
category c; or the number of utterances labeled c¢; which contain w;. The frequency of a word within a
category is defined as: ( )
.o # Wy, Cj
freq(i, j) =
q(i, j) 5

weWw #(w7 Cj)

Then, the harmonic mean of these two values is defined as:

prec(i, j) - freq(é, j)
62 : prec(i,j) + freq(%])

Hp(i,g) = (1+5%)

2https://pypi.org/project /cleantext/
Shttps://github.com/jitsi/jiwer
4https://github.com/JasonKessler/scattertext#understanding-scaled-f-score
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B € R is a scaling factor where frequency is favored if 3 < 1, precision if 8 > 1, and both are
equally weighted if 8 = 1. F-score is equivalent to the harmonic mean where § = 1. To address specific
issues, the Scaled F-score introduces two modifications. First, harmonic means tend to be dominated by
precision, so the score is adjusted to provide a more balanced consideration of precision and frequency.
Second, the score handles ”low-frequency brittle terms” by accounting for tokens with extremely high
or low frequencies. By making these modifications, the Scaled F-score aims to provide a more accurate
assessment of the association between n-grams and a particular class. The score ranges from -1 to 1,
with positive scores indicating an association between the n-gram and the class, and negative scores
indicating no association.

4 Results

In this chapter, I present a comprehensive analysis of the dissimilarities between human-transcribed
conversational speech and ASR-generated transcriptions. The investigation delves into the performance
of two types of ASR systems: general-purpose and specialized models. Through this, I aim to contribute
to a more nuanced understanding of the complexities involved in representing conversational speech. The
results discussed in this chapter are also reported in two recently published papers — Lopez et al.| (2022)
and Liesenfeld et al. (2023)).

4.1 General-Purpose ASRs on Conversational Speech

To see the Word Error Rates (WER) in action, general-purpose ASR systems were ran on Dutch, English,
and German conversational speech. Figure QA shows the word error rates of the three languages along
with the “human parity” WER of 0.05 (dotted line) as reference. The results clearly show that, even
among high-resource languages, off-the-shelf ASRs struggle with conversational speech. With Dutch
exhibiting the lowest WER of 0.45, these systems made an error on roughly two out of three words in
a conversation. While the rates do somewhat provide a look into overall performance, they fail to give
specific information on the errors made and what needs to be taken into account in conversational speech
recognition. An error analysis was conducted to supplement this and highlight missing conversational
elements that impact performance.
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Figure 2: A Word error rates (WER) of general-purpose ASR systems on Dutch, English, and German
conversational speech. B Frequency distributions of top tokens in Dutch conversational speech tran-
scriptions produced by ASR (purple) and humans (orange).

Three key differences were found across the three languages. First, the ASR output contained fewer

words than their corresponding human transcripts — with a 33% difference for Dutch, 37% for English,
and 57% for German. This finding further shows that there is indeed substantial variation between how
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ASRs and humans transcribe conversational speech [Scharenborg] (2007));|[Mansfield et al.[(2021]). Next, the
frequency distributions of the ASR Transcripts are skewed differently from that of the human transcripts.
This is shown in Figure 2B, where we observe distinct skewness in the frequency distributions of the top
Dutch words in the ASR transcript (blue) compared to the human transcript (orange). Notably, the
differences extend beyond just the skewness, as the top words themselves are different. This discrepancy
suggests that the ASR systems have a tendency to either over- or under-represent certain words or
patterns compared to the human transcripts.

To delve deeper into this discrepancy, I conducted an ngram salience score-based analysis |Kessler
(2017) (visualized in Figure [3]). This analysis shed light on the specific elements that off-the-shelf ASR
systems tend to miss across the three languages under investigation, bringing us to the final notable
difference observed: general-purpose ASRs exhibit tend to miss certain conversational elements (see
Table . One category of such missed elements is conversational words. Conversational words, which
can be likened to interjections in the context of this study, refer to typically short utterances that
are critical in managing the flow of a conversation. For instance, in English, an utterance like uhhuh
shows understanding while a huh? shows the need for repair. Remarkably, these types of words were
consistently underrepresented in the ASR transcripts across the three languages. Another category is
reductions. These refer to shortened forms of words or phrases commonly used in conversational speech.
Interestingly, no misrecognized or misrepresented reductions were observed in English. This could be
attributed to two possible reasons. First, reductions in Dutch and German may be more prevalent in
spoken language compared to English, resulting in their occurrence being less frequent in written texts
used for training ASR systems. Second, the English training data used for the ASR system may be more
extensive and comprehensive, enabling better recognition of reductions. Finally, self-repairs were also
missed in the three languages studied. Self-repairs are abrupt interruptions or modifications in speech
made by the speaker while monitoring their own utterance. The errors in recognizing self-repairs may
stem from technical challenges, as these utterances are often brief. Additionally, self-repairs are not
frequently included in training datasets due to their perceived “incompleteness”, leaving ASR systems
ill-equipped to handle them.

Conversational Words Reductions Self-repairs
uh, hum, uhm, ‘n beetje (een beetje), ‘t (het),
Dutch hum hum, oh, ja d’r (haar), ‘n (een), ie (hij) by 7
Enelish uhhuh, mhm, uh, eh, um,
nghs hm, mm, ah, huh, okay m e
‘n (ein), wa (wir),
German | fm, mh grade (gerade), det (das) e

Table 3: Crucial conversational elements identified to be underrepresented or missing in general-purpose
ASR transcripts across three languages. These elements were further categorized into three: conversa-
tional words (also referred to as standalone interjections in this thesis), reductions, and self-repairs.

4.2 Specialized ASRs on Conversational Speech

In contrast to general-purpose ASRs, specialized ASR systems are specifically designed to considerably
address the nuances of conversational speech. Building upon the previous section’s analysis of general-
purpose ASRs on conversational speech, I now shift the focus to specialized ASR systems. Five specialized
ASR were ran; namely, Amazon Transcribe, Google Cloud Speech-to-Text, NVIDIA NeMo ASR, Rev Al
Speech-to-Text, and Whisper. These engines were ran on approximately one hour worth of conversations
in six widely supported languages — Dutch, English, French, Korean, Mandarin, and Spanish.

An initial examination of the transcripts reveals notable disparities in specific measures pertinent
to conversational speech (see Table . Across all six languages examined, conversational ASR systems
demonstrated lower coverage, indicating a reduction in the total minutes of talk transcribed compared
to human transcriptions. Spanish had the highest coverage, capturing 90.48% of the conversation, while
Korean had the lowest coverage at 58.11%. This trend is also reflected in the number of words present
in the transcripts, indicating that ASR systems struggle to capture and transcribe the entirety of the
conversation. I also look at measures at the turn-level, describing turn length in terms of average length
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and standard deviation. The results revealed that ASR systems transcribed considerably shorter turns on
average, but with generally lower variance across most languages — except for Dutch. Unfortunately, this
uniformity in turn length exhibited by ASR systems does not accurately reflect the natural turn-taking
patterns in real conversations. Figure B provides an illustrative example of a snippet of a conversation
in English, where conversational turns are typically short, overlapping, and vary in length. Such dynamic
and rapid turn-taking is a common characteristic of spontaneous conversations, where participants con-
stantly engage in overlapping exchanges, indicating their collaborative efforts in constructing meaning.
However, ASR systems’ tendency to produce turns with consistent lengths overlooks this crucial aspect
of conversational interactions, leading to a mismatch between the system’s output and actual conver-
sations. This discrepancy is further substantiated by the results of the last measure, which examines
the percentage of overlapping speech. A striking finding is that none of the conversational ASR systems
in any of the languages represent overlap. This highlights the consequence of condensing speech into a
single dimension for easier transcription, rather than adequately reflecting the true timing and dynamics
of spontaneous exchanges, leads to a measly representation of conversations.

Coverage Words Duration Duration Overlap
(min) (n) (turn g, ms) (turn o, ms) (speech %)
Dutch 63 12023 2840 3468 0.134
47 9396 5897 7356 0
English 65 13895 2811 12057 0.126
55 10994 6647 3316 0
French 64 13564 4357 11571 0.144
49 8359 7042 4597 0
Korean 74 9632 3280 5615 0.208
43 5923 4186 2824 0
Mandarin 66 15349 2538 12949 0.158
53 8188 7301 2520 0
Spanish 63 11868 4620 8264 0.105
57 10177 7534 5113 0

Table 4: Descriptive statistics that compare the transcripts generated by humans (top value) with the
average of all conversational ASR systems (bottom value) in six languages.

Continuing the evaluation of conversational ASR systems, I present the word error rates in Figure
[A. This already offers several noteworthy observations. Firstly, most of the ASR systems achieve the
lowest WER in English, indicating relatively better performance in transcribing conversational speech
in this language. This advantage could be attributed to the availability of larger training datasets
for English, allowing the ASR systems to learn and adapt more effectively. Secondly, the WERs vary
significantly across different languages, implying that the complexity and linguistic characteristics of
each language pose unique challenges for accurate transcription. It highlights the need to account for
linguistic diversity in improving the performance of conversational ASR systems. Finally, the WERs
for all the ASR systems, even in English, remain far from achieving the so-called human parity rate
of 0.05. Despite English’s advantageous resources and research, the ASR systems’ performance is still
significantly below human-level transcription.

As briefly mentioned before, figure B provides a visual comparison between the human-transcribed
English conversation (top) and the transcriptions generated by the five specialized ASR systems. In
this figure, the effect of the discrepancies found in Table [4| are better illustrated. It becomes evident
that the ASR systems misrepresent the structure of a conversation almost entirely. The ASR transcripts
display notably fewer speaker transitions and conversational turns compared to the human reference.
The bottom system (Whisper) fails to indicate any turns at all, indicating a complete breakdown in
capturing the basic conversational units. And to reiterate, overlaps — which frequently occur in the
human transcript — are conspicuously absent.

For a deeper investigation into how ASR systems handle the interactional infrastructure, we turn our
attention to Figure [4IC, which presents the number of speaker transitions and the distribution of floor
offset times (representing the gaps between turns) in the ASR-generated transcripts compared to the
human transcripts. Notably, across all languages examined, the specialized ASR systems consistently
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Figure 4: A Word error rates (WER) for five speech-to-text systems in six languages. B One minute
of English conversation as annotated by human transcribers (top) and by five speech-to-text systems,
showing that while most do some diarization, all underestimate the number of transitions and none allow
overlapping turns (Whisper offers no diarization). C Number of speaker transitions and distribution of
floor transfer offset times, showing that even speech-to-text systems that support diarization do not allow
or represent overlapping annotations.

exhibit a reduced number of speaker transitions in their transcripts when compared to the human-
transcribed conversations. This disparity suggests that accurately detecting and representing the changes
in speakers during a conversation significantly influences the performance of ASR systems in capturing
the conversational flow.
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Figure 5: Plot showing the characteristic tokens, inferred from their frequency, present in human- tran-
scribed (yellow) and specialized ASR-transcribed (blue) conversational speech in six languages illustrated
with scaled F score metric using scaled F score metric using scattertext (2017)).

Standalone Interjections Function Words Discourse Markers
Dutch uhm, hum, hu, uh ja, mm n, ie, d’r, da, ’s en uh, dat uh
English mhm, uhhuh, hm, oh, wow did, she’s, that’s, going to, he yeah I, because
French hm hm, hein, ouais ouais, putain  c’etait, qu on, I’, d’, m’ euh tu, et euh
Korean ahyu, eung, ye, eo, jeogi hae, gajigo, jeo, geuge, jal geureonigga, geuraegajigo
Mandarin | ng ng, ai, a, dui dui, er la, wo wo, e, jiang, ya shi er, gai, shi shuo
Spanish eh, ah, he, claro, vale 0, eso, ahi, sea o sea, sabes, verdad es

Table 5:  Crucial conversational elements identified to be underrepresented or missing in specialized
ASR transcripts across three languages. These elements were further categorized into three: standalone
interjections (similar to conversation words in Table , function words, and discourse markers.

In line with the analysis of generalized ASR systems, an ngram salience score-based error analysis
(visualized for all languages in Figurewas conducted to identify specific conversational elements missed.
Table [5] shows that specialized ASR systems struggles with standalone interjections, function words, and
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discourse markers across all six languages. Standalone interjections, critical in conversational speech,
were underrepresented in all six languages. Not only are these utterances short and often absent in
typical ASR training data (Liesenfeld and Dingemanse, [2022), but they also often occur in overlap
— which we now know ASR systems particularly struggle with. Meanwhile, the category of function
words mostly contain short utterances that play important roles in grammar and turn structure. In
conversational speech, these function words can occur in positions that are susceptible to overlaps or
may undergo phonetic reduction, where certain sounds or syllables are shortened or omitted. This can
pose challenges for ASR systems, particularly when the reduced or altered forms of these words are not
accurately reflected orthographically in the training data. Lastly, discourse markers are often used at the
start of an utterance to organize the structure of the conversation. Similar to standalone interjections,
discourse markers are likely to occur in overlap-vulnerable regions and are not be well-represented in
typical ASR training data. Overall, the results of the analyses on conversational speech recognition
systems reinforces the critical importance of effectively representing the interactional infrastructure and
resources in ASR.

5 Discussion

Conversational speech recognition has been a long-standing challenge in the field of language technology,
primarily due to the unique complexities introduced by real-time interaction. Unlike more controlled
speech settings, such as monologs and “walkie talkie” mode of exchanges, spontaneous conversations
exhibit dynamic turn-taking patterns, overlapping speech, and various interactional resources that require
special handling. In this thesis, I have delved precisely into these unique characteristics and examined
two main things: (1) how current speech recognition (ASR) systems handle the intricacies of these
natural interactions; and (2) how the widely used Word Error Rate (WER) is insufficient in describing
the performance of these systems in conversational settings.

The central finding of this thesis is the striking disparity between humans and ASR systems in
transcribing conversational speech. A comprehensive evaluation on both general-purpose and specialized
ASRs, across multiple languages, resulted to consistently high WERs across all systems investigated —
indicating the lack of robustness of these systems when it comes to handling spontaneous and free-flowing
conversations. Among the general-purpose ASRs, the WER observed was 0.45 on Dutch, whereas among
the specialized ASRs, it was 0.26 on English. These rates imply that, at its best, a general-purpose ASR
system makes an error in approximately 1 out of every 2 words, while a specialized ASR system has an
error rate of 1 in 4 words. These findings clearly demonstrate that ASR systems, in their current state,
are not reliable or accurate enough to effectively handle conversational speech.

The high WERs observed across different languages and ASR systems underscore the limitations of
current technology in handling conversational speech. While these rates provided a useful gauge on the
overall performance of these systems, they fail to provide insights into how exactly ASR falls short. To
address this, I conducted a comprehensive error analysis to shed light on the particular conversational
aspects that pose challenges for ASR systems. The analysis revealed several critical elements that were
consistently missed or inaccurately transcribed by both general-purpose and specialized ASR systems.

For general-purpose ASR systems, reductions and self-repairs were found to be particularly challeng-
ing across Dutch, English, and German. These utterances, which are more prevalent in spoken language,
are underrepresented in typical ASR data. This highlights the importance of training ASR systems
on data that closely resemble real-life interactions to ensure better performance in conversational set-
tings. Specialized ASR systems, which are designed to handle conversational speech to some extent,
were also evaluated in this analysis. Despite their specialized nature, these systems still exhibited errors
in transcribing key interactional resources. Function words and discourse markers, which play signifi-
cant roles in constructing and managing conversational turns, were consistently missed across the six
different languages examined. This raises concerns because conversational systems should be capable of
accurately representing the fundamental unit of conversation — the conversational turn. Finally, both
general-purpose and specialized ASR systems struggled with transcribing conversational words or stan-
dalone interjections. These are essential in signaling understanding and miscommunication as well as in
managing overall conversational flow. Overall, Interactional features — such as turn-taking patterns, over-
laps, repairs, and conversational elements — are fundamental to natural human conversations. Neglecting
these crucial features when developing conversational systems forces users to undergo a significant ad-
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justment in how they naturally communicate. Imagine engaging with an agent that doesn’t effectively
handle timing aspects like pauses and overlaps. As a user, you might find yourself having to speak in
fragments and waiting for the system to finish an inappropriate response before you can proceed, leading
to frustrating and inefficient interactions. This is not only counterproductive but also diminishes the
said benefits of conversational AI, which should ideally adapt to human interaction patterns rather than
the other way around. The findings of this thesis underline the necessity to reshape how we develop and
evaluate conversational Al systems. By emphasizing the integration of interactional features, we can
progress towards human-centered, explainable, and truly robust conversational technology.

5.1 Towards a Better WER

The results of this thesis demonstrate significant discrepancies between ASR-generated transcriptions
of conversational speech and those produced by humans. These disparities underscore the existing
limitations in current conversational systems, as they struggle to capture the intricate details of natural
interactions. The analysis further highlights the specific conversational elements that are frequently
overlooked or inaccurately transcribed by ASR systems, emphasizing the necessity for improvement in
this aspect. In this section, I build on the insights gained from the previous analyses, discuss how these
conversational elements can be adequately represented in ASR systems, and how they can be combined
in a single composite measure.

5.1.1 Representing what is said

Although it is well-known that Word Error Rate (WER) alone is not sufficient for evaluating conver-
sational speech recognition, it remains a valuable metric for assessing transcription accuracy, which is
a fundamental aspect of representing interaction. Rather than discarding WER entirely, I propose re-
taining it in the evaluation process to measure the fidelity of what is said in a conversation. By doing
so, we can continue to capture the accuracy of ASR transcriptions, while also complementing WER
with additional measures to address the broader complexities of conversational speech. This hybrid ap-
proach allows us to gain a more comprehensive understanding of ASR system performance in real-life
interactions, making strides towards more robust conversational Al technologies.

5.1.2 Representing who said what

In addition to measuring accuracy, it is also important to represent the participants involved and the
sequence of conversational turns. This entails identifying who said what during the interaction. To assess
the performance of an ASR system in this regard, the Conversational Diarization Error Rate (CDER)
emerges as a valuable evaluation metric |(Cheng et al.| (2022). The CDER not only considers the identi-
fication of speakers but also takes into account the short phrases frequently produced in conversational
exchanges. By incorporating the CDER into the evaluation metric, we can better assess the system’s
ability to recognize interlocutors and their contributions.

5.1.3 Representing conversational words

The findings of this thesis highlight the persistent challenge of ASR systems in accurately capturing
crucial conversational words across various languages. These conversational words, although significant
in managing the flow of conversation, are frequently missed by ASR systems. While identifying conver-
sational words for every language requires annotation efforts, we can leverage the characteristics of these
words to devise a practical operationalization.

To identify conversational words, we can focus on the fact that they occur with high frequency and
sometimes even form their own individual turns in the conversation. With this knowledge, a straightfor-
ward approach is to extract the top ten most frequent turns from the human transcriptions. These turns
are likely to contain the essential conversational words that contribute significantly to the meaning and
structure of the conversation.

To operationalize this identification process, we can compute the percentage overlap of the top ten
most frequent turns between the ASR-generated transcript and the human transcription. A higher
percentage overlap indicates that the ASR system is accurately capturing and transcribing these crucial
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conversational words. On the other hand, a lower percentage overlap would indicate that the ASR system
is missing or inaccurately transcribing important conversational elements.

By employing this operationalization method, we can effectively measure the ASR system’s perfor-
mance in recognizing conversational words and assess its ability to capture the key elements of con-
versation. This approach provides a practical and informative way to evaluate the representation of
conversational speech in ASR systems, leading to improvements in their performance and better align-
ment with human-level conversational interactions.

5.1.4 Representing speaker transitions

The findings from the analysis of ASR systems on conversational speech also reveal a notable discrepancy
in the representation of speaker transitions, which are vital components of the interactional infrastruc-
ture. ASR systems were found to reflect significantly fewer speaker transitions compared to the human
transcriptions, indicating a limitation in capturing the dynamic turn-taking patterns in conversational
interactions. To ensure that the evaluation of conversational speech recognition systems adequately
accounts for this, I propose to represent speaker transitions by calculating the percentage of speaker
transitions detected by the system relative to the human data. Incorporating this will provide a more
comprehensive assessment of the ASR system’s ability to handle the complexities of conversational turn-
taking and improve its overall performance in accurately representing the dynamics of spoken interaction.

5.1.5 Representing turn durations

In addition to inaccurately representing speaker transitions, ASR systems also fall short in capturing
another crucial aspect of conversational dynamics: the durations of conversational turns. As emphasized
previously, conversations predominantly involve swift and concise exchanges between participants. Yet,
the findings reveal that ASR systems tend to generate substantially longer turns in their transcriptions
compared to those produced by humans. This discrepancy arises due to the conventional training of ASR
systems, which often involves scripted and lengthy speech segments. As a result, the systems struggle to
adequately encapsulate the interactional structure.

To operationalize the accurate representation of turn durations, I propose to compare the average
length of turn durations of ASR and humans. A higher average turn length in the ASR output compared
to the human transcriptions would indicate that the ASR system tends to produce longer turns, which
might deviate from the natural patterns of conversational speech. Conversely, a lower average turn length
in the ASR output would suggest that the system is more successful in generating shorter turns, which
aligns better with the rapid exchanges typical of human conversations. While the average turn length
metric provides a simplified view of turn length distribution, it remains a valuable tool for evaluating
how well an ASR system captures the overall pace and rhythm of conversational interactions.

5.1.6 Representing overlap

Finally, another notable discrepancy seen is that ASR systems do not represent overlap at all. Overlaps,
as previously discussed, are essential in the interactional infrastructure and provide another dimension
of meaning. A simple operationalization of this ability is calculating the percentage of turns percentage
of turns occurring in overlap in ASR output, relative to same percentage in human. This can be done
by first identifying turns that are overlapped.

5.1.7 Putting it all together

To summarize, I advocate to supplement the prevalent ASR evaluation metric, the Word Error Rate
(WER), with an array of five additional measures tailored to address the vulnerabilities identified in
conversational speech recognition. My recommendation is to assign equal weights to these measures,
signifying the collective significance they hold in faithfully capturing spontaneous conversations. This
balanced approach is a reflection of the findings of this thesis — that each aspect was found to uniquely
contribute to the comprehensive and accurate representation of conversational speech. This composite
metric is designed to be a seminal framework for future refinements guided by evolving empirical evidence.
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The BWER (Better WER, pronounced as beaver) is defined as the following;:

BWER = (0.2-WER) + (0.2 - CDER) + (0.2- CW) + (0.2 - ST) 4 (0.2 - TD) + (0.2 - O)

where WER is Word Error Rate, CDER is Conversational Diarization Error Rate |Cheng et al.| (2022),
CW is measure of Conversational Words defined as:

N overlapping turns of the hypothesis and reference
10
ST is measure of Speaker Transitions defined as:

CW = 100

number speaker transitions in the hypothesis

ST = — - 100
number speaker transitions in the reference
TD is measure of Turn Durations defined as:
Tp - average turn duration in the hypothesis 100

average turn duration in the reference

and finally, O is measure of Overlap defined as:

0— overlapped turns in the hypothesis 100
~ overlapped turns in the reference

5.2 Limitations

While this research has shed light on the limitations and opportunities in representing interaction in
conversational speech recognition, it is important to acknowledge several limitations. Firstly, while the
study has laid the groundwork for measuring various aspects of interaction and proposing a composite
metric, the specific weights assigned to each element are preliminary placeholders at this stage. Further
research and experimentation are needed to fine-tune and validate the proposed weighting scheme to
ensure its effectiveness in capturing the nuances of conversational interactions accurately. Secondly,
the datasets used in this research indeed represent a diverse set of languages, however all of them are
considered high-resource. High-resource languages refer to languages for which a substantial amount of
linguistic resources are available. The actual users of these technologies include communities that use
underrepresented languages, and including these in the analysis may introduce additional challenges not
identified in this research. Furthermore, while the proposal towards a better Word Error Rate (WER)
offers promising avenues for enhancing the evaluation of conversational speech recognition systems, it
is essential to acknowledge and address the remaining limitations of the WER metric. One notable
limitation is the challenge of normalization. Normalization refers to the process of converting the ASR
output and the human transcription into a standardized form to facilitate accurate comparison and
evaluation. This poses as a complex task for conversations, as conversational words and other expressions
characteristic of spontaneous speech can be transcribed in different ways (i.e. “um” vs “uhm”).

6 Conclusion

In this thesis, I have embarked on a comprehensive exploration of the challenges and opportunities in
representing conversational speech using automatic speech recognition (ASR) systems. By examining
the differences between human and ASR-generated transcriptions, I have highlighted the limitations of
current technology in comprehensively capturing the interactional infrastructure and resources present in
conversations. The findings underscore the need for a paradigm shift in the evaluation of conversational
ASR systems, going beyond the traditional Word Error Rate (WER) to incorporate additional measures
that address the identified weak spots. I propose the BWER, a composite measure that represents certain
relevant measures of interaction — namely conversational words, turn durations, speaker transitions, and
overlap.

Additionally, the different analyses conducted has shed light on the specific challenges faced by ASR
systems across different languages, highlighting the importance of employing an approach informed by
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linguistic diversity in improving speech technology. Overall, this thesis contributes to advancing the
field of conversational AI by offering a comprehensive evaluation framework and highlighting the need
for further research and development in this domain. It is my hope that this work will catalyze future
studies that continue to push the boundaries of conversational speech recognition and ultimately lead
to more natural, accurate, and inclusive interactions between humans and machines. As we strive for
conversational Al that reflects the richness and complexity of human interactions as well as developments
grounded in theory, this thesis serves as a stepping stone towards realizing that goal.
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