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Abstract

Efficient text entry for complex writing systems like Chinese and Japanese necessitates the use of Input Method
Editors (IMEs). While Large Language Models (LLMs) are emerging as powerful, context-aware language resources
for this task, we present a comprehensive benchmark and evaluation methodology to assess the viability of
LLMs for next-generation IMEs. We conduct a comparative analysis of a diverse set of LLMs against established
baseline methods on two core tasks: phonetic-to-character generation (using Pinyin and Romaji) and textual error
correction. Our experiments demonstrate that top-tier LLMs achieve superior accuracy by leveraging deep contextual
understanding, significantly outperforming traditional systems in ambiguity resolution and the correction of complex
errors. However, our analysis also reveals a crucial trade-off between accuracy and computational efficiency across
different models. The datasets, evaluation scripts, and results from this study serve as a vital public resource for
future research, providing a robust baseline for developing and selecting models that balance performance with the

low-latency demands of real-world text input.
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1. Introduction

Text input for languages with complex writing sys-
tems like Chinese and Japanese presents a unique
and persistent challenge. Unlike alphabetic lan-
guages, which primarily rely on a one-to-one map-
ping between keystrokes and characters, these
systems employ thousands of logographic char-
acters, making direct keyboard entry impractical.
This necessitates the use of Input Method Editors
(IMEs), specialized software that serves as the cru-
cial bridge between a standard keyboard and the
target script. The core function of an IME is to con-
vert phonetic input, such as Pinyin for Mandarin
Chinese or Romaji for Japanese, into the intended
characters. This process is far from straightforward,
primarily due to the pervasive homophony in these
languages, where a single pronunciation can cor-
respond to many different characters.

The evolution of Input Method Editors (IMEs)
provides a clear technological progression. Early
systems were often rule-based (Wong and Chan,
1996), but the dominant paradigm for years has
been based on statistical models. Tools like
Pinyin2Hanzi (Le, 2023), which uses n-gram fre-
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quencies, are prime examples of this foundational
approach (Chang et al., 2008). A significant step
forward came with the incorporation of neural net-
work architectures like Recurrent Neural Networks
(RNNSs) to better model sequential dependencies
(Chen et al., 2015). This neural paradigm culmi-
nated in powerful, specialized models like Chine-
seBERT, which leverage deep contextual under-
standing to achieve state-of-the-art results on re-
lated tasks like Chinese Spelling Correction (Sun
et al., 2021), a principle shared by modern correc-
tion tools like pycorrector (Xu, 2024).

Despite these advances, a fundamental
paradigm remains: these systems function primar-
ily as sophisticated ranking models. Their core
task is to disambiguate phonetic input by selecting
the most probable character or word from a
pre-defined candidate list, based on the immediate
local context (Sun et al., 2021; Chen et al., 2015).
Even when enhanced with contextual embeddings,
their reasoning is still fundamentally rooted in this
local disambiguation task. They often fail to cap-
ture the long-range semantic and pragmatic cues
required for high-fidelity composition in complex
sentences. Furthermore, their error-correction
capabilities are rudimentary. They are typically
designed to handle simple typographical errors
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but are ill-equipped to address more complex
issues that users frequently encounter, such as
homophone confusion, phonetic misspellings, or
semantic incongruities (Tseng et al., 2015). These
shortcomings hinder input speed and degrade the
overall user experience, necessitating frequent
manual corrections.

Large Language Models (LLMs), with their
demonstrated proficiency across a wide range of
NLP tasks (Bommasani et al., 2022; Zhao et al.,
2023; Zhou et al., 2023), offer a promising new
paradigm for IME technology. Trained on vast text
corpora, LLMs function as powerful language re-
sources capable of learning and leveraging intricate
and long-range context. This deep understanding
allows them to address the core weaknesses of
traditional IMEs. By considering the entire sen-
tence or discourse, LLMs can disambiguate ho-
mophones with far greater accuracy and generate
more natural-sounding text. Moreover, their capac-
ity for learning complex linguistic patterns enables
them to identify and correct a much wider spec-
trum of user errors, moving beyond simple typos to
address mistakes in phonetics and semantics.

This paper introduces a comprehensive bench-
mark to systematically evaluate the performance
of LLMs as a foundational technology for next-
generation Chinese and Japanese IMEs. Our pri-
mary contribution is a rigorous comparative analy-
sis of a diverse range of LLMs against established
baselines on two fundamental tasks: (1) phonetic-
to-character generation and (2) textual error correc-
tion. To ensure a thorough and robust evaluation,
we assess model performance using a comprehen-
sive suite of metrics. This includes measures for
semantic similarity (SimHash, BERTScore (Zhang
et al., 2020)), lexical accuracy (BLEU (Papineni
et al., 2002), ROUGE (Lin, 2004)), and charac-
ter error rate (CER), all weighed against computa-
tional efficiency (completion time, time to first token
(TTFT), and tokens per second (TPS)). While per-
formance varies across different LLMs, the overall
trend indicates significant potential for enhanced
accuracy and a more natural user experience com-
pared to existing IMEs. Moreover, this multi-faceted
evaluation provides crucial, nuanced insights into
the trade-offs between linguistic fidelity and pro-
cessing speed, establishing a robust methodology
and public resource for developing and benchmark-
ing future IME technologies.

2. Related Works

The application of Large Language Models (LLMs)
to specialized language technology tasks has be-
come a central theme in recent research (Bom-
masani et al., 2022; Zhao et al., 2023). While foun-
dational models like BERT (Devlin et al., 2019) and

GPT-2 (Radford et al., 2019) set the stage for ad-
vanced text generation, their application to the nu-
anced challenges of Input Method Editors (IMEs)
for complex scripts like Chinese and Japanese re-
mains a nascent field of study. This section reviews
prior work in phonetic-to-character generation and
textual error correction, highlighting the gaps that
motivate our comprehensive benchmark.

LLMs in Phonetic-to-Character Generation.
Pioneering studies have explored the integration of
LLMs with phonetic input systems. For example,
Sun et al. (2021) integrated a GPT model with a
Pinyin IME, and Tan et al. (2022) investigated large-
scale pre-training for Pinyin-based text generation.
These efforts have been limited in scope, primarily
focusing on Chinese without a comparative anal-
ysis across a wide range of LLMs or extension to
other complex scripts like Japanese. Furthermore,
their main objective was text generation, with limited
attention to the critical, real-world task of correcting
user errors. Finally, the practical usability of any
IME is governed by latency, a factor explored in gen-
eral text generation (Stahlberg, 2020; Brown et al.,
2020) but one that requires specific evaluation in
the context of interactive text input.

Textual Error Correction. In the parallel do-
main of textual error correction, significant progress
has been made using neural architectures for lan-
guages like Persian and Arabic (Dashti et al., 2024;
Alkhatib et al., 2020; Kasmaiee et al., 2023). How-
ever, these approaches are not directly transfer-
able to Chinese and Japanese. The linguistic chal-
lenges are fundamentally different: the high degree
of homophony and the complex, multi-script charac-
ter systems of Chinese and Japanese necessitate
error correction strategies that are deeply sensitive
to both phonetic and semantic context. A simple
character-level correction model for a largely pho-
netic script cannot resolve the ambiguity of a user
selecting the wrong homophonous character. For
example, choosing between the possessive par-
ticle #J (dé) and the adverbial particle i (dg) in
Chinese, a common error that requires syntactic
and semantic understanding of the entire sentence.

The Need for a Comprehensive Benchmark.
This review reveals a clear gap in the literature: the
absence of a comprehensive, multi-faceted bench-
mark for evaluating LLMs as a resource for Chi-
nese and Japanese IMEs. Existing work tends
to focus on a single language (Sun et al., 2021;
Sawada et al., 2024), a single task (generation or
correction), or a limited set of models (Suvarna
et al., 2024). This narrow focus extends even to
powerful multilingual models like XLM-R (Conneau
et al., 2020), whose evaluations have centered
on broad cross-lingual understanding benchmarks
(e.g., XNLI) rather than the fine-grained, interac-
tive task of phonetic-to-character selection required
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for IMEs. Our research directly addresses these
gaps by establishing the first benchmark that sys-
tematically evaluates a diverse range of LLMs, in-
cluding multilingual, open-source, and proprietary
models, across both phonetic-to-character genera-
tion and textual error correction for both Chinese
and Japanese. By employing a robust suite of eval-
uation metrics, we provide a much-needed, holistic
view of the potential and limitations of LLMs for this
critical application.

3. Linguistic and Input Challenges

3.1. The Challenge of Inherent Ambiguity

Both Chinese and Japanese are characterized by a
high degree of homophony, making phonetic input
inherently ambiguous.

In Chinese, the logographic writing system
(Hanzi) requires a phonetic input method like Pinyin.
The core challenge arises from the many-to-one
mapping of characters to pronunciations. For ex-
ample, the Pinyin input “yi yi” could correspond to
entirely different meaningful phrases such as 7= *
(meaning/significance) or X (objection). Simi-
larly, “ta men” could refer to 1tiif] (they, male/mixed),
A1 (they, female), or B 1] (they, non-human).
This ambiguity requires an IME to perform complex
contextual disambiguation, as the correct character
sequence can only be predicted by understanding
the surrounding text.

The Japanese writing system presents an even
greater level of complexity by integrating three dis-
tinct scripts: Kaniji (logographic characters, e.g.,
K for “tree”), Hiragana (a phonetic syllabary, e.g.,
& for “ki”), and Katakana (a second syllabary, pri-
marily for loanwords). A user typing the Romaji “ki”
would first see it converted to Hiragana (&). From
there, they must select the correct Kaniji from a list of
homophonous candidates, which could include K
(tree), %\ (spirit), or k% (machine). Consequently,
contextual disambiguation is a fundamental and
pervasive challenge in Japanese text input as well.

3.2. The Challenge of User Input Errors

Beyond inherent linguistic ambiguity, a robust IME
must also handle a wide range of input errors.
These errors can be broadly categorized, starting
with typographical errors, i.e., simple mistakes in
keystrokes such as typing “xianzia” instead of “xi-
anzai” in Pinyin. Next are phonetic errors, which
involve using an incorrect Pinyin or Romaji spelling
due to a misunderstanding of the pronunciation.
Finally, and most challenging for traditional sys-
tems, are orthographic/semantic errors. These oc-
cur when a user selects the wrong character from
the IME’s candidate list of homophones, even if the

phonetic input was correct, resulting in a phoneti-
cally valid but semantically incorrect sentence.

Traditional IMEs attempt to address these chal-
lenges using mechanisms based on edit distance
or simple phonetic similarity rules (Wagner and Fis-
cher, 1974; Jurafsky and Martin, 2025; Chang et al.,
2008). While effective for minor typos, they falter
when faced with complex errors, particularly ortho-
graphic/semantic mistakes, as they fundamentally
lack deep semantic understanding. A traditional
IME is unlikely to detect that a user has chosen
a contextually inappropriate character if that char-
acter is a valid homophone. This dual challenge
of resolving deep linguistic ambiguity and correct-
ing multi-layered user errors necessitates models
with sophisticated contextual reasoning capabilities,
which is precisely the strength of LLMs.

4. Methodology

In this section, we present the methodology for our
benchmark of LLMs as advanced IMEs for Chinese
and Japanese. We focus on two primary tasks:
phonetic-to-character generation and textual error
correction.

4.1. Task 1: Phonetic-to-Character
Generation

This task assesses the ability of LLMs and base-
line methods to accurately convert phonetic input
(Pinyin for Chinese, Romaji for Japanese) into the
corresponding written characters (Hanzi for Chi-
nese, Kanji/Hiragana/Katakana for Japanese).

Datasets. For Chinese, we utilized two datasets:
one for words from the Phrase Pinyin Data reposi-
tory (Huang, 2024) and one for sentences from the
widely-used SIGHAN 2015 bake-off corpus (Tseng
et al., 2015). For Japanese, we used datasets of
words from the Yomichan JLPT vocabulary collec-
tion (Kraus, 2024) and sentences from the Snow
Simplified Japanese Corpus (del Moral, 2024). All
sentences were preprocessed by converting them
to their respective romanizations (Pinyin/Romaji)
and removing punctuation.

Models and Baselines. Our model selection
was guided by the specific requirements of real-time
IME applications, prioritizing a balance of high per-
formance and low latency. We intentionally chose
models optimized for fast text generation and com-
pletion. Consequently, we excluded models pri-
marily designed for complex, multi-step reasoning
(e.g., Gemini 2.5 Pro and GPT-5 family models),
as their typically longer inference times and higher
computational overhead are less suitable for the
interactive, low-latency demands of text input.

Our benchmark covers a wide array of models
as detailed in Table 1, including proprietary mod-

4292



els accessed via an API (online) and open-weight
models deployed locally (offline).!

Category  Models Evaluated in Full Study

Online GPT-4, GPT-40, GPT-40-mini, Gemini

LLMs 2.0/2.5 Flash, Claude 3 Sonnet, Claude
3.5 Haiku

Offline Llama3-8B, Llama3.2-3B, Mistral-7B,

LLMs GLM4-9B

Language- Qwen2-7B, Baichuan2-7B (Chinese);

Specific Rinna Nekomata-7B, RakutenAl-7B,

LLMs RakutenAl 2.0-mini-1.5B, Swallow-8B
(Japanese)

Baseline macOS Pinyin, macOS Romaji,

Methods Pinyin2Hanzi (HMM & DAG), pycorrec-

tor, OpenNMT

Table 1: The comprehensive set of models and
baselines evaluated in our study, selected for their
suitability for low-latency text generation tasks.

Exact model versions and API identifiers are
listed in Appendix Table 6.

While all models in Table 1 were evaluated, for
clarity and brevity in our main analysis (Section 5),
we focus on an analysis subset. This subset in-
cludes: GPT-40-mini (for word generation), GPT-
4 (for sentence generation), Gemini 2.0 Flash,
Llama3.2-3B, the macOS IMEs, and Pinyin2Hanzi.
We selected this subset to cover strong proprietary
models, an efficient local model, and established
IME baselines, so that core accuracy-latency trade-
offs are easy to interpret in the main text. A compre-
hensive breakdown of results across all evaluated
models and metrics will be provided in the Appendix
in the final version of the paper.

Implementation Details. LLMs were instructed
using carefully designed zero-shot prompts with
the temperature parameter set to 0.1 for more de-
terministic outputs. Offline models were deployed
on a Google Colab instance with an NVIDIA A100
GPU. Baselines included the Pinyin2Hanzi library
(Le, 2023) including both HMM (Hidden Markov
Model) and DAG (Directed Acyclic Graph) meth-
ods, and native system IMEs on macQOS, for which
we simulated user input via the keyboard library
(BoppreH, 2024) on a MacBook Pro (2020). Full
prompt templates and complete model-wise results
are provided in the appendix (Sections B and C) to
support reproducibility.

'We use the terms online and offline to classify the
deployment method for our evaluation, as this distinction
is critical for analyzing performance in an interactive ap-
plication. Online models (accessed via API) are subject
to network latency, and offline models (run locally) are
only limited by local compute speed. This is a more direct
measure of real-world usability for an IME than the stan-
dard proprietary vs. open-weight classification, which
describes a model’s license rather than its deployment.

Generation Procedure. Each model was pro-
vided with the corresponding phonetic input for ev-
ery word or sentence in our datasets. We recorded
the generated character output and the total com-
pletion time from input to output for our analysis.

4.2. Task 2: Textual Error Correction

This task evaluates the ability of LLMs and base-
line methods to identify and correct errors in both
phonetic input strings and character-level text.

Noisy Data Generation. We created and uti-
lized several datasets to test a wide range of error
scenarios.

For Chinese errors, we created the Chinese Er-
ror Corpus (Zou et al., 2026a), derived from the
CSCD-IME sentence dataset (Huy, 2024). This
new resource contains two categories of errors.
First, to simulate phonetic mistakes, we program-
matically introduced invalid Pinyin errors using a
custom script that applied four common error types
(Missing, Addition, NearbyKey Typo, TwoKey Mis-
order). Second, to simulate both phonetic and se-
mantic mistakes, we generated character-level er-
rors using the CSCD_IME model (Huy, 2024). For
both types, the number of errors per sentence was
controlled, ranging from O to 5.

For Japanese errors, we created a new corpus
for phonetic errors and used an existing one for
character-level errors. The Japanese Phonetic (Ro-
maji) Error Dataset (Zou et al., 2026b) was created
by applying the same four phonetic error types to
our Japanese sentence dataset. For character-
level evaluation, we utilized the publicly available
Kyoto University Japanese error corpus (University,
2024), which contains pre-annotated, naturally oc-
curring errors such as substitution, deletion, and
incorrect Kanji-conversion.

Models and Baselines. We evaluated the same
set of LLMs as in Task 1, with one key exception:
we used the full GPT-40 model instead of GPT-
40-mini, as its superior reasoning capabilities are
better suited for the more complex task of error
correction. It is important to note that traditional
IMEs are not designed to correct phonetic input, so
no direct baselines exist for that sub-task. For the
character-level correction sub-task, we employed
specialized baselines: the widely-adopted pycor-
rector library (Xu, 2024) for Chinese, and a trained
OpenNMT (Klein et al., 2017) model for Japanese.

Correction Procedure. For all error correction
tasks, each model (LLM or baseline) was provided
with a noisy input string. The LLMs were guided by
few-shot prompts that included examples of errors
and their corresponding corrections to frame the
task effectively. We set the temperature to 0.8 to
allow for more creative and robust corrections. The
corrected text output and the completion time were
recorded for analysis.
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5. Results and Analysis

In this section, we present a focused analysis of our
benchmark results, highlighting key performance
trade-offs. As established in our methodology, our
analysis concentrates on an analysis subset of mod-
els to clearly illustrate the primary findings, while
the appendix reports the full model set.

5.1. Evaluation Metrics

To provide a holistic and robust assessment, we
evaluate all models on a comprehensive suite of
metrics that capture different aspects of perfor-
mance. Linguistic quality is measured through
three lenses: semantic similarity, using SimHash
and BERTScore (Zhang et al., 2020); lexical accu-
racy, using BLEU (Papineni et al., 2002) for n-gram
precision and ROUGE-L (Lin, 2004) for sequence-
level recall; and the character error rate (CER),
which provides a strict edit-distance-based error
measure at character granularity. In particular, we
use SimHash because it maps text to compact fin-
gerprints where more similar outputs tend to have
smaller Hamming distances, making it useful for
capturing near-match cases with minor wording
differences that are common in generation and cor-
rection. We do not treat any single metric as defini-
tive. Besides, BLEU is reported as a complemen-
tary lexical-overlap signal rather than a standalone
quality metric for IME tasks. Critically for our ap-
plication, we also measure efficiency using three
distinct metrics: the total wall-clock completion time
(in seconds, s), the time to first token (TTFT) (in
seconds, s) to assess initial responsiveness, and
end-to-end tokens per second (TPS) (in tokens per
second, tok/s) to measure generation throughput.
For all metrics except CER and the time-based met-
rics (completion time, TTFT), higher scores indicate
better performance.

5.2. Phonetic-to-Character Generation

5.2.1. Word Generation

We analyze generation performance by task com-
plexity, starting with the foundational task of gen-
erating individual words from phonetic input. This
task tests a model’'s core transliteration and dis-
ambiguation capabilities on short, localized con-
texts. Table 2 presents the results for Chinese and
Japanese word generation.

Analysis of Chinese Word Generation. For
generating individual Chinese words, the base-
line, macOS Pinyin, sets the standard for accu-
racy, achieving the top SimHash (0.820) and BLEU
(0.637) scores. This demonstrates the power of
lexicon-driven IMEs on short, well-defined inputs.
Among LLMs, GPT-40-mini is highly competitive,

leading in semantic fidelity (BERTScore 0.884) and
structural correctness (ROUGE-L, CER). Efficiency
analysis reveals a clear hierarchy and a critical
trade-off. The DAG method in Pinyin2Hanzi is
nearly instantaneous (<0.01s), setting the bench-
mark for raw speed. Among context-aware models,
the offline Llama3.2-3B excels in responsiveness,
posting the lowest total completion time (0.370s)
and the best TTFT. However, Gemini 2.0 Flash
demonstrates vastly superior TPS, meaning it gen-
erates the text much more rapidly once it starts.

Analysis of Japanese Word Generation. The
multi-script complexity of Japanese highlights the
semantic strengths of LLMs. Gemini 2.0 Flash
leads in semantic accuracy (SimHash 0.831), ex-
celling at the challenging task of selecting the
correct Kanji. In contrast, the macOS Romaji
achieves the highest BERTScore, BLEU, and
ROUGE-L, with a very low CER, driven by its near-
perfect handling of simpler phonetic scripts (Hira-
gana/Katakana). Efficiency metrics show a clear
trade-off. The offline Llama3.2-3B is the fastest in
total completion time (0.274s) and initial responsive-
ness (TTFT). However, Gemini 2.0 Flash delivers a
significantly higher TPS than Llama3.2-3B (48.49
vs. 41.11 tok/s), making it highly efficient for its
top-tier semantic accuracy.

Synthesis on Word Generation. On the rela-
tively simple task of word generation, traditional
baselines remain powerful and highly relevant.
They often provide an excellent balance of speed
and accuracy (macOS Pinyin) or unparalleled
speed (Pinyin2Hanzi DAG). LLMs do not demon-
strate a universal advantage here, but their strong
performance on semantic metrics hints at a deeper
understanding that traditional methods lack. This
suggests their true potential will be unlocked in
tasks requiring broader context.

5.2.2. Sentence Generation

When the generation task expands from isolated
words to complete sentences, the need for deep
contextual understanding becomes paramount.
This is where the architectural advantages of LLMs
become decisive. As shown in Table 3, large-scale
models dramatically outperform both their smaller
counterparts and traditional baselines on this more
complex task.

Analysis of Chinese Sentence Generation.
For Chinese sentences, top-tier LLMs establish
a new state-of-the-art. A split decision for the
top spot emerges: GPT-4 is the overall accuracy
leader, achieving the highest SimHash, BLEU, and
ROUGE-L scores, while Gemini 2.0 Flash achieves
a slightly higher semantic fidelity with the best
BERTScore. Both models significantly outperform
macOS Pinyin. The collapse of the Pinyin2Hanzi
DAG baseline’s lexical accuracy (BLEU drops to
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Table 2: Performance on word generation for Chinese and Japanese. This table features a representative
subset of models. Best scores in each language-specific section are bolded.

Model SimHash BERTScore BLEU ROUGE-L CER Time TTFT TPS
Chinese

GPT-40-mini 0.809 0.884 0.621 0.768 0.234 0.981 0.608 25.59
Gemini 2.0 Flash 0.808 0.875 0.317 0.655 0.554 0.758 0.328 87.55
Llama3.2-3B 0.543 0.627 0.044 0.237 0.944 0.370 0.276 43.97
macOS Pinyin 0.820 0.864 0.637 0.723 0.277 0.458 - -
Pinyin2Hanzi DAG 0.805 0.862 0.610 0.730 0.270 <0.01 - -
Japanese

GPT-40-mini 0.791 0.942 0.649 0.889 0.657 0.887 0.567 25.79
Gemini 2.0 Flash 0.831 0.948 0.132 0.755 0.576 0.495 0.475 48.49
Llama3.2-3B 0.618 0.922 0.555 0.877 0.756 0.274 0.312 41.11
macOS Romaji 0.736 0.952 0.849 0.924 0.085 0.311 - -

Table 3: Performance on sentence generation for Chinese and Japanese. This table features a represen-
tative subset of models. Best scores in each language-specific section are bolded.

Model SimHash BERTScore BLEU ROUGE-L CER Time TTFT TPS
Chinese

GPT-4 0.887 0.973 0.906 0.955 0.047 2649 0.683 38.66
Gemini 2.0 Flash 0.880 0.977 0.890 0.955 0.051 0.759 0.409 92.30
Llama3.2-3B 0.542 0.660 0.098 0.341 0.746 1.041 0.370 54.09
macOS Pinyin 0.846 0.952 0.849 0.924 0.085 1.728 - -
Pinyin2Hanzi DAG 0.651 0.881 0.371 0.446 0.555 <0.01 - -
Japanese

GPT-4 0.882 0.943 0.827 0.921 0.172 2.771 0.668 29.02
Gemini 2.0 Flash 0.890 0.973 0.867 0.947 0.177 0.646 0.478 62.18
Llama3.2-3B 0.585 0.793 0.243 0.565 0.643 0.695 0.374 40.04
macOS Romaji 0.802 0.952 0.849 0.924 0.085 0.741 - -

0.371) starkly illustrates the failure of n-gram mod-
els to handle long-range dependencies.

In terms of balanced performance, Gemini 2.0
Flash is the clear winner. It delivers accuracy
nearly identical to GPT-4, even achieving a higher
BERTScore, but is over 3.5 times faster. Its high
throughput (92.30 tok/s TPS) and responsive TTFT
(0.409s) make it significantly more efficient than
both GPT-4 and the macOS baseline. While the
offline Llama3.2-3B model struggles with accuracy,
it has the best initial responsiveness with the lowest
TTFT, though its overall throughput is much lower
than Gemini’s.

Analysis of Japanese Sentence Generation.
The trend is even more pronounced for Japanese
sentences, where Gemini 2.0 Flash becomes the
undisputed leader. It achieves the highest scores
across nearly all accuracy metrics (SimHash,
BERTScore, BLEU, and ROUGE-L) and is also
the fastest high-performing model at just 0.646s.
It surpasses both GPT-4 and the macOS Romaji
in a combined measure of accuracy and speed. A
notable exception is CER, where the macOS IME
remains the strongest, likely due to its highly opti-
mized handling of phonetic Kana scripts. As with

Chinese, the offline Llama3.2-3B model degrades
significantly, confirming that smaller local models
currently lack the capacity for high-fidelity, long-
form generation, although it again shows the best
initial responsiveness (TTFT).

Synthesis on Sentence Generation. The shift
to sentence-level generation solidifies the central
finding of our benchmark: as linguistic complex-
ity and the need for broader context increase, the
superiority of large-scale LLMs becomes undeni-
able. Their ability to model deep, long-range de-
pendencies allows them to overcome the inherent
limitations of traditional methods. While the abso-
lute best accuracy may come with a latency cost
(GPT-4), models like Gemini 2.0 Flash prove to be
transformative. By delivering state-of-the-art ac-
curacy while simultaneously outperforming native
system IMEs in speed, including total time, TTFT,
and TPS, they demonstrate a clear and practical
path forward for the next generation of input meth-
ods.

5.3. Textual Error Correction

The ability to correct user input errors is a defining
feature of a next-generation IME. This is a domain
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where LLMs’ deep linguistic understanding offers a
transformative advantage over traditional systems.

Phonetic Error Correction. This task assesses
a model’s ability to correct typos and phonetic mis-
spellings in Pinyin and Romaji inputs. As shown in
Table 4, LLMs demonstrate a robust capability to
handle noisy phonetic data.

For both Chinese and Japanese, large-scale on-
line LLMs prove highly effective at correcting pho-
netic errors. In the Chinese Pinyin task, Gemini
2.0 Flash is the clear standout, achieving the best
scores across all five accuracy metrics (SimHash,
BERTScore, BLEU, ROUGE-L, and CER). Itis also
more than twice as fast as its closest competitor,
GPT-40, in total completion time (1.082s vs 2.316s).
For the more complex Japanese Romaji task, while
GPT-40 delivers the top SimHash and BLEU scores,
Gemini 2.0 Flash leads in the other three accuracy
metrics (BERTScore, ROUGE-L, and CER). Fur-
thermore, Gemini 2.0 Flash is significantly more effi-
cient, completing the task in just 0.735s (vs. 1.898s
for GPT-40) and delivering a much higher end-to-
end throughput (101.5 tok/s vs. 43.0 tok/s in TPS).
The offline Llama3.2-3B model struggles consid-
erably with both tasks, with very high CER (e.g.,
1.006 for Chinese Pinyin and 0.901 for Japanese
Romaji) indicating a limited ability to reconstruct
the correct text from noisy input. This highlights
that robust error correction remains a challenging
task that benefits from larger model scale.

Character-Level Error Correction. This task
evaluates the models’ ability to correct semantic
and orthographic errors within an already gener-
ated text, such as incorrect homophone choices.
This is a crucial feature for a truly intelligent IME.

On character-level correction, LLMs demonstrate
a profound capability that significantly surpasses
specialized baselines. For Chinese, GPT-40 is the
clear leader in accuracy, outperforming the special-
ized pycorrector baseline across all metrics. While
pycorrector remains the fastest in completion time
(0.377s), Gemini 2.0 Flash offers the best TPS
(87.5 tok/s) and a faster TTFT than GPT-40 (0.416s
vs. 0.495s). The lower accuracy of pycorrector
highlights the limitations of non-contextual correc-
tion tools.

The results on Japanese character correction
are even more striking. GPT-40 delivers a near-
perfect performance in SimHash, BERTScore, and
CER. This significantly outperforms the OpenNMT
baseline in both accuracy (e.g., 0.956 vs. 0.872
SimHash) and completion time (1.665s vs. 4.175s).
Gemini 2.0 Flash also performs exceptionally well,
matching or exceeding OpenNMT'’s accuracy, while
being nearly four times faster in completion time
and offering the best throughput and fastest TTFT
of any model. Once again, Llama3.2-3B’s perfor-
mance is modest, reinforcing that high-fidelity error

correction is a domain where larger, more capable
models currently excel.

Synthesis. Textual error correction is the area
where LLMs offer the most significant leap forward
for IME technology. They are not only capable of
handling phonetic input errors, a task for which tradi-
tional baselines are not designed, but also dramati-
cally outperform specialized character-correction
tools by leveraging deep semantic context. Top-tier
models like GPT-40 and Gemini 2.0 Flash com-
pete for the top accuracy benchmarks. GPT-40
demonstrates a clear lead in character-level cor-
rection, while Gemini 2.0 Flash shows exceptional
strength in phonetic Pinyin correction. In all correc-
tion tasks, Gemini 2.0 Flash provides a compelling,
high-speed alternative, consistently delivering su-
perior throughput and low latency.

6. Discussion: Implications for
Next-Generation IMEs

Our comprehensive, multi-metric benchmark pro-
vides crucial insights into the evolving landscape of
Input Method Editors. By evaluating a wide spec-
trum of models across tasks of varying complexity,
our results illuminate the distinct roles that differ-
ent model architectures can play and offer clear
implications for the design of future IMEs.

The Central Finding: Context is the Decisive
Factor. The most significant finding of our study
is the clear relationship between task complexity
and model performance. On the simple, localized
task of single-word generation, traditional baselines
like macOS Pinyin and specialized algorithms like
Pinyin2Hanzi DAG remain highly effective. Their
performance, particularly in speed and lexical pre-
cision, demonstrates the continued relevance of
optimized, lexicon-driven approaches for short, pre-
dictable inputs (Table 2).

However, as the context window expands to full
sentences, the limitations of these methods be-
come starkly apparent. The sharp decline in accu-
racy for Pinyin2Hanzi DAG on sentence-level tasks
confirms that their n-gram-based foundations are in-
sufficient for modeling long-range semantic depen-
dencies (Table 3). It is precisely on these complex,
context-heavy tasks that large-scale LLMs like GPT-
4 and Gemini 2.0 Flash showcase their profound
superiority. Their consistently high scores across
all metrics, especially semantic fidelity, prove that
deep contextual understanding is the key differen-
tiator for high-quality, long-form text generation and,
most critically, for error correction.

Implication 1: A Spectrum of Viable Solu-
tions, Not a Single “Best” Model. Our results
argue against a “one-size-fits-all” approach to IME
design. No single model emerged as universally
dominant across every metric and task. Instead, we
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Model SimHash BERTScore BLEU ROUGE-L CER Time TTFT TPS
Chinese

GPT-40 0.737 0.824 0.582 0.705 0.713 2316 0.616 35.410
Gemini 2.0 Flash 0.806 0.911 0.710 0.844 0.211 1.082 0.427 87.437
Llama3.2-3B 0.525 0.584 0.039 0.214 1.006 1.032 0.379 50.162
Japanese

GPT-40 0.857 0.958 0.852 0.925 0.110 1.898 0.404 42.965
Gemini 2.0 Flash 0.847 0.962 0.846 0.930 0.092 0.735 0.356 101.526
Llama3.2-3B 0.538 0.646 0.060 0.243 0.901 1.176 0.408 64.120

Table 4: Performance on phonetic error correction. Baselines are omitted as they are not designed for

this task. Best scores are bolded.

Model SimHash BERTScore BLEU ROUGE-L CER Time TTFT TPS
Chinese

GPT-40 0.800 0.875 0.658 0.800 0.235 1.503 0.495 35.592
Gemini 2.0 Flash 0.749 0.858 0.591 0.753 0.348 1.143 0.416 87.547
Llama3.2-3B 0.647 0.767 0.332 0.593 0.515 1.077 0.394 57.480
pycorrector 0.697 0.817 0.527 0.725 0.315 0.377 - -
Japanese

GPT-40 0.956 0.995 0.975 0.990 0.013 1.665 0.594 38.525
Gemini 2.0 Flash 0.873 0.977 0.892 0.954 0.088 1.061 0.387 101.784
Llama3.2-3B 0.714 0.840 0.350 0.619 0.514 1.159 0412 58.891
OpenNMT 0.872 0.952 0.849 0.924 0.085 4.175 - -

Table 5: Performance on character-level error correction. Best scores are bolded.

observed a clear spectrum of performance profiles.
At one end are the high-fidelity contextual models
(e.g., Gemini 2.0 Flash, GPT-40), representing the
state-of-the-art in linguistic understanding for com-
plex generation and error correction. At the other
end are specialized algorithms (e.g., Pinyin2Hanzi
DAG), which remain unbeatable in sheer speed for
narrow tasks. Occupying a critical middle ground
are the efficient local models (e.g., Llama3.2-3B).
These models offer crucial advantages in latency.
Our data shows they can achieve a total completion
time even faster than native system IMEs on cer-
tain tasks, demonstrating their potential for highly
responsive on-device processing where privacy
and offline availability are paramount. Their raw
throughput, measured in TPS, also highlights their
efficiency, though this metric must be interpreted
with caution across different model families.?
Implication 2: The Future of IMEs is Likely Hy-
brid. Given this performance spectrum, the most

2The Tokens Per Second (TPS) metric is highly de-
pendent on each model’s specific tokenizer. LLMs vary in
how they encode Chinese characters; a single character
might be one token for a Chinese-optimized tokenizer but
multiple sub-word tokens for another. Consequently, a
model with a lower TPS is not necessarily slower at gen-
erating visible characters if it uses a more token-efficient
encoding. Therefore, TPS should be interpreted with cau-
tion as a measure of raw generative throughput, not as a
direct cross-model comparison of character generation
speed.

promising direction for future IME development is
a hybrid model. Rather than relying on a single
monolithic engine, a next-generation IME could dy-
namically leverage different backends. It could em-
ploy highly efficient local models for initial, simple
inputs to ensure low latency, while seamlessly en-
gaging a powerful, high-fidelity cloud-based model
for processing longer sentences or performing com-
plex error corrections. This approach would allow
developers to optimally balance the competing de-
mands of speed, accuracy, privacy, and advanced
features. Our benchmark provides the empirical
data necessary to make informed decisions about
which models are best suited for each component
of such a hybrid system.

In essence, our work reframes the question from
“Which model is best?” to “Which model is best for
which task?” By quantifying the distinct strengths
and weaknesses of different approaches, this re-
search provides a practical roadmap for developers
aiming to build the next generation of intelligent,
context-aware, and highly responsive IMEs.

7. Conclusion

This paper has established a comprehensive
benchmark for evaluating LLMs as the core tech-
nology for next-generation Chinese and Japanese
IMEs. Through a rigorous, multi-metric evalua-
tion of a diverse range of models against estab-
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lished baselines, we have provided a clear, empiri-
cal assessment of their capabilities in phonetic-to-
character generation and textual error correction.

Our findings reveal a distinct performance hier-
archy based on task complexity. On simple, short-
context tasks like single-word generation, tradi-
tional baselines remain highly competitive in speed
and lexical accuracy. However, the superiority of
large-scale LLMs becomes undeniable on context-
rich tasks. In generating full sentences and, most
critically, in correcting both phonetic and character-
level errors, models like GPT-40 and Gemini 2.0
Flash dramatically outperform traditional methods
by leveraging deep contextual understanding to
resolve complex ambiguities.

Furthermore, our analysis quantifies the critical
trade-offs that must be considered in practical ap-
plication. While state-of-the-art accuracy, particu-
larly in error correction, is achieved by the largest
models, this can come at the cost of higher la-
tency. Conversely, models like Gemini 2.0 Flash
emerge as exceptionally well-balanced, delivering
elite-level accuracy at speeds often superior to ex-
isting native IMEs. Meanwhile, efficient offline mod-
els like Llama3.2-3B, while less accurate, demon-
strate the viability of on-device solutions for low-
latency, privacy-centric scenarios.

In summary, this research provides compelling,
multi-faceted evidence that LLMs hold the key to
revolutionizing IMEs for complex scripts. The fu-
ture of IME development is likely hybrid, leveraging
different model architectures for tasks of varying
complexity. By providing a robust benchmark and
a clear analysis of the performance landscape, our
work offers a practical roadmap for creating the
next generation of more accurate, efficient, and
truly intelligent input methods.

8. Ethics Statement

The development and deployment of advanced
IMEs based on LLMs carry potential ethical impli-
cations that warrant careful consideration. This
research aims to enhance communication effi-
ciency and accessibility for users of Chinese and
Japanese, but we acknowledge the responsibilities
associated with employing powerful Al models in
such a user-facing application.

Data and Privacy: A primary concern with IMEs
is user privacy, as they inherently process keystroke
data. In this study, we mitigated direct privacy
risks by utilizing publicly available datasets (Huang,
2024; Huy, 2024; Kraus, 2024; del Moral, 2024;
University, 2024) and generating synthetic errors
for evaluation. No real-time user input was col-
lected or processed during our experiments. How-
ever, any future real-world deployment, particularly
involving the proposed hybrid approach using on-

line LLMs (e.g., GPT-40 and Gemini 2.0 Flash),
must implement robust safeguards. These should
include clear user consent mechanisms, secure
data transmission protocols, strict data anonymiza-
tion or aggregation techniques where possible, and
compliance with relevant data protection regula-
tions. The use of offline models (e.g., Llama3.2-3B,
Mistral-7B) offers a significant advantage by en-
abling on-device processing, thereby minimizing
data transmission and enhancing user privacy.

Bias and Fairness: LLMs are trained on vast
internet-scale datasets, which may contain soci-
etal biases related to gender, ethnicity, dialect, and
other attributes. There is a risk that an LLM-based
IME could perpetuate or even amplify these biases
in its suggestions or corrections. For instance, it
might favor standard language forms over regional
dialects or generate text reflecting harmful stereo-
types. While this study focused primarily on accu-
racy and efficiency, future work needs to include
rigorous evaluations for bias across diverse linguis-
tic variations and demographic groups within Chi-
nese and Japanese speakers. Mitigation strategies,
such as targeted fine-tuning on balanced datasets,
careful prompt engineering, output filtering, and
continuous monitoring, will be essential for ensur-
ing fairness and preventing the generation of harm-
ful or offensive content.

Accuracy and Reliability: While LLMs demon-
strate enhanced accuracy, they are not infallible. Er-
rors in phonetic conversion or text correction could
lead to miscommunication. Overcorrection (chang-
ing correct input) or hallucination (generating non-
sensical text), though less common in constrained
tasks like IME, remain potential risks. The reliability
of the IME directly impacts the user experience and
trust in the system.

Transparency: Users should ideally be informed
about the underlying technology powering their IME,
especially if user data is processed remotely by an
LLM. Providing transparency about the capabilities
and limitations of the LLM-based features can help
manage user expectations.

Conclusion: We believe the potential benefits
of LLM-based IMEs in improving typing efficiency
and accuracy for complex scripts are substantial.
However, responsible development requires ongo-
ing attention to privacy, security, bias mitigation,
and reliability. We encourage future research and
development in this area to prioritize these ethical
considerations alongside performance metrics.

9. Limitations

While our benchmark provides a comprehensive
evaluation of LLMs for IME tasks, we acknowledge
several limitations that define the scope of our find-
ings and offer clear avenues for future research.
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No Human-Subject Evaluation Yet: Our evalu-
ation in this version is fully automatic. Although this
enables broad and consistent comparison across
many models, it does not directly measure user-
facing outcomes such as perceived fluency, correc-
tion burden, and usability in real typing workflows.

Focus on End-to-End Models: Our study eval-
uates LLMs in an end-to-end capacity, directly con-
verting phonetic input to final text. We did not eval-
uate a pipeline approach where a fast baseline
generates initial candidates and an LLM serves as
a secondary re-ranker or corrector. While such a
pipeline is a valid alternative, we hypothesize that it
may be suboptimal due to critical information loss
(the LLM would not see the original phonetic input)
and potentially higher cascaded latency. Future
work could explicitly compare these end-to-end vs.
pipeline architectures.

Synthetic vs. Real-World Errors: Our textual
error correction tasks relied on synthetically gen-
erated errors. Although these were designed to
be realistic (e.g., nearby-key typos, phonetic sub-
stitutions), they may not fully capture the complex
and often idiosyncratic nature of real-world user
input errors. A future study incorporating a large
corpus of authentic user typos would be invaluable
for validating these findings.

API and Model Variability: The performance
of online LLMs accessed via APIs is subject to
factors beyond our experimental control, including
network latency and unannounced model updates.
The results presented here represent a snapshot
in time, and performance metrics, particularly for
completion time, may vary.

Scope of Evaluated Models: While we evalu-
ated a broad range of models, the LLM landscape
is evolving at an extremely rapid pace. The per-
formance hierarchy established in this work may
change as new, more efficient, or more powerful
models are released. Our benchmark framework,
however, is designed to be extensible for evaluating
these future models.

Hardware and Efficiency Generalization: Our
efficiency analysis for offline models was conducted
on a high-performance NVIDIA A100 GPU. These
completion times may not directly translate to the
performance on consumer-grade hardware or on-
device mobile processors, where computational
and memory constraints are far more significant.
Future work should include profiling these models
on a wider range of hardware to better assess their
practical viability for on-device IME applications.

Exclusion of Economic Cost: Our evaluation
focused exclusively on performance metrics such
as accuracy and latency. We did not consider the
economic cost (i.e., price per API call) of using the
proprietary online models. In a real-world deploy-
ment scenario, the cost of high-throughput models

like GPT-40 or Gemini 2.0 Flash would be a signifi-
cant factor, potentially influencing the design of a
hybrid system to minimize expensive API calls. A
comprehensive analysis of the cost-performance
trade-off is a crucial next step for practical imple-
mentation.

Language Coverage: This study focused exclu-
sively on Mandarin Chinese and Japanese. While
these are excellent representatives of complex, lo-
gographic writing systems, the findings may not
generalize to other languages with different ortho-
graphic or phonetic characteristics, such as Korean
(Hangul) or Thai.

10. Data and Code Availability

The benchmark datasets are derived from the pub-
licly available language resources cited in our refer-
ences. The complete code for data preprocess-
ing, error generation, experiments, and evalua-
tion, along with the newly created error correc-
tion datasets, are publicly available on GitHub at:
https://github.com/junli-cuny/1llm-1i
me—-benchmark
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A. Model and Dataset Details

This section provides a comprehensive overview
of the Large Language Models (LLMs), baseline
methods, and datasets used in our benchmark.

AA1.

Table 6 details the full set of models evaluated in
this study, including exact model identifiers and
software versions. Models were selected for their
suitability for low-latency text generation tasks and
are categorized by their access method (online via
API or offline via local deployment) and primary
language focus. Offline models were deployed on
a Google Colab instance equipped with an NVIDIA
A100 GPU.

Models Evaluated

A.2. Datasets

Our evaluation is based on publicly available lan-
guage resources for both Chinese and Japanese.
Table 7 provides a summary of each dataset, its
source, and its application in our benchmark tasks.

A.2.1. Detailed Dataset Composition and

Error Generation Methodology

Phonetic-to-Character Generation Datasets.
The datasets for our generation task were sourced
from publicly available corpora. The Chinese word
dataset, from the Phrase Pinyin Data repository
(Huang, 2024), comprises 7,260 words. Its length
distribution is heavily weighted towards 2 and 3-
character words (36.5% and 42.0% respectively),
reflecting common usage. The Chinese sentence
dataset is from the SIGHAN 2015 bake-off cor-
pus (Tseng et al., 2015). It contains 2,339 simpli-
fied and 2,101 traditional Chinese sentences, with
lengths ranging from 4 to 88 words, providing a

Table 6: Comprehensive list of evaluated models
and baselines with exact identifiers/versions.
Category Model / Baseline (Identifier or Ver-
sion)

Online LLMs GPT-4, GPT-40, GPT-40-mini (ids:
gpt—-4-turbo, gpt—-4o0, gpt—4
o-mini)

Gemini 2.0 Flash, Gemini 2.5 Flash-
Lite (ids: gemini-2.0-flash, ge
mini-2.5-flash-1lite)

Claude 3 Sonnet, Claude 3.5 Haiku
(ids: claude-3-sonnet-20240
229, claude—-3-5-haiku-20241

022)

Offline LLMs Llama3-8B, Llama3.2-3B, Mistral-7B,
GLM4-9B
(ids: 11ama3-8b—-instruct, 11
ama3-2-3b-instruct, Mistra
1-7B-Instruct-v0.2,glm-4-9
b-chat)

Language- Qwen2-7B, Baichuan2-7B (ids: Qw

Specific en2-7B-Instruct, Baichuan

2-7B-Chat)
LLMs  (Of- Rinna Nekomata-7B, RakutenAl-7B,
fline) RakutenAl 2.0-mini-1.5B, Swallow-
8B
(ids: nekomata-7b-instructi
on, RakutenAI-7B-instruct,
RakutenAI-2.0-mini-instruc
t,Llama-3.1-Swallow-8B-1Ins
truct-v0.5)

Baseline
Methods

macOS Pinyin, macOS Romaji (sys-
tem IMEs)

Pinyin2Hanzi (HMM & DAG, v0.1.1)
pycorrector (v1.1.3; Chinese Charac-
ter Correction)

OpenNMT (OpenNMT-py;
Japanese Character Correction)

diverse set for evaluating sentence-level genera-
tion. The Japanese words dataset is sourced from
the Yomichan JLPT Vocab collection (Kraus, 2024),
and the Japanese sentence dataset is a collection
of over 10,000 sentences from the Snow Simplified
Japanese Corpus (del Moral, 2024).

Textual Error Correction Datasets and Meth-
ods. Our error correction evaluation is based on a
combination of existing corpora and programmatic
error generation.

For Chinese Pinyin errors, we introduced four
types of phonetic errors into the sentence dataset
using a custom script: Missing (e.g., “xianzai” —
“xianza”), Addition (e.g., “yanjing” — “yanggjing”),
Typo of Nearby Key, and Typo of Two-Key Misorder.
The number of errors per sentence ranged from 0
to 5.

For Chinese character errors, we introduced se-
mantic errors based on phonetic similarity to simu-
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Table 7: Summary of Datasets Used in the Bench-
mark.

Language Dataset Source and Role in Ex-
Name / periments
Type
Chinese Chinese Phrase Pinyin Data
Words (Huang, 2024). A reposi-
tory of 7,260 words used
for the word generation
task.
Chinese SIGHAN 2015 Bake-off
Sentences Corpus (Tseng et al,
(Phonetic- 2015). A collection of
to- 4,440 sentences used for
Character  the sentence generation
Genera- task.
tion)
Chinese CSCD-IME Corpus (Huy,
Sentences 2024). A balanced cor-
(Error pus used as the basis for
Correction  creating the Chinese Pho-
Base) netic Error Dataset.
Chinese Ours (Zou et al., 2026a).
Phonetic 3,502 sentences with in-
Error jected Pinyin and seman-
Dataset tic errors, used for the
Chinese phonetic error
correction task.
Japanese Japanese  Yomichan JLPT Vocab
Words (Kraus, 2024). A vocab-
ulary dataset used for the
word generation task.
Japanese  Snow Simplified Corpus
Sentences  (del Moral, 2024). A cor-
pus of >10,000 sentences
used for the sentence
generation task and as
the base for the Japanese
Phonetic Error Dataset.
Japanese  Ours (Zou et al., 2026b).
Phonetic >10,000 sentences with
Error injected Romaji errors,
Dataset used for the Japanese
phonetic error correction
task.
Japanese  Kyoto University JWTD
Character  (University, 2024). A pre-
Errors annotated corpus used

for the Japanese charac-
ter correction task.

late homophone confusion using the CSCD_IME
model (Huy, 2024). The error types are detailed in
Table 8.

For Japanese Romaji errors, we applied the
same four phonetic error types (Missing, Addition,
etc.) to the Japanese sentence dataset.

For Japanese character errors, we utilized the
pre-existing Kyoto University error corpus (Univer-
sity, 2024). This dataset contains naturally occur-
ring errors, with the distribution shown in Table 9.

B. Prompting Strategy

This section provides representative examples of
the prompts used to instruct the LLMs for each of
the primary benchmark tasks. While prompts were
adapted to the specific instruction formats required
by certain models, the core logic shown here was
consistent.

To help readers understand the Chinese and
Japanese characters in the prompt, non-English
text is accompanied by annotations in brackets,
formatted as: [Original Characters (Transliteration,
‘English Translation’)]. These annotations are for
reader clarification and are not part of the actual
prompt provided to the model.

B.1. Task 1: Phonetic-to-Character
Generation

For the generation task, we used a direct, zero-
shot instruction format with the temperature set
to 0.1 to encourage deterministic output. The
prompts were adapted for each language and task
(word/sentence). The following is a representative
example for Chinese sentence generation.

You will be given a formatted Pinyin
string from a user.

Print out its Chinese sentence by
the given string.

USER INPUT:

chi ji dan bu hao

YOUR RESPONSE:

Nz XS ANGF

[ZIBEEANYF (chi jT dan bu hdo, ‘eating eggs is not
good’)]

Figure 1: Representative zero-shot prompt for Chi-
nese sentence generation.

B.2. Task 2: Textual Error Correction

For error correction tasks, we employed a few-shot
prompting strategy, providing examples to help the
model identify and fix mistakes. The temperature
was set to 0.8 to allow for more flexible and robust
corrections.

B.2.1. Phonetic Error Correction

The prompt included examples of common phonetic
typos and their conversion into correct Japanese
text.
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Table 8: Types of Semantic-Level Errors Introduced in Chinese Sentences, with Transliterations and

Translations.

Type Description

Example

Fixed Words Errors in idioms or fixed

phrases (proper nouns).

Incorrect: #¥(hua)lll (Huashan, “Flower Mountain”)
Correct: £ (hua)lli (Huashan, “Mount Hua”)

Normal Words Semantically incorrect
but valid words (wrong

part of speech).

Incorrect: H HiMbJiRIF (ldydu) (ziydu de Idydu, “freely
backpacker’) 5 5
Correct: B HHMjikiF (liydu) (ziydu de liydu, “to travel

freely”)
Specific Char.  Commonly mistaken Incorrect: J1/Uf)(de)InE (kaixin de wadnshua, pos-
grammatical particles. sessive/adjectival particle)
Correct: J Uil (de)bt % (kaixin de wdnshua, adver-
bial particle, i.e., “happily play”)
Normal Char.  Invalid characters in Incorrect: /0 #ilf(wan)% (kaixin de wanshud,

context due to phonetic
similarity.

“happily late-play”)
Correct: F /Uit (wdn)% (kaixin de wanshud, “hap-

pily play”)

Table 9: Distribution of Error Categories in the
Japanese Error Correction Dataset.

Category Count
Kanji-Conversion 3063
Substitution 1688
Insertion 2127
Deletion 1665

You will be given strings with incor-—
rect Romaji from a user.

Try to correct the Romaji and output
the corresponding Japanese.

Input: “Ani ni butia shozoku”
output: SOLFTTE

[ EBFT & (ani no butai shozoku, “brother’s unit
affiliation’)]

Input: “Watashi ha gakuse desu”

output: MIIHFETT

[R5 4 ¢ 3 (watashi wa gakusei desu, “I am a
student’)]

USER INPUT: {user_input}
YOUR RESPONSE:

Figure 2: Representative few-shot prompt for
Japanese Romaji error correction.

B.2.2. Character-Level Error Correction

The prompt for character correction provided ex-
amples of sentences with incorrect homophones
or other semantic errors.

C. Comprehensive Performance
Tables

This section contains the comprehensive, multi-
metric performance results for all models and base-

You will be given sentences with in-
correct Chinese characters.

Try to correct the wrong Chinese
characters and output the
corresponding correct Chinese sen-—
tence.
Input: W [ I3

[AIME (bdixuébin, “leukemia-bin’ - incorrect character)]
Output: ™ I

[A LS5 (bdixuébing, “leukemia’ - correct character)]

Input: “HEEIFHtiananman/ FHI/L. ~
output: EREXRILHKRZT BBl

BEEILERZIITHEIL. (wo yao qu béijing
tian'anmén gudngchang wanr, ‘| want to go to Beijing
Tiananmen square to play.’)]

USER INPUT: {user_input}

YOUR RESPONSE:

Figure 3: Representative few-shot prompt for Chi-
nese character-level error correction.

lines evaluated in our benchmark. The following
tables provide the complete data supplement for
the analysis presented in the main body of the pa-
per.

Task 1: Phonetic-to-Character Generation Ta-
bles 10 and 11 present the full results for the
phonetic-to-character generation task, covering
both word and sentence generation for Chinese
and Japanese, respectively.

Task 2: Textual Error Correction Tables 12 and
13 present the full results for the textual error cor-
rection task. The first table covers the correction
of noisy phonetic input (Pinyin/Romaji), a task for
which traditional baselines are not applicable. The
second table covers the correction of character-
level errors, a task where LLMs are compared
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Table 10: Comprehensive Results for Chinese Phonetic-to-Character Generation. For all metrics except

CER and time-based metrics, higher is better.

Category Model SimHash BERTScore BLEU ROUGE-L CER Time(s) TTFT(s) TPS (tok/s)
Task: Chinese Word Generation

Online GPT-4 0.762 0.848 0.520 0.701 0.302 1.909 0.682 26.08
GPT-40-mini 0.809 0.884 0.621 0.768 0.234 0.981 0.608 25.59
Gemini 2.0 Flash 0.808 0.875 0.317 0.655 0.554 0.758 0.328 87.55
Gemini 2.5 Flash-Lite 0.717 0.798 0.408 0.613 0.391 0.414 0.316 142.20
Claude 3.5 Haiku 0.686 0.786 0.347 0.597 0.404 2.847 0.904 22.89
Claude 3 Sonnet 0.666 0.761 0.311 0.523 0.479 1.574 0.894 33.45

Offline Llama3-8B 0.581 0.671 0.117 0.359 0.891 5.057 0.124 76.28
Llama3.2-3B 0.543 0.627 0.044 0.237 0.944 0.370 0.276 43.97
Mistral-7B 0.572 0.657 0.107 0.314 1.069 0.751 0.208 70.72
GLM4-9B 0.607 0.707 0.162 0.412 0.600 0.486 0.002 20.56

Lang-Specific  Qwen2-7B 0.696 0.816 0.376 0.649 0.406 0.993 0.034 36.84
Baichuan2-7B 0.589 0.695 0.144 0.413 0.658 3.111 0.002 35.77

Baselines macOS Pinyin 0.820 0.864 0.637 0.723 0.277 0.458 - -
Pinyin2Hanzi HMM 0.713 0.796 0.394 0.611 0.389 0.318 - -
Pinyin2Hanzi DAG 0.805 0.862 0.610 0.730 0.270 <0.01 - -

Task: Chinese Sentence Generation

Online GPT-4 0.887 0.973 0.906 0.955 0.047 2.649 0.683 38.66
GPT-40-mini 0.836 0.956 0.844 0.925 0.081 1.384 0.547 39.47
Gemini 2.0 Flash 0.880 0.977 0.890 0.955 0.051 0.759 0.409 92.30
Gemini 2.5 Flash-Lite 0.817 0.961 0.818 0.922 0.090 0.668 0.392 126.20
Claude 3.5 Haiku 0.832 0.947 0.837 0.918 0.084 3.109 0.937 36.59
Claude 3 Sonnet 0.745 0.953 0.844 0.921 0.083 3.019 1.122 38.42

Offline Llama3-8B 0.631 0.811 0.423 0.643 0.376 2.455 0.121 88.98
Llama3.2-3B 0.542 0.660 0.098 0.341 0.746 1.041 0.370 54.09
Mistral-7B 0.573 0.695 0.244 0.474 0.672 1.268 0.197 91.61
GLM4-9B 0.658 0.863 0.526 0.759 0.268 1.549 0.003 120.10

Lang-Specific  Qwen2-7B 0.612 0.834 0.407 0.680 0.369 3.229 0.034 31.85
Baichuan2-7B 0.590 0.774 0.343 0.638 0.628 1.903 0.003 25.55

Baselines macOS Pinyin 0.846 0.952 0.849 0.924 0.085 1.728 - -
Pinyin2Hanzi HMM 0.631 0.854 0.328 0.424 0.576 1.099 - -
Pinyin2Hanzi DAG 0.651 0.881 0.371 0.446 0.555 <0.01 - -

against specialized baseline tools.

D. Detailed Performance Analysis

This section provides a detailed, model-by-model
analysis of the comprehensive results presented in
the full-page tables of Appendix C. While the main
body of the paper focuses on a representative sub-
set of models to illustrate the core findings, this
supplementary analysis explores the performance
nuances of all evaluated models, offering deeper
insights into model families, language-specific ar-
chitectures, and the trade-offs between different
evaluation metrics.

D.1. Detailed Analysis of

Phonetic-to-Character Generation

The full results in Tables 10 and 11 offer a granu-
lar view of model performance on the generation
task, revealing important nuances in accuracy and
efficiency across different model families.

Insights from Chinese Generation. On the sim-
pler word generation task, the strength of tradi-

tional baselines is evident. The macOS Pinyin
IME sets a high bar for accuracy (SimHash 0.820,
BLEU 0.637), while the specialized Pinyin2Hanzi
DAG is nearly instantaneous (<0.001s). Among
LLMs, GPT-40-mini is the clear accuracy leader,
while the ultra-responsive TTFT of local models
like GLM4-9B and Baichuan2-7B (0.002s) demon-
strates their potential for immediate feedback. The
highest throughput belongs to Gemini 2.5 Flash-
Lite (142.20 TPS), highlighting its raw generation
speed. The Chinese-specific models, Qwen2-7B
and Baichuan2-7B, perform respectably but do not
outperform the best general-purpose LLMs, sug-
gesting that specialized training does not automati-
cally grant them a decisive edge on this fundamen-
tal task.

The shift to sentence generation magnifies the
importance of contextual reasoning. Here, the
large-scale online models dominate. A close race
for the top spot emerges between GPT-4 (lead-
ing in SimHash, BLEU, ROUGE-L, and CER) and
Gemini 2.0 Flash (leading in BERTScore). Mod-
els from the Claude family, Claude 3.5 Haiku and
Claude 3 Sonnet, deliver strong but slower per-
formance. The efficiency metrics are particularly
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Table 11: Comprehensive Results for Japanese Phonetic-to-Character Generation. For all metrics except

CER and time-based metrics, higher is better.

Category Model SimHash BERTScore BLEU ROUGE-L CER Time(s) TTFT(s) TPS (tok/s)
Task: Japanese Word Generation

Online GPT-4 0.776 0.937 0.643 0.876 0.663 1.452 0.682 23.11
GPT-40-mini 0.791 0.942 0.649 0.889 0.657 0.887 0.567 25.79
Gemini 2.0 Flash 0.831 0.948 0.132 0.755 0.576 0.495 0.475 48.49
Gemini 2.5 Flash-Lite 0.668 0.947 0.668 0.895 0.657 0.502 0.462 47.66
Claude 3.5 Haiku 0.794 0.947 0.677 0.909 0.658 2.836 0.916 22.22
Claude 3 Sonnet 0.783 0.947 0.680 0.911 0.706 0.911 3.452 18.39

Offline Llama3-8B 0.587 0.913 0.542 0.885 0.909 3.624 0.116 73.85
Llama3.2-3B 0.618 0.922 0.555 0.877 0.756 0.274 0.312 41.11
Mistral-7B 0.684 0.920 0.567 0.866 0.923 0.502 0.195 70.64
GLM4-9B 0.628 0.865 0.311 0.801 0.822 0.389 0.003 20.51

Lang-Specific  Rinna Nekomata-7B 0.549 0.809 0.163 0.701 1.098 0.206 0.001 28.07
RakutenAl-7B 0.636 0.880 0.379 0.840 0.814 0.621 0.039 39.74
RakutenAl 2.0-mini-1.5B 0.548 0.833 0.212 0.743 1.025 1.250 0.029 40.25
Swallow-8B 0.700 0.883 0.495 0.886 0.840 3.908 0.044 26.76

Baseline macOS Romaji 0.736 0.952 0.849 0.924 0.085 0.311 - -

Task: Japanese Sentence Generation

Online GPT-4 0.882 0.943 0.827 0.921 0.172 2.771 0.668 29.02
GPT-40-mini 0.853 0.952 0.822 0.911 0.218 1.151 0.566 27.35
Gemini 2.0 Flash 0.890 0.973 0.867 0.947 0.177 0.646 0.478 62.18
Gemini 2.5 Flash-Lite 0.810 0.956 0.814 0.916 0.213 0.690 0.466 68.10
Claude 3.5 Haiku 0.794 0.920 0.680 0.845 0.369 3.144 0.930 31.94
Claude 3 Sonnet 0.827 0.927 0.749 0.884 0.226 1.627 1.689 32.70

Offline Llama3-8B 0.659 0.805 0.423 0.677 0.510 4.549 0.200 69.49
Llama3.2-3B 0.585 0.793 0.243 0.565 0.643 0.695 0.374 40.04
Mistral-7B 0.633 0.816 0.406 0.667 0.488 0.775 0.196 78.35
GLM4-9B 0.603 0.765 0.232 0.568 0.654 0.673 0.002 97.98

Lang-Specific  Rinna Nekomata-7B 0.547 0.723 0.083 0.348 1.173 2.126 0.001 27.25
RakutenAl-7B 0.557 0.772 0.161 0.473 0.807 3.103 0.039 40.09
RakutenAl 2.0-mini-1.5B 0.527 0.629 0.022 0.332 1.672 1.905 0.028 41.52
Swallow-8B 0.684 0.862 0.448 0.668 0.995 10.112 0.044 29.57

Baseline macOS Romaji 0.802 0.952 0.849 0.924 0.085 0.741 - -

revealing: while Gemini 2.5 Flash-Lite has the low-
est total time (0.668s) and highest TPS (126.20
tok/s) among all LLMs, the small offline models
Llama3.2-3B, GLM4-9B, and Baichuan2-7B have
the fastest initial responsiveness (lowest TTFT).
This highlights a clear architectural trade-off. The
offline models consistently lag in accuracy, confirm-
ing that high-fidelity, long-form generation currently
benefits significantly from larger model scale.

Insights from Japanese Generation. The multi-
script nature of Japanese makes word generation
a more complex task. The macOS Romaji base-
line excels, leading in BERTScore, BLEU, ROUGE-
L, and CER, largely due to its flawless handling
of phonetic Kana scripts. Among LLMs, Gemini
2.0 Flash leads in semantic accuracy (SimHash
0.831), while GPT-40-mini leads in several lexi-
cal metrics. In terms of efficiency, the language-
specific Rinna Nekomata-7B is the fastest in both
total time (0.206s) and TTFT (0.001s), but at the
cost of very low accuracy. The high TPS of an
offline model like Llama3-8B (73.85 tok/s) shows
strong raw throughput.

On sentence generation, the performance gap
widens. Gemini 2.0 Flash becomes the undisputed

leader, winning on nearly all accuracy and effi-
ciency metrics among the high-performing models.
A key finding is the consistent underperformance
of the Japanese-specific models. On both word
and sentence tasks, Rinna Nekomata-7B, Swallow-
8B, and the RakutenAl models lag significantly be-
hind the leading general-purpose LLMs in accuracy.
Their low scores suggest that their smaller scale
or specific training is insufficient to compete with
the broader capabilities of models like Gemini and
GPT on these complex tasks. As with Chinese, the
gap between online and offline models is stark, with
models like Llama3-8B and Mistral-7B struggling
to maintain coherence.

D.2. Detailed Analysis of Textual Error
Correction

Textual error correction is the domain where the ad-
vanced reasoning capabilities of LLMs provide the
most significant advantage over traditional meth-
ods, as demonstrated in the comprehensive results
in Tables 12 and 13.

Insights from Phonetic Error Correction. This
task, for which no traditional baselines exist, es-
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Table 12: Comprehensive Results for Phonetic Error Correction. Baselines are omitted as they are not
designed for this task. The single best score in each column for each task is bolded. For CER and
time-based metrics, lower is better.

Category Model SimHash BERTScore BLEU ROUGE-L CER Time(s) TTFT(s) TPS (tok/s)
Task: Chinese (Pinyin) Error Correction

Online GPT-4 0.737 0.867 0.629 0.780 0.240 5.014 0.720 35.56
GPT-40 0.754 0.863 0.644 0.776 0.376 2.316 0.587 35.41
Gemini 2.0 Flash 0.806 0.911 0.710 0.844 0.211 1.082 0.427 87.44
Claude 3.5 Haiku 0.657 0.791 0.408 0.618 0.561 7.619 1.117 34.00
Claude 3 Sonnet 0.652 0.757 0.363 0.550 0.881 3.002 0.926 36.53

Offline Llama3-8B 0.557 0.678 0.199 0.457 0.821 2.299 0.199 79.87
Llama3.2-3B 0.528 0.688 0.044 0.233 1.000 1.032 0.379 50.16
Mistral-7B 0.539 0.607 0.097 0.301 1.202 3.236 0.196 88.31
GLM4-9B 0.584 0.716 0.239 0.523 0.531 4.733 0.003 129.78

Lang-Specific  Qwen2-7B 0.555 0.676 0.181 0.428 0.810 2.661 0.034 32.57
Baichuan2-7B 0.527 0.642 0.123 0.393 0.786 1.710 0.005 23.83

Task: Japanese (Romaji) Error Correction

Online GPT-4 0.816 0.949 0.811 0.908 0.111 4.835 0.697 32.71
GPT-40 0.857 0.958 0.852 0.925 0.110 1.898 0.404 42.97
Gemini 2.0 Flash 0.847 0.962 0.846 0.930 0.092 0.735 0.356 101.53
Gemini 2.5 Flash-Lite 0.754 0.935 0.754 0.877 0.222 0.782 0.319 156.94
Claude 3.5 Haiku 0.787 0.931 0.759 0.877 0.150 6.530 1.185 47.50
Claude 3 Sonnet 0.739 0.873 0.649 0.767 0.444 2.869 1.121 38.01

Offline Llama3-8B 0.594 0.763 0.332 0.527 0.769 3.475 0.209 84.74
Llama3.2-3B 0.538 0.646 0.060 0.243 0.901 1.176 0.408 64.12
Mistral-7B 0.579 0.750 0.292 0.527 0.616 2.794 0.198 91.07
GLM4-9B 0.560 0.713 0.175 0.424 1.547 6.886 0.004 74.04

Lang-Specific  Rinna Nekomata-7B 0.528 0.658 0.096 0.276 1.204 3.308 0.002 24.19
RakutenAl-7B 0.549 0.712 0.159 0.375 0.881 10.319 0.039 38.83
RakutenAl 2.0-mini-1.5B 0.518 0.573 0.013 0.125 1.354 8.892 0.029 41.61
Swallow-8B 0.643 0.835 0.467 0.672 0.424 9.836 0.044 28.22

Table 13: Comprehensive Results for Character-Level Error Correction. The single best score in each
column for each task is bolded. For CER and time-based metrics, lower is better.

Category Model SimHash BERTScore BLEU ROUGE-L CER Time(s) TTFT(s) TPS (tok/s)
Task: Chinese Character Correction

Online GPT-4 0.763 0.859 0.614 0.769 0.273 4.477 0.708 32.95
GPT-40 0.800 0.875 0.658 0.800 0.235 1.503 0.495 35.59
Gemini 2.0 Flash 0.749 0.858 0.591 0.753 0.348 1.143 0.416 87.55
Gemini 2.5 Flash-Lite 0.709 0.818 0.449 0.684 0.391 0.536 0.397 139.99
Claude 3.5 Haiku 0.744 0.837 0.545 0.720 0.338 5.585 0.943 36.83
Claude 3 Sonnet 0.733 0.830 0.522 0.702 0.400 2.349 1.587 33.06

Offline Llama3-8B 0.682 0.823 0.495 0.698 0.450 2.027 0.206 78.24
Llama3.2-3B 0.647 0.767 0.332 0.593 0.515 1.077 0.394 57.48
Mistral-7B 0.665 0.797 0.435 0.663 0.448 2.204 0.197 85.40
GLM4-9B 0.715 0.824 0.494 0.711 0.348 4.548 0.003 123.03

Lang-Specific  Qwen2-7B 0.702 0.812 0.476 0.692 0.400 1.778 0.034 32.91
Baichuan2-7B 0.658 0.812 0.445 0.656 0.602 1.445 0.004 24.63

Baseline pycorrector 0.697 0.817 0.527 0.725 0.315 0.377 - -

Task: Japanese Character Correction

Online GPT-4 0.920 0.990 0.951 0.980 0.025 5.530 0.727 30.44
GPT-40 0.956 0.995 0.975 0.990 0.013 1.665 0.594 38.53
Gemini 2.0 Flash 0.873 0.977 0.892 0.954 0.088 1.061 0.387 101.78
Gemini 2.5 Flash-Lite 0.909 0.989 0.948 0.978 0.027 0.578 0.318 179.41
Claude 3.5 Haiku 0.904 0.960 0.870 0.946 0.072 4.654 1.152 47.26
Claude 3 Sonnet 0.869 0.946 0.832 0.926 0.102 2.164 1.378 49.97

Offline Llama3-8B 0.839 0.969 0.866 0.937 0.099 3.148 0.206 84.14
Llama3.2-3B 0.714 0.840 0.350 0.619 0.514 1.159 0.412 58.89
Mistral-7B 0.798 0.957 0.807 0.903 0.138 2.528 0.199 91.62
GLM4-9B 0.844 0.964 0.847 0.938 0.128 3.784 0.004 92.77

Lang-Specific  Rinna Nekomata-7B 0.814 0.939 0.779 0.843 0.316 2.832 0.002 17.05
RakutenAl-7B 0.898 0.984 0.927 0.968 0.044 4.446 0.041 39.31
RakutenAl 2.0-mini-1.5B 0.737 0.892 0.609 0.734 0.549 7.732 0.029 39.59
Swallow-8B 0.781 0.946 0.760 0.876 0.198 4.862 0.044 26.88

Baseline OpenNMT 0.872 0.952 0.849 0.924 0.085 4175 - -
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tablishes a clear performance hierarchy. For Chi-
nese Pinyin correction, the latest data reveals a
compelling trade-off. GPT-40 leads in key accu-
racy metrics like SimHash and BLEU, but Gemini
2.0 Flash is the clear winner in semantic fidelity
(BERTScore) and recall (ROUGE-L), while also
having a much lower CER. Crucially, Gemini 2.0
Flash is also the most efficient model, with the best
total time, TTFT, and TPS. For Japanese Romaiji
correction, the story is similar: GPT-40 leads on
SimHash and BLEU, while Gemini 2.0 Flash leads
on BERTScore and ROUGE-L, has a better CER,
and is once again the undisputed efficiency cham-
pion across all three time-based metrics.

The performance of other models is also reveal-
ing. Models like GPT-4 and Claude 3.5 Haiku
demonstrate a solid ability to correct errors but are
a clear step below the top two in either accuracy,
speed, or both. For instance, Claude 3.5 Haiku
is quite accurate for Japanese but has very high
latency (6.5s). Nearly all the offline and language-
specific models struggle significantly with this task.
Their high CER and low lexical scores indicate a
fundamental difficulty in reconstructing the correct
text from noisy phonetic input, reinforcing that ro-
bust phonetic error correction remains a challeng-
ing task that benefits from large model scale.

Insights from Character-Level Error Correction.
This task requires the highest level of semantic
understanding to identify and fix contextually inap-
propriate characters. For Chinese, GPT-40 is the
decisive accuracy leader, outperforming all other
models and the specialized pycorrector baseline.
The efficiency metrics show a fragmented picture:
pycorrector has the fastest total completion time,
Llama3.2-3B has the best initial responsiveness
(TTFT), and Gemini 2.0 Flash delivers the highest
throughput (TPS).

The results for Japanese character correction
are even more striking. GPT-40 achieves a near-
perfect performance (SimHash 0.956, BERTScore
0.995, CER 0.013), a truly state-of-the-art result
that dramatically surpasses all other models and
baselines, demonstrating an almost complete mas-
tery of contextual semantics. Another fascinating
insight comes from the language-specific models.
While the Japanese models struggled with genera-
tion, RakutenAl-7B proves to be an exceptionally
strong performer on character correction (SimHash
0.898), outperforming the OpenNMT baseline and
many general-purpose LLMs. This suggests its
architecture may be particularly well-suited for text
refinement.

Finally, while specialized baselines like pycorrec-
tor and OpenNMT are strong, the top LLMs con-
sistently outperform them in accuracy. For exam-
ple, in Japanese, Gemini 2.0 Flash matches the

OpenNMT baseline’s accuracy while being nearly
four times faster and offering vastly superior TTFT
and TPS, demonstrating the decisive advantage of
LLMs’ deep contextual reasoning.

E. Visual Performance Analysis

This section provides a visual analysis of key per-
formance trends observed in our benchmark. The
following figures illustrate how model performance
varies with input complexity (length) and input qual-
ity (noise level), complementing the detailed data
tables in Appendix C.

E.1. Performance vs. Input Length in
Generation

Figures 4 and 5 illustrate how model accuracy
(SimHash) and efficiency (completion time) scale
with increasing sentence length. These plots pro-
vide a clear visual representation of the scalability
challenges inherent in text generation.

For Chinese sentence generation (Figure 4), the
accuracy plot reveals a key finding: the perfor-
mance of top-tier online LLMs like the GPT and
Gemini families remains remarkably stable and
high, regardless of sentence length. This demon-
strates their robust ability to handle long-range con-
textual dependencies. In contrast, the accuracy
of baselines like Pinyin2Hanzi DAG and smaller
offline models like Llama3-8B is not only lower
overall but also shows more variance, struggling
to maintain coherence on longer sentences. The
time plot shows a generally linear increase in la-
tency with sentence length for most models, which
is expected. However, the slope of this increase
varies significantly. Models like Gemini 2.0 Flash
exhibit a very gentle slope, indicating excellent scal-
ability, whereas older or larger models like GPT-4
show a much steeper increase, suggesting higher
computational overhead for longer inputs.

For Japanese sentence generation (Figure 5),
the trends are similar but even more pronounced.
The performance gap between leading LLMs and
the macOS Romaji baseline widens as sentences
become longer, highlighting the LLMs’ superior abil-
ity to leverage broader context. The time plot is
particularly revealing: the macOS Romaiji baseline,
while fast on short sentences, shows a steep in-
crease in completion time for longer inputs, eventu-
ally becoming slower than efficient LLMs like Gem-
ini 2.0 Flash. This indicates that the computational
complexity of the traditional IME’s search or disam-
biguation algorithm does not scale as well as the
parallel processing of a modern LLM.
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Figure 4: Average text similarity (SimHash) and completion time vs. sentence length for Chinese Sentence
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Figure 5: Average text similarity (SimHash) and completion time vs. sentence length for Japanese

Sentence Generation.

E.2. Performance vs. Noise Level in
Error Correction

Figures 6 and 7 are crucial for assessing model
robustness, showing how performance degrades
as the number of errors in the source text increases.

For Chinese pinyin error correction (Figure 6),
the accuracy plot demonstrates the remarkable re-
silience of top-tier LLMs. Models like GPT-40 and

Gemini 2.0 Flash maintain a very high SimHash
score even when faced with 4 or 5 errors, with only
a marginal drop in performance. This indicates a
strong ability to infer user intent from heavily cor-
rupted phonetic input. In contrast, the performance
of smaller offline models like Llama3-8B and Mistral-
7B starts lower and degrades more quickly, sug-
gesting they are more easily thrown off by multiple
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Figure 7: Average text similarity (SimHash) and completion time vs. number of errors for Japanese

Character Error Correction.

errors. The completion time plot shows that for
most models, the time taken does not significantly
increase with the number of errors, suggesting that
the core computational cost is tied to processing the
sentence length, not the difficulty of the correction.

For Japanese character error correction (Fig-
ure 7), the trends are similar. The elite performance
of GPT-4o0 is visually striking, with its accuracy re-

maining almost flat and near-perfect regardless of
the number of errors. The OpenNMT baseline,
while strong with 1-2 errors, shows a more notice-
able decline in performance as the noise level in-
creases, highlighting the superior robustness of the
top LLM’s contextual reasoning. This visual evi-
dence strongly supports the conclusion that large-
scale LLMs are not just more accurate at error cor-
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Figure 8: Average text similarity (SimHash) vs. word length for Japanese Word Generation, broken down
by primary script type: Kanji (top), Hiragana (middle), and Katakana (bottom).

rection, but also more reliable under challenging
conditions.

E.3. Japanese Word Generation by Script
Type

Figure 8 provides a unique and insightful break-
down of model performance on Japanese word
generation based on the primary script of the target
word: Kanji, Hiragana, or Katakana. This analysis
isolates the specific challenges within Japanese
text input.

The plots clearly show that Kanji generation is
the most difficult task for all models. The overall
SimHash scores are lowest for Kanji, and the per-
formance gap between the top models (like Gemini
2.0 Flash) and weaker models is at its widest. This
visually confirms that Kanji disambiguation, which
requires deep semantic understanding to differenti-
ate between homophones, is the primary hurdle in
Japanese IMEs.

In stark contrast, performance on Hiragana and

Katakana is much higher and more uniform across
most models. For these purely phonetic scripts, the
task is closer to a simple transliteration, and even
smaller models perform well. The macOS Romaji
baseline, in particular, excels at these tasks, which
explains its strong overall baseline scores in the
main tables. This visual breakdown is critical: it
demonstrates that simply averaging performance
on “Japanese” can be misleading. The true test
of an advanced Japanese IME lies in its ability to
correctly generate Kaniji, and it is on this specific
sub-task that the leading LLMs demonstrate their
most significant advantage over traditional meth-
ods.
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