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Abstract

While several pre-trained multilingual mod-
els are actively used for fine-tuning on under-
resourced and endangered languages, it re-
mains unclear which architectures perform bet-
ter and what factors explain their varying per-
formance across languages. Although this
question may be less pressing for languages
with adequate resources, it is critical for en-
dangered language communities, where the
time and funding available to experiment with
multiple model options is usually severely lim-
ited(Jimerson et al., 2023). We compare the per-
formance of two ASR architectures, Wav2Vec2
and Whisper, on a Déné Syhiné dataset. This
language and dataset present several challenges
common to under-resourced and endangered
languages: unstandardized orthography, vari-
ation in pronunciation, and phonological and
morphosyntactic structures that differ from the
major languages represented in the multilin-
gual datasets used for pre-training large ASR
models. Although Wav2Vec2 reportedly out-
performs Whisper in low-resource settings (see
e.g., Coto-Solano et al., 2024; Nahabwe et al.,
2025; Williams et al., 2023), our study shows
that Whisper yields significantly better results
on the Déné Syhné dataset. These findings sug-
gest that model performance may depend not
only on architecture, dataset size, or typolog-
ical features of language, but also on dataset-
specific characteristics. In our case, Whisper
showed better adaptability to a dataset with
inconsistent spelling and pronunciation. Fur-
ther verification across similarly inconsistent
datasets is required to assess the generalizabil-
ity of this result.

1 Introduction

Automatic Speech Recognition (ASR) is an im-
portant technology for under-resourced and en-
dangered languages in many respects (Jimerson
and Prud’hommeaux, 2018; Prud’hommeaux et al.,
2021). With reliable ASR technologies, language
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communities can create or expand their written
language corpora via ASR-assisted transcription
(Cavar et al., 2016; Lane and Bird, 2021; Zhang
et al., 2022), which in turn may assist further in lan-
guage documentation (cf. Amith et al., 2021; Liu
et al., 2022), the creation of educational materials
(Prud’hommeaux et al., 2021), and the develop-
ment of other NLP tools (Zhang et al., 2022).

Modern pre-trained multilingual models promise
to provide accurate speech recognition even for
languages with very small (1-2 hour) corpora (cf.
Babu et al., 2021; Baevski et al., 2020; Meta Re-
search, 2020). However, despite real progress in
this area, accurate ASR for many under-resourced
and endangered languages is still far from reality.
The sizes of the pre-trained ASR model and corpus
are not the only factors determining ASR success.
Under-resourced languages often face one or more
of the following challenges: 1) high-quality record-
ings are rare, with many languages having only
fieldwork-quality audio (Cavar et al., 2016; Liang
and Levow, 2025; Wisniewski et al., 2020); 2) con-
sistent transcriptions do not exist due to the lack of
a standard orthography or the presence of compet-
ing standards (cf. Xie and Anastasopoulos, 2023);
3) recordings may be collected across different di-
alects with varying pronunciations (cf. Nigmatulina
et al., 2020); or 4) recordings come from only one
speaker (cf. Jimerson et al., 2023)).

Beyond data quality issues, many under-
resourced languages are typologically different
from the major languages represented in the train-
ing data of large pre-trained models (Jimerson et al.,
2023; Wisniewski et al., 2020). They may have dif-
ferent phonological, morphosyntactic, and ortho-
graphic features that these models could not learn
during pretraining. Additionally, many endangered
languages feature sentence- and word-level code-
switching with a dominant regional language (Guil-
laume et al., 2022), which requires ASR systems
to capture two languages at once. While some ma-
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jor languages also have features that are challeng-
ing for ASR—such as tones in Chinese and Viet-
namese, or poor sound-to-letter correspondence in
English and French—these problems are often re-
solved thanks to the availability of large language
corpora. For the majority of endangered languages,
this solution is not available.

Given these challenges, researchers working
with endangered and acutely under-resourced lan-
guages must consider many factors before develop-
ing ASR for these languages. One key decision is
the selection of a pre-trained model. Two main pre-
trained model families frequently compared in this
field are Wav2Vec2 and Whisper. Several studies
have sought to determine whether one ASR model
outperforms the others in resource-constrained set-
tings (Jimerson et al., 2023; Nahabwe et al., 2025).
However, as we show in Section 2, there is no clear
leader in this area, and only limited explanations
exist for why one model may work better for one
language than another.

In this study, we explore which of these two
model architectures performs better on Déné Syhné.
This language presents many challenges, not only
for ASR but for natural language processing in gen-
eral (see Section 1.1). By examining Wav2Vec2
and Whisper performance on Déné Syhné, we aim
to contribute to the growing discussion of model
choice in under-resourced settings—a particularly
important discussion given that language communi-
ties do not always have access to the computational
resources needed to experiment with multiple ASR
architectures (Jimerson et al., 2023).

1.1 Déné Syhné

This study focuses on Déné Syhné (ISO 639-3:
chp; Glottolog: chip1261), a member of the Dene
(Athabaskan) language family. It is an endangered
Indigenous language spoken in several Canadian
provinces and territories (Cook, 2004) by approxi-
mately 10,000 speakers (Statistics Canada, 2021).
Our data for this study comes from speakers in
the sister communities of Clearwater River Dene
Nation and La Loche (Saskatchewan, Canada).

Many features of Déné Suhiné are known to com-
plicate the ASR development, especially in the low
resource-settings. It is a polysynthetic language
with highly productive verbal morphology, a large
phoneme set (35 consonants and 6 vowels), and an
unstandardized orthography.

As a heavily prefixing polysynthetic language,
Déné Syhiné exhibits significant complexity in its
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verbal paradigms (Cook, 2004, p. 91). Verbs par-
ticipate in highly productive derivational processes
which, combined with inflectional paradigms, can
generate hundreds or thousands of surface realiza-
tions from a single root (cf. Arppe et al., 2017;
Lovick et al., 2018). In practice, this productivity
significantly amplifies the out-of-vocabulary prob-
lem (cf. Abate et al., 2020), while the tight fusion
of some morphemes complicates the ability of ASR
models to learn meaningful subword units. In ad-
dition to this richness, verbs in Déné Syhné exibit
age-variation that increases the number of observ-
able forms even further.

On top of this morphological richness, Déné
Syhné marks both nasality and high tone on all
six vowels, and both contrasts may be phonemic
(e.g. ya lyal ‘sky’ vs. yd /yé/ ‘lice’ (Cook, 2004,
6); thryy ’1 stand’, thyy; "you stand’ (Elford and
Elford, 1998, 293). However, since the orthogra-
phy is not fully standardized (see Kriukova et al.,
2026b for more details) and many speakers have
not received formal literacy instruction, transcrip-
tion tends to be perception-based, with individual
variation in pronunciation adding a further source
of inconsistency. Nasality and tone markers are
consequently the primary site of spelling variation,
with a single syllable often appearing in two to four
written forms (e.g. hots’t, hots’i, hots’t for *from
there’). Combined with the morphological richness
described above, this orthographic instability sub-
stantially inflates the number of unique tokens in a
corpus, compounding data sparsity.

In order to make the corpus more suitable to
be used as training data, we first standardized the
most frequent types and some closed word classes
(see Kriukova et al., 2026b). Though incomplete,
this partial standardization significantly improved
automatic transcription performance (see Kriukova
et al., 2026a).

1.2 The ASR architectures

At the time of this writing, the two main pre-
trained multilingual ASR architectures used in
low-resource settings are Wav2Vec2 and Whisper.
Wav2Vec2 (Baevski et al., 2020), developed by
Meta Al, is a self-supervised encoder-only model
that learns from unlabeled raw audio and is fine-
tuned for ASR using CTC decoding. Notable vari-
ants include Wav2Vec2-XLS-R, trained on 128 lan-
guages at up to 2B parameters (Babu et al., 2021),
and Wav2Vec2-BERT, which operates on mel spec-
trograms rather than raw waveforms (Seamless



Communication et al., 2023).

Whisper (Radford et al., 2023), developed by
OpenAl, is a weakly-supervised encoder-decoder
model trained end-to-end on large-scale labeled
multilingual data, enabling strong zero-shot gen-
eralization. It comes in several sizes (tiny, base,
small, medium, and large) all of which differ
in the number of parameters they have. For in-
stance, Whisper-medium has 769M parameters,
while Whisper-large has twice as many.

The key difference between these two
model families lies in their training
paradigms—Wav2Vec2 wuses self-supervised

pretraining on unlabeled data followed by su-
pervised fine-tuning. In contrast, Whisper relies
exclusively on large-scale supervised learning.
Architecturally, Wav2Vec2 employs an encoder-
only structure with CTC decoding, whereas
Whisper uses an encoder-decoder framework with
autoregressive token generation.

2 Literature Review

Numerous studies have examined the efficacy of
Whisper and Wav2Vec2 in low-resource ASR set-
tings. Jimerson et al. (2023) compared the two
architectures across eleven typologically diverse
languages (with training data varying from 19 min-
utes to 17 hours) and found no consistently superior
model. Performance appeared to be influenced by
typological features such as phoneset size and type
of morphology: Whisper tended to perform better
on languages with larger phonesets and polysyn-
thetic morphology, while Wav2Vec2 showed ad-
vantages on isolating languages. Dataset character-
istics (e.g., audio quality, source type) were also
identified as possible contributing factors.

Nahabwe et al (2025), whose study bench-
marked the models on African languages, found
that Whisper outperforms Wav2Vec2-BERT only
in very low-resource conditions (1-10 hours), pos-
sibly due to its encoder-decoder architecture and
the composition of its pretraining data. Moreover,
they found that supplementation of Wav2Vec2-
type models by a language model improved perfor-
mance at 10-50 hours but caused degradation on
larger datasets. Notably, Nahabwe et al.’s results
for Wolof favored Wav2Vec2-XLS-R—the oppo-
site of Jimerson et al.’s (2023) findings—further
illustrating how dataset-specific factors can influ-
ence model comparisons.

Several language-specific studies have demon-
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strated Wav2Vec2’s superiority over Whisper: in
Bangla (Ridoy et al., 2025), Maltese (Williams
et al., 2023), and two Chibchan languages, Bribri
and Cabécar (Coto-Solano et al., 2024). The latter
two are particularly notable given their very small
datasets (143 and 54 minutes, respectively). Im-
portantly, both languages also present additional
challenges—tonal and nasal orthographic features,
dialectal variation in Bribri, and non-standardized
orthography in Cabécar.

The Wav2Vec2-XLS-R model was also em-
ployed for Tsuttina, a Dene language closely re-
lated to Déné Syhné. With a training dataset of
just under 7 hours, the model achieved a CER
of 14.5% (C. Cox, personal communication, Jan-
uary 3, 2026), which is an excellent result for such
a phonologically and morphologically complex,
under-resourced language. Importantly, the train-
ing dataset followed a single orthographic conven-
tion, and the majority of the data came from one
male speaker recorded under optimal conditions (C.
Cox, personal communication, January 3, 2026).

Additionally, rather than choosing alternative
architectures, some researchers have focused on
attempting to finetune existing models more effi-
ciently. LoRA-based fine-tuning has shown par-
ticular promise for Whisper-large in low-resource
settings (Acharya et al., 2025; Ghimire et al., 2024;
Simmons, 2025), though Y. Liu et al. (2024) found
that vanilla fine-tuning with bottom-layer freezing
can be comparably effective. The generalizability
of these findings to languages absent from Whis-
per’s pretraining data remains uncertain.

This study aims to determine the optimal ASR
architecture and training conditions for the Déné
Sytiné dataset we work with.

3 Methodology

3.1 Dataset

The dataset for this study comprises 22,203 utter-
ances. The total length of the corpus is 15 hours
and 3 minutes. The dataset is compiled by inte-
grating data from three sources. The recordings
made during the Talking Dene project served as
the principal corpus (2020-2024; PI: Olga Lovick),
supplemented by additional recordings collected by
Kriukova for the present study and verb paradigm
elicitations recorded by Willems (2025) with a
single speaker. All the recordings, except verb
paradigms, represent spontaneous speech. All 28
speakers whose recordings are used in this study
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provided informed consent for the use of their data
in model training. The information about the dura-
tion of the clips extracted from the recordings and
their transcriptions is outlined in Figures 1 and 2.
Since the dataset is not fully orthographically
standardized, evaluating the model on a random
subset may yield unreliable results. Therefore, we
tested our models on a dedicated testing set of 100
utterances. Although it is very small compared to
the full dataset, each utterance in it was manually
reviewed by Lovick to ensure it represents the tran-
scription quality we aim for. This set is designed
to evenly sample speakers represented in the train-
ing dataset across genders and ages. Within these
constraints, utterances were selected at random,
and code-switched utterances were not excluded,
as code-switching is a natural and frequent feature
of the speakers’ language use. This ensures the
test set reflects the realistic range of input the ASR
system would encounter in practical deployment.
To quantify the extent of orthographic inconsis-
tency in the original transcriptions, we treated them
as a noisy baseline and compared them against
the standardized corrected versions prepared by
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Lovick. This yielded a WER of 84.8% and a CER
of 31%, where substitutions dominated (67.7%), re-
flecting the prevalence of non-standard spellings in
the originals (not a measure of ASR performance).
Insertions accounted for 16.6%, representing miss-
ing content that required addition—primarily the
separation of fused forms into separate words (e.g.,
yisoha — yisé o ghg). Deletions were minimal at
0.5%.

3.2 ASR models

We fine-tuned Wav2Vec2-XLS-R-300M and
Wav2Vec2-BERT, using HuggingFace guides.!
The training scripts for Wav2Vec2-based models
are published on GitHub?. During fine-tuning, we
encountered training instabilities with a subset of
491 training pairs specific to these models. As this
issue was discovered in the course of the experi-
ments rather than anticipated by design, we discuss
it in detail in the results section.

Among the Whisper models, we fine-tuned
Whisper-medium and Whisper-large, following a
HuggingFace tutorial.>. We experimented with sev-
eral fine-tuning strategies to address the risk of
overfitting when training Whisper-large on a small
dataset. First, we applied vanilla fine-tuning, up-
dating all model parameters. We then employed
Low-Rank Adaptation (LoRA), which freezes the
pretrained weights and introduces small trainable
adapter matrices into the attention layers, signif-
icantly reducing the number of trainable param-
eters. We tested two LoRA configurations with
varying rank (16; 64) and target modules (q_proj,
V_proj; q_proj, v_proj, k_proj, out_proj, fcl, fc2).
Additionally, we experimented with freezing the
encoder and fine-tuning only the decoder, reduc-
ing trainable parameters by approximately half.
We evaluated all approaches and selected the best-
performing version of fine-tuned Whisper-large.
The adapted fine-tuning scripts for Whisper mod-
els are also published on the same GitHub.

All models for this study were trained and tested
on Plato, a high-performance computing cluster at
the University of Saskatchewan. Average training
time for the Wav2Vec2-based models ranged from
2 to 8 hours, and for Whisper models, from 10 to
40 hours, depending on the number of epochs.

"https://huggingface.co/blog/
fine-tune-xlsr-wav2vec2, https://huggingface.
co/blog/fine-tune-w2v2-bert

2https://github.com/HelgaKr/DS—ASR

3https://huggingface.co/blog/
fine-tune-whisper
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3.3 Language model

Since Wav2Vec2 models perform better when sup-
plemented by a language model (Baevski et al.,
2020; Jimerson et al., 2023), we also trained one
for our experiments. Our n-gram language model
was trained on the same corpus we used for ASR
training, excluding the paradigm recordings (4.4%
of the full dataset), since they are concatenated
and do not represent valid utterances. To train the
model, we used the KenLM package (Heafield,
2011). Text preprocessing matched the Wav2Vec2
training pipeline: Unicode NFC normalization, re-
moval of special characters, and lowercasing. The
script we used to train this language model is pub-
lished on GitHub*.

4 Results

In this study, we experimented with two Whisper
models and two Wav2Vec2-based models. Addi-
tionally, we tested all Wav2Vec2 models with and
without a language model. Our findings are sum-
marized in Figure 3 and demonstrate that Whis-
per models outperformed Wav2Vec2-based ones
in all cases. Whisper-medium showed the best
WER among all the models at 60.7%. Whisper-
large delivered the best CER of 34%; however,
the difference in CER between large and medium
Whisper was negligible (see Figure 3). Given
the minimal CER difference and shorter training
time, we consider Whisper-medium to be the best-
performing model among those we tested in this
study. To verify that this performance gap is not not
due the small test set, we conducted paired boot-
strap resampling (10,000 iterations) on the WER
scores of Whisper-medium and the best Wav2Vec2-
based model, yielding a 95% confidence interval of
[1.21%, 14.68%] — excluding zero and confirming
that the difference is statistically significant.

Counter to our expectations, LoRA did not im-
prove Whisper-large performance in our settings.
Both LoRA configurations resulted in higher er-
ror rates (WER 89% and 84.5%, CER 57% and
54.2%, correspondingly) compared to the vanilla
fine-tuned model, likely due to insufficient adapter
capacity for a domain substantially different from
the pretraining data. Freezing the encoder while
fine-tuning the decoder also did not lead to improve-
ments. Ultimately, vanilla fine-tuning of Whisper-
large provided the best result for this model.

*https://github.com/HelgaKr/DS-ASR
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The breakdown of substitutions, deletions, and
insertions (macro-averaged) made by the Whisper-
medium and Wav2Vec2-BERT with LM (see Ta-
ble 1) reveals that Whisper produced substantially
more complete transcriptions. Macro-averaging
was chosen to ensure that shorter utterances, which
are common in conversational speech, contributed
equally to the evaluation rather than being dom-
inated by longer utterances. The results show
that Wav2Vec?2 deleted 71% more words (13.7%
vs 8.0%) and 78% more characters (17.4% vs
9.8%) than Whisper. In contrast, Whisper exhibited
higher insertion rates—48% more at the word level
(6.8% vs 4.6%) and 90% more at the character level
(7.6% vs 4.0%).

Additionally, since missing or added nasality
and tone markers lead to considerable spelling
variation in the corpus, but do not always reflect
lexical distinctions, we checked how many dele-
tions and insertions involved these diacritic sym-
bols. The analysis showed that tone and nasal
marking accounted for approximately 17-20% of
character-level errors in both Whisper-medium and
Wav2Vec2-BERT with LM. However, the error pro-
files differed: Wav2Vec2 deleted 38% more tone
marks (51 vs. 37) and 21% more nasal marks (17 vs.
14) than Whisper, while Whisper inserted nearly
three times more tone marks (31 vs. 11). If these er-
rors are excluded, effective CER drops from 34.1%
to approximately 28% for Whisper and from 37.2%
to approximately 31% for Wav2Vec2. This sug-
gests that both models perform better at the charac-
ter level than raw CER indicates. At the word level,
diacritic-only errors—where the base word is cor-
rect but tone or nasal marking differs—accounted
for only 7.1% of Whisper’s word errors and 4.0%
of Wav2Vec2’s. Consequently, WER is less in-
flated by diacritic issues than CER, and the ma-
jority of word-level errors (>90%) reflect genuine
base-word misrecognitions or multiple spelling er-
rors.

Moving beyond quantitative metrics to exam-
ine the outputs of the best-performing model from
each architecture, we observed that certain sen-
tences were transcribed accurately by both models
or with only minor mistakes (Example 1a). Mostly,
such sentences contained high-frequency vocab-
ulary. However, a notable divergence between
the models emerges in other utterances. Since
Wav2Vec?2 operates at the character level, it fre-
quently generates non-words that are phonetically
close to the target forms, such as bécjénetdr in Ex-
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Figure 3: WER and CER comparison for all fine-tuned models.
Level Metric Whisper-medium Wav2Vec2-BERT_LM
Substitution 45.87% 50.10%
Word Deletion 8.03% 13.72%
Insertion 6.84% 4.61%
Substitution 16.84% 15.76%
Character Deletion 9.79% 17.43%
Insertion 7.63% 4.01%

Table 1: Comparison of substitutions, deletions, and insertions made by the models.

ample 1b. Whisper, by contrast, operates at the
subword and word levels, and consequently tends
to mainly produce attested lexical items that best
match the acoustic input, such as béch’dndilé in
Example 1b. As a result, Wav2Vec2 outputs often
resemble phonetic transcriptions (Example 1c¢).

We also found that Wav2Vec?2 transcriptions of
code-switched utterances exhibited clear signs of
catastrophic forgetting with respect to English. De-
spite applying parameter freezing strategies during
fine-tuning, performance on English did not im-
prove. Only the integration of a language model
led to modest gains. Given that English recogni-
tion was not a top priority for our purposes—where
Déné Suhiné remained the primary target—we did
not pursue further optimization of the Wav2Vec2-
based pipeline. Notably, Whisper did not exhibit
this behaviour (Example 1d).

Additionally, during this study, we observed
that the two model architectures behaved differ-
ently on our dataset. Although both accept audio
recordings in the standard ASR format (16,000 Hz,
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mono), Wav2Vec?2 exhibited training instabilities
with certain audio-transcription pairs in our corpus.
Specifically, we observed sudden loss spikes fol-
lowed by collapse to zero when the model encoun-
tered utterances with sparse transcriptions (fewer
than 10 characters) or fast speech rates. Conse-
quently, we adapted our fine-tuning scripts to ex-
clude these problematic pairs from the training data.
In contrast, Whisper models handled all files in our
dataset without issue. In total, the Wav2Vec2-based
models were fine-tuned on 491 fewer files than the
Whisper models.

5 Discussion and Conclusions

5.1 Models’ performance and language

features

Our study found that the Whisper architecture pro-
vided more accurate speech recognition for Déné
Suhné. This finding aligns with Jimerson et al.
(2023), who showed that Whisper models perform
better for languages with large phoneme invento-



(a) Ground truth: west la loche ny sg hhamd ny west la loche nddhér i
Whisper-medium: west la loche ny sg hhamd ny west la loche nadhér u
Wav2Vec2-BERT with LM: west la loche ny sd hamd ny west la loche nddhér 6
Translation: "It was in West La Loche. My mom was living in West La Loche.’

(b) Ground truth: hd béch’dnédila hdjd
Whisper-medium: hg béch’amidilé hdjd
Wav2Vec2-BERT with LM: bécjénetdy 1 jd
Translation: ’Okay, and you don’t like it anymore?’

(¢) Ground truth: cause kgt'u ndts’édé séba darytt?édh kgt'u néstr diié d
Whisper-medium: cause kgt’u nesedé séba daritt’é kgt'u nestee diié
Wav2Vec2-BERT with LM:  cause kot'u néts’édé sébgderédléh kot'u nesti diié
Translation: ’Cause if everyone is up, and it is loud, I can’t sleep like that.’

(d) Ground truth: small baby horés?y sékéé yisé o ghg ahij td

Whisper-medium:

Wav2Vec2-BERT with LM:

Wav2Vec2-BERT w/o LM:

Translation:

small baby horés?y séko¢ yisy ha la
small bebe horés?y sékéé yisy ha hu td
smal bebey horés?y s¢koé yisthg hu td

’] want a small baby for my house.’

Example 1: Transcriptions produced by the models.

ries. One of the languages in their study, Hupa, be-
longs to the same language family as Déné Syhiné
and, similarly, achieved better results with Whis-
per, further supporting this pattern. Additionally,
two polysynthetic languages in Jimerson et al.’s
study achieved better WER than both Wav2Vec2
and Wav2Vec2 with language models: Hupa and
Seneca. In our study, we obtained similar re-
sults, with both Whisper models outperforming
Wav2Vec2-based models with a language model.
These results may indicate that Whisper performs
better with polysynthetic languages and those with
large phoneme inventories. Nevertheless, a study
on ASR development for Tsuitina (Cox, 2023; Ro-
driguez and Cox, 2023) achieved great recognition
results (CER 14.5%) using a Wav2Vec2-XLS-R
model (without a language model), with a smaller
dataset (C. Cox, personal communication, January
3,2026). Although Cox did not directly compare
Wav2Vec2 with Whisper during the development,
the fact that a closely related language with an al-
most identical phoneme inventory, morphological
characteristics, and smaller dataset size produced
such different outcomes warrants further investiga-
tion. One possible explanation is that the Tsdutina
dataset has consistent spelling, good-quality record-
ings, and mostly represents the speech of a single

21

speaker (C. Cox, personal communication, January
3, 2026), which significantly reduced variation in
pronunciation. In contrast, our dataset contains
substantial spelling and pronunciation variability
on top of the fieldwork quality recordings, which
may explain why all Wav2Vec2-based models un-
derperformed in our case.

Our results also run contrary to numerous studies
that have found Wav2Vec?2 to outperform Whisper
in low-resource settings (cf. Coto-Solano et al.,
2024; Ridoy et al., 2025; Williams et al., 2023), or
on datasets larger than 10h (Nahabwe et al., 2025).
These studies attributed Wav2Vec2’s success to its
architecture. However, based on our findings and
those of Jimerson et al. (2023), we suggest that
the relative performance of these model families
in low-resource settings may depend less on their
architecture and language dataset size, and more on
language features and dataset characteristics, or on
dataset consistency in particular. It should be noted,
however, that a direct architectural comparison in
our study is complicated by the fact that Wav2Vec2-
based models were trained on 491 fewer utterances
than Whisper models due to training instabilities
encountered during fine-tuning (see Section 4 for
details), and this should be taken into account when
interpreting the performance gap.



5.2 The role of dataset consistency

Our corpus, despite being relatively large by under-
resourced standards, demonstrates that size alone
does not guarantee better WER and CER. Varia-
tion in pronunciation or spelling poses a significant
challenge in low-resource contexts because even a
relatively large dataset may contain enough incon-
sistency to hinder effective learning. We therefore
suggest that the performance gap we observed be-
tween the two architectures is likely related to the
overall inconsistency of our dataset, and that Whis-
per may be more adaptable under such conditions.

This finding has broader implications. Incon-
sistent datasets may seem like a niche problem
in ASR, as researchers typically strive to use the
“cleanest” data for training. However, such incon-
sistency is not uncommon in under-resourced lan-
guage contexts (for examples, see Jones & Mooney
2017) and may even discourage researchers from
attempting machine learning on datasets they per-
ceive as less than “ideal”. While it is possible to
standardize some datasets to some degree, com-
plete standardization can be difficult and time-
consuming for various reasons (Hinton, 2014;
Jones and Mooney, 2017). It is therefore impor-
tant to understand which ASR models can bet-
ter adapt to such conditions, enabling the devel-
opment of ASR systems even in the absence of
standardization. Our study suggests that Whisper
performs better under such conditions. However,
since spelling consistency is rarely reported for
low-resource ASR training datasets—especially in
comparative studies—it remains difficult to gen-
eralize how Whisper and Wav2Vec2 compare in
performance across languages with inconsistent or
unstandardized orthography. Further research on
speech recognition for such languages is needed to
verify this hypothesis.

5.3 Support of the ASR-assisted transcription

Since ASR models for under-resourced languages
are frequently developed to support ASR-assisted
transcription, it was essential to evaluate the rela-
tive suitability of Whisper-medium and Wav2Vec2-
BERT with the LM for this task. In ASR-assisted
workflows, deletions impose a greater correction
burden than insertions: missing words require tran-
scribers to re-listen to the audio and reconstruct
content, whereas hallucinated words are typically
salient and can be easily removed. Whisper’s lower
deletion rate (8.0% vs. 13.7% at the word level)
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yields more complete initial drafts, reducing the
need for time-consuming gap-filling. This dif-
ference likely reflects the models’ architectures:
Wav2Vec2’s CTC-based approach ties output di-
rectly to audio frames and tends to return blanks
when uncertain, whereas Whisper’s seq2seq de-
coder is biased toward generating complete tran-
scriptions.

Additionally, the distribution of deletions and
insertions related to nasality and tone markers re-
vealed in our analysis further supports Whisper’s
better suitability for ASR-assisted transcription of
Déné Syhné. Diacritic errors require less correc-
tion effort than base-word errors: the intended word
remains immediately recognizable, requiring only
a minor character-level edit rather than retyping
the entire word. Notably, a higher proportion of
Whisper’s substitution errors were diacritic-only
mistakes (9.2% vs. 5.5%), where the base word is
correct and only the tone or nasal marking needs ad-
justment. Wav2Vec2, by contrast, produced more
errors that required more editing or full-word re-
placement. Moreover, Whisper tends to preserve
more diacritic symbols than Wav2Vec2. For a lan-
guage like Dé&né Suhné, these two factors can make
a workflow of ASR-assisted transcription easier.

5.4 Practical considerations

During our experiments with the models, we found
a practical disadvantage of Wav2Vec2: not all
recordings were suitable for it. While Whisper
processed all recordings without issue, Wav2Vec2
became unstable when encountering recordings
with a high character-to-frame ratio. This suggests
that Wav2Vec?2’s architecture may struggle with ex-
treme ratios that are unavoidable in some languages
or recording environments, whereas Whisper’s ar-
chitecture handles such mismatches well.

Nevertheless, Wav2Vec2 has one important ad-
vantage: it trains significantly faster. For commu-
nities and researchers without access to free com-
puting infrastructure, such as university resources,
Wav2Vec2 may be a more affordable option. For
instance, in our case, Wav2Vec2-BERT supple-
mented with a language model showed results not
much worse than those of both Whisper models.
Therefore, in situations when training resources are
limited, resorting to Wav2Vec?2 should not result in
a significant loss in transcription quality.

Given that the Wav2Vec?2 architecture operates
at the character level, we expected it to handle
Déné Syhiné, with its rich derivational morphology,



more effectively, avoiding the OOV problem en-
tirely. This, however, did not prove to be the case.
Nevertheless, we do not rule out the possibility that
if fine-tuned on a larger, more standardized corpus,
Wav2Vec2-based models may outperform Whisper
models. For now, however, Whisper is the clear
choice for our dataset.

Limitations

This study compares Wav2Vec2 and Whisper on a
single dataset drawn from two communities, char-
acterized by high orthographic inconsistency. Fur-
ther experiments across a broader range of lan-
guages are needed to determine whether Whisper’s
advantage is consistent in such contexts, or whether
it is specific to cases where unstandardized orthog-
raphy co-occurs with large phoneme inventories
and polysynthetic morphology. Future work should
prioritize datasets that share similar characteristics
to enable more generalizable conclusions.

Additionally, the architectural comparison is not
perfectly controlled: as noted in Sections 3 and 4,
training instabilities led to Wav2Vec?2 being fine-
tuned on 491 fewer utterances than Whisper. While
this was an emergent issue rather than a deliberate
design choice, it should be taken into account when
interpreting the performance gap between the two
architectures.

Ethical considerations
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