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Abstract

We present a phoneme-level analysis of auto-
matic speech recognition (ASR) for two low-
resourced and phonologically complex East
Caucasian languages, Archi and Rutul, based
on curated and standardized speech–transcript
resources totaling approximately 50 minutes
and 1 hour 20 minutes of audio, respectively.
Existing recordings and transcriptions are con-
solidated and processed into a form suitable
for ASR training and evaluation. We eval-
uate several state-of-the-art audio and audio–
language models, including wav2vec2, Whis-
per, and Qwen2-Audio. For wav2vec2, we
introduce a language-specific phoneme vo-
cabulary with heuristic output-layer initializa-
tion, which yields consistent improvements and
achieves performance comparable to or exceed-
ing Whisper in these extremely low-resource
settings. Beyond standard word and character
error rates, we conduct a detailed phoneme-
level error analysis. We find that phoneme
recognition accuracy strongly correlates with
training frequency, exhibiting a characteristic
sigmoid-shaped learning curve. For Archi, this
relationship partially breaks for Whisper, point-
ing to model-specific generalization effects be-
yond what is predicted by training frequency.
Overall, our results indicate that many errors
attributed to phonological complexity are bet-
ter explained by data scarcity. These findings
demonstrate the value of phoneme-level evalu-
ation for understanding ASR behavior in low-
resource, typologically complex languages.

1 Introduction

Rutul and Archi are two East Caucasian languages
with exceptionally rich sound systems that pose
major challenges for modern automatic speech
recognition (ASR). Archi, in particular, exhibits
an unusually complex phonological system with
16 vowel phonemes and—depending on analyti-
cal assumptions—between 73 and 81 consonant
phonemes, making it one of the largest non-click

Figure 1: Phoneme-level F1-score as a function of (log)
training frequency for one model–language pair, illus-
trating a characteristic sigmoid-shaped learning trend.

consonant inventories described to date. Rutul, rep-
resented here by its Kina variety, likewise features
a large consonant inventory and special articula-
tions such as pharyngealization. Both languages
are highly endangered: Archi has only a few thou-
sand speakers and is considered among the most
severely endangered languages of Russia (Kibrik
et al., 1977; Chumakina et al., 2007), while Rutul
is classified as definitely endangered with an esti-
mated ∼30,000 speakers (Alekseeva et al., 2024).
Precise counts are difficult due to the geographic
dispersion of speaker communities across Dagh-
estan. Crucially, there are no established ASR
benchmarks or standardized resources for either
language.

Prior ASR research has largely focused on word-
or character-level evaluation and has rarely exam-
ined phoneme-level behavior in typologically ex-
treme languages, with only limited exceptions (e.g.,
Li and Niehues, 2025a). As a result, it remains
unclear whether errors attributed to phonological
complexity reflect intrinsic difficulty or simply data
scarcity.

To address these gaps, we curate and standard-
ize speech–transcript resources for Archi and Kina
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Rutul, consolidating material from linguistic docu-
mentation projects (Kibrik et al., 2007; Alekseeva
et al., 2024) into a form suitable for ASR training
and evaluation. The two corpora differ markedly in
recording conditions: Kina Rutul consists primarily
of spontaneous speech recorded in relatively noisy
environments, whereas the Archi data comprise
read speech produced by trained speakers under
controlled conditions. Despite these differences,
we observe broadly comparable trends across the
two languages.

We fine-tune and evaluate several state-of-the-
art ASR models on these resources, building on
recent work showing that useful phonetic recog-
nizers can be obtained from minutes of speech
when combined with multilingual pretraining (Bou-
lianne, 2022). By benchmarking multiple archi-
tectures under identical conditions, we assess how
current ASR systems handle languages with ex-
treme phonological inventories.

Our phoneme-level analysis reveals a consistent
pattern across most models and both languages:
phoneme recognition accuracy, measured by F1
score, increases sigmoidally with the logarithm of
training frequency (Figure 1). Performance is near
zero for very rare phonemes, rises sharply once
sufficient examples are observed, and saturates for
frequent ones. This mirrors frequency effects re-
ported in cognitive and statistical models of lan-
guage processing, where logistic functions of log-
frequency capture performance trends (Heitmeier
et al., 2024).

Contributions We summarize our main contri-
butions as follows:

1. We curate speech–transcript resources for
Archi and Kina Rutul, enabling systematic
ASR benchmarking for two East Caucasian
languages previously lacking such resources.

2. We benchmark multiple state-of-the-art ASR
architectures including our introduction, a
heuristic initialization trick by averaging of
CTC based architecture, under extremely low-
resource conditions, highlighting the advan-
tages of speech-specialized models.

3. We provide a detailed phoneme-level error
analysis, revealing a robust sigmoid-shaped
relationship between phoneme recognition ac-
curacy and training frequency.

2 Related work

Approaches to low-resource ASR primarily rely
on cross-lingual transfer through multilingual pre-
training, often using shared phonemic representa-
tions such as IPA or standardized phoneme sets
derived from high-resource languages (Siminyu
et al., 2021; Li et al., 2022; Taguchi et al., 2023;
Pratap et al., 2024). Another common strategy
is augmenting end-to-end ASR systems with ex-
ternal n-gram language models to improve de-
coding in data-scarce settings (Xu et al., 2022;
Guillaume et al., 2022; Li and Niehues, 2025a).
More recently, heuristic initialization of model
layers—particularly output embeddings for unseen
phonemes—has been explored to better transfer
phonetic knowledge across languages (Yusuyin
et al., 2025). Parallel to these developments, sev-
eral works combine pretrained speech encoders
with Large Language Models (LLMs) (Brown et al.,
2020; Bai et al., 2023), either keeping the language
model frozen (Fong et al., 2025) or adapting it
using parameter-efficient techniques such as Low-
Rank Adaptation (LoRA) (Hu et al., 2022; Geng
et al., 2025).

Despite extensive linguistic documentation, com-
putational resources and ASR studies for East
Caucasian languages remain limited. There is no
prior ASR work for Archi or Rutul, and only iso-
lated efforts exist for other languages in the fam-
ily, typically with very small datasets and without
phoneme-level evaluation (Li and Niehues, 2025b).

Finally, while ASR performance is sometimes
analyzed by broad phonological features/categories
(e.g., tone, nasality, vowel length) (Liang and
Levow, 2025) or such features are utilized in build-
ing ASR systems (Arora et al., 2018), detailed
phoneme-level analyses remain rare, especially
for phonologically complex and low-resource lan-
guages.

3 Datasets

We work with manually transcribed speech data for
two endangered East Caucasian languages from the
Lezgic branch: Archi and Rutul. Our contribution
lies in curating, consolidating, and standardizing
existing speech–transcript resources into a form
suitable for ASR training and evaluation. The re-
sulting benchmark consists of:
Archi: approximately 45 minutes of training data
(545 sentences) and 7 minutes of test data (100
sentences), derived from materials documented in
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Lang. Split Size Vocabulary Sizes

Words Phonemes Composites

Archi
Train 545 / 45m 1445 85 50 (59%)
Test 100 / 7m 394 70 37 (53%)

Rutul
Train 1388 / 75m 4866 78 40 (51%)
Test 90 / 7m 441 58 21 (36%)

Table 1: Dataset statistics — split-wise number of sen-
tences, total length in minutes (m), number of unique
words, phones and composite (complex) phones.

Kibrik et al. (2007). The recordings contain speech
which was read out under controlled conditions.
Kina Rutul: approximately 75 minutes of training
data (1,388 sentences) and 7 minutes of test data
(90 sentences), based on documentation work re-
ported in Alekseeva et al. (2024). The recordings
contains spotaneous speech often recorded in noisy
environments.

Detailed split-wise statistics are provided in Ta-
ble 1. Composite phonemes are those with a dia-
critic such as Q, w, ’ or :. All possible phonemes
per language are listed in the Appendix A.

The original annotations differ substantially
across the two corpora. Kina Rutul recordings
are aligned with sentence-level annotations in
Praat TextGrid format, while Archi recordings
are aligned using ELAN. In both cases, the speech
segments are segmented at the sentence level. The
transcriptions themselves are heterogeneous, com-
bining IPA symbols, romanized conventions (e.g. š
for S), and occasional Cyrillic-based notation (e.g.
| to mark pharyngealization i.e., Q). As part of the
curation process, we normalize these annotations
into consistent, sentence-level IPA transcriptions
paired with the corresponding audio. We adopt IPA
to facilitate transfer from multilingual pretrained
ASR models.

In terms of speaker coverage, the Kina Rutul
data include recordings from approximately 15
adult speakers (with a slight predominance of fe-
male speakers), while the Archi data consist of
read speech produced by two trained female speak-
ers. Although the corpora are limited in size, their
curation enables controlled phoneme-level ASR
experiments that were previously not feasible.

4 Models

We evaluated the following model families and
their modifications:

wav2vec2-large-ipa (Taguchi et al., 2023) This
is a wav2vec 2.0 model (Baevski et al., 2020) fine-

tuned for ASR on connectionist temporal classifi-
cation (CTC) (Graves et al., 2006) using IPA tran-
scriptions from multiple languages, and is there-
fore suitable for zero-shot evaluation on unseen
languages (-zs suffixed).

w2v2l-custom For wav2vec2-large-ipa, we ad-
ditionally define a language-specific phoneme vo-
cabulary derived from the IPA transcriptions. Com-
posite phonemes (e.g., labialized or pharyngealized
consonants) are mapped to a reduced vocabulary
reflecting the actual phonemic contrasts of each
language. For example, the phoneme kw is tok-
enized by the wav2vec2-large-ipa tokenizer as the
sequence ‘k’,‘w’, whereas in this model it is rep-
resented as a single token. We experiment with
two initialization strategies for the output layer of
wav2vec2, denoted by suffixes; without any suffix,
the final layer is randomly initialized.

w2v2l-custom-avg Columns corresponding to
composite phonemes are initialized by averaging
the pretrained parameters of their component IPA
symbols. Let the weights and biases of the output
layer be W ∈ Rd×|V | and b ∈ R|V |, where d is the
hidden dimension and V is the reduced, language-
specific vocabulary. Let the pretrained weights,
biases, and vocabulary be denoted by W old, bold,
and V old, respectively. For a phoneme indexed by
i in V new that is composed of symbols indexed by
i1, . . . , ik in V old, the parameters are initialized as:

W∗i =
1

k

k∑

j=1

W old
∗ij ; bi =

1

k

k∑

j=1

bold
ij .

Averaging is our novel step. We also perform zero-
shot evaluation with this model enabled by non-
random initialization, with suffix -zs in the name.

w2v2l-custom-cpy1 In this variant, the output-
layer parameters corresponding to the base
phoneme (i.e., without diacritics) are copied di-
rectly, rather than averaged, following a strategy
similar to Yusuyin et al. (2025).

w2v2l-custom-avg-lm Inspired from Xu et al.
(2022); Guillaume et al. (2022); Li and Niehues
(2025a), we incorporate a word-level n-gram lan-
guage model (LM) with n = 3 on top of w2v2l-
custom-avg to reduce word error rate. This differs
from previous works slightly as the latter incorpo-
rate character/phoneme n-gram, which we did not
find improving performance. The CTC output se-
quence includes a word-separator token ‘|’, which
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deterministically segments the phoneme sequence
X into words w1(X), . . . , wm(X)(X). The vocab-
ulary of LM consists of words occurring in the
training transcripts. The mapping from segmented
phoneme sequences to LM tokens is handled di-
rectly in a dictionary-like manner. During decod-
ing, the following objective is maximized over a
phoneme sequence X = x1, . . . , xl and its corre-
sponding word sequence w1(X), . . . , wm(X)(X):

max
X=x1,...,xl

l∑

i=1

log pctc(xi) + β ·m(X)+

α

m(X)∑

i=n+1

log plm(wi(X) | wi−1(X), . . . , wi−n(X))

where pctc denotes the CTC softmax probabilities
produced by wav2vec2, plm is the probability from
the n-gram language model, and α and β are tun-
able hyperparameters. The optimal sequence is
approximated using beam search. We use KenLM
(Heafield, 2011) for n-gram language modeling.

whisper-large-v3 (Radford et al., 2023) This is
a multilingual pretrained encoder–decoder model
that supports IPA output. Due to its inherent sub-
word tokenizer (as well as those of the models
described below), vocabulary reduction and output-
layer reinitialization are not straightforward; there-
fore, the model is fine-tuned without modifying its
pretrained decoder vocabulary.

Qwen2-Audio-7B-Instruct (Chu et al., 2024)
combines an audio encoder (initialized from
whisper-large) with a large language model (LLM)
(Qwen2; Team et al. (2024)), aligning the encoder
outputs with the input representation space of the
LLM.

Qwen2.5-Omni-7B (Xu et al., 2025) This model
supports text, vision, and audio inputs and can
generate spoken responses. In this work, we re-
strict the model to audio input and text output. For
both Qwen-based models, the audio encoder is fine-
tuned, while the LLM is fine-tuned using LoRA.

gpt-4o-transcribe (Hurst et al., 2024) This
model is accessed via the OpenAI API and is there-
fore used without fine-tuning. The model predomi-
nantly outputs Cyrillic script. Thus, we explicitly
prompt it to transcribe in Cyrillic.

Since the conversion between Cyrillic, the of-
ficial script for these languages (only introduced
recently), and IPA is deterministic (see Appendix

A for mappings), we additionally fine-tune genera-
tive models to output Cyrillic. These variants are
denoted as whisper-large-v3-cyrl, Qwen2-Audio-
7B-Instruct-cyrl, and Qwen2.5-Omni-7B-cyrl.
Evaluations are carried out after converting to IPA.

5 Experiments

5.1 Implementation Details

We create a validation set by holding out 5%
of the training sentences. The vocabulary sizes
of w2v2l-custom* models are 90 and 84 respec-
tively for Archi and Rutul including special char-
acters. Learning rates are set to 3 × 10−5 for
CTC-based models and 5× 10−6 for Whisper and
LLM-coupled audio encoders. All models are opti-
mized using Adam (Kingma, 2014) with a weight
decay of 0.01 (Loshchilov and Hutter, 2017). For
Qwen-based models, the LoRA parameters are rank
r = 16, scaling factor α = 32, and dropout 0.05
(similar to Geng et al. (2025)). LoRA is applied
to all linear layers and optimized using Adam with
a learning rate of 1 × 10−4 and no weight decay.
The number of trainable and total parameters per
model are listed in Table 2. CTC-based models are
fine-tuned for 30 epochs, Whisper for 10 epochs,
and Qwen-based models for 6 epochs. All mod-
els use an effective batch size of 16 via gradient
accumulation. CTC-based models are trained on
two NVIDIA RTX 2080 GPUs (11 GB ×2), while
larger models are trained on a single NVIDIA H100
(80 GB).

For the LLM-based models, we use the follow-
ing prompt, refined through a small number of man-
ual trials with gpt-4o-transcribe:
“Transcribe the audio in <lang> (a

Northeast Caucasian language) into <IPA
(International Phonetic Alphabet) |
Cyrillic>. Do not translate, interpret,
or add punctuation. Output only the
phonetic transcription.”

The 3-gram language model coupled with CTC
uses α = β = 0.3, tuned on the validation sets
with a beam size of 10 (restricted to this value
for efficiency). The code1 and the datasets2 are
publicly available.

1https://github.com/mahesh-ak/north_caucasian_
asr

2https://huggingface.co/datasets/mahesh27/
archi_rutul_asr
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5.2 Evaluation metrics
We evaluate on standard metrics for ASR — word,
character and phoneme error rates, respectively
WER, CER and PER which are normalized edit
distances respectively at levels of words, charac-
ters and phonemes. We further store the number of
edits — insertions (I), deletions (D) and substitu-
tions (S) — along with true positives (N) for each
phoneme to compute phoneme-level precision (pr),
recall (re) and F1 scores:

pr = N
N+S+I ; re = N

N+S+D ;F1 = 2·pr·re
pr+re

5.3 Modeling of Phoneme Frequency Effects
To analyze the relationship between phoneme
recognition performance and data availability, we
model phoneme-level F1 scores as a function of
log training frequency using a logistic function:

f(x) =
L

1 + exp(−k(x− x0))

where x = log10(training frequency), L denotes
the asymptotic F1 score, k controls the slope, and
x0 is the midpoint of the transition. We emphasize
that the logistic form is used as a descriptive para-
metric summary of the observed nonlinear trend,
rather than as a theoretical assumption. Alternative
shapes (e.g., piecewise-linear or threshold-like be-
havior) may also fit the data; our goal is to capture
a consistent frequency–accuracy scaling pattern
and estimate interpretable midpoints, rather than to
commit to a specific functional form.

Parameters are estimated via non-linear least
squares using the Levenberg-Marquardt algorithm
(Marquardt, 1963). Model fit is quantified using
the coefficient of determination (R2) between ob-
served and predicted F1 scores. Uncertainty in
the fitted curve is assessed using approximate 95%
confidence intervals derived via the Delta method
(Van der Vaart, 2000).

6 Results

6.1 Overall Performance
Overall results are summarized in Table 2, with sta-
tistical significance assessed using paired wilcoxon
signed-rank tests (Appendix B). As expected, the
zero-shot models perform poorly, yielding near-
random WER for both languages, underscoring the
extreme low-resource and phonologically complex
nature of the tasks.

On Archi, whisper-large-v3 achieves the best
overall performance. Nevertheless, the w2v2l-
custom variants substantially improve over the
base wav2vec2-large-ipa model: w2v2l-custom-
avg (ours) reduce WER by more than 8 absolute
points, with statistically significant gains in both
WER and CER (p < 0.05) (w2v2l-custom-cpy1
doesn’t always give significant gain). Adding a
word-level 3-gram language model (w2v2l-custom-
avg-lm) yields only marginal additional improve-
ments, consistent with the limited amount of train-
ing data. The best (lowest) WER is comparable
to results reported for similarly low-resourced lan-
guages (e.g., Li and Niehues (2025a)).

On Rutul, similar trends hold. The w2v2l-
custom-avg model achieves the lowest CER and
PER, while w2v2l-custom-avg-lm yields the best
WER (0.697), with statistically significant improve-
ments over wav2vec2-large-ipa. In contrast to
Archi, whisper-large-v3 performs noticeably worse
on Rutul, suggesting weaker transfer. This asym-
metry is consistent with later phoneme-level analy-
ses, where Whisper exhibits fewer deviations from
frequency-driven learning on Rutul. We further
analyze data quality–quantity trade-offs for Rutul
in Appendix C.

Across both languages, large audio–language
models (Qwen2-Audio and Qwen2.5-Omni) un-
derperform relative to CTC-based models, even
after fine-tuning. Their Cyrillic-output variants (-
cyrl), corresponding to the recently standardized
official script (see §3), generally lag behind their
IPA-output counterparts.

Overall performance improves with increasing
specialization toward speech, from multimodal
Qwen2.5-Omni to audio-centric Qwen2-Audio and
dedicated ASR models such as wav2vec2 and
Whisper, where simple, linguistically informed
adaptations of CTC-based models—language-
specific phoneme vocabularies with heuristic
initialization—can match or outperform substan-
tially larger pretrained systems. The subsequent
phoneme-level analysis clarifies how training fre-
quency and pretraining jointly shape recognition
performance.

6.2 Phoneme-level Analysis
Tables 3 and 4 report category-wise F1 scores along
with their correlation (Pearson’s r) with phoneme
complexity. We define phoneme complexity as the
number of additional articulatory features (e.g., Q,
w, ’, :) attached to a base segment, as indicated by
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Archi Rutul

Model Params. Tunable WER CER PER WER CER PER

wav2vec2-large-ipa-zs 0.3B - 1.000 0.593 0.606 1.000 0.656 0.660
wav2vec2-large-ipa 0.3B 0.3B 0.559 0.128 0.135 0.795 0.223 0.220
w2v2l-custom-avg-zs 0.3B - 1.000 0.544 0.558 1.000 0.563 0.571
w2v2l-custom 0.3B 0.3B 0.593 0.138 0.147 0.780 0.224 0.222
w2v2l-custom-cpy1 0.3B 0.3B 0.462 0.116 0.123 0.738 0.205 0.203
w2v2l-custom-avg (ours) 0.3B 0.3B 0.479 0.116 0.122 0.725 0.198 0.195
w2v2l-custom-avg-lm (ours) 0.3B 0.3B 0.465 0.116 0.122 0.697 0.206 0.206
whisper-large-v3 1.5B 1.5B 0.402 0.099 0.107 0.778 0.253 0.251
whisper-large-v3-cyrl 1.5B 1.5B 0.422 0.111 0.119 0.792 0.232 0.235
Qwen2-Audio-7B-Instruct 8.4B 0.7B 0.579 0.163 0.180 0.778 0.242 0.239
Qwen2-Audio-7B-Instruct-cyrl 8.4B 0.7B 0.539 0.156 0.166 0.828 0.272 0.274
Qwen2.5-Omni-7B 10.8B 0.7B 0.705 0.184 0.199 0.852 0.263 0.257
Qwen2.5-Omni-7B-cyrl 10.8B 0.7B 0.904 0.295 0.291 0.904 0.295 0.291
gpt-4o-transcribe - - 0.982 0.435 0.436 0.994 0.519 0.514

Table 2: ASR Performance of models on Archi and Kina Rutul in terms of Word- (WER), Character- (CER) and
Phoneme- (PER) error rates. Lower the error rates better the model. Best performances are in bold.

Complexity→ 1 2 2 3 3 4 3 4 2 3 3 2 3 1 2 3 2

Model↓ C Cw C’ C’w C’: C’: Q C’Q C’Qw C: C:w C: Q CQ CQw V V: V:Q VQ r

gpt-4o-transcribe 0.449 0.4 0.035 0.0 0.0 0.0 0.0 0.0 0.355 0.0 0.0 0.0 0.0 0.525 0.234 0.0 0.0 -0.76
whisper-large-v3 0.894 0.667 0.823 0.333 0.5 0.0 0.0 0.667 0.803 0.722 0.769 0.673 0.545 0.736 0.577 1.0 0.317 -0.44
whisper-large-v3-cyrl 0.802 0.863 0.78 0.667 1.0 0.0 0.0 1.0 0.817 0.889 0.833 0.419 0.667 0.742 0.583 0.889 0.442 -0.15
Qwen2-Audio-7B-Instruct 0.764 0.0 0.684 0.0 0.333 0.0 0.0 1.0 0.63 0.0 0.444 0.286 0.769 0.696 0.248 0.0 0.0 -0.21
Qwen2-Audio-7B-Instruct-cyrl 0.735 0.636 0.615 0.333 0.625 0.0 0.222 1.0 0.583 0.333 0.4 0.35 0.8 0.709 0.484 0.667 0.156 -0.18
wav2vec2-large-ipa 0.878 0.667 0.846 0.333 0.4 0.0 0.333 0.8 0.862 0.933 0.417 0.87 0.933 0.765 0.483 0.857 0.345 -0.38
wav2vec2-large-ipa-zs 0.308 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.188 0.0 0.0 0.0 0.0 0.47 0.153 0.0 0.0 -0.71
Qwen2.5-Omni-7B 0.728 0.0 0.53 0.0 0.222 0.667 0.0 0.0 0.632 0.0 0.0 0.348 0.4 0.681 0.366 0.0 0.0 -0.46
Qwen2.5-Omni-7B-cyrl 0.697 0.303 0.368 0.0 0.0 0.0 0.0 0.5 0.489 0.167 0.0 0.283 0.364 0.661 0.412 0.0 0.0 -0.6
w2v2l-custom-avg 0.867 0.222 0.778 0.333 0.417 0.0 0.0 0.857 0.753 0.0 0.462 0.426 0.933 0.773 0.389 0.0 0.192 -0.36
w2v2l-custom-avg-zs 0.34 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.0 0.489 0.0 0.0 0.0 -0.65
w2v2l-custom 0.835 0.0 0.79 0.25 0.143 0.0 0.0 1.0 0.749 0.0 0.455 0.417 0.933 0.71 0.341 0.0 0.0 -0.24
w2v2l-custom-avg-lm 0.88 0.333 0.809 0.333 0.364 0.0 0.0 0.857 0.752 0.0 0.462 0.426 0.933 0.773 0.413 0.0 0.192 -0.39
w2v2l-custom-cpy1 0.878 0.333 0.791 0.333 0.417 0.667 0.0 0.857 0.841 0.222 0.5 0.447 1.0 0.771 0.481 1.0 0.354 -0.09

Table 3: Phoneme category-wise averaged F1 scores and their Pearson’s correlation coefficients r with complexities
(length) - Archi

IPA diacritics, plus 1 for the base segment. In IPA,
using a diacritic usually indicates an additional
articulation - such as w for labialization or a fea-
ture that distinguishes the phoneme from its more
“typologically common” counterpart, as ’ for non-
pulmonic (ejective) consonant. Such additional
features are a reasonable proxy for articulatory
complexity as well as for typological markedness.
Across both languages, simpler segments are con-
sistently recognized better than marked categories
including secondary articulations, length contrasts,
and pharyngealized or labialized segments (also
see the phonemes with least F1 in Appendix D).

For Rutul, we observe a clear negative cor-
relation between complexity and performance
across models, indicating systematic degradation
as grapheme length or articulatory complexity in-
creases. In contrast, Archi shows only weak to
moderate negative correlations, suggesting that
performance degradation is less monotonic and
more category-specific rather than strictly driven by
length. This weaker trend motivates an alternative
treatment and accordingly, in the following section

we model recognition performance as a function of
log training frequency using a sigmoid formulation,
which is independent of phoneme complexity.

In both overall performance (Table 2) and
at the phoneme level, zero-shot models—gpt-
4o-transcribe, wav2vec2-large-ipa-zs, and w2v2l-
custom-avg-zs—serve as baselines, illustrating that
without language-specific pre-training it is nearly
impossible to reliably recognize articulatorily com-
plex phonemes.

6.3 Training Frequency–F1 Score Analysis

A central observation of this work is the strong rela-
tionship between phoneme-level F1 scores and the
logarithm of training frequency across models and
both languages (Figure 2). As formalized in §5.3,
we fit a logistic curve to this relationship. For most
fine-tuned models, phoneme recognition accuracy
follows a characteristic sigmoid shape: very rare
phonemes exhibit near-zero F1, followed by a sharp
transition as training support increases, and even-
tual saturation for frequent phonemes. The result-
ing fits explain a substantial fraction of phoneme-
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Complexity→ 1 2 3 2 2 3 3 1 2 2

Model↓ C Cj Cj : C w C’ C’j C’w V V: VQ r

gpt-4o-transcribe 0.396 0.0 0.0 0.1 0.0 0.0 0.0 0.457 0.034 0.0 -0.81
whisper-large-v3 0.76 0.429 0.0 0.31 0.37 0.0 0.0 0.715 0.056 0.165 -0.92
whisper-large-v3-cyrl 0.721 0.333 0.0 0.417 0.0 0.0 0.0 0.678 0.133 0.0 -0.84
Qwen2-Audio-7B-Instruct 0.712 0.611 0.0 0.42 0.374 0.0 0.0 0.68 0.094 0.151 -0.88
Qwen2-Audio-7B-Instruct-cyrl 0.683 0.0 0.0 0.228 0.0 0.0 0.0 0.665 0.097 0.0 -0.82
wav2vec2-large-ipa 0.797 0.389 0.0 0.468 0.586 0.0 0.0 0.725 0.038 0.261 -0.89
wav2vec2-large-ipa-zs 0.326 0.0 0.0 0.0 0.0 0.0 0.0 0.309 0.22 0.0 -0.77
Qwen2.5-Omni-7B 0.693 0.278 0.0 0.28 0.246 0.0 0.0 0.642 0.071 0.024 -0.9
Qwen2.5-Omni-7B-cyrl 0.686 0.0 0.0 0.199 0.0 0.0 0.0 0.607 0.107 0.0 -0.82
w2v2l-custom-avg 0.79 0.222 0.0 0.36 0.567 0.0 0.0 0.748 0.107 0.315 -0.92
w2v2l-custom-avg-zs 0.415 0.0 0.0 0.0 0.0 0.0 0.0 0.331 0.0 0.0 -0.78
w2v2l-custom 0.757 0.222 0.0 0.356 0.479 0.0 0.0 0.699 0.133 0.263 -0.94
w2v2l-custom-avg-lm 0.789 0.333 0.0 0.363 0.567 0.0 0.0 0.747 0.074 0.32 -0.92
w2v2l-custom-cpy1 0.809 0.317 0.0 0.389 0.506 0.0 0.667 0.732 0.138 0.35 -0.66

Table 4: Phoneme category-wise averaged F1 scores and their Pearson’s correlation coefficients r with complexities
(length) - Kina Rutul

level variability, with R2 values typically in the
0.45–0.70 range.

This pattern implies that many phonemes tradi-
tionally described as “complex”—including labial-
ized, ejective, and pharyngealized segments—are
difficult for ASR systems primarily because they
are rare in the training data. Figure 1 illustrates this
effect for a representative model–language pair,
where each point corresponds to a phoneme, the
horizontal axis denotes log training frequency, and
point size reflects log (test frequency+1). The fitted
sigmoid captures the dominant trend, while devia-
tions reveal model- and language-specific effects.

Notable deviations from the sigmoid trend oc-
cur for whisper-large-v3 and wav2vec2-large-ipa
on Archi, where several extremely low-frequency
phonemes achieve higher F1 scores than predicted
by the fitted curve. These cases are characterized by
weaker overall fits (lower R2), suggesting few-shot
transfer from multilingual pretraining. Importantly,
this behavior is not observed for Rutul, where the
more conversational and spontaneous speech style
(while the Archi corpus is read out, see §3) leads
these models to adhere more closely to the average
sigmoid behavior.

To further probe these cases, we analyze low-
support phonemes (< 101.6) by matching them to
high-support counterparts (> 101.9) sharing the
same base segment. Many well-performing low-
support phonemes (F1 > 0.8) are systematic dia-
critic variants of frequent bases (e.g., a:/aQ → a;
e:/eQ → e; o:/oQ → o; S:/S:w → S), with moderate
correlation (ρ ∼ 0.4− 0.49). However, some con-
sonants (e.g., gw, kw,

>
tS’) are not captured by this

matching, suggesting that similarity-based effects
may partly explain the deviations, while transfer
from pretrained representations remains a plausible

but inconclusive factor.
Zero-shot systems—wav2vec2-large-ipa-zs,

w2v2l-custom-avg-zs, and gpt-4o-transcribe—also
exhibit sigmoid-shaped trends, but with transition
regions shifted toward higher training frequencies
(larger log x0). As a result, even moderately
frequent phonemes fall within the low-accuracy
regime, highlighting that language-specific fine-
tuning primarily acts to shift the sigmoid leftward,
enabling effective learning at substantially lower
levels of phoneme support.

Consistent with this interpretation, the estimated
sigmoid midpoints (log x0) cluster around 1.6±0.3
for Archi and 2.1 ± 0.4 for Rutul, excluding the
anomalous cases. This suggests that achieving on
the order of 102 training instances per phoneme
may be sufficient to move most segments into the
steep learning regime, providing a practical target
for future data collection efforts. The right-shift
in Rutul’s estimated midpoint may partly reflect
differences in speech conditions, as it consists of
spontaneous speech recorded in noisier settings
with greater speaker variability compared to the
read speech in Archi (see §3).

Overall, the frequency–F1 sigmoid provides a
unifying explanation for phoneme-level error pat-
terns across models.

6.4 Qualitative Error Analysis

Figure 3 shows normalized phoneme confusion ma-
trices for the w2v2l-custom-avg model on Archi
and Kina Rutul. Both matrices are strongly diag-
onal, indicating that most phonemes are correctly
recognized, with errors concentrated in a small
number of systematic confusions.

A recurring pattern in both languages is the re-
duction of marked phonemes to their unmarked
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s t u v w x

y z aa ab

Figure 2: Phoneme-level F1-scores against (log) training frequencies, illustrating a characteristic sigmoid-shaped
learning trend in most cases. Exceptions are zero-shot applications (a, g, k, o, u, y) and cases demonstrating few-shot
capabilities (b, c).

counterparts. For example, long and pharyngeal-
ized vowels such as /i:/ and /iQ/ are frequently con-
fused with the short vowel /i/. Similar effects are
observed for consonants with secondary articula-
tions, where labialized or pharyngealized segments
are often mapped to their plain counterparts.

Other frequent error types include vowel quality
confusions and incorrect word boundary detection.
Examples (1) from Archi and (2) from Kina Rutul
compare expert transcriptions with ASR outputs
from the best-performing models (whisper-large-v3
for Archi and w2v2l-custom-avg for Kina Rutul).

(1) Archi example
Expert: os

>
tS’emna os boSormi

¯
n halm

¯
aXdu

¯
e
¯
wdili

jat:ik
¯

L’arak war Lirt:u ik’w
¯

w
¯

iXdu hibat:u
ASR: os

>
tS’emna os boSormu

¯
n hal m

¯
aXd i

¯
wdili jat:i

¯
L’arak war Lirt:u ik

¯
u
¯
iXdu hibat:u

Translation: “There was once a man who had a
friend, one who would go all the way down for you,
with a trustful heart, a good one.”

This example illustrates a case of incorrect word
segmentation (halmaXdu), attributable to ASR.
Likewise, the output uiXdu instead of wiXdu, and
the realization of /k’w/ as /k/, plausibly reflect
frequency-driven confusions during training. In
contrast, substitutions such as /i/ → /u/ in boSormin
and /e/ → /i/ in ewdili may be influenced by vari-
ation between the consultants’ pronunciation and
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a

b

Figure 3: Phoneme confusion matrices of model w2v2l-
custom-avg on (a) Archi and (b) Kina Rutul

the orthography used in the texts they were reading,
for instance in the oblique stem morpheme -mu- ∼
-mi- or in the masculine verb form ewdi ∼ iwdi.

(2) Kina Rutul example
Expert: muQ

¯
G
¯

wa:
¯

v
¯
1se

¯
l
¯
it

¯
daPat’

¯
ij k

¯
ar haP

¯
a
¯
t’
¯
ij
¯ASR: muq’

¯
wo

¯
Qw

¯
1si

¯
r
¯
itd

¯
aPad

¯
iq
¯
ar had

¯¯
i
¯Translation: “They were ousting (people) from the

village, they were doing things like this.”

Here, the rare phoneme G is confused with
the much more frequent q’, illustrating a typi-
cal frequency-driven substitution. Incorrect word
boundary detection is also evident and occurs more
frequently than in Archi, consistent with the more
spontaneous and conversational nature of the Ru-
tul recordings (see §3). Some additional mis-
matches may be epiphenomenal: pharyngealization
is prosodic rather than strictly segmental, so that its
displacement from the root to the final vowel is not
phonetically unmotivated and cannot be blamed
on ASR. Similarly, the realization of intervocalic
glottal stops (e.g., in daPat) may vary due to pho-
netic weakening in casual speech or transcription
conventions.

7 Discussion

Our analysis highlights the central role of frequency
in phoneme recognition and connects, at a high
level, to related work on frequency-driven learning
in lexical processing such as Murray and Forster
(2004). Recently, Heitmeier et al. (2024) have
shown that word frequency induces an S-shaped
relationship with processing difficulty, arising from
learning dynamics rather than articulatory complex-
ity. Although their work concerns lexical represen-
tations and human reaction times, we observe a
qualitatively similar sigmoid relationship between
phoneme-level training frequency and ASR accu-
racy.

In addition, Archi and Rutul differ in their phono-
logical inventories, primarily in the presence of
palatalization in Kina Rutul and gemination in
Archi (see Appendix A). Despite these differences,
the frequency–performance relationship appears
consistently in both languages and in model fami-
lies. This suggests that the observed sigmoid learn-
ing dynamics are not tied to a specific phonologi-
cal system but may reflect more general properties
of supervised phoneme learning in low-resource
phonologically-complex ASR.

Furthermore, estimated sigmoid midpoints indi-
cate that, excluding anomalous cases, phonemes
begin to enter the steep learning regime at roughly
102 training instances, suggesting a practical tar-
get for prioritizing phoneme coverage during data
collection.

8 Conclusion

We present the first phoneme-level ASR analy-
sis for Archi and Kina Rutul, based on curated
speech–transcript resources consolidated into a
benchmark suitable for ASR training and evalu-
ation. We show that a simple phoneme-vocabulary
adaptation with heuristic initialization yields sub-
stantial gains for wav2vec2-large-IPA under ex-
tremely low-resource conditions.

Our analyses indicate that many errors often at-
tributed to phonological complexity are equally
predictable from training frequency. While lim-
ited in scale, these findings suggest that frequency-
informed perspectives may generalize across dis-
tinct phoneme inventories and offer practical guid-
ance for data collection and evaluation in low-
resource ASR. At the same time, broader validation
across languages and typological settings remains
an important direction for future work.

3022



Limitations

This study focuses on two East Caucasian lan-
guages and relies on relatively small, manually
curated datasets. Although each corpus contains
on the order of one hour of transcribed speech,
these resources constitute a meaningful first step
for Archi and Kina Rutul—endangered languages
with exceptionally rich phonological systems—for
which no prior ASR benchmarks or training-ready
resources existed. To our knowledge, East Cau-
casian languages are least likely to be present in
widely used pretraining corpora (e.g., Common
Voice, FLEURS) (Ardila et al., 2020; Conneau
et al., 2023), as we did not identify any such lan-
guages in these datasets. The phoneme-level results
for gpt-4o-transcribe, where several phonemes are
not recognized at all (Figure 2 a & o), are consis-
tent with limited direct transfer, though the exact
composition of pretraining data remains unknown.

Our analyses operate in an extreme low-resource
regime, where phoneme-level effects become vis-
ible precisely because data are sparse. In this set-
ting, we observe systematic relationships between
phoneme-level training frequency and recognition
performance. While such fine-grained effects may
attenuate or change at larger data scales, they of-
fer insight into ASR behavior at resolutions that
are rarely accessible in higher-resource settings.
That said, we do not claim direct transferability of
these observations to other language families, data
regimes, or representational units.

In addition, our operationalization of phoneme
complexity—approximated via diacritic length—
serves only as a coarse proxy. Future work could
incorporate more principled articulatory or typolog-
ical measures, for example by considering cross-
linguistic phoneme frequencies or articulatory fea-
ture inventories.
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Appendix

A IPA-Cyrillic map

This section provides the mapping used to convert IPA texts into Cyrillic for employing in models like
gpt-4o-transcribe or *-cyrl models. All possible phonemes occurring for each language in the datasets
are also covered here. Note that a few phonemes that occur in only Russian borrowings are nevertheless
included in our vocabulary and listed here. In the case of absence of one-one mapping for a phoneme due
to borrowings, the native phonemes are given preference while converting from Cyrillic to IPA.

B Wilcoxon Signed test: p-values

This section provides p-values to compare the scores of the main results (Table 2) for each language.

B.1 Archi

Tests on CER values

w2v2l-custom
-avg

w2v2l-custom
-avg-lm

w2v2l-custom
-cpy1 w2v2l-custom wav2vec2

-large-ipa
whisper
-large-v3

Qwen2-Audio
-7B-Instruct

Qwen2.5
-Omni-7B

w2v2l-custom-avg (ours) - 0.901 0.810 <1e-3 <1e-3 0.170 <1e-3 <1e-3
w2v2l-custom-avg-lm (ours) 0.901 - 0.847 0.048 0.059 0.049 <1e-3 <1e-3
w2v2l-custom-cpy1 0.810 0.847 - 0.078 0.117 0.151 <1e-3 <1e-3
w2v2l-custom <1e-3 0.048 0.078 - 0.510 0.001 0.027 <1e-3
wav2vec2-large-ipa <1e-3 0.059 0.117 0.510 - 0.002 0.029 <1e-3
whisper-large-v3 0.170 0.049 0.151 0.001 0.002 - <1e-3 <1e-3
Qwen2-Audio-7B-Instruct <1e-3 <1e-3 <1e-3 0.027 0.029 <1e-3 - 0.002
Qwen2.5-Omni-7B <1e-3 <1e-3 <1e-3 <1e-3 <1e-3 <1e-3 0.002 -

Tests on WER values

w2v2l-custom
-avg

w2v2l-custom
-avg-lm

w2v2l-custom
-cpy1 w2v2l-custom wav2vec2

-large-ipa
whisper
-large-v3

Qwen2-Audio
-7B-Instruct

Qwen2.5
-Omni-7B

w2v2l-custom-avg (ours) - 0.465 0.641 <1e-3 <1e-3 0.039 0.005 <1e-3
w2v2l-custom-avg-lm (ours) 0.465 - 0.928 <1e-3 <1e-3 0.036 <1e-3 <1e-3
w2v2l-custom-cpy1 0.641 0.928 - <1e-3 0.001 0.079 0.002 <1e-3
w2v2l-custom <1e-3 <1e-3 <1e-3 - 0.891 <1e-3 0.822 <1e-3
wav2vec2-large-ipa <1e-3 <1e-3 0.001 0.891 - <1e-3 0.919 <1e-3
whisper-large-v3 0.039 0.036 0.079 <1e-3 <1e-3 - <1e-3 <1e-3
Qwen2-Audio-7B-Instruct 0.005 <1e-3 0.002 0.822 0.919 <1e-3 - <1e-3
Qwen2.5-Omni-7B <1e-3 <1e-3 <1e-3 <1e-3 <1e-3 <1e-3 <1e-3 -

B.2 Kina Rutul

Tests on CER values
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w2v2l-custom
-avg

w2v2l-custom
-avg-lm

w2v2l-custom
-cpy1 w2v2l-custom wav2vec2

-large-ipa
whisper
-large-v3

Qwen2-Audio
-7B-Instruct

Qwen2.5
-Omni-7B

w2v2l-custom-avg (ours) - 0.638 0.801 <1e-3 <1e-3 0.013 0.003 <1e-3
w2v2l-custom-avg-lm (ours) 0.638 - 0.737 0.038 0.067 <1e-3 <1e-3 <1e-3
w2v2l-custom-cpy1 0.801 0.737 - 0.112 0.076 0.040 0.010 <1e-3
w2v2l-custom <1e-3 0.038 0.112 - 0.957 0.458 0.373 0.020
wav2vec2-large-ipa <1e-3 0.067 0.076 0.957 - 0.505 0.325 0.012
whisper-large-v3 0.013 <1e-3 0.040 0.458 0.505 - 0.679 0.014
Qwen2-Audio-7B-Instruct 0.003 <1e-3 0.010 0.373 0.325 0.679 - 0.002
Qwen2.5-Omni-7B <1e-3 <1e-3 <1e-3 0.020 0.012 0.014 0.002 -

Tests on WER values

w2v2l-custom
-avg

w2v2l-custom
-avg-lm

w2v2l-custom
-cpy1 w2v2l-custom wav2vec2

-large-ipa
whisper
-large-v3

Qwen2-Audio
-7B-Instruct

Qwen2.5
-Omni-7B

w2v2l-custom-avg (ours) - 0.157 0.706 0.067 0.006 0.342 0.107 0.002
w2v2l-custom-avg-lm (ours) 0.157 - 0.173 0.007 <1e-3 <1e-3 0.003 <1e-3
w2v2l-custom-cpy1 0.706 0.173 - 0.307 0.041 0.185 0.135 0.001
w2v2l-custom 0.067 0.007 0.307 - 0.281 0.747 0.955 0.072
wav2vec2-large-ipa 0.006 <1e-3 0.041 0.281 - 0.487 0.761 0.398
whisper-large-v3 0.342 <1e-3 0.185 0.747 0.487 - 0.391 0.013
Qwen2-Audio-7B-Instruct 0.107 0.003 0.135 0.955 0.761 0.391 - 0.047
Qwen2.5-Omni-7B 0.002 <1e-3 0.001 0.072 0.398 0.013 0.047 -

C Quality vs Quantity in Rutul

In the case of Kina Rutul, the set split2 contains good quality speech (as judged by the expert, i.e., the
second author), however consist only 394 sentences (utterances) while split3 contains speech of acceptable
quality with 994 sentences. The evaluations on each of these splits is tabulated here here.

Model Split WER CER PER

w2v2l-custom-avg split2 0.891 0.264 0.252
w2v2l-custom-avg split3 0.783 0.216 0.213
wav2vec2-large-ipa split2 0.880 0.271 0.259
wav2vec2-large-ipa split3 0.782 0.226 0.223

D Phonemes with least F1 scores

The top-10 most challenging phonemes for each model and language are listed here. Each triplet represents
(<phoneme>, F1 score, test frequency).

D.1 Archi

Model 1 2 3 4 5 6 7 8 9 10

w2v2l-custom-avg (gw, 0.0, 6) (i:, 0.0, 6) (XQ, 0.0, 5) (aQ, 0.0, 4) (o:Q, 0.0, 4) (iQ, 0.0, 3) (ì:w, 0.0, 3) (oQ, 0.0, 2) (q’w, 0.0, 2) (q’:Q, 0.0, 2)
w2v2l-custom-avg-lm (gw, 0.0, 6) (i:, 0.0, 6) (XQ, 0.0, 5) (aQ, 0.0, 4) (o:Q, 0.0, 4) (iQ, 0.0, 3) (ì:w, 0.0, 3) (oQ, 0.0, 2) (q’w, 0.0, 2) (q’:Q, 0.0, 2)
w2v2l-custom-cpy1 (gw, 0.0, 6) (i:, 0.0, 6) (XQ, 0.0, 5) (aQ, 0.0, 4) (iQ, 0.0, 3) (q’w, 0.0, 2) (q’Q, 0.0, 2) (kw, 0.0, 1) (

>
ts’:, 0.0, 1) (x:Q, 0.0, 1)

w2v2l-custom (eQ, 0.0, 8) (gw, 0.0, 6) (i:, 0.0, 6) (
>
ts, 0.0, 6) (@, 0.0, 6) (q’:, 0.0, 5) (XQ, 0.0, 5) (aQ, 0.0, 4) (o:Q, 0.0, 4) (iQ, 0.0, 3)

w2v2l-custom-avg-zs (t:, 0.0, 89) (X, 0.0, 78) (t’, 0.0, 57) (ì:, 0.0, 37) (qQ, 0.0, 23) (q, 0.0, 21) (k’, 0.0, 17) ( L’, 0.0, 15) (
>
tS’, 0.0, 14) (ì, 0.0, 12)

gpt-4o-transcribe (h, 0.0, 42) (ì:, 0.0, 37) (qQ, 0.0, 23) (q, 0.0, 21) (k’, 0.0, 17) ( L’, 0.0, 15) (
>
tS’, 0.0, 14) (ì, 0.0, 12) (

>
ts’, 0.0, 10) (eQ, 0.0, 8)

Qwen2-Audio-7B-Instruct (eQ, 0.0, 8) (gw, 0.0, 6) (i:, 0.0, 6) (@, 0.0, 6) (XQ, 0.0, 5) (aQ, 0.0, 4) (o:Q, 0.0, 4) (iQ, 0.0, 3) (ì:w, 0.0, 3) (k’w, 0.0, 2)
Qwen2-Audio-7B-Instruct-cyrl (@, 0.0, 6) (XQ, 0.0, 5) (aQ, 0.0, 4) (iQ, 0.0, 3) (S:, 0.0, 3) (q’w, 0.0, 2) (q’:Q, 0.0, 2) (Zw, 0.0, 2) (S:w, 0.0, 1) (X:w, 0.0, 1)
Qwen2.5-Omni-7B (eQ, 0.0, 8) ( L, 0.0, 7) (X:Q, 0.0, 7) (gw, 0.0, 6) (@, 0.0, 6) (XQ, 0.0, 5) (aQ, 0.0, 4) (o:Q, 0.0, 4) (iQ, 0.0, 3) (q’Qw, 0.0, 3)
Qwen2.5-Omni-7B-cyrl (k’, 0.0, 17) ( L’, 0.0, 15) (eQ, 0.0, 8) (X:Q, 0.0, 7) (@, 0.0, 6) (q’:, 0.0, 5) (è, 0.0, 5) (XQ, 0.0, 5) (aQ, 0.0, 4) (o:Q, 0.0, 4)
wav2vec2-large-ipa (i:, 0.0, 6) (aQ, 0.0, 4) (iQ, 0.0, 3) (q’w, 0.0, 2) (q’:Q, 0.0, 2) (Zw, 0.0, 2) (

>
ts’:, 0.0, 1) (x:Q, 0.0, 1) (@, 0.15, 6) (q’Q, 0.33, 2)

wav2vec2-large-ipa-zs (X, 0.0, 78) (t’, 0.0, 57) (ì:, 0.0, 37) (qQ, 0.0, 23) (q, 0.0, 21) (k’, 0.0, 17) ( L’, 0.0, 15) (
>
tS’, 0.0, 14) (ì, 0.0, 12) (s:, 0.0, 10)

whisper-large-v3 (@, 0.0, 6) (aQ, 0.0, 4) (iQ, 0.0, 3) (k’w, 0.0, 2) (q’:Q, 0.0, 2) (q’Q, 0.0, 2) (kw, 0.0, 1) (
>
ts’:, 0.0, 1) (i:, 0.5, 6) (K, 0.5, 4)

whisper-large-v3-cyrl (@, 0.0, 6) (è, 0.0, 5) (XQ, 0.0, 5) (iQ, 0.0, 3) (q’:Q, 0.0, 2) (q’Q, 0.0, 2) (Q, 0.06, 4) (i:, 0.29, 6) (aQ, 0.33, 4) (k’, 0.54, 17)
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D.2 Kina Rutul

Model 1 2 3 4 5 6 7 8 9 10

w2v2l-custom-avg (k’j, 0.0, 6) (lj, 0.0, 5) (q’w, 0.0, 2) (u:, 0.0, 2) (Sj:, 0.0, 2) (dj, 0.0, 1) (p’, 0.0, 1) ( Gw, 0.0, 1) (G, 0.0, 1) (1Q, 0.0, 1)
w2v2l-custom-avg-lm (k’j, 0.0, 6) (q’w, 0.0, 2) (u:, 0.0, 2) (Sj:, 0.0, 2) (dj, 0.0, 1) (p’, 0.0, 1) ( Gw, 0.0, 1) (G, 0.0, 1) (1Q, 0.0, 1) (a:, 0.15, 25)
w2v2l-custom-cpy1 (k’j, 0.0, 6) (u:, 0.0, 2) (Sj:, 0.0, 2) (dj, 0.0, 1) (k’, 0.0, 1) (p’, 0.0, 1) ( Gw, 0.0, 1) (1Q, 0.0, 1) (o, 0.1, 35) (v, 0.22, 10)
w2v2l-custom (v, 0.0, 10) (k’j, 0.0, 6) (

>
ts, 0.0, 6) (lj, 0.0, 5) (gw, 0.0, 3) (kw, 0.0, 3) (q’w, 0.0, 2) (u:, 0.0, 2) (Sj:, 0.0, 2) (dj, 0.0, 1)

w2v2l-custom-avg-zs (X, 0.0, 72) (xw, 0.0, 58) (K, 0.0, 45) ( G, 0.0, 32) (q’, 0.0, 27) (a:, 0.0, 25) (aQ, 0.0, 21) (q, 0.0, 21) (uQ, 0.0, 13) (y, 0.0, 12)
gpt-4o-transcribe (h, 0.0, 139) (Q, 0.0, 89) (xw, 0.0, 58) (K, 0.0, 45) (q’, 0.0, 27) (aQ, 0.0, 21) (q, 0.0, 21) (uQ, 0.0, 13) (y, 0.0, 12) (t’, 0.0, 10)
Qwen2-Audio-7B-Instruct (k’j, 0.0, 6) (gw, 0.0, 3) (q’w, 0.0, 2) (u:, 0.0, 2) (Sj:, 0.0, 2) (k’, 0.0, 1) (p’, 0.0, 1) (G, 0.0, 1) (1Q, 0.0, 1) (uQ, 0.11, 13)
Qwen2-Audio-7B-Instruct-cyrl (Q, 0.0, 89) (q’, 0.0, 27) (aQ, 0.0, 21) (uQ, 0.0, 13) (t’, 0.0, 10) (v, 0.0, 10) (

>
ts’, 0.0, 8) (

>
tS’, 0.0, 8) (k’j, 0.0, 6) (lj, 0.0, 5)

Qwen2.5-Omni-7B (uQ, 0.0, 13) (k’j, 0.0, 6) (q’w, 0.0, 2) (u:, 0.0, 2) (Sj:, 0.0, 2) (dj, 0.0, 1) (k’, 0.0, 1) (p’, 0.0, 1) ( Gw, 0.0, 1) (G, 0.0, 1)
Qwen2.5-Omni-7B-cyrl (Q, 0.0, 89) (q’, 0.0, 27) (aQ, 0.0, 21) (uQ, 0.0, 13) (y, 0.0, 12) (t’, 0.0, 10) (v, 0.0, 10) (

>
ts’, 0.0, 8) (

>
tS’, 0.0, 8) (k’j, 0.0, 6)

wav2vec2-large-ipa (k’j, 0.0, 6) (q’w, 0.0, 2) (u:, 0.0, 2) (Sj:, 0.0, 2) (dj, 0.0, 1) (p’, 0.0, 1) ( Gw, 0.0, 1) (1Q, 0.0, 1) (a:, 0.08, 25) (o, 0.12, 35)
wav2vec2-large-ipa-zs (X, 0.0, 72) (xw, 0.0, 58) (K, 0.0, 45) ( G, 0.0, 32) (q’, 0.0, 27) (aQ, 0.0, 21) (q, 0.0, 21) (uQ, 0.0, 13) (y, 0.0, 12) (t’, 0.0, 10)
whisper-large-v3 (t’, 0.0, 10) (k’j, 0.0, 6) (kw, 0.0, 3) (q’w, 0.0, 2) (u:, 0.0, 2) (Sj:, 0.0, 2) (dj, 0.0, 1) (k’, 0.0, 1) (p’, 0.0, 1) ( Gw, 0.0, 1)
whisper-large-v3-cyrl (j, 0.0, 89) (q’, 0.0, 27) (aQ, 0.0, 21) (uQ, 0.0, 13) (t’, 0.0, 10) (v, 0.0, 10) (

>
ts’, 0.0, 8) (

>
tS’, 0.0, 8) (k’j, 0.0, 6) (lj, 0.0, 5)
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