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Abstract

Text normalization—the task of converting
noisy, informal text into a standardized form—
is a fundamental preprocessing step for many
NLP applications. Despite the growing need
for Kyrgyz language processing tools, to the
best of our knowledge, no prior work has ad-
dressed automatic text normalization for Kyr-
gyz, a morphologically rich, low-resource Tur-
kic language. In this paper, we present the
first systematic study of Kyrgyz text normal-
ization. We collect a dataset of 1.67 million
noisy—clean text pairs sourced from YouTube
comments, Instagram posts, and Telegram
channels, where users frequently write with-
out punctuation, capitalization, or standard
spelling.  Pairs were annotated with Gem-
ini 3 Pro; the 1,000-example test set was
fully verified by two native Kyrgyz speakers
with adjudication, and a random subset of the
training data was spot-checked, while the full
1.67M training set was not verified exhaus-
tively. For continual pre-training, we addi-
tionally use a 538§ MB Kyrgyz corpus com-
piled from news portals and books. We eval-
uate five systems: a rule-based baseline, zero-
shot mT5, a fine-tuned mT5-small model, a
continually pre-trained mT5-small followed by
fine-tuning, and zero-shot Gemma 4. Our
experiments show that fine-tuned mT5-small
achieves a CER of 0.0796, outperforming the
rule-based baseline (CER 0.2029), zero-shot
mT5 (CER 0.9887), and zero-shot Gemma 4
(CER 0.1620), a roughly 32x larger model
in a fine-tuned vs. zero-shot setting. Human
evaluation by two native Kyrgyz speakers con-
firms these results, with fine-tuned mT5-small
rated as correct in 99.8% of cases. We further
analyze why continual pre-training with span
corruption does not improve over direct fine-
tuning, finding hallucination in 35/40 of the in-
spected failure cases (87.5%, 95% Wilson CI
[74%, 95%]).

* Corresponding author: uv@bdigital.kg
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1 Introduction

The Kyrgyz language is spoken by approximately
4.5 million people, primarily in Kyrgyzstan, and is
closely related to other Turkic languages such as
Kazakh and Uzbek. Despite its significant speaker
population, Kyrgyz remains severely underrepre-
sented in NLP research. One of the most com-
mon challenges when processing Kyrgyz text from
the web is the lack of standardization: users on
social media platforms, YouTube, and messaging
apps frequently write without punctuation, capital-
ization, or correct spelling. This informal, noisy
text is difficult to process directly with downstream
NLP tools such as machine translation, speech syn-
thesis, or information retrieval systems.

Text normalization—converting such noisy text
into a clean, standardized form—is therefore an es-
sential first step for building robust Kyrgyz NLP
pipelines. Downstream tasks such as machine
translation, named entity recognition, and speech
synthesis all benefit significantly from normalized
input. However, to the best of our knowledge, no
prior work has specifically addressed this task for
Kyrgyz, leaving a critical gap in the NLP infras-
tructure for this language.

In this work, our comparison contrasts a fine-
tuned mT5 sequence-to-sequence model against an
intentionally minimal rule-based lower bound and
two zero-shot baselines (zero-shot mT5 and zero-
shot Gemma 4). Stronger comparisons—in par-
ticular a finite-state-transducer-based rule pipeline
tailored to Kyrgyz (Washington et al., 2012), a
byte-level neural model such as ByT5 (Xue et al.,
2022), and fine-tuned or few-shot variants of large
open LLMs—are important and explicitly deferred
to future work; the goal of the present study is
to establish a first reproducible benchmark and
a strong, deployable small-model baseline rather
than to map out the full design space. With that
scope in mind, we make the following contribu-
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tions:

1. We construct the first large-scale dataset for
Kyrgyz text normalization, containing 1.67
million noisy—clean text pairs collected from
YouTube, Instagram, and Telegram, anno-
tated with Gemini 3 Pro; the test set is fully
human-verified and a random subset of the

training data has been spot-checked.

We conduct a systematic comparison of five
normalization systems: a rule-based baseline,
zero-shot mT?3, fine-tuned mT5-small, contin-
ually pre-trained mT5-small followed by fine-
tuning, and Gemma 4 in a zero-shot setting.

. We demonstrate that a fine-tuned mT5-small
model significantly outperforms all baselines,
including the substantially larger Gemma 4
model in a zero-shot setting.

We analyze the failure modes of continual pre-
training with span corruption, finding that hal-
lucination is the dominant cause of degrada-
tion.

We quantify reference bias on a 50-example
probe with an independent human annota-
tor, showing that fine-tuned mT5’s CER
changes by only 0.012 and system ranking
is preserved—evidence that our main conclu-
sions are robust to the choice of reference.

Our code, fine-tuned model checkpoints, and
a 20,000-pair subset of the training data together
with the full human-verified test set are publicly
available.!

2 Related Work

Text Normalization for Turkic Languages.
The closest related work is on Turkish text normal-
ization, which shares morphological and structural
similarities with Kyrgyz. Torunoglu and Eryigit
(2014) proposed a cascaded approach for normal-
izing Turkish social media text, classifying errors
into seven categories. Colakoglu et al. (2019) ap-
plied neural machine translation approaches to nor-
malize non-canonical Turkish text. Koksal et al.
!Code: https://github.com/Zarina33/
Kyrgyz-Text-Normalization-Conference
Models: https://huggingface.co/
Zarinaaa/mt5-small-kyrgyz-normalization,
https://huggingface.co/Zarinaaa/
mt5-small-kyrgyz-normalization-ptft. Dataset:

https://huggingface.co/datasets/Zarinaaa/
kyrgyz-text-normalization.
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(2020) introduced a benchmark dataset for Turk-
ish text correction on Twitter. For the other Cen-
tral Asian Turkic languages most closely related
to Kyrgyz—Kazakh, Uzbek, and Tatar—we are
not aware of a publicly available, social-media-
scale normalization dataset comparable to ours, al-
though morphological analyzers and spelling re-
sources exist.

Text Normalization for Low-Resource Lan-
guages. Several recent works have applied mul-
tilingual pre-trained models to normalization in
low-resource settings. Zupon et al. (2021) stud-
ied text normalization for eight African languages
using sequence-to-sequence models. Lutgen et al.
(2025) demonstrated the effectiveness of mT5 and
ByTS5 for normalizing Luxembourgish, a morpho-
logically rich low-resource language.

Kyrgyz NLP. Prior work on Kyrgyz NLP has
been limited. Washington et al. (2012) developed
a finite-state morphological transducer for Kyrgyz.
Alekseev et al. (2023) introduced a benchmark for
multilabel topic classification in Kyrgyz. To our
knowledge, no prior work has addressed text nor-
malization for Kyrgyz.

Multilingual Pre-trained Models. mT5 (Xue
et al., 2021) is a massively multilingual text-to-
text model trained on 101 languages, including
Kyrgyz. Its encoder-decoder architecture makes it
well-suited for sequence-to-sequence tasks such as
text normalization.

Character- and Byte-Level Encoders. Because
normalization is largely a character-level task
(punctuation insertion, case changes, diacritic and
digit-word adjustments), token-free or byte-level
models are a natural alternative to subword-based
mT5. ByT5 (Xue et al., 2022) operates directly
on UTF-8 bytes and has been shown to be com-
petitive with or better than mT5 on noisy, morpho-
logically rich, or spelling-sensitive inputs; Lutgen
et al. (2025) report favorable ByT5 results for Lux-
embourgish normalization. We leave a systematic
ByT5 comparison for Kyrgyz to future work and
focus here on mT5 as a strong, widely used base-
line.

3 Dataset
3.1 Data Collection

We collected noisy Kyrgyz text from three social
media sources: YouTube comments (45%), Insta-
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gram posts and comments (25%), and Telegram
channel messages (30%). These platforms were
chosen because Kyrgyz-speaking users write in-
formal text without punctuation, capitalization, or
standard orthography, making them a rich source
of naturally occurring noisy text. For continual pre-
training (§4.4), we additionally compiled a sepa-
rate 538 MB Kyrgyz text corpus from news portals
and books, representing clean formal text.

3.2 Data Annotation

Each noisy comment was paired with a normal-
ized version using Gemini 3 Pro as an automatic
annotation tool. Normalization targets include:
(1) restoring correct punctuation, (2) fixing capital-
ization, (3) correcting dialectal and non-standard
spellings, and (4) standardizing orthographic vari-
ants (e.g., digit-word compounds such as 8KbIJI
— 8 KBIN).

Verification. Verification was carried out at two
levels. (i) Full test-set review: all 1,000 test pairs
were independently reviewed by two native Kyrgyz
speakers; disagreements on reference text were ad-
judicated in a third pass (conducted by one of the
authors) in which a single reference string was
fixed per example before any system evaluation.
This adjudication step applies only to the construc-
tion of the reference test set and is distinct from
the independent rating procedure used in the hu-
man evaluation of system outputs (§5.3), which
deliberately has no arbitration step. (ii) Training
spot-check: we manually reviewed 400 randomly
sampled training pairs from the full 1.67M set.
Of these, 336 (84%) were judged to be valid nor-
malizations requiring no further edits, while 64
(16%) contained issues such as minor punctuation
choices, partial errors, or over-correction. At N =
400, the 84% acceptance rate has a 95% Wilson
confidence interval of approximately [80%, 87%].
We explicitly do not claim that the full 1.67M train-
ing set was verified exhaustively—such a claim
would be implausible given the data size—and we
report the training set as Gemini-annotated with a
400-example human spot-check. The implications
of this residual label noise (reference bias, noisy
supervision) are discussed in the Limitations sec-
tion.

3.3 Dataset Statistics

The final dataset contains 1,673,715 noisy—clean
text pairs. We split the data into a training set
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(1,672,715 pairs) and a test set (1,000 pairs, held
out before training). A representative subset of
20,000 training pairs and the full test set are pub-
licly available.> We release only a 20,000-pair
subset of the training data rather than the full
1.67M pairs for three reasons: (i) the source plat-
forms (YouTube, Instagram, Telegram) impose re-
strictions on bulk redistribution of user-generated
content; (ii) releasing the full set at scale would
heighten the risk of re-identifying individual users
from comment content even after handle removal;
and (iii) only a sample of the training pairs has been
human-verified, so we prefer to release a smaller
subset that we can stand behind qualitatively. We
additionally release all training code, fine-tuned
model checkpoints, and the fully human-verified
test set so that reported results are reproducible
end-to-end. Specifically, the released checkpoints
together with the full test set are sufficient to repro-
duce all numbers in Tables 3, 4, 7, and 11 exactly,
without retraining; the 20,000-pair subset enables
small-scale fine-tuning experiments and analyses
on arepresentative slice of the training distribution,
but cannot reproduce the full 1.67M-pair training
condition. Future comparisons that retrain on a
smaller subset should report subset size alongside
results and treat numbers obtained on subsets as
not directly comparable to ours.

Split Examples Avg. Input  Avg. Target
Train 1,672,715 131.5 136.2
Test 1,000 135.8 140.6

Table 1: Dataset statistics. Lengths are in characters.

3.4 Normalization Analysis

We analyzed the types of normalization required
across the dataset. As shown in Figure 1 and Ta-
ble 2, the dominant transformation is punctuation
restoration, required in 84.9% of test examples.
Nearly all examples (99.8%) differ between input
and target, confirming that the dataset captures real
normalization needs.

4 Systems
4.1 Rule-Based Baseline

Our rule-based system applies three transforma-
tions: (1) capitalizing the first character, (2) col-
lapsing multiple whitespace characters, and (3) ap-

"https://huggingface.co/datasets/Zarinaaa/
kyrgyz-text-normalization
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Figure 1: Distribution of normalization types in the test
set (1,000 examples).

Normalization Type Train (%) Test (%)
Punctuation restoration 84.5 84.9
Capitalization fixing 9.6 6.2
All-caps segments 3.0 39
Digit-word compounds 39 4.1
Other 0.5 0.9
Input # Target 99.7 99.8

Table 2: Types of normalization required in the dataset.
Categories are not mutually exclusive; one example
may require multiple types.

pending a period if the input lacks sentence-final
punctuation. Characters following sentence-final
punctuation are also capitalized. This baseline
is intentionally minimal and is meant to serve
as a lower bound, isolating how much of the
test-set CER can be recovered by trivial ortho-
graphic heuristics. Stronger rule-based pipelines—
for example, the finite-state morphological trans-
ducer of Washington et al. (2012) combined with
dictionary-based substitution of frequent dialectal
forms and digit-word compounds—would likely
close a substantial portion of the gap to fine-tuned
mTS5, and we leave such a competitive rule-based
system to future work.

4.2 Zero-Shot mT5

We evaluate the pre-trained google/mt5-small
model (Xue et al., 2021) without any task-specific
fine-tuning, prompted with the prefix "correct:
" followed by the input text.

4.3 mT5 Fine-Tuned

We fine-tune google/mt5-small on our training
set using the prefix "correct: ". Training de-
tails: effective batch size 64 (physical batch size
4, gradient accumulation over 16 steps), learn-
ing rate 3 x 10~% with cosine schedule and 500
warmup steps, 5 epochs, random seed 42, on a sin-
gle NVIDIA RTX 5080 (16 GB VRAM). Train-
ing data are split 95/5 into train/validation, and
the checkpoint with the lowest validation loss is
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used for test-set evaluation. The test set is held
out before any training and is disjoint from both
the train and validation splits. We additionally ver-
ified explicitly that no noisy input from the 1,000-
example test set appears in the 1.67M training
set (0/1,000 exact-match overlap, also 0/1,000 un-
der case-insensitive matching), so the reported test
CER is not inflated by train—test leakage. We chose
mT5-small (300M parameters) as it provides the
best trade-off between model capacity and train-
ing efficiency for our dataset size; larger vari-
ants such as mT5-base and mT5-large have sig-
nificantly higher computational requirements and
would benefit from substantially more training data
than is currently available for Kyrgyz.

4.4 mTS5 Continually Pre-Trained +
Fine-Tuned

We first apply continual pre-training of
google/mt5-small on a 538MB Kyrgyz
corpus compiled from news portals and books
using TS-style span corruption (mask rate 0.15,
mean span length 3) for 3 epochs, with a 98/2
train/validation split and random seed 42; the
checkpoint with the lowest validation loss is
retained. We then fine-tune the resulting model
using the same procedure as §4.3.

4.5 Gemma 4 Zero-Shot

We evaluate Gemma 4 (gemma4 : e4b, 9.6 B param-
eters, 4-bit quantized) in a zero-shot setting via Ol-
lama.> The prompt instructs the model to normal-
ize the input text and return only the corrected out-
put.

5 Experiments

5.1 Evaluation Metrics

We evaluate all systems using three automatic met-
rics: CER (Character Error Rate), WER (Word
Error Rate), and EM (Exact Match). Lower CER
and WER indicate better performance; higher EM
is better.

5.2 Automatic Evaluation Results

Fine-tuned mT5-small achieves the best perfor-
mance across all metrics. All differences against
Fine-Tuned are statistically significant at p <
0.001 except Pre-Train+FT, which yields p = 0.06.

3We use an English-language prompt as it yielded more
consistent outputs than a Kyrgyz-language prompt in prelimi-
nary experiments.



System CER| WER| EM? vs. FT
Rule-Based 0.2029 £0.006  0.5659  0.0040 p<0.001***
Zero-Shot mT5-small 0.9887 0.9981 0.0000 p<0.001***
Gemma 4 Zero-Shot 0.1620 £0.004 0.4320 0.0150 p<0.001***
mT5-small Fine-Tuned 0.0796 +0.003  0.1978  0.1860 —
mT5-small Pre-Train+FT  0.0825 +0.004 0.2017  0.1840 p=0.06

Table 3: Automatic evaluation results on the test set (1,000 examples). CER = std. from bootstrap resampling
(n=10,000); Zero-Shot mT5 bootstrap std. omitted (near-degenerate outputs). Column “vs. FT” reports paired
bootstrap two-sided p-values against mT5-small Fine-Tuned (10,000 resamples). Zero-Shot mTS5 is retained as a
sanity check to show that mT5 without task-specific fine-tuning does not perform the task; it is not intended as a

competitive baseline. Best results in bold.

We emphasize that p 0.06 is insufficient ev-
idence to reject the null of no difference at the
conventional threshold, not a positive demonstra-
tion of equivalence; with n 1,000 test exam-
ples we cannot rule out a small real effect in ei-
ther direction, and we therefore do not claim that
the two fine-tuned variants are statistically indis-
tinguishable. Fine-tuned mT5-small substantially
outperforms zero-shot Gemma 4 in CER (0.0796
vs. 0.1620), despite Gemma 4 having roughly 32 x
more parameters. This should be read as a fine-
tuned vs. zero-shot comparison rather than a di-
rect capacity comparison: a fine-tuned or few-shot
Gemma 4 could plausibly close or reverse this gap,
and we leave such a comparison to future work.

5.3 Human Evaluation

To complement automatic metrics, we conducted
a human evaluation on 200 randomly sampled test
examples. Two native Kyrgyz-speaking annotators
independently rated each system output as correct
(1) or incorrect (0). Annotators were fluent adult
speakers of Kyrgyz recruited from the authors’ pro-
fessional network; they participated as uncompen-
sated volunteers after being informed of the study
purpose and data source, and were free to with-
draw at any time. No formal IRB review was con-
ducted for this rating study, which we consider
minimal-risk: annotators reviewed short, publicly
available social-media text snippets and provided
binary quality judgements only. The sample size
of 200 per system was chosen to be consistent with
prior low-resource NLP human evaluation (Lutgen
et al., 2025) and to remain tractable for careful vol-
unteer review. Instructions were provided in Kyr-
gyz and asked annotators to mark an output as cor-
rect if it reads as natural, well-punctuated Kyrgyz
with no significant spelling or grammatical errors;
outputs with repetitions, hallucinations, or unnatu-
ral phrasing were marked as incorrect. Annotators
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worked independently without seeing each other’s
ratings and did not confer on individual examples.
Zero-Shot mT5-small was excluded from human
evaluation, as its outputs consist entirely of sen-
tinel tokens (e.g., <extra_id_0>) and are not suit-
able for meaningful annotation. The mean human
scores are reported in Table 4.

System Scoret  95% Wilson CI
Rule-Based 0.500 [0.451,0.549]
Gemma 4 Zero-Shot 0.793 [0.750,0.829]
mT5-small Fine-Tuned 0.998  [0.986,0.9996]
mT5-small Pre-Train+FT ~ 0.998 [0.986, 0.9996]

Table 4: Human evaluation results (mean score over 2
annotators, 200 examples; n = 400 ratings per system).
Score = proportion of outputs rated as correct. Wilson
95% confidence intervals computed over the pooled 400
ratings.

Human evaluation strongly confirms the auto-
matic results. Fine-tuned mT5-small was rated as
correct in 99.8% of cases, compared to 79.3% for
Gemma 4 and only 50.0% for the rule-based base-
line. The 95% confidence intervals for the two
fine-tuned variants do not overlap with those of
Gemma 4 or the rule-based baseline, indicating
that the qualitative ranking is robust to sampling
variance at this scale, even though we cannot re-
solve the fine-tuned variants from each other at the
99.8% ceiling.

Why is human accuracy (99.8%) so much
higher than EM (18.6%)? This gap is expected
and is consistent with the reference-bias analysis
(§5.4). EM is a strict character-level match against
a single fixed reference, so it is penalized by any
deviation, including legitimate alternatives that a
native speaker would still rate as correct—e.g., a
comma placed before vs. after a discourse particle,
an em-dash vs. comma, or one of several accept-
able spellings of a borrowed word. The reference-



agreement CER of 0.12 between two valid Kyrgyz
references (Table 7) provides a direct measure of
this surface-form variability: any single fixed refer-
ence captures only one of several valid normaliza-
tions, so EM is a lower bound on output quality and
human accuracy is a complementary, less surface-
sensitive estimate. We can quantify this directly on
the human evaluation data: of the 199 fine-tuned
mT5 outputs that both annotators agreed were cor-
rect, 162 (81.4%) are not character-identical to
the Gemini reference. A representative example
is shown in Table 5: the model output differs from
the reference in comma placement (after 607100%
vs. before ©3Y) and final punctuation (7 vs. .), yet
both annotators rated it correct. The gap should
therefore be read as a property of the metric pair
under reference variability, not as an inconsistency
in the evaluation.

Input OpKeru UT 3KEH[a XXaMaH KaTHHIOa#
6on6oi O3Y ajne ueunendu

Ref OpKeru Ut 9KeH fga. 2KaMaH KaThIHOau
60100 63y 3716 yeurnenou.

FT out- OpkKeru uT 3KeH fda. 2KaMaH KaTeIHOau

put 601601, 63y 3J1e yeunendu?

Al, A2 both rated correct

Table 5: Representative case where the fine-tuned mT5
output is rated correct by both annotators but differs
from the reference (comma placement, final punctua-
tion). 162 of 199 both-rated-correct FT outputs (81.4%)
deviate from the reference at the character level.

Interpreting ~ 0.25. Inter-annotator agree-
ment was measured using Cohen’s k, yielding an
overall pooled value of £ = 0.25. This number is
not in itself a verdict on the quality of the evalua-
tion. Cohen’s « is well known to collapse when the
marginal distribution is highly skewed: when one
category (here, “correct”) dominates, the expected-
agreement term is large, and even near-perfect ob-
served agreement produces a low x. Feinstein and
Cicchetti (1990) formalize this as the first kappa
paradox. To give a more complete picture of reli-
ability we additionally report PABAK and Gwet’s
ACI1, both of which are known to be more robust
than Cohen’s « under prevalence skew (Table 6).
The pattern is exactly what the kappa-paradox
literature predicts. On the fine-tuned systems, per-
cent agreement is at ceiling (99.5%) and both an-
notators rate essentially every output as correct;
the marginals are so skewed that Cohen’s x col-
lapses to zero, while PABAK and Gwet’s ACI1
correctly report near-perfect agreement (> 0.99).
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System Yoagr. K PABAK AC1

Rule-Based 48.0 0.012 —0.040 —0.040
Gemma 4 62.5 —0.030 0.250 0.441
mTS5 Fine-Tuned  99.5 0.000 0.990 0.995
mT5 PT+FT 99.5 0.000 0.990 0.995
Overall (pooled) 77.4 0.246 0.548 0.680

Table 6: Per-system inter-annotator agreement on the
human evaluation (n = 200 examples, 2 annotators).
%oagr. = percent example-level agreement; « = Co-
hen’s kappa; PABAK = prevalence-adjusted and bias-
adjusted kappa = 2 - pops — 1; AC1 = Gwet’s first-order
agreement coefficient. Under heavy prevalence skew
(fine-tuned systems, ~99.5% observed agreement),
collapses to near zero by the first kappa paradox;
PABAK and ACI1 correctly indicate near-perfect agree-
ment.

On Gemma 4, where the prevalence is more bal-
anced, ACI1 = 0.44 indicates moderate agreement,
while k = —0.03 is again misleadingly pessimistic
due to a small marginal mismatch between anno-
tators. On the Rule-Based system, all three met-
rics agree that reliability is low: annotators dif-
fer substantively on which marginal outputs (par-
tial punctuation, trailing periods) count as cor-
rect. We therefore read the human evaluation
as well-supported on the fine-tuned vs. non-fine-
tuned ranking (where PABAK and ACI1 are high),
and we explicitly flag low reliability on absolute
Rule-Based scores.

Scale of the study. The human evaluation in-
volves two annotators, 200 examples per system,
and does not include a third-party arbitration step.
It should therefore be read as a consistency check
on the automatic metrics—providing evidence that
the large CER gap between the fine-tuned mod-
els and the other systems is perceived by na-
tive speakers—rather than as a definitive, high-
powered assessment of absolute output quality. A
larger study with additional annotators and arbitra-
tion would be needed to give tight confidence in-
tervals on the 99.8% number, and we flag this as a
limitation.

5.4 Reference Bias Analysis

Because the test references were constructed on
top of Gemini 3 Pro outputs (§3.2), the reported
CER gap could in principle reflect Gemini-style
rather than objective correctness. To quantify this
effect, we asked a second native Kyrgyz speaker—
not involved in the original test-set review—to



write independent normalization references from
scratch for 50 randomly selected test examples
(indices 100-149), without access to either the
Gemini references or any system output, and re-
computed CER against both reference sources (Ta-
ble 7).

Three observations follow. (1) There is a non-
trivial reference noise floor: the two valid refer-
ences disagree at CER = 0.1200, so a CER be-
low this value with respect to one reference means
the system output is closer to that reference than
the references are to each other. (2) Fine-tuned
mTY5 is not inflated by Gemini-style bias: its CER
changes by only 0.012 when switched to the inde-
pendent reference (0.0913 — 0.0793), and 0.0793
is below the 0.1200 noise floor, suggesting the
model has learned a general normalization func-
tion rather than matching Gemini-specific stylistic
choices. (3) Simpler systems are evaluated more
harshly against Gemini: Rule-Based and zero-
shot Gemma 4 show larger drops (—0.09, —0.07)
against the independent reference, indicating that
Gemini carries systematic preferences (comma
placement, dialect forms) that a fresh annotator
does not fully share. Crucially, system ranking
(Rule-Based < Gemma 4 < fine-tuned variants) is
preserved under both references, so our main con-
clusions are robust to this choice. With N = 50
and a single independent annotator we cannot rule
out sampling variance in any individual estimate,
but the consistent pattern across all five systems—
simpler, Gemini-mismatched systems showing the
largest A—suggests a systematic rather than inci-
dental effect; a fuller study would use a larger in-
dependent set and multiple annotators.

6 Analysis

6.1 Why Does Continual Pre-Training Hurt?

Despite our expectation that continual pre-training
would improve normalization, the Pre-Train+FT
model performs numerically worse than direct fine-
tuning (CER 0.0825 vs. 0.0796; p = 0.06, which
we treat as insufficient evidence to reject the null,
not as equivalence). As a qualitative probe into
what kinds of errors drive any numerical gap, we
analyzed 40 examples where fine-tuned mTS5 out-
performs Pre-Train+FT by more than 0.05 CER
and categorized the error types. This sample is de-
liberately small and is intended to surface failure
modes, not to estimate their population-level preva-
lence.

58

Hallucination is the dominant failure mode
within this inspected sample (35/40, 87.5%, 95%
Wilson CI [74%, 95%]): the pre-trained model re-
peats or copies fragments of the input text, produc-
ing outputs that are longer than expected and di-
verge from the reference. Tables 9 and 10 show
representative examples.

We consider two non-exclusive hypotheses for
this behavior. (HI) Copy bias from span corrup-
tion. T5-style span corruption trains the decoder to
reconstruct spans of the input verbatim, which may
reinforce a tendency to copy and repeat input con-
tent; this is benign for generic language modeling
but directly harmful for a normalization objective
whose target is usually shorter than—or at least
not a superset of—the input. (H2) Distributional
shift between pre-training and fine-tuning. Our
continual pre-training corpus consists of clean, for-
mal Kyrgyz from news portals and books, whereas
the fine-tuning targets are normalized versions of
noisy, informal social-media text. The register gap
between the two stages may push the model toward
producing fluent formal continuations (which look
like hallucinations with respect to the input) rather
than minimal normalization edits. We do not de-
cisively separate H1 from H2 here and flag this
as a direction for future work (e.g., continual pre-
training on in-domain noisy text, or on denoising
objectives closer to the normalization target). The
two models produce similar outputs in 92.5% of ex-
amples, confirming that the difference is small and
concentrated in specific failure modes. In 3.5% of
examples, Pre-Train+FT is numerically better than
Fine-Tuned mT5, with a few cases involving num-
ber normalization (e.g., 14X&511 — OH TOpPT
KEBIT) or word reordering; as discussed in §6.5 at
the category level, the sample sizes are too small
to treat these as robust advantages.

6.2 Zero-Shot mTS5 Failure

Zero-shot mT5-small fails catastrophically at the
normalization task (CER 0.9887, i.e., nearly total
character-level disagreement with the reference).
Inspection of the outputs reveals that the model
almost exclusively produces sentinel tokens (e.g.,
<extra_id_0>), which are artifacts of its span-
corruption pre-training objective. Without task-
specific fine-tuning, the model has no understand-
ing of the normalization task and defaults to its
pre-training output format. This underscores the
necessity of fine-tuning even small models for low-
resource languages.



System CER (Gemini ref.) CER (Independent ref.) A

Rule-Based 0.2129 0.1217 —0.0912
Zero-Shot mT5-small 0.9858 0.9865 +0.0007
Gemma 4 Zero-Shot 0.1693 0.1023 —0.0670
mT5-small Fine-Tuned 0.0913 0.0793 —0.0120
mT5-small Pre-Train+FT 0.0836 0.0806 —0.0029

Reference-agreement CER (Gemini reference vs. independent reference): 0.1200

Table 7: CER of each system evaluated against the Gemini-based test reference vs. an independent from-scratch
reference (/N = 50 examples, test indices 100-149). A = CER(Indep.) — CER(Gemini). The reference-agreement
CER (last row) is computed as CER(Gemini reference; independent reference), i.e. treating the Gemini reference
as the hypothesis and the independent reference as the reference; it provides a noise floor for this evaluation.

Error Type Count %o
Hallucination (repetition) 35 875
Punctuation errors 8 20.0
Over-correction 2 5.0
Other 4 10.0

TMultiple labels per example (X > 100%).

Table 8: Error categories in cases where Pre-Train+FT
underperforms Fine-Tuned mT5 (40 examples).

Input ®depraHa OPOOHYHYH TOpPy AKCH Ana
OyKa 9H K003 aliMaKTap.

Ref ®depraHa 6pPeOOHYHYH TOPY AKCEHI, Ana-
Byxka 3H K003 aiMakKTap.

FT Qeprasa 6peeHYHYH TOPY AKCEI, Ara-
Byxka 3H K003 aiMakKTap.

PT+FT ®epraHa epeeHYHYH Tepy AKCHI, Ana-

Byka »H k003 ammakTap. Peprana
OPOOHYHYH TOpY, AKCHL... (repeated)

Table 9: Hallucination: Pre-Train+FT repeats the entire
sentence.

6.3 Gemma 4 vs. Fine-Tuned mT5

Zero-shot Gemma 4 (CER 0.1620) substantially
outperforms both the rule-based baseline and zero-
shot mT5, suggesting that large multilingual LLMs
have acquired some knowledge of Kyrgyz during
pre-training. Fine-tuned mT5-small (300M pa-
rameters) in turn outperforms zero-shot Gemma 4
(9.6B parameters) by roughly a factor of 2x in
CER. We stress that this is a fine-tuned vs. zero-
shot comparison, not a direct capacity compari-
son: it shows that task-specific fine-tuning on a
domain-matched dataset is highly effective for low-
resource normalization (Zupon et al., 2021), but it
does not show that a 300M model is fundamentally
more capable than a 9.6B one at this task. A fine-
tuned or few-shot Gemma 4 could plausibly match
or surpass fine-tuned mT5-small, and we explicitly
flag this comparison as future work. The practi-
cal implication remains relevant: in deployment-
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ITomesnm Xxypyn 6amka HINITEPOU
KBIJITAHTAa OWJIMMAWH [ejie Keperu
KOK

Kupe Oepumrepou Xyym, 0allka
UINTEpOU KbUITaHTa OUIUMOUH [ele
KEPETH XOK.

ITogpe3n xypyn Oalika WUIITEPOU
KBIJITAHTA OWJIMMAUH [ejie Keperu
KOK.

ITogpe3n Xypyn Oalika WUINTEPON
KBIITAHTa OWIMMAWH [eJjie Keperu
KOK. BUnuMOuH [Oene Keperu XKOK.
(repeated)

Input

Ref

FT

PT+FT

Table 10: Hallucination: Pre-Train+FT appends a re-
peated phrase.

constrained low-resource settings, a 300M fine-
tuned model is a strong, cheap, and reproducible
option.

6.4 Rule-Based Baseline Analysis

The rule-based system achieves a surprisingly
competitive CER (0.2029) given its simplicity.
This is directly explained by the dataset statis-
tics: punctuation restoration accounts for 84.9%
of all required normalizations (§3.4), and the rule-
based system partially addresses this by appending
sentence-final punctuation. However, it fails en-
tirely on word-level corrections, dialect normaliza-
tion, and sentence restructuring, resulting in poor
WER (0.5659) and near-zero EM (0.0040). This
highlights that while punctuation is the most fre-
quent normalization type, word-level corrections
are equally important for overall text quality.

6.5 Per-Category Error Breakdown

To understand where each system succeeds or fails,
we compute CER separately for each normaliza-
tion category (Table 11). Categories are not mu-
tually exclusive, as examples may require multiple
transformation types.



Category N Rule G4 FT PT+FT
Punctuation 849 0.199 0.162 0.078  0.081
Capitalization 62 0.167 0.140 0.084  0.085
All-Caps 39 0.852 0.168 0.084  0.083
Digit—Word 41 0218 0.199 0.076  0.067
Table 11: Per-category CER. Rule=Rule-Based,

G4=Gemma 4 Zero-Shot, FT=mT5 Fine-Tuned,
PT+FT=mT5 Pre-Train+FT. Zero-Shot mT5 omitted.
Best per row in bold.

The breakdown reveals two notable patterns.
First, the rule-based system collapses on All-Caps
text (CER 0.852): while it capitalizes the first char-
acter of a sentence, it has no mechanism to con-
vert fully capitalized input (e.g., IIAUUP BHUP
EPKEKYMIJIHUK) to standard mixed case, leav-
ing the remaining characters unchanged. In con-
trast, both fine-tuned models and Gemma 4 handle
this category well (CER ~0.08-0.17), as they have
learned case normalization from data. Second, Pre-
Train+FT is numerically slightly better than Fine-
Tuned mTS5 on Digit-Word compounds (0.067 vs.
0.076). With only N = 41 examples in this cat-
egory and no paired significance test at this scale,
we do not treat this difference as a robust advan-
tage of continual pre-training; it is suggestive but
requires a larger, category-targeted evaluation to
confirm.

7 Conclusion

We presented the first systematic study of Kyr-
gyz text normalization, introducing a large-scale
dataset of 1.67M noisy—clean text pairs col-
lected from YouTube, Instagram, and Telegram.
Our automatic and human evaluations show that
fine-tuned mTS5-small substantially outperforms
all baselines—including zero-shot Gemma 4—
achieving a CER of 0.0796; both fine-tuned vari-
ants achieved a human accuracy of 99.8%. We
showed that continual pre-training with span cor-
ruption does not improve over direct fine-tuning,
primarily due to hallucination, and provided de-
tailed error analysis of this failure mode.

We hope this work serves as a foundation for fu-
ture Kyrgyz NLP research. Future directions in-
clude: (1) evaluating on out-of-domain text such
as news or spoken language transcripts; (2) scaling
to larger mT5 variants as hardware permits; (3) in-
corporating Kyrgyz-specific morphological knowl-
edge into the rule-based baseline; and (4) applying
the normalization pipeline as a preprocessing step
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for downstream tasks such as machine translation
and speech synthesis.

Limitations

Domain of the test set. Our test set is drawn
from the same sources as the training data
(YouTube, Instagram, Telegram). This ensures
a representative evaluation of in-domain social-
media normalization, but it also means we do
not measure out-of-domain generalization. Kyr-
gyz news articles, speech transcripts, and for-
mal government text have different noise profiles
(e.g., ASR-style errors, stylistic punctuation con-
ventions), and performance there is not guaranteed
by our numbers. Out-of-domain evaluation is an
important avenue for future work.

Reference bias. Because the training references
are produced by Gemini 3 Pro, the models we fine-
tune are optimized toward a single LLM’s idiolect
of “normalized Kyrgyz”. See §5.4 for a quantita-
tive probe on 50 examples showing that reference
bias does not alter system ranking and changes fine-
tuned mT5’s CER by only 0.012; the probe is lim-
ited to a single independent annotator and a fuller
study remains future work.

Annotation verification at scale. Only the
1,000-example test set was fully reviewed by two
native Kyrgyz speakers with adjudication; the
1.67M training pairs were produced by Gem-
ini 3 Pro and only spot-checked. We therefore can-
not rule out that a non-trivial fraction of the train-
ing set contains annotation errors that our models
may have learned. The spot-check provides an es-
timate of per-example quality, not a guarantee of
it.

Data release. For the reasons given in §3.3 (plat-
form redistribution restrictions, re-identification
risk, incomplete verification), we release only a
20,000-pair subset of the training data rather than
the full 1.67M. This is a deliberate trade-off in fa-
vor of user privacy and verification quality at the
cost of full reproducibility of the dataset scale. We
release the full human-verified test set, all training
code, and fine-tuned model checkpoints so that re-
ported results can be reproduced end-to-end mod-
ulo the training data subset.

Model scale. We evaluate only mT5-small, as
larger mTS variants and byte-level alternatives
such as ByT5 (Xue et al., 2022) require sub-



stantially more computational resources than were
available to us. Our results do not speak to
how much further headroom exists with mT5-base,
mT5-large, or a ByTS of comparable parameter
count. A systematic scan across model families
and sizes—including fine-tuned open LLMs such
as Gemma 4—is deferred to future work.

Rule-based baseline. Our rule-based baseline
is intentionally minimal and does not incorpo-
rate Kyrgyz-specific morphological knowledge; it
serves as a lower bound rather than a competi-
tive system. A stronger rule-based pipeline built
around the finite-state transducer of Washington
et al. (2012) and hand-curated dialect/digit dictio-
naries would likely be meaningfully more competi-
tive, particularly on the 84.9% of the test set where
the dominant transformation is punctuation restora-
tion.

Statistical power. Our test set contains n
1,000 examples and our pre-training-failure analy-
sis inspects 40 examples. At these sample sizes,
the gap between Fine-Tuned and Pre-Train+FT
(CER 0.0796 vs. 0.0825, p = 0.06) is underpow-
ered: we cannot confidently declare either a true
difference or equivalence. The 87.5% hallucina-
tion rate from the 40-example inspection comes
with a wide 95% Wilson CI of [74%, 95%], and
we do not claim that this rate generalizes to the full
population of failures. Larger test sets and larger
targeted failure samples would allow stronger con-
clusions.

Human evaluation. Human evaluation involved
two native Kyrgyz-speaking annotators rating 200
examples per system with no third-party arbitra-
tion step. The sample size is consistent with prior
work in low-resource NLP human evaluation (Lut-
gen et al., 2025), but it is small in absolute terms.
We report Wilson 95% confidence intervals on per-
system scores (Table 4) and three complementary
inter-annotator agreement coefficients per system
(Cohen’s v, PABAK, Gwet’s AC1; Table 6) so that
reliability can be assessed under the prevalence
skew of the fine-tuned systems. A larger annota-
tion study with explicit arbitration would still be
needed to give tight confidence intervals on the
Rule-Based score (where annotators substantively
disagree) and to disentangle the two fine-tuned
variants from each other at the 99.8% ceiling.
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Ethics Statement

The dataset consists of publicly accessible text
from YouTube, Instagram, and Telegram, collected
for the purpose of non-commercial research on a
severely under-resourced language. We acknowl-
edge that redistribution of user-generated content
scraped from social-media platforms sits in a legal
and ethical gray area, even when the original con-
tent is publicly viewable; individual users did not
consent to inclusion in an NLP dataset, and plat-
form terms of service vary in how they treat re-
search use. To reduce the impact of these concerns
we took three concrete measures: (i) we release
only a 20,000-pair subset of the training data rather
than the full 1.67M, (ii) we strip user handles, @-
mentions, and URLs from all released examples,
and (iii) we do not release any associated media,
profile information, or platform metadata. The
normalization task itself does not involve sensitive
content generation. Individuals who believe their
content has been included and who wish for it to be
removed may request removal through the dataset
contact address; we will honor such requests in fu-
ture releases. Our models are intended for Kyr-
gyz NLP preprocessing and do not pose foresee-
able ethical risks beyond those inherent in general
language modeling.

LLMs Usage Statement

During the preparation of this manuscript, we
made limited use of large language models
(LLMs), specifically Anthropic’s Claude, to assist
with language refinement and organization of some
sections. All technical content, equations, deriva-
tions, and experimental design were developed en-
tirely by the authors. The LLM was not used for
ideation of methods, data analysis, or generation
of results.
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