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Abstract

This project addresses the general absence of Natural Language Processing (NLP) tools when it comes to
historical languages as a subset of low-resource languages that is relevant to an array of academic disciplines
from linguistics to textual criticism. In particular, we train an Ancient Hebrew language model, BEReshiT, as well
as BEReshiT-morph, a submodel for morphological annotation. BEReshiT is achieved through the fine-tuning of
DictaBERT, a state-of-the-art model for Modern Hebrew that has also proved useful in Biblical Hebrew tasks. Layer
freezing is applied in order to achieve maximal results while gaining insight about the adaptation process. In the
context of an elaborate cloze test, BEReshiT demonstrates increased performance and notions of the Ancient Hebrew
language compared to the source model as well as a selection of additional relevant models. The submodel BEReshiT-
morph performs highly on tasks of morphological classification, reaching an F1 score of 0.97 for part-of-speech
(POS) tagging. We release the main and morphological models as well as the datasets used at training and evaluation.

Keywords: BERT, layer freezing, Ancient Hebrew, cross-variety transfer, model interpretability

1. Introduction and Motivation

It is well-known that the NLP field is dominated by
data and tools that pertain to high-resource lan-
guages (Joshi et al., 2020). Whilst low-resource
languages have been receiving increased atten-
tion in recent years, work with them still constitutes
a challenge (Hedderich et al., 2021; McGiff and
Nikolov, 2025). In particular, historical languages
are associated with a limited number of texts, which
are moreover typically homogenous in register and
complexity. Yet, these languages are of key impor-
tance within a number of research disciplines, such
as linguistics, archaeology, theology and textual
criticism.

We are focusing on Ancient Hebrew, the lan-
guage of the Hebrew Bible and of additional texts
similar in time frame and linguistic characteristics.
Ancient Hebrew differs from Modern Hebrew in
terms of morphology, syntax and, most notably,
vocabulary. For more information about the He-
brew language and its stratification, please refer
to: Khan et al. (2013), Hurwitz (2014), Hornkohl
(2014) and Rezetko and Young (2014).

We are herein presenting our language model,
BEReshiT, along with the submodel BEReshiT-
morph, which predicts the morphological char-
acteristics of Ancient Hebrew words in context.
BEReshiT is achieved through the fine-tuning of
a state-of-the-art BERT-based model specialising
in Modern Hebrew, DictaBERT (Shmidman et al.,
2023). In order to make optimal use of the source
model as well as to gain insight about the rela-
tionship between BERT architecture and the He-
brew language (in its different varieties), we trained
twelve versions of the model, each corresponding
to a different scenario of layer freezing.

The trained models, as well as a representa-
tive selection of established Hebrew or multilin-
gual models, were evaluated on specially crafted
datasets, which underline the specificities of the
Ancient Hebrew language as well as notable differ-
ences with its Modern counterpart. These datasets,
as well as the strongest BEReshiT model and the
BEReshiT-morph submodel, are publicly released
in the following repository: https://zenodo.
org/records/18750374. Our main contribution
consists in the Ancient Hebrew model and associ-
ated submodel artefacts rather than in novelty in
terms of aspects such as training and evaluation.
The models may be used in future work with Ancient
Hebrew texts that have been newly discovered or
digitalised or that have not yet received high levels
of attention (notably, morphological annotation).

2. Background

There are several Hebrew language models to date.
In particular, the Dicta team1 has developed high
performing models that focus on different aspects
and varieties of the language. DictaLM are re-
cent Hebrew-based large language models (LLMs)
(Shmidman et al., 2024b). In this study, we chose to
focus on a BERT-based model (Devlin et al., 2019)
for several reasons. BERT models systematically
capture rich morphological and syntactic informa-
tion across layers, which is particularly important for
a morphologically complex language such as He-
brew. In addition, the architecture has been shown
to allow for successful experiments that imply ex-
plainability and interlingual comparison. Also, task-
and language-specific models such as DictaBERT

1https://dicta.org.il/

https://zenodo.org/records/18750374
https://zenodo.org/records/18750374
https://dicta.org.il/
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have achieved strong performance on NLP tasks,
often dominating the state of the art. Finally, the
relatively small size of BERT models makes them
more suitable than other high-performing models,
such as LLMs, in view of computational and envi-
ronmental constraints.

MsBERT is trained for the task of filling in la-
cunae in Hebrew manuscripts (Shmidman et al.,
2024a). In turn, BEREL (Shmidman et al., 2022)
specialises in Rabbinic Hebrew, a stratum that has
significant links with Ancient Hebrew in terms of
linguistics and register. However, we opted for
the Modern Hebrew model DictaBERT (Shmidman
et al., 2023) as a model to finetune for the following
reasons: it is associated with a strong morphologi-
cal submodel, whose performance has brought im-
provement even on tasks related to Ancient Hebrew
(Nikolova-Stoupak et al., 2025); also, BEREL has
already been trained on the Hebrew Bible as well
as additional sources that reference it and is there-
fore not a good candidate for domain adaptation
through fine-tuning on available Ancient Hebrew
text. To our knowledge, no uniquely Ancient/Bibli-
cal Hebrew language model exists to date.

BERT- and RoBERTa-based models have been
trained for a large variety of languages, includ-
ing historical ones such as Latin (Bamman and
Burns, 2020) and early modern French (Gabay
et al., 2022). HmBERT is a multilingual model
(a.k.a. one-model) of historical languages2 that
specialises in Named Entity Recognition (NER)
(Schweter et al., 2022). The model improves on
single-model benchmarks for the German language
whilst falling short for the other languages. Fine-
tuning of previously trained models has also been
used in adaptation to low-resource historical lan-
guages. For instance, Lendvai et al. (2023) fine-
tune several multilingual BERT models on histor-
ical varieties of Slavic languages for the purpose
of identification of manuscripts and related tasks,
achieving highest results when using models that
already specialise in Cyrillic3.

Various experiments have been carried out as
a quest to gain insight about BERT’s structure
with regards to language knowledge. Jawahar
et al. (2019) conclude that the model captures
linguistic information about English in tree-like
structures. Working with English, French and
Swedish on the task of proficiency level determi-
nation, Muñoz Sánchez et al. (2024) explore layer
freezing at BERT fine-tuning, discovering that opti-
mal architectures differ for each language.

2historical German, English, French, Swedish and
Finnish

3KoichiYasuoka/bertbaseslaviccyrillicupos and
anonsubmissionmk/bertbasemacedonianbulgarian-
cased

3. Data

3.1. Model Training
We trained the BEReshiT models on the whole He-
brew4 text of the Hebrew Bible (373 093 words/28
379 verses) and clean5 Hebrew verses from the
Dead Sea Scrolls (DSS), a series of both Bibli-
cal and extra-Biblical manuscripts discovered from
1947 onwards (67 806 words/5955 lines)6. The
two sets of texts were used as available, respec-
tively, through the Open Scriptures Hebrew Bible
(OSHB)7 and ETCBC’s The Dead Sea Scrolls Text-
Fabric dataset8. In accordance with DictaBERT, we
used the established Hebrew character set consist-
ing of consonantal letters only, excluding diacritical
marks such as vowel signs (nikkudot) and cantil-
lation marks. In the case of the Hebrew Bible, we
duplicated one quarter of the data and included it a
second time along with nikkudot in order to ensure
that the model has knowledge of this later conven-
tion whilst not overburdening it with what it would
treat as new vocabulary.

For the purpose of training the morphological
submodel, we created a token-level dataset based
on the same data along with morphological informa-
tion as present in the two data sources and mapped
in cases of difference in notation. To limit the num-
ber of morphological features per token, prefixes
were separated from the word they modify.

3.2. Model Evaluation
We composed a 200-verse dataset that seeks to
capture the general qualities of the Ancient He-
brew language. For half of the dataset, we se-
lected Biblical verses as divided into discrete cat-
egories in relation to literary genre or time-period
that have been standardly distinguished in Biblical
Hebrew scholarship as exhibiting different linguistic
features: “narrative”9, “legal”10, “prophetic”11, “po-
etry”12, “wisdom’13 and “late”14. Note that the list is
not unequivocally accepted and that the same text

4Aramaic parts were discarded.
5Lines with reconstructed or missing text were dis-

carded.
6For more information about the Dead Sea Scrolls,

please refer to djd (1955–2009).
7https://hb.openscriptures.org/
8https://github.com/ETCBC/dss
930 verses; from “Gen”, “Exod”, “Num”, “Josh”, “Judg”,

“Ruth”, “1 Sam”, “2 Sam”, “1 Kgs”, “2 Kgs”, “Esth”, “Jonah”
1015 verses; from “Deut”, “Lev”
1115 verses; from “Isa”, “Jer”, “Ezek”, “Hos”, “Joel”,

“Amos”, “Obad”, “Mic”, “Nah”, “Hab”, “Zeph”, “Hag”,
“Zech”, “Mal”

1215 verses; from “Lam”, “Ps”, “Song”
1310 verses; from “Eccl’, “Job’, “Prov’
1415 verses; from “1 Chr”, “2 Chr”, “Dan”, “Ezra”, “Neh”

https://hb.openscriptures.org/
https://github.com/ETCBC/dss
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could be classified as belonging to more than one
category (“Eccl” may be “late” as well as “wisdom”),
in which case we have made selections in view of
quantitative balance.

In order to specifically test our models’ profi-
ciency in Ancient as opposed to Modern Hebrew,
we based the second half of the dataset around five
phenomena as absent/rare in the latter but com-
monly encounterable in the former (20 verses per
phenomenon): “wayyiqtol narrative chains”, “com-
bination of infinitive absolute and finite verb”, “verb
subject object”, “suffixed possessive pronouns” and
“particles”. The last category includes verses that
contain the particles ,15ה הנ־הנה 16, אנ 17 and the rel-
ative particle רשא (in place of the particle –ש , which
came to gradually be more common). The included
phenomena are not meant to be exhaustive of the
differences between the concerned language vari-
eties.

For the purpose of evaluating the performance
of the BEREL and GPT models on data that thay
have not been trained on, we also created an alter-
native dataset of 200 DSS lines (100 Biblical and
100 extra-Biblical). In the case of the Biblical lines,
BEREL has already encountered the same text with
alternative orthography, and the extra-Biblical lines
are entirely unfamiliar to it. We do not have this
level of knowledge concerning the GPT model’s
training, but a similar tendency is expected in view
of the data’s general online presence.

The morphological model was evaluated on 10%
of the original dataset.

The data used for model evaluation was removed
from the training datasets.

4. Methods

12 different versions of the BEReshiT model were
trained, each corresponding to a different number of
“frozen” layers within the original DictaBERT model.
As with DictaBERT, standard BERT-based training
was followed. Tokenisation was based on full words
rather than subword tokens, as proven optimal in
relation to DictaBERT (Shmidman et al., 2023). A
simple grid search was used in the configuration
of each model. The strongest performing model
in terms of accuracy, which had 9 frozen layers (3
trainable layers), was trained for 3 epochs with a
learning rate of 0.0001 and word-mask probability
of 0.2. All models were trained on one GPU Nvidia
L40S 45GB. Training time ranged between 16.72
min (for 12 trainable layers) and 79.42 min (for 9
trainable layers). The models were evaluated on
a cloze test based on the evaluation dataset as

15question particle
16presentative particle/discourse marker; related forms

are also included
17denotes entreaty/politeness

presented in 3.2. A random word was masked
within each verse/line.

For the purpose of inter-model comparison,
we opted for the following selection of models:
DictaBERT, BEREL18, mBERT (Devlin et al., 2019)
and GPT-4o (OpenAI, 2024). A comparison of our
models with DictaBERT allows for clear evaluation
of the improvement resulting from the fine-tuning
process. It is also meaningful to juxtapose our
models to BEREL, which specialises in Rabbinic
Hebrew, a stratum that resembles Ancient Hebrew
more than Modern Hebrew does. Whilst remaining
within the framework of BERT models, mBERT19,
which was trained on 2k tokens of Modern Hebrew
data, allows for a comparison between language-
specific and multilingual transformer models in re-
lation to the Hebrew language20. Finally, OpenAI’s
GPT-4o is included as a representative of LLMs.
The model is well documented as exhibiting strong
performance on non-English text (Zhu et al., 2024;
Harigai et al., 2025; Shvartz et al., 2025). Within
our prompt, the model is instructed to return solely
the missing word in each example and to make
a guess even if unsure. In the case of GPT and
BEREL, evaluation is also performed on the sepa-
rate DSS-based dataset as likely unseen by them
during train time.

As a way to gain further insight about the com-
pared models’ characteristics, we also performed
qualitative evaluation based on a sample of their
predictions, focusing on the following: orthographic
variations, (near-)synonyms, complex verb forms
and infrequent words.

To develop the morphological model, task fine-
tuning was applied using the BEReshiT encoder21

and multi-task morphology heads for all morpholog-
ical features. Loss was computed only for non-NA
labels. Tokens were predicted with reference to
their local context rather than in isolation. The val-
ues for features irrelevant for the predicted POS
(e.g. “conjugation” for non-verbs) were forced to
be “NA”. Once again, a grid search was conducted.
The strongest model (mean F1 0.76) was trained
for 5 epochs at a learning rate of 0.0001 and with
maximal input length of 256 tokens. Macro-F1
was utilised as primary metric as a means to pro-
vide a comprehensive view on the model’s capaci-
ties, independent of the relevant complexity of the
predictable information. A comparison was per-
formed between our morphological model (named
BEReshiT-morph) and DictaBERT’s counterpart,

18as per its most recent version, 3.0
19as per bert-base-multilingual-cased
20As the model uses WordPiece subwords, in the

case of the gold label becoming multiple tokens, a
pseudo-likelihood is computed through masking one to-
ken at a time.

21Our strongest model was used.
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DictaBERT-morph. For the purpose, the relevant
morphological categories were mapped to the best
of our abilities (see Table 3).

5. Results

5.1. Quantitative

5.1.1. Main Models

Please refer to the results presented in Table 1.
For more detailed results, including per category
in addition to dataset, please refer to Appendix A.
Overall, the reported accuracies are low, which
is explainable through the challenging nature of
the evaluation dataset (e.g. a large percentage of
low-frequency words in Biblical text). Consistently
lowest performance by a large margin is associ-
ated with mBERT. The best global performance
is demonstrated by the GPT and BEREL models.
BEReshiT scores better than BEREL solely for the
“prophetic” category. However, it is crucial to note
that BEREL is trained on the Sefaria repository22,
which includes the full text of the Hebrew Bible
(Shmidman et al., 2022), thereby causing train-test
contamination. When only the DSS examples from
the same dataset are considered, the model’s ac-
curacy drops significantly to 0.18 (2 correct predic-
tions out of 11); to go further, both of the model’s
correct answers come from Biblical scrolls23, which
it has already encountered during training, albeit
with different orthography. In turn, GPT is trained
on large amounts of undisclosed online data, which
is likely to also include Biblical texts. Once again,
when only DSS texts are considered, the accuracy
drops to the low value of 0.09, the only correct
answer being from the Biblical scroll 1QIsaa.

When GPT and BEREL results are disregarded
due to train-test contamination, BEReshiT demon-
strates the highest accuracy for our main evaluation
dataset, surpassing DictaBERT by a margin rang-
ing from 0.02 to 0.09 in its different configurations.
Increase is especially high for the following phe-
nomena: “particles”, “vso”, and “wayyiqtol”24. The
globally strongest BEReshiT model is the one with
9 frozen layers (for subset “by phenomenon”, the
models with 3 and 4 frozen layers perform slightly
better).

We went on to evaluate the two contaminated
models as well as DictaBERT on the additional
DSS-only dataset25. In this context, performance

22https://www.sefaria.org/texts
231QIsaa and 4Q5, which denote, respectively, the

books Isa and Gen.
24respectively, from 0.15 to 0.35, 0.15 to 0.35, and 0.3

to 0.5
25Naturally, BEReshiT models, which were trained on

this data, were not evaluated.

decreased significantly, results being by far worse
in the case of extra-Biblical texts as likely com-
pletely unseen by the models. The fact that
DictaBERT’s performance was identical to BEREL’s
on unseen text reassures us that the choice of
DictaBERT as the model to fine-tune has not con-
stituted a compromise in terms of potential perfor-
mance.

An accuracy of 0 is occasionally demonstrated
for portions of the data: notably, by mBERT as well
as by most models for the “wisdom” category. In
these cases, the alternative metric “probability of
gold” (i.e. the probability that the model attributes
to the correct label, whether it is its first prediction or
not) helps provide an interpretable non-zero (albeit
still very low) value. “Probability of gold” is close
in value to “accuracy” for all experiments, implying
that there are no significant cases of correct labels
being rated highly whilst not representing the top
choice. Interestingly, the metric is typically lower
than “accuracy” for all models except mBERT, for
which the tendency is reversed. The model can
therefore be judged to spread its probabilities more
evenly among candidates. Note that “probability
of gold” is not retrievable for the proprietary model
GPT.

5.1.2. Morphological Submodel

Table 2 shows the performance of the model
BEReshiT-morph in predicting each of 9 morpholog-
ical features (see Appendix B.1 for more detailed
results). The mean F1 score across the full eval-
uation dataset comes at 0.76. When the different
coverage of each feature is accounted for (column
“cov.-weighted”), the value increases to 0.8226. No-
tably, the result for POS tagging is 0.97. Albeit not
uniformly, performance is slightly lower for the DSS
portion of the dataset and slightly higher when only
extra-Biblical DSS tokens are considered. Note that
here, as train-test contamination is not an issue,
these trends reflect solely linguistic differences in
the subsets.

26Not every category is relevant for every evaluated
token. For instance, POS tags are available for 0.84 of
the evaluation data, whilst “suffix type” labels - for 0.02.

https://www.sefaria.org/texts
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main dataset DSS-only

overall by category by phenomenon overall Biblical extra-Biblical

GPT-4o 0.54 (-) 0.58 (-) 0.50 (-) 0.24 (-) 0.39 (-) 0.09 (-)
mBERT 0.05 (0.06) 0.04 (0.05) 0.06 (0.07)
DictaBERT 0.27 (0.21) 0.33 (0.25) 0.22 (0.16) 0.12 (0.07) 0.16 (0.09) 0.08 (0.05)
BEREL 0.54 (0.49) 0.53 (0.49) 0.54 (0.49) 0.20 (0.16) 0.32 (0.26) 0.08 (0.05)
BEReshiT (f.l.:1-11) 0.32 (0.22) 0.36 (0.26) 0.27 (0.17)
BEReshiT (f.l.:1-10) 0.34 (0.25) 0.37 (0.29) 0.30 (0.22)
BEReshiT (f.l.:1-9) 0.36 (0.25) 0.40 (0.29) 0.32 (0.21)
BEReshiT (f.l.:1-8) 0.35 (0.25) 0.39 (0.28) 0.31 (0.21)
BEReshiT (f.l.:1-7) 0.33 (0.24) 0.38 (0.28) 0.28 (0.20)
BEReshiT (f.l.:1-6) 0.30 (0.22) 0.35 (0.26) 0.25 (0.19)
BEReshiT (f.l.:1-5) 0.29 (0.21) 0.33 (0.24) 0.25 (0.18)
BEReshiT (f.l.:1-4) 0.34 (0.25) 0.34 (0.26) 0.33 (0.23)
BEReshiT (f.l.:1-3) 0.34 (0.25) 0.34 (0.27) 0.33 (0.23)
BEReshiT (f.l.:1-2) 0.32 (0.21) 0.33 (0.24) 0.30 (0.19)
BEReshiT (f.l.:1) 0.33 (0.23) 0.35 (0.26) 0.30 (0.20)
BEReshiT (no f.l.) 0.32 (0.23) 0.36 (0.26) 0.27 (0.19)

Table 1: Results of the evaluation of the discussed models on the main dataset and the DSS-only dataset
(as well as their subsets). Primary metric: accuracy. Secondary metric (noted between parentheses):
probability of the gold label, where retrievable. The best global results are indicated in bold and the best
results when models with likely train-test contamination are disregarded are underlined. Numbers are
rounded to the second digit after the decimal point. f.l.: frozen layer(s).

by morphological feature (F1) overall (F1)

pos subpos stem conj. person gender number state suffix type mean cov.-weighted

full 0.97 0.88 0.72 0.79 0.74 0.73 0.72 0.64 0.63 0.76 0.82
DSS 0.94 0.76 0.72 0.54 0.72 0.71 0.67 0.62 0.62 0.70 0.77
extra-Biblical DSS 0.94 0.78 0.73 0.60 0.96 0.92 0.96 0.62 0.49 0.78 0.85

Table 2: Morphological evaluation results for BEReshiT-morph: full dataset, DSS subset (14.98%) and
extra-Biblical part of the DSS subset (5.66%). The reported metric is macro-F1. Numbers are rounded to
the second digit after the decimal point.

Figure 1: Confusion matrix of model BEReshiT-
morph for the feature “pos”.

What follows is an overview of the model’s most
common errors. Feature “pos” is mistakenly la-
belled “noun” when the gold label is “verb” 3.32%
of times, and the reverse takes place 1.51% of
times (see Fig. 1). “2nd person” is occasionally
marked as “3rd” (1.31%) and vice-versa (0.65%).
“Plural” number is marked as “singular” in 1.87% of
cases, and “feminine” gender is marked as “mas-
culine” in 4.46%, whilst the reverse occurrences
are much less significant. Within feature “subpos”,
“proper” is wrongly labelled as “common” in 2.33%
of instances. Also, “common” is sometimes pre-
dicted as “UNK” ( 1%). Wrong “UNK” labels are also
prominent when it comes to gold values “participle”
(feature “conjugation”), “piel” (feature “stem”) and
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“pronoun” (feature “suffix type”)27. For the full con-
fusion matrices per morphological feature, please
refer to Appendix B.2.

As a next step, we took on to compare the perfor-
mance of BEReshiT-morph to that of DictaBERT-
morph, a morphological submodel based on
DictaBERT. The first challenge came in the face
of the two models’ different tokenisation (subword-
based for our model vs word-based for DictaBERT-
morph). To guarantee fairness, we carried out
the evaluation on DictaBERT-morph using a non-
segmented version of the dataset, following which
we segmented all prefixes and associated them
with the labels that the model indicated as relevant
to them. We proceeded to reduce the evaluation
dataset to only the verses where tokenisation was
now identical between the two models, which left us
with a total of 920 verses. Finally, we mapped the
morphological labels as existent in the two models
(for the original label sets, please refer to Appendix
C). This implied the occasional removal, combina-
tion and division of labels as well as the replace-
ment of others with “NA”. Please see Table 3 for
the derived labels. As expected due to the morpho-
logical differences between Ancient and Modern
Hebrew, DictaBERT-morph’s performance in the
task is significantly inferior (see Table 4). When
only DSS tokens as well as only extra-Biblical DSS
tokens are considered, the gap between the two
models’ performance increases further.

5.2. Qualitative
We conducted an additional microscopic,
qualitative-based analysis, with the goal of
gaining deeper knowledge about the performance
of the investigated models, including different
versions of BEReshiT (namely, the strongest
performing version, where 9 layers are frozen
during training, and the version that underwent full
training).

See Table 5 for a representative example of the
models’ output. Common problems that are as-
sociated with all models, but most prominent with
mBERT, are predictions consisting merely of punc-
tuation, word fragments and simple particles, prepo-
sitions or pronouns. mBERT proposed punctuation
in 73 out of the 200 examples of the main evalua-
tion dataset, followed by DictaBERT (23), whilst for
the BEReshiT models with 3 and 12 trained layers,
there are respectively only 2 and 1 examples of the
phenomenon.

Orthographic differences. The BEREL model
is associated with the highest number of “wrong
answers” that are in fact simply spelling variations
of the gold label (15 over all 400 examples) i.e.
one is the plene (including matres lectionis, typi-

27Respectively, in 4.1%, 6.86%, and 7.42% of cases.

Feature DictaBERT-
morph label

Mapped label BEReshiT-
morph label

POS

VERB verb verb
AUX
NOUN common noun noun (common)
PROPN proper noun noun (proper)
ADJ adjective adjective
NUM
ADV adverb adverb

particle
(accusative-
marker)

ADP preposition preposition
particle (object-
marker)

CCONJ conjunction conjunction
DET definite article particle (article/

definite)
PRON pronoun pronoun
SCONJ relative particle particle

(interrogative)
interrogative particle particle

(interrogative)
INTJ NA
SYM NA
X NA
suffix28 suffix suffix

tense

Past perfect perfect
Pres participle participle
Fut imperfect,wayyiqtol,

jussive
imperfect

wayyiqtol
jussive

Imp imperative imperative
NA cohortative
NA infinitive-

absolute
NA infinitive-

construct

person

1 1 1
2 2 2
3 3 3
1, 2, 3 NA

gender
Masc masc masc
Fem fem fem
Fem,Masc comm comm

number
Sing sing sing
Plur plur plur
Dual dual dual

suffix type
PRON pronoun pronoun
ADP_PRON

NA directional he

Table 3: Mapping of the morphological fea-
tures of models DictaBERT-morph and BEReshiT-
morph. The values between parentheses denote
BEReshiT-morph “subpos” labels.

cally more archaic) and the other is the defective
spelling of the same word. Interestingly, there is no
specific tendency as to the type of spelling preferred
by the model as well as by DictaBERT and GPT,
which are also associated with several examples
of a predicted orthographic variant of the gold la-
bel29. There are only two examples of orthographic
differences with the gold label for the BEReshiT

29e.g. BEREL predicted ןוכשת (tiškon
“dwell-fut.2sg.m”) in place of ןכשת but also דוד
(david “David”) in place of דיוד .
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by morphological feature (F1) overall (F1)

pos tense person gender number suffix type mean cov.-weighted

full dataset

BEReshiT-morph 0.96 0.72 0.74 0.73 0.73 0.50 0.76 0.82
DictaBERT-morph 0.54 0.42 0.68 0.49 0.46 0.46 0.51 0.52

DSS

BEReshiT-morph 0.94 0.37 1.00 0.95 0.93 0.49 0.78 0.91
DictaBERT-morph 0.55 0.34 0.61 0.46 0.43 0.49 0.47 0.50

extra-Biblical DSS

BEReshiT-morph 0.95 0.48 1.0 0.94 0.95 1.0 0.89 0.93
DictaBERT-morph 0.30 0.26 0.40 0.30 0.24 0.21 0.28 0.29

Table 4: Comparison of the morphological submodels BEReshiT-morph and DictaBERT-morph using
mapped features and labels for the full evaluation dataset vs the DSS subset (8.48%) vs the extra-Biblical
DSS subset (4.09%). The reported metric is macro-F1. Numbers are rounded to the second digit after
the decimal point.

Reference GPT-4o mBERT DictaBERT BEREL BEReshiT
קשמ קשמ punctuation punctuation קשמ ררוס

mešeq mešeq – – mešeq sorer
“steward, heir” “steward, heir” – – “steward, heir” “rebellious”

רזעילאקשמדאוהיתיב*קשמ*ןבוירירעךלוהיכנאוילןתתהמהוהיינדאםרבארמאיו (Gen 15:2)
But Abram said, “O Lord GOD, what will you give me, for I continue childless, and the *heir* of my
house is Eliezer of Damascus?” (Gen 15:2)

Table 5: Representative example of predictions provided by the investigated models. Typically for train-test
contamination, BEREL and GPT guess the gold label. mBERT and DictaBERT propose punctuation.
BEReshiT proposes a wrong vocabulary item.

model that underwent full training: אל/אול (lo “no”)
and םהילא/םהלא (alehem “to them”). In contrast, the
model with three trained layers predicts the gold
label for the later (the defective spelling), remaining
with only a single example of the phenomenon.

Synonyms. Another type of prediction that devi-
ates from the gold label but that may be considered
correct is that of a synonym or close synonym. In
the context of the verse שיאשיארמאתלארשיינב־לאו

תומךלמלוערזמןתירשאלארשיברגהרגה־ןמולארשיינבמ
ןבאבוהמגריץראהםעתמוי (Lev 20:2)3031, the gold

label שיא (iš “man, one”), which is predicted cor-
rectly by the contaminated BEREL model32, is syn-
onymous with the prediction put forward by both

30“Any of the Israelites or of the aliens who reside in
Israel who give any of their offspring to Molech shall be
put to death; the people of the land shall stone them to
death.”

31Biblical references follow the New Revised Standard
Version (NRSV) versification. English translations are
taken from the NRSV.

32but, interestingly, not by GPT, which predicts וערזמ
(mizaro “from his seed”)

BEReshiT models as well as by their ancestor,
DictaBERT - לכ 33. To go a little further, there are
cases where an incorrect prediction is, while not
strictly speaking synonymous, still relevant in terms
of both morphology and semantics. For instance,
the two BEReshiT models propose the word םימ 34

in place of ץרא 35 in the following context: הינפלתינפ
ץראאלמתוהישרששרשתו (Ps 80:10)36. Here, only

the GPT model makes the correct prediction, whilst
both BEREL and Dicta propose merely punctua-
tion.

Complex verb forms. Morphologically com-
plex words, such as conjugated verbs in less fre-
quently used tenses, are challenging for all mod-
els. For instance, instead of the verb ורפחי 37, the

33kol “all, everyone”
34mayim “water”
35ereṣ “land”
36“You cleared the ground for it; it took deep root and

filled the land.”
37yaḥperu “dig-fut.3pl.m”; אציחכבשישיוקמעבורפחי

קשנתארקל “It paws violently, exults mightily; it goes out
to meet the weapons.” (Job 39:21)
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models GPT and DictaBERT propose other POS
(respectively, the noun רוביג 38 and the noun/adjec-
tive ברקה 39), whilst BEREL, mBERT and BEREshiT
select verbs with more common meanings and con-
jugations (respectively, אב 40, אצי 41 and בשיו 42). Oc-
casionally, in cases of complex verb forms as gold
labels, the two BEReshiT models make different
predictions. For example, the word םיפופכ (kefufim
“bend.down-ptcp.m.pl”43) is predicted as a frag-
mentary plural suffix by the BEReshiT model with
three trainable layers and as םיפא (apaim, “faces;
noses”) by the fully trainable one. In both cases,
the morphological aspects of number and gender
(plural masculine) are correct.

Infrequent words. Finally, we were interested
in finding out how the different models behave in
relation to rarely occurring words. Models that ex-
hibit train-test contamination are likely to perform
significantly better with such examples, as with the
outputs of models BEREL and GPT in Table 5. In
particular, we looked at hapax legomena (i.e. words
that appear only a single time in a given text), a
common phenomenon in the Hebrew Bible. Within
the main evaluation dataset, we defined as hapax
legomena masked words that appear only once
in the full Hebrew Bible dataset44. For the Biblical
DSS examples, we included words that do not reap-
pear in the dataset and appear up to once in the
full Hebrew Bible dataset45. In the case of extra-
Biblical DSS examples, we counted only words that
do not appear in the Hebrew Bible or elsewhere in
the dataset. However, it is possible that words with
the same root but different morphological features
are present within the concerned data.

In the case of the main evaluation dataset, out
of the 10 discovered hapax legomena, BEREL and
GPT each made two correct predictions, whilst
the two BEReshiT models and DictaBERT all
guessed correctly solely the word גיסמ (masig “re-
move/shift-ptcp.m.sg.subst”)46. mBERT made no

38gibbor “hero, warrior”
39ha-qerav/ha-qarov “the battle; the nearby”
40ba “come-pst.3sg.m”
41yaṣa “go.out-pst.3sg.m”
42vayešev “sit-pst.3sg.m”; both BEReshiT models

make this prediction
43 םיקידצבהאהוהיםיפופכףקזהוהיםירועחקפהוהי “the Lord

opens the eyes of the blind. The Lord lifts up those who
are bowed down; the Lord loves the righteous.” (Ps.
146:8)

44Words that appear twice due to the doubling of part
of the dataset were not counted as hapax legomena,
although they may be such within the Hebrew Bible, as
the BEReshiT models have already encountered them
during training.

45as the data is the same with possibly different orthog-
raphy

46 ןמאםעהלכרמאווהערלובגגיסמרורא “ ‘Cursed be any-
one who moves a neighbor’s boundary marker.’ All the

correct predictions. BEREL and GPT did signifi-
cantly worse in relation to the DSS dataset, once
again demonstrating the effects of train-test con-
tamination. 13 Biblical and 8 extra-Biblical ha-
pax legomena were found in the DSS dataset.
No model made a correct prediction for an extra-
Biblical hapax, and BEREL made a single correct
prediction for a Biblical hapax: היבשויו (ve-yošveha
“and-inhabit-ptcp.m.pl.cstr+3fs”)47. It is worth not-
ing, however, that the word appears 7 times in the
Hebrew Bible dataset without the prefixed conjunc-
tion and is therefore, strictly speaking, not a hapax.

6. Discussion

The BEReshiT model demonstrates high results
on a specially crafted dataset that emphasises
the characteristics of Ancient Hebrew and its dif-
ferences with the language’s Modern counter-
part. GPT-4o and BEREL surpass the model
in performance, but their behaviour on alterna-
tive data proves that the root cause for their high
results is train-test contamination. The multilin-
gual model mBERT performs very poorly, point-
ing at the higher suitability of a language-specific
BERT-based model given the Hebrew language’s
resourcedness and characteristics.

Starting from the model with 11 frozen layers,
performance increased until reaching its peak for
the model with 9 frozen layers (best overall result
as well as best result for the “by category” portion
of our main evaluation dataset). Then, the results
started deteriorating gradually, whilst seeing an-
other increase for 4 and 3 frozen layers. Tradi-
tionally, BERT’s upper layers have been associ-
ated with syntax-related information (Tenney et al.,
2019; Hewitt and Manning, 2019). Our models’
increased performance when these layers are fine-
tuned speaks of efficient re-learning of syntax, no-
tably captured by the subset “by category”. Inter-
estingly, the subset “by phenomenon” exhibited a
differing trend, reaching a peak in results when
earlier layers were also trained, possibly proving
a higher relevance for the model’s knowledge of
vocabulary and semantics, language aspects that
have been associated with these layers.

7. Conclusion and Future Work

We presented the Ancient Hebrew model
BEReshiT, which was achieved through the
fine-tuning of the state-of-the-art Modern Hebrew
model, DictaBERT. When evaluated on elaborately

people shall say, ‘Amen!’ ” (Deut 27:17
47 תחתאוליתקדצוהיהתםלועליתעושיוןותומיןכומכהיבשויו

“and those who live on it will die like gnats,but my sal-
vation will be forever, and my deliverance will never be
ended.” (1Qisaa: 42 line 21, part of Isa 51:6)
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constructed tasks, BEReshiT exhibits better
performance than its ancestor model as well as a
selection of other relevant Hebrew and multilingual
models (when train-test contaminated models are
disregarded). A closer qualitative look shows that
even when wrong, the model’s predictions tend to
be sound in terms of morphology and semantics.
The highest performing BEReshiT model is the one
with 9 frozen layers. We are releasing this model
and BEReshiT-morph, a strong submodel trained
for morphological tagging of Ancient Hebrew text.

The proposed BEReshiT model would benefit
from further evaluation on different tasks and pos-
sibly different data. The latter would be tricky to
realise due to the scarcity of Ancient Hebrew data.
Possible directions may include the use of letters
and inscriptions from the same historical period, a
selection of which is present through the Qumran-
Digital repository 48 or of synthetic data (possibly de-
rived from Modern Hebrew based on hand-crafted
rules or style-transfer methods). Our future plans
also include the application of BEReshiT within a
pipeline of stemmatological analysis of Ancient He-
brew text that uses morphological tagging in the
definition of textual variants.

8. Ethics Statement

The datasets used for model training and evaluation
are based on publicly available data.

9. Limitations

The exhibited results are highly dependent on the
utilised evaluation datasets. Different data as well
as different task settings, such as masking at the
subword level (e.g. of isolated suffixed pronouns),
could have decreased the challenge. The definition
of hapax legomena would have also differed given
alternative tokenisation.

The comparison of our morphological submodel
and DictaBERT-morph also comes with limitations:
the evaluation dataset was reduced to identically
tokenised verses only; also, the two models retrieve
different morphological information. Although we
have mapped the represented morphological fea-
tures in an exhaustive way, the logic of label attri-
bution is partly subjective and may differ between
the models.
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0.19

0.47
0.32

0.32
0.32

0.32
0.53

0.33
0.34

0.33
0.39

0.20
0.12

0.12
0.12

0.17
0.27

0.15
0.14

0.17
0.17

0.00
0.00

0.00
0.00

0.00
BEReshiT

(f.l.:1-4)
0.34

0.19
0.19

0.20
0.26

0.20
0.11

0.11
0.11

0.17
0.47

0.33
0.33

0.33
0.41

0.57
0.38

0.39
0.38

0.41
0.13

0.07
0.07

0.07
0.13

0.33
0.19

0.19
0.21

0.21
0.00

0.00
0.00

0.00
0.00

BEReshiT
(f.l.:1-3)

0.34
0.19

0.20
0.20

0.27
0.27

0.15
0.14

0.16
0.21

0.40
0.26

0.26
0.26

0.35
0.53

0.35
0.36

0.36
0.43

0.20
0.12

0.12
0.12

0.15
0.33

0.20
0.20

0.22
0.25

0.00
0.00

0.00
0.00

0.00
BEReshiT

(f.l.:1-2)
0.33

0.18
0.18

0.19
0.24

0.27
0.16

0.16
0.16

0.18
0.47

0.32
0.32

0.32
0.38

0.50
0.31

0.32
0.30

0.38
0.13

0.08
0.08

0.08
0.11

0.33
0.20

0.19
0.22

0.16
0.00

0.00
0.00

0.00
0.00

BEReshiT
(f.l.:1)

0.35
0.18

0.18
0.20

0.26
0.27

0.15
0.14

0.16
0.22

0.53
0.38

0.38
0.38

0.43
0.57

0.38
0.38

0.39
0.39

0.20
0.12

0.12
0.12

0.16
0.20

0.10
0.10

0.12
0.15

0.00
0.00

0.00
0.00

0.00
BEReshiT

(no
f.l.)

0.36
0.20

0.20
0.21

0.26
0.33

0.20
0.20

0.20
0.20

0.40
0.26

0.26
0.26

0.34
0.53

0.33
0.34

0.33
0.42

0.20
0.12

0.12
0.12

0.16
0.40

0.26
0.25

0.27
0.19

0.00
0.00

0.00
0.00

0.00

Table
6:Evaluation

ofdataset“Syntactic”by
genre.M

etrics:accuracy,F1
score

(m
acro),precision

(m
acro),recall(m

acro),average
probability

ofgold
label.

The
bestglobalresults

perm
odeland

persubsetare
indicated

in
bold

and
the

bestresults
w

hen
m

odels
w

ith
likely

train-testcontam
ination

are
disregarded

are
underlined

N
um

bers
are

rounded
to

the
second

digitafterthe
decim

alpoint.f.l.:frozen
layer(s)

A
.2.

Evaluation
ofdataset“Syntactic”

by
phenom

enon
overall

inf.abs.fin.
part.

poss.
vso

wayyiqtol

acc
f1

pr
r

prob.gold
acc

f1
pr

r
prob.gold

acc
f1

pr
r

prob.gold
acc

f1
pr

r
prob.gold

acc
f1

pr
r

prob.gold
acc

f1
pr

r
prob.gold

G
PT-4o

0.50
0.33

0.33
0.33

–
0.55

0.39
0.39

0.39
–

0.35
0.21

0.21
0.21

–
0.55

0.38
0.38

0.38
–

0.55
0.38

0.38
0.38

–
0.50

0.34
0.34

0.34
–

m
BERT

0.06
0.03

0.03
0.04

0.07
0.10

0.05
0.06

0.05
0.06

0.10
0.05

0.06
0.05

0.01
0.00

0.00
0.00

0.00
0.05

0.00
0.00

0.00
0.00

0.01
0.10

0.05
0.05

0.06
0.13

D
ictaBERT

0.22
0.13

0.13
0.14

0.16
0.40

0.25
0.25

0.25
0.26

0.15
0.08

0.08
0.08

0.10
0.10

0.06
0.06

0.06
0.03

0.15
0.10

0.10
0.10

0.12
0.30

0.18
0.18

0.18
0.29

BER
EL

0.54
0.39

0.39
0.39

0.49
0.55

0.39
0.39

0.39
0.52

0.55
0.40

0.41
0.39

0.46
0.40

0.25
0.25

0.25
0.45

0.65
0.50

0.50
0.50

0.62
0.55

0.38
0.38

0.38
0.51

BEReshiT
(f.l.:1-11)

0.27
0.15

0.14
0.16

0.17
0.40

0.26
0.25

0.26
0.25

0.25
0.14

0.13
0.15

0.12
0.15

0.09
0.09

0.09
0.04

0.2
0.10

0.10
0.11

0.12
0.35

0.23
0.23

0.23
0.33

BEReshiT
(f.l.:1-10)

0.30
0.16

0.16
0.17

0.22
0.35

0.21
0.20

0.22
0.30

0.30
0.17

0.16
0.18

0.16
0.15

0.08
0.08

0.08
0.07

0.30
0.18

0.18
0.18

0.19
0.40

0.25
0.25

0.25
0.36

BEReshiT
(f.l.:1-9)

0.32
0.18

0.17
0.19

0.21
0.35

0.21
0.20

0.22
0.30

0.35
0.21

0.20
0.22

0.15
0.15

0.08
0.07

0.09
0.08

0.35
0.22

0.22
0.22

0.19
0.40

0.26
0.26

0.26
0.35

BEReshiT
(f.l.:1-8)

0.31
0.17

0.17
0.19

0.21
0.40

0.25
0.24

0.26
0.30

0.25
0.13

0.13
0.15

0.14
0.15

0.08
0.07

0.09
0.09

0.35
0.22

0.22
0.22

0.19
0.40

0.25
0.25

0.25
0.34

BEReshiT
(f.l.:1-7)

0.28
0.15

0.14
0.17

0.20
0.35

0.21
0.20

0.22
0.26

0.25
0.16

0.16
0.16

0.16
0.15

0.08
0.08

0.08
0.05

0.25
0.15

0.15
0.15

0.19
0.40

0.26
0.26

0.28
0.35

BEReshiT
(f.l.:1-6)

0.25
0.13

0.12
0.14

0.19
0.35

0.21
0.21

0.22
0.26

0.20
0.10

0.10
0.11

0.14
0.05

0.03
0.03

0.03
0.04

0.25
0.14

0.14
0.15

0.15
0.40

0.26
0.26

0.26
0.35

BEReshiT
(f.l.:1-5)

0.25
0.13

0.12
0.14

0.18
0.35

0.21
0.21

0.22
0.26

0.25
0.14

0.14
0.14

0.15
0.10

0.05
0.05

0.05
0.05

0.15
0.08

0.07
0.09

0.13
0.40

0.26
0.26

0.26
0.34

BEReshiT
(f.l.:1-4)

0.33
0.19

0.18
0.20

0.23
0.45

0.31
0.30

0.33
0.32

0.30
0.17

0.16
0.18

0.17
0.25

0.15
0.15

0.15
0.09

0.30
0.18

0.18
0.18

0.20
0.35

0.22
0.21

0.23
0.35

BEReshiT
(f.l.:1-3)

0.33
0.19

0.18
0.21

0.23
0.40

0.26
0.25

0.28
0.32

0.30
0.19

0.18
0.20

0.15
0.20

0.11
0.10

0.12
0.09

0.35
0.23

0.23
0.23

0.22
0.40

0.25
0.24

0.26
0.35

BEReshiT
(f.l.:1-2)

0.30
0.17

0.16
0.18

0.19
0.35

0.21
0.20

0.22
0.26

0.30
0.17

0.17
0.17

0.14
0.15

0.08
0.08

0.08
0.06

0.20
0.11

0.11
0.12

0.14
0.50

0.34
0.34

0.34
0.36

BEReshiT
(f.l.:1)

0.30
0.16

0.16
0.19

0.20
0.30

0.17
0.17

0.18
0.23

0.25
0.14

0.14
0.14

0.16
0.15

0.08
0.07

0.09
0.09

0.30
0.18

0.18
0.18

0.16
0.50

0.35
0.34

0.36
0.36

BEReshiT
(no

f.l.)
0.27

0.14
0.13

0.16
0.19

0.35
0.21

0.21
0.22

0.26
0.20

0.11
0.11

0.11
0.15

0.10
0.05

0.04
0.06

0.04
0.30

0.19
0.19

0.19
0.15

0.40
0.26

0.25
0.27

0.35

Table
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B
.

M
orphologicalM

odelEvaluation

B
.1.

B
ER

eshiT-m
orph:D

etailed
Evaluation

R
esults

M
orphologicalfeatures

PO
S

sub-PO
S

stem
conj.

person
gender

num
ber

state
suffi

x
type

acc
pr.

r.
f1

cov.
acc

pr.
r.

f1
cov.

acc
pr.

r.
f1

cov.
acc

pr.
r.

f1
cov.

acc
pr.

r.
f1

cov.
acc

pr.
r.

f1
cov.

acc
pr.

r.
f1

cov.
acc

pr.
r.

f1
cov.

acc
pr.

r.
f1

cov.

full
.98

.97
.97

.97
.84

.98
.89

.88
.88

.38
.93

.80
.68

.72
.12

.92
.82

.77
.79

.11
.98

.74
.74

.74
.16

.98
.73

.73
.73

.36
.99

.73
.72

.72
.36

.95
.65

.63
.64

.19
.98

.64
.61

.63
.07

O
SH

B
.98

.97
.97

.97
.86

.98
.89

.89
.89

.38
.93

.69
.59

.63
.12

.92
.82

.77
.80

.11
.99

.74
.74

.74
.17

.98
.73

.73
.73

.36
.99

.73
.73

.73
.36

.96
.65

.64
.65

.19
.98

.65
.61

.63
.08

D
SS

.96
.94

.94
.94

.77
.96

.78
.76

.76
.35

.89
.74

.72
.72

.13
.89

.56
.52

.54
.13

.97
.72

.72
.72

.11
.97

.72
.71

.71
.35

.98
.69

.65
.67

.35
.92

.63
.61

.62
.18

.97
.62

.62
.62

.02

Table
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B.2. BEReshiT-morph: Confusion Matrices

Figure 2: Confusion matrix for the feature “sub-POS”

Figure 3: Confusion matrix for the feature “stem”
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Figure 4: Confusion matrix for the feature “conjugation”

Figure 5: Confusion matrix for the feature “person”
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Figure 6: Confusion matrix for the feature “gender”

Figure 7: Confusion matrix for the feature “number”

Figure 8: Confusion matrix for the feature “state”
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Figure 9: Confusion matrix for the feature “suffix type”

B.3. DictaBERT-morph: Confusion Matrix for POS

Figure 10: Confusion matrix for the feature “POS” for the model DictaBERT-morph.



88

C. Features and Labels as Present in the BEReshiT-morph and
DictaBERT-morph Models

Feature Label Example Ref.

POS

verb רמאי 2 Sam 1:3
noun םינזא Ps 40:7
adjective םיקר Prov 28:19
adverb םש Gen 26:23
pronoun אוה Num 9:13
preposition לע 1 Kgs 6:35
conjunction ו 2 Chr

24:10
particle אל Ps 119:157
suffix י Ps 35:3

sub-POS

common םימי Judg 14:14
proper ןלובז Num 1:30
article / definite ה Ps 24:10
demonstrative הנה Esth 6:5
interrogative ה 2 Sam 3:33
relative רשא Deut 23:11
negation אל Lam 1:10
accusative / marker קר 2 Chr

28:10
object-marker תא Judg 19:29

conjugation

perfect רבד Jer 27:13
imperfect ויהי 2 Chr 12:8
wayyiqtol וכרעי 2 Chr 14:9
participle םיאב Jer 31:27
imperative הלכאנ Dan 1:12
infinitive-construct בותכ Ps 149:9
infinitive-absolute חצר Hos 4:2
jussive בשחי 2 Sam

19:20
cohortive תורמה Job 17:2

stem

qal רמא Exod 1:22
niphal אבי Gen 2:22
piel ורבדי Jer 9:4
hiphil קעזי Judg 4:10
hophal לכלכי 2 Chr 2:5
hithpael זגרתה Isa 37:29

person
1 חקא Gen 14:23
2 תעמש Lam 3:61
3 אוה Jer 25:12

gender
masc ואבי 2 Sam

20:14
fem ה­ Ezek 22:22
common ינא Job 33:6

number
sing לקש Exod 38:29
pl ובשחי Ps 41:8
dual ינש Jer 46:12

suffix type directional he ה Num 10:29
pronoun י Eccl 2:3

Table 9: Morphological features determinable by the
model BEReshiT-morph. Examples are retrieved
from the golden labels (some tokens are at subword
level).

Feature Label Example Ref.

POS

VERB לומי Gen 17:13
NOUN ינב 1 Sam 9:2
ADJ האלמ Num 7:62
ADV דאמ Jer 48:29
PRON הז Jer 52:28
PROPN רוח 1 Chr 4:1
ADP ב 2 Kgs

18:17
ADP_PRON וללח Ezek 7:22
DET ה Josh 8:5
NUM
AUX התיה 1 Chr 4:10
CCONJ ו 1 Sam

14:37
SCONJ יכ Isa 52:5
INTJ וה Isa 3:5
PUNCT
SYM
X

tense

Past יתיגש Job 6:24
Pres םירמשמ Jonah 2:9
Fut לכאי Eccl 5:16
Imp הדר Gen 46:3

person

1 ילע Job 27:23
2 תאיבה Isa 43:23
3 התיה 1 Chr 4:10
1, 2, 3 םיבוצח Neh 9:25

gender
Masc יחא Deut 2:8
Fem התיה Gen 17:16
Fem,Masc ינב Exod 30:19

number

Sing יתיאר 1 Sam
25:25

Plur םדי Lev 10:3
Dual םיתנש 1 Kgs

22:52

Table 10: Morphological features determinable by
the model DictaBERT-morph. Examples are taken
from the model’s predictions, where available and
correct (some tokens are at subword level).
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