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Abstract—Automatic Speech Recognition (ASR) system evalu-
ations have consistently revealed performance disparities along
lines of race, gender, socioeconomic status, and language va-
riety. While these disparities are well-documented, they are
often (implicitly or explicitly) treated as issues that subsequent,
larger, and more universal models will correct. We challenge
this assumption of steady progress in reducing accent-related
performance disparities, conducting a longitudinal evaluation
of 16 prominent systems released between 2021-2025 across 8
datasets representing diverse English accent varieties. We find
that the performance disparity between Mainstream US English
(MUSE) and minority accents is stubborn, not reliably declining
as a function of time. Specifically, while systems are reliably
performant on MUSE, minority accents are subject to risks of
large performance degradations between generations of systems,
sometimes worsening by 65% absolute Word Error Rate. We
argue that standard ASR benchmarks enact an implicit language
policy privileging Mainstream US English varieties. As such,
these performance disparities reflect systemic failures of language
technology development infrastructure that disproportionately
affect underrepresented speaker populations.

Index Terms—ASR, fairness, evaluation, sociolinguistics

I. INTRODUCTION

Automatic Speech Recognition (ASR) systems are among
one of the oldest, formative pursuits in computational lin-
guistics research [1]. Concerns about the limited robustness
of these systems, owing to the relative homogeneity of their
training datasets, have been prominent for decades [2]. A
wide array of studies have reported on performance dispar-
ities among important demographic constructs. At different
points in time, English ASR systems have been shown to
be worse for children and the elderly [2], [3]; for Black
speakers compared to white speakers in the US [4], [5]; for
speakers from lower socioeconomic backgrounds [6]; and for
speakers of stigmatized varieties of English [7], [8], among
others. These studies are situated in particular temporal and
technological contexts. As such, they may be interpreted as
merely temporary shortcomings, or glitches [9] that will be
attenuated by future research and development.

Indeed by now there are a number of targeted interventions
for resolving these shortcomings [10], but there is no guarantee

that these practices will be adopted in training the next
generations of pretrained speech models. Instead, the more
standard approach in training new generations of models is to
train on larger datasets with larger models [11], speculating
that their larger scale will also entail improved representation
of minority accents. It is then natural to wonder whether the
performance gap between hegemonic Mainstream US English
and minority accent varieties may simply naturally dissipate
over time. The optimism undergirding scaling heuristics is not
entirely unfounded, optimizing large models on ever-larger big
data archives has proven a useful heuristic when it comes
to optimizing predictive performance on standard benchmarks
[12].

At the same time, it is unclear whether scaling heuristics
would help in making predictions for inputs that are scarcely
represented in standard evaluation harnesses, as we argue
to be the case for minority accents in speech processing
evaluations. That is, increased representation on some apparent
axes (number of hours, number of languages, number of tasks),
does not entail comparable improvements on other less-visible
axes (minority accent representation). It then behooves us
to investigate whether performance disparities are actually
dissipating over time, as models grow larger [13], are trained
on more tasks [14] as well as datasets with a longer overall
duration and more languages [15]. Taking a longitudinal view
towards analyzing performance disparities is important, as
it can inform researchers, developers, and policymakers as
to whether the scaling modus operandi in machine-learning
can be expected to naturally erode performance disparities
until they are negligible, or whether we require more targeted
interventions for obtaining minority accent representation.

In this work, we perform this much-needed longitudinal
analysis, evaluating 16 prominent models on datasets that are
designed to capture a wide range of varieties of English.
Crucially, we select datasets that represent both standard
accents, specifically Mainstream US English and Standard
Southern British English, or MUSE and SSBE respectively, as
well as minority accents, enabling us to assess the performance
gap. We show that the gap has endured over the course



of these years, with even some of the latest generations of
models exhibiting a gap of 10% absolute WER, even for
relatively simple scripted sentences, and even worse (20%)
for unscripted ones. We also observe that high quality per-
formance on MUSE is durably prioritized as a feature in
the development of new systems, with systems consistently
achieving high-quality transcripts that are often close to 0%
WER rates. By comparison, minority accent representation can
deteriorate between generations of systems, sometimes by as
much as 65% of WER; as such, the performance gap not only
endures but can increase with the release of newer generations
of systems. Our findings call for greater transparency of
speech processing systems that are deployed in downstream
applications where speakers of marginalized English varieties
would come into sensitive contact with them.

II. ASR EVALUATION INFRASTRUCTURE

To understand why accent-based disparities reflect sys-
tematic trends, rather than merely independent and episodic
glitches, we will first consider current benchmarking practices
in ASR development. ML benchmark datasets have been
theorized as a form of infrastructure [16], [17], in many senses
of the concept [18]. Most importantly for our purposes, they
undergird the development of new speech-processing models;
and the human judgments that went into the data curation
process [19] become more invisible as they become naturalized
as standard benchmark datasets [17]. For ASR benchmarks,
these are socio-linguistic judgments about the type of speech
that is considered “typical” and thus important to model, and
the types that can be made invisible and subsequently ignored.
In effect, this process of formalization into a benchmark
dataset can be interpreted as a type of language policy [20],
specifying the spoken English varieties and contexts that are
most appropriate. Many Global Englishes are foregone in the
curation of standard ASR benchmarks.

As such, we argue that prominent evaluation benchmarks
effectuate an Anglocentric language policy. While there are
no firm prescriptions (e.g., by publishers, regulators or profes-
sional organisations) regarding benchmark selection, there can
nevertheless be discernible norms within the field. As observed
in [20], “the absence of an official policy...often serves only
to reinforce the power and hegemony of prestige varieties,
and marginalize others.” We can thus analyze regularities in
benchmark selection, and interpret these as a de facto language
policy [20].

A. Benchmark Selection

Concretely, we study these regularities in benchmark usage
by first selecting a range of 16 prominent ASR models over
the last 4 years, shown in Table I. We selected models from
2021 onwards, as this period is when large-scale pre-training
emerged as the dominant paradigm in machine learning
[28]." We selected organization that are notable for prominent
speech-processing technologies: Mozilla, Microsoft, OpenAl,

IThough, the computational philosophy to take a data-centric approach to
ASR has been around since the 1960s [1].

TABLE I: Models evaluated in our diachronic analysis. Paren-
theses indicate additional versions from the same model fam-
ily. The last column is the proportion of evaluation datasets
used by the model authors for benchmarking that are explicitly
concerned with multi-accent representation. The names of the
datasets are included in Table III in the Appendix.

Model Release  Org. Multi-Accent Evaluation
Datasets (ASR)
Deepspeech [21] (m1) 2021-10  Mozilla 2/6

WavLM [22] (mz2) 2021-12  Microsoft  0/1
whisper [15] (ms3, (ma,ms)) 2022-09  OpenAl 4/13
MMS [23] (ms) 2023-05 Meta 0/6
OWSM [24] (mg(m7, mi0,m12)) 2023-09 CMU 1/8
SeamlessM4T [25] (myo) 2023-12  Meta 0/1
Qwen-Audio [14] (m11(m13)) 2024-08  Alibaba 173
Canary-Qwen [13] (m14) 2025-07 NVIDIA  3/9
Chirp-3 [26] (m1s) 2025-10  Google 1/9
Omnilingual [27] (m16) 2025-11 Meta 0/5

Meta, CMU, Alibaba, NVIDIA, and Google. We list the
benchmarks used to evaluate the models’ English ASR capa-
bilities, drawn from their respective technical reports, which
are also cited in full detail in Table III in the Appendix. In the
case of composite benchmarks like SUPERB [29], OpenASR
[30], and, SpeechStew [31], we list all of the constituent
datasets individually rather than the aggregated benchmark. In
Table IV in the Appendix, we list the subset of benchmarks
that are explicitly concerned with multi-accent representation.
The concern is not whether pluralistic benchmarks exist at all,
but rather that they are peripheral — they are sometimes used
in evaluations of speech Al systems, and often not.

Consider that out of the 61 model evaluations conducted
across the technical reports enumerated in Table I, only 12
of them include some consideration of accent diversity. Out
of the 18 unique evaluation benchmarks, 6 of them have
pluricentric considerations of English varieties. Four of the
systems (WavLM, MMS, Chirp-3, Omnilingual) include no
explicit considerations of accent pluralism. It almost goes
without saying that Mainstream US English is never ex-
cluded from the evaluation infrastructure. Moreover, ASR
performance on this variety is often assessed in multiple
contexts, from spontaneous vs. read speech (e.g., Switchboard
vs. Librispeech); to individual speakers vs. multiple (TedLIUM
vs. CasualConversations). By comparison, if accent pluralism
is considered in the evaluation, it tends to be in a more limited
range of contexts and registers. For example, the OWSM and
Qwen 2.5 models evaluates performance on CommonVoice,
only assessing for read-speech of neutral-register Wikipedia
sentences. Whisper [15] and Canary [13] diverge from this,
evaluating on a variety of registers and contexts.

B. Discussion

Other benchmarks also sought to increase representational
diversity, but along other axes than L2-English speaker repre-
sentation. We discuss two of these major axes, number of hours
and multilinguality, while noting that progress along them is
separate from improvements in diverse accent representation.

a) Other representational axes — multilinguality: One
prominent axis has been multilinguality; for example, Common



Voice, Fleurs. This is a reasonable, well-motivated axis to
pursue, since a prominent critique of NLP as a discipline
has been its focus on English datasets emerging from central
Anglophone countries [32], a critique that applies for audio
datasets as well [33]. In collecting datasets that contain a larger
number of distinct languages, however, these works typically
adopt the normative stance that languages are geographically
and culturally homogenous artifacts [34]. Often this stance
is implicit, but can be ascertained from the categorization
of the speech data into different language bins, with no
discussion of the particular varieties as well as limited sociode-
mographic information [33], e.g., in Multilingual Librispeech
[35]. Sometimes, this stance is explicit, for example the Fleurs
dataset explicitly recruits “native” speakers in constructing its
multilingual speech evaluation datasets: “We collected three
recordings by three different native speakers” [36]. Inspection
of the English speech in this dataset indicates a Mainstream US
English variety. Thus, the construction of “linguistic diversity”
is complex and value-laden, and the representation of World
Englishes may even be better in a monolingual dataset than
one that contends to serve as evaluation infrastructure for
“universal” [36] speech models.

There are multilingual datasets that have more pluralistic
representations of English, for example, CommonVoice [37]
and VoxPopuli [38]. However, the most common accent repre-
sentations in CommonVoice is by far Mainstream US English,
based on audits of v7 and v13 [39], [40]. VoxPopuli contains
15 European accent varieties, but is a minority of the total
transcribed corpus (29/1,800 hours). How these corpora are
used matters. For example, MMS evaluates on CommonVoice
over the whole corpus [23]. Since minority accent varieties
are a small proportion of the English subset of the corpus,
and necessarily an even smaller subset of the entire corpus,
the average word error rate would be rendered ineffective in
tracking robustness to accent variation, particularly variation
outside of Mainstream US English. As recognized in [41],
operationalizing performance as “correctness across individual
predictions” is a value-laden modus operandi, and reflects
Anglocentric language policy due to the skewed constructions
of these datasets. By comparison, the Whisper model presents
their evaluation targeted on the English partitions of both
VoxPopuli and Whisper, thus more effectively tracking accent
robustness [15]. For this reason, we distinguish between Com-
monVoice and CommonVoice-EN, depending on whether the
subset was evaluated specifically or whether it was the entire
set. We draw the same contrast for VoxPopuli and Voxpopuli-
EN.

b) Other representational axes — total duration.: Other
evaluation benchmarks have sought to increase diversity
through increasing the total duration of the entire benchmark
dataset, implementing the aphorism ‘“there is no data like
more data”, attributed to Robert Mercer during his tenure at
IBM’s Continuous Speech Recognition team [1], as a data
collection policy. The CALLHOME [42], SwitchBoard [43],
and WSJ [44] corpora were funded by the US Department of
Defense to advance speech recognition research from “specific

database inquiry tasks, characterized by medium vocabularies”
[44] towards open-ended, multi-speaker dictation. These were
characterized by increases in number of speakers, number of
words in transcripts, and recording durations. For example,
CALLHOME emphasized “18.3 hours of transcribed sponta-
neous speech, comprising about 230,000 words” [45]. In a
similar vein, we have “WSIJ corpus will provide DARPA its
first general-purpose English, large vocabulary, natural lan-
guage, high perplexity, corpus containing significant quantities
of both speech data (400 hrs.) and text data (47M words).” The
focus on quantification and scale as a stand-in for diversity
continues to be pervasive in ML data collection [19], [46],
like TedLium [47] and Librispeech [48], both describing their
datasets first and foremost in terms of scale (“a total of 774
talks, representing 118 hours of speech”; “contains 1000 hours
of speech”), rather than other potentially salient characteristics,
like speakers’ demographic attributes. As previously observed
by [19], a foundational assumption in targeting large volumes
of data is that such “unconstrained” data collection methods
will naturally represent diversity on sociodemographic axes
[19]. In these works, the disparities between the availabili-
ties of different sociodemographic speaker groups is rarely
acknowledged let alone interrogated. This inevitably leads
to the proliferation of speech benchmarks that have skewed
representations of Mainstream English varieties [39].

c) Implications of sporadic multi-accent representation.:
Benchmarks serve a dual purpose in ML. Most commonly,
they serve as evidence of improved performance, understood
as the most common goal in ML [41]. But there are other
commonplace values, including parameter and data efficiency,
transparency, and theoretical analyzability [41]. In pursuing
primary goals that are not standard benchmark dominance,
benchmarks serve a role that is analogous to regression tests
in software development — preventing against performance
degradations.

Indeed, we observe benchmarks assuming this regression
prevention role in some of these systems, that have primary
goals other than achieving state of the art ASR performance.
For example, Qwen-2 expands the set of speech-processing
tasks that the model can complete [14]. The OWSM system
was meant to serve as an open-data, open-weights (near-
)replication of OpenAI’s Whisper [24], the latter being trained
on a dataset of 680,000 hours of speech recordings of suspi-
cious origin [15]. The MMS system was aimed at expanding
the set of languages that ASR models can transcribe [23]. The
models are often not the state-of-the art on some benchmarks,
yet this is not understood as a failure, but rather evidence that
the model did not regress too much along other performance
axes of their primary one; for example, both the MMS
and OWSM reports are transparent that Whisper outperforms
them on some standard benchmarks. However, we see that
performance degradations for standard varieties of English are
thoroughly tested, while minority varieties are not. We thus
test the following hypothesis: The performance gap between
standard and minority varieties will not be systematically
diminished over time, as minority English varieties are more



likely to be subjected to significant performance degradations
in subsequent generations of systems.

III. DATASETS

To select datasets for the evaluation, we compiled a list
of multi-accent datasets, specifically those with speakers for
whom English is a second language (L2-English speakers). We
aim for datasets that are not considered standard benchmarks
in the ASR community; none of the ones in our evaluation
were used to by the development teams for the systems listed
in Table I. We built our evaluation corpora list through a
combination of scholarly search engines and consulting with
sociophoneticians. This aggregation phase left us with 39
potential datasets. However, many of these were unsuitable for
the purposes of our analysis. Several datasets lacked accent
annotations for their recordings which is unsuitable for a
comparative analysis between performance on standard and
minority accents. In the same vein, other datasets did not
have recordings from L1-speakers, precluding a comparative
analysis. Other datasets required requests for access that are
still pending. For the remaining datasets, we downloaded and
listened to random samples, excluding ones that had an over-
representation of noisy, unintelligible recordings. Ultimately,
we used 4 multi-accent corpora for our evaluation.

Specifically, we use the Speech Accent Archive [49, 12
English varieties]; the L2-Arctic dataset [50, 6 varieties];
the OpenSLR83 dataset [51, 6 varieties]; and the ALLSTAR
dataset [52, 22 varieties]. L2-Arctic contains both scripted and
unscripted portions, and we treat these as separate datasets
for our analysis. Similarly, ALLSTAR is partitioned into 4
subsets, comprising recordings from speakers reading sen-
tences from the novel The Little Prince (ALLSTAR-LPP);
the Declaration of Human Rights (ALLSTAR-DHR); and two
lists from the Hearing in Noise Test [53] (ALLSTAR-HT1;
ALLSTAR-HT2). We treat these pre-existing partitions as
separate datasets for our analysis. We describe these datasets
further in our supplementary appendix.

IV. EXPERIMENTS AND RESULTS

Here, we consider the series of models from Table I ordered
by their release date, with m; = Deepspeech,...,m, =
Omnilingual. We then compute model Word Error Rates
(WERs) on every accent variety recorded in every dataset
we use for our evaluation. We then study the evolution of
performance on minority accent varieties, with Mainstream
US English (MUSE) as a control accent in each dataset.

Our longitudinal study entails comparing models that were
trained by different research teams, who are using different
training and evaluation datasets and procedures. That is they
were developed in heterogeneous situational contexts. Our
aim is not to argue for particular training algorithms or
dataset compositions over others, but rather a sociotechnical
analysis characterize broader dynamics in the representation
of minority accents. As such, comparing models developed in
varying contexts is reasonable, especially considering that ML
system development has long been fueled by a singular focus

on ‘“single defined performance number” [54]; in the case
of speech recognition, the WER. The type of heterogeneous
longitudinal comparison we are conducting has also been
performed in prior work [55].

A. Longitudinal trends

We assess the extent to which the performance gap between
standard accents (MUSE and SSBE) and minority accents
has declined over the time period from m; to m,. For a
given dataset, we represent this performance gap as the WER
difference between these standard accents and the accent
variety with the highest average WER. We note that focusing
on worst-case performance is a common practice in the ML
fairness literature [56]; see also [41] for a critical discussion
of the pitfalls of average-case metrics.

We highlight both of these accents for every dataset in
Figure 1. The top panel of each figure shows the WERs across
each accent in the dataset, while the bottom panel shows
the evolution of the performance gap between MUSE and
the selected minority accent across my, ..., m,. We followed
standard practice in ASR evaluation and applied a standard
text normalization module prior to computing WER [57].

a) Large average performance gaps across datasets.:

As shown in Figure 1, we find that sizable performance
gaps between standard accents and minority ones are present
in every dataset that we evaluated across the time period
represented by my to m,,, with an average performance gap
ranging from 9% absolute WER, for SSBE compared to
Irish English in the OpenSLR83 dataset, to 26% for MUSE
compared to Vietnamese English in the Little Prince section
of the ALLSTAR corpus.

b) Are the performance gaps declining over time?: To
assess whether the performance gap is declining systematically
over time, we computed the spearman correlation between (p)
between the model-release dates and the standard-minority
WER differences that constitute the performance gaps. We
only find statistically significant evidence of the performance
gap being ameliorated during this time period for two datasets,
specifically for OpenSLR-83 and L2-Arctic with correlation
values of p = —0.75 and p = —0.60 (both p < 0.05). For
L2-Arctic, however, even the model (m3) that performs the
best at the selected minority accent, Vietnamese English, still
exhibits a sizeable performance gap of 10% WER. Meanwhile,
for OpenSLR-83, while the performance gap has generally
diminished over the full time period, the most recent releases
we evaluated from mq3 to m1g have bucked this trend, instead
exacerbating the gap at each of these releases. In fact, the most
recent evaluated model (m1¢) exhibits a performance gap that
matches the historical average performance gap of 9.2% WER.
For other datasets, evidence of the performance gap declining
is not statistically significant. That is to say, there is overall
scant evidence of the performance gap diminishing over time;
instead of consistently declining, the trends in the performance
gap size are highly non-monotonic.
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Fig. 1: Longitudinal system performances on 8 datasets. Top panels: Word Error Rates (WERs) for each accent variety. Bottom
panels: WER difference between Mainstream US English (MUSE) or Standard Southern British English (SSBE) and the
minority accent variety with the highest average WER in the dataset. Bottom panels also show the average performance gap
over the time period from the earliest evaluated model (2021-10) to the latest one (2025-11), as well as the correlation between
the temporal ordering of the models and the size of the performance gap between the two accent varieties in each evaluation.



TABLE II: Mean Degradation (MD) and MD rank.

Dataset Background MD Rank
L2-Arctic Vietnamese En.  11.3%* 3/7
MUSE 3.9% 2/7
L2-Arctic-Spontaneous  Korean En. 9.8%*  3/7
MUSE 7.5% 177
Speech Accent Archive  Korean En. 11.7% 712
MUSE 11.6% 2/12
OpenSLR-83 Irish En. 16.5%  6/6
Southern En. 8.3% 5/6
ALLSTAR-LPP Vietnamese En.  3.6%*  8/23
MUSE 2.5% 2/23
ALLSTAR-DHR Cantonese En. 3.8%* 17/23
MUSE 1.3% 1/23
ALLSTAR-HT1 Nkore En. 12.2%* 23/23
MUSE 2.3% 3/23
ALLSTAR-HT2 Nkore En. 14.4%* 23/23
MUSE 2.6% 2/23

B. Large degradations across successive systems

Here we look into the degradations that are the source of this
non-monotonicity. By degradation we mean a system at time j
that is worse than a system at time ¢, where (j > 7). ML system
development is a messy, loosely collaborative procedure, car-
ried out by a large number of research teams in diverse settings
[54]. It is natural to expect some degradations in this noisy
development process, especially since we explicitly selected
evaluation datasets that were not in the evaluation suites of
the original development teams (see Table I). Even the MUSE
variety has some degradations in these datasets, as can be
observed for Whisper-V1 in the L2-Arctic evaluation (Figure
1; top-left panel). But here, in alignment with our hypothesis
(H1) we demonstrate experimentally that the regressions are
much larger for minority accent varieties than for MUSE. To
do so we can consider the set of degradations for an accent
variety:

D= {A” | i€ [n],] S [Z},A” > 0}

where A;; = WER(m;) — WER(m;). We can then compute
the average magnitude, or the Mean Degradation (MD).

In Table II, we show the Mean Degradation for both the
standard and the selected accent varieties. In all cases, we find
the minority accent variety has a higher MD score, indicating
performance degradations will be more impactful for these va-
rieties. We test for statistical significance using a bootstrap per-
centile test [58]: re-sampling the WER distributions for both
varieties, re-computing their MD scores, and checking whether
the minority accent variety has a higher MD than MUSE. We
repeat this procedure with B = 1000 bootstrap samples. We
find that the procedure is statistically significant for all datasets
except OpenSLR-83 and Speech Accent Archive (SAA). For
OpenSLR-83, we find Irish English (minority) has similar
regression patterns to Southern British English (standard).
For SAA, the similar MD scores are explained by a large

increase in error rates with msz = whisper-v1 for MUSE.
whisper-vl also performed poorly on Korean English, but
since prior models (mq, mo) also struggled with Korean
English, the regression (d(mg — mg3) or d(m; — ms)) was
not nearly as pronounced.

a) Ordinal rankings of accent varieties.: In each dataset,
we rank the varieties by lowest MD score, finding that MUSE
is ranked 2nd out of 7 for L2-Arctic, then 1/7 (L2-Arctic Spon-
taneous), 2/12 (Speech Accent Archive), 2/23 (ALLSTAR-
LPP), 1/23 (ALLSTAR-DHR), 3/23 (ALLSTAR-HT1), and
2/23 (ALLSTAR-HT?2). These results further support our hy-
pothesis, that performance degradations are more severe for
minority accent varieties than for standard ones.

b) Large degradations across successive systems.:
The degradations between successive iterations of systems
for minority accent varieties can be dramatic. We high-
light the largest degradation for the selected minority ac-
cent variety in Figure 1. This is especially notable with
ms = MMS, where d(my — ms) = 18% (Speech
Accent Archive), as well as d(mgs — ms) = 45%
(ALLSTAR-HT1), d(mg — ms) = 66% (ALLSTAR-HT2),
dimgy — ms) = 7% (ALLSTAR-LPP), and d(my —
ms) = 9% (ALLSTAR-DHR). We find that the mys =
Omnilingual model, the most recent model we assessed,
also degraded on some varieties: d(m14 — myg) = 15.4% on
L2-Arctic Spontaneous; d(m5 — mig) = 5.7% on
OpenSLR-83. In all cases, the degradations for the MUSE
variety are considerably smaller. mg = Canary is recognized
as the top-performing multilingual ASR model on the Ope-
nASR leaderboard, boasting a 5% error rate on the OpenASR
evaluation corpus. However, these error rates nearly double
for Cantonese and Nkore-influenced accents in the ALLSTAR
corpus (d(mg — mq4) = 6.7% and d(m4 — mg) = 10.1%).

V. CONCLUSION

A common fixture in the development process of novel
ASR systems is evaluation on standard benchmarks. Among
these standard benchmarks, Mainstream US English accents
are always represented, often disproportionately so. This con-
ventionalized cultural practice ensures that novel ASR systems
exhibit stable performance on this prestige variety. But other
World Englishes are often marginalized in the computational
operationalization of English, especially those in the Global
Majority [39]. We study the effects of this systemic exclu-
sion on a longitudinal basis, investigating performance on
marginalized English accent varieties on a number of notable
models across a critical four-year period (2021-2025), using
sociolinguistically varied speech datasets that are outside of the
standard benchmarking milieu. We find that while performance
can be improved on these varieties, substantial performance
degradations are more likely to re-emerge for minority accent
varieties than standard Mainstream US English ones.
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APPENDIX
A. Benchmark Details

The specific benchmark datasets used by each model in our
analysis are listed in Table III.

In Table IV, we list the subset of benchmarks that are ex-
plicitly concerned with multi-accent representation, as demon-
strated by pull quotes from the respective papers describing the
benchmark.

B. Dataset Descriptions

a) Speech Accent Archive: Speech Accent Archive [49]
is an English speech corpus containing both non-standard
and standard speakers reading the same passage: “Please call
Stella. Ask her to bring these things with her from the store:
Six spoons of fresh snow peas, five thick slabs of blue cheese,
and maybe a snack for her brother Bob. We also need a small
plastic snake and a big toy frog for the kids. She can scoop
these things into three red bags, and we will go meet her
Wednesday at the train station.”

It has previously been used for assessing performance
disparities in ASR systems across different Global English
varieties [8], [49], [72], [73]. The dataset controls for the noise
level and the distance to the microphone. Each subject is given
one minute to read over the passage and ask questions about
unfamiliar words before recording. However, this was done by
many different researchers, so the quality and procedure does
differ between samples. As of writing, the corpus contains
3038 samples across 392 standard languages. The corpus con-
tains a smaller subset of high quality expert-annotated samples.
This constitutes approximately 10 hours of speech from 1238
speakers across 831 birthplaces and 190 standard languages.
Of these speakers, 181 are listed as standard English speakers.
We only kept accents where 20+ speakers had contributed a
recording. Each sample has median duration of 26 seconds (8
second std.), varying by speaking rate.

b) L2 ARCTIC: L2 ARCTIC [50] contains about 1 hour
of scripted English from each of 24 non-standard speakers,
utilizing source texts originally derived from Project Guten-
berg [74]. The speakers are evenly divided, 2 male and 2
female, between standard Arabic, Hindi, Vietnamese, Spanish,
Korean, and Mandarin. There is also an unscripted subset,
the “suitcase” subset from 22 of the speakers where they
were prompted with the suitcase story [75] and asked to
explain what was happening in the pictures. About 1 hour
of the scripted subset is expert-annotated (3,599 samples,
150 utterances for each speaker). The entire suitcase subset
is expert-annotated. Additionally, we record 1 sample of L1
North American English speech by one of the authors using
the suitcase prompt, given that L2 Arctic does not contain an
unscripted sample spoken by a standard English speaker.

c) OpenSLRS83: OpenSLRS83 is a dataset of transcribed
speech featuring English speakers from various dialectal re-
gions across the UK and Ireland. The original dataset com-
prises 17,877 utterances across nine dialect-gender combi-
nations: Irish English, Midlands English, Northern English,
Scottish English, Southern English, and Welsh English.

d) ALLSSTAR: ALLSSTAR Corpus [52] is a multilin-
gual speech dataset containing paired recordings from each
participant in both their first language (L1), and in English
as a second language (L2). The dataset features 102 L2 En-
glish speakers representing 21 standard language backgrounds,
along with 26 standard English speakers.

The corpus comprises both read and spontaneous speech
(e.g., picture descriptions and question—answer sessions); we
focused on the read-speech portion for this dataset. The read
materials include short sentences and paragraphs, with each
speaker producing 120 unique sentences and 3 unique para-
graphs. Sentence recordings were collected in two sessions,
each captured as a single continuous audio file. The paragraph
topics were: Little Prince (LPP), Declaration of Human Rights
(DHR), and The North Wind and the Sun (NWS). In total,
the dataset includes 129 recordings from L1 English speakers
and 570 from L2 English speakers. The final analyzed sub-
set comprised 10,753 short sentences (2,862 L1; 7891 L2),
2,548 LPP recordings (727 L1; 1,821 L2), and 1,869 DHR
paragraphs (514 L1; 1,355 L2). Recording duration varied by
material type, with short sentences averaging 1.68 seconds,
LPP averaging 4.16 seconds, and DHR paragraphs averaging
6.04 seconds.

C. Preprocessing Details

Here we provide additional details for filtering out some
samples from the evaluation datasets we applied in our anal-
ysis.

a) Speech Accent Archive.: Each recording is published
as a single wave file. The expert annotated subset comes
with phonetic and text transcriptions in a Praat TextGrid
file. We keep only the expert annotated subset. We remove
untranscribed sections of the audio labeled as ‘“chatter”, “self-
introduction”, “self-talk”, “experimenter comments”, ‘“back-
ground speech”, “noise”, “bird song”, “cough” and any variant
mispellings thereof. Furthermore, we standardize numbers to
text form (“2” — “two”), fix typos, and clip audio into
consistent duration segments of 50 phonemes each.

b) L2-Arctic.: Each utterance is published as a single
wave file with a corresponding TextGrid file containing pho-
netic and text transcriptions. Except for the expert-annotated
subset, these are machine generated. We keep only the high
quality, expert-annotated subsets. In this subset, each scripted
utterance is about 3.6 seconds of speech. We clip the suitcase
utterances to be approximately the same length. As part of the
clipping process, we remove audio that hasn’t been annotated,
e.g., the interviewer speaking or the subject mumbling.

c) OpenSLR83.: We remove utterances containing fewer
than 4 words. To maintain balanced representation across
dialects and genders, we select 100 samples per dialect with
equal gender distribution (50 female, 50 male samples per
dialect). For Irish English, which contains only male speakers,
we select 50 samples. This yields a balanced subset for
analysis.

d) ALLSTAR.: Each recording is accompanied by Praat
TextGrid annotations at the sentence, word, and phoneme



TABLE III: Models evaluated in our diachronic analysis. Parentheses indicate additional versions from the same model family.
Datasets that explicitly evaluate accent variety within English are underlined.

Model Release date  Organization Paper Evaluation Datasets (ASR)

Deepspeech (m1) 2021-10 Mozilla [21] WSJ [44],Librispeech [48],VoxForge [59],CHiME [60],
CommonVoice-EN [37],Multilingual Librispeech [35]

WavLM (mz2) 2021-12 Microsoft [22] Librispeech [48]

whisper (ms, (m4, mg)) 2022-09 OpenAl [15] Librispeech [48],WSJ [44],Switchboard [43],CORAAL [61],

TedLium [47],CallHome [45],VoxPopuli En [38], Fleurs
[36],AMI Meeting corpus [62],CommonVoice [37], CHIME
[60],Artie Bias Corpus [63],Earnings22 [64]

MMS (ms5) 2023-05 Meta [23] Fleurs [36],CommonVoice [37],VoxPopuli [38],Multilingual
Librispeech [48],MMS-lab (bible) [23]
OWSM (meg(m7,m10, m12)) 2023-09 CMU [24] CommonVoice-EN [37],Fleurs [36],Librispeech [48], TedLium

[47],VoxPopuli [38],WSJ [44],Switchboard [43], Multilingual
Librispeech [48]

SeamlessM4T (mg ) 2023-12 Meta [25] Fleurs [36]
Qwen-Audio (mq1(m13)) 2024-08 Alibaba [14] Librispeech [48],CommonVoice-EN [37],Fleurs [36]
Canary-Qwen (m14 ) 2025-07 NVIDIA [13] AMI Meeting corpus [62],Earnings22 [65],Gigaspeech [66],

SPGlIspeech [67], Tedlium [47],Voxpopuli [38], MUSAN [68],
CasualConversations Dataset [69],Multilingual Librispeech [48]
Chirp-3 (m15) 2025-10 Google [26] AMI Meeting Corpus [62],Broadcast News [70],Common Voice
[37],LibriSpeech [48],Switchboard [43],Tedlium [47],WSJ, Fleurs
[36], Youtube captions
Omnilingual (m16) 2025-11 Meta [27] MMS-Lab (bible) [23], Fleurs [36],MLS [35],CommonVoice [37],
AlIASR [27]

TABLE IV: Datasets that are explictly concerned with minority accent representation.

VoxForge “Our source for accented speech is the publicly available VoxForge (http://www.voxforge.org) dataset, which has clean speech read
from speakers with many different accents.” [21]

Artie “The Artie Bias Corpus contains information on 3 gender classes, 17 English accents, and 8 age ranges.” [63]

VoxPopuli-En “VoxPopuli provides 29 hours of transcribed speech data of non-native English intended for research in ASR for accented speech”
[71]

Earnings22 “Our attention focused on aggregation of accented public English-language earnings calls from global companies.” [64]

SPGISpeech “There are roughly 50,000 speakers in SPGISpeech, drawn from corporate officers and analysts appearing in English earnings calls
and spanning a broad cross-section of L1 and L2 accents” [67]

CommonVoice-EN “The 2021 release of Common Voice English (7.0) contains 2,015 hours of (validated) speech submitted by over 75,000 speakers
some of whom opted to provide some information about their gender and accent” [39]

AMI Meeting Corpus  “The meetings were recorded in English using three different rooms with different acoustic properties, and include mostly non-native

speakers” [62]

levels. For the present analysis, full-session audio files were
segmented into individual sentence-level utterances based on
these annotations, and NWS paragraph recordings were ex-
cluded due to the absence of utterance-level time alignments.
Instances in which the recordings did not correspond to the
reference text were automatically filtered out by removing
utterances for which all ASR models produced a word error
rate greater than 100.

D. Accent and Demographic Information
See Table V.

E. System Degradation Examples

In Table VI, we list examples of other pairs of models, one
pair for each dataset we evaluated on the minority accent we
highlighted in Figure 1. For the selected pair of models m;
and m;, we compute the average degradation across the entire
dataset, listed in the second column of Table VI, and select
a random example from the top quartile of the degradation
distribution across the dataset.



TABLE V: Summary of evaluation datasets. Duration is given in seconds per sample as the interquartile range (IQR). All
datasets contain scripted speech except L2-Arctic Spontaneous.

Dataset Duration (s, Samples Accents Speaker Demographics
IQR)

Speech Accent 5.4-7.2 1,238 nld, spa, ita, eng, fra, Mean age 33.31 (SD 13.57); started

Archive kor, tur, ara, por, deu, English at 10.53 (SD 8.49); 55.7%
zho, rus male.

L2-Arctic 2.8-4.4 3,599 vie, cmn, hin, spa, ara, Iowa State University students; age
kor 22-43, mean 29 (SD 6.9).

L2-Arctic 6.2-7.3 22 vie, cmn, hin, spa, ara, Same as L2-Arctic.

Spontaneous kor

OpenSLR83 4.6-7.7 17,877 Irish, Midlands, North- ~ Volunteers 21+; recruited by
ern, Scottish, Southern, Google London and Cardiff
Welsh University.

ALLSTAR 1.5-24 42,398 pbr, cct, kor, guj, vie, Northwestern University students;

ctw, run, hin, fra, rus,

gis, csp, gre, ind, spa,
heb, tur, ger, far, shs,

cmn, jpn

age 18-41, mean 23.52.

TABLE VI: Illustration of degradation from earlier model m; to later model m; across all of our evaluation datasets.

Dataset (Accent) c_i(miﬁmj)

Prediction (m;)

Prediction (m;)

Transcript

Whisper Large v2 (2022-12): With-
out a doubt, some of them have
dinner engagements.

MMS 1B All (2023-05): wit dou
a doubt some of them hapdiner
engagements

without a doubt some of
them have dinner engage-
ments

Canary (2025-07): Okay, um I can
see skyscrapers tall buildings and I
think

Omnilingual 7B (2025-11): i can
see skyscripers tall buildings and
i think

ok uh i can see skyscrap-
ers tall buildings and i
think

Google Chirp 3 (2025-10): Your app
facilitates or promotes content that
includes gratuitous violence or dan-
gerous activities.

Omnilingual 7B (2025-11): your
off facilitates or promotes con-
tent that includes gratuitous fly-
lence or dangerous activities

Your app facilitates or
promotes content that in-
cludes gratuitous violence
or dangerous activities

Whisper Large v2 (2022-12): Please
call Stella. Ask her to bring these
things with her from the store.

MMS 1B All (2023-05): please
costella escr to bring these things
with her from the store

please call stella Ask her
to bring these things with
her from the store.

Whisper Large vl (2022-09): the
salt shaker is empty

Canary (2025-07): the sword
sheikah is empty

the salt shaker is empty

Whisper Large v1 (2022-09): he is
washing his face with soap

Omnilingual (2025-11): he is
washing his face with sore

he is washing his face
with soap

Whisper Large v2 (2022-12): draw
me a sheep

Canary (2025-07): turn me a say

draw me a sheep

L2-Arctic 12.5%
(Vietnamese)

L2-Arctic 15.4%
Spontaneous

(Korean)

OpenSLR-83 5.7%
(Irish)

SAA 18.3%
(Korean)

ALLSTAR-HT1 6.7%
(Nkore)

ALLSTAR-HT2 3.1%
(Nkore)

ALLSTAR-LPP 10.1%
(Nkore)

ALLSTAR-DHR 6.1%

(Cantonese)

Whisper Large v3 (2023-11): every-
one has the right to a nationality

OWSM 3.1 (2024-01): every one
has towai tttsnrt

everyone has the right to
a nationality




