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Abstract

We propose a corpus-dependent alternative to
byte encoding that learns fixed-length atomic
codes for characters directly from text, which
we refer to as Latom (Learned Atom-based
Encoding). We instantiate this framework by
training an HMM on N -repeated character
sequences to estimate “atom” posteriors, fol-
lowed by a Hungarian assignment yielding
a globally optimal one-to-one character–code
mapping. Across 14 languages, the encod-
ings improve intrinsic metrics, including token
counts after subword tokenization and bigram
perplexity, with appropriate code lengths. On
Amazon Reviews in six languages, Latom im-
proves text classification accuracy and reduces
decoding errors in language model generation.
Overall, these results demonstrate that charac-
ter encodings can be learned from corpus statis-
tics while remaining reversible and compatible
with standard tokenization pipelines.

1 Introduction

Text in modern NLP systems is represented as a se-
quence of discrete symbols, and in many pipelines,
this base representation is fixed to UTF-8 bytes
by convention. While byte-level encoding pro-
vides universality across languages, it is inherently
corpus-agnostic and does not adapt to the statis-
tics of the target data. On top of this base rep-
resentation, many NLP systems tokenize text at
the subword level (Sennrich et al., 2016; Kudo
and Richardson, 2018), where a token may con-
sist of multiple characters. At the other extreme,
bit-, byte-, or character-level processing provides
a language-agnostic alternative that helps allevi-
ate the unknown-token problem (Xue et al., 2022;
Clark et al., 2022; Tay et al., 2022; Moon et al.,
2025). Beyond bytes and characters, prior work
has explored injecting language-specific subchar-
acter information, such as radicals and strokes for
Chinese and Japanese, Hangul Jamo for Korean,

Original Sequence
Character 自 然

Hand-crafted and corpus-independent
Byte† 0xe8 0x87 0xaa 0xe7 0x84 0xb6
Pronunciation

Chinese: zì rán
Japanese: shi zen

Radical 自 月犬灬

Stroke ノ｜┐一一一 ノフ丶丶一ノ乀丶ノ丶丶丶

Corpus-dependent (Latom)
Latom N = 2 † a31 b34 a12 b26
Latom N = 3 † a12 b21 c12 a28 b41 c18

Table 1: Comparison of hand-crafted and learned sub-
character representations for the word “自然” (nature).
The symbol † indicates representations that are re-
versibly decodable to the original characters.

and pronunciations for various languages (Shi et al.,
2015; Stratos, 2017; Jia et al., 2021). While these
subcharacter features can improve performance,
they are handcrafted and independent of the target
corpus. This leaves room to explore subcharacter
encodings that adapt to corpus statistics.

In this paper, we introduce Latom (Learned
Atom-based Encoding), a framework for corpus-
dependent base text representations that assigns
structured, reversible codes to characters based on
distributional statistics1.

We study how to learn subcharacter units directly
from a given corpus by assigning each character a
fixed-length code composed of multiple elements
(“atoms”). We investigate whether such character–
code assignments can be learned from corpus statis-
tics without relying on external inventories such
as dictionaries. As illustrated in Table 1, we com-
pare conventional hand-crafted subcharacter rep-
resentations with our automatically learned ones
on the Chinese and Japanese word “自然” (nature).
The middle part lists corpus-independent features
such as byte sequences, pronunciations, radicals,
and strokes, while the lower part shows examples

1Code: https://github.com/tatHi/latom
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of our corpus-dependent atom codes learned with
code lengths N = {2, 3}. The obtained codes (e.g.,
a31 b34) are fixed-length and corpus-specific, and
are reversibly decodable to the original characters.

This paper instantiates Latom using an HMM to
estimate corpus-dependent preferences over atoms,
followed by a Hungarian algorithm to obtain a one-
to-one character–code assignment.

We evaluate the proposed encoding both intrin-
sically and extrinsically. Across 14 languages, it
improves tokenization efficiency and bigram per-
plexity when the code length is chosen appropri-
ately relative to the character vocabulary size. On
Amazon Reviews in six languages, it achieves com-
petitive classification performance and reduces de-
coding errors in language model generation.

Conceptually, our approach can be viewed as a
corpus-dependent alternative to byte-level encod-
ing, where the base alphabet is learned from data
while remaining reversible and compatible with
standard subword tokenization pipelines. Our con-
tributions are:

• We introduce Latom, a framework for corpus-
dependent atomic encoding of text as an alter-
native to fixed byte representations.

• As one instantiation of Latom, we propose
a method that learns fixed-length codebooks
using HMM posteriors and a Hungarian as-
signment.

• We provide intrinsic and extrinsic evaluations
across multiple languages, showing improve-
ments in compression, perplexity, and down-
stream performance.

2 Related Work

Modern NLP systems typically employ subword
tokenization to control vocabulary size and to-
ken granularity (Sennrich et al., 2016; Kudo and
Richardson, 2018). While subwords are built from
characters and often yield semantically meaning-
ful fragments, they abstract away character-level
information. Consequently, character-based inputs
are sometimes adopted to retain finer-grained in-
formation (Zhang et al., 2015; Kuru et al., 2016;
El Boukkouri et al., 2020; Clark et al., 2022; Tay
et al., 2022).

Byte-level processing has become a practical
alternative in both pretraining and downstream
tasks (Gillick et al., 2016; Radford et al., 2019;
Xue et al., 2022; Huang et al., 2025; Pagnoni et al.,

2025). Recent work further explores byte-level ar-
chitectures and training strategies, including bit-
level variants below bytes (Moon et al., 2025).
However, these approaches fix the base alphabet
(bytes or bits) and do not adapt it to the target
corpus. Recent work has explored learning latent
byte-level representations using vector quantiza-
tion (Hsiao et al., 2024), but these methods rely on
learned decoders and do not guarantee a reversible
or injective mapping. In contrast, our method con-
structs a deterministic, one-to-one encoding from
characters to codes.

Beyond standard NLP modeling, compression-
oriented schemes such as SCSU and BOCU-1 pro-
vide reversible Unicode byte encodings (Scherer
and Davis, 2006). More recent work proposes alter-
native encodings to improve compression for spe-
cific languages (Xue, 2023), to remap byte-level
representations for computational efficiency (Lim-
isiewicz et al., 2024), or to structure pretokeniza-
tion with script-aware codes (Land and Arnett,
2025). These approaches focus on designing
efficient encodings, rather than learning corpus-
dependent subcharacter representations.

For languages with compositional characters,
many studies inject subcharacter information to im-
prove downstream performance, including radicals
and strokes for Chinese and Japanese (Sun et al.,
2014; Shi et al., 2015; Meng et al., 2019; Wu et al.,
2025), Hangul Jamo for Korean (Stratos, 2017; Cho
et al., 2019; Lee et al., 2025), and pronunciation
features (Jia et al., 2021; Zouhar et al., 2024; Jung
et al., 2024). Glyph-based methods often apply
CNNs over rendered characters (Meng et al., 2019).
These features are typically corpus-independent
and rely on external linguistic resources.

Closer to our goal, Morfessor learns corpus-
dependent word segmentation without supervi-
sion (Virpioja et al., 2013), and Brown clustering
assigns discrete class codes to words based on dis-
tributional context (Brown et al., 1992). Other ap-
proaches aim to improve tokenization depending
on the dataset (He et al., 2020; Hiraoka et al., 2020,
2021). However, these methods operate above the
character level.

In contrast, Latom learns a fixed-length, re-
versible mapping at the subcharacter level, assign-
ing codes directly to characters based on corpus
statistics. Our implementation aligns forward and
backward contexts using an HMM and solves a
global one-to-one assignment, drawing inspiration
from speech recognition (Bahl et al., 1983).
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3 Proposed Method

3.1 Core Idea of Latom: Learned Atom-based
Encoding

Our goal is to learn a one-to-one mapping between
each character and a length-N code formed by com-
bining K atom types. Unlike hand-crafted subchar-
acter units (e.g., bytes or radicals), our codes are
learned from the target corpus, and their length and
combinatorial capacity are controlled by N and K.
We assign a fixed-length code to every character,
which simplifies decoding and allows characters
appearing in similar contexts to share parts of their
codes.

Let c ∈ C be a character in the vocabulary and
x = (c1, . . . , cL) a sequence of L characters. We
seek an injective mapping (codebook) f from char-
acters to length-N atom codes:

f : C → AN , f(c) = α = (a1, . . . , aN ).

Injectivity requires c ̸= c′ ⇒ f(c) ̸= f(c′), and
feasibility requires |C| ≤ KN when each digit has
K candidate atom types. Applying f to x yields a
sequence of L×N atoms.

The key idea of Latom is to learn the atom–
character codebook from data, and this codebook
can be constructed in multiple ways. In this paper,
as one instantiation, we construct f from the corpus
in two steps:

1. Train an HMM on N -repeated sequences and
compute posteriors over hidden states (atoms)
at every time step (§ 3.2).

2. Aggregate these posteriors into scores for
character-code pairs and solve a one-to-one as-
signment via the Hungarian algorithm (§ 3.3).

Figure 1 provides an overview of this process.

3.2 Step 1: Estimating Atom Posteriors with
an HMM

We realize atoms as the hidden states of an HMM
with hidden-state set A and emission characters C.

N -repeated observation:
Given a character sequence x = (c1, . . . , cL) and
code length N , we first form an N -repeated obser-
vation y = Y(x) by repeating each character N
times, similarly to traditional speech recognition
modeling (Rabiner, 2002; Ostendorf et al., 2002).
The observation length is T = NL. For example,

⾃ ⾃ 然 然

a1
a2a3 a1a2

a3b1

b2

b3 b1
b2

b3

…

…

…

…

N-repeated Observations 

Probabilities of hidden states
→corresponding to atoms

a3 b3a3 b2a3 b1…a1 b3a1 b2a1 b1

……………………

…自

…然
……………………

Ch
ar
ac
te
r

Code

Step 1: Score estimation with HMM

Step 2: Code assignment with Hungarian Algorithm

Figure 1: Overview of the proposed method, which com-
bines HMM-based posterior estimation with Hungarian
assignment. Step 1 computes posterior distributions
over hidden states (atoms) from N -repeated observa-
tions. Step 2 assigns each character a fixed-length atom
code via a global one-to-one assignment. The example
shows code assignment with N = 2 and K = 3 under a
periodic partition of states by digit. Red boxes indicate
selected assignments.

with N = 3 and the text “自然言語 (natural lan-
guage),” the repeated observation is “自自自然然
然言言言語語語” with T = 3 × 4 = 12. Re-
peating each character N times allows the model
to associate different latent states with different
contextual roles of the same character, rather than
forcing a single latent representation.

Training and posteriors:
We fit the HMM to the repeated sequences y by
maximum likelihood using the Baum-Welch algo-
rithm (Baum et al., 1970). With trained parameters
θ̂, the model provides posteriors over hidden states
z at each time step t:

γy,t(a) = P (zt = a | y; θ̂).

Let the n-th copy of the l-th character in x corre-
spond to time index t = N(l−1)+n in y = Y(x).
For convenience, we define

γx,n,l(a) := γy=Y(x),t=N(l−1)+n(a).

For example, with the text “自然” as x and N = 3,
γx,n=1,l=2(a) indicates the posterior when the first
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hidden state of the second character (i.e., the first
copy of the second character “然” in the repeated
sequence “自自自然然然”) is a.

We then average posteriors over all occurrences
of a character in the corpus X to obtain the plausi-
bility of atom a at digit n for character c:

qc,n(a) =
1

Mc

∑

x∈X

L∑

l=1

γx,n,l(a)1{cl = c},

Mc =
∑

x∈X

L∑

l=1

1{cl = c}.

Here 1{·} is the indicator function and Mc is the to-
tal number of occurrences of c in the corpus. Note
that the length of each sample in the corpus is
L = |x| and cl is the l-th character in x. This
normalization averages over all occurrences of c
and treats each digit position independently, sum-
marizing how strongly each atom is preferred at a
given code position.

Periodic state partition:
To ensure reversibility, we restrict which atoms can
appear at each digit position n by partitioning the
state set:

A = A1 ∪̇A2 ∪̇ · · · ∪̇AN , |An| = K,

where ∪̇ indicates the disjoint union of atom sets.
For instance, with N = 2 and K = 3, the model
may use A1 = {a0, a1, a2} for the first digit and
A2 = {b0, b1, b2} for the second (see the top of
Figure 1)2. During training, we mask transitions so
that An → An+1 only (with AN+1 ≡ A1), restrict
the initial distribution to A1 and the end distribution
to AN , thereby tying each atom position to a fixed
phase that enables simple decoding and consistency
checks (see §3.4).

3.3 Step 2: Code Assignment with the
Hungarian Algorithm

Given qc,n, we score a character-code pair (c, α),
where α = (a1, . . . , aN ) ∈ A1 × · · · ×AN , by

s(c, α) =

N∑

n=1

log(qc,n(an)).

2In this paper, we denote atoms with two-character sym-
bols formed by concatenating a Latin letter with a digit, e.g.,
a0. The letter prefix indicates the digit position (e.g., a* for
the first slot, b* for the second). One can use any notation if it
ensures clear distinguishability of the digits.

A greedy assignment based on local scores can eas-
ily lead to collisions between characters, whereas
a global assignment explicitly enforces injectivity.
We solve a linear assignment problem to obtain a
one-to-one mapping f : C → A1 × · · · × AN , as
shown at the bottom of Figure 1:

f⋆ = arg max
f injective

∑

c∈C
s
(
c, f(c)

)
. (1)

We apply the Hungarian algorithm to the cost
matrix defined by −s(c, α). Feasibility requires
KN ≥ |C|; any unused codes remain unassigned.

3.4 Encoding and Decoding

Given the learned codebook f , a character se-
quence is encoded by concatenating the codes
f(cl). For example, with the codebook in Figure 1,
the sequence “自然” is encoded as a3 b2 a1 b3.
Note that f cannot encode characters that are not
included in the codebook (i.e., characters not ob-
served in the corpus used for codebook construc-
tion).

Because f is one-to-one and every character
maps to a fixed-length code, decoding proceeds by
reading the atom sequence in blocks of N from the
beginning. The structure A = A1∪̇ · · · ∪̇AN also
allows simple error checks: (i) the sequence length
must be a multiple of N ; and (ii) the atom at ab-
solute position t must belong to A((t−1) mod N)+1.
Violation of either condition flags a decoding error.

4 Intrinsic Evaluation

This section evaluates Latom from an intrinsic per-
spective, focusing on statistical properties indepen-
dent of downstream models. Specifically, we exam-
ine the effects of corpus-dependent atomic encod-
ings on compression efficiency under constrained
vocabularies and on local statistics as reflected by
bigram perplexity.

4.1 Experimental Setup

4.1.1 Dataset
We report experimental results on three languages
(English, German, and Japanese). To control for
cross-lingual content differences, we use a mul-
tilingual Bible corpus which provides parallel or
near-parallel content3. Results on additional lan-
guages are reported in Appendix A.4.

3https://github.com/christos-c/bible-corpus
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|C| K2 K3 K4 K5

English 60 82 43 34 35

German 78 92 53 34 35

Japanese 983 322 103 64 45

Table 2: Minimum values of K for each code length N ,
shown as KN , such that KN ≥ |C|, where |C| is the
character vocabulary size for each language.

2nd digit
b0 b1 b2 b3 b4 b5 b6 b7

1s
td

ig
it

a0 U N T F A B Y W
a1 D C E H O Z G
a2 M I L P S d k !
a3 R e v i ( - u ;
a4 K g , z p :
a5 y J b x w c .
a6 l n t f h a q ?
a7 r ’ j _ o m s )

Table 3: Example learned codebook for English with
N = 2. Rows correspond to first-digit atoms (a0, . . . )
and columns to second-digit atoms (b0, . . . ). For exam-
ple, the character “T” maps to “a0 b2”. Empty cells
indicate unused codes, and “_” denotes the whitespace
character. Rows and columns are permuted for visual-
ization so that similar groups appear adjacent.

4.1.2 Hyperparameters
We consider code lengths N ∈ {1, 2, 3, 4, 5},
where N = 1 corresponds to the original char-
acter sequence. For each N , we choose the small-
est number of atom types per digit, K, such that
KN ≥ |C|, where |C| is the size of the character
vocabulary in the corpus for that language4. For
example, if |C| = 60 for English, we select K = 8
for N = 2 because 82 = 64 ≥ 60. Table 2 summa-
rizes the (N,K) choices.

4.1.3 Baselines
We compare our method, Latom, with three re-
versibly decodable baselines5.

Character: The original character sequence.
This baseline evaluates whether atom-level en-
coding improves tokenization statistics relative to
character-level processing.

Byte: A byte-level representation obtained by
encoding each character in UTF-8 and treating
each byte as an atomic symbol. For English, most

4We selected the smallest K to cover the character vocab-
ulary as a simple and practical choice. Appendix A.3 explores
alternative choices of K with the hyperparameter tuning.

5Appendix A additionally reports the experimental results
with other encoding methods, such as radical, stroke, and
Myte, in Japanese and Chinese datasets.

characters are ASCII, so the byte and character
sequences largely coincide in practice.

Random codebook: For each (N,K), we sam-
ple an injective mapping frand : C → A1 × · · · ×
AN uniformly without replacement under the same
periodic partition, matching our method’s (N,K).
This controls for the effect of code length and al-
phabet size without using corpus statistics.

4.2 Qualitative Analysis
Before the quantitative analysis, we present a
learned codebook and a tokenization trace to il-
lustrate the behavior of the method.

4.2.1 Obtained Codebook
Table 3 shows a codebook obtained by our method
for English with N = 2. The assignment reflects
contexts estimated from HMM transitions. The
first digit often groups characters that share similar
forward contexts, while the second digit groups
characters with similar backward contexts.

For example, some first-digit symbols are shared
by capital letters that frequently occur at sentence
starts (a0 and a1), while the second-digit b7 groups
punctuation that typically occur at sentence bound-
aries. Appendix A.1 shows similar tendencies for
German and Japanese.

These observations indicate that the learned
codes consistently reflect distributional character
contexts, rather than visual or linguistic decom-
position. Intuitively, this increases the frequency
of certain atom bigrams in the encoded sequence,
which later supports more efficient tokenization.

4.2.2 Tokenization Examples
Table 4 shows examples of English text encoded
with the N = 2 codebook shown in Table 3 and
then tokenized. To highlight the difference between
character-level and atom-level encoding, we train
a BPE tokenizer whose vocabulary size |V | equals
the number of character types |C|.

As shown in the table, for |V | = 60, some atoms
remain unmerged (i.e., not concatenated with oth-
ers) and thus cannot be decoded into complete char-
acters. Frequent sequences (e.g., “_the”) tend to
be merged first during BPE training, leaving infre-
quent atom sequences unmerged; thereby allocat-
ing vocabulary capacity to more frequent patterns.
For instance, some capital letters such as “I: (a2,
b1)” and “G: (a1, b6)” are not merged.

We also observe tokens whose boundaries do
not align with character boundaries, for example,

34573



|V | |τ | Code
16 108 a2 b1 a6 b1 a7 b3 a6 b2 a6 b4 a3 b1 a7 b3 a5 b2 a3 b1 a4 b1 a3 b3 a6 b1 a6 b1 a3 b3 a6 b1 a4 b1 a7 b3 a1 b6

a7 b4 a2 b5 a7 b3 a5 b6 a7 b0 a3 b1 a6 b5 a6 b2 a3 b1 a2 b5 a7 b3 a6 b2 a6 b4 a3 b1 a7 b3 a6 b4 a3 b1 a6 b5
a3 b2 a3 b1 a6 b1 a7 b3 a6 b5 a6 b1 a2 b5 a7 b3 a6 b2 a6 b4 a3 b1 a7 b3 a3 b1 a6 b5 a7 b0 a6 b2 a6 b4 a5 b7

20 79 a2 b1 n _a6 b2 a6 b4 e _ a5 b2 e a4 b1 a3 b3 n n a3 b3 n a4 b1 _ a1 b6 a7 b4 a2 b5 _ a5 b6 a7 b0 e a6 b5 a6 b2
e a2 b5 _a6 b2 a6 b4 e _a6 b4 e a6 b5 a3 b2 e n _a6 b5 n a2 b5 _a6 b2 a6 b4 e _ e a6 b5 a7 b0 a6 b2 a6 b4 a5 b7

30 57 a2 b1 n _t h e _a5 b2 e a4 b1 i n n i n a4 b1 _ a1 b6 o d _a5 b6 r e a t e d _t h e _a6 b4 e a a3 b2 e n
_a6 b5 n d _t h e _ e a r t h a5 b7

40 48 a2 b1 n _the _a5 b2 e a4 b1 i n n i n a4 b1 _ a1 b6 o d _a5 b6 r e a t e d _the _h e a a3 b2 e n
_a nd _the _ e a r t h a5 b7

50 43 a2 b1 n _the _a5 b2 e g in n in g _ a1 b6 o d _a5 b6 r e a t e d _the _h e a a3 b2 e n _and _the _ e a r t h a5 b7

60 38 a2 b1 n _the _a5 b2e g in n in g _ a1 b6 o d _a5 b6 re a t e d _the _h e a a3 b2e n _and _the _ e a r th .

60 54 I n _ t h e _ b e g i n n i n g _ G o d _ c r e a t e d _ t h e _ h e a v e n _ a n d _ t h e _ e a r t h .

Table 4: Tokenization example for the opening verse of the English Bible encoded with the N = 2 codebook shown
in Table 3. A BPE tokenizer is trained on the atom sequence with vocabulary size |V | = |C| = 60. Each row
shows the resulting tokenization at that vocabulary size. |τ | denotes the number of tokens in the shown tokenization.
Segments that can be decoded into complete characters are highlighted in red, and “_” marks whitespace. The
bottom row shows character-level tokenization for comparison.

“b2e”. This arises because characters that are of-
ten followed by “e” (such as b or v) share the
same second-digit code (e.g., “b2”, see Table 3), so
mergers can straddle character boundaries. Overall,
these properties reduce the number of tokens rela-
tive to character-level tokenization under the same
vocabulary size.

4.3 Quantitative Analysis

We quantitatively evaluate whether Latom posi-
tively affects the compression efficiency and bi-
gram perplexity. For each language and each N ,
we obtain a codebook on the Bible corpus, encode
the corpus with that codebook, and train a separate
BPE tokenizer6 with a maximum vocabulary size
of 3,000, increasing the budget in steps of 50 and
allowing whitespace-crossing tokens (Kudo and
Richardson, 2018; Kumar and Thawani, 2022; Liu
et al., 2026). We then evaluate (i) token count af-
ter tokenization and (ii) bigram perplexity at each
vocabulary budget. To characterize intrinsic behav-
ior, the same corpus is used for codebook learning,
tokenizer training, and evaluation7.

4.3.1 Compression Performance

Figure 2 shows token-count differences after tok-
enizing the encoded text in the three languages. As
the vocabulary size grows, differences approach
zero, indicating that the effect of the codebook di-
minishes at large budgets. In most settings, the
proposed method outperforms random codebooks.
Atom-level encoding also often outperforms byte-
level encoding, suggesting that corpus-dependent

6Appendix A.2 reports results with unigram tokenizers.
7Appendix A.7 reports the compression performance and

bigram perplexity on unseen datasets.

atom codes are a competitive alternative to bytes
for compression.

At small |V |, both learned and random code-
books yield better compression than the character-
level baseline. For languages with smaller alpha-
bets, larger N can temporarily worsen compression,
while N=2 yields more stable gains; Japanese
shows consistent improvements across N . Over-
all, selecting N relative to |C| (Table 2) is impor-
tant: larger N can hurt compression for small |C|,
whereas appropriate choices of (N, |V |) for the
character vocabulary size yield consistent gains.

4.3.2 Bigram Perplexity
Figure 3 plots the bigram-perplexity difference.
Since the curves are computed on the training cor-
pus, they reflect how the learned codebooks capture
the distribution of frequent atom bigrams.

As the vocabulary size grows, the difference
sometimes dips below zero, especially for smaller
N in English and German. Compared to character-
level representations, atom-level encoding starts
from finer-grained units, which allows frequently
co-occurring longer sequences to be merged more
flexibly during subword learning. This leads to
more stable high-frequency bigrams, contributing
to lower bigram perplexity under constrained vo-
cabulary budgets. With larger N , a wider range
of budgets yields positive differences, indicating
lower perplexity than the character-level baseline.
These results suggest that corpus-dependent atomic
encodings capture local co-occurrence patterns
more effectively than fixed character or byte repre-
sentations, particularly when vocabulary size is lim-
ited. In a few settings, random codebooks exceed
our method, indicating headroom for improved
code-assignment strategies.
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Figure 2: Token-count difference (character-level minus atom-level) across vocabulary sizes. Higher is better;
values above zero (black horizontal line) indicate fewer tokens than the character-level baseline, showing the better
compression performance. The black vertical line marks the character vocabulary size.

Figure 3: Bigram-perplexity difference (character-level minus atom-level) across vocabulary sizes. Higher is better;
values above zero indicate lower perplexity than the character-level baseline. The black vertical line marks the
character vocabulary size.

5 Extrinsic Evaluation

This section investigates the practical impact of
adapting the base encoding when combined with
standard neural models and tokenization pipelines.
In particular, we assess the effects of corpus-
dependent atomic encodings on downstream task
performance (§5.1) and on generation robustness,
as indicated by decoding errors (§5.2).

5.1 Text Classification

5.1.1 Experimental Setup
We use five-class sentiment classification on the
Amazon Reviews corpus (McAuley and Leskovec,

2013; Muennighoff et al., 2023). We chose this
task because it offers comparably sized datasets
in the same domain across six languages: En-
glish, Spanish, German, French, Japanese, and
Chinese. For each language, the training set con-
tains 200,000 reviews, and the validation and test
sets contain 5,000 reviews each, enabling cross-
language comparisons under similar conditions.
We report weighted-F1 (%) on the test set.

We train two standard classification architec-
tures from scratch: a bidirectional LSTM (BiL-
STM) (Hochreiter and Schmidhuber, 1997) and a
Transformer (Vaswani et al., 2017). Training hy-

34575



↑ BiLSTM Transformer
De En Es Fr Ja Zh De En Es Fr Ja Zh

|V
|=

|C
|

Character 61.41 58.99 56.06 57.35 57.23 55.24 48.89 52.22 50.14 50.01 52.27 52.31
Byte 59.52 60.71 56.14 56.88 56.14 54.35 57.49 55.54 53.30 53.30 54.33 53.41
N = 2
Random 62.04 61.36 57.95 57.75 56.59 54.69 57.28 56.59 53.92 54.00 55.08 54.12
Ours 61.26 61.67 57.18 58.00 56.71 54.34 57.59 56.82 54.10 54.56 55.74 54.09
N = 3
Random 60.52 61.53 57.68 57.58 57.05 55.10 57.48 56.63 53.83 54.25 55.06 55.17
Ours 61.11 61.69 57.33 57.87 57.39 55.04 57.40 56.75 53.94 54.51 55.19 54.33

|V
|=

80
00

Character 60.74 61.43 56.51 57.35 56.18 54.74 59.71 59.59 56.04 55.97 54.80 53.49
Byte 59.74 59.43 54.49 56.37 54.65 52.81 59.74 58.59 54.94 54.44 54.30 53.54
N = 2
Random 60.27 60.52 57.05 56.39 55.78 54.45 59.73 59.46 56.25 56.17 55.38 54.32
Ours 60.87 60.46 56.26 57.05 56.04 53.97 60.36 59.79 56.45 56.23 55.31 54.65
N = 3
Random 60.06 60.05 57.02 56.47 56.19 54.24 60.24 59.56 56.55 55.66 55.82 53.71
Ours 60.65 60.08 56.99 56.85 56.07 54.07 60.22 59.71 56.27 56.12 55.47 54.25

Table 5: Text classification results on the Amazon Reviews dataset measured by weighted F1 score (%) using BPE
tokenization. Results for the BiLSTM model are shown on the left and those for the Transformer model on the right.
Scores higher than Character are shown in bold, and scores higher than Byte are underlined.

perparameters are summarized in Appendix B.1.1.
For each run, we select the checkpoint with the best
validation score.

Inputs are first encoded by a codebook and then
tokenized with a BPE tokenizer. We evaluate code-
books with N ∈ {2, 3} under two token vocab-
ulary size setups: (i) vocabulary size parity with
|V | = |C| (as in Table 4), and (ii) a fixed vocabu-
lary size with |V | = 8000 for all languages. Both
setups enable comparisons under matched token
vocabulary sizes across baselines. For each setting,
we report the mean over five random seeds. For
atom-based methods (Ours and Random), a new
codebook is constructed at each run using the task
training data8.

5.1.2 Results

Table 5 summarizes the text classification results.
Under the |V | = |C| setting, Byte often outper-
forms Character, especially with the Transformer,
confirming the benefit of byte-level information
when the token budget is small. Across languages,
models, and vocabulary sizes, Ours is competitive
with Byte and Random, and sometimes outperforms
them depending on the setting. As the vocabulary
size increases, differences between encodings gen-
erally narrow, particularly for European languages,
while subcharacter encodings remain effective for

8Appendix B.3 reports the full experimental results, includ-
ing other encoding methods (i.e., radical, stroke, and Myte),
more vocabulary sizes, and the unigram tokenization.

↓ De En Es Fr Ja Zh
Character 0.00 0.00 0.00 0.00 0.00 0.00
Byte 1.54 0.55 1.23 1.12 11.80 11.50
N = 2
Random 0.14 0.18 0.25 0.17 0.45 0.77
Ours 0.13 0.15 0.23 0.15 0.44 0.66
N = 3
Random 2.31 2.78 3.40 3.07 2.40 2.16
Ours 2.18 2.67 3.00 3.02 2.07 2.11

Table 6: Ratio (%; lower is better) of generated se-
quences that contain at least one decoding error, mea-
sured over 10,000 generations from Transformer lan-
guage models and averaged over five random seeds.
Scores better than Byte are shown in bold, and scores
better than Random are underlined.

languages with larger character inventories (see
the results in Japanese and Chinese in Table 14).
Overall, these results indicate that Latom provides
a viable alternative to byte-level representations
without relying on language-specific inventories.

Finally, Ours typically slightly outperforms Ran-
dom. These consistent yet small gaps suggest room
for improvement in code-assignment strategies.

5.2 Decoding Errors in Generation
5.2.1 Experimental Setup
While introducing subcharacter units can increase
modeling flexibility, it also raises the risk of pro-
ducing invalid or undecodable outputs during gen-
eration (Firestone et al., 2025). We therefore train
Transformer language models on the Amazon Re-
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views training split and measure the fraction of
generated sequences that contain at least one un-
decodable fragment. Concretely, we define a de-
coding error as the failure to map a generated atom
sequence back to a valid character under the N -
digit codebook (i.e., no complete N -digit code is
formed or a forbidden interface occurs).

We use the |V | = |C| setup from §5.1 to keep
the token budget tight and encourage generation
with subcharacter tokens. After training for up to
20 epochs, we select the best checkpoint by vali-
dation perplexity, then generate 10,000 sequences
with a maximum length of 64 tokens. Starting
tokens are drawn uniformly at random from the
vocabulary. We then compute the proportion of
sequences that include any decoding error.

5.2.2 Results

Table 6 reports decoding-error rates for each en-
coding. As expected, Character yields zero errors,
while Byte shows non-zero errors due to incomplete
or misaligned byte fragments. With atom-level
encodings, both Random and Ours at N=2 con-
sistently reduce decoding errors relative to Byte.
For Japanese and Chinese, which typically use
three-byte UTF-8 representations, N=3 also out-
performs Byte. Overall, Ours is consistently better
than Random, indicating that the HMM+Hungarian
code assignment helps reduce decoding errors com-
pared to uninformed random codebooks.

6 Conclusion

This paper introduces Latom, a framework for
learning corpus-dependent, reversible subcharac-
ter encodings by assigning each character a fixed-
length sequence of atoms. Using an HMM-guided
scoring procedure and a Hungarian assignment,
we construct an injective codebook with explicit
control over code complexity. Experiments demon-
strate that these encodings capture contextual regu-
larities, improve intrinsic metrics across multiple
languages, and yield gains in downstream tasks
such as classification and generation robustness.
These results suggest that base text representations,
such as UTF-8 bytes, can be treated as learnable,
corpus-sensitive design choices while remaining
compatible with standard tokenization pipelines.

Latom is not tied to the specific HMM-based
instantiation used in this work. More generally, it
defines a framework for learning character–code
mappings from corpus statistics, and alternative

scoring and assignment strategies may yield im-
proved codebooks. For example, task-aware objec-
tives could replace HMM-based scoring to better
align the encoding with downstream tasks. Our
results also show that random assignments can oc-
casionally outperform the current implementation,
indicating room for improvement in codebook con-
struction. Future work will explore more effective
instantiations of Latom along this direction.
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Limitations

We present a corpus-dependent view of subcharac-
ter encodings but acknowledge several limitations
and avenues for follow-up work.

Methodological limitations

• Stochastic code assignment: Our method
assigns codes using HMM posteriors, so dif-
ferent random seeds can yield different code-
books and, in rare cases, noticeably worse
performance.

• Unseen characters: The model cannot assign
codes to characters absent from the training
corpus. This could be mitigated by covering
likely characters during codebook training.

• Interpretability at larger N : While the
method allows larger N , codes with N ≥ 3
may be harder to interpret. Designing human-
interpretable interfaces or analysis tools for
atom sequences is an interesting direction.

• Corpus-dependent, but not task-dependent:
The proposed codebooks are learned from raw
text statistics of a given corpus and are ag-
nostic to downstream tasks. While this design
keeps the encoding simple and reusable across
tasks within the same domain, task-specific
objectives could potentially yield more spe-
cialized codebooks. Exploring task-aware or
jointly optimized encodings is left for future
work.

Experimental limitations

• Explored code space: Although the frame-
work supports large (N,K), our experiments
focus on N=2. . .5 and the smallest K that
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covers each character set. Extremely redun-
dant settings (e.g., N=10, K=100) were
excluded because they degraded compres-
sion and n-gram perplexity. It remains open
whether such redundancy could help certain
downstream models, especially in multilin-
gual transfer.

• Variable-length codes: The method can, in
principle, assign variable-length codes by
character type (e.g., N=2 for Latin letters
and N=3 for Chinese characters). We did not
evaluate this setting because heterogeneous
lengths increased decoding errors in prelimi-
nary tests, similar to byte-level behavior. Con-
strained decoding or interface-aware language
models may alleviate this.

• Scope of datasets and tasks: To isolate cross-
lingual effects, we chose balanced datasets
with similar domains. Broader evaluations are
left for future work, such as machine transla-
tion, speech-to-text pipelines, or pretraining
large language models. Regarding scalability
to large language modeling, we note that the
intrinsic analysis using bigram perplexity and
the decoding-error analysis in the extrinsic
evaluation provide model-agnostic indicators
that are directly relevant to language modeling
behavior.

• Random vs. learned assignments: In some
settings, random atom assignments outper-
form our HMM+Hungarian approach. We
view this as evidence that there is headroom
for alternative objectives and search strate-
gies. Identifying codebooks targeted to spe-
cific goals (compression, robustness, or task
accuracy) is a promising next step.
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A Supplemental Information of Intrinsic
Evaluation

A.1 Codebook Examples in German and
Japanese

In §4.2.1, we focused on the English codebook.
Here, Table 8 and Table 7 present examples of N =
2 codebooks obtained with the proposed method in
Japanese and German, respectively.

As in the English codebook, punctuation sym-
bols in the German codebook tend to share the same
second digit, reflecting similar backward contexts.
Even in Japanese, despite the much larger character
inventory, punctuation marks such as “。” and “、”
are assigned to the same column (b31), indicating
highly similar right-contexts. These observations
suggest that the proposed method assigns codes in
a consistent manner across languages.

In addition, the Japanese codebook clusters some
syntactic particles in the same row. For example,
“で” and “を” are both assigned to row a14, where
characters that typically follow nouns are concen-
trated. While characters with similar meanings are
occasionally assigned to the same row or column,
such as “星” (star) and “月” (moon) in row a1, we
do not observe strong clustering based on visual
radicals or pronunciations. Instead, the codebooks
primarily reflect character-level forward and back-
ward contexts and syntactic roles.

A.2 Unigram Tokenizer
Figure 2 and Figure 3 in §4.3 report results obtained
with the BPE tokenizer. This subsection presents
corresponding results obtained with the unigram
tokenizer in Figure 4 and Figure 5.

Relative to BPE, the performance gap between
Random and Ours is narrower under unigram tok-
enization. Nevertheless, the overall trends remain
consistent: Character-level encodings are gener-
ally outperformed by subcharacter-level encodings,
including atom-level representations.
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Figure 4: Token-count difference with the unigram tokenizer. Higher is better.

Figure 5: Bigram-perplexity difference with the unigram tokenizer. Higher is better.

A.3 Larger K with English Bible

In the main body of this paper, we used the smallest
value of K that covers all characters in the corpus.
This choice reflects a practical setting in which
extensive hyperparameter tuning is undesirable. In
this subsection, we explore larger values of K that
introduce redundant code capacity.

We focus on the English Bible corpus with N =
2, where we originally used K = 8 to cover 60
characters. We additionally construct codebooks
with K ∈ {9, . . . , 15}. For example, when K =
15, the codebook has a capacity of KN = 152

codes, providing 165 unused codes beyond those
required for the observed character set.

Table 9 shows the codebook obtained with K =
15. The overall structure is similar to that of the
K = 8 codebook in Table 3. Uppercase and low-

ercase letters are grouped into distinct ranges of
first-digit symbols (i.e., a0 to a5 and a6 to a13, re-
spectively), and punctuation symbols are clustered
into the same second-digit group (i.e., b12). In ad-
dition, the second-digit symbols b13 and b14 are
unused, indicating that K = 15 provides sufficient
capacity for this corpus.

Figure 6 shows token-count differences across
values of K. Performance improves steadily for
K = 9 and K = 10, while Figure 7 shows further
improvements in bigram perplexity for K = 11
and K = 12. For clarity, Figure 8 summarizes both
token count and bigram perplexity at |V | = 1500.
These results suggest that suitable combinations of
K and N can be selected based on corpus charac-
teristics and language.

34581



2nd digit
b0 b1 b2 b3 b4 b5 b6 b7 b8

1s
td

ig
it

a0 ; 4 s N 8 t 6 Ü 2
a1 , i q K 1 ß G 5 z
a2 . b P ö O o c F
a3 ) ü k v S W Ö l M
a4 x j 7 I T L C g
a5 ? Z R - H p : a ä
a6 ’ r u h 0 V y n
a7 ! B Q w E m f e J
a8 Ä 9 _ U D ( d A 3

Table 7: Example learned codebook for German with
N = 2. Empty cells indicate unused codes, and “_”
denotes the whitespace character.

Figure 6: Token-count difference across values of K
with N = 2 in the English Bible. Higher is better; val-
ues above zero indicate fewer tokens than the character-
level baseline.

Figure 7: Bigram-perplexity difference across values of
K with N = 2 in the English Bible. Higher is better;
values above zero indicate lower perplexity than the
character-level baseline.

A.4 In More Languages

For readability, §4 focuses on three languages: En-
glish, German, and Japanese. To examine whether
the observed trends generalize beyond these set-

Figure 8: Token count (left y-axis) and bigram perplex-
ity (right y-axis) across values of K at |V | = 1500.

tings, Figure 9 and Figure 10 report text compres-
sion and bigram perplexity results obtained with
BPE tokenizers across 11 languages.

A.5 Multilingual Setup

The intrinsic evaluation (§4) focuses on monolin-
gual settings. However, purely monolingual cor-
pora are rare in practical applications. This subsec-
tion reports results from multilingual setups con-
structed by merging Bible corpora from two lan-
guages.

The first setup concatenates English and German,
where the two languages share many characters
and have relatively balanced vocabulary sizes. The
second setup concatenates English and Japanese,
where the languages do not share alphabets and the
vocabulary sizes are highly imbalanced.

Figure 11 and Figure 12 report token-count and
bigram-perplexity differences in these multilingual
settings. In the English–German setup, the results
exhibit characteristics of both English and German
observed in the monolingual experiments. Notably,
we observe a stable improvement in bigram per-
plexity with the proposed method, which is less
pronounced in the monolingual setting.

In contrast, results in the English–Japanese setup
are largely influenced by Japanese, reflecting the
larger character inventory. This observation sug-
gests that codebook structure in multilingual set-
tings can be dominated by the language with the
larger character set.

A.6 Experiments with Additional Encoding
Methods

A.6.1 Methods
In addition to the three baselines described in
§4.1.3, we consider three additional encoding meth-
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2nd digit
b0 b1 b2 b3 b4 b5 b6 b7 b8 b9 b10 b11 b12 b13 b14 b15 b16 b17 b18 b19 b20 b21 b22 b23 b24 b25 b26 b27 b28 b29 b30 b31

1s
td

ig
it

a0 至 刻 長 臨 支 預 リ 訓 素 姿 肉 証 施 首 忘 深 争 霊 北 雨 断 完 処 隊 設 奴 港 や

a1 角 逆 際 薬 償 都 会 樹 変 月 知 矢 命 ボ 沸 離 星 茎 ろ 言 久 平 囚 は 子 別 探 る 肥 養 泉

a2 否 類 嫌 得 器 小 」 位 務 叫 飢 束 風 木 努 礼 土 給 え 音 鎖 舟 連 じ 煙 量 黄 ニ 嘆 酔 れ

a3 袋 孫 並 常 ラ ヨ 黒 番 神 淵 逃 故 ヘ 君 激 ヂ 時 全 次 家 力 ル 昼 記 鼓 後 ソ 水 す 射

a4 承 由 気 ど 騎 国 飲 敵 馬 狡 マ 紐 切 折 農 情 糧 ハ 送 求 表 黙 世 高 占 千 陸 確 末 多 十

a5 継 嗣 更 ユ 輪 羊 イ 他 姉 葬 ゾ 明 刃 金 収 ヒ パ 恨 初 賜 誠 囲 頭 ザ 侍 ガ 入 娘 夜 乳

a6 許 も 召 灌 財 怒 』 姦 疲 永 申 細 能 昨 加 留 撃 天 横 帰 骨 岸 立 ら 配 ・ 管 注 裸 べ プ

a7 放 サ 鉄 西 惑 幅 母 訴 婆 勧 銀 認 暮 期 職 信 暑 復 法 大 先 率 花 死 経 威 欠 柔 難 田 芽 泣

a8 組 走 畑 鳥 万 尽 し 傾 暴 元 異 買 三 豊 色 砕 災 破 隠 緒 め 準 武 穀 息 汗 半 福 路 移 回

a9 招 衰 考 火 略 試 治 弟 救 結 夢 び 妻 煮 贈 思 温 男 露 酬 誕 休 督 霜 洩 喪 基 共 去 度 戸

a10 疫 狩 限 本 あ 右 て 笛 裕 ネ 成 攻 役 鍛 郷 空 盟 替 苦 楽 歯 解 服 墓 麦 腰 選 糸 嫁 ジ 扱 携

a11 創 終 周 師 裂 理 『 沈 達 海 与 へ 仰 換 部 雲 造 置 腕 刈 レ 野 額 地 強 焼 食

a12 六 コ 涼 ロ 制 惜 公 齢 宝 御 減 増 取 オ 唱 面 牧 陪 葦 議 歳 杯 再 緋 計 ケ 安 わ 及

a13 悪 グ 咲 止 兵 九 作 陣 浮 う 声 氏 誤 巻 照 衣 旅 参 同 間 指 統 ホ 幼 麻 栄 閉 付 尋 捕 互

a14 形 受 粉 守 潔 特 で 印 盾 り 肩 園 胎 蜜 襲 責 ァ 女 を よ 方 話 ン 耕 向 抱 暗 姻 草 汁 聖 浪

a15 遠 非 根 穂 不 決 炎 新 消 術 穫 二 穏 猾 恐 陰 事 盗 雇 左 弓 ざ 諸 川 呼 燔 違 砂 ぎ 何 授

a16 無 王 促 血 雄 自 ャ 戦 執 相 洗 納 出 央 請 醜 語 訳 笑 遊 種 石 用 上 布 ペ 退 幾 寝 打 。 住

a17 乗 ミ 行 飾 春 祖 慕 豆 交 七 か そ デ 「 屋 白 塚 婦 祭 営 痛 光 料 築 ダ 厚 弱 滅 五 邦 ベ

a18 丘 端 晴 重 当 拠 群 流 ご 季 欺 医 ぬ 四 除 望 最 始 バ 悩 発 魚 ず 油 第 に 漂 枝 掛 図 ぜ

a19 這 琴 業 虐 渡 軽 供 進 境 憶 困 真 壇 ゴ 階 迷 頂 生 被 調 拝 残 意 ト 使 眠 有 答 柱 泊

a20 穴 過 覧 々 育 働 顧 驚 盛 待 代 顔 場 保 罪 ふ 葉 勝 活 ば 果 忍 見 対 隔 ブ 太 週 問 好 幻 味

a21 偽 メ 騒 が 年 皮 セ 衛 原 伸 カ ナ 満 朝 腹 投 報 着 け 荒 ュ 兄 ク 老 熟 正 寒 こ 埋

a22 戯 悔 下 前 絶 権 所 汚 赤 硫 託 動 避 従 可 恵 近 荷 獣 飛 来 外 隷 拒 祈 殺 ド せ 産 名 垂 富

a23 要 告 源 張 ズ 振 寄 愚 貨 憎 畜 道 軍 毎 象 触 害 慰 げ ひ 魔 犠 建 灰 塩 持 き 良 通 、 お

a24 裏 犯 塗 づ 井 妹 誓 目 牲 免 府 谷 町 病 届 悲 包 タ 幕 起 集 親 押 岩 浜 飼 ツ 分 の 傷 割

a25 亜 ぐ ゲ 系 沿 フ 巧 賢 恋 村 南 忌 ん 整 ゅ な む 酒 少 身 凝 諾 ゆ 列 銅 獲 足 ヅ 東 者 冬

a26 差 散 節 祝 体 棺 つ 幸 途 歩 鉢 ギ 赴 倉 ム さ 引 備 運 掘 ま 物 日 助 士 聞 品 約 た 実 青

a27 勢 ぶ 辞 価 魂 数 善 負 植 領 乱 ピ ポ 伏 宿 キ 友 失 ョ ウ 戒 述 潤 香 官 恥 一 ぞ ほ 契

a28 越 現 伝 美 皆 捨 合 縛 耳 門 ス 筋 寡 開 奪 讐 窓 シ 脱 売 返 以 歌 浸 塔 内 労 監 毛 払 勇

a29 エ み 憤 箱 ビ 急 ゼ 費 夏 今 若 ぼ ヤ 獄 示 願 続 ノ 虜 チ ア ッ 夕 載 洪 父 彼 ょ 主

a30 ワ 巡 練 必 翼 仕 人 淫 心 雌 八 捜 倍 く 導 車 清 義 禁 愛 儀 迎 だ 山 夫 と 手 早 迫 広 席 商

a31 落 モ 喜 降 婚 中 民 口 吹 震 覚 っ 昔 床 任 定 ね 百 牛 鼻 罰 い 低 族 頼 司 益 ち 追 猟 テ

Table 8: Example learned codebook for Japanese with N = 2. Empty cells indicate unused codes.

2nd digit
b0 b1 b2 b3 b4 b5 b6 b7 b8 b9 b10 b11 b12 b13 b14

1s
td

ig
it

a0 F T M U S H W Y B N I A
a1 E G O C
a2 K L
a3 Z D
a4 P ?
a5 R
a6 j x p e b !
a7 z m a i y w _
a8 u J n t )
a9 h d c ;
a10 v q - f :
a11 l r s ( ,
a12 g o
a13 k
a14 .

Table 9: Example learned codebook for English with N = 2 and K = 15. Empty cells indicate unused codes, and
“_” denotes the whitespace character.

ods for comparison.

Radical Chinese characters can be decomposed
into meaningful components known as radicals.
For example, “海” (sea) consists of “氵” (water)
and “毎” (every). Radicals are sometimes used as
subcharacter features in Chinese and Japanese NLP.
Accordingly, we compare the proposed method
with radical-level encoding. We use the CHISE-
IDS dictionaries9 to decompose characters in the
Chinese and Japanese datasets into their smallest
radical components.

Stroke Beyond radical-level representations, Chi-
nese characters can also be expressed as sequences

9https://www.chise.org/ids/

of strokes. For example, “大” can be represented as
“一ノ乀”. We include stroke-level encoding as an-
other existing subcharacter representation. Stroke
directions are extracted from an open-source dic-
tionary10.

MYTE In addition to subcharacter-based ap-
proaches, we also consider recent work that pro-
poses alternatives to byte-level encoding. We select
MYTE (Limisiewicz et al., 2024) as a representa-
tive method. We use the official MYTE implemen-
tation to encode the raw text11.

10https://www.skishore.me/makemeahanzi/
11https://github.com/tomlimi/MYTE/
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A.6.2 Experimental Results

Figure 13 and Figure 14 show token-count and
bigram-perplexity results for Japanese and Chi-
nese. Stroke-level decomposition performs poorly
on both metrics, while radical-level encoding some-
times achieves lower bigram perplexity than the
proposed method. In contrast, the proposed method
consistently yields the smallest token counts, high-
lighting the importance of selecting encoding strate-
gies that align with corpus statistics. MYTE also
performs well in terms of bigram perplexity in both
languages.

A.7 Intrinsic Evaluation on Unseen Dataset

The intrinsic evaluation in §4 constructs and evalu-
ates codebooks on the same corpus, which is suf-
ficient for analyzing the basic behavior of the pro-
posed method. However, evaluating performance
on unseen data is also important. Accordingly, we
conduct additional experiments on the Amazon Re-
views dataset introduced in §5.

In this subsection, we construct codebooks with
N ∈ {2, 3} and the smallest feasible K using the
training split of the Amazon dataset. We then eval-
uate compression performance and bigram perplex-
ity on the validation split, considering vocabulary
sizes |V | ∈ {|C|, 8000, 16000, 24000, 32000}.

Figure 15 reports token counts after tokeniza-
tion. Consistent with the intrinsic evaluation, all
subcharacter-level methods reduce token counts un-
der the |V | = |C| setting. The code-based methods
(Ours and Random) generally outperform character-
and byte-level encodings, except for Japanese and
Chinese when N = 2.

Figure 16 reports bigram perplexity after tok-
enization. Across languages, perplexity decreases
as |V | increases. The proposed method performs
stably better than character- and byte-level encod-
ings for |V | ≥ 16000. These results suggest that
corpus-dependent atomic encodings generalize be-
yond the training corpus and remain effective on
unseen data.

B Supplemental Information of Extrinsic
Evaluation

B.1 Hyperparameters

This section provides detailed information on the
hyperparameters used in §5.

|C| K2 K3

English (En) 302 182 73

Spanish (Es) 275 172 73

German (De) 403 212 83

French (Fr) 375 202 83

Japanese (Ja) 4169 652 173

Chinese (Zh) 5565 752 183

Table 10: Minimum values of K for each code length
N such that KN ≥ |C| in the Amazon Reviews dataset.

B.1.1 Text Classification
Table 10 lists the values of K used in the experi-
ments. We selected the minimum K that covers all
characters in the training dataset.

For the BiLSTM classifier, we used a three-layer
bidirectional LSTM followed by a linear layer. A
sentence representation is obtained by applying
max pooling over all time steps to the output of the
linear layer. The resulting sentence vector is then
passed to another linear layer for label prediction.
During training, we applied dropout with p = 0.5.

For the Transformer classifier, we used a three-
layer Transformer encoder with four attention
heads. As with the BiLSTM classifier, a sentence
vector is obtained via max pooling and passed to
a linear layer to compute label probabilities. The
maximum input length was set to 5,000 tokens,
which was sufficient for all samples in the training,
validation, and test splits. We applied dropout with
p = 0.2.

For both architectures, the token embedding size
and hidden state size were set to 256. We used the
Adam optimizer (Kingma, 2014) with a learning
rate of 0.001 for the BiLSTM classifier and 0.0001
for the Transformer classifier.

B.1.2 Language Modeling
We used a four-layer Transformer decoder with
four attention heads and an embedding size of 256.
During training, we used training sequences of
length 128 tokens. The language model was trained
with AdamW (Loshchilov and Hutter, 2017) using
a learning rate of 0.0003.

During text generation, we used a temperature
of 1.0 with top-50 sampling.

B.2 Implementation Details
All experimental code was implemented in Python.
We used pomegranate for HMM training and
scipy for the Hungarian algorithm. Neural net-
work models were implemented using PyTorch.
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All experiments were conducted on NVIDIA
A40 GPUs in a cloud environment. The total GPU
cost for the experiments was approximately USD
2,400, most of which was incurred by the text clas-
sification experiments with multiple configurations.

The runtime of the proposed method depends on
the size of the input corpus and the values of N
and K. For code assignment on the English Bible
corpus, the process took less than three minutes.
For the Amazon Reviews dataset, code assignment
required approximately 1.5 hours.

B.3 Completed Experimental Results of Text
Classification

The baselines in Table 5 focus on three decod-
able encoding methods and a limited set of vo-
cabulary sizes. This subsection extends the com-
parison to additional encoding methods described
in §A.6.1, namely radical, stroke, and MYTE,
and to a wider range of vocabulary sizes (|V | ∈
{8000, 16000, 32000}). In addition, we report re-
sults obtained with the unigram tokenizer and with-
out tokenization.

Table 14 and Table 15 present the complete text
classification results with BPE and unigram to-
kenizers, respectively. Across both tokenization
methods, similar trends are observed: the proposed
method tends to improve performance in European
languages at smaller vocabulary sizes, while im-
provements are more pronounced at larger vocabu-
lary sizes for Chinese and Japanese.

Table 11 reports results obtained without tok-
enization. Because decomposition-based encod-
ings substantially increase input length (e.g., N =
3 increases sequence length by a factor of three),
Transformer-based classifiers often encounter out-
of-memory errors. We therefore report results only
for the BiLSTM classifier in this setting.

Overall, the results without tokenization exhibit
trends similar to those observed with tokenizers.
Classifiers that incorporate subcharacter informa-
tion, including the proposed method, tend to per-
form better in European languages under smaller
vocabulary sizes.

B.4 Standard Deviation
For all extrinsic evaluation results, we report the
standard deviation over five runs. Table 16, Ta-
ble 17, and Table 12 report standard deviations for
text classification results. In addition, Table 13 re-
ports standard deviations for decoding error rates.

↑ BiLSTM
De En Es Fr Ja Zh

W
/O

To
ke

ni
ze

r

Character 60.42 59.82 56.11 56.74 56.71 53.87
Byte 60.64 59.97 57.44 56.28 55.24 54.03
Myte 60.63 60.43 56.67 57.10 54.75 53.08
Radical - - - - 55.37 54.42
Stroke - - - - 54.32 50.16
N = 2
Random 61.14 60.75 57.11 57.23 55.78 54.17
Ours 60.56 61.17 57.11 57.52 56.55 54.41
N = 3
Random 61.07 60.63 57.26 56.67 55.49 54.42
Ours 61.06 60.66 56.81 57.29 56.03 54.34

Table 11: Text classification results without tokenization.
Scores higher than Character are shown in bold, and
scores higher than Byte are underlined.

↑ BiLSTM
De En Es Fr Ja Zh

W
/O

To
ke

ni
ze

r

Character 0.60 0.52 0.29 0.71 0.34 0.74
Byte 0.96 0.69 0.45 0.66 0.31 0.52
Myte 0.43 0.51 0.37 0.23 0.32 0.42
Radical - - - - 0.37 1.14
Stroke - - - - 0.71 0.74
N = 2
Random 0.50 0.49 0.54 0.16 0.38 0.35
Ours 0.28 0.38 0.55 0.34 0.50 0.65
N = 3
Random 0.59 0.28 0.79 0.45 0.33 0.57
Ours 0.51 0.38 0.35 0.45 0.30 0.47

Table 12: Standard deviation corresponding to Table 11.

± En Es De Fr Ja Zh
Character 0.00 0.00 0.00 0.00 0.00 0.00
Byte 0.04 0.07 0.11 0.05 0.06 0.11
N = 2
Random 0.03 0.13 0.04 0.03 0.05 0.10
Ours 0.05 0.09 0.10 0.06 0.03 0.14
N = 3
Random 0.21 0.18 0.35 0.16 0.35 0.22
Ours 0.18 0.32 0.28 0.52 0.35 0.20

Table 13: Standard deviation corresponding to Table 6.
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↑ BiLSTM Transformer
De En Es Fr Ja Zh De En Es Fr Ja Zh

|V
|=

|C
|

Character 61.41 58.99 56.06 57.35 57.23 55.24 48.89 52.22 50.14 50.01 52.27 52.31
Byte 59.52 60.71 56.14 56.88 56.14 54.35 57.49 55.54 53.30 53.30 54.33 53.41
Myte 60.33 60.36 56.53 56.30 55.15 54.08 56.26 55.44 52.91 52.96 51.82 52.68
Radical - - - - 55.15 54.08 - - - - 51.82 52.68
Stroke - - - - 54.69 51.89 - - - - 53.09 50.50
N = 2
Random 62.04 61.36 57.95 57.75 56.59 54.69 57.28 56.59 53.92 54.00 55.08 54.12
Ours 61.26 61.67 57.18 58.00 56.71 54.34 57.59 56.82 54.10 54.56 55.74 54.09
N = 3
Random 60.52 61.53 57.68 57.58 57.05 55.10 57.48 56.63 53.83 54.25 55.06 55.17
Ours 61.11 61.69 57.33 57.87 57.39 55.04 57.40 56.75 53.94 54.51 55.19 54.33

|V
|=

80
00

Character 60.74 61.43 56.51 57.35 56.18 54.74 59.71 59.59 56.04 55.97 54.80 53.49
Byte 59.74 59.43 54.49 56.37 54.65 52.81 59.74 58.59 54.94 54.44 54.30 53.54
Myte 58.28 60.37 55.81 56.12 55.23 53.25 59.13 58.85 55.65 55.64 51.88 51.42
Radical - - - - 55.23 53.25 - - - - 51.88 51.42
Stroke - - - - 55.45 51.28 - - - - 53.40 50.67
N = 2
Random 60.27 60.52 57.05 56.39 55.78 54.45 59.73 59.46 56.25 56.17 55.38 54.32
Ours 60.87 60.46 56.26 57.05 56.04 53.97 60.36 59.79 56.45 56.23 55.31 54.65
N = 3
Random 60.06 60.05 57.02 56.47 56.19 54.24 60.24 59.56 56.55 55.66 55.82 53.71
Ours 60.65 60.08 56.99 56.85 56.07 54.07 60.22 59.71 56.27 56.12 55.47 54.25

|V
|=

16
00

0

Character 58.62 60.12 55.60 56.31 56.19 54.15 59.50 58.84 55.97 56.36 55.59 53.56
Byte 58.98 58.11 55.71 54.20 54.50 52.68 58.76 58.59 56.40 54.38 53.49 52.37
Myte 59.13 59.06 54.58 54.72 53.90 53.41 58.95 58.44 55.13 54.91 51.50 51.82
Radical - - - - 53.90 53.41 - - - - 51.50 51.82
Stroke - - - - 54.88 50.19 - - - - 52.18 51.62
N = 2
Random 59.54 59.49 55.65 55.87 55.61 53.30 58.82 59.23 55.70 56.04 54.93 53.29
Ours 60.33 59.48 55.99 55.57 55.35 54.13 59.75 59.71 56.19 56.04 55.40 53.94
N = 3
Random 58.84 59.45 55.21 54.83 55.07 53.63 59.75 59.47 56.03 55.78 55.41 53.68
Ours 60.58 59.47 55.23 55.58 55.52 53.66 59.37 59.01 56.84 56.50 55.68 53.71

|V
|=

32
00

0

Character 59.15 59.58 54.85 54.42 54.43 51.59 58.75 58.00 56.42 55.52 54.06 53.22
Byte 58.26 57.86 55.31 53.90 52.93 51.35 57.79 58.11 54.85 53.36 54.03 52.82
Myte 57.92 58.68 53.65 53.89 55.21 52.81 57.94 58.37 54.77 54.28 51.83 52.57
Radical - - - - 55.21 52.81 - - - - 51.83 52.57
Stroke - - - - 53.76 50.56 - - - - 51.92 51.34
N = 2
Random 58.45 58.85 55.09 55.13 55.07 53.11 58.31 58.74 55.37 54.85 55.20 53.18
Ours 58.68 58.48 54.10 55.30 55.04 53.60 58.85 59.07 55.53 55.34 54.75 53.42
N = 3
Random 58.69 58.83 54.35 54.82 54.92 52.68 57.98 58.51 54.95 55.02 53.63 53.30
Ours 58.61 58.75 54.07 54.96 54.19 53.35 59.47 59.24 55.45 55.68 55.32 53.89

Table 14: Text classification results on the Amazon Reviews dataset measured by weighted F1 score (%) using BPE
tokenization. Results for the BiLSTM model are shown on the left and those for the Transformer model on the right.
Scores higher than Character are shown in bold, and scores higher than Byte are underlined.
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↑ BiLSTM Transformer
De En Es Fr Ja Zh De En Es Fr Ja Zh

|V
|=

|C
|

Character 61.41 58.99 56.06 57.35 57.23 55.24 48.89 52.22 50.14 50.01 52.27 52.31
Byte 59.75 60.96 56.80 56.34 57.04 54.73 55.71 55.85 52.15 53.43 54.48 52.55
Myte 60.60 60.86 57.00 55.62 55.40 53.04 56.20 56.27 53.18 53.21 52.18 50.87
Radical - - - - 55.40 53.04 - - - - 52.18 50.87
Stroke - - - - 56.14 54.45 - - - - 52.33 53.23
N = 2
Random 61.68 61.40 57.83 57.59 56.99 54.17 57.48 56.90 53.84 54.20 55.20 53.94
Ours 61.38 61.64 57.92 57.59 56.37 54.37 57.48 57.63 53.89 54.24 55.32 54.01
N = 3
Random 60.90 61.73 57.21 57.47 57.14 54.77 57.10 56.95 53.38 54.01 55.92 53.49
Ours 60.92 61.54 57.69 57.50 57.85 54.39 57.29 57.55 53.89 54.53 55.96 54.41

|V
|=

80
00

Character 60.52 60.36 56.78 56.71 56.90 54.33 60.10 60.09 56.29 56.98 56.38 53.39
Byte 60.23 60.26 56.54 56.42 56.20 53.46 59.85 59.07 56.28 56.62 54.67 54.12
Myte 60.59 59.71 55.42 56.49 56.19 53.35 59.45 59.50 55.62 56.16 51.82 51.60
Radical - - - - 56.19 53.35 - - - - 51.82 51.60
Stroke - - - - 55.56 52.55 - - - - 52.55 53.45
N = 2
Random 60.81 61.41 57.46 56.84 56.74 53.91 60.74 59.01 57.00 56.61 55.49 53.86
Ours 61.07 61.29 57.24 57.58 57.01 53.80 60.41 60.68 57.53 56.93 55.73 54.09
N = 3
Random 60.12 60.56 56.78 56.74 56.48 54.17 59.75 59.90 56.55 56.21 55.30 53.65
Ours 60.72 60.47 57.08 56.89 56.55 54.58 60.29 60.41 57.15 57.06 55.94 54.60

|V
|=

16
00

0

Character 59.68 60.00 55.30 55.35 55.00 53.50 59.61 58.49 56.70 55.76 55.75 52.68
Byte 58.86 58.36 55.36 56.06 54.29 53.51 59.55 59.18 56.05 53.96 54.21 53.68
Myte 59.17 59.30 55.79 52.91 55.24 53.85 59.63 59.41 57.05 55.38 51.91 51.97
Radical - - - - 55.24 53.85 - - - - 51.91 51.97
Stroke - - - - 55.35 53.06 - - - - 51.85 52.80
N = 2
Random 59.29 59.99 56.24 56.73 55.73 53.55 60.34 59.50 56.50 56.24 55.27 53.21
Ours 60.24 59.65 56.03 56.42 56.16 53.90 60.25 59.80 56.65 56.74 55.23 54.29
N = 3
Random 60.16 59.85 56.23 55.60 55.72 53.70 59.56 58.75 56.67 56.32 54.99 54.03
Ours 59.34 59.90 56.15 56.04 55.38 53.88 59.66 60.31 56.32 56.30 55.07 53.46

|V
|=

32
00

0

Character 59.33 58.24 55.41 54.95 55.03 52.29 58.76 59.30 55.61 54.99 54.62 52.27
Byte 57.24 58.87 53.73 53.96 53.95 52.67 58.89 58.54 55.82 55.11 54.22 52.07
Myte 58.05 58.76 56.40 54.36 55.37 54.42 59.18 58.66 54.84 54.29 50.84 51.95
Radical - - - - 55.37 54.42 - - - - 50.84 51.95
Stroke - - - - 53.95 52.59 - - - - 52.18 53.01
N = 2
Random 59.10 58.33 56.05 54.80 54.91 52.46 59.29 58.71 55.36 55.68 53.68 52.99
Ours 59.11 58.53 55.38 56.18 55.21 53.43 59.17 58.90 55.49 55.65 55.01 54.04
N = 3
Random 58.95 59.26 55.02 55.08 54.95 52.52 58.72 59.27 55.31 55.88 53.42 53.46
Ours 58.98 59.57 55.16 55.79 54.17 53.18 59.50 59.25 55.99 55.65 54.25 52.77

Table 15: Text classification results on the Amazon Reviews dataset measured by weighted F1 score (%) using
unigram tokenization. Results for the BiLSTM model are shown on the left and those for the Transformer model on
the right. Scores higher than Character are shown in bold, and scores higher than Byte are underlined.
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↑ BiLSTM Transformer
De En Es Fr Ja Zh De En Es Fr Ja Zh

|V
|=

|C
|

Character 0.36 0.03 0.19 0.34 0.32 0.74 0.33 0.42 0.69 0.56 0.19 0.25
Byte 0.30 0.35 0.06 0.30 0.79 0.68 0.29 0.55 0.25 0.29 0.20 0.27
Myte 0.21 0.25 0.19 0.19 0.30 0.21 0.24 0.05 0.13 0.21 0.14 0.31
Radical - - - - 0.30 0.21 - - - - 0.14 0.31
Stroke - - - - 0.50 0.58 - - - - 0.17 0.36
N = 2
Random 0.65 0.28 0.45 0.25 0.89 0.77 0.25 0.22 0.23 0.29 0.39 0.26
Ours 0.21 0.19 0.24 0.58 0.56 0.80 0.23 0.17 0.17 0.27 0.13 0.16
N = 3
Random 0.27 0.16 0.32 0.39 0.93 1.31 0.28 0.28 0.42 0.24 0.31 0.20
Ours 0.25 0.22 0.32 0.40 0.75 0.57 0.19 0.18 0.24 0.20 0.29 0.28

|V
|=

80
0
0

Character 0.79 0.79 0.68 0.71 1.02 0.92 0.19 0.17 0.21 0.23 0.11 0.13
Byte 0.63 0.40 0.25 1.07 0.91 1.04 0.15 0.40 0.36 0.15 0.16 0.20
Myte 0.48 0.69 0.83 0.83 0.34 0.20 0.10 0.15 0.22 0.45 0.16 0.07
Radical - - - - 0.34 0.20 - - - - 0.16 0.07
Stroke - - - - 0.37 0.39 - - - - 0.32 0.21
N = 2
Random 0.58 0.80 1.31 0.70 1.02 0.88 0.25 0.08 0.38 0.36 0.12 0.30
Ours 0.62 0.59 0.57 0.68 0.62 0.66 0.42 0.08 0.09 0.25 0.28 0.25
N = 3
Random 0.50 0.62 0.59 0.48 0.61 0.82 0.22 0.15 0.12 0.28 0.29 0.28
Ours 1.22 0.55 1.23 0.92 0.41 1.15 0.30 0.15 0.13 0.30 0.07 0.15

|V
|=

16
00

0

Character 0.33 0.85 0.89 0.80 0.75 1.45 0.42 0.24 0.22 0.23 0.43 0.11
Byte 0.72 0.73 0.93 0.66 0.45 0.84 0.34 0.22 0.40 0.35 0.35 0.21
Myte 0.64 0.72 0.75 0.35 0.33 0.38 0.14 0.16 0.08 0.32 0.37 0.18
Radical - - - - 0.33 0.38 - - - - 0.37 0.18
Stroke - - - - 0.53 0.76 - - - - 0.45 0.20
N = 2
Random 1.21 0.82 0.76 0.73 0.49 1.23 0.31 0.10 0.42 0.19 0.25 0.32
Ours 0.94 0.47 0.75 0.94 0.71 0.42 0.46 0.17 0.25 0.18 0.53 0.27
N = 3
Random 0.91 0.93 0.68 0.37 0.81 1.05 0.23 0.17 0.26 0.14 0.20 0.29
Ours 0.76 0.58 0.44 0.50 0.53 1.09 0.16 0.19 0.14 0.10 0.31 0.24

|V
|=

32
00

0

Character 0.85 1.02 0.68 0.75 0.87 0.83 0.29 0.22 0.30 0.07 0.15 0.24
Byte 0.61 0.72 1.35 0.58 0.75 0.38 0.17 0.27 0.16 0.12 0.30 0.08
Myte 0.86 0.81 0.96 0.35 0.45 0.43 0.09 0.38 0.23 0.20 0.31 0.39
Radical - - - - 0.45 0.43 - - - - 0.31 0.39
Stroke - - - - 0.32 0.47 - - - - 0.25 0.17
N = 2
Random 0.72 0.78 0.97 0.67 0.52 0.63 0.36 0.26 0.24 0.58 0.39 0.41
Ours 0.85 1.00 0.76 1.08 0.65 1.08 0.28 0.18 0.30 0.22 0.30 0.16
N = 3
Random 0.77 0.72 0.61 1.18 0.93 0.85 0.40 0.03 0.18 0.28 0.33 0.20
Ours 1.01 0.56 0.76 0.75 1.09 1.76 0.18 0.19 0.37 0.14 0.19 0.13

Table 16: Standard deviation of the text classification results reported in Table 14.
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↑ BiLSTM Transformer
De En Es Fr Ja Zh De En Es Fr Ja Zh

|V
|=

|C
|

Character 0.36 0.03 0.19 0.34 0.32 0.74 0.33 0.42 0.69 0.56 0.19 0.25
Byte 0.39 0.33 0.14 0.26 0.74 0.90 0.28 0.28 0.27 0.25 0.46 0.08
Myte 0.44 0.45 0.21 0.47 0.30 0.43 0.18 0.23 0.13 0.43 0.27 0.14
Radical - - - - 0.30 0.43 - - - - 0.27 0.14
Stroke - - - - 0.39 0.95 - - - - 0.21 0.25
N = 2
Random 0.43 0.32 0.14 0.32 0.45 0.52 0.12 0.15 0.26 0.15 0.13 0.07
Ours 0.09 0.33 0.25 0.44 0.47 0.93 0.31 0.21 0.18 0.14 0.35 0.20
N = 3
Random 0.35 0.11 0.18 0.38 0.59 1.01 0.21 0.16 0.11 0.31 0.15 0.19
Ours 0.40 0.22 0.30 0.39 0.92 0.52 0.35 0.09 0.33 0.06 0.41 0.46

|V
|=

80
0
0

Character 0.74 0.52 1.26 0.47 0.61 0.52 0.16 0.23 0.11 0.39 0.34 0.28
Byte 0.64 0.85 0.47 0.87 0.50 0.43 0.40 0.16 0.21 0.23 0.16 0.29
Myte 0.99 0.41 0.39 0.69 0.81 0.56 0.19 0.08 0.22 0.29 0.27 0.20
Radical - - - - 0.81 0.56 - - - - 0.27 0.20
Stroke - - - - 0.57 0.99 - - - - 0.27 0.29
N = 2
Random 0.60 0.56 0.59 0.99 0.98 0.50 0.24 0.40 0.16 0.30 0.08 0.45
Ours 0.42 0.81 0.84 1.08 0.55 0.81 0.12 0.31 0.06 0.22 0.13 0.27
N = 3
Random 0.58 0.62 0.71 1.09 0.74 0.97 0.15 0.15 0.17 0.09 0.31 0.04
Ours 0.72 0.73 1.00 0.83 0.60 0.96 0.32 0.08 0.23 0.08 0.32 0.29

|V
|=

16
00

0

Character 0.42 0.89 0.80 0.71 0.57 0.78 0.18 0.15 0.31 0.17 0.28 0.29
Byte 0.49 0.40 0.50 0.88 0.60 1.34 0.14 0.23 0.31 0.20 0.34 0.55
Myte 0.69 0.69 0.74 0.39 0.26 0.58 0.21 0.24 0.38 0.12 0.11 0.23
Radical - - - - 0.26 0.58 - - - - 0.11 0.23
Stroke - - - - 0.50 0.80 - - - - 0.37 0.24
N = 2
Random 0.97 0.74 0.93 0.78 0.83 0.84 0.17 0.17 0.18 0.28 0.24 0.33
Ours 0.75 0.80 0.45 0.91 0.33 0.99 0.34 0.32 0.15 0.18 0.18 0.32
N = 3
Random 0.76 0.42 0.92 0.72 0.91 0.47 0.10 0.25 0.08 0.14 0.19 0.33
Ours 0.82 0.77 1.14 0.36 0.72 0.82 0.31 0.17 0.27 0.05 0.20 0.17

|V
|=

32
00

0

Character 1.39 0.79 0.97 1.00 0.80 0.99 0.26 0.19 0.15 0.17 0.21 0.39
Byte 0.61 1.03 0.49 0.60 1.07 0.69 0.26 0.21 0.25 0.29 0.28 0.24
Myte 1.06 1.08 1.30 0.73 0.37 0.66 0.46 0.29 0.18 0.07 0.34 0.28
Radical - - - - 0.37 0.66 - - - - 0.34 0.28
Stroke - - - - 0.37 1.09 - - - - 0.22 0.36
N = 2
Random 0.82 0.68 0.86 1.05 1.13 1.17 0.48 0.22 0.45 0.37 0.24 0.29
Ours 1.04 0.76 1.06 1.43 0.71 1.23 0.36 0.44 0.15 0.27 0.25 0.22
N = 3
Random 0.96 0.59 0.70 0.82 1.14 0.94 0.20 0.09 0.22 0.23 0.37 0.14
Ours 0.34 1.12 0.83 0.94 0.81 1.13 0.34 0.20 0.20 0.16 0.26 0.55

Table 17: Standard deviation of the text classification results reported in Table 15.

34589



Figure 9: Token-count difference across multiple languages with the BPE tokenizer. Higher is better; values above
zero indicate fewer tokens than the character-level baseline.
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Figure 10: Bigram-perplexity difference across multiple languages with the BPE tokenizer. Higher is better; values
above zero indicate lower perplexity than the character-level baseline.

34591



Figure 11: Token-count difference in multilingual setups. Higher is better; values above zero indicate fewer tokens
than the character-level baseline.

Figure 12: Bigram-perplexity difference in multilingual setups. Higher is better; values above zero indicate lower
perplexity than the character-level baseline.

Figure 13: Token-count difference across three additional encoding methods, radical, stroke, and MYTE, in Japanese
and Chinese. Higher is better; values above zero indicate fewer tokens than the character-level baseline.

Figure 14: Bigram-perplexity difference across three additional encoding methods, radical, stroke, and MYTE,
in Japanese and Chinese. Higher is better; values above zero indicate lower perplexity than the character-level
baseline.
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Figure 15: Token-count difference across six languages
on the validation split of the Amazon Reviews dataset.
Higher is better; values above zero indicate fewer to-
kens than the character-level baseline.

Figure 16: Bigram-perplexity difference across six lan-
guages on the validation split of the Amazon Reviews
dataset. Higher is better; values above zero indicate
lower perplexity than the character-level baseline.
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