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Abstract: The writing systems of the Celtiberian and Iberian languages —part
of the Palaeohispanic languages— share a special characteristic: the dual system.
This is crucial for the interpretation of the inscriptions because if it is present, some
graphemes must be read differently. But it is not an evident property; therefore,
this paper proposes the comparison of seven classification systems based on Machine
Learning techniques, both quantitatively and qualitatively, to determine if they can
be useful for historical linguists.

Keywords: Machine Learning, Neural Networks, Palaeohispanic languages, Classifi-
cation.

Resumen: Los sistemas de escritura del celtibero y el ibero, parte de las lenguas
paleohispanicas, comparten una caracteristica especial: el sistema dual. Se trata
de una propiedad crucial para la interpretacién de las inscripciones porque, de estar
presente, altera la lectura de algunos grafemas. Sin embargo, no es una caracteristica
evidente; por lo tanto, en este documento se propone la comparacién cuantitativa y
cualitativa de siete modelos de clasificacion basados en técnicas de Machine Learning

para determinar si pueden ser de utilidad para los linguistas histéricos.
Palabras clave: Aprendizaje automatico, Machine Learning, redes neuronales,

lenguas paleohispéanicas, clasificacion.

1 Introduction

The Palaeohispanic languages are a hetero-
geneous group of languages that were spoken
in the Iberian Peninsula before the arrival of
the Romans. The best attested languages
are Celtiberian, a Celtic language (Beltran-
Lloris and Jordén-Cdlera, 2020), and Iberian,
considered a language isolate although re-
lated to Basque by some authors (Ordunia-
Aznar, 2022). Even though Celtiberian and
the Iberian language are not genetically re-
lated, they share very similar writing sys-
tems, called semi-syllabaries: systems that
employ graphemes for both single phonemes
and (occlusive) syllables.

The original script from which both the
Iberian and the Celtiberian evolved was prob-

ably designed for a language with a differ-
ent phonological system (de Hoz-Bravo, 1986;
Rodriguez-Ramos, 1997; Ferrer-i-Jané and
Moncunill-Marti, 2022); thus, the adapted
script might not have been well suited for
Celtiberian and Iberian. These changes on
the writing system make the phonetic tran-
scription of the Celtiberian words more dif-
ficult, since it is not possible to detect cer-
tain phenomena without prior knowledge,
like muta cum liquida clusters (Beltran-Lloris
and Jordan-Célera, 2020).

Another problem with both the
Celtiberian and Iberian writing systems
is the distinction between voiced and un-
voiced occlusive syllables.  Excluding b-,
which does not have the opposition p- in
Iberian and always uses the same grapheme



as p- in Celtiberian, some texts show a
written difference between the graphemes
representing the voiced syllables d-, ¢g-, and
their voiceless counterparts t-, k-. However,
other texts do not present this distinction.
Therefore, one must know the language in
order to read the words correctly. This
distinction is called the dual system, and
the pairs of variants of the same sign are
called dualities. When both variants appear
in the same text, they are called explicit
dualities (Ferrer-i-Jané, 2021). The latter
are important in determining whether a text
was written using the dual system or not.
Ferrer-i-Jané believes that not only the signs
with known explicit dualities present such
opposition in their voiceness, as did Jordan-
Célera (Jordan-Colera, 2005; Jordan-Colera,
2007). Thus, the absence of explicit duality
in a text does not mean it was not written
taken the dual system into consideration.

The Palaeohispanic languages have not re-
ally had many computational approaches in
the past. Therefore, the field could bene-
fit from the creation of new automated sys-
tems, and the work of linguists could be alle-
viated with regards to the detection of the
dual system in Palaeohispanic inscriptions.
A statement by Ferrer-i-Jané (Ferrer-i-Jané,
2021) serves as inspiration and as the start-
ing hypothesis to create and explore differ-
ent Machine Learning models that detect if
an inscription presents the dual system or
not: “In Iberian, the procedence, chronology
and palaeography can be used as heuristics”.
Therefore, these attributes will be the base
of our experiments, which try to prove the
previous hypothesis empirically and provide
relevant insights.

The paper is structured in four main sec-
tions. The first one includes previous work by
authors regarding Palaeohispanic Languages
in a computational context, as well as works
about poorly attested languages and other
computational techniques. The following sec-
tion describes the sources and the transfor-
mations applied to the data that are used
in the experiments, along with the research
questions that are answered. Afterwards,
the results are shown and discussed. Lastly,
some conclusions are included.

2 Previous work

Palaeohispanic languages are considered
Trimmersprachen, that is, languages with

no native speakers that have only survived
through the records of the people who spoke
them (Untermann, 1980). Therefore, work-
ing with these languages implies little to
no linguistic data depending on the context.
Furthermore, the topic of classifying inscrip-
tions by the presence of the dual system is
still an unexplored area of research. This lin-
guistic mechanism is applicable only to the
Palaeohispanic languages given the unique
writing systems developed in the Iberian
Peninsula; thus, inspiration must be taken
from similar classification projects applied to
other languages, either due to the nature of
the problem in binary classification, the low-
resource nature of the languages, or given the
nature of the data.

Some authors have previously worked on
other Machine Learning projects applied to
the Iberian or the Celtiberian languages, like
Luo et al. (Luo et al., 2021), who intro-
duced phonetic geometry into a mixed gener-
ative system to extract cognates from unseg-
mented text in the Iberian language by using
Basque as support, among others. However,
this field is still vastly unexplored, probably
due to the nature of the languages. Low-
resource languages are a topic of much in-
terest in the research area, since they are
both a challenge and an opportunity to bring
Machine Learning advances to smaller com-
munities. The task of binary classification
in low-resource languages is growing every
year given the goal to bring the models closer
to those communities. The living languages
of the Iberian Peninsula are receiving more
care in this respect, with examples in Gali-
cian (Alonso and Gamallo, 2025) and Basque
(Goikoetxea et al., 2024), and other ancient
languages have received similar approaches,
like Phoenician (Rizk et al., 2021), Latin
(Kase, Hefmdankovd, and Sobotkovd, 2021)
and Kannada texts (Soumya and Kumar,
2014).

3 Data

The main source of Palaeohispanic corpora
for this project is the Hesperia database,
developed under the guidance of Javier de
Hoz, in the Department of Greek Philology
and Indo-European Linguistics at the Com-
plutense University, in Madrid (Estardn-
Tolosa, Orduna-Aznar, and Lujan, 2009).
This webpage offers three main categories of
Palaeohispanic data: epigraphic, onomastic



and numismatic. Despite all of them being
valuable, this project employs only the epi-
graphic data, for these texts are the ones with
annotations for the dual system. This work
uses the dataset described in (Martinez-
Fernandez et al., 2026), which in turn has
been adjusted for the proposed experiments.

Based on the hypothesis of Ferrer-i-Jané,
the main attributes used were the location
where a text was found, the approximate dat-
ing, and the epigraphic text itself, transcribed
into Latin characters. There is no possibil-
ity to work directly with the palaeographical
properties of the inscriptions yet, so the tran-
scribed texts are used instead. Their combi-
nation was tested under six different systems
to determine whether one attribute was in-
dispensable for the performance of the sys-
tem. The location of an inscription is given
as the latitude and longitude coordinates of
the municipality where the inscription had
been found, while the dating attribute is pro-
vided as a tuple (mean, width) based on the
approximate interval of an inscription, all as
float values.

The epigraphic text contains annotations
in an adapted form of the Leiden Conventions
(Salomies and Bodel, 2001; Moncunill-Marti
and Velaza, 2019), where missing or doubtful
parts of the texts, as well as corrections or
restorations, are indicated. Most of the an-
notations have been previously simplified or
removed, although they require extra steps
for the experiments to follow. All the steps
that have been carried out in order to obtain
a clean, usable text corpus are listed next.

1. FALSA and SUSPECTA entries are re-
moved, since they are likely forged in-
scriptions, as well as GRAECA and
LATINA inscriptions.

2. The dual system is only present in the
Iberian Levantino (of Eastern Spain)
and Celtiberian signaries, so other en-
tries are filtered out.

3. Listing items are detected and inscrip-
tions are split to obtain smaller, more
manageable fragments. Some of these
fragments are as long as 449 characters,
while the average is about 19.

4. Null values are filled using the mean for
the location coordinates, and with the
minimum and maximum values for the
dating _min and dating max features,

which are then used to calculate the
missing dating mean and dating width
features.

Experiments have been carried out with a
version of the text with these conventions,
as well as with another version where the
Leiden annotations were completely removed
(e.g. [- — —],+-.), so as to test whether the
change helps in the classification.

The other major modification of the
dataset is performed on the epigraphic
texts. They are given as transcriptions of
the Palaeohispanic semi-syllabic characters,
which may belong to the dual system or to
the non-dual system. However, the tran-
scriptions present a contradiction. The non-
dual inscriptions use “simple” graphemes for
both ¢- and d- syllables, as well as for k-
and g-. On the other hand, the dual inscrip-
tions introduce complex variants to differen-
tiate ¢- and k-, leaving the simple graphemes
for d- and ¢g-. The non-dual inscriptions
(simple graphemes) are always transcribed as
t- and k- while the same graphemes in the
dual inscriptions are transcribed as d- and g-.
Therefore, the same graphemes have different
transcriptions, and the same transcriptions
correspond to different graphemes. To main-
tain the consistency, all the non-dual tran-
scriptions have their ¢- and k- replaced by d-
and g-, as shown in the example in Table 1.
The correct reading of the text is not a prob-
lem in this scenario because the focus of the
task lies with the correct classification within
the dual system. With a clean corpus, the
texts are split into character n-grams, and
mapped into numerical values for neural net-
works. A TF-IDF representation is also pro-
vided for both neural networks and other sys-
tems as supporting features.

NO
DUAL DUAL
Grapheme >< >< >K
Reading ta/da da ta
Transcription ta da ta
Replacement da da ta

Table 1: Depiction of the transcription con-
tradiction in the inscription dataset and the
proposed fix for this document’s experiments.



Lastly, the classification attribute, “dual
system”, is not binary: even though all the
texts are either Celtiberian or Iberian, some
of the signaries employed for writing Palaeo-
hispanic texts do not present this feature and
thus are marked as “NO APLICA” (“DOES
NOT APPLY” in English). Since these in-
scriptions are not relevant and only consti-
tute 1% of all the epigraphic inscriptions,
they are ignored. Thus, this attribute’s
values are either “DUAL” or “NO DUAL”.
Sadly, there is class imbalance in the cor-
pus, as shown in Table 2. This will be ad-
dressed later by assigning class weights to

the instances during the training process as
|D

We = % for every class ¢ € C in the
dataset D.
Dual System | Absolute | Relative
category | frequency | frequency
NO DUAL 1390 72.58%
DUAL 525 27.42%

Table 2: Proportion of instances of the
dataset presenting the dual system or not.

Other categorical attributes are intro-
duced for posterior experiments: material,
medium, and word separators. These values
need to be expressed in integers when tech-
niques such as decision trees are to be ap-
plied, changing into one-hot vectors for the
neural models.

In the end, a dataset comprised of 1915
instances and 8 attributes has been collected
and preprocessed. In the experiments that
require a non-annotated version of the texts,
the inscriptions that end up with less than
3 characters are removed; thus, those exper-
iments are performed with 1789 instances.

4 Experiment Definitions

Stemming from the initial hypothesis, three
research questions have been established,
with an experiment set up for each one. The
first two involve the training and evaluation
of different neural and non-neural models
against different combinations of attributes
to test the initial hypothesis. Meanwhile, the
last one focuses on the qualitative aspects of
the models.

4.1 Experiment 1. Is Ferrer’s
hypothesis plausible?

The first experiment tests different combina-
tions of the three main attributes —location,
chronology, and the text— with several neu-
ral networks architectures, as well as non-
neural models. Afterwards, their accuracy
and binary F1-score results are collected and
compared. Since no previous work has at-
tempted the same classification problem, the
baseline will be considered as performing bet-
ter than always predicting the same, most
common value; therefore, an accuracy base-
line of 72.58% from the “NO DUAL?” class.

The neural architectures considered range
from the most basic to more complex ap-
proaches. However, LLM models such as
Transformers are not used since they require
large amounts of data, which is —sadly— not
the case. The model with the best metrics
scores will become the baseline for further
experiments. The neural architectures are
listed next, while the accompanying Figure 1
summarises the internal structure of the dif-
ferent models.

1. A multilayered perceptron with 1 hidden
layer (MLP).

2. A convolutional network (CNN) to cap-
ture n-gram relationships with a window
of size 3.

3. A bidirectional GRU neural network
(RNN) to capture the sequential nature
of the texts.

4. A stacked encoder architecture with at-
tention (ATT) with a Multi-Head Atten-
tion layer for text self-attention, in one
encoding module.

Each neural layer is composed of 16 neu-
rons for the embedding layers, and 64 neu-
rons for the hidden layers. The Appendix A
offers a comparison in the total parameter
size of the neural models. The hidden lay-
ers use the ReLU function, while the out-
put layer is computed with a sigmoid func-
tion. Training is restricted to 50 epochs and
a batch size of 32, with an Adam optimiser
and a learning rate set to 107%. All the pa-
rameters have been empirically tested, and a
seed with value 42 has been employed for the
replicability of the results. All the models
except the multilayered perceptron employ a
branched architecture: one part of the system
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Figure 1: The multilayered perceptron is the simplest architecture with 1 feed-forward layer.
The convolutional network and the Bi-GRU model share a similar structure, only differing in
one layer. The branched architecture processes the text apart from the other attributes. Lastly,
the Encoder architecture with attention (bottom right) allows a more complex combination of
layers to process the text. The output of the Encoder module can be re-introduced in an attempt

to improve the model’s performance.

processes the text, which is concatenated to
the other non-textual attributes afterwards,
before being passed through a feed-forward
layer and the output function.

Additionally, other non-neural Machine
Learning models have also been employed in
the study, to check whether they provide a
better performance than the neural networks.

1. Decision Tree Classifier (DTC)

2. Random Forest Classifier (RFC)

3. XGBoost Classifier (XGB) (Chen and
Guestrin, 2016)

The non-neural models are fed the same
data as the neural ones, except for the text

attribute, which is only introduced as a char-
acter TF-IDF vector representing the inscrip-
tion. Next, details regarding the configura-
tion of the Machine Learning models are pro-
vided. First, after empirically analysing the
best Decision Tree parameters, a maximum
depth of 8 was chosen, leaving the rest of pa-
rameters as default. Similarly, the number of
estimators for the Random Forest Classifier
was set to 100 while maintaining the previous
Decision Tree configuration. The XGBoost
model is also restricted to a depth of 8.

Finally, data is split into train, validation
and test sets in a 0.8/0.1/0.1 proportion. 10-
fold Cross-Validation is applied during train-
ing.



4.2 Experiment 2. Does performance
improve with more attributes?

The second experiment picks up the thread
of the previous experiment and aims to check
whether adding other unused, categorical at-
tributes such as separators, material, and
medium to the input data improves the met-
rics of the classification systems. The base
case will be the best model tested in Section
4.1 for both neural and non-neural versions,
which will be both retrained and evaluated.
Their results will be compared to the base
case in order to determine if there has been
an improvement.

4.3 Experiment 3. Are qualitative
properties of the inscriptions
useful to detect the origin of
misclassifications?

The last experiment takes a different ap-
proach than the previous ones. Its objec-
tive is to observe and study the properties
of the misclassified inscriptions to determine
the reasoning of the system behind the wrong
assignment of the classes. In order to achieve
that, the following process is set up. First, for
the models created in each fold during Cross
Validation, the whole dataset —including all
the training and test instances— is fed, and
a set of misclassified inscriptions is retrieved.
Then, the errors are studied grouped by these
categories: dual inscriptions with evidence,
dual inscriptions without evidence, and non-
dual inscriptions, so the group that poses a
bigger problem for the classifiers can be iden-
tified. The instances that are always misclas-
sified, independently of the fold, are called
persistent errors. For each of these errors,
their qualitative attributes will be studied to
determine why they happen and if it is the
fault of the data used. Moreover, an expla-
nation is tried to be given as a plausible ex-
planation for the results obtained. Finally,
the importance of the attributes is studied so
as to discover which part of the data is more
valuable for the model’s classification.

5 Results

The evaluation of the experiments described
previously are presented in the following sec-
tion, along a brief discussion.

5.1 Experiment 1. Is Ferrer’s
hypothesis plausible?

The results of the models of this experiment
are averaged from the results of the 10 folds
and collected in Table 3 (accuracy) and Table
4 (binary Fl-score). The standard deviation
is also provided within parentheses. The ab-
breviations of the tables work as follows. The
first column values represent the subdasatet
combination used, describing presence of text
(T), annotated (AT) or not (NAT); of the lo-
cation attribute (L), and the chronology at-
tributes (C), as well as their absence (—T,
—L, —C). The first row depicts the initials or
abbreviation of the model names.

Although Tables 3 and 4 only show 2 dec-
imals, more were taken into account during
the evaluation process. The best accuracy
and F1l-score values are achieved by the XG-
boost model and the Random Forest archi-
tecture, followed closely by the Decision Tree
Classifier model, the CNN architecture, and
the RNN network, the first two with non-
annotated text and both numerical features.
The best dataset combination is NAT,C, L
followed closely by AT,C,L. It is evident
from the results that text is crucial for the
evaluation of the inscriptions. However, the
other two attributes do not seem to have such
an impact, except when the input does not
contain text.

In general terms, only the MLP model
seems to perform worse than the rest. Since
there are 1915 entries in the dataset, each of
the 10 folds containing around 191 entries, a
1% difference in accuracy is equal to only 2
instances. Therefore, we can treat most of
the results of the best models as equivalent.
Surprisingly, no model stands out noticeably;
the main takeaway is that the shape of the
data is crucial for its correct classification. In
this sense, Experiment 3 tries to detect why
this happens. Apart from that, another ques-
tion emerges: whether the results improve by
adding more features to the training dataset.
This is explored in the following experiment.

5.2 Experiment 2. Does performance
improve with more attributes?

The second experiment’s main goal is to test
whether more attributes or their combina-
tion provide better results for the classifica-
tion of Palaeohispanic inscriptions into the
dual or non-dual system. Instead of testing
the same models from the previous experi-



MLP CNN RNN ATT DTC RFC XGB

—T,—C,L | 0.73(0.00) - - - | 0.80(0.04) | 0.80(0.04) | 0.75(0.03)
—T,C,—L | 0.73(0.00) - - - [0.79(0.02) | 0.80(0.02) | 0.76(0.02)
—T,C,L | 0.73(0.01) - - - 0.83(0.02) | 0.84(0.03) | 0.82(0.02)
AT,—C,—L | 0.92(0.03) | 0.94(0.02) | 0.94(0.02) | 0.94(0.02) | 0.93(0.03) | 0.94(0.02) | 0.94(0.02)
AT,—C,L | 0.92(0.02) | 0.94(0.02) | 0.94(0.02) | 0.94(0.02) | 0.94(0.01) | 0.95(0.02) | 0.95(0.02)
AT,C,—L | 0.92(0.02) | 0.94(0.02) | 0.94(0.02) | 0.94(0.02) | 0.93(0.02) | 0.94(0.02) | 0.94(0.02)
AT,C,L | 0.92(0.02) | 0.94(0.02) | 0.94(0.02) | 0.94(0.02) | 0.95(0.01) | 0.95(0.02) | 0.96(0.01)
NAT,—C,—L | 0.93(0.02) | 0.94(0.01) | 0.94(0.02) | 0.94(0.02) | 0.93(0.02) | 0.94(0.02) | 0.94(0.02)
NAT,—C,L | 0.92(0.03) | 0.95(0.01) | 0.94(0.01) | 0.94(0.02) | 0.95(0.01) | 0.94(0.02) | 0.95(0.01)
NAT,C,—L | 0.93(0.02) | 0.95(0.01) | 0.93(0.01) | 0.94(0.02) | 0.94(0.01) | 0.94(0.02) | 0.95(0.01)
NAT,C,L | 0.91(0.02) | 0.94(0.01) | 0.94(0.01) | 0.94(0.02) | 0.94(0.01) | 0.96(0.01) | 0.96(0.02)

Table 3: Comparative table of the average accuracy results by model (columns) and subdataset
(rows). The standard deviation is shown between parentheses. The best results for each model

are highlighted.

MLP CNN RNN ATT DTC RFC XGB

—T,—C,L | 0.84(0.00) - - - 0.87(0.02) | 0.87(0.02) | 0.81(0.03)
—T,C,—L | 0.84(0.00) - - -] 0.86(0.01) | 0.87(0.01) | 0.83(0.02)
—T,C,L | 0.84(0.00) - - -1 0.89(0.01) | 0.90(0.02) | 0.87(0.02)
AT,—C,—L | 0.95(0.02) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.95(0.02) | 0.96(0.01) | 0.96(0.01)
AT,—C,L | 0.95(0.01) | 0.96(0.01) | 0.96(0.02) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.97(0.01)
AT,C,—L | 0.95(0.01) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.95(0.01) | 0.96(0.01) | 0.96(0.01)
AT,C,L | 0.95(0.01) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.97(0.01) | 0.97(0.01)
NAT,—C,—L | 0.95(0.01) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.95(0.01) | 0.96(0.01) | 0.96(0.01)
NAT,—C,L | 0.95(0.02) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.97(0.01)
NAT,C,—L | 0.95(0.01) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01)
NAT,C,L | 0.94(0.02) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.96(0.01) | 0.97(0.01) | 0.97(0.01)

Table 4: Comparative table of the average binary Fl-score results by model (columns) and
subdataset (rows). The standard deviation is shown between parentheses. The best results for

each model are not highlighted due to their similarity.

ment, only one representative of the neural
and non-neural models will be used: the CNN
and the XGBoost model, respectively. These
models were chosen as they had the absolute
best results in the previous experiment, tak-
ing into account more decimals than shown in
the tables. The extra attributes —material,
medium, and separators— will be added to
the best combination of attributes from be-
fore (even if the results are practically equiv-
alent): non-annotated text, chronology, and
location values. Tables 5 and 6 show the com-
parative results in accuracy and binary F1-
score for the two models, respectively. The
nomenclature of the first column represents
the presence of the medium (ME), separators

(SE), and material (MA) attributes, as well
as their absence (—ME, —SE, —MA).

The results obtained are again too close to
each other to determine whether one model
or dataset is better than the other. A 1% dif-
ference still represents about 2 inscriptions,
so they are considered practically equivalent.
Therefore, the addition of these three at-
tributes has not really helped improve the al-
ready high evaluation metrics. Maybe other
attributes are needed, so other similar exper-
iments can be set up. However, it might be
more fruitful to examine the qualitative as-
pects of the results obtained in order to de-
termine whether the missing instances for a
perfect accuracy have an explanation.



CNN XGB

—ME,—SE,—~MA | 0.94(0.01) | 0.96(0.02)
—ME,—SE,MA | 0.95(0.01) | 0.96(0.01)
—ME,SE,—MA | 0.95(0.01) | 0.96(0.02)
—ME,SE,MA | 0.95(0.01) | 0.96(0.02)
ME,—SE,—~MA | 0.94(0.01) | 0.96(0.02)
ME,—SE,MA | 0.95(0.01) | 0.96(0.01)
ME,SE,—MA | 0.95(0.01) | 0.96(0.02)
ME,SE,MA | 0.95(0.01) | 0.96(0.02)

Table 5: Accuracy summary of the CNN and
XGBoost models after adding the medium,
separators, and material features to the sub-
dataset. All the combinations used also have
the base combination NAT,C, L.

CNN XGB
0.96(0.01) | 0.97(0.01)
—ME,—SE,MA | 0.96(0.01) | 0.97(0.01)
—ME,SE,—MA | 0.96(0.01) | 0.97(0.01)
—ME,SE,MA | 0.96(0.01) | 0.97(0.01)
ME,—SE,—MA | 0.96(0.01) | 0.97(0.01)

(0.01) (0.01)
(0.01) (0.01)
(0.01) (0.01)

—ME,—SE,—MA

ME,—SE,MA | 0.96(0.01) | 0.97(0.01
ME,SE,—MA | 0.96(0.01) | 0.97(0.01
ME,SE,MA | 0.96(0.01) | 0.97(0.01

Table 6: Binary Fl-score summary of the
CNN and XGBoost models after adding the
medium, separators, and material features to
the subdataset. All the combinations used
also have the base combination NAT,C, L.

5.3 Experiment 3. Are qualitative
properties of the instances useful
to detect the origin of
misclassifications?

The last experiment takes a more qualitative
approach than the previous tests. It starts
from the base model of the previous ex-
periment, the CNN and XGBoost models
with the data combination NAT,C, L, be-
cause adding the other three attributes did
not seem to improve the results significantly.
The first step consists in examining how
many instances are always classified either
correctly or incorrectly grouped by three cat-
egories: dual instances with evidence (¢ or k),
dual instances without evidence, and non-

Category CNN | XGB | Both (N)
Dual with 402 402 402
evidence (1.00) | (1.00) (1.00)
Dual without 9 62 9
evidence (0.08) | (0.55) (0.08)

1267 | 1252 1244
Non-dual (0.99) | (1.00) (0.99)

1678 | 1716 1655
Total (0.94) | (0.96) |  (0.93)

Table 7: Number of instances that are always
correctly classified by either and both mod-
els. Between parentheses are left the relative
count with respect to the total number of in-
stances in each category.

dual instances. Table 7 offers the absolute
and relative count of persistent successes,
that is, instances that are correctly classified
across all folds. As it can be observed, the
classification of dual instances with evidence
is trivial. On the other hand, the dual in-
scriptions without evidence prove to be the
most difficult to classify for the models, prob-
ably because the texts do not have any clues
to differentiate themselves from the non-dual
inscriptions. Figure 2 shows the number of
instances that are classified incorrectly in at
least one fold grouped by the number of folds,
whose sum corresponds to the difference with
the total in Table 7. The results for each
model are practically opposite; while the XG-
Boost model hardly ever misclassifies a word
in more than one fold, when the CNN model
misclassifies an inscription, it tends to do it
in most folds. Therefore, should a voting sys-
tem be implemented between the folds of the
XGBoost model, the accuracy might improve
with the existing data.

Further evaluations can be performed over
the previous results. For instance, the texts
that have been classified incorrectly at least
once can be examined in order to determine
the cause of their misclassification, whether
it is the model’s fault or the shape of the data
is misleading. To achieve the set of inscrip-
tions with at least one error in both models,
first, the union of misclassifications between
folds is performed, and afterwards, the in-
tersection between the models’ sets is done.
In the end, the analysis is performed over
50 instances, all belonging to the dual class
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Figure 2: The chart depicts the number of in-
stances that have been classified incorrectly
by number of folds in which they have been
misclassified. The dots correspond to the
convolutional network results while the tri-
angles refer to the XGBoost model.

without evidence. Figure 3 summarises the
results, where the inscriptions are categorised
by the conclusion obtained after analysing
them with extra data from Hesperia. The
cross pattern indicates that a category can-
not confirm the dualness of the inscription.
A full itemisation of the categories is found
in Appendix B in the form of Hesperia in-
stance identifiers.

No information available % SR ‘/
Ambiguous 5222? s

Part of evident dual fragment _
Non-syllabic visual clues _

Contradicting gé

Is the inscription really dual?

0 2 4 6 8 10 12 14 16

Number of inscriptions

Figure 3: The graph shows the number of
misclassified instances categorised by the rea-
sons that determine if they are truly dual.
The categories with the cross pattern bar
cannot be confidently determined as dual,
while the categories with filled bars are defi-
nitely dual.

The categorisation of the misclassifica-
tions indicates that one of the main prob-
lems in the prediction of the instances may
be the lack of access to the grapheme reali-
sations within the texts, which usually pro-
vides explicit markers of a text belonging to

the dual system; for instance, ¥ has variants
that are more common in dual texts and vari-
ants that are more common in non-dual texts,
even though the sound is the same. Short
fragments of text that belong to a larger dual
inscription but lack explicit markers are an-
other major problem in the detection of the
dual system. This could be fixed by not split-
ting inscriptions, although it may generate
futher problems if the strings are too long.
The third group of instances are said to be
dual but without providing any details or il-
lustrations to check it, so we have to trust
the authors. The rest of the instances cannot
be confidently determined to be dual, so they
are either an error on the annotator’s side, or
the fact that they are naturally ambiguous
causes the misclassifications.

The problem of classifying instances with-
out evidences may be due to the fact that
the models were trained using more instances
with evidence. To test if training with no evi-
dence allows the model to generalise better, a
new pair of CNN and XGBoost models have
been trained without the instances that show
evidence, but all have been used in testing.
Table 8 depicts the number of instances that
have been correctly classified in every fold,
grouped by the type of inscription, as in Ta-
ble 7. In the end, the CNN model cannot
classify any dual instance, whereas the XG-
Boost classifies 8 and 6 dual instances cor-
rectly, at the cost of less non-dual instances.

Category CNN | XGB | Both (N)
Dual with 0 8 0
evidence (0.00) | (0.02) (0.00)
Dual without 0 6 0
evidence (0.08) | (0.05) (0.00)

1273 1242 1240
Non-dual (0.99) | (0.97) (0.97)

1273 1256 1240
Total 0.71) | (0.70) | (0.69)

Table 8: Number of instances that are always
correctly classified by either and both mod-
els after being trained with only non-evident
instances. The relative count with respect to
the total number of instances in each cate-
gory is left between parentheses.

The final study tries to determine which
feature is given more importance by the mod-
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Figure 4: Feature importance of the last tree
in the trained XGBoost model.

els in order to classify an instance. The se-
lected model is XGBoost because explainabil-
ity follows naturally after this type of struc-
ture. Figure 4 provides an example graph of
the feature importance —by coverage, num-
ber of samples affected by the split on said
feature— of the last tree of the XGBoost
model in one of its folds. All of the folds
show similar results. As it was expected, the
features representing ¢ and £ in the input TF-
IDF vector acquire the greatest importance
in differencing a dual text from a non-dual
one. Remarkably, non-textual attributes are
the following most important features.

6 Conclusions

In this work, a series of 7 models, 4 neu-
ral and 3 non-neural, whose objective is
to classify Celtiberian and Iberian inscrip-
tions in the dual system, are presented.
A first experiment compares the results in
accuracy and the binary Fl-score metrics.
Then, more attributes are included as in-
put values so as to improve the classifica-
tion results of the systems. After a thor-
ough research, given a 10-fold Cross Valida-
tion evaluation, the best results come from
the XGBoost Classifier and Random Forest
Classifier models, with dataset combination
(NAT,C,L,~ME,-SE,-MA), 96% accu-
racy and 97% Fl-score averaged over the
10 folds, followed by the Convolutional Neu-
ral Network (NAT,C,L, ME,SE, M A) with
95% average accuracy and 96% binary F1-
score. Nonetheless, these high metric re-
sults mask one critical problem: only non-
dual and dual inscriptions with evidence can
be confidently classified, and dual inscrip-
tions without markers still entail difficulties

for the models. Lastly, a qualitative analy-
sis was performed to detect the probable rea-
son behind the common misclassifications be-
tween models and folds. A large proportion
of these issues might be solved by working
with the grapheme realisations of the charac-
ters, although there is no available digitalised
corpus and thus it is left as future work.
Not splitting the texts from the inscriptions
might also help improving the metrics. It is
evident that the models learn to rely on the
presence of the t and k characters to classify
an inscription as dual; however, when there
is no explicit evidence, the ambiguity with
respect to non-dual texts affects the results
negatively.

Limitations were prevalent in the study:
The Palaeohispanic languages represent a
very small, fragmented corpus, with a high
class imbalance between the dual and non-
dual inscriptions, and the absence of palaeo-
graphical features restricted the evaluation of
the last element of Ferrer-i-Jané’s hypothe-
sis. Despite the evident difficulty in classify-
ing the dual inscriptions, the trained models
can still be useful by establishing an interpre-
tation of possible dual characters in less time.
In addition, this project can serve as an essen-
tial piece for a Palaeohispanic OCR model,
since it provides clues about how to tran-
scribe the texts if instead of training on tran-
scribed inscriptions, the original characters
(through an arbitrary mapping) were used.
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A Parameter size of neural models by

dataset combination Part of an evident dual inscription:
« AUD.05.02
MLP | CNN | RNN | ATT
_|T7_|C7L 257 B _ _ L] AUD0538a
—T,C,—L 257 - R _ « B.23.01
=T.C,L 385 - - - « HER.02.258
AT, —C,—L | 2753 | 10785 | 43361 | 5873 « HER.02.301

AT —C,L | 2881 | 10913 | 43489 | 6001
AT,C,—L | 2881 | 10913 | 43489 | 6001
AT,C,L | 3009 | 11041 | 43617 | 6129

« PY0.03.02d (.05)
« PY0.03.02f (.07)

NAT,—C,—L | 1857 | 9665 | 42241 | 4753 + V.06.007
NAT,—C,L | 1985 | 9793 | 42369 | 4881 e V.06.012
NAT,C,—L | 1985 | 9793 | 42369 | 4881 . V.07.02

NAT,C,L | 2113 | 9921 | 42497 | 5009

e V.21.01

Table 9: Number of trainable parameters for Non-syllabic visual clues:

each model and dataset combination. The . V.06.017
number of parameters for the RNN is much

higher than the rest. With less parameters « HER.02.254
(neuron units), the results are slightly worse, « AUD.05.05
so maintaining the same number of neurons

in every model was preferred. « PY0.07.33

« PYO0.03.02f (.07)

B Breakdown of misclassified instances

Ambiguous:
by probable motive as Hesperia
identifiers e B.22.02
No information available: e B.44.02
. AUD.05.13 * GL10.15
« AUD.05.20 » GL13.06
e GI.15.21
« HER.02.016 GL15
e GI.15.43
« HER.02.159
e GI.17.05
« HER.02.250
« HER.02.030
« HER.02.283
« HER.02.180
« HER.02.336
« HER.02.324
« HER.02.360A . PYO.01.93
« HER.02.360B . V.06.051
« HER.02.361 . V.06.078
« PYO.01.06
Contradicting:
« PYO.02.18
.« PYO0.07.06 . V.02.02

e V.07.07



