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Abstract

Back-transliteration serves a dual purpose: pro-
cessing informal Romanized text and power-
ing phonetic Input Methods (IMEs). This sur-
vey bridges the fragmented research landscape
by introducing a "maturity spectrum" that con-
trasts the sophisticated engines of CJK lan-
guages with the foundational models of Arabic
and Indic scripts. We systematically analyze
the convergent technological evolution—from
statistical models to Large Language Models
(LLMs). We demonstrate that despite the rise
of LLMs, specialized back-transliteration re-
mains essential for latency-sensitive input. The
paper concludes with a technical roadmap for
building the next generation of universal input
systems.

1 Introduction

Text input is a foundational layer of digital interac-
tion, yet for users of non-Latin scripts, the standard
QWERTY keyboard presents a persistent barrier.
A widely adopted solution is phonetic input, where
users type the sounds of their language using Latin
letters, and a system converts this input into native
characters—a process termed back-transliteration.
This computational task powers two critical appli-
cations: enabling real-time, interactive input meth-
ods for languages such as Chinese and Japanese,
and processing the vast volume of informally Ro-
manized text—like Arabic Arabizi or Romanized
Indian languages—that pervades digital communi-
cation.

Despite this shared core, research is siloed
and marked by stark inequity. For a handful of
high-resource languages, back-transliteration has
evolved into mature IME research, featuring sophis-
ticated disambiguation, personalization, and inte-
gration with large language models. In contrast, for
most of the world’s languages—including many in
the Arabic, Indic, and indigenous families—work
remains foundational, focusing on converting noisy,

non-standard input amid severe data constraints.
This technological gap reinforces digital marginal-
ization, limiting both individual participation and
the online vitality of low-resource languages.

This paper bridges these divides by proposing
a unified framework for back-transliteration-based
input methods. We analyze the field through two
complementary lenses: a convergent technolog-
ical evolution that traces a shared journey from
rule-based and statistical models to neural and
generative paradigms; and a technological matu-
rity spectrum that contrasts the state of the art
in high-resource languages with the foundational
needs of low-resource ones. Systematically, we
examine core challenges—ambiguity resolution,
adaptation under resource constraints, interaction
optimization, and system efficiency—and present
cross-linguistic case studies spanning Arabic, In-
dic, Japanese, and Chinese systems. Finally, we
assess the dual role of LLMs in this domain and
outline a concrete, equity-focused research agenda
aimed at democratizing intelligent text input and
fostering a linguistically inclusive digital future.

2 The Unified Framework and Core
Challenges

2.1 Formalization

The typical workflow of a back-transliteration-
based input method is as follows: A user types
phonetic input using a standard keyboard. The in-
put method engine processes this sequence through
multiple stages: mapping the phonetic string to can-
didate native script units, generating initial candi-
dates, leveraging context for disambiguation, rank-
ing the candidates, and finally outputting the most
appropriate native script sequence. While real-
world systems often incorporate additional func-
tionalities such as error tolerance, personalization,
and multimodal interaction, the most fundamen-
tal and universal computational task remains the



conversion from phonetic representation to native
script.

This core conversion task can be formalized as
a supervised sequence-to-sequence transformation.
Given a romanized sequence composed of Latin
characters, p = (p1, p2, ..., Pm ), the goal is to find
the most probable target native script sequence ¢ =
(c1,¢2, ..., ¢y ). This process can be modeled as:

¢ = argmax P(c|p) (1)
C

where the probability P(c|p) is estimated by a sys-
tem incorporating both language and transliteration
models. This definition distinguishes it from gen-
eral machine translation (natural language to nat-
ural language) and pure transliteration (character-
to-character), emphasizing that its input is system-
atic phonetic encoding and its output comprises
semantic-laden textual units.

2.2 Three Tasks Back-transliteration-based
IME

The research landscape of back-transliteration-
based input methods is structured around three
interrelated core task families. The Core Conver-
sion Task constitutes the fundamental mapping of
standard romanized sequences to native characters,
forming the foundation of all systems. However,
real-world input is fraught with uncertainty, giv-
ing rise to the Error-Tolerant Input Task, which
handles spelling mistakes, dialectal variations, and
informal abbreviations, requiring strong noise ro-
bustness. Finally, the Personalization Task focuses
on dynamically adapting the conversion model us-
ing historical user behavior data to align with in-
dividual linguistic habits and specialized domains,
thereby reducing cognitive load and enhancing in-
put efficiency. These tasks face a series of common,
fundamental challenges across different script sys-
tems. We will explain in detail in the next section.

3 Core Technical Challenges and
Methodological Evolution

Despite being developed for distinct writing sys-
tems, solutions for back-transliteration-based in-
put methods have followed a remarkably conver-
gent evolutionary path, collectively undergoing sev-
eral paradigm shifts driven by the need to solve a
set of interconnected, language-agnostic technical
challenges. In summary, the evolution of input
method technology has roughly gone through the

four stages shown in Figure 1: starting with Rule-
Based Foundations (1980s—2000s) reliant on hand-
crafted rules, collocation dictionaries, and finite-
state machines; advancing into the Statistical Revo-
lution (1990s-2010s) with N-gram model, Hidden
Markov Model (HMM), Support Vector Machine
(SVM), and Statistical Machine Translation (SMT);
followed by the Neural Leap (2010s—2020s) char-
acterized by Neural Network Language Model
(NNLM), Recurrent Neural Networks (RNN) in-
cluding GRU and LSTM, and the Transformer ar-
chitecture; and currently entering the Generative
Paradigm (2020s—present) with models such as
PinyinGPT and Genelnput, which leverage large
language models to enable more natural, context-
aware, and personalized input experiences.

3.1 Ambiguity Resolution

The most fundamental and universal obstacle in
back-transliteration is resolving the inherent am-
biguity arising from the many-to-one mapping be-
tween phonetic Latin strings and native script can-
didates. This challenge, manifesting across all writ-
ing systems but with varying complexity due to
homophony density and script structure, has been
the primary driver of methodological innovation.

Early systems across language communities
tackled this problem by encoding explicit linguistic
knowledge. For Chinese, Xiaolong et al. (2004)
applied rough set theory to systematically mine
Pinyin-to-character conversion rules from large-
scale corpora, constructing a Linguistic Informa-
tion Table to encode contextual features and ex-
tracting high-confidence rules—an approach that
demonstrated the feasibility of automating rule ex-
traction but remained brittle. The Japanese com-
munity pursued a similar path with manually con-
structed resources; Koyama et al. (1998) built a col-
location dictionary of 135,000 entries, significantly
improving accuracy for short sentence processing.
A more sophisticated, syntax-aware approach was
pioneered by Abe et al. (1986), who constructed
a morpheme network to handle segmentation and
homonym ambiguities in non-segmented Japanese
input, employing heuristic search and case gram-
mar analysis to achieve a notable 90.5% translation
accuracy and laying a theoretical foundation for
deep linguistic disambiguation. For languages like
Urdu, where vowel omission in the script creates
specific ambiguities, rule-based finite-state trans-
ducers (Bogel, 2012) provided effective solutions
without probabilistic models.
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Figure 1: Overview of back-transliteration-based input method.

The shift towards data-driven paradigms enabled
a more scalable and robust approach to modeling
ambiguity. The core idea of probabilistic model-
ing was embraced nearly simultaneously. Chen
and Lee (2000) pioneered the use of n-gram lan-
guage models within a Bayesian framework for
Chinese Pinyin input, while Mori (1999) formal-
ized Japanese Kana-Kanji conversion as a maxi-
mum a posteriori estimation problem. A signifi-
cant conceptual leap was the reconceptualization
of the task as statistical machine translation (Yang
et al., 2012), framing the conversion as a trans-
lation between phonetic and character sequences.
This era also saw the rise of discriminative learning
frameworks. Jiang et al. (2007) utilized Support
Vector Machines to integrate long-distance con-
textual features for Chinese, and Tokunaga et al.
(2011) applied structured SVMs to Japanese con-
version, the latter achieving an F-score of 92.3 on
the BCCW]J corpus and demonstrating the superi-
ority of discriminative models in data-rich scenar-
ios. The statistical paradigm culminated in unified
joint models, such as the graph model by Jia and
Zhao (2014) that integrated segmentation, error cor-
rection, and conversion into a single optimization
problem, establishing a core architectural principle.

Neural networks, particularly sequence-to-
sequence models with attention mechanisms,
brought a paradigm shift by enabling end-to-
end learning of long-range contextual dependen-
cies critical for disambiguation. Initial work fo-

cused on enhancing prediction with Neural Net-
work Language Models (Chen et al., 2015). The
field quickly advanced to full encoder-decoder
architectures. For Arabic-English transliteration,
attention-based models achieved excellent perfor-
mance (Hadj Ameur et al., 2017). For Chinese,
the purely attention-based PERT model (Xiao
et al., 2022) was designed explicitly for Pinyin-to-
character conversion, outperforming RNN-based
models in capturing semantic coherence. Japanese
research addressed the unique demands of real-time
input with an alignment-based decoding policy
for neural Kana-Kanji conversion, achieving a top
F-score of 94.58 on BCCWJ (Sarhangzadeh and
Watanabe, 2024). The gated-attention sequence-
to-sequence model by Huang et al. (2018) further
exemplified how neural mechanisms could dynam-
ically incorporate historical typing context for im-
proved Chinese input. For Indic languages, the
combination of the massive Aksharantar corpus
and the Transformer-based IndicXlit model (Mad-
hani et al., 2023) demonstrates that sophisticated,
data-driven disambiguation is achievable even in
historically lower-resource contexts, highlighting
the transformative role of curated datasets.

The advent of large language models is funda-
mentally redefining ambiguity resolution, transi-
tioning from disambiguation to intent-aware gen-
eration. Early exploration by Tan et al. (2022)
adapted Chinese GPT for Pinyin input, revealing
both potential and challenges like performance



degradation with abbreviated input (73.2% Top-1
accuracy on PD). The Genelnput framework (Ding
et al., 2024) represents a paradigm shift, unifying
multiple input modes under a single generative ar-
chitecture via Full-mode Keystroke-to-Character
(FK2C) modeling and reinforcement learning from
human feedback, achieving 88.4% Top-1 accuracy
on PD and excelling in noisy scenarios (77.0% Top-
1 on TP).

3.2 Adaptation under Resource Constraints

For the majority of the world’s languages, the press-
ing research agenda is not refining intelligent dis-
ambiguation but achieving robust conversion from
the noisy, non-standard Romanized text prevalent
in digital communication, all while operating under
severe data and tooling constraints. This challenge
has necessitated pragmatic, often hybrid, solutions
tailored to specific socio-linguistic contexts.

The initial phase for many low-resource lan-
guages involved combining basic linguistic rules
with minimal available data. For Indian languages,
early systems like that of Raj (2014) combined n-
gram language identification with rule-based back-
transliteration, achieving moderate accuracy but
being fundamentally constrained by data scarcity.
Similar rule-based efforts were seen for Persian
(Maleki and Ahrenberg, 2008), which used syllab-
ification and finite-state methods for converting
Romanized Persian (Dabire), though it struggled
with loanwords, and for Urdu (Irvine et al., 2012),
where a hidden Markov model combined with a
dictionary for joint de-Romanization and normal-
ization reduced error rates by over 50% on informal
SMS text.

Arabic and its related script communities present
a paradigmatic case where technology development
has been directly shaped by widespread user adop-
tion of non-standard orthography. The primary
challenge here is converting Arabizi or Franco-
Arabic—highly informal Romanized conventions
born from early digital constraints. Early work
by Chalabi and Gerges (2012) employed a hybrid
rule-based and statistical machine translation ap-
proach to generate and score candidates, directly
tackling the lack of standardization. This was sig-
nificantly advanced by the 3AR-RIB system (Al-
Badrashiny et al., 2014), a purpose-built pipeline
of character-level finite-state transducers, morpho-
logical analyzers, and language models designed to
convert Arabizi into Conventional Orthography for
Dialectal Arabic (CODA), addressing the core tech-

nical hurdle of vowel recovery and disambiguation
within an abjad system.

A decisive turning point, powerfully demon-
strated by the progress in Indian languages, has
been the recognition that the primary barrier is of-
ten resource availability, not model architecture.
The field shifted from algorithmic novelty to data-
centric strategies. The release of the Dakshina
dataset (Roark et al., 2020) first enabled robust,
comparable evaluation of transliteration across mul-
tiple South Asian languages. This was followed
by the monumental Aksharantar corpus—26 mil-
lion transliteration pairs across 21 languages—and
the accompanying IndicXlit model (Madhani et al.,
2023), which leveraged the modern Transformer
architecture to achieve state-of-the-art performance.
This momentum continues with efforts to con-
struct large-scale Romanized datasets from so-
cial media for individual languages like Assamese
(Baruah et al., 2024) and Bangla (Fahim et al.,
2024). This trajectory underscores a critical and
replicable model: dedicated, community-driven
resource construction can bootstrap low-resource
languages from foundational struggles to a posi-
tion where powerful, modern models can be ef-
fectively deployed, thereby breaking the cycle of
digital marginalization.

3.3 Optimizing User Interaction

As the core conversion technology matures for
a language, the research focus naturally expands
from basic accuracy to encompass the entire user
experience. This involves optimizing for efficiency,
enabling personalization, and integrating intelli-
gent features that transform the input method from
a mere transcription tool into a collaborative plat-
form.

Early efforts within the statistical paradigm fo-
cused on making models practical and efficient
for deployment. A key concern was model size
and speed, especially for mobile and embedded
devices. Maeta and Mori (2012) introduced a sta-
tistical Japanese input method based on a phrase
class n-gram model that maintained high conver-
sion accuracy while significantly reducing model
size, pursuing the goal of "small yet accurate"
language modeling. For mobile-specific deploy-
ment, Wu et al. (2013) trained a Japanese IME
on large-scale web data, employing an efficient n-
pos model combined with a cloud-based 4-gram
language model and multi-stage filtering. Beyond
efficiency, enhancing utility for specialized users



was also explored; the CoCat system (Huang et al.,
2015) integrated knowledge from Statistical Ma-
chine Translation directly into the typing process to
provide real-time translation assistance for human
translators.

The neural era enabled more sophisticated, adap-
tive, and interactive features. Predictive text capa-
bilities were enhanced by hybrid models that inte-
grated RNN Language Models with traditional n-
grams (Ikegami et al., 2017). Neural machine trans-
lation was combined with information retrieval to
power associative "cloud-based" input in Chinese
IME:s, offering context-aware predictions and cus-
tomizable associations (Huang and Zhao, 2018).
A critical breakthrough for real-time usability was
the incremental vocabulary selection method (Yao
et al., 2019), which dynamically constructed rel-
evant vocabulary subsets during neural decoding
to achieve significant speedups, a solution with
universal relevance. Personalization became a ma-
jor theme, with frameworks like the online vocab-
ulary adaptation system by Zhang et al. (2019),
which allowed neural IMEs to continuously inte-
grate user-confirmed terms, and MSR-IME (Jiang
et al., 2022), which used dynamic representation
storage and similarity-based retrieval for improved
domain adaptability.

The generative paradigm, coupled with advanced
evaluation, is pushing the boundary towards under-
standing and anticipating user intent. Frameworks
like Genelnput (Ding et al., 2024) move beyond
transcription, unifying fragmented input modes
into a coherent, intent-aware generative process.
This shift is paralleled by the development of user-
centric evaluation metrics that better reflect real-
world utility. The Keystroke Score framework (Jia
and Zhao, 2013), pioneered for Chinese, quantifies
the actual number of keystrokes a user must expend,
shifting the evaluation focus from pure character
accuracy to tangible user effort reduction—a met-
ric of universal importance for assessing practical
input efficiency. Together, these advances chart
a course towards input methods that function as
proactive cognitive assistants, capable of managing
complex tasks and adapting seamlessly to individ-
ual user needs and contexts.

3.4 System Architecture and Performance
Optimization

Beyond algorithmic accuracy and user-centric fea-

tures, the practical success of an input method

hinges on its system architecture and computational

performance. The perennial challenge of balanc-
ing sophisticated functionality with the stringent la-
tency, memory, and power constraints of real-world
devices—particularly mobiles—has driven contin-
uous innovation across technological paradigms.

The core problem is the efficiency-accuracy
trade-off. Early statistical approaches addressed
this through model compression and streamlined
design, such as the phrase class n-gram model for
Japanese that maintained accuracy with a reduced
footprint (Maeta and Mori, 2012), and mobile-
oriented systems that combined lean local models
with cloud-based resources (Wu et al., 2013). The
shift to neural models exacerbated computational
demands, spurring focused work on efficient infer-
ence. The incremental vocabulary selection method
(Yao et al., 2019) enabled real-time neural IMEs
by dynamically pruning the search space, while
alignment-based decoding policies (Sarhangzadeh
and Watanabe, 2024) minimized latency for neural
Japanese conversion.

In the generative LLM era, this architectural
challenge intensifies. Models like Genelnput (Ding
et al., 2024) offer unprecedented capability but at
high computational cost. The central task is now to
bridge this capability-efficiency chasm through ag-
gressive research in model compression, efficient
inference algorithms, and hardware-software co-
design. The goal is democratizing access: ensuring
that advanced, intelligent input can run fluently on
the affordable devices used by billions worldwide,
thereby preventing the LLM era from widening
existing technological divides.

4 Cross Language Studies: A Spectrum
of Technological Maturity

While a convergent technological evolution exists,
the real-world development of back-transliteration
systems is highly uneven across languages. We
analyze this disparity along a maturity spectrum
and conduct a simple test experiment to prove it.

4.1 Spectrum of Technological Maturity

The development of back-transliteration systems is
highly uneven across languages.

For low-resource languages, research focuses
on converting noisy Romanized text (e.g., Ara-
bizi) under data scarcity. Progress has evolved
from rule-based hybrids to data-driven pipelines,
with large-scale dataset creation enabling modern
Transformer-based models.



For high-resource languages, foundational con-
version is solved. Research advances real-time effi-
ciency and intelligent interaction. Japanese input
epitomizes engineering refinement through opti-
mized neural decoding. Chinese leads the genera-
tive shift with frameworks like Genelnput, moving
from transcription to intent-aware generation.

This spectrum highlights a global technological
inequity, where high-resource languages explore
cognitive input while low-resource languages still
struggle with basic conversion.

4.2 LLM Performance on Multilingual
Back-Transliteration

We independently constructed a small multilin-
gual dataset to test the performance of different
large models on back-transliteration task. The
performance of large language models on multi-
lingual back-transliteration is evaluated using two
relatively common metrics, as shown in Table 1.
The first metric is the Character Error Rate (CER),
which measures the character-level discrepancy be-
tween the predicted sequence and the ground truth.
It is formally defined as follows:

D+1T
CER:S—|_7+

x 100%, 2)
where .S, D, and I represent the counts of character
substitutions, deletions, and insertions, respectively,
and N is the total number of characters in the refer-
ence. A lower CER indicates higher accuracy in the
fundamental grapheme-to-grapheme conversion.

The second metric, Sentence Accuracy (SA),
provides a more stringent, holistic assessment. It
measures the proportion of test instances for which
the entire output sentence is perfectly correct:

SA — Number of perfectly correct sentences
3)

While CER reflects fine-grained transcription fi-
delity, SA directly correlates with practical usabil-
ity by indicating how often a user obtains a fully
correct result without any post-editing.

Total number of sentences

Through this table, we can catch a glimpse of
the technological inequity. A very obvious phe-
nomenon is that the CER rate of the same model
varies greatly between different languages, and for
the same language, the CER rate also differs sig-
nificantly between different models. Moreover,
sentence accuracy remains relatively low (mostly
below 0.3), while Chinese achieves significantly
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Figure 2: Scatter plot of sentence accuracy for each
language. The X-axis represents the average number
of tokens estimated based on Common Crawl, and the
Y-axis represents the average sentence accuracy.

higher accuracy (mostly above 0.35). This dispar-
ity illustrates the substantial gap between low- and
high-resource languages in back-transliteration per-
formance. Figure 2 illustrates this more intuitively.
Among model families, the Qwen3 series shows
no consistent improvement with increased parame-
ters—for example, the 14B variant often matches
or outperforms the 32B model (e.g., Arabic CER:
0.81 vs. 0.86)—suggesting that factors beyond
parameter count, such as training data and architec-
tural optimizations, play crucial roles. In contrast,
the GPT series demonstrates steady improvement
from GPT-3.5 to GPT-5.2, particularly in sentence
accuracy (e.g., Chinese SA: 0.66 vs. 0.55 for GPT-
4), indicating enhanced contextual understanding.
Gemini3-pro-preview delivers the strongest overall
performance, achieving nearly the lowest CER and
highest SA across all languages. These observa-
tions confirm that while LL.Ms offer potential, their
direct application remains uneven and involves effi-
ciency—usability trade-offs, underscoring the need
for continued development of specialized and equi-
table input technologies.

5 Resources, Evaluation, and Future
Directions: A Roadmap for Equity

The cross-linguistic analysis conducted under
the unified framework of back-transliteration has
yielded one unambiguous conclusion: the pri-
mary challenge is no longer a lack of technical
paradigms, but a crisis of equitable distribution and
adaptation of these paradigms. This chapter synthe-
sizes the insights from the survey to outline a con-
certed research agenda aimed explicitly at bridging
this technological divide. We critically examine the
transformative yet constrained role of Large Lan-



Model Arabic Bangla Hindi Japanese Kannada Urdu Chinese
CER SA CER SA CER SA CER SA CER SA CER SA CER SA
Open-Source
Qwen3-32B 0.86 0.03 0.18 0.05 0.10 0.06 0.77 0.04 057 0.00 022 0.07 046 0.09
Qwen3-14B 0.81 0.06 0.15 0.05 0.12 0.03 092 0.03 057 001 0.16 0.09 048 0.12
Qwen3-8B 0.84 001 020 0.02 0.12 0.05 097 0.06 077 0.00 0.19 0.05 0.63 0.06
Deepseek-v3.2 0.70 0.08 0.09 0.08 0.07 0.07 0.77 0.07 0.19 0.14 0.08 023 0.15 044
GLM-4.6 0.74 0.06 0.08 0.19 0.07 0.14 041 0.10 0.13 0.10 0.08 0.14 0.19 0.38
Closed-Source
GPTS5.2-chat 0.76 005 0.16 0.19 024 0.14 0.60 0.15 073 0.11 0.13 029 0.19 0.66
GPT4 0.70 0.04 0.06 020 0.06 0.12 095 0.13 022 005 0.05 031 0.14 055
GPT3.5 071 0.05 008 0.09 0.06 0.11 035 0.12 023 002 0.06 022 021 0.37
Doubao-seed-1.6 0.77 0.04 0.07 0.11 0.06 0.11 055 0.10 026 003 0.08 0.13 0.50 0.54
Claude-opus-4.5 0.81 0.06 005 027 0.06 0.19 027 022 0.19 0.17 005 038 0.11 0.62
Gemini3-pro-preview 0.69 0.06 0.04 0.25 0.04 0.18 0.14 048 0.05 028 0.05 034 022 0.74

Table 1: Performance of Large Language Models on Multilingual Back-Transliteration (Character Error Rate &

Sentence Accuracy). Models are grouped by open-source and closed-source.

Feature Traditional IME Generative IME Impact on Low-Income Users
(Statistical/Rule) (LLM-based)

Model Size <50 MB > 7 GB (quantized 7B model) Storage Barrier: Requires high-end phones

RAM Usage <100 MB >4 GB Hardware Barrier: Apps may crash on budget devices.

Latency < 10ms (On-device) > 500ms (or network-dependent) Usability Barrier: Typing flow is broken.

Energy Negligible High battery drain Utility Barrier: Impractical for daily use.

Table 2: Comparison of Traditional IMEs and Generative IMEs in terms of resource requirements and implications

for low-income users.

guage Models in this domain, and finally present
a set of concrete, actionable initiatives designed to
catalyze progress toward linguistic equity.

5.1 The Promise and Pitfalls of LLMs in
Transliteration

The advent of Large Language Models has undoubt-
edly introduced a transformative force across NLP,
prompting a critical re-evaluation of their role in
back-transliteration. Their remarkable capacities
in contextual understanding, world knowledge en-
coding, and few-shot learning present significant
potential. Early explorations, such as adapting Chi-
nese GPT for Pinyin input (Tan et al., 2022), have
demonstrated that generative models can handle
the conversion task within a unified sequence-to-
sequence framework, showing promise in capturing
semantic intent beyond mere phonemic mapping.
However, the direct application of monolithic,
general-purpose LLMs as core engines for real-
time input methods faces fundamental and likely
insurmountable constraints rooted in the unique re-
quirements of the domain. The foremost constraint
is latency. Text input is a highly interactive task de-

manding millisecond-level response times to main-
tain a user’s cognitive flow and typing rhythm. The
autoregressive decoding nature and massive param-
eter count of state-of-the-art LLMs inherently con-
flict with this stringent latency requirement, even
with advanced inference optimizations.

Closely related is the constraint of on-device de-
ployment. Input methods are predominantly used
on personal devices—smartphones, tablets, and lap-
tops—with limited computational power, memory,
and battery life. Deploying a model with billions
of parameters locally is often impractical, while
reliance on cloud-based APIs introduces unaccept-
able latency, privacy risks, and dependency on net-
work connectivity. This creates a critical accessi-
bility issue: if advanced "cognitive input" powered
by large LLMs becomes the new standard, it risks
exacerbating the digital divide, favoring only users
with high-end devices and robust internet access,
thereby widening the very equity gap this survey
critiques.

As illustrated in Table 2, traditional IMEs are
lightweight, efficient, and capable of running lo-
cally with minimal resource consumption. In con-



trast, LLM-based generative IMEs demand substan-
tially more storage, memory, and computational
power, often exceeding the capabilities of afford-
able mobile devices commonly used in low-income
regions. This disparity exacerbates the digital di-
vide, as users with limited access to high-end hard-
ware are unable to benefit from advanced input
features such as context-aware predictions, person-
alized adaptations, and robust error tolerance.

Therefore, the path forward lies not in replacing
specialized, efficient back-transliteration engines
with monolithic LLMs, but in strategically leverag-
ing LLMs as enablers within a hybrid ecosystem.
One promising direction is using LLMs as "teacher
models" for knowledge distillation. The rich con-
textual and semantic knowledge of a large LLM can
be distilled into a much smaller, specialized "stu-
dent" model that retains much of the performance
while meeting the efficiency and latency demands
for on-device deployment. Another crucial role is
data synthesis. For low-resource languages, LLMs
can be prompted to generate high-quality, diverse
synthetic training data—both standard Romaniza-
tion pairs and challenging noisy variants—to boot-
strap and enhance the training of traditional, effi-
cient models where real-world data is scarce (Mad-
hani et al., 2023). In this symbiotic relationship,
LLMs act as powerful upstream tools for knowl-
edge creation and transfer, while the core input ex-
perience remains powered by efficient, dedicated,
and equitable models.

5.2 Future Research Directions: Concrete
Pathways Toward Equitable Input

To translate the diagnosed inequities into action-
able progress, we propose three concrete research
initiatives. Each addresses a critical gap identi-
fied in our survey and is designed as a focused,
community-driven call to action.

A Universal Transliteration Evaluation Pro-
tocol. The evaluation metrics for input methods
across different languages are quite fragmented.
These metrics include character and sentence ac-
curacy, Top-k, f-score, and non-standard accu-
racy. Chinese Pinyin input methods also have a
unique KySS evaluation standard. We advocate
for a community-developed Universal Translitera-
tion Evaluation Protocol(UTEP). It not only uses
unified multidimensional metrics to evaluate the
core accuracy of input methods but also quanti-
fies the number of keystrokes by users to assess
input efficiency. This protocol aims to create a

common benchmark, shifting research incentives
from narrow academic accuracy toward practical,
user-centric performance for all languages.

Sentence-Level Modeling for Morphologically
Rich Languages. For agglutinative languages and
many low-resource languages, word-level conver-
sion is fundamentally inadequate due to long-range
grammatical dependencies. Building on Japanese
advances from bunsetsu modeling (Kato et al.,
2010) to neural aligners (Sarhangzadeh and Watan-
abe, 2024), we propose a targeted effort to develop
and benchmark architectures for sentence-level
and discourse-aware back-transliteration. This in-
cludes exploring syntactic-graph-enhanced atten-
tion and non-autoregressive decoders for morpho-
logical chains. For low-resource scenarios, this
research can be accelerated using LLMs to gener-
ate context-rich synthetic training data, distilling
this knowledge into efficient student models.

Time-Bound Low-Resource Language Tech-
nology Sprints. Inspired by the transformative im-
pact of datasets like Dakshina (Roark et al., 2020)
and Aksharantar (Madhani et al., 2023), we pro-
pose coordinated "Technology Sprints." Each sprint
would target a specific language family to deliver,
within 12-18 months, an open-source "technology
pack": a curated benchmark dataset, an efficient
pre-trained conversion model, a full UTEP evalua-
tion report, and a deployable input method proto-
type. This model demonstrates that rapid, signif-
icant advancement is achievable through focused,
replicable community action.

6 Conclusion

This survey has established a unified framework
for back-transliteration-based input methods, con-
necting previously fragmented research across lan-
guages and technologies. We have demonstrated a
convergent evolution from rule-based and statistical
systems to neural and generative paradigms, while
also diagnosing a profound technological inequity
reflected in a maturity spectrum from low-resource
to high-resource languages.

In the era of large language models, special-
ized and efficient back-transliteration remains es-
sential to ensure equitable, real-time input for all
languages. Addressing this disparity is both a tech-
nical necessity and an ethical imperative. We call
for concerted community efforts to bridge the gap,
advancing toward a linguistically fair digital future.



Limitations

While this work highlights critical inequities in
back-transliteration, our study has limitations.
First, the multilingual dataset used for LLM prob-
ing is small-scale and may not fully capture the
noisy, code-mixed nature of real-world user input.
Second, our evaluation relies on static intrinsic met-
rics (CER/Accuracy) rather than interactive human-
subject studies or on-device latency benchmark-
ing, which are crucial for assessing the practical
usability of Input Methods. Third, our LLM experi-
ments are limited to zero/few-shot settings without
exploring fine-tuning or addressing potential data
contamination in closed-source models. Finally,
our linguistic analysis primarily focuses on Asian
and Middle Eastern scripts, leaving the unique chal-
lenges of African and indigenous American lan-
guages for future exploration.
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A: Representative Works of Chinese and
Japanese Input Methods

We have found that in recent years, research on
Chinese Pinyin input methods is interconnected
and evaluated on the same benchmark. We have
compiled the experimental results of a series of
representative methods, as shown in the table 3.

Method PD TP
Top-1 Top-5 | Top-1 Top-5

Google IME  70.9 78.3 57.5 63.8
Cocat 61.4 73.1 - -
Aided-IME 71.0 80.8 - -
Moon-IME 70.5 79.8 - -
On-P2C 71.3 80.5 71.9 89.7
Pinyin-GPT  73.2 84.1 - -
MSR-IME 90.6  97.8 64.9 85.2
Genelnput 88.4 96.2 | 77.0 92.9

Table 3: Performance comparison of representative Chi-
nese Pinyin Input Methods on PD and TP datasets

On the standard dataset PD, MSR-IME demon-
strates outstanding performance, achieving a Top-1
accuracy of 90.6% and a Top-5 accuracy of 97.8%,
indicating the powerful performance of an end-to-
end model based on a specially optimized trans-
former architecture. In contrast, methods based on
the simple NNLM architecture (Cocat) and those
based on the RNNLM architecture (Aided-IME,
Moon-IME, On-P2C) lag behind, reflecting their
limitations in model capacity and contextual mod-
eling. Although generative approaches like Pinyin-
GPT and Genelnput do not surpass MSR-IME on
PD, their Top-1 and Top-5 accuracy are signifi-
cantly higher than other methods, demonstrating
the competitiveness of generative models.

On the TP dataset, which contains real-world
noisy input, the advantages of generative methods
become more pronounced. Genelnput leads sig-
nificantly with a Top-1 accuracy of 77.0%, and its
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Top-5 accuracy reaches 92.9%, highlighting the
strong adaptability of generative architectures in
noise tolerance and contextual inference. Among
traditional methods, only On-P2C and MSR-IME
provide complete results on TP, and both under-
perform compared to Genelnput. Notably, MSR-
IME’s Top-1 accuracy drops from 90.6% on PD
to 64.9% on TP, revealing its lack of robustness in
non-standard input scenarios.

Overall, this table confirms the excellent perfor-
mance of the neural network paradigm and the gen-
erative paradigm in input method tasks. Generative
methods, in particular, excel in noisy environments,
demonstrating their potential in intent understand-
ing and error-tolerant input, and pointing the way
for the design of future input systems tailored to
real-world scenarios.

Similar to the Chinese Pinyin input method,
we have organized the representative works of
Japanese input methods at each stage on the same
benchmark, as shown in the table 4.

Method Precision Recall F-score
Phrase Class 90.25 90.58 90.41
Discriminative 92.2 924 92.3
Ensemble 93.7 93.6 93.7
Alignment-Based 94.47 9474  94.58

Table 4: Evolution of Japanese Input Method perfor-
mance on the BCCWJ benchmark

Analysis of the Japanese results reveals a clear
evolutionary trajectory. From the initial Phrase
Class model to the advanced Alignment-Based de-
coding policy, F-scores progressively improved
from 90.41 to 94.58. The transition from statistical
phrase modeling to discriminative frameworks and
finally to alignment-based neural approaches re-
flects a continuous optimization of boundary detec-
tion and semantic coherence mechanisms. Particu-
larly noteworthy is the Alignment-Based method’s
ability to significantly improve recall while main-
taining high precision, indicating superior handling
of complex contextual dependencies in Japanese
text composition.
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