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Abstract

This paper explores the potential of automatic speech recognition and text-to-speech technologies in
the field of marketing. From the fictional world of Knight Rider's KITT to the reality of Amazon
Alexa, these technologies have come a long way and now offer companies new opportunities to create
value on a large scale. Therefore, this paper provides a comprehensive overview of the evolution,
challenges, and practical applications of automatic speech recognition and text-to-speech technologies
in marketing, making it a valuable resource for marketers looking to further understand the operations
of these technologies, and how to leverage them to enhance consumer experience and engagement.
Finally, an appendix provides a compilation of relevant tools and resources to aid interested readers in
furthering their understanding and implementation of these cutting-edge technologies.
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Speech is the most natural form of communication in human interaction, being the primary
way by which people communicate their ideas and emotions, and essential for social interaction.

With the generalization of the first computational systems, more than fifty years ago, people
started to envision computers that could easily hold a conversation. A clear example of that can be
seen in the 1982 TV series Knight Rider, where an artificially intelligent car, named KITT, is capable
of humanlike conversation.

Despite that, such examples were limited to fiction, as text was the only means of interacting
with computers and it is still the prevailing means to interact with them. Nevertheless, the desire to
achieve such a goal never vanished, and researchers focused on investigating how to give ears and
mouths to computers. The results of these investigations brought continuous advances in automatic
speech recognition (ASR), which allows the conversion of speech into text, and text-to-speech (TTS),
which enables the opposite, i.e., the conversion of text to speech.

These technologies are still far from matching human performance. Nevertheless, they are
already being successfully used in numerous applications. A recent example of such applications are
voice assistants like Amazon Alexa or Google Assistant, which are software agents that can interpret
human speech and respond via synthesized voices. By allowing users to control devices and access
information hands-free, voice assistants bring the fictional concept of KITT a step closer to reality.
With consumers readily adopting these technologies and already making purchases with them, it's
clear that voice assistants are changing the way we interact with technology, and brands should

leverage such technologies (Capgemini Digital Transformation Institute, 2018).



Thus, ASR and TTS provide a new paradigm to interact with computers and other devices. In
addition, they open the window to interact with consumers in fully automated ways and to better
understand them. In the consumer service domain, for example, ASR can be used to automatically
transcribe consumer calls, which can then be analyzed to extract information that can be used to
improve the service. Likewise, TTS can be used to generate automated responses to consumers,
reducing the need for human operators.

For this reason, in this paper, we present a marketing-focused examination of the
advancements, promises, and challenges of ASR and TTS technologies. By providing a fundamental
understanding of the operations of these technologies, we aim to provide marketers with a deeper
understanding of how to effectively leverage ASR and TTS to improve consumer experience and
engagement. For readers looking to dive deeper, an appendix has been included that provides links to

relevant tools and readings.

1. Automatic speech recognition

ASR, also known as speech-to-text, is the process of converting spoken language into text.
Despite this task may seem trivial to humans, it is nonetheless a very challenging task for computers.
This is because humans can effortlessly recognize and interpret speech, while computers must analyze
speech waveforms to identify the units of sound that make up the utterance. This process is
complicated by the fact that there can be a great deal of variation in the way that people produce
speech sounds (Benzeghiba et al., 2007). For example, the same word can be pronounced differently
by different people, or even by the same person at different times. This variability makes it difficult

for computers to accurately identify the sounds that makeup speech.



1.1. The early stages of automatic speech recognition

The first automatic speech recognition system was developed in 1952 by a team of researchers
at Bell Laboratories (Davis et al., 1952). This system was only able to recognize digits from zero to
nine. Despite that, it was a breakthrough at the time and paved the way for further research in this area.
During the following years, several other systems appeared mostly for isolated word recognition (e.g.,
Denes & Mathews, 1960; King & Tunis, 1966; Martin, Nelson, & Zadell, 1964; VVonusa, Jacobs, &
Beek, 1970).

Most of these early systems were based on simplistic template-matching approaches, where each
spoken utterance was compared to a set of stored templates. If the match was close enough, the system
would output the corresponding word. These models proved to be too simplistic, working well for
isolated word recognition but not being very effective for continuous speech recognition
(O’Shaughnessy, 2008). As early as 1966, forward-thinking entities recognized the potential of ASR
to enhance consumer experiences. One notable example is the Informedia Digital Video Library
Project of Carnegie Mellon University, which planned the use of ASR to facilitate video searches (de

Silva & McKnight, 1966).

1.2. Development of more sophisticated approaches using hidden Markov models

With the advent of more powerful computers in the 1970s, researchers began to explore more
sophisticated approaches to ASR. One of the most promising approaches was based on Hidden
Markov Models (HMMs) (L. Rabiner & Juang, 1986), which proved to be much more successful at
recognizing continuous speech (Juang & Rabiner, 1991). Due to these improvements, some authors
already discussed the feasibility of ASR in serving consumers (e.g., Flanagan, 1976; Holmgren, 1983;
Wattenbarger et al., 1993).

A HMM is a statistical model that can be used to predict the probability of a sequence of
hidden states, which are dependent on each other (Eddy, 2004). They are hidden in the sense that they
are not directly observable, instead, we can observe some variables which are related to them and by

using these observed variables, we can predict the sequence of hidden states.



The usage of HMMs in ASR is based on the idea that speech can be understood as a sequence
of hidden states, i.e., the phonemes in the spoken utterance, which can be inferred from observed
variables, i.e., the acoustic features of the speech signal (L. R. Rabiner, 1989; Waibel & Lee, 1990).

There are several different approaches to HMM-based speech recognition, but the basic
architecture of an HMM-based speech recognition system consists of two main steps: (1) feature
extraction and (2) decoding (Gales et al., 2008). The former is the process of extracting salient feature
vectors from the audio signal, proving a more compact representation of it, while the latter is the
process of finding the sequence of words most likely to have generated the salient feature vectors

extracted in the previous step.

1.3. The dominance of neural networks

HMM-based ASR systems are still in use today. However, because they make some
suboptimal modeling assumptions, they are partially accurate (Tebelskis, 1995). To overcome this
limitation, researchers started combining Artificial Neural Networks (ANNs) with HMMs (Trentin &
Gori, 2003), as ANNs avoid many of these suboptimal assumptions (Tebelskis, 1995) and can model
non-linear functions in a more efficient manner (Nassif et al., 2019).

Nowadays, with the increased availability of computing power and training data, deep neural
networks (DNNs) combined with HMMs have become the state of the art in speech recognition (Yu &
Deng, 2016). DNNs are ANNSs with different levels of non-linear operations (Nassif et al., 2019),
allowing to model more complex functions.

Most of the main ASR technologies nowadays use DNN architectures, such as Google,

Amazon, Microsoft, or IBM ASR systems.



1.4. The importance of automatic speech recognition

As increasing amounts of spoken content started becoming available, ASR systems gained
additional importance, primarily due to the difficulty and inefficiency of accessing and reviewing
speech documents (Eskevich & Jones, 2014). That is why voice assistants use ASR to respond to and
answer queries (Arya et al., 2020). Castbox (Google Cloud, 2019) is an example of a company that has
improved consumer experience by leveraging ASR to allow for more efficient and accurate searches
within vast podcast libraries.

However, these systems do not only allow efficient retrieval, review, and reuse of speech
documents, but they also allow knowledge extraction from speech (Furui et al., 2004). And this is not
only applicable to speech documents but also videos, as we can extract audio from them (Radha,
2016). Because of all these reasons, ASR systems have a wide range of potential applications in
marketing and consumer research, which are described below and summarized in Table 1.

ASR systems can be used to automatically transcribe video and audio data related to users and
consumers. These transcripts can be coupled with Natural Language Processing (NLP), such as topic
modeling or sentiment analysis, or other techniques to extract knowledge from them, e.g., consumer
satisfaction, identifying the main topics consumers usually talk about or identifying consumer pain
points and areas for improvement.

For instance, in consumer service calls, these transcripts can be used to automate quality
monitoring (Zweig et al., 2006), and identify consumer satisfaction (Gavalda & Schlueter, 2010).
Intuit (AWS, 2020b), KPMG (Microsoft, 2020b), and HSBC (Google Cloud, 2020) are examples of
companies that analyze these ASR transcripts using NLP technigues to extract information about their
consumer calls experience, automatically detect areas that require special attention, and highlight
opportunities to improve their quality and experience.

In addition, ASR can be used to automatically analyze social media content, such as YouTube
or TikTok videos, related to a brand or a product to better understand how consumers perceive and
talk about that brand or product (Kaushik et al., 2013; Z. Wang et al., 2022), as well as to monitor

brand usage (Damiano & Inguanez, 2019).



Table 1. Summary of main applications of ASR in Marketing

Application Examples

Efficient retrieval, review, and reuse of | Castbox (Google Cloud, 2019)

speech documents

Quality monitoring & satisfaction in (Gavalda & Schlueter, 2010; Zweig et
consumer service calls al., 2006)

Detection of critical areas and Intuit (AWS, 2020b), KPMG
improvement opportunities on (Microsoft, 2020b), and HSBC (Google
consumer calls Cloud, 2020)

Brand/Product sentiment and usage on | (Damiano & Inguanez, 2019; Kaushik

social media etal.,, 2013; Z. Wang et al., 2022)

2. Text-to-Speech

In contrast to ASR, TTS is the process of converting text to synthetic speech, intending to
produce intelligible and natural-sounding speech (Dutoit, 1997). The main initial application of TTS
systems was reading aids for the blind and visually impaired (Lerner, 1982). However, as the
technology has progressed, TTS systems have found a wide range of other applications including, but

not limited to, speech-enabled devices, virtual assistants, and automated consumer service systems.



2.1. Concatenative synthesis

At first glance, one may intuitively think that TTS could be achieved by storing natural
waveforms for each word in a specific language and concatenating them according to the provided
text, thus converting them into speech (Klatt, 1987). This basic idea is the foundation for
concatenative synthesis, a method that converts text to speech by concatenating prerecorded natural
speech samples. The first major study of concatenative speech was published in 1953 by Cyril Harris
(Harris, 1953), in which he discussed how segments of speech could be recorded in magnetic tape,
which could then be joined together to form words and, consequently speech. Harris's study laid the
groundwork for later researchers to build upon, and concatenative synthesis became the dominant way
to synthesize speech (Taylor, 2009). Furthermore, early on these systems were recognized for their
potential to revolutionize multimedia products such as video games (Lerner, 1982) and movies (Best,

1980), taking the consumer experience to new heights by adding dynamic speech elements.

2.2. From memorizing to learning

Concatenative synthesis is a form of data-driven TTS, in the sense that the synthesis is done
by using prerecorded segments of speech. This can be understood as a form of memorization, as these
segments are, in fact, directly reused to generate words or phrases (Taylor, 2009). However,
memorizing the data reduces the flexibility we can achieve with such a system. For instance, we can’t
easily convert the original voice into a different one or change the way different words are said (e.g.,
with different emphasis or intonation).

Another approach would be to use statistical models to learn from data and extract common
patterns that makeup speech. This is achieved by systematically analyzing large amounts of labeled
speech data to identify the underlying patterns and regularities in the data and, thus, learning the
mapping between words and phonemes. This knowledge is then used to generate new, synthetic

speech.



Not only does this enable the model to produce the correct speech sounds given a set of
written words, but it also allows the model to produce the desired prosody given the context by
learning how different features such as intonation, stress, and rhythm are used in a particular sentence
to, for example, convey emotionality or ask questions. Prior research has demonstrated that different
vocal features greatly influence the listener's perception of the speaker's traits and emotions
(Hildebrand et al., 2020; Niculescu et al., 2013), ultimately impacting consumer cognitive responses
(Chattopadhyay et al., 2003) and enabling the creation of compelling consumer connections
(Sotolongo & Copulsky, 2018).

Therefore, statistical models enable higher flexibility by being able to generate novel
utterances, i.e., utterances for which we do not have natural recordings, generate different intonations,
or even completely modify the output voice (Taylor, 2009).

Despite all these benefits, generalizing from the limited set of contexts seen in the training
data to the almost unlimited number of unseen contexts that will be encountered when synthesizing
novel data is not an easy task (S. King, 2011), as this requires a big enough training data set with
multiple variations (e.g., in terms of speaker, message, intonation, emotion, context, etc.), which has

typically been very difficult and costly to record (Black, 2003).

2.2.1 Hidden Markov Models

As previously seen, HMMs proved to be a successful method of recognizing speech, being
extensively used for ASR. A similar approach was developed by Falaschi (Falaschi et al., 1989) to
synthesize speech from HMMs, and in just a few years, HMM-based systems were largely used for
TTS (Kayte et al., 2015; Tokuda et al., 2000).

In TTS, HMMs are used to generate a sequence of acoustic features, such as the pitch,
duration, and spectral parameters (T6th & Németh, 2010). These parameters together with the
phonetic transcription of the text form the output speech signal. Moreover, these parameters can be
transformed by using several techniques such as multiple regression, or interpolation to change the

voice characteristics, the speaking style, or the intonation of the voice (Zen et al., 2007).



2.2.2 Neural Networks

While HMM-based techniques began to be used for TTS, several researchers also considered
using ANN-based techniques for TTS (Karaali et al., 1996; Riedi, 1995; Weijters & Thole, 1993;
Xiang & Bi, 1990). However, these early ANN-based techniques did not prove especially successful
against HMM-based techniques, which became predominant in TTS (Wu et al., 2016). Recently,
following the trend in ASR this has changed, thanks to increased computational power and data
availability that have made it possible to train more complex neural networks, i.e., DNNs (Wu et al.,
2016). Prior studies support that synthesized speech with DNN-based techniques sounds more natural
than HMM-based techniques (e.g., Koriyama & Kobayashi, 2015; Wu et al., 2016; Ze et al., 2013; Zen
& Senior, 2014). Furthermore, they provide high adaptability and controllability, as the synthesized
voice can be transformed by, for example, using feature space transformations, or augmenting
speaker-specific features as input (Wu et al., 2015). Most of the main TTS systems are powered by

DNN, such as Google, Amazon, or Microsoft TTS systems.

2.2.3 The importance of Text-to-Speech

The ability to automatically generate speech from text provides significant applications in several
fields. For instance, it can be used for disability inclusion, providing a means for blind or low-vision
people to receive information presented in text form. It can also be used for language learning,
providing a way for language learners to hear how native speakers pronounce words and phrases. Or,
as previously said, it provides the means to give a voice to Al-powered voice assistants, enabling them
to interact with humans via speech. For instance, Swisscom (Microsoft, 2021) and the BBC
(Microsoft, 2020a) have built voice assistants systems to create more engaging consumer experiences.
For interested readers, section 3 of the appendix provides a short section on how ASR and TTS
systems are leveraged to create conversational interfaces.

Moreover, when paired with ASR techniques, it provides the capability to automate services
that require human interaction, such as consumer service or technical support. Several companies such
as GE Appliances, Best Western International, and National Australia Bank have implemented TTS
technologies to automate several simple tasks in consumer calls, enhancing the overall consumer

experience (AWS, 2020a).



This has many consequences for businesses, as it allows them to reduce costs and provide
higher interaction with their consumers. For example, such systems can improve consumer service
experience (Fglstad & Skjuve, 2019; L. Wang et al., 2020), and consumer engagement (Malodia et al.,
2021; Moriuchi, 2019).

Furthermore, several media and publishing companies, such as The Washington Post, USA
Today, and ProQuest have integrated TTS systems to automatically convert text content into audio
(AWS, 2020a). Some media companies, such as CBSi, the South Korean subsidiary of CBS, have
even allowed advertisers to create ads using TTS, reducing the costs to create advertisements, and
allowing them to easily modify the generated voice (AWS, 2020a).

In addition, the great flexibility provided by TTS systems in changing voice parameters allows
businesses to leverage them to, for example, create more persuasive (Zoghaib, 2019), or trustworthy

(Elkins & Derrick, 2013) voices.

Table 2. Summary of main applications of TTS in Marketing

Application

Examples

Al-powered voice assistants

Swisscom (Microsoft, 2021) and BBC

(Microsoft, 2020a)

Automating services that require human

interaction

GE Appliances, Best Western
International, National Australia Bank

(AWS, 2020a)

Creation of advertisements

CBSi (AWS, 2020a)

Automatically converting written media
products (news, books, etc.) into audio

content

The Washington Post, ProQuest, USA

Today (AWS, 2020a)

Create custom voices to change
perceived traits, such as persuasiveness

or trustworthiness

(Elkins & Derrick, 2013; Zoghaib,

2019)
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3 Conclusion

Speech is the primary means of human communication and interaction. Despite this, text was the
only means of interacting with computers until recently. With the advancements in ASR and TTS
technologies, the ability to recognize and respond to speech has become a reality.

By enabling computers to recognize and respond to speech, these technologies are opening up
new avenues for human-computer interaction, such as voice assistants, and offer vast potential for
improving consumer experience and engagement.

In this paper, we offer a comprehensive introduction to the capabilities and limitations of ASR
and TTS technologies, how they complement each other, and how they can be leveraged to improve
customer experience and interaction.

For instance, ASR can be used to efficiently retrieve audio and video content, as well as to
analyze what’s being said and detect potential focus points. TTS can be used to automatically convert
text news and media into audio, making this content suitable for a wider audience at a very low cost.
And to create personalized voices that are perceived in a specific way.

ASR and TTS can be combined to, for instance, automate simple tasks in consumer calls,
reducing costs and improving customer experience. In addition, with NLP advancements, such as large
language models (e.g., GPT), these technologies can be paired to generate conversational interfaces
that are more human-like.

All these applications can provide numerous benefits for businesses, such as reducing the need
for manual data entry, improving customer service through voice-activated customer service systems,
and tracking brand usage.

Overall, ASR and TTS technologies are rapidly changing the landscape of human-computer
interaction, and the potential for their use in marketing is enormous. By providing marketers with a
comprehensive understanding of these technologies, this paper serves as a valuable resource for
marketers looking to leverage these cutting-edge technologies to improve customer experience and
engagement. With the continued advancements in these technologies, the future of human-computer

interaction is an exciting and promising one.
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Online Supplement

This online supplement lists a series of resources that may be useful for researchers interested

in learning more about Automatic Speech Recognition (ASR) and Text-to-Speech (TTS).

Lastly, it briefly explains how ASR and TTS can be combined to create voice bots.

1. Text-to-Speech

1.1 Text-to-Speech Theory

Taylor, P. (2009). Text-to-speech synthesis. Cambridge university press.

Dutoit, T. (1997). An introduction to text-to-speech synthesis (Vol. 3). Springer Science &
Business Media.

1.2 Main Text-to-Speech APIs

e Google: Text-to-Speech: Lifelike Speech Synthesis | Google Cloud

e IBM: IBM Watson Text to Speech | IBM

e Amazon: Text to Speech Software — Amazon Polly — Amazon Web Services

® Microsoft: Text to Speech — Realistic AI Voice Generator | Microsoft Azure

Each of these APIs provides comprehensive information and tutorials on how to use them.
1.3 Text-to-Speech Courses

e |t Speaks! Create Synthetic Speech Using Text-to-Speech

Course offered by Google, which showcases how to use their TTS API

https://www.coursera.org/projects/googlecloud-it-speaks-create-synthetic-speech-us-

ing-text-to-speech-7wx56

e Recognize and synthesize speech

Course offered by Microsoft, which showcases how to use speech synthesis and speech
recognition using the Microsoft APIs:

https://learn.microsoft.com/en-us/training/modules/recognize-synthesize-speech/



https://cloud.google.com/text-to-speech
https://www.ibm.com/cloud/watson-text-to-speech
https://aws.amazon.com/polly/
https://azure.microsoft.com/en-us/products/cognitive-services/text-to-speech/
https://www.coursera.org/projects/googlecloud-it-speaks-create-synthetic-speech-using-text-to-speech-7wx56
https://www.coursera.org/projects/googlecloud-it-speaks-create-synthetic-speech-using-text-to-speech-7wx56
https://learn.microsoft.com/en-us/training/modules/recognize-synthesize-speech/

e \Watson Speech to Text Service V2

Course offered by IBM, which showcases how to use their TTS API:

https://www.ibm.com/training/badge/watson-speech-to-text

e Build a Serverless Text-to-Speech Application with Amazon Polly

Course offered by Amazon, which showcases how to use their TTS API:

https://explore.skillbuilder.aws/learn/course/external/view/elearning/1094/build-a-serv-

erless-text-to-speech-application-with-amazon-polly

2. Automatic Speech Recognition Theory

2.1 Automatic Speech Recognition Theory

Kamath, U, Liu, J., & Whitaker, J. (2019). Deep learning for NLP and speech recogni-
tion (Vol. 84). Cham, Switzerland: Springer.

Yu, D., & Deng, L. (2016). Automatic speech recognition (Vol. 1). Berlin: Springer.

Juang, B. H., & Rabiner, L. R. (2005). Automatic speech recognition—a brief history of the
technology development. Georgia Institute of Technology. Atlanta Rutgers University and
the University of California. Santa Barbara, 1, 67.

2.2 Main Automatic Speech Recognition APIs

e Google: Speech-to-Text: Automatic Speech Recognition | Google Cloud

e [BM: IBM Watson Speech to Text | IBM

® Amazon: Amazon Transcribe — Speech to Text - AWS

® Microsoft: Speech to Text — Audio to Text Translation | Microsoft Azure

Each of these APIs provides comprehensive information and tutorials on how to use them.
2.3 Automatic Speech Recognition Courses

e Build automated speech systems with Azure Cognitive Services

Course offered by Microsoft, which showcases how to use Microsoft Automatic

Speech Recognition API.


https://www.ibm.com/training/badge/watson-speech-to-text
https://explore.skillbuilder.aws/learn/course/external/view/elearning/1094/build-a-serverless-text-to-speech-application-with-amazon-polly
https://explore.skillbuilder.aws/learn/course/external/view/elearning/1094/build-a-serverless-text-to-speech-application-with-amazon-polly
https://cloud.google.com/speech-to-text
https://www.ibm.com/cloud/watson-speech-to-text
https://aws.amazon.com/transcribe/
https://azure.microsoft.com/en-us/products/cognitive-services/speech-to-text/

https://www.coursera.org/projects/build-automated-speech-systems-with-azure-cognitive-ser-

vices

e Introduction to Amazon Transcribe

Course offered by Amazon, which showcases how to use Amazon Automatic Speech
Recognition API.

https://explore.skillbuilder.aws/learn/course/external/view/elearning/224/introduction-

to-amazon-transcribe

e Speech to Text Transcription with the Cloud Speech API

Course offered by Amazon, which showcases how to use Google Automatic Speech
Recognition API.

https://www.coursera.org/projects/googlecloud-speech-to-text-transcription-with-the-

cloud-speech-api-vwhbe

e Getting started with Speech to Text

Short documentation explaining how to use IBM Automatic Speech Recognition API.

https://cloud.ibm.com/docs/speech-to-text?topic=speech-to-text-gettingStarted

3. Integrating ASR and TTS to generate voice bots

Most voice bots typically consist of five key components: a recording device, a speaker, an
ASR system, a TTS system, and a dialogue system. The recording device and speaker function
as the input and output devices, respectively. The ASR system translates the user's speech into
text, while the TTS system converts the bot's response into spoken language. The dialogue
system acts as the bot's "brain™, processing and interpreting the user's input and generating an
appropriate response.

When a user asks a question to a voice bot, the recording device captures the user's speech
and sends it to the ASR system, which transcribes it into text. The text is then sent to the dia-

logue system, which processes and interprets it to determine the appropriate response. Once


https://www.coursera.org/projects/build-automated-speech-systems-with-azure-cognitive-services
https://www.coursera.org/projects/build-automated-speech-systems-with-azure-cognitive-services
https://explore.skillbuilder.aws/learn/course/external/view/elearning/224/introduction-to-amazon-transcribe
https://explore.skillbuilder.aws/learn/course/external/view/elearning/224/introduction-to-amazon-transcribe
https://www.coursera.org/projects/googlecloud-speech-to-text-transcription-with-the-cloud-speech-api-vwhbe
https://www.coursera.org/projects/googlecloud-speech-to-text-transcription-with-the-cloud-speech-api-vwhbe
https://cloud.ibm.com/docs/speech-to-text?topic=speech-to-text-gettingStarted

the response is generated, it is sent to the TTS system, which converts it into spoken language
that is played through the speaker to the user. This entire process happens in a matter of sec-
onds, allowing for a seamless conversation between the user and the voice bot. Figure 1 visu-
ally depicts this process.

For readers interested in further details about this process or on what types of dialogue sys-
tems exist and how they work, we recommend Conversational Al: Dialogue Systems, Conver-
sational Agents, and Chatbots by Michael McTear (Ulster University),

d0i:10.2200/S01060ED1V01Y202010HLT048.

Fig. 1 Schematic and simplified representation of how a voice bot operate
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