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Abstract
The Private-Use Area (PUA) designation plays an important role in the Unicode standard. It covers several ranges
of Unicode code points with no official character assignments. A PUA range is primarily used as a temporary
representation mechanism for characters falling outside the official standard, to facilitate text entry and display
of orthographies that are not otherwise adequately represented. The primary downside of PUA use is that
characters lose their semantics if the pairing with the corresponding display font is broken, in which case they
cannot be faithfully displayed in a general setting. Large-scale multilingual web corpora invariably contain PUA
code points of unclear provenance, which may commonly be treated as noise and discarded. We investigate
the distribution of PUA characters within large-scale web corpora, and analyze the resulting distributions across
both scripts and writing systems. We show that, while the proportion of PUA-bearing paragraphs in the original
corpora are small, PUA-bearing tokens can signal texts from under-represented languages. We additionally
explore whether an off-the-shelf large language model (LLM) can classify PUA characters as constituting relevant
orthographic signals versus punctuation or other noise. Our methods identify millions of paragraphs making
use of such characters, and we argue that such data is important for the long tail of data-scarce orthographies.
Moreover, as a primary Unicode mechanism for poorly represented writing systems, PUA characters are here to stay.
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1. Introduction dard partially addresses the “digital divide” be-
tween established languages and their writing sys-
The information loss in digital communication  tems on the one hand and endangered ones on
due to legacy character encoding standards has  the other (Kornai, 2013; Joshi et al., 2019; Za-
been extensively studied by specialists in digital  ugg et al., 2022; Simons et al., 2022). Informa-
language preservation (Bird and Simons, 2003; tion loss, however, is still possible in a pure Uni-
Brown and Woods, 2009; Dombrowski et al., code ecosystem. One Unicode feature potentially
2024), and natural language processing (Ste- responsible for such information loss is the set
fanovitch, 2022; Yi and Bowern, 2023; Karagbz  of private-use characters. These are valid code
et al.,, 2024). Despite wider adoption of the  points from a private use area (PUA), which have
Unicode character encoding standard along with  no interpretable semantics within the Unicode stan-
the OpenType format for representing scalable  dard. Individuals or organizations, such as font
and programmable computer fonts (Haralambous,  foundries, can assign meaning to such charac-
2007; Hossain, 2024), the continued use of many  ters by private agreement (Unicode Consortium,
incompatible fonts with legacy and custom char- 2024, Section 23.5). PUA characters provide a
acter encoding schemes—requiring specialized al-  popular mechanism for representing glyphs from
gorithms for font identification and conversion—  low-resource, historic and endangered language
has been noted for South Asian scripts and be-  orthographies with no official assignments in the
yond (Lehal et al., 2012; Mahi and Verma, 2015;  Unicode standard at implementation time (Priest,
Pine and Turin, 2018; Bradley and Blokland, 2023).  2007). While flexible, PUA characters lose their
Some communities even choose custom encoding  meaning in a digital document without an associa-
schemes and specialized input methods based on  tion to (and availability of) the corresponding font,
these schemes over Unicode because of the rep-  resulting in information loss quite similar to that ob-
resentational inadequacies of the latter, as is the  served with legacy character encoding schemes
case with the traditional Mongolian script (Batjar-  mentioned earlier (Anderson, 2018). Furthermore,
gal et al., 2011; Wang et al., 2016)." the same slot in the PUA table may be inadver-
The continued evolution of the Unicode stan-  tently shared by multiple font designers, prevent-
ing general interchange (Kempgen, 2008).

Schillo and Turin (2022) discuss typographic issues

in representing North American Indigenous language or- With the advent of large language models

thographies stemming from the imprecise specification ~ (LLMs), large-scale corpora based on web-

of Unicode character semantics. crawled data, such as MADLAD-400 (Kudugunta
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et al.,, 2023), GlotCC (Kargaran et al., 2024),
FineWeb2 (Penedo et al., 2025) and DCAD-
2000 (Shen et al., 2025), have become impor-
tant sources of model pre-training data, especially
for low-resource languages (Caswell et al., 2020;
Bapna et al., 2022). When analyzing such web
data one inevitably encounters PUA characters.
Since PUA characters often fall outside the stan-
dard orthography of natural languages, they are
usually treated as noise, and noise can degrade
model quality (Cooper Stickland et al., 2023; Wang
etal., 2024; Sperduti and Moreo, 2025; Meng et al.,
2025).

This paper offers a preliminary study of char-
acters from Unicode PUA ranges found in pop-
ular web-crawled corpora, a phenomenon which
is under-explored in the literature. We mine text
containing PUA characters from two popular large-
scale web-crawled datasets of over 7 billion web
documents and analyze PUA character distribu-
tions over script and writing system at the token
and paragraph levels. We find that at most 0.01%
of paragraphs contain PUA characters, and thus
these are unlikely to harm the performance of
downstream models on well-resourced languages.
However, we hypothesize that this may not be the
case for languages for which only small amounts
of data are generally available. In such scenarios,
text with PUA characters should receive more at-
tention, especially when prioritizing effective mod-
eling for under-resourced languages. We sub-
stantiate this argument with examples from under-
represented Cyrillic script orthographies. Inferring
the identity of a given PUA code point in the ab-
sence of the original character semantics is dif-
ficult, but the character context can be informa-
tive. We conclude by offering a preliminary step to-
wards this inference task, by assessing the ability
of an off-the-shelf LLM to follow instructions when
asked to discriminate between orthographic (“in-
teresting”) and non-orthographic instances of PUA
characters.

The overarching goal of this descriptive analysis
is to provide actionable insights for NLP practition-
ers. Specifically, by mapping PUA distributions,
we aim to: (1) prevent the inadvertent destruction
of unstandardized scripts in text cleaning pipelines;
(2) provide a method for discovering “hidden” low-
resource corpora masked by legacy font encod-
ings; and (3) highlight active but poorly supported
digital language communities.  Ultimately, this
analysis is a preliminary step towards bridging the
gap between raw web scraping and the targeted
curation of inclusive NLP datasets.

2. Background

Unicode has three PUA ranges with 137,468 code
points reserved for PUA characters. PUA assign-
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ments are typically used as a temporary mech-
anism by academics, governments and vendors
for representing new, as yet un-encoded charac-
ters before their official assignment to valid non-
PUA Unicode code points. For example, among
government-endorsed allocations are the Chinese
national standard “Tibetan coded character set
— Extensions A and B” for representing precom-
posed Tibetan script ligatures exclusively using
PUA code points.? Since approvals to get new
characters accepted into the next version of the
Unicode standard take considerable time, and
some proposed character sets may not be ac-
cepted for various reasons, documenting the avail-
able PUA characters in use by different entities in
order to avoid character collisions and improve co-
ordination becomes important.

One example of such a PUA character alloca-
tion registry is the ConScript Unicode Registry,’
which, among dozens of allocations, originally doc-
umented the PUA-based encoding of the Phais-
tos Disc signs before they were officially adopted
as part of the Unicode standard—at which point
a mapping from the original PUA code points
to code points with relevant semantics was pro-
vided (Everson, 2008). In the context of historic
writing systems and associated fonts there are ad-
ditional prominent PUA character allocations for
Early Slavonic (Cleminson et al., 2010), medieval
orthographies (Emiliano, 2012; Haugen, 2013),
and in particular Runic (Magin and Smith, 2023) as
part of Medieval Unicode Font Initiative (MUFI),*
among others.

Fonts covering a wide range of rare language
orthographies without recourse to PUA are uncom-
mon, mostly confined to academic publishers such
as Brill (Rietbroek, 2021), who have painstakingly
avoided PUA since the earliest versions of their
fonts covering Cyrillic, Greek and Latin scripts. Ri-
etbroek (2014, p. 1) states: “The Unicode Stan-
dard is rigorously adhered to: there is no de-
pendence on the Private Use Area (PUA), as it
happens frequently in other fonts with regard to
characters carrying rare diacritics or combinations
of diacritics. Instead, all alphabetic characters
can carry any diacritic or combination of diacritics,
even stacked, with automatic correct positioning.”

An additional often neglected use case of PUA
should be noted. Font designers sometimes pre-
fer PUA code points as an economical shortcut
to introducing new glyphs even in cases where
the glyphs can be encoded using official Uni-
code assignments via a longer sequence of code
points. For example, there is no single Uni-
code code point for representing the small O with

2GB/T 20542-2006 and GB/T 22238-2008.
Shttps://www.evertype.com/standards/csur
“https://mufi.info
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macron in the Cyrillic orthography of the Mansi
language (Bradley and Skribnik, 2021). Instead
the canonical way of representing this letter is a
combination of U+@43E (Cyrillic small letter O) and
U+0@304 (combining macron). Some Cyrillic fonts,
however, represent this glyph as a single PUA
code point. One possible explanation of the font
designer motivation for such a choice is that it al-
lows them to treat this glyph similarly to its Latin
counterpart (Latin small letter O with macron), for
which a valid single Unicode code point (U+@14D)
is defined in the Unicode standard.

Before documenting PUA prevalence in large
web text corpora, we first present our data mining
methods for extracting text samples.

3. Data Mining Methods

Corpora MADLAD-400 is a general domain mul-
tilingual dataset based on CommonCrawl® that
spans 419 languages (Kudugunta et al., 2023).
The dataset has noisy and clean partitions, the
latter obtained by filtering the former with a vari-
ety of noise-reducing heuristics. Since we are in-
terested in text containing PUA characters, which
may have been deemed noise by prior filters, we
make use of the noisy partition, which includes 5
trillion tokens over 7.2 billion web documents.

DCAD-2000 (Shen et al., 2025) is a recently
introduced large-scale multilingual corpus, signif-
icantly larger than MADLAD-400 both in size and
coverage, supporting 2,282 language-script pairs.
It includes a more recent CommonCraw! dump®
and other multilingual sources such as MaLA (Lin
et al., 2024) and FineWeb-2 (Penedo et al., 2025).
Similar to MADLAD-400, we process the unfiltered
union of the keep and remove DCAD-2000 parti-
tions, spanning 8B web documents.”

We chose these two datasets as sufficiently dif-
ferent, in terms of both recency (DCAD-2000 is sig-
nificantly newer given the fast pace of appearance
of various web-crawled datasets) and scope, both
factors that may influence the PUA character dis-
tributions found in the datasets.

Pipeline Our PUA data mining pipeline consists
of four steps, similar to the data preparation
pipeline in Benton et al. (2026). First, each web
document is split at newline characters into what
we will call paragraphs. Paragraphs with less than
four whitespace-delimited tokens are merged with
the previous paragraph if that one has less than
30 tokens. Unmerged paragraphs with less than

5Snapshots before August 2022.

8CC-MAIN-2024-46: November 2024.

"This number excludes documents in Chinese vari-
eties and Japanese which we removed to preserve disk
space. We expect PUA use within these sub-corpora to
be similar to MADLAD-400.
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Filter MADLAD-400 DCAD-2000

Documents 7158 832435 8033425484
Paragraphs 145459293186 159081108 657
(1) Too short —1100076 575 —7191309 323
(2) Hashtags —135492904 —25226491
(3) No PUA —144155975436 —151795290723
(3) Invalid PUA —52546928 —60163490
Output 15201343 9118630

Table 1: Counts of filters removing paragraphs with-
out valid PUA-containing tokens. Other than initial doc-
ument count, all counts are paragraphs.

four tokens are discarded. We next discard all
paragraphs where more than 40% of whitespace-
delimited tokens start with a hashtag character.
We then discard paragraphs without any valid PUA-
containing tokens, where tokens are considered
valid PUA-containing if they (a) have at least one
PUA character; and (b) contain non-PUA charac-
ters, all of which come from the same script (after
stripping leading and trailing punctuation). In other
words, tokens with multiple scripts or only PUA
characters do not count when deciding whether to
retain the paragraph. Finally, we apply the state-of-
the-art off-the-shelf LID model GlotLID (Kargaran
et al.,, 2023) that covers 2,282 language-script
pairs to the resulting paragraphs.®

When determining valid PUA-containing tokens
above, PUA characters are allowed in any position
of the token (Anywhere). This may be too permis-
sive as we are primarily interested in retrieving or-
thographic tokens corresponding to words in natu-
ral language, while PUA characters at the token
periphery may potentially encode non-linguistic
glyphs, such as list delimiters or other forms of
general punctuation.® Motivated by this observa-
tion, we also pursue an alternate strategy, where
valid PUA-containing tokens must contain the PUA
characters word-internally (Internal). In the next
section, we compare the general distributions ob-
tained with both strategies.

Filter performance Table 1 presents counts
from the use of the above pipeline to mine para-
graphs with PUA characters in MADLAD-400 and
DCAD-2000, where PUA characters are allowed
Anywhere in the token. The number of input docu-
ments and newline-delimited paragraphs are given
in the first two rows. Rows three to six present the
number of paragraphs discarded due to the vari-
ous filtering conditions described above. The num-
ber of paragraphs passing all filters and retained
by the pipeline are displayed in the final row.

8The same model was used for document-level LID
to build DCAD-2000. The presence of PUA characters
may inject some noise into predictions by the LID model.

®See the end of Section 4 for examples of PUA char-
acters representing linguistic and non-linguistic glyphs.



As can be seen from the table, the “Invalid PUA”
filter for MADLAD-400 drops 78% of candidate
paragraphs, while for DCAD-2000 87% of the para-
graphs are ignored. This is not surprising because
the presence of one “invalid” token, by our defi-
nition, is enough to discard the entire paragraph.
While the number of useful paragraphs thus re-
moved is likely high, it nevertheless suits our pur-
pose to opt for higher precision and lower recall be-
fore investigating the resulting PUA character dis-
tributions in the next sections.

4. PUA Character Distribution

Here we take a general look at the top scripts as-
sociated with PUA characters followed by the in-
dividual top writing systems using PUA character
tokens. For each dataset, we consider filtering by
either the permissive Anywhere or restrictive token-
Internal PUA character placement strategies.

Scripts The distribution of PUA character to-
kens among different scripts in MADLAD-400 and
DCAD-2000 is shown in Table 2 for the two PUA
character placement strategies (Anywhere in the
left and Internal in the right table), resulting in
four configurations overall. For each configuration,
the top five scripts ranked in terms of number of
tokens with PUA characters are shown. Counts
from the remaining scripts are aggregated under
“Other”. Each script, represented by its ISO 15924
code (IS0, 2022), is shown with the count of PUA
character tokens and their percentage of the over-
all number of PUA tokens.

Although DCAD-2000 is significantly larger than
MADLAD-400, it yields fewer PUA character to-
kens. This observation holds for both Anywhere
and Internal token selection strategies. One
contributing factor is likely that DCAD-2000 in-
cludes fresher CommonCrawl snapshots, contain-
ing fewer web pages with broken characters (Shen
et al., 2025). This noise reduction may be due in
part to existing web pages being updated to newer
versions, since older page fonts make use of more
PUA assignments in their inventory. As can be
seen from the table, all four resulting datasets are
heavily skewed towards Latin script tokens with
PUA characters, alone accounting for close to (or
over) 60% of the respective distributions. In three
out of four configurations, Cyrillic script tokens are
ranked as the second most frequent. The third
most frequent PUA character tokens are encoun-
tered in Thai script, with the Greek script as an
outlier in one of the conditions. We also note that
restricting the allowed placement of PUA charac-
ters from Anywhere to Internal results in 2.5 times
fewer PUA tokens for MADLAD-400 and 7.2 times
fewer PUA tokens for DCAD-2000.
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The contents of the Other bins differ among
the four configurations. The distributions of PUA
character tokens among the scripts (excluding the
top five) that belong to this category are shown
in Table 3. Each configuration is shown along
with the name of the dataset, the PUA charac-
ter placement strategy, the number of scripts in
the category Ng and the statistics for the num-
ber of PUA characters per-script that includes the
mean y and logarithm of variance log(c2)."® The
MADLAD-400 configurations in general have more
distinct scripts with PUA character tokens than
DCAD-2000 regardless of the character place-
ment strategy. Unsurprisingly, the more restric-
tive PUA character placement strategy (Internal)
results in a smaller set of scripts than the more
flexible (Anywhere) strategy. Nevertheless, in all
configurations there is a very diverse mix of both
“well-resourced”, under-represented and historic
scripts that comprise the Other bin. For example,
the MADLAD-400 61-script configuration obtained
with permissive PUA character placement includes
reasonably high-frequency (in terms of PUA char-
acter tokens 1) scripts such as Armenian (Armn,
n=13625), Hiragana (Hira, n=5232), and Coptic
(Copt, n=4628), while the long tail of the distri-
bution has Saurashtra (Saur, n=11), Cuneiform
(Xsux, n=2), and Tagalog (Tglg, n=1). The col-
lection has a single token in Hanifi Rohingya script
(Rohg), which in its romanized form “Ruwainggya”
means the name of the script itself. The token is
10 characters long with a single PUA character that
likely corresponds to an older encoding of a nasal
marker (Pandey, 2015). In other cases like the
two Cuneiform (Xsux) examples, the use of PUA
characters is non-orthographic. The full PUA to-
ken rank-frequency distribution for all scripts and
conditions is provided in Appendix A.

Writing systems Next we consider the distribu-
tion of PUA paragraphs over writing systems. We
count PUA paragraphs rather than tokens since
the writing system is inferred at the paragraph
rather than token level. Even modern LID mod-
els such as GlotLID typically require at least a sen-
tence worth of text to accurately predict language.

The top-10 writing systems, in terms of the num-
ber of paragraphs with at least one PUA character
token, are shown in Table 4. The two sub-tables
on the left display language rankings for the per-
missive PUA character placement strategy (Any-
where) for MADLAD-400 and DCAD-2000, while
the two sub-tables on the right show the rank-
ings obtained allowing only token-internal place-
ment (Internal). For each writing system, desig-
nated by the ISO 639-3 language code and the

9The distribution mostly consists of low counts and a
few very high counts, hence the logarithm of variance.



PU character location: Anywhere in token

PU character location: Token-internal only

MADLAD-400 DCAD-2000 MADLAD-400 DCAD-2000

Script Tokens %  Script Tokens % Script Tokens %  Script  Tokens %
Latn 32240234 804 Latn 12835255 81.0 Latn 11739280 734 Latn 1283007 58.6
Cyrl 2803337 7.0 Cyrl 1071969 6.8 Thai 2092819 13.1 Cyrl 464904 21.2
Thai 2672535 6.7 Grek 644169 4.1 Cyrl 1266526 79 Thai 144511 6.6
Hani 825219 2.1 Arab 396244 25 Hani 440618 2.8 Arab 115386 5.3
Arab 507019 1.3 Thai 296941 19 Arab 161666 1.0 Hang 67066 3.1
Other 1056045 2.6 Other 616509 3.9 Other 287384 1.8 Other 116425 5.3
Total 40104389 15861087 Total 15988293 2191299

Table 2: Distribution of top-5 scripts among the tokens with PUA characters in MADLAD-400 paragraphs (left) and
DCAD-2000 (right) under both Anywhere (left table) and Internal (right table) strategies.

Dataset details Script-token distribution

Name PU Position  Ng U log(c?)
Anywhere 61 173122 221

MADLAD-400 )0 nay 51 63863 198
Anywhere 49 12581.8 20.6

DCAD-2000 )00 nar 33 35280 17.1

Table 3: Scripts and PUA tokens in the Other bin.

ISO 15924 script code, the total number of para-
graphs Np that contain PUA character token(s) are
shown along with the corresponding percentage of
the total number of such paragraphs observed in
the data. In addition to the top-10 ranked writing
systems, the information for the remaining writing
systems is accumulated in the Other bin. The num-
bers of writing systems N in this bin for each re-
sulting collection are shown in Table 5.

The PUA paragraph distributions in Table 4 are
dominated by the Latin script and, in particular, En-
glish, Spanish and French. One outlier among the
top-3 in the DCAD-2000 collection obtained with In-
ternal character placement is Czech (ces) which,
along with Polish, is also present in the top-10 of
DCAD-2000 Anywhere. This collection also promi-
nently features Modern Greek (ell), which is not
present in any other top-10 ranking. Another in-
teresting entry obtained for MADLAD-400 Internal
collection is the relatively high-frequency group of
paragraphs marked as “no linguistic content” (zxx)
by GlotLID, and shown in red. These likely corre-
spond to paragraphs of questionable provenance,
such as mojibake, text graphics or intentionally ob-
fuscated content. We also note that in addition
to Latin, the only other script that features in all
four collections is Cyrillic, with the surprising in-
clusion of low-resource Mansi (mns) orthography
in the DCAD-2000 Internal collection. Finally, the
Thai, Mandarin Chinese and Korean scripts also
appear frequently in the top-10 writing systems in
three out of four collections. There is a very long
tail of well over 700 other language-script pairs
present in the Other bin (Table 5) that corresponds
to about one third or more of the total number of
paragraphs with PUA characters obtained for all
the collections.
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Does size matter? The low number of para-
graphs extracted by our pipeline indicates that
PUA characters are relatively infrequent in
MADLAD-400 and DCAD-2000. The largest
collection of paragraphs with PUA characters
extracted from MADLAD-400 with permissive
PUA character placement (Anywhere) consists of
15M paragraphs (see Table 1), which is equivalent
to 0.01% of all the paragraphs examined by our
pipeline for this condition. For the smallest col-
lection, DCAD-2000 in restrictive PUA character
placement mode (Internal), this value reduces to
0.006%. Given how infrequently these PUA char-
acters are used, they are likely to have negligible
effect on any downstream models constructed
using such text for a range of well-resourced
languages. It is also likely that the situation will
be different for under-represented languages,
especially from the long tail of the distribution, for
which very small amounts of data are present
in such corpora. Importantly, however, the pres-
ence of such characters may be quite useful as
markers of under-represented orthographies or
orthographies “in flux”.

Rank-proportion view The analysis in this sec-
tion relies on the rank-frequency distribution in-
duced by the absolute counts. An alternative is to
normalize by the count of tokens and paragraphs
in the original corpora, ranking by proportions in-
stead of raw counts. The resulting ranking better
highlights the heavy-tail structure and the relative
prevalence of PUAs in lower-resourced scripts and
writing systems (detailed in Appendix B).

Cyrillic at a glance To demonstrate the above
point on the usefulness of this type of data for min-
ing under-represented orthographies, we zoom in
on the Cyrillic script portion of the PUA charac-
ter paragraphs extracted from MADLAD-400 us-
ing the permissive character placement strategy.
The ranking of the top-10 Cyrillic writing systems in
terms of number of paragraphs before and after ap-
plying our PUA filters is shown in Table 6. Beyond
the obvious presence of well-resourced orthogra-
phies, PUA filtering exposes new low-resource or-
thographies of Khanty, Mansi and Church Slavic,



PU character location: Anywhere in token

PU character location: Token-internal only

MADLAD-400 DCAD-2000 MADLAD-400 DCAD-2000

Lang. Script Np %  Lang. Script Np % Lang. Script Np %  Lang. Script Np %
eng Latn 4424545 29.1 eng Latn 1877073 20.6 eng Latn 1243931 29.7 ces Latn 247631 249
spa Latn 1444067 9.5 fra Latn 767446 84 spa Latn 382776 9.1 eng Latn 104765 105
fra Latn 979665 6.4 spa Latn 607533 6.7 fra Latn 362742 8.6 fra Latn 69341 6.9
rus Cyrl 918580 6.0 ell Grek 597827 6.6 tha Thai 207384 49 spa Latn 59096 5.9
por Latn 736590 4.8 pol Latn 550285 6.0 deu Latn 159843 3.8 rus Cyrl 35634 3.6
deu Latn 468212 3.1 deu Latn 537344 59 zxx lzzz 158484 3.7 mns Cyrl 30605 3.1
ind Latn 396848 2.6 nld Latn 424145 47 rus Cyrl 152232 3.6 kor Hang 30210 3.0
ita Latn 388052 2.5 ces Latn 377946 4.1 por Latn 119231 2.8 pol Latn 27436 2.8
nld Latn 350477 23 ita Latn 370327 4.0 cmn Hani 118495 2.8 ita Latn 26381 2.6
tha Thai 271180 1.8 rus Cyrl 363222 39 ita Latn 117797 2.8 tha Thai 25315 25
Other 4823127 31.7 Other 2645482 29.0 Other 1171210 28.0 Other 339636 34.1
Total 15201343 9118630 Total 4194125 996 050

Table 4: Distribution of top-10 languages among the paragraphs with PUA characters in MADLAD-400 (left) and
DCAD-2000 (right) under both Anywhere (left table) and Internal (right table) strategies.

Name Anywhere (N\) Internal (N)
MADLAD-400 1480 1204
DCAD-2000 1021 716

Table 5: Unique writing systems with PUA characters
in the Other bin.

Original Distribution PUA Distribution

Language %  Language % Change
Russian 88.6 Russian 75.9 L
Ukrainian 5.2 Ukrainian 9.6 T
Bulgarian 3.1 2.6 T
Serbian 0.6 Bulgarian 2.4 1
Kazakh 0.4 1.6 T
Macedonian 0.3 Old Russian 1.6 T
Belarusian 0.3 Belarusian 0.8 T
Mongolian 0.2 Kazakh 0.7 T
Old Russian 0.2 0.7 T
Undetermined 0.2 Mongolian 0.6 T
Other 0.9 Other 3.3 T

Table 6: Top-10 Cyrillic writing systems in MADLAD-
400 before and after PUA filtering.

while the proportion of some of the “big” orthogra-
phies, such as Russian and Bulgarian, is reduced.
Also note the more prominent presence of Old Rus-
sian, which we consider low-resource (Franklin,
1985; Schaeken, 2018).

It turns out that lower-resource orthographies
can be discovered simply by manually inspecting
the data. A sample of Cyrillic script paragraphs
with PUA characters from 12 distinct low-resource
writing systems is presented in Table 7 along with
the corresponding language assignments. In addi-
tion to a Cyrillic rendition of Vedic Sanskrit shown
in the table, we could identify other historic or-
thographies such as Middle Bulgarian and Mid-
dle/Old Russian, as well as more modern but now
somewhat obsolete Cyrillic orthographies of the
Azerbaijani and Uzbek languages (Ergun, 2010;
Hasanova, 2020). Not all the uses of PUA char-
acters shown in the table are linguistic. For ex-
ample, while the PUA character <U+F529> in a
Mansi token “H<U+F529>pamsir” is likely a “a”
with macron (U+044F + U+0304) from the origi-

14

nal Mansi word for “children” (Balandin and Vahru-
sheva, 1958, p. 68), the character <U+F@74> in the
Adyghe token “<U+F@74>V6anbam” represents an
itemized list delimiter.'’ PUA characters in Cyrillic
text can frequently be traced to specific fonts, as
detailed in Appendix C.

5. PUA Character Class Prediction

Determining the original semantics of PUA charac-
ters in the resulting collections is not trivial. Simple
cases like tokens consisting of contiguous runs of
identical PUA characters or singleton PUA char-
acters are weeded out by the filters described
in Section 3. However, even in cases of single-
ton PUA character tokens, how can one be cer-
tain that it does not represent a valid orthographic
word in some writing system, encoded using a sin-
gle Unicode code point? In general, determining
the intended glyphs requires linguistic knowledge
of its context. For example, deciding whether the
first token in the Adyghe sentence in Table 7 has
a non-orthographic vs. linguistically informative
leading PUA character is straightforward based
on morphology—in the Northwest Caucasian lan-
guages Kabardian and Adyghe this is a lexeme of
a lemma “y6anp3” meaning “mortar”. Hence, we
can assume this leading character is some non-
linguistic grapheme, e.g., a list delimiter or some
element of graphical embellishment.

Manual disambiguation of PUA characters in
large collections, as in the example above, is dif-
ficult. In this section, we investigate whether this
task could be automated by an off-the-shelf LLM
which, for each input paragraph in the collection, is
prompted to disambiguate each PUA character in
the paragraph. Given that LLMs are pre-trained on
large quantities of multilingual text, the model may
have enough linguistic and orthographic knowl-
edge to correctly classify each character.

" Adyghe source: https://apkbr.ru/node/293.


https://apkbr.ru/node/293

Sample Sentence Language

Name Code Family

<U+F@74>V6anmbam uxyap KbUKIBDKbIIbYadIs XbypKbbIM. Adyghe ady  Northwest Caucasian
<U+F@AB>Pecry6nmka itamrap marmymar y3are<U+FOBB>gnoynat Bashkir bak  Turkic
yupexgeHnehsl Guaabl ChIFbII ThaHbl
IlInna ca<U+F@19>rle xpabama MosuIa, I1Xba a AOIYII, BUCHA Chechen che Northeast Caucasian
KukBy MopbIKbI, MIKTbINbI a<U+F62D>KarbIiprblH MOPBIKbI Barb3? Chukot ckt  Chukotko-Kamchatkan
Hankcema mak<U+10FCOOQ>csHTb BaKCC T€EBU KUPHKC-TE
Hapmy<U+10QFCO0@>HeHb rmekctaMka Kapzo.
Kyykz yincac T<U+F@Q9A>p<U+FQ9A>H BopomIMIOBCK
Mepu 6ojcuHb Byriran Unmumosa.
JIeiB “Bypan” Hemmu TYTaH XonH<U+F52B>HXI4T. Khanty kca Uralic
Yk xuk<U+FQ49>us, KbyarsyH ske3Ba aBapus. Lezgian lez  Northeast Caucasian
H<U+F529>ppamsrt yupiaxTseiH KoabITT 1<U+F511>KkKapsiT

Erzya myv  Uralic

Kalmyk xal  Mongolic

Boc pynuT<U+F523>rbIT. Mansi mns - Uralic
Capjio x<U+F115>nii aBapynxiiate ‘Tpa. Sanskrit san  Indo-European
<U+F0@34>6aiibIpnanra anb6aH yeMHEHUD, IIMMYEHUD 60132 KA. Tuvan tyv  Turkic
OnyHHby 13 KYH3 — Tepee6yT ThII yOHHA CYpyK-6munk KYHI<U+F4D6>  Yakut sah  Turkic

Table 7: Sample of MADLAD-400 Cyrillic sentences with PUA character tokens in different languages.

1. RoLE

You are a specialist in Unicode characters with the special expertise on private-use area (PUA) characters. The PUA character is a character
in one of three Unicode ranges: U+E000-U+F8FF, U+F0000-U+FFFFD, U+100000-U+10FFFD.

2. INSTRUCTIONS

o The sentence below contains one or more PUA characters. The number of PUA characters in the sentence is provided to you after the
sentence, separated by a semicolon.

e Determine the language of the sentence. Ignore mojibake.

e Find each PUA character and annotate it with one of the following 2 labels:

1. “LETTER": The character is a valid letter in a word that belongs to the language of the sentence.
2. “OTHER”: The character belongs to numbers, punctuation, icons, list delimiters, emoji, symbols.

Your output should consist of only a list of labels, one for each PUA character in the sentence, preceded by analysis of each label. The labels
should be output in the same order as the PUA characters in the input sentence.

3. FEW-SHOT EXAMPLES

INPUT: ESY6ambam mxyap ; 1

ANALYsis: There is one PUA character. This character is a list delimiter because it occurs at the beginning of the word “Y6amrpam”, which is a
valid word.

ouTPUT: [OTHER]

INPUT: pyruTEreIT y3oreBnaynar ; 2

ANALYsIs: Two PUA characters. The first PUA character is a valid substring in a word “pymurareir”. The second PUA character is punctuation
in “y3ere» maynar”.

OUTPUT: [LETTER, OTHER]

INPUT: loo na spolupraci s®Michalem\nSuchédnkem akRichardem ; 2
AnALYsis: Two PUA characters. The first and second PUA characters are punctuation in “s Michalem” and “a Richardem”.
OUTPUT: [OTHER, OTHER]

INPUT: TpIHBIH OMaKeM, cBIpHM omMakeM ; 1
AnALYsis: The PUA character in “copan” is a valid letter “cyrillic o with macron”.
OUTPUT: [LETTER]

INPUT: atdBumo ; 1
ANALYsIs: One PUA character. The full word without the garbled character is
OUTPUT: [LETTER]

u e

Wuwo”.

INPUT: }rd fERThESEShef fj}sgrkB ; 4
ANALysis: Four PUA characters. This is not natural language and is probably a mojibake.
ouTPUT: [OTHER, OTHER, OTHER, OTHER]

4. INpUT

SENTENCE: {{text}} ; {{num_puas}}

Figure 1: LLM prompt for classifying PUA characters into two basic types.

15



ISl Ng N A Ey Eo Rc R
32K 991309 8060123 980 12 09 19 407
512 954470 6537913 982 1.0 08 19 459
256 916663 5526594 984 09 07 1.8 441
128 875300 4785262 985 0.8 07 17 413
64 817177 4021097 987 0.7 06 16 366

Table 8: LLM instruction following: input length limit
(ISI), number of paragraphs Ng satisfying the limit, total
number of PUA characters N observed, and the values
of five corresponding metrics.

We judge the suitability of LLM for this task in
two ways. First, we assess whether the number of
predictions generated by the model matches the
number of PUAs in the input paragraph that are
to be disambiguated. Being able to produce the
same number of labels as there are PUA charac-
ters in the input paragraph is a necessary precon-
dition for using an LLM for PUA character class
prediction. Second, we assess an LLM’s ability to
disambiguate PUA characters into those that en-
code LETTERs, diacritics, or other linguistic char-
acters, or OTHER non-linguistic characters such as
list delimiters, whitespace, or unintentional corrup-
tion. We judge the performance of the LLM with
respect to a 100 paragraph reference set, doubly
annotated and reconciled manually by three of the
paper authors.

We use Gemini 2.5 Flash (Comanici et al., 2025)
as the off-the-shelf LLM this experiment. Gem-
ini 2.5 Flash is a multi-billion parameter trans-
former model (Vaswani et al., 2017), using a
sparse mixture-of-experts (Shazeer et al., 2017)
with a long context window and thinking capa-
bilities. We frame the task as binary classifi-
cation of PUA character types—valid LETTERs
in a word or OTHER forms of punctuation or
non-linguistic graphemes—using few-shot prompt-
ing (Brown et al., 2020) with six examples, as
shown in Figure 1. For each example (in Latin,
Cyrillic and Thai scripts), in addition to input (a
paragraph), the number of relevant PUA charac-
ters, and corresponding model output (a list of
types, one per-character), we include a sample of
an intermediate manual reasoning stage to guide
the model (Wei et al., 2022). We arrived at this
version of the prompt after several iterations of
prompt engineering. Devising a more detailed tax-
onomy of character tags (e.g., general punctua-
tion, other forms of delimiters, emoji) or restoring
the originally intended characters where possible,
introduces additional complexity beyond our rela-
tively simple current setup, which we leave for fu-
ture work.

Matching the Correct Label Count For this
evaluation, we examine the smallest of four collec-
tions of paragraphs, corresponding to DCAD-2000
with token-internal PUA characters. We evaluate
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how well the LLM follows the instructions given
by the prompt in Figure 1 by comparing the num-
ber of PUA characters in each input paragraph
with the number of character classes (LETTER or
OTHER) produced by the model. The findings are
presented in Table 8. Each row in the table corre-
sponds to the maximum number of tokens in the
input paragraph denoted |S|. For each configu-
ration, the total number of paragraphs Ng satis-
fying the input sequence limit and the total num-
ber of PUA characters Nt observed in this data
are shown along with five additional metrics. The
first is the measure A of how well the model ad-
heres to instructions, i.e., the percentage of para-
graphs where the number of input PUA characters
in a sequence matches the number of predicted
classes. Two additional complementary metrics
measure the percentage of sequence mismatches,
where the number of per-sequence predicted char-
acter classes Ny, is either under-generated E;
(Np<N7) or over-generated E5 (Np>N7). The
measure R is a ratio between the total number of
generated character classes Np and the total num-
ber of PUA characters observed in the data N.
Finally, R; represents the percentage of LETTER
class predictions of the total number of generated
classes.

The adherence rate A shown in Table 8 is
quite high, ranging from 98.9% for paragraphs less
than 64 tokens long to 98.7% considering para-
graphs in their entirety. While the LLM tends to
under/over-predict at similar rates (E;;=1.2% vs.
E»=0.9%), it tends to generate many more labels
than expected when it overpredicts, as evidenced
by Rc=1.9. Overall, the LLM tends to label PUA
characters as LETTER 40.7% of the time. While the
LLM does not adhere perfectly to the instructions,
it adheres close enough that one could consider
using it to resolve PUA character class.

We also compute the above measures on a para-
graph script basis in Appendix D. We determine
the script from the top language-script hypothesis
for a paragraph provided by the LID model. There
are 156 scripts overall reported by the LID model
for the paragraphs in the collection analyzed in this
section. Among the highest frequency scripts re-
ported in Table 2, the model adheres closely to the
instructions for all of them. The only exception is
the Han (Han1i) script, for which the model only has
90.9% adherence. For the other scripts that adher-
ence rate ranges from 96.8% for Thai up to 99.5%
for Arabic. While poor adherence in Hani exam-
ples may be a product of relatively little pre-training
data, the adherence rates could also be a function
of the example length and number of PUA charac-
ters present per paragraph by script. More PUA
characters per paragraph and longer paragraphs
make it harder for the LLM to adhere to its instruc-



gold/pred | letter other
letter 192 10
other 3 180

Table 9: Confusion matrix for predicting character class
of individual PUA characters.

tions. Similar to our observations above, adher-
ence decreases slightly as the limit on the number
of input sequence tokens is raised. For example,
adherence decreases for Latin script paragraphs
from 98.9% when limiting to 64-token examples to
98.2% for all paragraphs.

LLM prompt wording is critical in producing the
correct number of labels. During our exploration,
detailed in Appendix E, we found that using a
prompt that does not explicitly include the num-
ber of PUA characters in the input paragraph re-
sults in only 64.8% of examples having the correct
number of predicted labels, with 72.0% adherence
even with 64-token inputs. In addition, this prompt
yielded an R of 31.7, suggesting massive over-
generation of predicted labels on average. With-
out experimenting with LLM prompts, mismatch in
predicted label count would preclude using LLMs
to solve this task at even the most basic level.

Predicting Character Class We sampled 100
paragraphs from the set of paragraphs where the
LLM adhered to the labeling instructions, restricted
to a maximum character length of 2,000 and num-
ber of PUA characters of 20. Over 95% of para-
graphs satisfied these two criteria, and they lim-
ited the difficulty of the annotation task. For each
PUA, in each paragraph, two annotators manually
labeled its character class independently. Any dis-
agreements were reconciled by discussion after an
independent annotation. Before discussion, anno-
tators had an agreement rate of 91% at the para-
graph level and 97.1% at the PUA character level.

Table 9 gives the confusion matrix for the
LLM’s character-level class prediction. Overall, the
LLM achieves 91% paragraph-level accuracy and
96.6% at the character level. This compares favor-
ably with the annotator agreement rate prior to rec-
onciliation: 91% at the paragraph level and 97.1%
at the character level. Note that a majority clas-
sifier, labeling each PUA as LETTER would have
achieved only 52.5% accuracy at this binary pre-
diction task. While the LLM appears to be able to
resolve PUA characters to character class at hu-
man agreement rates, resolution of PUA to glyph
remains untested.

It is worth noting that only 2 out of the 100
paragraphs were labeled heterogeneously, i.e.,
with both LETTER and OTHER classes being as-
signed at least once to PUA characters in the
paragraph. This suggests that for most instances,
predicting a single label of LETTER vs. OTHER
for all PUA characters in a paragraphs is suf-
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ficient. The two examples with heterogeneous
labels were: “BRXXXXXXFRXXXXJM AND
BRAZ-F IXIXXIXIR. 2001. Bowdenol”, a refer-
ence where most PUA characters encode the let-
ters in the authors’ names, but some represent to-
ken delimiters and “stylem, logem iXtypograX je
Studio Najbrt.”, where the first character is a non-
breaking whitespace character typically inserted
after Czech prepositions and the second is likely
a Latin letter “f”.

6. Conclusions

This work explored the landscape of Unicode
PUA characters within MADLAD-400 and DCAD-
2000, two large-scale, web-crawled corpora fre-
quently used to pre-train popular LLMs. To ex-
tract this data, we introduced a simple pipeline us-
ing heuristic-based filters, alongside two position-
based strategies for defining “valid” PUA to-
kens. Our analysis revealed that the ex-
tracted paragraph-level data exhibits notable rank-
frequency and rank-proportion distributions across
scripts and writing systems—a dynamic we high-
lighted using under-represented Cyrillic orthogra-
phies. Although PUA paragraphs constitute a
minute fraction of the overall data, they hold sig-
nificant potential for under-represented languages,
provided the identity of underlying glyphs can be
accurately resolved. To address this, we tested
an off-the-shelf LLM’s ability to classify PUA char-
acter data into orthographic versus non-linguistic
graphemes. We found that Gemini 2.5 Flash
generates well-formed predictions for 98% of in-
put paragraphs and distinguished between ortho-
graphic and non-orthographic PUA usage with
96.6% accuracy on a small sample, closely track-
ing our human agreement rate of 97.1%. While
these initial classification results are highly encour-
aging, the ability of current LLMs to reliably resolve
PUA characters to their exact intended graphemes
remains an open question for future research.

Ideally some dynamic community resource
would become available to document attested
and/or discovered PUA assignments, with detailed
information about the intended grapheme (and per-
haps the origin of the assignment), to assist in
grapheme recovery when links to fonts are lost.
Such a resource would have to be dynamic to
allow for ongoing use of PUA characters — in
contrast to some of the more static (and some-
time stale) resources cited earlier in the paper
— and would likely be augmented through semi-
automatic means, i.e., computer-assisted discov-
ery and labeling, followed by human validation.
This paper presents a hint of what at least some
part of such an undertaking would entail.



7. Limitations

Without reliable automated tools, resolving PUA
characters like those in Table 7 (Section 4) remains
a time-consuming and brittle manual process. Es-
tablishing a standard methodology is difficult be-
cause each instance demands a unique approach.
For example, identifying a Mansi PUA character
as a valid letter required running the paragraph
through a search engine, examining matching doc-
uments to find the context in which the keyword
appears, and finally looking it up in an online dic-
tionary.'? In contrast, identifying the Adyghe PUA
character as a list delimiter simply required locat-
ing the source newspaper article and examining
its visual layout. As reviewers noted, incorporat-
ing richer metadata context could significantly im-
prove both this manual effort and the automated
LLM-based pipeline (Section 5). Valuable meta-
data signals include source URLs, web-page font
specifications, and established PUA character al-
location registries (Section 2).

We presented an exploratory LLM-based ap-
proach that classifies PUA characters into two
broad categories. While this serves as a foun-
dational step, a significantly more useful disam-
biguation system would go beyond these broad
classes toward a finer-grained character taxonomy.
As noted by a reviewer, a proper grapholinguistic
analysis requires establishing the graphetic iden-
tity of the glyph, its script affiliation, and its relation-
ship to existing Unicode code points (e.g., distin-
guishing between a historically attested character
awaiting encoding and an idiosyncratic font short-
cut). These nuanced requirements significantly
complicate prompt structure. It remains to be seen
whether modern LLMs possess sufficient internal
grapholinguistic knowledge to resolve this informa-
tion independently, without resorting to the exter-
nal metadata discussed earlier. Consequently, rig-
orous prompt engineering will remain critical—as
demonstrated in this paper, iterative prompt refine-
ment is essential for significantly improving instruc-
tion adherence even in binary classification tasks.

Accurate and detailed models to disambiguate
PUA characters will ultimately facilitate NLP and
grapholinguistic research across several avenues:
(1) mining new sources of fully disambiguated,
clean text for low-resource languages from large-
scale web corpora for inclusion in NLP models;
(2) constructing data-driven knowledge graphs of
grapholinguistic data encountered in the wild; and
(3) augmenting, cross-referencing, and tagging
hand-curated PUA character allocation registries.
Finally, as aptly noted by a reviewer, the devel-

2The most detailed results are returned by Yandex
search engine for such queries. Also, finding an online
dictionary for a low-resource language is challenging.
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opment of robust PUA disambiguation methods is
crucial for the primary users of these characters—
the communities actively developing or reforming
their orthographies.

8. Ethics Statement

The goal of this work was to provide a preliminary
study of the Unicode Private-Use Area characters
as found in online data. This type of data tends
to be treated as noise and ignored in natural lan-
guage processing yet, as we argue, may provide
a useful source of linguistic signals. Developing
techniques to categorize such characters and “fix”
them by automatically providing valid Unicode al-
ternative(s), where possible, may help provide ad-
ditional sources of clean data in scenarios where
the need for such data is acutely felt, especially for
under-represented orthographies or orthographies
“in flux”.
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A. PUA Tokens Across Scripts: Full
Rank-Frequency Distribution for
Absolute Counts

Table 2 provided the top-5 items of the rank-
frequency distribution of PUA character tokens
across scripts.  The remaining scripts were
grouped under the “Other” category (Table 3). This
distribution is based on the absolute counts of
tokens with PUA characters in the relevant cor-
pora under various PUA character placement con-
ditions.

This appendix provides a fuller picture of this
distribution by including the PUA token distribu-
tions across all scripts essentially “expanding” the
“Other” bin. The distributions for tokens with PUA
characters for the permissive (Anywhere) PUA
character placement condition across scripts are
shown in Table 10 for MADLAD-400 (left) and
DCAD-2000 (right). As can be seen from the ta-
bles, MADLAD-400 has a greater variety of scripts
than DCAD-2000. For the restrictive PUA charac-
ter placement condition (/Internal) the distributions
of PUA character tokens across scripts are shown
in Table 11 for MADLAD-400 (left-hand side) and
DCAD-2000 (right-hand side).
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B. PUA Tokens and Paragraphs
Across Scripts and Languages:
Rank-Proportion Distribution

In our analysis in Section 4, the distributions con-
sidered in Tables 2 to 5, as well as the supplemen-
tary data in Appendix A, involve rank-frequency
distributions based on absolute counts of PUA
character tokens or paragraphs containing such to-
kens. We found that for these distributions the “in-
teresting” low-resource script and writing system
signals are mostly confined to the “Other” bin be-
cause the heads of the distributions are dominated
by well-resourced scripts and languages.

Using the permissive PUA character placement
strategy for MADLAD-400 we also computed the
ratio of PUA tokens to all the original tokens for
each of the scripts. Table 12 shows the ranking
of all scripts with over 100,000 original (non-PUA)
tokens ranked in terms of decreasing proportion
of the number of PUA tokens, shown in the third
column, to the number of all the original tokens
for each script. Beyond the tokens recognized as
code (Zinh and Zyyy), the top-ranking scripts in-
clude liturgical (Coptic, Copt and Syriac, Syrc),
historic (Ancient Egyptian, Egyp) and Southeast
Asian scripts, such as Khmer, Lao and Thai. Inter-
estingly, the well-resourced scripts, such as Latin,
Cyrillic and Arabic rank significantly lower.

For the same permissive PUA character place-
ment in the MADLAD-400 configuration we com-
puted the ratio of PUA paragraphs to all the original
paragraphs for each of the language-script pairs
emitted by GlotLID, where the count of original
paragraphs exceeds 5,000. The results are shown
in Table 13, where the rows are sorted accord-
ing to decreasing PUA paragraph ratio. The top-
ranking language-script pairs are completely dom-
inated by low-resource (Mansy, Khanty, Tsakhur,
Abaza and Northern Kurdish) orthographies in the
Cyrillic script, among othera. There is a strong
presence of historic orthographies such as Cop-
tic and Church Slavic, as well as an unknown lan-
guage in Old Permic script, which is likely medieval
Komi (Blokland, 2023).

C. Legacy and Modern Cyrillic Fonts

Beyond specialized fonts from academic publish-
ers, such as Brill fonts mentioned in Section 2, the
use of PUA characters is prevalent in public Cyril-
lic fonts available with most modern operating sys-
tems. Some of the fonts distributed with the popu-
lar TeX Live typesetting package that include sup-
port for Cyrillic script are shown in Table 14.'% The
table shows four popular and well-maintained font

Bhttps://tug.org/texlive/
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Code Name Count Code Name Count

Latn Latin 32240234 Latn Latin 12835255
Cyrl Cyrillic 2803337 Cyrl Cyrillic 1071969
Thai Thai 2672535 Grek Greek 644169
Hani Han (Hanzi, Kanji, Hanja) 825219 Arab  Arabic 396244
Arab  Arabic 507 019 Thai Thai 296941
Hang Hangul (Hangul, Hangeul) 423992 Hang Hangul (Hangtl, Hangeul) 166927
Grek Greek 240064 Zinh  Code for inherited script 133628
Hebr Hebrew 95085 Hani Han (Hanzi, Kanji, Hanja) 42923
Deva Devanagari (Nagari) 76671 Hebr Hebrew 36066
Zinh Code for inherited script 45175 Deva Devanagari (Nagari) 27268
Taml  Tamil 44904 Armn  Armenian 24780
Zyyy Code for undetermined script 19883 Knda Kannada 21990
Beng Bengali 17 326 Ethi Ethiopic (Ge'ez) 21144
Khmr  Khmer 14829 Sinh  Sinhala 19588
Armn  Armenian 13625 Khmr  Khmer 19261
Kana Katakana 11270 Geor Georgian (Mkhedruli) 13067
Geor Georgian (Mkhedruli) 11022 Gujr Gujarati 12891
Mlym Malayalam 5812 Laoo Lao 12572
Hira Hiragana 5232 Mlym Malayalam 10966
Copt Coptic 4628 Mymr  Myanmar (Burmese) 8764
Laoo Lao 4092 Java Javanese 8428
Knda Kannada 3992 Taml  Tamil 7143
Sinh Sinhala 3909 Guru  Gurmukhi 6623
Gujr Gujarati 3653 Beng Bengali 5251
Ethi Ethiopic (Ge'ez) 2163 Telu Telugu 4318
Telu Telugu 1901 Orya Oriya 3977
Guru  Gurmukhi 1761 Zyyy Code for undetermined script 3945
Mymr  Myanmar (Burmese) 1544 Lana Tai Tham (Lanna) 2295
Cans  Unified Canadian Aboriginal Syllabics 1524 Copt Coptic 1305
Syrc  Syriac 403 Kana Katakana 510
Orya Oriya 280 Cans  Unified Canadian Aboriginal Syllabics 291
Glag Glagolitic 241 Thaa Thaana 197
Ogam Ogham 161 Tibt Tibetan 118
Cher Cherokee 145 Egyp Egyptian hieroglyphs 82
Tibt Tibetan 143 Mong Mongolian 76
Tfng Tifinagh (Berber) 131 Hira Hiragana 33
Lana Tai Tham (Lanna) 80 Syrc  Syriac 29
Bopo Bopomofo 70 Nkoo N’Ko 10
Linb LinearB 55 Sund  Sundanese 9
Thaa Thaana 43 Cher Cherokee 6
Egyp Egyptian hieroglyphs 35 Tfng Tifinagh (Berber) 6
Nkoo N'Ko 29 Yiii Yi 5
Bali Balinese 29 Dsrt Deseret (Mormon) 2
Yiii Yi 26 Lina Linear A 2
Java Javanese 19 Tang Tangut 2
Mong Mongolian 16 Bopo Bopomofo 2
Runr  Runic 13 Bamu Bamum 2
Samr  Samaritan 13 Vaii Vai 1
Saur  Saurashtra 11 Xsux  Cuneiform, Sumero-Akkadian 1
Sund  Sundanese 9 Limb Limbu 1
Bamu Bamum 9 Batk Batak 1
Lisu Lisu (Fraser) 4 Runr  Runic 1
Merc Meroitic Cursive 3 Mero Meroitic Hieroglyphs 1
Cham Cham 3 Bugi Buginese 1
Bass Bassa Vah 2

Xsux  Cuneiform, Sumero-Akkadian 2 Al 15861087
Tale Taile 2

Limb Limbu 2

Rohg  Hanifi Rohingya 2

Hung Old Hungarian (Hungarian Runic) 1

Tglg Tagalog (Baybayin, Alibata) 1

Hano Hanunoo (Hanundo) 1

Tavt Tai Viet 1

Kali Kayah Li 1

Rjng Rejang (Redjang, Kaganga) 1

Mtei Meitei Mayek (Meithei, Meetei) 1

All 40104 389

Table 10: The full rank-frequency distribution of PUA character tokens in MADLAD-400 (left) and DCAD-
2000 (right) with permissive PUA character placement: ISO 15924 script codes, names and token counts.
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Code Name Count Code Name Count
Latn Latin 11739280 Latn Latin 1283007
Thai Thai 2092819 Cyrl Cyrillic 464904
Cyrl Cyrillic 1266526 Thai Thai 144511
Hani Han 440618 Arab  Arabic 115386
Arab  Arabic 161 666 Hang Hangul 67 066
Hang Hangul 122167 Hebr Hebrew 23255
Hebr Hebrew 51355 Khmr  Khmer 12373
Grek Greek 35904 Grek Greek 11775
Deva Devanagari 25680 Ethi Ethiopic 10594
Taml Tamil 18031 Java Javanese 8427
Khmr  Khmer 10958 Hani Han 8390
Beng Bengali 4208 Laoo Lao 7931
Laoo Lao 3417 Deva Devanagari 7057
Copt Coptic 3271 Mymr  Myanmar 3382
Geor Georgian 1590 Sinh Sinhala 3342
Zyyy Code 1584 Orya Oriya 3058
Kana Katakana 1449 Guru  Gurmukhi 2879
Mlym Malayalam 1324 Knda Kannada 2043
Zinh Code 911 Gujr Guijarati 1760
Telu Telugu 844 Zinh Code 1585
Hira Hiragana 758 Mlym Malayalam 1295
Cans  Unified 568 Geor Georgian 1293
Gujr Guijarati 568 Lana Tai 1220
Sinh Sinhala 548 Telu Telugu 1093
Guru  Gurmukhi 400 Copt Coptic 963
Knda Kannada 388 Beng Bengali 892
Mymr  Myanmar 336 Taml Tamil 731
Ethi Ethiopic 248 Zyyy Code 495
Orya Oriya 186 Armn  Armenian 433
Armn  Armenian 170 Mong Mongolian 52
Glag Glagolitic 157 Cans Unified 46
Syrc  Syriac 137 Tibt Tibetan 29
Ogam Ogham 80 Kana Katakana 17
Tfng Tifinagh 44 Sund  Sundanese 9
Tibt Tibetan 23 Bopo Bopomofo 2
Lana Tai 18 Hira Hiragana 2
Egyp Egyptian 14 Thaa Thaana 1
Cher  Cherokee 13 Xsux  Cuneiform 1
Runr  Runic 9

Bopo Bopomofo 5 Al 2191299
Mong Mongolian 5

Samr  Samaritan 4

Nkoo N’Ko 3

Rohg *** 2

Bamu Bamum 2

Tavt Tai 1

Sund  Sundanese 1

Cham Cham 1

Thaa Thaana 1

Bali Balinese 1

All 15988293

Table 11: The full rank-frequency distribution of PUA character tokens in MADLAD-400 (left) and DCAD-
2000 (right) with word-internal PUA character placement: 1SO 15924 script codes, names and token

counts.

families containing multiple fonts with a good sup-
port for Cyrillic glyphs (among other scripts, if Latin
and Greek are also provided). However, a lot of
these glyphs are mapped to PUA characters as
can be seen from the values of population mean
M, which represents the average number of PUA
characters per font. It is likely that a reasonably
high proportion of such characters end up in the re-
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sulting digital documents that use these fonts and
therefore introduce character-level noise into the
web-crawled corpora.

Arguably the widest coverage of modern Cyrillic
writing systems is provided by the ParaType type
foundry. According to the ParaType metadata, 81
living Cyrillic writing systems are supported by its



Code Name Ratio (%) Tokens PUA Tokens Orig. Lang. Script Lang. Name Ratio (%)  PUA Original

Copt Coptic 0.896 4628 516649 mns Cyrl Mansi 32.344 31639 97 819
Zinh Code 0.326 45175 13871088 kca Cyrl Khanty 19.276 19796 102697
Tibt Tibetan 0.092 143 155482 und Perm  Undetermined 1.071 57 5323
Khmr  Khmer 0.066 14829 22302230 cop Copt  Coptic 1.036 740 71446
Bopo Bopomofo 0.058 70 119873 tkr Cyrl Tsakhur 0.928 53 5713
Zyyy Code 0.047 19883 41876698 und Khmr  Undetermined 0.886 3184 359403
Thai Thai 0.047 2672535 5643 856 638 chu Cyrl  Church Slavic 0.856 8544 998622
Cher Cherokee 0.034 145 429135 mdy Ethi Male 0.596 35 5870
Egyp Egyptian 0.026 35 135049 und Shaw  Undetermined 0.557 39 6998
Laoo Lao 0.019 4092 21654614 abq Cyrl Abaza 0.535 101 18874
Syrc  Syriac 0.015 403 2685983 und Kthi  Undetermined 0.531 512 96 358
Tfng Tifinagh 0.013 131 1011416 kmr Cyrl  Northern Kurdish 0.530 242 45623
Cans  Unified 0.012 1524 12906115 und Mand  Undetermined 0.504 56 11105
Mong  Mongolian 0.011 16 141788 und Sidd  Undetermined 0.494 360 72840
Hani Han 0.009 825219 9433282806 und Thai  Undetermined 0.475 1357 285724
Hang Hangul 0.004 423992 9938441074 und  Nshu Undetermined 0.430 1781 414466
Hira Hiragana 0.003 5232 173292558 zsm  Arab  Standard Malay 0.397 31 7817
Taml Tamil 0.003 44904 1582361376 chr Cher  Cherokee 0.394 189 47988
Mymr  Myanmar 0.003 1544 55233135 und Cham  Undetermined 0.392 106 27053
Armn  Armenian 0.002 13625 725541909 yrk  Cyrl Nenets 0.370 144 38925
Ethi Ethiopic 0.002 2163 125084 695 bbj Latn  Ghomald’ 0.366 40 10928
Geor Georgian 0.001 11022 848345475 crk  Cans Plains Cree 0.356 19 5340
Hebr Hebrew 0.001 95085 7406031175 dwr Latn  Dawro 0.349 586 168050
Grek Greek 0.001 240064 20328 695 640 und  Copt  Undetermined 0.345 345 99872
Kana Katakana 0.001 11270 1038104139 nnw  Latn  Southern Nuni 0.318 26 8182
Deva Devanagari  0.001 76671 7791717 690 nio  Cyrl Nganasan 0.312 20 6410
Latn Latin 0.001 32240234 3349046897 307 und Mong  Undetermined 0.301 768 255042
Knda Kannada 0.001 3992 423791112 und Limb  Undetermined 0.296 148 50010
Sinh Sinhala 0.001 3909 424759 844 und Cher  Undetermined 0.295 345 116813
Beng Bengali 0.001 17 326 2103453752 itv Latn  Itawit 0.274 45 16448
Cyrl Cyrillic 0.001 2803337 344698119171 und  Lyci  Undetermined 0.260 168 64570
Mlym Malayalam 0.001 5812 763 444 007 wsg Telu Adilabad Gondi 0.260 21 8076
Arab  Arabic 0.001 507 019 69314190 045 und Linb  Undetermined 0.258 638 247520
Gujr Gujarati 0.001 3653 527343472 sgh Cyrl  Shughni 0.252 181 71825
Guru  Gurmukhi 0.001 1761 261678 655 und Grek  Undetermined 0.247 3583 1452750
Orya Oriya 0.001 280 55081256 und Tang  Undetermined 0.244 3636 1492143
Telu Telugu 0.000 1901 683 656 693 und Hmnp  Undetermined 0.243 179 73603
Thaa Thaana 0.000 43 77112730 und Sarb  Undetermined 0.224 19 8464

Table 12: The proportion of PUA fokens (shown in
the third column) to all tokens for 38 scripts that
have over 100,000 tokens, ranked in decreasing
order.

fonts.' While the majority of glyph inventories for
these writing systems map trivially to the assigned
Cyrillic Unicode code points, there are 27 orthogra-
phies, shown in Table 15, that include some glyphs
that involve PUA allocations. While the presence
of PUA characters in well-resourced language or-
thographies (e.g., Russian) can be attributed to
ParaType support for historic versions of these or-
thographies, for other languages, such as Avar,
Even and Selkup, the relatively high number of
PUA characters correlates with how established
these orthographies are in terms of their Unicode
support over time as well as the orthographic com-
plexity of these languages.

A centralized mapping of ParaType glyph-to-
PUA character assignments across all writing sys-
tems includes 109 unique assignments. These as-
signments are shown in Table 16 along with the
frequency of appearance N in ParaType orthogra-
phies. As can be seen from the figure, the most
frequent glyphs are CYRILLIC CAPITAL/SMALL

“https://github.com/paratype/paratype.
github.io/. Accessed: 25th December 2024.
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Table 13: The proportion of PUA paragraphs
(shown in the fourth column) to all paragraphs for
top 38 unique language-script pairs that have over
5,000 paragraphs, ranked in decreasing order.

LETTER A WITH MACRON and CYRILLIC CAP-
ITAL/SMALL LETTER YA WITH MACRON, which
appear in the orthographies of 10 languages. We
hypothesize that such characters were added for
compatibility with the existing non-PUA Unicode
assignments for Latin script for which similar map-
pings (such as LATIN CAPITAL LETTER A WITH
MACRON) form part of the Unicode standard.

D. Per-script LLM Instruction Metrics

This appendix provides a per-script breakdown
of various LLM instruction following metrics dis-
cussed in Section 5 for the collection of para-
graphs with PUA token-internal characters mined
from DCAD-2000. This collection has paragraphs
in 156 scripts as determined by GlotLID. Table 17
shows the relevant metrics for configuration with
a longest (32K-token) limit imposed on input para-
graphs. The entries are sorted by decreasing ad-
herence A (fourth column). Table 18 shows the
relevant metrics for the same collection obtained
for a shortest (64-token) input sequence limit. The
entries in this table are similarly ranked by decreas-


https://github.com/paratype/paratype.github.io/
https://github.com/paratype/paratype.github.io/

PUA

Family Name Documentation Scripts # Fonts " o2
Antykwa Toruriska Nowacki (2005) Cyrillic, Greek, Latin 16 401.2 1.1
- Computer Modern Unicode  Multiple sources Cyrillic, Greek, Latin 33 271.0 1164
Church Slavonic Andreev and Simmons (2020)  Cyrillic 18 180.3 337.5
Old Standard NG (AU) Cyrillic, Greek, Latin 5 73.0  44.0

Alessi and Tsolomitis (2023)

Table 14: Examples of publicly available popular modern typefaces with extensive Cyrillic support. Some
font families support multiple scripts, while others focus on Cyrillic only. Each typeface is shown along
with the number of fonts it contains as well as the mean and population variance for number of PUA code
points for individual fonts. Note that for multi-script fonts not all PUA code points necessarily represent
Cyrillic letters.

Orthography Code(s) Family # PUAs Orthography Code(s) Family # PUAs
Avar ava Northeast Caucasian 32 Macedonian mkd Indo-European 2
Bashkir bak Turkic 6 Mansi mns Uralic 14
Bulgarian bul Indo-European 4 Eastern Mari mhr Uralic 2
Chechen che Northeast Caucasian 12 Nanai gld Tungusic 16
Chuvash chv Turkic 8 Negidal neg Tungusic 18
Enets enf, env Uralic 2 Nenets (Yurak) yrk Uralic 2
Even (Lamut) eve Tungusic 20 Nganasan nio Uralic 4
Evenki (Tungus) evn Tungusic 16 Nivkh (Gilyak) niv Language isolate 2
Ingush inh Northeast Caucasian 4 Russian rus Indo-European 22
Itelmen itl Chukotko-Kamchatkan 2 Kildin Saami sjd Uralic 14
Judeo-Tat jdt Indo-European 2 Selkup sel Uralic 26
Karachay-Balkar krc Turkic 2 Serbian srp Indo-European 6
Khanty kca Uralic 18 Ulch ulc Tungusic 16
Yakut sah Turkic 2

Table 15: PUA code points in ParaType Cyrillic orthographies of some languages. Each orthography in
the table is shown along the corresponding ISO 639-3 language code, language family and the even num-
ber of PUA code points it uses to represent lower and upper-case letters. The higher-resource language
orthographies in the Table (Bulgarian, Macedonian, Russian and Serbian) include historic characters.

ing adherence. Adherence is high for almost all E. LLM Instruction Following with
scripts. For over half of the unique scripts, ad- Number of PUA Characters
herence is over 98% over all paragraphs. While Excluded from the Prompt

restricting to shorter paragraphs tends to improve
adherence slightly, e.g., Latin script adherence
moves to 98.9% from 98.2%, the gains are mod-
est.

This appendix provides overall and per-script
breakdown of the LLM instruction following metrics
discussed in Section 5 when the number of PUA
characters is not explicitly given in the prompt. Ta-
There is a reasonably short tail of scripts that  ble 19 gives metrics for LLM instruction following
do not display high adherence. If the adherence  Wwith this older, exploratory prompt.
threshold for acceptable performance is set to Without explicitly giving the number of PUA char-
80%, there are 24 such scripts for the first con-  acters in the prompt, this task is not trivial. In
dition (Table 17), and 19 scripts for the second  fact, the performance heavily depends on the input
condition (Table 18). For both sequence length  sequence length. Overall instruction adherence
limit conditions, among the scripts with over 500 is quite low with the best adherence of 72% ob-
observed PUA paragraphs, the worst performers  tained for the shortest input sequences with a limit
include Yi (Yiii), Ancient Egyptian (Egyp), and  of 64 tokens. For all the conditions apart from the
Tangut (Tang), all three representing either logo-  longest input sequence limit, the model under- and
graphic writing systems or, in the case of Yi, pos-  over-generates the PUA class tags roughly equally
sibly a syllabary if the source sentences belong  according to the E;; and E5 metrics. However,
to modern Yi orthography. Ignoring the 500 para-  according to R, when the model over-generates,
graph limit, the worst-performing script in terms it does so heavily and this holds for all the con-
of LLM instruction adherence is a modern N'Ko  ditions and especially the first one, where for the
(Nkoo) alphabet originally developed for the Bam- 32K sequence limit the model hallucinates nearly
bara language (Wyrod, 2008). 32 times more PUA characters than the number
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Code N Description Code N Description
U+F43A 1 CAPITAL LETTER STRAIGHT U WITH MACRON e e e
U+F43B 1 SMALL LETTER STRAIGHT U WITH MACRON U+F516 1 CAPITAL LETTER ZE WITH CARON
U+F460 2 CAPITAL LETTER A WITH ACUTE U+F517 1 SMALL LETTER ZE WITH CARON
U+F461 2 CAPITAL LETTER IE WITH ACUTE U+F518 9 CAPITAL LETTER O WITH MACRON
U+F462 2 CAPITAL LETTER I WITH ACUTE U+F519 9 SMALL LETTER O WITH MACRON
U+F463 2 CAPITAL LETTER O WITH ACUTE U+F51A 3 CAPITAL LETTER O WITH BREVE
U+F464 2 CAPITAL LETTER U WITH ACUTE U+F51B 3 SMALL LETTER O WITH BREVE
U+F465 2 CAPITAL LETTER YERU WITH ACUTE U+F51C 1 CAPITAL LETTER BARRED O WITH BREVE
U+F466 2 CAPITAL LETTER E WITH ACUTE U+F51D 1 SMALL LETTER BARRED O WITH BREVE
U+F467 2 CAPITAL LETTER YU WITH ACUTE U+F51E 1 CAPITAL LETTER BARRED O WITH DIAERESIS AND BREVE
U+F468 2 CAPITAL LETTER YA WITH ACUTE U+F51F 1 SMALL LETTER BARRED O WITH DIAERESIS AND BREVE
U+F469 2 CAPITAL LETTER IE WITH DIAERESIS AND ACUTE U+F520 7 CAPITAL LETTER YERU WITH MACRON
U+F46A 2 SMALL LETTER A WITH ACUTE U+F521 7 SMALL LETTER YERU WITH MACRON
U+F46B 2 SMALL LETTER IE WITH ACUTE U+F522 9 CAPITAL LETTER E WITH MACRON
U+F46C 2 SMALL LETTER I WITH ACUTE U+F523 9 SMALL LETTER E WITH MACRON
U+F46D 2 SMALL LETTER O WITH ACUTE U+F524 1 CAPITAL LETTER E WITH BREVE
U+F46E 2 SMALL LETTER U WITH ACUTE U+F525 1 SMALL LETTER E WITH BREVE
U+F46F 2 SMALL LETTER YERU WITH ACUTE U+F526 1 CAPITAL LETTER UKRAINIAN IE WITH DIAERESIS
U+F470 2 SMALL LETTER E WITH ACUTE U+F527 1 SMALL LETTER UKRAINIAN IE WITH DIAERESIS
U+F471 2 SMALL LETTER YU WITH ACUTE U+F528 10 CAPITAL LETTER YA WITH MACRON
U+F472 2 SMALL LETTER YA WITH ACUTE U+F529 10 SMALL LETTER YA WITH MACRON
U+F473 2 SMALL LETTER IE WITH DIAERESIS AND ACUTE U+F52A 1 CAPITAL LETTER YA WITH BREVE
U+F498 1 CAPITAL LETTER YU WITH DIAERESIS U+F52B 1 SMALL LETTER YA WITH BREVE
U+F499 1 SMALL LETTER YU WITH DIAERESIS U+F52C 9 CAPITAL LETTER YU WITH MACRON
U+F49A 3 CAPITAL LETTER BARRED O WITH MACRON U+F52D 9 SMALL LETTER YU WITH MACRON
U+F49B 3 SMALL LETTER BARRED O WITH MACRON U+F52E 1 CAPITAL LETTER YU WITH BREVE

. U+F49C 1 CAPITAL LETTER SCHWA WITH MACRON U+F52F 1 SMALL LETTER YU WITH BREVE
U+F49D 1 SMALL LETTER SCHWA WITH MACRON U+F532 1 CAPITAL LETTER SHORT I WITH HOOK
U+F49E 1 CAPITAL LETTER SHHA WITH BAR U+F533 1 SMALL LETTER SHORT I WITH HOOK
U+F49F 1 SMALL LETTER SHHA WITH BAR U+F536 2 CAPITAL LETTER YERU WITH BREVE
U+F4C6 1 CAPITAL LETTER CHE WITH HOOK U+F537 2 SMALL LETTER YERU WITH BREVE
U+F4C7 1 SMALL LETTER CHE WITH HOOK U+F538 1 CAPITAL LETTER REVERSED ZE WITH DIAERESIS
U+F4CC 1 CAPITAL LETTER U WITH ACUTE U+F539 1 SMALL LETTER REVERSED ZE WITH DIAERESIS
U+F4CD 1 SMALL LETTER U WITH ACUTE U+F53C 1 CAPITAL LETTER GHE WITH STROKE
U+F4D2 2 CAPITAL LETTER O WITH GRAVE U+F53D 1 SMALL LETTER GHE WITH STROKE
U+F4D3 2 SMALL LETTER O WITH GRAVE U+F53E 1 CAPITAL LETTER ES WITH TAIL
U+F4D4 1 CAPITAL LETTER ER WITH CARON U+F53F 1 SMALL LETTER ES WITH TAIL
U+F4D5 1 SMALL LETTER ER WITH CARON U+F830 1 CAPITAL LETTER A WITH CIRCUMFLEX
U+F4D6 1 CAPITAL LETTER E WITH DOT ABOVE U+F831 1 SMALL LETTER A WITH CIRCUMFLEX
U+F4D7 1 SMALL LETTER E WITH DOT ABOVE U+F833 1 CAPITAL LETTER IE WITH CIRCUMFLEX
U+F4D8 2 CAPITAL LETTER YA WITH DIAERESIS U+F834 1 SMALL LETTER IE WITH CIRCUMFLEX
U+F4D9 2 SMALL LETTER YA WITH DIAERESIS U+F839 1 CAPITAL LETTER O WITH CIRCUMFLEX
U+F50A 2 CAPITAL LETTER ZE WITH TAIL U+F83A 1 SMALL LETTER O WITH CIRCUMFLEX
U+F50B 2 SMALL LETTER ZE WITH TAIL U+F86F 1 CAPITAL LETTER KA WITH MACRON
U+F50C 3 CAPITAL LETTER ES WITH CEDILLA U+F870 1 SMALL LETTER KA WITH MACRON
U+F50D 3 SMALL LETTER ES WITH CEDILLA U+F872 1 CAPITAL LETTER EL WITH MACRO
U+F50E 10 CAPITAL LETTER A WITH MACRON U+F873 1 SMALL LETTER EL WITH MACRON
U+F50F 10 SMALL LETTER A WITH MACRON U+F875 1 CAPITAL LETTER ES WITH MACRO
U+F510 9 CAPITAL LETTER IE WITH MACRON U+F876 1 SMALL LETTER ES WITH MACRON
U+F511 9 SMALL LETTER IE WITH MACRON U+F878 1 CAPITAL LETTER HA WITH MACRO
U+F512 7 CAPITAL LETTER IE WITH DIAERESIS AND MACRON U+F879 1 SMALL LETTER HA WITH MACRON
U+F513 7 SMALL LETTER IE WITH DIAERESIS AND MACRON U+F87B 1 CAPITAL LETTER TSE WITH MACRO
U+F514 1 CAPITAL LETTER IE WITH DIAERESIS AND BREVE U+F87C 1 SMALL LETTER TSE WITH MACRON
U+F515 1 SMALL LETTER IE WITH DIAERESIS AND BREVE U+F87E 1 CAPITAL LETTER CHE WITH MACRO

e e D U+F87F 1 SMALL LETTER CHE WITH MACRON

Table 16: Inventory of PUA assignments from ParaType type foundry along with the number of Cyrillic
writing systems N, where the particular code point is used. The prefix CYRILLIC has been omitted from

the original character names.

of characters found in the actual data. The over-
all number of hallucinations decreases as one im-
poses shorter limits on the input sequence length.
According to the R; metric, in the first condition the
OTHER class heavily dominates the outputs with
LETTER classes comprising only 13.4% of the over-
all predictions. For rest of the conditions this mea-
sure is reasonably constant in the 42-45% ball-
park.

Table 20 shows the relevant metrics for config-
uration with a longest (32K-token) limit imposed
on input paragraphs. The entries are sorted by
decreasing adherence (fourth column). Table 21
shows the relevant metrics for the same collection

obtained for a shortest (64-token) input sequence
limit. The entries in this table are similarly ranked
by decreasing adherence.

As can be seen from these tables, the perfor-
mance of adherence and other metrics is highly
script- and paragraph length-specific.  Among
the best consistently performing scripts there are
some scripts with very low counts of paragraphs
and tokens, such as Elymaic (Elym), Palmyrene
(Palm) and Marchen (Marc). For these scripts
the metrics do not provide any useful evidence.
Among the scripts with sufficient counts, Odiya
script (Orya) consistently performs best among all
the scripts for both configurations of input para-
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Code  Nj Ny A Ey Eo Rc R, GCode Ng N A Ey Eo Rc R
Ad1m 9 60 1000 00 00 10 67 ..
Phnx 3 81 1000 00 00 10 753 Plrd 47 1240 979 00 21 1.0 758
Phli 3 98 1000 00 00 10 194 Knda 835 10982 978 11 1.1 17 425
Perm 2 10 1000 00 00 1.0 200 Jpan 359 5178 972 14 14 16 139
Palm 1 2 1000 00 00 1.0 1000 Thai 25533 342758 968 23 08 16 838
Ogam 5 198 1000 00 00 1.0 530 Talu 31 815 968 00 32 10 888
Nbat 13 318 1000 00 00 10 965 Newa 26 838 962 38 00 10 847
Nand 2 22 1000 00 0.0 10 182 Nshu 52 2280 9.2 38 00 09 418
Nagm 2 32 1000 00 00 1.0 906 Osge 25 49 960 00 40 10 491
Mult 7 212 1000 00 00 10 241 Sidd 50 1185 960 40 00 10 925
Modi 25 537 1000 00 00 10 642 Hebr 9410 125431 958 38 04 10 122
Mero 3 76 1000 00 00 10 211 Xpeo 20 713 950 00 50 10 406
Merc 12 296 1000 00 00 1.0 595 Sund 18 960 944 00 56 130 23
Medf 403 2892 1000 00 00 10 12 Brah 35 1004 943 00 57 169 140
Aghb 2 46 1000 00 00 1.0 1000 Copt 19 4919 939 41 20 10 536
Mand 1 22 1000 00 00 10 1000 Mtei 16 649 938 00 62 10 632
Maka 3 85 1000 00 00 10 671 Lana 104 3766 933 58 10 09 921
Kthi 2 47 1000 00 00 10 851 Bamu 257 16334 930 39 31 08 521
Kali 12 160 1000 00 00 1.0 319 Cprt 14 367 929 00 7.1 11 566
Ital 3 109 1000 00 00 10 00 Glag 14 700 929 71 00 04 257
Hmng 10 309 1000 00 00 1.0 974 Dupl 41 2476 927 49 24 72 950
Phlp 1 62 1000 00 00 10 00 Sgnw 48 2154 917 21 62 17 793
Prti 1 40 1000 00 00 10 00 Java 12 915 917 00 83 16 20
Hano 1 44 1000 00 00 10 00 Hani 1784 55538 909 46 45 23 201
Rjng 1 40 1000 00 00 1.0 00 Avst 1 209 909 00 9.1 1.0 403
Yezi 6 105 1000 00 00 10 324 Bopo 31 2333 903 32 65 14 238
Weho 2 22 1000 00 00 10 00 Cpmn 40 1879 900 25 75 11 848
Ugar 1 6 1000 00 00 10 00 Vith 10 325 900 100 00 1.0 375
Toto 3 60 1000 00 00 10 833 Cakn 10 342 900 00 100 1.0 432
Tnsa 8 191 1000 00 00 10 880 Tibt 95 4306 895 53 53 19 620
Tirh 3 130 1000 00 00 10 862 Cans 111 6090 892 45 63 21 297
Thaa 8 310 1000 00 00 1.0 168 Hung 18 442 89 111 00 10 636
Tglg 2 29 1000 00 00 1.0 241 Mong 9% 4290 885 62 52 20 885
Tfng 7 135 1000 00 00 10 319 Brai 43 2924 884 47 70 28 675
Tavt 8 205 1000 00 00 10 473 Khar 8 406 875 125 00 10 185
Takr 4 265 1000 00 00 10 98 Ethi 978 20769 867 9.0 43 12 868
Tagb 5 79 1000 00 00 10 722 Syrc 66 10461 864 45 9.1 14 245
Soyo 4 77 1000 00 00 10 00 Orkh 7 538 857 0.0 143 11 791
Sogo 3 71 1000 00 00 10 183 Lyci 14 408 857 143 00 10 856
Sogd 3 39 1000 00 00 10 718 Mend 27 1304 852 111 37 10 422
sind 1 3 1000 00 00 10 00 Kits 70 4204 843 43 114 16 736
Shaw 3 29 1000 00 00 10 690 Runr 12 528 833 00 167 10 471
sarb 1 54 1000 00 00 10 00 Lepc 6 261 833 167 00 1.0 77.3
samr 3 122 1000 00 00 10 656 Mani 6 828 833 00 167 74 10
Hatr 2 24 1000 00 00 10 00 Pauc 6 141 83 00 167 11 537
Marc 7 30 1000 00 00 1.0 00 Cham 11 529 818 182 00 10 403
Buhd 1 7 1000 00 00 10 00 Linb 65 4158 815 92 92 59 134
Dsrt 13 295 1000 00 00 10 508 Phag 37 812 811 135 54 10 934
Gong 4 92 1000 00 00 10 359 Saur 131 9763 802 115 84 14 303
Bhks 7 269 1000 00 00 1.0 431 Zanb 5 383 800 200 00 10 359
Bali 3 37 1000 00 00 10 405 Osma 5 253 800 00 200 10 736
Elym 3 9 1000 00 00 10 556 Gonm 5 121 800 200 00 10 717
Dogr 2 8 1000 00 00 10 00 shrd 24 1308 792 83 125 10 315
Diak 9 157 1000 00 00 10 694 Hira 33 4035 788 121 9.1 19 73
Elba 3 13 1000 00 00 10 923 Kana 37 2421 784 108 108 09 398
Armi 6 182 1000 00 00 10 522 Lina 75 5787 773 147 80 17 348
Ahom 5 72 1000 00 00 10 986 Limb 38 11146 763 105 132 09 102
Batk 3 24 1000 00 00 10 00 Cher 29 3313 759 138 103 23 361
Gran 2 17 1000 00 00 10 00 Mahj 4 115 750 00 250 13 431
Orya 2904 3366 1000 0.0 00 10 884 Rohg 8 522 750 250 00 07 310
Khmr 6568 26009 996 02 02 10 868 O0lck 7 295 714 143 143 1.0 997
Armn 396 1948 995 03 03 10 300 Cari 17 1359 706 118 176 82 43
Guru 1901 11160 995 03 02 10 255 Kawi 10 495 700 200 100 50 73
Arab 10674 52799 995 02 03 21 301 Wara 64 6591 688 203 109 35 717
Gujr 903 6560 994 03 02 19 196 Xsux 480 71375 677 129 194 29 512
Deva 5404 24033 994 03 03 20 772 Zzzz 54 6707 648 56 296 122 33
Geor 870 4887 991 07 02 1.0 125 Vaii 53 12064 642 151 208 20 714
Mlym 719 4186 990 06 04 10 215 Egyp 829 182167 63.6 11.8 246 29 486
Mymr 1664 11196 989 04 07 15 300 Hluw 348 52052 621 98 282 33 403
Grek 7616 44845 988 08 04 17 401 Tang 1588 322750 60.0 144 256 34 493
Telu 1485 4240 988 08 04 29 69 Hmnp 12 2246 583 167 250 19 11
Beng 7830 11531 988 10 03 12 302 Mroo 9 1258 556 111 333 31 972
Laoo 1993 23184 987 08 0.6 16 945 vYiii 1790 502871 520 172 309 3.0 520
Hang 30204 186766 987 09 04 14 726 Lisu 10 714 500 300 200 32 23
Taml 1120 4933 985 10 05 36 924 Ougr 2 49 500 500 00 08 00
Latn 760493 4840954 982 10 08 18 292 Sora 2 167 500 500 00 10 312
sinh 1296 22935 981 15 03 10 856 Bass 12 1927 417 167 417 34 00
cyrl 100166 910319 981 15 04 13 765 Nkoo 45 867 289 711 00 05 667

ALl 991309 8060123 980 1.2 09 1.9 407

Table 17: LLM instruction following metrics sorted by adherence: 32K-token input sequence limit.
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Code  Nj Ny A Ey Eo Rc R, GCode Ng N A Ey Eo Rc R
Ad1m 9 60 1000 00 00 10 67 .. .
Mero 3 76 1000 00 00 10 211 Sinh 1215 22198 983 16 02 10 855
Phli 3 98 1000 00 00 1.0 194 Hebr 742 9846 982 09 08 13 848
Perm 2 10 1000 00 00 1.0 200 Thai 18020 146225 982 15 03 11 813
Palm 1 2 1000 00 00 1.0 1000 Taml 260 2607 981 15 04 09 764
Ogam 5 198 1000 00 00 10 530 Knda 748 10261 980 1.1 09 17 419
Nbat 13 318 1000 00 00 10 965 Sidd 47 1157 979 21 00 10 924
Nand 2 22 1000 00 00 10 182 Plrd 46 1158 978 00 22 10 8l1
Nagm 2 32 1000 00 00 10 906 Lana 84 1685 976 12 12 11 895
Mult 7 212 1000 00 00 10 241 Ethi 432 5612 972 09 19 12 66.0
Modi 25 537 1000 00 00 10 642 Jpan 355 4988 972 14 14 16 123
Merc 12 296 1000 00 00 10 595 Talu 31 815 9.8 00 32 10 888
Hano 1 44 1000 00 00 10 00 Newa 26 838 9.2 38 00 10 847
Medf 403 2892 1000 00 00 1.0 12 Nshu 50 2173 960 40 00 09 442
Aghb 2 46 1000 00 00 10 1000 Osge 25 496 960 00 40 10 491
Mani 4 153 1000 0.0 00 10 379 Dupl 40 2044 950 50 00 09 530
Mand 1 22 1000 00 00 1.0 1000 Xpeo 20 713 950 00 50 10 406
Maka 3 85 1000 00 00 10 671 Bamu 253 7939 945 28 28 12 532
Kthi 2 47 1000 00 00 10 851 Sund 18 960 944 00 56 130 23
Kali 12 160 1000 00 00 1.0 319 Copt 195 4699 944 41 15 10 508
Ital 2 55 1000 00 00 10 00 Brah 35 1004 943 00 57 169 140
Hmng 10 309 1000 00 00 1.0 974 Mtei 16 649 938 00 62 10 632
Phlp 1 62 1000 00 00 1.0 00 Cprt 14 367 929 00 7.1 11 566
Phnx 3 81 1000 00 00 10 753 Sgnw 48 2154 917 21 62 17 793
Prti 1 40 1000 00 00 10 00 Java 12 915 917 00 83 16 20
Rjng 1 40 1000 00 00 10 00 Tibt 92 4014 913 33 54 21 617
Yezi 6 105 1000 00 00 1.0 324 Avst 11 209 909 00 9.1 10 403
Weho 2 22 1000 00 00 10 00 Hani 1704 53901 909 45 46 23 201
Ugar 1 6 1000 00 00 10 00 Cans 109 4788 908 46 46 19 201
Toto 3 60 1000 00 00 10 833 Brai 42 1813 905 48 48 09 341
Tnsa 8 191 1000 00 00 10 880 Mong 93 3060 903 65 32 14 789
Tirh 3 130 1000 00 00 10 862 Glag 10 644 900 100 00 03 7.8
Thaa 8 310 1000 00 00 10 168 Cpmn 40 1879 900 25 75 11 848
Tglg 2 29 1000 00 0.0 10 241 Vith 10 325 900 100 00 10 375
Tfng 6 80 1000 00 00 10 538 Cakm 10 342 900 00 100 1.0 432
Tavt 8 205 1000 00 00 10 473 Hira 29 1677 897 69 34 18 74
Takr 4 265 1000 00 00 10 98 Hung 18 442 889 111 00 10 636
Tagb 5 79 1000 00 00 10 722 Syrc 65 3663 877 46 77 13 746
Soyo 4 77 1000 00 00 10 00 Zzzz 32 1465 875 31 94 119 39
Sogo 3 71 1000 00 00 10 183 Khar 8 406 875 125 00 10 185
Sogd 3 39 1000 00 00 10 718 Kits 68 3014 868 44 88 10 406
sind 1 3 1000 00 00 10 00 Lyci 14 408 857 143 00 10 856
Shaw 3 29 1000 00 00 10 69.0 Cher 26 1321 846 115 38 22 126
Sarb 1 54 1000 00 00 10 00 Mend 25 1215 840 120 40 10 453
Samr 3 122 1000 00 00 10 656 Pauc 6 141 83 00 167 11 537
Hatr 2 24 1000 00 00 10 00 Runr 12 528 833 00 167 10 471
Marc 7 30 1000 00 00 10 00 Orkh 6 537 833 00 167 11 790
Batk 3 24 1000 00 00 10 00 Olck 6 90 833 167 00 08 987
Dsrt 13 295 1000 00 00 10 508 Lepc 6 261 833 167 00 10 773
Dogr 2 8 1000 00 00 10 00 Linb 64 3920 828 94 78 62 135
Ahom 5 72 1000 00 00 1.0 986 Shrd 23 1179 826 43 130 10 347
Bali 3 37 1000 00 00 10 405 Saur 126 7482 825 103 7.1 13 397
Buhd 1 7 1000 00 00 10 00 Phag 37 812 811 135 54 10 934
Gong 4 92 1000 00 00 10 359 Kana 36 2217 806 111 83 08 350
Elba 3 13 1000 00 00 10 923 Lina 72 4136 806 139 56 11 754
Bopo 28 1072 1000 0.0 00 10 550 Zanb 5 383 800 200 00 10 359
Bhks 7 269 1000 00 00 10 431 Gonm 5 121 800 200 00 10 717
Diak 9 157 1000 00 00 10 694 Osma 5 253 800 00 200 10 736
Elym 3 9 1000 00 00 10 556 Cham 10 413 800 200 00 10 522
Gran 2 17 1000 00 00 10 00 Limb 37 8105 784 81 135 1.0 119
Armi 6 182 1000 00 00 1.0 522 Egyp 700 57503 753 81 166 33 630
Orya 2006 2327 1000 00 00 1.0 845 Mahj 4 115 750 00 250 13 431
Beng 377 843 997 03 00 10 188 Rohg 8 52 750 250 00 07 310
Khmr 6436 22846 997 01 02 11 861 Wara 59 3278 746 186 68 08 598
Arab 7220 34923 996 01 02 10 298 Xsux 437 33886 741 108 151 30 432
Geor 687 3492 996 04 00 10 88 Kawi 7 165 714 143 143 129 19
Hang 14278 65885 995 03 01 10 687 Vaii 48 6385 708 125 167 26 678
Deva 3411 15501 995 03 02 11 594 Cari 17 1359 706 118 176 82 43
Armn 366 1779 995 03 03 1.0 300 Tang 1352 115930 704 112 184 37 512
Gujr 842 6173 994 04 02 20 175 Hluw 308 31122 701 94 205 22 480
Guru 1075 8364 993 04 03 10 116 Hmp 10 523 700 200 100 07 133
Grek 7209 34234 993 05 02 12 183 VYiii 1392 134304 667 121 211 33 593
Mymr 1570 8673 993 03 04 15 328 Mroo 8 630 625 125 250 38 954
Mlym 707 4004 992 04 04 10 224 Lisu 9 310 556 333 111 09 182
Laco 1919 20651 991 06 04 17 951 Sora 2 167 500 500 00 10 312
Latn 657219 2447839 989 05 06 15 202 Ougr 2 49 500 500 00 08 00
Telu 344 1578 988 09 03 09 278 Bass 12 1927 417 167 417 34 00
cyrl 80795 596194 986 12 02 10 815 Nkoo 45 867 289 711 00 05 667

Al 817177 4021097 987 07 06 16 366

Table 18: LLM instruction following metrics sorted by adherence: 64-token input sequence limit.
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1. RoLE

2. INSTRUCTIONS

- The sentence below contains one or more PUA characters.
- Determine the language of the sentence. Ignore mojibake.

3. INPUT

SENTENCE: {{text}}

4. FEW-SHOT EXAMPLES

INPUT: BIY6arbaM Mxyap
OUTPUT: [OTHER]
INPUT: pYIIMTATBIT Y3orelnaynaT

in “y3ere» noynar”.
OUTPUT: [LETTER, OTHER]

INPUT: loo na spolupraci s®Michalem\nSuchdnkem a&Richardem
OUTPUT: [OTHER, OTHER]

INPUT: awBSumo

ouTPuT: [LETTER]

INPUT: }rd fESIhBSBShef fj}sgrkEd

OuTPUT: [OTHER, OTHER, OTHER, OTHER]

INPUT: ThIHBIH OMaKeM, CBIpHI OMaKeM

ouTtPuT: [LETTER]

.

You are a specialist in Unicode characters with the special expertise on private-use area (PUA) characters. The PUA character is a character
in one of three Unicode ranges: U+E000-U+F8FF, U+F0000-U+FFFFD, U+100000-U+10FFFD.

- Find each PUA character and annotate it with one of the following 2 labels:
1. “LETTER”: The character is a valid letter in a word that belongs to the language of the sentence.
2. “OTHER": The character belongs to numbers, punctuation, icons, list delimiters, emoji, symbols.
Your output should consist of only a list of labels, one for each PUA character in the sentence, without additional text or explanation.

ANALYsIS: One PUA character. This character is a list delimiter because “V6anbam” is a valid word.

ANALYsis: Two PUA characters. The first PUA character is a valid substring in a word “pynut3reir”. The second PUA character is punctuation

ANALYsis: Two PUA characters. The first and second PUA characters are punctuation in “s Michalem” and “a Richardem”.

ANALYsis: One PUA character. The full word without the garbled character is “aiuwo”.

anALysis: Four PUA characters. This is not natural language and is probably a mojibake.

anALysis: The PUA character in “cBpun” is a valid letter “cyrillic o with macron”.

Figure 2: Exploratory LLM prompt for classifying the PUA characters into two basic types, without explic-

itly specifying the number of PUA characters.

S| N Ny A Ey Eo Re R,
32K 991441 8063322 648 160 192 317 134
512 954470 6537913 67.1 162 167 107 432
256 916663 5526594 689 152 159 8.8 454
128 875300 4785262 704 146 149 69 457
64 817177 4021097 720 140 140 46 421

Table 19: Exploratory prompt and LLM instruction following: input length limit (|S|), number of paragraphs
N satisfying the limit, total number of PUA characters N observed, and the values of five corresponding
metrics. Number of PUA characters omitted from LLM prompt.

graph length limit achieving adherence of 91%
and 97%, respectively. On the other hand, the
model performs very poorly on long paragraphs
in Bengali (Beng) script (32K-token limit) adher-
ing to instructions only 5.6% of the time. In this
particular scenario, according to the R metric
(the ratio of total number of generated PUA char-
acter classes to the total number of observed
character classes), the model exhibits the most
extreme over-generation among all the scripts
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(Rc=3422.4). The Bengali script adherence sig-
nificantly improves for the shortest token condition
(64-token limit) to 65%, with over-generation re-
duced drastically (R-=1.0). Analyzing such dis-
crepancies in LLM performance across scripts and
conditions requires further investigation.



Code  Ng Ny A Ey Eo Rc R, GCode Ns Nrp A Ey Eo Rc R

Elym 3 9 1000 0.0 0.0 1.0 556 ..

Palm 1 2 1000 0.0 0.0 1.0 100.0 Bass 12 1927 83 333 583 6.1 0.0
Orya 2904 3366 90.7 06 87 1.2 784 Hmnp 12 2246 83 583 333 6.5 0.4
Marc 7 30 857 143 0.0 09 571 Runr 12 528 83 750 16.7 5.0 52
Medf 403 2892 797 1.0 194 11 1.7 Lina 75 5787 8.0 653 267 93 328
Grek 7616 44845 759 134 107 119 294 Nshu 52 2280 77 673 250 103  8l1.6
Latn 760539 4844035 736 126 137 13.6 256 Nkoo 45 867 6.7 689 244 111 2.8
Bali 3 37 667 333 00 09 625 Plrd 47 1240 64 660 27.7 141 982
Armn 396 1948 641 237 121 93 93.0 Hira 33 4035 6.1 545 394 8.8 15
Arab 10674 52799 577 147 276 145 238 Beng 7830 11531 56 1.3 931 34224 0.7
Deva 5404 24033 575 157 268 105 57.0 Sund 18 960 56 722 222 06 579
Mymr 1664 11196 55.0 195 255 103 187 Kana 37 2421 54 595 351 105 119
Guru 1901 11160 518 5.6 426 206 56.6 Egyp 829 182167 47 655 29.8 84 269
Aghb 2 46 500 0.0 50.0 1.1 940 Wara 64 6591 47 79.7 156 10.1 4.5
Gran 2 17 50.0 0.0 50.0 1.1 684 Linb 65 4158 46 862 92 45 7.0
Kthi 2 47 500 50.0 0.0 05 727 Sgnw 48 2154 42 542 417 33.6 587
Perm 2 10 50.0 50.0 0.0 0.8 125 Mend 27 1304 37 667 29.6 28.9 0.9
Wcho 2 22 500 0.0 50.0 1.0 565 Zzzz 54 6707 37 111 852 31.6 1.1
Brah 35 1004 48.6 257 257 201 9.2  Hluw 348 52052 32 71.0 259 16.8 335
Avst 11 209 455 273 27.3 1.0 434 Saur 131 9763 31 824 145 5.4 3.5
Java 12 915 417 417 16.7 3.5 1.2 Kits 70 4204 29 714 257 132 60.3
Gujr 903 6560 40.1 44.0 159 52 40 Limb 38 11146 26 789 184 09 343
Ethi 978 20769 389 29.1 320 228 222 Dupl 41 2476 24 805 171 7.9 3.2
Cyrl 100252 910437 375 269 355 252 158 Brai 43 2924 23 791 186 59 967
Knda 835 10982 375 240 38.6 6.2 335 Tang 1588 322750 21 651 328 10.6 244
Geor 870 4887 374 406 221 1.9 7.7 Yiii 1790 502871 1.7 66.5 318 95 229
Cham 11 529 364 364 273 316 988 Armi 6 182 0.0 100.0 0.0 05 256
Bamu 257 16334 362 49.0 14.8 82 534 Batk 3 24 0.0 100.0 0.0 0.5 0.0
Osge 25 496 360 48.0 16.0 33.6 99.1 Bhks 7 269 0.0 857 143 0.7 410
Hang 30204 186766 33.6 245 419 2784 2.6 Bopo 31 2333 0.0 839 161 1.0 199
Ital 3 109 333 0.0 66.7 1.2 1.6 Buhd 1 7 0.0 0.0 100.0 24 0.0
Mero 3 76 333 333 333 0.8 373 Cakm 10 342 0.0 50.0 50.0 09 318
Pauc 6 141 333 333 333 1.1 593 Cher 29 3313 0.0 414 586 15.2 1.6
Sogd 3 39 333 333 333 1.1 80.5 Cpmn 40 1879 0.0 60.0 40.0 11.0 987
Toto 3 60 333 333 333 1.1 6.1 Cprt 14 367 0.0 50.0 50.0 09 554
Sinh 1296 22935 323 389 289 28 329 Dogr 2 8 0.0 50.0 50.0 0.9 0.0
Mtei 16 649 312 562 125 258 98.8 Elba 3 13 0.0 66.7 333 3.0 718
Vith 10 325 30.0 40.0 30.0 510 989 Hano 1 44 0.0 1000 0.0 0.6 0.0
Khmr 6568 26009 290 71 638 146 469 Hatr 2 24 0.0 1000 0.0 0.8 450
MLym 719 4186 284 629 8.8 0.7 151 Khar 8 406 0.0 50.0 50.0 7.5 1.6
Jpan 359 5178 279 234 487 6.2 6.4 Lepc 6 261 0.0 66.7 333 63.2 0.3
Thai 25533 342758 252 355 393 1319 154 Lyci 14 408 00 786 214 0.8 503
Gong 4 92 250 750 0.0 0.7 7.8 Mahj 4 115 0.0 50.0 50.0 1.0 348
Merc 12 296 250 50.0 25.0 559 125 Maka 3 85 0.0 66.7 333 09 872
Thaa 8 310 250 625 125 0.8 151 Mand 1 22 0.0 0.0 100.0 1.5 100.0
Laoo 1993 23184 249 547 203 3.8 558 Mani 6 828 0.0 66.7 333 21.0 0.5
Hani 1784 55538 243 344 414 193 345 Mroo 9 1258 0.0 66.7 333 16.7 932
Adlm 9 60 222 556 222 1.0 164 Nagm 2 32 0.0 50.0 50.0 1.0 65.6
Glag 14 700 214 429 357 6.8 2.5 Nand 2 22 0.0 0.0 100.0 28 934
Ahom 5 72 200 60.0 200 0.8 39.0 Nbat 13 318 0.0 846 154 07 928
Gonm 5 121 200 80.0 0.0 0.5 452 Orkh 7 538 0.0 57.1 429 1.2 921
Ogam 5 198 200 60.0 20.0 0.7 306 Osma 5 253 0.0 80.0 20.0 65.1 0.7
Tibt 95 4306 200 442 358 185 77.1 Ougr 2 49 0.0 1000 0.0 05 208
Cans 111 6090 189 532 279 146 53.7 Phli 3 98 0.0 66.7 333 06 18.6
Telu 1485 4240 189 15.1 66.0 1066.2 3.6 Phlp 1 62 0.0 0.0 100.0 1.0 349
Sidd 50 1185 18.0 64.0 180 104 387 Phnx 3 81 0.0 100.0 0.0 0.7 46.6
Cari 17 1359 17,6 647 176 155 0.8 Prti 1 40 0.0 100.0 0.0 0.3 7.1
Taml 1120 4933 171 59 77.0 1205.8 1.2 Rjng 1 40 0.0 100.0 0.0 0.3 100.0
Hung 18 442  16.7 66.7 167 185 98.7 Rohg 8 522 0.0 625 375 31.8 995
Kali 12 160 16.7 833 0.0 0.7 308 Samr 3 122 0.0 1000 0.0 03 190
Hebr 9410 125431 163 564 273 233 6.7 Sarb 1 54 0.0 100.0 0.0 0.7 947
Dsrt 13 295 154 462 385 135 97.8 Shaw 3 29 0.0 1000 0.0 04 167
Lana 104 3766 144 452 404 271 682 Shrd 24 1308 0.0 79.2 2038 13.1 1.6
Mult 7 212 143 857 0.0 0.6 526 Sind 1 3 0.0 0.0 100.0 669.3 0.0
0lck 7 205 143 571 286 55.8 100.0 Sogo 3 71 0.0 1000 0.0 08 123
Copt 196 4919 133 76.0 107 49 47 Sora 2 167 0.0 50.0 50.0 0.7 646
Tavt 8 205 125 750 125 0.7 717 Soyo 4 77 0.0 750 25.0 08 619
Modi 25 537 120 76.0 12.0 0.6 48.1 Tagb 5 79 0.0 80.0 20.0 08 45.0
Newa 26 838 115 615 269 08 834 Takr 4 265 0.0 50.0 50.0 0.6 9.1
Diak 9 157 11.1 556 333 08 776 Tfng 7 135 00 286 714 1.5 315
Phag 37 812 108 649 243 07 815 Tglg 2 29 0.0 100.0 0.0 09 615
Xsux 480 71375 10.6 658 235 99 213 Tirh 3 130 0.0 100.0 0.0 05 603
Hmng 10 309 100 90.0 0.0 0.7 96.1 Tnsa 8 191 0.0 50.0 50.0 09 576
Kawi 10 495 10.0 40.0 50.0 7.3 1.6 Ugar 1 6 0.0 1000 0.0 0.7 0.0
Lisu 10 714 100 60.0 30.0 263 0.1 Vvaii 53 12064 0.0 472 528 143 313
Talu 31 815 9.7 548 355 26 293 Xpeo 20 713 0.0 850 15.0 0.7 266
Mong 96 4290 94 50.0 406 76 179 Yezi 6 105 0.0 16.7 833 23 701
Syrc 66 10461 91 818 9.1 36 625 Zanb 5 383 0.0 60.0 40.0 7.6 2.3

A1l 991441 8063322 64.8 160 19.2 317 134

Table 20: Exploratory prompt: LLM instruction following metrics sorted by adherence: 32K-token input
sequence limit. Number of PUA characters omitted from LLM prompt.
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Code  Ng Ny A Ey Eo Rc R, GCode Ns Nrp A Ey Eo Rc R

Elym 3 9 1000 0.0 0.0 1.0 556 ..

Palm 1 2 1000 0.0 0.0 1.0 100.0 Talu 31 815 9.7 548 355 26 293
Orya 2006 2327 966 02 3.1 1.0 839 Syrc 65 3663 92 815 92 94 694
Marc 7 30 857 143 0.0 09 571 Bass 12 1927 83 333 583 6.1 0.0
Medf 403 2892 797 1.0 194 11 1.7 Lina 72 4136 83 66.7 25.0 5.1 6.0
Latn 657219 2447839 791 104 104 32 317 Runr 12 528 83 750 16.7 5.0 52
Grek 7209 34234 785 127 89 33 21.0 Nshu 50 2173 8.0 68.0 24.0 10.7 819
Guru 1075 8364 688 50 26.1 4.6 3.1 Hira 29 1677 69 621 31.0 3.1 5.1
Bali 3 37 667 333 00 09 625 Nkoo 45 867 6.7 689 244 111 2.8
Armn 366 1779 656 232 112 101 93.6 Plrd 46 1158 6.5 674 261 150 98.8
Beng 377 843 653 196 151 1.0 240 Egyp 700 57503 56 727 217 8.6 415
Taml 260 2607 65.0 20.8 142 7.0 50 Kana 36 2217 56 611 333 107 127
Arab 7220 34923 631 146 223 33 59.8 Sund 18 960 56 722 222 06 579
Ethi 432 5612 58.6 17.1 24.3 94 558 Wara 59 3278 51 831 119 5.6 6.6
Deva 3411 15501 584 215 20.1 30 349 Linb 64 3920 47 859 94 4.8 6.9
Mymr 1570 8673 56.4 19.1 245 71 144  Sgnw 48 2154 42 542 417 33.6 587
Hebr 742 9846 513 294 193 190 828 Mend 25 1215 40 720 240 29.1 1.0
Telu 344 1578 503 39.0 10.8 0.8 279 Hluw 308 31122 36 76.6 198 13.0 384
Aghb 2 46 500 0.0 50.0 1.1 940 Saur 126 7482 32 857 111 3.5 6.4
Gran 2 17 50.0 0.0 50.0 11 684 Zzzz 32 1465 3.1 125 844 62.7 2.5
Ital 2 55 500 0.0 50.0 1.2 1.5 Kits 68 3014 29 735 235 9.6 595
Kthi 2 47 500 50.0 0.0 05 727 Limb 37 8105 27 784 189 1.2 343
Perm 2 10 500 500 0.0 0.8 125 Dupl 40 2044 25 825 150 1.6 194
Wcho 2 22 500 0.0 500 1.0 56.5 Tang 1352 115930 25 732 243 11.8 372
Hang 14278 65885 49.0 334 175 29 421 Brai 42 1813 24 81.0 167 05 428
Brah 35 1004 486 257 257 201 9.2 Yiii 1392 134304 22 791 188 11.5 349
Avst 11 209 455 273 273 1.0 434 Armi 6 182 0.0 100.0 0.0 05 256
Java 12 915 417 417 167 3.5 1.2 Batk 3 24 0.0 100.0 0.0 0.5 0.0
Cyrl 80795 596194 40.1 263 33.6 22 824 Bhks 7 269 0.0 857 143 0.7 410
Cham 10 413 400 30.0 30.0 402 994 Bopo 28 1072 0.0 857 143 0.7 57.6
Geor 687 3492 399 426 175 09 148 Buhd 1 7 0.0 0.0 100.0 24 0.0
Knda 748 10261 384 259 357 50 44.0 Cakm 10 342 0.0 50.0 50.0 09 318
Gujr 842 6173 378 46.2 16.0 29 7.1 Cher 26 1321 0.0 46.2 5338 11.5 37
Bamu 253 7939 36.8 494 138 122 61.3 Cpmn 40 1879 0.0 60.0 40.0 11.0 987
Osge 25 496 360 48.0 160 33.6 99.1 Cprt 14 367 0.0 50.0 50.0 09 554
Thai 18020 146225 347 413 240 122 720 Dogr 2 8 0.0 50.0 50.0 0.9 0.0
Mero 3 76 333 333 333 0.8 373 Elba 3 13 0.0 66.7 333 3.0 718
Pauc 6 141 333 333 333 1.1 593 Hano 1 44 0.0 1000 0.0 0.6 0.0
Sogd 3 39 333 333 333 1.1  80.5 Hatr 2 24 0.0 1000 0.0 0.8 450
Toto 3 60 333 333 333 1.1 6.1 Khar 8 406 0.0 50.0 50.0 7.5 1.6
Mtei 16 649 312 562 125 258 988 Lepc 6 261 0.0 66.7 333 63.2 0.3
Glag 10 644 30.0 40.0 30.0 5.0 26 Lyci 14 408 00 786 214 0.8 503
Vith 10 325 300 40.0 30.0 51.0 989 Mahj 4 115 0.0 50.0 50.0 1.0 348
Sinh 1215 22198 299 412 29.0 1.3 746 Maka 3 85 0.0 66.7 333 09 872
Khmr 6436 22846 295 6.7 639 82 39.7 Mand 1 22 0.0 0.0 100.0 1.5 100.0
MLym 707 4004 283 636 81 0.7 163 Mani 4 153 0.0 1000 0.0 0.8 635
Jpan 355 4988 279 237 485 6.4 5.6 Mroo 8 630 0.0 750 250 74 691
Laoo 1919 20651 254 55.0 195 31 749 Nagm 2 32 0.0 50.0 50.0 1.0 65.6
Gong 4 92 250 750 0.0 0.7 7.8 Nand 2 22 0.0 0.0 100.0 28 934
Merc 12 296 250 50.0 250 559 125 Nbat 13 318 0.0 846 154 07 928
Thaa 8 310 25.0 625 125 0.8 151 Orkh 6 537 0.0 66.7 333 1.0 90.7
Hani 1704 53901 248 357 39.6 184 363 Osma 5 253 0.0 80.0 20.0 65.1 0.7
Adlm 9 60 222 556 222 1.0 164 Ougr 2 49 0.0 1000 0.0 05 208
Tibt 92 4014 207 446 348 197 77.1 Phli 3 98 0.0 66.7 333 06 18.6
Ahom 5 72 200 60.0 20.0 0.8 39.0 Phlp 1 62 0.0 0.0 100.0 1.0 349
Gonm 5 121 200 80.0 0.0 05 452 Phnx 3 81 0.0 100.0 0.0 0.7 46.6
Ogam 5 198  20.0 60.0 20.0 0.7 306 Prti 1 40 0.0 100.0 0.0 0.3 7.1
Cans 109 4788 193 532 275 163 61.0 Rjng 1 40 0.0 100.0 0.0 0.3 100.0
Cari 17 1359 17,6 647 176 155 0.8 Rohg 8 522 0.0 625 375 31.8 995
Hung 18 442 16.7 66.7 167 185 98.7 Samr 3 122 0.0 1000 0.0 03 190
Kali 12 160 167 833 0.0 0.7 308 Sarb 1 54 0.0 1000 0.0 0.7 947
Lana 84 1685 167 51.2 321 41 435 Shaw 3 29 0.0 1000 0.0 04 167
0lck 6 90 16.7 66.7 16.7 09 964 shrd 23 1179 0.0 783 217 14.4 1.6
Dsrt 13 295 154 462 385 135 978 Sind 1 3 0.0 0.0 100.0 669.3 0.0
Sidd 47 1157 149 68.1 17.0 0.7 90.8 Sogo 3 71 0.0 1000 0.0 08 123
Kawi 7 165 143 571 286 1.0 309 Sora 2 167 0.0 50.0 50.0 0.7 646
Mult 7 212 143 857 0.0 0.6 526 Soyo 4 77 0.0 750 25.0 08 619
Copt 195 4699 133 764 10.3 4.1 5.7 Tagb 5 79 0.0 80.0 20.0 08 45.0
Tavt 8 205 125 75.0 125 0.7 717 Takr 4 265 0.0 50.0 50.0 0.6 9.1
Modi 25 537 120 76.0 12.0 06 481 Tfng 6 80 0.0 333 66.7 1.5 508
Xsux 437 33886 11.7 705 17.8 9.8 349 Tglg 2 29 0.0 100.0 0.0 09 615
Newa 26 838 115 615 269 08 834 Tirh 3 130 0.0 100.0 0.0 05 603
Diak 9 157 111 55.6 333 08 776 Tnsa 8 191 0.0 50.0 50.0 09 576
Lisu 9 310 111 66.7 222 53.0 0.2 Ugar 1 6 0.0 1000 0.0 0.7 0.0
Phag 37 812 108 649 243 0.7 815 Vaii 48 6385 0.0 521 479 205 394
Hmng 10 309 100 90.0 0.0 0.7 96.1 Xpeo 20 713 0.0 850 150 0.7 266
Hmnp 10 523 100 70.0 200 163 0.8 Yezi 6 105 0.0 16.7 833 23 701
Mong 93 3060 9.7 484 419 104 16.8 Zanb 5 383 0.0 60.0 40.0 7.6 2.3

All 817177 4021097 72.0 140 14.0 46 421

Table 21: Exploratory prompt: LLM instruction following metrics sorted by adherence: 64-token input
sequence limit. Number of PUA characters omitted from LLM prompt.
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