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Abstract

This study presents the development and eval-
uation of a ByT5-based multilingual transla-
tion model tailored for translating the Bible
into underrepresented languages. Utilizing the
comprehensive Johns Hopkins University Bible
Corpus, we trained the model to capture the
intricate nuances of character-based and mor-
phologically rich languages. Our results, mea-
sured by the BLEU score and supplemented
with sample translations, suggest the model
can improve accessibility to sacred texts. It
effectively handles the distinctive biblical lexi-
con and structure, thus bridging the linguistic
divide. The study also discusses the model’s
limitations and suggests pathways for future
enhancements, focusing on expanding access
to sacred literature across linguistic boundaries.

1 Introduction

This study aims to use an advanced language model
to make the translation of sacred texts, like the
Bible, into less commonly spoken languages more
efficient and quicker. The Bible’s structured format,
with its division into books, chapters, and verses,
allows for a wide variety of uses and highlights
its rich foundational vocabulary. Using this exten-
sive corpus, we trained a multilingual translation
model to produce translations of Bible verses for
languages that lack representation (Peters et al.,
2018).

At present, translating religious texts into less
commonly spoken languages is a lengthy and com-
plex process. Finding a translator with proficiency
in both the source and target languages can be chal-
lenging. Often, this translator is the primary person
working on the translation, which can take a con-
siderable amount of time to complete even a first
draft. The subsequent process of refining this draft
can extend over many years, delaying the availabil-
ity of these important texts in the native languages
of various communities. Our model aims to com-
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plement rather than replace the traditional human
translation process by making it more streamlined.

This research leverages the ByT5 multilingual
translation model, trained on the John Hopkins
University Bible Corpus (Xue et al., 2022; Mc-
Carthy et al., 2020), to facilitate the translation
of Bible verses into several underrepresented lan-
guages. The ByT5 model is celebrated for its abil-
ity to produce high-quality text in numerous lan-
guages (Raffel et al., 2020), offering a robust so-
lution to the challenges of translating sacred texts
into languages with few resources. Our innovative
method seeks to mitigate the issues inherent in con-
ventional translation practices, such as the lack of
available skilled translators and long project time-
lines. By employing the ByT5 model, we aim to en-
hance the speed and precision of Bible translations
for languages with scant resources and expertise.
Integrating advanced technology with linguistic di-
versity, we aspire to broaden the accessibility and
cultural preservation of sacred texts, thereby enrich-
ing the cultural and linguistic fabric of religious lit-
erature for communities speaking underrepresented
languages.

2 Background

ByTS5 is an extension of the T5 model, which itself
is a language model recognized for its effectiveness
and was developed by Google Research (Raffel
et al., 2020). ByT5 improves upon TS by adopting
byte-level tokenization, which enhances its pro-
ficiency with character-based languages such as
Chinese and Japanese.

The tokenization at the byte level allows ByTS to
handle scripts that are character-intensive and may
not exhibit clear word boundaries, or which utilize
characters more extensively than words. This fea-
ture makes ByT5 particularly adept at interpreting
the intricacies of such languages (Xue et al., 2022).

For languages characterized by rich morphol-



ogy, where words can have various inflections and
derivations, ByT5’s tokenizer has shown increased
accuracy, capturing morphological variations more
precisely (Fujii et al., 2023). These capabilities
are beneficial for translation, summarization, and
question-answering tasks. By tokenizing at the
character level, ByT5 demonstrates enhanced gen-
eralizability across languages, which is particularly
useful for languages with sparse training data. This
adaptability has been documented to improve mul-
tilingual model performance. Furthermore, byte-
level tokenization generally results in a smaller
vocabulary than word-level tokenization, which
contributes to more efficient model training and
inference, as well as reduced memory and compu-
tational needs.

The John Hopkins University Bible Corpus was
selected to train our model. This corpus is notable
for its size and organization, comprising over 4000
versions of the Bible across more than 1600 lan-
guages (McCarthy et al., 2020). Its parallel struc-
ture across translations makes it advantageous for
machine learning applications. Other corpora fall
short in these particular aspects (Sierra et al., 2024).

This corpus is especially marked by its linguistic
diversity, offering both full and partial texts in a
myriad of languages, some of which are signifi-
cantly underrepresented with only a single book of
the Bible translated. Such disparity highlights the
necessity of our work.

The construction of this corpus involved exten-
sive web scraping and merging with existing cor-
pora. It underwent a thorough cleaning and align-
ment process to ensure the texts were structured
verse-parallel, which is ideal for training machine
learning models.

3 Methodology

This section delineates the systematic approach
employed for training our model and tuning its
parameters.

3.1 Model Training

The Byt5 model was selected for its proficiency
in byte-level tokenization, which is critical for dis-
cerning subtle linguistic differences in underrepre-
sented languages (Wang et al., 2020). Our primary
dataset, derived from the Johns Hopkins Bible Cor-
pus, encompasses various linguistic variations, fur-
nishing our models with an extensive linguistic
foundation for learning (McCarthy et al., 2020).

3.2 Parameter Tuning

We determined the ByT5 training hyper-
parameters through an iterative experimental
protocol (Ebrahimi and Kann, 2021). Adjustments
were made to the learning rate, early stop criteria,
patience, and batch size, to distill an optimal
parameter set for our specific translation endeavor.
Our configuration included a learning rate of
0.0002, a scheduler factor of 0.5, patience of 10, a
batch size of 48, and a maximum of 500 epochs
with early stopping that usually ceases around
epoch 43. Our dataset encompassed 3 million data
samples, i.e., pairs of source-target translations.

By coupling a linguistically diverse corpus with
meticulous parameter optimization, we aim to bol-
ster ByT5’s translation efficacy for languages that
are often overlooked in machine translation (Costa-
jussa et al., 2022).

4 Results and Discussion

Moving from our methodology to its outcomes, we
evaluate the translation quality of our ByT5-based
multilingual translation model.

4.1 Translation Quality

We utilized the BLEU (Bilingual Evaluation Under-
study) score, a standard metric in machine transla-
tion evaluation, to assess our model’s accuracy by
comparing its outputs with human translations. Our
model achieved a BLEU score of 0.27, which sig-
nals its potential in handling translations, particu-
larly in the domain of underrepresented languages.

The score achieved not only sheds light on the
model’s capabilities but also underscores the intri-
cate nature of machine translation tasks. Although
the BLEU score is a valuable metric, it does not
capture all aspects of language translation, such
as the true linguistic fidelity and fluency that are
crucial in the context of less common languages,
which often lack established benchmarks.

For a more comprehensive illustration of our
model’s performance across various language pairs,
we have compiled a series of translation examples
in Table 1.

4.2 Analysis

The outcomes presented above offer a glimpse into
a promising avenue for employing NLP models in
assisting with the translation of sacred texts. Our
model’s particular strength lies in its fine-tuning
to the specificities of biblical language and style.



Language | Target text Translated text

English Jesus heard that John was put in prison , so he went back to Galilee. When Jesus heard that John had been arrested, he went back to Galilee.
And He warned them to tell no one about Him. And he charged them that they should tell no man of him.

Today your Savior was born in David’s town. He is Christ, the Lord. for today in the city of David a Saviour was born to you, which is Christ
the Lord.

Spanish porque decia : « Si toco tan s6lo su manto , seré salva . » Porque decia: Si tocare tan solamente su vestido, seré salva.

y diciendo : « Tu, el que derribas el Templo y en tres dias lo reedificas, | y diciendo: T1, el que derribas el templo, y en tres dias lo reedificas,
salvate a ti mismo . Si eres Hijo de Dios , desciende de la cruz . » salvate a ti mismo. Si eres Hijo de Dios, desciende de la cruz.

Jesus salio llevando su cruz , para ir al llamado « Lugar de la Calavera » | Y llevando su cruz, sali6 al lugar que se dice de la Calavera, y en hebreo
( que en hebreo se llama Golgota ) . Golgota;

Marathi | oy SaTeafaT oY Sterd at HIoT 3R & 3meerd Fier, 38 e | RIAe S @ Risarer gomaer 3oy sgoren, « saremfayh &t
AT AT GUTTga Fgee. STerdT dr o 31Te ¢ faar.
maammmmamw@mmm maammmaﬁamw@mmm
& B
T JATCAT T FHT? TN 3Tl JTTET & o WTeRIgaeh Vel “ 3T AT HT hel ATfgrot? T A AT HTEH § iell AeFehl hdel.

Chinese Yor, SR WEAT: " SN A 7, BRubp (., " | e, B SCEIRAR: BT M R R R A T, SRR AR, T
LRI, XM AR AR, RSO T 7Rk, | BRI, XA AR AR, AR ST A T T k.

(224 BY 1T 1B BT J001E]) (224 BY 1T 1B S b3 J001E])
WREA ALK, IEAHEE SR, DRI ASFIRA | RS AN, SRR SR AAT, DRk 28X A
= RS T ke, ZRITEE T He.

Table 1: Comparative Analysis of ByT5 Model Translations with Target Texts in Multiple Languages. In this
example, Marathi is an underrepresented language. Please see Table 2 in the Appendix for more samples.

Contrary to broader language models like Google
Translate, our specialized training on the biblical
corpus allows our system to adeptly handle the
unique linguistic features of widely spoken and
underrepresented languages alike.

The application of NLP to support the translation
of significant texts holds promise for broader cul-
tural and linguistic access. Such improvements in
translation technology could hasten the delivery of
these important works to communities with under-
represented languages. Our findings demonstrate
the potential and scalability of language models
to translate a vast spectrum of sacred texts. This
model shows the capacity of NLP to bridge lin-
guistic and cultural divides. As NLP technologies
advance, they herald new possibilities for promot-
ing linguistic diversity and spreading knowledge.

5 Conclusions

The investigation into the ByT5 model’s ability
to translate sacred texts into underrepresented lan-
guages has demonstrated promising results. Our re-
search revealed that the model, trained on the Johns
Hopkins University Bible Corpus, not only can han-

dle the complexities inherent to diverse linguistic
structures but also shows potential in improving
access to significant cultural literature. Despite
the challenges underscored by the BLEU scores,
which may not fully capture linguistic nuances, the
model’s translations remained reasonably accurate
and faithful to the source texts.

Future research could explore refining the
model’s parameters further to enhance translation
quality, especially for languages with limited lin-
guistic data. Additionally, the integration of ByT5
with other NLP tools may yield better comprehen-
sion of context and idiomatic expressions. The
overarching aim of our work—to facilitate the shar-
ing of sacred texts across cultural and linguistic
barriers—has been substantiated by the findings,
suggesting that advanced NLP models can indeed
be a catalyst for increased inclusivity in the realm
of sacred literature. The scalability of our approach
also opens avenues for extending this work to other
significant texts, potentially enriching the cultural
and educational resources available to underrepre-
sented language speakers worldwide.
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the ByT5 model’s linguistic versatility but also as a
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ment in the field of machine translation of sacred
texts.
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Language

Target text

Translated text

English Since that harbor was not a good place for the ship to stay for the winter, | And because the harbor was not commodious to winter in, the more part
most of the men decided that the ship should leave . They hoped we decided to put to sea from there, if somehow they could reach Phoenix,
could go to Phoenix and stay there for the winter . Phoenix , a city on the | and winter there; which is an harbor of Crete, facing southwest and
island of Crete , had a harbor which faced southwest and northwest . northwest, and spend the winter there.

And when they had entered, they went up to the upper room, where they | And when they were come in, they went up into the upper chamber,
were staying, Peter and John and James and Andrew, Philip and Thomas, | where they were abiding; both Peter and John and James and Andrew,
Bartholomew and Matthew, James the son of Alphaeus and Simon the Philip and Thomas, Bartholomew and Matthew, James the son of
Zealot and Judas the son of James. Alphaeus, and Simon the Zealot, and Judas the son of James.

German Und diese Rede von ihm verbreitete sich in ganz Judéda und in die ganze Und diese Rede iiber ihn erscholl in ganz Judéda und in alle umliegenden
Umgegend . Lénder.

Es kamen auch Zollner , um sich taufen zu lassen , und sagten zu ihm : " Es kamen aber auch ZollIner, da$} sie sich taufen lielen, und sprachen zu
Meister , was sollen wir tun ? " ihm : Meister, was sollen denn wir tun?

France Et ce qui est tombé entre des épines , ce sont ceux qui ayant oui la parole | Et ce qui est tombé parmi les épines, ce sont ceux qui, ayant entendu la
, et s'en étant allés , sont étouffés par les soucis , par les richesses , et par | parole, et s'en étant allés, sont étouffés par les soucis, par les richesses et
les voluptés de cette vie , et ils ne rapportent point de fruit & maturité . par les voluptés de cette vie, et ils ne portent point de fruit & maturité.

Si donc , méchants comme vous 1'étes , vous savez donner de bonnes Si donc vous, qui étes méchants, savez donner a vos enfants des choses
choses a vos enfants , a combien plus forte raison le Pére céleste bonnes, combien plus votre Pére céleste donnera-t-il le Saint-Esprit a
donnera-t-il le Saint-Esprit & ceux qui le lui demandent . ceux qui le lui demandent?

Russian HO TIHcall BaM , OpaTusi , ¢ HEKOTOPOIO CMENIOCTBIO , OTYACTH KaK Obl B Ho st JOBOJIBHO CMeJIO ITHCAll BaM O HEKOTOPBIX JeNIaX, KOTOPbIe MHE
HAINlOMHHAHUE BaM , 110 JaHHOii MHe oTbora 6naroaatn XOTeNn0Ch Obl, 4TOOBI BbI 3aIIOMHMIIM. 51 c/ie1al1 3T0, HOTOMY YTO

JIapOBAaHO MHE GbLIO IO
U B npyrom mecte IIncanus roopurcs: «OHu 6yayT cmoTpers Ha Toro, | U emé B npyrom [ mecte | [Ticanus roBopurcs : Bo33pst Ha Toro,
Kotoporo nponsunu»i. Kotoporo npon3uin.
Japanese b, kb d, ZORERMLTELAEV, Thbb, . kb s, ZOLERMLTELAEIL, T LI

INAIRZEBTENODDLDMEH, 4RH WD IISEH AR
ABNTWS, LT, E—EOHLTRELENDBZ LA TE
B2 FTRTHFIEO2WT b,

LBIHENDBLOGEH. SHBEHNEICENMRZADNATLS,
(LT, E—EOHETREFELENDZ LK HRLOT

INBLOZLEGHLEDE, Rt tkrbilIics>TFH%
H3-0Ths, bk Ic@EETEHEIFH D, LrL. B%
LA EW, b LEEEECIECHE ->TWS, |

INBDILEHBBEARISHELEDR. bELIZH>TTFR%E
H2hHTH?, bbb, ZolTELPHLHSB, Lh
L. BREHLASV, bELEHCHE->TWS,

Table 2: Comparative Analysis of ByT5 Model Translations with Target Texts in Multiple Languages.
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