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Abstract

In recent years, there has been an upsurge in research on automatic speech recognition (ASR) for low-resource
languages. Particularly, transfer learning using multi-lingual models has become a popular remedy for the lack of
available datasets for target languages. However, given the complexities associated with each individual language,
we argue it is unlikely that a single multi-lingual pre-training model will provide equal performance gains across all
languages. We also recognise the important, and insufficiently studied influence that the specific pre-training dataset
has on the performance of the model. In this paper, using the Irish language as a case study, we propose a more
directed, incremental form of pre-training which we term multi-step fine-tuning. This method accounts for the complex
relationships between the language and dataset features of the source pre-training and target datasets. We show
multi-step fine-tuning improves performance over simple multi-lingual fine-tuning alone, and we investigate factors
leading to certain pre-trained models achieving better results through linguistic and dataset similarity measures. This
research also investigates the uniformity of the performance gains across different demographics. We show that the
optimal pre-training strategy can differ between demographics suggesting that more careful pre-training dataset

selection is necessary to ensure equitable outcomes in practice.
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1. Introduction

Although around 1.9 million people in Ireland report
some level of proficiency in the Irish language, its
everyday use remains limited. According to the
most recent census in 2022 (Central Statistics Of-
fice, 2023), only about 72,000 people speak the lan-
guage on a daily basis, despite recent increases in
the overall number of speakers. Though over 39%
of the population indicated some ability to speak
Irish, English remains the dominant language used
in most social and professional settings. Conse-
quently, technological advancements — such as
those in Automatic Speech Recognition (ASR) —
have been sparce, with the exception of the semi-
nal work of the Abair project (Chasaide et al., 2017).

However, as large public datasets at the scale of
higher resource languages are not currently avail-
able, developments in ASR for Irish, as with many
lower resource languages, remains challenging.
This lack of fundamental technologies, specifically
language technologies, has created a digital divide
between lIrish and English resources while also
contributing to the potential for digital extinction of
Irish. The results of this divide is speakers of the
language reverting to using English, with only 1.5%
of the population using the language outside of the
education system (Lynn, 2023). This is in line with
previous research classifying the Irish language as
“definitely endangered" (Chiardin et al., 2022).

Enormous strides have been made in ASR over
the last decade with the advent of large, parallelis-
able deep learning models such as Whisper (Rad-
ford et al., 2023) and Wav2vec (Schneider et al.,
2019), but much of these advancements have cen-
tred on ASR for higher resource languages such as
English. This gap is well recognised (Li et al., 2022),
leading to a variety of approaches to address the
deficits of ASR for low-resource languages. For
example, transfer learning is a commonly proposed
approach to train models in scenarios where high
quality transcribed data is unavailable, a common
challenge in the field of ASR.

In this paper, we propose a more guided ap-
proach to transfer learning in which a pre-trained
multi-lingual ASR model is first fine-tuned on one
language, before being further fine-tuned on the
target language — in this case Irish. We propose
a language similarity-based approach to the selec-
tion of data used in transfer learning, and a more
careful, multi-faceted analysis of downstream ef-
fects the data we use has on performance. Our
objective is to disentangle the dataset characteris-
tics that lead to an increase in performance from
the aspects of learned representations that are still
unknown. With the available open source data for
Irish as a case study, we:

1. Demonstrate how language and dataset selec-
tion affect transfer learning performance.
2. Disentangle the characteristics of a model’s
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training dataset (e.g., dataset size, similarity
with the target language) on the efficacy of
transfer learning.
3. Determine whether these characteristics can
be used to find the optimal pre-training dataset.
4. Measure the effects of different multi-step fine-
tuned models on the performance across a
variety of demographics and dialects of Irish.
The remainder of the paper is structured as
follows: Section 2 provides background and dis-
cusses related work on transfer learning and repre-
sentation learning for ASR and low-resource ASR.
Section 3 details the proposed transfer learning
method and the linguistic and dataset character-
istics we focus on. Section 4 states the research
questions that were investigated and describes the
experimental setup used to evaluate them. Sec-
tion 5 presents the results along with a detailed
analysis of performance disparities across demo-
graphic lines. Section 6 concludes the paper.

2. Background & Related Work

A foundational concept of transfer learning for low-
resource learning is the notion of learning gen-
eralised representations that transfer across lan-
guages. We detail the approaches to and chal-
lenges surrounding learning these representations
(Section 2.1), the potential role of linguistic simi-
larity to guide this process (Section 2.2), and the
role of users in determining whether this transfer of
representations might be successful (Section 2.3).

2.1. Building Generalisable
Representations

There have been several attempts to learn invariant
speech representations for ASR. These are loosely
considered to be latent features that are universal
to all languages or common across several. One
such approach is to create robust or “generalised”
speech representations which can be transferred
to several speech tasks. Kawakami et al. (2020)
aimed to learn robust multilingual representations
of speech which transferred to phonologically di-
verse languages and, indeed, found that such de-
velopments led to a marked improvement in WER
for several low-resource languages. One issue
with approaches such as these, however, is that
these “invariant” features are intrinsically opaque
and scarcely explored in any detail. Though trans-
ferable representations are likely instrumental to
accurate low resource speech recognition, the true
universality of these features is rarely evaluated be-
yond a single score for a collection of low-resource
languages. To this end, a more focused evaluation
of pre-trained bilingual and trilingual models was
performed by Lehecka et al. (2024). In contrast

to Kawakami et al. (2020), the authors found that
monolingual models outperformed bilingual and
trilingual Wav2Vec models on oral history archives
(even when controlling for dataset size). A similar
result was found by Babu et al. (2022) where mono-
lingual English models outperformed a similarly
sized multilingual XLS-R model, a phenomenon
the authors termed capacity dilution. The XLS-R
model only reduced the WER upon significantly
increasing the number of parameters.

Given the mixed results obtained using multilin-
gual models, it remains challenging for practitioners
to reliably build effective ASR models using them.
Though it is domain invariant features that are likely
to be learned using these models, very little attempt
is made to test whether definable invariant features
are being learned. It is therefore challenging to
determine what is actually being transferred from a
source model to a target, and whether these fea-
tures are even desirable to transfer.

2.2. Linguistic Similarity

Linguistic similarity is explored less in the litera-
ture with more focus on the use of large uncurated
datasets. However, the notion of capacity dilu-
tion described by Babu et al. (2022) suggests that,
with a fixed capacity architecture, some language-
specific features are likely to be lost in favour of
models with increased language coverage. Addi-
tionally, large datasets are often very imbalanced
with a disproportionate percentage of examples be-
ing from higher resourced languages (Ardila et al.,
2020). To address these issues, work has been
done to determine similarities between source and
target languages which centers around the use of
language identification or phonetic classifiers.
Early work on this topic by Zhang et al. (2014)
used the posterior scores over source languages for
target-language utterances to determine similarity.
The bottleneck features of the source language with
the highest posterior score were then used for pre-
training. This work found that the closest languages
appeared to provide the most benefit to training,
stating that there was “no data like similar data".
Thomas et al. (2016) took a similar approach by
discriminating between phonemes of all source lan-
guages, combining the resultant phoneme scores
for each language into a global language score.
These scores were then used to create a language
similarity matrix on which spectral clustering was
applied to create language clusters. Multilingual
feature frontends were then trained using the lan-
guage groups identified within each cluster. Qian
and Zhou (2022) extended this idea by extracting
hidden representations of a language identification
model and obtaining the similarity of a given utter-
ance’s embedding to the average embedding of the
target language. The similarity was then used to
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weight the loss from a given utterance in order to
favour some utterances within a multilingual dataset
over others depending on their similarity during
training. This technique also led to improvements
over standard multilingual pre-training. Li et al.
(2019) also saw improvements when corpus-level
embeddings were used to select related corpora
for training, a method that outperformed fine-tuned
multilingual models. Though seemingly effective,
techniques using language identification or those
based on corpus-level embeddings require training
of a discriminative model to obtain similarity scores
and rely on the efficacy of the model. They also
lack interpretability. They do not provide informa-
tion as to why two languages have been found to
be similar given that the similarity is entirely data-
driven and learned features cannot be definitively
interpreted.

Datasets using the same language with dialectal
differences have also been explored. Yi et al. (2020)
evaluated the efficacy of supervised pre-training
using the Libri 100h (Panayotov et al., 2015) (En-
glish dataset) against supervised pre-training using
HKUST (Liu et al., 2006) (Mandarin dataset) on the
target test set, CALLHOME-MA (also a Mandarin
dataset). The authors found that pre-training on
HKUST, a “target-similar dataset" Yi et al. (2020)
was more effective. They also found that using an
abundance of multilingual data for self-supervised
pre-training (Libri 1000h (Panayotov et al., 2015))
did lead to superior performance when evaluated
on the same CALLHOME-MA dataset over the su-
pervised model trained on HKUST. However this
analysis did not further explore the potential rea-
sons for the improved performance or detail the
characteristics of the dataset. We are taking a more
interpretable approach to finding dataset similarity,
aiming to develop a method that identifies dataset
characteristics needed to enhance performance.

2.3. Building Models that Serve People

A factor that is also rarely considered in the work
described above is the use cases or demographic
coverage of ASR systems. There are however a
few exceptions, for example, Kawakami et al. (2020)
specifically considered the use case of speakers
in their model development and evaluation, Jimer-
son et al. (2023) investigated which model archi-
tectures work best for various low-resource lan-
guages, and Mitra et al. (2016); Le Ferrand et al.
(2020); Littell et al. (2016) among others have ded-
icated work to specific endangered languages to
overcome challenges they face. However, in con-
trast, a majority of approaches are not designed
for specific languages and assume that the use
of large, uncurated, datasets will ensure coverage
across demographics, this still remains to be seen.
For instance, Markl (2022) found that even English

models, targeting one of the most well-resourced
languages in ASR, perform worse for marginalised
communities, including those who speak English
as a second language or use specific dialects. Koe-
necke et al. (2020) also found that common ASR
services demonstrated higher error rates for indi-
viduals using AAVE. Reitmaier et al. (2022) warned
that low-resource ASR is in danger of being treated
as an ‘intellectual challenge" with training datasets
neither being collected with sufficient input from the
communities that speak the languages, nor curated
to adequately serve them. This makes interpretable
and multifaceted model evaluation important, as
understanding the shortcomings of existing bench-
marks and models is instrumental in developing
more equitable technology.

3. Methodology

This section explains the process of multi-step
fine-tuning (Section 3.1), then defines the dataset-
dependent (Section 3.2) and independent (Sec-
tion 3.3) metrics used to determine similarity.

3.1.

When performing transfer learning, a large-scale
multilingual or mono-lingual dataset is first used to
train an ASR model. For language-specific ASR
models, models are either trained “from scratch”
or, more commonly, fine-tuned from a multilingual
model. Our objective is to determine whether
certain language-specific models can lead to in-
creased performance when further fine-tuned on a
target language. Thatis, where a language-specific
model has been built by fine-tuning a multilingual
model on a single language dataset, we seek to
fine-tune the model a second time on the target
language. For the purposes of this work, we will
term this strategy as multi-step fine-tuning and we
will refer to the languages used in the first stage of
fine-tuning as source fine-tuning languages. The
language used during the final stage of fine-tuning
is referred to as the target language. We seek
to understand whether this strategy is more effec-
tive than fine-tuning a multilingual model on Irish
alone, whether an increase in performance is uni-
form across different source fine-tuning languages,
and whether the same multi-step fine-tuned model
leads to the same performance gains across di-
alects and demographics.

Multi-step fine-tuning

3.2. Dataset Size

Dataset size is consistently associated with im-
proved performance for deep learning architec-
tures (Lehecka et al., 2024; Kawakami et al., 2020;
Yi et al., 2020; Yusuyin et al., 2025). We evalu-
ate if the size of the source fine-tuning dataset is
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associated with the performance on the target lan-
guage. While ASR datasets are typically described
in terms of speech duration, we use number of
samples since Common Voice clips have relatively
consistent lengths.

3.3. Language Similarity/Proximity

We hypothesis that dataset-independent language
features between the source fine-tuning languages
and the target language also influence the model
performance. We used the following two methods
to calculate this similarity:

3.3.1. Genetic Proximity

Genetic Proximity is computed using a "Genetic
Proximity Calculator" tool provided by eLinguis-
tics.net (Elinguistics, 2020) and is independent of
the datasets used to train models. This tool calcu-
lates the genetic proximity between two languages
based on a cognate score (a metric to quantify
the similarity between words across different lan-
guages). ltis derived by comparing the consonants
of 18 words that are commonly used in compara-
tive linguistics studies. Consonants specifically are
compared as they tend not to evolve as quickly
as vowels (Vincent and Johannes, 2020). This
tool outputs a score between 0 and 100 calculated
using the cognate scoring and statistical context,
indicating if the languages are similar or unrelated.

3.3.2. Averaged Lang2vec Similarity

Lang2vec is a Python tool used to query the URIEL
database that represents languages using typolog-
ical, phylogenetic, and geographical features such
as genetic, geographic, syntactic, inventory, phono-
logical, and featural vectors (Littell et al., 2017). It
provides pre-calculated cosine distances based on
these features that can be used to measure lan-
guage similarity, meaning this metric is also inde-
pendent of the datasets used to train models. How-
ever, analysis performed by Toossi et al. (2024) on
the reproducibility of URIELs language distances
indicated that “31.24% of the languages in URIEL
have no linguistic feature information"”, yet it still
provides the distances for these languages. This
problem inevitably impacts the reliability of this mea-
sure for low-resource languages which tend to have
more missing values. To address these missing fea-
ture vector values, we propose the following method
of calculating cosine similarity between the source
fine-tuning language and the target language in-
stead of using the pre-calculated cosine distances:
+ Find all complete overlapping feature sets be-
tween the target and source fine-tuning lan-
guages.

RQ.1

+ Calculate the cosine similarity for each of these
complete feature sets.
» The averaged lang2vec similarity score is the
mean cosine similarity for each feature set.
This strategy of similarity score averaging means
that all feature sets are given equal weighting and
the scores are not influenced by the size of the sets.

4. Experimental Setup

This section includes the specific models and
dataset used to carry out the experiments. We
choose Irish to the be target language and Dutch,
French, German, Persian, Portuguese and English
to be the source fine-tuning languages. The re-
search questions we explore are:

Is multi-step fine-tuning more effective than
directly fine-tuning a multilingual model?

RQ.2 Is the performance increase provided by multi-

step fine-tuning uniform across source fine-
tuning languages?

RQ.3 Is higher proximity between the source fine-

tuning language and the target language as-
sociated with better model performance?

RQ.4 Is the size of the source fine-tuning dataset

associated with better model performance?

RQ.5 Is multi-step fine-tuned model performances

uniform across dialects and demographics?

4.1. Data

With Irish as the target language for our experi-
ments, we used the open source Common Voice
dataset version 15.0 (Mozilla Corporation, 2021)
for lrish fine-tuning with its training (536 clips), val-
idation (516 clips), and testing’ (517 clips) splits.
Special characters were removed, words were con-
verted to lowercase and a vocabulary was built
using tokenisation. Audio was sampled at 16kHz
and zero-padded to match the longest segment.

4.2. Model

The base model in all cases was the Wav2Vec2
cross-lingual speech representation large-scale
model trained on 53 languages (XLSR-53) (Con-
neau et al., 2020). The "feature encoder" of each
base model was frozen in the initial fine-tuning
stage. Then, this was done again in our exper-
iments using the lrish data. This means that
the transformer encoder or “context network” is

' Conneau et al. (2020) states all Common Voice
languages were used during unsupervised pre-training
of XLSR-53 however it is unclear which training/test splits
were used for training in the original paper. Despite
this, the Irish portion of the dataset has since expanded
compared to what was available at the time of this pre-
training.
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fine-tuned with CTC and the lower level "feature
encoder" is frozen to preserve speech features
learned from pre-training. Each model configura-
tion was fine-tuned in three independent runs, and
the reported results represent the average perfor-
mance across these runs.

4.2.1. Baseline Single-Step Fine-Tuning

The baseline for experiments was single-step fine-
tuning using Irish. Hyperparameters were selected
using Bayesian hyperparameter optimisation (Yang
and Shami, 2020) with Word Error Rate (WER) as
the objective. The best configuration was achieved
using a learning rate of 0.0003, a batch size of 8,
and 45 training epochs. We note that the objective
here is not to create the optimal model for Irish ASR
but to find reasonable hyperparameters that can be
used uniformly across models in order to compare
them.

4.2.2. Multi-Step Fine-Tuning

For our source fine-tuned models, we use XLSR-
53 models that are openly available and already
fine-tuned for our choice of source fine-tuning lan-
guages provided by Grosman (2021). These mod-
els had already completed the first stage in the
multi-step fine-tuning method using the train and
validation splits of Common Voice 6.1 (along with
additional audio clips from CSS10 (Park and Mulc,
2019) for Dutch only). To create the multi-step fine-
tuned models, they are fine-tuned again on Irish
using the same pre-processing steps, data, and
hyperparameters as the baseline described in Sec-
tion 4.2.1.

4.3. Averaged Lang2vec Similarity

As discussed in Section 3.3.2, some source fine-
tuning languages chosen for our experiments didn’t
contain the same complete feature sets as Irish, the
target language. French, German, and Persian con-
tained complete sets of the same features. English,
Portuguese, and Dutch were missing values that
were present for Irish, therefore these feature sets
were not included when calculating the averaged
lang2vec similarity for those respective languages.

4.4. Demographic and Dialects

We sought to determine whether models performed
the same for different speaker demographics and
dialects. To do this, we filtered the unseen Irish
test dataset to isolate data from each demographic
group annotated within the Common Voice dataset
(e.g, females, males, teens, 20s, etc.).

Table 1: WER(%) of the different Models

Model wer #!training

samples
English 56.7 580501
French 57.6 314745
Portuguese 59.0 11106
Persian 61.4 12806
Dutch 61.4 14398
Irish (baseline) 66.2 536
German 94.9 262113

5. Results

Section 5.1 details the results of multi-step fine-
tuning by comparing the performance of the dif-
ferent models. The results concerning the effect
of language and dataset characteristics are split
across three sections. First, Section 5.2 analy-
ses the degree to which performance is associated
with dataset training size. Second, Section 5.3 fo-
cuses on the relation between performance and
the dataset-independent language similarity met-
rics. Finally, Section 5.4 provides an analysis of the
performance difference along demographic lines.

5.1. Multi-step Fine-tuning Comparison

Table 1 shows the models’ WER performance and
source fine-tuning dataset size. Interestingly, we
see the benefit provided by multi-step fine-tuning
is dataset-specific. In most cases there is an im-
provement, with the exception of German, where
we see a large decrease in performance with a
relative percentage increase in WER of ~ 43%.
English provides the most improvement with a rela-
tive percentage decrease in WER of ~ 14.4%, fol-
lowed by French and Portuguese with a decrease
of ~ 13% and ~ 10.9% respectively. This motivates
our conclusion to RQ.1 and RQ.2, that multi-step
fine-tuning provides a benefit and that the specific
source fine-tuning language used impacts perfor-
mance.

5.2. Effect of Dataset Size

Figure 1 plots the number of training samples from
each source fine-tuning dataset against their mod-
els’ WER performance. This shows that the num-
ber of training samples used in the first step of
fine-tuning is not clearly associated with increased
performance in WER. A Pearson correlation co-
efficient of 0.008 between WER and the size of
the datasets indicates no strong linear relationship.
While the English model is fine-tuned on the largest
dataset and achieves the lowest WER rate, the
French model is trained on a dataset almost half
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Table 2: Ranked Similarity Scores of the Different Datasets in Comparison to the Irish Dataset

(a) Genetic proximity between languages

(b) Averaged Lang2vec similarity

Dataset Averaged lang2vec
English 0.6842
Portuguese 0.6558
Dutch 0.6076
Persian 0.5938
German 0.5923
French 0.5922

Dataset Genetic Proximity

French 57.7

Portuguese 59.7

Persian 60.6

German 76.5

English 78.5

Dutch 80.8
S 0| |
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© 08| |
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Figure 1: Relationship between the Number of
Training Samples and Performance Metrics

the size of English, but there is only a relative per-
centage difference of ~ 1.6% in WER. Looking at
the model first fine-tuned on Portuguese, it uses
a dataset ~ 1.9% the size of English, and there is
only arelative percentage increase of ~ 4% in WER.
The German dataset is the third largest dataset and
it achieves the worst performance. This appears
to show that the number of examples alone can-
not explain the increase in performance against
the baseline, answering RQ.4, and that the dataset
size in conjunction with other factors should be
considered.

5.3. Language Similarity/Proximity
Comparison

When using more generalised similarity metrics
such as averaged Lang2vec and Genetic Proximity,
we observe some strong correlations between per-
formance and similarity. Specifically, Genetic Prox-
imity of languages in Table 2a has a positive Pear-
son correlation co- efficient of 0.347. This could
indicate phonetic similarities between languages
plays an important role in boosting performance,
but analysis across additional languages is neces-
sary to make this claim more robust. Interestingly,
the correlation between the averaged Lang2vec
similarity metric shown in Table 2b and the per-
formance of the models is negatively associated

with a correlation of -0.4253. This could be due
to features irrelevant to speech being considered.
This motivates future further analysis on feature
selection.

5.4. Performance Variation across
Demographic Lines

While WER offers a general performance overview,
we observed that it varied across demographics.
We compared the WER by gender (Section 5.4.1),
age (Section 5.4.2), and dialect (Section 5.4.3).

5.4.1. Gender

The annotated gender categories in the unseen
Irish test data of common voice were: Female,
Male and Other . When all the models were eval-
uated on this dataset, the models first fine-tuned
on Portuguese (Figure 2e), German (Figure 2f),
Persian (Figure 2d) and Dutch (Figure 2c) as well
as the baseline model only fine-tuned on Irish (Fig-
ure 2q), performed worse for the Female category
compared to Male. While, on face value, this
performance disparity seems due to the lack of
Female representation in datasets, it should be
noted that the annotations are incomplete. There
were many utterances in all datasets without gen-
der labels. Of all gender labels in the metadata of
the training and validation splits, only 11% were
labelled Female in the Irish dataset, 10.7% in the
German dataset, 9.4% in the Dutch dataset, 19.8%
in the Persian dataset and as little as 5.8% in the
Portuguese dataset. In all cases the Other gender
category was the most under-represented. With
no Other gender category labels in the Irish test
dataset, we were unable to see the effect this under-
representation had on the performance.
Interestingly, for models with English (Figure 2a)
and French (Figure 2b) as the source fine-tuning
language, audio labelled Female is in general more
accurately detected than those labelled Male . Of
the existing gender annotations, the French dataset
has only 13.9% Female samples (Figure 3b) and
the English dataset has only 25.5%(Figure 3a).
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Figure 3: Gender Distribution of Training Datasets

Due to the missing gender annotations, it is chal-
lenging to deduce whether performance disparity
between genders is due to dataset imbalance, how-
ever it is clear that such a disparity exists.

5.4.2. Age

In Figure 2 we observed a notable variation in per-
formance across age-groups. This aligns with find-

ings by Werner et al. (2019) showing ASR systems
being impacted by the age of speakers. Moore
(2011) also discusses variations in pronunciation
unique to younger speakers, which seems to be
reflected in our results since in general audio la-
belled Teenager performs well across all models.

Interestingly, in the French, Portuguese, Dutch,
and German datasets (Figure 4), teenagers are
the smallest represented age group, based on the
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Figure 4: Age Distribution of Training Datasets

annotations, out of all age groups in the test set.

5.4.3. Dialect

We now move to discuss the performance varia-
tion across the three dialects labelled within the
Irish common voice dataset: Gaeilge Uladh (GU),
Gaeilge Chonnacht (GC) and Gaeilge na Mumhan
(GM). Apart from the model source fine-tuned on
French, audio labelled GU had the lowest WER.
The GU dialect has the second most labelled audio
associated with it, but GM only falls slightly behind
by three audio clips (Figure 5). However, with a sig-
nificant number of missing dialect labels, it remains
unclear if the number of training utterances is a
contributing factor in this bias towards GU. The per-
formance difference is, perhaps, better explained
by the fact that GU is more distinct from the other
two dialects, which models have apparent difficulty
disambiguating between. Lonergan et al. (2023a)
observed similar behaviour for dialect classification.

Assuming that the distribution of the labelled di-
alects accurately reflects the true distribution within
the data, we can see that the balance of the dialect
classes do not necessarily lead to proportionally
balanced WER. For example, GC is the most rep-
resented dialect but consistently performs worst.
This could align with findings by Lonergan et al.
(2023a) that balanced corpora do not necessarily
lead to balanced performance. Further investiga-
tion is needed to determine the sources of this bias.

6,000
4,000
2,000
0
ggegaaz
§ &« B3I B oI
Age Group
(c) Dutch
3
~ N
200 3
8
100 .
E <
a
0
gogenssasz g g 2 88z
Emmvmwr\mmg § 8 ® F 6 2
Age Group Age Grou
(f) German (9) lrish
300 | 297
2
S 200
ks
5
€
2 100 R
68 71
GM GU GC N/A
Dialects

GM: Gaeilge na Mumhan, GU: Gaeilge Uladh, GC: Gaeilge Chonnacht,
N/A: Unknown

Figure 5: Dialect Distribution in Irish Training
Dataset

6. Conclusion

This work has demonstrated the advantages and
remaining challenges for ASR in Irish using open-
source datasets. We demonstrated that, though
multi-step fine-tuning can provide performance
gains over single-step fine tuning in many cases,
these gains are not uniform across different source
fine-tuning languages, and more specifically are
often not uniform across demographic lines. There-
fore, a one-size-fits-all approach is not effective,
highlighting the need for detailed analysis of the
model’s performance instead of a single evaluation
metric.

While the usefulness of a dataset often gets over-
looked in Machine Learning, we attempted to un-
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derstand what dataset performs better for a certain
low-resource language. We defined this usefulness
using both dataset-dependent and independent
similarity measures. From our case study of six
source languages, we show that certain measures,
in particular Genetic Proximity, can be indicative
of the optimal pre-training model. While increas-
ing this study to more languages could establish
these measures as robust predictors, from our ex-
periments it seems these metrics alone can’t show
which model will work best, meaning that to tackle
this problem we need to consider more factors.
Interestingly, through our experiments on dataset-
dependent features, we found that dataset size is
not strongly associated with performance gains,
indicating that blindly increasing dataset size is
unlikely to result in improved performance. Further-
more, the percentage increase in data points does
not translate to proportionate performance gains.
We also found that there are often gaps in demo-
graphic information. Given that speech data can
often identify the speaker, collecting it may be too
high-risk, especially for speakers of marginalised
groups. This motivates a privacy preserving alter-
native for measuring demographic coverage.

7. Ethics/Broader Impact Statement

This work relies exclusively on open-source, pub-
licly available datasets for the purposes of repro-
ducibility. Our work focuses on effective model
performance in a low-resource setting in order to
make these type of speech recognition systems
more accessible for different communities. We in-
vestigated our method for one specific language
(Irish) in order to promote research into the nuances
and the unique characteristics of each individual
language, something that often gets overlooked
in the development of speech recognition models.
We evaluate our models’ performance across dif-
ferent demographics in order to assess the biases
that exists within these systems and to highlight
that a single aggregate metric does not take into
account the variation in model performance for dif-
ferent speakers.

In our limitations section, we outline that a large
amount of speaker metadata is missing from the
datasets used in experiments. Though additional
metadata labels would undoubtedly facilitate a
more rigorous analysis of performance differences
between, and at the intersection of, different de-
mographic groups, it is also important for those
curating datasets and researchers evaluating ASR
to study and understand why participants do not
feel comfortable disclosing personal information
(age, gender etc.) while contributing to datasets.
More specifically, it is incumbent on the commu-
nity to develop ways of evaluating ASR that both

protect data subjects and their privacy, while also
rigorously testing model errors through an intersec-
tional lens. Based on the lack of speaker metadata
in the datasets studied, we endeavor to research
this aspect of evaluation further in future work.

8. Limitations

Only open-sourced data from the Common Voice
dataset was used in these experiments. Using
more datasets could improve the reliability of our
experiments. We also only considered six source
fine-tuning languages and the base model in all
cases was Wav2Vec. Scaling this experiment to
more language datasets and base models (such
as OpenAl’'s newer Whisper model (Radford et al.,
2023)) could have increased the robustness of our
findings and allowed us to detect other factors that
lead to performance gains. The source fine-tuned
models provided by (Grosman, 2021) do not per-
fectly match our training conditions. This be an-
other factor contributing to the impact the source-
language has on the performance on the model.
Another limitation of using the Common Voice was
that some language datasets were not available.
These included Scottish Gaelic and Manx, which
are in the same the Celtic language family as Irish.
As described throughout the paper, lack of dataset
availability is a common issue within ASR research
for low-resource languages such as these.

A large portion of the datasets in Common Voice
are missing annotations. This had implications for
our study as we endeavored to investigate the link
between performance and demographic represen-
tation in the source fine-tuning dataset. Certain
demographic groups in the datasets were miss-
ing more labels than others. For example, of the
gender labels, Female and Other were available
for considerably fewer utterances than Male . This
either indicates that those who do not identify as
male are reluctant to disclose their gender, or that
they are under-represented in the dataset in the
first place. Similarly to the gender labels, age and
dialect labels were also missing. It was difficult
for us to draw conclusions about the performance
across different demographics given this incom-
plete information. A broader sociolinguistic analysis
of utterances is likely necessary to determine the
reasons for disparate performance across exam-
ples. Furthermore, we also note that we have not
analysed the intersection between demographics,
which are themselves likely to reveal differences in
performance. It is clear that more detailed analysis
of pre-training datasets and models is necessary
to disentangle the sources of performance differ-
ences.
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