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Abstract

Language models learn semantic similarity
from shared context; however, when a single
word has multiple orthographies that rarely ap-
pear in the same context, models cannot learn
their equivalence. This is a structural prob-
lem that cannot be solved with scale. Korean
presents a clear case: 20th-century print media
used Hanja (Sino-Korean script), while con-
temporary models train on Hangul-only (Ko-
rean alphabet) text. Multilingual models in-
herit script segregation from their training dis-
tribution, where Hanja appears almost exclu-
sively outside Korean text, and monolingual
Korean models assign separate vocabulary en-
tries to script variants, forcing distinct repre-
sentations from initialization. We introduce
Han2Han, a 169M parameter encoder-decoder
model trained with a language-aware recipe—
jamo and character-level embedding fusion,
morpheme-aware denoising, and bidirectional
Hanja-Hangul transcription—that forces ortho-
graphic alignment as a prior to distributional
learning. The resulting representations are
script-invariant: the same content receives the
same representation regardless of script. On
temporal classification of mixed-script histor-
ical newspapers, evaluated on an article-level
held-out split, Han2Han reaches 76.0 macro
F1 against 54.3 for the strongest baselines
(KLUE-BERT and the 4.7 x larger TSGemma 2
alike), a 21.7-point margin, demonstrating that
language-specific pre-training yields capabili-
ties not addressed by current Korean-inclusive
multilingual training at this scale.

1 Introduction

Language models learn semantic similarity from
shared context, but this creates a structural lim-
itation: when the same word can be written in
multiple orthographies that rarely co-occur in train-
ing data, models have no mechanism to learn their
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Figure 1: Korean writing systems at three granularities.

(Sino-Korean script) and Hangul (pure Korean
script) represent identical meanings—here, “Korean lan-
guage.” Each Hangul syllable block decomposes into 2—
3 jamo (phonemic letters), providing subcharacter struc-
ture that Hanja lacks. Han2Han fuses embeddings at
word, syllable, and jamo levels to learn script-invariant
representations.

equivalence. A clear case is offered with the Ko-
rean language, whose print media for most of the
20th century represented Sino-Korean vocabulary
with Hanja for explicit semantic disambiguation. In
contrast, contemporary Korean is Hangul-only and
Hangul is the orthography on which most language
models are trained. Multilingual models inherit
script segregation from their training distribution;
monolingual Korean models, trained on Hangul-
dominant corpora, encounter Hanja too rarely to
learn script equivalence. More data only adds more
examples of each variant in its distinct context,
which reinforces rather than bridges this separa-
tion.

Han2Han addresses this through architectural
intervention. Jamo-level embeddings exploit the
systematic correspondence between Hanja and
Hangul by forcing orthographic alignment through
shared subword features before distributional learn-
ing begins. Morpheme-aware masking respects
Korean’s agglutinative morphology, creating cor-
ruption spans aligned with linguistic boundaries
rather than arbitrary token sequences. Bidirectional
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Hanja-Hangul transcription explicitly teaches the
model that and "|<: represent identical se-
mantic content. These Korean-specific techniques
encode linguistic knowledge directly into the archi-
tecture; the principle generalizes to other languages
with structure that can be encoded a priori rather
than discovered through training, enabling capabil-
ities unattainable through scale alone.

This work makes three primary contributions.
First, we identify the training recipe—jamo and
character-level embedding fusion, morpheme-
aware denoising, and bidirectional Hanja-Hangul
transcription—that yields script-invariant Korean
representations. Off-the-shelf models trained at
substantially larger scale (TSGemma 2 at 786M
parameters, trained on a 2T-token Korean-inclusive
UL2 mixture) segregate documents entirely by
script (Figure 3, Table 9); applying the Han2Han
objective via continued pre-training produces im-
proved script-invariance in TSGemma 2, showing
that the recipe is portable to existing pre-trained
models. Second, we deliver this capability at 169M
parameters trained from scratch with comparable
KLUE benchmark performance at 35B tokens seen
versus 131B-6.3T tokens for baselines, and a 21.7-
point macro-F1 margin over the strongest baselines
on temporal classification of mixed-script historical
newspapers. Third, we enable computational anal-
ysis of mixed-script Korean texts, providing digital
humanities researchers access to centuries of Ko-
rean intellectual production without the need for in-
stitutional ML infrastructure. Code, model weights,
and evaluation splits are available at https://
github.com/cadazar/han2han.

2 Background

2.1 Sino-Korean Characters (Hanja) and the
Korean Characters (Hangul)

The Korean writing system, hangul (5t=), is an
alpha-syllabic script that combines features of both
alphabetic and syllabic writing systems. Each
Hangul syllable block is composed of individual let-
ters called jamo (A1), which can represent either
consonants or vowels. Korean before the 2000s
frequently includes hanja ( )—Sino-Korean lo-
gographic characters used to represent Sino-Korean
words—which compose an estimated 60-70% of
Korean vocabulary. Each Hanja character maps
to a single Hangul syllable, but due to the finite
phoneme inventory, a single Hangul syllable may
correspond to dozens of distinct Hanja characters

with different meanings (e.g., <~ can represent
"water," "hand," "number," among others).
The relationship also runs in the opposite direc-
tion: the same Hanja character may take different
Hangul readings depending on context, as in

read = in (finance) but 7] in (Gimpo),
and 7z read 4 in (woman) but ©] in
(woman).

Korean’s mixed-script history is one instance
of digraphia. Others are synchronic—Serbian in
Cyrillic and Latin, Hindi-Urdu across Devanagari
and Perso-Arabic—or diachronic script reforms, of
which the Ottoman-to-Republican Turkish transi-
tion, a literate tradition rendered unreadable within
a few decades, is the closest parallel to Korea’s.
Simplified and traditional Chinese are a third case,
one language in two character inventories. What
separates Korean is that the mapping is not recov-
erable by rule in either direction, as shown by the
examples above. Serbian and simplified-traditional
Chinese admit near-deterministic transliteration, so
a normalization pass can bridge the variants before
a model sees them; for Korean no such pass exists
and the equivalence must be learned for unambigu-
ous semantic representation. This is why we treat
orthographic alignment as a pre-training objective
rather than a preprocessing step.

While contemporary language models disam-
biguate homophones like = effectively using local
context, mixed-script Korean poses a more fun-
damental challenge that context alone does not
address. Because tokenizers assign distinct vo-
cabulary entries to semantically equivalent terms
differing only in script (somewhat similar to treat-
ing "color" and "colour" as unrelated words), the
same word occupies disjoint regions of the em-
bedding space depending on how it happens to
be written. For document-level representations of
monolingual Korean corpora that mix scripts, this
means documents are organized by orthography
rather than meaning: semantically similar docu-
ments written in different scripts receive dissimilar
representations. We demonstrate this effect directly
in Figure 3 (Section 5.2), and the rest of this pa-
per describes Han2Han’s response: to learn script-
invariant representations that capture the etymo-
logical relationships implicit in Korean’s writing
system evolution.

2.2 Related Work

Prior Korean NLP work that engages with the
writing system clusters into two largely disjoint
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Figure 2: Han2Han pre-training scheme. Each training example is routed through one of three transcription
modes—Hanja target, where the decoder predicts the original Hanja; Standard denoising, where scripts are
unchanged; and Hangul target, where labels are transcribed to Hangul—so that the same content is seen in both
writing systems across the corpus. Corruption then masks spans at MeCab-Ko morpheme boundaries (70%) or at
arbitrary token boundaries (30%). A natural-language task prompt prepended to the encoder input conditions the
model on the denoising mode, replacing UL2’s opaque paradigm-indicator tokens (Section 3), and script tokens
(<hanja>, <hangul>) on the encoder and decoder inputs name the input and target writing systems. The design

teaches the model that

strands: Hanja-aware modeling targeted at pre-
modern or cross-lingual settings, and subcharac-
ter tokenization for contemporary Hangul-only
text. Each strand contributes part of the apparatus
Han2Han needs, but neither addresses the modern
mixed-script Korean that motivates this work—text
roughly spanning the 20th century in which Hanja
and Hangul co-occur within the same document
and frequently within the same sentence.

In the first strand, Yoo et al. (2019) augment
Korean word embeddings with Hanja signal at the
type level, showing that Hanja carries semantic in-
formation not recoverable from Hangul alone. Yoo
et al. (2022) and Son et al. (2022) build pre-trained
models, benchmarks, and translation systems over
premodern Hanja documents—chiefly the Annals
of the Joseon Dynasty—and Yang et al. (2023) re-
lease a Joseon-era document-level relation extrac-
tion dataset. Kim et al. (2020) exploit Hanja-Kanji
vocabulary overlap to improve Korean-to-Japanese
neural machine translation. These works treat
Hanja as an enrichment signal for Hangul word
vectors, as the dominant script of a closed premod-
ern corpus, or as a cross-lingual bridge to another
Sinographic language; none address the within-
document mixed-script setting in which the same

and =41 1)< %12+ 9] carry identical semantic content in different scripts.

content alternates between Hanja and its Hangul
transcription.

In the second strand, work on Hangul subchar-
acter representation decomposes syllables into sub-
syllabic units to share parameters across morpho-
logically related forms. Park et al. (2018) adapt
fastText (Bojanowski et al., 2017) to Hangul jamo
n-grams for static word vectors, and Seonwoo et al.
(2019) extend the same line of work. Cognetta
et al. (2023) build a parameter-efficient character-
level Korean language model exploiting Hangul’s
compositional structure; Jeon et al. (2023) com-
bine linguistically informed subword tokenization
with sub-character decomposition for masked lan-
guage modeling; Li and Zhang (2025) pursue the
analogous decomposition for Chinese, supervising
character recognition jointly against ideographic
description sequences of radicals; the sub-character
unit there plays much the same role our jamo and
character n-grams do, though the task (recognition
from images) and the direction of the decomposi-
tion differ. Kim et al. (2024b) encode the combina-
tion rules of subcharacters explicitly in the vocab-
ulary; and Lee et al. (2025) show that jamo-level
tokenization outperforms standard tokenization in
low-resource Korean translation. These approaches
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collectively establish that sub-syllabic structure is
exploitable for Korean, but they operate within a
single script: a Hanja-written word and its Hangul
transcription share no subword units, so the ortho-
graphic gap between scripts is not bridged at the
subword level.

Han2Han is, to our knowledge, the first public-
facing Korean language model to combine both
strands within a single pre-training recipe. We
perform Hanja—Hangul transcription before sub-
word decomposition, so that Hanja and Hangul cog-
nates such as and =] project to identi-
cal jamo n-gram features, and we pair this with a
bidirectional Hanja<>Hangul denoising objective
that turns the resulting embedding alignment into
a learning signal during pre-training. Previous Ko-
rean NLP efforts have targeted either contemporary
Hangul-only text (Park et al., 2021) or premod-
ern Hanmun (Yang et al., 2023); Han2Han is de-
signed for the modern mixed-script period that sits
between them. We evaluate on the Korean Lan-
guage Understanding Evaluation (KLUE) bench-
mark (Park et al., 2021), building on foundational
work in Korean NLI and STS (Ham et al., 2020),
and on a temporal classification task constructed
from mid-twentieth-century mixed-script newspa-
per articles (Section 5.3).

2.3 Encoder-Decoder Models

Han2Han adopts the encoder-decoder architecture
because efficient natural language understanding,
rather than open-ended generation, is the primary
objective. UL2 (Tay et al., 2022) showed that
encoder-decoder models consistently outperform
decoder-only counterparts on NLU benchmarks at
matched compute, and T5SGemma (Zhang et al.,
2025a) reports substantial gains when adapting
decoder-only models into encoder-decoder format.
Earlier denoising work (Raffel et al., 2020; Lewis
et al., 2020) left open whether their span-corruption
recipes were optimal for NLU; our hyperparam-
eter sweeps (Appendix E) find that language-
specific denoising (morpheme-aware masking, bidi-
rectional transcription) outperforms generic ap-
proaches.

3 Training Data and Objective

3.1 Sources

Training data combines (1) a collected newspaper
corpus (1.74B tokens; 1920s—-1990s, Chosun Ilbo,
Dong-a Ilbo, JoongAng); (2) specialized-domain

Korean corpora (patents, legal documents, court
cases, academic papers, bills) from the Korean Na-
tional Institute of Korean Language; (3) the Ko-
rean subset of FinePDFs; (4) the OKHC historical
Korean corpus; (5) the Modu Corpus (R52] &
5 2]) spanning written, spoken, news, and mes-
senger text; (6) curated web/encyclopedia sources
(OSCAR-Korean, Korean Wikipedia, NamuWiki);
(7) the National Library of Korea book corpus
across 74 KDC categories; and (8) Blue House Ko-
rean Petitions. Together these sources span roughly
a millennium of recorded Korean writing through
2025. Full corpus statistics are provided in Ap-
pendix A.

3.2 Training Objective

We train with a mixture-of-denoisers following
UL2 (Tay et al., 2022), comprising (1) T5-style
span masking with sentinel tokens (Raffel et al.,
2020); (2) morpheme-aware span masking re-
specting Korean morphological boundaries via
MeCab-Ko with Hanja-aware preprocessing (Ap-
pendix B), inspired by TSDAE’s word-deletion ap-
proach (Wang et al., 2021) but operating on Ko-
rean morpheme spans; (3) spacing' and sentence-
boundary reconstruction where morpheme-masked
inputs contain neither spaces nor sentence delim-
iters, forcing the model to learn Korean word and
sentence boundaries that are notoriously inconsis-
tent in both historical and contemporary text; (4)
bidirectional Hanja<»Hangul transcription applied
across the R- and X-denoiser variants; and (5) byte-
to-token reconstruction following ByT5 (Xue et al.,
2022), in which the encoder receives a fully byte-
converted sequence and the decoder reconstructs
the original tokenization, providing universal script
coverage and an additional level of text abstraction.

Concretely, we apply UL2’s R-, X-, and
S-denoisers at a 2:2:1 mixing ratio. Following
Zhang et al. (2025b), we specify each denoiser by
(u, 7, n)—mean span length, corruption rate, and
number of corrupted spans (derived from p, r, and
sequence length ). R-denoiser samples uniformly
from {(3,0.15,n),(8,0.15,n),(3,0.30,n) };
X-denoiser samples uniformly from
{(3,0.5,n),(8,0.5,n),(64,0.15,n), (64,0.5,n)};
S-denoiser is prefix-LM with a single masked
continuation, p  ~  Uniform(0.6L,0.8L),
r = wu/L, n = 1. Within R-denoiser, 70%
of sequences replace token-level Poisson spans

"m0} A 7]" in Korean.
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with morpheme-aware spans of mean morpheme
length fimorph € {2,3,2} (matched by index
to the same three r values). All mode ratios,
(w,7) pairs, the morpheme-variant rate, and the
Hanja<+Hangul transcription rate within R- and
X-denoiser were jointly ablated (Appendix E).

Following UL2’s paradigm-token approach (Tay
et al., 2022), we condition the model on the given
denoising task; however, we replace the UL2
paradigm indicator tokens with natural-language
task prompts prepended to every sequence, which
the model parses through its embedding pipeline.
These prompts function as richer-signal BOS mark-
ers carrying linguistic content rather than as opaque
per-task indicators. We find that this conditioning
creates a measurable influence on training: a run
with inadvertently non-Korean prompts began to
diverge after several billion tokens of Korean-only
training data; switching to Korean-only prompts
resolved the divergence immediately. The signal
the model learns to depend on is not merely the
presence of a task marker but the linguistic con-
tent of the prompt itself. We omit prompts in a
final 20% cooldown phase (Gao et al., 2025) so the
model functions at inference without explicit task
conditioning.

For examples that carry year metadata (approx-
imately 5% of training sequences, predominantly
newspaper articles), we replace the S-denoiser
with a temporal continuation variant: the encoder
is prompted with a period-aware instruction® fol-
lowed by the prefix, and the decoder produces both
a period-appropriate continuation and the year of
composition. This couples linguistic style with
temporal grounding directly in the pre-training ob-
jective.

3.3 Supervised Fine-Tuning

Consistent with prior findings that instruction tun-
ing broadly improves downstream task perfor-
mance (Chung et al., 2024; Longpre et al., 2023),
we apply a supervised fine-tuning stage to the pre-
trained checkpoint prior to all downstream eval-
uations. Han2Han is fine-tuned on a mixture of

*Korean: “ZHd A|tjE 1@fote] BJAEE ofo] 21,
ZrA AL & FASHA] 2.7, English gloss: “Considering the
period of composition, continue the text and estimate the year
of composition.”

3The temporal-classification evaluation set (Section 5.3) is
an article-level held-out split, registered in a URL exclusion
list that the pre-training data loader drops before any train-
ing batch is drawn. That mechanism post-dates the released
checkpoint; Section 5.3 states the residual exposure this leaves
and bounds its effect.

supervised tasks including KLUE benchmark tasks,
summarization, and Hanja<+Hangul transcription,
with each task paired with natural-language instruc-
tions drawn from a small hand-authored pool of
4-5 paraphrases. The fine-tuning objective com-
bines confidence-aware scheduled sampling (Liu
et al., 2021) with a token-level contrastive loss be-
tween the gold and scheduled-sampling forward
passes (He et al., 2024), using their default hyper-
parameters; regularization follows FLAN’s recom-
mendations (dropout 0.05 throughout, except with
additional label smoothing 0.05) with a learning
rate of 1x107°.

4 Architecture

Han2Han is a 169M-parameter transformer
encoder-decoder. Depth and dimensions fol-
low Gemma 3’s smallest configuration (Gemma
Team, 2025), and the overall encoder-decoder
structure is closest to TSGemma 2 (Zhang et al.,
2025b)—specifically its 270m-270m variant. Two
choices distinguish Han2Han: encoder and de-
coder share their main parameters (attention and
FFN kernels, token embeddings, and the language-
modeling head), and the decoder retains separate
cross-attention rather than TSGemma 2’s merged-
attention design. The subtoken (jamo and charac-
ter) embeddings introduced in the next subsection
are fused into the input representation but kept as
parameters separate from the shared token matrix
to preserve expressivity under tying. Full archi-
tecture, attention pattern, optimizer, and training
hyperparameters are deferred to Appendix C.

4.1 Sub-token Embeddings

Decomposed Hangul Syllable Embeddings

Subword n-gram embeddings (Bojanowski et al.,
2017) represent each word w as the sum of vec-
tor embeddings of its character n-grams, w =
> e, Zo» Withn € {3,...,6} and K = 2x10°
hashed embedding buckets in the original formu-
lation. Han2Han adapts this scheme to Hangul’s
compositional structure with two principled depar-
tures. First, we operate on jamo (sub-syllabic pho-
netic atoms) rather than full characters, extend-
ing the original character-level decomposition to
subcharacter granularity: each Hangul syllable de-
composes into onset, nucleus, and coda, with a
hyphen marking empty codas (Figure 4). Second,
we use n = 3 only, rather than the original slid-
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ing range.* This choice is linguistically motivated:
each Hangul syllable comprises 2—3 jamo (onset,
nucleus, optional coda), normalized to 3 symbols
by the empty-coda placeholder —, so every 3-gram
captures one syllable—the natural morphophono-
logical unit for Korean. We additionally omit the
original word-boundary symbols (</>) because our
Unigram tokenizer already prefixes start-of-token
markers. With K = 7K jamo hash buckets—two
orders of magnitude smaller than a literal port of
the original scheme—the jamo embedding matrix
w je stays compact while preserving the parameter-
sharing benefit that Bojanowski et al. (2017) origi-
nally identified for morphologically related word
forms.

Single-Syllable and Token Embedding Fusion

Many Korean morphemes are composed of single-
syllable units, particularly Sino-Korean characters,
so we add character-level embeddings alongside
the jamo n-grams; the three embedding sources are
fused with the token embedding as:

Given a token ¢ with jamo 3-gram indices

{Jj1,...,jr} and character indices {ci,...,cn}:

ek = Wiak[t] eR ()
k

€jamo = Z Wjamo []z] S Rd/Q 2)
i=1
m

€char = Z Wcha.r[ci] € Rd/Q (3)
i=1

f = €jamo + €char (subword features) (4)

g =SiLU(f) ®f  (self-gating) ®)

h = e + Wyjg  (residual fusion)  (6)

hyy: = RMSNorm(h)  (output embedding)

(7N

where Wiox € RV*? is the token embedding
table, Wigmo € RPi¥4/2 and Wp,, € RPexd/2
are hashed embedding tables for jamo 3-grams
and characters respectively, and W, € R%/2x4
projects subword features back to the model dimen-
sion. The self-gating mechanism (Eq. 5) ampli-
fies confident subword features while suppressing
noise, computed as SiLU(f) ©f = f2© o (f) where
o is the sigmoid function.

*Preliminary ablations comparing n = 3, {3,6}, and

{3, 6,9} found comparable performance with n = 3 slightly
ahead; a more thorough investigation is left to future work.

5 Results

All results, visualizations, and analyses in this pa-
per are produced from the final supervised-fine-
tuned checkpoint. For the KLUE and temporal clas-
sification numbers, we additionally apply classifier-
head fine-tuning on top of that checkpoint for
parity with the encoder-only baseline configura-
tions; all other reported behavior (including the
document-level script-invariance metrics, the next-
token-prediction probe, and the UMAP visualiza-
tions) reflects the supervised-fine-tuned model di-
rectly.

5.1 Korean NLU Benchmarks

We evaluate Han2Han on KLUE (Park et al., 2021),
a standard Korean NLU benchmark. The encoder-
only baseline cluster spans 110M-270M param-
eters and was pre-trained on 131B to ~6.3T to-
kens (Table 6); the encoder-decoder baseline SKT-
KoBART-base-v1 sits at 124M parameters with an
undisclosed token budget. Han2Han is comparably
sized at 169M parameters but trains on 35B tokens,
4-200x fewer than the encoder baselines.

Despite this smaller training budget, Han2Han
matches or approaches the baselines on YNAT (Ta-
ble 1). On STS the reading depends on the split,
and we report both. Under a matched fine-tuning
loss, Han2Han’s 84.4 sits mid-range among the
baselines on the KorSTS dev split; on the held-
out test split the Korean-native encoders—all pre-
trained on far more contemporary Korean than our
35B mostly historical tokens—Iead every Han2Han
model, 85.9 for the strongest against 75.1 here.
We therefore make no parity claim on contempo-
rary STS. NLI is the weakest dimension, consistent
with our pre-training mixture deliberately prioritiz-
ing script-invariance and morpheme structure over
premise-hypothesis reasoning; Han2Han’s claims
live on script-invariance (Section 5.2) and historical
text (Section 5.3), where the ordering reverses.

5.2 Script-Invariant Representations

To evaluate script-invariance, we compare encoder-
decoder representations across three input con-
figurations: (1) original Hanja article given to
both encoder and decoder, (2) original Hanja to
encoder with Hangul-transcribed text to decoder
(testing cross-attention bridging), and (3) Hangul-
transcribed text to both. Document representa-
tions are obtained by mean-pooling decoder out-
puts, which already incorporate encoder informa-
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YNAT STS NLI
Model dev dev test dev
XLM-RoBERTa-base 80.6 81.7 79.0 75.2
KLUE-BERT 849 87.7 825 80.3

KLUE-RoBERTa-base 84.1 86.8 84.2 83.7
KoELECTRA-base-v3 83.5 88.1 859 854
SKT-KoBART-base-vl 86.0 849 814 77.6
Han2Han 84.5 844 751 74.7

Table 1: KLUE benchmark scores. YNAT: macro
F1 x100, KLUE dev. NLI: accuracy %, KLUE dev.
STS: KorSTS Spearman x 100 under a fine-tuning loss
matched across all models, reported on both the dev
and the held-out test split. KLUE does not release test
labels for YNAT and NLI, so those columns are dev
throughout.

tion through cross-attention; the same procedure
and supervised-fine-tuned checkpoint stage apply
to T5SGemma 2 baselines for matched comparison.

The UMAP (Mclnnes et al., 2018) visualiza-
tion in Figure 3 provides empirical evidence of
script-invariant semantic representations. We eval-
uate on 1,124 hand-transcribed art criticism articles
from the 1920s—1940s CASASIA corpus (Center
for Art Studies, Korea, 2016). While T5Gemma 2
(786M parameters) segregates documents entirely
by script—creating isolated “islands” for Hanja and
Hangul versions of identical content—Han2Han
clusters by semantic content with all three script
conditions interleaved.

Quantitative document-level metrics (Table 9,
Appendix F) confirm what Figure 3 shows visu-
ally. T5SGemma 2 without the Han2Han recipe
segregates documents entirely by script: bidirec-
tional £-NN of 0.03 means a document’s nearest
cross-script neighbor is almost never itself. Apply-
ing the recipe to T5Gemma 2 via continued pre-
training (CPT) brings k-NN to 0.57 and mean co-
sine to 0.97; Han2Han 169M trained from scratch
reaches k-NN 0.61 with 4.7x fewer parameters
and 1/57 the pre-training tokens. We read this as
evidence for the recipe, which improves all three
metrics when applied to T5Gemma 2, and not as
evidence that the architecture is separately better:
Han2Han leads only on the rank-based metric and
trails TSGemma 2 + recipe on cosine (0.84 vs. 0.97)
and script mixing (0.78 vs. 0.89). Component attri-
bution is addressed directly by the matched-token
ablations of Section 5.5, not by this comparison.

Lexical-level cognate retrieval across seven Ko-
rean LMs and the recipe-adapted TSGemma 2 (Ap-
pendix H) shows the same pattern at the word level:
only Han2Han 169M and T5Gemma 2 + recipe

(CPT) reach high centered top-1 cross-script re-
trieval, while existing models—including 1.2-1.5B-
parameter decoder-only Korean LMs—remain at or
below 0.41. These cross-model comparisons are a
capability survey, not an attribution experiment: the
models differ in architecture, objective, tokenizer,
historical-data exposure, and fine-tuning stage at
once. They establish that current Korean-inclusive
pre-training does not deliver script-invariance at
any scale we could test, and nothing about which
of our components is responsible.

5.3 Temporal Classification

Model Test F1  Coverage
Han2Han 76.0 99.97
T5Gemma 2 543 99.9f
KLUE-BERT 54.3 85.4
SKT-KoBART-base-v1 53.6 —
KLUE-RoBERTa-base 50.9 85.4
KoELECTRA-base-v3 49.4 —
XLM-RoBERTa-base 47.5 99.8

Table 2: Temporal classification on the Chojoongdong
corpus (1920s—1990s), article-level held-out test split,
with all inputs converted to Hangul—removing script-
based cues. Macro F1 x100. Coverage measures
native-vocabulary tokenizer coverage on the original
mixed-script text (Teach tokenizer misses a single token;
not measured for SKT-KoBART and KoELECTRA).
Parameter counts in Table 6; TSGemma 2 is 786M.
Han2Han and TSGemma 2 achieve practically identical
near-complete coverage yet differ by 21.7 F1 points:
tokenizer access is not the operative variable for this
task. Each baseline received its own optimizer and
learning-rate sweep; every Han2Han model shares a
single fine-tuning recipe tuned once on the reference
arm’s validation split.

To evaluate Han2Han’s capability for histori-
cal text analysis, we test temporal classification
on our Chojoongdong newspaper corpus (Chosun
IIbo, JoongAng Ilbo, Dong-a Ilbo). Models clas-
sify articles into their year of publication (1920s—
1990s), in 5-year buckets, based solely on linguistic
features. A key challenge is that Hanja usage de-
clined dramatically across this period (49% in the
1920s to 3% by the 1990s; Table 4), so models
could trivially classify by script ratio rather than
semantic understanding. To control for this, we
convert all inputs to Hangul before evaluation—
every model receives identical Hangul-only text,
forcing reliance on vocabulary, style, and discourse
patterns rather than script distribution. Evaluation
uses an article-level held-out split: 77,920 articles
partitioned 46,752/15,584/15,584 into train, vali-
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Figure 3: Empirical evidence of script-invariant representation learning. UMAP visualization comparing
Han2Han 169M (left) against TSGemma 2 786M (right) on 1,124 articles from the 1920s—1940s CASASIA art-

criticism corpus. Each document is processed in three conditions: Hanja—Hanja (

), Hanja—Hangul via

cross-attention (blue), and Hangul—Hangul (green); gray lines connect the three representations of each document.
Han2Han interleaves the three conditions within semantic clusters; TSGemma 2 segregates entirely by script.

Quantitative metrics in Section 5.2.

dation, and test across sixteen five-year buckets,
with every article registered in a URL exclusion
list that the pre-training data loader drops before
any training batch is drawn. All figures are test-set
macro F1.

Table 2 shows Han2Han outperforms all base-
lines on this Hangul-only evaluation: 76.0 against
54.3 for the strongest baselines—KLUE-BERT and
the 4.7x larger TSGemma 2 alike—a margin of
21.7 points. Temporal classification here relies on
semantic and stylistic features rather than script dis-
tribution, and neither parameter count nor tokenizer
coverage closes the gap.

Pre-training exposure. The exclusion mech-
anism above post-dates the released checkpoint,
whose hold-out was re-drawn as pre-training en-
tered its final cooldown phase. Some evaluation
articles may therefore have received gradients—
as unlabeled denoising text, never with temporal
labels—during the last 20% of training, and the
affected subset cannot be reconstructed. Removing
the year-prediction objective, the only channel that
consumes year metadata, moves the task by —0.3
points, within noise, and the ablation fleet, which
excludes all evaluation articles by construction, re-
produces the result at full strength: the 24B-token
full-recipe model reaches 76.6 (three-seed mean)
against the same 54.3 baseline under the identical
protocol. Separately, on the 38 CASASIA docu-
ments that a budget truncation dropped before pre-
training ever saw them, script-invariance matches a
year-matched trained control (k-NN 0.83 in both);

the invariance of Section 5.2 is not a memorization
artifact.

Exposure versus recipe. This task measures
historical-domain exposure at least as much as it
measures the recipe, and is therefore not presented
as evidence for the recipe per se; the ablations sepa-
rate the two. Removing the historical corpora costs
3.55 =+ 0.20 points; removing Hanja from the pre-
training text entirely (an all-Hangul control trained
from scratch) costs 3.69 + 0.56. The two removals
cost about the same here but are worlds apart on
cross-script alignment: without the historical do-
main the model still retrieves cognates at ten times
chance (24.5 centered top-1, chance 2.5), having
learned the correspondence from a residue where
Hanja is roughly 0.3% of characters, some forty
times sparser; without Hanja at all it sits at chance
(5.0). Exposure buys the temporal number; what
the recipe needs is not the historical domain but
the presence of both scripts, in however small a
quantity.

5.4 Cross-Script Generation

The results above rest on encoder representations.
A decoder-side companion probes Hangul—Hanja
reconstruction on a single 1922 Chosun Ilbo arti-
cle, scored against its 531 reference Hanja under
alignment-fair matching (Table 10, Appendix G).
Off-the-shelf instruction-tuned TSGemma 2 pro-
duces only Hangul echo despite ~2T pre-training
tokens. After continued pre-training with the
Han2Han recipe it recovers 39% of the reference
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Hanja; Han2Han, trained from scratch with 4.7 x
fewer parameters and 1/57 the pre-training tokens,
recovers 38% (35% with its 20-character Hanja
prefill excluded). Both models fail in the same
way, substituting a more frequent reading of a syl-
lable for the contextually correct one (e.g.,

— ). One article supports no quantitative
claim and none is drawn; the cross-script align-
ment claim is carried by the encoder-side metrics
of Sections 5.2 and 5.5.

5.5 Component Attribution

Comparison AF1 Seeds

— Historical corpora (4B) —3.55+0.20 3/3 neg.
All-Hangul pre-training (4B) —3.69 & 0.56 3/3 neg.
Recipe — vanilla UL2 (24B) +1.00+£ 0.33 3/3 pos.
Recipe — vanilla UL2 (4B) +1.14 £0.61 3/3 pos.
4B — 24B tokens +0.4 overlap

Table 3: Paired three-seed effects on held-out temporal
classification (test macro F1 x100), each against its
matched reference arm. “Seeds” reports per-seed sign
consistency. The full nine-arm leave-one-out fleet, with
absolute scores, is in Appendix D.

To attribute components in the final architecture
rather than in an earlier variant, we train matched
arms from scratch: nine leave-one-out arms at 4B
tokens against a full-recipe reference, plus a full-
recipe/vanilla-UL2 pair at 24B. Every arm drops
the temporal evaluation articles at the data loader
before any split is drawn.

Two effects survive the noise (Table 3). Pre-
training data dominates: removing the historical
corpora, or Hanja entirely, each costs about 3.6
points, negative in every seed. The recipe is worth
about one point at matched tokens, positive in
every seed at both budgets, and larger than the
+0.4 (three-seed mean) a six-fold token increase
buys. The floor is high—the weakest arm’s three-
seed mean is still 72.7, eighteen points above the
strongest baseline—matching the decomposition
of Section 5.3: exposure sets the level, the recipe
adds a smaller reliable increment.

The sub-character embeddings do not separate
from noise at these budgets: their leave-one-out
effects on temporal classification, STS, YNAT, and
NLI all sit within run-to-run variation, and on
the frozen-encoder cognate probe the arm with-
out them scores above the reference. We therefore
present jamo and character fusion as an architec-
tural prior rather than a component with a demon-
strated score contribution; these budgets may sim-
ply be too small to resolve it. KLUE-YNAT is flat

across all ten arms (84.8—-85.4) and the recipe’s
NLI effect is a three-seed null (—0.02 &+ 0.21): the
recipe neither helps nor harms contemporary NLU,
which is the intended trade.

6 Conclusion

We have demonstrated a structural limitation of dis-
tributional semantics: when orthographic variants
rarely co-occur in training data, language models
do not learn their equivalence by default. Existing
models—including T5SGemma 2 (786M parame-
ters), trained on a 2T-token Korean-inclusive UL2
mixture—segregate Hanja and Hangul representa-
tions of the same content into disjoint regions of
embedding space (Figure 3, Table 9).

The broader implication is that language mod-
eling benefits from language-specificity. Korean’s
mixed-script history made this structural problem
visible, but the principle generalizes: language
structure can be encoded a priori rather than at-
tained through learning, and where orthography
carries meaning beyond surface form, purpose-built
architectures may reach what scale alone cannot.

7 Limitations

Corpus composition: Han2Han’s pre-training cor-
pus deliberately overweights mixed-script histori-
cal Korean (Appendix A), which yields the script-
invariance and historical-text capabilities we tar-
get while reducing coverage on broad-curriculum
NLU (Table 1). Additional epochs over the exist-
ing corpus—demonstrated by Raffel et al. (2020)
to be effective up to 64 repetitions—are a natural
direction for further work.

Evaluation benchmarks: Standard Korean
NLP benchmarks are designed for contemporary
text, not historical data processing. Han2Han’s
byte-to-token reconstruction objective contributes
to near-complete tokenizer coverage on mixed-
script text (Table 2), but KLUE tasks do not di-
rectly probe this capability. Development of histor-
ical Korean NLP benchmarks remains an important
direction, as does targeted evaluation of whether
Hanja-grounded pre-training yields measurably bet-
ter understanding of contemporary Korean text via
Sino-Korean semantic structure—e.g., subset anal-
ysis of Sino-Korean and loanword categories within
CLIcK (Kim et al., 2024a), or hand-curated probes
testing semantic precision on Sino-Korean com-
pounds.

Korean-specific scope: Han2Han’s recipe en-
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codes Korean-specific structural priors (jamo de-
composition, MeCab-Ko morpheme boundaries,
Hanja<>Hangul transcription) and is therefore not
directly transferable to languages without analo-
gous orthographic structure. The Korean copy-
right constraints discussed in Appendix A.3 also
fundamentally limit the volume of contextually-
grounded mixed-script training data available to
any single model. A natural extension addressing
both is multilingual training that shares etymologi-
cal structure across writing systems—particularly
across the broader CJK family, whose shared lo-
gographic substrate makes the same shared-sub-
character principle directly applicable. We leave
cross-linguistic evaluation to future work.

Ethics Statement

We adhere to the ethical guidelines outlined in the
ACL Code of Ethics. Beyond this baseline, we iden-
tify three considerations relevant to downstream
use of Han2Han in humanities and historiographic
research.

Mis-transcription and scholarly validation.
Han2Han’s dictionary-based Hanja—Hangul tran-
scription module is high-coverage but not infalli-
ble: rare classical compounds, proper nouns with
non-standard readings, and historically variant or-
thographies may be transcribed incorrectly. Out-
puts intended for scholarly use should be cross-
checked against primary sources rather than treated
as ground truth, particularly for historiographic
claims dependent on precise transcription.

Research aid, not philological substitute.
Han2Han is intended to support, not replace, ex-
pert philological analysis of historical Korean texts.
Researchers using model-assisted transcription or
classification in published scholarship should dis-
close model use and validate interpretive claims
independently.

Reproducibility under Korean copyright law.
Korean copyright restrictions on the redistribu-
tion of large mixed-script training corpora (Ap-
pendix A.3) create a structural tension between
reproducible research and IP compliance that the
Korean NLP community has not yet collectively
resolved. We document our data sources to
support independent reconstruction, and release
our pre-training, fine-tuning, and evaluation code,
the model weights, and the temporal evaluation
splits under the Apache 2.0 license at https:
//github.com/cadazar/han2han; the un-

derlying newspaper corpus itself cannot be redis-
tributed. We encourage the field to develop shared
mechanisms—preprocessed weights, agreed-on
evaluation slices, or new licensing frameworks—
that enable reproducibility without violating copy-
right restrictions.
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A Training Corpus Details
A.1 Twentieth Century Newspaper Corpus

The core historical component of the training corpus was collected from over seven million newspaper
articles written and published between 1920 and 1999 in the South Korean newspapers Chosun Ilbo,
Dong-a Ilbo, and JoongAng (collectively referred to as Chojoongdong).> All texts were digitized versions
of the original printed material, so there were inevitably several transcription mistakes.® The title, author,
newspaper section, publication date, and URL were all collected along with the texts. All materials are
available directly on the websites of the respective news agencies but cannot be re-distributed according
to South Korean law. In any case, they are fairly easily accessible and their collection can be automated.

Periods 1920s 1930s 1940s 1950s 1960s 1970s 1980s 1990s Total
Number of Documents 718K 1.0M 185K 470K 758K 959K 1.IM 19M 7.1M
Number of Tokens 144M  245M  39M 107 177M  248M 307M 516M 1.74B
Avg. Tokens Per Article 200 234 211 227 233 259 286 276 241
Hanja ratio 049 044 042 038 027 0.13 0.07 0.03 0.28

Table 4: Statistics of the Chojoongdong newspaper corpus (Chosun Ilbo, Dong-a Ilbo, and JoongAng). Tokens
are counted according to the SentencePiece tokenization scheme. The declining Hanja ratio reflects the gradual
transition from mixed-script to Hangul-only publishing across the 20th century.

A.2 Additional Data Sources

Beyond the historical newspaper corpus (1.74B tokens), we assembled additional Korean training data.
This includes: (1) Specialized Domain Corpus (7%-2&-50F W-3-%|) comprising patents, legal documents,
court cases, and academic papers; (2) Web/Encyclopedia sources including OSCAR, NamuWiki, Korean
Wikipedia, and the Korean subset of FinePDFs; (3) Modu Corpus (25 2] 2-5-%]) spanning written,
spoken, news, and messenger text from the National Institute of Korean Language; (4) Book Corpus
from the National Library of Korea across 74 KDC categories; (5) Korean Petitions from the Blue
House; and (6) the Open Korean Historical Corpus (OKHC) (Song et al., 2025), covering a millennium
of premodern and early-modern Korean text. Data sources are weighted during training, with curated
historical data prioritized over web crawls.

5 All romanization of Korean terms in this paper follows the McCune-Reischauer standard, common terms with established
romanization conventions omitted.

SFor example, in the Dong-a Ilbo articles, the character 42 (sang, “form™), as in #l152 (ch’usang, “abstract”) was repeatedly
missing, likely due to encoding inconsistencies. However, many of these errors were either consistent enough to be corrected in
preprocessing or inconsistent enough to have little effect on the overall corpus.
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Category Documents Tokens
Specialized Domain (ZZE20F 5 X])

Patents (£5]) 543K 3.94B
Laws (\4 %) 99K 211M
Local Regulations (2] ) 110K 181M
Court Cases () 76K 162M
Academic Papers (=) 233K 70M
Bills (2]¢h 62K 22M
Web/Encyclopedia
FinePDFs (Korean) 1.09M 12.30B
OSCAR (Korean) 3.68M 2.35B
NamuWiki 568K 1.22B
Wikipedia (Korean) 643K 289M
Modu Corpus (FH=9] ZFEX])
Written 10K 578M
News 1.02M 456M
Spoken 7.41M 270M
Messenger 4K 6M
Historical and Other
OKHC' 7.42M 1.63B
Book Corpus (74 KDC) 584K 493M
Blue House Petitions 422K 99M
Classical Texts 13K 2M
Subtotal (itemized above) 24.0M 24.28B

Table 5: Additional training corpus statistics. Combined with the Chojoongdong newspaper corpus (Table 4, 1.74B
tokens), the pre-training mixture comprises approximately 26B unique tokens. Data sources are weighted during
training, with curated historical data prioritized over web crawls. TOKHC contains 17.88M documents in total;
58.5% have their text content removed due to copyright restrictions (see Appendix A.3), leaving 7.42M documents
with available text contributing the reported token count.

A.3 Data Licensing and Availability

Training Korean language models faces systemic challenges related to intellectual property law. While
large-scale Korean text corpora exist, redistribution restrictions under Korean copyright law limit their
accessibility for reproducible research.

The Open Korean Historical Corpus (Song et al., 2025) represents a valuable effort to provide accessible
historical Korean text data. However, we note that 58.5% of documents in OKHC have their text content
removed due to copyright restrictions, with only metadata available—a limitation the corpus authors
explicitly acknowledge as resulting from Korean IP law rather than curatorial choice.

This situation reflects a broader challenge in Korean NLP: the tension between reproducible research
(requiring redistributable data) and copyright compliance. Our historical newspaper corpus faces similar
constraints—while the collection process is automatable from public archives, redistribution is prohibited
under South Korean law. We encourage future work on developing mechanisms for sharing preprocessed
model weights or evaluation splits that enable reproducibility without violating copyright restrictions.

B Hanja-Aware Morpheme Tokenization

- njsd#e] -
ol-Ar2xdralosid-—
ol- |-~ -A7, A2, T2X,

2z, zJL, Jva, val, 2}ao,

tos, msa], 54-

Figure 4: Jamo 3-gram extraction for “art exhibition.” is first transcribed to Hangul, then decomposed into
Jjamo (onset-nucleus-coda), with — marking empty codas. A sliding window extracts overlapping 3-grams, each
spanning 3 input symbols but 2—-3 phonetic jamo positions because — placeholders are not phonetic units. 3-grams
are hashed to embedding buckets following Bojanowski et al. (2017). Because transcription precedes decomposition,

and T|<: %2 9] produce identical jamo features. This is the mechanism that enables script-invariant
representations.
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A key challenge in applying morpheme-aware corruption to mixed-script Korean text is that standard
Korean morphological analyzers like MeCab-ko (Park and Cho, 2014) are trained primarily on Hangul
text. When processing Hanja characters directly, MeCab-ko often produces inconsistent or incorrect
morpheme boundaries:

>>> mecab.pos ("EMEEE") # Hanja input
[ (" EfifE’, 'NNPY), # INCORRECT: splits mid-word
("&’, 'su’),
("&’, 'NNG')]
>>> mecab.pos ("O|=H&HF ") # Hangul input
[('O/&’, 'NNG’), # CORRECT: proper boundaries

(" dEslr, 'NNG')]
As shown above, the Hanja word (misuljeollamhoe, “art exhibition™) is incorrectly split
as L7 f8/E /€, while its Hangul equivalent 7| < %12+ 5] correctly segments as 1|< (“art™) + 53]
(“exhibition”). This inconsistency arises from the limited coverage of Hanja in MeCab-ko’s dictionary.

To ensure script-invariant morpheme boundaries, we implement a Hanja-aware morpheme tokeniza-
tion pipeline:

1. Transcribe: Convert input text to Hangul using our transcription module (preserving 1:1 character
mapping)
2. Analyze: Apply MeCab-ko morphological analysis to the Hangul text

3. Map back: Use character positions to extract corresponding segments from the original text,
preserving Hanja characters

>>> hanja_aware_tokenize ("EMEBE")
[, TREg) # Correct boundaries, original script

This approach guarantees that morpheme-aware corruption operates on linguistically meaningful units
regardless of script, which is essential for our bidirectional transcription training where the same semantic
content may appear in either Hanja or Hangul form.

C Architecture and Training Details

Model Params Train Tokens
XLM-RoBERTa-base 270M ~6.3T (est.)
KLUE-BERT 110M ~131B
KLUE-RoBERTa-base 110M ~1T
KoELECTRA-base-v3 110M ~197B
SKT-KoBART-base-v1 124M undisclosed
Han2Han 16OM 35B

Table 6: Baseline parameter and training-token counts. Train Tokens computed as training steps x batch size x
sequence length where available; XLM-RoBERTa estimated from large model specifications.

Layers and parameter sharing. Han2Han has 18 encoder layers, 18 decoder layers, hidden dimension
640, and FFN dimension 2048; the depth and dimension ratio follow Gemma 3’s smallest configuration
(Gemma Team, 2025), while the overall encoder-decoder structure is closest to TSGemma 2 (Zhang et al.,
2025b). We tie the main weights of the encoder and decoder while keeping biases, RMSNorm scales,
subtoken linear projections, and subtoken embeddings untied for per-component expressivity; sub-layer
normalization (SubLN) (Wang et al., 2022) recovers the representational capacity that fully-shared main
weights would otherwise sacrifice.

Attention pattern. Self-attention uses multi-query attention (MQA: 4 query heads, 1 KV head) for
memory efficiency; cross-attention uses GQA-2 (4 query heads, 2 KV heads) on a dedicated projection set.
This contrasts with TSGemma 2 (Zhang et al., 2025b), which uses a "merged" attention scheme where
decoder self-attention and cross-attention share projections by concatenating encoder hidden states onto
decoder hidden states with autoregressive masking. Han2Han keeps cross-attention separate because it
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is the primary semantic bridge between scripts—Hanja-encoded input conditioned on Hangul-decoded
output and vice versa—and the recipe’s emphasis on script-bridging justifies the small parameter cost.
Following Gemma 3 (Gemma Team, 2025), attention alternates 5:1 between sliding-window layers
(window 128, RoPE @ = 10%) and full-attention layers (RoPE # = 5x10°) across encoder, decoder, and
decoder cross-attention. Cross-attention does not use positional embeddings. QK normalization (Henry
et al., 2020) is applied throughout, and feed-forward blocks use GeGLU (Shazeer, 2020).

Script tokens. We add two special document-level tokens, <hangul> and <hanja>, prepended to
every sequence—analogous in mechanism to BERT’s [CLS] or mBART’s <lang> markers (Liu et al.,
2020), but signaling the script of the input rather than language or sequence position. Unlike mBART’s
language tokens, Han2Han’s script tokens mark orthographically different but semantically equivalent
representations of the same Korean content, enabling mismatched markers in the encoder and decoder
during pre-training where mBART performed exclusive single-marker pre-training. Hanja—Hangul
transcription is well-specified at the compound level: our transcription module resolves readings through
a curated compound dictionary (~32K compound entries with longest-match-first lookup) backed by
~27K single-character defaults, producing the context-appropriate readings illustrated in Section 2.1.
The reverse direction, Hangul—Hanja, is one-to-many (cf. the = example in Section 2.1), and this
one-to-many disambiguation is the learning problem that the bidirectional transcription objective targets.
Including the script tokens and decomposed jamo letters during pre-training signals the model to capture
paired Hanja—Hangul sequences and the appropriate jamo composition for each Sino-Korean character’s
context-dependent readings.

Optimizer and training. Han2Han trains in BF16 throughout (parameters and optimizer state) on the
35B-token corpus described in Section 3. We use Muon (Jordan et al., 2024) with Gram Newton-Schulz
orthogonalization (Zhang et al., 2026). Learning rate is 2.66x10~% on a 10% warmup / 70% constant /
20% square-root cooldown schedule, following the cooldown-shape analysis of Dremov et al. (2025);
effective batch size is approximately 4.8M tokens per update (counting packed encoder and decoder
tokens, including sentinels), with weight decay 0.1. We perform gradient norm clipping at global norm
1.0, applied only to the AdamW arm of the optimizer. Weights are initialized with truncated-normal
fan-in variance-scaling at scale 0.1. Consistent with the single-epoch / no-repetition regime, we apply no
LayerDrop, residual or attention dropout, or label smoothing. Pre-training ran on a TPU v5e-64 pod slice
for approximately 35 hours; supervised fine-tuning ran on a single TPU v6e-8 host for approximately
9 hours, using the same 2048-token sequence length and sequence packing (across both encoder and
decoder) as pre-training. Full hyperparameters are listed in Table 7.
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Training Configuration

Optimizer

Muon + Gram Newton-Schulz

Muon momentum (3 0.95

AdamW arm (1D params) 51/ 82 0.90/0.95

Weight decay 0.1

Learning rate 2.66x1074

LR schedule 10% warmup / 70% constant / 20% sqrt cooldown

Effective batch size

~4.8M tokens / update (packed)

Sequence length 2048 tokens

Gradient clipping 1.0 (global norm, AdamW arm only)

Training duration 35B tokens

Precision BF16 (model, params, optimizer state)
Initialization

Kernel init Variance-scaling (fan-in, truncated normal), scale 0.1
Compute

Pre-training hardware

TPU v5e-64 pod slice

Pre-training wall-clock ~35 hours

SFT hardware TPU v6e-8 single host
SFT wall-clock ~9 hours
Regularization (all disabled)

LayerDrop 0

Residual / attention dropout 0

Label smoothing 0

Table 7: Training hyperparameters for Han2Han. The single-epoch / no-repetition regime (Section 3) motivates
disabling all forms of stochastic regularization; representational priors are provided by the data and objective rather
than by dropout.

D Ablation Study Results

Table 8 reports matched ablation arms trained from scratch in the final architecture: nine leave-one-out
arms at 4B tokens against a full-recipe reference, plus a full-recipe/vanilla-UL?2 pair at 24B tokens. Every
arm excludes the temporal evaluation articles from its pre-training data by URL, so no arm trains on
evaluation text.

Temporal (test F1) Cognate top-1 YNAT

Arm Tokens  abs. A abs. A abs.
Full recipe (reference) 4B 75.8 — 728 — 85.3
— Jamo embeddings 4B 762 +04 725 -0.3 85.3

— Character embeddings 4B 755 —-0.3 69.0 —-3.8 85.2

— Both sub-token embeddings 4B 75.6 -0.3 823 +9.5 84.8

— Morpheme-aware masking 4B 762 +0.3 68.0 —4.8 85.3

— Transcription objective 4B 75.7 —0.1 635 -9.3 84.9

— Temporal objective 4B 755 —-0.3 738 +1.0 84.9

— Historical corpora 4B 725 —-3.3 245 —483 85.4
All-Hangul (single-script input) 4B 728 —-3.1 50 —67.8 84.9
Vanilla UL2 (recipe off) 4B 754 —-0.5 775 +4.8 85.2
Full recipe 24B  76.9 — 830 — 86.4
Vanilla UL2 (recipe off) 24B  75.6 —-1.3 81.0 —2.0 85.8

Table 8: Leave-one-out ablation arms in the final architecture, seed 42, absolute scores with deltas from the matched
reference arm. Temporal classification is test macro F1 x 100 on the held-out split of Section 5.3; cognate retrieval
is centered top-1 Hanja—Hangul on a frozen encoder (x 100, chance 2.5, 40 pairs), a representation-level probe
rather than a fine-tuned score; YNAT is KLUE dev macro F1 x100. Seven arms were rerun at seeds 42/43/44; their
seed-to-seed standard deviation on temporal classification ranges from 0.12 to 0.36 points, so single-seed deltas
below roughly one point should not be read as effects. Paired three-seed effects are reported in Table 3.
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Temporal classification. Three effects exceed the seed-to-seed spread: removing the historical corpora
(—3.3 at seed 42; —3.55 + 0.20 over three seeds, negative in every seed), the all-Hangul control (—3.1;
—3.69 £ 0.56, negative in every seed), and the full recipe against vanilla UL2 at 24B (41.3 at seed 42;
+1.00 £ 0.33 over three seeds, positive in every seed). All other single-arm deltas are smaller than the
seed spread.

Sub-token embeddings. The jamo and character arms do not separate from noise: their temporal
deltas are within the seed spread, their YNAT deltas are within the £0.9-point binomial band of the
KLUE dev set, and on the cognate probe the arm with both sub-token embeddings removed scores
9.5 points above the reference. At these budgets the sub-character embeddings have no demonstrated
independent score contribution and are presented as an architectural prior. Their motivation—transcription
before decomposition projects Hanja and Hangul cognates onto identical jamo features (Appendix B)—is
structural; testing it would need budgets larger than 4B tokens.

Corpus composition. The two data controls measure different things. In the historical newspaper
corpus, 13.9% of characters are Hanja and 81% of articles contain at least one (68% contain ten or more).
In the remaining data the no-historical-data arm trains on, Hanja falls to roughly 0.33% of characters—
about forty times sparser—appearing mainly as isolated glosses in literature, legislation, and academic
prose rather than as running text. That arm is therefore a no-domain control rather than a Hanja-free one;
the all-Hangul arm is the Hanja-free control. The cognate column distinguishes the two (24.5 versus 5.0
against a chance rate of 2.5) where the temporal column does not.

Contemporary NLU. The recipe is neutral on KLUE. YNAT is flat across the 4B arms (84.8—85.4,
against a baseline range of 80.6—86.0 in Table 1), and the recipe/vanilla-UL2 NLI difference is null over
three seeds (—0.02 £ 0.21 accuracy, sign-flipping across seeds). Per-arm STS deltas are not individually
interpretable: six of nine flip sign between the two fine-tuning protocols, a spread of roughly £1.5 points
that exceeds every per-arm effect; the overall level is flat across arms.

E Hyperparameter Sweep Analysis

The primary configuration choice informing the final model was the directionality of the Han2Han
transcription objective. A short sweep over morpheme-masking ratios, span-length parameters, and tran-
scription directionality on 150M-token training runs found that bidirectional Hanja<>Hangul transcription
consistently outperformed unidirectional Hanja—Hangul on our downstream evaluations.

The remaining denoising-mixture parameters in the final model (R/X/S denoiser ratios and within-
denoiser corruption ratios) follow UL2 (Tay et al., 2022) defaults; the morpheme-aware variant within the
R-denoiser is described in Section 3. The final model uses morpheme-masking ratio 0.7 (fraction of R-
denoiser sequences using morpheme-aware spans rather than token-based Poisson spans) and bidirectional
transcription ratio 0.6 (fraction of Hanja-containing sequences for which the transcription objective is
applied). Performance was not strongly sensitive to small deviations from these values, consistent with
the dominant signal coming from the choice of denoising objective rather than precise mixing ratios.

F Document-Level Script-Invariance Analysis

Table 9 reports the document-level script-invariance metrics for Han2Han 169M, T5Gemma 2 786M,
and T5SGemma 2 786M after continued pre-training (CPT) with the Han2Han recipe, evaluated on 1,124
hand-transcribed art-criticism articles from the 1920s—1940s CASASIA corpus (Center for Art Studies,
Korea, 2016). Figure 5 pairs the post-CPT UMAP visualization for TSGemma 2 against Han2Han
169M trained from scratch: visible script-based separation is reduced relative to the pre-adaptation figure
(Figure 3), while residual cluster structure remains visible. The high-dimensional metrics confirm that
script-invariance is improved (bidirectional k-NN of 0.57, mean cosine of 0.97), so we treat the metrics
as the primary evidence and the visualization as qualitative support. Notably, Han2Han 169M slightly
exceeds T5Gemma 2 + recipe (CPT) on the rank-based k-NN metric (0.61 vs. 0.57) despite being 4.7 x
smaller and trained from scratch on 1/57 the pre-training tokens, indicating that the architecture contributes
alongside the recipe to the retrieval geometry.
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Model Params CosT Script Mixing? k-NNT

T5Gemma 2 786M  0.84 0.49 0.03
T5Gemma 2 + recipe (CPT) 786M  0.97 0.89 0.57
Han2Han (ours) 169M 0.84 0.78 0.61

Table 9: Document-level script-invariance on 1,124 hand-transcribed art-criticism articles (CASASIA, 1920s—1940s).
Cos: mean cosine similarity between same-document Hanja and Hangul embeddings (higher = aligned across
scripts). Script Mixing: 1— silhouette score with script as cluster label (higher = scripts interleaved in embedding
space). k-NN: bidirectional 1-NN cross-script retrieval accuracy (higher = each document’s nearest cross-script
neighbor is itself). Han2Han 169M and T5SGemma 2 786M continually pre-trained with the Han2Han recipe (CPT)
achieve comparable script-invariance; TSGemma 2 without the recipe segregates documents entirely by script.

Original (Hanja) ~ ® Hanja Enc, Hangul Dec Hangul Only

Han2Han (169M): Script-Invariant ic Clustering T! 2 (786M, fine-t d with Han2Han recipe)
12 - - ®
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Figure 5: UMAP visualization after applying the Han2Han training recipe to TSGemma 2 (786M) via continued
pre-training, compared against Han2Han 169M trained from scratch. Visible script-based separation is reduced
relative to the pre-adaptation figure (Figure 3), though residual cluster structure remains visible. The document-level
metrics in Table 9 confirm that script-invariance is improved.

G Cross-Script Generation: Methodology and Qualitative Analysis

Model Params Recall excl. prefill
T5Gemma 2 (IT, no recipe) 786M 0.00* -
T5Gemma 2 + recipe (CPT) 786M 0.39 -
Han2Han (ours) 169M 0.38 0.35

Table 10: Hangul—Hanja reconstruction recall on a 1922 Chosun Ilbo article (531 reference Hanja, alignment-fair
scoring). Han2Han decodes from a 20-character Hanja prefill; the last column scores only its generated continuation
against the 511 reference Hanja that follow the prefill. The T5SGemma 2 rows use no prefill. *T5Gemma 2
instruction-tuned without the Han2Han recipe produces only Hangul echo (zero Hanja generated).

Setup. A 1922 Chosun Ilbo article containing 531 Hanja characters in its original mixed-script form
is transcribed to Hangul-only and given to the encoder. The model is asked to reconstruct the original
mixed-script form. Scoring is alignment-fair: we align the output with the reference at character level by
longest-common-subsequence matching and count the reference Hanja that fall inside matched blocks, so
that an insertion or deletion shifts the alignment without penalizing every character downstream of it (e.g.,
Han2Han produces 25 —[A] %% where the reference has 28 _ &% E).

Decoding. Han2Han uses beam search (beam==8) seeded with the first 20 Hanja of the reference as a
decoder prefill. Its generated continuation scores 0.35 against the 511 reference Hanja that follow the
prefill; adding the 20 prefilled characters back gives the 0.38 reported in Table 10. T5Gemma 2 + recipe
(CPT) decodes greedily with no prefill. Without the prefill, Han2Han’s greedy and beam decodes echo
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the Hangul input while the Hanja reading of each syllable sits in the decoder’s top-k; sampling at 7=0.8
surfaces it, producing majority-Hanja completions in roughly a quarter of draws. The prefill therefore
selects the Hanja branch the decoder already carries rather than supplying capacity it lacks; the cross-script
alignment claim itself is tested by the encoder-side metrics in Section 5.2 and Appendix H, which involve
no decoding.

Error analysis. Both models fail in the same way. Where they miss, they substitute a more frequent
Hanja reading of the syllable for the contextually correct one, most visibly on personal names and rare

compounds. Substitutions made by both models: {/il—7/J, — , =R, T4, —
. By T5Gemma 2 + recipe only: — , — , — , — ,
— (the first two fall inside Han2Han’s prefill). By Han2Han only: — ,
— , — , — , — , — ,
— . The two outputs differ in alignment rather than in error type: TSGemma 2 + recipe

stays in step with the reference (exact-position Hanja accuracy 0.64), whereas Han2Han’s output drifts
through insertions and deletions (0.20), which is why the comparison uses alignment-fair scoring.

Scope. This is a single-article probe, and none of the paper’s claims rest on it. It shows that a model
carrying the Han2Han recipe produces contextually plausible Hanja from Hangul input where instruction-
tuned TSGemma 2 without the recipe produces none, and that Han2Han does so at 4.7 x fewer parameters.
A multi-article evaluation of cross-script generation is future work.

H Cross-Model Cognate Retrieval

To test whether cross-script alignment emerges with scale across the broader Korean LM landscape, we
evaluate centered top-1 Hanja—Hangul retrieval on a 40-pair cognate set spanning four lexical frequency
quartiles. Given a Hanja word’s embedding, the model must identify its Hangul equivalent among the 40
candidates. We report centered top-1 (cosine similarity after corpus-mean centering) because raw cosine
on transformer encoders is dominated by anisotropy (Ethayarajh, 2019), and because rank-based retrieval
is rotation- and translation-invariant—the cleanest comparison across architectures with very different
absolute geometries (Conneau et al., 2018). Pooling is chosen per architecture: encoder mean-pool for
encoder-decoder and encoder-only models; last-token for decoder-only LMs (the only position with full
input context under causal masking). Each row of Table 11 is the mean over 10 seeded shuffies.

Model Params Centered Top-1
HyperCLOVAX-SEED 1.5B 0.09
KoELECTRA 110M 0.10
XLM-RoBERTa 278M 0.13
T5Gemma 2 (base) 786M 0.21
EXAONE 4.0 1.2B 0.34
KLUE-BERT 110M 0.41
Han2Han (ours) 169M 0.87
T5Gemma 2 + Han2Han recipe (CPT) 786M 0.86

Table 11: Centered top-1 Hanja—Hangul cognate retrieval across Korean LMs, mean over 10 seeded shuffles of
a 40-pair cognate set. Models above the line are from-scratch; TSGemma 2 + Han2Han recipe (CPT; continued
pre-training) is reported separately below for direct comparison with Han2Han. The two largest Korean LMs tested
(HyperCLOVAX-SEED 1.5B, EXAONE 4.0 1.2B; 7-10x Han2Han’s parameter count) sit at the bottom and middle
of the column. KLUE-BERT and EXAONE land above their scale peers, plausibly reflecting Hanja-inclusive subsets
of their pre-training data; we report them transparently rather than excluding them as outliers.

The two largest Korean LMs in the table (HyperCLOVAX-SEED 1.5B and EXAONE 4.0 1.2B) achieve
centered top-1 of 0.09 and 0.34 respectively, despite 7-10x Han2Han’s parameter count. Han2Han
169M’s 0.87 is matched only by T5Gemma 2 continually pre-trained with the Han2Han recipe (0.86),
confirming at the lexical level what Table 9 shows at the document level: the recipe is the operative
variable for cross-script alignment, and Han2Han’s architecture delivers it without requiring a 4.7 x-larger
base.
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