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Automatic Speech Recognition (ASR) systems have achieved near-human transcription ac-
curacy on high-resource languages, yet their benefits remain unevenly distributed across
the world’s languages and speaker communities. This dissertation investigates three inter-
locking sources of ASR inequity: data scarcity for endangered and low-resource languages,
internal representational biases in multilingual ASR architectures, and the socially-situated
harms experienced by speakers of underrepresented language varieties.

At the data and adaptation level, the dissertation benchmarks fine-tuned multilingual
ASR models, MMS-1B (Pratap et al., 2024) and XLS-R-300m (Babu et al., 2021), on five
typologically diverse endangered languages drawn from linguistic fieldwork archives with
systematic control of training data duration. Results show that parameter-efficient adapter
fine-tuning could outperform full fine-tuning under one hour of data, that both models reach
comparable performance at approximately one hour, and that both struggle persistently
with complex phonological inventories—such as tone, nasality, and consonant length—in
ways that aggregate error metrics obscure.

At the model-internal level, a set of experiments probe the decoding mechanisms of
Whisper, a large multilingual ASR model, across languages in Latin and diverse scripts.

Sub-token probing reveals that higher-resource languages have higher decoder confidence,



lower predictive entropy, better-ranked correct tokens, and more diverse alternative candi-
dates. Sub-token usage patterns cluster typologically, not merely by resource tier, showing
that linguistic structure shapes internal representations in addition to training scale. A
scaled follow-up study across languages in diverse scripts finds that sub-token vocabulary
activation is largely independent of pre-training hours, converging instead after approx-
imately two hours of audio, and that rank-frequency distributions can be explained by
shared orthography in addition to resource differences.

At the social and user level, a mixed-methods survey of speakers across four U.S. dialect
communities documents the lived experiences of ASR bias: invisible labor (code-switching,
hyper-articulation, emotional management), internalized self-blame despite critical aware-
ness of systemic exclusion, and varying rates of technology abandonment. These findings
demonstrate that accuracy-centric fairness metrics miss critical dimensions of harm borne
by affected users.

Together, the studies in this dissertation argue that equitable speech recognition re-
quires linguistically-grounded design and evaluation at every level of the pipeline—from
input data and phonological structure, through model-internal representations, to the so-

cial consequences of system implementation.
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Chapter 1
INTRODUCTION

1.1 The Uneven Promise of Automatic Speech Recognition

Automatic Speech Recognition (ASR) has become increasingly present in daily lives. It
is embedded in smartphones and speakers, in customer service systems and medical tran-
scription tools, in accessibility technologies and court reporting software. For hundreds
of millions of users each day, the expectation is simple: speak, and the machine will un-
derstand. To much of the global population, that expectation is increasingly met. Large
multilingual models—such as Whisper (Radford et al., 2023), wav2vec 2.0 (Baevski et al.,
2020), MMS (Pratap et al., 2024), XLS-R (Babu et al., 2021)—mow process dozens or hun-
dreds of language varieties in a single architecture, achieving word error rates that rival
skilled human transcribers on benchmark datasets. These systems represent a genuine sci-
entific achievement: the result of years of work in self-supervised learning, multilingual
transfer, and at-scale data collection.

Yet the communities that benefit most from these advances are usually communities
that were already well-served by earlier and smaller ASR systems. High-resource languages
with large volumes of transcribed audio, standard orthographies, and culturally dominant
status continue to receive the most accurate recognition. Endangered and low-resource
languages—whose speakers are most in need of accessible transcription technology to sup-
port language documentation, revitalization, and archive access—remain largely outside the
practical reach of state-of-the-art ASR. Speakers of underrepresented dialect varieties, such
as African American English, face word error rates that are systematically and substan-
tially higher than those experienced by speakers of prestige varieties (Koenecke et al., 2020;
Wassink et al., 2022). And the costs of those failures are borne unequally and invisibly:



in the code-switching and hyper-articulation that speakers perform to make failing systems
work, in the self-blame that follows repeated technological rejection, in the decisions to
abandon technologies that have become increasingly unavoidable (Mengesha et al., 2021).
The central claim of this dissertation is that these patterns of inequity are not incidental
to the development of modern ASR—they are structural. They emerge from decisions made
at every level of the pipeline: what data is collected and from whom, how models represent
and process linguistic structure internally, and whose standard of adequate performance
defines evaluation success. A complete account of ASR inequity therefore requires investi-
gation at multiple levels simultaneously, and it requires methods that extend beyond the

aggregate error rate metrics that currently dominate the field.
1.2 The Analytical Framework

This dissertation organizes its investigation around three levels of analysis that are distinct
but inter-connected.

At the data and adaptation level, the question is whether—and under what conditions—
existing multilingual models can be brought to bear on languages for which they were not
designed. Endangered languages and unrecorded-until-recently fieldwork languages have
none of the infrastructure that standard ASR development assumes: no large transcribed
corpora, no standardized orthographies, no benchmark datasets against which to measure
progress. The transcription of a single hour of fieldwork audio can require fifty or more hours
of expert labor (Shi et al., 2021), creating a bottleneck that traps linguistic knowledge in
archives and limits the use of analytical tools that depend on large aligned text-speech
collections. If multilingual pre-training has genuinely learned transferable representations
of cross-linguistic phonological structure, fine-tuning on a handful of recorded utterances
should yield usable transcription; if the promise of transfer is illusory for languages outside
a model’s training distribution, the picture is considerably bleaker.

At the model-internal level, the question is whether the representations that large
multilingual ASR models learn are linguistically equitable—whether they encode languages
with different levels of pre-training exposure in qualitatively similar ways, or whether lower-

resourced languages are processed through a different and less capable internal mechanism.



Aggregate error metrics can mask this distinction: a model may produce highly accurate
output for high-resource languages because it has developed rich, language-specific represen-
tations, while producing passable but internally confused output for low-resource languages
because it has relied on more generic approximation. To understand the nature of this
internal inequity requires moving beyond commonly used aggregate metrics to the model’s
decoding behavior, probing the hypotheses it entertains at each generation step and the
confidence it associates with them.

At the social and user level, the question is whether accuracy-centric evaluation cap-
tures the full scope of harm that ASR inequity causes. Error rates measure what the system
gets wrong; they do not measure what the experience of repeated system failure does to the
people who live with it. The labor of making a failing system work—adjusting pronuncia-
tion, switching register, repeating utterances, abandoning the technology entirely—is real,
ongoing, and unequally distributed. The psychological toll of feeling inadequate in one’s
native language variety, of internalizing as personal failure what is structurally a design
exclusion, is real and undocumented by any benchmark. Fairness assessments that ignore
these experiential dimensions are not merely incomplete; they systematically understate
harm in the populations where it is concentrated.

These three levels of analysis are analytically distinct but practically interdependent.
The data and adaptation problems at the pipeline level produce the internal representa-
tional disparities that probing reveals; those internal disparities produce the output failures
that users experience; and the accumulated experience of failure shapes communities’ re-
lationships with technology in ways that further entrench exclusion. An investigation that
addresses only one level leaves the others unexplained. This dissertation examines all three

in sequence.

1.3 The Role of Linguistic Analysis

A methodological commitment runs through the studies in this dissertation: linguistic analy-
sis is not supplementary to technical ASR research but constitutive of it. Understanding why
a model fails for a fieldwork language requires knowing what phonological features and pro-

cesses are present, not merely measuring the error rates. Understanding why low-resource



languages are represented by multilingual models in similar ways requires knowing what
typological and orthographic properties can be used to characterize them. Understanding
why speakers of underrepresented and stigmatized dialects talk differently when interacting
with ASR systems requires understanding sociolinguistic research on style-shifting, covert
prestige, and the implications of language standardization.

The gap between the landscape of ASR research and linguistics is not merely disci-
plinary. It has practical consequences: models evaluated only on metrics such as WER, miss
phonological error patterns that matter for language documentation; models benchmarked
only on accuracy miss representational inequities that manifest in under-the-hood decod-
ing uncertainty; and fairness frameworks built only on performance metrics miss the social
reality of harm in communities already subject to linguistic discrimination. This disserta-
tion is an argument, instantiated in four empirical studies, that linguistic grounding is not
just complementary to technical research, but indispensable for making technical research

meaningful to the population it should benefit.
1.4 Research Questions

This dissertation is organized around three research questions, each addressed by a chapter.

1. RQ1 (Adaptation): How do parameter-efficient and full fine-tuning strategies com-
pare when adapting large multilingual ASR models to extremely low-resource fieldwork
languages, and what role does phonological inventory complexity play in residual error

patterns that persist even after fine-tuning?

2. RQ2 (Sub-token probing): Do sub-token decoding metrics—how highly the cor-
rect token is ranked, how confident the decoder is, how uncertain its predictions are,
how diverse its alternate candidates are, and how token-usage patterns cluster across
languages—reveal systematic differences in how a large multilingual ASR model pro-
cesses languages across training-data tiers? If so, do those differences align with
typological structure, resource level, or both, and are they reducible to training data

volume?



3. RQ3 (User experience): How do speakers of non-mainstream U.S. dialect varieties
describe their experiences with ASR systems, and what forms of invisible labor, emo-
tional harm, and internalized self-blame does accuracy-centric fairness evaluation fail

to capture?

These three questions build on each other. RQ1 establishes that phonological complex-
ity produces persistent errors even after adaptation—errors that aggregate metrics underre-
port. RQ2 shows that those aggregate gaps have internal correlates: resource-disadvantaged
languages are processed with lower decoder confidence, higher uncertainty, and less typolog-
ically organized internal representations—and that this representational disadvantage is not
simply a function of data volume, since sub-token utilization saturates quickly and is gov-
erned primarily by orthographic structure. Simply scaling data cannot straightforwardly
fix these inequities. And RQ3 reveals that the ultimate recipients of all these technical
failures—the people whose speech is misrecognized—bear real and measurable costs that
none of the current metrics capture. Taken together, the three research questions argue
that ASR inequity is deeper than data scarcity, that it is structural and multi-level, and
that addressing it requires methods and evidence from linguistics, interpretability research,

and social science simultaneously.

1.5 Dissertation Overview

Chapter 2 addresses RQ1 through a controlled fine-tuning study spanning five endangered
languages drawn from the Endangered Languages Archive (ELAR)! fieldwork archives—
Cicipu, Mocho’, Toratan, Ulwa, and Upper Napo Kichwa—with training data scaled from
ten minutes to two hours. The study benchmarks MMS-1B against XLS-R-300m under
adapter-only and full fine-tuning conditions and conducts a phonologically informed error
analysis that categorizes failures by tonal, nasal, and segmental length features.

Chapter 3 addresses RQ2 by probing Whisper-large-v2’s sub-token decoding behavior

across 20 Latin-script languages and then 29 additional languages spanning diverse scripts

https://www.elararchive.org
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and resource levels. Five sub-token probing metrics—correct-token rank, decoder confi-
dence, predictive entropy, alternate-candidate diversity, and cross-language usage clustering—
reveal that lower-resource languages are decoded through a generic regime with lower confi-
dence, higher entropy, and typologically undifferentiated token usage, a pattern not visible in
WER. Scaling the analysis to 49 languages shows that sub-token vocabulary activation con-
verges after roughly two hours of audio regardless of resource tier, and that rank-frequency
distributions track orthographic structure rather than pre-training scale, demonstrating that
the representational disadvantage is not reducible to data volume.

Chapter 4 addresses RQ3 through a mixed-methods survey of 215 speakers across four
U.S. dialect communities (Atlanta, Gulf Coast, Miami Beach, and Tucson). Quantitative
analysis of structured questionnaire items documents the rates of reported exclusion, cop-
ing behavior, and technology abandonment across sites. Qualitative thematic analysis of
open-ended narratives reveals the internalized-blame paradox, the experience of linguistic
invisibility, and the sophisticated critical awareness that coexists with ongoing self-blame.

Chapter 5 synthesizes the findings across levels of analysis, articulates the dissertation’s
contributions to linguistics, NLP and speech technology research, and AT fairness scholar-
ship, examines the limitations of each study, and identifies the most important directions

for future work.



Chapter 2

ASR ADAPTATION FOR ENDANGERED FIELDWORK
LANGUAGES

Overview

This chapter addresses RQ1: how do parameter-efficient and full fine-tuning strategies
compare when adapting large multilingual ASR models to extremely low-resource fieldwork
languages, and what role does phonological inventory complexity play in residual error
patterns? It is based on Liang and Levow (2025), presented at the Fourth Workshop on NLP
Applications to Field Linguistics (Field Matters, ACL 2025). The study benchmarks MMS-
1B and XLS-R-300m on five endangered languages from the ELAR archive—Cicipu, Mocho’,
Toratan, Ulwa, and Upper Napo Kichwa—finding that adapter fine-tuning outperforms full
fine-tuning under one hour of data and that phonological inventory complexity predicts

residual error patterns that aggregate metrics obscure.
2.1 ASR and the Fieldwork Gap

Automatic Speech Recognition (ASR) has achieved significant breakthroughs in recent
years, with deep learning-based models reported to reach near-human word error rates for
high-resource languages (Radford et al., 2023; Baevski et al., 2020). However, these advance-
ments have largely been driven by massive transcribed datasets (e.g. Chang et al. (2022);
Panayotov et al. (2015); Godfrey et al. (1992)), leaving a substantial performance gap for
low-resource languages, particularly those encountered in linguistic fieldwork (Guillaume
et al., 2022a). Fieldwork speech data presents distinct challenges, including spontaneous
speech, varied recording setups, and typologically diverse linguistic features, all of which
could degrade the performance of ASR models trained on standardized speech corpora.
Linguistic fieldwork plays a critical role in preserving endangered languages and docu-

menting linguistic diversity. These recordings capture not only the linguistic structures of



a language, but also oral traditions, discourse patterns, and sociolinguistic variations (Him-
melmann, 1998; Austin and Sallabank, 2011). However, while some well-researched low-
resource languages have substantial datasets (Guillaume et al., 2022b; Przezdziak, 2024),
there is usually limited data to bootstrap an ASR model for most field linguists. Evalu-
ations of the ASR approaches usually tend to focus on one language (Jones et al., 2024;
Rijal et al., 2024; Guillaume et al., 2022b; Mainzinger and Levow, 2024) or are inconsistent
regarding data size, genre, etc. in the sample (Jimerson et al., 2023). Evaluations of models
for low-resource languages also tend to favor clean, good quality, read speech (Rijal et al.,
2024; Mainzinger and Levow, 2024; Jimerson et al., 2023), compared with the noisier and

more spontaneous speech of fieldwork recordings.

2.1.1 The transcription bottleneck

Linguistic fieldwork plays a crucial role in documenting endangered and under-researched
languages, yet the process of manually transcribing recordings remains a significant barrier:
transcribing a single hour of audio in a newly documented language can require up to
50 hours of work (Shi et al., 2021). Moreover, many of the fieldwork languages also lack
standardized orthographies, requiring a handful of trained linguists to make discerning
decisions during transcription. As a result, the volume of untranscribed linguistic data
continues to grow, creating a severe bottleneck in language documentation, analysis, and
distribution (Anastasopoulos and Chiang, 2018; Bird, 2020; Thieberger, 2012).

The dependence on large transcribed datasets for training ASR models exacerbates this
issue, as most endangered and low-resource languages lack sufficient annotated speech data
to support model development (Levow et al., 2021). Without adequate transcriptions,
traditional supervised ASR methods remain ineffective, requiring alternative approaches
that can leverage limited data more efficiently (Dunbar et al., 2019; Baevski et al., 2020,
2021).



2.1.2 ASR for Low-resource Data

The application of ASR in linguistic fieldwork closely parallels the development of low-
resource ASR research. Since the 2010s, much of this work has focused on languages from the
TARPA Babel project, which served as a cornerstone for ASR development in low-resource
settings (Miao et al., 2013; Cui et al., 2014; Grézl et al., 2014). Research leveraging Babel
datasets introduced key techniques such as transfer learning, multilingual adaptation, and
data augmentation, which have since become fundamental to ASR advancements in under-
documented languages (Zhang et al., 2014; Khare et al., 2021; Vanderreydt et al., 2022;
Guillaume et al., 2022a).

The widespread adoption of the Kaldi toolkit (Povey et al., 2011) further propelled ASR
research in these domains, enabling the development of reproducible pipelines and fostering
the open distribution of Kaldi-compatible datasets (Yadava and Jayanna, 2017; Milde and
Ko6hn, 2018; Adams et al., 2021; Zhang et al., 2022). Concurrently, researchers have explored
approaches such as transfer learning and fine-tuning from multilingual pre-trained models
(Guillaume et al., 2022a; ?) or adapting English-centric models to new linguistic domains
(Kim et al., 2021; Thai et al., 2020). Additionally, self-supervised and semi-supervised
learning approaches have gained traction as viable solutions for overcoming transcription
scarcity, further bridging the gap between ASR and field linguistics (Babu et al., 2021;
Baevski et al., 2021).

2.1.8 Fine-tuning Pre-trained ASR Models

Fine-tuning pre-trained ASR models has emerged as a key approach for improving recogni-
tion accuracy in low-resource settings, particularly for linguistic fieldwork recordings (Guil-
laume et al., 2022a; Pillai et al., 2024; Nowakowski et al., 2023). Self-supervised learning
models, such as wav2vec 2.0 (Baevski et al., 2020), HuBERT (Hsu et al., 2021), MMS
(Massive Multilingual Speech) Model (Pratap et al., 2024), and XLS-R (Babu et al., 2021),
have demonstrated the ability to learn generalized speech representations from large-scale
multilingual datasets, significantly reducing the need for extensive transcriptions in under-

documented languages. Studies on specific low-resource languages, such as Bribri (Coto-
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Solano, 2021), Japhug (Guillaume et al., 2022b), Mvskoke (Mainzinger and Levow, 2024),
and the Cakavian dialect of Croatian (Jones et al., 2024), underscore the benefits of adapt-
ing large multilingual models and report considerable reductions in error rates even with
very limited data.

Nevertheless, recent work suggests that no single architecture or end-to-end approach
consistently outperforms others under extremely low-resource conditions (Jimerson et al.,
2023). Some studies advocate experimenting with multiple toolkits and hyperparameter
configurations to identify solutions best suited to the language at hand. Indeed, while fully
fine-tuning massive models can be effective, it often requires large amounts of computational
resources, can risk overfitting with very small datasets, and demands updating millions of
parameters.

Instead of modifying all model parameters, adapters introduce small trainable layers
while keeping the base pre-trained model frozen, thereby reducing memory requirements and
improving efficiency (Houlsby et al., 2019). This makes them particularly useful for linguistic
fieldwork applications, where data is scarce and computational resources are limited. The
MMS model developed by Meta (Pratap et al., 2024) integrates adapter layers specifically
designed for ASR, enabling efficient adaptation to new languages with minimal training
data. Studies in low-resource settings (Bai et al., 2024; Mainzinger and Levow, 2024) have
shown that adapter-based fine-tuning can achieve performance comparable to full fine-tuning
while requiring significantly fewer trainable parameters. By avoiding overfitting on small
datasets and focusing on the most relevant parameters for language adaptation, adapter-
based methods offer an attractive balance between accuracy and efficiency, an approach
increasingly vital to sustaining language documentation efforts in the face of extremely
scarse resources.

In contrast to earlier studies that often focus on a single language or on clean, scripted
corpora, our work systematically evaluates both MMS and XLS-R in truly low-resource
fieldwork conditions spanning multiple typologically diverse languages. By examining noise-
heavy, spontaneous recordings rather than controlled speech, we test model adaptability in
settings that more accurately reflect real-world linguistic documentation. Further, our fine-

grained error analysis explores how each model handles the nuanced phonological features
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that typify endangered and under-documented languages—details that have often been over-
looked in prior research. Together, these innovations provide a clearer roadmap for linguists
seeking practical ASR solutions under extreme data scarcity and diverse orthographic con-

ventions.
2.2 Endangered Fieldwork Languages Data

We test the performance of fine-tuned ASR models on five typologically varied low-resource
languages: Cicipu (ISO639-3: awc, McGill (2012)), Mocho’ (ISO639-3: mhc, Pérez Gonzalez
(2018)), Toratan (ISO639-3: rth, (Jukes, 2010)), Ulwa (ISO639-3: yla, (Barlow, 2018a)),
and Upper Napo Kichwa (ISO639-3: quw, (Grzech, 2020)). These languages span multiple
language families and exhibit distinct phonetic, phonological, and morphological features.
The data is drawn from the Endangered Languages Archive (ELAR)!, where gold-standard
transcriptions can be derived from the recordings and the corresponding time aligned tran-
scriptions in the ELAN (Brugman and Russel, 2004) format. The dataset encompasses
a variety of genres, such as greetings, narratives, ritual discourse, interviews, elicitation
sessions, folktales, and cultural practices, the details of which are given in Table A.1 of
Appendix A.2. Table 2.1 provides an overview of key linguistic features, including vowel

and consonant inventories as well as tonal systems.

2.2.1 Recording Conditions and Data Availability

Given that the recordings were made in naturalistic fieldwork environments, they exhibit
acoustic idiosyncrasies that could pose significant challenges for ASR. There’s background
noise from outdoor settings, such as wind, animals, and community sounds, in many of the
recordings. We also observe code-switching, usually in the regional dominant languages.
For example, Toratén speakers are also speakers of Manado Malay (with various degrees of
fluency), and loans from Malay are generally not adapted to Toratén phonology (Himmel-
mann and Wolff, 1999). We also observe significant Spanish code-mixing in Mocho’, as well

as some English content in Cicipu.

"https://www.elararchive.org/
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Language Family Region #V #C #T Features
Cicipu Niger-Congo  Nigeria 28 27 4 V,V,C
Mocho’ Mayan Mexico 10 27 2 A%

Toratan Austronesian  Indonesia 5 21 0

Ulwa Keram Papua New Guinea 8 13 0 [-voice, +son]
Upper Napo Kichwa  Quechuan Ecuador 8 20 0 A%

Table 2.1:  Linguistic data used for the study, showing language family, region spoken,
phoneme inventory size, tones, and phonological features such as nasality, vowel length,

consonant gemination, etc.

The dataset sizes vary, with archived speech ranging from approximately 2 to 22 hours
per language. However, not all archived data have been transcribed. This variation reflects
real-world constraints in linguistic fieldwork, where some languages have more extensive

documentation than others.

2.2.2  From Fieldwork Recordings to Training Sets

All recordings were resampled to 16 kHz (the training sampling rate for both MMS and
XLS-R), converted to mono-channel WAV format, and aligned with their corresponding
transcriptions. During transcription pre-processing, we referenced the phonological descrip-
tion of each language to ensure that punctuation marks or special characters used to denote
phonological features were retained (see Table A.1 of Appendix A.2). Audio segments
explicitly transcribed as non-linguistic sounds, such as laughter, were excluded from the
dataset. We also removed utterances that contain only filler words, such as ‘mhm’, ‘aaa’,
etc. A breakdown of the audio lengths before and after pre-processing is given in Table A.2
of Appendix A.2.

We created four total train+dev duration configurations for each language—10, 30, 60,

and 120 minutes—before splitting the data into training (90%) and development (10%)

sets. In addition, we set aside a fixed 10-minute test set for final evaluation. To maintain



13

Language #Spk Avg. Leng. #Char

Cicipu 33 2.1 93
Mocho’ 6 2.0 29
Toratan 13 2.35 27
Ulwa 6 3.65 25
U.N. Kichwa 16 3.79 33

Table 2.2: Dataset statistics for different languages, including the number of speakers,

average utterance length in seconds, and character inventory.

consistency and facilitate interpretation, larger dataset splits were structured as supersets
of smaller ones. We did not designate a held-out speaker, as field linguists typically work
with a limited number of consultants and would prioritize consistent model performance
across familiar speakers (Liu et al., 2023). Details of the cleaned dataset are shown in
Table 2.2. The last column of the table lists the number of unique characters used in the
language. Due to different transcription conventions, features such as nasalization, vowel
length and voicing could be indicated with diacritics or extra letters. Therefore, although
transcriptions are meant to be phonemic, the number of unique characters might not match
the number of contrastive vowels and consonants. In the case of Cicipu, its unusually large
inventory of 93 characters is due to the number of all possible combinations of nasality,

tone, and vowel quality marking.

2.3 DModel Adaptation Strategies

This study investigates the effectiveness of fine-tuning multilingual ASR models to address
the unique challenges posed by low-resource linguistic fieldwork recordings. By evaluating
the performance of two state-of-the-art models, we aim to determine how fine-tuning can en-
hance recognition accuracy on typologically diverse, low-resource languages. In addition, we
discuss the impact of key factors, including training data size, model choice, and pre-trained

model features, to provide practical insights for ASR adaptation in fieldwork contexts.
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2.3.1 Two Multilingual Architectures

Our goal is to fine-tune state-of-the-art multilingual ASR models that have been pre-trained
on large-scale speech corpora. Specifically, we evaluate models from Meta’s Massively Mul-
tilingual Speech (MMS) project (Pratap et al., 2024) alongside XLS-R (Babu et al., 2021),
a widely used multilingual ASR, model.

MMS is based on the wav2vec 2.0 framework (Baevski et al., 2020), which employs
self-supervised learning to extract generalized speech representations from vast amounts
of unlabeled audio. The model has been trained on 1,406 languages, making it one of
the most comprehensive ASR models for multilingual speech recognition. Specifically, we
choose MMS-1B-11107, a 1-billion parameter model fine-tuned specifically for ASR with an
additional 2-million parameter adapter, which supports ASR in 1107 languages out of the
box (Houlsby et al., 2019). The adapter facilitates efficient language-specific fine-tuning
while preserving the generalized multilingual knowledge encoded in the base model.

XLS-R (Babu et al., 2021) is a multilingual ASR model pre-trained on 128 languages
using the wav2vec 2.0 framework. It has been extensively used for low-resource ASR and
cross-lingual transfer learning, making it a strong baseline for evaluating ASR. performance
in linguistic fieldwork settings. Unlike MMS, which is trained on over 1,000 languages,
XLS-R has been optimized for a balanced selection of 128 languages, with a strong focus on
phonetic diversity. This makes it particularly useful for comparison against MMS models
to assess the effectiveness of scaling multilingual pre-training to extremely low-resource
languages. The XLS-R-300m with 300 million parameters is chosen for the study.

None of the languages used in the study, with the exception of Upper Napo Kichwa, is
included in the pre-training data of the two models. A discussion of the possible effects is

included in Section 2.4.2.

2.8.2  Training and Evaluation Setup

Following the fine-tuning procedure outlined by von Platen? and using the Hugging Face

Transformers library (Wolf et al., 2020), we implement model-specific strategies. For MMS-

’https://huggingface.co/blog/mms_adapters
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—o— Cicipu (MMS)
-4- Cicipu (XLS-R)
—=— Ulwa (MMS)

=~ Ulwa (XLS-R)
—e— Mocho (MMS)
--¢- Mocho (XLS-R)
—— Toratan (MMS)
--&- Toratan (XLS-R)
—¥— Kichwa (MMS)
--¥- Kichwa (XLS-R)

10 30 60 120
Training Duration (minutes)

Figure 2.1: CER comparison for MMS-1b1107 and XLS-R-300m models across five lan-
guages. The MMS model performs markedly better under extremely low-resource settings
(less than 1 hour), but XLS-R performs similarly well with 2 hours of data. Points are

connected to aid trend reading and do not imply performance at intermediate durations.

1B-11107, only the adapter layers are fine-tuned, with the base model frozen. For XLS-R,
the entire model is fine-tuned. To assess the effect of data size, models are trained on subsets
of 10, 30, 60, and 120 minutes of transcribed fieldwork data per language. Early stopping,
based on the development set Character Error Rate (CER), mitigates overfitting. Hyper-
parameter details, including batch size, learning rate, optimization strategy, and training

details are provided in Appendix A.1.
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—o— Cicipu (MMS)
-4- Cicipu (XLS-R)
—=— Ulwa (MMS)

=~ Ulwa (XLS-R)
—e— Mocho (MMS)
--¢- Mocho (XLS-R)
—— Toratan (MMS)
--&- Toratan (XLS-R)
—¥— Kichwa (MMS)
--¥- Kichwa (XLS-R)

WER

10 30 60 120
Training Duration (minutes)

Figure 2.2: WER comparison for MMS-1b1107 and XLS-R-300m models across five lan-

guages.

2.4 Model Performance Across Languages and Data Conditions

Overall, the performance of the MMS and XLS-R models in automatic speech recogni-
tion (ASR) tasks on low-resource language data is comparable, though nuanced differences
emerge depending on the availability of training data. In general, the MMS model outper-
forms XLS-R under extremely low-resource conditions (i.e., less than one hour of transcribed
data). However, XLS-R demonstrates a marked improvement as the size of the training data
scales beyond this threshold, ultimately becoming on par with MMS. Figure 2.1 and Fig-
ure 2.2 illustrate these trends in Character Error Rate (CER) and Word Error Rate (WER)
metrics across the five languages in this study.

In our analysis, CER serves as the primary evaluation metric. Unlike WER, which
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operates at the word level and often presupposes well-defined word boundaries and stable
orthographic forms, CER better reflects the needs of field linguists, who often lack enough
data to be able to use language models. In fieldwork contexts, the primary goal of tran-
scription is to capture phonetic accuracy, particularly in languages without standardized
orthographies. During model training, the best model metric is set to CER to ensure that
model performance aligns with the core task of producing reliable phoneme-level transcrip-

tions from spontaneous and noisy speech data.

2.4.1 How Much Data Is Enough?

The relationship between training data size and model performance is critical in under-
standing model suitability for field linguistics applications. For both MMS and XLS-R,
performance improvements start to plateau when training data exceeds approximately one
hour. This finding suggests steady although diminishing returns beyond this point, aligning
with previous observations in low-resource ASR research (Guillaume et al., 2022a).

In scenarios where less than one hour of data is available, MMS consistently achieves
lower error rates, likely due to its extensive multilingual pre-training on over 1,000 languages.
For field linguists dealing with extremely limited resources, we thus recommend fine-tuning
MMS to achieve acceptable ASR performance. However, when approximately one hour of
data or more is obtainable, XLS-R becomes a more effective option due to its improving
performance with increasing data volumes. This suggests that one hour of transcribed data
serves as a practical threshold for developing a robust fine-tuned ASR system in fieldwork
contexts.

It is worth noting that Cicipu exhibits particularly high error rates under extreme data
scarcity, including a character error rate approaching 1.0 at 10 minutes of data for both mod-
els and at 30 minutes for XLS-R. Cicipu’s unusually large orthographic inventory (93 unique
characters reflecting combinations of nasality, tone, and vowel quality) requires more train-
ing examples to accurately learn the mapping from acoustics to graphemes. Consequently,
with only a few minutes of labeled data, neither model can fully learn Cicipu’s complex

phonological and orthographical features.
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2.4.2 Adapter Fine-tuning vs. Full Fine-tuning

The MMS model excels in settings with minimal data due to its multilingual pretraining
on a vast corpus that includes low-resource languages. Moreover, unlike XLS-R—whose
core version is primarily self-supervised and not initially fine-tuned for ASR—MMS has al-
ready undergone a large-scale ASR fine-tuning step. This means that MMS starts off with
more task-specific parameters, making it more effective than XLS-R in extremely low-data
regimes. However, MMS’s reliance on primarily read speech data (e.g. Bible translations)
may limit its adaptability to spontaneous speech environments, which are common in lin-
guistic fieldwork recordings.

In contrast, XLS-R benefits from a more diverse training corpus that encompasses con-
versational and spontaneous speech, allowing it to generalize better once sufficient data
becomes available. Indeed, Mainzinger and Levow (2024) reported superior performance of
MMS over XLS-R when fine-tuning Mvskoke—Ilikely due to both the advantage of MMS’s
ASR fine-tuning and the fact that much of the Mvskoke training material was similarly read
or scripted speech.

Since several related dialects of Kichwa (Eberhard et al., 2024, 2025) were included in the
MMS pre-training dataset, we investigated whether the performance gap between MMS and
XLS-R would be larger for Kichwa than for the other languages in our study. Specifically, we
fit a linear mixed-effects model (with random intercepts for each language) to our character
error rate (CER) data, using model (MMS vs. XLS-R), time, and an indicator similar (1 =
Kichwa, 0 = other languages) as fixed effects. If Kichwa had benefitted disproportionately
from MMS’s pre-training, we would have observed a significant positive interaction in the
model. However, the interaction term (model x similar) was small and not statistically
significant (8 = 0.021, p = 0.896), indicating that while MMS outperforms XLS-R overall,
the additional advantage for Upper Napo Kichwa is not discernibly greater than for the
other languages.

Further research is needed to evaluate whether the performance trend continues with
larger datasets, particularly for languages with similar phonological and morphological com-

plexity as those in this study. Additionally, the effectiveness of adapter-based fine-tuning
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for MMS suggests that optimizing model architecture for scalable adaptation could yield

further improvements.

2.4.8 Where Models Still Fail

We performed a phonologically informed error analysis on two of the languages in our
dataset, Cicipu and Mocho’, both of which exhibit segmental contrasts that could be chal-
lenging for ASR models. Cicipu’s orthography explicitly marks tone and nasality with
diacritics and differentiates both vowel and consonant length with doubled letters (e.g.,
‘aa’ for long vowels, ‘tt’ for geminate consonants), making it well suited for evaluating the
system’s performance on these phonological categories. Mocho’ similarly features a vowel
length distinction encoded with doubled vowel letters. Other languages in our dataset, such
as Ulwa and Upper Napo Kichwa, contain too few instances of long vowels or voiceless

sonorants for a robust category-based analysis.

Category-Level Error Rates

To quantify performance on these features, we leverage character-level alignments (details
in Appendix A.3) and calculate phonological segment error rates (Table 2.3). For each
category C € {Tone, Nasality, V_length, C_length}, we sum all substitutions, deletions, and
insertions that affect that category and normalize by the total number of reference tokens
L¢ exhibiting C.

As shown in Table 2.3, both MMS and XLS-R struggle with Cicipu’s tone, nasality,
and consonant length, each exhibiting error rates in the range of 30-38%. By contrast,
vowel-length confusion is comparatively low (7-9%). For Mocho’, the long—short vowel
distinction remains problematic, with error rates around 35-38%. These findings suggest
that neither model has a strong advantage for these particular phonological categories; even

after fine-tuning, nuanced contrasts such as nasality and tone remain challenging.
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Lang Model Tone Nas. V-Len C-Len

Cicipu MMS 0.199 0.337 0.239 0.174
XLS-R 0.215 0.337 0.248 0.183

Mocho’ MMS — — 0.154 —
XLS-R — — 0.160 —

Table 2.3: Phonological error rates (0-1 scale) for Cicipu and Mocho’. Cicipu shows higher
confusion in tone, nasality, and consonant length, while Mocho’ displays more issues with

vowel length. Both models (MMS vs. XLS-R) yield broadly similar error patterns.

Lang Category S% D% 1%

Cicipu  Tone 47.62 32.11 20.27
Nasality 0.00 70.00 30.00
V-Len 55.58 27.86 16.56
C-Len 44.18 33.90 21.92
Mocho’ V-Len 58.29 26.86 14.86

Table 2.4: Percentage of substitutions (S%), deletions (D%), and insertions (I1%) in XLS-R

120 min output, for each phonological category in Cicipu and Mocho’.

Substitution, Deletion, and Insertion Patterns

For further investigation, we performed a more detailed error analysis on the output from the
120-minute model of XLS-R for Cicipu and Mocho’. Table 2.4 breaks down each category
by the percentage of substitutions (.9), deletions (D), and insertions (1).

In Cicipu, nearly half of the tone errors (~ 48%) are substitutions, indicating confusion
over which tone mark to apply, while around a third are deletions and the remainder inser-
tions. Nasality errors, by contrast, skew heavily toward deletions (~ 70%), suggesting the
model often fails to detect nasal vowel features. Substitutions are rare for nasality, indi-

cating that the system either omits it entirely or adds it spuriously rather than confusing
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it with another tone diacritic. Vowel-length errors (~ 44% for deletions and insertions)
and consonant-length errors (~ 55% for deletions and insertions) reflect a high level of
segment-level confusion, whereas confusion with a different vowel (~ 56% substitutions)
or consonant (~ 44% substitutions) is also frequent. For Mocho’, vowel-length confusion
is likewise dominated by substitutions (~ 58%), a pattern similar to Cicipu which reveals
that XLS-R often misidentifies one segment in the long vowel. This pattern is also con-
sistent with CTC-style decoding behavior, where duration contrasts are encoded implicitly
through repeated frame-level labels and can become unstable under low-resource training.
The distributions point out that while the model does capture some acoustic correlates of
nasality, tone, and length, it nevertheless struggles to map them consistently to diacritics
and extended graphemes in low-resource scenarios.

The substitution counts in Table 2.4 combine two distinct events for the length cat-
egories: a change in vowel or consonant quality and a change in length. To isolate the
length contrast itself, we restrict attention to substitutions that alter length while leaving
segment quality unchanged, and classify each by direction. Table 2.5 reports, for the XLS-R
120-minute output, the proportion of reference long segments recovered with correct length,
the proportion rendered short or dropped, and the proportion of reference short segments
rendered long.

The pattern is sharply one-directional. Long vowels and geminate consonants are recov-
ered correctly only about 60-70% of the time, and when they fail they are almost always
shortened or dropped rather than over-lengthened; the reverse error is roughly an order
of magnitude rarer, and for Cicipu consonants it is well under 1%. Consonant gemina-
tion is the most fragile contrast, with nearly a third of reference geminates degeminated
or dropped. This asymmetry follows from the CTC-style decoding noted above: duration
is encoded through repeated frame-level labels, and under low-resource training the model
tends to collapse these repetitions, biasing it toward under- rather than over-production of
length.

Overall, these patterns highlight the persistent challenge of representing languages with
complex orthographies and rich phonological inventories. Even after multilingual pre-

training and fine-tuning, contrasts such as tone or nasality may be overlooked when the
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Vowel Consonant

Cicipu
Long kept 0.72 0.59
Long collapsed 0.21 0.33
Short kept 0.81 0.87
Short lengthened 0.03 0.01
Mocho’
Long kept 0.66 —
Long collapsed 0.31 —
Short kept 0.89 —

Short lengthened 0.02 —

Table 2.5: Directional length-error rates for the XLS-R 120-minute output, grouped by
language. Long kept and short kept are the proportions of reference long and short segments
recovered with correct length; long collapsed is the proportion of long segments shortened
or dropped, and short lengthened the proportion of short segments rendered long. Rates
are conditional on the reference length and do not sum to one, since segment deletions and

quality-only substitutions are not shown.

amount of transcribed data is minimal. Addressing these gaps may require linguistically
informed data augmentation, specialized adapter modules, or loss functions that explicitly
emphasize distinct phonological categories. In extremely low-resource settings, such tar-
geted methods could provide the additional examples and acoustic cues needed for more

accurate transcription of endangered languages.
2.5 Practical Takeaways for Field Linguists

Our experiments show that fine-tuned multilingual ASR models can potentially reduce
the transcription burden for endangered and low-resource languages. Across five typolog-
ically diverse languages, MMS proved more effective with extremely limited labeled data,

whereas XLS-R caught up once approximately one hour of transcribed material was avail-
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able. By using Character Error Rate (CER) rather than Word Error Rate (WER), we
focus on phoneme-level accuracy—a more direct measure for languages without standard-
ized orthographies. Despite improvements in overall accuracy, both models struggled with
challenging phonological categories in Cicipu, such as tone and consonant length, and ex-
hibited a high rate of vowel-length confusion in Mocho’. These findings confirm that current
multilingual ASR systems are indeed helpful for language documentation but still require

targeted adaptations to handle nuanced phonological contrasts in under-resourced settings.

2.6 Future Directions

Although our study confirms that fine-tuning multilingual ASR models can substantially
reduce transcription overhead for low-resource languages, several research directions remain
promising for further performance gains. One compelling approach is continued pre-training
(CoPT) on unlabeled in-language audio. DeHaven and Billa (2022) show that CoPT on a
wav2vec 2.0-based multilingual model can match or outperform pseudo-labeling techniques
while being more computationally efficient. Similarly, Nowakowski et al. (2023) demonstrate
that CoPT on about 234 hours of Sakhalin Ainu audio yields a considerable reduction
in error, beyond what standard multilingual fine-tuning achieves. CoPT has also proven
effective in domain adaptation, especially for noisy data or new speaker types (Attia et al.,
2024). While the scarcity of fieldwork data could limit the scale of CoPT, even incremental
benefits may substantially ease the manual transcription effort.

A second avenue is leveraging diverse augmentation methods to enlarge the effective
training set. Self-training (pseudo-labeling) uses an initial ASR model to generate tran-
scripts for unlabeled audio, which can then be added to the training pool. This method
has consistently boosted low-resource ASR performance (Bartelds et al., 2023), particu-
larly when coupled with filtering or iterative refinement. TTS-based augmentation offers
another option: if a target-language text-to-speech system is available, synthesizing speech
from text yields additional “perfectly labeled” data, potentially improving recognition ro-
bustness (ibid). Finally, common audio perturbations, speed/pitch changes, SpecAugment,
and noise injection, remain valuable for avoiding overfitting and preparing the model for

real-world variability.
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A final challenge involves better capturing difficult phonological categories, such as tone,
nasality, and consonant length. Adapters in MMS could be extended or reconfigured to
emphasize language-specific features, while training regimes could incorporate acoustic or
phonological priors explicitly. Future work might integrate fine-grained linguistic anno-
tations (if available) or employ specialized masking strategies during CoPT to boost the
model’s sensitivity to subtle contrasts. Combining these techniques into user-friendly toolk-
its will be essential for widespread adoption by field linguists, who often have limited compu-
tational resources yet require high-accuracy, phoneme-level transcriptions for documenting

and revitalizing endangered languages.
2.7 Limitations and Caveats

Despite promising results, several specific limitations affect the generalizability and ap-
plicability of our approach. The most critical limitation is related to the data size and
representativeness of the linguistic diversity considered. Our study focused on a small num-
ber of typologically diverse languages, each with relatively limited datasets ranging from
just a few minutes to two hours. As such, the models’ performances may not generalize
to other endangered or low-resource languages with distinct phonological or orthographic
features.

Additionally, due to constraints inherent in linguistic fieldwork, the training and test
datasets often contained data from the same speakers, potentially inflating model accuracy
estimates. Future research should validate these findings with genuinely held-out speakers
to better gauge model robustness to speaker variability.

Moreover, the orthographic inconsistencies and the absence of standardized orthogra-
phies in our datasets likely influenced model performance, especially for phonologically
complex categories like tone, vowel length, and nasality. This issue highlights a broader
limitation: ASR models trained under these conditions may struggle to generalize to spon-
taneous and noisy field recordings, especially when orthographic conventions vary within
and across datasets.

Finally, computational resource limitations (training on a single NVIDIA T4 GPU with

constrained runtimes) restrict our ability to fine-tune larger models or extensively optimize
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hyperparameters, which may have further improved performance. Addressing these limita-
tions would require additional computational resources and potentially more extensive data

augmentation strategies tailored explicitly to low-resource linguistic contexts.

Postlude

This chapter addressed RQ1: how do parameter-efficient and full fine-tuning strategies
compare when adapting large multilingual ASR models to endangered fieldwork languages,
and what role does phonological inventory complexity play in residual error patterns? The
central finding is that adapter fine-tuning is more data-efficient below one hour, while ag-
gregate error metrics mask systematic failures on the phonological features, such as tone,
nasality, consonant and vowel length.

Since this work was conducted, multilingual ASR has continued to expand in scale. For
example, omnilingual ASR (Keren et al., 2025) supports over 1,600 languages and demon-
strates that new languages can be supported with only a handful of in-context examples.
Yet the questions this chapter raises remain open: there might always be languages that
are left out, and broader language coverage does not automatically mean better coverage
of the phonological features that distinguish the languages left out. The goal is not merely
that every language appear on a supported-language list, but also that every language be
supported for the diverse linguistic features that it possesses.

As model architectures and size contiinue to evolve, the implication that carries forward
is not primarily about which architecture to prefer. It is about what aggregate metrics con-
ceal: both models improved substantially across most error categories while barely learning
the categories that matter most for fieldwork linguists. Whether this residual failure reflects
something about how the model encodes languages internally — rather than simply how

much data it has seen — is the question that motivates Chapter 3.
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Chapter 3
SUB-TOKEN PROBING OF MULTILINGUAL ASR

Overview

This chapter addresses RQ2: do sub-token decoding metrics reveal systematic differences
in how a large multilingual ASR model processes languages across training-data tiers, do
those differences align with typological structure or resource level, and are they reducible to
training data volume? The chapter is based on two publications: Liang et al. (2025), which
introduces five decoder-level probing metrics applied to 20 Latin-script languages, and a
follow-up study Liang et al. (2026), which scales the analysis to 49 languages across diverse
scripts to examine the disparities in relation to training data volume.

The experiments indicate that lower-resource languages are decoded through a generic
regime of lower confidence, higher entropy, and typologically undifferentiated token usage,
while higher-resource languages form coherent typological clusters. Yet sub-token vocabu-
lary activation converges after roughly two hours of audio regardless of resource tier, and
the distributional shape of sub-token usage reflects orthographic and typological structure
rather than training scale. Together, these findings show that the representational disad-
vantage of low-resource languages is not simply a function of insufficient data; it is shaped

by tokenizer design and the structure of the shared decoding hypothesis space.
3.1 Why Move Beyond Aggregate Error Rates

Large multilingual automatic speech recognition (ASR) models like Whisper (Radford et al.,
2023) demonstrate impressive capabilities on high-resource languages, yet their performance
often degrades significantly for low-resource languages (Javed et al., 2022), while concerns
about fairness across diverse linguistic groups persist (Zee et al., 2024). Aggregate met-
rics such as Word Error Rate (WER) can obscure the nuanced ways these models falter

internally and may not capture critical issues like hallucination (Koenecke et al., 2024).



27

This necessitates deeper analysis of the decoding process itself, with some prior work also
highlighting the value of evaluating models at the sub-unit level, for instance, in assessing
calibration (Ballier et al., 2024D).

This chapter posits that a granular, sub-token level investigation of Whisper’s decoder
is crucial for a more comprehensive understanding of these performance variations. We
use the term ‘sub-token’ to refer to the sub-word units (e.g., Byte Pair Encoding (BPE)
units) that models like Whisper generate, often broadly called ‘tokens’ in the literature.
Recognizing that tokenization strategies can themselves introduce biases and affect model
behavior (Petrov et al., 2023; Ahia et al., 2024), we track five concrete properties of decoding
across languages: how highly the correct token is ranked, how confident the decoder is in
its chosen token, how uncertain the candidate distribution is (entropy), how diverse the
alternatives are, and how token-usage patterns cluster across languages.

We first apply five probing metrics to Whisper-large-v2 across 20 Latin-script languages
spanning three resource tiers, demonstrating that higher-resource languages consistently
benefit from more robust decoding metrics and that sub-token usage patterns reveal typo-
logically coherent clusters, while unrelated low-resource languages are decoded through a
generic regime. We restrict this set of experiments to Latin-script languages because the
per-token metrics are not meaningfully comparable across scripts whose sub-tokens encode
different linguistic granularities. We then extend the analysis to 49 languages across diverse
scripts and resource levels using script-agnostic measures of vocabulary activation, asking
how much audio is required to observe the model’s learned sub-token inventory and whether
the representational disadvantage documented in the first set of experiments is reducible
to data volume. The results show that sub-token vocabulary activation converges after
roughly two hours of audio regardless of resource tier, and that rank—frequency distribu-
tions are shaped by orthographic structure rather than pre-training scale alone—indicating

that simply scaling data does not close the equity gap.
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3.2 Decoder, Tokenization, and Resource Disparity

3.2.1 Whisper and Tokenisation

Whisper is an influential foundation encoder-decoder Transformer model (Radford et al.,
2023). It was trained using large-scale weak supervision on approximately 680,000 hours of
multilingual audio data, covering a wide array of tasks, including speech transcription and
translation. This extensive pre-training enables strong zero-shot performance.

A core component of Whisper’s architecture, as well as that of many modern large lan-
guage and speech models, is its tokenization strategy. As detailed by Radford et al. (2023),
Whisper utilizes two separate Byte Pair Encoding (BPE) vocabularies: one derived from
the GPT-2 tokenizer (Sennrich et al., 2016; Radford et al., 2019) for English-only models,
and a distinct, refitted vocabulary of the same size for multilingual models. This refitting
was intended to avoid excessive fragmentation on other languages since the BPE vocabulary
is English only (Radford et al., 2023). During decoding, the model generates a sequence
of these sub-tokens, typically guided by special tokens like a language ID. While sub-word
units allow handling large vocabularies and morphological variations more effectively than
word-level tokenization, and can facilitate cross-lingual transfer (Conneau et al., 2020), Rad-
ford et al. (2023) themselves acknowledge potential limitations, particularly for languages
distant from the Indo-European family which forms the bulk of the training data. They
note that performance outliers could be due to a lack of transfer across languages and that
the BPE tokenizer could be a poor match for these languages or variations in data quality.

However, the nature of sub-word tokenization, especially in a multilingual context, is
not without its challenges. The way texts are segmented into tokens can vary significantly
across languages, potentially leading to disparities in processing efficiency, context window
utilization, and even model performance (Petrov et al., 2023). For instance, some languages
might be systematically broken into more tokens than others for equivalent semantic con-
tent, an issue explored in the context of text-based LLMs (Petrov et al., 2023; Acs, 2019).
Such tokenization artifacts can contribute to unfairness, as models might inherently find it
more complex to process or learn representations for languages that result in longer token

sequences (Ahia et al., 2024). While recent research also explores discrete acoustic or se-
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mantic tokens for ASR (Guo et al., 2026; Cui et al., 2024), the BPE approach as employed
in Whisper remains a common paradigm, making the study of its sub-token characteristics
critical. Typological studies further link BPE compression behavior to morphological struc-
ture (Gutierrez-Vasques et al., 2023), while scaling analyses demonstrate that tokenization

strategy substantially impacts performance across 70+ languages (Tjandra et al., 2023).

3.2.2  Beam Search Decoding

For generating transcriptions, Whisper typically employs beam search decoding. Beam
search maintains a set of k (the beam width) most probable partial hypotheses (sequences
of tokens). At each step, it extends these hypotheses with possible next tokens and re-
ranks them based on their cumulative probabilities, pruning the set back to k£ hypotheses.
This exploration of multiple paths aims to find an overall sequence with a higher likelihood
than what might be found through a purely greedy approach. Our analysis focuses on the
characteristics observed along the single, final beam path chosen by the model, representing
its ultimate transcription output. Probing model predictions, particularly the probability
scores assigned by the decoder to chosen sub-tokens, provides insights into the model’s
decision-making at each step of this generation process. These output probabilities are
commonly used as a direct measure of model confidence in the ASR literature (e.g., Jiang,
2005; Ballier et al., 2024b,a; Aggarwal et al., 2025). However, it is also well-established that
the raw softmax probabilities from deep neural networks may not always be well-calibrated

and can exhibit overconfidence (Guo et al., 2017).

3.2.3 Resource Disparity and Fairness in Multilingual ASR

A significant challenge in developing truly equitable multilingual ASR systems is the vast
disparity in available training resources across languages. While Whisper’s pre-training
dataset is exceptionally large, the distribution of data per language varies by orders of mag-
nitude (Radford et al., 2023). This imbalance directly impacts model performance, generally
leading to superior results for higher resource languages (Javed et al., 2022). Scaling models

and data (e.g., Tjandra et al. (2023) and Pratap et al. (2024)) can improve overall perfor-



30

mance but does not necessarily resolve fairness issues or guarantee equitable performance
across all languages and speaker groups (Zee et al., 2024). In fact, Zee et al. (2024) found
that larger models can sometimes exhibit greater worst-case performance disparities.

The challenges for low resource languages are multifaceted. Beyond raw data quantity,
issues include the pre-training coverage of diverse scripts (Pfeiffer et al., 2021; Muller et al.,
2021), the quality of sub-token vocabularies for these languages (Downey et al., 2023), and
the potential for “capacity dilution” where a fixed-size model struggles to adequately rep-
resent many languages (Conneau et al., 2020). These factors can lead to higher error rates,
lower model confidence, and increased susceptibility to issues like hallucination (Koenecke
et al., 2024) for low resource languages. Prior work often evaluates these disparities at the
word or utterance level (e.g., WER), with dedicated studies benchmarking performance on
specific low-resource language sets like Pashto, Punjabi, and Urdu (Sehar et al., 2025). Re-
cent work has also begun to probe representation and decoding mechanisms in large speech
language models: Langedijk et al. (2024) proposed layerwise interpretability methods for
encoder—decoder transformers, while related analyses highlight structural bias in multilin-
gual decoders (Koenecke et al., 2024; Muller et al., 2021) and the importance of uncertainty
calibration (Guo et al., 2017). Our research instead asks: how do decoder-level uncertainties
and hypothesis characteristics manifest differently between resource tiers even before a full
word or sentence is output? This sub-token perspective is crucial for understanding the
foundational biases and uncertainties that may contribute to downstream performance gaps

and for developing targeted interventions.

3.2.4 Corpus Design and Resource Evaluation

A recurring challenge in ASR corpus development is determining how much speech data
is needed for robust evaluation and meaningful cross-lingual comparison. While large-scale
efforts such as Common Voice provide the scale for such analyses (Ardila et al., 2020),
most prior work on multilingual ASR evaluation has focused on fairness and balance across
resource levels rather than on sufficiency itself—how much data is enough for a corpus to

fully engage a model’s capacity (Javed et al., 2022; Sehar et al., 2025; Swain et al., 2024;
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Zee et al., 2024; Guo et al., 2026). These studies emphasize representativeness and equity
across languages but do not explicitly quantify when additional audio ceases to provide
new information for the model. We approach corpus design from this angle, introducing a
behavioral criterion for corpus completeness: the acoustic saturation time (AST), defined as
the point beyond which additional speech yields diminishing activation of new sub-tokens,

reframing corpus evaluation as a model-data interaction problem.

3.3 Dataset

3.8.1 Decoder Probing: Latin-Script Languages

To investigate Whisper’s sub-token decoding characteristics across different linguistic con-
texts and resource availability, we curated a diverse set of 20 languages. These languages
were categorized into three tiers, High, Medium, and Low resource for better visualization,
based on their pre-training exposure in Whisper’s training data composition (Radford et al.,
2023). It should be noted that the definition does not correspond to actual resource levels in
the real world beyond Whisper’s training dataset. The selected languages are detailed in Ta-
ble 3.1. English, while having the highest pre-training exposure in Whisper’s training data,
was intentionally excluded from our analysis. Its training data volume is disproportion-
ately larger (over 430,000 hours) compared to the other high resource languages analyzed
(e.g., German with approximately 13,000 hours), which would skew the comparative analy-
sis across resource tiers and make it less informative for studying graduated cross-linguistic
differences.

To maintain consistency in sub-token analysis and simplify cross-linguistic comparisons
at the sub-token level, our analysis primarily focuses on a subset the languages supported
by Whisper and available on Common Voice. We restricted our scope to languages written
in the Latin script for two reasons. First, pilot analyses of non-Latin scripts (e.g., Chinese,
Japanese, Tibetan, Amharic) revealed systematic transcription failures such as outputs ren-
dered in Latin characters rather than the intended script, which would have confounded our
cross-linguistic comparisons and PCA analysis. Second, and more fundamentally, the five

decoding metrics we define—rank, confidence, entropy, diversity, and sub-token usage—are
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not directly comparable across scripts: a BPE sub-token in a Latin-script language and a lo-
gographic token in Chinese represent fundamentally different linguistic units, so cross-script
comparisons of these per-token metrics would conflate tokenization granularity with decod-
ing behavior. Restricting to a single script family holds this variable constant and isolates
the effects of training resource level and typological structure. Additionally, we made an
explicit decision to exclude languages for which our initial baseline ASR performance using
Whisper-large-v2 was exceptionally poor (specifically, WER higher than 60%). Preliminary
qualitative analyses on languages such as Uzbek, Swahili and higher resource Danish re-
vealed that the model frequently misrecognized the target language entirely or produced
outputs with non-canonical orthography, making a meaningful analysis impractical.

For each of the selected languages, we used approximately 10 minutes of speech data
randomly sampled from the validated subset in the Common Voice 17.0 dataset (Ardila
et al., 2020). To assess whether 10 minutes adequately represents the sub-token space,
we computed a token coverage curve on held-out Estonian: cumulative unique decoder
sub-tokens observed as duration increases (1x10min ... 6x10min = 60min). The first
10 minutes cover ~73% of the unique sub-tokens that appear by 60 minutes; 30 minutes
reach ~89%, and 40 minutes ~94%, after which gains are <6% per additional 10 minutes.
This motivates our use of 10 minutes as a practical representative sample (frequent tokens

dominate decoder behaviour), while we revisit duration choice in Section 3.7.5.

3.8.2  Saturation Probing: Languages Across Diverse Scripts

To test whether the patterns observed across twenty Latin-script languages generalize across
writing systems and a broader resource spectrum, we conduct further experiments on a total
of 49 languages from the Common Voice 17.0 dataset (Ardila et al., 2020), selected from 65
languages that are both in the dataset and supported by Whisper for inference, shown in
Figure 3.8. This set spans a broad typological and orthographic range, including languages
across various language families, in diverse scripts such as Latin, Cyrillic, Arabic, Devana-
gari, Chinese-Japanese (CJ), etc., as well as in disparate levels of resource during Whisper’s

pre-training. English is again excluded to avoid extreme leverage from its disproportionate



Resource Tier Language

Training Hours

High German 13,344
Spanish 11,100

French 9,752

Portuguese 8,573

Turkish 4,333

Medium Ttalian 2,585
Swedish 2,119

Dutch 2,077

Catalan 1,883

Finnish 1,066

Indonesian 1,014

Hungarian 379

Romanian 356

Norwegian 266

Low Welsh 73
Lithuanian 67

Latvian 65

Azerbaijani 47

Estonian 41

Basque 21

Table 3.1: Whisper training hours by language, categorized by resource level.
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training size. Language inclusion was based on a quality filter described in Section 3.6.1.
For the expanded analysis, audio is processed cumulatively at 10-120 minute checkpoints
(10-minute steps), so each longer window strictly contains all shorter windows. This cumu-

lative design enables the saturation analyses described below.
3.4 DMethodology of Sub-token Probing

3.4.1 Sub-token Extraction

Our methodology involves two key stages: generating hypothesis transcriptions and captur-
ing the decoder’s state at each generation step. For each audio utterance, we first obtain
a transcription using Whisper-large-v2 with beam search (beam size=5, temperature=0.2).
We provide the correct language ID token in the initial prompt to ensure transcription in
the target language. We use the official open-source implementation and enforce target-
language decoding by prefixing the decoder with <|sot|>, the language ID token <|£|>,
and <|transcribel|>. Audio is resampled to 16 kHz. This process yields the hypothesis
sequence of sub-tokens C' = (c1,¢2,...,¢cny)-

Once this hypothesis is generated, we re-trace its generation path step-by-step. For each

position s in sequence C', we:

1. Provide the decoder with the audio features (encoder output) and the prefix of already

chosen sub-tokens (c1,ca,...,cs-1)

2. Extract the decoder’s full probability distribution over all possible sub-tokens for step

S

3. Record the top-K.q4nq = 50 sub-token candidates Ts k., , = (ts1,...,ts K,.,,,) along

with their respective log-probabilities

This re-tracing procedure captures the decoder’s internal state—its ranked candidates
and their probabilities—at each decision point in the transcription process. These snapshots
form the basis for calculating all our analytical metrics and provide insight into the model’s

decision-making across different languages. In practical terms, the five metrics below ask
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whether the model is correct early, confident when correct, uncertain when struggling, broad

or narrow in its alternatives, and typologically structured or generic in its token usage.

3.4.2  Five Decoding Metrics

We compute several metrics by analyzing the beam search path of hypotheses generated
by Whisper. For each utterance, we denote C' = (c1,¢2,...,cn, ) as the sequence of Ny

sub-tokens in the hypothesis. At each step s in the generation process:

® ¢, is the sub-token selected by beam search

© Ti Koy = (tsi,ts2,... ts K,,,,) represents the top-Kcgng (50 in our experiments)

sub-token candidates predicted by the decoder, with corresponding probabilities

(ps,l7p5,27 o aps,Kcand)

For metrics requiring comparison against ground truth, we use the reference transcrip-
tion G = (g7, b, - - -, gEVR), tokenized with Whisper’s tokenizer. Metrics are aggregated over
all relevant items for a given language L, with Np, denoting the total sub-tokens gener-
ated across all hypotheses and Np, the total sub-tokens in all reference transcriptions for

language L.

Average Rank of Correct Sub-token

This metric assesses how highly the ground truth sub-tokens rank among the decoder’s pre-
dictions. We use Levenshtein alignment to map each reference sub-token g;. to a hypothesis

sub-token ¢, (or identify it as a deletion). For each reference sub-token g :

e If g, is aligned with hypothesis sub-token cs: The rank of g; is its 1-indexed position

in T g If g, is not found within the top-K qnq list, its rank is assigned a penalty

cand”

value of K unq + 1.

o If gfﬁ is deleted: Its rank is also assigned the penalty value K q,q + 1.
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The average rank for a language L is the mean of these individual ranks across all

reference sub-tokens:

Rank(g'), = Nl > R(g})

A lower average rank indicates that the correct sub-tokens are more frequently found among
the model’s top predictions.

To illustrate this process, Table 3.2 shows the alignment between ground truth and
model-generated sub-tokens for a Turkish phrase. The table demonstrates possible align-
ment operations: equal (where the model correctly identified the token), replace (where the
model chose a different token), and delete (where a ground truth token has no corresponding

model token).

Position GT Output Operation Rank
0 (—BOS—) (—BOS—) equal 1
1 Sil S replace 1
2 ah el replace b)
3 lar am replace 7
4 lar replace 4
5 (—EOS—)  (deleted) delete K+1
6 A insert -
7 ley insert -
8 kum insert -
9 insert -
10 (—EO0S—) equal 2

Table 3.2: Alignment between ground truth (GT) sub-tokens (“Silahlar...” /“Weapons...”)

and model output sub-tokens (“Selamun Aleykum.” /“Peace be upon you.”).

For this example, the average rank is calculated as: Rank = 1+1+5+7+§‘+(K+1)+2 =

204 — 10.14 with K = 50.
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Confidence

Confidence measures the average probability assigned to the sub-token c; that was ulti-

mately chosen at each step along the beam search path:

Nuy

— 1
Confy, = N Z p(cs|utterance, c<y)

L s=1
where p(cs|utterance, c<4) is the probability assigned to ¢, given the utterance audio input

and previous tokens.

Entropy

Token-level entropy quantifies the uncertainty in the model’s predictions, calculated over the
top-K g = 50 predicted sub-tokens. After normalizing the probabilities of these candidates,
the entropy (in bits) at step s is:

Kpg
Hs = — Zpg,i log, p/s,z'
=1

where p;’i are the renormalized probabilities over the top Ky candidates. The average

entropy Hp, for a language is reported as the mean across all decoding steps.

Alternate-candidate Diversity

This metric evaluates the variety within the set of predicted candidates using the Type-
Token Ratio (TTR). Specifically, we calculate the TTR of the non-top-1 candidates within
the top-Kp = 50 predictions. For each language, we collect all sub-tokens that appear as
candidates ranked from 2 to Kp across all decoding steps. The diversity is then computed
as:

. . |unique non-top-1 tokens in L
Diversity; =

|total non-top-1 tokens in L

This approach explores the richness of the hypothesis space beyond the model’s single
best guess. Our underlying assumption is that lower-resourced languages might exhibit less
diversity in these alternative candidates, potentially reflecting a more constrained or less
nuanced hypothesis space learned by the model due to limited training data. A higher TTR

indicates a broader range of unique alternatives being considered.
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Sub-token Use Visualization

To visualise cross-lingual patterns in sub-token usage, we build a frequency vector for each
language from the sub-tokens that appear among the top-Kpca = 10 candidates at every
decoding step. These frequency vectors represent the distribution of sub-token IDs from
Whisper’s multilingual vocabulary of 51,865 tokens (Radford et al., 2023). Using a wider
window (e.g. Kpca = 50) would fold in many low-frequency alternates and blur fine-grained
distinctions, so we fix K at 10 to keep language differences salient.

After standardizing these vectors, we apply two dimensionality reduction techniques:
Principal Component Analysis (PCA) and t-distributed Stochastic Neighbor Embedding
(t-SNE). PCA projects the data onto the first two principal components to reveal linear
relationships and global structure, while t-SNE emphasizes local neighborhoods and non-
linear clustering patterns. The two approaches allow us to examine both broad cross-
linguistic trends and fine-grained language-specific patterns in sub-token usage. For t-SNE;,
we used scikit-learn t-SNE with perplexity set to 20 (clamped automatically to (n —2)/3 if

the number of languages was small).

3.4.8 Token Discovery and Saturation Modeling

For the expanded 49-language analysis, we additionally track how the model’s sub-token
vocabulary is activated over cumulative audio duration. For each language L and elapsed
audio duration ¢ (in minutes), let Vi, (t) denote the set of sub-tokens that have appeared
among the model’s Top—K decoder candidates by time ¢, and let Np(t) = |Vi(t)| be the
running discovery count. N7 (t) measures how much of the model’s sub-token space is
engaged during the task. We examine this process along four dimensions: (1) the total
number of discovered sub-tokens across languages; (2) the rate of sub-token discovery over
time; (3) the rank—frequency distribution of sub-token usage; and (4) the average sub-token
length as an indicator of segmentation granularity.

Empirically, Ny (t) follows an asymptotic growth curve with diminishing marginal dis-

covery. We fit, per language, an exponential saturation model

NL(t) = AL(l — e_kLt) + By,
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where Ay, is the growth amplitude, k;, the saturation rate, and By, a small offset capturing
early activation. We summarize sufficiency via the acoustic saturation time (AST), defined

as the time to reach 90% of the fitted asymptote:

t907L = — hl(Ol)/k‘L

tgo,r, provides a model-based estimate of when additional audio yields minimal discovery of

new sub-tokens.

3.4.4 Rank—Frequency Analysis

To characterize how activations are organized at saturation, we compute rank—frequency
distributions at the 120-minute checkpoint and fit Zipf-type laws. Specifically, we compare

a plain Zipf model and the Zipf-Mandelbrot variant,

flr) = Cr+p)"7,

where r is rank, « controls tail steepness, and [ captures heavy-head curvature. Fits are
obtained in log—log space via least squares, and model choice is guided by Akaike Information
Criterion (AIC). The parameters («, ) index the concentration of sub-token usage and

head—tail balance.

3.4.5 Segmentation Granularity

We quantify sub-token segmentation using the frequency-weighted mean sub-token length

/= Zz f 1’ |tz|
> fi ,
where f; denotes the empirical frequency of sub-token ¢; in the discovered set at the given

analysis horizon. We relate £, to log;, pre-training hours and, where appropriate, analyze

within-script subsets (e.g., Latin) to control for orthographic effects.

3.5 Decoding Differences Across Latin-Script Languages

Our analysis of Whisper’s sub-token decoder reveals systematic variations in its behavior
that correlate strongly with language resource levels, quantified by training hours. As a

baseline, Figure 3.1 reports the Word Error Rate (WER) of the languages studied.
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Figure 3.1: WER of Whisper on the Common Voice dataset versus training hours. Higher

resource languages tend to have lower WER (p-value < 0.001).

Consistent with previous findings we observe that WER is generally lower for languages
with more training hours (Radford et al., 2023). Spanish stands with WER, higher than
its training data volume would predict; as a pluricentric language spanning many national
standards, its Common Voice data is likely more heterogeneous than that of most other high-
resource languages, which would penalize a single model fit. Our subsequent sub-token level
analyses aim to delve deeper into the internal decoding characteristics that might contribute

to these performance differences.
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Figure 3.2: Average rank of the correct sub-token versus Whisper training hours. Higher

resource languages tend to have correct tokens ranked higher (closer to 1, p-value < 0.001).

3.5.1 Rank of Correct Sub-token

The average rank of the correct sub-token correlates with language resource levels, as shown
in Figure 3.2. Higher resource languages have their correct sub-tokens ranked higher. This
indicates that for higher resource languages, the beam search predominantly follows the
locally highest-probability path. Despite the general trend, we do observe some deviations

in individual languages.
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Figure 3.3: Average model confidence (probability of chosen sub-token) versus Whisper
training hours. Higher-resource languages generally exhibit higher confidence (p-value <

0.001).

3.5.2 Decoder Confidence and Predictive Entropy

Decoder confidence, measured as the average probability of the chosen sub-token, shows
a strong positive correlation with language training hours, as shown in Figure 3.3. High-
resource languages tend to exhibit higher average confidence values.

Conversely, predictive entropy, calculated over the top-5 predicted sub-tokens, demon-
strates a negative correlation with training hours, as shown in Figure 3.4. High-resource

languages show lower average entropy, indicating more peaked and certain predictive dis-
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Figure 3.4: Average predictive token entropy of the top-50 candidates versus Whisper train-

ing hours. Higher resource languages generally exhibit lower entropy (p-value < 0.001).

tributions. This inverse relationship between confidence and entropy is expected: when the

model is more confident in its chosen token, its distribution over alternatives is sharper (less

entropic).

3.5.8 Alternate-Candidate Diversity

Alternate-candidate diversity, measured as the TTR of non-top-1 candidates within the
top-5 predictions, exhibits a generally positive correlation with language resource levels,
as shown in Figure 3.5. Higher resource languages tend to populate the upper range of
diversity scores. This suggests that for higher resource languages, the model often considers

a richer set of unique alternatives beyond its top choice. The overall trend indicates that
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Figure 3.5: Alternate-candidate diversity (TTR of non-top-1 candidates in top-50 can-
didates) versus Whisper training hours. Higher resource languages tend to have higher

alternate-candidate diversity (p-value < 0.001).

increased training data may lead to a more varied set of hypotheses being considered.

3.5.4 PCA and t-SNE Clustering of Sub-token Usage

The PCA visualization of language-specific sub-token frequency vectors (from top-10 can-
didates) reveals distinct clustering patterns that reflect both typological relationships and
resource levels, as presented in Figure 3.6. A prominent observation is the separation

of language families. Romance languages (Spanish, French, Portuguese, Italian, Catalan,
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and Romanian) form a relatively cohesive cluster. Similarly, Turkic languages (Turkish
and Azerbaijani), North Germanic languages (Swedish and Norwegian), Uralic languages
(Finnish and Estonian, and to a lesser extent Hungarian), tend to stay clustered closer
together and distinctly separated from other groups along the principal components. The
clustering is also interesting as it groups languages of varying resource levels together,
suggesting that shared linguistic structures (e.g., common morpho-phonological features
captured in common sub-tokens) could influence sub-token usage patterns.

Notably, typologically unrelated lower resource languages, such as Welsh, Lithuanian,
Latvian, and Basque, cluster together despite their significant linguistic differences. This
unexpected grouping suggests these languages are handled similarly by Whisper’s decoder
not because of linguistic similarity, but due to their shared status as low-resource languages
in the training data. Unlike high-resource languages that form distinct family-based clusters,
these unrelated low-resource languages appear to share common sub-tokenization charac-
teristics that transcend actual linguistic relationships, indicating deficiencies in the model’s
sub-token representations where it may be falling back to more generic decoding patterns
due to insufficient exposure during training.

The t-SNE analysis (Figure 3.7) provides additional insights into local clustering patterns
while confirming several key observations from the PCA. Several neighborhoods remain
stable across both dimensionality reduction techniques, particularly Lithuanian-Latvian,
Finnish-Estonian, and Norwegian—-Swedish pairs, suggesting robust family- or script-level
commonalities in sub-token usage. However, t-SNE reveals that family structure is weaker
when emphasizing local neighborhoods: Romance languages do not form a single tight
cluster as they do in PCA, with Spanish/Portuguese/French appearing more separated.
This suggests that while broad cross-lingual trends are largely linear and captured effectively
by PCA, fine-grained, language-specific token frequencies can create local distinctions that
pull related languages apart in the t-SNE embedding.

The resource-linked patterns observed in PCA are reinforced in t-SNE, where medium-
resource languages occupy several tight neighborhoods, while unrelated low-resource lan-
guages (Welsh, Lithuanian, Latvian, Azerbaijani) continue to cluster together. This consis-

tency across both methods strengthens the interpretation of a “generic decoding” regime
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Figure 3.6: PCA of sub-token usage frequency vectors (top-10 candidates).

under data scarcity. Notably, Estonian and Basque emerge as outliers in both visualizations,
suggesting these languages exhibit particularly idiosyncratic sub-tokenization patterns that

warrant further investigation.
3.6 Sub-token Vocabulary Activation Across Diverse-Script Languages

The results above establish that lower-resource languages are decoded through a generic
regime with lower confidence, higher entropy, and typologically undifferentiated sub-token
usage. A follow-up question is whether this representational disadvantage is simply propor-

tional to training data volume, and therefore whether more data is the path to equity. To



47

@ cnch @ High-resource
300 A Medium-resource
[ Low-resource
“3asque
200 — @Portuguese Vvelsh AHungarian
.Azerbaijani
~ 100 - OSpanish .Lithuanian Alndonesian ACa1aIan
L .
atvian i
% “— AVletnamese
o
0 1 Turkish
""" ADUtCh ARomanian
ANorwegian
German
—100 ® ASwediSh
AFinnish
—-200 - A|ta|iar-. =Estonian
T T T T T T
—-200 —100 0 100 200 300
t-SNE 1

Figure 3.7: t-SNE of sub-token usage frequency vectors (top-10 candidates).

test this, we scale the analysis to 49 languages across diverse scripts. Because the per-token
decoding metrics from the first phase are not comparable across scripts (a Latin BPE frag-
ment and a logographic Chinese token encode different amounts of linguistic information),
we shift to script-agnostic measures: sub-token vocabulary breadth, discovery rate over

time, and distributional shape, none of which require cross-script per-token comparison.

3.6.1 Language Selection and Filtering

We performed Whisper inference across 65 languages covered by both Whisper and Common

Voice 17.0. To ensure interpretable cross-linguistic comparison, we confined our primary
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analysis to languages with adequate transcription quality, defined as having a Character
Error Rate (CER) below 30% on the 10-minute subset. This threshold yielded 49 languages

for inclusion. Figure 3.8 summarizes CER values by language, with the red dashed line

marking the inclusion threshold.

CER by language
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Figure 3.8: Character Error Rate (CER) at 10 minutes for all 65 languages, sorted by CER.

The red dashed line denotes the 30% inclusion threshold; only languages below the line
(n=49) are included.

Among the 16 excluded high-CER languages, errors primarily reflected either script
mismatch or language ID confusion. Script mismatches occurred when Whisper transcribed
in an unintended orthography, for example, producing Latin-script output for Ambharic
rather than Ge’ez. Language confusion arose when the model disregarded the provided

language token, such as transcribing Lao speech as Thai.

3.6.2 Sub-token Breadth and Training Scale

Figure 3.9 shows the relationship between the model’s training data size and the number
of unique sub-tokens discovered during decoding. Each point represents one language, with
color intensity indicating training resource level on a continuous logarithmic scale from red

(lower resource) to blue (higher resource).
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Figure 3.9: Sub-token discovery after 120 minutes across 49 languages. Each point repre-
sents one language, with color indicating training data hours and dashed line showing the
logarithmic trend. Training data hours show weak, non-significant correlation with sub-

token count.

Across all languages, a mean of 18,472 unique sub-tokens (median = 19,474; range
= 5,069-28,868) were utilized at the end of inference for 120 minutes. Training hours
of the model exhibited only a weak, non-significant correlation with sub-token discovery
(r =0.178, p = 0.22), indicating that larger pre-training data volumes do not systematically
increase the model’s comparative sub-token utilization.

Although the languages represent a diverse range of orthography, even when restricting
analysis to Latin-script languages only, training hours remained non-significant (r = 0.256,
p = 0.18, n = 29). However, a linear regression analysis revealed that writing system ac-

counts for substantial variance in sub-token discovery (R? = 0.634, F' = 5.81, p < 0.001).
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Latin-script languages discovered significantly more tokens (mean = 22,885) compared to
non-Latin scripts with a +12,017 token effect (p < 0.001). In contrast, languages using
Chinese-Japanese (CJ) characters (mean = 9,385), Hebrew (mean = 8,973), and Arabic
script (mean = 10,441) consistently discovered fewer tokens. Cyrillic-script languages oc-

cupied the intermediate position (mean = 12,768).

3.6.3 Convergence Pattern

To assess how pre-training scale influences the rate at which languages reach sub-token
coverage, we fit asymptotic growth curves to sub-token discovery trajectories over time.
Three languages (Afrikaans, Azerbaijani, Icelandic) were excluded due to stagnant growth
(< 10% increase from baseline or coefficient of variation < 0.05), leaving 46 languages for
analysis.

Figure 3.10 shows fitted saturation curves, with individual trajectories (thin lines) and
script-median trends (thick lines). The median time to 90% coverage was tg9g = 115.7
minutes (IQR: 105.4-128.8), and languages reached on average 94.3% of their fitted asymp-
tote at 120 minutes. The exponential model has strong fits across all languages (mean
R? = 0.996, minimum R? = 0.987).

Across languages, tgg exhibited a weak but positive correlation with log training hours
(r=0.209, p=0.164, n=46), indicating that languages with larger pre-training data tended
to reach full sub-token coverage more gradually. Within the Latin subset, this relationship
strengthened and reached statistical significance (r=0.401, p=0.042, n=26). A multiple
regression including both log training hours and script accounted for 51.3% of the variance
in tgg (R?=0.513, adjusted R?=0.356; F'=3.26, p=0.0039).

Besides the scale of data in pre-training, writing system exerted a systematic effect.
Latin-script languages reached saturation fastest (median tgg = 109.3 min; n=26), followed
by Hangul (97.7 min; n=1) and Devanagari (120.6 min; n=3). Chinese and Japanese showed
the slowest saturation (median tgg = 155.0 min; n=2), with Thai (156.0 min; n=1) and Ara-
bic (142.5 min; n=3) displaying similarly delayed convergence. These cross-script differences

parallel the sub-token inventory asymmetries reported in Section 3.6.2, suggesting that or-
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Figure 3.10: Token saturation curves across 46 languages. Thin lines show individual lan-

guages; thick lines show script median. Diamonds mark 90% saturation points (t9p). Red

vertical dashed line indicates the collection window at 120 minutes.

thographic granularity interacts with the dynamics of sub-token activation.

3.6.4 Distribution of Sub-token Utlization Across Languages

To find out about the distributional properties of sub-token utilization across languages,
we analyzed the patterns of sub-token frequency. Figure 3.11 plots these distributions on a
log—log scale, grouped by writing system, with thin lines for individual languages and thick
lines for script-level medians.

Across 49 languages, power-law fits (f(r) = C'r~®) yielded a mean exponent of @ = 1.71
(o = 0.26), steeper than the canonical Zipf value (=~ 1.0) typical of natural text. The slopes
showed no relationship to training scale (r = —0.07, p = 0.63 overall; » = 0.15, p = 0.44 for
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Figure 3.11: Rank-frequency distributions on a log-log scale, grouped by writing system.
Thin lines show individual languages; thick lines show script-level medians with IQR rib-

bons. The dashed reference line indicates canonical Zipf behavior (o = 1).

Latin scripts), suggesting that frequency concentration is not governed by data size.

To better capture curvature in the rank—frequency tails, we also fit the Zipf-Mandelbrot
model (f(r) = C(r 4+ B)~%). It provided a consistently better fit across languages, with
values between 6 and 20, indicating a heavier head dominated by a small subset of sub-
tokens. This shift quantifies the model’s tendency to reuse a restricted high-probability
inventory, reflecting decoder confidence and BPE tokenization bias.

Systematic cross-script differences remained prominent. CJ (Chinese-Japanese) and
Cyrillic languages showed the steepest decay (a~2.1 and 2.0), followed by Devanagari and
Arabic (a~1.9), while Latin-script languages were flatter (a~1.54). These results suggest

that sub-token utilization is shaped primarily by orthographic and segmentation structure
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rather than by corpus size.

Overall, Whisper’s distributions are Zipf-like but exhibit consistent heavy-head devia-

tion, reflecting structural biases in multilingual tokenization and decoder probability allo-

cation.

3.6.5 Distribution of Sub-token Length Across Languages

As a controlled case study to isolate the effect of training data scale on sub-token granularity

while holding orthography constant, we examine frequency-weighted mean sub-token length

in Latin-script languages. Figure 3.12 plots these values against training hours (log) for the

29 Latin-script languages.
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Figure 3.12: Mean sub-token length (frequency-weighted) as a function of training hours

for Latin-script languages (n=29). A positive correlation indicates that higher-resource

languages tend to have slightly longer sub-tokens.
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Within the Latin-script languages, training hours showed a modest but statistically
significant positive correlation with sub-token length (r = 0.44, p = 0.018), with a slope of

0.12 characters per log;, hour.
3.7 What Sub-token Patterns Reveal About Multilingual Fairness

3.7.1 Resource-Driven Decoding Disparities

The analysis consistently reveals that higher resource languages benefit from more favor-
able decoding characteristics. Specifically, the Whisper ASR model exhibits higher aver-
age confidence in its chosen sub-tokens for higher resource languages, and their predictive
distributions are marked by lower entropy, indicating greater certainty in its predictions.
Furthermore, the correct sub-token is more frequently highly ranked among the candidates
considered during beam search for these languages.

These advantages can be attributed to the extensive exposure to diverse linguistic phe-
nomena afforded by larger training datasets (Radford et al., 2023). Such exposure likely
enables the formation of more robust and well-calibrated sub-token representations. The
generally higher alternate-candidate diversity observed for higher resource languages also
suggests that increased training data allows the model to consider a richer and more var-
ied set of plausible alternatives during the decoding process, potentially contributing to
improved overall transcription accuracy.

The identification of language-specific weaknesses, such as a consistent tendency for
correct sub-tokens to be ranked lower or for predictive distributions to exhibit high entropy
in low resource languages, can directly inform the design of language-specific adapters or
more sophisticated parameter-efficient fine-tuning strategies (Song et al., 2024; Pfeiffer et al.,
2021). Furthermore, decoder-internal metrics, including dynamic measures of confidence
and entropy, could potentially serve as valuable signals for adaptive adjustments to decoding
algorithms. Finally, the sub-token usage patterns unveiled by PCA and the diversity metric
may illuminate critical deficiencies in current vocabulary coverage and suggest novel data

augmentation techniques.



95

3.7.2 The Influence of Linguistic Typology on Sub-token Usage

Beyond the volume of training data, both the PCA and t-SNE analyses of sub-token
usage (Figures 3.6 and 3.7) illustrate the strong influence of linguistic structure on the
model’s internal representations. Typological clusters observed across both methods—such
as Lithuanian—Latvian, Finnish—Estonian, and Norwegian—Swedish—underscore that shared
morpho-syntactic or phonological features drive stable sub-token patterns.

PCA and t-SNE offer complementary perspectives. PCA captures broad linear trends,
with Romance languages forming a cohesive family cluster, while t-SNE emphasizes local
neighborhoods where fine-grained token frequency differences separate closely related lan-
guages (e.g., Spanish, Portuguese, and French). Typological relationships thus operate at
multiple scales: family-level similarities captured by linear methods, and language-specific
idiosyncrasies revealed by non-linear analysis.

Clustering patterns also group higher- and lower-resource languages by typological re-
latedness. Inherent properties such as agglutinative morphology can shape representational
space, partly mitigating data scarcity disadvantages when low-resource languages belong to
related families. Typological relatedness therefore conditions sub-token representations and
may support cross-lingual transfer.

At the same time, unrelated low-resource languages often cluster together despite their
differences, suggesting Whisper’s decoder treats them similarly due to shared scarcity rather
than linguistic similarity. The persistence of this effect in both PCA and t-SNE indicates
that data scarcity shapes representations in ways independent of the analysis method.

Finally, Estonian and Basque consistently emerge as outliers, reflecting idiosyncratic
sub-tokenization patterns that may require targeted investigation and specialized handling

in multilingual ASR systems.

3.7.8  Sub-token Prediction Accuracy versus Global Performance

An intriguing aspect of our findings is the observed incongruity between local sub-token
prediction and global Word Error Rate (WER) for particular languages. For instance,

languages like Estonian and Azerbaijani, despite demonstrating remarkably low average
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ranks for their gold sub-tokens (signifying that the correct orthographic units are included
as high-probability candidates by the acoustic model at a local, per-step level) do not
invariably achieve the lowest overall WERs in our analyzed set.

This phenomenon highlights the inherent complexities of the end-to-end ASR. decoding
pipeline. While the model may possess robust local “knowledge” of correct sub-units, the
ultimate transcription quality is a cumulative function of global sequence optimization dur-
ing beam search, the effective mitigation of cascading errors arising from any single misstep,
and the nuanced handling of intricate linguistic features that span multiple tokens. Con-
sequently, for such languages, interventions aimed solely at further refining local sub-token
prediction accuracy might yield diminishing returns on WER improvement. Strategies that
enhance the model’s capacity for global context modeling or its specific handling of overar-

ching linguistic complexities may prove more fruitful.

3.7.4 Acoustic Saturation and Corpus Design

The independence of sub-token discovery from training scale has direct implications for
cross-lingual evaluation design. If pre-training disparity does not determine the breadth
of a model’s active vocabulary during inference, then evaluation corpora need not be pro-
portionally scaled to match training resources. Instead, our findings suggest that acoustic
saturation time (AST), the duration beyond which additional audio yields minimal new
sub-token activation, provides a more principled criterion for considerations of phonetic
representation. The consistent tgg values near 120 minutes across resource tiers indicate
that relatively compact evaluation sets can comprehensively observe a model’s representa-
tional capacity, even for low-resource languages.

This has practical consequences for resource-constrained settings. Rather than pursu-
ing ever-larger test collections to mirror high-resource benchmarks, practitioners can target
acoustically saturated samples that fully engage the model’s learned vocabulary. This re-
frames corpus design from a question of absolute size to one of sub-token coverage, potentially
reducing collection costs while maintaining evaluation validity.

The exponential saturation of sub-token discovery suggests that inference-time sub-token
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vocabulary activation is constrained by the statistical structure of speech itself, not merely
by training exposure. This finding aligns with information-theoretic perspectives on lan-
guage modeling: beyond a certain duration, additional audio becomes redundant with re-
spect to the model’s learned hypothesis space (Gutierrez-Vasques et al., 2023). The con-
vergence of tgy across resource tiers reinforces this interpretation: saturation reflects an
intrinsic property of the model-language interaction rather than a direct scaling effect of
pre-training data.

For resource planning, AST offers a practical target for data collection campaigns. In-
stead of aiming for arbitrary hour thresholds, practitioners can use saturation curves to
identify when additional recording effort yields diminishing returns. This approach pri-
oritizes acoustic diversity over volume, encouraging the collection of phonetically and

demographically varied samples rather than simple duration scaling.

3.7.5 Tokenization Bias and Fairness

The Zipf—~Mandelbrot distributions of sub-token frequency reveal systematic biases in how
multilingual ASR models deploy their sub-token inventories. The flattened heads where a
small number of tokens dominate probability mass suggest that decoder behavior is shaped
as much by tokenization artifacts as by linguistic productivity. This aligns with prior
findings that BPE vocabularies encode resource and morphological biases (Petrov et al.,
2023; Ahia et al., 2024), but extends the analysis to inference-time dynamics.

The weak positive relationship between training hours and mean sub-token length (r =
0.21) further indicates that segmentation granularity varies subtly across languages. Higher-
resource languages exhibit slightly longer tokens, consistent with finer-grained BPE merges
learned from extensive exposure, while low-resource languages show more conservative, com-
pact segmentation. This disparity suggests that multilingual models may not learn uniform
sub-token representations: instead, tokenization depth co-varies with training scale, which
could potentially affect downstream performance in ways not fully captured by error rate
metrics alone.

Importantly, the steeper-than-canonical Zipf exponents (& = 1.69) and heavy-head dis-
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tributions indicate that Whisper’s sub-token space is not uniformly explored. A small frac-
tion of tokens accounts for the vast majority of decoder hypotheses, leaving large portions
of the vocabulary rarely activated. This concentration may have implications for model
interpretability, calibration, and fairness: if certain languages rely disproportionately on a
narrower sub-token subset, their decoding behavior could be more brittle or less robust to
distributional shift.

The lack of correlation between training hours and sub-token discovery suggests that low-
resource languages are not inherently disadvantaged in terms of sub-token diversity during
inference. While such languages may still exhibit higher error rates due to limited acoustic-
phonetic exposure, their sub-token hypothesis spaces are comparably broad, indicating that
the model has learned a rich set of candidate representations even from minimal data. This
finding challenges deficit-oriented narratives in multilingual NLP: rather than viewing low-
resource languages as categorically impoverished, our analysis reveals that they activate
multilingual models’ vocabularies as robustly as high-resource languages. The disparities
that do exist—such as segmentation granularity and error rates—may stem more from
tokenization design choices and acoustic variability than from fundamental limitations in

the models’ learned capacities.

Limitations

Although we tried to present a comprehensive analysis, this study has several limitations.
First, the initial probing experiments focused primarily on languages using the Latin script,
excluding many writing systems and potentially missing script-specific tokenization effects.
We also omitted languages with extremely high error rates (WER > 60% for the 20-language
analysis; CER > 30% for the 49-language analysis), where Whisper frequently misidentified
the language altogether, making sub-token analysis unreliable. Additionally, our 10-minute
samples per language in the initial phase provide only a snapshot that may not capture the
full phonological diversity or domain variation present in natural speech.

Our methodology for extracting and evaluating sub-token performance relies on as-
sumptions about alignment between hypothesis and reference transcriptions that may not

perfectly represent ground truth. While we analyze the chosen beam search path, we do not
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directly probe Whisper’s internal beam search heuristics or alternate paths, which might
offer additional insights into model decision-making. Our resource-level categorization is
based solely on Whisper’s training hours rather than real-world language resources.

Furthermore, our analysis is inherently dependent on the quality and accuracy of the
labels provided within the Whisper training dataset. As noted by Radford et al. (2023)
themselves, there can be instances of labeling errors within this large dataset (e.g., some
English audio being mislabeled as Welsh). Similar mislabelings for other languages could
exist and potentially influence the model’s learned representations.

All experiments are conducted using a single model, Whisper large-v2, with BPE to-
kenization from a shared multilingual vocabulary. While we believe the methodology is
general, the specific saturation dynamics, distributional parameters, and script-level pat-
terns reported here may not directly generalize to models with different architectures, vo-
cabulary sizes, or tokenization strategies. The expanded analysis is based entirely on read
speech from Common Voice, which limits applicability to spontaneous, conversational, or
code-switched speech scenarios.

Future work should extend this analysis to more scripts, longer and more diverse au-
dio samples, and explore how sub-token behavior correlates with specific linguistic features
across typologically diverse languages. Replicating the saturation analysis with other multi-
lingual ASR systems such as MMS (Pratap et al., 2024) would strengthen the generalizability
of these findings.

Postlude

This chapter addressed RQ2: do sub-token decoding metrics reveal systematic differences
in how a large multilingual ASR model processes languages across training-data tiers, do
those differences align with typological structure or resource level, and are they reducible
to training data volume?

They align with both typology and resource level—but asymmetrically. Higher-resource
languages are decoded through typologically differentiated internal regimes; lower-resource
languages converge into a single generic regime defined by low confidence, high entropy,

and typologically disorganized token usage regardless of linguistic family. Critically, this
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representational disadvantage is not reducible to insufficient data. Sub-token utilization
saturates after roughly two hours of audio regardless of resource tier, and the distributional
parameters that vary across languages track script and typology rather than pre-training
data volume. The structure of multilingual tokenizers and the design of the shared decoding
hypothesis space—choices that more data collection does not change—shape the inequity.
These are technical failures, but they have real human consequences. Chapter 4 docu-

ments those consequences directly, from the perspective of the people who live with them.
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Chapter 4
USER EXPERIENCE OF ASR BIAS

Overview

This chapter addresses RQ3: how do speakers of non-mainstream U.S. dialect varieties
describe their experiences with ASR systems, and what forms of invisible labor, emotional
harm, and technology abandonment does accuracy-centric evaluation fail to capture? It
is based on Liang and Wassink (2026), to be presented at the 2026 ACM Conference on
Fairness, Accountability, and Transparency (FAccT 2026). A mixed-methods survey of
215 speakers across four U.S. dialect communities documents the invisible accommodation
labor, internalized self-blame, and high rates of technology abandonment that no fairness
benchmark records. This chapter grows out of the SocioLinx project on bias in ASR led
by Alicia Beckford Wassink, who was responsible for conceptualization, study design, and
fieldwork; all project members contributed to annotation and data collection. The author’s

contribution was the primary writing and synthesis of the analysis.
4.1 The Missing Side of ASR Bias Evaluation

Automatic Speech Recognition (ASR) systems have become deeply embedded in everyday
technologies, from smartphones and smart speakers to customer service systems and ac-
cessibility tools. These systems promise hands-free convenience and natural interaction,
yet mounting evidence demonstrates substantial performance disparities across dialects and
accents. For speakers of non-mainstream language varieties, technical failures occur system-
atically and frequently, carrying consequences that extend far beyond mere inconvenience.

Prior research has documented these performance gaps extensively. Commercial ASR
systems exhibit higher word error rates for certain groups of English speakers such as African
American English speakers, Spanish-influenced English speakers, and Indigenous language

speakers compared to speakers of dominant English varieties (Koenecke et al., 2020; Wassink
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et al., 2022; Martin and Tang, 2020). These disparities stem primarily from training data
imbalances and linguistic features characteristic of non-dominant varieties that systems
fail to accommodate (Tatman, 2017; Feng et al., 2024; Ngueajio and Washington, 2022).
These studies have established that bias exists and quantified its magnitude through error
metrics, phonetic analyses, and controlled evaluations. These performance disparities reflect
broader patterns of algorithmic discrimination documented across Al systems (Noble, 2018;
Benjamin, 2019).

Yet while the documentation of ASR bias continues to accumulate, significantly less at-
tention has been paid to the human side of system bias. How do system failures shape users’
lived experiences? How do users feel about and react to repeated misrecognition? What
emotional toll do these failures exact over time? How do experiences vary across different
dialect communities facing similar technical failures? And critically, how do these experi-
ences shape users’ relationships with voice technologies and their willingness to contribute
to improving biased systems?

This study addresses these questions through a mixed-methods investigation of user
experiences across four U.S. dialect communities: African American speakers in Atlanta,
Georgia; Gulf Coast Creole and French speakers in Mississippi and Louisiana; Hispanic
and Latine Caribbean speakers in Miami Beach, Florida, and Native American speakers in
Tucson, Arizona. Through quantitative analysis of structured questionnaires and qualitative
analysis of open-ended narrative responses, we move beyond performance metrics to examine
the lived experiences and emotional impacts of algorithmic bias: the frustrations users
articulate, the accommodations they make, their understandings of why systems fail them,
and the complex decisions they face about whether to persist with, abandon, or contribute
towards improving technologies that exclude them.

Our findings reveal that participants maintain high expectations for ASR performance
and express overwhelming willingness to contribute to model improvement, yet most report
that technologies fail to consider their cultural backgrounds and require constant adjust-
ment to achieve basic functionality. Participants report frustration, annoyance, and feelings
of inadequacy, yet the emotional impact extends beyond these momentary reactions. Quali-

tative analysis exposes deeper psychological costs: participants recognize that systems were
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not designed for them (“this wasn’t made for me”), yet internalize failures as personal in-
adequacy despite this critical awareness. They perform extensive invisible labor, including
code-switching, hyper-articulation, and emotional management, to make failing systems
functional. Their linguistic and cultural knowledge remains unrecognized by technologies
that encode particular varieties as standard while rendering others marginal. This tension
between understanding exclusion and continuing to accommodate failing systems illumi-
nates the complex situation of users navigating technologies that have become increasingly
unavoidable yet remain systematically unreliable for their speech.

This research contributes to fairness and accountability scholarship by recentering user
experience and emotional impact in evaluations of algorithmic bias. We demonstrate that
fairness assessments based on accuracy metrics alone miss critical dimensions of harm:
the emotional labor of managing repeated technological rejection, the cognitive burden of
constant self-monitoring, and the psychological toll of feeling inadequate in one’s native
language. These invisible costs are central to experiences of algorithmic exclusion yet re-
main uncaptured in technical evaluations. We document how users interpret and respond
to systematic technological failure, revealing sophisticated critical awareness alongside in-
ternalized self-blame, and exposing forms of harm that performance metrics fail to capture.
Understanding ASR bias requires attending not just to error rates but to how bias is expe-

rienced and felt by affected users.
4.2 Previous Work on Performance Gaps and Lived Experience

Our work sits at the intersection of ASR bias analysis, user experience research on algo-
rithmic harm, sociolinguistics, and critical frameworks for understanding linguistic justice
in Al systems. We review three strands of research central to our research questions: (1)
documented performance disparities and their causes, (2) user experiences of algorithmic
bias and technological invisibility, and (3) participatory responses to biased systems and

design justice.
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4.2.1 ASR Performance Disparities Across Dialects

Studies have consistently documented performance disparities in commercial ASR, systems
across racial, ethnic, and dialectal lines. Koenecke et al. (2020) found that major com-
mercial systems from Amazon, Apple, Google, IBM, and Microsoft exhibited higher word
error rates for African American speakers compared to white speakers, with disparities par-
ticularly pronounced for speakers of African American English (AAE). These disparities
stem primarily from training data imbalances, with ASR models predominantly trained on
Standard American English from speakers who are disproportionately white (Dorn, 2019).

Recent work has expanded evaluation to multiple dialect varieties. Wassink et al. (2022)
analyzed ASR errors across four ethnicity-related sociolects from the Pacific Northwest,
demonstrating differential error rates: Caucasian American English exhibited lowest error
rates, followed by African American English, Yakama English, and ChicanX English. Har-
ris et al. (2024) evaluated ASR performance across four U.S. dialects (Standard American
English, AAE, ChicanX English, and Spanglish), finding intersectional gender-dialect biases
where systems performed worst for female speakers of minority dialects. Martin and Tang
(2020) showed how ASR systems fail to recognize the habitual “be” construction character-
istic of AAE, a morphosyntactic feature with systematic grammatical function that systems
misinterpret or ignore. Choe et al. (2022) examined how speakers’ native language phonolo-
gies predict specific categories of ASR errors across World Englishes. Approaches have also
focused on different ways to develop systematic methods for measuring and analyzing ASR
bias. For example, Feng et al. (2021) analyzed specific phonemes to identify sources of
bias, while Liu et al. (2021) developed fairness measurement frameworks using demograph-
ically diverse datasets. However, critical analysis of this research literature itself reveals
persistent conceptual limitations, including misconceptions about accent as something only
certain speakers possess (Prinos et al., 2024).

This body of work establishes that performance disparities are substantial, systematic,
and attributable to specific phonological or morphosyntactic features characterizing non-
dominant varieties. However, these studies focus primarily on documenting failure rates

rather than examining user experiences of failure or how communities respond when faced
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with persistent technological exclusion—the gaps our work addresses.

4.2.2  User Experiences of Algorithmic Bias

Emerging research examines how users experience algorithmic bias emotionally and psycho-
logically. Mengesha et al. (2021) investigated African American users’ experiences with ASR
errors through interviews and surveys, finding that participants perceived errors as cultur-
ally insensitive and felt the technology was not designed for them. Their qualitative work
documented frustration, resignation, and perceptions of technological exclusion, providing
crucial evidence that ASR bias creates psychological impacts beyond mere inconvenience.
However, questions remain about how these feelings of exclusion interact with users’ ongoing
decisions to use, accommodate, or abandon failing technologies. Recent work has extended
this analysis to Al voice services more broadly. Michel et al. (2025) examined accent bias
and digital exclusion in synthetic AI voice services (Speechify and ElevenLabs), finding par-
allel patterns of users feeling unrepresented by technologies that fail to accommodate their
speech patterns.

Research on intersectional invisibility in organizational contexts provides a theoreti-
cal framework for understanding these experiences. Bhattacharyya and Berdahl (2023)
documented how women of color in workplaces experience systematic oversight and mis-
recognition at the intersection of multiple marginalized identities, identifying four forms
of invisibility: erasure (being overlooked), homogenization (being confused with others),
whitening (having cultural identity ignored), and exoticization (being treated as exotic
other). Critically, these invisibility experiences create distinct affective reactions: ambigu-
ous events (erasure, whitening) elicit shame and self-blame, while less ambiguous events
(homogenization, exoticization) elicit anger directed at perpetrators. This dual pathway
suggests that even when structural causes are visible, internalized responses may persist.
This work builds on broader scholarship documenting how marginalized groups experience
systematic misrecognition in institutional contexts, with implications for how users interpret
technological failures (Rickford and King, 2016).

We theorize that similar dynamics operate in human-technology interaction. When ASR
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systems consistently fail to recognize certain speakers, these failures may create technological
inwvisibility—experiences of being unseen, misrecognized, or overlooked by systems. An
open question is whether users maintain critical awareness that systems were not designed
for them while simultaneously internalizing failure as personal inadequacy, and how these

contradictory interpretations coexist in everyday technological practice.

4.2.8  Technological Labor and Participatory Tensions

When speakers of non-mainstream varieties must accommodate dominant norms to partic-
ipate in technological systems, this accommodation constitutes a form of invisible labor:
cognitive effort to modify natural speech, emotional management when systems fail, and
temporal costs of repetition and troubleshooting (Mengesha et al., 2021). We draw upon
the long history of accommodation research conducted in sociolinguistics and social psy-
chology. Accommodation refers to the conscious or unconscious alterations a talker makes
to their linguistic or paralinguistic presentation, either in response to interpersonal factors
(such as the desire to enhance perceived social proximity or social attractiveness), in re-
sponse to a change in topic or interlocutor, or of a desire to control the persona that they
project (e.g., to convey humor or playfulness)(Giles and Powesland, 1975; Bell, 1984; Eckert,
2000; Coupland, 2002). Collectively, these are factors influencing style-shifting. Crucially
for our purposes, there is neuro-linguistic research indicating that, particularly in diglossic
communities where the use of different is kept separate (for example, by social norms del-
egating each dialect to a different social domain), bidialectal speakers may incur cognitive
switching costs that monolinguals do not, reflecting the need to inhibit the activation of the
variety that is inappropriate for a given setting (Kirk et al., 2022; Vorwerg et al., 2019).
We use the term invisible labor to encompass three interrelated dimensions. First, drawing
on Hochschild’s (2012) concept of emotional labor—the work of managing one’s feelings
to fulfill external expectations—we recognize that ASR users must suppress frustration,
self-blame, and alienation to continue engaging with failing systems. Second, extending
this concept through Baker-Bell’s (2020) framework of internalized linguistic racism, we

identify a specifically linguistic dimension: the cognitive and emotional work of suppress-
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ing one’s natural speech variety to conform to a system’s narrow expectations, what we
term linguistic labor. Third, following Cunningham et al. (2024), we attend to the practical
accommodation strategies—repetition, code-switching, hyper-articulation—that consume
time and attention. This labor remains invisible to developers and privileged-dialect users
for whom ASR “just works,” yet represents a significant and inequitable burden for those
whose speech falls outside training distributions. Pospisil et al. (2022) find that about 76
percent of those who find the labor and concerns to be excessive will never return to the
use of voice assistants. Our study operationalizes this concept through systematic docu-
mentation of coping strategies, examining what accommodations users report making and
at what frequency across different dialect communities. The accommodation burden placed
on speakers of non-dominant varieties reflects broader patterns of linguistic discrimination,
wherein certain ways of speaking are systematically devalued while others are treated as
neutral or standard (Lippi-Green, 2012).

Design justice frameworks argue that equitable technologies require centering marginal-
ized communities throughout design processes (Costanza-Chock, 2020). Costanza-Chock
articulates principles emphasizing that those most affected by design decisions should lead
design processes, that communities hold expertise about their own experiences, and that de-
sign should dismantle rather than reproduce structural inequalities. Applied to ASR, these
principles suggest that developing dialect-inclusive systems requires sustained partnership
with speakers of underrepresented varieties, not merely collecting their voice data.

Yet tensions emerge when communities experiencing bias are asked to contribute to fix-
ing biased systems. Harrington et al. (2019) examine community-based collaborative design
with Black and Brown communities, identifying tensions between researcher and community
goals and emphasizing the importance of compensation, shared decision-making authority,
and recognition of community expertise. When voice sample collection occurs without
these protections, questions arise about equitable participation in Al development. Recent
work has begun addressing these tensions in ASR contexts specifically. Hutchinson et al.
(2025) document participatory approaches to developing speech technologies for Australian
Aboriginal English, highlighting both opportunities and risks when developing ASR for

marginalized language communities. A critical question emerges: if users recognize that
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ASR was not designed for them and experience repeated failures, what motivates continued
willingness to participate in system improvement? This question sits at the intersection of
critical awareness and ongoing technological engagement. Our study examines whether com-
munities experiencing significant harm nevertheless remain willing to contribute to model
improvement, and how this willingness relates to their experiences of exclusion and their

understanding of why systems fail them.

4.2.4 Positioning This Work

This work reframes the study of ASR bias by shifting attention from system-centric perfor-
mance metrics to the social and experiential dimensions of human—technology interaction.
Rather than asking only how recognition accuracy varies across dialects, we ask how per-
sistent misrecognition is understood, navigated, and emotionally processed by users whose
speech falls outside dominant training distributions. By situating ASR failures within users’
everyday practices, expectations, and interpretive frameworks, this study treats bias not
solely as a technical property of models, but as a lived condition shaped by design choices,
institutional norms, and unequal distributions of accommodation labor. In doing so, we
bridge technical research on ASR disparities with human-centered and justice-oriented ap-
proaches to algorithmic accountability, emphasizing the importance of user experience as a

central site for evaluating fairness in voice technologies.
4.3 Study Design

4.3.1 Research Design

Our study investigates user experiences with English Automatic Speech Recognition (ASR)
technologies across four geographically and linguistically diverse communities in the United
States. Our methods combine structured questionnaires with open-ended responses to cap-
ture both quantitative patterns and qualitative experiences of ASR system failures and their
psycho-emotional impacts.

Data collection occurred between July, 2023 and August, 2025 for four sites: Atlanta,

Georgia; the Gulf Coast region (Mississippi and Louisiana); Miami Beach, Florida; and
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Tucson, Arizona. These communities represent systematically underrepresented varieties
with well-documented linguistic structures distinct from Standard American English (Green,

2002; Blodgett et al., 2016; Fought, 2003; Leap, 1993; Klingler, 2003).

4.3.2  Participants

We recruited a total of 494 participants across the four sites; of these, 215 of them met our in-
clusion criteria (target linguistic and demographic background) and provided near-complete
survey responses. These 215 participants form the basis of this study. All participants self-
identified as speakers of underrepresented dialects in the United States and reported regular
use of voice-enabled technologies. Eight members of the research team (2-6 per location)
conducted participant recruitment. Recruitment strategies varied by site to reach distinct
dialect communities: Atlanta participants (n==86) were recruited at local community centers
and a conference of black engineers; Gulf Coast participants (n=61) were recruited from
the community by word-of-mouth; Miami Beach participants (n=43) were recruited from
the student and staff body at Florida International University; and Tucson participants
(n=25) were recruited through the Pascua Yaqui Cultural Center and the intertribal Native
American Student Affairs center at the University of Arizona.

Table 4.1 presents an overview of the demographic composition of the participants.
The Atlanta sample (n==86) consisted primarily of Black/African American participants
from the Southeast. The Gulf Coast sample (n=61) included Black/African American par-
ticipants and French Creole speakers from Mississippi and Louisiana. The Miami Beach
sample (n=43) included Caribbean Hispanic/Latine participants, Black Caribbean, and
Black/African American participants from Florida. The Tucson sample (n=25) consisted
primarily of Native American participants from Arizona, including speakers of Yaqui, Navajo,

Tohono O’odham, and other Indigenous backgrounds.



Table 4.1: Participant Demographics by Research Site

Characteristic Atlanta Gulf Coast Miami Beach  Tucson
(n=86) (n=61) (n=43) (n=25)
Gender Identity
Women 48 (56%) 20 (33%) 31 (72%) 19 (76%)
Men 37 (43%) 38 (62%) 11 (26%) 6 (24%)
Non-binary 1 (1%) 1 (2%) 0 (0%) 0 (0%)
Trans woman 0 (0%) 1 (2%) 0 (0%) 0 (0%)
Prefer not to state 0 (0%) 1 (2%) 1 (2%) 0 (0%)
Age (years)
Range 19-60 18-68 18-63 18-54
Mean (SD) 29.9 (8.5) 33.6 (12.1) 23.4 (11.2)  25.8 (10.2)

4.8.8 Data Collection

Questionnaire Design

70

We developed a questionnaire investigating participants’ experiences with voice-enabled

technologies, their perceptions of ASR system performance, and the psycho-emotional im-

pacts of recognition failures. The questionnaire included both structured multiple-choice

items and open-ended narrative prompts.

Key questionnaire topics included:

Demographic information (age, location, ethnicity, gender identity)

Self-description of speech characteristics (Q1) and speech challenges (Q4)

Types of voice-enabled technologies used (Q5-Q7) and purposes of use (Q6a, Q8a)

Frequency of use for different purposes (Q12a—f: 5-point Likert scale)



71

e Discontinued use and reasons (Q10: open-ended)

e Memorable experiences with ASR technologies (Q11: open-ended)

e Specific instances of dialect or accent-related recognition failures (Q13: open-ended)

e Types of challenges experienced (Q14: multiple-choice with options including cul-
tural /ethnic/racial exclusion, contextual misunderstanding, physical effort require-

ments, self-consciousness)

e Coping strategies employed when systems fail (Q15a: multiple-choice with options
including repetition, speech modification, enunciation, speaking louder/slower, imita-

tion, manual task completion, asking others for help, technology abandonment)

e Emotional responses to system failures (Q16: open-ended)

e Expectations for ASR accuracy (Q17: 5-point scale from “Always [100%]” to “Never
[0-20%]”)

e Willingness to provide voice samples for system improvement (Q18a: Yes/Maybe/No)

e Willingness to pay for improved services (Q19: multiple payment tier options including

compensation preference)

Questionnaire items were developed using a two-part process. Prompts originally pre-
pared by the second author were reviewed and updated in collaboration with a UX researcher
(a member of the team) with experience using culturally-informed community-based par-
ticipatory research design frameworks for fairness in technology (CBPR) (Harrington et al.,
2019). The questionnaire was then brought to the Seattle Black Community Advisory Board
(B-CAB), who provided further feedback on item wording, overall content, and impact of
the questionnaire as well as the alignment of the project with the B-CAB’s own goals to
advance technological fairness in the local community. B-CAB feedback was incorporated

into the questionnaire.
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The full questionnaire can be found in the appendix. The Atlanta collection was the
first to occur. Afterward, the interview and survey were modified slightly to increase the
likelihood that question wording would elicit the information of interest. We will mention

below where the Atlanta questionnaire differed slightly from the other locations’ surveys.

Data Collection Procedures

Study procedures were approved by the University of Washington Human Subjects Division
(Review#: 00019648). Two procedures were used for the collection of data. First, a
semi-structured interview was delivered in-person and audio-recorded. Following consenting
procedures, respondents were invited to respond verbally to an interviewer who delivered all
questions orally. Second, we offered the choice to all respondents to participate online via a
self-paced survey created using the JotForm platform (jotform.com). The survey appeared
only after online consent was given. The survey included radio-button, multiple-choice,
short-form text entry and long-form text entry as well as audio widget response options, as
appropriate to the question. All participants, regardless of collection method, responded to
the same questionnaire, enabling cross-site comparison for both quantitative and qualitative

analyses.

4.8.4  Analytical Approach
Quantitative Analysis

We report descriptive statistics (frequencies, percentages) for all structured questionnaire
items to characterize response patterns within and across sites. For multiple-selection items
(Q14: challenges experienced; Q1ba: coping strategies employed), participants could select
all applicable options, resulting in non-mutually exclusive categories. Percentages therefore
reflect the proportion of participants who endorsed each option and may sum to greater
than 100%. Comparisons across sites are reported descriptively given the non-probability
sampling approach and the distinct demographic characteristics of each dialect community.
Where notable differences emerged between sites, we interpret these in light of the specific

linguistic and cultural contexts of each community.
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Qualitative Analysis

We conducted qualitative analysis of open-ended responses to three key questions: memo-
rable experiences with ASR technologies (Q11), specific instances of dialect-related recog-
nition challenges (Q13), and emotional responses to system failures (Q16). Several major
themes emerged from this analysis, representing distinct dimensions of how participants ex-
perience and respond to ASR bias. These themes capture both surface-level impacts (frus-
tration with errors, need for repetition) and deeper psychological dimensions (internalized
blame despite critical awareness of exclusion, feelings of linguistic and cultural invisibility).

The qualitative analysis approach taken was an adaptation of thematic content anal-
ysis as established within Grounded Theory (Glaser and Strauss, 1967). Audio-recorded
responses to survey questions were automatically transcribed, then human-corrected. Cor-
rected transcripts were next subjected to iterative coding passes to enable highlighting of
common themes arising across the dialect databases and themes related to the research
questions of the study. In the first pass, two team members per dialect coded utterances us-
ing a list of 14 generalized tags defined in a conversational coding guide designed to address
the research questions of the study. Inter-coder reliability was assessed using Krippendorff’s
alpha (a > 0.80). Several steps were made to improve inter-coder agreement. Weekly team
meetings were used to resolve ambiguous cases, discuss code definitions, highlight interesting
responses and only if necessary, update the codebook with parsimony. Coders then re-coded
their materials, if the threshhold for agreement was not yet achieved. In this paper, we focus
on responses coded as ‘feelings’ (FEL), ‘presuppositions’ (PSP), ‘narratives’ (NARR), and
‘personifications’ (PERS).

Participant quotes are identified by site and unique participant ID (e.g., [Atlanta] CD24-
055) to enable verification while protecting anonymity. When quotes contained implicit iden-
tifying information, minor details were altered to preserve confidentiality without changing

the meaning substantively.
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4.4 Quantitative and Qualitative Findings of ASR Bias Harm

We present findings below from our investigation of user experiences with ASR technologies.
Since some participants could choose to skip some questions, response rates varied by ques-
tion. Therefore, sample sizes differ slightly across questions and are reported accordingly in

the respective tables.

4.4.1  Quantitative Findings
Types of Challenges Experienced

Participants identified multiple types of challenges when using ASR technologies (Table 4.2).
Cultural and ethnic exclusion was reported by a majority of participants overall (53.5%),
with notably higher rates among Tucson participants (72.0%) and Miami Beach participants
(62.8%) compared to Gulf Coast (52.5%) and Atlanta (44.2%) participants.

Contextual misunderstanding—voice assistants taking speech out of context or perform-
ing unintended actions—was reported by 51.2% of participants overall, with 76.0% of Tucson
participants and 69.8% of Miami Beach participants reporting the issue, compared to 47.5%
of Gulf Coast and 37.2% of Atlanta participants.

Physical effort requirements showed a similar pattern, with Tucson (60.0%) and Miami
Beach (39.5%) participants reporting higher rates than Gulf Coast (37.7%) and Atlanta
(27.9%) participants. Self-consciousness about speech when interacting with voice tech-
nologies was reported by 44.0% of Tucson participants, compared to 36.1% of Gulf Coast,
25.6% of Miami Beach, and 17.4% of Atlanta participants.

Coping Strategies

When ASR systems failed to recognize their speech, participants reported employing a
variety of coping strategies (Table 4.3). Repetition was the most common strategy overall
(82.8%), with consistently high rates across all sites ranging from 75.4% in the Gulf Coast
to 87.2% in Atlanta.

Speech modification was a prevalent coping mechanism. In Atlanta, where participants

were offered a more open-ended response option, 58.1% reported changing the way they
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Table 4.2: Types of Challenges Experienced by Site (Q14; Multiple Selections Allowed)

Atlanta  Gulf Coast Miami Beach  Tucson Total
(n=86) (n=61) (n=43) (n=25) (N=215)

Challenge Type n % n % n % n % n %

Cultural/ethnic/racial exclusion 38 44.2 32 525 27 62.8 18 72.0 115 53.5
Contextual misunderstanding 32 372 29 475 30 69.8 19 76.0 110 51.2
Physical effort required 24 279 23 377 17 39.5 15 60.0 79 36.7
Self-conscious about speech 15 174 22 36.1 11 25.6 11 440 59 274

speak or code-switching. At other sites, where more granular options were available, par-
ticipants reported slowing down speech (Gulf Coast 68.9%, Miami Beach 72.1%, Tucson
76.0%), speaking louder (Gulf Coast 59.0%, Miami Beach 83.7%, Tucson 88.0%), enunciat-
ing more (Gulf Coast 47.5%, Miami Beach 83.7%, Tucson 84.0%), and changing words or
phrases (Gulf Coast 54.1%, Miami Beach 60.5%, Tucson 72.0%).

Technology abandonment strategies were also prevalent. Complete discontinuation of
ASR use was reported by 49.8% of participants overall, with Tucson showing the highest
rate (80.0%), followed by Miami Beach (55.8%), Atlanta (47.7%), and Gulf Coast (36.1%).
Manual task completion was common in the Gulf Coast (59.0%), Miami Beach (76.7%),
and Tucson (80.0%). Social workarounds included imitating the voice assistant’s speech

patterns (26.5% overall) and asking another person to operate the device (21.9% overall).

Ezxpectations for ASR Performance

Most participants expected ASR systems to understand their speech correctly at least 75%
of the time (Table 4.4). Across all sites, 53.7% of participants expected ASR to work
“often” (75% of the time), and 27.6% expected it to work “always” (100% of the time).
Only 15.0% expected ASR to work only “sometimes” (50%), and 3.7% expected it to work
“rarely” (25%) or never. These high expectations—with over 80% anticipating at least

75% accuracy—contrast sharply with the challenges and coping strategies reported above,
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Table 4.3: Coping Strategies Employed by Site (Q15a; Multiple Selections Allowed)

Atlanta  Gulf Coast Miami Beach  Tucson Total

(n=86) (n=61) (n=43) (n=25) (N=215)
Strategy n % n % n % n % n %
Repeat utterance 75 872 46 754 36 83.7 21 84.0 178 82.8
Code-switch/modify speech® 50 58.1 — - - - - - - -
Change words/phrases® -~ 33 541 26 605 18 720 77 59.7
Slow down speech - - 42 689 31 72.1 19 76.0 92 71.3
Speak louder® - - 36 59.0 36 83.7 22 83.0 94 72.9
Enunciate more® - - 29 475 36 837 21 840 86 66.7
Stop using technology 41 477 22  36.1 24 55.8 20 80.0 107 49.8
Complete task manually® - - 36 59.0 33 76.7 20 80.0 &9 69.0
Imitate voice assistant 14 163 16 262 20 46.5 7 28.0 57 26.5
Ask another person 9 105 13 21.3 16 37.2 9 36.0 47 21.9

2 Atlanta used an earlier survey version with this broader category instead of granular speech modification options.

lDOption not available for Atlanta; percentage calculated from Gulf Coast, Miami Beach, and Tucson only (n=129).

suggesting a substantial gap between user expectations and actual ASR performance for

these dialect communities.

Willingness to Contribute Voice Samples

Despite experiencing significant challenges with ASR systems, a substantial majority of par-
ticipants (75.5%) expressed willingness to contribute voice samples to help improve recog-
nition accuracy for diverse dialects (Table 4.5). An additional 17.9% indicated they might
contribute, while only 6.6% declined. Willingness was highest in Miami Beach (88.1%) and
Gulf Coast (85.2%), followed by Tucson (76.0%) and Atlanta (61.9%).
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Table 4.4: Expectations for ASR Accuracy by Site (Q17)

Atlanta  Gulf Coast Miami Beach  Tucson Total

(n=85) (n=61) (n=43) (n=25)  (N=214)
Expected Accuracy n % n % n % n % n %
Always (100%) 28 329 15 246 9 20.9 7 280 59 276
Often (75%) 43 506 32 525 28 65.1 12 48.0 115 53.7
Sometimes (50%) 12 141 11 18.0 4 9.3 5 200 32 15.0
Rarely (25%) 2 24 3 49 1 23 1 40 7 33
Never (0-20%) 0 00 O 0.0 1 2.3 0 0.0 1 0.5

Willingness to Pay for Improved Services

A majority of participants (63.3%) expressed willingness to pay for improved ASR services
that better recognize diverse dialects (Table 4.6). Gulf Coast participants showed the high-
est willingness (81.5%), followed by Atlanta (58.8%), Tucson (56.0%), and Miami Beach

(53.5%). Among those willing to pay, preferences also varied by site.

4.4.2  Qualitative Findings: Lived Ezxperiences Across Four Communities

Complementing the quantitative results, we present analysis of open-ended narratives which
revealed recurring patterns in how users interpret, respond to, and make sense of ASR
failures. Rather than simply expressing frustration, participants’ accounts exposed the
sophisticated strategies they employ to navigate exclusionary systems, the emotional labor
required to maintain relationships with failing technologies, and the critical awareness they

hold about why these systems fail them.

Recognition of Exclusionary Design

Across all sites, participants articulated explicit awareness that voice technologies were

not designed with their communities in mind. Whereas the causal and technical dimen-
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Table 4.5: Willingness to Provide Voice Samples by Site (Q18a)

Atlanta  Gulf Coast Miami Beach  Tucson Total

(n=84) (n=61) (n=42) (n=25)  (N=212)
Response n % n % n % n % n %
Yes 52 61.9 52 85.2 37 88.1 19 76.0 160 75.5

Maybe 26 31.0 6 9.8 2 4.8 4 160 38 179
No 6 71 3 4.9 3 7.1 2 80 14 6.6

sions of this awareness are examined in §4.4.2, we focus here on how exclusion is experi-
enced phenomenologically—as affect, identity disruption, and lived certainty derived from
repeated failures. A Navajo speaker from Tucson captured this sentiment directly: “Be-
cause Navajo is my first language ... I get this automatic feeling of inferiority if that makes
sense. Because ... in my mind I’'m thinking this is not something that was made for me
automatically. And I'm stepping into a world of what other people are doing and not me
because I'm native.” (Tucson CD24-606). This participant’s elaboration reveals how exclu-
sion becomes internalized through accumulated interactions with systems that consistently
fail to recognize one’s voice.

A Gulf Coast participant made the systemic nature of this exclusion explicit: “It’s
gonna be for everybody and that it needs to be based on everybody’s speech and every-
body’s culture. But I don’t take stuff that deep. You know I just look at stuff different, like
I know that places weren’t created for everyone. Yeah most things aren’t inclusive” (Gulf
Coast CD24-546). This statement reveals a paradox: the participant demonstrates sophis-
ticated critical analysis—recognizing that technologies marketed as universal exclude their
community—while simultaneously describing this exclusion as unremarkable, something not
worth dwelling on because it reflects a broader pattern of non-inclusive design.

An Atlanta participant made the racial dimensions of this exclusion explicit: “It is very



79

Table 4.6: Willingness to Pay for Improved ASR Services by Site (Q19)

Atlanta  QGulf Coast Miami Beach  Tucson Total

(n=85) (n=>54) (n=43) (n=25) (N=207)
Response n % n % n % n % n %
Prefer 1-time payment 26 30.6 10 185 13 30.2 5 200 54 26.1
<$10/month 15 176 6 11.1 5} 11.6 6 24.0 32 15.5
$10-20/month 4 47 13 241 4 9.3 2 80 23 11.1
$20-30/month 3 3.5 12 222 1 2.3 1 4.0 17 8.2
>$30/month 2 24 3 5.6 0 0.0 0 00 5 24
Not willing to pay 35 41.2 10 185 20 46.5 11 440 76 36.7

frustrating because for technologies designed to make life better don’t work for bi-lingual
people of color. Whereas other non-[people of color] around me have no trouble with the
technology” (Atlanta CD24-188). This comparative observation highlights how exclusion
becomes visible through contrast with others’ seamless experiences.

These statements demonstrate that users do not simply experience ASR failures as
random technical glitches. Rather, they understand these failures as evidence of systematic
exclusion from the design process, reflecting broader patterns of whose voices, languages,

and ways of speaking are centered in technological development.

Internalized Blame and Emotional Burden

Despite recognizing systemic exclusion, many participants described internalizing ASR fail-
ures as personal inadequacy. This pattern was particularly striking given participants’
simultaneous awareness that the problem was not theirs to solve. A Tucson participant ar-
ticulated this tension: “It’s my problem that this thing’s not working. Never. My thought
is never like there’s something wrong with this you know. Like this needs to be fixed or this

is not perfect you know. That thought never entered enters my mind. I’'m always like what
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am I doing wrong. How can I say it to make this thing work you know. And so I think that
that’s the part that gets most people. Yeah it’s kind of like what did I do wrong when it’s
really not your fault” (Tucson CD24-606).

This participant’s account reveals the psychological process of misplaced responsibility:
despite knowing that the system is flawed, the immediate emotional response is self-blame.
The phrase “what am I doing wrong when it’s really not your fault” captures the gap
between the critical understanding and the unavoidable emotional experience.

Another Tucson participant described feelings of isolation: “It kinda makes you frus-
trated actually. ... Like I said, most people don’t have problem with it, you know. Like why
am I the only one struggling with this” (Tucson CD24-611). This statement illustrates how
ASR failures create the illusion of individual inadequacy in addition to collective exclusion,
particularly when failures are not publicly visible or discussed.

The most succinct expression of this emotional burden came from an Atlanta participant:
“I feel inadequate speaking my own first language” (Atlanta CD24-198). This statement
captures a profound form of linguistic alienation—the internalized sense that one’s native
language variety, the language of intimate relationships and cultural identity, is somehow
deficient because it fails to conform to the narrow linguistic models encoded in voice recog-

nition systems.

Strategic Accommodation to System Failure

Participants across all sites described extensive behavioral modifications required to achieve
even basic functionality with voice technologies. These adaptations ranged from phonetic
adjustments to code-switching, representing invisible labor that users perform to accommo-
date systems that do not accommodate them.

A Gulf Coast participant described the mental and linguistic accommodation required:
“I had to adjust my pronunciation, speaking more slowly and deliberately, almost like I was
'talking to a foreigner.” It worked, but it felt awkward, like I was compromising my natural
way of speaking to accommodate the technology” (Gulf Coast CD24-425). The comparison

to “talking to a foreigner” reverses the expected relationship—rather than the technology
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adapting to diverse users, users must treat the technology as a non-native speaker requiring
careful and modified input.

Another Gulf Coast participant made the racialized nature of this accommodation ex-
plicit: “Yeah, I put on my white voice when I use it. Like I put on my voice when I talk to
Siri, like when I want it to be immediate” (Gulf Coast CD24-546). This participant’s casual
reference to deploying a “white voice” reveals both the normalization of code-switching as
necessary for technological interaction and the explicit awareness that the system recognizes
certain racialized varieties of English while failing to recognize others.

An Atlanta participant expressed the desire for authenticity denied by these constant
accommodations: “Every time I use my natural dialect I have problems. I have learned
to adjust my dialect for voice recognition systems. I wish I could just speak normally”
(Atlanta CD24-055). The phrase “speak normally” highlights how technological failures
redefine speakers’ natural, authentic speech as abnormal or problematic.

A Tucson participant described the cognitive burden of constant self-monitoring: “I
find myself thinking a lot more about how I'm talking than I would in a daily day to day
life” (Tucson CD24-629). This statement reveals how voice technologies introduce extra
cognitive load, forcing users to monitor and adjust their speech in real-time rather than
focusing on communicative goals.

Participants’ accounts suggest that what technical evaluations measure as “minor per-
formance degradation” translates, from users’ perspectives, into substantial ongoing labor,
requiring constant adjustment of linguistic behavior to achieve functionality that other users

access seamlessly.

Cultural and Linguistic Fxclusion

Participants described specific ways their linguistic and cultural knowledge remains unrec-
ognized by voice technologies, requiring either abandonment of these resources or creation
of workarounds. A participant of Guyanese heritage in Miami Beach proposed a solution:
”We need a Caribbean Alexa... Because you know in the Caribbean we have our own Creole.

And so an Alexa Caribbean is going to know the Caribbean Creole because if you ask Alexa
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something that is Caribbean based she doesn’t have that culture nor ethnicity that she can
relate to” (Miami Beach CD24-569). This participant’s proposal anthropomorphizes the
problem effectively—the system lacks not just linguistic data but cultural knowledge and
context necessary for genuine comprehension.

A Miami Beach participant described how accent becomes marked as non-normative:
“When I call someone I have to use non-Miami accent, normal people talk” (Miami Beach
CD24-600). The equation of “non-Miami accent” with “normal people talk” reveals how
ASR systems encode particular varieties as standard while rendering others abnormal, cre-
ating a hierarchy of acceptable speech.

Another Gulf Coast participant identified the technical gap: “Siri doesn’t take into
account different dialects (ex. AAVE, Ebonics, French accents, slang)” (Gulf Coast CD24-
503), naming specific varieties and features excluded from the system’s model of language.

A Gulf Coast participant described the specific linguistic features that remain unrecog-
nized: “Voice to text doesn’t recognize or know what to do with common slang terms like
"chile.” T have had issues where voice to text doesn’t understand when I am trying to play a
song that has a title that is slang. If I do not speak super proper Siri doesn’t understand me.
Most of my names with black cultural roots aren’t understood when I ask Siri to call them
so Siri will call the wrong person” (Gulf Coast CD24-515). This account catalogs the cumu-
lative exclusions—slang terms, song titles reflecting cultural tastes, personal names—that

together render a person’s linguistic and social world invisible to the system.

Critical Awareness of Systemic Failures

Beyond the experiential recognition of exclusion described in §4.4.2, many participants
moved from describing how exclusion feels to diagnosing why it occurs, locating problems
in inadequate training data, narrow linguistic models, or design processes that exclude
diverse communities. A Gulf Coast participant analyzed the technical limitation: “I will
realize that it is not intelligent enough, and it needs to constantly improve and update
the language habits and database” (Gulf Coast CD24-495). This participant identifies

insufficient training data as the source of failures rather than accepting user blame.
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Some participants contextualized ASR failures within broader technological exclusion.
The Gulf Coast participant who noted “It’s gonna be for everybody but it’s not based
on everybody” (Gulf Coast CD24-546, also quoted in §4.4.2) moved beyond describing
how exclusion feels to articulating a structural critique: that claimed universality masks
particular, exclusionary design choices.

This critical awareness did not necessarily translate into expectations that systems would
not change. As one participant noted: “I know that it will get better” (Gulf Coast CD24-
537), expressing faith in future improvement that allows acceptance of present failures.
Another stated: “it’s easy to feel frustrated but sometimes I just have to tell myself to, like
you know, relax, you know, it’s learning” (Miami Beach CD24-558), framing the persistent

failures as temporary growing pains rather than unsolvable problems.
4.5 What Error Rates Cannot Measure

4.5.1 The Expectations-Experience Gap

Over 80% of participants expected ASR systems to understand their speech at least 75%
of the time, yet more than half reported that technologies fail to consider their cultural
backgrounds. This gap between expectations and experience has significant implications.
Marketing narratives that promise “natural” voice interaction may create expectations that
systems will accommodate linguistic diversity. When systems fail, users who have internal-
ized these promises may attribute failures to their own speech rather than to system limi-
tations. The participant who described always thinking “what am I doing wrong” despite
knowing “it’s really not your fault” (Tucson CD24-606) captures this dynamic precisely.
This expectations gap also explains the substantial rates of technology abandonment
we observed. When systems consistently fail to meet reasonable expectations, users face a
choice between continued accommodation labor and discontinuation. That 80.0% of Tucson
participants and 55.8% of Miami Beach participants reported stopping use of ASR tech-
nologies suggests that for many users, the costs of accommodation eventually outweigh the

benefits of use.
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4.5.2  The Paradox of Critical Awareness and Internalized Blame

One of the most significant findings is the coexistence of sophisticated critical awareness
with internalized self-blame. Participants articulated clear understanding that systems were
“not made for” them, that training data excludes their communities, and that their failures
reflect design choices rather than personal deficiencies. Yet this critical awareness did not
prevent emotional responses of inadequacy, frustration directed inward, and self-monitoring
of speech.

This paradox extends theoretical work on intersectional invisibility (Bhattacharyya and
Berdahl, 2023) into human-technology interaction. Bhattacharyya and Berdahl found that
ambiguous invisibility experiences (erasure, whitening) elicit shame and self-blame even
when structural causes are recognized. Our findings suggest similar dynamics operate with
ASR: repeated system failures create cumulative experiences of technological invisibility
that generate internalized responses despite intellectual understanding of systemic causes.
The participant who described feeling “inadequate speaking my own first language” (Atlanta

CD24-198) exemplifies how technological exclusion can create profound linguistic alienation.

4.5.8 Inwvisible Labor and Unequal Burden

The coping strategies participants reported—repetition (82.8%), slowing speech (71.3%),
speaking louder (72.9%), enunciating more (66.7%)—represent substantial invisible labor.
This labor is invisible in two senses: it goes unrecognized in technical evaluations that
measure only accuracy, and it remains unseen by users for whom systems “just work.”

The participant who described deploying a “white voice” when using Siri (Gulf Coast
CD24-546) makes explicit what remains implicit in aggregate statistics: from participants’
perspectives, accommodation to ASR systems requires performing linguistic identities that
align with dominant speech norms while suppressing natural speech patterns. This linguis-
tic accommodation—the invisible labor defined in §4.2.3—represents a form of everyday
discrimination in which access to technology is contingent on abandoning authentic self-
expression (Lippi-Green, 2012).

Notably, this burden falls unequally even among marginalized communities. Tucson
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participants (primarily Native American speakers) reported the highest rates of challenges
across all categories and the highest rates of technology abandonment (80.0%), suggesting
that speakers of Indigenous languages and varieties who rarely feature in accessibility and

fairness scholarship face particularly severe exclusion from voice technologies.

4.5.4  Implications for Participatory System Development

The finding that 75.5% of participants expressed willingness to contribute voice samples de-
spite experiencing significant harm raises important questions for participatory approaches
to system development. An Atlanta participant who described feeling “embarrassed, sad,
and defeated” by ASR failures—and who reported that the technology “makes me feel like
I don’t speak well or struggle with basic English”—mnevertheless expressed willingness to
contribute voice samples, adding: “if y’all reach out later, I would be open to doing it”
(Atlanta CD24-163). Yet this same participant insisted “I feel I should be compensated,”
rejecting the premise that improving a system that has caused harm should come at further
personal cost. This response encapsulates a tension that ran through our data: willingness
to contribute coexists not with naive optimism but with clear-eyed recognition that such
contributions constitute labor deserving fair exchange.

Participants’ motivations for this willingness appeared to vary. Some expressed altruistic
investment in future users: the same Atlanta participant stated “I just want the device
to work for people like me” (CD24-163), locating motivation in collective benefit rather
than personal gain. Others framed continued engagement as pragmatic patience—*“I know
that it will get better” (Gulf Coast CD24-537)—or active emotional management: “it’s
easy to feel frustrated but sometimes I just have to tell myself to, like you know, relax,
you know, it’s learning” (Miami Beach CD24-558). This last statement is particularly
revealing: the participant performs emotional labor, in the sense of Hochschild (2012), to
sustain engagement with a system that repeatedly fails them, reframing persistent exclusion
as a temporary developmental stage.

This willingness to contribute represents an additional layer of invisible labor layered

atop the accommodation burden documented in §4.4.2. Communities already bearing invol-
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untary costs—code-switching, repetition, self-monitoring—are asked to take on voluntary
labor to fix the systems imposing those costs. That 75.5% expressed willingness while a
majority (63.3%) were also willing to pay for improved services underscores the depth of
investment these communities maintain in voice technologies despite their exclusionary de-
sign. These findings support calls for design justice frameworks (Costanza-Chock, 2020) that
center affected communities not merely as data sources but as partners with authority over
development processes. The willingness our participants expressed should not be treated
as a free resource to be extracted; it should be met with equitable compensation, shared
decision-making, and accountability for the harms that generated the need for improvement

in the first place.

4.5.5 Cross-site Comparison

The communities sampled in this study (Atlanta, Tucson, the Gulf Coast, and Miami Beach)
and the ethnicities targeted within these (African American, Native American, Mississippi
French/French Creole and Hispanic) were selected for their distinct histories, relationships
with other communities in the region, and socio-cultural experiences. We expected that
cross-community differences would emerge, and this proved to be true. The African Amer-
ican and Native American communities showed greatest awareness of the burden to code-
switch—both for themselves and their communities. These two groups tended to display the
highest levels of individual linguistic awareness (e.g., explaining how they made stylistic
adjustments away from their home dialect). Ongoing research in our laboratory further ex-
plores the possibility of an association between the burden to code-switch and experiences
of invisibility. On the other hand, the Miami Beach speakers tended to comment on the
experiences of peers rather than make comments that placed them within their broader
community.

As was discussed above, all three of these groups discussed discontinuing the use of tech
that did not satisfy their expectations. The group of which we had uncertain predictions
was the Gulf Coast group, which is the least-studied of the speech communities included in

this research. We were interested to find that these participants expressed the most self-
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blame. Although recognizing the failure of technology to work consistently for them, they

were the group most likely to display acceptance and continued use.

4.6 Summary

This study demonstrates that understanding ASR bias requires moving beyond accuracy
metrics to examine lived experiences of technological exclusion. Our findings reveal that crit-
ical awareness of systemic bias coexists with feelings of invisibility and internalized blame:
participants who clearly articulated that systems were not made for them nevertheless de-
scribed feeling inadequate speaking their native languages. This paradox, knowing the sys-
tem is at fault while still blaming oneself, suggests that intellectual understanding provides
incomplete protection against the psychological toll of repeated technological rejection.

The accommodation strategies participants reported represent substantial invisible labor
that current fairness metrics fail to capture. Code-switching, hyper-articulation, repetition,
and constant self-monitoring constitute an unequal tax on users whose speech falls outside
narrow training distributions. Access to voice technology is often contingent on suppress-
ing authentic linguistic identity. This burden falls most heavily on already marginalized
communities.

Our study contributes to growing recognition that technical fairness metrics alone cannot
capture the full dimensions of algorithmic harm. Voice technologies create worlds that
include some speakers while excluding others, and the invisible costs of exclusion extend far
beyond what error rates can measure. Yet our findings also reveal grounds for optimism:
despite experiencing significant harm, participants overwhelmingly expressed willingness to
contribute to model improvement and pay for improved services. This finding suggests that
at least some in affected communities remain invested in shaping voice technologies rather
than abandoning them entirely. Realizing this potential requires moving beyond extraction-
based approaches that treat marginalized speakers as data sources toward participatory
frameworks that recognize community expertise, ensure equitable compensation, and grant
meaningful authority over how systems are developed and deployed. The path toward

inclusive voice technologies runs through the communities currently excluded from them.
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Postlude

This chapter addressed RQ3: how do speakers of non-mainstream U.S. dialect varieties
describe their experiences with ASR systems, and what forms of invisible labor, emotional
harm, and technology abandonment does accuracy-centric evaluation fail to capture? The
findings establish that standard fairness metrics systematically understate the harm they
are supposed to measure: the accommodation labor is real and ongoing, the self-blame is
real despite structural awareness, and the abandonment is substantial and unrecorded in
any training or evaluation dataset.

This chapter established that the people who live with the outputs of these design choices
bear real and measurable costs that none of the foregoing metrics capture. What these costs

add up to, and what addressing them would require, is the subject of the conclusion.
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Chapter 5
CONCLUSION

We have presented three studies examining ASR inequity at different levels of the speech
recognition pipeline: training data and adaptation for endangered languages, internal de-
coder representations and the relationship between training scale and sub-token utilization
in a large multilingual model, and the lived experiences of speakers whose speech is system-
atically misrecognized. In what remains, we summarize the main findings, draw out some

general principles, and outline directions for future work.
5.1 What the Studies Found

Chapter 2 asks whether existing multilingual models can be adapted to endangered fieldwork
languages with the data that field linguists actually have. Adapter fine-tuning on as little
as sixty minutes of transcribed audio produces usable ASR, and this approach outperforms
full fine-tuning when training data falls below roughly one hour. Both methods converge
at around that threshold. The more interesting finding comes from the phonological error
analysis: even at the maximum data condition tested, both models had learned to handle
the majority of phonological categories while failing on tone, nasality, and consonant and
vowel length. These are usually the features that distinguish the languages studied from the
typologically mainstream languages that tend to dominate pre-training corpora. Aggregate
character error rates improved substantially, whereas the hardest cases did not as much.
This is evidence that the residual failures are representational, not simply a consequence of
insufficient data.

Chapter 3 takes up the representational question directly by probing an E2E ASR
model’s decoder at the sub-token level. Five metrics applied to the beam search path—
rank of the correct sub-token, confidence, predictive entropy, alternate-candidate diversity,

and usage clustering—across twenty languages point to the finding that lower-resource lan-
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guages receive less favorable treatment at multiple measured dimensions of decoding. The
clustering analysis further reveals that higher-resource languages form typologically coherent
groups in sub-token usage space, while lower-resource languages form a cluster defined not
by linguistic similarity but by the model’s generic, undifferentiated treatment of languages
it has seen little of. This generic decoding regime is invisible to WER. Scaling the analysis
to forty-nine languages across diverse scripts then asks whether this representational disad-
vantage is simply a downstream effect of training data volume. The answer is no. Sub-token
vocabulary activation saturates quickly across all languages, typically within two hours of
audio, following trajectories that are consistent regardless of resource tier. The parameters
that differ across languages after saturation track orthography and typology rather than
pre-training hours, demonstrating that the inequity is structural rather than a matter of
scale.

Chapter 4 shifts from what the model does internally to what users experience externally.
Based on a survey of speakers from underrepresented dialect communities in the U.S.; the
study documents real and ongoing costs of technology failures that no benchmark records:
accommodation labor in the form of code-switching and hyper-articulation; internalized
self-blame despite the awareness that the systems were not designed for their communities;
and varying rates of technology abandonment. The most striking finding is the coexistence
of the critical structural awareness with emotional self-blame. Participants who could artic-
ulate exactly why systems fail them still described feeling inadequate speaking their native
language. The communities that experience the most severe failures are in danger of being
even less included in the data that is supposed to improve the systems because abandonment

of the technology could further remove their real voice from the feedback loop.
5.2 Three Principles for Equitable ASR

These findings suggest three general principles for research on multilingual and multidialec-
tal ASR fairness.

First, aggregate error metrics systematically underreport inequity. CER and WER, av-
erage over error types in ways that obscure failures that could be concentrated in phono-

logically or typologically distinctive categories. Category-level evaluation that decomposes
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errors by phonological feature class, by script, or by meaningful linguistic features reveals
failure patterns that matter for practitioners but that aggregate numbers conceal. Routine
evaluation should include this kind of decomposition, not treat it as an optional addition.

Second, training data volume and representational equity are not the same thing. The
sub-token saturation finding provides evidence that the structure of a model’s multilingual
representations is shaped by a combination of factors such as tokenizer design, orthographic
properties, and the architecture of the shared hypothesis space, in addition to how much
audio from a language was included during pre-training. Scaling data volume addresses some
problems but not the design choices that produce the generic decoding regime. Addressing
internal representational inequity requires intervention at the level of tokenizer design and
decoder architecture, not only data collection.

Third, accuracy metrics alone do not measure the harm that biased systems produce.
The accommodation labor, the self-blame, and the abandonment that our survey in Chap-
ter 4 documents are not incidental to ASR bias; they are its primary consequences for
affected users. Fairness evaluation that stops at error rates measures the failure of the sys-
tem but not the cost of that failure to the people who live with it. User experience needs

to be an essential component of fairness assessment.

5.3 Future Directions

One direction this work points toward is linguistically informed tokenizer design. The
saturation findings show that sub-token utilization is shaped by orthographic and typological
structure in addition to training data volume, which means that the multilingual hypothesis
space encoded in the tokenizer is itself a source of inequity. Current BPE vocabularies are
built to minimize reconstruction loss over training corpora, with no constraint on linguistic
coverage. A tokenizer designed with phonological feature relevance as an explicit objective
could address the root cause of the generic decoding regime rather than treating it as an
inevitable consequence of low-resource status. This is an engineering problem, but linguistic
knowledge could help.

A second direction is linguistically fair training data curation. Despite promising results

of adapting multilingual models to underrepresented and typologically rare languages, a
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more fundamental intervention for the linguistic feature failures would be designing pre-
training corpora with explicit phonological and typological coverage targets, ensuring that
varieties such as tonal languages, nasal-vowel-contrasting languages, and morphologically
complex languages receive sufficient pre-training exposure to allow the model to develop
distinct internal representations for the features they encode. This endeavor will involve
decisions about what phonological phenomena to prioritize, how to sample within languages
to maximize feature coverage, and how to weight training signal so that typologically rarer
features are not left behind. Bringing typological frameworks into pre-training data design
is a concrete and tractable research program.

A third direction is participatory evaluation design. The user experience study demon-
strates that accuracy metrics systematically miss the harm that biased ASR systems pro-
duce, and that affected communities are not disengaged from the project of improving those
systems. What is missing is a principled framework for incorporating user experience into
evaluation as a primary criterion rather than a qualitative supplement. Developing such
a framework requires sustained participatory design with the communities it is meant to
serve, such as collaboratively defining what adequate performance means, what failure costs,
and what accountability mechanisms would make community participation equitable rather

than extractive.
5.4 Closing

Speech recognition has the potential to bring technology to languages and communities that
have never had it, but only if we can steer the models away from reproducing the inequities
already visible in their outputs. Making that potential real requires understanding where
disparities live inside these systems, what linguistic structures they fail to represent, and
what those failures cost the people on the other side of the microphone.

We hope that the methods and findings presented here contribute to building speech

recognition that is fair to all speakers.
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Appendix A
SUPPLEMENTARY MATERIALS: FIELDWORK ASR ADAPTATION

A.1 Training Details

The models were trained on an NVIDIA T4 GPU, with training times ranging from ap-

proximately 1 to 60 minutes per model. The hyper-parameters were defined as follows:

e Learning rate: MMS: le-3; XLS-R: 3e-4

¢ Maximum epochs: 30

e Best model metric: Character Error Rate (CER)

Early stopping: 3 epochs

Early stopping threshold: 0.003
A.2 Dataset Details

Table A.1 provides detailed information on the genres and types of content present in the
datasets used in this study, along with key linguistic references and citations to the original
documentation archives. Table A.2 summarizes the total archived hours of audio recordings
for each language and the amount of data remaining after the cleaning and preprocessing

steps described earlier in the manuscript.
A.3 Error Rates
We consider four phonological categories:

C € {Tone, Nasality, V_length, C_length}.

Over the entire dataset, we record:
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Sc: the total substitution errors for category C,

D¢: the total deletion errors for category C,

Ic: the total insertion errors for category C,

Le: the total reference tokens exhibiting category C' (e.g. tone_labels for tone,

total vowels for vowel length, etc.).

We then define the total errors and error rate for each category C' as follows:

E
Ec = So¢ + Do + I and ErrorRateo = L—C

C
For example, if C' = tone then Lo = tone_labels (the number of reference tokens with at
least one tone diacritic). Similarly, if C' = vowel_length then Lo = total_vowels (the total

vowel tokens in the reference).
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Language Genres of content Phonological De- Documentation
scription
Cicipu Greetings, conver- McGill (2014) McGill (2012)
sations, hortative

discourse,  narratives,
procedural  discourse,
ritual discourse, elicita-

tion activities

Mocho’ Biographical and non- Palosaari (2011) Pérez Gonzélez (2018)
biographical narratives
(historical events,
myths, local beliefs,
traditional building,
witcheraft), prayer,
conversation, elicitation

sessions, text transla-

tion

Toratan Conversational  data, Himmelmann and Wolff Jukes (2010)
elicitation sessions,  (1999)
narratives (personal

history, folk tales)

Ulwa Conversational  data, Barlow (2018b) Barlow (2018a)
traditional stories,
personal stories, tra-
ditional singing and

dancing video

Upper Napo Kichwa Grammatical  elicita- Wroblewski (2012), Grzech (2020)
tion, life interviews O’Rourke and Swanson

(2013)

Table A.1: Details of depository content for languages used in Chapter 2, related linguistic

work referenced, and original documentation citations.



Language Total Hours Cleaned Hours
Cicipu 5.66 3.09
Mocho’ 7.26 4.21
Toratan 22.84 11.15
Ulwa 3.25 2.83
Upper Napo Kichwa 13.19 6.97
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Table A.2: Total archived and cleaned hours of audio for all languages used in Chapter 2.
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Appendix B
SURVEY QUESTIONNAIRE: USER EXPERIENCE OF ASR BIAS

B.1 Questionnaire Design

B.1.1 Complete Questionnaire

The following presents the complete questionnaire administered to participants. Question
types are indicated as follows: [O] = Open-ended response; [MC] = Multiple choice; [MA]
= Multiple selection (select all that apply); [Likert] = 5-point Likert scale. The Atlanta site
used an earlier version of the survey with some different response options, as noted below.
Demographics and Speech Background

Q1 [O]: How would you describe the way that you speak?

Q2 [O]: Would you be willing to share how you self-identify in terms of ethnicity or
cultural background? If so, what term(s) do you use?

Q3 [MC]: Please indicate your age range: Under 30 / 30-50 / Over 50

Q4 [0]: Do you have any speech challenges (impairments or disabilities) e.g. stuttering,
stammering, slurring, etc. that might affect your ability to use voice recognition technologies
effectively? Please describe.
Voice Technology Use

Q5 [MA]: You are now going to see some different types of Small and Large Vocabulary
technologies. Please select the ones that you use or have used. Options: Stand-alone Smart
Speakers (e.g., Amazon Echo, Google Home, Siri HomePod); Virtual Assistants on Mobile
Phones, Tablets or Smart TVs; Voice Commands in Smart Home Appliances; Voice Com-
mands in Car Infotainment Systems; Voice-controlled Gaming Devices; Voice Biometrics
for Authentication; Voice-enabled Wearable Devices

Q6a [O]: If you selected any of the Small or Large Vocabulary uses above: What are
some tasks you use this tech for?

Q6D [O]: If there are any other tasks you use your Small or Large Vocabulary devices
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for, please specify.

Q7 [MA]: You are now going to see some different types of Conversational technolo-
gies. Please select the ones that you use or have used. Options: Video conferencing apps
with auto-generated transcription (e.g., captions and transcripts on Zoom, Microsoft Teams,
etc.); Voice-to-text/dictation features; Automated phone systems (IVR)

Q8a [O]: If you selected any of the Conversational uses above: What are some tasks you
use your tech for?

Q8b [O]: If there are any other tasks you use your Conversational devices for, please
specify.

Q9 [O]: If there are any other kinds of voice recognition technologies you have used,
please specify.

Q10 [O]: Are there any devices from the list we just talked about that you used, but
stopped using? Can you tell us about what led you to stopping?

Experiences with Voice Recognition

Q11 [O]: Can you tell us about your most memorable experience with voice recognition
technology? What was the technology and how did you use it? Did you accomplish what
you wanted through using it?

Q12a—f [Likert]: How often do you use voice recognition technology for the following
purposes? Scale: 1 = Very frequently to 5 = Never. (a) To be productive and manage
tasks; (b) Using voice commands as shortcuts for accessing apps on my device; (c¢) To keep
up with information, news, weather; (d) To play around and discover new capabilities of
voice technology; (e) To support me in accessibility (captioning speech); (f) Other (please
specify).

Dialect and Accent Challenges

Q13 [O]: Can you share a time where you had a challenge with your way of speaking
(dialect, accent or language) being understood by voice recognition systems?

Q14 [MA]: Which, if any of the following reasons describe the challenge(s) that you
identified above, or other challenges that you have experienced? Select all that apply.

Options for the Gulf Coast, Miami Beach, and Tucson: Voice technologies don’t seem

to take into consideration my cultural/ethnic/racial background; Voice assistants take what
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I say out of context and either don’t work or do something I didn’t want; It takes too much
physical effort for me to speak clear enough to be understood; I feel self-conscious about
how I speak when talking to voice technologies

Additional options for Atlanta only: Voice technologies force me to change the way I
talk to be understood; Voice technologies force me to repeat my speech over and over to be
understood; When voice assistants/smart devices don’t recognize my speech, I still have to
manually complete a task; Voice technologies don’t work for my accent/dialect most or all
of the time; Voice technologies don’t seem useful for my day-to-day lifestyle

Q14b [O]: If there are any other challenges or issues you have experienced, please specify.
Coping Strategies

Q15a [MA]: If you have experienced challenges in using voice recognition, are there
things you do to fix or deal with the challenge? Select all that apply.

Options for Gulf Coast, Miami Beach, and Tucson: Repeat what I said; Change the
words or phrases I use; Slow down my speech; Enunciate more; Speak louder; Imitate the
voice assistant; Get another person to control the device for me; Manually complete the
task instead; I just stop using it

Options for Atlanta: Repeat what I said; Change the way that I speak/code-switch;
Imitate the voice assistant; Get another person to control the device for me; I just stop
using it

Q15b [O]: If you said above that there are other ways you fix or deal with challenges in
using voice recognition, please specify.

Emotional Responses

Q16 [O]: How does it make you feel when your voice assistant doesn’t understand your
speech/makes frequent mistakes?
Expectations and Willingness

Q17 [MC]: How often do you expect voice recognition technologies to be able to under-
stand your speech dialect or accent correctly? Options: Always (100% every time I use my
device); Often (75% — most times I use my device); Sometimes (50% — every now and
again); Rarely (25% occasionally); Never (0-20%)

Q18a [MC]: Would you be willing to provide voice samples or feedback to help improve
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voice recognition technologies’ accuracy for different dialects and accents? Options: Yes, I
would be interested in contributing; Maybe, I would need more information; No, I would not
be interested in contributing

Q19 [MC]: Finally, would you be willing to pay for a product/service that provides
improved voice recognition for diverse dialects and helps in undoing bias? If yes, which
describes how much you’d be willing to pay? Options: Not willing to pay—I feel I should be
compensated; Prefer 1-time payment; <$10/month; $10-20/month; $20-30/month; More
than 330/month
Voice Sample Collection (Optional)

Q20: Would you like to contribute your voice to our database? [If yes, participants were
directed to a voice recording interface.]

Q21 [O]: Please share any thoughts or comments on participating in this exercise. What

questions might you have for our team regarding the study?
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