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Abstract

Despite the advancements of Automatic Speech Recognition technologies in
healthcare settings, the systems face difficulties in accurately recognizing domain-
specific, medical terminology. This challenge is particularly important in the
German-speaking medical domain, where transcription quality is comparatively
poorer than in general domains. There has been extensive research on creating
multilingual [ASR] datasets to refine [ASR] technologies. However, the German
medical sector, especially with Austrian Standard German pronunciation, remains
significantly underrepresented. Previous studies have broadly explored domain
adaptation to transfer knowledge to the German domain, but not specifically for
the medical sector or for Austrian Standard German pronunciation. In this thesis,
we address these gaps and challenges by applying domain adaptation and finetuning
approaches on Whisper models, [SOTA] transformer-based [ASR] models, proposed
by OpenAl. Initially, we conduct a benchmarking project to evaluate the baseline
performance of the original Whisper models to provide a clear reference point
for subsequent improvements. For this, we create our own custom dataset,
MedASR-DE-AT, containing 11.5 hours of German medical speech, specifically
with Austrian Standard German pronunciation, accompanied by transcription data.
Furthermore, we build an additional dataset solely for testing, Med ASR-DE-test,
containing Standard German pronunciation to explore the impact of dialectal
variations on model performance. We finetune the Whisper models using the
MedASR-DE-AT dataset to enhance transcription quality. Through this process,
we achieve a substantial improvement, reducing the Word Error Rate for
the Whisper-medium model by 14.52%. Additionally, we perform error annotation
on the original and finetuned Whisper models and present a thorough error analysis.
This work contributes to the enhancement of [ASR] technology’s accuracy and
applicability in the medical domain, especially in the German-speaking sector.






Zusammenfassung

Trotz der weit verbreiteten Nutzung von Systemen zur automatischen Sprach-
erkennung im Gesundheitswesen bleibt die automatische Transkription von
domaénenspezifischen medizinischen Texten eine erhebliche Herausforderung. Diese
Herausforderung ist besonders im deutschsprachigen medizinischen Bereich aus-
gepragt, wo die Transkriptionsqualitat schlechter ist als in allgemeinen Bereichen.
Umfangreiche Forschungsarbeiten zur Erstellung mehrsprachiger [ASR}Datensétze
haben bereits zur Verfeinerung von [ASR} Technologien beigetragen. Der deutsche
medizinische Bereich, insbesondere mit Osterreichischer Standardaussprache, ist
jedoch weiterhin deutlich unterreprasentiert. Frithere Studien konzentrierten sich
auf die Doménenanpassung zur Ubertragung von Wissen auf die deutsche Doméne
im Allgemeinen, jedoch nicht speziell fiir den medizinischen Sektor oder die Gster-
reichische Standardaussprache. Diese Arbeit adressiert die genannten Liicken und
Herausforderungen durch die Implementierung von Doméanenanpassungs- und Fein-
abstimmungsstrategien auf den Whisper-Modellen von OpenAl, welche zu den
modernsten Transformer-basierten [ASRFModellen zihlen. Zunachst fiihren wir ein
Benchmarking-Projekt durch, um die Ausgangsleistung der urspriinglichen Whisper-
Modelle zu bewerten und einen klaren Bezugspunkt fiir spatere Verbesserungen zu
schaffen. Zu diesem Zweck erstellen wir einen eigenen [ASR}Datensatz, Med ASR-
DE-AT, der 11,5 Stunden deutscher medizinischer Sprache enthélt, insbesondere mit
osterreichischer Standardaussprache, begleitet von Transkriptionsdaten. Dartiber
hinaus erstellen wir einen zusétzlichen Datensatz, MedASR-DE-test, ausschlielich
zu Testzwecken, der die standarddeutsche Aussprache enthélt, um die Auswirkun-
gen dialektaler Unterschiede auf die Modellleistung zu untersuchen. Wir trainieren
die Whisper-Modelle anhand des MedASR-DE-AT-Datensatzes und fithren Ex-
perimente zur Feinabstimmung durch, um die Transkriptionsqualitat weiter zu
verbessern. Durch diesen Prozess konnen wir die Wortfehlerrate des
Whisper-Medium-Modells um 14.52% senken. Auflerdem fithren wir eine Fehleran-
notation fiir das urspriingliche und das feinabgestimmte Whisper-Modell durch und
prasentieren eine umfassende Fehleranalyse. Somit tragt diese Arbeit zur Verbesser-
ung der Genauigkeit und Anwendbarkeit von ASR-Technologien im medizinischen
Bereich bei, insbesondere im deutschsprachigen Raum.






Contents

(List of Tables| 13
[List of Figures| 15
1__Introduction| 1
(1.1 Challenges in Automatic Speech Recognition| . . . . . . . .. . . .. 3
(1.2 Medical Automatic Speech Recognition| . . . . . . . .. .. ... .. 4
(1.2.1 Challenges in Medical Automatic Speech Recognition| . . . . 4

(1.3 German Medical Automatic Speech Recognition| . . . . . . . . . .. 6
(1.3.1 German Medical Terminologyl . . . . . . .. ... ... ... 7

(3.2 Austrian Standard German Pronounciationl. . . . . . . . . . 8

(1.4 Research Questions| . . . . . . . . ... .. ... ... ... 10
(1.5 Objectives and Contributions| . . . . . . . . ... . ... ... ... 10
Background| 13
[2.1 Transfer Learning| . . . . . . . . . . ... ... 0L 13
[2.2  Domain Adaptation|. . . . . . . . . . .. ... 15
[2.2.1 Domain adaptation in the context ot Natural Language Pro- |

cessing and Automatic Speech Recognition| . . . . . . . . .. 15

[2.2.2  Domain Adaptation in the Context of Automatic Speech |
Recognition| . . . . . ... ... 17

[2.3  T'ypes of Domain Adaptation in Natural Language Processingl . . . 18
[2.3.1 Model- and Data-Centric Domain Adaptation| . . . . . . . . 19

[2.3.2  Availability of Classes in Target Domain| . . . . . . . . . .. 20

2.4 Overview of Architectures used for DAl . . . . ... ... .. .. .. 21
AT BERT] . . . . . o 21

42 wavZvec 2.0 . . . . . .. 22

2.4.3 Whisper| . . . . . ... 23

[2.5  Finetuning Methods| . . . . . . .. ... ... o000 25
[2.0.1 Hyperparameters . . . . . .. . ... .. ... ... .. ... 25

[2.5.2 Challenges| . . . . . .. ... .. oo 26

B3 _PEFT] . . . oo 27

204 Adaloral . . . . ... 27




Contents

3_Related Workl

[3.1 Domain Adaptation in the context of Senior Citizen German| . . . .
[3.2  Domain Adaptation in the context of Child Speech] . . . . . . . ..
[3.3  German Automatic Speech Recognition Datasets] . . . . . . . . ..

[4_Datasets|

[4.2  Dictation Settingl . . . . . . . . ...
[4.3  Data Preparation| . . . . . . . . ... ..o
[4.4  Statistical Analysis of Training Data] . . . .. . ... ... ... ..
Illsli ]]2!!;!:&5:! :‘2!1!1(:! ll[g:l ----------------------------

[6_Baselinel

[>.1  OpenAl’'s Whisper Model| . . . .. .. ... ... ... ... ...
B.1.1  Selection Considerations . . . . . ... ... ... ... ...

[6

Experiments|

[6.1 Benchmark of Original Whisper Models|. . . . . .. ... ... ...
[6.2  Domain Adpatation: Finetuning kExperiments . . . . . .. ... ..
[6.2.1  Finetuning Whisper-medium|. . . . . . . ... ... ... ..
[6.2.2  Impact of Training Data Volume on Model Performancel . .
[6.2.3  Finetuning Whisper-large-v3|. . . . . .. ... ... ... ..
6.3 Error Annotation] . . . . . . . ...

[C_Resultsl

[7.1 Benchmarking Original Whisper Model . . . . . .. ... ... ...
(7.2 Finetuning Results| . . . . .. ... ... ... ... 0.
[7.2.1  Finetuning Whisper-medium|. . . . . . . .. ... ... ...
[7.2.2  Impact of Training Data Volume on Model Performancel . .
[7.2.3  Finetuning Whisper-large-v3|. . . . . . . .. ... ... ...
(7.3 Error Analysis|. . . . . . . ..o

B ohl

0 Timiiations

10

29
29
31
33

35
35
35
36
36
39
39
40
40
41

43
43
46
46

49
49
o1
51
52
23
o4

57
o7
58
29
63
66
72

81

83



(Bibliography|

Contents

85
85

89

11






List of Tables

(1 Example of medical data transcriptions.| . . . . .. ... ... ... 40
[2 Training Settings of Finetuning Whisper-medium| . . . . . . . . .. 52
[3 Training Settings of Finetuning Whisper-medium with different |

Amounts of Iraining Hours| . . . . . ... ... ... ... ... ... 53
[4 Adalora Training Configuration|. . . . . . . . . .. ... ... ... 54
5  WER Results (%) | of original Whisper models (with normalization) 57
6  WER Results (%) | of original Whisper models (without normalization)| 58
7  WER Results (%) | for fine-tuned Whisper models| . . . . . .. .. 71

13






List of Figures

(1 Difterence between Traditional ML Processes and Domain Adapta- |
| tion. Adapted from (Pan and Yang, 2010).[ . . . . .. ... ... .. 16
[2 Distribution of Sentence Length of Training Data] . . . . . .. . .. 37
[3 Most Common Words in Training Data . . . . . .. ... ... ... 38
[4 Most Common Bigrams in [raining Dataf . . . . . .. .. ... ... 38
(> Distribution of Audio Lengths in [raining Datal . . . . . . .. . .. 39
[6  Overview of the Whisper Model. Figure by Radford et al|(2023)|. . 44
7 Word Error Rate Explanation| . . . . . ... ... .. .. ... ... 50
(8 Whisper-medium Finetuning: Evaluation Steps . . . . . . .. . .. 59
[9 Whisper-medium Finetuning: [raining Loss| . . . . ... ... ... 60
(10 Whisper-medium Finetuning: Validation Loss| . . . . . . .. . ... 61
(11 WER (%) | improvements for Finetuned Whisper-medium (without |
| normalization) on test set of MedASR-DE-AT| . . . . .. ... ... 61
12 WER (%) | improvements for Finetuned Whisper-medium (without |
| normalization) on MedASR-DE-test|{. . . . . . ... ... ... ... 62
13 WER (%) ] improvements for Finetuned Whisper-medium (with |
| normalization) on test set of MedASR-DE-AT| . . . ... ... ... 62
14 WER (%) | improvements for Finetuned Whisper-medium (with |
| normalization) on MedASR-DE-test|. . . . . ... ... ... ... . 63
(15 Impact on Training Data Volume on Performance of Whisper- |
[ mediumon MedASR-DE-ATI. . ... ... ... ... ..... ... 64
[16 Impact on Training Data Volume on Pertormance of Whisper- |
| medium on MedASR-DE-testl . . .. ... ... ... .. ... ... 65
(17 Whisper-large-v3 Finetuning: Evaluation Steps . . . . . ... ... 67
(18  Whisper-large-v3 Finetuned: Training Loss[. . . . . . . . ... ... 68
(19  Whisper-large-v3 Finetuned: Validation Loss/ . . . . . . . . ... .. 68
20 WER (%) | improvements for Finetuned Whisper-large-v3 (with |
| normalization) on test set of MedASR-DE-AT] . . . . . . ... ... 69
21 WER (%) | improvements for Finetuned Whisper-large-v3 (with |
| normalization) on MedASR-DE-test| . . . . . . ... ... ... ... 70

15



List of Figures

22 WER (%) | improvements for Finetuned Whisper-large-v3 (without |

| normalization) on test set of MedASR-DE-AT] . . .. ... ... .. 70
23 WER (%) | improvements for Finetuned Whisper-large-v3 (without |
| normalization) on MedASR-DE-test|. . . . . ... ... ... .. .. 71

24 Most Common Labels: Original Whisper-medium (MedASR-DE-AT)| 73
25  Most Common MEDTERM Errors: Original Whisper-medium (Med ASR- |
[ DEAT) .. ... 74
26 Most Common Labels: Original Whisper-medium (MedASR-DE-AT)| 75
27 Most Common Labels: Original Whisper-medium (MedASR-DE-test| 76
28 Most Common MEDTERM Errors: Original Whisper-medium (MedASR- |

[ DE-testl . . . . . o 77
[29  Most Common Labels: Finetuned Whisper-medium (MedASR-DE- |
| test)] . ... 78
[0 Most Common MEDTERM Errors: Finetuned Whisper-medium |
| (MedASR-DE-test) . . . . . . . .. 78

16



1 Introduction

Automatic Speech Recognition is the automatic transcription of vocal input
Lu et al.| (2020). technologies convert spoken language into written text.
Speech represents the most intuitive, effective, and favored means of human com-
munication. We experience a greater comfort with using voice as an input method
for machines compared to more rudimentary tools like keypads and keyboards.
[ASR] systems enable this preference of communication by enabling voice based
human-machine interaction (Malik et al., [2021)). Furthermore, systems can
be of great help to people with disabilities who are limited in their ability to use
conventional human-computer interaction methods (Semary et al. [2024). The
objective of an optimal [ASR] system is to convert voice input into machine-readable
data, enabling its use for subsequent machine-related tasks (Vadwala et al., [2017).
For example, in medical [ASR] applications, a healthcare professional may dictate a
patient’s file, which is then automatically integrated into electronic health records
for future use (Avendano et al.l 2022).

Over time, the demands and application contexts for [ASR] have evolved from
simple to more challenging environments. There has been a transition from
limited to extensive vocabularies, from speaker-dependent to speaker-independent
systems, from read to spontaneous speech, and from quiet offices to noisy settings.
Consequently, [ASR] techniques have significantly advanced over the past decades.
Initially, basic template matching techniques like dynamic time warping were used
during the 1950s to 70s. By the 1980s and 90s, the adoption of hidden Markov
model-based statistical learning methods became prevalent, and more recently,
deep learning techniques have become dominant (Lu et al., 2020). Thanks to the
integration of these neural models and computational architectures that closely
resemble human auditory and cognitive processing mechanisms, [ASR] systems
have seen significant advancements. Modern [ASR] systems commence with the
collection of speech through microphones, where the raw audio signal undergoes a
conversion from analog to digital data to facilitate further processing. Once the
data is digitized, these audio signals are pre-processed using techniques inspired
by the auditory processing in humans. First, the speech signals get broken into
various frequency components, often through Fourier Transforms (Oruh and Viriri,
2020). The Fourier Transform is a mathematical method that converts a time-
domain function into its frequency-domain counterpart. This transformation reveals
the various frequencies composing the original function, facilitating an in-depth
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analysis of its frequency components. Essentially, it breaks down a waveform into
its constituent frequencies, which could be compared to decomposing a musical
chord into individual notes (Guan et al., [2021). Subsequently, these components
get simplified into cepstral coefficients which offer a representation that is more
resilient to variations in speech signals. The utilization of the Bark scale or Mel-
frequency cepstral coefficients (MFCCs) is common in this context (Ayvaz et all
2022)). Cepstral coefficients, specifically , are a feature representation of
sound based on the perceptual properties of human hearing. They are derived
from the power spectrum of a signal, using a logarithmic transformation and a
cosine transform, mapping these on a Mel-scale that approximates the human ear’s
response to different frequencies. The Bark scale, another psychoacoustic scale,
similarly transforms frequency components to match human auditory perception
but has slightly different frequency band allocations compared to the Mel scale.
Both scales are used to ensure that the cepstral coefficients reflect how humans
perceive sound, making them highly effective for speech and speaker recognition

tasks in systems (Nagarajan et al., [2020)).

The core of [ASR] today involves feature extraction and acoustic modeling. Here,
deep neural networks , particularly Convolutional Neural Networks
and Recurrent Neural Networks , play a crucial role. These networks learn to
map the complex relationships between the acoustic features and the linguistic units,
like phonemes or words, of the speech. Recent advancements have seen the use of
self-supervised learning models like wav2vec (Baevski et al., 2020)), which further
refine the feature extraction process by learning robust speech representations
directly from unlabeled audio data (Shi et al., |2022)).

Finally, the decoding process involves converting the recognized phonetic or
feature sequences into legible text. This process uses language models, which
are statistical models that predict the likelihood of sequence of words, to form
coherent sentences. These models can be particularly complex, often leveraging
the power of Transformer models, like OpenAl’'s Whisper (Radford et al., [2023]) or
other advanced architectures that manage contextual information over longer text
sequences for more accurate prediction and generation of text from speech (Deng
et al., 2022).

After more than fifty years of development, [ASR] technology has only recently
begun to yield significant practical outcomes. These technical details highlight
the sophisticated nature of contemporary [ASR] systems, which are increasingly
capable of handling complex and natural speech in real-time applications. Notably,
advancements in reducing the Word Error Rate , with systems getting
close to human-like accuracy, have expanded S practical uses (Wang et al.,
2022).
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1.1 Challenges in Automatic Speech Recognition

While [ASR] technologies exhibit improving accuracy over time, concerns about error
rates persist. Variability in error incidence across different medical specialties and
documentation types surfaced as an important consideration, emphasizing the need
for tailored approaches in optimizing precision (Lai, 2022). The performance
of systems can vary greatly depending on the language and the availability of
relevant training data. Currently, training resources are available for only a limited
number of languages, despite there being around 6,500 languages worldwide. For
languages like German, especially in specialized domains such as medicine, the
scarcity of datasets with both audio and textual data poses a considerable challenge
(Graham and Roll, [2024)).

Communication between humans and machines via speech faces significant chal-
lenges due to the vast variations in human speech patterns and accents. Inaccuracies
can be introduced due to aspects such as differences in pronunciation speed, di-
vergent speech patterns among speakers, and the emotional state that a user is in.
These circumstances have the potential to significantly affect the performance of
speech recognition systems (Semary et al., 2024). Additional complexities arise
with factors like gender, dialect, speaking style, and speed (Malik et al., [2021). The
diversity of dialects within natural language processing presents difficulties
due to the varied linguistic backgrounds of speakers, complicating common language
detection (Hirayama et al| 2015). Moreover, spontaneous speech poses challenges
as unpredictable content and pronunciation variations, potentially due to conditions
like stuttering or limited speech abilities in children, directly impact [ASR] system
performance (Kumar et al., 2020).

Another principal challenge for [ASR]is achieving reliable performance in noisy
environments, where system efficacy is significantly diminished (Agrawal and
Ganapathyl, [2019). Despite numerous proposed algorithms for , they often
fail under real-world noisy conditions (Lee et al., |2016). In such environments,
acoustical features are critically compromised, particularly in short-frame detection
(Ming and Crookes, |2017). This refers to the process where the speech signal
is divided into small segments or frames for analysis. In ideal conditions, these
frames allow the [ASR] system to detect and analyze the acoustic properties of
speech—Iike frequency and amplitude, assuming they remain relatively stable
within each short interval. However, short-frame detection often struggles with
accurately identifying or isolating acoustic features due to the reduced temporal
resolution. This limitation compromises the ability to capture sufficient details
within each frame, leading to potential inaccuracies in (Jang et al.l [2021).
Furthermore, the presence of noise disrupts the effective representation of input
signals in spectro-temporal terms, thereby obscuring the time-frequency correlations
essential for analyzing speech signals. This interference directly impacts the initial
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stages of speech signal processing where signals are decomposed into their frequency
components via Fourier Transforms. Noise can mask or distort these frequency
components, leading to less accurate conversions and representations (Ganapathy;,
2017)). While various noise reduction strategies exist, their effectiveness is limited
unless the specific noises are previously identified. Noise signals, possessing diverse
characteristics in real-world scenarios, pose a substantial challenge in creating a
responsive database for DNN-based systems (Lee et al., 2018).

Environmental noise also results in the cocktail party problem, where overlapping
speech from multiple speakers hinders accurate speech detection, a persistent issue
in (Chen et al| 2018). Furthermore, performance is directly influenced by
the quality of the capturing microphone. Low-quality microphones diminish [ASE]
system performance (Gosztolya and Grosz, [2016]), and background noise can cause
distortions in channels. Additionally, the implementation of speech segregation
requires more microphones than the number of sound sources (Davila-Chacon et al.|
2019)). Therefore, there is a necessity for high-quality microphones for adequate
performance (Agrawal and Ganapathyl 2019).

1.2 Medical Automatic Speech Recognition

Efficient and accurate documentation is imperative in modern healthcare, influen-
cing clinical decision-making, patient care, and overall healthcare quality (Wurster
et al., 2023). The integration of cutting-edge technologies into the field of healthcare
continues to reshape traditional practices, offering innovative solutions to optimize
workflows and enhance patient care. Among these technological advancements,
[ASR] technology has surfaced as a promising tool within the domain of medical
documentation, revolutionizing the way healthcare professionals dictate, transcribe,
and manage patient information (Blackley et al., 2019)). Studies show that the
integration of [ASR] technology within medical documentation systems is a cru-
cial development, promising transformative enhancements in the documentation

process, as well as improvements in transcription accuracy and user contentment
(Zuchowski and Goller} 2022; Blackley et al.l 2020).

1.2.1 Challenges in Medical Automatic Speech Recognition

Kumar| (2024)) conducted an in-depth analysis of systems employed in health-
care settings. In their research, they identified various challenges specific to the
medical context, such as:

e Medical Terminology: Medical professionals frequently use specialized and
context-specific language with specialized terms, abbreviations, and jargon
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that are unique to the field. This includes complex anatomical terminology,
diverse pharmacological names, and various procedural terms that may not
be common outside of medical contexts. This often leads to transcription
errors in speech recognition systems, which could negatively impact patient
care.

Accents and Dialects: The effectiveness of [ASR] systems used in healthcare is
compromised when encountering accents and dialects different from those on
which they were trained, resulting in transcription inaccuracies.

Sensitive Data and Privacy Concerns: Healthcare data is highly confiden-
tial, governed by strict regulations. The deployment of speech recognition
technologies thus raises significant security and privacy concerns.

Variability in Speaking Styles: Healthcare environments often feature varied
speaking styles, including differences in speed and syntax, which can reduce
the accuracy of speech recognition systems.

Limated Context Understanding: Despite improvements in contextual under-
standing, speech recognition systems still struggle with the complex dialogues
typical in medical settings that require a deep understanding of the context
and patient history.

Integration with EHR Systems: Seamless integration with systems is
crucial yet challenging, often hindered by compatibility and interoperability
issues.

Data Bias: The performance of these systems can be limited by the repres-
entativeness of the training data, which, if biased, can diminish effectiveness
across diverse patient groups.

Handling Errors and Misinterpretations: Inaccuracies in speech recognition
can lead to errors that, if not promptly corrected, might adversely affect
patient outcomes.

Real-Time Processing: The need for real-time processing in medical emergen-
cies poses a challenge, as achieving both low latency and high accuracy can
be difficult.

Ambient Noise and Acoustics: Hospital settings are often noisy, which can
disrupt speech recognition accuracy. Noise-reduction microphones are a
potential mitigation strategy.
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o Variable Quality: Without medical transcriptionists, physicians are tasked
with ensuring record accuracy, leading to potential oversights such as misgen-
dering, which are often not detected.

Kumar| (2024) conclude that transcription errors present significant challenges
in both types of speech recognition systems: front-end systems, which transcribe
speech in real time, and back-end systems, which record speech for later processing
(Aggarwal and Dave, |2011). These errors can potentially lead to the oversight of
critical details. In back-end systems, poor grammar necessitates rigorous double
checking by editors, especially if the system fails to recognize a specific user, thereby
increasing operational costs due to the need for additional personnel such as editors
and transcriptionists. Furthermore, the risk of losing or compromising patient
data represents a serious concern. Additionally, the adoption of speech recognition
technologies can be hindered by factors such as the age of physicians or their speech
impairments, which may affect the system’s accuracy and functionality.

The integration of [ASR] technology into the medical sector holds the promise
of transforming healthcare documentation and communication. However, the
complexities involved in medical and German [ASR] especially when combined,
highlight the need for ongoing research and development to enhance the accuracy,
reliability, and cultural competence of these systems. Ensuring these systems can
adequately handle the nuances of medical discourse and the specifics of the German
language will be crucial for their success and acceptance in clinical environments.

1.3 German Medical Automatic Speech
Recognition

systems such as OpenAl’s Whisper (Radford et al., 2023)), wav2vec 2.0
(Baevski et al., 2020), or BERT-based speech models (Devlin et al., 2019)) have been
extensively developed for various applications, but their adaptation to the medical
field in German-speaking regions has been limited due to the lack of specialized
datasets containing the highly complex terminology used in German-speaking
healthcare settings, which restricts the efficacy of these technologies (Wirth and
Peinl, 2023; Liang et al} 2023)). Furthermore, the need for datasets that consider
the linguistic nuances of the Austrian Standard German pronunciation specifically
has rarely been addressed, thus limiting the scope of existing solutions (Wirth and
Peinl, [2022)).
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1.3.1 German Medical Terminology

The development of German medical terminology shows a dynamic linguistic
evolution shaped by historical, cultural, and technical changes. |[Dobri¢ (2013])
investigated and connected these transformations. In the following section, we
discuss her findings, highlighting their significance and implications for the German
medical language.

Hippocratic texts dating back to the 5th and 4th centuries BC are recognized
as the earliest written documents in Western medicine. They mark the inception
of the Greek period in medical terminology. Contrary to expectations that Latin
would replace Greek medical terms following Roman dominance, the lack of a
comparable Roman medical tradition and the prevalence of Greek physicians
throughout the Roman Empire led to the adoption of Greek medical practices.
Consequently, numerous medical terms of Greek origin persist in contemporary
medical vocabularies, including those used in German.

During the early first century AD, De Medicina, a comprehensive overview of
medical knowledge built on Greek sources, was written by the Roman aristocrat
Aulus Cornelius Celsus. Celsus faced significant challenges in translating Greek
medical terms into Latin, as many did not have direct Latin counterparts. To
address this, he described symptoms in Latin but retained the original Greek terms
within the text. This practice contributed to a blend of Greek and Latin in medical
terminology that is evident in the German medical language today. The flexibility
of Greek in forming new compound words often makes it preferable to Latin. The
Greek prefix hyper- is commonly used over the Latin super- due to its broader
utility in creating hybrid words. An example of the use of Greek in the German
medical language is: Hypertonie combining the prefix hyper- with the Greek-derived
Tonie, from Tonus, thus forming a term that precisely conveys aneztreme increase
in tone or tension.

A crucial transformation in medical language happened during the Renaissance, a
period marked by widespread cultural revitalization. Paracelsus, an influential figure
whose name suggests at least equality if not superiority to his predecessor Celsus, was
instrumental in innovating the medical field. He differentiated himself by identifying
new diseases and pioneering a unique approach to medicine. Paracelsus developed
an extensive German medical terminology, crafting over 3,000 terms through new
methods such as semantic shifts, derivations, and compound formations. He
introduced names for diseases based on their geographic origins, such as Franzosen
(The French) for syphilis, or their specific contexts, like Bergsucht (Addiction
to Mountains) for miner’s disease, which reflects a methodological reliance on
topographical naming. For instance, Hauptwe (Headache) and Halswe (Sore Throat)
were named for their respective locations of origin, the head and throat. While
modern German has adapted these to Kopfweh and Halsweh, Paracelsus’s impact



1 Introduction

on medical nomenclature was relatively modest, as the medical field continued to
prefer Latin and Greek terms. Despite this, his legacy persists in international
chemical terminology with terms like Alkohol (Alcohol) and Zink (Zinc), the latter
derived from miner’s slang. Ultimately, Paracelsus’s efforts to establish German
as a language of medicine were not widely adopted until the 19th century when
national languages began to play a more significant role in medical discourse.

Today, the predominant medical journals are mostly published in English, result-
ing in medical professionals worldwide having to adopt English as their primary
language for international communication. As discussed, medical terminology was
primarily derived from Latin and Greek, but with English now serving as the
primary medium for medical discourse, new terms often include English words,
such as Bypass or Screening, as well as hybrid terms that combine Greek or Latin
prefixes or suffixes with English roots, like Biofeedback. Medical practitioners are
faced with the option of directly incorporating these English terms into their vocab-
ulary, like Celsus’s adoption of Greek terms, or translating them into their native
languages, following Paracelsus’s approach with German. This dual practice in
term creation, adopting foreign terms versus translating them, leads to an increase
of synonyms within the German medical language. Dobri¢| (2013)) concludes that,
in theory, it is recommended to maintain consistency in term usage, as adherence
to precise terminology is a crucial aspect of scientific language. This principle is
also integral to established terminological guidelines aimed at enhancing clarity
and reducing confusion in medical communication. However, these terminological
principles, despite being widely recognized, are not always adhered to in medical
practice.

The distinctive characteristics of German medical language discussed above
pose significant challenges for [ASR] systems. The complexity of German medical
terminology, with its deep roots in Greek and Latin, includes hybrid terms that
combine elements from these classical languages with modern German and English,
which complicates the [ASR[s ability to accurately recognize and process terms,
especially when they include compound words or specialized prefixes and suffixes
that may not be common in everyday language usage (Wirth and Peinl, 2022]).

1.3.2 Austrian Standard German Pronounciation

The pronunciation differences between German as spoken in Germany and Austrian
Standard German pose significant linguistic distinctions that affect
tasks (Linke et al., [2023]). exhibits unique phonetic and phonological charac-
teristics that diverge from Standard German, especially in conversational contexts.
For instance, the GRASS corpus studies [Schuppler et al.| (2014b) indicate specific
pronunciation rules prevalent in Austrian German, such as the lenition of fortis
plosives and the spirantization of lenis plosives, which do not have direct counter-
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parts in Standard German. The lenition of fortis plosives involves the softening
of fortis (strong) plosive sounds. Fortis plosives are typically articulated with a
burst of air and significant vocal effort, including sounds like p and ¢. In Austrian
German, these sounds may undergo lenition; for example, a ¢ might be pronounced
with less force, making it sound slightly closer to a d, or it might be produced
with more breathiness, resembling a soft fricative sound. Spirantization refers to
the transformation of lenis (soft) plosives into fricatives. Lenis plosives, such as b
and d, are typically voiced and softer than fortis plosives. In Austrian German,
these sounds can be transformed into corresponding fricatives. For instance, the
b in Abend (Evening) might be pronounced more like a v sound, resulting in a
pronunciation that sounds more like Avend. Both processes lead to a softening
of the typical plosive sounds, making them sound less sharp and explosive and
more continuous or frictional. These phonetic shifts contribute to a distinctive
Austrian German sound, affecting the clarity and identity of spoken words. Such
changes can be challenging for technologies, as they differ significantly from
the Standard German pronunciation typically taught in training [ASR] systems
(Linke et al., [2023]).

In another study, Schuppler et al| (2014a)) revealed that Austrian German often
employs vowel monophthongization, where German diphthongs are simplified into a
single, longer vowel sound. For example, the word Nein (No), typically pronounced
with a diphthong as nah-yen in Standard German, is often pronounced as a
simplified nah in Austrian German. Furthermore, they revealed various specific
consonant realizations, such as the vocalization or deletion of r and the realization
of the word-final syllable -ig as ik instead of the more open vowel sound used in
Standard German. In Standard German, words ending in - are pronounced with
a clear r sound. In contrast, Austrian German tends to either vocalize or omit
this sound. For instance, Lehrer (Teacher) is pronounced as lehr-er in Standard
German but may be articulated as lehra or lehr in Austrian German, where the
final r is either softened into a vowel sound or dropped entirely. In addition to
that, the pronunciation of the word-final syllable -ig as -ik marks another phonetic
distinction. In Standard German, this syllable typically has an ich sound, as in
Koénig (King), pronounced kd-nich. However, in Austrian German, this ending is
pronounced sharply as ké-nik, substituting the softer ch sound with a clearer k
sound.

These variations influence how speech is articulated in real life scenarios. Such
phonetic and phonological shifts can lead to systematic discrepancies in [ASR] tasks,
where models trained on Standard German data might misinterpret or fail to
recognize Austrian pronunciations. Consequently, [ASR] systems require customized
adaptations or specific training on Austrian German speech data to handle these
differences effectively, addressing both the pronounced and more subtle divergences
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in pronunciation that characterize the Austrian variant of the German language
(Linke et al., [2023)).

1.4 Research Questions

In this thesis, we aim to answer the following research questions:

Research Question (1)

How much effect does the domain adaptation of transformer-based [ASR]
models, such as OpenAI’'s Whisper, with German medical speech data have
on the model’s performance?

We seek to assess the impact of domain adaptation on the performance of
transformer—basedmodels, specifically focusing on OpenAl’s Whisper (Radford
2023). To this end, we have developed a German medical dataset within
the surgery domain. This dataset encompasses a range of surgical terminology and
linguistic intricacies that are typical in medical settings. By training and finetuning
Whisper models using this specialized dataset, we aim to determine whether such
domain-specific adaptation can enhance the model’s accuracy and effectiveness in
medical [ASRI scenarios.

Research Question (2)

What is the impact of dialectal variations, such as Austrian Standard German
versus Standard German pronunciation, on the performance of Whisper
models?

We finetune the Whisper models using our custom medical dataset, which was
dictated by two speakers of Austrian Standard German. Additionally, we conduct
tests on Standard German pronunciation to evaluate any potential performance
discrepancies or variations between the dialects.

1.5 Objectives and Contributions

The evolution of [ASR] technologies has brought significant advancements in various
fields, including healthcare. However, as discussed in Section despite these
advancements, the application of [ASR] in medical settings, particularly within
the German-speaking regions where Austrian Standard German pronunciation is
used, faces distinct challenges. In this thesis, we aim to address these challenges
by applying domain adaptation and finetuning approaches on Whisper models
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(Radford et al., 2023) to enhance the accuracy and reliability of systems in
medical contexts. The overall goal is to develop an optimized [ASR] model that
can effectively manage the nuances of German medical terminology pronounced in
Austrian German.

In order to achieve this goal and answer the research questions, we will conduct
a series of different experiments. Our main contributions are outlined below:

Benchmark of Original Whisper Models We benchmark the original Whisper
models by calculating the WER] on our dataset’s test split. This evaluation serves
as a basis for comparison, to measure the effectiveness and improvements achieved
through our subsequent finetuning experiments. We present the WER] results of
the original Whisper models in Section (6.1}

Development of a Surgery-Specific German Medical Dataset One of the
primary contributions of this thesis is the development of a specialized German
medical dataset tailored to the surgical domain. This dataset is unique in its
incorporation of Austrian Standard German pronunciation, including linguistic
nuances specific to Austria. The creation of such a dataset is vital as it fills a
critical gap in existing [ASR] training resources, which, as of now, lack specialized
medical content. The creation of our dataset is presented in Chapter [4]

Finetuning of Whisper-Medium and Whisper-Large-V3 Models A sig-
nificant portion of this research involved the finetuning of two configurations of
the Whisper model: Whisper-medium and Whisper-large-v3. We used the newly
developed medical dataset to finetune both models with the goal to refine their tran-
scription capabilities in a medical context. We present our finetuning experiments

in Section 6.2.1].

Evaluating the Impact of Training Data Volume on Model Performance
Additionally, we conduct experiments to assess how the amount of training data
influences the performance of the Whisper-medium model. We finetune the model
with increasing volumes of data: from 1 hour to 9 hours, which constitutes the
full training set, in one-hour increments. We evaluate the performance on the
validation split of our dataset. These results are shown in Section [6.2.2

Evaluation and Comparison of Model Performance After the finetuning
experiments, we evaluate the adapted models to assess their performance im-
provements. We measure the models’ performance using [WER] evaluation and
compare them against the original Whisper models. This is illustrated in Section
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[6.2 The results offer important insights into the benefits and limitations of domain
adaptation in [ASR] technology and are shown in

Error Annotation and Analysis Additionally, we conduct an extensive error
annotation and analysis using Label Studio El We perform a systematic review of
the transcriptions generated by both the original and finetuned models, identifying
and categorizing errors, which is presented in Section [6.3] Such a detailed error
analysis helps to identify specific weaknesses of the transformer models and provides
a direction for further model refinement.

Documentation of Findings and Recommendations for Future Work
Finally, this thesis documents all findings in a detailed manner, providing a clear
depiction of the research outcomes and challenges encountered during the model
adaptation process. Furthermore, we offer recommendations for future research in
this area in Section [I0.1]

This thesis contributes to the ongoing advancement of [ASR] technology, particu-
larly in the field of domain adaptation for specific contexts like the German medical
domain, with an emphasis on Austrian Standard German pronunciation. Through
these contributions, we not only promote advancements in the field of [ASR] in
terms of technical development and application but also establishes a foundation
for future research that could lead to more robust and accurate [ASR] systems in
healthcare and other critical sectors.

Ihttps://labelstud.io/
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2 Background

In the following chapter, we outline the fundamental concepts and methodologies
integral to transfer learning, emphasizing domain adaptation, model architectures,
and finetuning methods. We aim to establish a solid theoretical foundation and
discuss practical applications, which are crucial for the subsequent sections of this
thesis.

2.1 Transfer Learning

Machine learning techniques predict future outcomes by employing machine learning
models trained on gathered data that may either be labeled or unlabeled. It is
essential to differentiate between the two primary types employed in transfer
learning: statistical and neural models. Statistical models are based on statistical
techniques such as linear regression, logistic regression, or decision trees. They
demonstrate proficiency through their ability to interpret smaller datasets (Shah
et al., [2020). In contrast, neural models, or deep learning models, utilize layered
neural networks capable of learning complex patterns and representations from
large amounts of data. These models excel in tasks requiring the extraction of
intricate features from raw data, such as image and speech recognition (Mehrish
et al., 2023). Each model offers unique advantages and challenges for transfer
learning, affecting their suitability based on the source and target tasks and data
availability. Nevertheless, these models often encounter challenges during the
training process due to a lack of labeled data, as well as issues related to imperfect
datasets or inaccurate labels (Zhu}, 2008]). One possible solution for solving these
problems is transfer learning as it enables training across differing source and
target domains, tasks, and data distributions (Pan and Yang, 2010)).
Transferring knowledge across different domains represents a more complex
challenge. Achieving cross-domain transfer is a key objective in transfer learning, as
it opens up the possibility of applying knowledge between tasks that are considerably
dissimilar (Taylor and Stone| 2007). This approach is inspired by human learning,
where knowledge gained from previous experiences is applied to new, unrelated
tasks more efficiently or effectively. To give an example, being able to speak
[talian might facilitate learning another Romance language, such as Spanish, or,
learning to recognize a palm tree may be helpful when trying to identify a Yucca
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plant. The concept was initially discussed in 1995 at a [NIPS| workshop called
“Learning to Learn”, where the focal point was the necessity of lasting machine
learning approaches that reuse existing knowledge and improve over time, essentially
learning how to learn (Pan and Yang} [2010). The acronym refers to the
Conference on Neural Information Processing Systems, a prestigious conference
within the fields of computational neuroscience and machine learning. In response
to evolving disciplinary boundaries and to reflect a broader scope beyond neural
processing systems, NIPS was rebranded to [NeurIPS| the name by which the
conference is recognized today (Neu). Since then, transfer learning has gained
attention with various terms such as life-long learning, knowledge transfer, and
knowledge consolidation, among others (Thrun and Pratt|, 1998). Multitask learning,
a related concept, focuses on simultaneously learning multiple tasks to identify
shared features that benefit each task. However, transfer learning is distinct in its
focus on optimizing performance on the target task by applying knowledge from
source tasks, without the necessity of learning all tasks at once (Pan and Yang}
2010).

In 2005, the Broad Agency Announcement (BAA) 05-29 of Defense Advanced
Research Projects Agency (DARPA)’s Information Processing Technology Office
(IPTO) (Gasser et al., [2005) outlined a specific objective for [Transfer Learningt
to enhance systems’ capabilities to apply learned skills and knowledge from pre-
vious tasks to new, different tasks. This marked a shift towards emphasizing the
application of acquired knowledge to a target task, putting the priority on the
asymmetrical relationship between source and target tasks in transfer learning
(Shi et al., [2012). Contrary to traditional approaches, where the aim is to learn
each task independently, transfer learning methods focus on applying knowledge
acquired from previous tasks to a new task, which proves particularly beneficial
when the new task has limited high-quality data available for training (Pan and
Yang, 2010)).

Pan and Yang (2010) categorized [Transfer Learning] into three distinct forms:
inductive, transductive, and unsupervised TL, each characterized by the relationship
between the source and target tasks and domains, as well as the nature of the data
used. Inductive [TT]involves training a model on a source task and then adapting
it to a different target task. This adaptation process does not necessarily require
the training data to be labeled, but it is crucial for the target data to be labeled.
Transductive TL, on the other hand, operates based on the assumption that the
source and target tasks are identical but are applied across different domains. Here,
the critical factor is that while the source data must be labeled, the target data does
not contain labels. Finally, unsupervised [TL]is characterized by a lack of labeled
data in both the source and target domains, with the tasks across these domains
also differing. This form of presents a significant challenge, as it requires the
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model to learn and transfer knowledge without the guidance of explicit labels in
either the learning or application phases (Niu et al., 2020)).

In the context of transfer learning, a critical strategy for addressing the challenge
of applying knowledge across different domains, particularly when the source and
target data distributions diverge significantly, is domain adaptation (Farahani et al.)
2021)). Domain adaptation focuses on modifying the transfer learning approaches
to bridge the gap between diverse domains. This is particularly relevant when
dealing with scenarios where the source and target tasks are similar but are
executed in different environments. By leveraging the principles outlined in transfer
learning, domain adaptation techniques aim to minimize domain discrepancies and
to enhance the model’s ability to generalize from the source domain to the target
domain effectively (Singhal et al.l 2023)). In the following section, we will explore
how domain adaptation approaches are applied to ensure the effectiveness of
knowledge transfer, despite the challenges posed by differing domain characteristics.

2.2 Domain Adaptation

As discussed, domain adaptation represents a specific form of transfer learning,
particularly within the framework of transductive learning. Similarly to transductive
learning, in domain adaptation source and target task remain consistent, while
the domains may differ. However, whereas transductive learning assumes that
the target data is unlabeled, domain adaptation does not necessarily make this
assumption (Niu et al.| [2020)). Hence, domain adaptation is a technique in the field
of machine learning that aims to adapt a model trained on a source domain to
perform well on a different target domain, addressing the challenge of differing data
distributions in training and testing environments. This approach is critical for
enhancing the generalizability of machine learning models across varying contexts,
such as Computer Vision or (Singhal et al., 2023).

Figure[T]illustrates the distinctions in the learning approaches between traditional
machine learning methods and [DA] strategies. As shown here, traditional machine
learning tactics involve training models separately for distinct domains. Conversely,
[DA] methods enable the application of a pre-trained model’s knowledge to new
domains, previously unseen by the model.

2.2.1 Domain adaptation in the context of Natural
Language Processing and Automatic Speech
Recognition

In this section, we first present formal definitions of the terms domain and task as
they pertain in the field of domain adaptation. These definitions are based on the
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Traditional Machine Learning Process Domain Adaptation Process

Different Domains Source Domains Target Domain

I

Figure 1: Difference between Traditional ML Processes and Domain Adaptation.
Adapted from (Pan and Yang, 2010)).

work of Bashath et al.| (2022) and serve to establish a foundational understanding
for further discussion on domain adaptation in the field of [NLP} and, more precisely,
within the context of [ASRL

Domain A domain D is defined as a tuple D = {z, P(X)}, where z represents
the set of all instances, X is an instance, and P(X') denotes the marginal probability
distribution, which refers to the probability distribution of one or more variables
within a set, derived by summing or integrating over the probabilities of the other
variables in the set (Deisenroth et al 2020), over these instances. Each instance
within this set, denoted as X € z, exemplifies an individual case within the domain
(Bashath et al., [2022).

Task Given a domain D = {z, P(X)}, a task T is characterized by the tuple
T = {y, f}, with y being the label space and f the prediction function. This
function, f : x — y, maps instances to labels and is encapsulated by the conditional
probability distribution P(Y|X). Consequently, a task can be represented as T =
{y, P(Y|X)}, signifying the association between instances and their corresponding
labels (Bashath et al.l 2022).

However, it should be highlighted that, within the [NLP| community, the term
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domain is often defined in a somewhat flexible manner. It typically refers to a
specific collection of linguistic data, characterized by commonalities such as topic,
style, genre, or linguistic register. For example, the news domain is characterized by
a formal style and topics related to current events, whereas the I'T domain is marked
by technical jargon and topics related to technology and software. While the legal
domain is distinguished by its use of legal terminology, complex sentence structures,
and topics related to laws and regulations, the medical domain features specialized
vocabulary and clinical information. It includes a wide range of terms for different
specialties, such as oncology, cardiology or surgery, and there is an extensive use of
abbreviations and acronyms. Additionally, it comprehends a mixture of technical
and non-professional terms, that often derive from foreign languages such as Latin
or Greek (Djalilova et al., [2023)).

Furthermore, in [NLP], the terms source domain and target domain are commonly
used to describe, respectively, the specific dataset on which a machine learning
model is trained and a different dataset with a distinct distribution used for testing
the model (Ramponi and Plank, 2020).

Domain adaptation is widely used in a vast variety of research areas, such as
Computer Vision, Healthcare and Biomedical Engineering or Robotics (Kouw and
Loog, 2018). However, the challenge of transferring knowledge from one domain to
another is especially relevant in [NLP] where it is common to have abundant labeled
data in the source domain, like, for example, newspaper articles, but require a
model that excels in a different target domain, say, the healthcare domain (Daumé,
2007). Domain adaptation provides a vast assortment of techniques that aim to
enhance the performance of NLP| models in situations where the target domain has
scarce or no training data. These techniques facilitate bridging the gap between
source and target domains, thereby contributing to the development of increasingly
effective applications (Kouw and Loog, [2018)

2.2.2 Domain Adaptation in the Context of Automatic
Speech Recognition

In the context of the domain D can be exemplified as a tuple D = {z, P(X)},
where x represents the set of all possible audio recordings. Each instance in this set,
denoted as X € z, corresponds to an individual audio recording. P(X) denotes the
marginal probability distribution over these instances, reflecting the likelihood of
occurrence of each audio recording in the real world. This distribution is influenced
by factors such as word prevalence, terminology, accents, and background noise
levels (Bashath et al., [2022)).

Given the domain D, the task T for [ASR] can be characterized by the tuple
T = {y, f}, where y is the label space representing all possible transcriptions of the
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audio recordings into text. Each label in this set, denoted as Y € y, corresponds to a
specific transcription of an audio recording. The prediction function f : x — y maps
instances (audio recordings) to labels (text transcriptions), encapsulating the process
of automatically recognizing spoken words and converting them into corresponding
text. Therefore, the task T" can also be represented as T' = {y, P(Y|X)}, signifying
the association between instances (audio recordings) and their corresponding labels
(text transcriptions) through the conditional probability distribution P(Y|X). This
distribution models the likelihood of a transcription given an audio recording
considering factors such as pronunciation variations, speech speed, and background
noises that affect transcription accuracy.

Based on these definitions, within the field of [ASR] the domain involves un-
derstanding the characteristics of spoken language captured in audio recordings,
including variations in accents, terminology, and environmental noise. The task, on
the other hand, involves accurately predicting the textual transcription of spoken
words in an audio recording, a process requiring recognition and interpretation of
speech signals within the spoken language context.

2.3 Types of Domain Adaptation in Natural
Language Processing

Domain adaptation in [NLP] can be classified into five primary learning paradigms
that align with the typical three-part classification of machine learning models:
supervised, unsupervised, semi-supervised, zero-shot, and few-shot learning. All
these paradigms can be distinguished by the availability and utilization of labeled
data in the target domain.

Supervised domain adaptation assumes the availability of a substantial amount
of labeled data in the target domain. The primary strategy involves retraining or
finetuning a pre-trained model, which had originally been trained on the source
domain, using the labeled data from the target domain. This approach is effective
in scenarios where obtaining labeled data in the target domain is feasible, despite
the additional costs or efforts required. The key advantage of supervised domain
adaptation is its potential to achieve high performance on the target task, given
the direct guidance from the target domain labels (Plank] 2011)).

Unsupervised domain adaptation is applied in contexts where no labeled data is
available in the target domain. The focus here is on leveraging the large amount
of unlabeled data in the target domain alongside the labeled data in the source
domain. Techniques in this category often involve aligning the feature distributions
of the source and target domains, making the assumption that a model performing
well on the source domain will also perform well on the target domain if the
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domain discrepancy is minimized. Strategies include self-training, mostly used in
statistical machine learning (Amini et al., 2022)), as well as domain-invariant feature
extraction and adversarial training, often employed in neural machine learning
settings (Gallego et al., |2021), among others. Unsupervised domain adaptation
is particularly valuable in situations where labeling data in the target domain is
impractical or too expensive (Plank] 2011)).

Semi-supervised domain adaptation falls between supervised and unsupervised
paradigms. It assumes that a small amount of labeled data and a large amount of
unlabeled data are available in the target domain. This approach aims to exploit the
strengths of both supervised and unsupervised methods by using the limited labeled
data to guide the learning process while also leveraging the abundant unlabeled
data to facilitate domain adaptation. The aim is to incrementally improve the
model’s performance on the target domain by iteratively refining its understanding
of the target domain data (Plank} 2011]).

Zero-shot transfer learning (Radford et al., 2021} [Zhai et al., 2022) enables a
model to tackle tasks it has not explicitly encountered during training. It differs
from zero-shot learning in that it incorporates some supervised elements during the
pre-training phase. However, zero-shot transfer learning avoids using supervised
examples in the transfer phase. This capability stems from the model’s ability to
utilize its pre-trained knowledge to infer characteristics of new categories, making it
especially useful in contexts where collecting extensive labeled data is not feasible
(Pham et al., 2023).

Few-shot transfer learning is a machine learning approach that bridges the gap
between traditional supervised learning and zero-shot learning by enabling models
to adapt to new tasks with a minimal amount of labeled data. Typically, after
pre-training on large, diverse datasets, these models are finetuned with only a
few labeled examples per class in the target domain. This method utilizes the
knowledge gained during the pre-training phase to effectively recognize patterns or
make predictions in new contexts with limited additional training. Few-shot transfer
learning is particularly useful in scenarios where acquiring extensive labeled data is
impractical, thus providing a flexible and efficient way to extend the applicability
of machine learning models to a broader range of tasks (Guo et al.l 2020).

2.3.1 Model- and Data-Centric Domain Adaptation

Apart from classifying domain adaptation approaches based on the availability of
labeled target data, Chu and Wang (2018) divide domain adaptation methods,
specifically in the field of NLP] into two categories: model-centric and data-centric.
The data-centric strategy lays the focus on the particular data being used for
training and pre-training methods rather than customizing models for domain
adaptation. This strategy employs a range of data sources, including domain-
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specific monolingual datasets, artificially generated datasets designed to mimic
domain-specific conditions, and parallel datasets that offer comparable materials in
multiple languages. Conversely, the model-centric strategy centers on enhancing
machine learning models for improved performance in specific domains. For neural
machine learning models, this involves finetuning the models through changes to
their training parameters to better match domain requirements, adjusting their
structure to increase their efficacy in domain-specific contexts, or tweaking the
algorithms used for decoding to yield more accurate domain-specific results (Chu
and Wang|, 2018)).

Ramponi and Plank (2020)) added a third differentiation to domain adaptation
methods in the hybrid approach. This hybrid method combines elements of
both data-centric and model-centric strategies. It aims to leverage the strengths of
both strategies to achieve more effective domain adaptation, optimizing both the
data provided to the model and how the model learns from this data.

2.3.2 Availability of Classes in Target Domain

Farahani et al.| (2021) divide domain adaptation into four different groups: open set,
partial, universal, and closed set domain adaptation. Open set domain adaptation
allows for the existence of unique classes in the target domain not present in the
source, requiring the model to recognize and handle new, unseen categories (Busto
and Gall, 2017)). Partial domain adaptation functions under the premise that the
target domain contains a subset of the classes found in the source domain, with the
challenge being to focus on the relevant shared classes (Cao et al., [2018). Universal
domain adaptation aims to generalize across domains without prior knowledge of
label sets, dealing with shared, unique, and outlier classes across both source and
target domains (You et al., 2019). In contrast, closed set domain adaptation, the
most common kind, assumes that the source and target domains share the exact
same classes, focusing on bridging the domain gap while maintaining identical label
sets (You et al., 2019).

In this thesis, we employ a supervised, closed set domain adaptation approach
to OpenAl’s pre-trained transformer model Whisper. The methodology is hybrid,
combining both data-centric and model-centric strategies to enhance the model’s
performance within the medical domain. The incorporation of German medical
domain data will help the model to accurately process German medical terminology,
while adjustments to the learning parameters optimize its performance for the
specialized medical context. This approach ensures a comprehensive domain
adaptation, maintaining class label integrity across domains. As discussed, domain
adaptation emphasizes the reuse of knowledge gained from prior tasks for new
ones, which is especially beneficial when there is not enough high-quality training
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data for the new task. This concept holds significant importance for this thesis
for two main reasons. First, [ASR] training data in the German medical domain
is limited (Wirth and Peinl, 2022). Second, Whisper is trained on multilingual
and multitask data, which enables the use of extensive pre-existing knowledge to
enhance performance in this specialized context (Radford et al.| 2023).

2.4 Overview of Architectures used for DA

In the following section, we will discuss the most prevalent model architectures
and frameworks for domain adaptation that have proven effective for tasks like
and [ASR] The decision which models to include is drawn from analyzing a
wide array of research articles and reviews that collectively showcase the utility
and adaptability of these models in overcoming the challenges posed in domain
adaptation.

2.4.1 BERT

Prominent for domain adaptation in [NLP| are pre-trained transformers, such as
BERT and its variants. BERT is a multi-layer bidirectional transformer encoder
that was introduced by Devlin et al.| (2019). BERT can be adapted for various
domain adaptation types, but it is particularly effective in closed set domain
adaptation. However, its robust pre-trained model also provides a strong basis for
adapting to new, even unseen classes in the target domain. BERT is pre-trained
using a masked language modeling task where 15% of the input tokens are randomly
masked, replaced variably with a special [MASK] token, a random token, or left
unchanged, and the model learns to predict the original tokens from these altered
inputs to develop a deep bidirectional representation. BERT is frequently used
in unsupervised domain adaptation, since it can use its pre-trained knowledge to
adapt to new domains without requiring labeled data from those domains. After
pre-training, the model can be finetuned with just an additional output layer
to create state-of-the-art models for a vast range of tasks, such as Text
Classification, Question Answering, Named Entity Recognition (NER), or
(Devlin et al., 2019).

As mentioned, BERT’s effectiveness in domain adaptation and transfer learning
comes from its deep understanding of language context, learned during pre-training.
This allows it to adapt to a multitude of tasks and domains with minimal finetuning.
Within the context of NLP| BERT has shown exceptional performance in tasks such
as named entity recognition, sentiment analysis, and question answering, displaying
its versatility and power as a model for improving applications across various
domains (Karouzos et al.l 2021)).
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2.4.2 wav2vec 2.0

While BERT proves highly effective for tasks involving written language,
there are other models more tailored to tackle domain adaptation in the context
of such as wav2vec 2.0 (Baevski et al., 2020). Wav2vec 2.0 was designed
for unsupervised learning of speech representations using a convolutional neural
network and a self-attention mechanism and was introduced by Facebook Al in
2020. By leveraging raw audio waveforms from multiple languages, wav2vec 2.0
learns a universal set of quantized latent speech representations shared across
languages. This cross-lingual pre-training approach enables the model to capture
nuanced speech features applicable across various linguistic contexts. Wav2vec 2.0
can be used for various [ASR] tasks, from traditional transcription to more complex
scenarios involving multilingual and low-resource language speech recognition. Its
ability to learn rich, language-independent representations makes it an important
tool for developing robust, adaptable [ASR] systems capable of handling diverse and
challenging acoustic environments (Baevski et al., 2020)).

It can adapt to new speech domains or languages by finetuning on smaller,
domain-specific datasets, thus addressing the problem of the availability of few
labeled data in certain domains. This cross-lingual representation learning proves
especially beneficial for low-resource languages, significantly reducing WERE by
leveraging similarities with high-resource languages (Conneau et al., |2021)).

Wav2vec’s pre-training methodology makes it suitable for domain adaptation.
The model’s versatility allows it to be used for universal domain adaptation, espe-
cially due to its unsupervised learning capabilities which enable it to handle varied
speech representations without predefined label sets. It can also be used in partial
domain adaptation, given its application to target domains that include subsets of
the source domain’s classes. As mentioned above, wav2vec 2.0 employs an unsu-
pervised learning approach during pre-training, however, for domain adaptation,
it may also be applied in semi-supervised and self-supervised learning scenarios,
utilizing both unlabeled data and a small amount of labeled data in the target
domain (Hwang et al., 2022]).

Domain adaptation approaches using wav2vec 2.0 are predominantly data-centric
due to the model’s reliance on raw audio data for learning. However, when adapting
to specific domains, a hybrid strategy may be employed, adjusting the model to
refine its performance on domain-specific tasks (Hsu et al., |2021)).

XLSR-53 XLSR-53 (Conneau et al., [2021)) extends the wav2vec 2.0 framework
to multiple languages for pre-training. It was designed to learn universal speech
representations by training on a vast dataset of unlabeled speech from various
languages. Specifically, XLSR-53 was trained on 56,000 hours of speech data across
53 languages, inlcuding a diverse set of linguistic environments from the MLS
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(Pratap et al. 2020), CommonVoice (Ardila et al.l 2019), and BABEL (Punnakkal
et al., |2021)) datasets.

The architecture of XLSR-53 follows the wav2vec 2.0 design, featuring a convo-
lutional feature encoder that maps raw audio into latent speech representations.
These representations are then processed by a Transformer network, which outputs
contextual representations. The model employs a contrastive loss function during
training. This means to distinguish correct latent representations from a set of
negative samples within masked regions of the input audio (Conneau et al., |2021]).

XLSR-53 achieves significant performance improvements in [ASR] tasks across a
variety of languages. By leveraging large-scale, unsupervised pre-training across
languages, it demonstrates superior phoneme error rate reductions and [WER]
improvements compared to monolingual baselines and prior state-of-the-art multi-
lingual systems. The model’s effectiveness is particularly notable in low-resource
language scenarios, where it helps to mitigate the scarcity of labeled data by
transferring learned representations from high-resource to low-resource languages
(Conneau et al., 2021)).

XLS-R  XLS-R (Babu et al., 2022)) is an advanced cross-lingual speech representa-
tion learning model, building upon the foundation set by its predecessor, XLSR-53,
and extending the wav2vec 2.0 architecture. Unlike XLSR-53, which, as discussed,
was trained on 56,000 hours of speech from 53 languages, XLS-R encompasses a
more expansive training corpus with approximately 436,000 hours of unlabeled
speech data across 128 languages. This expansion includes a broader array of
both high and low-resource languages, significantly enlarging the training corpus
beyond the datasets previously utilized. The enhanced scale of training allows
XLS-R to achieve superior performance benchmarks on a variety of speech pro-
cessing tasks, including speech recognition and speech translation across diverse
languages and domains. The model’s architecture effectively employs large-scale,
self-supervised learning techniques to generate robust multilingual speech repres-
entations. Consequently, XLS-R excels in generalizing across different linguistic
environments, particularly benefiting low-resource languages through effective cross-
lingual transfer, thus improving performance where labeled data is scarce (Babu
et al., [2022)).

2.4.3 Whisper

OpenAl’s Whisper model (Radford et al., 2023 emerged as a state-of-the-art
model for [ASR] tasks, where text as well as spoken language need to be handled.
Whisper is a pre-trained, end-to-end transformer, designed for [ASR] Utilizing
a large and diverse dataset sourced from the internet, it incorporates a simple
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encoder-decoder architecture that enables it to recognize and transcribe speech
from various domains, languages, and acoustic conditions (Radford et al., [2023]).
This versatility makes Whisper particularly suitable for domain adaptation and
transfer learning in [ASR] Its ability to be finetuned on domain-specific datasets
allows it to adapt to new contexts, such as medical conversations or air traffic
control communications, improving its performance in these specialized areas.

While |[Radford et al| (2023) do not provide a detailed breakdown of each specific
source or the exact composition of the model’s training data, they state that it
was trained on a comprehensive dataset that included 680,000 hours of diverse
audio tasks. This dataset encompassed English transcripts, translations from
multiple languages into English, transcriptions in languages other than English,
and exclusively instrumental audio, all of which were collected from online sources.
This vast training makes Whisper a robust language model base that proves
beneficial mainly for closed set domain adaptation. However, its capacity for
further training makes it also adaptable to partial domain adaptation scenarios,
where it may encounter a subset of known classes within a new domain. As Whisper
benefits significantly from labeled data in the target domain for finetuning, the
most commonly used approach is supervised domain adaptation (Radford et al.
2023). This is especially true when adapting to a highly specialized domain like
German medical [ASR] where accurate transcriptions are critical.

Recent studies exploring domain adaptation strategies employing the Whisper
model, such as [Pekarek-Rosin and Wermter| (2023)); |Jain et al.| (2023), predomin-
antly utilize hybrid approaches, incorporating data-centric methods by training on
domain-specific data and model-centric methods through finetuning model para-
meters to optimize performance in the target domain. This approach was inspired
by advances in the field and demonstrates significant [WER] reductions on
unseen datasets, demonstrating Whisper’s effectiveness in domain adaptation for a
variety of [ASR] tasks (Liao et all, [2023).

Whisper Architecture Since we focus on adapting Whisper models to a new
domain, we will now discuss the loss functions employed throughout the domain
adaptation process. Whisper’s training pipeline includes two stages: multitask
pre-training and finetuning (Radford et al., 2023)). In the context of domain
adaptation using the Whisper model, loss functions play a critical role throughout
the two-stage training process.

During pre-training, the model is exposed to various tasks such as translation
and [ASR] across a multitude of different languages and uses the cross-entropy of
the next word but conditioned on the audio as loss (hug, [2024)). The primary
objective here is to learn useful representations from a large corpus of speech data
and to build a robust model foundation. However, the model’s optimization during
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pre-training is not directly tied to any specific downstream task. Instead, it aims
to capture general acoustic and linguistic features (Radford et all 2023)).

Subsequent to this phase is the finetuning stage, where Whisper undergoes
optimization for domain-specific data. Here, the focus shifts to minimizing losses
that are customized to the target domain, which might involve the introduction of
domain-specific modifications or the inclusion of special tokens to better guide the
model in recognizing and accurately transcribing specialized terminology pertinent
to the domain in question. These tokens can act as markers or signals to the model,
emphasizing the importance of certain terms, phrases, or acoustic features unique
to the domain (Ma et al., 2023).

These domain-specific modifications to the training process are essential for
finetuning Whisper to achieve high accuracy and reliability in specialized contexts.
By incorporating them, the model is better equipped to handle the unique challenges
presented by the target domain, leading to improved transcription accuracy and a
greater ability to generalize from the broad knowledge acquired during pre-training
to the specific demands of the new domain.

2.5 Finetuning Methods

Finetuning is a key technique in machine learning that involves additional training
and adaptation of pre-trained models to new datasets in order to tailor them
to specific tasks or domains. This process is essential for harnessing the general
capabilities of pre-trained models and customizing them to specialized domains
(Zhang et al., |2022a). Finetuning is particularly beneficial for domain adapta-
tion(Lee et al., [2023)), such as adapting the Whisper model to the German medical
context. It allows the model to learn domain-specific terminology and stylistic
distinctions, which helps it to improve its performance in medical transcription
tasks. As discussed in Section this approach is more efficient than training a
model from scratch, since it requires fewer data and computational resources to
achieve high performance.

2.5.1 Hyperparameters

Several hyperparameters can be adjusted during the finetuning process to optimize
a pre-trained model for specific tasks. These adjustments are essential for ad-
apting the model to new domains and enhancing its performance on specialized
datasets(Usmani et al., 2023)).

The learning rate is one of these imperative parameters. This rate affects how
much new data influences the existing information, effectively determining how
quickly the model adapts to the new domain-specific data. In other words, it
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represents the pace at which a machine learning model learns. During finetuning,
the learning rate is typically set lower than in pre-training so the model can adjust
its weights rather than learn from scratch, thereby avoiding overfitting on the
smaller dataset (Jin et al. 2023).

The size of the training batches also influences the model’s learning dynamics.
Larger batch sizes tend to stabilize the training process and help the model converge
more smoothly by providing a more accurate gradient estimate. However, they
require more memory and computational resources. Conversely, smaller batches
may lead to better generalization on unseen data due to their inherent noise, which
can act as a form of regularization (Oyedotun et al., [2023]).

Gradient accumulation is another technique used to handle limitations in com-
putational resources. It accumulates gradients from multiple mini-batches before
updating the model’s weights. This method is crucial when training with lim-
ited GPU memory, since it allows for the use of larger training batch sizes than
memory constraints would normally permit, enabling more stable and reliable
weight updates (Huang et al., 2023)).

An additional training parameter is the number of warmup steps. These are
steps taken at the beginning of the training process, where the learning rate
gradually increases from a low to a higher value. They are crucial for maintaining
training stability. This method is particularly beneficial in preventing the model
from prematurely converging to suboptimal solutions when starting with a higher
learning rate (Gupta et al., [2023).

2.5.2 Challenges

Although finetuning offers considerable benefits, it also carries associated risks.
One critical consideration is the balance between generalization and specialization.
It is imperative to prevent overfitting the model to the nuances of the training data,
which can impair its performance on broader contexts. This balance is important
for ensuring that the model is not only accurate but also versatile in handling
various domains, including medical scenarios (Ju et al., 2022). Employing strategies
such as cross-validation, using a diverse set of training examples, and integrating
various regularization techniques can mitigate this risk (Zhang et al., |2022b)).
Additionally, finetuning large pre-trained models entails considerable computa-
tional expenses, since these models typically contain billions of parameters. To give
an example, the Whisper large-v3 model El contains 1.55 billion parameters. The
extensive scale and high computational demands of these large language models
present significant challenges in adapting them for specific domains or tasks, espe-
cially on hardware platforms with limited computational capabilities (Shi et al.,

’https://huggingface.co/openai/whisper-large-v3
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2023). To address this issue, Parameter-Efficient finetuning (PEFT]) was developed
(Houlsby et al., |2019a; Pfeiffer et al., 2020; |[Brown et al., 2020; |Li and Liang), 2021)).

2.5.3 PEFT

Parameter-Efficient finetuning is a useful strategy for adapting large pre-
trained models with minimal computational cost. Specifically, involves the
modification of parameters in pre-trained large models to suit particular tasks
or domains, while minimizing the introduction of additional parameters and the
computational resources required. In this process, only a small subset of parameters
gets updated while keeping the majority frozen, thus saving time and resources
during model training (Han et al., 2024).

Several [PEFT] techniques have demonstrated effective performance, while em-
ploying different strategies to adapt large pre-trained models with minimal compu-
tational overhead. Among these techniques are Adapters. They involve integrating
small trainable modules between the layers of a pre-trained model. These modules
are designed to selectively modify a limited number of the model’s parameters,
which enables targeted adjustments to the model without extensive retraining
(Houlsby et al [2019a). Another approach is prompt tuning, in which prompts
get appended to the input data to guide the model’s predictions in a task-specific
manner. This method requires changes to only the prompt parameters rather
than the model’s core parameters (Lester et all [2021; Jia et all [2022). Finally,
Low-Rank Adaptation focuses on altering the rank of weight matrices
within the model to achieve efficient finetuning. This technique modifies specific
components of the model’s architecture to enhance performance on new tasks while
minimizing the computational resources required for training (Hu et al., 2021)).

2.5.4 Adalora

AdaLoRA (Adaptive Low-Rank Adaptation) is a sophisticated technique.
This method builds on and additionally incorporates features that enhance
adaptability and optimize performance across diverse domains and datasets (Zhang
et al., [2023)).

The innovative aspect of is its adaptability: It is able to dynamically
adjust the parameters based on the task at hand. This adaptability is achieved
through a mechanism that assesses the importance of specific model components in
relation to the task[AdaLoRA] then distributes parameters across weight matrices
based on their significance scores. Specifically, models the incremental
updates using singular value decomposition (Park et al., 2024) to parameterize
these changes. This approach allows for selective finetuning, targeting only the
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most impactful parameters, thus reducing computational overhead and enhancing
adaptability to new tasks.

AdaLoRA has demonstrated superior performance compared to other [PEFT]
methods, such as traditional [LoRA|] and full model finetuning, particularly in
domains requiring high adaptability and where deployment constraints, such as
computational resources, are a concern. This efficiency makes it an excellent choice
for real-world applications (Zhang et al., |2023).
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In this chapter, we present recent advancements in [ASR] technology, specifically
focusing on domain-adaptation for senior citizens and children using the Whisper
model among others. The studies discussed here employ innovative methodologies
to enhance [ASR] accuracy for these distinct demographic groups, contributing to
the broader applicability and inclusiveness of systems.

3.1 Domain Adaptation in the context of Senior
Citizen German

Pekarek-Rosin and Wermter| (2023)) explore innovative methods to enhance
systems, particularly for the German language of senior citizens, by focusing on
domain adaptation techniques. when it comes to specific languages and speaker
demographics, there exist limitations to large-scale [ASR] models. The researchers
seek to overcome this problem by improving the adaptability of these models to
more specialized groups, such as German-speaking senior citizens.

Pekarek-Rosin and Wermter| (2023)) critically address the challenge of model
performance degradation, known as catastrophic forgetting, when models trained
on a broad domain are finetuned for specific, smaller domains. The authors propose
a solution through selective layer freezing during finetuning and the incorporation of
Experience Replay (ER) for continual learning. This approach aims at maintaining
general speech recognition capabilities while enhancing performance on the target
domain.

The experiments conducted involve finetuning state-of-the-art pre-trained multi-
lingual speech recognition models, including the Whisper-small model, XLSR-53,
and XLS-R. With XLSR-53 pre-trained on 53 languages and XLS-R on 128 (Cony
neau et al., [2021)), these models enhance speech recognition performance across
various languages by using similarities found during the training process (Babu et al.,
2022). As discussed, Whisper is a recent large-scale multilingual model developed
through unsupervised training. This model facilitates zero-shot cross-lingual speech
recognition, speech translation, and language identification, spanning 97 languages
and incorporating 680,000 hours of speech data (Radford et all 2023). The models
incorporate punctuation to varying extents; however, to ensure a fair comparison,
the researchers normalized the produced transcripts prior to evaluation.
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Pekarek-Rosin and Wermter| (2023)) finetuned these models on the German
Senior Voice Commands (SVC-de) dataset, which they designed themselves for
the creation of an [ASR] system tailored for use within a home assistant framework.
The dataset includes audio snippets dictated by a total of 30 German speakers,
21 of them were female, 9 were male, all of them aged between 50 and 99 years.
The total duration of the recordings amounts to 3h 9m, equally split amongst the
speakers. After recording, the sentences were manually segmented and transcribed
to accurately assess the performance of [ASR] models under consideration. Although
the majority of transcriptions closely aligned with the original utterances, variations
were noted where some participants changed some of the sentences by repetition,
omission, addition of words, or by rephrasing the sentences entirely. The second
dataset used for finetuning was Common Voice DE (CV-de) (Ardila et al., 2020a),
which is one of the most expansive and most frequently used German speech datasets
for [ASR] Since it was created within a crowd-source project, VD-de includes a
diverse array of recording conditions and speaker profiles. The version used for this
research, CV-de 10.0, includes 1,136 hours of verified audio contributed by 16,944
distinct speakers, and contains supplementary demographic information such as
age group, gender, and accent of the speakers.

The researchers trained all the models with a batch size of 128 and the AdamW
optimizer. They set the learning rate to 3e-4 for XLS-R and XLSR-53, and to 3e-5
for Whisper. By experimenting with different layer configurations and applying
Experience Replay, the study assesses the impact on WERs for both the target
domain (SVC-de) and the general domain. The findings demonstrate that the
optimal model identified in this study is the pre-trained Whisper-small architecture,
specifically tailored for German and refined on the SVC-de dataset utilizing 10%
ER, achieving a reduction in from 18.4% to 3.0%. This improvement was
primarily achieved by modifying the final six layers of both the encoder and
decoder, which also helped to maintain CV-de’s performance at a of 18.1%.
Incorporating additional data from the original training domain further decreases
the WER] for the original domain. Nevertheless, it was noted that increasing ER
to 20% introduces a compromise, enhancing CV-de’s performance at the expense
of the newly adapted domain’s accuracy.

This work presents a significant contribution to the field of [ASR] by demonstrating
the effectiveness of layer-specific finetuning combined with continual learning
strategies to accommodate specific speaker demographics while preserving broad
applicability. It opens avenues for future research on domain adaptation across
various dialects and demographic groups, promising enhanced inclusivity and
accessibility in [ASR] technology. The methods employed are model and dataset
independent, suggesting their potential applicability to other domains and languages
beyond German and the specific case of senior voice commands.
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3.2 Domain Adaptation in the context of Child
Speech

Jain et al. (2023) researched the potential of adapting large-scale models,
specifically the Whisper model and wav2vec 2.0, to improve recognition accuracy
for child speech. This exploration is critical, given the inherent challenges in
transcribing child speech, notably due to the scarce availability of comprehensive
child speech datasets necessary for training child-centric models effectively.
Jain et al.| (2023])) address the issue of a decline in performance of systems
when transitioning from adult to child speech. They highlight the distinct acoustic,
linguistic, and phonetic characteristics that differentiate child speech from adult
speech. Leveraging the multilingual and extensive dataset on which Whisper was
trained, the study aims to determine the effectiveness of finetuning Whisper models
with child speech data, thereby enhancing [ASR] performance for this demographic.

For finetuning, |Jain et al. (2023)) used the following child speech datasets:
MyST Corpus (Pradhan et all 2023), PFSTAR dataset (Russell, 2006), CMU
Kids dataset (Eskenazi et al.,|1997) and LibriTTS dev-clean dataset (Zen et al.l
2019). All datasets underwent preprocessing to remove abbreviations, punctuation
marks, white spaces, and any non-alphanumeric symbols, with all text converted
to lowercase. Additionally, audio files were standardized to a 16kHz sampling rate
and converted to 16-bit mono format. The dev-clean subset from the LibriTTS
dataset, comprising 9 hours of audio, was utilized for evaluation. The My Science
Tutor (MyST) Corpus, an American English dataset for child speech consisting
of more than 393 hours, with 197 hours fully annotated, was segmented creating
two portions: 55 hours for training purposes and 10 hours for evaluation. The
PFSTAR dataset, encompassing recordings of British English-speaking children
totaling 12 hours, allocated 10 hours for training and the remaining 2 hours for
testing. The CMU Kids corpus was used exclusively for validation and comprises
9 hours of children’s read-aloud sentences at Carnegie Mellon University. Even
though these datasets are not as expansive as the Common Voice Datasets, for
example, they represent the most comprehensive public resources for child speech
research available to date.

In the finetuning process, a learning rate of le-5 was applied across all Whisper
model finetuning experiments. The wav2vec2-base model underwent finetuning
with a learning rate of le-4, and the wav2vec2-large model with a rate of 2.5e-5,
aligning with established guidelines. The settings for finetuning were maintained
as originally specified for both Whisper and wav2vec2 models: the strategy for
both models included training only the models’ final layers while keeping the rest
unchanged, as recommended by their creators (Radford et al.l 2023; |[Baevski et al.,
2020). During the finetuning process, the Whisper model optimizes performance
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by reducing the cross-entropy loss, in contrast, the wav2vec2 model aims to lower
the Connectionist Temporal Classification (CTC) loss.

Employing this experimental setup, [Jain et al.| (2023) conducted two sets of
experiments. In the first set, Whisper models of varying sizes (tiny, base, small,
medium, large, and large-v2) were assessed across various child speech datasets.
Notably, the large-v2 model underwent training for 2.5 times more epochs than the
large model and incorporated additional parameters for enhanced regularization.
Each model variant was available in two forms: one trained on multilingual datasets
and another trained exclusively on English, except for the large and large-v2 models,
which lacked an English-only version. A comparison of WER] across English adult
speech datasets revealed that models with a larger number of parameters typically
achieved lower WERs, a trend also observed when these models were evaluated
on child speech datasets. The second set of experiments focused on finetuning
the Whisper models using the child speech datasets individually and combined.
For this, the three models that exhibited superior performance in the initial trials
(medium, medium.en, and large-v2) were used. Finetuning showed significant
improvements. Particularly, finetuning on MyST 55h reduced WERs significantly
in child speech tests but saw a 2% increase in the CMU test dataset. The
Large V2 model demonstrated the most substantial WER] reductions, with the
lowest [WER] recorded at 2.88 on the PFS test. Across all finetuning experiments,
models finetuned with datasets closely matching the test datasets’ distribution
showed the best results.

When comparing finetuned Whisper and wav2vec2 models, wav2vec2 models,
previously finetuned with Librispeech, showcased superior performance over child
speech datasets, except for the CMU test set where Whisper models performed
better, indicating that the CMU Kids dataset might share acoustic properties with
adult speech. Wav2vec2 models finetuned on MyST 55h specifically showed bet-
tefWERJates compared to Whisper models on the same test, indicating a stronger
generalization to similar dataset distributions. However, when combining MyST
55h and PFSTAR 10h for finetuning, wav2vec2 models still surpassed Whisper
models across child speech datasets, suggesting a slightly better performance by
wav2vec2 in child speech recognition. The findings reveal significant enhancements
in [ASR] accuracy for child speech through finetuning and affirm the potential of
these methodologies to elevate [ASR] technologies for children. Furthermore, the
comparative analysis between Whisper and wav2vec2 models enriches the discourse
on the efficacy of supervised versus self-supervised learning approaches in
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3.3 German Automatic Speech Recognition
Datasets

Wirth and Peinl (2023)) designed a dataset compromising 610 hours of aligned
audio-transcript pairs from German political debates, providing a robust resource
for training [ASR] systems in recognizing formal German used in political contexts.
While not medical, the formal language used is to some extent assimilable to the
structured language found in medical transcripts. This makes the dataset a valuable
resource for understanding high-context communication within German.

Rumberg et al. (2022)) focused on German children’s speech. Their corpus
“kidsTALC” includes audio and phonetic transcriptions intended to support [ASE]
technologies in educational and pediatric environments. Similar to medical [ASR]
recognizing child speech requires tailored models that can handle varied speech pat-
terns and irregularities, which is crucial for applications that require understanding
less structured language.

Within the Mozilla Common Voice project, |Ardila et al| (2019)) created an open
and publicly reusable database of voice inputs from various languages, including
German. The German segment of this dataset is particularly relevant for its
broad demographic and linguistic diversity, offering a rich resource for training
and finetuning [ASR] systems across different accents, dialects, and speech patterns.
This dataset helps in developing more robust and inclusive [ASR] systems that can
perform well across the diverse spectrum of German speech, which is essential for
both general and specialized applications like medical [ASR][Eberhard and Zesch
(2021)).

While these datasets contribute significantly to the field of [ASR] by providing
diverse linguistic and demographic data, they collectively underscore a persistent
deficiency in domain-specific resources for the German medical sector, especially
German medical datasets including Standard Austrian German pronunciation.
Notably, there is a distinct lack of datasets that focus on Standard Austrian
German, which features unique pronunciation and linguistic characteristics that
are underrepresented in general German speech recognition models. This gap
is particularly problematic in medical [ASR] applications, where accuracy and
regional linguistic specificity are crucial for effective communication and information
processing. The “MedASR-DE-AT” dataset we propose in this thesis is developed
to fill this gap, offering in-domain audio data to enhance applications within
(Austrian Standard) German medical contexts.
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4 Datasets

In this chapter, we explain the creation of the datasets used for our experiments.

Our main dataset, MedASR-DE-AT includes 4,480 audio recordings with corres-
ponding transcriptions. Each recording is under 30 seconds in duration, totaling
about 11.5 hours of audio. These recordings are derived from anonymized surgical
patient records collected across German clinics from 2004 to 2016. The data was
initially provided as a single large text file by the company 4voice AG. We then
split the provided text file into approximately 90,000 separate files, each containing
not more than one sentence to facilitate data handling and dictation.

4.1 Data Collection

Contrary to typical methodologies involving the transcription of existing audio
(Simon et al., 2022), this project required creating new audio files from text due to
the initial lack of audio data. The dataset comprises audio recordings dictated by
two native Austrian Standard German speakers. Speaker 1, the primary contributor
and author of this paper, dictated approximately 4,000 of the total 4,480 recordings.
This speaker is female, was 25 years old at the time of recording, born in Vienna,
and had prior experience in dictation, although lacking a medical background.
Speaker 2, who contributed the remaining recordings, is a 39-year-old male from
Lower Austria. Similar to Speaker 1, he had experience in dictation but did not
possess a medical background.

4.2 Dictation Setting

Recordings were made using the Philips SpeechMike Premium E| Even though
we had experience in dictating with this microphone and knew that it excels
in handling background noise, we conducted the recordings in controlled, quiet
environments to ensure clarity. Quality control was maintained by re-recording any
audio that contained errors during dictation. Random audio samples were later
verified against their transcripts to ensure accuracy.

3https://www.dictation.philips.com/de/produkte/stationaeres-diktieren/
speechmike-premium-diktiermikrofon-1fh3500/

35


https://www.dictation.philips.com/de/produkte/stationaeres-diktieren/speechmike-premium-diktiermikrofon-lfh3500/
https://www.dictation.philips.com/de/produkte/stationaeres-diktieren/speechmike-premium-diktiermikrofon-lfh3500/

4 Datasets

4.3 Data Preparation

We developed this dataset to serve as a tool for the further refinement and retraining
of existing [ASR] models, thereby requiring compatibility with various model engines.
Specifically, to ensure compatibility with the Whisper engine, it is essential that the
audio files in this dataset do not exceed a duration of 30 seconds. This limitation
is critical to ensure optimal performance of the system (Radford et al., 2023).
Hence, we checked all audio files to ensure they adhered to the 30-second limit,
discarding any that exceeded this duration to maintain consistency across the
dataset. We decided to include medical notations such as numbers, punctuation,
and abbreviations. These elements are essential in medical settings to convey
accurate information: subtle distinctions, such as precise dosage amounts or specific
medical shorthand, may substantially modify the meaning. The inclusion of these
critical elements in datasets is crucial for the training of realistic [ASR] systems, as
it ensures a reliable interpretation of complex medical language and abbreviations
prevalent in healthcare settings. Furthermore, this inclusion aids in minimizing
the risk of miscommunication and enhances the overall efficacy of technological
applications in patient care. It can mitigate potential errors and improve the quality
of information exchange in healthcare environments, consequently contributing to
increased patient safety (Pakoci et al., [2022)).

4.4 Statistical Analysis of Training Data

We divided the MedASR-DE-AT dataset into three sections: 80% for training, 10%
for validation, and 10% for testing. Specifically, the training set contains 3,584
instances totaling 8 hours, 54 minutes, and 47 seconds. The validation set includes
449 instances amounting to 1 hours, 9 minutes, and 4 seconds, and the testing set
comprises 448 instances, totaling 1 hours, 6 minutes, and 40 seconds.

To enhance our understanding of the training data, we conducted a thorough
analysis of the textual content within the train split of our dataset. This examination
focuses on vocabulary size, sentence structure, and prevailing linguistic patterns,
offering a comprehensive description of the dataset’s linguistic features.

The training data compromises a total word count of 43,686 and a vocabulary
size of 7,747 unique words. This indicates a moderate level of lexical diversity,
suggesting that the dataset encompasses a wide range of language use, which is
crucial for comprehensive language modeling and understanding. The ratio of
total words to unique words provides a measure of lexical richness, which in this
case suggests a relatively diverse usage of language but with some repetition of
vocabulary, which seems logical for domain-specific datasets like ours.

Figure [2| illustrates the distribution of sentence lengths within the training data.
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Figure 2: Distribution of Sentence Length of Training Data

The average sentence lengths is approximately 12 words. Most of the training
sentences compromise between 10 to 20 words. The presence of sentences with zero
length results from entries composed solely of numbers and punctuation, which
have been removed during preprocessing.

Further, we identified the most common words and bigrams in the training data.
The results are presented in Figure [3l and Figure [d] respectively. These frequent
terms reflect specific themes or focus areas within the dataset. For instance, the
prevalence of directional terms (rechts, links meaning right, left) and procedural
terms (Operation, einbringen meaning operation, place: like in place the catheter)
strongly indicate the medical context.

The analysis of bigrams further underscores the specific vocabulary used but
also highlight typical actions or procedures described in the dataset.

Additionally, we conducted an analysis of the audio files featured in the training
data. As mentioned, the total playtime of all audio files in the training set amounts
to 8 hours, 54 minutes, and 47 seconds, indicating a substantial amount of audio data
for processing and analysis. The average duration of an audio file is approximately
8.95 seconds, and the median duration is 7.89 seconds. Since the Whisper engine
expects audio snippets to be under 30 seconds long for optimal processing, we did
not include any files longer than 30 seconds in our dataset. The shortest audio file
in the dataset is just 0.23 seconds, whereas the longest extends to 29.81 seconds.
Further, there is a standard deviation of 4.86 seconds, which indicates a moderate
dispersion around the average length. This variability shows that while many audio
files are close to the average length, there are also numerous outliers, contributing
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Figure 5: Distribution of Audio Lengths in Training Data

to the wide range in audio file lengths that can be observed in Figure

4.5 Dataset Structure

The dataset is modeled after widely used audio datasets like the Common Voice
speech corpus (Ardila et al., 2019) and organized according to best practices for
creating audio datasets from Hugging Face E| We designed the dataset following
the Hugging Face AudioFolder structure.

The data folder can be named arbitrarily and should hold the audio files, which
can be in either wav or mp3 format; for this dataset, we used the wav format. The
metadata file should be either a csv or a json file and needs to have a column labeled
file_name that associates each audio file with its corresponding metadata. For our
purposes, a csv file format has been utilized. Table [1| shows how the metadata file
is composed.

4.5.1 Separate Dataset for Testing on Standard German

As mentioned in Section [£.4] the MedASR-DE-AT dataset was partitioned into
three subsets: training (80%), validation (10%), and testing (10%). However, we ad-
ditionally created a separate dataset for testing on Standard German pronunciation,
named MedASR-DE-test on Hugging Face, including 158 audio recordings alongside

“https://huggingface.co/docs/datasets/audio_dataset
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Table 1: Example of medical data transcriptions.

file_name text

data/audio_00001.wav | Diagnosen: Obere gastrointestinale Blutung bei Osophag-
usvarizen, portale Dekompensation der Leberzirrhose mit
Osophagusvarizen; Fundusvarizen; Varizenknéuel unter-
halb Milzhilus; Analvarizen; keine Diinndarmvarizen.

data/audio_00002.wav | 08/03 Erstdiagnose von Osophagusvarizen, jetzt Beginn
Ligaturbehandlung.

data/audio_00003.wav | Ambulant erworbene Pneumonie, grofivolumiges, kom-
paktes Oberlappeninfiltrat rechts.

their corresponding textual transcriptions. Like the MedASR-DE-AT set, these
materials were sourced from the same textual data provided by 4voiceAG, ensuring
consistency in data quality and context. The audio recordings were produced by a
female speaker native to Germany, utilizing Standard German and differentiating
her linguistic background from [ASG] This distinction is significant as it adds an
additional layer to the evaluation process: the potential impact of training models
with Austrian Standard German pronunciation and testing them on Standard
German pronunciation. This setup provides a unique opportunity to observe any
effects or discrepancies that may arise from the linguistic differences between these
two variants.

4.6 Limitations

The dataset is comprised of audio recordings from two speakers, with the majority
provided by one individual, which may limit variation in speaker characteristics.
Both speakers do not have a medical background, which might affect the pronunci-
ation accuracy of medical terms. Additionally, the content is sourced exclusively
from surgical patient records, focusing the dataset’s applicability primarily within
the surgical domain rather than the broader medical field. Both datasets are private
and can not be made open source.

4.7 Ethical Considerations

All personal data was anonymized by the data provider to protect patient privacy.
This de-identification and approval from the data owners to show data snippets in
the thesis ensure the ethical use of this data.
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4.8 Possible Applications

The MedASR-DE-AT dataset not only fills an essential gap in [ASR] resources but
also opens up numerous possibilities for research and application.

In our project, we use the dataset to train and finetune Whisper models. However,
researchers can also finetune other pre-trained [SOTA]J[ASR] models like Wav2Vec 2.0
(Hsu et al} 2021), or BERT-based speech models (Devlin et al., 2019) specifically for
the German-speaking medical domain, potentially reducing the[WER]and improving
recognition accuracy for medical terminologies. For finetuning the Whisper model,
we suggest following the Hugging Face tutorial: finetune Whisper For Multilingual
with HF Transformers | Lowering the is crucial for applications where
precision of information is critical such as medical prescriptions or patient records
(Errattahi et al., 2015a)).

Furthermore, this dataset provides an opportunity to study the impact of training
models on Austrian German data and testing on Standard German, offering insights
into linguistic adaptation and model robustness. Austrian German and Standard
German, while largely mutually intelligible, contain distinct phonetic, lexical, and
grammatical differences that could potentially affect the performance of[ASR]models
(Wirth and Peinl, 2023)). Training models on such region-specific datasets allows
researchers to study the adaptability and flexibility of these models when applied to
a linguistically different test set. Furthermore, by evaluating how models trained on
Austrian German adapt to Standard German, researchers can gain valuable insights
into the linguistic adaptation capabilities of current machine learning algorithms.
This involves understanding how well a model can transfer learned knowledge
from one dialect to another and identifying which model architectures are more
robust against linguistic variations. Such studies are important for developing [ASR]
systems that are effective across different dialects and accents in order to improve
user experience and system reliability in real-world applications.

Finally, practitioners can use the dataset to create specialized [ASR] systems
that are better equipped to handle the unique challenges of medical transcription.
These systems can be optimized to accurately interpret the complex and specialized
terminology and acronyms frequently used in the medical field. By enhancing the
capability of [ASR] systems to recognize and process such specialized language, the
utility of [ASR] technology in healthcare settings can be significantly enhanced. This
leads to improvements in the efficiency of documenting medical records and assists
in facilitating the administrative workflows within healthcare facilities, thereby
supporting clinical staff by allowing them more time to focus on patient care rather
than paperwork (Enarvi et al., [2020).

This dataset is an important step towards improving German medical [ASR]

Shttps://huggingface.co/blog/finetune-whisper
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systems. By addressing specific linguistic needs and providing high-quality, relevant
training data, this contributes to the development of more accurate and efficient
[ASR] technology in medical settings where precision is vital. A notable distinction of
this dataset is its focus on Austrian Standard German, a language variant that, until
now, has not been particularly catered for in existing resources. Typically, datasets
have concentrated on the Standard German language, thereby overlooking the
nuanced differences presented by the Austrian variation. With this unique dataset,
we not only fill a critical gap within medical [ASR] but also broaden the applicability
and effectiveness of [ASR] systems in regions where Austrian German is prevalent. In
the next step of our research, we will focus on finetuning Whisper models with this
dataset to determine if targeted retraining and parameter adjustments can improve
[ASR] accuracy, specifically for Austrian Standard German in medical settings.
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In the following section, we first present the model selected for the domain adapta-
tion process and discuss the considerations made to ensure that the model not only
aligns with the research objectives but also adequately addresses the complexities
of the data involved.

5.1 OpenAI’s Whisper Model

As discussed in Section OpenAl’s SOTAJ[ASR] model Whisper was trained
on an extensive dataset of 680,000 hours of multitask audio comprising Eng-
lish transcriptions, translations from various languages to English, non-English
transcriptions, and pure instrumental audio sourced from the internet. Hence,
its architecture is adept at processing a broad spectrum of speech inputs, from
transcriptions in multiple languages to segments without speech, only containing
instrumental inputs. Furthermore, the model is able to perform a multitude of
speech processing tasks concurrently, which is crucial for its ability to adapt to
specialized domains such as medical speech recognition (Radford et al., |2023]).
Figure [0] illustrates the model’s operational framework and training methodology.

Central to Whisper’s design is a Transformer-based neural network structure,
employing a sequence-to-sequence learning mechanism. This setup begins with
the transformation of audio inputs into an 80-channel, or 128-channel for newer
versions, log-magnitude Mel spectrogram. The representation then undergoes a
convolutional process, augmented with a GELU activation function. The Gaussian
Error Linear Unit (GELU) activation function is a type of activation function
used in deep learning models. It has become increasingly popular for its ability
to improve learning capacity, stability, and computational efficiency of models.
GELU is particularly noted for its differentiability, boundedness, stationarity, and
smoothness, making it superior to traditional activation functions like the Rectified
Linear Unit (ReLU) in various applications (Lee, 2023). After the convolutional
process, the processed data is being passed through successive Transformer encoder
blocks. The encoder’s output feeds into Transformer decoder blocks, where a
sequence of tokens correlating with the transcribed text is generated.

A complete speech processing system comprises various components beyond
speech recognition, such as voice activity detection, speaker diarization, and in-
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Figure 6: Overview of the Whisper Model. Figure by |Radford et al.l q2023[)

verse text normalization. These elements are typically managed through distinct
pipelines, creating a complex system with multiple interacting parts. With the
Whisper model, Radford et al.| (2023)) propose a unified model that handles the
entire processing pipeline. The model discerns task-specific nuances by employing
tokens that represent actions such as transcription, translation, voice activity
detection, alignment, and language identification. The researchers define all tasks
and conditioning information through a sequence of input tokens for the decoder.
The model is also trained to utilize the history of the transcript text to enhance its
ability to resolve ambiguities in the audio and occasionally incorporates preceding
transcript text into the decoder’s context.

Task initiation and conclusion are marked by special tokens indicating the
start and end of a transcript, ensuring the model accurately captures the context
within each training segment: prediction begins with a specific token, followed by
identifying the language spoken, indicated by a unique token for each language in
the 99-language training set derived from the VoxLingualO7 model. If an audio
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segment contains no speech, the model predicts a silence token. Subsequently,
a token designates the task, either transcribing or another specified task. The
decision to predict timestamps is made by including a particular token, defining
the task and format before beginning the output of tokens. Timestamp predictions
are made relative to the audio segment, quantized to the nearest 20 milliseconds,
aligning with the Whisper model’s time resolution. Corresponding tokens have
been added to the model’s vocabulary and interleave these predictions with the
text captions, predicting start times before and end times after each caption’s text.
For transcript segments partially included in a 30-second audio chunk, the model
predicts only the start time, which cues the model to align subsequent decoding
with that timestamp; otherwise, the audio is truncated to exclude the segment.
Finally, a closure token is added. The training loss is masked over prior context
text and used to train the model to predict all other tokens (Radford et al., 2023).

Radford et al. (2023) assessed the performance of long-form transcription on
seven diverse datasets composed of speech recordings that vary in length and
recording conditions. These datasets were specifically selected to encompass a
wide range of data distributions. They include a long-form version of TEDLIUM3
(Hernandez et al., 2018)), which has been adapted to feature each TED talk in its
entirety. Additionally, they examined jargon-heavy segments from The Late Show
with Stephen Colbert (Meanwhile), various sets of videos and podcasts commonly
utilized as benchmarks in online blogs (Rev16 and Kincaid46), recordings
from financial earnings calls (Rio et all [2021), and comprehensive interviews
from the Corpus of Regional African American Language (CORAAL) (Gunter
et al., [2021). [Radford et al| (2023) research shows that Whisper consistently
outperforms the compared models and that this is particularly notable on the
Meanwhile dataset, which is characterized by a high incidence of uncommon words.
Whisper’s enhanced performance on such datasets underscores its robustness and
advanced capability to handle diverse linguistic elements and it further establishes
its superiority over competing [ASR] technologies. This proficiency is essential
for applications requiring accurate interpretation and transcription of complex
and specialized vocabulary, such as the medical domain, where precision and
adaptability to complex terminologies are paramount (Chang et al.| 2023).

Radford et al.| (2023) also reveal that, particularly for English tasks, the
system’s performance is nearing the precision typically attributed to human tran-
scriptionists, which is considered the gold standard in the field of speech recognition
(Gref et all [2022). This close approximation to human-level accuracy indicates
significant advancements in the underlying algorithms and model training meth-
odologies employed by Whisper. These improvements in performance are critical
as they enhance the usability and effectiveness of [ASR] technologies across various
applications, including real-time communication, automated transcription services,
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and assistive technologies, also in the healthcare domain (Zhou et al., [2018]).

5.1.1 Selection Considerations

We selected the Whisper architecture for our project primarily due to its robust
performance in zero-shot and out of distribution settings, making it highly adaptable
for domain-specific tasks like medical German (Peng et al 2023). Unlike
other models that may require extensive finetuning on vast amounts of domain-
specific data, Whisper’s large-scale weakly supervised training allows it to adapt to
new audio distributions effectively. The Whisper model is remarkably efficient at
zero-shot learning and can generalize across different languages and dialects without
the need for dataset-specific finetuning. This capability makes it an ideal choice
for applications requiring high adaptability and reliability in speech recognition,
such as in the medical sector, where accuracy and versatility are crucial.

Moreover, Whisper’s effectiveness in handling multiple languages and its proven
capability in domain adaptation make it especially suitable for the complex termin-
ology and syntax of medical German (Chang et all 2023). Its multitask learning
format, which includes speech recognition alongside translation and other language
tasks, enables the model to better understand and process the specialized vocab-
ulary and sentence structures typical in medical contexts. This adaptability is
enhanced by the model’s architecture, which avoids the fragmentation of tokens in
languages other than English, ensuring more coherent and accurate recognition of
medical terms.

Beyond its adaptability and performance, the decision to utilize the Whisper
model was also influenced by factors such as the availability of its training code and
pre-trained models, active community support, and comprehensive documentation.
These aspects ensure ease of use and ongoing improvements through community
contributions, which are invaluable for a research-oriented project.

5.2 Model Versions

We use two different versions of the Whisper model released by OpenAl as baselines:
Whisper-medium (769 million parameters) and Whisper large-v3 (1550 million
parameters) (Radford et al., [2023). The medium model was trained on either
English-only or multilingual data and Whisper-large-v3 was trained on multilingual
only. The Whisper large-v3 model has the same foundational architecture as its
predecessors with specific adjustments. While the previous versions input audios
with 80-channel log-magnitude Mel spectrograms, Whisper-large-v3 incorporates
an expanded input of 128 Mel frequency bins, signifying that the model is capable
of capturing more detailed audio information. The large-v3 model was trained
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on 1 million hours of weakly labeled audio and an additional 4 million hours of
pseudolabeled audio, sourced from the Whisper large-v2 model, for 2.0 epochs.
Notably, the large-v3 model demonstrates enhanced performance across various
languages, with error rates showing reductions of up to 20% compared to the
Whisper large-v2 model in general scenarios ﬂ

Shttps://huggingface.co/openai/whisper-large-v3
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6 Experiments

In this following section, we will present the experimental design implemented
throughout this thesis.

6.1 Benchmark of Original Whisper Models

In [ASR] three error types occur: substitutions (S), deletions (D) and insertions
(I). Substitutions happen when a reference word is transcribed incorrectly as
another word. Deletions are omissions of words in the generated transcriptions,
and Insertions occur when a word appears in the generated transcription without
a corresponding word in the reference sequence. A fundamental challenge in
calculating the performance for [ASR]systems is establishing word alignment between
the reference and the automatic transcription. This alignment process is crucial
for identifying which words have been deleted, inserted, or substituted (Errattahi
et al., 2015b). The most commonly used metric for evaluating the performance of
systems is the (Ali and Renals, 2020). This metric provides a standard
for comparing different systems or methods and quantifies their performance and
progress in specific tasks through the analysis of error statistics: it quantifies the
proportion of incorrect words in the generated transcriptions, notably substitutions,
deletions, and insertions, relative to the total number of words present in the source
transcriptions (Errattahi et al., [2015bf). The is defined as:

S+D+1  S+D+1I 1
N  H+S+D (1)
where S, D, and I denote the number or substitutions, deletions and insertions,
respectively, and N is the total number of words in the source transcriptions. This
equation can be specified further, when dissecting N into its constituent parts: H,
S, and D, where H is the amount of hits, in other words the number of correct
words. Hence, the takes on a percentage, typically between 0 and 1, with low
percentages indicating a low error level and higher percentages showing a higher
error level. For instance, a[WER] of 0.1, or 10%, signifies that 10% of the output
words are wrong, implying that 90% of the input words were transcribed accurately.
It is important to note, however, that theWER] may exceed 1. This occurs when
the number of errors (S+D-I) in the generated text surpasses the number of words

WER =
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Source Transcription: The quick brown fox jumps over the lazy dog.

v vERv v v BREE v

Generated Transcription: The quick down fox jumps over lady see dog.

Figure 7: Word Error Rate Explanation

in the reference text (Morris et al], [2004). Figure [7] shows an example for better
understanding.

In the case of the example in Figure [7] the WER] would be computed as shown
in the equation [2| The result is an error rate of approximately 44%, indicating
a rather high error level, where nearly half of the words have been transcribed
incorrectly.

S+D+1 2+4+1+1
N a 9

To evaluate the efficacy of performing domain adaptation and finetuning methods
on Whisper models, and to compare them to our finetuned models, we established
performance benchmarks using the original models. We performed the evaluation
on the automatic transcription of audio recordings in the test sets from MedASR-
DE-AT and the MedASR-DE-test dataset. The first one, the test split from our
dataset MedASR-DE-AT, comprises 448 audio recordings done by the two speakers
with Austrian Standard German pronunciation. The second, Med ASR-DE-test,
includes 158 audio recordings articulated by the speaker with German Standard
pronunciation.

WER = = 0,44 (2)

Evaluation For the computation, we used the evaluation script proposed by
OpenAl; it is the same for all model versions |Z| The script employs the Python
library evaluate EI, which is capable of assessing the performance of machine
learning models and datasets. This library enables access to a wide range of
evaluation methodologies, such as accuracy, BLEU score (Papineni et al.l 2002),
COMET (Rei et al., 2020) and WER, among other common metrics utilized in the
field of NLP] By loading and employing the WER] metric, the library compares
predicted and reference transcriptions against each other and automatically carries
out the WER] calculation as discussed above. We opted to conduct two distinct
evaluation phases: in the initial phase we we implement normalization steps as

"https://huggingface.co/openai/whisper-large-v2
8https://github.com/huggingface/evaluate
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recommended by OpenAl El and carried out in related research projects (Jain et al.,
2023}, Pekarek-Rosin and Wermter|, [2023), to ensure a more equitable evaluation
of the model. For normalization, we use the Whisper class BasicTextNormalizer
F_Ul. The BasicTextNormalizer applies several normalization steps to ensure the
model’s uniformity and improve recognition accuracy. It converts all text to
lowercase to eliminate variations caused by capitalization. Additionally, it removes
words enclosed within brackets and parentheses, which are often not crucial for
the main analytical tasks. It also clears away special symbols and diacritics to
rid the text of unnecessary characters. Finally, it reduces multiple whitespace
characters to a single space, thereby standardizing the spacing within the text.
These modifications contribute to the consistency of the text input, which is
crucial for an effective computational analysis and optimal model performance.
We performed all evaluations on Google Colab using a T4 GPU to ensure efficient

processing and evaluation. The results of this initial evaluation phase are illustrated
in Table

6.2 Domain Adpatation: Finetuning Experiments

In the following section, we present the domain adaptation experiments employing
finetuning methods conducted in this thesis. For all finetuning experiments, we
implemented 4-bit quantization E| to decrease the model’s memory requirements
and accelerate the processing speed. 4-bit quantization is a process used in machine
learning that reduces the precision of the numbers representing model weights from
their original format, which is typically 32-bit floating point, to just 4 bits. This
significantly decreases the model’s memory usage and speeds up computation by
using less data to represent each weight (Weng, [2021)).

6.2.1 Finetuning Whisper-medium

For our experiments finetuning the Whisper medium model for German medical
speech data, we identified optimal settings through empirical testing. The model
was trained using the Seq2SeqTrainer from Transformers |E| over three epochs with
evaluations every 300 steps. We set the learning rate at le-5, with a training batch
size of 8 and an evaluation batch size of 4. A warm-up ratio of 0.03 was used at
the start of training, which translates to 90 warm-up steps given the total of 3000
steps across three epochs. The settings are displayed in Table

Yhttps://huggingface.co/openai/whisper-large-v2
Ohttps://github.com/openai/whisper/blob/main/whisper/normalizers/basic.py
Uhttps://huggingface.co/docs/transformers/main_classes/quantization
?https://huggingface.co/docs/transformers

o1


https://huggingface.co/openai/whisper-large-v2
https://github.com/openai/whisper/blob/main/whisper/normalizers/basic.py
https://huggingface.co/docs/transformers/main_classes/quantization
https://huggingface.co/docs/transformers

6 Experiments

Table 2: Training Settings of Finetuning Whisper-medium

Parameters
Epochs 3
Steps per Epoch 1000
Evaluation steps 300
Total steps 3000
Learning Rate le-5
Training Batch Size 8
Evaluation Batch Size 4
Warmup Steps 90
Optimizer AdamW
Loss Function Cross Entropy Loss
GPU Model NVIDIA L4
GPU Memory 25 GB

For optimization, the default optimizer of the Seq2SeqTrainer, the AdamW
optimizer |T_3L is used to enhance learning dynamics, improve regularization, and
stabilize updates. The loss function utilized for finetuning the Whisper model is
the same as for the model itself: cross-entropy loss El

Training was conducted on Google Colab’s NVIDIA L4 GPU [P which has 25
GB of GPU memory, sufficient to handle the Whisper medium model’s memory
requirements, which often exceed 23 GB. This configuration was chosen over the
less capable NVIDIA T4 GPU, which offers only 15 GB.

6.2.2 Impact of Training Data Volume on Model
Performance

Additionally, we conducted an experiment to evaluate the impact of training data
volume on the Whisper medium model’s performance. The experiment involved
training the model with varying amounts of data: 1 hour, 2 hours, 3 hours, 4
hours, 5 hours, 6 hours, 7 hours, 8 hours, and finally 9 hours, which compromises
the entire training set. Each round of training was conducted with the same
settings and training parameters: we trained for 1000 steps with evaluation at each
200 steps. The learning rate was set to le-5, the training batch size was 6, the
evaluation batch size 4, and the warm-up steps were set to 0.03, which accords
to 30 steps when having 1000 training steps. The smaller batch size and number

Bhttps://huggingface.co/docs/transformers/v4.25.1/en/main_classes/trainer
“https://huggingface.co/sanchit-gandhi/whisper-small-hi/discussions/12
Shttps://cloud.google.com/compute/docs/gpus?hl=de
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of training steps were necessary because of computational resources constraints.
Despite having access to Colab Pro and purchasing additional compute units,
it was essential to economize the use of training instances to manage resource
availability effectively. Therefore, these limitations were strategically chosen to
optimize the training process under the given constraints. Once again, the AdamW
optimizer and cross-entropy loss have been employed and the experiments were
conducted using the NVIDIA L4 GPU. The training parameters for training the
Whisper-medium models with different amounts of training data are presented in
Table 3

Table 3: Training Settings of Finetuning Whisper-medium with different Amounts
of Training Hours

Parameters
Epochs 1
Steps per Epoch 1000
Evaluation steps 200
Total steps 1000
Learning Rate le-5
Training Batch Size 6
Evaluation Batch Size 4
Warmup Steps 30
Optimizer AdamW
Loss Function Cross Entropy Loss
GPU Model NVIDIA L4
GPU Memory 25 GB

Two training conditions were tested: with normalization using the BasicTextNor-
malizer, as explained in Section [6.1] and without normalization. Subsequently, we
conducted the same experiment on the MedASR-DE-test dataset, which includes
solely audios with a Standard German pronunciation. The results are shown in
Figure [15) and Figure

6.2.3 Finetuning Whisper-large-v3
For our finetuning project using the Whisper-large-v3 model, we utilized

to accommodate the training of a large-scale model within constrained GPU memory
environments, as discussed in Section [2.5.4] Training the full Whisper-large-v3
model on Google Colab was not possible, due to immediate CUDA memory overflow.
AdaLora, however, reduced the GPU memory footprint to 10-11 GB during training.
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We determined the best configuration through practical experimenta-
tion. Specifically, the configuration included the following parameters: an initial
rank (init_r) of 12, which is the starting complexity of the model adaptations, and
a target rank (target_r) of 4, indicating the reduced computational demand by
the end of training. The coefficients betal (0.9) and beta2 (0.99) were used for
computing running averages of the gradient and its square, similar to those in
the Adam optimizer. The training steps at which the rank reduction begins and
completes were set at 200 (tinit) and 1000 (tfinal), respectively, with a deltaT
of 10 indicating the interval of training steps after which adjustments in model
complexity are applied. The configuration also specified a lora_alpha of 32, a scale
factor for the learning rate applied specifically to the low-rank adapted parameters,
and a lora_dropout of 0.03 to prevent overfitting. Additionally, an orth_reg_weight
of 0.8 was set to encourage orthogonality in the adapted parameters, enhancing
model stability and performance.

Table 4: AdalLora Training Configuration

Parameters

init_r 12
target_r 4
betal 0.9
beta2 0.99
tinit le-5
tfinal 200
deltaT 1000
lora_alpha 32
lora_dropout 0.03
orth_reg_weight 0.8

The training setup was the same as the one for the Whisper-medium model,
involving a training batch size of 8, an evaluation batch size of 4, a learning rate of
le-5, and warm-up steps set at 0.03, corresponding to 30 steps in a total of 3000
planned steps, aiming for 3 epochs, with evaluation at every 300 steps.

This configuration was strategically chosen to efficiently manage computational
resources while ensuring effective model training dynamics.

6.3 Error Annotation

Since we wanted to have a deeper understanding of the models’ performance,
we tasked the Whisper models to generate transcriptions for audio samples from
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6.3 Error Annotation

our distinct datasets. The Whisper medium model completed the automatic
transcription in approximately 2 hours, while the Whisper large-v3 model required
over 4 hours, using the Google Colab CPU. This significant difference in processing
time emphasizes the impact of model complexity, measured by the number of
parameters, on computational effort and runtime. We then compared the generated
transcriptions against the reference transcriptions.

For the analysis, we utilized Label Studio. We initially configured the platform
with a label template tailored for Named Entity Recognition but modified the labels
to suit our specific needs: MISR (misrecognitions), defined as a substitution of a
non-medical term; OMI (omission); INS (insertion); MEDTERM (misrecognition or
false writing of medical term); ORTH (orthographic errors); GRAMM (grammatical
errors); NUM (numbers); and NOT (differences in notation).

To attain these labels, we followed the DQF-MQM TAUS Error Typology (Valli,
2015) format, but customized it to correspond to transcription-related errors only,
similarly to |[Papadopoulou et al.| (2021). Multidimensional Quality Metrics (MQM)
is a framework used to evaluate and quantify the quality of translated texts by
assessing various error types and their impact on overall translation accuracy and
fluency (Freitag et al., 2021). In the context of transcription quality, MQM is
equally useful because it allows for a detailed, structured assessment of transcription
errors. This is done by including a categorization by type and severity, which helps
in identifying specific areas for improvement. This systematic approach ensures
that transcriptions maintain a high level of accuracy and adhere closely to the
source texts, which is essential for effective communication and documentation
(Chot, 2023).

We uploaded both the generated and reference transcriptions in a manner that
displayed them one above the other, allowing for quick identification of discrepancies.
This setup was applied for analyses of the Whisper-medium model, both in its
original and finetuned forms. The transcriptions were created on our two datasets:
MedASR-DE-AT, which utilizes Austrian Standard German pronunciation, and
MedASR-DE-test, which features standard German pronunciation. This approach
allows for a comparative evaluation of the model’s performance across different
dialectal variations within the German language, while assessing the impact of
finetuning on transcription accuracy in medical speech recognition tasks. The
results are presented in Section [7.3|
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7 Results

In this chapter, we will present the results achieved in our benchmarking project,
the finetuning experiments and the error annotation through Label Studio.

7.1 Benchmarking Original Whisper Model

Table 5: WER Results (%) | of original Whisper models (with normalization)

WER | MedASR-DE-AT WER | MedASR-DE-test

Whisper-small 23.95 17.97
Whisper-medium 17.97 11.47
Whisper-large-v2 15.20 8.29
Whisper-large-v3 13.62 7.23

The data presented in Table [5] and [6] provides a clear insight into the impact of
normalization on [ASR] performance. Normalization evidently lowers WER] values
across all Whisper model sizes, from small to large-v3. For instance, the WER]
for the Whisper-small model shows a reduction from 30.69% to 23.95% on the
test set of the MedASR-DE-AT dataset when normalization is applied. Similar
improvements can be seen for the Whisper-large-v3 model, where WER] decreases
from 20.88% to 13.62% on the same dataset. On the MedASR-DE-test set, the
for the Whisper-large-v3 model was reduced to below 10%. This indicates a
significant enhancement of model performance due to normalization. Yet, while
normalization is beneficial, it is imperative for ongoing development to focus on
enhancing the robustness of [ASR] models in handling raw, not normalized speech
to ensure reliability in complex medical environments. Refinement of the acoustic
and language modeling capabilities in these models may enhance their ability to
accurately reflect the intricacies of medical speech and reduce their dependence on
text normalization techniques.

Generally, the higher-version Whisper models, such as Whisper-large-v3 achieve
better WER] results. This observation is evident, since this model is more complex
with a greater number of parameters and Mel frequency bins than its predecessors.
This complexity enables it to capture nuanced aspects of language, including the
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Table 6: WER Results (%) | of original Whisper models (without normalization)

WER | MedASR-DE-AT WER | MedASR-DE-test

Whisper-small 30.69 22.23
Whisper-medium 24.89 15.61
Whisper-large-v2 22.20 13.19
Whisper-large-v3 20.88 11.67

specialized vocabulary and syntax used in medical documentation, more effectively
than the smaller models.

Additionally, the values reveal some interesting results: both values
are higher for MedASR-DE-AT, which was recorded by Austrian Standard German
speakers. These findings indicate that the Whisper models perform significantly
worse on Austrian Standard German pronunciation, as compared to Standard
German. This discrepancy probably arises because the model is more used to
Standard German pronunciation. Whisper has been trained on data from a variety
of online sources which are generally public or available under licenses that permit
academic and research use. |Radford et al. (2023) do not provide a detailed
breakdown of each specific source or the exact composition of the data in terms
of languages or variants. However, it is likely that the majority of the German
training instances consist of audio recordings from speakers of Standard German,
given that the population of Standard German speakers is significantly larger than
of Austrian Standard German speakers.

Moreover, Whisper performs notably better when tasked with transcribing
everyday language: According to Radford et al.| (2023) the Whisper-small model
achieves a of 13%, while the Whisper-large-3 model records a of
6.4% on the CommonVoice 9.0 dataset (Ardila et al. |2020b), including 14,973
hours of vernacular in 93 languages. The persistence of relatively high error rates
even after normalization, ranging from 7.23% to 30.69% across the models and
datasets, highlights underlying limitations in the models’ ability to accurately
transcribe medical speech. These findings underscore that the highly complex
medical terminology and its subtleties discussed in Section and Section (1.3
do have an important impact on the model’s performance.

7.2 Finetuning Results
Our primary objective of this research was to enhance the performance of the

Whisper model in accurately transcribing audio recordings within the German
medical domain. This goal was successfully achieved through systematic domain
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Whisper-medium Finetuning: Evaluation Steps
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Figure 8: Whisper-medium Finetuning: Evaluation Steps

adaptation and finetuning approaches. By adapting the Whisper model to better
recognize and process the specific terminologies and pronunciations characteristic
of Austrian Standard German medical speech, we were able to significantly improve
its transcription accuracy.

7.2.1 Finetuning Whisper-medium
Figure [§ illustrates the progression of the Whisper-medium model across

evaluation steps during training. It is important to note that these values indicate
the WER] on the validation set of Med ASR-DE-AT during training. The test and
evaluation set are not identical, which accounts for some variation in error rates
between the two sets.

Initially, the drops drastically from 24.15% to 13.81% after 300 training
steps, demonstrating that the model quickly adjusted to the fundamental char-
acteristics of the medical speech data. The decline in [WER] continues, but at a
slower rate, reaching 12.41% at 600 steps and 11.38% by 1800 steps. This suggests
that the model progressively refined its understanding of the data, improving its
transcription performance. After 1800 steps, the WER] fluctuates slightly, peaking
with 11.68% at 2100 steps before declining again to stabilize around 11.18% at 2400
and 2700 steps, and finally reducing slightly to 11.06% at 3000 steps. These fluctu-
ations might be attributed to the model’s adjustments to optimize performance on
complex aspects of the evaluation dataset.

Figure [9 shows the training loss during our finetuning experiment with Whisper
medium. Initially, the training loss sharply decreases from approximately 0.4613 at
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Whisper-medium Finetuning: Training Loss
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Figure 9: Whisper-medium Finetuning: Training Loss

300 steps to 0.1198 at 600 steps. This rapid reduction suggests that the model was
adjusting to the dominant features of the dataset immediately.

As training continued, the loss steadily declined, which indicates ongoing im-
provements in the model’s ability to adapt to the dataset. Notably, the loss values
reduced more slowly after the first 900 steps, transitioning from a loss of 0.0689
at 900 steps to a final low of 0.0009 at 3000 steps. This shows how the model
transitioning from learning general patterns to refining its understanding of the
more subtle, yet crucial, details of the data to achieve high accuracy.

The validation loss during finetuning of Whisper-medium is presented in Figure
IQ It reveals an initial loss reduction from 0.1944 to 0.1711 between 300 and 600
steps, which suggests effective early learning. However, the subsequent increase in
validation loss from 0.1725 at 900 steps to 0.1921 at 3000 steps suggests potential
overfitting as training progresses.

The [WER] results of the finetuned Whisper-medium model on our testset and
the MedASR-DE-test dataset are illustrated in Figure [[1] and Figure [12 When
using the Whisper-medium model, the [WER] result before finetuning without
normalization for the testset of MedASR-DE-AT was 24.89%, and for the MedASR-
DE-test dataset, it was 15.61%. After finetuning without normalization, these rates
improved to 10.37% and 9.48%, respectively.

When normalization was applied, the results before finetuning were 17.97%
for the testset of MedASR-DE-AT and 11.47% for the MedASR-DE-test dataset.
After finetuning with normalization, the further decreased to 6.77% for the
MedASR-DE-AT dataset and 7.19% for the MedASR-DE-test dataset. The results
are shown in Figure [13] and Figure
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Whisper-medium Finetuning: Validation Loss
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Figure 10: Whisper-medium Finetuning: Validation Loss
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Figure 11: WER (%) | improvements for Finetuned Whisper-medium (without
normalization) on test set of MedASR-DE-AT
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Figure 13: WER (%) | improvements for Finetuned Whisper-medium (with nor-
malization) on test set of MedASR-DE-AT
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Figure 14: WER (%) | improvements for Finetuned Whisper-medium (with nor-
malization) on MedASR-DE-test

The substantial decrease in training loss and [WER] during the finetuning process
of the Whisper-medium model clearly shows enhancements in the finetuned model’s
transcription capabilities. Training and finetuning the Whisper-medium model on
our German medical dataset with Austrian Standard German pronunciation has
effectively enabled the model to become highly adept at processing and transcribing
the specific terminology and language patterns represented within the domain of
surgery. The consistent reduction in WER, further supported by normalization
techniques, confirms the effectiveness of our approach.

Moreover, it is important to highlight that the results on the MedASR-DE-AT
dataset, which includes Austrian pronunciation and was used during training,
showed more significant improvements. This outcome aligns with expectations
given the model’s training specifics. Conversely, the improvements on datasets
featuring Standard German pronunciation were less pronounced, yet noticeable.
This indicates that the finetuning also enhanced the model’s ability to transcribe
medical terminology more accurately across different dialects of German.

7.2.2 Impact of Training Data Volume on Model
Performance

Figure [15| shows the results of our evaluation of the impact of training data volume
on the Whisper medium model’s performance. The figure illustrates the [WER]
(in percent) against the amount of training data (in hours). Initially, both the
model employing normalization and the one without normalization steps exhibit
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Figure 15: Impact on Training Data Volume on Performance of Whisper-medium
on MedASR-DE-AT

a significant drop in [WER] after the first hour of training. The [WER] for the
model without normalization steps on MedASR-DE-AT decreases from 24.89%
to 15.40%, while the model including normalization drops from 17.97% to
around 11.15%.

With the inclusion of more training data, both models show a gradual decline
in WER, with diminishing [WER] as the amount of training data increases, which
shows the model’s capacity to adapt to the specific linguistic and acoustic features
of the medical domain present in the training data. However, the model including
normalization consistently outperforms the model without normalization steps at
all training data levels. After 9 hours of training, the WER] for MedASR-DE-AT
without normalization is 11.27%, whereas the model employing normalization

achieves a of 7.28%.

The results of the same experiment on the MedASR-DE-test dataset are illus-
trated in Figure [16| For MedASR-DE-test, after the first hour of training, the
improves from 15.61% to 13.42% when no normalization is applied, while
the model employing normalization initially remains stable around 11.5% WER.
As more training data is incorporated, both models exhibit a decline in WER,
with the model using normalization once again consistently outperforming the
other model at all training data levels. After 9 hours of training, the WER] for
the model without normalization steps is at 9.48%, whereas the model employing
normalization steps achieves a[WER]of 7.19%. The observed slight upward trend at
the conclusion of the training process can be explained by the variability of machine
learning models rather than a fundamental issue with the model’s performance.
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Figure 16: Impact on Training Data Volume on Performance of Whisper-medium
on MedASR-DE-test

Given that machine learning models do not produce exactly the same outcomes
on separate occasions, this variation can be considered normal. It underscores
the importance of repeated testing and validation to accurately assess the model’s
effectiveness across different datasets and conditions. Such variability is a natural
aspect of how machine learning algorithms learn and generalize from data.

Normalization significantly improves model performance, leading to lower WERs
at all training data levels and for both datasets. This suggests that the Whisper
model benefits from cleaner, more standardized input data. Increasing the amount
of training data reduces the[WER]for both models, although the rate of improvement
slows with more data, indicating that additional training data continues to enhance
performance but with decreasing incremental gains.

A critical observation is the influence of pronunciation differences between
Austrian German and Standard German on the model’s performance. The overall
[WER] improvement is once again more pronounced in the MedASR-DE-AT dataset,
which includes Austrian German pronunciation, compared to the MedASR-DE-test
dataset with Standard German pronunciation, which makes sense, given that we
trained the model on the train split of the MedASR-DE-AT dataset, compromising
solely Austrian Standard German pronunciation. This suggests that normalization
and finetuning are particularly beneficial in handling pronunciation variations,
consequently improving the model’s robustness and accuracy in diverse linguistic
contexts within the medical domain. This observation is further reinforced by the
fact that the model was predominantly trained on recordings of the author’s voice.
Consequently, it demonstrates enhanced accuracy when tested again using similar
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vocal characteristics, which further underlines the benefits of personalized training
in improving speech recognition performance in specific linguistic and acoustic
environments.

In summary, the experiment demonstrates that both increasing the volume of
training data and applying normalization techniques substantially improve the
Whisper model’s accuracy for German medical data transcription, with normal-
ization providing a notable advantage throughout the training process. These
results underscore the efficacy of model adaptation through incremental training
on domain-specific data. By finetuning the Whisper-medium model with increasing
volumes of targeted audio data, we could improve the WER]significantly, enhancing
the model’s performance and reliability for applications within the medical field.
The consistent reduction in WER] with additional training data also confirms the
potential of deep learning models to learn complex patterns in specialized con-
texts, provided that sufficient and representative training data is used. However,
pronunciation differences between training and testing data sets can adversely
affect performance, indicating a need for pronunciation-specific training to achieve
optimal results in medical speech recognition technologies. This insight provides
a valuable foundation for further experiments and applications in medical [ASR]
technologies.

7.2.3 Finetuning Whisper-large-v3

The finetuning of the Whisper-large-v3 model on German audio data demonstrated
less notable outcomes than the finetuning experiments of Whisper-medium. This
can be attributed to the fact that the runtime on Google Colab was consistently
interrupted after approximately 900 steps or approximately four to six hours of
training. These interruptions are particularly detrimental to the training of larger
models like Whisper-large-v3, which require extended, uninterrupted runtimes to
effectively adjust their more complex neural architectures. As a result, the model
could not fully optimize its parameters or adequately learn from the training data.

Figure [17] displays the progression of the Whisper-large-v3 model’s finetuning
until the 900th step, measured by the WER. Initially, the starts at 20.31% at
0 training steps. As training continues, a gradual decrease in the WER]is observed:
it reduces to 20.07% at 300 steps, drops to 19.24% by 600 steps, and further declines
to 18.94% at 900 steps.

The training loss during the finetuning experiment of Whisper-large-v3 using
is shown in Figure [I§ The results reveal a consistent reduction across
training steps. The loss declined from 1.2541 at 300 steps to 1.0263 at 600 steps,
and further to 0.6673 at 900 steps. This signifies that the model is effectively
learning and improving its capacity to approximate the target outputs, showing an
enhanced ability to generalize from the training data. The steady decrease in loss
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Whisper-large-v3 Finetuning: Evaluation Steps
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Figure 17: Whisper-large-v3 Finetuning: Evaluation Steps

confirms that the adjustments made through finetuning are successfully

optimizing the model’s performance.

The validation loss results for finetuning the Whisper large-v3 model using
show a continuous decrease over the training steps, and are illustrated
in Starting at 1.2164 at 300 steps, the loss drops to 0.8764 at 600 steps and
further reduces to 0.6093 at 900 steps. This consistent downward trend suggests
that the model is successfully generalizing from the training data and enhancing its
predictive accuracy on unseen data. The results reflect positively on the
finetuning method. They indicate its efficacy in improving model performance
across the validation dataset.

The results of testing the finetuned Whisper-large-v3 model on both the test set
of the MedASR-DE-AT dataset and the MedASR-DE-test dataset are presented in
Figures 20 21} 22], and 23] The finetuning results of the Whisper-large-v3 model
were also influenced by the application of normalization and the specific datasets
used. The results were evaluated by considering changes in the [WER] before and
after finetuning under conditions of normalization and without normalization.

In the normalized condition, the MedASR-DE-AT dataset showed a slight im-
provement in following finetuning, decreasing from 13.62% to 13.33%. Con-
versely, the MedASR-DE-test dataset, which initially recorded a lower [WER] of
7.23%, experienced a slight increase to 7.90% after finetuning. This deviation
does not necessarily indicate a decline in the model’s overall performance through
finetuning. Given that the training and validation loss continuously decreased it
is more likely that the slight increase in WER, less than 1%, is attributed to the
nature of machine learning models and, in this case, their variability in creating
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Figure 18: Whisper-large-v3 Finetuned: Training Loss
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Figure 20: WER (%) | improvements for Finetuned Whisper-large-v3 (with nor-
malization) on test set of MedASR-DE-AT

transcriptions, as described in The results are illustrated in Figure [20] and
Figure

For the non-normalized experiments, the initial WERs were higher, indicating the
beneficial effect of normalization in reducing transcription errors. The MedASR-DE-
AT dataset showed a[WER]of 20.88% before finetuning, which was reduced to 19.20%
afterwards, demonstrating a benefit from finetuning even without normalization.
Similarly, the MedASR-DE-test dataset initially had a of 11.67%, which
improved to 10.33% post finetuning. The results are shown in Figure [22/ and Figure
23l

The finetuning of the Whisper-large-v3 model using [AdalLoRA|demonstrates that
even with the constraints of limited runtime on platforms like Google Colab, the
model can still learn and improve significantly. This is evident from the consistent
decrease in training and validation losses across the training steps. Normalization
clearly helped reduce transcription errors, which is crucial for enhancing accuracy
in real-world applications. This suggests that thoughtful preprocessing can play a
critical role in improving model outcomes. All the finetuning results can be seen
in Table [7] These results underscore the effectiveness of finetuning in
refining large-scale neural network models, but also the practical limitations of
current training environments. The full potential of models like Whisper-large-v3
might be better realized with more robust computational resources that permit
longer and uninterrupted training sessions.
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Figure 21: WER (%) | improvements for Finetuned Whisper-large-v3 (with nor-
malization) on MedASR-DE-test
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Figure 22: WER (%) | improvements for Finetuned Whisper-large-v3 (without
normalization) on test set of MedASR-DE-AT
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Figure 23: WER (%) | improvements for Finetuned Whisper-large-v3 (without
normalization) on MedASR-DE-test

Table 7: WER Results (%) { for fine-tuned Whisper models

Without Normalization
Description Medium Large-V3

MedASR-DE-AT Original 24.89% 20.21%
MedASR-DE-AT Finetuned  10.37% 19.20%
MedASR-DE-test Original 15.61% 11.67%
MedASR-DE-test Finetuned — 9.48% 10.33%

With Normalization
Description Medium Large-V3

MedASR-DE-AT Original 17.97% 13.62%
MedASR-DE-AT Finetuned 6.77% 13.33%
MedASR-DE-test Original 11.47% N/A

MedASR-DE-test Finetuned — 7.19% 7.90%
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7.3 Error Analysis

In this section, we present the findings from our error annotation done with Label
Studio.

Original Whisper-medium on MedASR-DE-AT In our analysis of the
original Whisper-medium model using the MedASR-DE-AT test set, we found that
213 out of the 158 transcriptions, so approximately 47.54% of them, contained errors.
This is a significant error rate which would most probably impact the practical
deployment of the model in clinical settings or other sensitive environments, where
high-quality medical transcription is needed.

The total word count in the generated transcriptions was 5,825. Out of these,
6.28% of the words were labeled as errors. In total, 366 instances were labelled
as errors. Out of that, 264 were error type errors related to medical terms, which
accounted for 72.13% of all labels and 4.53% of total words. This indicates a
substantial challenge in accurately transcribing medical terminologies, which are
crucial for the correct interpretation of medical documentation and communication.
This finding aligns with existing challenges in (German) medical as discussed
in Section [1.2.1} and Section Other error categories such as insertions, omis-
sions, notation errors, misrecognitions, orthographic errors, grammatical errors,
numerical errors, and errors involving abbreviations were considerably less frequent.
Specifically, notation errors and misrecognitions comprised 9.29% and 7.38% of the
total labels respectively. The label "ORHTH”, for orthographic errors appears 20
times, constituting only 0.34% of all words in the dataset and 5.46% of the total
labels. Following this, grammatical errors are recorded 15 times, making up 0.26%
of total words and accounting for 4.10% of all labels. The omission label occurs
4 times, which represents 0.07% of the total word count and 1.09% of the labels.
Both insertions and numerical errors are noted only once, each comprising 0.02% of
the words and 0.27% of the labels. Finally, the label ”ABBR” has no occurrences,
indicating that no abbreviation has been transcribed wrongly. Figure [24] shows the
most common error types identified during the analysis of transcriptions performed
using the Whisper-medium model on the MedASR-DE-AT dataset.

Figure [25| presents the five most common transcription errors labeled as Medical
Terms in the original Whisper-medium model’s analysis using the MedASR-DE-AT
dataset. These errors include misrecognized words such as Druck H mislabeled as
Trokar, Overhold instead of Ouverholt, Druckhase for Trokar, Lure as Luer, and
Trocars labeled as Tokars.

These errors can be explained by the characteristics of Austrian pronunciation,
as discussed in Section [1.3.2] For example, the confusion between Druck H and
Trokar involves the misrecognition of initial consonants d and ¢, a typical issue
in Austrian Standard German where such consonants can be variably articulated.
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Figure 24: Most Common Labels: Original Whisper-medium (MedASR-DE-AT)

Similarly, the replacement of Overhold with Owverholt and the ending -er in Luer
getting dropped to become Lure align with common Austrian phonetic tendencies
where final consonants might be softened or omitted. These findings affirm the
expected challenges in accurately transcribing such terms without tailored model
training to account for these regional variations.

Overall, the transcription errors depicted align with anticipated pronunciation
challenges inherent to Austrian German, reinforcing the need for targeted improve-
ments in the model’s training regimen to enhance its accuracy in medical settings
specific to this linguistic context.

The distribution of errors underscores the need for targeted refinements in the
model, particularly to improve the recognition of medical terms, where error rates
are notably higher. This analysis suggests that although the Whisper-medium
model has potential, it demands specific enhancements to reliably function in
German medical contexts.

Finetuned Whisper-medium on MedASR-DE-AT After finetuning the
Whisper Medium model with our specialized German medical dataset, we observed
a substantial reduction in the error rate among the transcriptions. The percentage
of transcriptions containing errors decreased significantly from 47.54% to 20.63%.
This improvement highlights the effectiveness of our approach to enhance the
accuracy of [ASR] systems in specialized fields such as medicine.

The total number of labels also declined significantly to 2.02% of the total words,
compared to 6.28% in the original Whisper model, which indicates a more reliable

73



7 Results

[N}
N

Frequency

Druck H (Trokar) Overhald (Overholt) Druckhase (Trokars)

Wrong Transcriptions (True Terms)

Lure (Luer) Tracars (Trokars)

Figure 25: Most Common MEDTERM Errors:  Original Whisper-medium
(MedASR-DE-AT)

transcription performance across various types of errors. The analysis of labels
after finetuning reveals a significant reduction in errors related to Medical Terms,
which now makes up 0.89% of total words and 44.04% of total labels. This is a
marked improvement from 4.53% of total words and 72.13% of all labels in the
original model. Notably, we observed that all of the terms depicted in Figurd25| that
were incorrectly transcribed by the original model, now were correctly reconized by
our new, finetuned model, which suggests a significant enhancement of accuracy in
transcribing medical terminology. After medical terms, errors involving notation
appeared most frequently with 21 occurrences, making up 0.39% of the total words
and 19.27% of the total labels. This is followed by grammatical errors, which
are recorded 17 times, accounting for 0.32% of total words and 15.60% of total
labels. Misrecognitions are also notable, with 10 occurrences, constituting 0.19%
of the total words and 9.17% of total labels. orthographic errors are observed 9
times, representing 0.17% of total words and 8.26% of total labels. Insertions and
omissions show much lower frequencies, with insertions occurring only 2 times,
representing 0.04% of total words and 1.83% of total labels, and omissions only once,
representing 0.02% of total words and 0.92% of total labels. Only one numerical
error appeared, amounting to 0.02% of total words and 0.92% of total labels.
Abbreviation errors did not occur at all. This can be seen in Figure [26]

We observed that no individual Medical Term error occurred more than once
as an error. This indicates a considerable improvement in the model’s ability to
accurately recognize and transcribe medical terminology. Consequently, creating

74



7.3 Error Analysis

50

40

Frequency
w
[=]
|

™~
=1
!

10 4

T T T T T T T T
Medical Terms Notation Grammatical Misrecognitions Orthographic Insertions Omissions Numbers
Error Types

Figure 26: Most Common Labels: Original Whisper-medium (MedASR-DE-AT)

a graph to depict the frequency of individual medical term errors would not be
meaningful, as each term appears only once.

These results show significant improvements in accuracy, especially in the critical
area of medical terms. This supports the need for ongoing efforts in dataset
enhancement and model tuning to further optimize [ASR] utility in German-speaking
healthcare sectors.

Original Whisper-medium on MedASR-DE-test In the analysis of the
original Whisper Medium model using the MedASR-DE-test dataset with German
pronunciation, 75 out of the 158 total transcriptions, so 47.47% contained errors,
which closely aligns with the error rate found using an Austrian pronunciation
dataset.

The total word count in the generated transcriptions was 2,259, and 103 words,
50 4.56% of the words, were labeled with errors. This percentage represents a slight
improvement over the results with the Austrian dataset, indicating that the original
the model handles standard German pronunciation sightly better then Austran
pronunciation.

MEDTERM errors were again the most frequent, accounting for 3.50% of total
words and 76.70% of all labeled errors, which aligns with the dominant error type in
the Austrian dataset and underscores the model’s persistent difficulty with medical
terminology.

The second most common error category is grammatical errors, with 10 occur-
rences, making up 0.44% of total words and 9.71% of total labels. This is followed
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Figure 27: Most Common Labels: Original Whisper-medium (Med ASR-DE-test

by misrecognitions, which are noted 5 times and account for 0.22% of total words
and 4.85% of total labels. Errors in notation are recorded 4 times, comprising
0.18% of total words and 3.88% of total labels. Errors categorized as insertions
and orthographic errors are both observed 2 times, each constituting 0.09% of total
words and 1.94% of total labels, indicating minor issues in terms of additional
unintended elements and spelling accuracy. Omissions, where elements are missing
from the transcription, occur only once, representing 0.04% of total words and
0.97% of total labels. Notably, numerical errors and errors with abbreviations do
not appear in the dataset. Figure 27] shows the distribution of labeled errors.

Figure [28| displays the most common transcription errors categorized as medical
terms, identified when using the original Whisper-medium model on the Med ASR-
DE-test dataset, which features German pronunciation.

The errors highlighted include incorrect transcriptions of medical terms, with
the correct terms in parentheses for reference: Vikril (Vieryl), Traktos (Tractus),
Vigryl (Vieryl), bongiosa (spongioser), and Strecksine (Streckssehne).

This analysis underscores the specific pronunciation-related challenges that the
Whisper-medium model encounters with German medical terms.

Enhancing the model’s sensitivity to specialized vocabulary and complex linguistic
structures remains crucial for its reliable application in medical fields.

Finetuned Whisper-medium on MedASR-DE-test When testing our fine-
tuned model on the Standard German dataset, we observed that 64 transcriptions,
so 40.51% across the total 158 transcriptions, contained errors. This error rate
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represents a decrease of 7% compared to the original model’s performance on
the same German dataset, where the error rate was 47.47%. This suggests that
finetuning with the Austrian dataset has imparted some improvements in the
model’s overall capabilities, and especially in correctly recognizing medical terms,
despite the dialectal differences between the training and testing datasets. Here,
labeled errors accounted for 3.66% of all words. This is a reduction from 4.56%
in the pre-finetuned model tested on German, which indicates enhanced accuracy
after the finetuning experiment.

Our analysis shows that MEDTERM errors continue to be the most common,
comprising 1.79% of total words and 48.78% of all labeled errors. This proportion
highlights a persistent challenge in accurately transcribing medical terminology,
though the frequency of these errors has decreased from 3.50% and 44.04%, re-
spectively, in the original model.

After that, the two most frequent errors identified are misrecognitions and
grammatical errors, each recorded 11 times. These errors represent 0.49% of total
words and account for 13.41% of total labels. Orthographic errors and errors
involving notation both appeared 8 times, making up 0.36% of total words and
9.76% of total labels. Less frequent errors include omissions and insertions, each
occurring 2 times and representing only 0.09% of total words and 2.44% of total
labels. There are no errors related to numbers or abbreviations. The numbers are
illustrated in Figure
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Figure 30: Most Common MEDTERM FErrors: Finetuned Whisper-medium
(MedASR-DE-test)
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Figure shows the frequency of the most common transcription errors cat-
egorized as medical terms when using the original Whisper-medium model on
the MedASR-DE-test dataset. The term Daumengrundgelenk is misrecognized as
Daumgrundgelenk with the highest frequency among the errors, appearing five times.
Nagelwald, an incorrect transcription for Nagelwall, appears three times. Similarly,
Bildwandler sich is incorrectly transcribed for Bildwandlersicht, appearing twice.
This specific error might be due to the complexity of the compound term and the
acoustic similarity between the terms in German.

These findings illustrate that while finetuning the Whisper model with a dataset
characterized by a different dialect can improve performance, challenges remain,
particularly in handling complex medical terminology. The reduced error rates in
various categories, however, confirm the benefit of finetuning.
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8 Discussion

Similar to (Pekarek-Rosin and Wermter} 2023) and (Jain et al., 2023), we em-
ploy finetuning of pre-trained models on domain-specific data to enhance [ASR]
performance, underscoring the effectiveness of specialized finetuning in addressing
domain-specific challenges. Like (Wirth and Peinl, 2023; [Rumberg et al., [2022}
Ardila et al., 2019), we propose a new German dataset. However, we introduce
distinct contributions to the field of [ASR] domain adaptation. Firstly, the focus lies
on the German medical domain, more specifically on Austrian Standard German
pronunciation within the domain of surgery. Since this is a rather unexplored
area within the context of [ASR] we created a novel dataset specifically tailored
for this purpose. This dataset represents a unique contribution by addressing
the underrepresented area of medical in the (Austrian Standard) German
language (Wirth and Peinl, 2022).

While [Pekarek-Rosin and Wermter| (2023)) explore layer-specific finetuning and
Experience Replay strategies, we focus on adapting finetuning hyperparameters
without continual learning techniques. However, we explore the use of
(Houlsby et al. 2019b) and (Zhang et al. 2023|) for enhancing efficiency
in our approach. For evaluation, we use the same metric as both of the research
teams, the which is most commonly used for evaluating tasks (von
Neumann et al., 2022).

Additionally, we incorporate a detailed evaluation of the Whisper model’s per-
formance before and after domain adaptation, offering insights into the efficacy of
finetuning strategies for medical terminology recognition. Furthermore, we offer
detailed understandings of model performance improvements and the specific types
of errors addressed through domain adaptation by performing error annotation
and analysis through Label Studio.
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9 Limitations

While this thesis makes notable contributions to the field of [ASR]in the German
medical contexts, it also includes several limitations that could potentially influence
the outcomes and generalizability of the findings.

One of the primary limitations was the requirement for a substantial amount of
audio data for effective domain adaptation. The creation of the surgery-specific
German medical dataset was particularly challenging due to the need to manually
record a large number of the audio files. This process was time-consuming and
intensive, since it only involved two individuals. Out of the two speakers, the
author of this thesis recorded a vast majority, which could potentially affect the
diversity and representativeness of the dataset. Furthermore, the lack of a medical
background among the people who recorded the audios for the dataset necessitated
additional steps to verify the pronunciation and meaning of medical terms, which
introduced another layer of complexity and potential for error to the thesis.

Another significant limitation was related to the computational resources available
for training and finetuning the [ASR] models. We had to rely on Colab Pro for
computational power, which presented challenges in terms of limited runtime and
the costs associated with GPU usage. The restriction on continuous runtime
meant that experiments could not be conducted over extended periods, which
is typically necessary for training robust deep learning models. Moreover, the
financial implications of acquiring additional compute hours restricted the scope of
experimental trials that could be performed.
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10 Conclusions

In this thesis, we have demonstrated that domain-specific finetuning can substan-
tially improve model performance on specialized tasks, such as German medical
[ASR] Notably, by creating and utilizing our own dataset tailored to the nuances
of Austrian Standard German, we were able to reduce the WER] of the Whisper-
medium model on the MedASR-DE-AT dataset by 14.52%.

Furthermore, we have shown that finetuning the Whisper-medium model with a
dataset featuring Austrian Standard German pronunciation significantly improves
its transcription accuracy. The percentage of transcriptions containing errors in
the Austrian dataset declined importantly by 26.91%, which presents a substantial
enhancement. Moreover, finetuning with Austrian speech data also positively
impacted the model’s performance on the Standard German dataset, where the
error rate decreased by 6.13%. While this improvement is not as pronounced as
it was for the Austrian dataset, it is still noteworthy. These findings suggest that
[ASR] systems can in fact greatly benefit from targeted training on specific dialects.

In conclusion, significant progress has been made in adapting [ASR] systems to
the German-speaking medical field. This thesis adds to the existing knowledge on
[ASR] technology and lays the groundwork for future research aimed at developing
more robust and precise [ASR] systems for healthcare and other essential sectors,
particularly for less-studied language variants and dialects.

10.1 Future Work

In this chapter, we outline the steps and improvements that could be made in
future work based on the findings of this thesis.

In Section [7.2.1] we mention that the validation loss increased slightly when
finetuning Whisper-medium for 3 epochs. Despite the increasing validation loss,
the consistent decline in both training loss and [WER] shows that the model is
improving on the training data. However, this improvement does not fully extend
to the validation data, indicating that while the model is becoming more adept at
handling the training dataset’s specific characteristics, it struggles to maintain this
performance on unseen data, typical of overfitting.

To address this issue and enhance the model’s ability to generalize, several
strategies could be considered. Implementing early stopping could help preserve the
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model at its optimal state of generalization by halting training when the validation
loss begins to rise. Enhancing regularization, through methods such as dropout or
L2 regularization, could discourage the model from fitting too closely to the noise
in the training data. Adjusting the learning rate, either by reducing it as training
progresses or employing a learning rate schedule that decreases the rate over time,
can ensure finer adjustments in the model’s parameters during later training phases.
Additionally, introducing variations through data augmentation could help the
model generalize better to new, unseen examples. Employing cross-validation
techniques would also provide a better assessment of the model’s performance
across different subsets of the data, informing more robust training strategies.

To achieve more substantial improvements and realize the full potential of
finetuning the Whisper-large-v3 model, as discussed in Section a more robust
GPU setup is essential. Such a setup would facilitate longer training sessions
without disruptions, allowing the model to better adapt to the nuances of the
German language audio data, which enhances its accuracy and performance in real-
world applications. Securing more robust and dedicated computational resources
would enable longer training sessions and more extensive experimentation. A
potential solution could be to explore alternative funding sources or partnerships
which could alleviate financial constraints and support the continuous development
and refinement of [ASR] systems tailored for medical use.

Additionally, future work in this area should expand existing datasets to
include a broader range of speakers and medical scenarios to enhance the diversity
and representativeness of the training material. This expansion would likely improve
the model’s ability to generalize across different accents, dialects, and medical
subfields. Researchers should consider collaborations with medical institutions to
ensure the accuracy and relevance of the medical terms and their pronunciation in
order to create valuable medical [ASR] datasets.
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Acronyms

AdaLoRA Adaptive Low-Rank Adaptation. [27] 53] [54} [66], [67] [69]
ASG Austrian Standard German.

ASR Automatic Speech Recognition. 4], 29H33], [5] [46]
(9, B7 [66} [72} [73) [75] BT, (83 [B5] B4

CNN Convolutional Neural Network. 2
CV Computer Vision.

DA Domain Adaptation.
DNN Deep Neural Network. 2]

EHR clectronic health records.
LoRA Low-Rank Adaptation.
MFCCs Mel-Frequency Cepstral Coefficients.

NeurlPS Neural Information Processing Systems (after rebranding).
NIPS Neural Information Processing Systems.

NLP Natural Language Processing. [3] 24,
PEFT Paramater-Efficient Finetuning. 27,
RNN Recurrent Neural Network. 2

SOTA State-of-the-art. [5

TL Transfer Learning.

WER Word Error Rate. B [ [7, [T 22 24, 301 B2 (A1), |49}, [50, 571 160% [63 67 [69, B
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