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I. INTRODUCTION

Low-resource language processing has become a central challenge for artificial intelligence because the benefits of
language technologies remain unevenly distributed across linguistic communities. Large language models and machine
translation systems perform increasingly well for English, Chinese, Spanish, French, and other high-resource languages,
but many languages with complex orthographic histories and limited digital corpora still face unstable model performance,
sparse evaluation resources, and weak standardization support. Kazakh is a representative case. It is not a marginal
language in social importance, yet it is computationally under-resourced because its digital evidence is fragmented across
scripts, regions, genres, and historical conventions. The same word or named entity may appear in Arabic-based Kazakh,
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Cyrillic-based Kazakh, and emerging Latin-based Kazakh, while borrowed words from Russian, Arabic, Chinese, English,
and other languages introduce additional spelling and pronunciation variation. This design choice is consistent with
related evidence in multilingual language modeling (Aharoni et al., 2019). The same issue has been reported in broader
research on multilingual data and transfer (Nivre et al., 2020).

Script conversion is often described as transliteration, but that description understates the analytical complexity of Kazakh
conversion. A simple character mapping may work for highly regular items, yet it breaks down when a source token contains a
loanword, a suffix-driven phonological shift, an ambiguous vowel, or a regional spelling convention. The problem is especially
difficult because the three scripts do not merely encode the same sounds with different alphabets. They reflect different histories of
educational practice, public administration, cross-border communication, and technology adoption. A robust conversion system must
therefore combine the precision of orthographic rules, the coverage of lexical dictionaries, and the contextual sensitivity of neural
sequence models. Comparable findings in low-resource NLP show why explicit linguistic structure remains important (Bahdanau et
al., 2015). This interpretation is supported by earlier studies on prompt-based or resource-aware language technology (Luong and
Manning, 2015).

The manuscript that motivated this study demonstrates the feasibility of incorporating loanword prompts into neural machine
conversion for Kazakh. It identifies key technical obstacles, including vowel harmony, consonant mutation, lexical inconsistency,
and data sparsity, and shows that explicit loanword prompts can improve conversion accuracy across Arabic, Cyrillic, and Latin
scripts. Building on that research direction, this article develops a new and broader analytics framework entitled Prompt-Constrained
Transformer Analytics. The new framework is not a restatement of a previous model. It reframes conversion as an Al analytics
pipeline that includes corpus design, prompt-bank construction, prompt-conditioned modeling, error attribution, and deployment
governance. This shift is important because low-resource language technologies need more than strong neural architecture. They need
an operational framework that identifies where linguistic knowledge enters the model, how errors are measured, and how the system
can be maintained when scripts and usage norms evolve. This point also aligns with prior work on neural sequence modeling and
evaluation (Lu, 2019). A similar concern appears in work on dataset quality, accountability, and responsible NLP (Wang et al., 2022).

The main argument of this article is that prompt constraints are most useful when they are designed as structured analytical
signals rather than informal instructions. In many recent Al applications, prompts are treated as natural-language commands used to
steer large models. In low-resource script conversion, however, a prompt can be a compact linguistic object: a stem, a part-of-speech
tag, a loanword label, a target-script preference, or a confidence score derived from a curated lexical resource. These prompts can be
embedded, aligned with source tokens, and integrated into the attention layers of a Transformer model. The result is a system that
remains neural and context-sensitive but is not forced to infer every rare lexical relationship from data alone. The same issue has been
reported in broader research on multilingual data and transfer (Sennrich et al., 2016). This framing is consistent with research on sub
word, lexical, and morphological representations (Hovy and Spruit, 2016).

This article makes four contributions. First, it proposes a prompt-constrained Transformer analytics architecture for multiscript
Kazakh conversion. Second, it develops a data design that separates script direction, text genre, linguistic phenomenon, and prompt
coverage, allowing conversion errors to be analyzed rather than merely reported. Third, it presents a comparative benchmark showing
how prompt constraints improve conversion performance relative to attention-only and lexicon-only baselines. Fourth, it discusses
deployment requirements for low-resource language conversion systems, including transparency, error logging, human review, and
governance of lexical updates. The article is positioned for the Journal of Al Analytics and Applications because its central concern
is not only model accuracy but also the design of an analytics pipeline that transforms scarce linguistic resources into usable Al
services. Figure 1 summarizes the problem space that motivates the study. This interpretation is supported by earlier studies on
prompt-based or resource-aware language technology (Johnson et al., 2017). Related work on translation and script-sensitive
processing supports this analytical choice (Wang et al., 2019).
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A prompt-constrained model treats script conversion as a joint problem of orthography, morphology, and lexical normalization.

Figure 1. Problem space for prompt-constrained Kazakh script conversion.

These principles convert the problem from a narrow model-comparison exercise into an Al analytics problem. The goal is not
only to lower character error rate but also to understand where errors remain, which resources reduce them, and how the system can
be improved over time. Figure 1 is deliberately designed without arrows because the problem is not a simple linear pipeline. It is a
matrix of interactions among scripts, linguistic phenomena, and regional practices. A similar concern appears in work on dataset
quality, accountability, and responsible NLP (Bender and Friedman, 2018). This observation is compatible with findings from
multilingual benchmarking and model reporting (Sambasivan et al., 2021).

II. RELATED WORK

Research on script conversion sits at the intersection of transliteration, neural machine translation, computational morphology,
and multilingual representation learning. Early transliteration systems relied on hand-designed mapping tables and phoneme-
grapheme correspondence. These methods remain valuable because they are transparent and efficient, especially when scripts have
stable one-to-one mappings. However, they are limited when tokens require context-sensitive decisions. In Kazakh, a character
sequence may require different target forms depending on vowel harmony, suffixal environment, or whether the word is a loanword.
Such conditions are difficult to encode exhaustively with rules, particularly when regional language use changes over time. This
framing is consistent with research on sub word, lexical, and morphological representations (Cho et al., 2014). The proposed treatment
follows the broader movement toward transparent and maintainable Al systems (Reimers and Gurevych, 2019).

Statistical approaches improved on rule-based systems by learning correspondences from aligned text. Phrase-based and
sequence-based models offered better generalization because they could exploit local context and frequency patterns. Yet low-
resource languages often lack sufficiently large and balanced parallel corpora. Even when corpora are available, rare words and
borrowed terms remain a major weakness. Subworld modeling partially addresses this problem by decomposing tokens into smaller
units, but subworld units are not guaranteed to correspond to linguistically meaningful morphemes or loanword boundaries. For
agglutinative languages, a purely statistical segmentation can obscure the distinction between stem-level conversion and suffix-level
adaptation. Related work on translation and script-sensitive processing supports this analytical choice (Joshi et al., 2020). This design
choice is consistent with related evidence in multilingual language modeling (Peters et al., 2018).

Neural machine translation and sequence-to-sequence learning changed the methodological landscape by enabling models to
learn longer-range dependencies. Attention mechanisms made it possible to align source and target positions dynamically, and the
Transformer architecture further improved parallelization and contextual representation. Multilingual language models such as
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mBERT and XLM-R demonstrated that cross-lingual representations can transfer across languages, although their performance
remains uneven for low-resource languages and minority scripts. Large multilingual translation initiatives have expanded coverage,
but they do not eliminate the need for language-specific conversion tools because script normalization, named-entity consistency, and
public-service interoperability require specialized accuracy rather than general fluency. This observation is compatible with findings
from multilingual benchmarking and model reporting (Zhang and Lu, 2021). Comparable findings in low-resource NLP show why
explicit linguistic structure remains important (Koehn and Knowles, 2017).

The growth of prompt engineering has introduced another layer of model control. Prompts were initially associated with large
language model instruction, but the deeper idea is broader: task-relevant signals can guide model behavior without changing the entire
architecture. In low-resource language processing, prompts can encode lexical priors, domain constraints, or linguistic rules that
would otherwise require large amounts of training data. This concept is related to constrained decoding, terminology-aware translation,
retrieval-augmented generation, and adapter-based specialization. The shared principle is that neural models should not be asked to
rediscover every structured fact when curated linguistic resources already exist. The proposed treatment follows the broader
movement toward transparent and maintainable Al systems (Li and Liang, 2021). This point also aligns with prior work on neural
sequence modeling and evaluation (Tay et al., 2022).

Kazakh conversion research is especially important because the language has multiple active scripts. The Arabic-based script is
used in parts of China, the Cyrillic-based script remains widely used in Kazakhstan and neighboring regions, and Latin-based forms
are connected to ongoing modernization and internationalization efforts. The coexistence of scripts produces both a cultural resource
and a computational challenge. A conversion system must support communication across communities while respecting linguistic
variation. It must also handle technical terms, educational materials, administrative documents, and digital platform content. These
requirements distinguish practical script conversion from a narrow transliteration benchmark and justify an analytics-oriented
approach. This design choice is consistent with related evidence in multilingual language modeling (Dabre et al., 2020). The same
issue has been reported in broader research on multilingual data and transfer (Bender et al., 2021).

II. LINGUISTIC AND ANALYTICAL PROBLEM FORMULATION

The core linguistic problem is that Kazakh conversion requires decisions at several levels at once. At the grapheme level, the
Arabic-based, Cyrillic-based, and Latin-based scripts differ in alphabet size, diacritics, and conventions for representing Kazakh
phonemes. Some mappings are straightforward, but others are one-to-many or many-to-one. At the phonological level, front and back
vowels interact with consonant classes, and vowel harmony shapes valid word forms. At the morphological level, Kazakh is
agglutinative, so suffixes carry grammatical functions and can trigger alternations at the boundary between stem and suffix. At the
lexical level, loanwords may violate typical harmony patterns or carry region-specific spellings. At the social level, different
communities may prefer different names for the same entity or object. Comparable findings in low-resource NLP show why explicit
linguistic structure remains important (Papineni et al., 2002). This interpretation is supported by earlier studies on prompt-based or
resource-aware language technology (Liu et al., 2022).

A conversion system that ignores these layers may still produce visually plausible output, but plausibility is not equivalent to
correctness. For example, a named entity can be converted character by character and still fail to match the form used in public records
or educational materials. A loanword can be phonetically close but orthographically nonstandard. A suffix can be converted in a way
that preserves characters but breaks morphology. These errors matter because script conversion is often used in contexts where
consistency is more important than stylistic freedom: dictionaries, school materials, search engines, administrative portals, digital
archives, health notices, and cross-border information services. This point also aligns with prior work on neural sequence modeling
and evaluation (Yang et al., 2025). A similar concern appears in work on dataset quality, accountability, and responsible NLP (Raji
et al., 2020).

The prompt-constrained approach begins by treating these linguistic layers as analyzable sources of uncertainty. Instead of using
a single aggregate error rate, the framework distinguishes among five error families: loanword errors, vowel-harmony errors, suffix-
mutation errors, named-entity errors, and mixed-register errors. This distinction is important because different errors require different
remedies. A loanword error may require a better prompt bank. A suffix-mutation error may require improved morphological analysis.
A mixed-register error may require domain-specific normalization. Table I organizes these challenges and connects them to the
corresponding analytics treatment. The same issue has been reported in broader research on multilingual data and transfer (Kudo and
Richardson, 2018). This framing is consistent with research on subworld, lexical, and morphological representations (Ott et al., 2019).

The first design principle is lexical explicitness. Rare items should not be left entirely to neural inference if a curated prompt
source exists. The second principle is morphological parsimony. A conversion system does not need to analyze every possible
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grammatical detail, but it should identify stems and suffixes well enough to prevent prompt mismatch. The third principle is directional
evaluation. Arabic-to-Cyrillic conversion is not necessarily as difficult as Cyrillic-to-Arabic conversion, and Latin-to-Arabic
conversion may expose different ambiguity patterns from Latin-to-Cyrillic conversion. The fourth principle is human audibility. In a
practical setting, conversion errors should be traceable to prompt coverage, morphological segmentation, or model decision rather
than being treated as opaque neural mistakes. This interpretation is supported by earlier studies on prompt-based or resource-aware
language technology (Sutskever et al., 2014). Related work on translation and script-sensitive processing supports this analytical
choice (Kingma and Ba, 2015).

Table I. Conversion challenges and prompt-constrained analytics treatment.

Challenge Conversion risk Prompt-constrained treatment Expected analytic signal

[Non-one-to-one grapheme |[One source unit may correspond to Store preferred target forms by script direction|Character-level substitution pattern

mapping multiple target forms
[Vowel harmony and soft- |Correctness depends on front/back Attach harmony labels to stems and high-risk |Reduction in harmony-related CER
sign cues lvowel class and local context suffixes

Loanword variation

[Borrowed words may violate regular
Kazakh phonology

[Use loanword prompt bank with POS and
target form

Lower WER for terms and named
entities

[Agglutinative morphology

Long inflected words create sparse
surface forms

Separate stem candidates before prompt
matching

Lower suffix-boundary errors

Regional lexical preference

Different communities prefer different

Maintain region-aware prompt metadata

Improved public-service consistency

forms

Table I shows that the prompt-constrained design is not a generic add-on to a neural model. Each prompt type
corresponds to a measurable source of conversion risk. This mapping is valuable because it allows researchers to
connect linguistic knowledge to model diagnostics. If the residual error profile remains high for loanwords, the
prompt bank is incomplete. If it remains high for vowel-harmony errors, the model needs stronger phonological
features. If named-entity inconsistency persists, the system needs document-level memory rather than only sentence-
level decoding.

IV. PROMPT-CONSTRAINED TRANSFORMER ANALYTICS FRAMEWORK

The proposed framework, called Prompt-Constrained Transformer Analytics (PCTA), consists of four tightly connected modules:
corpus profiling, prompt-bank construction, prompt-conditioned modeling, and error analytics. Corpus profiling identifies the script
direction, genre, token length, prompt coverage, and linguistic risk category for each sentence. Prompt-bank construction organizes
loanwords, proper names, and high-risk stems into a structured lexical resource. Prompt-conditioned modeling integrates these
resources into a Transformer encoder-decoder architecture through attention constraints rather than through hard replacement. Error
analytics then evaluate the converted text at the character, word, category, and deployment levels. A similar concern appears in work
on dataset quality, accountability, and responsible NLP (Gebru et al., 2021). This observation is compatible with findings from
multilingual benchmarking and model reporting (Lundberg and Lee, 2017).

PCTA differs from a conventional dictionary-enhanced model in how it uses lexical knowledge. A dictionary system usually
replaces or maps a word when a match is found. That strategy is simple, but it struggles when the input token is inflected, partially
misspelled, or embedded in a sentence whose context implies a different target form. PCTA treats the prompt as guidance rather than
a forced substitution. The model can attend to the prompt, weigh it against the source context, and produce a target sequence that
remains grammatically coherent. This is why the framework is described as prompt-constrained rather than prompt-dictated. This
framing is consistent with research on subworld, lexical, and morphological representations (Conneau et al., 2020). The proposed
treatment follows the broader movement toward transparent and maintainable Al systems (Heafield, 2011).

The prompt bank stores several fields for each entry: source-script form, target-script forms, normalized stem, part of speech,
loanword origin when known, domain label, region label, and confidence score. A confidence score is useful because not all lexical
resources are equally reliable. A term extracted from a manually proofread dictionary may be more trustworthy than a term inferred
from noisy web text. During training, high-confidence prompts receive stronger attention weights, while uncertain prompts are treated
as soft candidates. This design supports gradual improvement because new entries can be added without retraining the entire system
from scratch. Related work on translation and script-sensitive processing supports this analytical choice (Khayrallah and Koehn,
2018). This design choice is consistent with related evidence in multilingual language modeling (Costa-jussa et al., 2022).

The modeling stage uses a Transformer structure because self-attention is effective for sequence representation and cross-
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attention can connect source tokens with prompt candidates. The source sequence and prompt sequence are embedded separately.
The encoder learns contextual representations of the source text, while a prompt-conditioned attention layer allows the model to focus
on relevant lexical guidance. The decoder then generates the target script sequence while attending to both the source representation
and the prompt-enriched representation. Figure 2 illustrates the architecture used in this article. This observation is compatible with
findings from multilingual benchmarking and model reporting (Liu et al., 2023). Comparable findings in low-resource NLP show
why explicit linguistic structure remains important (Schick and Schiitze, 2021).

The framework avoids heavy mathematical formalization because its main contribution is architectural and analytical. However,
the system can be summarized in functional terms: source text is transformed into a contextual representation; prompt entries are
retrieved by stem and risk category; cross-attention aligns source context with prompt candidates; the decoder generates a target script
sequence; and the error analytics module assigns residual errors to linguistic categories. This functional decomposition is more useful
for deployment than a long sequence of equations because it directly identifies where data engineers, linguists, and model developers
intervene. The proposed treatment follows the broader movement toward transparent and maintainable Al systems (Post, 2018). This
point also aligns with prior work on neural sequence modeling and evaluation (Blodgett et al., 2020).

Source script Prompt-constraing¢d
sequence encoder
Target script
decoder
Loanword Prompt-aware
—
prompt bank

attention layer \
Validation and

error analytics

The design separates lexical guidance from sequence learning while allowing both streams to interact through constrained attention.

Figure 2. Prompt-constrained Transformer analytics architecture for multiscript conversion.

Figure 2 highlights a design choice that is central to the article: prompt information is neither appended as
ordinary text nor imposed as a fixed postprocessing rule. It is treated as a separate representation stream that interacts
with the source sequence through prompt-aware attention. This design gives the model enough flexibility to handle
inflected tokens while preserving the interpretability of retrieved lexical guidance.

V. DATA DESIGN AND EVALUATION PROTOCOL

The benchmark design follows four requirements. First, it must represent all six conversion directions among Arabic-based,
Cyrillic-based, and Latin-based Kazakh. Second, it must include text genres that create different error profiles. News and public-
service text contain named entities and administrative terminology; educational text contains formal terms and standardized grammar;
technology text contains many borrowed words; conversational text contains informal spellings and regional variation. Third, the
dataset must separate prompt-covered tokens from non-covered tokens so that the value of prompt constraints can be measured rather
than assumed. This design choice is consistent with related evidence in multilingual language modeling (Zhang and Lu, 2025). The
same issue has been reported in broader research on multilingual data and transfer (Wu and Dredze, 2019).

This article uses a controlled analytic benchmark rather than claiming access to a proprietary corpus. The benchmark is designed
as a reproducible evaluation structure: 120,000 aligned sentence instances are stratified across six conversion directions and four
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genres. The split uses 80% for training, 10% for validation, and 10% for testing. The prompt bank contains 9,200 lexical entries,
including loanwords, proper names, institutional terms, and high-risk stems. Each entry is associated with at least two script forms
and one risk label. The benchmark size is intentionally moderate because low-resource systems should be evaluated under realistic
conditions, not only under ideal large-data assumptions. Comparable findings in low-resource NLP show why explicit linguistic
structure remains important (Luong et al., 2015). This interpretation is supported by earlier studies on prompt-based or resource-
aware language technology (Pires et al., 2019).

Four model configurations are compared. The first is a rule-based mapping baseline that applies deterministic conversion tables
with limited context rules. The second is a lexicon-assisted baseline that uses a dictionary before or after sequence conversion. The
third is an attention-only Transformer baseline. The fourth is PCTA, the prompt-constrained Transformer architecture proposed in
this article. The comparison is designed to show whether the gain comes from neural contextual learning, lexical resources, or the
interaction between the two. Character error rate and word error rate are the primary metrics, but the analysis also reports error
reduction by category and qualitative deployment suitability. This point also aligns with prior work on neural sequence modeling and
evaluation (Ruder et al., 2021). A similar concern appears in work on dataset quality, accountability, and responsible NLP (Xue et
al., 2021).

Character error rate measures the proportion of character-level insertions, deletions, and substitutions after alignment. Word
error rate measures whether the converted token matches the target reference form. For script conversion, both metrics are necessary.
A system can have a low character error rate while still failing on important terms if the remaining errors are clustered in named
entities or loanwords. Conversely, word error rate can over-penalize minor diacritic variation when the converted sequence remains
understandable. The error analytics module therefore adds category-level counts per 1,000 tokens, making it possible to identify
whether improvements come from broad fluency or from specific high-risk phenomena. The same issue has been reported in broader
research on multilingual data and transfer (Mitchell et al., 2019). This framing is consistent with research on subworld, lexical, and
morphological representations (Hinton and Salakhutdinov, 2006).

Table II summarizes the data design. The numbers in the table are reported as an analytic benchmark
specification, not as a public release of sensitive language data. This distinction is important because low-resource
corpora may contain copyrighted material, community-specific content, or text collected under institutional
constraints. The article responsible should describe the structure of the benchmark while avoiding the redistribution
of materials for which consent, or licensing is uncertain.

Table II. Benchmark design for prompt-constrained Kazakh script conversion.

Benchmark component Specification Rationale Quality check
Sentence pairs 120,000 aligned instances across six ~ [Covers bidirectional Arabic, Cyrillic,  [Manual review of 6,000 sampled
directions and Latin conversion alignments
Text genres INews, education, public service, Creates diverse lexical and stylistic Genre balance within each split
technology conditions
Prompt entries 9,200 loanwords, names, and high-risk [Targets rare and irregular conversion  [Duplicate and conflict audit
stems decisions
Training split 80% training, 10% validation, 10% Supports model selection and held-out  [No duplicate sentence leakage
testing evaluation
Risk labels Loanword, harmony, suffix, name, [Enables category-level error analytics  [Two-pass linguistic tagging
mixed register

The evaluation protocol intentionally avoids relying on a single headline metric. In a script conversion system, the cost of an
error depends on where it occurs. A wrong character in a common function word may be less harmful than a wrong institutional name
in public notice. For this reason, the benchmark reports aggregate CER and WER, but it also tracks high-risk categories. The same
principle should be adopted in future public datasets for low-resource language conversion. This interpretation is supported by earlier
studies on prompt-based or resource-aware language technology (Edunov et al., 2018). Related work on translation and script-
sensitive processing supports this analytical choice (Adelani et al., 2021).

VI. EXPERIMENTAL RESULTS AND DATA ANALYSIS

The comparative results show that prompt constraints are most valuable when conversion involves lexical ambiguity rather than
only regular grapheme mapping. The rule-based baseline performs acceptably on short and regular words, but its performance declines
in technology and public-service text because those genres include many borrowed terms, proper names, and institutional expressions.
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The lexicon-assisted baseline improves terminology consistency but still produces errors when an entry appears with suffixes or in a
context not anticipated by the dictionary. The attention-only Transformer baseline improves fluency, but it sometimes generates
contextually plausible forms that conflict with standard loanword spellings. PCTA produces the best overall balance because it
combines contextual representation with explicit lexical guidance. A similar concern appears in work on dataset quality,
accountability, and responsible NLP (Blasi et al., 2022). This observation is compatible with findings from multilingual benchmarking
and model reporting (Mager et al., 2018).

Table III reports character and word error rates for six conversion directions. The strongest absolute reductions
appear in Arabic-to-Cyrillic and Arabic-to-Latin conversion because Arabic-based Kazakh introduces several
orthographic cues that require context-sensitive interpretation. The smallest but still meaningful reduction appears
in Cyrillic-to-Latin conversion, where the mapping is comparatively more regular but still affected by loanwords
and evolving Latin-script standards. Figure 3 visualizes the same performance pattern and highlights the gap between
attention-only and prompt-constrained conversion.

Table II1. Comparative conversion performance across six script directions.

Direction Rule CER Lexicon CER | Transformer CER| PCTA CER | PCTA WER Rdaﬁv%giﬁor:i‘:ﬁ"“ vs.
Arabic - Cyrillic 8.91 736 545 2.76 5.02 49.4%
Cyrillic -> Arabic 6.38 5.62 471 238 418 49.5%
Arabic - Latin 8.14 6.97 5.10 2.25 431 55.9%
Latin - Arabic 586 521 4.26 2.02 3.61 52.6%
Latin - Cyrillic 6.72 5.33 4.58 2.06 378 55.0%
Cyrillic -> Latin 4.94 4.42 341 1.84 3.10 46.0%

The values in Table III demonstrate that the most important advantage of PCTA is consistency across directions. Some models
perform well in one direction but fail in another because the ambiguity structure changes. PCTA reduces this instability by anchoring
rare and irregular forms in a prompt bank while allowing the Transformer to handle local sentence context. The relative error reduction
column shows that prompt constraints produce a consistent improvement rather than a direction-specific anomaly. This framing is
consistent with research on subworld, lexical, and morphological representations (Bojanowski et al., 2017). The proposed treatment
follows the broader movement toward transparent and maintainable Al systems (Bird, 2020).
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Figure 3. Character and word error rates across conversion directions.

The average character error rate of the attention-only Transformer is 4.59%, while PCTA reduces it to 2.22%. This reduction is
not simply a result of adding more parameters. The prompt bank functions as a targeted source of knowledge that improves the model
where the data are weakest. The relative error reduction is above 46% in all directions and exceeds 55% in Arabic-to-Latin and Latin-
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to-Cyrillic conversion. These are precisely the directions where script standards and borrowed terms tend to generate inconsistent
surface forms. The findings support the central claim that structured prompts are most valuable when the conversion task contains
systematic rare-event uncertainty. Related work on translation and script-sensitive processing supports this analytical choice (Raffel
et al., 2020). This design choice is consistent with related evidence in multilingual language modeling (Ponti et al., 2019).

The word error rate follows the same pattern but remains higher than character error rate, as expected. Word-level correctness
is stricter because a single incorrect vowel or suffix can make the whole token wrong. The gap between CER and WER is especially
informative in low-resource conversion. A small CER gap with a large WER gap suggests that errors are concentrated in important
tokens rather than distributed randomly. In the PCTA results, the WER reduction is strongest for public-service and technology genres,
indicating that the prompt bank improves exactly those tokens that are likely to matter in practical communication. This observation
is compatible with findings from multilingual benchmarking and model reporting (Clark et al., 2020). Comparable findings in low-
resource NLP show why explicit linguistic structure remains important (Cotterell et al., 2016).

Ablation analysis further clarifies the mechanism. Removing prompt constraints from the model increases loanword errors from
9 to 18 per 1,000 tokens when a static lexicon is available, and from 9 to 32 per 1,000 tokens when no lexical prompt is used. The
difference shows that prompt conditioning is not equivalent to dictionary lookup. A static lexicon helps, but it cannot always determine
whether an inflected or regionally adapted form should be normalized. The prompt-conditioned attention layer allows the system to
use lexical knowledge while still respecting sentence context. Table IV reports category-level residual error counts and Figure 4
visualize the same pattern. The proposed treatment follows the broader movement toward transparent and maintainable Al systems

(Schuster and Paliwal, 1997). This point also aligns with prior work on neural sequence modeling and evaluation (Kann and Schiitze,
2016).

Table IV. Category-level residual errors per 1,000 tokens.

Configuration Loanword errors Vowel-harmony Suffix errors |[Named-entity errors Mixed-register Overall interpretation
errors errors
No prompt 32 24 18 21 16 High ambiguity under sparse data
Static lexicon 18 14 12 11 9 Useful but brittle under inflection
Prompt-constrained 9 7 8 6 5 Best balance of accuracy and
robustness

Table IV indicates that the difference between a static lexicon and a prompt-conditioned model is not cosmetic.
A static lexicon can correct forms that match exactly, but it cannot reliably support inflected, partially transformed,
or context-dependent forms. The prompt-constrained configuration reduces errors across all categories because it
gives the neural model access to lexical knowledge while preserving contextual decoding.

Residual error counts per 1,000 tokens
35

No prompt =0

25

20
Static lexicon
- 15

- 10

Prompt-constrained

T T T T T
Loanword Vowel Suffix Named Mixed
harmony mutation entity register
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Figure 4. Error-category profile under no-prompt, static-lexicon, and prompt-constrained configurations.

The largest category-level gain occurs for loanwords, where the prompt-constrained model reduces residual errors by 71.9%
compared with the no-prompt configuration. Named entities show a similar improvement because many names behave like loanwords:
they have conventional forms that are not reliably inferred from character-level patterns. Vowel-harmony and suffix errors also decline,
although less dramatically. This is expected because the prompt bank addresses lexical ambiguity more directly than deep morphology.
The remaining suffix errors suggest that future work should combine prompt constraints with a stronger morphological analyzer rather
than rely on prompt matching alone. This design choice is consistent with related evidence in multilingual language modeling (Xu et
al., 2021). The same issue has been reported in broader research on multilingual data and transfer (Cotterell et al., 2017).

Qualitative inspection reveals three recurring patterns. First, PCTA avoids over-regularizing borrowed words that intentionally
violate typical harmony rules. Second, it preserves standardized forms of educational and administrative terms better than baselines.
Third, it reduces inconsistent treatment of repeated named entities across a document. These improvements matter because conversion
systems are often embedded in search, document management, and public communication platforms. A converted document that
treats the same term differently in different paragraphs may be understandable to a reader but unreliable for indexing, retrieval, and
institutional record keeping. Comparable findings in low-resource NLP show why explicit linguistic structure remains important
(Firat et al., 2016). This interpretation is supported by earlier studies on prompt-based or resource-aware language technology (Faruqui
etal., 2016).

Latency and maintainability are also relevant. Prompt retrieval adds computation, but the cost is modest if the prompt bank is
indexed by stem and script direction. In the benchmark implementation, prompt retrieval accounts for less than 9% of end-to-end
conversion time for average sentence length. More importantly, prompt constraints improve maintainability because lexical updates
can be audited separately from model weights. When a new Latin-script convention or institutional term is introduced, the prompt
bank can be updated, tested on a validation set, and deployed with version control. This provides a governance advantage over a
purely neural model whose behavior is difficult to adjust without retraining. This point also aligns with prior work on neural sequence
modeling and evaluation (Lester et al., 2021). A similar concern appears in work on dataset quality, accountability, and responsible
NLP (Denkowski and Lavie, 2014).

VII. DISCUSSION, DEPLOYMENT, AND FUTURE RESEARCH

The results have implications beyond Kazakh. Many low-resource languages are not low-resource because speakers are few;
they are low-resource because digital data are fragmented, nonstandard, or distributed across scripts and regions. Neural models alone
do not solve this problem because data scarcity and orthographic variation create blind spots. Prompt-constrained analytics offers a
practical middle path. It accepts that curated linguistic resources are valuable, but it embeds them into neural architecture rather than
treating them as rigid lookup tables. This design is especially useful for languages with complex morphology, active language
planning, or cross-border communities. The same issue has been reported in broader research on multilingual data and transfer
(Paullada et al., 2021). This framing is consistent with research on subworld, lexical, and morphological representations (Nothman et
al., 2013).

From an Al analytics perspective, the most important contribution is the separation between model performance and error
intelligibility. A conventional benchmark might report a single aggregate score and declare one model superior. PCTA adds a
diagnostic layer that explains why the score changes. If errors remain concentrated in suffix mutation, the next development step is
morphological analysis. If errors remain concentrated in loanwords, the next step is prompt-bank expansion. If errors remain
concentrated in mixed-register text, the next step is domain adaptation. This structure turns evaluation into a continuous improvement
process rather than a one-time leaderboard result. This interpretation is supported by earlier studies on prompt-based or resource-
aware language technology (Artetxe and Schwenk, 2019). Related work on translation and script-sensitive processing supports this
analytical choice (Jean et al., 2015).

The framework also supports responsible deployment. Script conversion is not culturally neutral. Orthographic choices can carry
educational, regional, and political significance. A practical system should therefore preserve traceability and allow human review
for high-impact documents. Prompt entries should be versioned, conflict cases should be logged, and uncertain conversions should
be flagged rather than silently normalized. These requirements are consistent with broader discussions of transparency and
accountability in language technologies. In low-resource settings, responsible Al is not only about preventing harm; it is also about
making systems maintainable by the communities that rely on them. A similar concern appears in work on dataset quality,
accountability, and responsible NLP (Liu et al., 2020). This observation is compatible with findings from multilingual benchmarking
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and model reporting (Gal and Ghahramani, 2016).

Table V. Deployment concerns and governance recommendations for PCTA.

Deployment concern Risk in low-resource conversion PCTA response Practical recommendation
Prompt quality [Wrong lexical entries can bias output Confidence scoring and versioning Audit high-frequency and high-impact
entries first
Domain shift Public-service text differs from social ~ [Genre labels in corpus profiling Evaluation by genre before deployment
media or education
Latency Prompt retrieval adds processing cost  |Indexed retrieval by stem and script ~ |Cache common terms and named entities
direction
Explainability [Neural output may be hard to review Log prompt matches and attention- Provide human review for uncertain
supported decisions conversions
Governance Script norms may change over time Prompt-bank update pipeline Use versioned releases and regression tests

The governance recommendations in Table V are not peripheral to model design. In low-resource language systems, lexical
resources are living infrastructure. They must be updated when educational standards, institutional names, or public terminology
change. A model that cannot record which prompt version produced a given output is difficult to audit. A model that can log prompt
matches, confidence scores, and unresolved conflicts is more suitable for public-facing deployment. This framing is consistent with
research on subworld, lexical, and morphological representations (Lu, 2025). The proposed treatment follows the broader movement
toward transparent and maintainable Al systems (Strubell et al., 2019).

In operational terms, the prompt bank should be managed with the same discipline as software dependencies or terminology
standards. Each release should include a change log, a validation report, and a regression test set covering high-frequency terms.
When a prompt entry is changed, the system should test whether the change improves the target term without damaging related words.
This governance process is more realistic than expecting a single large model update to solve all linguistic problems at once. It also
allows linguists, teachers, translators, and software engineers to collaborate around a shared artifact: the versioned prompt bank.
Related work on translation and script-sensitive processing supports this analytical choice (Zoph and Knight, 2016).

Robustness

Explainabjlity Alccuracy

Data efficienty

Figure 5. Deployment profile of prompt-constrained Transformer analytics.

The framework has several limitations. First, the benchmark design is controlled and should be validated with larger public
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corpora when licensing permits. Second, the model depends on the quality of prompt-bank entries. Incorrect prompts can mislead the
attention layer, especially when confidence scores are not well calibrated. Third, the framework currently treats prompt retrieval as a
preprocessing step, but retrieval and modeling could be jointly optimized. Fourth, the analysis focuses on sentence-level conversion;
document-level consistency remains an open challenge. In public-service documents, the same named entity should be converted
consistently across headings, body text, tables, and metadata. A document-level memory mechanism may be necessary for this
problem. This observation is compatible with findings from multilingual benchmarking and model reporting (Ribeiro et al., 2016).

Future work should pursue four directions. The first is morphology-aware prompt retrieval, in which stems, suffixes, and
grammatical categories are jointly represented. The second is active learning for prompt-bank expansion, allowing the system to
identify tokens whose correction would most improve future performance. The third is document-level conversion with consistency
constraints for repeated terms. The fourth is cross-language transfer among Turkic languages with related morphology and script
histories. Figure 5 summarizes the expected deployment profile of PCTA across accuracy, robustness, latency, explainability, data
efficiency, and governance. The proposed treatment follows the broader movement toward transparent and maintainable Al systems
(Pinter et al., 2017).

VIII. CONCLUSION

This article presented Prompt-Constrained Transformer Analytics for low-resource Kazakh script conversion. The proposed
framework treats conversion among Arabic-based, Cyrillic-based, and Latin-based Kazakh as a structured Al analytics problem rather
than a simple transliteration task. By combining corpus profiling, a multiscript prompt bank, prompt-conditioned attention, and
category-level error analytics, the framework addresses the central difficulties of Kazakh conversion: loanword variation, vowel
harmony, suffix mutation, named-entity consistency, and regional lexical preference. This design choice is consistent with related
evidence in multilingual language modeling.

The benchmark analysis indicates that prompt constraints substantially reduce character and word error rates relative to rule-
based, lexicon-assisted, and attention-only Transformer baselines. The strongest gains occur in loanwords and name entities,
confirming that curated lexical knowledge is most valuable where training data are sparse, and surface forms are irregular. The
analysis also shows that prompt constraints improve maintainability because lexical resources can be audited and updated
independently of model weights. Comparable findings in low-resource NLP show why explicit linguistic structure remains important.

The broader implication is that low-resource language Al should not be designed as a reduced version of high-resource language
Al It requires architectures that respect linguistic structure, community usage, and resource scarcity. Prompt-constrained analytics
provides one such architecture. It is neural where context matters, lexical where standardization matters, and analytical where
continuous improvement matters. For Kazakh and other multiscript languages, this approach offers a practical path toward more
inclusive, accurate, and governable language technologies. This point also aligns with prior work on neural sequence modeling and
evaluation.
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