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Abstract

This study proposes a method for learning
subword correspondences in parallel sentence
pairs using the EM algorithm. Conventional
neural machine translation typically employs
subword segmentation models trained. How-
ever, since existing methods do not consider
parallel relationships, inconsistencies in word
segmentation between source and target lan-
guages may hinder translation model training.
Our approach leverages direct modeling of
subword correspondences in parallel corpora,
thereby improving segmentation consistency
across languages. Experiments across multi-
ple machine translation tasks confirm that our
proposed method improves translation accu-
racy for many tasks.

1 Introduction

Neural machine translation (NMT) relies on a pre-
defined vocabulary, so its performance degrades
when the source text contains low-frequency or
unknown words during translation. To address this
vocabulary problem, byte-pair encoding (BPE)
(Sennrich et al., 2016) and subword segmentation
based on unigram language models (Kudo, 2018)
are widely used. These methods independently
train segmentation models for each language, or
train a single segmentation model on multiple lan-
guage corpora (Liu et al., 2020).

However, these methods do not directly model
the correspondence based on parallel sentence
pairs, and thus do not reflect the translation rela-
tionship. As a result, word-internal segmentation
may become inconsistent between the source and
target languages, potentially hindering the train-
ing of the translation model. For example, in
Japanese-English translation, consider the paired
sentences “nonextended” and “延長されなかった
(not extended)”. Suppose “nonextended” is seg-
mented as “no next end ed” and “延長されなか

った (not extended)” is segmented as “延長 (ex-
tend)され (ed)なかった (not)”. If the NMT model
learns “next” as “延長 (extend)”, it will fail to pro-
duce the correct translation result. To address this
issue, subword segmentation considering transla-
tion pairs (Deguchi et al., 2020; Hiraoka et al.,
2021) has been proposed. However, Deguchi et al.
(2020)’s method adjusts the shorter sequence be-
tween the source and target sentences to match
the token count of the longer one. While this
balances sequence lengths, there is no guarantee
that word-internal segmentation will be consistent
across languages. Hiraoka et al. (2021)’s bilin-
gual subword segmentation requires training the
NMT model, entailing consistent computational
costs for both subword segmentation and machine
translation model training.

We propose a novel subword segmentation
method that acquires subword sequences based on
the correspondence between subwords in parallel
sentence pairs. The proposed method uses Senten-
cePiece (Kudo and Richardson, 2018), a unigram
language model, to obtain candidate subword seg-
mentations for source and target sentences in the
parallel corpus. It then learns the correspondence
between subwords in each bilingual subword sen-
tence pair as alignment probabilities. Since sub-
word alignments are unobserved, we employ the
EM algorithm, which is standard for training latent
variable models. The generation probability from
the unigram language model is multiplied by the
alignment probability, and the subword pair with
the highest probability is used as training data.
During translation, since the target language sen-
tence does not exist, marginalization of the align-
ment probability is performed on the target lan-
guage subword, and similarly, the subword sen-
tence with the highest probability is used as trans-
lation input. The proposed method outperformed
conventional ones in 13 out of 16 translation tasks
in terms of BLEU.
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2 Conventional Method

This section describes the subword segmentation
method based on the unigram language model
(Kudo, 2018), which serves as the foundation for
the proposed approach. The unigram language
model assumes subword independence and ex-
presses the occurrence probability PU(x) of a sub-
word sequence using the following equation:

PU(x) =
I∏

i=1

P (ui) s.t.
∑

u∈V

P (u) = 1, (1)

where x = (u1, . . . , ui, . . . , uI) is a subword se-
quence, and each ui is an element of the subword
set V . The subword occurrence probability P (u)
is estimated by the EM algorithm to maximize the
marginal likelihood Llm expressed by

Llm =
N∑

n=1

logP (Xn) =
N∑

n=1

log

( ∑

x∈S(Xn)

PU(x)

)
,

(2)

where N denotes the number of sentences in the
training data, Xn is the n-th sentence, and S(Xn)
represents the candidate set of subword sequences
that can be generated for Xn.

After model training, the subword sequence
with the maximum probability for sentence X is
calculated using the following formula.

x∗ = argmax
x∈S(X)

PU(x) (3)

Additionally, k-best segmentation candidates
can similarly be computed based on PU(x). Our
method uses these to construct a set of sub-
word segmentation candidates, whereas the con-
ventional method uses 1-best segmentation.

3 Proposed Method

This section describes the subword segmentation
method that learns the correspondence between
subwords in bilingual sentence pairs. We define
the probabilistic model for subword-aligned sen-
tences (Section 3.1), derive the alignment prob-
ability update using the EM algorithm (Section
3.2), and perform subword segmentation on both
training and test data (Sections 3.3 and 3.4).

3.1 Probabilistic Model

Given source language sentence X and target lan-
guage sentence Y , the probabilistic model for sub-
word segmentation in the proposed method is de-

fined by

P (X,Y ) =
∑

x∈S(X)

∑

y∈S(Y )

∑

a∈A(x,y)

PM(x,y, a)

≈
∑

k,l

∑

a∈A(x(k),y(l))

PM(x(k),y(l), a),
(4)

where among the candidate sets S(X) of sub-
word sequences for X , the top-K sequences with
the highest probability PU(x) are respectively de-
noted as x(1), . . . ,x(k), . . . ,x(K), and the top-L
subword sequences from the candidate set S(Y )
for Y with the highest probability PU(y) are de-
noted as y(1), . . . ,y(l), . . . ,y(L). Here, A(x,y)
represents the set of all possible alignments be-
tween each subword of the source subword se-
quence x and each subword of the target subword
sequence y. Furthermore, a ∈ A(x,y) represents
one specific subword alignment. PM is a probabil-
ity model for a subword sequence x in the source
language sentence, a subword sequence y in the
target language sentence, and their alignment a.
This model is defined as follows:

PM(x,y, a) = PU(x)PU(y)
∏

(u,v)∈a

αuv, (5)

where αuv is the joint probability of the source
language subword u and the target language sub-
word v. Here we call it alignment probability.

3.2 Learning the Alignment Probability
The alignment probability αuv is computed using
the EM algorithm. Calculating the Q function us-
ing Equation 5 (Appendix A.1) yields the follow-
ing equation:

Q =
∑

n,k,l,a

P old
M (x

(k)
n ,y(l)

n , a) logP new
M (x

(k)
n ,y(l)

n , a)
∑

k′,l′,a′
P old
M (x

(k′)
n ,y

(l′)
n , a′)

.

(6)

By maximizing the Q function in Equation 6
with respect to αnew

uv , we obtain the update equa-
tion for αnew

uv (Appendix A.2) as :

αnew
uv =

∑
n,k,l Enkluv∑

u′∈V ′
src

∑
v′∈V ′

tgt

∑
n,k,l Enklu′v′

, (7)

Enkluv ≈

(
PU(x

(k)
n )PU(y

(l)
n )

∏
u∈x(k)

∑
v∈y(l)

αold
uv

)
Cnkluv

∑
k′,l′

PU(x
(k′)
n )PU(y

(l′)
n )

∏
u∈x(k′)

∑
v∈y(l′)

αold
uv

,

(8)

where V ′
src is the source language’s subword set,

V ′
tgt is the target language subword set, and Cnkluv

is the number of times subwords u and v cooccur
in the bilingual subword sentence pair x

(k)
n and

y
(l)
n of the n-th sentence.
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3.3 Subword Segmentation of Training Data

For each sentence pair X , Y in the training data,
we calculate the subword sequences x(k̂), y(l̂) that
maximize the correspondence based on the align-
ment probability according to the following equa-
tion, and adopt these as the subword sentence pair.

k̂, l̂ = argmax
k,l

PU(x
(k))PU(y

(l))
∏

u∈x(k)

∑

v∈y(l)

αuv (9)

3.4 Subword Segmentation of Test Data

In subword segmentation for test data, since the
target language sentence does not exist, the prob-
ability of source language subwords is calculated
by marginalizing the alignment probability on the
target language subwords as follows:

α′
u =

∑

v∈Vtgt

αuv. (10)

Each test sentence X is segmented into x(k̂) ac-
cording to the following equation:

k̂ = argmax
k

PM′(x(k)), (11)

PM′(x) = PU(x)
∏

u∈x

α′
u. (12)

4 Experiments

To verify the effectiveness of the proposed
method, we conducted machine translation exper-
iments comparing it with a conventional method
(unigram language model) across six different lan-
guage pairs (en-ja, ja-zh, en-de, en-hi, en-id, en-
th). Additionally, for en-ja, we used three datasets
with different data distributions and similarly.

4.1 Dataset

For the en-ja dataset, we used WAT Asian Scien-
tific Paper Excerpt Corpus (ASPEC) (Nakazawa
et al., 2016) for English-Japanese and Japanese-
English translation tasks, the Kyoto Free Trans-
lation Task (KFTT) (Neubig, 2011), and Wiki-
matrix v1 (Wikimatrix) (Schwenk et al., 2021).
For ja-zh, we used the ASPEC Japanese-Chinese
and Chinese-Japanese translation tasks. For en-de,
WMT18 News Commentary v13 (WMT18)1 was
used for training data, WMT17 testsets for valida-
tion data, and WMT18 testsets for test data. For
en-hi and en-id, Wikimatrix was used. For en-th,

1https://www.statmt.org/wmt18/translation-task.html

the large-scale English-Thai parallel corpus (scb-
mt-en-th) (Lowphansirikul et al., 2022) was used.
For Wikimatrix and scb-mt-en-th, the validation
data used the flores2002 (Team et al., 2022) dev
set, and the test data used the flores200 devtest set.
The dataset composition is shown in Table 4 (Ap-
pendix B).

4.2 Experimental Setup
SentencePiece (Kudo and Richardson, 2018) was
used to obtain candidate sets of subword se-
quences for the unigram language model. The un-
igram language models for the source and target
languages were trained independently with a vo-
cabulary size of 16k each. The number of sub-
word candidates was set to the top 10 most prob-
able occurrences (K=L=10) generated by the uni-
gram language model for both the source and tar-
get languages. We conducted subword segmenta-
tion using a conventional method and the proposed
method, and evaluated the performance of NMT
models trained on each segmentation output.

The NMT model used Fairseq (Ott et al.,
2019), employing the Transformer base (Vaswani
et al., 2017) model. For all NMT models, Adam
(Kingma and Ba, 2015) was used for parameter
optimization with a learning rate of 1e-4 and a
batch size of 128. Other parameters used Fairseq’s
default values. Training was terminated after 30
epochs. For evaluation, the model from each
epoch that achieved the highest SacreBLEU (Post,
2018) score on the validation data was used to
translate the test data.

Translation performance was evaluated using
SacreBLEU and COMET scores3 (Rei et al.,
2022). For SacreBLEU, flores200 was used for
tokenization of flores200, ja-mecab (Kudo et al.,
2004) for Japanese, zh for Chinese, and 13a for
English and German. Experiments were run three
times with different random seeds, and the average
was taken as the experimental result.

4.3 Experimental Results
Table 1 shows the results of automatic evaluation
using BLEU. As shown in the table, the proposed
method achieved improved performance over con-
ventional methods in 13 out of 16 machine trans-
lation tasks. Furthermore, for machine transla-
tion tasks involving languages without word seg-
mentation, performance improvements exceeding

2https://github.com/facebookresearch/flores
3https://huggingface.co/Unbabel/wmt22-comet-da
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ASPEC WMT18 Wikimatrix scb-mt-en-th KFTT

en-ja ja-en ja-zh zh-ja en-de de-en en-hi hi-en en-id id-en en-ja ja-en en-th th-en en-ja ja-en

Conventional 27.2 27.0 35.4 28.9 21.4 21.7 22.0 19.9 41.9 36.5 19.3 20.9 28.3 17.2 22.0 20.9
Proposed 27.6 27.5 35.5 29.2 22.0 21.8 22.0 20.2 41.6 36.0 20.3 21.2 28.8 17.3 22.8 21.3

Table 1: Results of the BLEU Evaluation

ASPEC WMT18

en-ja ja-en ja-zh zh-ja en-de de-en

Conventional 0.8882 0.8182 0.8675 0.9049 0.6482 0.6650
Proposed 0.8880 0.8195 0.8680 0.9055 0.6517 0.6676

Wikimatrix

en-hi hi-en en-id id-en en-ja ja-en

Conventional 0.6215 0.7403 0.8735 0.8395 0.8321 0.8037
Proposed 0.6196 0.7439 0.8721 0.8375 0.8354 0.8064

scb-mt-en-th KFTT

en-th th-en en-ja ja-en

Conventional 0.7576 0.7519 0.8102 0.7576
Proposed 0.7629 0.7509 0.8137 0.7554

Table 2: Results of the COMET Evaluation

conventional methods were confirmed across all
tasks. Notably, translation performance from seg-
mented languages to unsegmented languages im-
proved substantially. This is attributed to the pro-
posed method eliminating unnatural segmentation
common in conventional approaches for unseg-
mented languages, enabling the learning of correct
subword correspondences within translation pairs.

Table 2 shows the results of the automatic eval-
uation using COMET. The proposed method out-
performed the conventional method in 10 out of
16 machine translation tasks, while no consistent
improvement was observed in the remaining 6
tasks. Although BLEU performance improved, no
consistent improvement was observed in COMET.
This suggests that the proposed method con-
tributed to improving lexical choices without af-
fecting the overall semantic quality of the sen-
tences.

4.4 Analysis

Table 3 shows examples where translation quality
was improved by applying the proposed method.
While the conventional method failed to segment
correctly, leading to erroneous translations, the
proposed method improved segmentation, result-
ing in translations closer to the correct answers.

When examining the percentage of segments

Segmentation results Translation results

Gold quilibrious
interval disorder

平衡間隔失調
(equilibrious

interval disorder)

Conventional _ qui lib r ious
_ interval _ disorder

巧妙な区間障害
(clever

interval disorder)

Proposed _ qui lib ri ous
_ interval _ disorder

平衡間隔障害
(equilibrious

interval disorder)

Table 3: Example of improved translation using the
proposed method

matching between the conventional and proposed
methods in the training data, a high match rate was
observed on the source language side, whereas
a low match rate was seen on the target lan-
guage side. For specific numerical values, Table
5 (Appendix C) shows the percentage of segments
where segmentation matches between the conven-
tional and proposed methods. This is because∏

u∈x(k)

∑
v∈y(l) αold

uv in Equation 8 is asymmet-
rical between the source sentence and the target
sentence. With the search space restricted to the
top-k candidates, the source-side segmentation is
largely determined by the unigram likelihood. As
a result, the model prefers high-probability source
tokens, while allowing the target-side segmenta-
tion to adapt flexibly to align with the source to-
kens.

5 Conclusion

This study proposes a novel subword segmenta-
tion method that learns subword correspondences
within parallel translation pairs using the EM algo-
rithm. Experimental results confirm the effective-
ness of the proposed method, demonstrating im-
proved translation performance compared to con-
ventional segmentation methods. As future work,
we plan to extend the proposed method to multi-
lingual settings and assess its effectiveness in mul-
tilingual subword segmentation.
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Limitations

This study has several limitations.
First, since this method learns correspondences

between subwords based on parallel sentence
pairs, it requires a certain amount of parallel cor-
pus data. Therefore, direct application is difficult
for low-resource language pairs where sufficient
parallel data cannot be prepared.

Furthermore, this study formulates the cor-
respondence between subwords as a context-
independent probabilistic model and estimates it
using the EM algorithm. Consequently, it cannot
explicitly handle more complex alignments, such
as correspondences that vary depending on con-
text, correspondences between groups composed
of multiple subwords, or even non-continuous cor-
respondences.

Furthermore, since only the top-K segmenta-
tions generated by the unigram language model
are used as subword segmentation candidates, any
segmentation not included in this candidate set is
disregarded. Depending on the choice of top-K,
the optimal segmentation may be omitted from the
candidate set.

From the perspective of computational cost, the
need to estimate alignment probabilities among
multiple subword segmentation candidates in-
creases the training cost compared to the conven-
tional subword segmentation methods.
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Appendix

A Derivation of the Equation Using the
EM Algorithm

A.1 Q Function Derivation
In the probabilistic model of the proposed method,
given N pairs of source-target subword sequences
{(xn,yn)}Nn=1 are provided as training data. The
objective is to estimate parameters α̂uv that maxi-
mize the probability p(xn,yn|αuv). In maximum
likelihood estimation, we seek the parameters that
maximize the joint probability of the entire ob-
served data. Therefore, α̂uv is obtained by the fol-
lowing equation.

α̂uv = argmax
αuv

N∏

n=1

p(xn,yn|αuv)

= argmax
αuv

N∑

n=1

log p(xn,yn|αuv)

(13)

Here, we transform the maximization problem
into a logarithmic likelihood expression to sim-
plify calculations. However, since this model in-
cludes latent variables, we cannot directly maxi-
mize the incomplete data’s logarithmic likelihood

log p(xn,yn|αuv) derived solely from observed
data. Therefore, we find the maximum value by
iteratively maximizing the difference in the log-
likelihood when the parameter changes from αold

uv

to αnew
uv .

α̂uv = argmax
αuv

Q(αold
uv , α

new
uv ) (14)

Here, the Q function is determined by the follow-
ing equation.

Q =
∑

n,k,l

p(k, l|xn,yn, α
old
uv ) log p(x

(k)
n ,y(l)

n |αnew
uv )

=
∑

n,k,l

p(x
(k)
n ,y

(l)
n |αold

uv ) log p(x
(k)
n ,y

(l)
n |αnew

uv )

p(xn,yn|αold
uv )

=
∑

n,k,l

∑

a∈A(x
(k)
n ,y

(l)
n )

P old
M (x

(k)
n ,y

(l)
n , a) logP new

M (x
(k)
n ,y

(l)
n , a)

∑
k′,l′

∑

a′∈A(x
(k′)
n ,y

(l′)
n )

P old
M (x

(k′)
n ,y

(l′)
n , a′)

(15)

A.2 Update of αnew
uv

A.2.1 E-Step
We transform the equation to find the probability
distribution of αnew

uv . Taking the logarithm, since
PU(x) and PU(y) contained in P new

M are constant
terms, we can ignore them. Thus, the Q function
can be modified as follows.

Q =
∑

n,k,l

∑

a∈A(x
(k)
n ,y

(l)
n )

P old
M (x

(k)
n ,y

(l)
n , a) logP new

M (x
(k)
n ,y

(l)
n , a)

∑
k′,l′

∑

a′∈A(x
(k′)
n ,y

(l′)
n )

P old
M (x

(k′)
n ,y

(l′)
n , a′)

=
∑

n,k,l

∑

a∈A(x
(k)
n ,y

(l)
n )

P old
M (x

(k)
n ,y

(l)
n , a)

∑
(u,v)∈a logα

new
uv

∑
k′,l′

∑

a′∈A(x
(k′)
n ,y

(l′)
n )

P old
M (x

(k′)
n ,y

(l′)
n , a′)

=
∑

u∈Vsrc

∑

v∈Vtgt

∑

n,k,l

Enkluv logα
new
uv

(16)

Enkluv =

∑

a∈A(x
(k)
n ,y

(l)
n )

P old
M (x

(k)
n ,y(l)

n , a)Cnkluv

∑
k′,l′

∑

a′∈A(x
(k′)
n ,y

(l′)
n )

P old
M (x

(k′)
n ,y

(l′)
n , a′)

(17)

where Cnkluv is the number of times subwords u
and v simultaneously appear in the subword sen-
tence pair x(k)

n and y
(l)
n of the n-th sentence.

A.3 M-Step

The Lagrangian function is defined by the follow-
ing equation.
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L(αnew
uv ) =

∑

u∈Vsrc

∑

v∈Vtgt

∑

n,k,l

Enkluv logα
new
uv

− λ(
∑

u∈Vsrc

∑

v∈Vtgt

αnew
uv − 1)

(18)

∑

u∈Vsrc

∑

v∈Vtgt

αnew
uv = 1, αnew

uv > 0

Taking the partial derivative of the Lagrangian
yields the following equation.

∂L(αnew
uv )

∂αnew
uv

=

∑
n,k,l Enkluv

αnew
uv

− λ = 0 (19)

From the normalization constraint, λ =∑
u∈Vsrc

∑
v∈Vtgt

∑
n,k,l Enkluv. Therefore, the

parameter αnew
uv we seek is given by the following

equation.

αnew
uv =

∑
n,k,l Enkluv∑

u′∈V ′
src

∑
v′∈V ′

tgt

∑
n,k,l Enklu′v′

(20)

Enkluv =

(
∑

a∈A(x
(k)
n ,y

(l)
n )

P old
M (x

(k)
n ,y(l)

n , a)

)
Cnkluv

∑
k′,l′

∑

a′∈A(x
(k′)
n ,y

(l′)
n )

P old
M (x

(k′)
n ,y

(l′)
n , a′)

≈

(
PU(x

(k)
n )PU(y

(l)
n )

∏
u∈x(k)

∑
v∈y(l)

αold
uv

)
Cnkluv

∑
k′,l′

PU(x
(k′)
n )PU(y

(l′)
n )

∏
u∈x(k′)

∑
v∈y(l′)

αold
uv

(21)

B Dataset details

Training Verification Test

ASPEC (en-ja) 1,000,000 1,790 1,812
ASPEC (ja-zh) 672,315 2,090 2,107
WMT18 (en-de) 284,246 3,004 2,998
Wikimatrix (en-hi) 231,459 997 1,012
Wikimatrix (en-id) 1,019,170 997 1,012
Wikimatrix (en-ja) 851,706 997 1,012
scb-mt-en-th (en-th) 988,259 997 1,012
KFTT (en-ja) 440,288 1,166 1,160

Table 4: Data Set Statistics

C Analysis details

ASPEC WMT18 scb-mt-en-th

en-ja ja-en ja-zh zh-ja en-de de-en en-th th-en

Source 98.4 98.1 98.1 97.4 99.1 98.5 97.5 95.3
Target 29.8 82.6 24.2 28.9 70.6 33.4 18.6 66.7

Wikimatrix KFTT

en-hi hi-en en-id id-en en-ja ja-en en-ja ja-en

Source 70.9 92.8 85.7 87.7 95.3 97.9 98.6 98.5
Target 22.9 52.0 54.6 33.0 31.5 36.8 38.0 65.7

Table 5: Percentage of segments matching between
conventional and proposed methods (%)

534


