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i.

Introduction

The study of ancient, undeciphered scripts through computa-
tional means presents unique challenges, that depend both on
the nature of the problem andon the peculiarities of eachwriting
system. In this volume, I present two computational approaches
that were succesfully applied to two writing systems from the
Aegean and Cyprus, respectively.

In the history of ancient writing systems that emerged when
writing was invented, there is one geographical area that is, in
a sense, an anomaly. This area is located in the Aegean and on
Cyprus, and the time period is the Bronze Age. In this context, a
multitude of writing systems that that are at the origin of writing
in Europe are attested, and three of them are completely undeci-
phered. This volume is concerned with the application of com-
putational methods to Linear A and Cypro-Minoan, which are
two undeciphered scripts from the Aegean and Cyprus, respec-
tively. While they are both syllabic systems and they are widely
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considered to be related, the experiments that we performed over
them are very different. For Linear A we considered a very small
component of the script, namely the signs used for the notation
of fractional values, which are widely used in Linear A to denote
quantities of various goods. For Cypro-Minoan we are instead
interested in an overarching questions regarding its inventory of
signs and whether it is formed by multiple writing systems or a
single one. For this reason, the methods used to analyse these
two writing systems are widely different and depend strongly on
the tasks that need to be performed.

Since our experiments are performed through compu-
tational means, it is crucial to highlight which are the main
advantages of these methods in the study of undeciphered
scripts. One such advantage is the ability of computational
methods to process large amounts of data in a very limited
time. This property can be useful, for example, when evaluating
the quality of a multitude of different solutions for the same
problem, or when analyzing the statistical properties of a given
script. Furthermore, depending on the task, it can be desirable
to use methods that need very little prior information on the
scripts. This approach produces results that are not based on
any hypothesis on the writing system, avoiding biases that can
be introduced if a single interpretation is provided to the system
a priori. Finally, another crucial advantage of computational
models regards the possibility of creating visualizations and
metrics that highlight the main characteristics of the outputs
of these methods. This is a crucial property, as it allows a
multi-disciplinary team, like the one involved in the experiments
described in this volume, to intuitively interpret results even
when they are not familiar with the specific methods that
are used. Through this interpretation, crucial insight can be
gathered and used to improve the behaviour of the system.
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The usage of computational methods for undeciphered
scripts, however, also leads to unique challenges, especially
when methods based on machine learning are used. In recent
years, the fields of natural language processing and computer
vision have been dominated by machine and deep learning,
in which models leverage data in order to learn the desired
behaviour. The most successful models use an increasingly large
number of parameters, which require large datasets in order
to succeed. In fact, it can be argued that the size of the model
and the number of samples used for training is one of the main
factors for the success of any machine learning system. The
application of these systems to undeciphered languages, then,
can be challenging in this context. In particular, the available
data is often scarce, meaning that the application of large state-of
the-art models is not always the best possible choice for this
situation. Additionally, since the scripts are undeciphered, it
is often impossible to assess the quality of any solution, since
the factors that determine whether the model is producing
meaningful results is often unknown. For these reason, any
system that aims to investigate undeciphered scripts needs to be
adapted to the specificities of each writing system, as well as the
task that it needs to perform.

While the application of machine learning models and
computational methods to undeciphered scripts is, by itself, an
interesting task from a purely technical point of view, this vol-
ume is also concerned with the investigation of specific aspects
of these writing systems. For this reason, the prior information
provided to the computational methods must be consensually
agreed upon in the literature, and not involve any speculative
hypothesis of any kind. Additionally, the results emerging from
the experiments must be supported by quantitative measures,
in order to assess the quality and plausibility of the results.
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Throughout this volume, statistical tests are used whenever
possible, either to provide a random baseline that shows how
a completely random solution compares with our methods, or
by applying statistical tests comparing two different approaches
for the same problem. The rigorous evaluation of any result
obtained from our models is crucial in this context, where the
interest is not only in the development of novel computational
methods, but also in their application to open questions in the
study of ancient scripts, while applying quantitative measures
that validate any result beyond any reasonable doubt.

This volume, then, contains the results of a multi-
disciplinary investigation in the study of undeciphered scripts,
and it is concerned with both computational and paleographic
challenges. For this reason, I attempted to provide a meaningful
background of both fields, in order to allow scholars from both
disciplines to understand the basic information needed to assess
our claims on their merits. In particular, the first two chapters
of the volume are dedicated to a description of the origin of
writing in the Aegean and Cyprus and an introduction of the
computational methods used in later chapters, respectively.
Whenever feasible, I tried to provided examples, visual or
otherwise, in order to ease the comprehension of the more
complex technical topics, while retaining a formal approach
to the definition of these concepts, so that the methods are as
unambiguous as possible. Chapter 3, then, is focused on the
state of the art and challenges that are relevant when applying
computational methods to ancient scripts in general. The rest
of the volume is dedicated to the development and application
of computational methods to undeciphered scripts. In Chapter
4, an approach involving constraint programming and ad-hoc
metrics is used to attempt a decipherment of the fraction signs
of Linear A. Then, in Chapter 5, the usage of the deciphered
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Cypriot Greek Syllabary in order to develop an unsupervised
model for Cypro-Minoan is described. Finally, in Chapter 6,
the application of this unsupervised model to Cypro-Minoan is
described, as well as the reclassification that is supported by the
results of these experiments.





ii.

EarlyWriting in the Aegean and Cyprus

The subject of this volume is the conceptualization, development
and application of computational methods to the study of un-
deciphered writing systems attested in the Aegean and Cyprus
from the Bronze Age, using a script from Iron Age as well for
a preliminary validation step. In this area we can find what are
widely believed to be the oldest writing systems in Europe and,
interestingly, four of them are undeciphered. In particular, in
theAegeanwe findCretanHieroglyphic, Linear A, Linear B and
Phaestos disc, whose status is debated. On Cyprus, two scripts
that are thought to be closely related to the ones of the Aegean
are attested, namely Cypro-Minoan and the Cypriot Syllabary.
While we will discuss in more detail the scripts that are part of
our computational studies, it is crucial to provide an overview
of all the early writing systems found in these two areas, as most
experts agree that they are related, since they include common
graphemes and they broadly share a system of numeric notation.
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Before discussing writing on these two islands, it is useful to
establish a chronology. Since any dating of documents is sub-
ject touncertainty, experts created chronological periods for both
the Aegean and Cypriot civilizations, shown in Figure 2.1. Since
this volume is multidisciplinary in nature and does not deal with
questions of chronology, our aim is to show, as far as it is possible,
the known time periods when each of the four main writing sys-
tems of the area were attested, with the obvious caveat that the
chronology shown in Figure 2.1 is subject to uncertainty, as the
time frames where each of the writing systems is in use are only
indicative and new findings might alter them in significant ways.

2.1 Early writing in the Aegean

In this section we discuss the three principal writing systems
attested in the Aegean during the Bronze age: Cretan Hiero-
glyphic, Linear A and Linear B. While this volume discusses
only a specific aspect of Linear A and it is instead more focused
on early scripts fromCyprus, the close ties that exist between the
writing systems used by theMinoan andMycenaean civilizations
with the ones attested in Cyprusmerit further discussion. While
another writing system is allegedly attested on the Phaestos Disc,
since it appears to be an isolated document and its authenticity is
debated we chose to exclude it from our discussion, as very little
can be inferred about a single document, using computational
means or otherwise.

2.1.1 Cretan Hieroglyphic

The earliest known form of writing found in the Aegean is Cre-
tan Hieroglyphic. The first documents in Cretan Hieroglyphic
were discovered byEvans in 1900 (Evans, 1899) inKnossos palace.
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He described this new writing system as Hieroglyphic, as it was
his belief that signs in this script had an “ideographic” quality.
Furthermore, it was his belief that the signs in Cretan Hiero-
glyphic derived their iconic nature from other hieroglyphic writ-
ing systems like Egyptian (Evans, 1909). Most available docu-
mentswere found in a limited geographical area inCrete, extend-
ing from the eastern side towards the center of the island. Very
few documents were found outside the island, on Kythira and
Samothrace.

Most of the Cretan Hierogliphic corpus has been published
in CHIC (Godart et al., 1996). In this corpus, the authors di-
vide the documents inCretanHierogliphic in three different cat-
egories:

• Archives on clay: this group includes documents that
have been hypothesized to be used for administrative
purposes. This category includes nodules, “blades”, bars
and clay tablets.

• Seals and seal impressions: in Cretan Hierogliphic, one of
themethods ofwriting usedwas impression using seals. In
this category, which is the most attested in terms of num-
ber of documents, wefind the results of imprinting on clay
and a series of seals of various shapes.

• Other documents: in this category, the authors collected a
few other documents that are not part of any other cate-
gory, mostly composed of inscribed pottery.

While no precise chronology can be established for Cretan
Hierogliphic, we can approximately determine that the avail-
able documents were written between 2000/1900 BCE and
1700/1650 BCE (Karnava, 2016). This means that Cretan
Hierogliphic and Linear A coexisted on the island of Crete for a
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time, before the former was apparently abandoned as a writing
system.

While CretanHierogliphic is undeciphered and it is unlikely
that a decipherment will be possible in the near future, the struc-
ture of the writing system has been extensively studied and we
have some knowledge about its internal structure. The writing
system is mainly syllabic and we can establish this fact by look-
ing at the total number of attested signs. According to CHIC,
Cretan Hierogliphic is composed of 96 syllabograms and 13 lo-
gograms. Some syllabograms are also hypothesized to be used as
logograms in some instances. Two systems of numeric notations
are also used: one for integers (arithmograms) and one for frac-
tions (klasmatograms). The arithmograms are particularly inter-
esting, as they are broadly sharedwith not only LinearA andLin-
ear B, but evenCypro-Minoan and theCypriot Syllabary. It is an
additive, cumulative system using base 10 (it has signs for 10, 100,
1000) and the signs are generally found in a descending order.
This system of notation is broadly shared with Linear A, Linear
B, Cypro-Minoan and the Cypriot Syllabary. Interestingly, a fi-
nal category of graphemes is the stiktograms. These signs were
apparently used to mark the beginning of a word, but they were
not consistent, as they are only attested in some documents and
not in others. This usage of punctuation to mark the beginning
of a document is probably motivated by the fact that CretanHi-
erogliphic is considered to use both left to right and right to left
writing order.

While CretanHieroglyphic is not one of the writing systems
that will be examined using computational approaches in this
volume, it is interesting to note that it might be possible to
find graphemes in Cretan Hieroglyphic that seem to have been
adopted by Linear A. Furthermore, some sequences in Cretan
Hieroglyphic are also attested in Linear A.
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2.1.2 Linear A

Linear A is the other writing system used by theMinoan civiliza-
tion. It was named by Evans who found the first documents in
Linear A and Linear B in Knossos palace. In order to differen-
tiate them fromCretan Hierogliphic documents, he called these
twowriting systems “linear”. The standard corpus forLinearA is
contained inGORILA (Olivier andGodart, 1975). The accepted
chronology for the available documents of Linear A dates them
approximately between 1800 and 1450 BC. The corpus of Lin-
ear A inscriptions is relatively large when compared with Cretan
Hierogliphic, as it comprises of approximately 1500 documents
and over 7000 individual signs. The number of syllabograms in
Linear A is over 100, and, like in Cretan Hierogliphic, some of
them are also used as logograms in certain documents. Unlike
Cretan Hierogliphic, where the number of attested logograms is
relatively low, perhaps due to the limited size of the corpus, in
Linear A we have hundreds of distinct logographic signs, some
of which are ligatures. These logograms are used to represent
different kinds of goods and the ligatures are used to differen-
tiate between different variants of the same commodity. In ad-
dition to the syllabograms and the logograms, Linear A uses the
same arithmograms used for the notation of integers in Cretan
Hierogliphic. Finally, a system of notation for fractions is used,
which will the target of our computational analysis on Linear A.
Unlike Cretan Hierogliphic, where the writing order was arbi-
trary, Linear A appears to be mostly written from left to right
except at the beginning of its usage. This writing order is a char-
acteristic that is shared with most of the other writing systems
from the Aegean and Cyprus. In particular, in addition to Lin-
ear A, Linear B and Cypro-Minoan are all written from left to
right, while the Cypriot Greek Syllabary is written from right to
left.
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Despite this relative abundance of signs, Linear A is still un-
deciphered, probably at least in part due to the nature of its doc-
uments. The number of documents in Linear A is relatively high
compared to the total number of glyphs that are attested in them,
which already shows that these documents are, for themost part,
very short. For a comparison, the deciphered Linear B is com-
posed of approximately 6000 documents and over 70000 signs,
more than double the number of signs per documentwhen com-
pared with Linear A. This relatively low number is detrimental
to any attempt at decipherment, as very little statistical knowl-
edge about the underlying language can be extracted from such
a small number of short sequences. In particular, the corpus is
composed of:

• Over 300 clay tablets;

• Approximately 1000 “cretules”, small clay nodules
stamped with seal impressions;

• Over 100 roundels;

• A multitude of other, less attested, types of documents,
such as stone pottery and nodules.

The length of sequences in these documents is usually very short
and tablets, which contain the longest sequences in Linear A, are
mostly used as a tool for accounting. Typically, each line is com-
posed by one or more syllabograms, followed by a numeral of
some kind and a logogram, to indicate the type of good that is
notated in the line. This very structured pattern allows us to do
some calculations on documents which include totals, which is
denoted in a known way in Linear A. This is very helpful when
trying to analyze the system for fraction notation in Linear A.
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One of the more interesting aspects of this writing system
is the fact that it shares most of its syllabograms with Linear B,
which is a deciphered writing system and for which we know the
phonetic values of the syllabograms. This means that, while the
writing system is still undeciphered, in the sense that we are un-
able to reconstruct the underlying language, we can assign the
phonetic values from Linear B to Linear A and read the content
of the texts (Steele and Meißner, 2017). Unfortunately, this has
not, so far, lead to a successful decipherment of the script, but it
has enabled researchers to understand some repeated formulas,
such as the usage of KU-RO for “total” (Schoep, 2002; Younger,
2003). While it is fairly certain that the syllabic signs from Linear
A were used for Linear B as well, one might ask if their phonetic
values have changed when adapting from Linear A to Linear B,
as this wouldmean that it is impossible to use the phonetic values
of Linear B for Linear A. Interestingly, one of the first computa-
tional approaches to the study of ancient languages is found in
Packard (1971) and it uses computational techniques to answer
this question. It uses two factors to determine whether the same
phonetic values can be used for matching syllabograms in Linear
A and Linear B. The first technique has to do with the supposed
vowels and their relative position inwords, showing that the sup-
posed vowels in Linear A behave as expected. Additionally, this
computational approach was used to detect common words be-
tween the two writing systems, and it detected fourteen names
that are attested in both Linear A and Linear B. While there are
some slight variations, as sometimes the vowels in open syllables
might changebetween the two scripts, these results canbeused to
justify the usage of phonetic values form Linear B syllabograms
for their Linear A counterparts.
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2.1.3 Linear B

Linear B is the third writing system attested in the Aegean, ap-
proximately from 1400 to 1200 BC. It is attested mostly on clay
documents, including tablets, nodules, vases and labels. Like
Linear A, the first documents in Linear B were discovered by
Evans while excavating Knossos Palace. This writing system was
the one used by the Mycenaean civilization and its use extended
beyond the island of Crete. For this reason, documents in
Linear B were found in Pylos, Thebes andMycenae in mainland
Greece, as well as Knossos and Cydonia in Crete. It has the
most extensive corpus of all the writing systems mentioned in
this chapter, since it contains more than 6000 inscriptions. It
is a logo-syllabic, system, composed of 87 syllabic signs and
100 logograms, which are used for commodities or objects. In
addition to the syllabograms and logograms, arithmograms
that are identical to those used in Linear A are also used for the
notation of integers. Finally, Linear B uses logographic signs that
denote units of measurements for various types of goods. This
writing system is also deciphered and we know that it transcribes
a dialect of ancient Greek.

The first insights into Linear B were due to Evans, who
managed to discover the values of the arithmograms, which
are broadly shared with the other writing systems attested in
the Aegean and Cyprus. Another interesting discovery, by
Kober (1945), was the presence of triplets of sequences where
the first two signs never changed, while the last one often
varied. Additionally, some of these triplets had a different suffix
depending whether the following logograms was masculine
or feminine. This suggested that the language transcribed by
Linear B was probably inflectional (Kober, 1948). This intuition
was the starting point for the eventual decipherment of Linear
B by Michael Ventris, an architect who studied this writing
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system in his free time. His intuition was that if these observed
suffixes constituted a form of inflection, the ones appearing after
the same signs probably shared the same consonant, with the
vowel being the only part that changed. Despite his efforts, this
first step was not sufficient to derive the phonetic values of any
syllabogram. For the next breakthrough, he was able to use the
signs from the Cypriot Greek Syllabary to derive some phonetic
values for Linear B, namely the syllables “na” and “ti”. Through
statistical means, Ventris was able to also find the vowel “a”.
Armed with these few phonetic values and the hypothesis that
the Cretan toponyms transcribed by Linear B were preserved
in Ancient Greek, it was possible to look for these toponyms,
in particular “Amnisos” (a-mi-ni-so). By finding a word with
“a” as the first syllable and “ni”, two other phonetic values were
found, and this kickstarted a process to decipher other phonetic
values, which eventually lead to the complete decipherment of
this script.

While Linear B is not one of the writing systems that are the
subject of our investigation, it is still useful to notice that, being
the only deciphered writing system from the Aegean, it can be
used as a source of comparison, especially when it comes to Lin-
ear A. The fact that we can read most syllabograms in Linear A
is also due to the fact that they are shared with Linear B.

2.2 Cyprus

In this section, we discuss the two syllabic writing systems at-
tested on Cyprus, from the late Bronze Age until the Iron Age.
These are the subject of our main contribution: two very sim-
ilar machine learning models that are able to cluster the glyphs
of ancient writing systems, organizing them by grapheme. In ad-
dition to this, the application of one of these models to Cypro-
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Minoan allows us to investigate interesting and still debated as-
pects of Cypro-Minoan.

2.2.1 Cypro-Minoan

Cypro-Minoan is the earlier writing system attested on Cyprus,
from 1550 to 1050 BC approximately. The complete corpus con-
tains approximately 3500 signs. It is a syllabic system, with little
or no evidence for logographic signs, contrary towhat happens in
Linear A and Linear B. It is undeciphered and so far no evidence
has been found to support any hypothesis on the underlying lan-
guage it transcribes. It is found on a multitude of documents, in
particular:

• Clay balls: these are the most common type of document
aswe find 87 suchballs. They contain very short sequences
of signs and various hypothesis for their use have been for-
mulated, for example the idea that theywere used for some
kind of game.

• Clay tablets: despite being relatively rare in the corpus,
since only 8 of them were found, they contain most of
the signs of the script. These are longer inscriptions and,
unlike the ones found in Linear A, they do not appear to
be used for bookkeeping, as they do not contain as many
arithmograms.

• Clay and metal vases: another relatively common type of
document, including relatively short inscriptions on pot-
tery.

• Amultitude of less attested types of documents, including
seals, cylinders in various materials. These are less attested
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and, aside from the cylinders, they usually contain a lim-
ited number of signs.

While most of the documents were found on Cyprus in vari-
ous excavation sites (Enkomi, Kition, etc), somedocumentswere
found outside the island. Most of these were found on the coast
of Syria, in the ancient city of Ugarit, suggesting that at the very
least commercial exchanges between the island and themainland
were frequent.

Cypro-Minoan is characterized by the fact that no single
proposal for the inventory of signs has been agreed upon by
experts. In particular, a proposal byMasson (1974) even hypoth-
esizes that Cypro-Minoan is not, in fact, a single writing system,
but it is divided in three different groups. This division in
subscripts was adopted by Olivier when he published his corpus
for Cypro-Minoan (Olivier, 2007) and, while his categorization
is not the same as the one proposed by Masson, we will use
his distinction in this volume. According to Olivier, the four
variants of Cypro-Minoan are:

• Archaic Cypro-Minoan or CM0: this is the earliest vari-
ant of Cypro-Minoan and it is attested on a single clay
tablet from Enkomi. Among experts, the separation be-
tween this documents and the others is not debated, as it
seems clear that this is an early variant of the script, distinct
from the rest of the corpus.

• CM1: this is the second largest group, and it is composed
of all the documents attested inCyprus which are not clay
tablets. It is characterized by thinner signs andmost of the
documents using it are very short.

• CM2: it is the largest subgroup, composed of thee clay
tablets found in Enkomi. Compared to CM1, its glyps are
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generally thicker and use more squarish shapes.

• CM3: the last group, which includes all the documents at-
tested in Syria.

The epigraphic differences between these three subgroups are
a consequence, according its proponents, of the existence of
different languages that were transcribed using different variants
of Cypro-Minoan. This situation, where there is no consensus
whether Cypro-Minoan is in fact a single script or a group
of very closely related writing systems has caused the scholars
to hypothesize different sign inventories, depending on the
position the different authors take in this debate. This means
that we cannot be certain of the exact number of graphemes
present in Cypro-Minoan.

The two corpora for Cypro-Minoan were compiled by
Olivier (2007) and Ferrara (2013a) and they were used extensively
in our experiments. Interestingly, the two authors have differing
opinions on the tripartite division of the script. What is less
doubtful is the idea that Cypro-Minoan is somehow related to
the writing systems from the Aegean. The main hypothesis is
that this script is probably derived fromLinearA,with some par-
allels between signs being noted in various works (Faucounau,
1977; Ferrara, 2012; Steele, 2013; Valério, 2016; Valério and Davis,
2017).

2.2.2 Cypriot Syllabary

The last script that we discuss in this section is the Cypriot
Syllabary, attested on Cyprus between the 11th and 4th century
BC, during the IronAge. It is deciphered andwe know thatmost
of the documents written in the Cypriot Syllabary transcribe
the Arcado-cypriot dialect of Ancient Greek. However, another
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language is transcribed using the same script, called Eteocypriot.
This language is still unknown, since very little can be derived
from the small number of inscriptions, despite the fact that the
phonetic values for the Cypriot Syllabary are known. In this
volume, we will refer to the Cypriot Syllabary texts transcribing
Greek as the Cypriot Greek Syllabary, in order to avoid any
confusion with the Eteocypriot documents. In addition to the
two different languages, there are also two variants of the script
itself, characterized by different shapes for some signs. These are
commonly called “Common” and “Paphian”and they are found
in different geographic locations.

Like Cypro-Minoan, it is a syllabic system and, when com-
pared with Linear A and Linear B, it has dropped the usage of lo-
gograms. Like the other writing systemsmentioned in this chap-
ter, it also uses the same system of arithmograms for numeric no-
tation that is broadly shared among all the writing systems from
the Aegean and Cyprus. The syllabary itself is composed of 56
signs. It has been attested on a relatively large number of inscrip-
tions, approximately 1400 (Perna, 2015).

Interestingly, the Cypriot Greek Syllabary was the first writ-
ing system fromCyprus and the Aegean to be deciphered. It was
already deciphered in the 19th century by George Smith (Smith,
1872), thanks to a bilingual document called the “Idalion biliin-
gual”. As discussed previously, the decipherment of the Cypriot
Greek Syllabary was instrumental for the initial hypothesis used
by Ventris when deciphering Linear B, as some of the shared syl-
labogramsof the two scriptswereused toderive theLinearBpho-
netic values from their Cypriot Greek Syllabary counterparts.

The script is considered to be closely related with Cypro-
Minoan and some work has been done (Valério, 2016) on using
the Cypriot Greek Syllabary and Linear A phonetic values
to derive possible readings, while also checking for toponyms
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and names using these readings. While the script has already
been deciphered, it can be instrumental for any investigation in
Cypro-Minoan and it can also be used, as we will discuss later,
to develop computational systems that can then be adapted to
the undeciphered script, as the two writing systems are closely
related and they are attested in the same geographic area.





iii.

Computational methods for
paleography

Themain goal of this volume is the development and application
of computational methods to ancient, undecipheredwriting sys-
tems. When dealing with this type of data from undeciphered
scripts, multiple technologies can be used to achieve progress in
the field. The main deciding factor for the choice of technol-
ogy regards the precise goals that the system should achieve, as
well as any prior knowledge about the specific writing system. In
this volume, we will describe two different approaches, that are
aimed at two very different types of scientific questions and data.
First, a classic approach, based con constraint programming, that
was applied to attempt a decipherment for a numerical notation.
Systems of numerical notation are generally more constrained
and presents more regularities than general purpose writing sys-
tems, so constraint programming can be a useful tool to inves-
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tigate their values. Then, I will briefly describe how machine
learningmodels work in the context of natural language process-
ing and computer vision. These machine learning approaches
are better suited to deal with the complexities and irregularities
that emerge when investigating the signs of a writing system and
in natural language. These methods are the main focus of the
volume, as a combination of computer vision and natural lan-
guage processing is used in order to investigate the undeciphered
Cypro-Minoan.

3.1 Constraint programming

Constraint programming is a paradigm that, instead of explic-
itly defining the steps involved to produce a solution for a prob-
lem, expresses theproblem in termsof variableswith specifieddo-
mains, and constraints involving variables. Formally, a constraint
program is composed of

X = {x1, . . . , xn} (3.1)
D = {d1, . . . , dn} (3.2)
C = {c1, . . . , cm} (3.3)

f(x1, . . . , xn) (3.4)

Where:

• X is the set of variables to which we want the program to
assign values;

• D is the set of domains for each variables. This means that
xi ∈ di ∀i.

• C is a set of constraints. Each constraint might involve
only one or more variables.
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• f is an optional cost function involving one ormore of the
variables, which determines how good any assignment for
the variables is. Lower values correspond to higher quality
solutions while higher values have lower quality.

The goal is then to find one or more possible assignments for all
variables of the form xi = vi, where vi ∈ di, that respect all con-
straints C and, optionally, have the lowest cost function f(X).
For example, ifwewant to solve the following constraints for vari-
ables a, b, c:

a ∈ {1, 3} (3.5)
b ∈ {2, 7} (3.6)
c ∈ {2, 5} (3.7)
a < b (3.8)
b ≤ c (3.9)

We obtain a single possible assignment for the variables of a =
1, b = 2, c = 5. While this is a very simple problem with a
single solution that can be derived by hand, most situations in-
volve under-constrained programs, where more than one solu-
tion is possible given the constraints. The number of variables,
domain size and number of constraints for variables are also usu-
ally higher than what we show in the example, resulting in non
trivial programs.

The most important component of a constraint program-
ming system is its solver, which can support different kinds of
variables (eg integers or real numbers) as well as different strate-
gies for finding solutions. The simplest case involves only linear
relationships and it is called linear programming. In this case, ad-
hoc approaches such as the simplex algorithm can be applied in
order to efficiently find the solution of the linear system of equa-
tion. Another class of programs, called integer linear program-
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ming, is involved with solving programs that are composed of
linear relations between integer variables and can also be solved
efficiently.

While for some classes of problems the existing algorithms
are computationally efficient and they allow us to tackle large
programs involving many variables and constraints, more com-
plex situations often require an extensive exploration of the so-
lution space, resulting in long, often intractable, computations.
This is the case, for example, when the constraints are non lin-
ear and involve real variables. One possible approach in this case
is to test assignments for variables, while reducing the domain
of other variables accordingly, what’s called constraint propaga-
tion. This allows the solver to consider only some assignments
for the variables, greatly reducing the search space for a solution.
In these situations, it is crucial to limit the size of the domains for
the variables as much as possible and to produce a stringent set
of constraints, in order to reduce the computational complexity
of the problems.

3.2 Machine learning

In recent years, many successful attempts to solve the most chal-
lenging natural language processing and computer vision tasks
are based onMachine Learning approaches, leveraging in partic-
ular deep learning models. In order to discuss the merits and
limits of these techniques, we first need to describe what sep-
arates these techniques from the more conventional computa-
tional models and describe the recent advancements in the field.

We define as machine learning any approach where, instead
of explicitly implementing a series of steps (an algorithm) to solve
a task, we learn a solution from the data itself. While this ap-
proach is not necessary for most tasks, it is very advantageous
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whenwe are dealingwith data that is either human generated and
unstructured or, more generally, raw data from the real world.
The main reason for this advantage is the fact that encoding in
rules some characteristic stemming from real word or human-
generated data is often impossible. If, hypothetically, we wanted
to detect a cat in a photograph, coming up with rules that define
it and distinguish it from other animals would be almost impos-
sible. What are the main characteristics of a cat, that distinguish
it on an image? Even if we can describe them in words, how do
these relate to pixels in an image? For this reason, it is preferable
to use an approach where our system learns from many images,
so it can generalize what a picture containing a cat looks like.

In general, machine learning systems use a peculiar pipeline
in order to learn from data: first, we show our model some train-
ing data (training set), so it can learn from it. Then, we typically
need to assess the performance of the system by applying ourma-
chine learningmodel to other data (test set), separated fromwhat
we used during training. We use this separation between training
set and test set to assess whether themodel can generalize on new
data or whether it just memorized the training set without ob-
taining more general knowledge about the task.

In order to describe a machine learning system, we need to
describe twomain characteristics: the model that we use and the
training procedure. The model is the software component that
needs to learn from data, and it is a very important aspect of any
machine learning and deep learning system. With respect to the
training procedure, we can distinguish three main types of learn-
ing:

• Supervised learning: the model learns from data that
contains annotations for the specific task that we are
interested in. For example, if we want to detect cats in
pictures, we need to provide the model many images and
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information about whether each image contains a cat or
not.

• Unsupervised learning: in unsupervised learning, we
do not provide any information to the model that is not
contained in the data itself. A prominent example is a
clustering, where we provide the model with the raw
data and teach it to categorize the data in groups called
clusters. Crucially, only the intrinsic characteristics of the
raw data are used to perform this task.

• Reinforcement learning: in reinforcement learning, the
goal of our model is to learn to explore and interact with
an environment. In order to teach this kind of behaviour,
we provide themodel with rewards for exploration and re-
wards that are tied to the final goal of the system. A typical
example of these kinds of models is a model that needs to
traverse a maze from entry to exit. In this case, we might
reward the model whenever it explores new areas of the
maze, and finally reward the completion of the maze.

3.2.1 Loss functions for different tasks

We described how machine learning avoids defining a precise al-
gorithm to solve problems. However, in order for the concept
of learning to be meaningful, we need to formally define an ob-
jective for our models. This object comes in the form of a loss
function to minimize: when we apply our model to the train-
ing set we want to minimize a value obtained from the data and
gold standard values that wewant to predict. In order to simplify
things, we will only consider the supervised case, as it is the sim-
plest way to train a model. Perhaps the simplest possible choice
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of loss function is the mean squared error:

MSE(X, Y ) =
1

N

N∑
i=1

(M(xi)− yi)
2 (3.10)

Where:

• M is our machine learning model;

• xi ∈ X are all the data samples in the training set;

• yi ∈ Y are all the annotations associatedwith each sample
xi;

• N is the total number of samples present in the training
set.

This loss function measures the mean of the squared errors be-
tween what the model predicts and the correct values. This sim-
ple function can be applied when the output we desire from of
our machine learning model is one or multiple real valued num-
ber. This kind of task is called a regression task. One example
might be a model that predicts the temperature of the air from
the meteorological data of the previous days. However, this is
not the only possible task for a machine learning model.

Instead of real values, we might want to predict categories or
even binary values. Our model is then defined to output one or
more binary values and we call this a classification task. In this
case, themost common choice is the usage of cross-entropy based
loss functions. The cross-entropy is defined between two proba-
bility distributions p and q over the same set, where p is the real
distribution of the set, while q is an approximation. The cross-
entropy between the two sets is then defined as the average bits
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(or nats, depending on the basis of the logarithm used in the cal-
culation) that are needed to encode data coming from distribu-
tion pwith a coding scheme optimized for q instead. Intuitively,
this measures the difference between the two probability distri-
butions. By minimizing the cross-entropy, we attempt to create
a distribution q that is able to approximate p asmuch as possible.
In the case of multiple categories, we define the categorical cross
entropy loss as follows:

L(X, Y ) = −
N∑
i=1

(yi logM(xi)) (3.11)

Where: yi and M(xi) are vectors containing values between 0
and 1, indicating the class to which each sample belongs to (or is
believed to belong to by the model). While many other alterna-
tives are possible, the two loss functions defined in equations 3.11
and 3.10 are sufficient to create the two most common types of
machine learning models, classifiers and regressors.

3.2.2 Machine learning models

Webrieflymentioned that themodel is a crucial aspect of anyma-
chine learning system, but we still did not define what the role of
amachine learningmodel is. Themodel is the object of any learn-
ing procedure: it contains parameters orweights that are updated
during the learning procedure and which are used to approxi-
mate the function that we want to compute. Formally we can
define a step of the training procedure as follows:

Wn+1 = Wn +∆Wn (3.12)

Where Wn represents the weights of our model at step n. Our
modelM is a function in Rx → Ry, where x and y can be inte-
gers or tuples of integers. Finally, ∆Wn is an update that is ap-
plied to ourmodel at stepn. The∆Wn term is usually chosen to
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Figure 3.1: Sigmoid function

minimize the loss function, which guides the model to approxi-
mate the expected behaviour. In the case of a supervised function
it is typically defined in terms of the input data and its respective
labels. From this very general framework, many different models
can be defined. Perhaps the simplest version is the linear regres-
sion, which can be defined as:

M(x) = Wx+ b (3.13)

WhereW is a matrix of weights and b is a vector of biases. This
linear regression function has some interesting properties, since
it consists only of a linear projection of the input data. When
combined with mean squared error as a loss function, this func-
tion is convex, so there is always a single, optimal solution where
the loss reaches itsminimumvalue and all around it the loss func-
tion is increasing.

In order to adapt the linear regression model to a simple bi-
nary classification task, we can force its output vector to contain
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only values between 0 and 1 and replace its loss function with the
binary cross-entropy. This can be obtained by applying what’s
called a sigmoid function:

M(x) = σ(Wx+ b) σ(x) =
1

1 + e−x
(3.14)

If we observe the plot for the sigmoid function σ (Figure 3.1), we
can clearly see that the function produces values that tend to 1 as
the input x increases, and values that tend to 0 when the values
decrease. Formally:

lim
x→∞

σ(x) = 1 lim
x→−∞

σ(x) = 0 (3.15)

Thismeans that theoutput values of a logistic regression classifier
are always between 0 and 1, so we can treat them as binary values.
In particular, we round any output greater or equal to 0.5 to 1 and
any value lower than 0.5 to 0.

While this regressionmodel (and its corresponding classifier,
the logistic regression classifier) are certainly useful in many
fields, they cannot approximate all functions. To illustrate why
linear models cannot approximate all functions, let’s observe
how a logistic regression classifier behaves in two dimensions. In
Figure 3.2, we can see how a logistic regression classifier separates
two classes (shown as crosses and dots in the figure) in two
dimensions: it uses a line to separate two classes. We say then
that the data is linearly separable. While this approach works on
the toy dataset we created, however, classes that are distributed
in more complex shapes cannot be separated by a single line. For
example, we show in Figure 3.3 that a toy dataset composed of
two classes found in a circle and in a ring around it respectively
cannot be separated by a line. Therefore the two classes are not
linearly separable.
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Figure 3.2: Logistic regression classifier applied to linearly separable
data

For more complex data, which usually is not linearly sepa-
rable, we need a more powerful model in order to approximate
complex functions over it. In particular, we can use non linear
models, which introduce a non linear function in themodel def-
inition. The typical example of thesemodels is an artificial neural
network. Formally, we define a neural network with one hidden
layer as:

M(X) = f2(W
(2)H(X) + B2) (3.16)

H(X) = f1(W
(1)X + B(1)) (3.17)

While the algebraic notation used above in equation 3.17 is most
commonly used, a more intuitive visualization of the behaviour
of a neural network can be found in Figure 3.4. If we observe
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Figure 3.3: Data that is not linearly separable

each neuron of the hidden layer in the center of the image, we
can see that all the four input values on the left contribute to its
value, in addition to separate weights for each input and hidden
neuron, denoted as wij . Similarly, the final layer of the network
uses input values from all the hidden layer neurons.

In the two lines of the equation, we can clearly see the us-
age of two different sets of weights in order to compute the final
results. In particular, two functions f1, f2 are applied to the out-
puts of each layer. While f2 can be the same sigmoid function
we apply to logistic regression classifiers in order to obtain out-
puts between 0 and 1, the definition of f1 is more interesting. In
particular, f1 is usually defined as a different non linear function.
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Figure 3.4: A small neural network with one hidden layer

Possible examples are the rectified linear unit (ReLU), hyperbolic
tangent and sigmoid. By stacking two nonlinear layers we can
then approximate more functions, since it has been theoretically
proven that both neural networks with an arbitrarily large sin-
gle hidden layer (Cybenko, 1989; Hornik, 1991) and neural net-
works with arbitrarily many hidden layers (Lu et al., 2017) are
what we call universal functions approximators. Thismeans that
they are able to approximate all continuous functions, infinitely
more than simple linear models. This is the theoretical founda-
tion for the improved results that we obtain by replacing a lin-
ear model or a logistic regression classifier with a neural network,
provided that enough data is available. An intuitive explanation
of the increased expressive power of neural networks when com-
pared to linear models stems from the idea that each layer in a
neural network learns more and more sophisticated representa-
tions of the input, allowing themodel to gradually “abstract” the
data in order to perform complex tasks.
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Figure 3.5: An example of gradient descent in twodimensions: the slope
of the curve is used to move the weights towards the minimum of the
curve. The numbers are used to show the iterative applications of gra-
dient descent.

3.2.3 Gradient Descent

While they are more expressive than linear models, the usage of
neural networks also has some drawbacks. In particular, if we
plot the loss function we use during training, we will see that the
solution space is not convex anymore, and that we have many lo-
cal minima for a given training set and loss function. While the
weight values of a linear regression model can be determined al-
gebraically, such a strategy is impossible to apply to a neural net-
work. Therefore, another technique is necessary. This approach,
the backpropagation algorithm, is based on a concept called gra-
dient descent. Gradient descent is the process where, by follow-
ing the slope (gradient) of the function created by applying the
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loss function to the outputs of the model, we alter the weights
of the model in order to reduce the loss. We can show the pro-
cess in two dimensions by using Figure 3.5. Formally, we have a
neural networkM that is composed of weightsW = W (i) for
each layer i ∈ 1 . . . N and a training set X = (xi, yi). The
weights of the neural network are initialized with random val-
ues. We can then apply the network to the training set to obtain
the predicted labelsM(X). We can then compute the loss of the
networkL(M(X), Y ). This allows us to compute the gradients
of the loss function with respect to the all the weights in the net-
work: ∑

i

δL

δW
(xi) (3.18)

In the case of a two layer network like the one in equation 3.17 we
will compute two distinct gradients:

∑
i

δL

δW (1)
(xi)

∑
i

δL

δW (2)
(xi) (3.19)

This step is the reason for the backpropagation name, as the gra-
dients of the neural network layers are computed by applying the
chain rule backwards (from the output layer to the input layer).
Finally, we can use the gradients to update the weights of each
layer in the network:

W (1) = W (1) − γ
∑
i

δL

δW (1)
(xi) (3.20)

W (2) = W (2) − γ
∑
i

δL

δW (2)
(xi) (3.21)

(3.22)

Where γ is a value used to control the size of the gradient
descent step. Typically, the update step is applied multiple
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times, until a stopping criterion is reached. The approach of
the previous equations is called batch gradient descent, as it uses
the whole dataset at once before updating the weights of the
neural network. However, the most common approach is to
use mini-batches, smaller portions of the training set, to update
the weights of the network. This approach is applied over the
entire dataset multiple times and the data is shuffled after each
iteration or epoch. This procedure is called mini-batch gradient
descent and it is generally more computationally efficient, as
considering only smaller subsets of the training set allows the
usage of GPUs1 during training, resulting in a faster training
time.

Another interesting aspect of neural network training arises
from the non convexity of their loss functions. This of course
complicates the training procedure, as the algorithm can get
stuck in many local minima and never reach the global one (See
Figure 3.6). This situation is another reason why mini-batch
gradient descent is preferable to batch gradient descent, as the
difference between mini batches in the training set will help the
training procedure from getting stuck in shallow local minima,
since the mini batches used during training are shuffled each
time the whole training set has been used (at each epoch). The
probability of getting stuck in a local minimum also decreases
when the number of parameters of the network is really high.

3.2.4 Generalization power and neural networks

Afinal consideration about neural network training regards their
ability to memorize data. In particular, it is possible for a model
tomemorize the trainingdata toowell (overfitting),which results

1Graphics Processing Units: they are commonly used to train neural net-
works as they can performmany algebraic operations in parallel.



III. Computational methods for paleography 45

Figure 3.6: In this simple example, the training procedure never finds
the globalminimumon the right, instead getting stuck in the localmin-
imum on the left. The numbers are used to show the iterative applica-
tions of gradient descent.

in a less general model that is unable to deal with unseen data as
well as it does with data from the training set. This behaviour is
shown in a visual way in Figure 3.7.

First, we can notice that in this example, some crosses are
found in the area where most dots are, and vice versa. These
points are in fact statistical anomalies, as we can see that they
are different from the more general distinction between the two
classes of the dataset. These anomalous points have no effect on
the logistic regression classifier shown on the left, as using a sim-
ple line to separate the points does not allow the model to be
influenced by a few anomalous points. When we apply a more
complex model, exemplified by the right image, we can see that
it learns to distinguish every single point correctly. While this
means that the model is perfectly accurate on the training set
data, this property is in fact undesirable, as new points that are
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Figure 3.7: A logistic regression model not overfitting the data on the
left, and a more complex model overfitting on the right.

not in the training data will not follow the arbitrary distinction
that was learned by this more complex model. It would be bet-
ter, instead, to rely on a more simple distinction such as the one
learned by the logistic regression classifier, as that is more likely
to classify correctly new data.

Since overfitting can be problematic for neural networks, it
is necessary to evaluate the models ability to generalize. There-
fore usually experts separate the available data in three groups: a
training set, a validation set and a test set. While the training set
is used to learn the parameters of the model; the validation set
is used during training to evaluate whether the model can gener-
alize on new, unseen data; finally, the test set is used to evaluate
how the model performs. Since we use a validation set, we can
also stop training once we see that the loss on the training set is
still decreasing, while the one on the validation set is not, as this
means that we are starting to memorize the training set instead
of learning a more general model. This approach is called early
stopping. More robust procedures are also used, such as K-fold
cross validation.

While overfitting is often an issue in the context of super-
vised learning, it might not be possible to evaluate how well the



III. Computational methods for paleography 47

model generalizes in an unsupervised setting. Additionally, it
might even be useful to force the model to overfit when no other
in domain data is available at all and the model is unsupervised.
We will discuss this situation, as forcing a form of overfitting on
data proved useful when evaluating unsupervised neural models
for the signs of ancient writing systems.

3.2.5 Deep Learning for images

While in principle any feed forward neural networkmodel can be
used for images, there is a crucial property of images that makes
the application of a feed forward neural network such as the one
from equation 3.17 problematic. In particular, if our goal is to
build a system that is able to decide whether a photograph con-
tains a cat or not we can immediately recognize that the position
the cat occupies in the image is irrelevant to perform this task.
With a feed forward neural network, however, each pixel is con-
sidered as a separate entity and it has its ownweights in themodel.
This means that the whole model is not translation invariant, so
the position of a pixel in the image matters and the whole image
cannot be translated in space without changing how the model
will interpret it. For this reason, the first step towards powerful
computer vision tools was the creation of convolutional neural
networks (LeCun et al., 1989): while feed forward neural net-
works have separate weights for each pixel, these models use a
kernel. The kernel is a matrix of weights that is applied to pixels
in the image one by one and detects patterns in their neighbor-
hood, like horizontal and vertical edges. This property allows the
model to consider smaller areas of the image separately, by apply-
ing the same kernel to them (see Figure 3.8) and detect features
no matter where they are located in the image.

While in the example of Figure 3.8 we used a single matrix as
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Figure 3.8: A simple visualization of a convolutional neural network:
the kernel in the center is applied to each 3x3 area of the image on the
left, producing a cell in the output matrix on the right.

the input to the convolutional model, in practice most color im-
ages have three dimensions, for red, green and blue. In addition
to this, multiple kernels are applied to the same image, in order to
capture multiple features. In addition to that, most models use a
pooling layer after each convolution. This pooling layer performs
a down sampling operation, using a fixed size and applying a sim-
ple operation such as a maximum or average.

Since the creation of convolutional neural networks, multi-
ple improvements have been made to their architecture. An in-
teresting development is the introduction of batch normaliza-
tion (Ioffe and Szegedy, 2015), a mechanism that learns a mean
and standard deviation from the training data in order to nor-
malize even newdata. Another development is the usage of resid-
ual connections within the model. These are connections that
skip layers, and they have the benefit of reducing gradient van-
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ishing issues during training. The first proposal of these types of
model (He et al., 2016) greatly advanced the state-of-the-art for
computer vision and it created the successful ResNet family of
models, which are still used to this day.

3.2.6 Machine learning in Natural Language Processing

One of themost interesting aspect of computational approaches
to paleography is it’s multi-disciplinary nature: while the subject
of studies might be glyphs, usually represented by images, they
are also transcribing a language. For this reason, it is important
to give a brief description of how modern natural language pro-
cessingmodelswork andhow the contemporary techniqueswere
developed over time from simpler ones.

Text I did not find it so get lost
I did not find it, so I did get lost 2 2 1 1 1 1 1 1
I did find it, so I did not get lost 2 2 1 1 1 1 1 1

Table 3.1: An example of how to represent sentences using unigrams.
Notice how the two sentences have opposite meanings, but they share
the same vector representation when using unigrams.

One of the most fundamental question that any machine
learning approach for natural language processing has to deal
with is how to represent textual information, or rather how to
learn good representations for it. The simpler approaches are
based on a simple count of words or combination of words,
called n-grams. The simplest representation for a sentence is
based on unigrams or counts of single words. This synthetic rep-
resentation of text using unigrams is also called a Bag of Words
(BOW) approach. This approach, however, is not always ideal
as it might produce two identical vectors for different sentences.
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Table 3.1 shows that by only using unigrams we are not able to
distinguish where negation is located in a sentence, resulting
in two sentences with opposite meanings being represented
by the same unigram vector. For this reason, it is common
to combine unigrams with counts of combinations of words:
bigrams, trigrams and so on. In this case, we gain the ability
to see some of the more complex patterns that emerge from
considering combinations of words, but we also have a more
sparse vector, where it’s harder for machine learning models to
learn meaningful patterns, since most combinations of words
are rare. This result is obvious, as considering combinations of
more words result in them being more rare than the individual
words that compose them.

More sophisticated approaches are based on word embed-
dings. These approaches are founded on the distributional hy-
pothesis, which postulates that words that have similarmeanings
are generally surrounded by a similar distribution of words. In
order to leverage this concept, then, we can train a model to pre-
dict a word from its context, inwhat’s called theContiguous Bag
ofWords (CBOW) approach, or we can use aword to predict the
surrounding ones (Skip-gram). Both of these methods were pro-
posed in one of themore successful approaches for creatingword
embeddings based on distributional semantics, called word2vec
(Mikolov et al., 2013b,a). From these models we obtain dense
vector representations of words, where each word in the vocab-
ulary is represented by a vector, and the distance in the resulting
vector space can be broadly thought of as a measure of semantic
similarity. In addition to this, some analogies can be shown alge-
braically in the vector space, where, for example, we can observe
that

−−→
king − −−→men + −−−−→woman ≈ −−−→queen. In this example, −−−−→woman

denotes the vector representing the word “woman”.
Word embeddings are often used in combinationwith recur-
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rent neural networks, models that are able to deal with sequences
of inputs of arbitrary length while preserving memory about the
whole sequence. More recently, however, a new class of models
was developed, based on amodel called the transformer (Vaswani
et al., 2017). This model is usually pre-trained in a self-supervised
way, bymasking somewords in a sentence or document and then
teaching the model to reconstruct the missing word from the re-
maining textual information. One of the most prominent trans-
former models is called BERT (Devlin et al., 2019) and a single
pre-trainedmodel can thenbe re-trained (fine-tuned) for any spe-
cific task in computational linguistics. While a detailed descrip-
tion of BERT and transformers is beyond the scope of this vol-
ume, it is important to note that they have multiple advantages
when compared with more traditional models, as they are gener-
ally able to deal with longer sequences of words, resulting in im-
proved performance in most natural language processing tasks.
This, however, comes at the cost of an expensive pre-trainingpro-
cedure that requires a larger amount of data to train as well as in-
creased computational requirements. Due to the fact that we are
mostly interested in applyingmachine learning techniques to im-
ages, as well as the scarcity of available data and the relative short
sequences that are characteristic of ancient, undeciphered writ-
ing systems, the usage of transformer models is unfeasible in the
context this volume.

3.2.7 Evaluating a machine learning model

An important aspect of any machine learning method is also the
definition of criteria and procedures that can be used to evaluate
its performance, in order to choose the best methodology for a
given task and improve the state-of-the-art. In this section, we
will discuss the main approaches and metrics that can be used to
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evaluate a machine learning model.

When annotated data is available and the model is trained in
a supervised way, the first step is usually to divide our dataset in
three: a training set used during training; a validation set that can
be used to avoid overfitting of the model and to assess the model
performance; a test set that is ideally kept separate, so that any
choice of hyperparameter is not directly optimized for this spe-
cific test set. This way, we are not tuning the model for a specific
test set, but instead we obtain a general model for our specific
task. In order to evaluate our model, however, it is necessary to
select one or more metrics that allow us to evaluate the perfor-
mance of the model in an objective, measurable way. It is also
important to consider the fact that, when using neural networks,
the parameters of themodel are initialized randomly at the begin-
ning of the training procedure. This means that, to an extent, all
the trained models will have a different behaviour. For this rea-
son, it is often desirable to train multiple versions of the same
model, initialized with different, random, parameters (Reimers
and Gurevych, 2017). This way, a comparison between the met-
rics produced by differentmodels can prove that an observed dif-
ference is not due to randomchance. While this approach is ideal,
one must note that there is a trade-off between the time needed
to train multiple versions of the same model and the ability to
achieve statistically significant results, not dependent on the ran-
dom initialization of neural models. To achieve such a compar-
ison, the mean and standard deviation of the metrics can be re-
ported, and they can be accompanied by statistical tests such as
the student t test or the Mc Nemar statistical test.

Among the metrics often used to evaluate machine learning
models one of the simplest one is accuracy, which is defined as
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follows:

a =
|{ŷi ∈ Ŷ : ŷi = yi}|

|Y |
(3.23)

Where:

• Y contains all the labels of the test set for the task that the
model needs to learn;

• Ŷ contains all the predictions from our model.

Our formula, then, measures how many assignments (ŷ) from
the model are correct, over the total size of the test set. When
the number of classes is large, it sometimes makes sense to con-
sider also amore relaxed version of accuracy. If amodel produces
a ranking of the most probable classes for each sample, we can
check whether the correct one appears in the top N position.
This concept is called top N accuracy.

While accuracy is very useful when the cardinality of each
class that the model needs to distinguish, it can be very problem-
atic when we observe imbalance between different classes. If, for
example, we are interested in creating a model which is tasked
with detecting hate speech online, a relatively rare phenomenon,
the usage of accuracy can be very problematic. In this situation,
if hateful comments on social media constitute only 1% of our
test set, a model that always selects the “non-hateful” class
would achieve a very high accuracy value of 99%. Furthermore,
a more nuanced model that is able to distinguish some hateful
comments at the expense of a lower accuracy over the majority
non hateful class would certainly have a lower accuracy than
the naı̈f approach of only selecting the majority class. For this
reason, we can construct metrics that are better suited to deal
with this situation, starting from some basic concepts. First, we
select one of the classes as the positive class, so that we can apply
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the following concepts, extended from binary classification
tasks:

• True Positives (TP): for our positive class, howmany sam-
ples are classified correctly as belonging to it;

• True Negatives (TN): for our positive class, how many
samples are classified correctly as not belonging to it;

• False Positives (FP): for our positive class, howmany sam-
ples are classified incorrectly as belonging to it;

• False Negatives (FN): for our positive class, how many
samples are classified incorrectly as not belonging to it;

Wecan thendefine twometrics that are derived fromthese values,
precision (p) and recall (r):

p =
TP

TP + FP
(3.24)

r =
TP

TP + FN
(3.25)

Notice that precision and recall are defined based on the choice
of a positive class, which means that each class will have its own
precision and recall values. In the previous example concerning a
very unbalanced hate speech dataset, we might want to optimize
our model in order to obtain high precision and recall values for
the hate speech class, since that is the goal of our model. In the
previous example, we would obtain 0 precision and 0 recall, in-
dicating that ourmodel does not behave correctly. Let’s consider
another simple example to explain the usefulness of both met-
ric. Let’s imagine a test set of 1000 samples, split in two classes of
equal size. If we use a naif classifier, which classifies everything in
our positive class, we obtain a very high recall of 1.0 but a lower
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precision value of 0.5, which perfectly illustrates why both values
are importantwhen performing a classification task. Amore syn-
thetic metric which is often used is the harmonic mean between
precision and recall, called F1 score:

F1 = 2
pr

p+ r
(3.26)

In our previous example, a simple arithmetic mean between a
precision of 0.5 and a recall of 1.0 would be 0.75. The resulting F1
score, however, is 0.67, since the harmonic mean is more prone
to producing lower values when one of the two metrics is low.

Aside from the standardmetrics for classification, another set
of possiblemetrics is availablewhendealingwith clustering tasks.
These are taskswhere an unsupervisedmodel attempts to catego-
rize the data in a certain number of clusters. In this situation, it
is crucial that the metrics are insensitive with respect to the in-
dices that are assigned to the different clusters, since this class of
algorithms does not know about the indices assigned to them in
the annotated test set. Additionally, since some clustering algo-
rithms determine the number of clusters on their own, the met-
rics must not rely on the fact that the classes in the test set are as
many as the clusters determined by the algorithm.

Among themetrics that are useful when clustering, there are
two that can be thought of as analogous to precision and recall.
Given a number of samples N , C class labels, K clusters, nck

samples belonging to class c and cluster k andnk samples belong-
ing to cluster k, we define homogeneity as:

h = 1− H(C|K)

H(C)
(3.27)

WhereH is Shannon’s entropy, defined as:

H(C|K) = −
∑
c,k

nck

N
log

nck

nk

(3.28)
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Notice that the term nck

nk
measures the ration between number of

samples belonging to cluster k and cluster c and the total num-
ber of samples in cluster k. The intuition is then that a cluster
containingmany items from the same class will have a higher ho-
mogeneity value. Similarly, we can define completeness as follows:

c = 1− H(K|C)

H(K)
(3.29)

If we expand the entropy termH(K|C), we obtain a term nck

nc
,

which indicates the ratio between the number of samples in class
c, cluster k and the total number of signs in class c. This means
that for a cluster to be complete, it needs to include most of the
samples from each class it contains. Likewe saw for precision and
recall, we cannot rely on a single metric to ensure a good cluster-
ing of our data, sincewe can easily construct degenerate solutions
with high homogeneity or high completeness. A clustering with
a single sample in each cluster produces an homogeneity score of
one, since all clusters only contain a single class. Similarly, if our
algorithm produces a single cluster containing all data, its com-
pletenesswill also be one, since the single clusters contain all sam-
ples belonging to all the classes it contains. In order to create a
more synthetic metric, V-measure can be used, which is defined
as the harmonic mean between homogeneity and completeness:

v = 2
hc

h+ c
(3.30)

Like for the F1 score, the usage of a harmonic mean penalizes sit-
uations where one of the metrics has a very low value compared
to the other.

Another common metric that is used to evaluate the
quality of clustering is the mutual information, which, like
homogeneity and completeness, is based on information theory.
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Given a set S of N elements, consider two partitions of S,
X = {X1, . . . , Xp} and Y = {Y1, . . . , Yq} we can construct a
contingency matrix between the two:

X⧹
Y Y1 Y2 . . . Yq sums

X1 n11 n12 . . . n1q a1 =
∑

j n1j

X2 n21 n22 . . . n2q a2 =
∑

j n2j

...
...

... . . . ...
...

Xp np1 np2 . . . npq ap =
∑

j npj

sums b1 =
∑

i ni1 b2 =
∑

i ni2 . . . bq =
∑

i niq

Table 3.2: Contingency matrix for the partitionsX and Y of the same
set S

Wherenij = |Xi∩Yj| represents the number of elements in
common between the setsXi and Yj . Then, the probability of a
randomobject fromS to belong toXi according to the partition
X is:

PX(i) =
|Xi|
N

(3.31)

And the same equation can be applied to the probability of a
point to belong to Yi partition Y . Finally, the probability that
a point of S belongs toXi in partitionX and to Yj in partition
Y is:

PXY (i, j) =
|Xi ∩ Yj|

N
(3.32)

Using these equations, we can define themutual information be-
tween two clusterings of the same data as:

I =
∑
i∈X

∑
j∈Y

PXY (i, j) log

(
PXY (i, j)

PX(i)PY (j)

)
(3.33)

The mutual information of two random partitions of the
same data, then, measures how much information (in bits or
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nats, depending on the basis of the logarithm in the formula)
one can acquire about one partition by observing the other.
Different corrections can be applied to this formula, including
adjusted mutual information, which corrects the formula for
the effects of random chance and can be used to measure the
performance of a clustering algorithm. In order to define this
adjusted version, it is necessary to define the expected mutual
information between two random clusterings, which can be
calculated using a hypergeometric model of randomness:

E{I(X, Y )} =

p∑
i=1

q∑
j=1

min(ai,bj)∑
nij=(ai+bj−N)+

nij

N
log

(
Nnj

aibj

)

× ai!bj!(N − ai)!(N − bj)!

N !nij!(ai − nij)!(bi − nij)!(N − ai − bj + nij)!

(3.34)

Where:

• (ai + bj −N)+ denotesmax(ai + bj −N, 1);

• ai, bi denote the sums shown in the contingency matrx
(Table 3.2)

In addition to the expected value of the mutual information, we
also need the entropy of a partition, given by:

H(X) = −
p∑

i=1

PX(i) logPX(i) (3.35)

Finally, we can define the adjusted mutual information as:

AI =
I(X, Y )− E{I(X, Y )}

max(H(X), H(Y ))− E{I(X, Y )}
(3.36)
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While mutual information is a raw measure of information in
bits or nats, therefore dependent on the type of data that we are
interested in, adjustedmutual informationhas a range of [−1, 1],
where a random partition of the data has an expected adjusted
mutual information of 0.

Anothermetric commonly found in the literaturewhen eval-
uating clustering algorithms is the Rand index. Given a set S of
elements and two different partitions of it in groups, X and Y ,
we define:

• a is the number of times that two elements belong to the
same subset both inX and Y ;

• b is the number of times that two elements are in different
subsets in bothX and Y ;

• c is the number of times that two elements are in the same
subset inX but in different subsets in Y ;

• d is the number of times that two elements are in a differ-
ent subset inX but in the same subset in Y .

Using this values, we can define the Rand index as:

R =
a+ b

a+ b+ c+ d
(3.37)

Intuitively, this metrics can then measure the ratio of how
many pairs show agreement between two clusterings and the
total number of pairs of elements in S. By using a pairwise
metric, this metric can deal with the two partitions X and Y
having a different number of subsets, and it is in the range [0, 1].
Similarly to what is possible for mutual information, it is also
common to adjust Rand index for random chance, obtaining
the adjusted Rand index, which is commonly preferred to
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the non adjusted version of the metric. Given two clusterings
X = {X1, . . . , Xp} and Y = {Y1, . . . , Yq} of a set S of N
elements, we first construct the contingency matrix (see Table
3.2) used previously for the mutual information. Then, the
adjusted version of the Rand index can be defined as:

AR =

∑p
i=1

∑q
j=1

(
nij

2

)
−

[∑p
i=1

(
ai
2

)∑q
j=1

(
bj
2

)]
/
(
n
2

)

1
2

[∑p
i=1

(
ai
2

)
+
∑q

j=1

(
bj
2

)]
−

[∑p
i=1

(
ai
2

)∑q
j=1

(
bj
2

)]
/
(
N
2

)
(3.38)

Where ai, bi are the sums defined in the contingency matrix (Ta-
ble 3.2). Adjusted Rand index, unlike Rand index, has values be-
tween -1 and 1, having negative values when theRand index is less
than its expected value. A random partition of the data has an
expected adjusted Rand index of 0.

While in most cases an annotated test set is used in order to
evaluate the performance of amachine learningmodel, when ap-
plying computational approaches to ancient, undecipheredwrit-
ing systems it is often the case that we have no certainty to base
our evaluation on. In this case, it is useful to create a proxy task,
by evaluating our models on similar writing systems that have
been deciphered if possible. Furthermore, the results from any
neural model, especially one that has been trained in an unsu-
pervised way, cannot be taken holistically. Instead, it is useful to
examine overarching trends and task the model with specific sci-
entific questions, instead of using more broad techniques such
as a complete clustering of the data. Another possibility is the
selection of a few data points that are not in contention among
experts to perform an evaluation that has a more limited scope.

Another crucial aspect of these kind of studies is the use of
statistical tests whenever possible: since it is impossible to pro-
duce an evaluation of the model based on the data, we can at
least rule out the effect of chance on our results, showing that the
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positive results from the model would be very rarely produced
by random chance alone. Crucially, any claim of evidence on
contentious issues must be preceded by a thorough evaluation
of the model itself, as the level of accuracy of the model can have
a serous impact on the final results. Finally, any type of evalu-
ation for an unsupervised model for undeciphered writing sys-
tems must be tailored to the specific questions that we attempt
to answer using the model, as well as the specific characteristics
of the writing system.





iv.

State of the art and challenges of
computational paleography

When dealingwith ancient writing systems using computational
techniques and machine learning in particular, it is crucial to
consider both the overarching challenges that arise from this
domain and the previous approaches that have been proposed in
the field. In particular, the two main challenges that we had to
face when dealing with ancient, undeciphered writing systems
were the relative scarcity of data available and, crucially, the fact
that some cases there is no agreement over some aspects of the
writing language, which can lead to the usage of unsupervised
machine learning models. In this chapter I focus on these two
aspects, while providing insight into the state-of-the-art for
both low resource learning and unsupervised learning applied to
images and natural language.
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4.1 Low resource learning

One of the main factors that determines the effectiveness of any
machine learning approach is the availability of data. Even ignor-
ing the presence of annotations for the task that we need to per-
form, any approach requires a sufficient amount of data to pro-
duce meaningful results. In fact, increasing the amount of data
available during training, even without altering the techniques
involved, typically results in improved performance. In addition
to this, the main risk that arises from applying a powerful neural
network with a very limited amount of available data is overfit-
ting: since the amount of data is so limited, the model will be
able to memorize training data instead of learning meaningful
patterns, resulting in a model that is less able to deal with new
data and a decrease in performance for the test set. For this rea-
son, an important trade off must be considered, between the ex-
pressive power of the selected model and limiting the number of
its parameters, so that it can avoid overfitting. When the amount
of data is limited, in fact, it canbeuseful to resort to simplermod-
els with fewer parameters to train, as they are less susceptible to
overfitting when compared with more powerful neural models.
While this is a sensible approach, in practice the usage of simpler
models is a double-edged sword, since their limited expressive ca-
pability can be insufficient to perform the desired tasks.

In addition to a limited amount of training data in general,
the other issue that arises inmostmodels dealing with signs from
ancientwriting systems is the presence of graphemes that are very
rare, sometimes appearing only once in the available data. In fact,
due to the Zipf distribution that arises from considering the fre-
quency of letters, this can be true even for alphabets such as En-
glish. One analysis of letter frequencies in English for crypto-
graphic goals (Lewand, 2000) shows that the least frequent let-
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ter “Z” has a frequency of 0.0007, appearing on average only 7
times in 10 thousand letters. This problem is exacerbated when
we are dealing with syllabaries and logographic writing systems,
as in this case the number of signs increases and, in turn, their
individual frequencies are smaller than for alphabet letters. For
example, considering hiragana, one of the two syllabic systems
used to write Japanese, we can observe that, in a corpus of 20
million signs, the most frequent hiragana grapheme is attested
approximately twomillion times, while the least frequent one ap-
pears only once (Chikamatsu et al., 2000). When the frequencies
are so low, we are unable to learn any pattern from a handful of
signs, and any result involving them needs to be carefully eval-
uated as modern computational approaches are generally unable
to learnmeaningful patterns from so few attestations. Sincemost
early writing systems use syllabograms and logograms and unde-
ciphered ones usually have corpora that are in the tens of thou-
sands of signs or less, we are bound to have to deal with hapaxes
and, crucially, it is quite possible that our corpora do not con-
tain all signs or combinations of signs that were originally used
in the writing system. In addition to this, there are other factors
such as the usage of differentmedia towrite, variations in the sign
shapes in different geographic areas and at different times, which
can complicate any analysis, manual or automatic.

In recent years, in the field of low-resource learning multiple
approaches have been developed for dealing with situations
where data is very scarce. In particular, some approaches are
aimed at the study of how machine learning models behave
when a very limited amount of training data is available:

• Few-Shot Learning: in this context, we are interested in
performing a task that is only shown to the model a few
times, sometimes even once (One-shot learning);
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• Zero-shot learning: in this context, our aim is to perform
a task that has never been seen by the model.

While at first glance Few-Shot learning and Zero-shot learning
might seem similar, there is a crucial difference in the approaches
that are used for these tasks. For one or few-shot learning, we can
for example apply some form of data augmentation, in order to
producemultiple augmented versions of the same sample, which
can then be used in the training set. For example, we can apply
cropping, color distortion, translations and rotations to images,
as well as random horizontal or vertical flips, so that we can pro-
duce an arbitrary amount of different versions of each image. For
textual data, one possible solution is to use synonyms and per-
form random replacements for individual words, so that a sin-
gle sentence can be represented in multiple ways. More sophis-
ticated approaches are based on pre-trained word embeddings
(Wang and Yang, 2015). These approaches are of course very de-
pendent on the kind of data and task that themodel needs to per-
form, as for example adding random typographical errors might
be beneficial for a model dealing with noisy data from social net-
works, while it might be detrimental when we are interested in
analyzing text from a book which has been proof-read and con-
tains few typographical mistakes. These augmentation-based ap-
proaches, in addition to helping with few shot learning and, in
general, with a limited amount of data, can be used even when
data is abundant, as they can improve the robustness of themod-
els and reduce the memorization of data from the training set.

Another class of solutions can be applied to both zero-shot
and few-shot learning, and it is based on the idea that the model
can be taught different but related tasks, then applied to a new
one, using a method called transfer learning. One possible
example of this approach in computer vision is the application
of so-called siamese networks (see Figure 4.1). These networks
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Figure 4.1: Basic Architecture of a Siamese network

are called siamese because they use two identical branches. These
branches are used to produce two vector representations for
two images. Finally, a loss function, for example the triplet loss
(Chechik et al., 2010), can be applied to the two vectors from
the two identical branches of the network, typically involving a
distance metric in its formulation. The idea behind this loss is to
minimize a distance function for identical couples of samples,
while separating different pairs. The resulting vector space,
then, can be used to compare different images. Furthermore, it
has a crucial advantage over a more traditional classifier, which
typically assigns a neuron to each class and then trains the model
to produce a higher value for the correct class for each training
sample: since the model only works on pairs of images, it can
produce results even for new, unseen categories and it does not
generally require an a priori definition of the different classes
partitioning the data. The application of a siamese network
requires training over a task that is very similar to the zero-shot
task, as otherwise themodel cannot learn any useful information
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for the other task. This means that, when dealing with ancient,
undeciphered writing systems, it can be very problematic to
choose a task that can fill this role, since the unknown nature
of the scripts does not allow a complete comparison with other
writing systems. Additionally, since the training happens on
another script, it can be challenging to incorporate information
that is known about the target writing system, such as the
attested sequences that compose it.

The approach used in siamese networks is also similar to
other kinds of zero-shot learningmethods. With powerful trans-
former models, in fact, attempts have been made to perform
zero-shot tasks in natural language processing. These approaches
are able to leverage the extensive pre-training procedure that
is applied to these models, in order to ask them to perform
tasks that are either unseen or for which very few training
samples are available. Most of these approaches are based on
language models, which means that they are able to produce
text following an initial sequence of characters that is provided
by humans. Therefore we can perform a task that has never seen
before by the model by just providing an the initial sequence
in the form of a question, so that the model can continue the
text by answering it. There are many approaches that follow
this idea (Brown et al., 2020; Wei et al., 2022) and it is one
of the most interesting developments in the field of natural
language processing. While these methods are surely interesting
for the field of natural language processing, the amount of data
required is unattainable in the context of ancient, undeciphered
languages. Furthermore, they require a perfect transcription of
the textual content, which is also not always available.

In this section, I examined some of the main research ap-
proacheswith the aimof tackling the scarcity of data formachine
learning models. While these approaches are interesting and in-
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formative for anyone attempting to build models for ancient un-
deciphered writing systems, they require a large amount of data
that can be used for any transfer learning procedure, which is not
always available. Mostmachine learning approaches for paleogra-
phy are in fact undermined by the amount of available samples,
which, unlike what happens for most tasks involving linguistic
tasks, where new data can often be collected, is a hard limit, since
scholars have no control over the possibility of finding of new
documents.

4.2 Unsupervised learning

When dealing with signs from ancient, undeciphered languages,
it is sometimes desirable to use a completely unsupervised ap-
proach, since the disagreement between experts can be substan-
tial and it is therefore crucial to produce results that do not rely
on any theoretical point of view regarding the subject matter.
This section constitutes a brief discussion of the state-of-the-art
in unsupervised learning for both images and natural language,
as both domains are involvedwhen dealing withwriting systems.

While we did not characterize them as such, we have in fact
discussed about some common unsupervised methods for nat-
ural language, since any pre-training procedure for transformer
models is, in fact, unsupervised, even if some authors prefer to
use the term self-supervised in this context, since the final goal
of the model is to use the pre-training model only as an inter-
mediate step for a different kind of task. While the main goal of
pre-training is to produce general models that can be applied to
multiple tasks by fine-tuning them with labeled data, unsuper-
vised approaches do exist and they are also based on similar tasks
as the ones used by BERT and other transformer models. While
many different tasks are possible, one notable field is unsuper-
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visedmachine translation. Thesemodels are taskedwith translat-
ing text from one language to another without having access to
parallel sentences translated inboth languages. These approaches
can use autoencoder models, where text is encoded as a relatively
small vector by one portion of the model (encoder) and then it
gets reconstructed by the other portion (decoder). More recently,
the usage of (masked) language models is more commonplace.
In both cases, we can imagine building an unsupervisedmachine
translationmodel that is trained on both English and Italian text.
In addition to each individualword, the encoder is providedwith
an indication of the language of the text, while the decoder is
also provided with the language that we want as an output of the
model. Now, by training the model to encode both English and
Italian sentences using the sameweights, we produce a single vec-
tor space for both languages. By providing anEnglish sentence to
the encoder and asking for the Italian to the decoder, we can then
attempt an unsupervised machine translation, that is only possi-
ble because some portion of words are shared between languages
and therefore they act as a source of alignment for the model.
Many models have been constructed by using similar method-
ologies (Lample et al., 2018; Zhu et al., 2020) and they constitute
one of the main applications of unsupervised learning in natural
language processing.

Another common application of unsupervised methods is
the categorization of topics in textual content. The goal of these
methods is to categorize different documents in multiple top-
ics, usually basing this choice on the frequency of words found
in them. In this field, the most well-known approach is Latent
Dirichlet Allocation (LDA), which is a Bayesian model that is
able, when provided with a number of topics, to partition doc-
uments in different groups. It works by deriving a topic-word
distribution, which determines how probable it is for a word to
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belong to a certain topic. It then uses this information to derive
document-level classification in different groups.

While we provided an overview of some approaches for un-
supervised learning in natural language processing, the domain
of computational paleography also includes the application
of machine learning models to the graphical representations
of signs. For this reason, it is useful to examine the main ap-
proaches in unsupervised learning for images, mostly based on
convolutional neural networks. In particular, we can categorize
different approaches based on the main task that they perform
in order to teach the model how to produce good quality vector
representations for images. One of the simpler alternatives
in this situation is to build an autoencoder (Kramer, 1991),
which is tasked with reconstructing the image from a dense
low dimensional representation. More sophisticated methods
task the model with the reconstruction of a jigsaw puzzle
(Noroozi and Favaro, 2016), or with matching two augmented
versions of the same image (Caron et al., 2020). Another class of
methods uses clustering as a proxy: by applying a convolutional
neural network to images, we obtain vector representations
for each one of them. Once we obtain these vectors, we can
use a clustering algorithm such as K-Means to cluster the data
and use the categorization derived from this procedure to train
the model with pseudo-labels (Caron et al., 2018). Another
approach called SCAN (Van Gansbeke et al., 2020) uses a two
step approach: fist, it minimizes the distance between each
image and an augmented version of it, then it finds the nearest
neighbors for each image and classifies each image to a group
depending on its nearest neighbors.

Since many different methods are available for unsupervised
learning, depending on the type of task that the model needs to
solve and on the type of data that is involved, not all of them are
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a good fit for paleographic data. In particular, most transformer
based models require an amount of data that is not available to
us. Even if thatwas not the case, anyunsupervisedmachine trans-
lation approach relies on the existence of common terms that can
be used as “anchors” tomatch the two languages. This condition
is not ascertainable for undeciphered writing systems, where it
is often impossible to determine which language the script en-
codes, even when a phonetic reading is available for the signs.
When investigating the sign inventory and therefore considering
the categorization of signs themselves, the application of unsu-
pervisedmodels for images is also challenging, as they donot con-
sider linguistic context as a feature and therefore they need to be
adapted to the domain. However, their application can be useful
and using powerful convolutional models can be less challeng-
ing than the application of transformers in the context of ancient
writing systems.

4.3 State-of-the-art in computational pale-
ography

In recent years, a number of scholars has attempted to apply
computational techniques to ancient writing systems. In
general, we can divide these approaches in two different strands:
on one hand, we have purely textual based methods, which
deal with ancient texts that have already been transcribed. On
the other, we have methods that involve also the graphical
representation of signs in order to produce their results.

Among the purely textual approaches, two articles have been
publisheddealingwith the restoration of ancientGreek texts that
have been damaged. In Assael et al. (2019) an encoder-decoder
model using a recurrent component (LSTM) with an attention
mechanism is applied to the restoration of ancient Greek text.
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In particular, the best performing model combines a character
level and word level representations for documents, using con-
text to reconstruct damaged sections of the inscriptions. In order
to train and evaluate the model, complete sequences have some
of their text masked by using a special character “?”, which indi-
cates that the model needs to predict their value. The resulting
model, called PHYTIA, is then evaluated using a specific metric,
the character error rate, which measures the fraction of charac-
ters that are incorrectly predicted by the model. PHYTIA is able
to achieve a 30% character error rate, which is even better than
the 57% character error rate achieved by a human expert. In a
follow up article by the same authors (Assael et al., 2022) an im-
proved model is constructed for the same task, called ITHACA.
This model is based on a transformer architecture and, in con-
junctionwith the ability to reconstruct damagedportions of text,
it is also able to provide a prediction for the time period that the
document was inscribed in and its geographical provenance. In
order to provide a useful tool for researchers, ITHACA is able to
output the top 20 predictions for missing signs and histograms
representing the most probable time periods and locations for
each document. The model, like its predecessor, has been evalu-
ated on sequences where some text has been removed, and it im-
proves upon PHYTHIA in a substantial manner. On this new
test set, while PHITYA achieves 32% accuracy, ITHACA is able
to achieve an accuracy of 62%. The results for the geographical
prediction are also encouraging, with an accuracy of 71%, while
the model is able to predict the correct year for an inscription
with an average error of±29 years.

Similarly to the ancient Greek models, another method has
been proposed to reconstruct missing signs in Babylonian Akka-
dian (Fetaya et al., 2020). Like ITHACA, it is a recurrent neural
network. However, instead of training a masked language mod-
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els, the authors used a character level language model as their
training task, meaning that they trained the model to predict a
sign from those preceding it. As a baseline, they used a simple n-
gram model which uses either the characters preceding the cur-
rent one or the characters surrounding it in order to predict the
current character. A first evaluation has been performed by only
removing a single sign, and it compares an LSTM that is able to
use only the beginning of the sentence before the missing sign
(LSTM start), an LSTM using the whole sentence (LSTM full)
and 2-grammodels using the two signs before themissing one (2-
gram start) and the two around themissing one (2-gram full), re-
spectively. Surprisingly, 2-gram full is able to outperform LSTM
start, obtaining an accuracy of 75%. The best performing model
is the LSTM full one, with an accuracy of 85%. In addition to
this evaluation, the authors provide an interesting testwhere they
increase the number of signs that need to be predicted by the
model, showing that when predicting 2 signs the accuracy de-
creases to 48%, while with three tokens the accuracy is very low
at 24%. While the top-5 and top-10 accuracies have higher values,
this results shows that, despite themodel’s ability to reconstruct a
single damaged sign, its effectiveness decreases dramaticallywhen
it is task with the reconstruction of longer sequences.

Another application of computational methods to undeci-
pheredwriting systems regards the possibility to apply automatic
methods to the transliteration of undeciphered scripts. These
approaches use a symbolic representation for signs, since they are
usually focused on the recognition of cognates, words that are
related or have the same origin, between an undeciphered script
and a related knownwriting system. By reconstructing cognates,
these systems also provide a transcription of each sign in the
undeciphered script, since they operate by transcribing between
the signs in the two writing systems. Additionally, most of these
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methods also rely on the prior knowledge about the related
writing system, since it is compared with the undeciphered
script in order to reconstruct cognates. It must be noted that, so
far, no complete decipherment of any undeciphered script has
been achieved using automatic means.

The existing attempts to decipher unknown scripts through
computational means started with more conventional, statistical
methods, while in recent years someneural approaches have been
presented. The first contribution to the field of automatic de-
cipherment of ancient scripts was proposed in Knight and Ya-
mada (1999); Knight et al. (2006) and they consist of a Hidden
Markov Model, which learns a mapping from signs to the cor-
responding phonemes. In Snyder et al. (2010) a non-parametric
Bayesian framework is proposed, which considers both themap-
ping between signs of related scripts, as well as mapping between
morphemes. Berg-Kirkpatrick and Klein (2011) propose a frame-
work based on an objective function that is able to match both
the alphabets and the lexica of twowriting systems. A coordinate
descent procedure is then used to find solutions to the resulting
combinatorial optimization problem. To the best of our knowl-
edge, Luo et al. (2019) describes the first neural approach for au-
tomatic decipherment of ancient scripts, based on a sequence-
to-sequencemodel, informed by patterns in language change de-
rived fromhistorical linguistics. Themodel is trained in an unsu-
pervisedway by using aminimum-cost flow approach. Finally, in
Luo et al. (2021) a neuralmodel is informedwith phonetic priors,
in order to tackle a situation where the segmentation of the un-
known script is partial and the related language is also unknown.

While the decipherment of unknown scripts is a common
goal for computational methods for ancient writing systems,
these approaches have never been tested on undeciphered scripts
to the best of our knowledge. Additionally, the main focus of
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this volume is Cypro-Minoan, and one of the open questions
is whether it transcribes a single language or whether multiple
languages are encoded. For this reason, techniques that aim at
automatic decipherment are not used in this volume.

In addition to the aforementioned approaches that are aimed
at the reconstruction of missing sequences of text, another simi-
lar goal is the matching of fragments. When a document is bro-
ken, it is often useful to attempt to determine whether the frag-
ments are part of the same document and whether it is possible
to join them to reconstruct the full textual sequences. In order
tomatch papyrus fragments, amodel called Papy-S-Net has been
proposed in Pirrone et al. (2019). In order to achieve this goal,
a training set is created, by artificially cutting images of a single
papyrus in multiple fragments. Then, a convolutional siamese
network is trained to determine whether two fragments belong
to the same papyrus or not, using a simple two class classification
loss and applying softmax to the final layer of the network. The
authors compare the model to a similar siamese network (Koch
et al., 2015) that uses twoconsecutive convolutions insteadof one,
as well as a similarity measure. They show an improved perfor-
mance of their model in terms of true positive rate and true neg-
ative rate, which have high values of 79% and 83%, indicating
that it is possible to apply a siamese model to match fragments
of papyrus with a relatively high rate of success. In Ostertag and
Beurton-Aimar (2020) someof the same authors improve and ex-
tend their siamese network to apply it to pottery markings from
the Hut-Repit site in Egypt. In addition to performing a match-
ing task to determine whether two fragments belong to the same
object, they also attempt to determine the relative position of the
two fragments. This way, they can apply a global reconstruct-
ing pipeline based on a directed graph, constructed by pairwise
alignments, where each node is a patch and the edges encode the
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alignment direction. Each patch can have up to 4 neighbors, one
in each direction. From a set ofNpatches thatmight be from the
same object:

• A patch is chosen at random and it becomes the “query
patch”;

• Each of the other patches is compared with the query to
determine the alignment direction. The alignment is con-
sidered as a candidate if the probability that the siamese
network determines is higher than 0.7.

• If the alignment direction is considered correct, a new edge
is created and the procedure can continue, until all edges
have been examined.

While the authors do not provide an overall evaluation of their
graph-based pipeline, they show that their model is able to
achieve 96% accuracy on a large dataset of pottery.

Another interesting task that has been attempted with com-
putational methods is the concept of Scribal Hands attribution,
where the aim is to determine whether two or more documents
have been inscribed or written by the same person or not. In
particular, a forensic investigation of Hebrew ostraca has been
performed in Shaus et al. (2020), by using two different algo-
rithms, one based on a combination of features extracted from
images, the other on binary pixel patterns. Interestingly, the two
algorithms have been compared with the analysis from a foren-
sic document examiner. While there is no ground truth to assess
the validity of the computational approaches, they show no dis-
agreement with the expert, since they only diverge in situations
where the two algorithms remain agnostic, while the expert hy-
pothesizes that the documents were written by the same person.
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In total, the authors identify 12 different writers, which has inter-
esting implications for the diffusion of literacy in this period.

In Popović et al. (2021) an investigation is conducted over
the Great Isaiah Scroll, belonging to the Dead Sea Scrolls, which
constitute the oldest manuscripts of theHebrew Bible and other
Jewish texts. An open question regarding this text is whether the
observed variations in writing style indicate the contribution of
multiple scribal hands or not, in particular concerning a transi-
tion that is present from two set of columns in the document. In
this article, the authors perform multiple analysis on the Great
Isaiah Scroll. First, they separate the document in columns, and
extract a column image from each column. The primary analysis
uses variousmethods to extract features from the column images,
which are then used to measure the chi-square distance between
them. Since no ground truth is available to evaluate the raw dis-
tances, the authors use Principal Component Analysis to per-
form dimensionality reduction on the feature vectors and exam-
ine the resulting vector space visually in three dimensions. After
this primary test, the secondary analyses are aimed at establishing
whether it is possible to detect a transition of style between the
two sets of columns. In a secondary step, a different kind of fea-
ture extraction is performed over the columns, followed by var-
ious steps leading to the computation of nearest neighbors for
each column. With this data, it is possible to reveal thephase tran-
sitions between the two scribal hands, by determining a change
in behaviour of the nearest neighbors when the two scribes alter-
nate in the document. Finally, a tertiary analysis was performed
by producing visual tools that can aid experts in a post-hoc evalu-
ation of the variation of shapes in the scroll. During the primary
analysis, it is possible to observe a separation between the two sets
of columns in the three-dimensional visualization of the dataset.
From the various techniques in the secondary test, a phase tran-



IV. State of the art and challenges 79

sition can be observed that shows that, when transitioning from
one column set to the other, the nearest neighbor of each column
changes significantly on average: when in the first set of columns,
the nearest neighbor is in the first set, and the same is true for the
second set. The authors are also able to guess a phase transition
that is in line with the hypothesized participation of two scribes
to the writing of the document. Finally, they can highlight the
variation in shape that is observed in characters in the two col-
umn groups. These extensive results show promise and they pro-
vide a strong indication that two scribal hands were involved in
the drafting of the Great Isaiah Scroll.

One final example of a computational approach for scribal
hands discrimination is Srivatsan et al. (2021), which focuses on
creating a neuralmodel that is able to distinguish between scribal
hands in Linear B. In particular, the model uses a combination
of a reconstruction loss and two discriminative loss components.
In addition to the image, the authors use two embeddings to rep-
resent the grapheme and the scribe, respectively. This means that
two glyphs from the same document will share the same graph-
eme embedding and scribe embedding. These two features are
used in a decoder network, which uses transposed convolutions
to recreate the original image. Crucially then, the model is not
able to access the original image, but it needs to produce a proto-
typical shape that a certain scribe would use for a specific graph-
eme. The two discriminative components of the loss are used to
teach the model to determine whether a glyph was inscribed by
a given scribe and whether a glyph represents a given grapheme.
To perform these tasks, the image and embeddings for the scribe
and grapheme, respectively, are fed to a discriminative network
including a convolutional component. This way, the model is
taught to determine, from an image and its corresponding scribe
or grapheme embedding, whether the imagewas inscribed by the
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scribe encoded by the embedding and whether the image repre-
sent the grapheme with the given embedding. At each training
step, the discriminators are provided with one true match and
one falsematch, in order to train their cross-entropy based losses.
The dataset used for tests was extracted from drawings present
in the literature and multiple augmented versions of each sign
were produced by applying horizontal and vertical translation,
dilation and erosion. This step was performed in order to in-
crease the availability of data for the training procedure. In order
to evaluate the model, a comparison is performed with a basic
autoencoder model, showing that there is a significant improve-
ment in terms of F1 score. Another metric, QVEC, is used to
compare the scribe embeddings learned by the model with man-
ual features extracted manually by experts in Skelton (2008).

So far the discussion of the state-of-the-art in computational
paleography has focused on decipheredwriting systems, however
there are some instances in the literature of systems designed for
undeciphered scripts. One such script is Proto-Elamite, which
has been researched with computational methods in various ar-
ticles. In Born et al. (2019) the authors propose a hierarchical
clustering and a topicmodelling approach for Proto-Elamite and
manage to produce results that were already obtained manually,
as well as new findings. In order to perform a clustering of the
signs, the authors use the transcriptions of the signs and propose
three different techniques:

• a neighbor-based approach that uses as a feature the num-
ber of times a sign appears before or after each sign in the
corpus;

• aHMMthat clusters groups of signs based on an emission
model with 10 hidden states;

• another clustering that depends on the distributional
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properties of the signs, called a generalized brown
clustering.

This multi-algorithm approach allowed the authors to compare
the clusterings. Their findings suggest that, while many previ-
ously established graphemes are indeed grouped together consis-
tently independently of the approach, some inconsistencies are
present, as well as some other consistent behaviours that were
not part the previous literature about Proto-Elamite. Another
contribution of this article is the application of a 10 topic LDA
model to the corpus, which also yielded promising results.

In Born et al. (2021), some of the same authors continued
experimenting with computational techniques applied to Proto
Elamite, focusing on an interesting feature of the writing
system: complex graphemes. These are graphemes that appear
to be composed from simpler ones, with various modes such
as framing or inscription of one sign in another. While the
orthographic compositionality of these signs is evident, it is
not clear whether some form of semantic compositionality is
also involved. In order to investigate this question, the authors
use an image-aware language model based on a convolutional
neural network followed by a recurrent layer, that is able to
consider both the transcription of signs and their graphical
representations. They then use the vector representations
learned from the signs to test for compositionality, using every
combination of textual and image features. Their results show
that a degree of semantic compositionality exists for a subset of
complex graphemes at the very least, since this compositionality
can be detected even while excluding visual features from the
model.





v.

Linear A fractions

The aim of this chapter is to describe our attempt at decipher-
ment for theLinearA fraction values byusing amultidisciplinary
approach, involving both computational and paleographic con-
siderations. This work has been presented inCorazza et al. (2021)
and it involves the application of a constraint programming ap-
proach in order to extract all possible solutions from the given
constraints. Then, we developmultiplemetrics in order to objec-
tively evaluate the quality of each solution and produce a plausi-
ble decipherment. Crucially, the usage of a constraint-based ap-
proach is possible thanks to the fact that deciphering a system of
numeric notation involves applying rules that can be formally de-
fined in mathematical form, as well as many properties that can
bemeasured using ad-hocmetrics. To the best of our knowledge,
this is the first attempt at deciphering a system of numeric no-
tation using constraint programming and well defined, formal,
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definition for the overall quality of the favored solution. In addi-
tion to the usage of constraint programming and metrics, paleo-
graphic considerations are also used in order to assess the possi-
ble values of the fractions, resulting in amulti-stranded, iterative,
approach that is nevertheless based on objective constraints and
measures.

5.1 The Minoan numbers: integers and
fractions

Since most of the documents in Linear A are administrative in
nature (Salgarella andCastellan, 2020), the usage of signs that de-
note numerical values is very commonplace in the available texts.
As discussed in section 2.1.2, the Minoans used a system of nota-
tion for integers which is broadly shared with the other writing
systems from the Aegean andCyprus. In particular, it is a cumu-
lative additive system and the numbers are written in descending
order from left to right. The system uses base 10, with signs for
ten thousands, one thousand, one hundred, ten and one (see Ta-
ble 5.1). In order to transcribe a value of 927, for example, the
Minoans would write, from left to right, 9 times the “100” sign,
then two times the “10” sign, and finally 7 times the “one” sign.

In addition to the signs for integers, another system of nu-
merical notation was used in Linear A to transcribe fractional
values. This system is comprised of 17 signs (see Figure 5.2), tran-
scribed in the literature (Olivier and Godart, 1975) with capital
letters A, B, D, E, F, H, J, K, L, L2, L3, L4, L6, W, X, Y, and Ω.
Like the system of notation for integers, the fractions are cumu-
lative and additive, with the fractions appearing in order of de-
creasing value from left to right. Additionally, the fractions can
be used in combinationswith integers when transcribing numer-
ical values that are larger than one.
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1 10 100 1000 10000

2 20 200 2000 20000

Figure 5.1: The system of numerical notations for integers in the
Aegean. On the top, the raw, base 10, values; on the bottom their usage
in a cumulative-additive way to produce double their respective values.

Another peculiarity of the Linear A fractions is the presence
of a sub series within the system: the L series. L, L2, L3, L4, L6
are all formed by the same basic shape and a number of horizon-
tal lines around it. This suggests that the values in this sub series
are somehow related, which is a fact that is used extensively in
our investigation. Other fraction signs also seem to share simi-
lar shapes, perhaps indicating a progression, like the signs J, E, F
andH. The signs A,X and B,W, instead, might form pairs, where
X=AA andW=BB.

With regards to their usage, the fractions are mainly found
in combination with logograms, which are used to indicate dif-
ferent types of commodities. For this reason, these documents
are considered to be mainly used for accounting, recording the
amount, encoded as a vertical or horizontal sequenceof fractions,
and type for each commodity. This structure is the main moti-
vation for the belief that the fraction system, like the integers,
are cumulative and attive in nature, with the larger valued frac-
tions appearing before the lower valued ones. Interestingly, un-
like Linear B, Linear A does not appear to include units of mea-
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A B D E F H J K L Y Ω

X W L2
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L4

L6

Figure 5.2: The Linear A fraction signs

surements. Instead, the units ofmeasurement are implicitly con-
veyed by using the logogram associated with each specific com-
modity. For this reason, it is not clear whether dry and liquid
products were measured using the same unit or if different mea-
sures were used (Schoep, 2002). Nevertheless, it is reasonable to
assume the values of the fractions would not change depending
on the type of commodity, since the shape of the fraction signs
does not change for different types of products.

5.2 The sample

In order to producemeaningful results, it is crucial to select a co-
herent epigraphic sample for the Linear A fraction signs. For this
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reason, we decided to focus on a specific period, which is the one
with the most abundant presence of fraction signs, since their
presence is not consistent in volume across all the archaeological
sites and periods. In particular, our study focuses on theLateMi-
noan I period (approximately from 1600 to 1450 BC) and it com-
prised documents that are more frequently found in the west,
central and eastern portions of Crete. Due to the cumulative-
additive nature of the fractions, it is crucial to identify, within
our sample, all combinations of signs that are attested, as well as
the number of attestations for each fraction sign (see Table 5.1).
By examining these frequencies, we can already spot some inter-
esting trends in the usage of the fractions by the Minoans. In
particular, we have some signs, namely J and E, that constitute
alone approximately 50% of the total sample. Additionally, most
signs are not found in combinationwith themselves, with the ex-
ception of D, B and Y. DDDD is also the only combination of
four fractions that is attested in the sample.

Another aspect of the fraction system in Linear A is the
fact that we have no single document that contains numerical
calculations without errors or damaged portions (Montecchi,
2009, 2013). For this reason, multiple attempts at decipher-
ment result in diverging solutions, since very few values can
be established with certainty. In Bennett (1950, 1980, 1999)
the author hypothesizes that most fraction signs in Linear A
were probably characterized by a numerator of 1, by using a
comparison with the contemporary Egyptian script. Using their
frequencies and their combinations, then, he produced a set
of possible assignments for the values of the fractions. Since
J is the most frequent sign, both when considering isolated
instances and combinations, Bennett assigned to it the value
of 1

2
. Similarly, it could be inferred that the value of E was

probably 1
4
, since it is the second most frequent sign and it
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Total attestations Attestations of combinations
J 137 JE 24
E 105 DD 14
D 68 BB 5
B 36 EF 5
K 32 KL2 5
L2 26 EL2 3
F 23 JB 3
H 19 JEL2 3
A 15 JL2 2
W 4 AA 1
Y 4 DDDD 1
L3 3 EB 1
L4 2 EL4 1
L6 2 EL6 1
X 2 FK 1
L 1 HHH 1
Ω 1 JA 1

JEB 1
JF 1
JH 1
JK 1
LL2 1
L2L4 1
YYY 1

Table 5.1: Attestations of signs and combinations of signs in documents
with no scribal errors, erasures or doubtful readings.

appears in combinations after J, indicating a value smaller than
1
2
according to Bennett. Finally, the value of F was set to 1

8

using similar considerations. Interestingly, the values of these
three fraction signs are supported by the sums found in three
different documents. Clay tablet HT 104 contains a sum and a
total: 45 + J + 20 + J + 29 = 95. By solving this equation,
we obtain that 2J = 1, which confirms the fact that J = 1

2
.
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Another example can be found on clay tablet PE 1, where a
sign group containing the VIR/MUL logogram representing
people can be found, in addition to another pair of logograms
GRA+PA, specifying grain and its variety. In the second entry,
72 people and 36 GRA+PA are registered, suggesting that each
person is assigned 1

2
of some unit of measurement for grain. In

the first entry, then, we see a value of 50 people with a damaged
integer beside it, as well as a value of 26J grain. Supposing that
the missing integer beside 50 is three, then, the proportion
would be consistent with the one found in the second entry,
suggesting once again a value of 1

2
for J. Finally, a progression is

inscribed on the graffito on stucco HT Zd 156, where we find
1, 1J, 2E, 3EF . If we apply the values suggested by Bennet, we
can see that the series is a progression where each number is 1.5
times larger than the last one: 1, 1 + 1

2
, 2 + 1

4
, 3 + 1

4
, 3 + 1

4
+ 1

8
,

as discussed in Pope (1960). We can therefore safely assume that
the values for J, E, F are 1

2
, 1
4
, 1
8
respectively.

Beside Bennett, other authors have proposed possible values,
as shown in Table 5.2. By examining this table, we can already see
some trends in previous attempts at decipherment. The first re-
gards the fact that the more frequent a sign is, the more authors
tend to propose readings for it. In a similar observation, themost
commonly attested fractions tend to have higher values and they
show a higher level of agreement between authors. Another in-
teresting observation is that for some values no value has been
proposed: for L we only have a tentative value from Cash and
Cash, while for Ω no attempt at decipherment has been made.
This is of course expected, since any attempt at decipherment
is only possible when there are combinations of fractions that
can be used to extract some information about individual frac-
tions. The fact that L has no proposed value, however, seems
problematic, as it is clearly the base for the L series containing
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L2, L3, L4, L6. In fact, while Bennett (1950) did not consider L
as a self-standing sign, both the standard corpus (Godart et al.,
1996) and other authors (Perna, 1990; Facchetti, 1994; Cash and
Cash, 2012) treated it as a regular fraction sign. It is clear, then,
that no conclusive agreement could be reached between different
decipherment attempts.

Bennett
(1950)

Stoltenberg
(1955)

Was
(1971)

Facchetti
(1994)

Younger
(2022)

Cash and
Cash (2012)

Schrijver
(2014)

E
1

4

1

4

1

2

1

2

1

4

1

4

1

4

D
2

3

1

5

1

5
?

1

6

1

5

B
1

12
?

1

6

1

6

1

10

1

3
?

1

5

1

6

K <
1

8

1

10

1

16

1

16
?

1

16

L2 <
1

4

1

9

3

20
?

1

24

F
1

8

1

8

3

8

3

8

1

8

1

8

1

8

H
1

3

1

3

1

6
?

3

10

1

3

A <
1

4

1

12

1

6

1

20

1

12

L3
1

10
or

3

40
?

1

36
?

L4
3

40
or

1

40
?

1

48
?

L6
1

80
?

1

64
?

X
9

20

Table 5.2: Proposed value assignments for Linear A fractions and com-
binations from various authors
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Bennett
(1950)

Stoltenberg
(1955)

Was
(1971)

Facchetti
(1994)

Younger
(2022)

Cash and
Cash (2012)

Schrijver
(2014)

L
>

3

20
(
17

40
?)

JE
3

4

3

4

3

4

3

4

3

4

3

4

3

4

DD
1

6

2

5

2

5
?

1

3

2

5

BB <
2

4

1

12

1

124

2

3
?

2

5

2

6

EF
3

8

3

8

7

8

7

8

3

8

3

8

3

8

KL2 <
2

4

17

80
?

5

48

EL2
2

4

2

5
?

7

24
?

JB <
3

4

2

3

5

12

7

20

5

6
?

7

10

4

6

JEL2 < 1
9

10
?

19

24

JL2 <
3

4

11

18

13

20
?

13

24

AA <
2

4

2

6
?

1

10

1

6

DDDD
4

5

4

5
?

2

3

4

5

EB <
2

4

2

3

3

5

7

12
?

9

20

5

12

EK <
2

4

9

40

3

16

3

16
?

3

16

EL4 <
2

4

13

40
or

11

40
?

13

48

Table 5.2: Proposed value assignments for Linear A fractions and com-
binations from various authors
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Bennett
(1950)

Stoltenberg
(1955)

Was
(1971)

Facchetti
(1994)

Younger
(2022)

Cash and
Cash (2012)

Schrijver
(2014)

EL6
2

4

21

80
?

17

64
?

FK <
3

8

7

20

3

16

3

16
?

3

16

HHH 1 1
1

2
?

9

10
1

JA <
3

4

7

12

4

6
?

11

20

7

12

JEB < 1
11

12

11

12

17

20

13

12
?

19

20

11

12

JF
5

8

5

8

5

8

5

8

5

8

5

8

5

8

JH
5

6

5

6

4

6
?

4

5

5

6

JK <
3

4

3

5

9

16

9

16
?

9

16

L2L4 <
2

4

9

40
or

7

40
?

3

48

Table 5.2: Proposed value assignments for Linear A fractions and com-
binations from various authors

5.3 Formalizing the problem: constraints
and variables

Since no agreement can be found on the numerical values of frac-
tions in Linear A, beside the more obvious cases of J, E and F, it
can be beneficial to treat this problem with a new approach, in-
stead of relying onmanually compiled tables of relations between
signs. The obvious solution for this task is to use a constraint
programming approach, which, as described in Section 3.1, al-
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lows us to create a set of constraint that are the bare minimum
needed to consider a decipherment as possible. Unlike other ap-
proaches based on linear programming or integer programming,
constraint programming allows the specification of non-linear
constraints, as well as the usage of floating points. Furthermore,
since we are interested in producing all valid solutions given the
constraints, the benefits of algorithms for linear optimization are
limited, since they require the usage of an optimization function.
In our experiments, we use the programming language for con-
straint programmingMinizinc (Nethercote et al., 2007) and the
solver Gecode (Gecode Team, 2005), which allow us to quickly
specify constraint-based programs which use floating points in
addition to integers. In fact, we can already hypothesize various
aspect of the script, whichwill then be used to formalize our con-
straints. In particular:

1. The values of J, E and F are known and they are 1
2
, 1
4
and

1
8
respectively;

2. The combinations of fraction signs in sequence indicate
that an addition is being performed between them. There-
fore the fraction system must be economical: if a value is
represented by a sign, it cannot share the same value with
another sign or combination of signs. This is motivated
by the idea that writing a value that can be represented by
a single sign in any other way is inefficient. However, it is
still possible for a value to be represented by two different
combinations of two of more signs.

3. Any fraction or sequence of fractions must yield a value
that is less than one. This is motivated by the fact that,
since the Minoans used both a system for denoting inte-
gers and one for fraction values in combinations, it would
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be pointless to express a value larger than the unit with
fractions only, as it is more economical to express it as a
combination of integers and fractions.

4. The fractions are written in decreasing order. This fact is
derived from the similarities between the integer system
and the fraction system, which also transcribes integers in
a decreasing order of values. It is also clear that there is an
order between fractions in the availablematerial. As an ex-
ample, while there are only two doubtful attestations of
EJ in total (which were excluded from our sample), the
sequence JE is the most attested in the entire corpus, ap-
pearing 24 times. This would be very improbable unless a
standardized order for signs existed.

5. The signs belonging to the L series must be part of some
mathematical progression. By applying the previous con-
straints to this rule, we can then try to establishwhich kind
of relation this can be. In particular, we know that L2 >
L4 and that the problematic sign L is also greater than L2.
This suggests that by increasing the value of i inLi (which
denotes the nth sign in the L series) we obtain signs that
are decreasing in value. This excludes any additive relation
involving positive values, as that would violate the order
of values between signs in the L series (eg Li = Li−1 + c
where c is a positive value). Similarly, any multiplication
with a positive integer is impossible (eg Li = Li−1 ∗ c
where c is larger than one). An arbitrary subtractivemech-
anism also seems improbable, especially since the horizon-
tal line added to the basic L shape seems similar to the sign
for 10 in Linear A, which would immediately lead to neg-
ative values. We are then left with only one possible so-
lution: a divisive progression. What is left to determine,
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then, is which base to use for this kind of divisive series.
The only two seemingly reasonable solutions seem to be
consideringLi =

L
i
orLi =

L
10i

. While both of these pro-
gressions are possible, the base 10 progression is problem-
atic for multiple reasons. First of all, whatever the value of
L is, the series would quickly produce very high denom-
inator values. Secondly, the absence of L1, which would
correspond to L

10
also suggests to use a simpler divisive re-

lation of the form Li =
L
i
for the L series.

The aforementioned ideas, then, constitute the conditions to
produce value assignments for the linear A fractions, which
need to respect the 6 points found above.

We can then formalize a series of mathematical constraints
for the values of the fractions. First, we define our set of vari-
ables as F={A, B, D, E, F, H, J, K, L2, L3, L4, L6} and the set
of attested combinations as S . In this set, W and X are excluded,
since they appear to be formed by the combinations of BB and
AA respectively. Y and Ω were also excluded, as they appear in
few attestations and never in combination with any other sign.
This means that they would be bound by very few constraints
and that any attempt at using values obtained by computational
means to decipher them would be arbitrary. Furthermore, their
inclusion in the computationwould increase the number of valid
solutions, since they could take almost any possible value, which
would in turn complicate any further analysis and dramatically
increase the time needed to obtain solutions, to an intractable
extent.

Having informally defined the types of constraints that can
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be applied to the fraction values, we can then formalize them:

J =
1

2
E =

1

4
F =

1

8
(5.1)

∀x ∈ F ∀y ∈ S x ̸=
∑
yi∈y

yi (5.2)

∀x ∈ F x < 1; ∀x ∈ S
∑
xi∈x

xi < 1; ∀x, y ∈ F x ̸= y

(5.3)
J > E > F > K > L2 > L4; J > A; J > H;E > B;L > L2

(5.4)

Li =
L

i
(5.5)

As mentioned in section 3.1, constraint programming programs
are defined by a set of variables, constraints and the domains for
the variables. While we already formalized the first two aspects
of the program, what’s missing is the domain of our variables,
which represents the possible values that they can have. By us-
ing constraint number 2, one might be tempted to consider as a
possibility all fractions in the range ]0, 1[. This approach, how-
ever, is impossible, since the set of all rational numbersQ is not
only infinite but dense, which means that between any two ra-
tional numbers p, q we can construct a third number r such that
p < r < q by using the arithmetic mean between the two num-
bers: r = p+q

2
. Intuitively, this means that, with constraints

involving only inequalities between our variables (beside J,E,F),
we would always obtain an infinite number of solutions for our
problem, which makes any attempt at computing all valid solu-
tions impossible. Furthermore, since the constraint propagation
approach used to solve problems involving floating point values
is expensive and needs to try many possible assignments before
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obtaining all solutions, it is crucial to limit the number of possi-
ble values for the variables, without excluding sensible ones.

5.4 Formalizing the problem: possible
fraction values

Since no formal method can be used in order to determine the
set of values to allow for our variables, our approach is to use ty-
pological knowledge and examine similar systems of numerical
notation for fractions attested around the world and determine
which values were used in such systems. In particular, we con-
sidered four Egyptian systems,Mesopotamian cuneiform, Greek
Alphabetical, Coptic alphabetical,NorthAfrican Fez/Rumi, the
vulgar Arabic system and Indian Grantha. The first finding of
this typological investigation is the fact that the lowest attested
value for fractions is 1

320
, found in the Grantha system. Further-

more, only two of the examined systems use values that are lower
than 1

10
. In summary, the attested fraction values are:

5

6

2

3

1

5

1

6

3

20

3

20

1

10

1

16

1

20

1

32

1

40

1

64
1

80

1

160

1

320

However, since Linear A is the systemwith the highest num-
ber of fractions among those we examined and most other writ-
ing systems do not encode values lower than 1

10
, it is necessary to

consider a wider range of values. In particular, by observing sys-
tems of numeric notation in general, including integers, we can
observe that all numerical systems in the world use a base 10 sys-
tem or some multiple of 10, like base 20 and base 60. A base two
subsystem is used in the Eye of Horus Egyptian system, while
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Grantha uses a base 20. For this reason, we extended the typolog-
ically attested values with the fractions having numerator 1 and
the following denominators:

• All multiples of 10 up to 100 and all multiples of 100 up to
300;

• All products of 10 with numbers that are multiples of 2
and 5, up to 320;

• Sexagesimal values up to 240;

• Multiples of 12 up to 120;

• 7 and 9, whose odd denominator has been hypothesized to
explain the fact that D is only ever found in combination
with itself.

Finally, by applying the previous additions, we obtain the final
domains of the variables, which include all the values that are
considered possible for the fractions (since J = 1

2
, E = 1

4
,

F = 1
8
these are excluded from the possible fraction values):

5
6

2
3

1
3

1
5

1
6

3
20

1
7

1
9

1
10

1
12

1
15

1
16

1
20

1
24

1
30

1
32

1
36

1
40

1
48

1
50

1
60

1
64

1
70

1
72

1
80

1
84

1
90

1
96

1
108

1
100

1
120

1
160

1
200

1
240

1
300

1
320

This set of values, however,might not be sufficient to capture
possible values for the L series, since this series is divisive in na-
ture and will produce lower values than the rest of the fractions.
Additionally, the only constraint that applies to the L series with
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respect to other fractions is the fact that L4< L2< K< F = 1
8
.

This suggests that, if the numerators of the L series are all one,
the value of L2 must be smaller than 1

9
, which in turn implies

that this series contains many fractions with low values, in pro-
portions not seen otherwise in the literature. For this reason, the
domain for the L series is defined as the set of all fractions with
numerator one and denominator between 3 and 320, excluding
denominators of the fractions with known values (2 for J, 4 for
E, 8 for F).

5.5 L is a self-standing sign?

As mentioned in the previous sections, the L series constitutes
a peculiar characteristic of the Minoan fraction system, but the
status of the basic sign L is debated and the fact that we only have
one safe attestation of it suggests that this might not be a self-
standing sign. This doubt stems from multiple factors, includ-
ing the fact that L is the base for the whole L series, but it is at-
tested only once, despite being the higher-valued fraction in the
series due to the constraint concerning its divisive nature, as well
as the fact that it appears beforeL2. Bennett notes thatwithin the
Minoan fraction system, more frequently used fractions should
tend to encode higher values overall, and vice versa. This idea,
which can be defended even intuitively, also has a basis that is
more grounded in the property of such fractionswhenused in an
additive cumulative system. This idea has to do with the denom-
inators resulting from the combinations of fractions. In order
to sum two fractions, one has to compute the lowest common
denominator between the two, which corresponds to the least
common multiple of the two denominators in the sum. With
higher values fractions, which have a lower denominator, we ob-
tain many instances where a common factor exists between the
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two denominators, resulting in lower values for the lowest com-
mon denominator, which entails a resulting value which has a
lower denominator. In fact, if we have two fractions x

n
and y

m
,

where n ≤ m, the probability that n is a divisor ofm is exactly
1
n
, whichwould result inm being the least commonmultiple be-

tween the two. This means, for example, that one in two integers
is a multiple of two, while one in three is a multiple of three and
so on. Even if no common factors can be found between the two
denominators, the combinations of lower denominators always
tend to produce a lower common multiple. This means that, in
a sense, lower-valued fractions are more useful in a cumulative
additive fraction system, since they can be combined with other
fractions without producing very high denominators, which are
impractical and in turn do not combine gracefully with other
fractions. Another, more informal way to think of this concerns
the practical application of these fractions to commodities. Us-
ing modern measuring units, we can intuitively say that it rarely
makes sense to combine 1

2
of a kilogramwith 1

100
of it, as the sec-

ond portion of the addition almost disappears in terms of orders
of magnitude beside the first one and even a weight scale might
not accurately detect such a small variation in weight.

In order to assess whether L is a self-standing sign, then, we
first used all the possible solutions obtained from the application
of the constraints to the fractions. This first simulation yields
2,172,836 solutions. Then, for each solution, we sorted the signs
by number of attestations and computed, for each, the number
of fractions that are their divisors (whose denominator is amulti-
ple of theirs). Bymanually observing some solutions, it is already
clear that, while other fractions such as D, B, F and A can yield
anomalous ranks in terms of number of divisors, L is always an
outlier. Inorder tomeasure the effect of this observation,weused
the SpearmanRank’sCorrelationCoefficient (s) in order tomea-
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sure the correlation between the ranking resulting from sorting
signs by frequency (f ) and by number of common divisors (d).
This measure is defined as:

g(f, d) = 1− s(f, d) (5.6)

In order to assess the impact of L over the measure, we applied it
to another simulation obtained by excluding L as a variable from
our system. This simulation yielded 3,794,740 solutions. In sim-
ulation 1, where L was still present, the lowest possible value for
g(f, d) is 0.14284. Whenwe apply the samemetric to the second
simulation excluding L we obtain 394,905 possible assignments
with g(f, d) < 0.14284. Moreover, the lowest value attested for
g is 0.00881, which is 16 times smaller than the one from simula-
tion 1.

Although this result is already a good indication that Lmight
not be a self-standing sign, another approach can be used, in or-
der to more accurately assess the degree to which L can be con-
sidered an outlier. In order to produce this result, we need to
focus on the L series in isolation. Due to the divisive nature of
the series, we can infer some information about the number of
divisors within the series independently of the specific values of
the fractions. In particular, we define dLi as the number of frac-
tions distinct from Li which are its divisors. Considering dL2,
then, we already know that dL ≥ dL2+2, since dL also includes
L2 and L3, which are not counted in dL2. Due to the five con-
straints over the fraction values, only five signs could be divisors
of L or L2: A, B, H, W and X. Additionally, it seems improb-
able that these signs are divisors of L, since they do not feature
the same semi-circle shape present in the L series. These values
would be equivalent to the hypothetical signs L8, L9, L10 or so
on, but they are clearly not a part of the same progression.

Once established that signs in the L series can be treated in
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L
Attestations P-value

L6
Attestations P-value

Real attestations 1 4 ∗ 10−12 (***) 2 0.029 (-)
Hypothetical 2 2 ∗ 10−11 (***) 3 0.068 (-)
attestations 5 2 ∗ 10−9 (***) 5 0.254 (-)

10 7 ∗ 10−7 (***)
15 4 ∗ 10−5 (***)
20 8 ∗ 10−5 (***)
26 0.010 (*)
30 0.037 (-)
35 0.124 (-)

Table 5.3: P-values for Pearson’s χ2 goodness of fit statistical test com-
paring expected frequency and real frequency for L1 and L6, for both
real andhypothetical numbers of attestations. Betweenparenthesis, the
significance values:
(***) p < 0.0001;
(**) 0.0001 ≤ 0.001;
(*) 0.001 ≤ p < 0.01;
(-) p ≥ 0.01, no statistical significance.

isolation, independent of their values, with respect to their di-
visors, we can then apply Pearson’s χ2 goodness-of-fit statistical
test, tomeasurewhether the difference between the observed and
expected frequencies of L is indeed statistically significant, un-
der the hypothesis that the frequency of a sign is directly propor-
tional with the number of its divisors. We use the frequencies of
L and L2, as well as the frequencies of L2 and L6 for this analysis.
Considering the number of divisors, the expected frequency of
L is 2

3
, while the expected frequency of L2 is 1

3
. Our evaluation

thenuses the number of attestations of twopairs of signs, namely
L and L2, L6 and L2. Only the number of attestations and rela-
tive frequencies of the two pairs of signs are considered, namely
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L and L2, L6 and L2 for each of the two experiment indepen-
dently. As a threshold for statistical significance, we chose a p-
value of 0.01 in order to avoid any false positive that might result
from the relatively lownumber of attestations for these fractions.
In Table 5.3 we show the p-values obtained by the application of
the statistical test both to the real number of attestations and to
hypothetically increased values of attestations for both L and L6.
The results of this evaluation show that, while L6 is also consid-
ered to have a low number of attestation when considering its
number of divisors, the resulting probability value is not so low
as to be considered statistically significant (p = 0.02 > 0.01).
Furthermore, if some new attestations of L6 were to be found,
this probability number would rapidly increase, with a p-value
of 0.25 with only three new attestations found. The same cannot
be said for L, which has a very low p-value for the real number of
attestations, and which would require 25 new attestations to be
found in order to be barely above the threshold for statistical sig-
nificance. While the possibility of finding some new attestations
for L must be considered, it is very improbable that the real fre-
quency of L is so different from the one observed in our sample.

Figure 5.3: The only safe attestation of L in the sequence LL2. Drawing
from the SigLA database (Salgarella and Castellan, 2020).

With this new evidence, it appears clear that L is an outlier
with respect to theMinoan fraction system and that the only at-
testation of L in the sequence L L2 (see Figure 5.3) must be con-
sidered an anomaly. For this reason, we opted to exclude L from
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the set of variables in our experiments.

5.6 Evaluating the solutions

Due to the large number of possible assignments for the values of
the fractions (approximately 3.8 million in simulation 2, the one
excluding L) it is impossible to proceed with any manual obser-
vation over the fraction values without first applying some sort
of heuristic in order to reduce the number of solutions to amore
manageable number. For this reason,wepropose 4 differentmet-
rics, which aim to capture different desirable aspects of any cu-
mulative additive system of notation for fractions.

The first measure is the correlation between the frequency
of a sign and the number of divisors found in the system. This
metric has already beendefined in equation 5.6. The rationale be-
hind it is the idea that frequent signs should combine in a simple
way with other signs, therefore they should have relatively many
divisors within the fraction system.

The second measure is a measure of attested ambiguity.
While our second constraint prevents a fraction value from
being expressed both using a single sign and with another sign
or combination of signs, no constraint prevents solutions where
two attested combinations express the same value. While it is
possible for a fraction system to be ambiguous, we expect this
kind ambiguity to be relatively rare, since a standard way to
express each sum should emerge in any cumulative additive
system for fractions such as the one used in Linear A. Given S ,
which is defined as the set of sequences of signs that are attested
in inscriptions, this metric is defined as:

a =
|{(x, y) ∈ S × S : x ̸= y ∧

∑
xi∈x xi =

∑
yi∈y y}|

|{(x, y) ∈ S × S : x ̸= y}|
(5.7)
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The formula counts the number of attested combinations that
share the same value and then normalizes the result by dividing
this number by the total number of distinct pairs of combina-
tions, in order to obtain a value between 0 and 1.

The thirdmetric inour analysis has todowith the typological
analysis of section 5.4. During this analysis, a list of all the values
attested in other systems of notations for fractions was used to
construct the domains of our variables. In addition to this usage
of our typological analysis, however, it is also possible to consider
the fact that we expect most values that were expressed in other
fraction systems to be also present in Linear A. For this reason,
the thirdmetricmeasures howmany values attested typologically
are assigned to a variable in each solution. Given the set of frac-
tionsF and the set of typologically attested signs T , wemeasure:

t =
|{t ∈ T : ∃f ∈ F t = s}|

|T |
(5.8)

Like the other metrics, t is normalized from 0 to 1 and it mea-
sures the relative amount of typologically attested signs that are
assigned in the Linear A system according to each solution.

The final metric, which we called “optimality”, is involved
with the overall evaluation of the expressive power and ambigu-
ity of the fraction system. With respect to expressive power, it
measures how well the system is able to represent values that are
in its own fractional base, which is the range of values between 1

2

and md−1
md

, where md is the highest denominator in the system.
As an example, if md = 3 the fractional base is 1

2
, 1
3
, 2
3
. In or-

der to make this metric computationally tractable and realistic,
we use all possible combinations of four or less fractions, since
we do not have any evidence for combinations ofmore than four
signs. However, this approach also becomes problematic for very
high denominators, since many values would be missing when



106 Computational methods for undeciphered scripts

Denominators Numerators Incompleteness
1 2 3 4

2 R 0 ∗ 1
1

3 R U 1 ∗ 1
2

4 R R R 0 ∗ 1
3

5 R R R U 1 ∗ 1
4

Total (0 + 1
2 + 0 + 1

4)/4 = 18.6%

Table 5.4: Example application of the optimality component for ex-
pressive power op for a small sample, withmd = 5. R=Represented,
U=Unrepresented.

the denominator is relatively high due to the restriction of using
only sequences of four or less signs. For this reason, we weigh the
metric so that a value missing from a low value denominator is
deemed more severe than one missing with a high denominator.
In order to do this, we normalize the value of the metric for each
denominator, so that each one has the same weight. First, we de-
fine the set of all possible combinations of four or less signs C.
For convenience, we can also define a series of setsAi such that
Ai contains all fractions with denominator i:

Ai =
{x

i
: i ≤ md ∧ x < i

}
(5.9)

Finally, we define the component of the metric tasked with the
expressive power of the system as follows:

op =

(
md∑
i=2

|{a ∈ Ai : ∄c ∈ C
∑

c = a}|
i− 1

)/
(md − 1)

(5.10)
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Denominators Numerators Incompleteness
1 2 3 4

2 U 0 ∗ 1
1

3 U 0 ∗ 1
2

4 U U U 0 ∗ 1
3

5 U A A 2 ∗ 1
4

Total (0 + 0 + 0 + 2
4)/4 = 12.5%

Table 5.5: Example application of the optimality component for am-
biguity oa for a small sample, with md = 5. U=unambiguous,
A=ambiguous.

This formula measures the number of values within the frac-
tional base that cannot be expressed with combinations of at
most four fractions. The values are normalized so that every
denominator shares the same weight. In order to clarify this
concept further, we show in Table 5.4 a small example of how
this metric is computed.

Another component of the optimalitymetric regards the am-
biguity of the system. Using all possible combinations of four
or less signs as discussed previously, it is possible to compute the
number of values that can be represented by two ormore combi-
nations of signs. We also use the same adjustment to the metric,
in order to reduce the impact of fractions with lower denomina-
tor in the total metric. This adjustment is motivated by the fact
that the fractions with a lower denominators result from more
combinations of signs, so they are less severe with respect to the
problem of ambiguity. In fact, every even denominator up to 8
can produce 1

2
with at most four combinations of itself, and ev-
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ery denominator divisible by three up to 12 can do the same for
3, and so on. Similarly to the previous definition of op, we define
the ambiguity component of the optimality measure as:

oa =

(
md∑
i=2

|{a ∈ Ai : ∃x ̸= y ∈ C
∑

xi
xi =

∑
yi
yi}|

y − 1

)

× 1

(md − 1)
(5.11)

We also provide an example of a possible application of oa in Ta-
ble 5.5. In order to be coherent with the previous example, notice
that some of the cells of this table are grey, since those values are
marked as unrepresented in table 5.4.

Having defined the expressive power and ambiguity compo-
nents of theoptimalitymeasure,we simply combine themtopro-
duce the overall optimality measure by summing over them:

o = op + oa (5.12)

One interesting aspect of the optimality metric is that, unlike
the other metrics described in this section, it is not normalized
to produce a value between 0 and 1, instead producing values be-
tween 0 and 2. The reason behind this choice is not related to any
mathematical property but it has to dowith practical constraints
that prevent the application of this metric to a large number of
solutions. In fact, this metric is very expensive to compute as it
needs to produce, for each solution, a large number of compar-
isons between values. In particular, we need to compute all pos-
sible combinations of four or less signs, which is given by:

4∑
i=1

(
12

i

)
= 793 (5.13)
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Once all these values have been computed, then, various other
procedures need to be applied in order to obtain the final mea-
sure. This procedure needs to be applied to all the 3.8 million
solutions in simulation 2. For this reason, the application of the
optimality metric can happen only on a smaller subset of the so-
lution, so our first step was to apply the sum of the first three
metrics to all solutions first, and then restrict them further using
the optimality metric. Therefore, the optimality metric does not
need any normalization as it is considered only in isolation.

5.7 Sign Assignments

After the application of the metrics for the correlation between
frequency and divisors, ambiguity, typology, we selected the
lower valued solutions and restricted any further analysis to the
first 5000. Then, wewere able to apply the optimalitymetric o to
this restricted set of solutions. We then proceeded to manually
examine the solutions and the assignments that characterized
them, in order to produce an iterative process where we could
assign some fraction values each time, in turn reducing the
number of solutions left for the other fractions.

Thefirst step of this processwas the observation that in terms
of optimality only two solutions had the lowest value of 0.67094.
Interestingly, these solutions always presented the same assign-
ments for seven fractions:

B =
1

5
D =

1

6
K =

1

10
L2 =

1

20
L3 =

1

30

L4 =
1

40
L6 =

1

60

Two other fractions also have a very restricted set of possible val-
ues, which is shared between the two. Those areH andA, which
can only be 1

32
and 1

36
. While these patterns are interesting, they
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are not sufficient to claim that any of these assignments is correct,
since theremight be some other possible solutions with a slightly
lower value of optimality that present different and sensible val-
ues for these fractions. For this reason, it is useful to examine the
pervasiveness of these assignment across a wider range of solu-
tions that present a high optimality, in the form of a low value
for o.

Examining the most optimal solutions, we noticed that
assignments for K and the L series, which suggest a decimal-
sexagesimal nature for these fractions, appear in the 48 most
optimal solutions. In total, they appear in 100 of the 5000
total solutions, but they clearly show a high value of optimality
according to our metric. The decimal-sexagesimal system that
stems from these metrics would entail a value of 3

20
for K L2,

which is frequently attested in our sample. This result seems
coherent with the idea that frequently attested combinations
of signs should yield values that are relatively simple, with a
denominator which is one of the two involved in the addition
and relatively low numerator values. This is precisely what we
observe for K L2 and the existence of a decimal-sexagesimal
subsystem within the Minoan fractions also seems to produce
results that are more expressive than alternative assignments,
where the system is able to succinctly express many values within
its own fractional base. The fact that the L series combines with
J and E as well is also a good indicator that the hypothesized
assignments are correct. Since there is good evidence for a
decimal-sexagesimal series for the L series and K, we assign the
following values:

K =
1

10
L2 =

1

20
L3 =

1

30
L4 =

1

40
L6 =

1

60

Having assigned the values for the L series and K, it is now
possible to observewhat characterizes the remaining 100 possible
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solutions. In particular, 86 out of 100 of those have the following
assignments:

B =
1

5
D =

1

6

In addition to being present in the vast majority of the remain-
ing solutions, these assignments are also consistently used in the
28 best solutions in terms of optimality (o in the range 0.67094-
72676).

Den. 20
Fraction

Den. 10
fraction B =

1

5
,D =

1

6
B =

1

6
,D =

1

5

1

20
L2 L2

2

20

1

10
K K

3

20
K L2 K L2

4

20

2

10
B D

5

20
E E

6

20

3

10
E L2 E L2

7

20
E K E K

8

20

4

10
B B DD

9

20
E B

Table 5.6: Attested combinations for signs having denominators that
aremultiples of 20. Values with denominator 10 shownwhere available
for readability.
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Den. 20
Fraction

Den. 10
fraction B =

1

5
,D =

1

6
B =

1

6
,D =

1

5

10

20

5

10
J J

11

20
J L2 J L2

12

20

6

10
J K B J K

13

20

14

20

7

10
J B

15

20
JE JE

16

20

8

10
J E L2 J E L2

17

20

18

20

9

10

19

20
J E B

Table 5.6: Attested combinations for signs having denominators that
aremultiples of 20. Values with denominator 10 shownwhere available
for readability.

There are only three alternative assignments that are possible
for D and B:

• B = 1
6
,D = 1

5
(12 solutions, o ≥ 0.71724);
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• B = 1
5
,D = 1

12
(1 solution o = 0.79323);

• B = 1
9
,D = 1

6
(1 solution, o = 0.80510);

These alternatives are not as optimal per our metric, which
reflects that the best assignment of B = 1

5
, D = 1

6
presents

structural advantages in combination with the usage of a
decimal-sexagesimal subsystem such as the one used by K and
the L series. The assignments for B and D, in fact, produce a
systemwheremost fraction values with denominators 10, 20 and
60 respectively are attested, which would only make sense in the
context of the previous sign assignments of L and K. In order
to illustrate the value of this procedure, the represented values
for the denominator 20 and 10 fractions, obtained by using the
two most optimal assignments are shown in Table 5.6. In both
situations with denominators 10 and 20, we see an advantage
when usingB = 1

5
,D = 1

6
.

Fractional base B =
1

5
,D =

1

6
B =

1

6
,D =

1

5

10 1 2
20 3 6
60 35 36

Table 5.7: Number of signs not attested with the two most optimal as-
signments for D and B. In bold, the lower (better) values.

A more synthetic evaluation in the form of the number of
missing values, which are not attested as signs or combinations
of signs with the two possible assignments for D and B is shown
in Table 5.7. These results show that the assignments ofB = 1

5
,

D = 1
6
produce less unattested values across all fractional bases,
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even if the degree to which they are represented with attested
combinations is of course dependent on the denominator.

Another factor supporting the assignment of D as 1
6
is the

fact that D is only found in combination with itself and, cru-
cially, it is only repeated two and four times (DD and DDDD).
This would perfectlymake sense if Dwas 1

6
, since that would im-

ply that themissingDDD= 3
6
= 1

2
= J. On the other hand, DD

and DDDD would be equal to 1
3
and 2

3
, two values that appear

useful in a fraction system, especiallywhen a decimal-sexagesimal
sub-base is used within it. While a comparison between the Lin-
ear A fractions and Linear B units of measure also seems to sup-
port the assignment ofD as 1

6
, this consideration is left for a post-

hoc evaluation of our assignments. Due to the aforementioned
factors, we assigned B = 1

5
, D = 1

6
and further restricted the

remaining solutions.
Next, we examine the values of H and A. In the remaining

solutions, we observe the following possibilities for H and A:

H: 1
16

1
24

1
32

1
36

1
48

1
64

1
72

1
84

A: 1
24

1
32

1
36

1
48

1
64

1
72

1
84

Within these possible assignments, optimality appears to be
less helpful than in cases involving other signs. In particular, the
assignmentswith the lower values for themetric involveH = 1

36
,

A = 1
32

and H = 1
32
, A = 1

36
respectively. These values are

not as consistent as other assignments with respect to the already
established values. Furthermore, some other evidence, which is
not involved in the optimality of the assignments, needs to be
considered.

With respect toH, some paleographic considerations need to
be carefully examined. In particular, the sign contains the same
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J E F H
1
2

1
4

1
8

1
16?

Figure 5.4: The graphical progression for the series involving J,E,F,H.

crooked shapewhich is part of J, E andF.Given the fact that these
signs are characterized by a denominator which is a power of 2,
it would make sense for H to be a part of this progression and
have value 1

16
. This would result in a progression which is both

graphical and numerical in nature, as shown in Figure 5.4.
In addition to these considerations, it must be noted that 1

16

is the only value that is onlypossible forHandnot forA. Sincewe
already discussed how fractions with a lower denominator gen-
erally combine more seamlessly with other fractions, this seems
to further support our idea that H= 1

16
.

Other considerations that support thismore tentative assign-
ment of H involve the value of A. In particular, if H= 1

16
, the as-

signment of A= 1
24

presents some interesting advantages. In par-
ticular, if we consider that the sign X appears to be the result
of a combination of two A signs, AA would be 2

24
= 1

12
and

this value would be consistent with the decimal-sexagesimal sub-
component of the fraction system, since 1

12
= 5

60
. The values

proposed for H and A are more tentative than the other ones re-
sulting from considerations that are purely concerned with their
expressive power in the fraction system and their ambiguity, but
they still present the following advantages:

• They have the lowest possible denominators for H and A,
which results in a system where signs are more easily used
in combinations;
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• With these assignments, all denominators in the system
are divisors of 240, which fits with a system of fractions
involving a decimal-sexagesimal component, since 240 =
4 ∗ 6 ∗ 10.

In conclusion, by usingmetrics designed to evaluate a cumu-
lative, additive fraction system such as the one in Linear A, we
managed to assign 7 values, while twoother assignments aremore
tentative. These assignments result in the following system:

B =
1

5
D =

1

6
K =

1

10
L2 =

1

20
L3 =

1

30

L4 =
1

40
L6 =

1

60
A =

1

24
? H =

1

16
?

5.8 Discussion of the results

As discussed in the previous section, our sign assignments are
based on a series of premises for the fractions in Linear A:

• Values represented in the system should have a significant
overlap with values attested in other systems for fractional
notations.

• The system should show signs of standardization, mean-
ing that the presence of two or more different combina-
tions to express a single value is possible, but it should be
kept to a minimum.

• The system should be able to represent awide range of val-
ues within its fractional base with short sequences com-
posed of only a handful of signs.

Given these premises, the sign assignments discussed in the pre-
vious sections for B, D, K, L2, L3, L4, L6 are the most optimal,
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while the assignments for H andA are more tentative, as they in-
volve considerations that do not stem directly from the property
of the system itself.

While no author proposed our decimal-sexagesimal assign-
ments for the L series, Schrijver (2014) discussed this possibility,
but instead assigned the value of 1

24
to L2 due to his reading of

tablet HT 123b. This tablet, however, contains scribal mistakes
and doubtful readings (Montecchi, 2009), so it was not included
in our sample per our inclusion criteria. Interestingly, the rea-
soning behind the first assignment, later revised, is the idea that
the horizontal line, which is used in conjunction with the basic
shape to produce the fraction signs in the L series, might be re-
lated to the integer “10” in Linear A. The repetition of this hor-
izontal line, then, would denote a division, so basic shape + two
lines would mean ”L” divided by 20 and so on.

Regarding the proposed assignmentsD = 1
6
, B = 1

5
, they

were already proposed in Cash and Cash (2012) and Montecchi
(2013). In the latter, the possible proportion B : 4 = J : 10
from tablet KH 7a was used to infer the value of B.With regards
to the value ofD, some observations were used to derive its value.
First, the fact that D is attested only in combination with itself
suggests that it must have an odd value, which is not particularly
usefulwhenused in combinationwith other signs. Furthermore,
the presence of DD and DDDD in the sample, combined with
the absence of DDD, was used as further evidence that the value
of this fraction is 1

3
. This is motivated by the fact that while 3

5

is not a problematic value, 3
6
is already represented in the system

by J. In addition to these factors, which were used in the litera-
ture to motivate the value of D, one must consider the fact that
DDDD is the only four sign combination in the sample and it
is attested only once. If D = 1

5
, then DDDD = 4

5
which is

already expressed by J E L2 four times in the sample. Instead, it
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is more probable that D was used four times to express a value
which could not be easily transcribed otherwise by using other
combinations of fractions, such as 2

3
.

Linear A Linear B
Fraction Shape Value Fraction Shape Value

DD
1

3
*117/M

1

3
of LANA

K
1

10
*112/T

1

10
of highest dry unit

Ln
1

60
*111/V

1

60
of highest dry unit

X(=AA?)
1

12
*116/N

1

12
of LANA

Table 5.8: Shapes and values for some Linear A fractions when com-
pared with Linear B measuring units.

Other considerations involve the relation between the signs
DD,X,K and the L series when they are comparedwith the units
of measurements found in Linear B. These measures, just like
our modern counterparts, used fractions of the main unit for a
given commodity when they were more convenient, and these
values were represented using specific logograms whose values
are known. The shapes and values for both systems are shown
in Table 5.8. From the table, we can observe a few similarities be-
tween their shapes and values:

• The shape of DD is identical to *117/M, used in Linear B
to denote 1

3
of the the largest weight measure for wool,

named *145/LANA. This value would be shared between
the two shapes.
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• The shape of K is identical to *112/T, used in Linear B to
denote 1

10
of the highest measure of capacity for dry com-

modities. This value would be shared between the two
shapes.

• The basic shape from the L series is similar to *111/V, used
in Linear B to denote 1

60
of the highestmeasure of capacity

for dry commodities. This value of 1
60

is shared with the
lower valued member of the L series, L6.

• The shape of X is identical to the one used in *116/N,
which denotes 1

12
of the largest weight measure for wool.

Since X is probably obtained by combining A two times
to obtain AA= 2

24
= 1

12
, they would also share the same

value.

While these strong similarities cannot be used a priori to specu-
late on the values of the fractions inLinearA, they seem tomatch
our decipherment which derives from properties of the fraction
system itself for most signs, except for the more tentative assign-
ments ofA andH.This result is comforting, as LinearB itselfwas
largely adapted fromLinearA and the two systems used the same
notation for integers, so the fact that signs with a similar or iden-
tical shape share in some way a similar value is predictable and, if
anything, strengthens the results of our decipherment. In Linear
A, the combination of a logogram and integers and/or fractions
was probably used to denote implicitly a multiple or fraction of
a unit of measure. The fact that the Mycenaeans adapted these
fractional values to directly define units of measurements, then,
is just a further development, where instead of using a single unit
of measurement for each commodity, multiple units with differ-
ent sizes are used.
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5.9 Conclusions

The results of our proposal for the decipherment of the Linear
A fractions shows that a synergistic approach involving multi-
ple disciplines, that also considers the specific requirement of any
scientific enquiry on undeciphered writing systems can produce
meaningful results which advance the state-of-the-art. In partic-
ular, these results show how using well known computational
techniques can be beneficial to at least some open questions in
the field.

From a computational standpoint, the Linear A fractions
and any attempt at deciphering systems of mathematical no-
tation constitute a very peculiar class of problems, since they
generally have well defined rules and and the values transcribed
by signs are numerical in nature. These characteristics suggest
the usage of very strict, formal methods, which operate on
numerical values. Its application guarantees that even complex
interactions between the variables do not violate any of the
requirements, providing a solution that is correct, as far as the
specifications go. The time save obtained by using such a system
cannot be overstated, as it can provide scholars with all possible
solutions, without requiring a manual check for the constraints
of the problem for each sign tentative assignment. Constraint
programming, then, is a perfect fit to restrict the number of
possible solutions as much as possible.

Despite its great potential, Constraint programming also
presents a great limit, which is shared by most computational
approaches. Namely, it cannot operate over infinite sets of
values, so the choice of the starting values is really important, as
it is a trade-off between the time needed to compute solutions
and the risk of excluding values that are perfectly valid for the
system of numerical notation. This situation requires careful
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consideration, and the help of experts and prior information
about similar systems of notations can be used, in order to
produce a set of values that does not exclude plausible ones, but
that also limits the time needed to obtain solutions.

While Constraint Programming is a useful tool, any at-
tempt at decipherment for systems of numeric notation is
under-constrained, meaning that the available constraints are
not sufficiently strict to produce a single possible solution. In
fact, problems with a single possible solution can generally
be solved manually by humans. Therefore, the definition of
specific hard requirements for the solutions is not sufficient to
produce meaningful results. In our case, after the application
of our constraint-based model, we obtained almost four million
solutions for this problem. The next step, then, is to define
meaningful measures, which can help in reducing the number
of possibilities further and define a more manageable set of
solutions, which can then be tackled with an iterative process
until almost all signs are deciphered. These measures need to
be based on ideas derived from experts in the field, since not all
measures can be thought of from a purelymathematical point of
view. By applying these metrics, followed by an iterative process
where signs were assigned sequentially, it was possible to provide
an almost complete decipherment for Linear A fractions.

While the considerations on the process we used to provide a
decipherment proposal for the LinearA fractions is one aspect of
this study, themain contribution is surely the fact that it advances
the state-of-the-art on this specific subject. In fact, we were able
to deduce most of the values in this fraction system by consider-
ing the specifics of the system itself in relation to other such sys-
tems and, crucially, considering its cumulative-additive nature.
In particular, the safer proposed values of B, D, K, L2, L4, L6 in
addition to the known values of J, E, F produce a system which
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has some desirable characteristics for any system of numeric no-
tation:

• Low ambiguity;

• High representative power;

• Typological consistency.

In addition to this, paleographic considerations can be used to
tentatively proposemore values for A andH, by producing a sec-
ond sub-base in the signs J, E, F. Finally, by comparing the re-
sulting system to Linear B, it is possible to see that similarities
between signs are correlated with the usage of a similar value for
Linear A as the fraction of the base measuring unit used in Lin-
ear B. This suggests an adaptation of the Linear A fraction signs
into Linear B units of measurement.



vi.

Preliminary experiments on the Cypriot
Greek Syllabary

In this Chapter, I describe the preliminary experiments that
led to the development of a deep learning model that aims to
learn good quality vector representations for signs of unde-
ciphered scripts, with the goal of applying this technique to
Cypro-Minoan. In particular, the goal is to create a system that
is able to investigate whether two glyphs are different, distinct,
graphemes or whether they are the same grapheme, in other
words allographs, sharing the same phonetic value.

Due to the peculiar nature of the problem, this model has
very specific requirements. First of all, since no ground truth is
available forCypro-Minoan, the systemneeds to use an unsuper-
vised approach, where the only available information stems from
the rawdata itself. In this kind of setting themodel needs to learn
vector representations from signs, without using any prior infor-
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mation, allowing it to categorize the data without favouring any
interpretation of the sign inventory, producing an unbiased eval-
uation.

As a second requirement, the system needs to consider the
shape of signs, since the absence of completely agreed upon labels
does not allow them to be represented in a symbolic way. The
aforementioned requirements clearly suggest the usage of mod-
els from the field of computer vision, where unsupervised deep
learningmodels canbe applied to images, in order to cluster them
in different categories. When signs of an undeciphered writing
system are the subjects of the analysis, however, another impor-
tant aspect needs to be considered. Since these signs encode a
language, they formwords and sequences ofwords, so the promi-
nence of signs in specific sequences must be considered and it is
one of the crucial aspects that the experts considerwhen attempt-
ing a rationalization of signs in an undeciphered writing system.
In fact, it was thanks to observations about the position of signs
in words that Kober was able to first hypothesize the inflectional
nature of Linear B first, allowing Ventris to tentatively assign the
phonetic value “a” to a grapheme, by observing its prominence
at the beginning of words, a characteristic of Greek (see Section
2.1.3).

Having established the requirements for a model that aims
to investigate the signs of Cypro-Minoan, however, one issue re-
mains unsolved. In particular, due to the unsupervised nature of
the model, it is not possible to evaluate its performance directly
on Cypro-Minoan signs themselves, as we would have no way of
validating the capabilities of themodel. Themost sensible course
of action, then, is to evaluate the performance of the model on
another ancient script, which should be as similar as possible to
Cypro-Minoan.

For this reason, our approach involves the usage of the
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Cypriot Greek Syllabary, which is the ideal candidate for our
preliminary evaluation, since:

• It is deciphered andwe know it encodes a dialect of ancient
Greek, so we can evaluate the performance of the model
with certainty;

• Like Cypro-Minoan, it is a syllabic writing system, with
open syllables and vowels. Therefore, the same order of
magnitude in terms of number of signs is expected;

• As discussed in Chapter 2, it is known that the Cypriot
Greek Syllabary is related to the other writing systems
in the Aegean and to Cypro-Minoan. In particular,
graphemes share a similar shape to corresponding ones in
Cypro-Minoan.

• The Cypriot Greek Syllabary corpus is larger than the
Cypro-Minoan one, so it is possible to select a portion of
it to roughly match the size of the Cypro-Minoan one.

These factors make the Cypriot Greek Syllabary the obvious
choice for this preliminary evaluation. However, as it will be
discussed later, this is only a preliminary step and a careful
evaluation of the distinctions between Cypro-Minoan and the
Cypriot Greek Syllabary needs to be performed, in order to
adapt themodel that stems from the the experiments. The result
of this evaluation has been presented in Corazza et al. (2022a),
while in Corazza (2022) we focus on the process of starting from
the Cypriot Greek Syllabary in order to build a model for the
undeciphered Cypro-Minoan.
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6.1 The Dataset

In order to construct a dataset for the Cypriot Greek Syllabary,
the first consideration is the fact that, while it would be ideal to
start from the real artifacts, it is undesirable tousephotographs of
the documents directly. Provided that high quality photographs
of the documents are available, their usage proves problematic
for a machine learning system. First, because the type of material
that the glyphs are inscribed on is a variable, a perfectly reason-
able categorization of the signs involves simply dividing them by
material or color of the document. While this is an interesting
subject by itself, these characteristics of the corpus are not inter-
esting for the purposes of our analysis. Another issue with im-
ages is the fact that it is often difficult to read the signs even for
humans, since it is not possible to perceive the depth of a stroke
on an object by using a two dimensional photo. Therefore, while
efforts are undergoing to produce high quality three dimensional
models for documents inLinearAandCretanHieroglyphic (Ra-
vanelli et al., 2022), we are still forced to use drawings of the signs
in the documents.

In order to build a sufficiently large dataset for Cypriot
Greek Syllabary signs, our team used scans from various sources
(Casabonne et al., 2002; Egetmeyer, 2010; Masson, 1983; Mit-
ford, 1981; Karageorghis and Karageorghis, 1956; Karageorghis,
1976; Karnava, 2019; Masson and Mitford, 1986; Mitford, 1971;
Masson and Olivier, 1983; Mitford, 1958; Mitford et al., 1961;
Olivier, 2007; Mitford et al., 1983). The drawing contained in
these scans were cropped and categorized manually, in order to
obtain a dataset that is comparable in size to the available data
for Cypro-Minoan. The result, then, is a dataset of 100x100
black and white images, containing 2995 glyphs from 164
inscriptions. In order to evaluate the model, we used readings
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from the sources, except for a few cases when revised readings
for glyphs are provided in successive publications (included
in the list of sources). Each image was named following a
specific scheme, annotated with the name of the document and
the sign position in the sequence. As an example, the name
CG_ICS.092.r03.18_NE_.png is structured as follows:

• CG is shared among all images from theCypriot Greek Syl-
labary dataset;

• ICS.092 denotes the name of the document;

• r03 denotes the fact that the glyph belongs to the third
line in the document;

• 18 denotes the fact that the glyph is the 18th in the third
line;

• NE_ the first part of this string denotes the reading of
the sign as syllabogram “NE”. The underscore _ beside
the syllable denotes the fact that the reading is doubtful.
Of course, this is an optional component of the naming
scheme as not all glyphs have doubtful readings.

Once the naming convention was applied to all images, the re-
sulting datawas carefully checked for errors, by examining the se-
quences resulting from the naming scheme of the files. The next
step was to determine which images resulted from drawings of
damaged signs. The exclusion of damaged glyphs was performed
formultiple reasons. In particular, the drawing of a damaged sign
is surely more tentative and it might not correspond to the true
shape of the glyph. Additionally, some drawings are missing one
or more of the components of the sign and present the drawing
of a fracture in the document (see Figure 6.1) or dots represent-
ing damage in the inscription, making it harder for any neural
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model to distinguish between the graphical features representing
damage and the actual shape of the glyph.

Figure 6.1: On the left, an instance of the syllabogram “TO” that was
kept in the dataset. On the right, a damaged instance that was tenta-
tively read as “TO”, which was discarded. Notice how the right draw-
ing contains a diagonal line representing a fracture in the document.

The number of damaged glyphs which were excluded is
322, so the resulting dataset contains 2673 drawings from 164
documents. The number of distinct graphemes represented
in this sample is 64, including syllabograms, punctuation and
“SPACE”, representing the situation where two sequences are
clearly separated by a space in the document. Crucially, the
Cypriot Greek Syllabary is found in two different variants:
one used mainly in the area of Paphos, in West Cyprus (called
“Paphian”) and another attested on the rest of the island
(“Common”). Since the shape of some signs in these variants
(5 in our dataset) is significantly different, we opted to treat
them as separate categories for our evaluation. Out of the 56
syllabograms that are part of the Cypriot Greek Syllabary, only
one is missing from our dataset, the rare “XA”.

Before describing the procedure we used to develop our
model, it is useful to describe some salient statistics about our
Cypriot Greek Syllabary dataset. In Figure 6.2 the number of
attestations for each grapheme in the Cypriot Greek Syllabary
are shown. The first observation stemming from the plot is
the fact that, like many linguistic features, the distribution of
graphemes results in a Zipf distribution, where some graphemes
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Figure 6.2: Number of attestations of each grapheme in the Cypriot
Greek dataset.

are relatively frequent, while some are exceedingly rare. In
particular, one interesting observation is the fact that the most
commonly attested grapheme “DIV” is not even a syllabogram.
Instead, this is what is called sequence divisor, used to divide
words and sequences in the documents. Its prominence in the
dataset has some very interesting implication, since this sign
always constitutes a word boundary, despite not always being
used to separate every word. This means that, even with no
assumption on the script, it is sometimes possible to know with
certainty that a given glyph is found in word initial or word
final position. Crucially, the presence of the sequence separator
is not limited to the Cypriot Greek Syllabary, since it is also
prominently featured in Cypro-Minoan. The presence of the
sequence divider will be consistently used for developing our
model, since its status is not debated and it is consistently present
on both Cypriot writing systems that we are interested in.

Since our goal is to leverage the structured nature of writing,
where the sequences attested in the documents matter for the fi-
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Figure 6.3: Number of attestations for the 50 most frequent glyph tri-
grams in the Cypriot Greek Syllabary

nal results, it is also crucial to analyze the relative frequency of se-
quences. For this reason, in Figure 6.3 the 50 most attested glyph
trigrams are shown. It is very interesting to notice the promi-
nence of the sequence divider (DIV) in this sample, as well as the
presence of some instances where the plot shows the number of
attestations even for pairs of signs, preceded or followed by a dash
with no sign beside it. The latter are situations where the two
signs are found at the beginning or at the end of inscriptions. In
this case, we do consider the end and beginning of a document
as a special character in our model, so it makes sense to consider
these situations as trigrams, despite the absence of a third glyph
in the sequence. This choice stems from the idea that the promi-
nence of a grapheme at the beginning and end of words is impor-
tant in the context of undeciphered writing systems, as it can al-
low experts to spot allography evenwhen the shapes of individual
attestations are different. Overall, many sequences of three signs
that are prominent in the dataset appear either at the beginning
or end of documents or are preceded or followed by a sequence
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separator, denoting a word boundary in both situations. In par-
ticular, 26 glyph trigrams contain a sequence separator, while 8
are found at the beginning of documents and 3 at the end. In
other words, out of the 50 most frequent sequences, 36 denote
the beginning or the end of a word, showing the importance of
including word boundaries when considering sequences.

Figure 6.4: Number of grapheme trigrams having a given number of
attestations.

It is clear from the figure that even the most frequent glyph
trigrams are relatively infrequent in the corpus. In fact, most se-
quences of three signs are attested only once in the corpus. In or-
der to show this fact, another image (Figure 6.4) shows the num-
ber of graphemes that are attested a given number of times. From
this figure alone, we can see thatmost sequences of three signs are
attested only once in the corpus, while 333 are found more than
once in the dataset. While this resultmight suggest that nomean-
ingful information can be extracted from trigrams, there exist a
significant portion of the dataset for which multiple attestations
of the same trigram exist. Additionally, the most frequent bi-
grams are attested hundreds of times, suggesting that some infor-
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Figure 6.5: Histogramof the length of documents in theCypriotGreek
Syllabary.

mation can be extracted from short sequences of glyphs. What is
evident is that there is very little advantage in considering longer
sequences, as the frequency of the most frequent sequences of
three glyphs is already quite low.

Onefinal aspect of note for the dataset is the average length of
the documents. Since our aim is to use amodel that leverages the
information contained in sequences, it is useful to observe that
most documents in our dataset contain less than 25 signs overall,
while only a handful havemore than 75. This result shows one of
the challenges of some ancient writing systems: since many doc-
uments exist with only a handful of signs inscribed on them, sta-
tistical analyses are difficult, unless a large number of documents
can be used. In our small sample of Cypriot Greek, the longest
document has 584 signs, while the shortest one only contains 2
signs. On average, the length of a document is approximately 9.



VI. Preliminary experiments on the Cypriot Greek Syllabary 133

6.2 Sign context and undeciphered scripts

One of the main requirements for a system that is able to deal
with undeciphered scripts in general is the usage of contextual
information for signs. In particular, if we imagine a decipher-
ment in its simplest form, this corresponds to a simple substitu-
tion cipher problem. In this situation, we know which language
is transcribed by the script and there is a 1:1 correspondence be-
tween signs of the deciphered and undeciphered signs. This is
the situation that is found in simple substitution ciphers (see Ta-
ble 6.1). These are the simplest form of ciphers, where each letter
is replaced by another one, so that the text is not intelligible (ci-
phertext).

Plaintext sign a b c d e f g h i j . . .
Encrypted sign p c r d u j v b t l . . .

Table 6.1: Part of a substitution cipher key: each plaintext sign corre-
sponds to an encrypted sign

In order to solve these simple ciphers, it is well known that
one can use the frequencies of letters in a plaintext corpus and
compare it to those found in the ciphertext. Then, one might
devise different strategies to decipher one letter at a time, using
their frequency as a guidance. This fact has been well known for
centuries, and in fact the first description of such a method can
be found in a manuscript from the 9th century by Al-Kindi (Al-
Kadit, 1992). However, the usage of computers to perform statis-
tical analyses allows us to use more sophisticated frequency met-
rics, in particular character n-grams. Typically, bigrams, trigrams
and quadgrams can be used, and it has been shown that the usage
of bigrams at the very least reduce the amount of ciphertext re-
quired to produce a decipherment when compared to using un-
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igrams only (Uddin and Youssef, 2006). In fact, it is possible to
only use the frequency of bigrams as a criterion for decipherment
in these types of ciphers (Jakobsen, 1995).

While we are not dealing with a decipherment problem, our
approach aims to categorize the signs of an undeciphered writ-
ing system, with the goal to produce a complete sign inventory
for the script. However, it might not be obvious to the model
and to humans that two signs represent the same grapheme (al-
lography). For a contemporary example, future humans might
find it difficult to reconstruct the cursive and block letter vari-
ants of the same letter. However, by leveraging the frequency of
combinations of signs aswell as signs in isolation, theymight find
it easier to reconstruct the allographs. This is precisely the reason
why our model should ideally incorporate contextual informa-
tion, even if it is tasked to deal with glyphs only and not symbolic
representations of text. In order to validate the impact of contex-
tual information, however, a test on the specific task needs to be
performed, and a suitable model needs to be selected.

6.3 Model selection

In order to perform an analysis of glyphs for undeciphered lan-
guages, a strict set of requirements needs to be fulfilled in order to
select a suitablemodel for this task. During our preliminary eval-
uation, we considered multiple types of models. Our first can-
didate was derived from an interesting dataset containing glyphs
from multiple different languages called Omniglot (Lake et al.,
2015). In particular, we thought that it could be useful to use
a transfer learning approach based on Siamese Networks (Koch
et al., 2015), starting from Omniglot and then proceeding by ap-
plying the resulting model to Cypro-Minoan. However, this ap-
proach is problematic when applied to undeciphered scripts, as
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we are in fact learning the behaviour that emerges from different
writing systems, which might not be coherent with the specific
script that is the goal of our investigation. Additionally, the in-
corporation of any contextual information to this kind ofmodels
can be difficult, as it is not possible to use sequences of glyphs in
other writing systems to derive any information on the Cypriot
Greek Syllabary.

In fact, we quickly realized that that our model should be
completely unsupervised, in order to avoid any assumption on
the script. Therefore, another possibility was the usage of convo-
lutional autoencoders in order to learn good quality vector rep-
resentations for each of our signs, without requiring any type of
supervision. Providing contextual information, then, would be
possible, for example one could ask the model to reconstruct the
image from the ones appearing on its left and on its right. This
approach, however, is also problematic, as using autoencoders
on glyphs would entail teaching them to be very sensitive about
the specific shape and position of the strokes inside the image.
This is precisely the opposite of what is demanded from amodel
that needs to investigate allography, since it is important that the
model learns to distinguish what are the diagnostic trait and the
invariants for each of the graphemes in the dataset, instead of fo-
cusing on specific traits of any glyph. The inclusion of contextual
information, then, further complicates things, as it is unreason-
able for a model to be able to reconstruct the precise shape of a
glyph from its context. Finally, the usage of autoencoders in com-
puter vision is generally limited to noise reduction or generative
models, since they are not suited to create good quality vectors
that can be used for clustering or other classification tasks.

The last class ofmodels thatwe considered is the one produc-
ing themost successful attempts at unsupervised classification or
clustering of images. In particular, our focus was on unsuper-
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Figure 6.6: DeepCluster

vised computer vision models that explicitly use clustering as an
objective within their structure. Among those, the one with the
most promise a priori appeared to be DeepCluster (see Figure
6.6), and its successor DeepClusterv2. DeepCluster, in partic-
ular, starts from a randomly initialized ResNet50 convolutional
model, producing vectors for each image in the dataset. Then,
these vectors are clustered using K-Means and the resulting cate-
gories are used as pseudo-labels for the backpropagation step that
updates the weights of the network. At the end of each epoch,
then, the model is applied to all the images, and K-Means is used
again to obtain a pseudo-label for each image. The model uses
the cosine distance as the metric for the application of K-Means,
and it produces normalized vectors with unit norm.

DeepClusterv2, then, is an improvement of this approach,
which incorporates a crucial data augmentation technique for
situations where the amount of data available is quite limited,
like in the case of undeciphered scripts. Instead of simply pro-
viding the model with each image in the dataset, DeepClusterv2
uses random transformations of the image, consisting of random
crops, color distortions and random horizontal flips. Each image
is then transformedmultiple times and these augmented versions
of the image are all fed to the network. The model, then, is re-
quired toproduce vectors belonging to the sameK-Means cluster
for all augmented versions of the same image. Other improve-
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ments upon the original DeepCluster include a cosine learning
rate schedule and the usage of a multi-layer perceptron as the fi-
nal projection of the model.

Interestingly, while the model performs a classification
task based on the categories found during the application of
K-Means, the task is performed by incorporating the centroids
inside the network itself. In particular, the last layer of themodel
contains the centroids found during the previous application of
K-Means. As mentioned previously, the distance metric used in
the model is the cosine-based. Given two vectors of the same
dimension v, w ∈ Rn, we can obtain their cosine similarity as
follows:

Scos =
v · w

||v|| ||w||
(6.1)

DeepClusterv2, however, uses only unit-norm vectors, which
means that:

||v|| = ||w|| = 1 (6.2)

So the denominator in Equation 6.1 is always one, and the dot
product between the two vectors corresponds to their cosine
similarity. Then, given a vector produced by the DeepClusterv2
model v and its last layer, which uses a matrix populated with
the centroids C = c1, . . . , cm obtained from K-Means, we
obtain:

Cv = o = [o1, . . . , om] oi = ci · v (6.3)

By applying the last layer, then, we obtain the dot product be-
tween the vector and each centroid ci and this value is stored in
a cell of the output vector. Then, it is possible to apply a soft-
max function to the output, to make it so the sum of all values is
one, and treat this problem as a classification task by applying a
categorical cross entropy loss. This structure allows themodel to
avoid re-initializing the last layer after each epoch, when the cen-
troids and clusters change following the application of K-Means.
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Crucially, the source code for DeepClusterv2 is publicly
available 1, so it can be used as the basis for our experiments.
The model is implemented in Python using Pytorch (Paszke
et al., 2019) as the deep learning framework. Having selected
a promising candidate for our model, it is now necessary to
create a context aware variant of this model, which we named
Sign2Vecc.

6.4 A context-aware model: Sign2Vecc
In order to incorporate a context-aware component for our
Sign2Vecc model, it’s useful to define formally the behaviour of
the non contextual component of our model. In particular, this
component uses the functionMs:

Ms(Xi) = MLPs(R18(Xi)) (6.4)

Where:

• Xi ∈ Riw×ih is the i-th image in the training data. iw and
ih represent the width and height of the input images, in
pixels;

• R18(Xi) ∈ Rrs represents the output of aResNet18, used
in our experiments to replace the original ResNet50 in an
effort to reduce the number of parameters of themodel. rs
represents the size of the output of the ResNet18 model;

• MLPs, is a multi-layer perceptron that is applied to the
output of theResNet. It produces vectors of size vs, where
vs is a hyperparameter regulating the size of the vectors ob-
tained from the model.

1https://github.com/facebookresearch/swav
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Finally, the loss is the categorical cross entropy Hc between the
product of the normalized Ms(Xi) and C with respect to Yi,
which represents the one-hot encoded centroids obtained from
the application of K-Means:

Hc

(
C

Ms(Xi)

||Ms(Xi)||
, Yi

)
(6.5)

Notice that the product between the centroids C and the
normalized vectors Ms(Xi)

||Ms(Xi)|| produces the cosine similarities
between each vector in the batch and each centroid, as shown in
equation 6.1.

Figure 6.7: Our contextual model for signs, called Sign2Vecc. Parts of
the networks highlighted with the same pattern have shared weights.
On the bottom, a sample sequence of three Cypriot Greek Syllabary
signs.
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In order to incorporate a contextual component in the
model, then, we opted to consider sequences of three signs
and to teach the model to predict the cluster that a given sign
belongs to using the signs on its left and right. This approach
is inspired by the CBOW variant of word2vec (Mikolov et al.,
2013b) proposed for creating word embeddings. In order to
perform this task, we add a component to the model which
computes a joint vector representation for the context of a given
sign:

Mc(Li, Ri) = MLPc(R18(Li)⊕R18(Ri)) (6.6)

Where:

• Li, Ri are the signs found on the left and right of the cur-
rent signXi;

• ⊕ denotes the concatenation of two vectors;

• MLPc is a multi-layer perceptron. Crucially, it does not
share weights withMLPs, asMLPc operates on a vector
obtained fromR18(Li)⊕R18(Ri)whichhas size2vs. The
ResNetR18 is instead shared.

Once we obtained this vector representation for a pair of images,
they can be used to calculate the contextual component of our
loss using cross entropy as follows:

Hc

(
C

Mc(Li, Ri)

||Mc(Li, Ri)||
, Yi

)
(6.7)

Like in equation 6.5, the output of the model is normalized and
its product with the centroids C produces the matrix of cosine
similarities (dot products) between each vector and each centroid
obtained from K-Means.
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Using the non contextual and contextual components of the
model, it is possible to define the complete context-awaremodel,
which we called Sign2Vecc (see Figure 6.7). The loss function of
the complete model is:

L(C,Xi, Li, Ri, Yi) = (1− λc)Hc

(
C

Ms(Xi)

||Ms(Xi)||
, Yi

)
+

λc Hc

(
C

Mc(Li, Ri)

||Mc(Li, Ri)||
, Yi

)

(6.8)
Where λc ∈ [0, 1] is a hyperparameter used to determine the rel-
ative importance of the two different components of the model,
which now is trained using information derived from each sign
Xi and its context (Li, Ri).

6.5 Sequences and Damaged inscriptions

Having defined the behaviour of our model, which incorporates
information about the left and right context of each sign in its
formulation, it is necessary to discuss some corner cases where
complete sequences are not available. In particular, we can dis-
tinguish two different situations where we cannot construct a
proper context for a given sign xi:

• xi is found at the beginning or at the end of a document,
so there is no sign preceding or following it;

• Before or after xi the document is either completely bro-
ken or only a damaged sign, which is excluded from the
dataset, can be found.

It is clear that these situations have the potential to be disruptive
whenusing contextual information inourmodel, sincemany fre-
quent sequences of three signs include the beginning or the end



142 Computational methods for undeciphered scripts

of documents (see Figure 6.3) and there are many damaged se-
quences, which were not shown in the trigrams plot. These two
situations are also very different, since the beginning and end of
a document always constitute word boundaries, while damaged
portions of the document can inprinciple contain damaged signs
or no signs at all and we have no way of reconstructing with cer-
tainty the missing content.

In order to construct meaningful sequences for signs found
at the beginning or end of documents, then, it is possible to
leverage an interesting feature of both the Cypriot Greek Syl-
labary and Cypro-Minoan: the presence of sequence separators.
While, especially in the Cypriot Greek Syllabary, they are not
always used to separate each word, they always constitute a word
boundary, since they are used to separate sequences of words.
Additionally, their status is not debated even in Cypro-Minoan
and they are clearly not syllabograms. For this reason, we use
this peculiar feature to produce the left and right contexts of
signs that appear at the beginning or at the end of documents,
respectively. In particular, in order to avoid an arbitrary choice
of of a sequence divider for a specific sign, we choose them
at random during training. This random selection avoids an
over-reliance of the model on a specific artificial word separator
for signs that appear at the beginning or end of sequences, while
using only prior knowledge about sequence separators, which
are not syllabograms and they are not the subject of our analysis.

With respect to damaged signs and broken inscriptions,
then, we need to find a meaningful substitute for missing data.
Crucially, since no information can in principle be inferred
from damage, this artificial image should be constructed so
that no two images are the same, as otherwise the model might
rely on it as an invariant component of the contexts for some
signs. The solution we adopted for this problem can be found
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in standardized representations of damaged portions of signs in
the literature, namely the usage of a dotted pattern to indicate
damage. For this reason, then, we adopt the same convention
to represent damaged signs. Since this pattern needs to vary at
each iteration of the algorithm, it is crucial to select an adequate
algorithm that can quickly produce dots in a two dimensional
image.

Figure 6.8: Two 100 x 100 pixel images with 122 random dots. On the
left, the dots are selected from two random uniform distributions (one
for each coordinate). On the right, the result from the application of
the Bridson algorithm.

For this task, the usage of a random uniform distribution for
the two coordinates of each point tends to produce situations
where many points are found in a small area, while other areas
of the image are empty. Since this might result, due to random
variation, in small shapes being formed frommultiple, randomly
distributed points, we opted to use amore sophisticated distribu-
tion in order to generate our images. This has the added advan-
tage of producing dotted patterns that are generally more similar
to what a human would produce. For these reasons, a Poisson
disk sampling can instead be used for the points, in the form of
the Bridson algorithm (Bridson, 2007). This algorithmuses a the
following procedure:

• Step 1: select a random point x0, uniformly chosen in the
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two dimensional space and insert it in the active list;

• Step 2: select a random point xi from the active list and
generate up tok point in the annulus between radius r and
2r around xi. Check whether the new point is within dis-
tance r of any of the other points. If no point is within
distance r of xi, insert xi in the active list. If, after k at-
tempts, no such point can be found, remove xi from the
list.

In addition to the randomness of the position of the dots, we also
use dot sizes that are slightly variable, using a random uniform
distribution for their radius. In Figure 6.8, the application of the
Bridson algorithm and a uniformdistribution of dots are shown.
It is clear, then, that the Bridson algorithm produces points that
are more evenly spaced and resemble what a human would draw,
especially when contrasted with the image containing uniformly
distributed dots.

Having defined the two corner cases concerning signs at the
beginning or end of documents and signs surrounded by dam-
aged portions of the inscription, we are now able to produce a
left and right image for each sign in our corpus. Crucially, this
allows us to leverage even information about the word-initial or
word-final positionof signs even in very short inscriptions, which
are frequent in our dataset.

6.6 Experimental Setting

The output of Sign2Vecc is a vector space, representing all
the glyphs in our Cypriot Greek Syllabary dataset. As a first
step, in order to perform a visual evaluation of this space, we
applied a dimensionality reduction to the vectors, to obtain
a three dimensional representation for each sign. For the
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dimensionality reduction, we applied t-distributed stochastic
neighbor embedding (t-SNE), as it operates by minimizing
Kullback-Leibler divergence between the distances between
vectors in the original space and in the reduced space (Van der
Maaten and Hinton, 2008). Since the distance between
vectors and centroids is precisely the criterion used in the
application of K-Means in both DeepClusterv2 and Sign2Vecc,
the preservation of distances is a desirable criterion when
visualizing the outputs of these models. Using these three
dimensional vectors, we built a three dimensional visualization
in WebGL, based on the Scatter-gl2 project, in turn derived
from the embedding projector of TensorFlow. The visualiza-
tions obtained from the three models used in our evaluation
for the Cypriot Greek Syllabary can be found at https:

//corpora.ficlit.unibo.it/INSCRIBE/PaperCG/.
These visualizations were very useful in our experiments, as they
allow experts to spot mistakes in the transcription of signs, as
well as a qualitative evaluation of the algorithms. Furthermore,
they allow us to visually detect overarching patterns in the
corpus, which involve large groups of signs.

While using three dimensional visualizations of glyphs canbe
useful, in order to assess the impact of the inclusion of contextual
information in our Sign2Vecc model, two more tasks need to be
performed. First, a best-case scenario evaluation can be used in
order to choose sensible hyperparameters for themodel. In these
experiments, we assume that the number of clusters is known a
priori, in order to assess the capabilities of themodel itself. Then,
a more rigorous worse-case procedure must be devised for the
evaluation of Sign2Vecc in comparison with DeepClusterv2 in
a completely unsupervised setting, where the number of clusters
is unknown. This worse-case evaluationa uses 10 runs for each

2https://github.com/PAIR-code/scatter-gl
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model, in order to reduce the impact of the random initializa-
tion of the parameters in the evaluation of the results and to test
any difference in performance for statistical significance.

For both sets of experiments, we opted to exclude word di-
viders and numerals from the clustering procedure, while they
are still used during training. This choice is motivated by the fact
that we are mostly interested in the allography between glyphs,
while the numerals and sequence separators constitute different
phenomena. Their inclusion in the training set, then, is moti-
vated by the idea that they are still part of contexts of other signs,
so it is useful to teach the model about their contexts, as well as
their presence in other signs contexts.

SinceDeepClusterv2 and Sign2Vecc are used to partition im-
ages in different categories, a clustering task is an obvious choice
to evaluate the models, since this approach allows us to deter-
mine how well a model separates the different graphemes in the
dataset. However, since our goal is to prove that the usage of con-
textual information in Sign2Vecc is an advantage overDeepClus-
terv2 in the context of undecipheredwriting systems, our starting
point for comparing Sign2Vecc and DeepClusterv2 is one where
no prior knowledge of the script is available. The only possible
usage of the gold standard transcriptions of the Cypriot Greek
Syllabary is the final evaluation of the model through cluster-
ing metrics, while no knowledge can be used during the training
phase.

A crucial aspect of our evaluation is the choice of a clustering
algorithm to apply to the data. While K-Means is part of the
training procedure of Sign2Vecc itself and it is used in the
selection of the hyperparameters, its usage in our worse-case
setting, where no ground truth can be established about the
exact number of clusters is problematic, since this would
force K-Means to severely over-cluster the dataset, impacting
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the overall performance of the model. For this reason, our
evaluation is conducted using only a density based clustering
algorithm, the Density-Based Spatial Clustering of Applications
with Noise (Ester et al., 1996), also known as DBSCAN. This
algorithm does not require the specification of the number of
clusters, but instead it requires to specify a minimum number of
points to produce a neighborhood n and, most importantly, the
value ϵ, which determines the maximum distance between two
points according to the chosen metric in order to consider them
as neighboring. Crucially, the output of DBSCAN produces,
in addition to a number of clusters, a set of points that are
considered as outliers or “noise” and for which no cluster can be
determined.

The procedure used by DBSCAN to produce clusters starts
from examining the points in the sample and defining relations
between them on the basis of n and ϵ. In particular:

• A point p is a core point if it has at least n points within
distance ϵ;

• A point q is directly reachable from p if it is within dis-
tance ϵ from it;

• A point q is reachable from p if a sequence of points
p, p1 . . . , pn, q exists such that for each pair of successive
pointsm,n in the sequence, n is directly reachable from
m.

Using these definitions, the procedure used by DBSCAN in or-
der to determine which points belong to the same clusters and
howmany clusters are in the sample is the following:

1. For eachpoints, determine its ϵneighborhood. Determine
which points have at least n other points within distance ϵ
(core points);
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2. For each core point, determine which other points are
reachable from it, ignoring non-core points. These belong
to the same cluster;

3. Assign non-core points that are in the ϵ neighborhood of
any point that belongs to a cluster to that cluster, consider
others as noise.

From these principles, DBSCANpartitions the data in a number
of clusters and a number of points that are considered as out-
liers or noise. While this allows us to use the algorithm with-
out specifying the number of clusters as an input, but it is clear
from the informal description of the algorithm that the choice
of the two parameters m and ϵ is crucial in order to produce
meaningful results. In the context of an undeciphered writing
system, the choice ofm is less problematic: since it is not known
whether less frequent graphemes are present in the sample, the
minimum value of 2 can be safely chosen, so that the algorithm
can produce arbitrarily small neighborhoods (and, in turn, clus-
ters). The choice of ϵ, however, ismore problematic, as it directly
impacts the number of clusters in the final result. One possibil-
ity to determine the value of ϵ is the usage of a heuristic called
the elbow method (Rahmah and Sitanggang, 2016). This meth-
ods operates by calculating the furthest distance of each point
from its two nearest neighbors. Then, these values are plotted
in ascending order and the ϵ value is chosen to match the elbow
in the plot. This value, then, is a point of diminishing returns,
where increasing ϵ does not result in a large number of points
that were considered as noise becoming part of clusters.

While the application of the elbow method can be at-
tempted, in our experiments the resulting plot was always
ambiguous and choosing an ϵ value always involved an arbitrary
decision. In Figure 6.9, the plots for the three different models
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Figure 6.9: The elbow plots obtained from DeepClusterv2 with no
oversampling, DeepClusterv2 with oversampling and Sign2vecc with
oversampling. The two horizontal lines represent the range of values
considered in the experiments.

that we used in our completely unsupervised evaluation are
shown. Since our aim was to choose a single ϵ for each model, all
vectors resulting from the 10 runs are used in order to produce
the plot. It is clear from observing the figure that it can be very
hard to distinguish the elbow of a plot with so many points, so
the application of the elbow for our evaluation is problematic.
For this reason, we chose to evaluate each model using two
different approaches. On one hand, we plot the behaviour of
the model across a range of ϵ values (the range is shown with
black horizontal lines in Figure 6.9). On the other hand, we also
show the mean and standard deviation of our 10 models across
multiple metrics for the best value of ϵ and test these values for
statistical significance.

While I mentioned the fact that metrics are used to show the
behaviour of the models across a wide range of ϵ values, as well
as their means and standard deviations for the best performing
ϵ, our selection of metrics is yet to be discussed. Since our goal
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is to use clustering as the task to evaluate our model, we selected
the Adjusted Rand Index (ARI), Adjusted Mutual Information
(AMI) andV-Measure,which are explicitly devised for evaluating
clustering algorithms, using their implementations from Scikit-
learn (Pedregosa et al., 2011). For a formal description of these
metrics, see Section 3.2.7.

6.7 Hyperparameters selection

As discussed in the previous section, one of the goals of the
experiments using the Cypriot Greek Syllabary is the choice of
sensible hyperparameters, which will be used for the eventual
evaluation of the model. For this preliminary evaluation, since
our DBSCAN-based protocol for the evaluation of the system
in a completely unsupervised setting was yet to be developed, we
started from a best-case scenario, where the number of clusters
is known and K-Means is applied to the outputs of the model
in order to cluster the glyphs. Before the selection of other
hyperparameters, we performed the following alteration to the
DeepClusterv2 model:

• We selected the size of the random crops relative to the
total image manually, by observing the result of crops.
This was performed in order to make sure that the
resulting crops contain enough information for the signs
to be discernible;

• As a further measure, we discard crops containing too few
black pixels. As a threshold, we use theminimumbetween
50%of the nonwhite pixels of the original image and 50 to-
tal pixels. If a randomcrop does notmeet these thresholds,
it is re-created.
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• We replaced the original ResNet50 used inDeepClusterv2
with a smallerResNet18model in an effort to reduce train-
ing time and the number of parameters.

• Thenumber of clusters usedwithin themodels is set to 70,
in order to create a slight over-clustering which can help
improve the behaviour of the model with respect to rarer
graphemes.

Our exploration of the impact of hyperparameters, then, focuses
mainly on the data augmentation steps that are used during the
training, and it concerns the following parameters:

• λc: this is the parameter that regulates the impact of con-
text on the overall loss, as shown in Equation 6.8;

• Augmentation steps: we investigated the role of the vari-
ous types of transformation on performance. In particu-
lar, we tested the model excluding some transformations
(color distortion, random horizontal flip);

• Number of crops: the number of crops to produce for
each group of crops. It is represented as a list, since multi-
ple groups of crops can be specified, with different cardi-
nalities and sizes;

• Crops for assign: this list encodes the index of the crop to
use during the application of K-Means, in order to obtain
the pseudo-labels.

In order to start our evaluation, we started from a baseline using
the parameters shown inTable 6.2. Sincewe usemultiplemetrics
to evaluate each run, and since itwas not feasible to explore all pa-
rameters usingmultiple runs for eachmodel, we only implement
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Hyper-parameter Value
Augmentation steps Crop, random flip, color distortion
Base Learning Rate 4.8

Batch size 16
Crops for assign 0

Epochs 100
Feature dimensions 128
Final learning rate 0.0048

Number iterations before freeze 300000
λc 0.2

HiddenMLP size 2048
Max scale crops [1.0, 0.6]
Min scale crops [0.6, 0.4]
Number of crops [2, 6]

Number of prototypes [70,70,70]
Size of the crops [80, 60]
Start warmup 0.3
Temperature 0.1

Warmup Epochs 10
Weight decay 1× 10−6

Table 6.2: Baseline Hyper-parameters for Sign2Vecc

a parameter change when there is agreement between all metrics.

The first step, then, was to determine the impact of our λc

constant, determining the weight of context on the overall loss.
For this reason, we compared a vanilla DeepClusterv2 loss with
λc = 0 with models using different values of λc, as shown in
Table 6.3.

The performance of the model over the selected values of λc

shows that all the three metrics are maximized when λc is set to
0.2, so we selected that value and continued the evaluation for
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λc ARI AMI V-Measure
0 0.3372 0.5650 0.6461
0.1 0.3081 0.5616 0.6437
0.2 0.4022 0.6322 0.7005
0.3 0.3695 0.5998 0.6742

Table 6.3: Performance for various models using different λc values. In
bold, the highest values.

other parameters.
The next step in our evaluation involved the exclusion of

color distortions and random horizontal flips from the data
augmentation steps, in order to determine whether these steps
have a positive impact on the performance of the model. In
terms of horizontal flip, this augmentation step simply mirrors
the image horizontally 50% of the time at random. The color
distortion procedure, instead, randomly changes the brightness,
contrast, saturation and hue of each image 80% of the time. In
Table 6.4 we show the impact of the exclusion of color distortion
and randomhorizontal flips when comparedwith the contextual
model found previously, with λc = 0.2. While both the version
excluding color distortion and the version excluding random
flips show an improvement in terms of ARI, the other metrics
are not affected by their exclusion. For this reason, we decided to
include these steps, as well as crops, in our experiments.

Next, we focused on the cropping procedure, and we inves-
tigated what the impact of the number of crops is on the per-
formance of our contextual model. In particular, we attempted
to increase the number of crops for the bigger (between 60 and
100% of the image) and smaller crops (between 40 and 60% of
the image) separately. The parameters for the crops are used in
groups, where each element in each list refers to the n-th group
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Augmentation steps ARI AMI V-Measure
Crop, random flip, color distortion 0.4022 0.6322 0.7005

Crop, horizontal flip 0.4153 0.6149 0.6868
Crop, color distortion 0.4258 0.6308 0.6996

Table 6.4: Performance for various models using different augmenta-
tion steps. In bold, the highest values.

of crops. As a remainder, our baseline model uses:

• Min scale crops: [0.6,0.4];

• Max scale crops: [1.0, 0.6];

• Number of crops: [2,6];

• Size of crops: [80, 60].

These parameters produce two groups of crops. The first group
contains 2 bigger crops, each representing 60 to 100% of the orig-
inal image, of size 80 × 80 pixels. The second group contains
6 smaller crops, representing 40 to 60% of the original and with
size 60× 60 pixels.

For the number of crops, we started from the best model ob-
tained from the previous steps, and compared it against multiple
different variants of it, where this parameter is changed. First, we
focused on the optimal number of bigger crops.

As shown in Table 6.5, the best performing models when al-
tering the number of big crops are found when this parameter is
set to 6 or 10. The difference in terms of performance between
these models, however, is less marked, since not all metrics show
the same trend. In particular, while AMI and V-Measure seem
to favour a higher number of big crops, ARI shows an opposite
result. Since the usage ofmore crops increases the time needed to
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Number of crops ARI AMI V-Measure
[2,6] 0.4022 0.6322 0.7005
[6,6] 0.5250 0.7048 0.7591
[10,6] 0.5064 0.7173 0.7694

Table 6.5: Performance for various models using a different number of
bigger crops. In bold, the highest values.

train our model, we selected the lower value of 6 for the number
of bigger crops in our model.

Number of crops ARI AMI V-Measure
[6,6] 0.5250 0.7048 0.7591
[6,10] 0.5368 0.7222 0.7734
[6,14] 0.5169 0.7244 0.7754

Table 6.6: Performance for various models using a different number of
bigger crops. In bold, the highest values.

Then, we considered the number of smaller crops and used
a similar procedure, gradually incrementing the number of small
crops in order to find a reasonable value for this parameter. The
results of this procedure, shown in Table 6.6, mirror to an ex-
tent the ones obtained when evaluating the smaller crops. In
particular, we see a slight improvement across all metrics when
increasing the number of smaller crops from 6 to 10. A further
increase in the number of crops, from 10 to 14, however, does not
yield such a result. Inparticular, once again,AMI andV-Measure
favour a larger number of 14 bigger crops, while ARI favours the
lower value of 10. For this reason, since any increase in the num-
ber of crops is computationally expensive, we opted to choose
the more conservative, lower value of 10 smaller crops.

One other parameter of the model is the number of assign-
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ments, which regulates which crop to use in order to apply K-
Means for each final classification layer. The parameter is spec-
ified as a list, and it works in combination with the number of
prototypes. As an example, we could use the following parame-
ters:

• Number of prototypes [70,70,70];

• Crops for assign [0,1];

In this case, the model uses three output layers, so the final out-
put of themodel is a list of three vectors of 70 elements each (each
element is a cluster or a centroid). K-Means is also applied three
times, one for each layer. The applications of K-Means for each
output layers, then, is derived from the crops by following the list
in order and restarting once it’s over. Therefore, in this example,
the three layers would use centroids and pseudo-labels derived
from applications of K-Means to images obtained from crop 0,
crop 1 and crop 0 respectively. We were interested in knowing
whether using multiple crops for different output layers could
yield an improvement in performance, so we compared our base-
line using one crop for all output layers to one using twodifferent
crops.

Crops for assign ARI AMI V-Measure
[0] 0.5368 0.7222 0.7734
[0,1] 0.3595 0.6102 0.6834

Table 6.7: Performance for various models using a different values for
the “crops for assign” parameter. In bold, the highest values.

As shown in Table 6.7, the application of K-Means to multi-
ple crops results in a marked decrease in performance in our ex-
periments, so we decided to use only one crop from the first set
of bigger ones.
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While this evaluation is by no means exhaustive, it allows us
to choose sensible hyperparameters for the model, which will be
used when assessing its behaviour in a completely unsupervised
setting. Furthermore, these preliminary results show promise
for Sign2Vecc, since in these experiments the usage of a context-
aware component for the loss seems to improve performance.
However, a more rigorous evaluation is required.

6.8 Results and Analysis

Thefirst challenge in the applicationof Sign2Vecc in a completely
unsupervised setting is the impossibility to determine the exact
number of syllabograms that are present in the dataset. For this
reason, we set as an hyperparameter for the number of clusters
in the system to 100, since this is an over-estimate of the number
of syllabograms present a syllabic system. In these experiments,
then, the hyperparameters of the model are the ones discussed in
the previous section, with the number of clusters set to 100 (see
Table 6.8).

An effect of the application the over-clustering of our
dataset, however, is the fact that many small classes are created,
which in turn can have a detrimental effect on the performance
of themodel. This effect, combinedwith the zipfian distribution
of graphemes in the dataset (see Figure 6.2), is problematic when
working in a completely unsupervised setting. For this reason,
we implemented a simple oversampling mechanism, in order to
mitigate the effect of less attested graphemes and over-clustering
on DBSCAN. In particular, we artificially double the size
of the dataset, by replicating each sign in the dataset exactly
twice. Thanks to the augmentation steps used by the model
during training, two augmented versions of an image are always
different. Therefore, we can provide K-Means with the same
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Hyper-parameter Value
Architecture Resnet18

Base Learning Rate 4.8
Batch size (bs) 16
Crops for assign 0

Epochs 100
Feature dimensions (vs) 128

Final learning rate 0.0048
Number iterations before freeze 300000

λc 0.2
HiddenMLP size 2048
Max scale crops [1.0, 0.6]
Min scale crops [0.6, 0.4]
Number of crops [6, 10]

Number of prototypes [100,100,100]
Size of the crops [80, 60]
Start warmup 0.3
Temperature 0.1

Warmup Epochs 10
Weight decay 1× 10−6

Table 6.8: Hyper-parameters for Sign2Vecc

sign twice without the two images coinciding. In a sense, we
are forcing the model to overfit on the data, in order for it to be
able to separate even less frequent graphemes, which is especially
useful when over-clustering. While this would be problematic
in any other setting, we are treating the Cypriot Greek Syllabary
as an undeciphered script and our dataset as the only available
data in this writing system. For this reason, while it would
be great to produce a model that is able to generalize on new
data, the hypothesis is that such data is simply not available.
This procedure, however, produces a trade-off. In our three
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Figure 6.10: Syllabogram “A” in two DeepClusterv2 models. On the
left, a model using no oversampling, on the right one using oversam-
pling. Notice how the signs on the right are separated from other syl-
labograms, but they are also further apart from other similarly shaped
graphemes (E, WA, etc).

dimensional visualizations, in particular, we observed a more
marked separation between groups of signs, but the model
seems less able to retain the relation between different groups of
images (see Figure 6.10), which might hinder some tasks that do
not use clustering.

As discussed in the previous section, the arbitrary choice
of an ϵ value for DBSCAN is problematic and even the elbow
heuristic is not useful when many runs of the same model or
many points are involved. As the first step of our evaluation,
then, the mean values of the clustering metrics across 10 ran-
domly initialized runs for each model are plotted for a wide
range of ϵ values for DBSCAN. The three variants of the model
used are: DeepClusterv2, DeepClusterv2 with oversampling
and Sign2Vecc with oversampling. The results for ARI, AMI
and V-Measure are shown in Figures 6.11, 6.12, 6.13 respectively.

This evaluation, then, shows some interesting trends when
comparing the three variants of models. First, the impact of our
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Figure 6.11: Mean ARI for all three models, for a range of ϵ value.

Figure 6.12: Mean AMI for all three models, for a range of ϵ value

oversampling approach is evident, as the two models using over-
sampling show a marked improvement in performance when
compared with the non-oversampled variant of DeepClusterv2.
Furthermore, Sign2Vecc with oversampling shows the highest
performance when compared with the two DeepClusterv2
models, which suggests that even in a worse-case unsupervised
setting, the usage of context is beneficial to an unsupervised
system for clustering graphemes of ancient scripts.
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Figure 6.13: Mean V-Measure for all three models, for a range of ϵ value

Another interesting pattern emerges from these plots, which
is one of the reasons why using a single value of ϵ for any evalu-
ation can be deceiving. In particular, Sign2Vec is not only more
performant, but it shows a more stable behaviour across a wider
range of ϵ values. The samedifference canbe spotted between the
oversampled variant of DeepClusterv2 and its non-oversampled
counterpart. This property is an interesting one, as in a com-
pletely unsupervised setting it can be difficult to choose the best
value of ϵ a priori, so the fact that our model can tolerate a wider
range of values can simplify any downstream analysis. Another
interesting note is the fact that, while the range of ϵ values shown
always produces the highest values for the three models across
all metrics, it is not clear when applying the elbow heuristic (see
Figure 6.9) that the elbow is close to the best possible value. This
showswhy the choice of ϵ is so problematicwhen relying on such
a heuristic.

While observations about the overarching trends of themod-
els over a range of ϵ values are useful to assess the stability and
usefulness of Sign2Vecc, another approach in the comparison of
the three models regards the metrics that can be obtained by se-
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Model ϵ ARI AMI V-measure
DC2, no oversample 0.05 0.30± 0.02 0.59± 0.02 0.66± 0.03
DC2, oversample 0.06 0.47± 0.02 0.68± 0.02 0.73± 0.01
S2V, oversample 0.08 0.51± 0.04 0.72± 0.02 0.75± 0.01

Table 6.9: Means and standard deviations for all the clustering metrics
of the threemodels, for the best choice of ϵ. In bold, the highestmeans.

lecting the best value of ϵ. In Table 6.9 the mean and standard
deviations of all metrics are reported for all three models across
10 runs, for the best possible selection of ϵ. Using these values,
then, it is possible to perform a one-tailed t-test comparing them,
in order to determine whether the difference between the means
of the metrics is statistically significant (p < 0.05).

Models ARI AMI V-measure
DC2 oversample, DC2 no oversample 1.92 ∗ 10−5 1.21 ∗ 10−4 1.71 ∗ 10−4

S2V oversample, DC2 oversample 0.01 3.60 ∗ 10−5 1.17 ∗ 10−4

Table 6.10: One tailed t-tests comparing the metrics obtained from the
models.

In Table 6.10 the values of two comparisons are shown, one
involving DeepClusterv2 with and without oversampling, while
the other involves Sign2Vecc and DeepClusterv2, both with
oversampling. Comparing the twoDeepClusterv2models, then,
shows that the usage of oversampling produces clusters that have
higher mean ARI, AMI and V-Measure and that the observed
differences between the two models are statistically significant.
When comparing Sign2Vecc and DeepClusterv2, then, we
can conclude that Sign2Vec produces better quality clusters
according to the metrics, and that the differences between the
mean values of the metrics obtained from the two models are
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also statistically significant.
In conclusion, this analysis proves the effectiveness of

Sign2Vecc, which is not only more stable over a wider range of ϵ
values when usingDBSCAN, but it also produces higher quality
clusters for our Cypriot Greek Syllabary dataset. This model is
able to leverage contextual information, and it produces vectors
that better separate graphemes for the Cypriot Greek Syllabary.
In addition to this result, the selection of the hyperparameters
described previously allows us to apply the same models to un-
deciphered writing systems in a real unsupervised setting having
selected the values for themost important parameters. This com-
bination of factors, then, allows us to start considering the usage
of a context-aware model to an open question: investigating the
inventory of signs of Cypro-Minoan. While these results are en-
couraging, each writing system is different and its peculiarities
need to be considered when adapting amodel such as Sign2Vecc.

After the publication of Sign2Vecc, another approach has
been proposed to perform clustering of signs using a variational
autoencoder and a contextual component (Born et al., 2023).
This approach is evaluated using DBSCAN and the obtained V-
Measure is a slight improvement over Sign2Vecc on the Cypriot
Greek sillabary, while using a fraction of the parameters. These
results solidify the importance of the contextual component for
the clustering of signs, as the contextual variants of the approach
produce the best performance, in line with what we observed
for Sign2Vecc.





vii.

Cypro-Minoan

After the experiments on the Cypriot Greek Syllabary, it is now
possible to focus on the application of our unsupervised deep
learning model to Cypro-Minoan. This undeciphered writing
system is characterized by the fact that there is no agreement on
the inventory of signs that compose it. Additionally, the debate
is still open on whether Cypro-Minoan is in fact a single writing
system or whether multiple, similar, writing systems are instead
present. For this reason, the usage of a novel approach based on
machine learning canbeuseful, as theunsupervisednature of our
model allows us to investigate these questions with no prior in-
formation on the script, meaning that our approach is not biased
on any specific hypothesis on Cypro-Minoan.

In order to investigate Cypro-Minoan, then, the first step is
the construction of an adequate dataset, containing drawings
from all the available documents. Then, themodel that was built
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and tested on the Cypriot Greek Syllabary must be adapted to
the peculiarities of Cypro-Minoan. Finally, a new methodology
to analyze instances of possible allography must be devised and
validated. The results of this analysis have been published in
Corazza et al. (2022b).

7.1 The Dataset

Inorder to create a dataset ofCypro-Minoan signs,weused a sim-
ilar procedure as the one used for the Cypriot Greek Syllabary.
In particular, we used scans of sign drawings published in the
two corpora (Olivier, 2007; Ferrara, 2013a) and in other publi-
cations (Hirschfeld, 1999, 2012; Davis et al., 2014; Valério, 2014;
Egetmeyer, 2016; Valério, 2016). The result of this first step is a
dataset composed of 3499 black andwhite images of size 100x100
pixels, from 230 inscriptions. From this number, we excluded 18
inscriptions for which no usable drawingwas published, 5 single-
sign inscriptions which are often considered as marks, as well as
5 object that are unepigraphic or whose status as proper written
documents is doubtful. The next step was the exclusion of signs
that are damaged,which cannot be included in the final dataset as
their shape is incomplete due to fractures or damage on the doc-
ument. In addition to these exclusions, some other documents
were discarded from the dataset:

• The inscription ENKO Atab 001 (##001) that uses the
archaic variant of Cypro-Minoan, also known as CM0.
This inscription differs from the rest of the corpus in
terms of chronology, and the 23 signs attested on it do not
appear anywhere else in the corpus. Since the status of
this archaic variant as a distinct script from the rest of the
Cypro-Minoan inscriptions is not debated, it can safely
be excluded from our analysis;
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• 6 inscription were excluded as they are thought to be
inscribed in the Cypriot Greek Syllabary and not in
Cypro-Minoan. Crucially, some were used in the previ-
ous chapter as part of the Cypriot Greek Syllabary dataset.
The Cypriot Greek Syllabary documents are ATHI Adis
001 (##092), discussed in Egetmeyer (2010), PPAP Mins
001-003 (##170-172), PPAP Pblo 001-002 (##189-190)
discussed in Valério (2016); Ferrara (2012); Duhoux (2012)
respectively.

• The last two signs in inscriptionHALAAbou001 (##088)
whose segmentation is debated.

These exclusions amount to 600 total signs, resulting in
a final dataset composed of 2899 images from 213 inscrip-
tions. As for the Cypriot Greek dataset, we used a naming
scheme that encodes the exact position of the sign within
a Cypro-Minoan document. As an example, the name
CM_ENKO.Atab.002B.r10022d.1_102_.png encodes the
following information:

• CM is shared among all signs from the Cypro-Minoan
dataset;

• ENKO.Atab.002B denotes that the sign is from the
second (002) clay tablet (Atab) from Enkomi (ENKO).
The letter B in 002B denotes the fact that the document
is found on side B of the tablet.

• r10022d.1 denotes the position of the sign in the docu-
ment. In particular, some longer documents in theCypro-
Minoan corpus have multiple portions of text, separated
by lines inscribed in the documents. In this example, the
sign is in the first fragment (r1) and on the 22nd line of
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that fragment (22). The two components of the dimen-
sions are separated by two zeros. Finally, in an effort to
simplify the correspondence between the image and the
source material, we encode the position of the sign in the
linewith respect to the page it is found on in the corpus, so
the string d.01 means that the document is the first one
on the right page representing this line (we use g for gauche
in French, meaning left, d for droite, meaning right).

• 102_ denotes the reading of the sign according to the
reference material where this is found. Notice that, since
Cypro-Minoan is undeciphered, all syllabograms are
transcribed with a numerical code, while for the Cypriot
Greek Syllabary it was possible to use syllables. The _ at
the end of the code for the grapheme is used to denote a
doubtful transcription and it is derived from the reference
material.

Our dataset for Cypro-Minoan contains all categories of
signs that are known for the writing system: syllabograms, two
alleged logograms, numerical signs and punctuation. Out of
the 96 signs identified in Olivier, 95 are present in our dataset,
with the sole exclusion being a doubtful instance of the hapax
sign 083. This dataset, therefore, is representative of the whole
Cypro-Minoan corpus.

It is useful, then, to highlight some of the salient characteris-
tics of the dataset beyond the number of documents and images.
In particular, an interesting aspect is the number of individual
glyphs attested in each archaeological site, shown in Figure 7.1.
Crucially, this figure is very different from a count of the num-
ber of documents in each site, since in Cypro-Minoan very few
documents are very long and constitute a large portion of the
dataset. In particular, the figure shows a very high number of
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signs attested in the Cypriot site of Enkomi, which is also the site
wheremost of the longer clay tabletswere found. BesideEnkomi,
the second most prominent site is Ugarit, on the coast of Syria.
Another significant contribution in terms of number of signs is
from theKalavasos-AyiosDhimitrios site, also found onCyprus.
Finally, the rest of the dataset is from other Cypriot sites.

Figure 7.1: Distribution ofCMsigns in our dataset according to archae-
ological site.

Using the published readings of signs, it is possible to plot the
frequency of the most frequent alleged grapheme in the dataset,
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shown in Figure 7.2. From this Figure, an important aspect of
the Cypro-Minoan dataset is evident, which is the prominence
of sign “DIV”, the sequence divisor.

Figure 7.2: Number of attestations of the most frequent 70 alleged
graphemes in the Cypro-Minoan dataset.

Similarly to what was discussed for the Cypriot Greek
Syllabary, the sequence separator sign is used to separate se-
quences and it always denotes word boundaries. Furthermore,
by comparing the prominence of “DIV” in Cypro-Minoan with
its usage in the Cypriot Greek Syllabary, it is possible to note an
important distinction between the two scripts. In the Cypriot
Greek Syllabary the sequence separator “DIV” is attested 239
times, which is comparable with the second most frequent sign
“SE”, attested 207 times. Meanwhile in Cypro-Minoan, the
sequence separator is by far the most frequent sign, with 466
attestations, compared with the 109 attestations for the second
most frequent grapheme “023”. This discrepancy implies that
the sequence separator was used more frequently in Cypro-
Minoan than in the Cypriot Greek Syllabary, suggesting that
its role as a separator between words is more prominent in the
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earlier script. Therefore, more documents use “DIV” to separate
each individual word in Cypro-Minoan than in the Cypriot
Greek Syllabary. Another interesting aspect is the presence of
the graphemes “P” and “et”, which are also punctuation signs.

In order to further examine the statistical patterns emerging
from the alleged attestations of each grapheme, it is possible to
observe the most frequent grapheme trigrams in the dataset,
shown in Figure 7.3.

Figure 7.3: Number of attestations of the 50 most attested trigrams of
graphemes in the Cypro-Minoan dataset.

Like in the case of the Cypriot Greek Syllabary, the promi-
nence of the word separator and of sequences at the beginning
and end of document is also present in the Cypro-Minoan
dataset. However, as expected from the high number of at-
testations of “DIV” in the dataset, the number of three sign
sequences containing the sequence divider is even higher in
Cypro-Minoan and it constitutes 32 of the 50most frequent sign
trigrams. Including sequences that contain the beginning and
end of documents (denoted with a dash with nothing preceding
or following it in the Figure), as well as the punctuation sign “et”,
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only 7 out of 50 sequences of three signs are composed uniquely
of syllabograms. In Figure 7.4, then, the number of grapheme
trigrams having a given number of attestations in the dataset is
shown. The situation highlighted by this figure is similar to the
one observed for the Cypriot Greek Syllabary, where not many
sequences are attested more than once. Furthermore, due to the
presence of many damaged signs (excluded in the count of tri-
grams) the number of complete sequences are even more scarce
than for the Cypriot Greek Syllabary. This situation, combined
with the prevalence of the sequence divider in the most frequent
trigrams, suggests that the contextual information available
from sequences of three graphemes in Cypro-Minoan is very
limited. On the other hand, the prominence of the sequence
separator allows us to leverage this information, which is useful
to determine the prevalence of each grapheme in word initial
and word final position.

Figure 7.4: Number of grapheme trigrams having a given number of
attestations.s

One final statistic about the dataset regards the length of the
documents, which is a crucial property to consider when exam-
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Figure 7.5: Number of documents containing a certain number of
glyphs.

ining the corpus any undeciphered writing system. The presence
of longer documents, as a matter of fact, can help decipherment
efforts, as it allows a more thorough examination of the patterns
in the transcribed language. We show this property in Figure 7.5,
where the number of documents within a given range of non
damaged signs is shown. Crucially, the number of documents
with a high number of attestations is higher in Cypro-Minoan
when comparing it with the Cypriot Greek Syllabary. However,
the number of inscriptions with less than 5 signs is also higher.

7.2 The tripartite division of Cypro-
Minoan

One of themore debated aspects of Cypro-Minoan is the alleged
division of it in three different subscript, named CM1, CM2 and
CM3, which were supposedly used in order to transcribe differ-
ent languages. This division, first proposed in Masson (1974), is
also adopted in Olivier (2007). The three subscripts are defined
as follows:

• CM1: considered to be the main writing system used in
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Cyprus throughout most of the Bronze age (ca. 1525-1050
BCE). It is thought to be the most prominent of the three
subscript.

• CM2: considered to be a variant of CM1, attested only on
four clay tablet fragments from Enkomi. Due to the al-
leged derivative nature of this sub-script, its usage is sup-
posed to be more restricted.

• CM3: it was described by Masson as a subscript of CM1,
used on the port town of Ugarit, located on the coast of
modern Syria. The distinction from the other variants is
motivated by the idea that it transcribes the Ugaritic lan-
guage. Later, Olivier partially altered this definition to in-
clude all the Cypro-Minoan documents found in Syria.

The main motivation for the division of Cypro-Minoan in three
different subscripts is the presence of signs that are attested in
only some of the groups, suggesting that new graphemes were
created in order to adapt the sounds of different languages.

CM1 CM2 CM3 CM1 CM2 CM3
001 061 . . . . . .
002 . . . 062 . . . . . .
004 063 . . . . . .
005 064 . . .
006 066 . . . . . .
007 . . . 067 . . . . . .
008 . . . . . . 068 . . .
009 069
010 . . . . . . 070
011 071 . . . . . .
012 . . . 072 . . .

Table 7.1: The repertoire of Cypro-Minoan signs across the three sub-
scripts, as proposed by Olivier (2007)
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CM1 CM2 CM3 CM1 CM2 CM3
012b . . . . . . 073 . . .
013 074 . . .
015 . . . . . . 075
017 . . . 076 . . . . . .
019 . . . 078 . . . . . .
021 079 . . . . . .
023 080 . . . . . .
024 . . . 081 . . .
025 082
026 . . . . . . 083 . . . . . .
027 084 . . . . . .
028 085 . . . . . .
029 . . . . . . 086 . . . . . .
030 . . . 087
033 . . . 088 . . . . . .
034 . . . . . . 089 . . . . . .
035 090 . . . . . .
036 091 . . .
037 092
038 094 . . . . . .
039 . . . . . . 095
040 . . . . . . 096
041 . . . . . . 097
044 098 . . . . . .
046 . . . . . . 099 . . .
047 . . . . . . 100 . . . . . .
049 . . . . . . 101 . . . . . .
050 . . . 102 . . .
051 . . . 103 . . .
052 . . . . . . 104

Table 7.1: The repertoire of Cypro-Minoan signs across the three sub-
scripts, as proposed by Olivier (2007)
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CM1 CM2 CM3 CM1 CM2 CM3
053 . . . 105 . . . . . .
054 . . . . . . 107 . . .
055 . . . 108 . . . . . .
056 109 . . . . . .
058 . . . . . . 110
059 . . . 112 . . . . . .
060 . . . . . . 114 . . . . . .

Table 7.1: The repertoire of Cypro-Minoan signs across the three sub-
scripts, as proposed by Olivier (2007)

In particular, Olivier proposed a classification of the signs in
all Cypro-Minoan variants that is composed of 96 total syllabo-
grams, of which only 32 are shared between all the three variants
of Cypro-Minoan (see Figure 7.1). Other graphemes, then, are
not shared across all variants, and some are even unique to one
of the three alleged subscripts.

This hypothesized subdivision of Cypro-Minoan in three
different variants, however, is not universally agreed upon
among scholars and it has been criticized in multiple works
(Davis et al., 2014; Valério, 2016; Valério andDavis, 2017; Palaima,
1989; Ferrara, 2012, 2013b; Valério, 2013). In particular, one of the
main criticisms moved at the tripartite division regard the fact
that very little consideration is given to the different media and
techniques used in the corpus, which can profoundly influence
the shape of the signs. While it is trivial to distinguish two shapes
representing the same phonetic value in deciphered writing
systems (for example, lowercase and uppercase letters in the
English alphabet), this task is more complex when the script is
undeciphered, like Cypro-Minoan. This situation is exacerbated
when dealing with inscribed glyphs, as the techniques used
to inscribe signs on hard materials like stone or metal differ
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significantly with the techniques used on softer materials like
clay. The shape and size of the object might also play a role, and
so can other factors such as the content of the document.

Figure 7.6: The alleged inconsistency in the criteria used to classify signs
070,087,092 when compared with 088, 089 and 090. Image source:
Corazza et al. (2022a)

In addition to these more abstract considerations, some
inconsistencies in the classification of the signs were also
highlighted. As an example, see the situation of signs
070,087,092,088 shown in Figure 7.6. In the cases of signs
070, 087, 092, Olivier uses the same criterion to find the
correspondences between the CM1 variant of the grapheme and
its CM2/3 counterparts. In particular, diagonal lines become
vertical and the overall shape of the glyphs is more similar to a
rectangle. In the case of signs 088, 089, 090, however, although
a similar mechanism seems to be used, which would suggest that
these three glyphs are all allographs, they are considered as three
different graphemes by Olivier.

For this reason, one of the open questions in the study of
Cypro-Minoan regards the presence of allographs that are not
consensual in the literature, as these could serve to reduce the
number of graphemes that are allegedly found only in some of
the variants of Cypro-Minoan.
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One final aspect of the tripartite division of Cypro Minoan
is how this division is represented in our dataset, where damaged
signs have been excluded. In particular, it is interesting to con-
sider the relative size of the three subscripts in the dataset, as well
as the length of the documents within them (see Figure 7.7). It
is clear from the pie charts that there is a great discrepancy be-
tween the number of signs and the number of documents in the
three variants. In particular, CM2 is the largest variant in terms
of number of signs, but it is comprisedonly of three long clay tab-
lets from Enkomi. A similar situation is found for CM3, where
the number of documents constitutes only 4.2% of the total, but
the number of signs in this variant is 10.9% of the total.

Figure 7.7: The relative size of the three variants of Cypro-Minoan in
our datasets. On the left in terms of number of signs. On the right, in
terms of number of documents.

This discrepancy constitutes a crucial distinction between
these three variants. Furthermore, by analyzing the length of
the documents in the three variants (see Figure 7.8) it is clear
that while CM1 and CM3 are composed of both small and
long documents, CM2 comprises only some of the longest
inscriptions in the dataset. This leads to a paradoxical situation,
where, considering only the available data, the CM2 variant is
the largest one in terms of number of signs, despite the very
low number of documents and the fact that it is supposed to be
derived from CM1 and to be of limited use. Crucially, the only
long inscription in CM3 is also a clay tablet, while the rest of the
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CM3 documents are relatively short. Finally, the only other two
inscriptions that are in CM1 and containmore than 100 signs are
two clay cylinders. It is also useful to note that the most attested
type of inscription, entirely contained in CM1, is the clay ball.
This type of inscription is characterized by a very low number
of signs, hence the high number of documents in CM1 with a
very low number of signs.

Figure 7.8: Length of the documents belonging to the three variants of
Cypro-Minoan

Crucially, the imbalance between number of documents and
number of signs in the three alleged variants of Cypro-Minoan
mirrors the same imbalancewhen considering all signs, including
those that are damaged. Additionally, despite the exclusion of a
number of damaged signs from our dataset, the CM3 portion of
the dataset is still significant, as it contains 316 signs, or 10.9% of
the total.
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7.3 From Deciphered to Undeciphered

In the previous chapter, an unsupervised deep learning model
for categorizing signs in ancient writing system was developed,
incorporating contextual information about the sequences
attested in the script. However, this approach was only tested on
the Cypriot Greek Syllabary, in order to evaluate the impact of
contextual information on the performance of the model using
a deciphered writing system. In addition to this, the Cypriot
Greek Syllabary was also used to select some hyperparameters
for the model, since no such selection can be performed on an
undeciphered writing system such as Cypro-Minoan.

Despite the promising results obtained on theCypriotGreek
Syllabary, it is unfortunately not possible to apply the same exper-
imental settings to Cypro-Minoan. The first difference between
the two writing systems is also the more obvious one: while the
Cypriot Greek Syllabary is completely deciphered and we know
it transcribes a dialect of ancient Greek, Cypro-Minoan is unde-
ciphered andwe do not knowwhat language it encodes. Further-
more, whether Cypro-Minoan is a single script or a collection
of closely related scripts is also a contentious matter. For these
reasons, it is not feasible to directly apply a clustering-based ap-
proach to this undeciphered script, as any clustering algorithm
uses an all-encompassing approach, where all the dataset is cat-
egorized. Furthermore, any clustering of the data is bound to
contain errors. In such a situation, then, it would be impossible
to use the result of a clustering attempt, since in Cypro-Minoan
the inventory of signs is not agreed upon, and any errors of this
approach would completely invalidate the procedure, since no
holistic solution can be adopted as-is.

Another crucial difference between the two scripts is the fact
that, while in the Cypriot Greek Syllabary sequences of three
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syllabograms are relatively more frequent, these are relatively
more rare in Cypro-Minoan (see Figures 6.3, 7.3). This suggests
that our contextual component of the model might not be
adequate to deal with the lower number of complete contexts
that are present in Cypro-Minoan. Crucially, the lower number
of sequences of three syllabograms is caused, in part, by the
extensive use of the sequence separator in Cypro-Minoan, to
a higher degree than what is observed in the Cypriot Greek
Syllabary (see Figures 6.2, 7.2). This suggests that, while both
writing systems sometimes use sequence dividers in order to
separate sequences of signs, this practice is more frequent in
Cypro-Minoan. The usage of “DIV”, then, can provide us with
some information about the position of signs in words, since
any sequence separator is surely found between two separate
words. Therefore, the signs preceding and following a divisor
are in word-final and word-initial position, respectively. As a
reminder, the prominence of signs in word-initial and word final
positions is a useful tool in order to detect allography, and it has
been used in the past as one of the methods to decipher other
writing systems such as Linear B.

This information about the presence of sequence separators,
then, can be used to alter our contextual model Sign2Vecc in or-
der to apply it to Cypro-Minoan. In order to distinguish the two
models, we call this version Sign2Vecd, and we define a new task
for the model, which consists in predicting whether the current
sign is a sequence separatorusing the signs on its left and right (see
Figure 7.9). In order to perform this task, the contextual compo-
nent of the model is defined as follows:

Md(Li, Ri) = W (Ms(Li)⊕Ms(Ri)) + b (7.1)

Where:

• Li, Ri are the images found on the left and on the right of
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Figure 7.9: Sign2Vecd, our contextualmodel forCypro-Minoan. It pre-
dictswhether the current signXi is a sequence separator, using only the
signs to its left and right (Li, Ri). The patterns used to highlight the
components of the models denote those that use shared parameters.

the i-th sign in the dataset, respectively;

• Ms is the function that applies theResNet18 and theMLP
to the model, defined in equation 6.4;

• ⊕ denotes the concatenation between vectors;

• W ∈ R2vs×1 is a matrix of parameters, used to project the
2vs dimensional vector obtained from the ResNet18 to a
single value;

• b ∈ R is the bias applied to the final output.

Following the previous equation, then, the model uses the
concatenated vector representations of Li, Ri to output a single
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value, which in turn predicts whether the current sign Xi is a
sequence separator or not. Finally, we can define the contextual
component of the loss as follows:

Hb(Md(Li, Ri), Di) (7.2)

Where:

• Hb is the binary cross-entropy function;

• Di is a binary value, indicating whether the i-th signXi is
a sequence divider.

The complete formula for the model, then, can be expressed as:

L(C,Xi, Li, Ri, Yi, Di) = (1− λc)Hc

(
C

Ms(Xi)

||Md(Xi)||
, Yi

)
+

λc Hb(Md(Li, Ri), Di)
(7.3)

Where:

• C is the matrix of centroids found during the application
of K-Means;

• Yi is the cluster that was found for the i-th signXi during
the application of K-Means;

• Hc is the categorical cross entropy;

• Ms is the non contextual component of the model, as de-
fined in equation 6.4

The resulting model, then, aims to leverage information about
the attestations of each sign in word initial and word final po-
sition in order to determine whether the current sign is a word
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Hyperparameter Value
Architecture Resnet18

Base Learning Rate 4.8
Batch size 16;

Crops for assign [0]
Epochs 100

Feature dimensions 128
Final learning rate 0.0048

Number iterations before prototypes freeze 300000
HiddenMLP size 2048

λc 0.7
Max scale crops [1.0, 0.6]
Min scale crops [0.6, 0.4]
Number of crops [6, 10]

Number of prototypes [100,100,100]
Size of the crops [80, 60]
Start warmup 0.3
Temperature 0.1

Warmup Epochs 10
Weight decay 1× 10−6

Table 7.2: Sign2Vecd Hyperparameters

separator. The only prior information that is used for this pro-
cedure is the classification of the sequence separators, which are
not debated and they are not part of our analysis, since they are
not syllabograms.

In order to teach themodel aboutword initial andword final
signs, however, it is crucial to consider also the signs appearing at
the beginning and at the end of documents. These situations are
common, since the Cypro-Minoan dataset contains a large num-
ber of inscriptions that are very short, like the clay balls. When
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applying Sign2Vecc to the Cypriot Greek Syllabary we opted to
create an artificial context for a sign at the beginning or end of a
document using a random sequence separator from the dataset.
By applying the same procedure to Cypro-Minoan, we obtain
random dividers that represent the beginning or end of docu-
ments. However, it is still necessary to provide the model with
an image to represent that the document has ended beyond the
current sequence separator. For this reason, a completely black
image is provided to the model, representing the beginning or
end of a document. Crucially, then, the virtual sequence dividers
used at the end of documents are considered as normal signs, al-
lowing themodel to consider thewordboundary foundat thebe-
ginning or end of inscriptions. Finally, like for theCypriotGreek
Syllabary, we provide random images with dots, populated using
the Bridson algorithm for Poisson Sampling. The source code
for Sign2Vec and all the experiments that follow can be found
at https://github.com/ashmikuz/sign2vec_d. The full
set of hyperparameters can be found in Table 7.2.

7.4 Character position in words and deci-
pherment

Section 6.2 discussed how the usage of bigrams is sufficient
to decipher simple substitution ciphers and that their usage is
preferrable to using only unigram frequencies. However, in our
modified model Sign2Vecd we opted to only use word dividers
as a source of contextual information, due to the scarce number
of tree sign sequences in Cypro-Minoan. Our model, then, only
learns which signs tend to appear at the beginning, end or in the
middle of words. In order to test the efficacy of an approach
based on this kind of information, a new experiment should be
performed, by using the English translation of “War and Peace”.
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In particular, the book was first divided in two almost identical
parts by using the split unix command. Then, the first part of
the book (plaintext) was used to derive, for each letter, a vector
containing the frequency of the character in initial, middle, final
word position. These vectors are then compiled in a matrix,
like the one shown in table 7.3, where each row represents a
letter in alphabetical order and the columns represent frequency
in initial, middle, final word position. Since we want to avoid
using any information about unigram frequency, the rows of
the matrix are divided by the total sum of their three values, so
that each sums to 1. This way, this method only leverages relative
frequency and can’t knowwhether a letter is more frequent than
another.

Letter Initial Middle Final
a 0.327 0.596 0.0774
b 0.736 0.258 0.007
c 0.350 0.641 0.009
...

...
...

...

Table 7.3: The matrix representing the frequency of each letter in ini-
tial, middle, final positions in words. All the rows are normalized

Thenext step, then, is to apply a simple substitution cipher to
the second half of War and Peace, obtaining the ciphertext. The
ciphertex is then used to obtain another frequency matrix like
the one shown in Table 7.3. Then, a matrix of the distances is
computed:

M = d(i, j) ∀i ∈ Fc, j ∈ Fp

d(p, q) = ||p− q||

Where Fc and Fp correspond to the two frequency matrices for
ciphertext and plaintext, respectively. Eeach cell ofM then rep-
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Figure 7.10: The number of correctly deciphered letters for a given
number of words in the ciphertext

resents the Euclidean distance between the two vectors d(i, j).
Based on this matrix, then, a very naif algorithm can be applied
to produce a decipherment. In particular, we select each time the
lowest-valued cell in thematrix and consider the two correspond-
ing letters as assignments. This step is repeated as many times as
there are letters in the alphabet (in this case 26). These pairs are
then used as a key for decipherment. In Figure 7.10 we show the
number of correctly deciphered letters as a function of the num-
ber of words used in the ciphertext.

While the aforementioned approach is naif and it needs a
long ciphertext when compared with more sophisticated meth-
ods for the decipherment of substitution ciphers, it nevertheless
proves that using only the frequency of letters in initial, middle,
final position in words is sufficient to obtain a decipherment
for simple substitution ciphers. This result is promising for our
Sign2Vecd, since it uses word separators as the only source of
contextual supervision. While this result is valid in principle
for very simple substitution ciphers, more tests need to be
performed to validate the approach used by Sign2Vecd.
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7.5 The paleographic separation in the
scatter plot

Having described our context-aware model for Cypro-Minoan,
the first step in order to assess its effectiveness is to observe the
patterns emerging from the three-dimensional scatter plots ob-
tained from Sign2Vecd and DeepClusterv2. In order to reduce
the effect of the random initialization of parameters over the re-
sults, all experiments are the result of 20models trainedwith ran-
domly initialized weights. The scatter plots, then, are obtained
from the concatenation of the vectors from 20 different mod-
els, obtaining a vector representation for each sign, of size 2560.
Then, t-SNE is applied to the vectors in order to obtain three di-
mensional representations for each sign1.

By observing the two scatter plots, some preliminary analysis
canbeperformedbyobserving the relative positionof signs in the
reduced vector space. By examining these visualizations, we dis-
covered that there exists a separation between all signs inscribed
on clay tablets (Tablet) and signs found on other types of docu-
ments (Other). While Tablet signs are generally found towards
the center of the scatter plot, on the outskirts most of the signs
are tablet signs. This result is very peculiar, as it highlights the fact
that both of our models produce a degree of separation between
the more angular shapes found on tablets, with fewer strokes,
and the signs found on other inscriptions, which generally fea-
ture more diagonal lines andmore strokes. Crucially, while most
of the Tablet signs are part of the alleged CM2 variant of Cypro-
Minoan, CM3 also contains one tablet. The signs found on the
CM3 tablet also tends to behave like CM2, showing our model

1The interactive three-dimensional visualizations for the vectors ob-
tained from both DeepClusterv2 and Sign2Vecd can be found at https:
//corpora.ficlit.unibo.it/INSCRIBE/PaperCM/.
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does not appear to favour a tripartite division of Cypro-Minoan,
instead featuring a more binary distinction based on the type of
support that the signs are inscribed on.

Figure 7.11: The three dimensional scatter plot obtained from
Sign2Vecd, highlighting the apparent separation between signs found
on clay tablets (in darker grey) and signs found on other types of doc-
uments (in light grey).

This result might seem detrimental for any further analysis
of the graphemes in Cypro-Minoan, since even consensual
graphemes are separated in the plot and tend to form either two
distinct groups (see Figure 7.12) or “filaments” from the CM2
variants found on the outskirts to the more central Other signs.
Due to this fact, it is difficult to imagine a successful strategy
that manages to group the signs by proximity, in a similar way to
what a clustering algorithm would do. This separation between
Tablet andOther, however, results from an unsupervised model,
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Figure 7.12: The separation of grapheme 097 in two distinct groups.
On the right, the Tablet attestations, on the left theOther.

where no prior knowledge about the graphemes is provided to
it, with the notable exclusion of the sequence separators. For
this reason, this result constitutes independent evidence for
a paleographic separation of the signs, where the only factor
causing it is a difference in the shape of the signs that depends
on the support that they are inscribed on, independently of the
tripartite division of the script. Additionally, by following a line
that points towards the center of the plot from the outskirts,
it is possible to visually reconstruct a relation between the
Tablet and Other variants of at least some of the consensual
graphemes, showing that our model does not completely lose
the information regarding allography across these subgroups.
If this is indeed the case, it might be possible to devise a system
to find correspondences between these subgroups, in order to
reconstruct allographs that are not consensually agreed upon in
the literature.

7.6 Test for possible mistakes in readings

The three-dimensional visualizations created from the models
also allow an analysis involving some signs that are miscatego-
rized by the author of the sources of the drawings. By using
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the interactive visualization that allows the highlighting of
each individual grapheme using the published readings, it is
possible to spot outliers, which might indicate a mistake in the
published reading of some signs. In these instances, through a
visual inspection, we compiled a list of signs where it is arguable
whether the reading of a sign is correct, in addition to a possible
revision of said reading. In particular, most of the proposed
corrections have already been proposed (Valério, 2016). As an
example of an inconsistency within the classification of some
signs, see Figure 7.13.

Figure 7.13: An example of an incoherent classification involving sign
number 049 and 050. The highlighted sign is categorized as 049 by
Olivier, but its shape appears to be more similar to the other 052 in the
corpus. Image source: Corazza et al. (2022a).

In order to test whether our model independently supports
these readings, a method involving the cosine distance between
signs was used. In particular, given the sign with a possible er-
roneous reading and the proposed correction, all the cosine dis-
tances between the vector representing the sign and other sign
vectors within these two groups are computed. Then, a non-
parametric Mann-Whitney U-test is used in order to determine
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whether the distances between the sign and the proposed correc-
tion are generally lower than the ones with the sign and the pub-
lished reading. Our threshold for statistical significance was set
to p < 0.05, so if the null hypothesis does not hold we apply
the proposed correction to the sign. Finally, since in some in-
stances two corrected readings can be proposed, we first test the
current reading against the two corrections. Then, if both those
tests are successful, we compare the two readings and apply the
one favouredby the statistical test, independently of thep-value.

Inscription (Sign Position)
Published
reading
(source)

Proposed
correction

(Valério 2013,
2016)

Test
Result
DCv2

Test
Result
S2Vd

##011. ENKOAbou 010 (r00.1) 101 (1) 102 1.0 1.0
##011. ENKOAbou 010 (r00.3) 013 (1) 008 2.9× 10−49 2.5× 10−45

##014. ENKOAbou 013 (r00.1) 075 (1) 073 3.4× 10−153 8.2× 10−152

##025. ENKOAbou 022 (r00.3) 008 (1) 013 2.0× 10−70 1.2× 10−78

##026. ENKOAbou 023 (r00.2) 075 (1) 073 1.0× 10−136 1.0× 10−126

##026. ENKOAbou 023 (r00.5) 075 (1) 073 9.7× 10−131 6.3× 10−147

##034. ENKOAbou 031 (r00.2) 095 (1) 096 1.8× 10−36 6.8× 10−26

##046. ENKOAbou 043 (r00.2) 068 (1) 097 4.3× 10−37 1.0
##052. ENKOAbou 049 (r00.2) 068 (1) 097 6.0× 10−63 1.0
##063. ENKOAbou 060 (r00.2) 087 (1) 088 4.1× 10−42 5.5× 10−43

##095. ENKOApes 001 (r00.7) 064 (1) 037 1.0 1.0
##098. KALAArou 001 (r15.4) 070 (1) 087 1.0× 10−183 4.8× 10−166

##108. ENKOAvas 001 (r00.2) 006 (1) 009 4.1× 10−97 8.0× 10−39

##111. ENKOAvas 004 (r00.4) 008 (1) 013 3.8× 10−51 2.8× 10−55

##123. IDAL Avas 001 (r00.3) 068 (1) 097 9.5× 10−84 1.0
##157. MAROAvas 001 (r00.7) 068 (1) 097 1.4× 10−69 0.52
##179. CYPRMvas 002 (r00.4) 008 (1) 013 1.5× 10−66 1.6× 10−47

##194. CYPR? Psce 002 (r00.1) 068 (1) 097 6.6× 10−5 1.0
##207. ENKOAtab 002.B (r1.03d.10) 072 (1) 070 1.1× 10−2 0.97
##207. ENKOAtab 002.B (r1.04d.10) 049 (1) 052 5.4× 10−13 1.40× 10−5

##208. ENKOAtab 003.A (r05d.1) 005 (1) 004 9.8× 10−153 2.5× 10−147

##211. RASHAéti 002 (r00.3) 064 (2) 086 2.5× 10−25 1.9× 10−9

##211. RASHAéti 002 (r00.3) 064 (2) 112 5.8× 10−30 3.1× 10−7

##211. RASHAéti 002 (r00.3) 086 (3) 112 0.08 1.0
##212. RASHAtab 002 (r02.3) 102 (1) 104 3.6× 10−59 9.0× 10−61

##215. RASHAtab 004.A (r08.1) 103 (1) 102 0.20 2.0× 10−13

##215. RASHAtab 004.A (r08.1) 103 (1) 102 3.3× 10−37 6.1× 10−67

##215. RASHAtab 004.A (r08.1) 102 (3) 024 N/A 4.8× 10−78

##215. RASHAtab 004.A (r10.2) 008 (1) 013 3.4× 10−68 3.5× 10−76

##215. RASHAtab 004.B (r12.3) 072 (1) 073 1.2× 10−2 1.0
ADD##229. ENKOMins 004 (r00.2) 027 (2) 025 1.0 1.0

Table 7.4: Tests for incoherent sign labels on the outputs of DeepClus-
terv2 and Sign2vecd. Sources: (1) Olivier (2007), (2): Ferrara (2013a),
(3): Comparison between two proposed corrections, no source
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Inscription (Sign Position)
Published
reading
(source)

Proposed
correction

(Valério 2013,
2016)

Test
Result
DCv2

Test
Result
S2Vd

ADD##233. IDAL Avas 003 (r00.5) 025 (2) 027 1.0 1.0
ADD##237. KITI Avas 021 (r00.1) 006 (2) 102 1.0 1.0
ADD##237. KITI Avas 021 (r00.2) 023 (2) 061 1.2× 10−121 1.4× 10−102

ADD##242. SANI Avas 001 (r00.2) 082 (2) 053 4.5× 10−61 1.7× 10−51

Table 7.4: Tests for incoherent sign labels on the outputs of DeepClus-
terv2 and Sign2vecd. Sources: (1) Olivier (2007), (2): Ferrara (2013a),
(3): Comparison between two proposed corrections, no source

The results of the application of Mann-Whitney U tests for
the correction of possibly mislabeled signs in the dataset are
shown in Table 7.4, for both DeepClusterv2 and Sign2Vecd.
Since 20 randomly initialized runs of each model were trained,
we used all vectors resulting from all runs for the tests. In total, 31
signs were found to be possibly mislabeled, and their published
reading was tested against a proposed correction. In total, 26
corrections were applied using DeepClusterv2, while Sign2Vecd
supported the correction of 20 signs. For all subsequent analy-
ses, we used the corrected labels for the aforementioned signs,
following the results of each model.

7.7 Leveraging the paleographic separa-
tion of signs: the paleographic vector

As discussed in section 7.5, one of the findings of the applica-
tion of bothDeepClusterv2 and Sign2vecd to theCypro-Minoan
dataset was the fact that thesemodels create a separation between
the Tablet signs and the Other signs. However, a relation be-
tween signs in these two subgroups still exists in the scatter plot,
since it is often possible to reconstruct the complete grapheme
by projecting a line from the Tablet variant of a sign towards the
center of the scatter plot, where the Other variant can often be
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found, and vice versa. For this reason, the next step of our analy-
sis was the intuition that, perhaps, it would be possible to recon-
struct this relation in the vector space, using a “Paleographic” vec-
tor. This vector would ideally contain the direction that takes an
Other variant of a sign to its respective Tablet variant. Formally,
the paleographic vector vp is defined as:

vp =
1

N

N∑
i=1

[c(Ti)− c(Oi)] (7.4)

c(X) =
1

|X|
∑
x∈X

x (7.5)

Where:

• N is the number of signs present on both types of docu-
ments that are used to calculate the paleographic vector;

• Ti, Oi denote two sets containing the attestations of the
i-th sign in tablets and in other documents, respectively;

• c(X) is a function that calculates the centroid (mean) of a
set.

As shown in Equation 7.4, the paleographic vector is derived
from a set of graphemes that have attestation in both Tablet
and Other, that are used to compute the average Other→Tablet
direction between the centroids of the two variants of each
grapheme in the two subgroups. If the paleographic vector
successfully encoded the Other → Tablet direction in the vector
space, then, we would expect that:

argmin
i∈[1,|T |]

δ[c(Oj) + vp, c(Ti)] = i′ =⇒ Oj ≈ Ti′ (7.6)

Where:
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Figure 7.14: On the left: the paleographic vector (dashed) is first calcu-
lated from the difference vector (solid) between centroids of signs from
clay tablets and centroids of signs fromother documents. On the right:
the vector is applied to find a correspondence between two variants of
the same grapheme in the two subgroups.

• T is the set containing all graphemes attested on tablets;

• δ a distance metric, in this case the cosine distance;

• ≈ is used to denote the fact that two sets contain attesta-
tions of the same grapheme.

In Equation 7.4, then, by adding the paleographic vector to the
centroid of theOther attestations of a signOj , we obtain another
vector, which can be compared to the centroid of each of the
graphemes that have attestations in Tablet, using the cosine dis-
tance as a metric. If the application of the paleographic vector is
successful, the closest centroid to the vector obtained from the
application of the paleographic vector is exactly the one contain-
ing the Tablet attestations of the same grapheme found in Oj .
A visual example of the calculation and application of the paleo-
graphic vector can be seen in Figure 7.14.
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7.8 Validation of the paleographic vector

In order to be able to use the paleographic vector, it is necessary
to select a set of graphemes, attested in both Tablet and Other,
that are consensual in the literature, in order to calculate the vec-
tor from graphemes that are not problematic. Crucially, these
graphemes can also be used to validate the approach, as it is pos-
sible to try and reconstruct the relation between theirOther and
Tablet variants and measure how many of these relations can be
reconstructed using the vector.

In order to validate the paleographic vector and to calculate
it, then, the following consensual graphemeswereused: 001, 004,
005, 006, 008, 009, 011, 012, 017, 021, 023, 024, 025, 027, 028, 033,
036, 037, 038, 044, 061, 069, 070, 075, 082, 087, 096, 097, 102,
104, 107, 110 (see Figure 7.15).

001 004 005 006 008 009 011
012 017 021 023 024 025 027
028 033 036 037 038 044 061
069 070 075 082 087 096 097
102 104 107 110

Figure 7.15: The set of 32 signs used to construct and validate the pael-
ographic vector.

This set of consensual signs can then be used to construct
the paleographic vector, with the prospect of applying it to non-
consensual allographs. Before applying it to non-consensual allo-
graphs, however, a validation step is necessary, to assess the abil-
ity of the vector to reconstruct Other → Tablet relations in the
dataset. As a validation task, then, we can proceed by exclud-
ing each one of the consensual signs from the construction of
the paleographic vector, and then proceed to apply it to itsOther
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variant, in order to check whether its Tablet variant can be de-
tected. In order to perform a fair assessment of the vector, all
conventional graphemes that have at least 2 Tablet attestations
are candidates to be the closest to the projection obtained using
the paleographic vector.

Sign2Vecc was examined in Chapter 6 and its advantages
over DeepClusterv2 have been proven using the Cypriot Greek
Syllabary. However, for Cypro-Minoan we use a new method
involving the paleographic vector, as well as the new Sign2Vecd
model. For this reason, the validation of the paleographic vector
is performed not only for Sign2Vecd, but also for DeepClus-
terv2, in order to compare their performance on this task. The
2560 dimensional vectors obtained from the concatenation of
vectors from all the 20 runs of each model are used during the
validation.

Model
Top-1

Accuracy
Top-2

Accuracy
Top-3

Accuracy
Top-5

accuracy
DeepClusterv2 0.66 0.75 0.81 0.97
Sign2Vecd 0.69 0.81 0.94 1.0

Table 7.5: Application of the paleographic vector to consensual
graphemesusingbothDeepClusterv2 andSign2Vecd. In bold, the high-
est values.

The full results of the validation using consensual graphemes
are shown in Tables A.1 and A.2 in the appendix, for DeepClus-
terv2 and Sign2Vecd respectively. Additionally, Table 7.5 shows
the Top 1,2,3 and 5 accuracy for both models when applying the
paleographic vector to reconstruct the Other → Tablet relations
for the 32 consensual graphemes. The table shows that the ap-
plication of the paleographic vector results in the reconstruction
of approximately two thirds of the Other → Tablet correspon-
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dences, while the accuracy jumps to more than 80% and more
than 90% when considering the top three candidates, for Deep-
Clusterv2 and Sign2Vec, respectively. Additionally, all the Top
1,2,3 and 5 accuracies favour Sign2Vecd over the DeepClusterv2
model, showing to a greater extent that incorporating contex-
tual information in the model has a positive effect on the appli-
cation of the paleographic vector. In order to further evaluate
the effectiveness of the method it is possible to use an estimate
of how probable it is to obtain the observed results by random
chance. Since DeepClusterv2 obtains a worse performance than
Sign2Vecd, we use the Top-1 accuracy of the former in this evalu-
ation as a worse-case scenario. This estimate can be achieved by
using a binomial distribution over a random variable X as fol-
lows:

P (X ≥ c) =
n∑

k=c

(
n

k

)
pk(1− p)n−k X ∼ B(n, p) (7.7)

Where:

• c = 21 is the number ofOther→Tablet correspondences
where the correct sign is the closest to the projection ob-
tained by applying the paleographic vector;

• n = 32 is the total number of consensual graphemes,
which corresponds to the number of tests performed in
the validation;

• p = 1
64
is the probability of randomly selecting the correct

sign from the 64 signs present in Tablet.

By applying this evaluation to DeepClusterv2, and considering
only instances there the projection obtained using the paleo-
graphic vector is closest to the correct Other sign of the variant,
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we obtain P (X ≥ c) = 1.28 ∗ 10−30. It is also possible to
determine the expected value of this distribution, which is given
by n ∗ p = 32

64
. Therefore, the expected value of the distribution

shows that on average the number of correct correspondences
would be just 1

2
; in other words, this approach would find a

correct correspondence only one half of the times on average.
These probabilistic considerations shows that the positive re-

sults from the application of the paleographic vector cannot pos-
sibly be due to random chance, since the probability of a model
finding 21 out of 32 signs using this method is really low (p =
1.28 ∗ 10−30). Through this validation step, then, the appli-
cation of the paleographic vector has been shown to be viable,
since it is able to reconstruct two thirds of the correspondences
on the consensual signs. Furthermore, the usage of our contex-
tual Sign2Vecd model improves performance when applying the
paleographic vector. For these reasons, it is nowpossible to inves-
tigate some hypothesized allographs using Sign2Vecd, in order to
evaluate whether ourmodel is in agreement with these proposals
or not.

7.9 Testing allography with the paleo-
graphic vector

In Valério (2016) various hypotheses have been put forward
questioning the validity of the tripartite division of Cypro-
Minoan, by implying that some shapes that are considered as
distinct graphemes in the three variants of Cypro-Minoan are
actually allographs. In order to test whether the application of
the paleographic vector supports these hypothesized mergers,
we used two separate sets of tests:

• Type 1: test for signs in complementary distribution. In
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this situation, one of the two hypothesized allographs is
present only in CM1, the other is peculiar to CM2;

• Type 2: tests for the merger of two signs where one is
scarcely attested and present only in CM1, while the other
is present in all subcorpora.

013 (CM1) 078 (CM2)
019 (CM1/3) 079 (CM2)
034 (CM1) 056 (CM2)
039 (CM1) 049 (CM2)
041 (CM1) 010 (CM2)
046 (CM1) 047 (CM2)
050 (CM1) 051 (CM2)
053 (CM1) 054 (CM2)
055 (CM1) 054 (CM2)
064a (CM1) 062 (CM2)
073 (CM1) 076 (CM2)
088 (CM1) 089 + 090 (CM2)
099 (CM1) 064b (CM2) + 100 (CM2/3)

Table 7.6: Pairs of signs for the type 1 tests for signs in complementary
distribution.

For both of these types of tests, then, the goal is to use the pa-
leographic vector to check for correspondences. The tests of type
1 are shown inTable 7.6. Notice that, despite the fact that our vec-
tor uses a correspondence between Other and Tablet, the type 1
tests consider the three subcorpora as a starting point and also in-
clude signs with some tablet CM3 attestations. This is motivated
by the fact that the CM3 variant is relatively scarcely attested and
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it sometime does not mirror the distinction between the shapes
of CM1 to the more squarish ones found in CM2. For this rea-
son, we allowed situations where there are some tablet attesta-
tions of signs that are otherwise only found on CM1, in order
to test for their alleged CM2 allograph by using the paleographic
vector. Some tests include further considerations:

• One of the tests involves 053 (CM1/CM3), 054 (CM2) and
055 (CM3). This situation requires the usage of two differ-
ent tests using the paleographic vector, in particular 053→
054 and 053→ 055. Therefore, two possible test results are
valid.

• The classification of sign 064 is also debated. In particu-
lar, Masson (1974) treated it as two separate graphemes for
the two variants, 064 (CM1) and 064 (CM2). Olivier con-
sidered them as a single grapheme instead. Based on the
position of these signs in words, it has been argued that
the two are indeed separate graphemes, with the following
proposed allographs: the 064 in CM1 (henceforth 064a)
was suggested as an allograph of 062 (CM2); the 064 in
CM2 (henceforth 064b) was hypothesizes to be an allo-
graph of 099 (CM1/3). We tested both of these possible
mergers, by treating 064a and 064b as distinct entities dur-
ing the application of the paleographic vector.

• 089 (CM1), 090 (CM1) are hypothesized to be allograph
and to represent the same grapheme as 088 (CM2). Both
tests for 089→ 088 and 090→ 088 were performed.
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Other sign First 5 Tablet signs ranked by distance
1 2 3 4 5

013 029 074 010 078 040
Cosine Distance 0.32 0.59 0.61 0.65 0.81

019 010 078 029 079 074
Cosine Distance 0.35 0.52 0.55 0.59 0.64

034 049 029 054 010 090
Cosine Distance 0.33 0.39 0.53 0.57 0.61

039 049 040 080 029 054
Cosine Distance 0.41 0.64 0.65 0.67 0.70

041 010 074 029 078 079
Cosine Distance 0.18 0.36 0.65 0.84 0.87

046 079 047 078 080 029
Cosine Distance 0.35 0.36 0.49 0.53 0.57

050 080 056 051 062 049
Cosine Distance 0.10 0.13 0.29 0.33 0.41

053 054 051 049 056 080
Cosine Distance 0.14 0.20 0.24 0.26 0.35

055 054 049 051 056 080
Cosine Distance 0.17 0.37 0.47 0.50 0.58

064a 062 100 090 060 056
Cosine Distance 0.27 0.41 0.47 0.51 0.52

073 076 074 095 062 060
Cosine Distance 0.22 0.34 0.49 0.55 0.61

088 090 089 060 100 010
Cosine Distance 0.20 0.33 0.35 0.54 0.55

099 064b 089 062 060 100
Cosine Distance 0.20 0.23 0.24 0.27 0.31
Table 7.7: Results for tests of type 1 for hypothesized mergers of signs
in complementary distribution. The hypothesized targets are in bold
and with a grey background.
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The tests of type 1 were performed by projecting the vector
from the 13 shapes attested inCM1 and comparing the resultwith
a set of acceptable targets, consisting of signs restricted to the
Tablet subset in our dataset (010, 029, 040, 047, 049, 051, 054,
056, 060, 062, 064b, 074, 076, 078, 079, 080, 089, 090, 466 095,
100). The results of this evaluation are shown in Table 7.7.

The application of the paleographic vector resulted in 8/13
positive matches using the type 1 tests. In order to estimate the
probability of this result being due to randomchance, we applied
the Poisson binomial distribution using the algorithm presented
inHong (2013). The choice of this distribution and not the bino-
mial distribution is motivated by the fact that two of our tests in-
volve two possible targets (088→089/090 and 099→064b/100),
so the probability of a positive result varies for different tests. The
resulting probability for having 8 successful matches or more by
chance is 1.0 ∗ 10−7.

Using the Poisson distribution, is also possible to calculate
the mean of the resulting distribution, by summing the proba-
bility of each successful event pi:

n∑
i=0

pi =
15

20
=

3

4
(7.8)

These values, then, show that the number of matches found
by the paleographic vector cannot be attributed to chance, due
to the low probability of obtaining these results using a random
baseline. In fact, a random baseline would yield a single correct
match only 3/4 of the times, on average. It is also interesting to
note that in the case of the hypothesized merger 088→089/090,
both of the proposed mergers are found as the closest matches
resulting from the application of the paleographic vector. It can
be argued, then, that the model supports both mergers in this
test. Another interesting result involves whether 064a and 064b
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015 (CM1) 078 (CM1/2/3)
085 (CM1) 078 (CM1/2/3)
101 (CM1) 102 (CM1/2/3)

Figure 7.16: Pairs of signs for the type 2 tests involving a shape attested
only in CM1 and a shape attested on all subcorpora.

should be considered as a single grapheme. The application of
the paleographic vector indicates that 064a is closest to 062, while
064b is foundonly in 6th positionwhen applying the vector. This
result appears to support the fact that 064a and 064b should be
considered as distinct graphemes, and that 064a is probably an
allograph of 062, while 064b is probably an allograph of 099.

With respect to the tests of type 2, three hypotheses were
tested, involvingpossiblematches between015,085 and 101 (CM1)
as possible allographs of 021,096 and 101 (CM1,CM2,CM3) re-
spectively (see Figure 7.16). In order to fairly assess these types
of tests, we include all signs attested on clay tablets as possible
targets for the test, in contrast to the more restrictive criterion
used in the type 1 tests for signs in complementary distribution.

The results of these tests, shown in Table 7.8, are largely pos-
itive, since 2/3 of the hypothesized mergers are supported by the
application of the paleographic vector. In this case, we consid-
ered some targets as impossible given a CM1 sign, since they ap-
pear on the same document as the CM1 sign while having a dis-
tinct shape, suggesting that they cannot be allographs of theCM1
sign.

Once again, by applying the Poisson binomial distribution
and considering impossible mergers when calculating the proba-
bilities, we obtain a p-value of 1.7 ∗ 10−3 of obtaining 2 or more
positive matches. Moreover, the mean value of the distribution
is 0.07, meaning that a single positive result would be obtained
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Other sign First 10 Tablet signs ranked by distance
1 2 3 4 5

015 021 029 012 023 028
Cosine Distance 0.13 0.17 0.31 0.39 0.46

085 097 095 096 082 075
Cosine Distance 0.25 0.32 0.32 0.46 0.49

101 104 044 102 110 004
Cosine Distance 0.15 0.22 0.35 0.36 0.41

Table 7.8: Results of the tests of type 2, involving signs attested only
in CM1 and signs attested in all subcorpora. Hypothesized targets are
in bold and with a grey background. Some signs are stricken through
to denote impossible matches, where the CM1 sign and the target are
attested on the same document.

by random chance only 7% of the times. One possible observa-
tion regards the fact that, despite a lower number of tests, the
probability of a single positive result for type 2 tests is lowerwhen
compared with type 1 tests. This discrepancy is motivated by the
fact that we include all signs attested on tablets as targets for this
test, resulting in a higher number of possible targets, which in
turn causes lower probability values for each match. These re-
sults show that, despite a lower number of type 2 tests, the appli-
cation of the paleographic vector results in a number of matches
that cannot be due to random chance.

The combination of Sign2Vecd with the paleographic vector
applied to both type 1 and type 2 tests confirmed 68.75% of the
alleged allographs, which is a figure that is close to the 69% top
one accuracy obtained on consensual graphemes during the vali-
dation step. These results, in addition to their statistical improb-
ability when compared with a random baseline, strongly suggest
that the traditional classification of the CyproMinoan signs can
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be integrated with some allographs, as well as the separations of
064a from 064b.

7.10 Conclusions

The combination of a completely unsupervised model and an
ad-hoc technique that leverages the observed separation between
Tablet and Other sign was successful, since the technique
is able to confirm most of the hypotheses of allography for
Cypro-Minoan. This success results from a model which has no
knowledge of Cypro-Minoan beyond the shape and sequences
of signs that are present in the corpora, while the paleographic
vector uses only consensually agreed upon graphemes, that are
not viewed as problematic in the literature. For this reason, it
can be argued that the results are not biased by any hypothesis
on the structure of Cypro-Minoan, nor on the alleged three
variants CM1, CM2 and CM3.

The application of the paleographic vector, as well as the
observations on the separation of Tablet and Other signs in
the scatter plot also has some interesting implications for the
proposed tripartite division of Cypro-Minoan. In particular, it
can be noted that the division of signs in the scatter plot does not
exactly follow the CM1/2/3 division, since the main differentiat-
ing factor appears to bewhether each signwas inscribed on a clay
tablet or not. Furthermore, the application of the paleographic
vector to alleged allographs confirms approximately 69% of
the hypotheses. These two factors are strong evidence for the
absence of a tripartite division in the form envisioned by Olivier,
since the number of signs that are unique to only one of the
variants was reduced, with the possibility that more allographs
are missing even from this revised version of the syllabary. This
means that the number of graphemes that are unique to each
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variant was at the very least overestimated, which would be
consistent with the idea that Cypro-Minoan is a single writing
system, with a high variation in the shape of signs that is mostly
explained by the different type of support they are inscribed on.

What could not be verified using Sign2Vecd and the paleo-
graphic vector, then, is whether more than one language is tran-
scribed in Cypro-Minoan. In order to determine whether there
is any evidence for this, however, a prerequisite is the finalization
of the sign inventory, combinedwith an analysis of the sequences
present in Cypro-Minoan. This analysis, however, might still be
partial, due to the very limited number of long inscriptions in
Cypro-Minoan, which might not allow any definitive answer on
the presence of more than one language in the corpus. Our ap-
proach, then, can be used as a starting point for any further anal-
ysis on Cypro-Minoan and, while it is not able to prove any lin-
guistic property of the language inscribed in Cypro-Minoan, the
contextual nature of Sign2Vecd does incorporate some of the pat-
terns emering from the sequences of syllables in the language(s)
in the model. For this reason, if the sequences of signs in the
three subcorpora differed significantly, wewould expect the three
groups to be separate in our scatterplots, which is not the case.
Despite this result, our model cannot reach conclusive results re-
garding the possibility that CM was used to record one or more
languages.





viii.

Conclusions

This volume presented the results of the application of compu-
tational methods to two very different kinds of open problems
in the study of undeciphered scripts. In particular, the first
contribution concerns the decipherment of the fraction signs
in Linear A using a combination of constraint programming,
ad-hoc metrics and paleographic considerations. Thanks to this
approach, we produced a proposal for decipherment that is
grounded in the mathematical properties of the fraction system
for most signs, while a few tentative decipherments of other
signs also use some paleographic considerations. This result
shows that the application of more rigorous approaches such
as constraint programming can prove very useful when dealing
with systems numerical notation, where the assignment of
numerical values to signs is bound by very strict rules that can
be expressed as constraints. While this step guarantees that any
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results respect these constraints, it is through the application of
ad-hocmetrics thatmeasure the quality of each possible solution
that we were able to reach our conclusions. To the best of our
knowledge, this is the first attempt at decipherment using such
an approach, and its success could possibly be replicated when
attempting a decipherment of systems of numerical notation
with well defined rules.

The second part of the volume, then, is focused on the devel-
opment and application of an unsupervised deep learningmodel
to the signs ofCypro-Minoan, in order to investigate situation of
alleged allography and to test the hypothesis that Cypro-Minoan
is constituted by three separate scripts. These tests on possible
allographs proved fairly successful, since we were able to recon-
struct relations between alleged allographs by learning a Paleo-
graphic vector that encodes the Other→Tablet direction in the
vector space obtained from the model. This procedure resulted
in an accuracy value of approximately 69% across all experiments,
mirroring some preliminary results obtained during a validation
step. The usage of a completely unsupervised method for the
study of the inventory of signs in an undeciphered writing sys-
tem is, to the best of our knowledge, the first of its kind. Its suc-
cess proves that even a completely unsupervisedmodel can be ap-
plied in a scenariowhere only a scarce amount of data is available.
From this experience, it is also possible to derive some knowledge
onhowtodevelop such systems in the future. Thefirst stepwhen
building a system for undeciphered scripts is the usage of a deci-
pheredwriting system as a proxy, in order to allow the evaluation
of the performance of the system. Ideally, such a script should be
as close as possible to the undeciphered writing system that the
model is targeted at, in order to reduce the procedures need it to
adapt it to the latter. While the twoCypriotwriting systems used
during the development of the two Sign2Vec models are closely



VIII. Conclusions 211

related, a crucial aspect of the development process was the con-
sideration of the peculiar characteristics of each script, whichwas
achieved in this case through invaluable discussions with paleog-
rapherswith extensive knowledgeof these two scripts andCypro-
Minoan in particular. In our experiments, the scarce number of
non damaged sign trigrams in Cypro-Minoan lead to the devel-
opment of a distinct model for it called Sign2Vecd. The careful
consideration of the specificities of each script can then be used
to determine what is the main scientific question that needs to
be answered using which automatic method, since it is presently
unfeasible to build a system that is able on its own to build a per-
fect categorization of an undeciphered script in the graphemes
that compose it. From a computational point of view, then, an
important aspect of our pipeline is the data augmentation that is
used in all themodels, since it is very beneficialwhendealingwith
a very limited amount of data. The usage of visual aids that can
be provided to experts in order to evaluate the vectors produced
by the neural network can also prove an important step, as it can
lead to insight about the behaviour of the system, especially in a
multi-disciplinary team.

In this volume we showed that through a rigorous applica-
tion of unsupervised deep learningmodels, it is possible to derive
crucial insight in openquestions in the field, without subscribing
to any hypothesis on the nature of the scripts a priori. Further-
more, this thesis proves that it is possible and desirable to com-
bine techniques from the fields ofComputer Vision andNatural
Language Processing to produce methods that incorporate both
the statistical patterns that are present in any system of writing,
as well as the graphical representation of each sign. Through this
combination it might be possible to further advance the state-of-
the-art in this field, by adapting these techniques to otherwriting
systemswhile considering their peculiarities. In fact, after the de-
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velopment of Sign2Vecc and Sign2Vecd models and the applica-
tion of the latter to Cypro-Minoan, one of the future prospects
for our methodology is their application in a comparative study
between the writing systems of the Aegean and Cyprus. In par-
ticular, in Valério (2016) a comparative analysis of the signs of
LinearA,Cypro-Minoan and theCypriotGreek Syllabary is per-
formed, in order to derive somepossible phonetic values for these
signs. While this experimenthas not yet beenperformed, itmight
be possible to adapt one of ourmodels and apply it to these three
writing systems in order to assess whether it is able to reconstruct
the correspondence between similarly shaped signs. Since the
chronology of the three systems puts the usage Cypro-Minoan
between the early Linear A and the late Cypriot Greek Syllabary,
it stands to reason that, if corresponding graphemes could be
found in the three scripts and the phonetic values for these cor-
responding graphemes in Linear A and the Cypriot Greek Syl-
labarywere similar or the same, this result could be used to derive
phonetic values for Cypro-Minoan as well.

Thought our experiments on Cypro-Minoan, a revised ver-
sion of the syllabarywas constructed, which includes themergers
between the allographs that were reconstructed using the paleo-
graphic vector. This new version of the syllabary contains less
signs than the one proposed by Olivier and widely accepted in
the literature. For this reason, a possible prospect in the appli-
cation of computational methods to Cypro-Minoan could feasi-
bly start from the symbolic representation of signs in sequences,
where each sign is replaced with the code assigned to the graph-
eme it represents. In this context, itmight be possible to compare
the statistical patterns emerging fromCypro-Minoan with those
emerging in multiple plausible languages, in an effort to attempt
to reconstruct which language(s) the Cypriot script transcribes.

In conclusion, the results of this volume, as well as multi-
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ple contributions from other authors described in section 4.3,
pave the way for new techniques for the study of ancient writ-
ing systems, as well as undeciphered scripts. In particular, while
our contributions regard the decipherment of the Linear A frac-
tion signs and an investigation of the Cypro-Minoan syllabary,
other scholars have successfully applied computational methods
to multiple open problems, including scribal hands attribution,
topic modeling for undeciphered scripts and the reconstruction
of damaged inscriptions. With multiple different methods and
tasks, the application of computational methods to paleography
still shows great potential and the advancements in the field of
natural language processing and computer vision could lead to
new results in the study of ancient scripts.
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Valério, M. (2014). Seven uncollected Cypro-Minoan inscrip-
tions. Kadmos, 53(1-2):111–127.
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Validation Tables for the Paleographic
vector

Other sign First 5 Tablet signs ranked by distance
1 2 3 4 5

001 001 006 005 008 009
Cosine Distance 0.07 0.14 0.39 0.42 0.43

004 005 004 040 006 001
Cosine Distance 0.07 0.13 0.24 0.34 0.47

005 005 006 040 004 001
Cosine Distance 0.05 0.24 0.28 0.34 0.41

006 006 005 001 107 009
Cosine Distance 0.14 0.26 0.33 0.41 0.45

008 008 001 006 097 096
Cosine Distance 0.09 0.28 0.34 0.40 0.48

Table A.1: Validation of CM Other → Tablet paleographic vector for
DeepClusterv2. The correct targets are marked in bold and with a grey
background.



232 Computational methods for undeciphered scripts

Other sign First 5 Tablet signs ranked by distance
1 2 3 4 5

009 009 010 006 027 005
Cosine Distance 0.09 0.23 0.33 0.37 0.38

011 011 012 005 001 008
Cosine Distance 0.33 0.35 0.42 0.44 0.47

012 012 028 029 021 033
Cosine Distance 0.08 0.16 0.41 0.42 0.43

017 049 080 017 052 021
Cosine Distance 0.23 0.24 0.26 0.31 0.37

021 021 029 028 012 023
Cosine Distance 0.15 0.21 0.32 0.33 0.41

023 024 023 021 095 072
Cosine Distance 0.17 0.24 0.48 0.50 0.54

024 024 023 021 033 095
Cosine Distance 0.08 0.24 0.42 0.47 0.49

025 025 074 110 102 068
Cosine Distance 0.09 0.36 0.39 0.45 0.53

027 074 027 010 025 072
Cosine Distance 0.10 0.22 0.30 0.43 0.49

028 028 012 033 010 029
Cosine Distance 0.12 0.15 0.29 0.44 0.51

033 024 023 030 033 021
Cosine Distance 0.22 0.29 0.49 0.50 0.52

036 036 035 038 054 037
Cosine Distance 0.09 0.15 0.28 0.32 0.37

037 037 062 061 059 064
Cosine Distance 0.07 0.12 0.12 0.13 0.15

038 038 035 036 051 054
Cosine Distance 0.19 0.22 0.31 0.39 0.42

Table A.1: Validation of CM Other → Tablet paleographic vector for
DeepClusterv2. The correct targets are marked in bold and with a grey
background.
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Other sign First 5 Tablet signs ranked by distance
1 2 3 4 5

044 044 062 064 061 059
Cosine Distance 0.05 0.18 0.18 0.26 0.27

061 064 062 055 059 061
Cosine Distance 0.17 0.20 0.23 0.27 0.27

069 070 071 076 068 073
Cosine Distance 0.25 0.27 0.27 0.29 0.32

070 073 071 076 070 075
Cosine Distance 0.28 0.35 0.36 0.40 0.44

075 075 087 089 090 070
Cosine Distance 0.06 0.34 0.38 0.39 0.40

082 082 012 028 052 049
Cosine Distance 0.19 0.22 0.27 0.37 0.43

087 087 089 090 091 092
Cosine Distance 0.16 0.19 0.23 0.23 0.29

096 096 095 097 104 068
Cosine Distance 0.08 0.16 0.22 0.41 0.49

097 097 078 096 079 008
Cosine Distance 0.19 0.37 0.44 0.45 0.48

102 104 107 110 102 047
Cosine Distance 0.27 0.39 0.46 0.57 0.60

104 104 052 080 049 004
Cosine Distance 0.45 0.55 0.58 0.59 0.60

107 054 104 052 051 107
Cosine Distance 0.30 0.33 0.43 0.45 0.47

110 104 107 110 044 080
Cosine Distance 0.30 0.45 0.52 0.55 0.64

Table A.1: Validation of CM Other → Tablet paleographic vector for
DeepClusterv2. The correct targets are marked in bold and with a grey
background.
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Other sign First 5 Tablet signs ranked by distance
1 2 3 4 5

001 001 009 006 010 027
Cosine Distance 0.09 0.11 0.28 0.36 0.38

004 005 004 040 044 068
Cosine Distance 0.13 0.16 0.29 0.37 0.37

005 005 040 009 006 004
Cosine Distance 0.10 0.25 0.31 0.35 0.40

006 006 009 005 001 068
Cosine Distance 0.20 0.30 0.34 0.42 0.42

008 008 001 009 006 074
Cosine Distance 0.23 0.29 0.31 0.47 0.50

009 009 001 010 027 059
Cosine Distance 0.05 0.25 0.28 0.31 0.37

011 009 011 012 005 040
Cosine Distance 0.27 0.29 0.36 0.36 0.44

012 012 028 029 021 010
Cosine Distance 0.10 0.26 0.30 0.30 0.30

017 080 049 017 052 056
Cosine Distance 0.21 0.26 0.31 0.43 0.46

021 021 029 012 023 075
Cosine Distance 0.11 0.13 0.35 0.38 0.40

023 024 023 021 028 072
Cosine Distance 0.07 0.20 0.48 0.53 0.53

024 024 023 028 033 021
Cosine Distance 0.04 0.24 0.44 0.45 0.47

025 025 074 072 069 076
Cosine Distance 0.22 0.29 0.44 0.46 0.49

027 027 074 010 025 072
Cosine Distance 0.19 0.19 0.26 0.27 0.49

Table A.2: Validation of CM Other > Tablet paleographic vector for
Sign2Vecd The correct targets are marked in bold and with a grey back-
ground.
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Other sign First 5 Tablet signs ranked by distance
1 2 3 4 5

028 028 033 012 024 027
Cosine Distance 0.09 0.29 0.33 0.37 0.43

033 024 023 033 021 029
Cosine Distance 0.19 0.21 0.49 0.50 0.54

036 036 054 035 033 051
Cosine Distance 0.11 0.15 0.15 0.43 0.45

037 037 062 055 061 059
Cosine Distance 0.07 0.17 0.23 0.24 0.31

038 054 035 049 036 038
Cosine Distance 0.26 0.30 0.31 0.34 0.38

044 044 104 062 107 037
Cosine Distance 0.05 0.15 0.18 0.19 0.29

061 062 087 092 044 061
Cosine Distance 0.17 0.21 0.24 0.26 0.29

069 070 076 069 072 073
Cosine Distance 0.15 0.16 0.20 0.23 0.24

070 070 076 073 069 075
Cosine Distance 0.18 0.25 0.26 0.28 0.31

075 075 076 060 070 069
Cosine Distance 0.04 0.22 0.25 0.28 0.29

082 082 052 049 004 028
Cosine Distance 0.20 0.32 0.40 0.41 0.44

087 087 092 091 090 019
Cosine Distance 0.13 0.14 0.14 0.21 0.29

096 096 095 076 097 104
Cosine Distance 0.10 0.25 0.43 0.45 0.48

097 097 095 096 013 075
Cosine Distance 0.17 0.36 0.37 0.51 0.51

Table A.2: Validation of CM Other → Tablet paleographic vector for
Sign2Vecd The correct targets are marked in bold and with a grey back-
ground.
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Other sign First 5 Tablet signs ranked by distance
1 2 3 4 5

102 102 110 104 044 107
Cosine Distance 0.21 0.21 0.23 0.44 0.46

104 104 044 110 102 004
Cosine Distance 0.20 0.36 0.36 0.36 0.47

107 104 107 044 056 110
Cosine Distance 0.14 0.27 0.34 0.44 0.44

110 104 102 110 044 107
Cosine Distance 0.16 0.27 0.27 0.36 0.41

Table A.2: Validation of CM Other → Tablet paleographic vector for
Sign2Vecd The correct targets are marked in bold and with a grey back-
ground.
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