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1 Introduction

Mutual intelligibility (MI) refers to the ability of
speakers of one language to understand another
language, often due to genealogical relatedness that
results in lexical and grammatical correspondences.
MI is a gradient phenomenon because it exists on
a continuum from near-total comprehension to no
understanding, often showing asymmetry between
related language pairs (Chambers and Trudgill,
1998; Tang and van Heuven, 2007; van Bezooijen
and Gooskens, 2005). A prime example is the
Turkic language family, which is often described
as highly similar from a historical-typological per-
spective, with substantial overlap across multiple
linguistic dimensions, which is commonly assumed
to support MI within the family (Kornfilt, 2018;
Tambovtsev, 2001; Baskakov, 1988; Lindsay, 2010).
These languages share substantial lexical similar-
ity, characterized by a high percentage of shared
cognates, as well as grammatical structures, word
order and phonetic-phonological overlap, as shown
in Table 1. Also, languages within the same branch
tend to show higher levels of MI, partly because of
their close proximity within the genealogical tree,
or what has been discussed in terms of cophenetic
distance (Gooskens et al., 2018). In other words,
the closer two languages are on the tree, the higher
their intelligibility rates tend to be. For instance,
Turkish and Azerbaijani are generally more mutu-
ally intelligible (Salehi and Neysani, 2017) than
Turkish and Kazakh or Turkish and Uyghur because
they belong to the same Oghuz branch; similar pat-
terns can be observed across other language pairs
as well.1 Taken together, these patterns suggest
that MI is best understood as a multidimensional

1To the best of our knowledge, systematic human data on
MI patterns within the Turkic family remain limited. Existing
observations are often anecdotal, based on reports from Turkol-
ogists, native speakers or L2 learners who note, for example,
that knowledge of Uyghur may facilitate understanding of
Uzbek more than Kazakh.

phenomenon, shaped by the combined effects of
lexical, grammatical, and phonetic-phonological
similarity.

Language Branch IPA transcription

Turkish Oghuz (ben biR) kitap okujoRum.
Azerbaijani (mæn) kitAb oxujuRAm.

Kazakh Kipchak (men) kItAp oq@p ZAt@rm@n.
Kyrgyz (men) kitep okup ZAtAm.

Uzbek Karluk (men) kitOb oqijapman.
Uyghur (mæn) kitAb oquwAtimæn.

Table 1: MI among Turkic languages illustrated by the sen-
tence: I am reading a book.

However, existing computational approaches typ-
ically quantify MI using lexical or phonetic dis-
tances computed over hand-curated cognate sets or
high-frequency word lists, and most of such work
has focused on Indo-European languages (Gooskens
and van Heuven, 2021; Nieder and List, 2024).
Here, we propose a neural language modeling-based
approach to investigating MI within the Turkic lan-
guage family. Rather than relying on hand-curated
features, our approach learns these regularities di-
rectly from naturalistic text. We then ask to what
extent the resulting similarity estimates track MI
among Turkic languages.

2 Current study
We hypothesize that greater overlap across multiple
linguistic dimensions facilitates cross-lingual trans-
fer and contributes to higher MI between languages
within the same Turkic subgroup. Under this view,
a model trained on one Turkic language should gen-
eralize more successfully to closely related target
languages than to distantly related ones, thereby
reflecting the gradient nature of MI. To test this
hypothesis, we fine-tune these pre-trained models
on target languages that vary in their degree of
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Figure 1: Character-level CE loss across training steps; models trained on source languages, then fine-tuned on target languages.

genealogical relatedness. We operationalize gener-
alizability using character-level cross-entropy (CE)
loss, which quantifies how surprised the model is,
on average, by the phoneme sequences it encoun-
ters. Lower training and test CE loss are therefore
expected to reflect stronger cross-lingual transfer,
which we interpret as evidence of greater linguis-
tic overlap between closely related language pairs.
This provides a more fine-grained measure of cross-
lingual transfer than curated cognate lists, which
are limited to lexical overlap. In addition, we expect
closer language pairs to show better overall learning
dynamics across training, measured by the Area
Under the Curve (AUC), where smaller AUC values
indicate better learning. We also expect more dis-
tant language pairs to show higher rates of change
(ROC) during the early stages of training, due to
larger gaps in lexicon and sound patterns. Taken
together, our findings provide preliminary evidence
that CE loss, AUC and ROC can approximate MI
patterns across six Turkic languages.

3 Method
3.1 Training Datasets
We extracted raw text for closely related Turkish-
Azerbaijani, Kazakh-Kyrgyz, and Uzbek-Uyghur
language pairs from the OSCAR2 corpus, filtered
with FastText language identification (≥ 0.95 con-
fidence) to reduce contamination (Abadji et al.,
2022; Joulin et al., 2016). To approximate pronun-
ciation across Turkic languages and avoid script
inconsistency issues within the language family
(Mirzakhalov et al., 2021), we transcribed all texts

2Open Super-large Crawled Aggregated coRpus

into broad IPA using established language-specific
rule sets3 (Zimmer and Orgun, 1992; Mokari and
Werner, 2017; McCollum and Chen, 2021; McCol-
lum, 2020; Ido, 2025; Mayer, 2021; McCollum,
2021). For each language, the transliteration out-
put was verified to match exactly the IPA rules
established in prior phonological analyses.

3.2 LSTM model
To mitigate tokenizer design issues in highly agglu-
tinative, low-resource languages (Toraman et al.,
2023), we trained a 2-layer character-level LSTM
with 128-dimensional embeddings and 256 hidden
units (Hochreiter and Schmidhuber, 1997). The
model training followed a sequential bilingual train-
ing regimen (Arnett et al., 2025): a model was first
trained and validated on a source language, then fine-
tuned on a target language (Arnett et al., 2025) for
each of the six languages. We also include Finnish
as a distractor language, since it is typologically
similar (agglutinative and vowel-harmonic) but ge-
nealogically unrelated (Suomi et al., 2009) to Turkic
languages. In addition, we also manipulated expo-
sure order (e.g., Kazakh-Kyrgyz, Kyrgyz-Kazakh),
which yielded a total of 42 models. All models
were exposed to 1 million tokens per language, split
75-25 into training and validation sets.

3.3 What is driving model convergence?
To shed light on which factors track the patterns
observed in CE loss, AUC, and ROC, we exam-
ined four predictors of cross-lingual similarity:
cophenetic distance, lexical similarity, weighted

3The IPA rules are available on GitHub. The transliteration
suite is available on Hugging Face.

443

https://github.com/wagner-austin/turkic_transliteration/tree/main
https://huggingface.co/spaces/AustinWagner/turkic-transliteration-demo


Figure 2: The AUC plotted against the cophenetic distance and lexical similarity.

trigram frequency overlap, and vowel harmony in-
dex. Cophenetic distance was computed following
Gooskens et al. (2018) as the number of nodes
separating two languages in the genealogical tree
via their lowest shared ancestor node; the Turkic
language tree was based on the reconstruction by
Savelyev and Robbeets (2020). Lexical similar-
ity was derived from the Swadesh-based estimates
in Lindsay (2010). Weighted trigram frequency
overlap was computed as a proxy for phonotac-
tic similarity by extracting IPA-based character
trigrams from size-normalized corpora, retaining
frequent trigrams, and comparing their frequency
counts across language pairs using weighted Jac-
card similarity (Niwattanakul et al., 2013). We also
computed a vowel harmony index for each training
dataset following Harrison et al. (2004) and derived
difference in the vowel harmony index between
source and target languages. Finally, we correlated
CE loss, AUC, and ROC with these predictors to
evaluate which dimensions of linguistic similarity
best account for model convergence across Turkic
language pairs.

4 Results

Across experiments, CE loss broadly aligned with
MI gradients: closer Turkic pairs showed smaller
loss spikes, faster convergence, and lower training
loss. Transfer was better from Kyrgyz to Kazakh
than to Turkish, from Turkish to Azerbaijani than to
Kazakh, and from Uyghur to Uzbek than to Kazakh,
as shown in Figure 1. Although these differences
were modest, they preserved the expected MI order-

ing, suggesting that CE loss is sensitive to different
degree of overlap across Turkic pairs, with lower
CE loss observed for closely related pairs within the
same branch, such as Kazakh–Kyrgyz within the
Kipchak branch, Turkish–Azerbaijani within the
Oghuz branch, and Uzbek–Uyghur within the Kar-
luk branch. Most importantly, the models appear
to exhibit sensitivity to directional asymmetries be-
tween language pairs. For instance, Kazakh seems
to converge to Kyrgyz more slowly than Kyrgyz con-
verges to Kazakh, with similar patterns observed
for Azerbaijani < Turkish and Uzbek < Uyghur.
In addition, Turkish appears to be the least advan-
tageous target language for most source models,
whereas Uzbek shows the opposite pattern, serving
as the most advantageous target language across
all five source models. Finnish yielded the highest
test loss in all transfer directions, consistent with
its genealogical distance from the Turkic languages.
We also correlated CE loss with cophenetic distance
and lexical similarity. The correlations were posi-
tive but non-significant, tentatively suggesting that
more cophonetically distant pairs may incur higher
loss. Differences in the vowel harmony index and
trigram frequency overlap did not yield systematic
patterns.

As predicted, the AUC pattern was qualitatively
lower for closer language pairs and for pairs with
greater lexical overlap, as shown in Figure 2. Asym-
metric patterns between language pairs are also
evident in this plot, and these patterns are the
same as those discussed above: Kyrgyz < Kazakh,
Azerbaijani < Turkish, and Uzbek < Uyghur. Dif-
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Figure 3: The ROC over 2000 steps of training plotted against cophenetic distance between language pairs and the weighted
trigram frequency overlap.

ferences in the vowel harmony index did not show
a consistent relationship with AUC across language
pairs; a similar pattern was observed for trigram
frequency overlap as well. In contrast, greater lan-
guage distance appears to predict greater learning
change: more cophenetically distant pairs show
higher ROC, whereas pairs with greater trigram
overlap show lower ROC, as shown in Figure 3.
Unlike CE loss and AUC, ROC captures early-stage
adaptation during training, suggesting that the rate
of change may provide an additional indicator of
model performance.

5 Discussion

Our results suggest that character-level LSTM mod-
els trained on naturalistic text can broadly capture
MI patterns within the Turkic family. Across exper-
iments, more closely related pairs generally showed
lower CE loss and smaller AUC, consistent with
greater cross-lingual generalizability. This suggests
that even a relatively simple and scalable modeling
approach can track MI gradients from phoneme-
level distributional patterns in naturalistic text. The
results also suggest that multiple dimensions of lin-
guistic similarity may contribute to model-based MI
patterns. We tested several possible predictors of
model convergence. Overall, lexical similarity, tri-
gram overlap, and cophenetic distance appeared to
be the most informative predictors: models showed
better transfer when languages shared more lexical
and local phonotactic structure and when they were
genealogically closer. In contrast, differences in

vowel harmony index did not show a systematic
relationship with the model metrics, suggesting that
variation in the degree of vowel harmony does not
have a strong effect on model performance in this
setup.

The Finnish results further support the impor-
tance of genealogical relatedness. Although Finnish
shares some typological properties with Turkic
languages, such as agglutinative morphology and
vowel harmony, it consistently produced the highest
test loss across transfer directions. The models also
appear to be sensitive to directional asymmetries
between language pairs, suggesting that transfer is
not simply determined by overall pairwise similar-
ity. Instead, some source languages provide more
advantageous transfer than others, even within re-
lated pairs. Of the measures we used to assess
learning, ROC showed the clearest systematic pat-
tern, with more distant pairs showing higher rates
of change during the early stages of training, while
pairs with greater trigram overlap showed lower
ROC. This suggests that ROC may capture early-
stage adaptation when the model encounters less
familiar phoneme-sequence patterns.

Taken together, these findings suggest that
character-level CE loss, AUC, and ROC can ap-
proximate MI patterns across Turkic languages,
especially when similarity is grounded in lexical
overlap, local phonotactic overlap, and historical
relatedness. Ongoing collection of native-speaker
MI judgments will allow us to test whether human
speakers perceive these similarity and asymmetry
patterns in the same way as the models.
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