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Abstract. In this article, we investigate Machine Translation (MT) in a cultural heritage domain for two primary purposes:
evaluating the quality of ancient translations and preserving Aramaic (an endangered language) by the ability to translate it to
another spoken language. First, we detail the construction of publicly available Biblical parallel Aramaic-Hebrew corpus based
on two ancient (early 2nd - late 4th century) Hebrew–Aramaic translations: Targum Onkelus and Targum Jonathan. Then using
the Statistical Machine Translation (SMT) approach, which significantly outperforms the Neural Machine Translation (NMT) in
our use case, validate the excepted high quality of the translations. The trained model fails to translate Aramaic texts of other
dialects. However, when we train the same SMT model on another Aramaic-Hebrew corpus of a different dialect (Zohar - 13th

century) a very high translation score is achieved. We examine an additional important cultural heritage source of Aramaic texts,
the Babylonian Talmud (early 3rd - late 5th century). Since we do not have parallel corpus of the Talmud, we use the model
trained on the Bible corpus for translation. We performed an analysis of the results and suggest some potential promising future
research.

Keywords: Bible Translation, Neural Machine Translation, Statistical Machine Translation, Low-resource languages, Aramaic-
Hebrew

1. Introduction

Statistical Machine Translation (SMT) has been re-
searched for several decades. In the SMT paradigm
translations are generated using statistical models
whose parameters are automatically estimated from
a parallel corpus. SMT systems were constructed for
many spoken language pairs. In this research, we an-
alyze SMT for the Aramaic-Hebrew language pair.
Whereas Hebrew is a spoken language, Aramaic is dy-
ing as a spoken language. Since Aramaic is the lan-
guage of some important Jewish religious texts, such
as the Talmud and the book of Zohar, the ability to
translate Aramaic texts to Hebrew must be preserved.

Recently, a Hebrew-Aramaic dictionary was incor-
porated into two important information retrieval sys-
tems: (1) the Responsa Project1, a large database of
Jewish texts which encompasses many important Jew-
ish sources representing a period of over three thou-
sand years of heritage and tradition, and (2) the Daf
Yomi portal2, a portal dedicated to supplying free,
multi-level study material and lists of resources for
those studying Talmud according to the 7-year Daf
Yomi cycle. Tens of thousands of Jews worldwide
study in the Daf Yomi program in which each of the
2,711 pages of the Babylonian Talmud are covered

1https://www.responsa.co.il
2http://daf-yomi.com
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in sequence (see https://en.wikipedia.org/wiki/Daf_
Yomi). The Hebrew-Aramaic dictionaries of these sys-
tems are based on the manual Aramaic-Hebrew dic-
tionary by Ezra Zion Melamed [1]. While dictionary-
based translation independently looks up each word in
a bilingual dictionary, SMT considers the surrounding
context of the words and typically provides better per-
formance. SMT was by far the most extensively stud-
ied Machine Translation (MT) method prior to the ad-
vent of Neural Machine Translation (NMT). However,
in our case study, SMT outperformed MT.

This paper makes the following contributions to MT
research:

1. The construction of Aramaic-Hebrew parallel
corpus based on translation of the Bible. We
used the Corpus Encoding Standard [2], con-
forming to the level 1 annotation guidelines.
Thus, our corpus is consistent with the corpus
of Christodouloupoulos and Steedman [3] which
includes 100 additional languages.

2. The evaluation of historical translations. Using
SMT tools, we assess the quality of the con-
structed Aramaic-Hebrew parallel corpus. The
corpus includes two of the most ancient Bible
translations: Targum Onkelos (early 2nd or 4th

century [4]) and Targum Jonathan (late 4th cen-
tury [5]). Both translations are a combination of
a commentary and a translation and include sup-
plemental material in the form of aggadic3 para-
phrase. Therefore, assuming that it is easier to
learn literal translation, a comparison between
the quality of these two translations reveal their
differences from word-to-word translation.

3. The evaluation of SMT algorithms trained over
our Aramaic-Hebrew parallel corpus on other
Aramaic texts of the same genre. We conducted a
manual evaluation on the Talmud texts and an au-
tomatic evaluation on the Zohar texts which were
translated to Modern Hebrew.

Our research is a crucial step in preserving the Ara-
maic language and cultural heritage. Our findings pro-
mote the development of the first Aramaic-Hebrew
SMT system. A context-dependent system expected to
replace the existing dictionary-based systems.

The Sections of this paper is organized as follows:
Section 1 is the Introduction, in Section 2, we de-

3Aggadah is a compendium of rabbinical texts that combine leg-
ends, historical anecdotes, spiritual exhortations and practical advice
in diverse fields, from business to medicine.

scribe related work on SMT, NMT, MT for ancient lan-
guages and previous word on Aramaic NLP. In Sec-
tion 3, we describe available Aramaic-Hebrew paral-
lel corpora and the constructed Bible corpus. Subse-
quently, in Section 4, we detail our evaluation setting
and results, accompanied by in-depth analysis. Finally,
in Section 5, we summarize the primary findings and
suggests future research directions.

2. Background

Machine translation (MT) is the computerized auto-
matic translation from one natural language to another.
In this section, we first describe the Statistical Machine
Translation (SMT) approach we found useful for our
case study. Then, we discuss the more recent Neural
Machine Translation (NMT) approach. Finally, we re-
fer to MT for ancient languages and detail previous
work on Aramaic NLP.

2.1. Statistical Machine Translation

Statistical machine translation (SMT) is an MT ap-
proach characterized by the use of machine learning
methods. SMT systems are trained on large quantities
of parallel data from which the systems learn how to
translate small segments. Parallel data is a sentence-
aligned corpus in two different languages, where each
sentence in one language is matched with its corre-
sponding translated sentence in the other language.
The systems are then able translate previously unseen
sentences.

Over the past decades, SMT has become the focus of
MT research. There are some excellent tutorial intro-
ductions to SMT. Examples are: Jurafsky and Martin
[6], Knight [7, 8], Koehn [9], Lopez [10]. In the next
section, we describe the SMT approach we used for
automatic Aramaic-Hebrew language pair translation,
along with some related notable works.

The state-of-the-art models in SMT are phrase-
based models. In phrase-based models, the unit of
translation is any contiguous sequence of words, which
we call a phrase. Each phrase in the source language
is nonempty and translates to exactly one nonempty
phrase in the target language. This is done using a sim-
ple mechanism.

1. The source sentence is segmented into phrases.
2. Each phrase is translated.
3. The translated phrases are permuted into a final

order.

https://en.wikipedia.org/wiki/Daf_Yomi
https://en.wikipedia.org/wiki/Daf_Yomi
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A phrase table contains the set of rules which gov-
erns the translation process, simply a list of all source
phrases and all of their translations weighted by a
conditional translation probability. The phrase table is
gleaned from the training data.

Since translation systems produce alignments be-
tween source and target sentences, the training data
must contain examples of these alignment decisions.
However, the data available for training translation
systems only contains sentence pairs.

Generally, there are two solutions to the sentence
alignment problem. The first is to treat the unseen
alignments as a hidden input and apply unsupervised
learning methods [11–13]. The second is to first solve
an easier problem of alignment, word alignments, and
then use supervised methods for learning. The ma-
jor drawback of the first solution is that unsupervised
learning of phrase-based models requires numerous
approximations and tradeoffs. Therefore, the alterna-
tive solution of training a word-based system and infer-
ring phrase alignments heuristically from these word
alignment is more commonly applied.

2.1.1. Word Alignment
Word alignment refers to word-based translation

models [14], in which correspondence units between
phrases are individual words. The aim of the word
alignment task is to find the word-to-word correspon-
dences in a sentence pair (F J

1 = f1... fJ , EI
1 = e1...eI)

where the source and target sentences include I and J
words, respectively.

Och et al. [15] defined an alignment A of the two
correspondences as:

A ⊆ {( j, i) : j = 1, . . . , J; i = 0, . . . , I} (1)

in case that i = 0 in some (j, i) ∈ A, it means that the
source word j aligns to an “empty” target word e0.

In statistical world alignment models, the probabil-
ity of a source sentence given target sentence is de-
scribed as:

P( f J
1 |ei

1) =
∑

aJ
1

P( f J
1 , a

J
1|ei

1) (2)

where aJ
1 indicates the alignment of the sentence pair.

A few various parametric variants of P( f J
1 , a

J
1|ei

1) =
pθ( f J

1 , a
J
1|ei

1) have been suggested, and parameters of
θ can be estimated using Maximum Likelihood Esti-

mation (MLE) on a training corpus [15].

θ̂ = argmax
θ

S∏
s=1

∑
a

pθ( fs, a|es) (3)

Viterbi alignment is the optimal alignment for the sen-
tences.

â j
1 = argmax

aJ
1

pθ( f J
1 , a

J
1|ei

1) (4)

The most common word alignment models are the
IBM Models [14]. The IBM Models are a collection of
word alignment models with growing complexity, be-
ginning with probabilities of lexical translation, incor-
porating reordering and word duplication models. In
combination with the Hidden Markov Model (HMM)
[16], the IBM Models serve as a basis for most modern
SMT systems.

The one-to-many mapping is one of the serious dis-
advantages of the IBM models. Their alignment func-
tion cannot return multiple values for a single input
(many-to-one). To overcome this and enable many-to-
many mappings, different methods are used for sym-
metrizing IBM-directed statistical alignment models.

2.1.2. Symmetrization
Och and Ney [15] introduced and compared various

methods for computing word alignments using statisti-
cal models and two heuristic models based on the Dice
coefficient. They presented various approaches for in-
tegrating word alignments to symmetrize directed sta-
tistical alignment models. Och and Ney [15] suggested
an alignment model that was trained in both translation
directions and obtained two alignments. They explored
the space between intersection and union with expan-
sion heuristics, which start with the intersection and in-
corporate additional alignment points. They found that
a high-precision alignment of high-confidence align-
ment points could be achieved by intersecting the two
alignments. If we choose the union of the two align-
ments, with additional alignment points, we achieve a
high-recall alignment. A higher recall is more impor-
tant in SMT [17], so an alignment union is likely to
be selected [18]. Och and Ney [15] refined alignment
models of first-order dependency and a fertility model
show substantially better results than basic heuristic
models. We used Och and Ney [15] symmetrization
methods in our experiments, known also as grow-diag-
x heuristics.
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Venugopal et al., [19] presented a method of phrase
extraction from alignment data generated by IBM
Models. Their method creates phrase level knowl-
edge sources that effectively represent local as well as
global phrasal context by defining two kinds of scores
within sentence consistency and across sentence con-
sistency from the alignment. Their method also in-
cludes a phrase length scoring component based on the
ratio of sentence length in the source and the target
languages.

Zhang et al., [20] suggested an algorithm that si-
multaneously segments the sentences into phrases and
finds their alignments. Sentence pair is represented by
a two-dimensional matrix where the value of each cell
corresponds to the point-wise mutual information (MI)
between the source and target words. Then, the aligned
phrase pairs are identified based on the similarities
of MI values among cells. The joint probabilities of
the identified phrase pairs is estimated using mono-
lingual bigram language models. Eventually, the esti-
mated joint probability distributions are marginalized
into conditional probability distributions used by the
decoder. They showed that their algorithm’s precision
is higher than the precision of a baseline system where
phrase translations are extracted from the HMM word
alignment.

Vogel et al., [21] presented a system that experi-
ments four different approaches to phrase pair extrac-
tion: 1) harvesting the Viterbi path generated by a word
alignment model, 2) adding additional alignment re-
strictions over the IBM-style alignment models [22],
3) using occurrence statistics collected over the entire
corpus to achieve higher precision [19], and 4) inte-
grating segmentation and phrase alignment [20]. They
also added a generalization power by allowing for
overlapping phrases to their system [23]. Their experi-
mental results demonstrate that each phrase alignment
approach yields different results when used alone, but
combining the methods always improves the results.

While many models [15, 24–30] were only able to
optimize the performance of the one-to-many model
and the many-to-one model separately, and the pre-
dictions of the two models required combination with
symmetrization heuristics, Fraser and Marcu [31] ex-
tended the IBM Models to produce symmetric many-
to-many alignments that can be viewed as phrase
alignments. They show that their generative alignment
model is effective when trained using both unsuper-
vised and semi-supervised training methods.

2.1.3. Decoding
Given a phrase table, it is possible to translate

new input sentences. This process is called decoding.
In SMT, decoding corresponds solving the following
maximization problem [32]:

êI
1 = argmax

eI
1

{P(eI
1| f J

1 )} (5)

or after applying Bayes theorem:

= argmax
eI
1

{P(eI
1) · P( f J

1 |eI
1)} (6)

Now, we have two models:

1. The language model P(eI
1)

2. The translation model P( f J
1 |eI

1), the learned
phrase table

Due to the constraints of the translation model, the
number of possible outputs is finite. However, there is
still a very large number of possible outputs to con-
sider in order to maximize the function. Therefore, a
primary objective of decoding is to search this space
as efficiently as possible.

Many of the decoding algorithms follow a general
framework detailed by Wang and Waibel [33] and
Koehn [34], which is similar to the one used by Jelinek
[35] for speech recognition. In this framework, search
proceeds through a directed acyclic graph of states.
Each state represents partial or completed hypotheses,
constructed from left-to-right in the target language
word order. Hypotheses in this space are extended by
adding one or more source word indices to the set of
the positions of the source string that have been trans-
lated and appending one or more target words to the
hypothesis string to produce a new state. The cost of
a new state is the cost of the original state multiplied
with the translation, distortion and language model
costs of the added phrasal translation. Model-specific
extension operators were implemented to apply this al-
gorithm to IBM Model 4 [36, 37], phrase-based mod-
els [34], or other translation models [33, 38].

A risk-free optimization to reduce the search space
is to recombine two hypotheses; if they agree in the
source words covered so far, the last target words gen-
erated, and the end of the last source phrase covered.
Only the cheaper hypothesis is kept [34, 39].

There are several approaches to solve the optimiza-
tion in Equation 5. One approach is to use A* heuris-
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tics [39]. Another approach is to convert the opti-
mization problem to linear integer programming [37].
A more common approach is to use beam search
[24, 36, 37]. A beam search assumes that there are
many acceptable translations of any sentence. There-
fore, a certain amount of search error, when the de-
coder does not choose the optimal hypothesis, is per-
mitted. The search space’s hypotheses may be stored
in one or more priority queues (often called stacks) and
the search speed is optimized by pruning the search
graph. There are two types of pruning, threshold prun-
ing, where any hypothesis with a probability less than
t times the probability of the best estimate in the same
priority queue is removed, and histogram pruning,
where only the n best hypotheses are kept in any prior-
ity queue (t or n is the size of the beam). A beam search
can achieve large speedups with a very little loss of
accuracy [24, 34, 36, 37].

2.2. Neural Machine Translation

Neural machine translation (NMT), a new approach
to MT that uses a large artificial neural network to pre-
dict the likelihood of a sequence of words has recently
been proposed, [40–45]. Unlike the phrase-based SMT
which consists of many small sub-components that are
tuned separately, NMT aims at building a single neu-
ral network that can be jointly tuned to maximize the
translation performance. Many of the NMT methods
implement the concept of a sequence-to-sequence net-
work [41] in which two Recurrent Neural Networks
(RNNs) working together to turn one sequence into
another. The network encoder condenses the input se-
quence into a vector, and the network decoder unfolds
the vector into a new sequence. In many primary tu-
torials (such as https://sites.google.com/site/acl16nmt/
home), NMT was widely described.

Transformer-based models have contributed to a
massive improvement in the accuracy of neural ma-
chine translation in the past few years. The core fea-
ture of the transformer architecture, which follows
the encoder-decoder paradigms, is the so-called multi-
head attention mechanism [46], which enables the
model to concurrently concentrate on various parts of
the input. First, attention mechanisms were used in
combination with Recurrent Neural Networks (RNNs),
between the encoder and decoder. Then, the Trans-
former architecture replaced the RNNs in the encoder
and decoder by multiple attention heads. The Trans-
former architecture is now the state-of-the-art archi-
tecture for NMT. We note rather extensive reviews of

NMT are available [47–49], and refer the reader inter-
ested in more details to those works.

The performance of NMT declines sharply under
low-resource constraints, underperforms SMT and re-
quires significant volumes of auxiliary data to provide
competitive results [50]. The effectiveness of Trans-
former under low-resource conditions is highly depen-
dent on the hyper-parameter settings. Araabi and Monz
[51] showed that, compared to using the Transformer
default settings, using an optimized Transformer for
low-resource conditions improves the translation qual-
ity up to 7.3 BLEU points.

A particularly promising approach for employing
resources from additional languages is transfer learn-
ing [50, 52]. Transfer learning is training a model
(child) with a limited amount of parallel corpus with a
pre-trained model (parent) as the initial parameters in
the training. The theory is that the information main-
tained in the parent model should be transferred to the
newly trained child model. The parent and child pairs
might share the target language [53]. The pairs might
be both low-resource languages either related [54], or
unrelated [55].

Many recent studies of NMT [56–62] use Open-
NMT [63–65], an open-source toolkit for NMT.

In this study, we focused on the SMT approach for
two reasons. First, in our case study, the SMT method
significantly outperformed the NMT method imple-
mented using OpenNMT. Second, due to the modular-
ity of the SMT approach, interpretation of the results
is much easier using SMT.

2.3. Machine Translation for ancient languages

Researches on NMT for ancient languages are be-
ginning to emerge. Some studies have applied NMT
for translating various ancient languages to their mod-
ern counterpart, such as Korean [66], Japanese [67]
and Greek [68]. While these works focused on to-
kenization, character recognition, and missing char-
acters recovery using deep neural networks. In the
present research, the given ancient text is complete
and readable. Moreover, we did not translate an an-
cient language to its modern counterpart, but translated
an ancient language (Aramaic) to another ancient lan-
guage (Biblical Hebrew).

Resnik et al. [69] recognized the Bible as a source
for various NLP applications, such as lexical seman-
tics, translation lexicons development, and evaluation
of semantic tagging for multilingual machine transla-
tion. They used 13 different Bible translations to cre-

https://sites.google.com/site/acl16nmt/home
https://sites.google.com/site/acl16nmt/home
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ate a parallel corpus. Christodouloupoulos and Steed-
man [3] followed them and increased the number of
languages to 100 (4,950 unique language pairs) using
the same xml format. Their corpus is publicly avail-
able. Therefore, for consistency, for this research we
used the same Corpus Encoding Standard [2]. A cor-
pus of 847 Bibles was created by Mayer and Cysouw
[70] and was extended to 1556 Bibles in 1169 [71].
However, this corpus is no longer available.

Recently, the Johns Hopkins University Bible Cor-
pus (JHUBC) [72], a massively parallel corpus in more
than 1600 languages was presented. The corpus con-
tains more than 4000 unique translations of the Chris-
tian Bible and counting, including 7400 lines from
the New Testament in Aramaic. However, the cor-
pus is not publicly available due to copyright restric-
tions. Additional diachronic and synchronic parallel
corpus of Bible translations, the EDGeS corpus[73],
was recently presented. It includes Bible translations in
Dutch, English, German and Swedish, with texts dat-
ing back to the 14th century. The entire corpus is acces-
sible to researchers by the well-known OPUS search
infrastructure and the open portion of the corpus is
available for download.

The Bible corpus is commonly used for multilingual
studies [74, 75]. However, it is not sufficient for train-
ing a general-purpose MT system and is often used in
combination with other parallel corpora, especially in
the case of low-resource languages [76, 77].

2.4. Aramaic NLP

Several studies were conducted on Aramaic NLP.
Few works used the Responsa project as a corpus of
old texts in mixed Hebrew and Aramaic. These studies
have addressed various tasks such as abbreviation dis-
ambiguation [78, 79], citations identification [80, 81],
temporal data mining [82, 83], and diachronic the-
saurus construction [84–87], etc. These experiments
offered insights into the Aramaic language. But, since
the Responsa project’s primary language is Hebrew,
these experiments did not concentrate explicitly on the
Aramaic NLP.

Snyder and Barzilay [88] proposed a non-parametric
model that jointly segments and identifies cross-
lingual morpheme patterns for morphological segmen-
tation of multiple languages. Priory, for each language
and for the cross-lingual links, the model uses Dirich-
let process. The model, using a multilingual parallel
corpus of short phrases from the Hebrew Bible and
translations in four languages: Arabic, Hebrew, Ara-

maic, and English was implemented (for Aramaic, Tar-
gum Onkelos was used (see Section 3)). Snyder and
Barzilay [88] illustrated that in monolingual models
the joint model dropped error was up to 24%. The
model obtained better results in languages of the same
family. However, for the English and Aramaic por-
tion of the corpus, Snyder and Barzilay [88] did not
have gold standard segmentation and their assessment
is limited to Hebrew and Arabic.

The latest study on the discovery of parallel pas-
sages in the Babylonian Talmud corpus by Shmidman
et al. [89] is an exception. As opposed to the Responsa
project, the key language of the Talmud is Aramaic.
The Shmidman et al. [89] method enables shifts to oc-
cur on word and phrase levels between parallel pas-
sages. They concentrated on the essence of the words
at word level. First, the method used the input corpus to
measure the Hebrew letter frequency. The two most in-
frequent letters were then listed for each word and the
word was represented by those two letters. The method
essentially removed prefixes letters and matres lectio-
nis because they are the most frequent letters in the
language. At phrase level, both four-grams and non-
contiguous skip-grams were compared. For each five-
word-sequence of text, they retrieved all four-word
combinations that might exclude each of the last four
words. To verify a certain match, a two-dimensional
graph was created to cluster the matching skip-grams.
Every match of the skip-grams was drawn on one axis
by the starting word position of the base skip-gram and
on the other axis by the corresponding starting word
position of the skip-gram. Cases where a cluster with
more or less diagonal line matches several skip-grams
were deemed valid. since it compiles its list of possible
matches during a pre-processing single pass of the text,
the Shmidman et al. [89] method is capable of process-
ing text of any size in O(N) time. We note that they
did not discover parallel passages suitable for SMT,
but identified rephrasing and orthographic variation of
a particular passage.

Recently, Liebeskind and Liebeskind [90] proposed
a technique for automatic construction of Aramaic-
Hebrew translation Lexicon. First, using a state-of-
the-art word alignment translation model, they created
an initial translation lexicon. Then, using string simi-
larity measures of three types, they filtered the origi-
nal lexicon: similarity between terms in the target lan-
guage, similarity between a source and a target term,
and similarity between terms in the source language.
In their tests, for each type of similarity, Liebeskind
and Liebeskind [90] used a parallel corpora of Bib-
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lical Aramaic-Hebrew sentence pairs and examined
several string similarity measures. They demonstrated
their technique’s advantage and its impact on precision
and F1. More precisely, they showed that their filtering
method significantly exceeds a filtering method based
on the probability scores generated by a state-of-the-
art word alignment algorithm. In the current paper, we
use the same corpora to develop a complete end-to-end
Aramaic-Hebrew translation system.

3. Parallel Corpora

SMT requires parallel data for learning. In a sentence-
level parallel corpus, for every sentence in the source
language there is a translated sentence in the target
language. We used three Aramaic-Hebrew corpora:

1. Targum Onkelos, the Jewish Aramaic Targum,
is an original translated text of the Pentateuch
(Five Books of Moses), which was thought to
have been composed in the early 2nd century CE
or in the late 4th-early 5th centuries [4]. Its author-
ship is historically credited to Onkelos, a well-
known convert to Judaism in the Tannaic pe-
riod (c. 35-120 CE). The Talmud (Megillah 3a)
relates that Targum Onkelos’s content was first
passed to Moses at Mount Sinai by God, but it
was lost and recorded by Onkelos afterward. The
Aramaic translation of Onkelos is a literal word-
by-word translation with very little supplemental
content in the form of exegesis. However, where
challenging biblical passages are found, Onke-
los attempts to eliminate obscurities and ambi-
guities. Sometimes in his translated text he uses
non-literally aggadical interpretations or exten-
sions, typically where the original Hebrew is ei-
ther an idiom, a homonym, or a metaphor.

2. Targum Jonathan, the formal translation of the
eastern Aramaic to the Nevi’im (Prophets), the
second major division of the Hebrew Bible. Its
authorship is traditionally credited to Jonathan
ben Uzziel, a follower of Hillel the Elder. The
Talmud points out that the Targum Jonathan
tradition derived from the last prophets "from
the mouths of Haggai, Zechariah, and Malachi,"
(Megillah 3a). Its general style is like that of Tar-
gum Onkelos, originated in the land of Israel and
accepted in Babylonia in the third century. The
Babylonian Academies took Targum Jonathan to
the Diaspora.

3. Zohar, the central work of Jewish spiritual lit-
erature, known as Kabbalah. The Zohar is a se-
rious of books with a commentary on the spir-
itual elements and scriptural interpretations of
the Pentateuch as well as mysticism, mythical
cosmogony, and mystical psychology. The Zohar
scriptural exegesis can be viewed an esoteric type
of the rabbinical literature known as Midrash,
which elaborates on the Pentateuch. The Zohar
is primarily written in a vague, obscure Ara-
maic style. Some scholars claim that the Zo-
har Aramaic seems to be composed by someone
whose mother tongue was not Aramaic and that
words from Andalusi Romance and Galician Por-
tuguese are included in the text. The Zohar was
first established in Spain in the 13th century. The
publication was made by Moses de León, a Jew-
ish writer from 1240–1305. De León credited the
work to Shimon bar Yochai ("the Rashbi"), a rab-
binic sage active after the Siege of Jerusalem (70
CE) and the fall of the Second Temple during the
Jewish-Roman wars. Some non-Jews delve into
the Zohar out of curiosity, or in search of mean-
ingful and practical answers about their lives and
the purpose of creation and existence. The pur-
pose of the Zohar is to help the Jewish people and
infuse the Torah and the commandments with
wisdom. The Hebrew translation of the Zohar is
modern.

3.1. Aramaic-Hebrew parallel Bible corpus

We constructed an Aramaic-Hebrew parallel cor-
pus based on translation of the Bible. For this pur-
pose, we used two corpora: Targum Onkelus and Tar-
gum Jonathan. Thus, our corpus covers all the Hebrew
Bible4. Although, there is Targum Jonathan for the
Pentateuch section of the Bible, Targum Onkelus pre-
cedes Targum Jonathan and is more widely used, for
example, the Jewish obligation of "Shnayim mikra ve-
echad targum" involves reciting the Hebrew text of the
weekly portion twice and then reciting Targum Onke-
los once.

For consistency with the corpus of Christodou-
loupoulos and Steedman [3] which includes 100 ad-
ditional languages, we used a well-defined univer-
sal format, the Corpus Encoding Standard (CES [2]),

4The Catholic Bibles and the Eastern/Greek Orthodox Bibles con-
tain supplementary content from the Septuagint (texts translated into
Koine Greek) and other sources in their Old Testaments.
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conforming to the level 1 annotation guidelines. This
means that in practice the Aramaic Bible is an XML
file containing nested <div> book and chapter-related
elements and <seg> verse-related elements. The se-
rial IDs were marked on each of the verses. Figure 3.1
shows two verses of Gen:1–2 in Aramaic.

Fig. 1. Two verses of Gen:1–2 in Aramaic from the Aramaic Bible
XML file

4. Evaluation

This section presents the evaluation of historical
translations using SMT methods. We first assessed the
quality of the constructed Aramaic-Hebrew parallel
corpus (Section 4.1). Then, we evaluated the perfor-
mance of the SMT algorithm, which was trained on
our parallel corpus, on other Aramaic text of the same
genre, but of different dialect or period.

4.1. Evaluation Setting

4.1.1. Datasets
For properly training the SMT algorithms, we di-

vided each of our three corpora to three sets: train, val-
idation, and test. Table 1 shows the number of parallel
verses (in the case of the Zohar, paragraphs) in each
of the sets. We note that for the Bible corpus (Targum
Onkelus and Jonathan), we first unified the two corpora
and then divided it to the three sets.

4.1.2. Evaluation measure
In our experiments, we compared the performance

of the algorithms by a typically used MT measure:
BLEU (Bilingual Evaluation Understudy). The BLEU
scores for individual sentences are measured by com-
paring them with a set of high quality reference trans-

Table 1
Number of parallel verses in each set of the corpora

Corpus Train Dev Test

Targum Onkelus 5,000 746 100
Targum Jonathan 8,000 1,196 100
Targum Onkelus and Jonathan 13,000 2,042 100
Zohar 13,830 1,273 100

lations. Those scores are then averaged over the en-
tire dataset to achieve an approximation of the over-
all quality of the translation. In our case, we simply
counted matching unigrams in the candidate transla-
tion unigrams and the reference text. Intelligibility,
word order or grammatical consistency are not taken
into consideration.

4.1.3. Machine translation algorithms
We experimented with two types of MT algorithms:

statistical and neural. For SMT, we applied the phrase-
based model, described in Section 2.1. We used the
Moses statistical machine translation5 [91], an open
source toolkit that has been widely used in previous
work, with its default settings. For NMT (Section 2.2),
we applied two types of models: RNN and Trans-
former. We used the OpenNMT toolkit6 [63, 64, 92]
with its default settings. We also applied an additional
variation of the Transformer, which was found useful
in previous work [50], subword tokanization using the
SentencePiece package7.

4.2. Results

To evaluate the quality of the constructed Biblical
Aramaic-Hebrew corpus, we used parallel corpus for
MT. Table 2 shows the results of the MT algorithms on
our corpus.

Table 2
The results of the MT algorithms on our corpus

Method BLEU

SMT 44.25
RNN 28.58
Transformer 14.78
Transformer+subword units 11.76

5http://www.statmt.org/moses/
6https://opennmt.net/
7https://github.com/google/sentencepiece

http://www.statmt.org/moses/
https://opennmt.net/
https://github.com/google/sentencepiece
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The SMT approach significantly outperforms the
NMT approach. When we used an NMT model with
more parameters (i.e. the transformer models), the per-
formance decreased. Since there is a huge gap be-
tween the SMT and the NMT BLEU scores, we did not
make efforts to improve the NMT algorithms (as was
previously done for low-resource languages, see Sec-
tion 2.2). Instead, we adopt the SMT approach for the
Aramaic-Hebrew translation.

The BLEU score of the SMT method is considered
relatively high in MT. This may confirm the claim of
historians that Targum Onkelus and Targum Jonathan
are almost entirely a word-by-word literal translation
of the ancient Hebrew. Moreover, Aramaic and He-
brew have the same alphabet and share some common
words8. Translation from Hebrew to Aramaic using the
same system also yielded a high BLUE score of 41.73.

When we ran our SMT system on the two corpora
separately, the BLUE score of Targum Onkelus (50.11)
outperformed the BLUE score of Targum Jonathan
(37.02) significantly. This finding also conforms with
the claim that the overall style of Targum Jonathan is
very similar to that of Targum Onkelos, but appears to
be a looser paraphrase of the biblical text [93].

To better understand the challenges of the Aramaic-
Hebrew translation task, we analyzed the translation
errors of the SMT method. We randomly sampled
30 sentences and analyzed unigrams in the candidate
translation which were considered by the BLEU score
as an incorrect match to the reference text. We found
95 incorrect matches which can be divided into five
main types:

1. Wrong morphological form (29.47%): the word
was correctly translated, but a wrong morpho-
logical form was chosen. For example, the Ara-
maic word זכותא! (lit. charity) (zkwta)9 was trans-
lated to צדקות! (cdqwt) in plural, instead of צדקה!
(cdqh) in singular, the Aramaic word דעל! (lit.
come) (d`l) was translated to בוא! (bwa) instead
of its missing spelling בא! (ba), and the Aramaic
word מללנא! (lit. speak) (mllna) was translated to
אדבר! (adbr) - 1st-person singular in future tense,
instead of דברנו! (dbrnw) 1st-person plural in the
past tense.

8https://www.safa-ivrit.org/imported/aramaic.php
9To facilitate readability, we used a transliteration of Hebrew us-

ing Roman characters; the letters used, in Hebrew lexico-graphic or-
der, are abgdhwzxTiklmns`pcqršt.

2. Synonym (25.25%): the word was correctly
translated to a different synonym, sometimes
with a wrong morphological form (29.16% of the
synonym cases). For example, the Aramaic word
!Kלאטעיות (lit. tempt) (laT`iwtk) was translated
to !Kלפתת (lpttk), instead of !Kלהדיח (lhdixk), the
Aramaic word מסכנא! (lit. poor) (mskna) was
translated to !Nהאביו (habiwn), instead of דל! (dl),
and the Aramaic word סברית! (lit. hope) (sbrit)
was translated to קויתי! (qwiti), instead of פללתי!
(pllti).

3. Untranslated words (20%): these words were left
in Aramaic and were not translated at all.

4. Completely wrong translation (13.68%)
5. Different number of words (9.47%): single words

which were translated to two words in the ref-
erence text or vice versa. For example, the Ara-
maic phrase !Kלעמ תתכניס Nכ בת (lit. then you
will come to your people - then you will pass
away) (bt kn ttknis l`mk) was correctly translated
to !Kלעמ תבוא Nכ אחרי (axry kn tbwa l`mk), but
the reference text translated !Nכ אחרי (axry kn) to
a single word אחר! (axr) and !Kלעמ (l`mk) to two
words !Kעמי אל (al `mik).

The rest of the cases (2.1%) were cases where
the translation significantly changed the word or-
der/syntax of the verses. Our analysis reveals that
many of the cases that were considered as incorrect
matches were actually reasonable translations with dif-
ferent word choice (types: 1, 2, and 5).

4.2.1. Adapting the model for other Aramaic texts
We evaluated the performance of the trained SMT

model on the third available parallel corpus of the Zo-
har (see Section 3). In contrast to the Bible which was
originally translated from ancient Hebrew to Aramaic,
the Zohar was translated from a later Aramaic to Mod-
ern Hebrew. Due to the languages differences, the per-
formance of the model decreased significantly and we
obtained a BLEU score of 14.76.

In our efforts to explore the usefulness of the SMT
for Aramaic-Hebrew translation, we trained the same
model on the Zohar train set, thus overcoming the
languages differences problem. We achieved a high
BLEU score of 52.69; a much better result than that of
the Bible parallel corpus (44.25).

Furthermore, we conducted a manual evaluation on
the Talmud texts. The Talmud translation poses more
challenges to SMT. First, there is no available paral-
lel corpus of the Talmud for training. Second, the Tal-
mud is an Hebrew-Aramaic corpus containing mixed-

https://www.safa-ivrit.org/imported/aramaic.php
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language sentences. Third, the Talmud Aramaic dialect
(Jewish Babylonian Aramaic) is different from that
of the Aramaic Bible. The bilinguality of the Talmud
texts prevented us from randomly sampling the corpus.
Hence, we asked domain experts to extract a list of
Aramaic-only sentences for analysis. To increase the
challenge, all those 30 sentences are idiom and para-
phrases. For example, כרבא! לקי הוצא בהדי (bhdi hwca
lqi krba) (lit. because of the thorns the cabbage was
damaged) - because of the wicked man his righteous
neighbor was punished, and מילתא! אסתייע לא (la astii`
milta) (lit. it didn’t come to pass) - it didn’t work out.

Next, we analyzed the translation of those 30 sen-
tences and suggest future research direction to improve
the quality of the Talmud translation. The total num-
ber of analyzed words is 257, an average of 8.53 words
per sentence. 110 of the words were unknown to the
model (42.97%). Only 12 of the 146 (8.2%) translated
words were incorrectly translated. About 5% of the
words are shared by the two languages, for instance,
אפילו! (apilw) (lit. even) and זמר! (zmr) (lit. song).

Since the system was trained on the Bible corpus,
some of the sentence were translated in biblical terms.
An interesting example is the phrase ולקיש בכיר Mא
!Zיינ כחדא (am bkir wlqiš kxda iinc) (lit. if the first
grains and the late-ripening grains sprout at the same
time) that was translated to !Zיינ יחדיו ומלקוש יורה Mא
(am iwrh wmlqwš ixdiw iinc) (lit. if the first rain and
the last rain (at the end of the rainy season) sprout at
the same time), where !Mא is a shared word and !Zיינ is
unknown.

The large amount of unknown words caused many
of the translation errors. The model had difficulty rec-
ognizing the words’ context and incorrectly chose a
translation for the word in a different meaning, usually
its most frequent sense in the Bible. For example, the
word חמרא! (xmra) appears in three of our sentences.
It has two senses in Aramaic: wine and donkey. The
wine sense is more frequent in the Bible, thus in all the
sentences חמרא! was translated to wine. However, wine
was a good choice only for one of our sentences. An-
other common reason for translation failure was trans-
lations which were based on a single appearance in the
Bible. For example, ועיניה! (w`inih) (lit. his eyes) was
incorrectly translated to ימינו! Nעי (`in iminw) (lit. his
right eye).

The promising results of the SMT approach for
Aramaic-Hebrew translation suggest that it will be
possible to significantly improve the quality of the
Talmud translation by constructing a suitable paral-
lel corpus with a few thousands of sentences. Alter-

natively, we can leverage unrelated unaligned mono-
lingual data to create additional training data that
differs only marginally from the initial training data
[94, 95]. Another approach that may improve the ac-
curacy and coverage of SMT is to combine compara-
ble data [96, 97]. For example, comparable corpus can
be useful for adding induced translations of low fre-
quency words [97].

5. Conclusions and Future Work

In this paper, we described the construction of a par-
allel Biblical corpus from two ancient Aramaic trans-
lations: Targum Onkelus and Targum Jonathan. The
corpus was encoded using Corpus Encoding Standard
and will be publicly available. We used the corpus
to evaluate the quality of historical translation within
the MT framework. Two MT approaches were inves-
tigated: SMT and NMT. Since the SMT approach sig-
nificantly outperformed the NMT approach, SMT was
used in our evaluation. Our findings confirmed the his-
torians’ assumption that the translations mainly consist
of word-to-word translation and that Targum Onkelus
is more accurate than Targum Jonathan.

We also applied the SMT model to other two Ara-
maic dialects. We observed the necessity to train the
model on a dataset of the same dialect. In the case of
the Zohar, where training data is available, the SMT
approach achieved a very high BLEU score (52.69). In
the case of the Talmud, where there is not any available
training data, we performed a manual analysis of the
SMT approach trained on the Bible corpus. We con-
cluded that it is mandatory to use texts in the Talmud’s
dialect for developing a useful translation system.

In the future, for Aramaic-Hebrew translation, we
plan to incorporate monolingual data or use compara-
ble corpus to improve the SMT performance.

We also plan to use the presented methodology to
explore the translation quality of other ancient lan-
guage pairs, such as the Septuaginta Greek-Hebrew
translation. We believe that NLP is useful for cultural
heritage research and in particular for preserving en-
dangered languages.
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