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Abstract

Recent work on ASR for endangered languages
has focused on fine-tuning a pretrained multi-
lingual model to a small amount of data in the
target language, but even with large and di-
verse pretrained models, error rates can be stub-
bornly high. Including additional data from
the target language can yield improvements,
but acquiring this kind of data for endangered
languages is challenging. One commonly pro-
posed alternative is to leverage data in a more
highly resourced language from the same lan-
guage family, but there has been remarkably
little work evaluating the real-world utility of
this practice. In this paper, we explore the rel-
evance of phylogenetic relatedness of transfer
data for improving ASR for endangered lan-
guages with minimal training resources. We
find, unexpectedly, that augmenting with unre-
lated donor language data improves word error
rate (WER) more than related language data.
In addition, the performance improvement ob-
served via transfer of unrelated data is larger
than that observed when nearly doubling the
quantity of in-language training data. These
surprising results hold even when controlling
for factors such as acoustic similarity, audio
quality, and subword overlap. Our findings
point the way to practical new approaches for
improving ASR for endangered languages.

1 Introduction

Most contemporary approaches to automatic
speech recognition (ASR) for under-resourced lan-
guages involve fine-tuning a pretrained multilin-
gual model to a small amount of transcribed au-
dio data in the target under-resourced language.
With the small quantity of transcribed audio avail-
able for a typical endangered language, this ap-
proach tends to yield stronger results than end-to-
end monolingual training (Jimerson et al., 2023),
but error rates often remain high. One possible rem-
edy is to augment the training set with available

data from a related language. There is relatively
little work, however, comparing the utility of this
practice with other alternatives, such as gathering
more in-language data or including data from an
unrelated language.

In this paper, we explore the impact of incor-
porating related versus unrelated donor language
data in the ASR training pipeline for several under-
resourced endangered languages, and we compare
these results to those derived by including addi-
tional target language data. Using a two-stage
fine-tuning approach from a multilingual pretrained
model, we investigate whether first fine-tuning on
data from a donor language and then fine-tuning to
the target language can improve ASR accuracy for
that target language. We then compare the impact
of fine-tuning from a model trained on a closely
related language with that of fine-tuning from a
model trained on a similar quantity of data from
a distantly related or entirely unrelated donor lan-
guage. We also compare those results with training
on additional target language data. Finally we per-
form a regression analysis to reveal the factors that
predict positive transfer, including not only phylo-
genetic relatedness but also acoustic similarity and
subword overlap between donor and target, and a
general measure of donor audio quality.

We find that two-stage fine-tuning nearly always
improves word error rate (WER), sometimes dra-
matically, regardless of whether the donor language
belongs to the same family. Surprisingly, unrelated
languages tend to yield larger improvements than
closely related languages. In addition, two-stage
fine-tuning with the most effective donor language
yields larger WER improvements than simply in-
cluding additional target language data. Factors
including audio quality, acoustic similarity, and
subword overlap appear to contribute to reductions
in WER, as well.

While gathering additional in-language data or
including more related language data in training
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Language Role Phones Chars Hours Tokens Types NISQA

English  donor 222310 308,656 5728 72,046 6731  3.621

Hungarian ~ donor 222352 234433  5.086 36,823 10,652  2.904

Swahili  donor 222304 239274 4757 44,185 8569  3.349

Tagalog  donor 222319 222925 7.423 44442 6312 2234
. donor/large 222,286 239,340 11453 38,445 11816

Rukal small 07149 104106 5003 13517 5675 o0

puyuma | onOVlarse 222289 235020 11822 45103 6047
small 04541 99,642 5.002 15445 3,386

paiway | donorflarge 222337 228086 10421 42908 7064 .
small 107,082 109,788  5.000 16,613 3,928

I donorflarge 222280 232,630 11312 44671 7647
small 08,188 102,844 5001 16,197 4247

e large 22609 226226 10839 43491 6263
small 104,508 104,390  5.001 17,549 3,756
. large 162,944 151,464 8820 31371 3,675

Seedig small 92418 86156 5001 16196 2697 076
large 222286 223493 11.684 46251 6,686

Atayal small 05.043 96200 5001 17240 3859 o003

Table 1: Counts of characters, Allosaurus-generated phones, hours of audio (for train+test), and word tokens and
word types (for train only) for each dataset. The test utterances, which were the same for all experiments, were
included in training the donor models but not the large baseline models. The NISQA audio quality metric is the
median calculated over a random sample of 200 utterances per dataset.

are both commonly proposed ways to try to im-
prove performance in endangered language ASR,
as much or more benefit may be derived via transfer
from unrelated language data. Creating data for en-
dangered languages is challenging, and many such
languages belong to families that are themselves
under-resourced. Our findings offer practical alter-
natives to researchers and communities working on
endangered language ASR.

2 Related work

Including related language data is an established
practice for low-resource ASR and was often found
to be effective in reducing word error rates (WER)
over monolingual training in pre-transformer archi-
tectures (Nouza et al., 2016; Billa, 2021; Novitasari
et al., 2020). While some prior work in statisti-
cal ASR found advantages in training with related
vs. unrelated languages (Van Heerden et al., 2010;
Juan et al., 2015), other studies reported that train-
ing with any additional data is helpful, regardless
of its relatedness (Vu and Schultz, 2013; Tachbelie
et al., 2020; Abate et al., 2021).

Related language data is less well explored when

fine-tuning from a large pretrained model within
transformer architectures, which is currently the
most common way to train ASR models in extreme
low-resource settings. A few studies have shown
that pretraining a feature extractor on monolin-
gual related language data rather than multilingual
data can provide more robust modeling, includ-
ing for Guadeloupean and French (Macaire et al.,
2022), Pomak and Slavic languages (Tsoukala
et al., 2023), and Indic languages (Javed et al.,
2022). These studies, however, have limitations.
Most notably, the related languages used in these
cases have abundant resources, a situation that is
rare among endangered languages. Including re-
lated languages during fine-tuning from a multilin-
gual model yields mixed results with some showing
improvements in WER (Coto-Solano et al., 2024)
and others degradations (Abdou Mohamed et al.,
2024; Li et al., 2024), with other factors being
equally important, including phonetic overlap (Ni-
gatu and Aldarmaki, 2025) or geographic proximity
(Adams et al., 2019).

Given the variable utility of relatedness, some
work has explored other similarity features for fa-
cilitating multilingual and cross-lingual NLP. One
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approach is the lang2vec metric with URIEL (Lit-
tell et al., 2017; Khan et al., 2025), a database of
linguistic information. Other metrics of similarity
are derived from the data itself, including Token
Distribution Similarity (Gogoulou et al., 2024), An-
gular Similarity of Phoneme Frequencies (ASPF)
(Do et al., 2022), and Acoustic Token Distribution
Similarity (ATDS) (San et al., 2024).

Our work is distinct in a number of ways. First,
we experiment with multiple closely related lan-
guages, one distantly related language, and three
unrelated languages. Second, we control carefully
for dataset size, which we measure in terms of pho-
netic content rather than raw duration. Third, we
compare our transfer results to training simply with
additional in-language data. Fourth, we carry out
a statistical analysis to determine whether factors
other than relatedness, such as acoustic or textual
similarity, contribute to positive transfer.

Although this paper focuses on ASR, we note
that the impact of phylogenetic relatedness in cross-
lingual transfer has also been explored in multilin-
gual language modeling (Pires et al., 2019; Wu
and Dredze, 2019; Adams et al., 2017) and tasks
like machine translation, dependency parsing, and
morphological and POS tagging (Lin et al., 2019;
Cotterell and Heigold, 2017; Johnson et al., 2017).

3 Data

Throughout we refer to the language used for the
initial fine-tuning stage as the donor language, and
the language to which that model is adapted and on
which it is evaluated as the farget language. Our tar-
get languages are 7 of the 14 Indigenous languages
of Taiwan, known as the Formosan language sub-
family of the larger Austronesian language family:
Amis, Atayal, Bunun, Paiwan, Puyuma, Rukai, and
Seediq. The audio data and accompanying Latin
alphabet transcripts are extracted from the ePark
corpus (Indigenous Language Research and De-
velopment Foundation, 2023) of studio-recorded
scripted speech made available in FormosanBank.'
We use four Formosan languages (Bunun, Pai-
wan, Puyuma, Rukai) as related donor languages,
along with Tagalog (Fleurs (Conneau et al., 2023)),
a more distantly related Austronesian language.
For unrelated donor languages, we use English
(TEDIlium v3 (Hernandez et al., 2018)) Swahili
(ALFFA (Gelas et al., 2012)), and Hungarian (Vox-
Populi (Wang et al., 2021)).

"https://github.com/FormosanBank

To ensure that data quantity is not responsible
for any WER gains we might observe, we must
control for dataset size, but the usual metric, du-
ration, does not account for the large variation in
speaking rate observed across our corpora. The
ePark Formosan corpus was created as an educa-
tional resource, with most utterances spoken at an
unusually slow rate. In contrast, the non-Formosan
data is delivered at the typical speaking rate for
presentation-style or scripted speech. While char-
acter count is roughly equivalent to phone count
in many languages, there is a weak association
between characters and speech sounds in English.
To more accurately measure speech content, we
use phone counts derived from the output of Al-
losaurus (Li et al., 2020), a pretrained universal
phone recognizer. While the identities of the pre-
dicted phones themselves were sometimes inaccu-
rate in our data since Allosaurus tries to select the
most precise phoneme from the hundreds of pos-
sible IPA phonemes, we found that the number of
phones proposed corresponded strongly to the ac-
tual number of phones observed in an utterance,
with minimal deletions or insertions.

To create our donor datasets, we first identified
four Formosan languages whose ePark data ex-
ceeds 10 hours. Of those, the language with the
least data was Bunun. We used Allosaurus to gen-
erate a phone-level transcription of the full Bunun
dataset, and we then set the number of phones for
our donor datasets to be roughly the same as the
number of phones in Bunun, approximately 222K.
For each other donor language (English, Hungarian,
Swahili, Tagalog, Rukai, Puyuma, and Paiwan), we
randomly selected utterances from its associated
corpus until we had roughly 222K phones for that
language. We used the same process to create the
large baseline datasets for the target languages.

Since we are focusing on endangered languages,
only the Formosan languages serve as targets. To
create our small target Formosan datasets, we se-
lected 5 hours of the data from the corresponding
donor version of that language dataset or, in the
case of target-only languages, from the available
ePark data. By using “10 hour” donor datasets
and “5 hour” target datasets, we simulate the lin-
guistic scenario typical of many endangered and
oral languages, where closely related languages
are often under-resourced as well. All small tar-
get datasets were partitioned randomly into 80/20
train/test splits. These test sets were used to eval-
uate both the small and the large target baselines.
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Figure 1: Relative improvements in WER over the small baseline for the seven target Formosan languages. Best
Formosan is the best of the four Formosan donors. Full WER results are presented in Table 2.

Dataset statistics are found in Table 1. The ta-
ble also illustrates the weak correspondence be-
tween characters and phones in English and the
slow speaking rate in the Formosan datasets.

4 Method

We fine-tune our models with XLSR-53 (Con-
neau et al., 2021), a multilingual speech model
based on wav2vec2 2.0 that is widely used in low-
resource settings. Following a popular tutorial?, we
train a CTC layer for 30 epochs® without freezing
the speech features, using a uniform character vo-
cabulary across all languages. We decode using
pyctcdecode with a trigram word-level LM built
on the training transcripts for the target language
using KenLM (Heafield, 2011). English, Swahili,
and Tagalog appear in the XLSR-53 training data,
though not the particular corpora we use here; Hun-
garian and the Formosan languages do not. (See
the Limitations section for some discussion.)

We first fine-tune and evaluate two baseline mod-
els for each Formosan language: one using the
large size of “10 hours” (~210K phones: large
baseline) and one using the small target size of “5
hours” (~100K phones: small baseline). Five to
ten hours of data is quite typical for endangered
languages, which, by definition, have few speakers,
and in practice have even fewer speakers who have
the skills and time to transcribe audio data.

We then carry out our two-stage fine-tuning train-
ing using our donor corpora for the three unre-
lated languages, plus the distantly related Tagalog,
and the closely related Formosan languages, Rukai,
Puyuma, Paiwan, and Bunun, as follows. We first
fine-tune XLSR-53 to each donor language to cre-
ate a trained model for each donor language. Each

Zhttps://huggingface.co/blog/fine-tune-xIsr-wav2vec2
3 All models converged before 30 epochs.

of these 8 models is then fine-tuned in a second
stage to one of the 7 Formosan target languages.
That two-stage-tuned model is then tested on the
test data for that target language.

S5 Results and Analysis

Figure 1 shows the relative improvement in WER
for each target language over the small baseline
for each of the training conditions: training with
additional in-language data (large baseline), two-
stage fine-tuning with the most helpful Formosan
donor, and two-stage tuning with Tagalog, English,
Swahili, and Hungarian. Table 2 presents the raw
WER results for both baselines and each donor-
target pair. As expected, we see that training with
double the amount of in-language data (large base-
line) yields substantial improvements in WER over
the small baseline model. We also observe that two-
stage training consistently improves WER for the
small baseline, regardless of the donor language.

Surprisingly, however, we see that two-stage
training with an unrelated language always yields
larger WER reductions than two-stage training
with the best related language. A mixed-effects
regression with random intercept per target lan-
guage confirms this surprising observation. For-
mosan donors yield significantly less WER im-
provement than unrelated donors (5 = —0.06,
95% CI [-0.11,—0.01], p = 0.010). Tagalog
(also Austronesian, but not Formosan) did not differ
significantly from unrelated donors in this model
(B =+0.01,p = .78).

In order to further explore these interesting re-
sults, we consider a few factors other than phyloge-
netic relatedness that might contribute to positive
transfer. One of these is subword overlap between
target and donor. To obtain subwords, we tokenize
the training data for each language with the BPE-
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Lang. Small Large | Rukai Puyuma Paiwan Bunun | Tagalog | Eng. Hung. Swa.
Rukai 54.94 35.92 - 48.30 4283  44.85 43.40 | 40.67 50.80 40.49
Puyuma 32.36 16.33 | 22.20 - 1530 16.71 14.81 | 13.08 21.64 13.40
Paiwan 4436 28.82 | 38.78  36.78 33.09 30.59 | 2791 3898 28.72
Bunun  48.85 32.83 | 33.32  33.05 29.67 - 32.89 | 24.89 3345 27.33
Amis 37.48 2138 | 23.05 2190 16.59  18.20 17.85 | 16.17 21.29 16.46
Seediq 3544 32.07 | 21.99  20.81 1570 1553 1450 | 13.38 19.64 13.28
Atayal  44.70 21.01 | 25.11  24.46 1896  18.83 17.49 | 16.36 2450 18.28

Table 2: Word error rates (WER) as percentages by target language (rows) and donor language model (columns).
Best model per language in bold. Recall that Amis, Seediq, and Atayal served only as targets and not as donors.

based pretrained Whisper (Radford et al., 2023)
tokenizer and compute the overlap of unique sub-
words between each donor-target pair.* A second
feature is acoustic token distribution similarity
(ATDS) San et al. (2024). ATDS measures the
acoustic similarity between two languages based
on the frequency of recurring acoustic-phonetic se-
quences extracted from a pretrained wav2vec 2.0
model (here XLLSR-53). These two measures are
reported in the heatmaps in Appendix Figure 2.
While our Formosan corpora were all recorded un-
der the same conditions, the donor corpora were
not. For this reason, we also consider NISQA
(Non-Intrusive Speech Quality Assessment) (Mit-
tag et al., 2021), a popular measure of audio quality
intended to capture features related to recording
setting and equipment, which we calculate over a
random sample of 200 utterances per dataset us-
ing the VERSA toolkit (Shi et al., 2025). NISQA
scores are reported in the final column of Table 1.

When subword overlap, acoustic similarity
(ATDS), and audio quality (NISQA) were added as
covariates, both un-relatedness effects strengthened
substantially. Formosan donors showed a —0.20
penalty (p < 0.001) and Tagalog a +0.35 advan-
tage (p < .001). Subword overlap (8 = +0.04,
p = 0.001) and NISQA (5 = +0.16, p < .001)
both contributed positively to WER improvement
in the joint model, aligning with the “common
sense” expectation that transfer from acoustically
and textually similar donors should yield improve-
ments. The strengthening of this effect when ac-
counting for these features suggests that the disad-
vantage of Formosan donors is not explained by
these features. In other words, Formosan donors
seem like they ought to help more than unrelated

“We use the Whisper tokenizer because it purports to be
language-agnostic and trained on large amounts of multilin-
gual transcripts of audio data rather than text data.

languages given their greater similarity to For-
mosan targets, but they actually help less.

Finally, we note that in all but one language,
transfer from an unrelated donor outperforms train-
ing with additional in-language data. A paired
Wilcoxon signed-rank test confirms that best-donor
WERSs were significantly lower than large baseline
WERs (W = 25, p < 0.05). This could be due to
the overall increased data volume involved in two-
stage training, but the result raises a practical ques-
tion: when only 5 hours of target-language data
is available, is it more worthwhile to invest in col-
lecting and transcribing additional in-language data
or to leverage existing donor-language resources?
Experimentation across a more diverse and larger
set of languages is needed to provide an answer.

6 Conclusions

In this short paper, we explore the utility of re-
lated vs. unrelated language data augmentation for
improving ASR performance for a family of en-
dangered languages. We find that two-stage trans-
fer learning yields substantial improvements, with
donors outside the language family showing the
strongest results, even over training on additional
in-language data. While it is common to propose
to use related language data in transfer learning
for low-resource ASR, it may actually be just as
effective to use data from unrelated languages. Our
findings offer practical alternatives to collecting ad-
ditional in-language data when training ASR mod-
els for endangered language documentation. Future
work will focus on expanding this line of experi-
mentation to other endangered language families,
including features like speaker diversity, and prob-
ing the impact of the presence of potential donor
languages in the pretraining data.
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Limitations

There are a number of popular architectures that
could have been used in our experiments. We chose
to focus on XL.SR-53 for several reasons. First,
because XLSR-53 trains quickly, uses relatively
few resources, and creates small models, it is very
widely used for endangered language ASR, our spe-
cific use case. Second, in our preliminary work, we
found that other popular models yielded weak base-
line results, failed to generate improvements with
two-stage training, or both. MMS (Pratap et al.,
2024) showed few benefits in our donor/target two-
stage fine-tuning setup. HuBERT (Hsu et al., 2021)
yielded baseline WERs consistently and substan-
tially higher than XLSR-53. Prior work has shown
that multi-stage training in Whisper (Radford et al.,
2023) with out-of-domain data from within the
same language produces much weaker results than
single-stage in-domain-only training (Tapo et al.,
2024), making Whisper unsuitably fragile for our
experiments. We also note that the data used to
train the Whisper multilingual models has not been
disclosed, opening the possibility of data contam-
ination with our train and test sets. Finally, we
note the impact on computing resources required to
fine-tune dozens of additional models, particularly
when prior work suggests that no one architecture
consistently outperforms any other in extreme low-
resource settings (Jimerson et al., 2023).

While none of the data used here was used to
pretrain XLSR-53, tens of thousands of hours of
English were used in pretraining, along with 100
hours or so each of Swahili and Tagalog. Our exper-
iments were not designed to probe this particular
aspect of XLSR-53, but we note that Hungarian,
which does not appear in the XLSR-53 training
data, is an effective donor, outperforming three of
the four Formosan donors. A definitive test would
require donor languages balanced across both di-
mensions, which we leave for future work.

Finally, we recognize that there is one important
factor we do not consider in our statistical analy-
sis: speaker diversity. Prior work has shown that
increasing the number of speakers in the training
data can yield substantial improvements in WER
(Berrebbi et al., 2023). Unfortunately, only the
Hungarian data is specifically labeled for speaker
identity. We attempted to estimate speaker counts
in the other datasets via normalized maximum
eigengap spectral clustering (NME-SC) (Park et al.,
2019) over ECAPA (Guo et al., 2024) speaker em-

beddings. While the resulting counts seemed rea-
sonable for Tagalog, English, and Swabhili, they did
not align well with what the ePark corpus creators
have told us about their data collection process.
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publicly available datasets constructed for research
purposes. Consent was obtained from all commu-
nities and speakers at the time the resources were
created.
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A Appendix

The data splits and code used here are avail-
able at https://github.com/FormosanBank/
A-Family-Affair-ASR.

Table 3 presents the character error rate (CER)
obtained for each target language: small in-
language baseline; large in-language baseline; and
after transfer from each donor. These results largely
parallel the WER results: transfer from a non-
related language always outperforms the small in-
language model by a large margin, and English is
the best donor for most languages except Rukai,
where the large in-language model wins out, and
Seediq, where Swabhili is the best donor. The only
notable difference is that the large in-language Pai-
wan model is slightly but probably insignificantly
better than the English donor model (4.09 vs 4.13).

Figure 2 shows heatmaps for ATDS acoustic sim-
ilarity and subword overlap between targets and

28396


https://github.com/FormosanBank/A-Family-Affair-ASR
https://github.com/FormosanBank/A-Family-Affair-ASR

Lang. Small Large | Rukai Puyuma Paiwan Bunun | Tagalog | Eng. Hung. Swa.

Rukai 11.87  5.90 - 8.24 7.53 7.52 21.50 | 679 927 6.84
Puyuma 8.77 453 | 4.95 - 391 5.18 1094 | 3.62 499 3.71
Paiwan 10.87 4.09 | 5.65 5.53 - 6.02 5.35 413 627 456
Bunun 1137 6.82 | 5.01 5.08 4.82 - 12.63 | 3.81 5.06 4.01
Amis 9.67 854 | 4.17 4.57 3.17 4.88 7.32 298 381 3.20
Seediq  30.06 13.94 | 7.54 7.36 6.38 6.28 8.18 6.06 698 5.74
Atayal  20.59 10.61 | 7.55 7.24 6.15 6.25 9.16 5.65 736 6.01

Table 3: Character Error Rate (CER) expressed as percentages, by target language (rows) and donor language model
(columns). Best model per language is rendered in bold.

ATDS Subword overlap
Rukai .0.69 . 0.71 Rukai . 039 015 037 043
0.74 1.0
Puyuma oA7o. 071 071 071 0.71 Puyuma . 031 012 031 035
0.73 0.8
Paiwan 0.70 . 0.71 Paiwan d b 0.11 031 0.34
0.72
- 0.6
Bunun -JUyA 071 Bunun gNW 0.29 0.10 027 0.32
Il 0.69 0.70 0.70 071 0.70 0.71 0.70 Amis 031 011 029 0.34 0.4
SICICe 069 068 0.69 071 0.70 0.70 0.71 0.69 Seediq 031 012 030 0.33 0.2
Atayal - 0.74 074 Atayal 033 012 030 034
} . . o
NG & &’o L \OQ &\(;o & N
< & & N PO & O
SV & O S
RS

Figure 2: Left: Heatmap of ATDS acoustic similarity scores between targets (y-axis) and donors (x-axis). Right:
Heatmap of subword overlap percentages between targets (y-axis) and donors (x-axis).

donors. The ATDS scores are slightly lower than
the range reported in San et al. (2024), likely due
to our using XL.SR-53 representations rather than
XLS-R, but the tight range is comparable. Recall
that subword overlap was calculated using tokens
produced by the language-agnostic Whisper tok-
enizer. The very low values for English are presum-
ably related to the fact that English makes up the
majority of the Whisper tokenizer training data.
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