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Human history is bornin writing. Inscriptions are among the earliest written forms,
and offer direct insights into the thought, language and history of ancient civilizations.
Historians capture these insights by identifying parallels—inscriptions with shared

phrasing, function or cultural setting—to enable the contextualization of texts within
broader historical frameworks, and perform key tasks such as restoration and
geographical or chronological attribution'. However, current digital methods are
restricted to literal matches and narrow historical scopes. Here we introduce Aeneas,
agenerative neural network for contextualizing ancient texts. Aeneas retrieves textual
and contextual parallels, leverages visual inputs, handles arbitrary-length text
restoration, and advances the state of the art in key tasks. To evaluate its impact, we
conductalarge study with historians using outputs from Aeneas as research starting
points. The historians find the parallels retrieved by Aeneas to be useful research
starting pointsin 90% of cases, improving their confidence in key tasks by 44%.
Restoration and geographical attribution tasks yielded superior results when
historians were paired with Aeneas, outperforming both humans and artificial
intelligence alone. For dating, Aeneas achieved a13-year distance from ground-
truthranges. We demonstrate Aeneas’ contribution to historical workflows through
analysis of key traits in the renowned Roman inscription Res Gestae Divi Augusti,
showing how integrating science and humanities can create transformative tools

to assist historians and advance our understanding of the past.

The Romanworld was awritten world. Inscriptions were ubiquitousin
publicand private spaces, their communicative power shaped not only
by the written text but also by their physical formand placement?*. Itis
estimated thatabout1,500 new Latin inscriptions are discovered every
year*, ranging from the decrees of emperors to the epitaphs of enslaved
individuals, and preserving precious information on the cultural and
linguistic life of an empire that spanned 5 million square kilometres
and more than 2,000 years>®. The study of these inscriptions, known as
the discipline of epigraphy, faces numerous challenges: letters, words
or entire sections of an inscription may be lost over time, with the full
extent of the missing text often being unknown. High levels of human
mobility, absence of explicit dates and the frequent use of abbrevia-
tions, a hallmark of the Latin epigraphic habit, further complicate our
interpretation of these inscribed artefacts™.

Theresulting tasks of textual restoration, geographical and chrono-
logical attribution (Fig. 1) depend on specialist historians situating
inscriptions within their wider linguistic and historical setting. A key
method for this process of contextualization involves identifying paral-
lels—inscriptions that share similar words, phrases, formulae or broader
social, linguistic and cultural analogies'. Given the far-reaching com-
munication networks of ancient societies, such connections often span

vast geographical and temporal distances. By linking an inscription
to this network of parallel texts and embedding it within its broader
epigraphic culture, historians can refine its interpretation, reducing
reliance on speculative, subjective hypotheses andisolated readings®.
However, this contextualization is time-consuming, labour-intensive
and highly specialized, requiring scholars to compare inscriptions
against potentially hundreds of parallels. This demands extraordi-
nary erudition, long-term knowledge acquisition, access to extensive
library and museum collections, and repeated consultation of reference
works—often using laborious manual searches or string-matching tech-
niques. Consequently, scholars tend to develop regional and chrono-
logical specializations, which can limit theidentification of epigraphic
and historical connections at scale. We address the critical challenge of
contextualizationinancient history and support historians in ground-
ing their work using generative artificial intelligence (Al).

Inrecent years, the study of ancient languages hasincreasingly ben-
efited from machine learning systems, which have advanced arange of
tasks from digitization to decipherment™ ™, with several breakthroughs
inthe epigraphic domain*", Building on this momentum, we formulate
and address the challenge of contextualizing inscriptions asamachine
learning problem. Inaddition, our work is expanded to include two key
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Fig.1|Restoration ofadamagedinscription. Fragmentofabronze military
diploma from Sardinia, issued by the emperor Trajan to asailor onawarship.
113/14 CE (CIL XV1, 60, The Metropolitan Museum of Art, Public Domain).

complementary functions. First, whereas modern epigraphic prac-
tice incorporates physical characteristics—shape, iconography and
material—alongside textual content, Al approaches remain largely
text-centric. Integrating multimodal models that combine textual and
visual datais essential to fully situate inscriptions within their broader
epigraphiclandscape™®. Second, whereas current machine learning
methods have been successfulinrestoring gaps whose lengthisknown™,
the challenge of arbitrary-length restoration—restoring gaps where
the length of the missing text is uncertain (Fig. 1)—has not yet been
addressed for ancient languages®. By prioritizing contextualization,
integrating multimodality and advanced text restoration techniques, we
demonstrate how Al can transform the study of inscriptions, advancing
our understanding of the written cultures of the Roman world.

Contextualizing the past

This work presents Aeneas, a multimodal generative neural network
for contextualizing Latin inscriptions, and sets the state of the artin
the three key epigraphic tasks of restoration and geographical and
chronological attribution. Aeneas incorporates a contextualiza-
tion mechanism, which provides historians with a list of historically
grounded textual and contextual epigraphic parallels to support their
research. To capture a broader spectrum of information concerning
the material dimension of inscriptions, Aeneas integrates bothimages
and transcribed text asinput, andis the first model to generate ancient
text restorations of arbitrary length.

Thename Aeneasisinspired by the wandering hero of Graeco-Roman
mythology: like Aeneas, who journeyed from Troy across the Mediter-
ranean seeking guidance on where to found the future city of Rome,
our model seeks to uncover epigraphic parallels to ground historical
researchandlink the past to the present. Our work demonstrates how
Al can help historians detect previously unidentified parallels, and
increase their confidence in tackling epigraphic tasks. By conduct-
ing an extensive collaborative historian-Al evaluation, we further
showcase the model’s cooperative performance compared with pre-
vious approaches. Finally, weillustrate the model’s real-world impact
as aresearch tool that is fully integrated in historical workflows by
developing a case study in which Aeneas is applied to the study of the
renowned Roman monumental inscription Res Gestae Divi Augusti
(RGDA), authored by the emperor Augustus.

Integrating Latin epigraphic data

Latinisamong the most extensively studied ancient languages, and fre-
quently serves as afocal point for computational linguistics research
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and related competitions®. Despite Latin inscriptions being the most
abundant form of epigraphic evidence from the ancient world, rela-
tively few machine learning studies®?* have focused specifically on
them. We therefore focus on Latin inscriptions, as this gap offers
avaluable opportunity for interdisciplinary research with broader
scholarly impact.

To construct acomprehensive corpus for training Aeneas, we com-
bine three of the most extensive Latin epigraphy databases: the Epi-
graphic Database Roma (EDR) (https://www.edr-edr.it), the Epigraphic
Database Heidelberg (EDH) (https://edh.ub.uni-heidelberg.de) and the
Epigraphik-Datenbank Clauss-Slaby ETL (EDCS_ETL) (https://github.
com/sdam-au/EDCS_ETL). To harmonize these corpora, we developed
a complex pipeline to standardize metadata, and disambiguate and
process texts into a machine-actionable format using their unique
Trismegistosidentifiers (http://www.trismegistos.org). Additionally,
we also source the images of inscriptions from these datasets, when
available. We refer to this processed corpus as the Latin Epigraphic
Dataset (LED), encompassing inscriptions from the seventh century
BCEto theeighth century CE, withageographical coverage ranging from
the Roman provinces of Britannia (modern-day Britain) and Lusitania
(Portugal) in the west, to Aegyptus (Egypt) and Mesopotamia (Iraq)
inthe east. The final LED comprises 176,861 inscriptions (totalling 16
million characters), most of which have damaged sections, and we
were able to obtain corresponding images of 5% of inscriptions. LED
was partitioned into training, validation and test sets on the basis of
thelast digit of the unique inscriptionidentifiers, thereby ensuringan
evendistribution ofimages across the subsets (Extended Data Table1).
Further details on this process are provided in the Methods.

Contextualizing inscriptions with Aeneas

Aeneas takes as input the image of an inscription and its textual tran-
scription (Fig. 2). Its efficient architecture operates exclusively on
characters, avoiding the need for additional word-level representations
implemented by previous approaches'*”. To guide the model, two spe-
cial characters are utilized—'- indicates that the number of characters
torestore is known, whereas ‘#’ signals that it is unknown—and the
inputimageis processed through ashallow vision neural network. The
input textis handled by the model’s core, referred to as the ‘torso’. The
torsois adeep narrow T5 transformer® decoder that is augmented with
relative positional rotary embeddings® to effectively capture textual
information. The outputs of the torso and the vision network are then
directed to specialized neural networks, referred to as ‘heads’, each
tailored to address the three key epigraphic tasks. For handling the
restoration of lacunae of unknown character length, we introduce an
auxiliary head to predict whether more than one character is missing at
any givendecoding step. For the geographical attribution task, Aeneas
outputs a predictive distribution that classifies the target inscription
among 62 Roman provinces. For the chronological attribution task,
Aeneas assigns a dating estimate in decades. For the text restoration
task, Aeneas produces multiple possible restoration hypotheses, gener-
ated using beam search and ranked jointly by probability and length.
Aeneas’ predictions for each task are accompanied by saliency maps¥,
whichidentify the textual and image features that most influenced the
model’s output.

It should be noted that only the geographical attribution head incor-
porates the additional inputs from the vision network—the restoration
and chronological attribution tasks do not use the visual modality.
Thevisualinput was excluded for the restoration task to prevent unin-
tended information ‘leakage’; as parts of the text are artificially masked
without their exact locations in the image being unknown, the model
would exploit visual cues to infer and restore the hidden characters,
compromising the integrity of the task. The visual modality was also
omitted for the dating task because experiments showed no significant
performance gains, probably owing to the model already achieving
near-optimal results.
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Fig.2|Processing of atextual transcription by the Aeneas architecture.
Processing of the phrase Senatus populusque Romanus (‘'The Senate and the
people of Rome’) by Aeneas. Given theimage and textual transcription of an
inscription (with damaged sections of unknownlength marked with ‘#’), Aeneas
uses atransformer-based decoder (the torso) to process the text. Specialized

Asfor the process of contextualizing inscriptions, Aeneas retrieves
alist of the most relevant epigraphic parallels from the training set of
LED. This process relies on historically richembeddings—mathematical
representations that capture the historical and linguistic patterns of
the text, enabling comparisons based on both meaning and context.
To produce these embeddings, Aeneas integrates the intermediate
representations generated between the torso and the heads into a
unified embedding vector. Unlike traditional text embeddings, this
representation is enriched with historical context derived from the
three key epigraphic tasks. This design enables the model to surpass
traditional fuzzy string-matching methods, to include a wealth of epi-
graphic parallels from relevant places and periods, related concepts,
synonymous terms, formulaic variations and analogous epigraphic
practices. Finally, Aeneas scores all potential parallels against the input
text using cosine similarity, ranking them by relevance. This ranked
list, presented to experts alongside geographical and chronological
metadata, provides a valuable starting point for historical research.

Contributing to historical research

To evaluate the potential of Aeneas as a foundational tool for histori-
calresearch, we conduct acomprehensive human-centric evaluation
involving the largest ‘ancient historian and AI’ collaborative study to
date. We incorporate established metrics from previous research on
restoring, placing and dating inscriptions, and also introduce a new
measure to assess the impact of Aeneas’ contextualization mechanism.
This approach allows us to quantify the co-performance of Aeneas
alongside human participants, and assesses historians’ subjective expe-
riences using Aeneas’ parallels to support their predictions across
the three epigraphic tasks. Additionally, we measure the cooperative
performance of human specialists and Alin geographical and chrono-
logical attribution tasks. Finally, we show how Aeneas outperforms the
previous state of the art using automated metrics.

Metrics and synergistic evaluation

To measure the effectiveness of different approaches, we adopt the
evaluation metricsintroduced by the previous state-of-the-art model,
Ithaca®. For the restoration task, we simulate the damage suffered by

networks (heads) handle character restoration, date attribution and
geographical attribution (which also incorporates visual features). The torso’s
intermediate representations are merged into a unified, historically enriched
embeddingtoretrieve similarinscriptions fromthe LED, ranked by relevance.
Photograph of the arch of Titus by T.S.

aninscription by artificially corrupting text segments. Historians were
asked torestore1-10 characters (with the target restoration length dis-
closed), a practical range given the experimental setting and imposed
time constraints. By contrast, Aeneas was challenged to restore 1-20
characters without knowing the target length. Aeneas’ performance
was then compared to that of Ithaca, which was retrained on the LED
to support Latin and the restoration of lacunae of arbitrary length.
Historians and models were also tasked with dating and placing target
inscriptions.

Restoration performance was measured using the character error
rate (CER) and the top-20 accuracy. For geographical attribution, we
measured the top-1and top-3 accuracy among 62 possible Roman
provinces. For dating, we calculated the distance between the predic-
tive mean date and the ground-truth ranges. To assess the impact of
Aeneas’ contextualization mechanism on historical research methods,
we evaluate how many of Aeneas’ retrieved parallels were accepted by
the evaluated historians as relevantand useful to the key tasks. Finally,
as an estimate of the inherent difficulty of epigraphic tasks using tra-
ditional historical methods, we introduce an automated ‘onomastics’
baseline. This baseline simulates how historiansinfer geographical and
chronological indicia from personal names across knowninscriptions.

Evaluating contextualization impact

The “ancient historian and Al’ study involved 23 participants with
epigraphic expertise, ranging from masters students to professors,
who engaged with Aeneas in an experimental simulation of real-world
research workflows under a time constraint.

The evaluation is split into three stages. In each stage, participants
aretasked with restoring, datingand placing a set of inscriptions drawn
fromasubset of 60 inscriptions in the LED test set. To assist with their
workflow, historians are given access to the LED training set, which
includes141,000 inscriptions and associated metadata (date and place
of writing), enabling them to manually search for parallel texts and
record any inscriptions they found useful for completing the tasks. In
stagel, eachhistorianis assigned five targetinscriptions to assess their
solo performance onthe three epigraphictasks and establish abaseline.
Instage 2, for each target inscription, historians are provided with ten
parallels retrieved by Aeneas from the LED training set and asked to
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Table 1| Historians’ performance on epigraphic tasks with varying levels of Aeneas support

Method Restoration Province Datedistance v Confidence* Researchstart® Parallelsadded
10-character CER ¥ Top-11 Top-31 (years)

Onomastics - 13.7% 23.5% 304 - -

Historian 39.0% 27.0% 42.0% 31.3 49.5% -

Historian with Aeneas parallels 33.9% 36.7% 56.7% 211 61.1% 75.0% 1.48

Historian with Aeneas parallelsand  21.4% 68.3% 78.3% 141 70.0% 90.0% 1.58

prediction

Aeneas 23.1% 66.7% 73.3% 12.8 - -

Historians’ performance on three epigraphic tasks (restoration, geographical attribution and dating) using 60 inscriptions from the LED test set. Tasks were performed independently, then
assisted by Aeneas’ parallels (historian with Aeneas parallels) or by its parallels and predictions (historian with Aeneas parallels and prediction). Metrics include restoration (CER, lower is
better), geographical attribution (top-1and top-3 accuracy), dating (distance in years), historian’s confidence, use of Aeneas’ parallels as research starting points, and the number of parallels
used. Arrows (1 and V) indicate the direction of optimal performance for each metric. The highlighted values indicate the top performing method.

complete the tasks again. This stage is crucial for measuring how con-
textual parallelsinfluence historians’ working hypotheses. Historians
areinvited torevise their list of manually retrieved parallels as needed,
incorporating any Aeneas-retrieved parallels they found useful. In stage
3, historians are given Aeneas’ restoration and attribution predictions
for the target inscriptions to isolate their impact on the historians’
predictions. All experts completed stage 1, and subsequently foreach
inscription they were assigned to stage 2 or stage 3 in an alternating
sequence: the rationale behind this designis that Aeneas’ predictions
alone would significantly influence human performance metrics, but
they would lack the relevant contextual grounding provided by epi-
graphical parallels. To explore this further, we also ask historians to
score their confidence and report on their experience using Aeneas
inafinal survey at each evaluation stage.

Our evaluation showed that historians incorporated an average of
1.5 additional parallel inscriptions provided by Aeneas to their own
manualselection of parallels (1.48 for ‘historian with Aeneas parallels’
and 1.58 for ‘historian with Aeneas parallels and prediction’; values
ranged from O to 6, median:1;interquartile range: 0-2.5). Inthe survey,
historians agreed that parallels generated by Aeneas enhanced their
contextual understanding and interpretation of the target inscrip-
tions. More specifically, when provided with Aeneas’ parallels, histo-
rians reported that these could serve as a starting point for historical
inquiry 75% of the time. Thisincreased to 90% when Aeneas’ predictions
for the three epigraphic tasks were also included. Moreover, Aeneas’
parallelsboosted historians’ confidence by an average of 23%, with an
additional 21% increase when Aeneas’ predictions were also available.
These figures effectively demonstrate the significant role of Aeneas’
retrieved parallels in the historian’s workflow.

We also gathered qualitative feedback from participants on their
subjective experience using Aeneas, with historians consistently
emphasizing the value of Aeneas’ contextualization mechanism in
accelerating research and expanding the range of relevant parallels for
the epigraphic tasks. For instance, one evaluated historian noted that
“The parallelsretrieved by Aeneas completely changed my perception
ofthe (evaluated) inscription. 1 did not notice details that made all the
differenceinbothrestoring and chronologically attributing the text.”

Similarly, another reported: “The help of parallel inscriptionsis great
forunderstanding the type of inscription of fellow soldiers setting up
inscriptions, whereas my own search became more narrow zoning in
onasetofinscriptions from Noricum. [Aeneasis] a nice parallel tool.”

Finally, theimpact of Aeneas on the speed and efficiency of research
was repeatedly highlighted—for example: “The parallels retrieved by
Aeneas completely changed my historical focus.[...] it would have taken
me a couple of days rather than 15 min [to find these texts]. Were I to
base historical interpretations on these inscriptions’ readings, now |
would have days to write and frame the research questions rather than
finding parallels.”

Extended feedback by historians is available in the Methods.
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Interms of overall accuracy across the three epigraphic tasks, Table1
highlights the synergy between evaluated historians and the Aeneas
model. For therestoration task, historians alone achieved a CER 0f 39%,
which improved to 33% with the aid of Aeneas’ parallels, and further
dropped to 21% with Aeneas’ predictive input, outperforming the solo
performance of the model. These results suggest that the historians’
performance was significantly enhanced when they used Aeneas’ paral-
lels and predictions. For the geographical attribution task, historians
independently achieved 27% top-1accuracy and 42% top-3 accuracy.
With Aeneas’ retrieved parallels, both metrics saw a 35% improve-
ment. When Aeneas’ predictions were also available, top-1accuracy
improved to 68%,a152% increase, thereby surpassing the performance
of Aeneas alone. For dating accuracy, historians averaged 31.3 years
from ground truth date ranges, closely aligning with the onomastics
baseline (established as a proxy for experts’ traditional methods). Per-
formance improved by 32% with Aeneas’ contextualization support
and by another 32% when Aeneas’ predictions were provided, reducing
the distance from ground truth date ranges to14.1years, approaching
Aeneas’ 12.8-year performance. All comparisons between historians
working solo and with Aeneas’ parallels and predictions show statisti-
calsignificance (permutation test; restoration: P < 0.01, geographical
attribution top-1: < 0.0009 and top-3: P< 0.001, dating: P < 0.014).
These findings demonstrate that Aeneas’ contextualization mechanism
couldserve asastarting point for historical inquiry, boosts historians’
confidence, and allows them to focus on evaluating predictions rather
than manually compilinglists of potential textual analogies. The great-
estsynergisticimpactis observed when contextual information from
retrieved parallelsis provided alongside Aeneas’ predictive hypotheses.

Breaking new ground in epigraphy

For the comparisonin performance between Ithaca and Aeneas:inall
evaluations described in Table 2, Aeneas consistently outperforms both
the onomastics baseline and Ithaca, thereby demonstrating the effec-
tiveness of Aeneas’ architecture. When the restoration character length
was provided, Aeneas achieved a CER 0f 40.5% and a top-20 prediction
accuracy of46.5%. However, Aeneas is designed to handle restorations
of unknown length, whichis crucial for real-world applications, where
the damage suffered by aninscription may be extensive and the number
of missing charactersis unknown. Even with this added complexity, the
CERfor segments of unknown length was only 15% higher. For geograph-
ical attribution, Aeneas achieves 72% accuracy in predicting the correct
Roman province of origin. This task includes a multimodal aspect,
incorporating images as input, thus highlighting the importance of
the visual modality, which outperformed the text-only modality. Inthe
chronological attribution task, Aeneas dates texts within an average of
13and amedian of zero years from the ground-truth ranges provided by
historians. A detailed performance analysis per decade and per region
is available in Extended Data Figs. 3-6. The reported results between
Aeneas and Ithaca are also statistically significant (permutation test,



Table 2 | Automated performance comparison with previous literature on epigraphic tasks

Method Restoration fixed length Restoration 20-character Restoration 20-character Province (Vision) Date distance ¥ (years)
CERV top-20 1 top11 top 31

Onomastics - - - 17.9% 30.9% 51.3

Ithaca®™ v 43.5% 44.2% 61.3% 75.3% 141

Aeneas v 40.5% 46.5% 72.3% 83.9% 134

Aeneas x 66.1% 32.7% 72.3% 83.9% 134

Comparative performance of Aeneas and baseline models on the LED test set across three key epigraphic tasks. Unlike the previous state of the art, which operates under fixed restoration lengths,
Aeneas demonstrates flexibility by handling both fixed and unknown restoration lengths. Arrows (1 and V) indicate the direction of optimal performance for each metric. The highlighted values

indicate the top performance method.

restoration: P < 0.0001, geographical attribution top-1: < 0.0001 and
top-3: P<0.0001, dating: P < 0.0005).

Evaluating Aeneasinthe real world

Grounding the Res Gestae Divi Augusti

Toillustrate how Aeneas may be integrated into historical workflows,
bridging traditional methods with state-of-the-art generative models,
we used it to analyse the Monumentum Ancyranum, one of the most
importantinscriptions of the ancient world. Itisinscribed on the walls
of the Temple of Rome and Augustus in Ancyra (modern Ankara), and
preserves the text of the RGDA. Famously described as the “queen of
Latin inscriptions”, the RGDA records the account of his life com-
posed by Augustus, first Roman emperor. Authored in Rome and copied
across the Empire (epigraphic copies survivein modern Turkey, among
which the Monumentum Ancyranum is the most complete), it details
Augustus’ achievements, hisimpact on the Empire and beyond, and the
monumental transformations that he led. The RGDA is afundamental
source for understanding imperial ideology in Augustan Rome®. An
expert historian on our team examined Aeneas’ predictions and par-
allels for the RGDA, working together with our model. Our resulting
study focuses on analysing Aeneas’ textual and contextual parallels,
saliency maps and predictions for the attribution of this text. Our aim
was to examine how Aeneas would cope with the complexities around
thisinscription’s dating and provenance (theidiosyncrasies of the text
are discussed further in the Methods).

Our first finding was that Aeneas’ chronological attribution of the
full text of the RGDA reflects prevailing scholarly hypotheses, with a
distribution exhibiting a strong bimodal pattern (Fig. 3a). The distribu-
tion shows amodest peak around 10-1BCE and a higher, more confident
peak spanning 10-20 CE. A closer examination of the model’s predic-
tions for each chapter of the RGDA reveals that Aeneas is not misled by

the many consular dates mentioned in the text, which are unrelated to
its date of composition. Instead, the model’s dating predictions appear
tobedriven by granular linguistic information. Indeed, closer scrutiny
of Aeneas’ saliency maps for each RGDA chapter reveals that Aeneasis
highly receptive to chronologically significant features, such as archaiz-
ing Latin orthography, linguistic formulae, references to historically
specificinstitutions, monuments and personal names. For example, in
the Heading paragraph, Aeneas’ saliency map highlights the spelling
of the word aheneis, which generally shifts to aeneis only in the first
century CE. Aeneas also picks up on historically specific Latin institu-
tions: for example, the title princeps iuventutis (chapter 14) was first
awarded in 5 BCE to Gaius Caesar (Augustus’ grandson). Monuments
also function as chronological indicia, as illustrated by the Altar of
Augustan Peace, commissioned by the Roman Senate in13 BCE to hon-
our Augustus’ return to Rome after an absence of 3 years. This monu-
mentappearsasanareaofinterest on Aeneas’ saliency maps for chapter
12. Most notably, the saliency map highlights many words in chapter 32,
in which many distinctive non-Roman personal names appear, which
belong to specific chronological contexts. Just as a trained historian
would note these features, Aeneas’ saliency mapsindicate the model’s
attention tosuch markers (afull list of orthographic shifts and historical
referencesis made available in Extended Data Table 2).

These observations are further supported by an analysis of Aeneas’
parallels for this inscription. The top-five parallels are all texts com-
posed in Rome, even though the geographical findspots of the actual
inscriptions are diverse. Among them are two inscribed copies of the
Valerian Aurelian law of 19 CE, issued by the Senate to honour Germani-
cus (Tiberius’ heir). The surviving fragments found in Rome and the
Spanish copy of the decree appear among Aeneas’ complete list of paral-
lels for the RGDA (Corpus Inscriptionum Latinarum (CIL) V1, 40348-TM
262102; AE1984, 508-TM 224627). The language used by the Senate
in decrees honouring members of Augustus’ family adopted features

a b
Aeneas max (15 c)
Aeneas distribution Roma
20
Baetica
K 154
2
3 Etruria
©
8 104
o
Lugdunensis
5
Umbria
0 T T T T T T T T f T T T 1
25 BoE 1cE 25ce 50ce 75ce 100ce 125ce 150ce 0 10 20 30 40
Date Probability (%)

Fig.3|Aeneas’ hypotheses for attribution of the RGDA, aggregated across
its35chapters. The top-5parallelsretrieved by Aeneaswere TM 262102, TM
558342, TM 224699, TM 535818 and TM 273657. Owing to length limitations,

each chapter was processed individually. The resulting distributions were then
averaged acrossall chapters. Wereport the maximum value from this averaged
distribution, asitis less susceptible to noise arising frominter-chapter variance.
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of Augustan imperial ideology, displaying strong verbal and contex-
tual similarities to the RGDA. Other texts identified by Aeneas show a
tendency to use archaizing orthography (a feature of Roman public
legal documents), similarly to the RGDA, and just under half are public
texts issued by Senate or emperor. This suggests that the geographi-
cal provenances of parallel inscriptions identified by Aeneas (Rome,
Trento, Baetica and Ercolano) are secondary to their shared function
as expressions of imperial political discourse. This commonality, cap-
tured by Aeneas’ parallels, explains their similar textual and contextual
features. The epigraphic dissemination of these texts illustrates the
spread of Roman imperial ideology beyond Rome.

In sum, this case study demonstrates the capabilities of Aeneas as
an assistive tool in historical workflows. Its results align well with the
insights of aworld-class expert on the RGDA, who noted the parallels,
attribution and granularity of Aeneas’ saliency maps. By systemati-
cally analysing diachronic and linguistic patterns, Aeneas not only
supports but also complements traditional historical dating and
parallel-finding methods, providing a transformative tool forin-depth
historical analyses.

Retrieving parallels across the Roman Empire

We also tested the effectiveness of Aeneas’ contextualization mecha-
nismon arepresentative inscription of a well-attested type, selecting
asacasestudy avotive altar from Mogontiacum (Mainz), CIL XIII, 6665
(TM 211813, HD54789). Dedicated in 211 CE by the beneficiarius consu-
laris Lucius Maiorius Cogitatus, the altar honours the Deae Aufaniae
and Tutelae loci, reflecting common military devotional practices in
the Western provinces®. Aeneas’ predictions successfully situate the
inscription within this broader epigraphic habit, with a dating esti-
mate (214 ck, within the expected range) and geographical attribu-
tion (correctly placing the stone in Germania Superior, with related
alternatives in Germania Inferior and Pannonia) that align well with
historical expectations. The saliency maps highlight the consular dat-
ing formula and the invocation of the Deae Aufaniae, showing that
Aeneas is homing in on the details that a historian would recognize
as diagnostic markers of date and provenance. The model also effec-
tively restores damaged text sequences with contextually appropri-
ate predictions, demonstrating its capacity for nuanced epigraphic
reasoning.

Evenmore striking is Aeneas’ top parallelidentification for this text:
another votive altar, dedicated in 197 CE by beneficiarius lulius Bellator
and found near the same location in Mainz (FM 07-055 no. 16). This
altar shares rare textual formulas and anidenticaliconographical type
with Cogitatus’ dedication, supporting the hypothesis that the later
inscription was directly influenced by the earlier one. Aeneasretrieves
this parallel alongside other inscriptions from Germania and Pannonia,
allof whichreflectinterconnected epigraphic, historical and linguistic
traditions. Although Aeneas does not have previous knowledge of the
archaeological context or the spatial connection between these stones
(thisinformationis absent from the LED training data), it isnonetheless
capable of recognizing the subtle yet meaningful contextual relation-
ships between them, whereas traditional text-matching approaches
may miss indirectlinguistic or historical links. When used as an assistive
tool by historians, who canintegrate archaeological knowledge, Aeneas
therefore supports amore robust and expansive analysis of religious,
linguistic and historical dynamics across the Roman provinces. An
extended discussion of this case study is available in the Methods, and
afull visualization of Aeneas’ outputs for this inscription is provided
in Extended Data Fig. 2.

Conclusions

Aeneas represents a leap forward in the integration of Al within the
study of ancient texts. Itintroduces a carefully designed mechanism
for the crucial process of contextualization, enabling historians to
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capture large-scale, in-depth epigraphic and historical connections
that might otherwise remain obscured. Aeneas’ architecture outper-
forms the previous state-of-the-art model, offers multimodal capa-
bilities, enables restoration of text sequences of unknown lengths,
and canalsobe adapted to any ancient language and written medium
(such as papyri, manuscripts or coinage). These features highlight
its potential for augmenting datasets with textual and contextual
parallels, or providing hypotheses for missing values, as well as serv-
ing as amodular component for enhancing larger dialogue-based
language models.

The case studies examined demonstrate the reliability of Aeneas as
aspecialized Al aid for epigraphic research. The examination of the
RGDA tested Aeneas’ capacity to handle the compositional complexi-
ties of this inscription, and the analysis of Cogitatus’ votive altar from
Mainzillustrated its ability to systematically track granular diachronic
and linguistic patterns. In both instances, Aeneas was able to lever-
age relevant epigraphic parallels and produce accurate predictions,
aligning and representing scholarly hypothesesin aquantitative way.
Together, these case studies highlight Aeneas’ versatility across diverse
epigraphic contexts. Whether applied to animperial monument or a
provincial votive inscription, Aeneas mirrors the analytical process
of an epigrapher, complementing traditional historical methodolo-
gies and generating accurate, meaningful insights. These findings
are supported by the results of an extensive historian-Al evaluation,
in which historians confirmed that Aeneas can seamlessly integrate
intoresearch workflows and provide a transformative aid for historical
inquiry. The publicinterface that we have released for historians to use
Aeneasintheirresearchisavailable at https://predictingthepast.com.
Inconclusion, Aeneas tangibly enhances the collaborative capabilities
between human experts and Alin amutually enriching intertwining of
the sciences and the humanities.
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Methods

Previous work

In recent years, the field of machine learning for ancient languages
has gained remarkable momentum, driven by increased digitization
efforts (creating standardized datasets of texts, metadataand images
of ancient written evidence), by advancesin machine learning architec-
tures (for example, the Transformer®) and increased computational
power. This progress, spanning numerous languages, scripts and tasks,
hasbeen extensively documented inworks such as refs. 11,32 as well as
in task-specific studies>*>**,

Work on restoration (including the tasks of reassembling frag-
ments, restoring text and enhancing quality) encompasses a number
of machinelearning methods, modalities and ancient written evidence,
includinginscriptions in cuneiform'*?¢, ancient Greek*", Linear B¥,
Hebrew™, old Chinese®, Indus**?, old Cham*, Oracle Bone'***; as well
as papyri in Coptic*®, Hebrew*® ancient Greek*”*%; and manuscripts
in old Korean*, ancient Shui*® and Tamil*.. One of the most closely
related efforts to Aeneasis work on multimodal old Chinese ideograph
restoration®?. However, replicating this approach for Latin inscrip-
tionsis limited by the quality and consistency in annotation of existing
datasets. Moreover, this method is confined to the reconstruction of
single ideographs, and does not extend to broader epigraphic tasks.
Interms of evaluating human performance on the task of restoration,
Assael et al.” was the first to establish a measure of joint human-Al
performanceinareal-world setting, anevaluation framework that has
since been adopted by subsequent studies®>.

As for the challenge of unknown text restoration, this has been
approached primarily by Shen et al.’?, but their application to ancient
languages uses a known restoration length benchmark.

Work on ancient text attribution, both geographical and chrono-
logical, is less common, and to our knowledge, only Assael et al.”* has
attempted to tackle together the three tasks of restoring, dating and
placing ancient Greek inscriptions. Other notable efforts on dating
include those on Kannada inscriptions®, on Arabic manuscripts®, on
Coptic papyri*®, on old Chinese manuscripts®, on Cuneiformtablets®,
on Oracle Boneinscriptions®, on Korean Hanja®®, and on Greek papyri®..
The only other work on geographical attribution is on Greek literary
texts®?, Although the findspot of aninscription oftenindicates its place
of writing, geographical attribution becomes important in cases of
objects that have been moved around during the ancient or medieval
periods®, or in light of early modern collecting habits, as well as the
illicit trade in antiquities.

Withregard to Latin, recent efforts have focussed on Latinliterary evi-
denceto tackle arange of tasks, fromintertextuality®*, part-of-speech
tagging®, translation®®, authorship attribution®”® and literary text res-
toration®. But despite the existence of large-scale Latin epigraphic data-
sets, many of which use the EpiDoc XML encoding gold-standard” "
and include images of inscriptions, very little work has attempted to
apply machinelearning techniques to Latin epigraphy—although quan-
titative approaches to Latin epigraphy using statistical techniques are
continuously breaking new ground™”’. Early effortsinclude work on the
Vindolanda stylus tablets??, attempting to develop animage process-
ing and pattern recognition pipeline for character recognition. More
recently?*, there hasbeen work to develop a classifier to automate the
identificationand labelling types of Latin inscriptions from the poorly
standardized EDCS_ETL dataset using patterns learnt from the more
richly annotated EDH dataset; and applied text detection methods to
segment characters and analyse letters across a large dataset of Latin
inscription images to isolate letter-cutting workshops®.

Latin Epigraphic Dataset

Dataset generation. To create the LED, we processed the EDR, EDH and
EDCS_ETL databases, resulting in the largest machine-actionable Latin
inscription dataset to date (Extended Data Table 1). These databases

collectinscriptions from various Roman provinces and historical peri-
ods, enhancing the diversity and temporal scope of LED. All databases
were available under a Creative Commons Attribution 4.0 license via
Zenodo (the open repository for EU-funded research outputs). To
ensure consistency across the LED dataset, we standardized all meta-
data relating to dates and historical periods, converting them to
numerals within the range of 800 BCE to 800 CE. Inscriptions outside
this range were excluded. Province names obtained from EDR, EDH
and EDCS_ETL were also standardized and merged.

Torender the text machine-actionable, we applied afiltering ruleset
to systematically process human annotations. Historians’ epigraphic
annotations (the Leiden conventions) were either stripped or normal-
ized to preserve the closest version of the original inscribed text. Latin
abbreviations were left unresolved, whereas word forms showing alter-
native spellings for diachronic, diatopic or diastratic reasons (for exam-
ple, bixit for vixit) were preserved to enable the model to learn their
epigraphic, geographical or chronological specific variations. Miss-
ing characters restored by editors (conventionally annotated within
square brackets, and typically restored on the basis of grammatical
and syntactical patterns and the reconstructed physical layout of an
inscription) were retained. Missing characters that cannot be defini-
tively restored by editors (conventionally represented using hyphens
asplaceholders, with each hyphen corresponding to one missing char-
acter) were alsoretained. When the exact number of missing characters
was indeterminate, we used the hash (#) symbol as a placeholder to
denote this uncertainty. Extra spaces were collapsed to ensure cleanand
concise outputs. Non-Latin characters were stripped using an accent
removal function, leaving only Latin characters, predefined punctua-
tionand placeholders. Duplicate inscriptions were excluded using their
unique Trismegistosidentifiers when available, and supplemented by
additional deduplication using fuzzy string matching and MinHash
locality-sensitive hashing’: texts exceeding a 90% content similarity
threshold were considered duplicates, resulting in the removal of one
text from eachidentified pair. Inscriptions under 25 charactersinlength
were filtered out to focus on substantial textual content, essential for
the model’s learning and generalization capacities. For dataset parti-
tioning, inscriptions whose numerical Trismegistos (or in alternative
EDCS _ETL) identifiers ended in 3 or 4 were held out and allocated to
the test and validation sets respectively, following previous work®.

Images were sourced exclusively from EDR and EDH. To maintain
high data quality and ensure standardization across the dataset, we
implemented an automated filtering process. This process removed
drawings, squeezes and other non-photographic artefacts by applying
thresholds to colour histograms, specifically targeting and eliminating
images composed primarily of a single solid colour. Additionally, we
utilized the variance of the Laplacian matrix to identify and discard
blurry images, leveraging the principle that blurry images have lower
variancein their colour continuity. The cleaned images were then con-
verted to greyscale, as this was the predominant formatin the original
dataset. For each inscription, only a single representative image was
kept, excluding non-inscribed surfaces.

Dataset limitations. Despite representing the largest machine-
actionable corpus of Latininscriptions compiled to date, the size of LED
(16 million characters) remains asignificant limitation compared with
thescale of datasets typically used in state-of-the-art natural language
processing research. Thisrelative scarcity of datainevitably constrains
the model’s capacity to generalize and may limit its performance on
rarer epigraphic phenomena or under-represented regions and peri-
ods. Crucially, the available corpus is also subject to inherent biases,
most significantly inscription survival bias, potentially skewing the
data towards certain materials, locations, or historical contexts. This
limitation is even more pronounced for the image modality, where
only approximately 5% of the textual inscriptions have corresponding
images. As aresult, although saliency maps provided valuable insights



for the textual modality in the geographical attribution task, the arte-
facts highlighted by the image saliency maps were often less interpret-
able by domain experts. Moreover, the task of chronological attribution
could also potentially benefit from additional images, which might
allow for better alignment with palaeographic arguments.

Extended Data Figs.3-6 provide an extended performance analysis

broken down by decade and province, revealing that performance
oftentendstobe weaker where datais limited. We emphasize therefore
that large, open, linked, standardized multimodal datasets are key
for advancing the field, and hope that initiatives such as ours might
demonstrate the impact of digital epigraphic publication and catalyse
further efforts.
The question of data circularity. As was acknowledged in Assael et al.”
(see ‘Data circularity’), the dataset contains within it an element of
circularity. Editors of inscriptions traditionally restore two elements:
they expand symbols and abbreviations, identified using (), and they
attempt torestore missing text, using []. Aeneas similarly offers hypo-
thetical restorations for missing text. In preparing the dataset we
removed expansions, notwithstanding that their expansionis normally
almost certain, as these letters did not appear on the stone originally;
however, we retained previous editors’ restorations of text originally
carved but now lost. Restorations are based on parallels, and contextual
knowledge, and best practice is only to offer such restorations when
they have ahighlevel of confidence (as stated in arecent manual, ‘one
must not forget that the task is to restore the document, and not to
remakeit’ (our translation fromref. 79, page 67)). Nonetheless, it may
be objected that by including such previous restorations in the train-
ing set thereis arisk of confirmation bias, especially as not all scholars
are consistently rigorous. As the available datasets do not provide
information on editorial responsibility, and do not provide consistent
ordocumented accessto alternative editions, alternative approaches
such as controlling editorial quality, or even increasing the size of the
dataset by including alternative editions, could not be adopted.

The primary motivation for inclusion of this material was the lim-
ited availability of data. In preparing the I.PHI dataset for Ithaca, we
computed that, by excluding the text within square brackets, we would
lose 20% of the total texts available. Because deep learning models can
greatly benefit from vast amounts of data, and our dataset is multiple
orders of magnitude smaller than recent NLP datasets, we wanted to
harness all available information to avoid overfitting and assist gener-
alization. To assess theimpact of this decision, we conducted additional
experiments to evaluate the reliability of outputs when retaining the
conjectured textual restorations in square brackets. Specifically, we
trained anew model excluding previous hypothetical conjectures and
evaluated both models’ performance onthe test set without conjectures.

The differences between the models trained with and without conjec-
tured restorations were less than 5%; with the model trained excluding
the conjectured restorations underperforming in all tasks compared
to our original manuscript model in the given evaluation setup. We
concluded that the benefit of improved performance outweighed
the risk of bias, and the given evaluation setup (that is, using a model
whichincluded conjectures) was selected in this case because the same
approach was adopted in Assael et al.” and therefore allows us to com-
pare with previous work and estimate the baseline performance. Epig-
raphers commonly refer to the phenomenon of “history from square
brackets”®°, which describes the reliance for historical reconstruction
on the conjectural restoration of specific information in individual
texts. This particular risk is arguably much lower, as the model works
asaninformation ‘compressor’, creating multiple levels of abstraction
oftheraw data, thereby vastly reducing the influence of any particular
unwarranted and historically specific conjecture.

Nonetheless, the risk of a broader bias must be acknowledged, and
future work might seek to address this, as the quality and quantity of
the available data improve. Using a model trained on data excluding

conjectural restorations, one might seek to test existing editorial res-
torations and so identify existing biases in previous editorial work,
utilizing the model to identify outliers. Going a step further, such a
modelmightevenserve toidentify more or less reliable editorsamong
past epigraphers, and has a substantial role in the ongoing work of
revising existing epigraphic editions.

Aeneas’ architecture

Aeneas is trained to perform four primary tasks: the restoration of a
set character length, the restoration of an unknown lacuna length,
geographical attribution and chronological attribution.

Theinput provided to Aeneas’ architecture for eachinscription con-
sists of a character sequence (including spaces) and a corresponding
greyscale image of size 224 x 224. The maximum sequence length is
768 characters. Two special symbols areincluded in the input to anno-
tate missing information: *-’ for a single missing character and ‘# for a
missing segment of unknown length. Additionally, the sequenceis pad-
ded with astart-of-sentence token ‘<’. The textual inputs are processed
through the model’s torso, whichis based onalarge-scale transformer
architecture derived from the T5 (ref. 25) model and adapted to use
rotary embeddings. The T5 model features an embedding dimension
of 384, query-key-value dimensions of 32, and a multi-layer perceptron
(MLP) size of 1,536. It consists of 16 layers, each with 8 attention heads.
The torso outputs a sequence of embeddings with alength equal to
the input sequence. Each embedding is a1,536-dimensional vector.
These embeddings are passed to four task-specific heads: restoration,
unknown-length restoration prediction, geographical attribution, and
chronological attribution. Each task head consists of atwo-layer MLP fol-
lowed by a softmax function. The model was trained for one week using
64 Tensor Processing Unit v5e chips on the Google Cloud platform, with
batch size 0f 1,024 text-image pairs, using the LAMB® optimizer. The
learning rate follows aschedule with a peak value of 3 x 107, awarm-up
phase of 4,000 steps and a total of 1 million steps. Bayesian optimization
isusedtofine-tunetheloss (L) for eachtask, combining them as follows:

L= 3Lrest0ration + Lunknown + 2Lregi0n + 1'ZSI-date

To mitigate overfitting, especially given the limited dataset size, sev-
eral dataaugmentation techniques are applied during training. These
techniques include up to 75% text masking, text clipping, word deletion,
punctuation dropping, and image augmentations such as zooming,
rotation, and adjustments to brightness and contrast. Adropout of 10%
and label smoothing are also used, with smoothing rates of 5% for the
restoration task and 10% for geographical attribution. This multi-task
setup, combined with the training and augmentation strategies, allows
Aeneasto achieve robust performance across all four epigraphic tasks.

Training Aeneas. Tobetter understand the underlying processes dur-
ing Aeneas’ training, this section provides a detailed overview of the
inputs and outputsinvolved in the model’s restoration and attribution
tasks.

For the restoration task, ground truths are obtained by artificially
corrupting the inscription’s text, masking up to 75% of their charac-
ters. Some of these masks are deliberately grouped into continuous
segments to better simulate real-world damage. When the corruption
length is known, Aeneas predicts the missing characters directly. For
unknown-length restoration, an additional neural network head is
incorporated, using binary cross-entropy to predict whether one or
more characters are missing whenever the unknown-length symbol
(#) is encountered. Furthermore, the model’s architecture maintains
alignment between input characters and task outputs. Aeneas’ torso
embeddings, corresponding to input text characters, are directly
mapped to their positions in the sequence. For each missing charac-
ter (eachannotated witha ?’), the corresponding embedding is fed to
therestorationtask head, which predicts the missing character(s). For
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unknown-lengthrestoration, the additional task head is activated when-
ever the ‘# symbolappearsintheinput sequence, determining whether
asingle or multiple characters are missing. This architecture enables the
modeltohandletherestoration and attribution tasks efficiently, while
maintaining alignment between input characters and task outputs.
To generate Aeneas’ textual restoration predictions, we use abeam
search with a beam width of 100. Additionally, we implement a non-
sequential beamsearch thatincorporates the unknown-length predic-
tion. Each beam starts with the restoration candidate with the highest
confidence score and proceeds iteratively, restoring the characters with
the highest certainty at each time-step. Ifan unknown-length restoration
character is found, a missing character is prepended, and two entries
areappended to the beam: thefirst keeps the unknown-length symbol,
while the other removesit. This approach accounts for both scenarios:
whether more thanone character needs to be restored or only asingle
character is missing. Geographical and chronological attribution tasks
usethefirst outputembedding of the torso (at ¢ =1), whichis passed to
their respective task heads. Geographical attribution predicts one of 62
Roman provinces using categorical cross-entropy with ground-truth
labels, when available. Chronological attribution maps historical dates
between 800 BCEand 800 cCEinto 160 discrete decades using binarized
bins. Kullback-Leibler divergenceis used to match predicted distribu-
tions with the ground-truth ranges provided by historians. The visual
inputs are processed using a ResNet-8 (ref. 82) neural network. The
resulting outputs are concatenated with the relevant textual embed-
dings and jointly processed by the geographical attribution head.
Finally, the effectiveness of saliency maps remains an active topic of
discussion®. However, the historians on our team have generally found
themtobeavaluable explainability tool, particularly for textual inputs,
and for this reason we decided to include them among the outputs.

Aeneas’ contextualization mechanism. Aeneas’ contextualization
mechanism can be framed as anembedding within amultidimensional
space, where each inscription is positioned so that the closest neigh-
bours correspond to the parallels a historian would use to ground their
research. Inthe absence of ground-truth data for contextualization, we
construct thisembedding space using the epigraphic tasks as proxies.
Thisapproach aligns textual and contextually relevant parallelinscrip-
tions by bringing them closer within the space.

We measure proximity in this embedding space using cosine simi-
larity to retrieve alist of parallel inscriptions, which was identified by
our interdisciplinary team as an effective metric during preliminary
evaluations. To construct the historically rich embedding space, we
combine the output embeddings (emb) of Aeneas’ torso with the fol-
lowing formulation:

N
_ t=1 1 t=n .
embcontext - embtorso + N Z embtorso +2,
n=2

where theemb!, . represents the torso’s first output (¢ = ) which aligns
with the sentence prefix. This embedding is critical for the chrono-
logical and geographical attribution task heads. The subsequent out-
puts (¢=2..N,where Nis the length of the input string, including the
prefix symbol) align with textual inputs and are used for restoration
task heads.

To demonstrate the potential of Aeneas’ historically richembeddings
in the contextualization task, we compare their performance against
textual embeddings derived from amultilingual TS model thatincludes
Latininits training set. Specifically, we focus on the chronological and
geographical attribution tasks. For chronological attribution, we use
acolourscale transitioning fromblue (earliest dates in the dataset) to
red (latest dates). For geographical attribution, we apply a colour scale
based on the geographical coordinates of 62 provinces, with yellow
representing the north, red representing the west, green represent-
ing the east and blue representing the south.

Extended Data Fig.1presents a visualization of the embedding spaces
using uniform manifold approximation and projection (UMAP) dimen-
sionality reduction®. Although it is important to acknowledge the
inherent limitations of directly interpreting UMAP projections, the
embeddings derived from Aeneas appear to exhibit smoother distri-
butions and greater alignment with chronological and geographical
labels. These observations suggest that Aeneas’ embeddings may better
capture the underlying structure of historical context, as evidenced
by the clearer separation of clusters. By comparison, the embeddings
generated by T5 display agreater overlap, thereby indicating potential
challenges in distinguishing contextual attributes. This highlights the
effectiveness of Aeneas’ embeddings in capturing historical informa-
tion and suggesting relevant parallel texts from similar epigraphic
contexts® %8,

Ourinterdisciplinary team further evaluated various trained retrieval
methods, including embedding the texts and their metadata or using
them as raw inputs. However, owing to the limited dataset size, our
preliminary evaluation revealed that similarity scoring with Aeneas’
embeddingsyielded the most relevantinscriptions, and thisintuition
was supported by the evaluation of expert historians.

Evaluating Aeneas

Task metrics. We adopt the evaluation framework proposed by
Assael et al.” for the tasks of restoration, geographical attribution and
chronological attribution, while further refining it to enhance consist-
ency and interpretability.

For textual restoration, the difficulty increases with the number of
characters to be reconstructed. As described above, our evaluation
pipeline artificially corrupts arbitrary spans of text to produce targets
for restoration. To ensure afair comparison of this stochastic pipeline
acrossdifferent levels of difficulty, we calculate performance metrics
based on sequence length. Specifically, we compute the CER for each
sequence length (ranging from 1to 20 characters) as follows:

1 N edit distance(pred., target.)
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where/is theindicator function,len;denotes the length of the ith sam-
ple, Nis the total number of samples, pred, represents the predicted
sequenceand target,corresponds to the ground truth. We then average
the CER values across all sequence lengths:

1 L
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where L =20 represents the maximum sequence length used in the
evaluation. Additionally, we calculate the top-20 accuracy following
the same stratified approach.

For geographical attribution, we evaluate performance using stand-
ard top-1and top-3 accuracy metrics. While top-1accuracy measures
the model’s ability to pinpoint the correct province out of 62, top-3
accuracy provides additional insights by assessing its capacity to offer
plausible alternative suggestions, aiding historians in their analysis.
Finally, for chronological attribution, the model generates a predictive
distribution over possible dates. We use an interpretable metric to
evaluate the temporal proximity between predictions and ground
truth. The distance is computed based on the relationship between
the predicted mean predavg and the ground-truth interval defined by
itsminimum (gt_. ) and maximum (gt _ ) boundaries:
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Onomastics baseline. Personal names provide valuable insights for
epigraphers, oftenserving as key indicatorsin attribution predictions®.
Building ontheir significance within the broader epigraphic workflow,
weintroduce an onomastics baseline that exclusively leverages meta-
data derived from these personal names. Unlike earlier studies®, which
apply thismethod to alimited subset of data using human evaluators,
our approach fully automates the process, enabling its application
across the entire evaluation dataset and improving scalability. In the
absence of a digital pre-compiled list of Roman onomastic compo-
nents, we adapt the repository of proper names provided by the Clas-
sical Language Toolkit (https://cltk.org/). From this list, we manually
removed 350 items that did not represent proper names, excluded
shorter entries (one or two characters) due to their ambiguous usage,
and eliminated those containing non-Latin characters, resulting in a
curated list of approximately 38,000 proper names. The resulting list
isavailable on our GitHub repository. Toenhance the robustness of our
method, we identify the most frequent word unigrams, bigrams and
trigrams within the dataset (to capture tria nomina and other Roman
onomastic features), retaining only those appearing more than five
times. We further filter these n-grams to include only those composed
entirely—orasacombination—of entries fromthe curated proper name
list. For each identified n-gram, we compute the average chronologi-
cal and geographical distributions across the training dataset, based
on the ground truths of the texts in which they appear. Finally, when
analysing a new inscription, we check which of these n-grams occur,
aggregate their associated statistics, and use themto predict both the
date and provenance of the inscription.

Historian-Al evaluation ethics protocol. One of the central com-
ponents of this research was the historian—-Al evaluation, the largest
conducted to date. The goal was to assess the effectiveness of Aeneas’
contextualization mechanism as a foundational tool in historical
research. Our specially developed ethics protocol received a favourable
ethical opinion by the Faculty of Arts Research Ethics Committee of the
University of Nottingham. The evaluationinvolved 23 epigraphers who
responded to our call for participants. All responses were anonymized.
Each participant was assigned five targetinscriptions, presented as text
transcriptions without metadata orimages. The evaluation consisted
in three consecutive stages per inscription, conducted via an online
Google Form which was programmatically generated and populated
for each participant.

Instagel, experts performed the three epigraphic tasks (textual res-
toration, geographical and chronological attribution) independently,
without Al assistance. In stage 2, they were provided with 10 parallels
retrieved by Aeneas from the LED training set of 141,000 inscriptions,
andrepeated the same tasks oneachinscription. Instage 3, experts also
received Aeneas’ predictions and saliency maps to complete the same
epigraphictasksafinal time. All experts completed stage 1, and subse-
quently for eachinscriptionthey were assigned to stage 2 or stage 3inan
alternating sequence. At the end of each stage, participants completed a
briefsurveytoassesstheir confidencein their predictions forthe three
tasks and their subjective experience using Aeneas’ contextualization
aid. In this paired evaluation, during stage 3 two historians analysed
the same inscription under different configurations (that is, one with
parallels, the other with parallels and predictions). Thus, variations
observed in the initial solo evaluation reflect the participants’ diverse
backgrounds, which ranged from masters students to professors, with
aroughly equal splitbetween early career and senior researchers. Par-
ticipants also differed in their experience of working withinscriptions:
while some regularly edit newly discovered texts for publication, others
engage primarily in historical analysis of already-published material.
This distinction between ‘primary’ and ‘secondary’ epigraphic work is
important, asit highlights the broader relevance of Aeneas for scholars
working withestablished corpora, where restorations, datings, or prov-
enances may be taken for granted but still warrant critical reassessment.

The evaluation had amaximum time limit of 2 h. Toadhere as closely
aspossibleto traditional epigraphic workflows (where scholars consult
encyclopaedicresources to find relevant parallels), while acknowledg-
ing the artificial constraints of the experimental evaluation, partici-
pants were allowed to manually search for parallels using the provided
‘Parallel Searching Dataset’. This online spreadsheet, extrapolated
from the LED training set, comprised 141,000 texts with associated
metadata (place and date of writing), excluding the evaluated inscrip-
tions. Participants were required to note the unique identifiers of all
the manually retrieved parallels they used in a designated field within
the evaluation form. To ensure impartiality and prevent inadvertent
exposure to the evaluated inscriptions, participants were barred from
accessing online epigraphic datasets (such as EDR, EDH and EDCS),
print editions, search engines or generative Al tools during the
evaluation.

Evaluating contextualization. To assess the effectiveness of Aeneas’
contextualization mechanism, we counted how many of its suggested
parallelinscriptions historiansindependently incorporated into their
manually retrieved list of parallels during stage 2. Historians incor-
porated an average of 1.5 parallel inscriptions suggested by Aeneas
into their own list of parallels (values ranged from O to 6; median: 1;
interquartile range: 0-2.5).

We further measure the historians’ confidence in their predictions
acrossthe three stages: itincreases by an average of 23% when Aeneas’
parallels are provided (restoration from 60.4% to 68.7%, geographical
attribution from46.6%to 57.0%, chronological attribution from 43.7%
t0 57.5%). Historians’ confidence increases by an additional 21% when
Aeneas’ predictions for the three tasks are also shared (restoration
from 53.3% to 75.4%, geographical attribution from 48.7% to 67.0%,
chronological attribution from 44.1% to 67.5%).

Finally, we solicited feedback from historians on whether they found
that the parallel texts provided by Aeneas served as effective starting
points for historicalinquiry. When only Aeneas’ parallels were provided,
75% of historians agreed (38.3% to a great extent, 36.7% somewhat,
20% very little, 5% not at all). When Aeneas’ predictions for the three
epigraphictasks werealsoincluded, agreementincreased to 90% (45%
to agreat extent, 45% somewhat, 6.7% very little, 3.3% not at all).

Historians’ qualitative feedback. As part of the historian-Al evalua-
tion, we sought qualitative feedback from participants on their subjec-
tive experience of using Aeneasin their evaluation. Historians consist-
ently emphasized the value of Aeneas’ contextualization mechanism
in providing relevant textual and contextual parallels for carrying out
the epigraphic tasks on the target inscriptions. A selectionisincluded
below:

« “The parallelsretrieved by Aeneas completely changed my historical
focus.[...]itwould have taken me a couple of days rather than 15 min
[tofind these texts]. Were I to base historical interpretations on these
inscriptions’ readings, now Iwould have days to write and frame the
research questions rather than finding parallels.”

“The help of parallelinscriptions is great for understanding the type
ofiinscription, [...] whereas my own search became more narrow.”
“The predictions are very good - as are the preponderance of [paral-
lels for] freed personinscriptions that Aeneas produced. The Statilii
Tauribeing a prominent family would mean that rabbit holes may be
easy to falldown.”

“The help of more parallelinscriptions is great for understanding the
type ofinscription of fellow soldiers setting up inscriptions, whereas
my own search became more narrow ontrainingin onaset ofinscrip-
tions from Noricum. [Aeneas offers] a nice parallel tool.”

“The parallels retrieved by Aeneas completely changed my percep-
tion of theinscription from stage 1. 1did not notice details that made
all the difference in both restoring and chronologically attributing
the text.”
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« “Each task was made qualitatively more doable thank to Aeneas’
retrieved texts, some of which I had completely missed by solo
searching.”

- “Aeneasretrieved a very useful parallel (aformula) that I had not found
inthe dataset.”

« “The top parallel [for this inscription] was found independently by
both me and Aeneas.”

« “[Aeneas shows an] impressive capacity to broaden and, at the same
time, refine my [parallel] search results.”

Three key themes emerged from the historians’ feedback. First, his-
torians highlighted how Aeneas significantly reduced the time required
to find relevant parallels, allowing them to focus on deeper historical
interpretation and framing research questions. This efficiency also
enabled them to explore broader and more refined sets of parallels
that traditional historical methods might have missed. Second, they
confirmedthat Aeneas’ retrieved parallels provided valuable insights
into the type and context of inscriptions, aiding them in the three
epigraphic tasks. Finally, they emphasized Aeneas’ ability to broaden
searches by identifying significant but previously unnoticed parallels
and overlooked textual features, while simultaneously refining results
to avoid overly narrow or irrelevant findings.

Some contributors noted challenges with the experimental condi-
tions of the evaluations. First, theimposed time limit, although neces-
sary, acted asaconstraint, as historians typically have weeks or months
to access materials in standard research settings. Second, the ‘Para-
llel Searching Dataset’ online spreadsheet was less easily searchable
than specialized corpora (such as Roman Inscriptions of Britain®® and
1.Sicily®*, which offer refined filtering and cross-searching functionali-
ties foridentifying exact textual parallels, as well as arange of additional
contextual dataregarding form, iconography and archaeological set-
ting). Such artificial limitations were, regrettably, unavoidable due to
the constraints inherent in simulating real-world research workflows
under experimental conditions. A further observation advanced by
some contributors concerned Aeneas’ suitability for extremely short,
fragmentary, or formulaic inscriptions—particularly those involving
abbreviated names—where any guess, whether made by ahuman expert
oran Almodel, isinherently risky:

» “None of the parallels really help in this case. The gap precedes a frag-
mentary gentilicium in nominative, so once you restore the nomen,
what remainsis most likely an abbreviated praenomen. [...] Itis par-
ticularly difficult to use with personal names. Any option would still
be very risky.”
“Thiswas an extremely shortand vague funerary text, it'simpossible
torestore with high certainty. It would seem[...] that Aeneasretrieves
texts which are thematically or stylistically similar to the target text (as
onewould hope!), however, inthe cases of funerary epigraphy, these
parallels are as of little use to the epigrapher are manually retrieved
parallels! One simply wouldn’t use Aeneas for such a text.”
Ontheotherhand, Aeneas’ ability to retrieve parallels for these short,
standardized texts was praised, as it went beyond basic string match-
ing to identify salient formulaic features, even from the limited text
available.
« “The retrieved parallels focussed on the formulaic contents of the
inscription, not just on the word matching.”

In sum, the evaluated historians’ qualitative feedback underscores
Aeneas’ strengths as aresearch tool: its speed and the historically
enriched depth of the parallelsit retrieves enables it to not only accel-
erate research, but also open new avenues of historical inquiry.

Aeneas’ limitations. Despite the overall positive feedback from his-
torians, we acknowledge that Aeneas’ performance may vary across
the entire geographical and chronological scope of the LED dataset.
While we see the model’s abilities to learn representative patterns

for regions and periods, a number of additional factors underlie this
variability beyond, for example, changes in language over time and
space. To provide a quantitative assessment of Aeneas’ limitations and
performance variations we conduct an error analysis for geographical
and chronological attribution across all provinces and decades using
LED’s test set. Furthermore, to put thatinto perspective we plotted the
number of inscriptions available for each province and decadein LED’s
training set. A detailed analysis of these metrics forindividual provinces
and periods can be found in Extended Data Figs. 3-6.

Explaining this observed varianceis challenging, and would serve as
aresearch project by itself. Within the scope of this work, two principal
sources canbe assumed. The first of these is the availability of data. On
the one hand, rates of publication of inscriptions vary from region to
regionandalso by period within regions (due toresources available for
study, specific focuses of interest, and so on). Onthe other hand, even
when a region is well published, it does not automatically follow that
the data has been systematically incorporated into the existing digital
resources (the principal online databases such as EDR have specific
geographical focuses, and not all regions are equally well covered). The
second is theinherent variability in the cultural practice of inscribing
textsin Latin across the Roman Empire in both time and space, mean-
ing that even where a region has been well studied and documented,
the quantity of material may well still be very limited compared to
otherregions. A subsidiary consideration, which may beimplied by the
variability in performance, is the extent to which that cultural practice
actually varies from one region or period to another; but to approach
that question would require substantial further work. Assessment of
therepresentativeness of the dataremains somewhatimpressionistic.
Some high-level patterns can however be identified, to illustrate the
variation and possible contributing factors.

Perhaps most obviously, we see that Aeneas exhibits the highest
performance in chronological attribution around 200 CE. This can
be seento correlate directly to the period for which we have the most
inscriptions; this peakin the Latin‘epigraphic habit’ hasbeen frequently
observed. It can be tentatively argued, however, that this is also the
period for which we have the highest number of closely dated inscrip-
tions, meaning that it is not simply the period for which we have the
most data, but also the period for which we have the best data. The
increase in accuracy for the later third century BCE on the other hand
does not correlate so directly to the number of inscriptions. Arguably,
thisreflects therelatively rapid evolution of the written Latin language
in this period, in combination with a relatively rapid increase in the
practice of inscribing texts (almost entirely restricted to Italy at this
date), such that this is a period to which texts can be dated with some
accuracy. By contrast, the earlier texts are both very few innumber and
traditionally difficult to assign to a narrow window in time.

When considering geographical variation, although there is posi-
tive correlation between high availability of texts and high accuracy
of attribution (for example, Roma and Africa Proconsularis), two
particular sets of variation can perhaps be highlighted. First, several
regions of ancient Italy (such as Apuliaet Calabria, Aemilia, Etruriaand
Samnium) offer large numbers of inscriptions, but poor accuracy. A
possible explanation for this is presumably the division of Italy into
itsancient regions, in contrast to the division of the rest of the dataset
into the larger provincial divisions of the Empire, loosely equivalent
to modern countries. It is not unlikely that the level of linguistic and
cultural variation withinancient Italy isinsufficient to permit the model
to differentiate so finely; were all the data from the Italian regions to
be amalgamated, the accuracy of attribution to ‘Italia’ would prob-
ably be very high. However, the apparent distinctiveness of the city of
Romeincomparisontotherest of Italiaisnotable.Second, and indirect
contrast, several more remote parts of the Empire (such as Aegyptus,
Cappadocia, Arabiaand Cyrenaica), which produce fewer Latininscrip-
tions (bothin terms of datarecording and in terms of the original epi-
graphic production), nonetheless show a higher level of accuracy of



attribution. This can be assumed to reflect greater regional linguistic
and cultural distinctiveness in the content of the inscriptions. Finally,
two contrasting examples illustrate the underlying problem of data
representativeness. Sicily and Sardinia are traditionally associated with
arather weak epigraphic culture (that is, under production), but also
arerelatively poorly documented in the datasets: thisis reflected both
inrelatively low numbers and particularly poor accuracy. By contrast,
Roman Britainis also traditionally described as having a very weak epi-
graphic culture; however, itis one of the best documented epigraphic
traditionsin modernstudies, and consequently shows arelatively high
number of texts; but it also shows a high level of accuracy in the model,
suggesting significant regional variation.

Giventhe space constraints of this Article and the extensive scope of
potential analysis, we have limited our discussion here to identifying
illustrative high-level patterns of failure cases. Preliminary observa-
tions indicate a positive correlation between the number of available
inscriptions from a given historical period or Roman province and
the model’s accuracy in dating or attributing them. However, further
investigationis required to disentangle the effects of data availability
from other contributing factors, such as the linguistic or epigraphic
distinctiveness of certain regions or periods. A more in-depth exami-
nation of these nuances and potential mitigation strategies will be the
focus of future work.

Modelling epigraphic networks with Aeneas

Parallels, patterns and provincial cult. To showcase the effective-
ness of Aeneas’ contextualization mechanism for the retrieval of rel-
evant epigraphic parallels, we chose a representative inscription of a
well-attested type as a case study. The targetinscription (C/L XIlI, 6665)
isaninscribed limestone votive altar from the Roman province of Ger-
maniasuperior, found in the city of Mogontiacum (modern-day Mainz)
in1895 during excavations of a city centre road. The altar can be dated
precisely thanks to the internal dating cues: the Ides of July (15]July) of
the year of the consulship of Gentianus and Bassus in Rome (211 CE) is
explicitly mentioned as the year the altar was dedicated. The inscription
records a dedication to the Deae Aufaniae (the Aufaniae goddesses)
and Tutela loci (the local divine patron) by a beneficiarius consularis
named Lucius Maiorius Cogitatus. Beneficiarii consulares were part of
the Roman military staff (usually legionaries close to retirement) at the
service of provincial governors across the Empire, and are well-attested
inthe epigraphicevidence of main cities, outposts, frontiers and major
communication routes of the Western military provinces®>. The benefi-
ciarius Cogitatus will have been posted at Mogontiacum to assist the
provincial governor in administrative, judicial and military duties. It
was customary for beneficiarii to dedicate a votive altar, such as the
one in question: more than 650 such inscriptions are known today,
found especially in the provinces on the Rhine and Danube® %, Some
of these altars were dedicated to the Matronae Aufaniae (as they are
more commonly referred toin the epigraphic evidence, the title Deae
Aufaniaebeing quiterare), local goddesses whose cult was particularly
well-attested in the Rhineland under Roman occupation®®’.

Aeneas’ performance across the three epigraphic tasks for this
inscription effectively demonstrates its receptiveness to distinctive
geographical, chronological, linguistic, and cultural features (Extended
DataFig.2). Aeneas’ dating average for this altar is 214 CE, whichis well
withinthe10-year range the modelistrained on, andits top-3 geographi-
calattributions are Germania superior (correct), Germaniainferior and
Pannoniasuperior. Looking at Aeneas’ attribution saliency maps, there
isaclearfocusonthe historically specific personal names of two consuls
serving that particular year (Gentiano et Basso cosulibus) and the wor-
shipped goddesses (Deab(us) Aufan(iabus)) whose cult is particularly
well-attested in the regions identified by Aeneas. The saliency map of
theimage of thisinscription also shows interesting results, highlighting
afocus on the altar’s shape, layout and architectural-iconographical
elements. This is a sound choice: the beneficiarii altars tend to have

standardized designs (this particular altar corresponds to type D
described by Frenz®® in CSIR De 11 4). Finally, wishing to test Aeneas’
capacity to restore arbitrary text lengths, we artificially damaged 8
characters (‘loci pro’): Aeneas’ top-5 predictions for this unknown
character restoration sequence are all contextually and linguistically
accurate, with its first restoration hypothesis (pro) being the more
commonly attested version of the formula ‘Tutelae pro salute’, while the
second hypothesis captures the more uncommonversion of the formula
‘Tutelae loci pro salute’—the correct restoration for this inscription.

But the story of Cogitatus’ altar is far from over. 112 years after the
discovery of this altar, 12 similar altars were discovered in 2007 during
excavations of the State Chancellery in Mainz, less than 100 m from
where the target text was found. The first of these new altars (FM 07-055
No.16-EDCS-71100087) was published in2017 (ref. 99), and is included
inthe LED training data. A complete publication of the 11 other altars
was only completed in 2023 (ref. 30), and they do not appear in LED
given their recency. This second altar was also dedicated to the Deae
Aufaniae by the beneficiarius lulius Bellator on the Ides of July in the
year of Lateranus and Rufinus’ consulship (197 Ce). This was the year
when emperor Septimius Severus defeated the imperial pretender
Clodius Albinus at Lugdunum (Lyon) inabloody battle, and the phrasing
pro salute et incolumitate sua suorumq(ue) omnium appearing in this
inscription could evenberelated to Bellator’s gratefulness to the god-
desses for having survived the battle unscathed*. The textual formula
is extremely rare, and has only one known parallel in Aeneas’ training
dataset: Cogitatus’altar from 211 cE. This observation led Haensch® in
his first edition of the text to note: “Die Ahnlichkeiten im Formular zur
Stiftung des Bellator sind zu grofS, um zuféllig zu sein” (the similarities
inthe formulafor Bellator’s donation are too great to be coincidental).
Haensch believes that the two altars stood together in a ritual space,
and that the beneficiarius Cogitatus who dedicated CIL XIlI, 6665 might
actually have copied the earlier text by Bellator (both altars belong to
the D type figurative design).

Aeneaswasalso able toidentify this crucial parallel for Cogitatus’ tar-
gettext, precisely as an expert historian with knowledge of the archaeo-
logical and historical context would have: the first parallel retrieved
by Aeneas’ contextualization mechanism is Bellator’s inscribed altar
from 197 CE. Moreover, Aeneas retrieved additional parallels across
Germaniasuperior (HD024937,HD017045, HD072700, HD072701and
HDO042511), Germaniainferior (HDO80071) and Pannonia (HD072564,
HDO033669 and HD051735)—not through exact text-string matches but
by recognizing historical, linguistic and epigraphic affinities to the
target text. This is a crucial distinction: although historians often use
resources such as EDCS_ETL for speedy searches of exact text strings
or formulae toyield results, such tools depend on the user formulating
precise queries, anticipating what variations might exist. This limits
the discovery of related formulae or similar onomastic patterns that
fall outside expected templates. Aeneas, by contrast, navigates these
constraints by identifying subtle and meaningful historical connections
beyond literal matches in ways that mirror expert-level reasoning,
despite not having previous knowledge of the archaeological context
orspatial relation between inscriptions—features the historian typically
uses to guide their interpretation.

These findings underscore the reliability and power of Aeneas as a
tool for reconstructing epigraphic networks. Its capacity to emulate
and extend historicalinquiry highlightsits potential as atransformative
tool for epigraphic scholarship, producing predictions and associa-
tions that consistently align with those a domain expert might draw,
despite operating without access to archaeological or spatial context.

Compositional complexities of the RGDA. The predictions, para-
llels, and saliency maps produced by Aeneas for the RGDA mirror
the complexity of this inscription. While the details of Aeneas’ analy-
sis have been addressed above (and integrated by Extended Data
Table 2, which summarizes the main historical features identified as
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chronologically specific through Aeneas’ saliency maps), the debates
around the RGDA will now be expounded to add nuance and background
to Aeneas’ analysis.

Whereas the version of the text inscribed at Ancyra (known as the
Monumentum Ancyranum) was created in ¢.19 CE?, the text itself of the
RGDAwas first ‘published’ when read out to the Senate in 14 CEg, shortly
after Augustus’ death, and was theninscribed outside his Mausoleum
in Rome. Scholars debate, however, when the RGDA was composed,
whether it was drafted as an evolving document in various stages
throughout Augustus’ reign (starting as early as 2 BCE) or as a unified,
retrospective account of his achievements composed near the end of
hislife (13-14 CE). In contrast to other inscriptions, therefore, the date
of inscribing in this case is different from the date of composition.

At the end of the RGDA (35.2), Augustus concludes with the state-
ment “When | wrote this | was in my seventy-sixth year” (cum scripsi
haec, annum agebam septuagensumum sextum). This ‘seventy-sixth
year’should be understood as the last year of his life, that is, the period
between the celebration of his birthday on 23 September 13 CE to his
death on 19 August 14 CE. Despite this clear statement, most scholars
have assumed that this is amisleading statement, supporting the view
that this only refers toamoment of final revision of the text rather than
toits complete composition. Some have also argued'®®'” that Tiberius
carried out final revisions to the text after Augustus’ death, updating
information relating to the years 13 CE and 14 CE, such as adding into
chapter 4.4 the thirty-seventh grant of tribunician power to Augustus
on 26June 14 CE. Various proposals have also been put forward in sup-
port of the idea that it is possible to trace compositional layers in the
text, with the most popular argument being that the RGDA was substan-
tially completed by 2 BCE, with other drafts and emendations perhaps
occurringin23 BCE,12 BCE, 4 BCE, 1 CE, 6 CEand 14 CE. Thisdebate about
how to identify compositional layers in the RGDA was summarized by
Kornemann'®and further evaluated by Gagé'®®. Theidearemained influ-
ential in the recent commentary by Scheid'®*, who also argues against the
idea of Augustus as the author of the text in any meaningful sense. Both
Ramage!®and Cooley?, however, have proposed amorestraightforward
approach that sees Augustus as composing the whole text during the
last year of his life, and so taking at face value what he writes at the end
of his account, cited above. In particular, it is suggested that the text
was essentially put together during the summer of 14 CE, perhaps even
between 26 June and his final departure from Rome on 24 July.

The questionis notjust of ‘academic interest’, as Augustus’ approach
to composing his account of his life’s achievements has implications
for his understanding of his contribution to Roman history. Did he feel,
by 2 BCE, that he had essentially achieved the pinnacle of his career, at
the moment when he was hailed as ‘father of the fatherland’, and was
this something that prompted him to compose his RGDA? Or was it
only in 14 CE that he felt the need to compose a partisan account of
his lifetime’s achievements, justifying his position in Roman society
and wishing to influence the way in which he was to be remembered
by future generations'®®?

These long-standing debates about the composition of the RGDA
highlight the interpretive complexities that Aeneas was designed to
engage with, as shown in the Grounding the Res Gestae Divi Augusti
section. This case study demonstrates how Aeneas can support his-
torical workflows by testing existing hypotheses against linguistic
patternsinthe text,and by complementing expert-led interpretation
with quantitative historical analysis.

Teaching with Aeneasin the classroom

To maximize Aeneas’ impact, we partnered with the teacher train-
ing programme at the University of Ghent and Sint-Lievenscollege
Ghent to co-design a course for educators and high school stu-
dents. Building on previous work on the Ithaca model for ancient
Greek inscriptions!® (https://www.robbewulgaert.be/education/
ithaca-teaching-history-journal, Al & Greek Ithaca—syllabus), which

was recognized by the Teaching History Journal and twice honoured
atthe European Al for Education Awards, this new curriculumbridges
Al and ancient history, with a pedagogical focus that centres Aeneas
in the learning process (https://www.robbewulgaert.be/education/
predicting-the-past-aeneas, Al & Latin Aeneas—syllabus). The course
shifts the focus to Latininscriptions and their contextualization, allow-
ing studentstoengage directly with primary sourcesin classical studies
while exploring novel Al methods. Currently, incorporated into the
in-service teacher training programme at the University of Antwerp,
itshowcases practical applications of Alin the humanities, while pro-
moting digital literacy.

This curriculum aligns with the European Union’s Digital Compe-
tence Framework for Citizens (DigComp) and UNESCO’s Al Competency
Framework for Students, addressing key competencies such as critically
evaluating Al-generated outputs, adopting ahuman-centred approach,
and applying human oversight in interdisciplinary contexts.

Future directions

Aeneas demonstrates the transformative potential of Alinaugmenting
historical research, yet several avenues offer promising prospects for
future development. One key direction involves integrating Aeneas’s
capabilities into large-scale dialogue models. This could enable more
natural and interactive research workflows, allowing historians to query
the system, probe the model’s answers, and receive better explanations.
Addressing the inherent uncertainty in historical data, particularly
concerning chronological attribution, remains a critical challenge.
Future work could focus on developing better methods for representing
and evaluating wide dating brackets, both within the model’s architec-
ture and through refined evaluation metrics that better capture the
nuance of historical dating practices beyond distance from estimated
ranges. A further opportunity lies in conducting additional ablation
studies to quantify the contribution of different components (such
as the impact of visual inputs on different tasks); as well as exploring
how contextual parallels change with different textual inputs and how
sensitive the system is to variations in input formatting (and across
different types of inscriptions). Improving the multimodal capabilities
with larger, highly standardized and FAIR datasets (those adhering
with FAIR principles; https://www.go-fair.org/fair-principles/), while
broadening the scope beyond Latin inscriptions, are also rewarding
research directions. This would allow a deeper exploration of the vis-
ual modality’s potential beyond geographical attribution, potentially
informing chronological dating through iconographic or otherwise
archaeologically informed analysis. Finally, we believe that deepening
interdisciplinary collaborations is paramount: we hope that future pro-
jects continue to build along the path of bridging the humanities and
the sciences.
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This study was developed through a collaborative, interdisciplinary
approach, bringing together ancient historians, computer scientists
and educational experts, ensuring diverse perspectives throughout the
research process. Capacity-building was central to this effort, enabling
effective communication between disciplines and the exploration
of meaningful research questions, while leveraging state-of-the-art
technology to advance our understanding of ancient history. Cen-
tral to this project was the recognition that epigraphy serves as a key
source of direct evidence for understanding a wide range of social
groupsintheancientworld, including not only emperors and élites, but
also marginalized and subaltern groups such as enslaved individuals,
women, and other voiceless communities. This focus on the diversity
of ancient social identities highlights the crucial role of epigraphic
datainchallenging dominant narratives and fostering amoreinclusive
understanding of the Roman world.

Although our methods hold great promise in advancing historical
research, we are mindful of the risks associated with the misuse of Al.
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The potential for misclassification or misrepresentation of historical
datais anotable concern, particularly in the Roman world, where Al
models could inadvertently reinforce biased or inaccurate readings of
the past. Itis essential that Al tools are deployed with human oversight,
as blind reliance on the comprehensiveness of automated methods
risks distorting historical interpretations. We also emphasize that Al
should complement rather than substitute human expertise in the
humanities. Our approach aims to alleviate the enormous effort and
time-consuming nature of processing and analysing large datasets,
allowing historians to focus on the critical interpretation and con-
textual analysis of ancient texts. This collaboration between Al and
human scholarship is crucial for advancing responsible and ethical
practices in digital humanities research. Finally, we are committed to
promoting the responsible use of Alin humanities research, with an
emphasis on ensuring that Al tools are used thoughtfully and trans-
parently. By integrating interdisciplinary expertise, we aim to foster
amore responsible and inclusive approach to the application of Alin
the study of ancient history.
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Furtherinformation onresearch designis available in the Nature Port-
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(c) Geographical attribution (d) Geographical attribution visual saliency map
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Probability

(e) Geographical attribution textual saliency map

deol dulqn et tutelae loci pro salute et incolmitote sua suorumg omnium 1 mqlorius cogitatus
bficiarius cosularis vot sol 1 1 m idibus iulis gentiono et basso cosulibus

(f) Restoration - unknown length
deab aufan et tutelae # salute et incolmitate sua suorumg omnium 1 maiorius cogitatus

bficiarius cosularis vot sol 1 1 m idibus iulis gentiano et basso cosulibus

Aeneas hypotheses

1) "pro" 2) "loci pro" 3) "aug pro" 4) "sacr pro" 5) "sacrum" 6)

Extended DataFig.2|Aeneas’ outputs for contextualising the altar attribution predictions; (d) theimage saliency map for geographical attribution;
CILXII16665(TM 211813 =HD54789), avotive altar from Mainz (ancient (e) the textual saliency map for geographical attribution; (f) the restoration
Mongontiacum, in the province of Germaniasuperior), dating 15 July 211 hypotheses foralacunaof unknownlength. Photographofinv.no.S 553, courtesy

CE.Forthisinscription, Aeneas provides: (a) theretrieved textual and contextual ~ of GDKE-Landesmuseum Mainz (ph. Ursula Rudischer). Map reproduced from
parallels; (b) the chronological attribution predictions; (c) the geographical CartoCBbasemapsundera CCBY 3.0 Attribution 3.0 Unported license.
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Extended DataFig. 3| Geographical attribution performance analysis (LED testing set). Geographical attribution accuracy per Roman province (LED test set).
Some provinces may be empty as noinscriptions existinthe test set.
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Extended DataFig.4|Geographical attributioninscriptions per province (LED trainingset). Geographical attributioninscriptions per province
(LED training set).
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Extended DataFig. 5| Chronological attribution performance analysis (LED test set). Chronological attribution date loss per decade (LED test set). Some
decades may be empty as noinscriptions existinthe testset.
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Extended DataFig. 6 | Chronological attributioninscriptions per province (LED trainingset). Chronological attribution inscriptions per decade
(LED trainingset).



Extended Data Table 1| LED dataset statistics

LED (our dataset) EDR EDH EDCS_ETL
| Text Char. Img. | Text Char. Img. | Text Char. Img. Text  Char.
Train 141k 12,900k 6,524 26k 3,258k 585 40k 4,188k 5k 74k 5,454k
Valid 17k 1,560k 778 3k 361k 71 5k 524k 734 9k 674k
Test 17k 1,571k 810 3k 384k 63 5k 501k 747 9k 684k
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Extended Data Table 2 | Aeneas’ RGDA analysis

RGDA archaising form Standard form

impensa inpensa
terra et mari terra marique
aheneis aeneis
apsenti absenti
conlega collega
claussum clausum
caussa causa
plebei plebi
sexsiens sexiens
emeriteis emeritis
argenteis argentis
adsignavi assignavi
conlegio collegio
Dalmateis Dalmatis
quadrigeis quadrigis

Historical feature Contextual reference

Political alliance ruling from 43-33 BCE
Religious festival instituted in the Augustan era
Monument commissioned in 13 BCE
Title assumed in 5 BCE
Treasury established in 6 CE
Forum dedicated in 2 BCE

Triumviri rei publicae constituendae (Ch. 1)
Augustalia (Ch. 11)

Ara Pacis Augustae (Ch. 12)
Princeps iuventutis (Ch. 14)
Aerarium militare (Ch. 17)

Forum Augustum (Ch. 21)

Summary of the main salient historical features and their chronological reference identified by Aeneas throughout the RGDA.
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Neural networks were developed with JAX v0.4.37 (https://github.com/jax-ml/jax), Flax v0.10.2 (https://github.com/google/flax). The XLA
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Population characteristics No socially constructed or socially relevant categorisation variable(s) were used in this manuscript.

Recruitment Potential participants were identified among key contributors in the field of Digital Epigraphy (with 1-4+ publications over the
last 20 years) and/or among specialists in the study of Roman inscriptions. The participants were early, mid, and senior career
academics in the field of Roman history, specialising in Latin epigraphy, currently employed in the Higher Education sector.

In total, 41 experts were contacted via email with an invitation to participate. The 23 that accepted the call were provided
with a link to the anonymous online form. Self-selection bias is possible, as participants volunteered to participate. Given the
specialized nature of the study, participants' expertise mitigates potential biases affecting the study results.

Ethics oversight Ethical approval for the Al-Historian evaluation protocol was granted by the Ethics Board of the School of Humanities,

University of Nottingham. The protocol adhered to rigorous ethical standards and received a Favourable Ethical Opinion from
the Faculty of Arts Research Ethics Committee at the University of Nottingham. In accordance with the approved protocol, all
participants were provided with a Participant Information Sheet, a Participant Consent Form, and a GDPR Privacy Notice. A
comprehensive Data Management Plan was developed, and an Awareness of Ethical Behaviour for Data Collection form was
completed. Evaluation designers also completed two mandatory online courses - Research Integrity and Human Subjects
Protections - offered by the University of Nottingham Researchers Academy, ensuring alignment with the highest standards
of research ethics and integrity.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Study description The study was conducted in three phases:
- Phase 1: Participants were assigned a set of Latin inscriptions (five randomized texts per participant) and asked to submit their
predictions for the three tasks described above using traditional methods without digital support.
- Phase 2: Participants were given another set of inscriptions (five randomized texts per participant) to restore, attribute, and date,
with support from an assistive digital tool that provided its own predictions and examples.
- Phase 3: Participants completed a brief survey consisting of multiple-choice and free-form responses, assessing their experience
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using the digital aids and commenting on the usefulness of these aids to their workflow.

The objective of Phase 1 was to assess the difficulty of the epigraphic tasks for domain experts using traditional methods. The
objective of Phase 2 was to evaluate the extent to which digital tools could assist domain experts in completing these complex and
time-consuming epigraphic tasks. The objective of Phase 3 was to gather feedback from the domain experts to evaluate their
experience using digital aids for the three epigraphic tasks.

The answers from each phase were scored using quantitative metrics against ground-truths, with additional qualitative feedback
gathered in Phases 2 and 3.

Research sample Potential participants were identified among key contributors in the field of Digital Epigraphy (with 1-4 or more publications over the
past 20 years) and/or among specialists in the study of Roman inscriptions. To ensure inclusivity, the 23 expert researchers involved
in the human evaluations reflected: 1) gender diversity (11 male, 12 female); 2) career-stage representation (early-career researchers
working alongside full professors, all currently employed in the Higher Education sector); 3) age diversity (ranging from 30 to 67 years
old at the time of evaluation); 4) academic specialism (all were key contributors to Roman History, particularly Latin Epigraphy, with 1
to 4 or more publications in the field over the past 20 years). In total 41 participants were contacted via email with an invitation to
participate and the 23 that accepted were provided with a link to the anonymous online form.

Sampling strategy Participants were selected through convenience sampling, specifically targeting individuals with expertise in epigraphy. Since world-
wide there is a limited number of experts that could contribute to this evaluation, the sample size was defined by the number of
volunteers that were willing to participate.
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Data collection The data collection took place online via an anonymous form. The responses from the participants were collected in an anonymised
online form (Google Forms), and final statistics were drawn from the performance of all participants across both phases of the study.
The form included the Participant Information Sheet, the GDPR Privacy Notice, and the Participant Consent Form. Participants who
consented to take part proceeded to the evaluation section of the form, which was entirely anonymised.
To compare the results of Phase 2 and Phase 3, participants were randomly divided into two groups, with one group conducting
Phase 2 on a given inscription while the other conducted Phase 3 on the same inscription. The allocation was uniformly randomized.
Each participant was assigned a minimum of five inscriptions, with the option to evaluate additional inscriptions if desired. Given the
additional information provided between all Phases participants knew the Phase they were in, but didn't have visibility on the group
they belonged, or answers from other participants. In total, the 23 participants evaluated 120 inscriptions, representing 60 unique

texts.
Timing The evaluations took place between 2/8/2024 and 25/09/2024. Each evaluation lasted a maximum of 2 hours.
Data exclusions No data was excluded from the analyses.
Non-participation No participants dropped out or denied participation. Out of the 41 participants contacted, 23 responded to our call.
Randomization Participants were not assigned to predefined experimental groups. Instead, the study design followed a paired evaluation framework

where all participants first completed tasks independently in Phase 1. In Phases 2 and 3, participants were provided with Al
assistance. Each participant was presented with a set of inscriptions, and the selection of either Phase 2 or Phase 3 for each
inscription was determined through uniform random sampling.
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