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Abstract

The Abkhaz-Adyghe and Nakh-Daghestanian language families encompass 35 living languages that possess
arguably the most complex modern Cyrillic orthographies due to their very sophisticated phonology. The relevant
online data displays idiosyncratic patterns among which the use of confusable characters in input methods is the
most prevalent. This work studies one such character—letter palochka—that is shared by most of the writing
systems in question. We investigate whether patterns including variants of this character can act as markers
of these languages in large-scale web-crawled data. We use GlotLID, a wide-coverage off-the-shelf language
identification (LID) model, to label paragraph-level web text that contains a palochka confusable, and estimate the
effect of confusable character normalization on the quality of GlotLID’s predictions in 14 supported North Caucasian
languages. According to GlotLID, the normalization significantly increases the recall (discovery of new language
data) for some languages, while degrading it for others. However, manual evaluation reveals that overall, only 41%
of ensuing wins and 46% of losses are accurate due to GlotLID prediction errors. We argue that, despite finding
useful signals, higher precision LID approaches tailored to these long-tail languages are needed to improve the
quality of mined data.

Keywords: endangered languages, language identification, homoglyphs, data mining, North Caucasus

1. Introduction cluding setting thresholds on language identifica-
tion (LID) confidence to retain text (Kudugunta

Large web-crawled text corpora in the Cyrillic €t al., 2023; Kargaran et al., 2024). The qual-
script are becoming increasing|y important as |ty and coverage of the LID models therefore be-
large natural language models are extended to ~ come important factors, influencing the quality of
cover lower-resource languages (Krsteski et al., mined text. For long tail languages, LID model
2025; Kuzhuget et al., 2024; Togmanov et al., performance is often degraded due to the paucity
2025; Isbarov et al., 2025). For long tail languages, ~ ©f training data in those languages. Additionally,
web-crawled sources offer a valuable alternative ~ When identifying minority languages in large web-
to traditional hand-curated datasets, which canbe ~ crawled datasets, the quality of the data itself mat-
challenging to curate due to a scarcity of linguis-  ters and investigations into the classes of dataset
tic expertise and limited access to native speak-  N10ise become of paramount importance (Caswell
ers (Caswell et al., 2020; Bapna et al., 2022). Ad- et al., 2020).

ditionally, web data may play a particularly im- This paper investigates one type of noise in
portant role in the preservation and revitalization  Cyrillic script text that can also potentially serve
of endangered languages with Cyrillic writing sys-  as a marker for low-resource orthographies: con-
tems, which often suffer from a limited online pres-  fusable characters. We consider the writing sys-
ence (Nikitina et al., 2019; Arkhangelskiy, 2019;  tems from the North Caucasus used to write over
Yankovskaya et al., 2023; Rueter et al., 2024). This  thirty languages from the Nakh-Daghestanian and
last point has been emphasized even for the lan- ~ Abkhaz-Adyge language families (Daniel and Lan-
guages with federal republican status within the  der, 2011; Chumakina, 2017), which we describe
Russian Federation, such as Buryat, for whichthe  in Section 2. In this paper, we choose to focus
relatively large number of native speakers does not ~ on arguably the most salient common orthographic
correlate with the amount and quality of online lan-  feature' of these writing systems — the Cyrillic let-
guage material (Khilkhanova, 2019; Zhanaev and
Poted, 2019). While sociolinguists often rely on
social media data, general web-crawled corpora 1cher Ietters_ and their confusable variants may also
can provide a wider range of language data from provide useful signals. For example, standalone breve

. . - ) _ (U+02D8) is found in the PanLex Swadesh list for the en-
2;:2Sc:\rl]?erzeosyc;illjlzgeosr’tﬁgg?ggﬁ:gsmC|Udmg under dangered Rutul language (Kamholz et al., 2014). Origi-

nally an element of Abkhaz orthography it is now obso-
To reach adequate quality levels of harvested lete but can be found in web crawls. We defer investiga-
data, aggressive filtering is typically applied, in- tion of this and other such phenomena to future work.
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ter palochka (U+04C@) and its lower-case variant.?
This letter was introduced to the Unicode standard
in 2006. Prior to that, it was often represented
by the capital Latin letter / or the digit 7 in key-
boards used to type the Cyrillic orthographies of
North Caucasus languages, such as Abaza (Ko-
shevoy et al., 2023). As we show in Section 3, sev-
eral additional confusable characters are actively
used as proxies for palochka, most likely due to the
scarcity of native input methods. These and other
similar confusable characters have been cited as
adversely affecting the quality of LID and machine
translation models for long-tail languages (Caswell
et al., 2020; Bapna et al., 2022).

Our experiments in Section 4 investigate the
following research questions:
RQ1: How sensitive are modern, wide coverage
LID models to the noise introduced by confusable
characters? For this purpose, we focus on the
GlotLID v3 model, which is trained to identify
over 2,000 language-script labels and covers 14
languages belonging to the language families of
interest (Kargaran et al., 2023).> The answer to
this question is not obvious because within this
group of 14 vulnerable or endangered languages,
we expect a strong a priori imbalance in the
amount of labeled training data available to the
LID model.
RQ2: Can confusable character normalization
increase the recall for languages in question? In
other words, will orthographic noise reduction lead
to the discovery of new data in these languages?
RQ3: How sensitive is LID model precision
for endangered North Caucasian languages to
confusable character normalization? Can the
cases when the model stops predicting one of
the languages in question post-normalization be
considered a reduction in the false positive rate,
or an increasing of the number of false negatives?

Since there is no hand-labeled test set available
for the experiments described above, we rely on
the metadata of the original web documents where
possible, as well as manual curation.

2. Background

Cyrillic Script From the early days in the 1960s,
the computing standards for representing Cyrillic
character sets have co-evolved with the Latin script
standards from initial 7-bit and later 8-bit repre-
sentations. This has been attributed to the simi-
larity and relative simplicity of the two scripts as

2The official orthography of Abkhaz is the exception
in not employing palochka (Hewitt, 2010). However, as
we show in Section 4, paragraph-level LID can assign
spurious Abkhaz labels to such data.

Shttps://github.com/cisnlp/GlotLID
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well as a considerable degree of cooperation be-
tween various international standardization bodies
at the time (Ross, 1984; Hopkinson, 1984; Clews,
1988). This gradual evolution led to the first 16-
bit versions of the Unicode standard being able
to encode major Cyrillic writing systems that in-
cluded Bulgarian, Belarusian, Macedonian, Rus-
sian, Serbian and Ukrainian (Parry, 1991; Clews,
1991; Haralambous, 2007). Beyond these and
other well-resourced languages that also include
the major languages of Russian Federation and
Central Asia, such as Kazakh, Kyrgyz, Mongo-
lian, Tatar and Tajik, there is a rich and lin-
guistically well-explored orthographic landscape of
many more lesser-resourced languages utilizing
Cyrillic script (Musajev, 1965). Modern estimates
place the number of living languages within the
Russian Federation alone at somewhere between
150 (Alpatov, 2000) and 155 (Koryakov et al.,
2022), the majority of which are in various states
of endangerment (Kraeva and Guermanova, 2020;
Gruzdeva, 2022). At the same time, the Cyrillic
portion of the Unicode standard has been continu-
ously evolving to accommodate some of these or-
thographies, both living and historic (Miller, 2021;
Manulov, 2022; Anderson, 2023), with some writ-
ing systems still unaddressed (Roncero, 2021).

Writing Systems of North Caucasus We in-
vestigate the languages from Abkhaz-Adyge
(Northwest Caucasian, or NWC)* and Nakh-
Daghestanian (Northeast Caucasian, or NEC)®
language families. These two language fami-
lies encompass languages with typologically id-
iosyncratic features of phonology, morphology and
syntax that make them an important subject of
linguistic studies, with some researchers calling
North Caucasus “Europe’s linguistically most ex-
otic area” (Daniel and Lander, 2011). For exam-
ple, according to Chirikba (2016), the phonemic
inventory of Ubykh, a recently extinct NWC lan-
guage, has close to eighty consonants while only
possessing three vowels, while Babaliyeva (2023)
mentions 44 grammatical cases in Tabasaran, an
NEC language.®

There are presently 37 ISO 639-3 language
codes allocated to the languages from these two
families, shown in Table 1. Five languages are in
the NWC family and the remaining languages are
in the NEC family. Of these, the NWC Ubykh and
NEC Aghwan are now extinct. Despite their endan-
gered status, there is plausibly still non-negligible
amounts of text in these languages present on the

*https://glottolog.org/resource/
languoid/id/abkh1242

Shttps://glottolog.org/resource/
languoid/id/nakh1245

8This traditional view of the case system in NEC lan-
guages is contested by Comrie and Polinsky (1998).
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https://glottolog.org/resource/languoid/id/abkh1242
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Code Name Family Code Name Family
abk  Abkhaz NwWC inh Ingush NEC
abq Abaza NWC kap Bezhta NEC
ady  Adyghe NwWC kbd Kabardian NWC
agx Aghul NEC khv Khwarshi ~ NEC
akv Akhvakh ~ NEC kij NEC
ani Andi NEC kpt Karata NEC
aqc Archi NEC kry NEC
ava Avar NEC kva Bagvalal NEC
bbl NEC lbe  Lak NEC
bdk NEC lez  Lezgian NEC
bph  Botlikh NEC rut  Rutul NEC
che  Chechen NEC tab  Tabasaran NEC
cji Chamalal NEC tin Tindi NEC
dar Dargwa NEC tkr  Tsakhur NEC
ddo  Tsez NEC uby Ubykh NWC
gdo Godoberi  NEC udi NEC
gin Hinug NEC ugh Kubachi NEC
huz Hunzib NEC xag  Aghwan NEC
e e . xdq Kajtak NEC

Table 1: The NEC and NWC languages of interest
classified as either vulnerable (default), definitely
endangered (blue), severely endangered ( )
or extinct (red) by UNESCO (Moseley, 2010).

Web (for example, in the form of lexicographic dic-
tionaries), that either get filtered out by crawlers or
misclassified by LID filters, due to poor support of
NEC and NWC languages by current LID models.

The NEC and NWC alphabets with official sta-
tus in the Russian Federation use the Cyrillic script.
As we mentioned in the Introduction, the presence
of the palochka letter is typically indicative of or-
thographies of these languages, where depending
on the language, it modifies the preceding con-
sonant, marking it as ejective or pharyngeal, or
serves on its own as a glottal stop (Daniel and Lan-
der, 2011). Since usage as a modifier letter is very
common, the palochka letter is found in many di-
graph and trigraph letters of NEC and NWC writ-
ing systems that possess very complex consonan-
tal inventories.” For example, in Kubachi orthog-
raphy, the native word for the Kubachi language
is written “Tlyrs6yran” and the word for “hen” is
“rlarla”, upper- and lower-case examples of the
standalone digraph “rI” that includes palochka and
represents the [?] pharyngeal plosive.

The NEC family also includes unwritten lan-
guages. This situation is changing since new
Cyrillic script-based orthographic proposals for
previously unwritten languages have constantly
emerged in Dagestan and beyond since the late
1990s (Ataev, 2015). Additional complexities arise
when unwritten languages are spoken outside of
the predominantly Cyrillic script area. For exam-
ple, the NEC language Bats (closely related to

"The Kabardinian Cyrillic orthography includes a sin-
gle tetragraph “xxwy” representing [qx "] sound, while the
recently proposed orthography for Archi contains the
tetragraph “xxsI” representing [x:*] (Chumakina et al.,
2007).
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Name Unicode Visual
CYRILLIC CAPITAL LETTER BU I U+0406 I
CYRILLIC SMALL LETTER BU I U+0456 i
DIGIT ONE U+0031 1
GREEK SMALL LETTER IOTA U+03B9 L
LATIN CAPITAL LETTER I U+0049 I
LATIN SMALL LETTER I U+0069 i
LATIN SMALL LETTER IOTA U+0269 L
LATIN SMALL LETTER L U+006C 1

Table 2: The set of confusable character Unicode
code points and corresponding visual form. We
abbreviate BYELORUSSIAN-UKRAINIAN as BU to
preserve space.

Chechen and Ingush) is spoken across the bor-
der in Georgia and historically has been heavily
influenced by the Georgian language of the unre-
lated Kartvelian family (Gippert, 2008). The pro-
posed Bats writing systems therefore include ones
based on Georgian, Cyrillic and even Latin alpha-
bets. Similarly, tentative Latin and Cyrillic script-
based orthographies were mentioned for the NEC
language Kryz from a Lezgic branch spoken in
Azerbaijan (Clifton et al., 2005). In addition to
digraphia, the written material in such languages
may borrow the orthography of a larger language
spoken in the area, which further complicates min-
ing for such data.

Confusable Characters Due to the visual simi-
larity between some characters of Latin and Cyril-
lic scripts, these confusable characters often ap-
pear in web-crawled data. The security threats
due to these characters, or homoglyphs, are ac-
tively studied in the cybersecurity field (Gabrilovich
and Gontmakher, 2002; Holgers et al., 2006; Deng
et al., 2020; Wang et al., 2024). More recently,
the effects of confusable characters on the perfor-
mance of large language models (LLMs) have also
been investigated in the context of preventing the
misuse of Al-generated text (Boucher et al., 2022;
Kirchenbauer et al., 2023; Creo and Pudasaini,
2025; Cooper et al., 2025). In the next section we
explore the various confusable characters used as
a proxy for palochka in a large web-crawled corpus,
and describe our initial investigation of LID for NEC
and NWC languages.

3. Preliminary Glance at the Data

For this preliminary investigation we chose to
search for the NEC and NWC languages using
palochka confusable characters as a marker in
MADLAD-400, which is a general domain multilin-
gual dataset based on CommonCrawl that spans
419 languages (Kudugunta et al., 2023). The
dataset has two partitions: a 5 trillion token noisy
dataset, which is the dataset obtained after apply-
ing document-level LID but before any filtering, and
a 3 trillion token clean dataset, which has a wider



variety of filters applied, including some based on
the document-level LID. Since we are interested in
languages mostly outside the set of MADLAD-400
LID labels, we chose to explore the noisy parti-
tion for our experiment. Furthermore, in our analy-
sis in this section we follow a manual paragraph-
level LID process for NEC and NWC languages
using the source document metadata, online lexi-
cographic dictionaries and similar contextual clues,
where possible.

Palochka Variants Table 2 presents the set of
eight characters that in our experiments serve as
a proxy for palochka, lower- and upper-case vari-
ants. It consists of diverse characters with vary-
ing degrees of visual confusability with the origi-
nals. The set was assembled after inspecting var-
ious data sources. Two characters in the list (the
two variants of Latin letter I) belong to the set of
genuine homoglyphs maintained by the Unicode
Consortium (2025).2 These characters along with
the Digit 1 letter are still widely found in NEC and
NWC language web pages, typically but not exclu-
sively originating from the autonomous republics
of the Russian Federation where these languages
are spoken. We also included rarer characters
such as Greek and Latin variants of letter /ota that
can be found in electronic lexicographic dictionar-
ies and Swadesh lists for a multitude of NEC and
NWC languages such as PanLex (Kamholz et al.,
2014).°

Basic Method We employ a simple pipeline con-
sisting of two steps: The first step splits MADLAD-
400 documents from the noisy set into para-
graphs using newline separators. The second step
selects the relevant paragraphs. We denote the
set of confusable variants of palochka described
above Y. In order to retrieve paragraphs that pos-
sibly belong to the languages of interest recorded
using input methods that employ elements of Y,
we searched for paragraphs that contain at least
one token consisting entirely of Cyrillic script let-
ters combined with the elements of Y. Concretely,
such tokens should contain at least one sub-string
(x1,Y,%),x; € Xandy € Y, where X is the set
of all Unicode Cyrillic lowercase letters.'®

Resulting Signal Splitting the noisy MADLAD-

400 documents by newline characters and filter-
ing to those with a palochka confusable charac-

Shttps://www.unicode.org/Public/
security/latest/confusables. txt
Shttps://db.panlex.org/

"We ignore uppercase letters for left and right context
in this paper. Our filter misses all the uppercase words
(such as titles) from NEC and NWC text but at the same
time has better precision because palochka variants in
lowercase Cyrillic context are more likely to occur for lan-
guages of interest in general multilingual corpus.
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ter yields 446,356,076 paragraphs. As we show
later in this section, only a small proportion of
these paragraphs belong to the NEC/NWC lan-
guages. In addition to the low-quality data, such
as spam and unnatural text, the filter triggers on
valid text in unrelated languages whose orthogra-
phies permit tokens that pass the palochka filter. In
particular, the Ukrainian, Belarusian, Kazakh and
Rusyn Cyrillic writing systems because two of the
palochka variants in Table 2 (the two versions of
Ukrainian-Belarusian Letter I) are valid characters
in their orthography. As we show in Section 4, ap-
plying a paragraph-level LID filter prunes out the
majority of these original paragraphs resulting in a
significantly smaller set of candidate paragraphs.

After removing the paragraphs that belong to
the documents with MADLAD-400 language labels
corresponding to the four orthographies resulting
in false positives described above, we obtained a
text sample that likely belongs to NEC and NWC
languages, but still includes some unrelated lan-
guages as well. Some examples of sample sen-
tences in 12 languages from this set are shown
in Table 3, where the snippets from the resulting
paragraphs with the confusable characters high-
lighted in red are shown along with the manual lan-
guage assignment.!’ The two examples shown in
the table belonging to Turkic languages—Bashkir
and Southern Altai—highlight the false positives in
our set. Neither language has the letter palochka
in its orthography and the confusable characters in
these examples are likely artifacts of inadequate
input methods. In the Bashkir example, in addi-
tion to the actual false positive palochka instance
(represented as digit one), there are two further
non-orthographic characters (digits two and three)
that indicate problems with the document encod-
ing. The analysis for this case is provided in Ta-
ble 4.

Document-level LID MADLAD-400 supports
five out of the 35 living NEC and NWC languages
shown in Table 1: Adyghe, Avar, Chechen,
Kabardian and Tabasaran. For the snippets of
NEC and NWC languages in Table 3, considering
the manual language assignments in the third
column as the truth, we observe that paragraphs
belonging to four languages from the above set
match the document-level language labels in
the sixth column. For paragraphs in languages
outside of the supported set, the model tended to
assign the document to languages in the same
family. So, for instance, Lezgin paragraph gets
the Tabasaran label, which is expected as both
languages reside in the Lezgic branch of NEC

""We located the source web documents and iden-
tified the languages from the context. For example,
the Rutul sentence comes from bilingual Rutul-Russian
newspaper https://rutnov.ru/.


https://www.unicode.org/Public/security/latest/confusables.txt
https://www.unicode.org/Public/security/latest/confusables.txt
https://db.panlex.org/
https://rutnov.ru/

Sample Sentence Char(s) Manual Language Assignment ~ Document
Language Code Family Language

VaznpipriBaHa aMapTaHKBa rbaXkbbiTa pacanlna 6anana fipipumya iianaratl  U+0049  Abaza abg NWC  Avar

Kb36ap ryxakIbi63 Kb33bIXbbIP3 Y3 U+0049 Adyghe ady NWC  Adyghe

Xlartapuc XIybIMar garyaypait Xbe apainb. U+0049 Aghul agx NEC Russian

By ypeaysn yperepre Gonyurkar ynye KOPKVIIL KOT OHBT HOTO30, U+0031 Southern Altai alt Turkic Southern Altai
ya3biH lermec. OHYoroprolaaH GbIiiaH.

CaJlaTaBMsUTbY/ JUaeKTaIby/Ib TYPKasy/IryH srbaparl parlabu U+0049 Avar ava NEC Avar

V3bITHIY ThIy1aH TeJ/9 ablll GapbUIFaH MOKTONTIP2€EH, 2-Ce KIachl U+0031 Bashkir bak Turkic Bashkir
©COH 6aI30pT (I9Y/I9T) TEJI€HdH 11l IIporpaMmMahbl.

Inn yybpuy 601aHeXb TablHa CcajiH JeKXHaNI a rym! U+0049 Chechen che NEC Chechen

Ba nmaremyuepcu maprat, Myx6up xlem appykupu? U+0049 Dargwa dar NEC Avar

Bepp IOpr sixa oarlyB ykxasaxba XbOKastbit U+0049 Ingush inh  NEC Chechen

I IsHbIrbanlxsp urbamls nﬁaﬂuapa TOIICI'bBIXb L IBIXYMP3 ap U+0049 Kabardian kbd NWC Kabardian
KbI3bIyXbyPEUXb TyHEHMPS 5 ICIKID

I"bMHTHan KIupuimBy Maxb Jimpulcca, KIMHTHWI 3aMrbapay U+0049  Lak lbe NEC Avar
6aii6uiH 6yBacca CCyTHWI IbaHTPU Xac GyBapa 3yia ...

HyrbaTpuH, PaxyHpHH KbeT | eHBMIepyu3 KWIUTHA JIe3ry ulan myp, U+0031 Lezgin lez NEC Tabasaran
HapeuMeny3 naii xe3Ba

T'pabuiite Ajutarbaxbzie AMIEr Tbabapa, UKBA 1 pliyKiIaa ruryobip U+0031 Rutul rut  NEC Avar
Ibab, Xbyp.

Xanalrbmaz yomskuii, I{lalXHM XMBBIH JAKETbUIEp. U+0049 Tsakhur tkr NEC Avar

Table 3: Sample of MADLAD-400 Cyrillic sentences in different orthographies with highlighted palochka
confusables. The twelve NEC and NWC manually identified languages shown here are classified as
either definitely endangered or vulnerable. The MADLAD-400 document language labels are shown in

sixth column.

Original text

Corrected text

BAITKOPTOCTAH PECITYBJIMKA*BIHBI4M(!APVI® MUHVCTPJIBI!bI
MP H(PM(K(M PAVIOHBIHBI4 M(!APU® VI APAJIBI!BI

TAPKA2BI AVBIIBI YPTA BEJIEM BUPEY M(KT(BE

@®(HHU- TUKIIEPEHEYJIIE

Tapka2sl xan3sl TenM9peH9 dpaseonorn3amaap2bl 3yJuiaHbly.
Homunaums “Bam3opr Tene 89m 92961u9te”

BAII'KOPTOCTAH PECITYBJIMKARBIHBIH MoFAPV® MUHUCTPJIbIFbL
MP I9PMOKOI PAMOHBIHBIH MOFAPH® WIAPAJIBIFBI

TAPKA3bI AYbIJIbl YPTA BEJIEM BMPEY MOKTOBE

®OHHU- TUKIIEPEHEYJIIE

TapKa3bl XaIKbl TeIMOPEHS HPa3eonorn3Maap3bl Ky/UIaHbly.
Homunauus “Bamrkopr tesne ham a396uare”

Table 4: Snippet of badly encoded Bashkir text from an essay in Microsoft Word™. The corrupted
glyphs are highlighted in red on the left-hand side of the table, the hand-corrected versions are high-
lighted in blue on the right-hand side. "Source: https://nsportal.ru/ap/library/drugoe/2019/01/
06/ispolzovanie-frazeologizmov-v-rechi-zhiteley-s-tarkazy.

family, while Ingush gets labeled as Chechen.
The behavior of the model, however, is more
nuanced because the assignment to the closest
language is not always followed. For example, Lak
and Dargwa paragraphs get labeled as Avar — all
NEC languages, but not closely related. Another
example is the paragraph in Tsakhur, which is also
labeled as Avar even though one might expect
Tabasaran, since it is closer phylogenetically. In a
more problematic scenario, some sentences get
labels from different language families, e.g., the
snippet in Abaza, an NWC language, is labeled
as Avar from the NEC family.

Identifying the out-of-domain languages and es-
timating the amount of available language data
is difficult because in the absence of a reliable
paragraph-level LID model with enough coverage,
the manual process described above is not scal-
able. In the next section, we investigate improve-
ments to our pipeline involving the incorporation of
a paragraph-level LID filter with wider coverage of
NEC and NWC languages, and study the behavior
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of such a paragraph-level model in the presence
of palochka variants.

4. Experiments and Discussion

The following analysis examines the interplay be-
tween the palochka variant characters and an LID
model. Unlike the prior mostly manual inspection
procedure to check for the presence of useful NEC
and NWC language signals described in Section 3,
our method here uses a wide coverage document-
and paragraph-level LID model and examines a
significantly bigger corpus.

The Dataset and LID Model For the main body
of experiments we use DCAD-2000 (Shen et al.,
2025) — a recently introduced large-scale mul-
tilingual corpus which is significantly larger than
MADLAD-400, contains more recent crawls from
CommonCrawl and includes the other multilingual
sources such as FineWeb-2 (Penedo et al., 2025)
and MaLA (Lin et al., 2024). Crucially, the dataset
covers 2,282 document-level language-script LID
labels produced by GlotLID (Kargaran et al., 2023),


https://nsportal.ru/ap/library/drugoe/2019/01/06/ispolzovanie-frazeologizmov-v-rechi-zhiteley-s-tarkazy
https://nsportal.ru/ap/library/drugoe/2019/01/06/ispolzovanie-frazeologizmov-v-rechi-zhiteley-s-tarkazy

which is a LID model using fastText architec-
ture (Joulin et al., 2016). The subset of NEC and
NWC languages supported by GlotLID consists of
14 Cyrillic writing systems. There are four NWC
languages — Abaza (abq), Abkhaz (abk), Adyghe
(ady), Kabardian (kbd) — and ten NEC languages
— Aghul (agx), Avar (ava), Bezhta (kap), Chechen
(che), Dargwa (dar), Ingush (inh), Lak (1be), Lez-
gin (lez), Tabasaran (tab) and Tsakhur (tkr).
This LID model has the widest NEC and NWC lan-
guage coverage known to us, and thus we choose
it as a default model in our experiments. We
use the default GlotLID model, and set k = 5 for
top-k label extraction with a minimum hypothesis
probability of 0.01 in the model decoding hyper-
parameters.

Similar to experiments in Section 3 where the
noisy MADLAD-400 subset was used, below we
operate on the unfiltered union of keep and re-
move DCAD-2000 subsets. We hypothesize that
the set of documents discarded by DCAD-2000 fil-
ters contains valuable data from NEC and NWC
languages. Some of these documents may have
been filtered by mistake, as the presence of con-
fusable letters may have caused the removal filters
to trigger, but also possibly due to poor LID.

Gauging the Amount of Useful Signal Ap-
plying the palochka confusables filter from Sec-
tion 3 to DCAD-2000 data yields 762,639,585 para-
graphs of text in various writing systems that con-
tain at least one Cyrillic token with palochka vari-
ants, which is nearly double the number of para-
graphs extracted using the same technique from
the MADLAD-400 corpus in Section 3. This set in-
cludes 1,574,518 paragraphs where the majority
script of that paragraph’s constituent tokens is not
Cyrillic. We filter out these paragraphs, which in-
clude text in 156 unique scripts (including the ISO
15924 script code Zzzz for uncoded script). We
further filter the resulting set to exclude 15,129,549
short snippets consisting of less than three tokens,
since such short sequences adversely affect LID.

According to paragraph-level GlotLID predic-
tions 98.7% of the remaining 745,935,518 para-
graphs belong with high confidence to Cyrillic
writing systems where the palochka filter trig-
gers on valid orthographic tokens. These writ-
ing systems are the relatively high-resource Be-
larusian, Kazakh, Ukrainian and (low-resource)
Rusyn orthographies mentioned in Section 3. Af-
ter excluding these paragraphs, the remaining
9,433,217 paragraphs contain some proportion of
paragraphs in NEC and NWC languages that in-
clude tokens with palochka letter variants. In addi-
tion, this set also includes paragraphs in unrelated
Cyrillic writing systems that include false positives
due to typos, bad data encoding, inadequate input
methods or malicious content as demonstrated by
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the Bashkir example in Table 4. Finally, this also
includes some instances of Belarusian, Kazakh,
Ukrainian and Rusyn that have been mis-classified
as other languages.

The paragraph-level GlotLID predictions for
NEC and NWC languages include 1,628,526 para-
graphs in 14 languages as shown in the first
and second columns of Table 5. Among the re-
maining 7,799,786 paragraphs in unrelated lan-
guages the top five high-frequency entries in the
language list are Russian (rus), “Undetermined”
(und), Old Russian (orv), Komi-Zyrian (kpv) and
Bulgarian (bul) Cyrillic orthographies, where “Un-
determined” refers to cases when GlotLID failed to
assign a label. The palochka letter is not part of the
last three writing systems in the list and does not
feature in the orthography of modern Russian, but
may be present in Russian paragraphs that feature
NEC or NWC language code-switching. Additional
signal may potentially be found among paragraphs
with “Undetermined” label.

Filter Precision and Recall The application of
LID after the palochka variant filter serves to sep-
arate the true positives (1,628,526 paragraphs)
from the false positives in unrelated languages
(7,799,786 paragraphs), yielding the palochka vari-
ant filter precision of 17.3%. Computing the corre-
sponding filter recall requires a different pipeline,
where LID is applied before the variant filter. This
recall-specific pipeline yields a comparable num-
ber of true positives and significantly higher num-
ber of false negatives resulting in a low recall value
of 7.4%.'> The detailed analysis of the recall
pipeline is provided in Appendix A.

Normalization of Palochka Variants The nor-
malization pipeline is a straightforward extension
of the palochka variant filters from Section 3:
the input text is split into paragraphs, followed
by the search for palochka variants in Cyrillic to-
kens. The additional step required for normaliza-
tion involves the context-dependent rewrite rule
that maps these palochka variants y from the set of
variants Y (from Table 2) surrounded by lowercase
Cyrillic letters to some canonical representation
¥, which we set to Cyrillic Small Letter Palochka
(U+04CF).

The differences in paragraph-level best hypoth-
esis GlotLID performance before and after normal-
ization of palochka letter variants are shown in Ta-

2The high number of false negatives in this scenario
is not surprising. If the LID prediction is indeed correct it
is not necessarily the case that the particular NEC/NWC
language paragraph in question must necessarily use
letter palochka or its variants. For example, as we men-
tioned earlier, there are not supposed to be instances of
palochka in Abkhaz orthography, yet we observe a small
number of such instances.



Paragraphs o - . Lengths

Lang. Before After Change (%) Wins Losses Identity = Same Group 2

abk 6008 6340 5.237 1118 930 4210 5078 4.25 50.71
abq 14326 11676 —18.498 11 854 11646 13472 28.2 741.25
ady 136143 136359 0.158 148 112 131119 136031 33.09 2822237
agx 8008 7462 —6.818 39 112 7258 7896 33.79 1473.21
ava 248123 257840 3.769 4261 111 247990 248012 33.92 1425.24
che 567 820 564611 —0.565 539 2497 563142 565323 36.72 2330.68
dar 21023 20822 —0.956 135 153 20551 20870 36.2 989.31
inh 76985 75579 —1.826 883 2054 73 856 74931 108.33 164 566.24
kap 534 167 —68.727 15 21 137 513 6.87 247.65
kbd 396096 397616 0.382 2407 736 390027 395360 27.51 1043.34
lbe 46 895 47248 0.747 537 253 46 065 46 642 35.99 1629.85
lez 72183 70204 —2.742 304 627 69415 71556 41.71 2495.88
tab 33448 33754 0.907 255 151 32722 33297 40.94 1171.15
tkr 934 884 —5.353 16 21 807 913 26.98 729.09
All 1628526 1630562 0.125 10668 8632 1598945 1619894 37.18 11927.56

Table 5: Summary of top LID prediction differences for NEC and NWC languages in DCAD-2000 before

and after the normalization of palochka variants.

Lang. Size Before After t-test

N H o2 CclI- cIt U o2 CclI- cCIt t-stat p-val
abk 4210 0487 0.093 0478 0.496 0.521 0.093 0.512 0530 —5.133 2.908e—7
abq 11646 0964 0.010 0962 0966 0.798 0.061 0.793 0.802 67.500 0.0
ady 131119 0.759 0.066 0.758 0.761 0.759 0.065 0.757 0.760 0.641 0.521
agx 7258 0.878 0.056 0.872 0.883 0.863 0.064 0.857 0.869 3.571 0.0
ava 247990 0961 0.020 0.960 0.961 0.990 0.004 0989 0990 -93.649 0.0
che 563142 0.984 0.008 0984 0.984 0981 0.010 0.981 0.981 18.741 2.338e—-78
dar 20551 0.857 0.045 0.854 0.859 0.851 0.046 0.848 0.854 2491 0.013
inh 73856 0.869 0.064 0.867 0.871 0.866 0.066 0.864 0.868 2.273  0.023
kap 137 0544 0.095 0492 059 0.489 0.080 0.441 0.537 1.542 0.124
kbd 390027 0935 0.032 0934 0935 0940 0.031 0940 0941 —-13.123 2.469e—-39
lbe 46065 0.851 0.047 0.849 0.853 0.857 0.044 0.856 0.859 —4.565 4.999e—6
lez 69415 0.889 0.036 0.887 0.890 0.875 0.042 0.874 0.877 12.792  1.899e-37
tab 32722 0929 0.039 0927 0932 0942 0.032 0940 0943 —-8.313 9.522e—17
tkr 807 0.629 0.101 0.607 0.651 0.636 0.098 0.614 0.657 —0.419 0.675

Table 6: Differences in top LID prediction confidences before and after normalization for the cases when
the same language is predicted. The second column indicates the size of the population (N) that cor-
responds to the seventh column named “Identity” in Table 5. The cases when normalization results in
increased prediction confidences are marked in blue, the confidence degradations are marked in red.

ble 5. For each language the number of para-
graphs is shown before and after applying the nor-
malization. The percentage increase or decrease
in the paragraph count is indicated in the “Change”
column. The counts for the cases when the top
post-normalization prediction changes from the
unrelated language to the language in NEC or
NWC families (e.g., from Russian to Chechen) are
provided in the “Wins” column. Conversely, the
counts of cases when the top pre-normalization
prediction switches from an NEC or NWC lan-
guage to a language from an unrelated family
(e.g., from Kabardian to Karachay—Balkar) are in-
dicated in “Losses” column. The column “lden-
tity” provides the counts for the cases when top
language prediction is not affected by normaliza-
tion. The “Same Group” column provides accu-
mulated counts for the cases when both the pre-
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normalization and post-normalization top hypothe-
sis belongs to either NEC or NWC language fam-
ily (e.g., Avar changes to Ingush). Finally, the
“Lengths” column provides statistics on paragraph
lengths.

As can be seen from Table 5, overall the ef-
fects of normalization are positive but minor result-
ing in just 2,036 new sentences for the 14 lan-
guages in question. These effects vary by lan-
guage. According to GlotLID more paragraphs be-
ing discovered after the normalization in six lan-
guages (Abkhaz, Adyghe, Avar, Kabardian, Lak
and Tabasaran), while some paragraphs are lost
for another eight (Abaza, Aghul, Bezhta, Chechen,
Dargwa, Ingush, Lezgin and Tsakhur). We note
that very little data in Bezhta and Tsakhur make it
through our filters, which reflects their limited cov-
erage in DCAD-2000.



We next investigate the effect of normalization
on prediction confidence for the languages of in-
terest when the best prediction is not changed by
normalization for which the relevant counts are
shown in column “Identity” of Table 5. We com-
pute the best prediction confidence as a differ-
ence between the best and second-best hypoth-
esis. If normalization has positive effect on the
overall LID performance one would expect an in-
crease in confidence; conversely, a decrease in
confidence points at model confusion. The differ-
ences in top prediction confidences and the rele-
vant statistics are shown in Table 6. For each lan-
guage, for a sample size of N paragraphs we com-
pute the population mean (y), variance (c?) and

95% confidence intervals ([Cl, CI+] for the sets
of prediction confidences before and after the nor-
malization. To validate whether the per-language
prediction confidence differences are statistically
significant we perform a two-sample t-test on the
two populations and provide the relevant t-stat
score and p-value. The null hypothesis rejection
threshold is set to 0.05. The t-test results indicat-
ing an overall improvement in confidence after the
normalization are marked in blue, the cases when
normalization harms the confidence are marked in
red, while the rest of the cases indicate that nor-
malization has no effect.

According to Table 6, the set of languages for
which prediction confidence improvements are ob-
served coincides with the set of languages in Ta-
ble 5 for which more data is discovered post-
normalization with the exception of Adyghe where
normalization has no effect on same-language
prediction confidence. Similarly, the set of lan-
guages where the post-normalization confidence
degrades correlates with the languages with neg-
ative post-normalization effects in Table 5 with the
exception of Bezhta and Tsakhur where no sig-
nificant changes in prediction confidence are ob-
served likely due to small population size, and
Dargwa and Ingush, where the drop in confidence
is significant but relatively small.

Inspection of the Differences We perform a
manual inspection of randomly sampled 140 para-
graphs (10 for each language) gained or lost dur-
ing the normalization. The results are shown in Ta-
ble 7, where for each “win” or “loss” category
we maintain “exact” (N,) and “lenient” (N;) coun-
ters. The “exact” counter represents the exact
matches between manually established label and
the GlotLID label. Some Tsakhur paragraphs, for
example, are actually in Rutul according to our in-
spection. In a more permissive “lenient” mode,
we still count this mismatch as a match because
Rutul is not supported by GlotLID but belongs to
languages of interest (see Table 1). In the ex-
act mode, we treat this mismatch as error. As
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Lang Wins Losses Lang Wins Losses
' Ne Nl Ne Nl ' Ne NI Ne Nl

abk 0 0 0 0 inh 0 0 2 2
abq 3 4 8 8 kap 2 2 0 O
ady 8 8 9 9 kbd 6 6 7 7
agx 2 3 0 1 lbe 4 4 7 7
ava 9 9 9 9 lez 7 7 7 7
che 0 0 3 4 tab 3 4 1 1
dar 10 10 10 10 tkr 4 8 1 3
All 58 65 64 68

Table 7: Manual validation of GlotLID language as-
signments on a random 10-paragraph sample in
“wins” and “losses” categories for each language.
Two modes of counting are employed: exact (N,)
and lenient ().

can be seen from the table, for “wins” category if
counted exactly only 58 (or 41% of 140 new para-
graphs) can be counted as real improvements in
recall after normalization. The rest of the para-
graphs are false positives due to GlotLID misclas-
sifications. For example, we found no Abkhaz,
Chechen or Ingush data in the sampled “win” cat-
egory because all the “Abkhaz” paragraphs are
in Ukrainian, “Chechen” paragraphs are random
itemized lists of place names and Ingush data,
whereas the “Ingush” label gets assigned to mostly
Chechen data.

When evaluating the losses we check that pre-
normalization language assigned by GlotLID is cor-
rect. If it is not, then the paragraph signal was
wrong and there is nothing to declare as a loss.
For example, for a sample in Table 7 normal-
ization harms a perfectly valid Abaza sentence
“VskBbI matmia iipiririsyam axksakl xIsactl” which gets
a Belarusian GlotLID label after normalization. For
Bezhta, on the other hand, none of the source sen-
tences are in Bezhta (most of them are in a higher-
resource neighboring Avar) hence none of the data
is truly lost. The inspection of the losses also re-
veals signals from NEC languages unsupported
by GlotLID. For example, the sentences “Obmlab
IObBeH ca HumaHHe tactla rbapa exue” and “Ex’ mm
aklpa, sklpa uHmpKUMUIIb rheba” iN severely endan-
gered Udi and definitely endangered Botlikh (Ta-
ble 1) are labeled by GlotLID as Aghul and Tsakhur,
respectively. We also note relatively high overall
agreement between manual and GlotLID labels for
Adyghe, Avar and Dargwa. According to Table 7
only 46% of “lost” paragraphs can be considered
as losses if counted “exactly”.

The only language with 100% disagreement be-
tween the automatic GlotLID and manually as-
signed labels is Abkhaz. Further inspection re-
veals that none of the paragraphs labeled as Abk-
haz are in that language. Since these paragraphs
include characters from palochka confusable set
one would expect a label from another member



of NWC family where these characters are legal.
However most of these paragraphs are in lan-
guages outside the NWC or NEC families, which
is likely due to the abnormal (relative to other lan-
guages) distribution of paragraph lengths in “Abk-
haz” shown in Table 5, which indicates very short
paragraphs (4.25 tokens on average) with high
consistency (low variance). These paragraphs
may be too short for GlotLID to identify correctly.'®

5. Conclusions

We have investigated the utility of string tokens
with palochka confusable letter variants for mining
multiple writing systems that share that letter. Both
the manual inspection and filtering by paragraph-
level LID revealed useful NEC and NWC language
signals, in particular in languages currently unsup-
ported by the off-the-shelf large coverage GlotLID
model. We also explored the effects of confusable
character normalization on total recall (RQ2) and
precision (RQ3), which were found to be highly
language-specific. We manually evaluated the dif-
ferences in GlotLID assignments on a small sam-
ple of paragraphs and discovered that predictions
are mostly unreliable for nine languages out of 14.
The error analysis includes data quality issues and
language confusions due to phylogenetic similari-
ties leading us to conclude that GlotLID model is
sensitive to confusable character noise for this set
of languages (RQ7). This evaluation revealed fur-
ther useful signals from out-of-domain languages,
such as Udi and Botlikh, in the resulting data.

6. Limitations and Future Work

This exploratory work has several important limi-
tations. Because none of the authors are native
speakers of North Caucasian languages, the man-
ual validation of candidate paragraphs and their
LID assignments was both time-consuming and
brittle. This step relied heavily on existing docu-
ment metadata and online lexical resources, which
are occasionally encoded in legacy orthographies.
To improve upon these experiments and facilitate
future research, a critical next step is the creation
of a public-domain human-annotated, paragraph-
level evaluation dataset. This dataset should pro-
vide broad coverage of NWC and NEC languages,
capturing the orthographic variation of the kind
observed in this paper. Crucially, such annota-
tions must account for code-switching, as texts
from this region naturally exhibit frequent mixing
between languages. Beyond evaluation, this re-
source would be highly valuable for LLM-driven de-
velopment, providing necessary data for few-shot

BWe observe similar “Abkhaz” paragraph length dis-
tribution in data mined from MADLAD-400.

58

prompting and model fine-tuning.

This work relied on two LID sources—document-
level labels in MADLAD-400 from a proprietary
model, and predictions from the wider-coverage
GlotLID—to investigate whether LID can aid the
discovery of useful language data that might oth-
erwise be lost without orthographic normaliza-
tion. While other state-of-the-art LID models
like OpenLID (Burchell et al., 2023) exist, they
currently lack coverage for NEC and NWC lan-
guages. Our reliance on these off-the-shelf mod-
els may partially explain why our observed im-
provements are marginal, as aptly observed by
reviewers, and highly language-specific; the long-
tail, low-resource languages in our study are sim-
ply not prioritized by current state-of-the-art LID
systems. Consequently, improving the LID models
themselves to better serve data discovery remains
an important direction for future research. More
specifically, a crucial direction for future work is
determining whether to normalize the LID training
data, retain palochka orthographic variants unal-
tered, or intentionally inject additional orthographic
variance in to improve the robustness of the result-
ing LID models. Careful investigation of the data
that goes into training of LID models and data se-
lection strategies resulting in better model features,
especially relevant to NEC and NWC languages,
are also crucial. One such model-centric program
is outlined in Appendix B.

Another promising research direction is investi-
gating LID strategies tailored specifically to highly
data-scarce languages. These approaches could
leverage native lexicons (Selamat and Akosu,
2016; Duvenhage, 2019) or Swadesh lists, poten-
tially synthesizing additional training data via un-
supervised morphological analyzers (Smit et al.,
2014; Gronroos et al., 2020).'4

Finally, our investigation focused exclusively on
letter palochka and its variants, which is the iconic
visual hallmark of NEC and NWC writing systems
marking ejectives and glottal stops. The filters de-
scribed in this study can be extended in the future
to include other important orthographic features
specific to these writing systems that distinguish
them from the rest of Cyrillic orthographies. One
example of such features are the rich consonan-
tal clusters mentioned in Section 2: due to poor
coverage of base Cyrillic letters, these languages
rely heavily on digraphs, trigraphs, and even tetra-
graphs to represent single phonemes. This has a
stacking effect—a base Cyrillic letter is combined
with “modifiers” (the palochka, the hard sign, the
soft sign, or labialization markers) to represent a
specific phoneme.

41t should be noted however that even unsupervised
morphological analyzers require a non-trivial amount of
unannotated raw text to train reliably.
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A. Palochka Variant Filter Recall

To estimate the recall of the palochka variant filter
for DCAD-2000 data discussed in Section 4 and
to complement the precision estimates we mod-
ify our pipeline as follows: after converting DCAD-
2000 documents to paragraphs, the first pipeline
steps filter out short paragraphs, apply LID using
the GlotLID model, and filter out all paragraphs in
non-Cyrillic scripts. The paragraphs belonging to
the four exception languages (Belarusian, Kazakh,
Rusyn and Ukrainian) are then filtered out followed
by the application of the palochka variant filter as
a last step.

The paragraphs retained and discarded by the
last filter are used to compute the overall and per-
language values of filter recall as shown in Ta-
ble 8. The total number of retained paragraphs
(marked as true positives, or “TP”) approximately
corresponds to 1,628,526 paragraphs in NEC and
NWC languages with palochka variants from Sec-
tion 4. These numbers are not the same because
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Lang. TP FN Recall (%)
abk 6063 6518490 0.09
abq 14329 6711 68.1
ady 136171 24137 84.94
agx 8009 95943 7.7
ava 248267 95089 72.31
che 571565 6366306 8.24
dar 21025 15654 57.32
inh 77126 6475036 1.18
kap 539 1894 22.15
kbd 396 445 462904 46.13
1be 46904 126173 27.1
lez 72608 198 008 26.83
tab 33448 57272 36.87
tkr 934 3847 19.54
All 1633433 20447464 74

Table 8: Numbers of paragraphs with (true pos-
itives, TP) and without (false negatives, FN)
palochka variants and the corresponding value of
recall.

the sequence of filters used to compute the re-
call is now different. Overall there are 20,447,464
paragraphs in relevant (according to GlotLID) lan-
guages without palochka variants shown as false
negatives in the “FN” column of Table 8. The to-
tal value of recall is therefore 7.4%, which is sig-
nificantly lower than the precision value of 17.3%
computed in Section 4.

Several languages contribute to low recall. Abk-
haz has negligible recall because palochka is not
part of its orthography. Ingush and Chechen,
along with Abkhaz, are the higher-resource lan-
guages among the 14 languages of interest. The
low recall for Chechen and Ingush is likely due to
a significantly more stable orthography and corre-
sponding input methods, where the orthographi-
cally correct usage of palochka is preferred to its
different variants. Finally, the relatively low recall
for Aghul does not have a clear interpretation and
further investigation is needed. The rest of the
languages, including the lowest-resource Bezhta
and Tsakhur, have reasonably high values of recall,
where the best-performing languages are Abaza,
Adyghe, Avar, Dargwa, and Kabardinian with a re-
call over 45%.

B. LID Model-centric Experiments:
An Outline

Wide-coverage LID models are trained to perform
well across a range of languages, but often per-
form poorly on under-resourced languages which
have a weak prior of appearing in the wild (e.g., in
web text). Can we use the presence of a palochka
confusable, the palochka variant filter, as a high
precision signal to repair predictions made by a
modern LID model?
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To investigate this question, the following exper-
iment can be designed: take the dataset used to
train the latest GlotLID v3.1 model'® and partition
it into a held-out set, where 15% of sentences are
randomly held out per language, up to a maxi-
mum of 1,000 sentences per language.'® For the
training set, randomly sample up to 10,000 exam-
ples for each language from the remainder. Goot
(2025) has observed that 1,000 sentences is suf-
ficient for strong LID performance for most lan-
guages. Retrain a GlotLID fastText model, with hy-
perparameters given in (Kargaran et al., 2023), on
this training set and generate the predictions on
the held-out set.

After inference on the held-out set, collect all ex-
amples which were: (1) predicted to be a Cyril-
lic orthography outside of Belarusian, Ukrainian,
Kazakh, and Rusyn;'” (2) outside the set of
NWC/NEC languages covered by GlotLID; and (3)
passed the length constraint (contain at least three
tokens). Note those that match the palochka vari-
ant filter, and count how many of these examples
are actually labeled as a ground truth NWC/NEC
language. The resulting proportion represents the
palochka precision for North Caucasian orthogra-
phies. This experiment can be repeated multiple
times to obtain a robust statistical estimate of the
significance of computed precision values.

Another possible direction is to investigate the
features of the GlotLID model itself, which takes
hashed character n-gram features as input. If a
particular orthographic feature, such as palochka
letter, is useful according to the model, it will be
included among the highly weighted features of
GlotLID for NEC and NWC languages, either in a
frequent unigram, or more likely a (hashed) char-
acter n-gram. The absence of such orthographic
features that are hypothesized to be a priori infor-
mative from the list of top-weighted model features
potentially indicates issues with the training data
for the languages in question.

Bhttps://huggingface.co/datasets/
cis-1mu/glotlid-corpus

6As was described in the GlotLID paper.

7All of these employed a palochka confusable in their
standard orthographies.
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