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   In Codice Ratio _______ 

  Target
      



Vatican Registers 9, 10, 11, 12 and 13

Papal letters from 24/8/1216 to 18/3/1227
Ą 2300 written pages
Ą 5214 documents



   In Codice Ratio _____ 

  Techniques
      



ML for Handwritten Text Recognition

Machine Learning techniques are effective for Handwritten Text 
Recognition (HTR) tasks 

Machine Learning needs (a lot of) training data: 
examples to teach the system how to accomplish a task

For HTR, training data consist of images of many different portions of the 
document (e.g., worlds, lines) and their associated transcription



Main Machine Learning Problem

ÅHow to produce the training data

ÅWe experimented two approaches:
ÅCrowd-based: we exploited non-expert persons (many and not skilled) 

ÅQualified-expert: we relied on professional paleographers (very few and rather 
busy)



   In Codice Ratio _______________________ 

  Crowd-based Approach
      



Crowd-based Approach
Goal: leverage a crowd of non-experts (highschool students) to 
produce training data

Problem: they cannot read words orlines entirely

Solution:
ÅPropose to the crowd a simple task: 

recognize symbols (not words or lines) based on pattern matching

ÅAlgorithmic approach based on language model to aggregate 
candidatetranscriptions



Mark the strokes that give rise to a symbol that is similar to the samples in the green area

CONFIRM



Students provided labels to ML

700 students

from 26 schools 

10M imagesprocessed



Samples for a 

We trainedan Artificial Neural Network
with the examplesproduced by the students



Results (intuition)

On a page of 296 words: 

62%: correct transcription (green) 

20% at edit distance 1 (yellow)

18% not processable (gray)

Failures due to:

Segmentation errors (many)

Symbol recognition errors (a few) 



2019-2021
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 Qualified-expert Approach



ML needs 
training data Hey AI, these lines

Let us teach contextually 
visualand language 
knowledge correspond to



Supporting the production 
of training data

The production of this kind of training data is a time-consuming activity 
that requires the intervention of expert paleographers and/or 
diplomatists

Francesca Gallo, Pos-doc, Roma Tre University



 

An expert creates the 
transcription
to train the system



Trained Network
 

 



Reg. Vat. 12
Complete 
transcription 
line per line



Results

Training set

Å40 pages transcribed by a PhD student in paleography

Promising achievements:

Åon average less than 8 errors per line 

Åmost lines are perfect, errors are concentrated in a few lines: why?



ilecte in xristo filie piorissa et sorores sancti Nicolai de ditiaco tue diocesis suis nobis litteris intimarunt quod cum 
hospita 

Automatically generated

ilecte in Chrost filie pririsa et sorores sancti Nucolaa de ditiaco tue diocesis suis nobis litteris intimarunt quod cum hospita 

We observed that in the training data             sometimes was solved as xristo, other times as christo



   In Codice Ratio ________________

  Technology Transfer 



ICR on a Smartphone

In a Tecnology Transfer Project with a local company we developed a 
solution to read fiscal documents

It is in production!



http:// tensorflow.org

Google has selected 
our research as 
showcase project for
their AI platform



Many news papers, 
magazines, and TVs 
reported our results



Two students of our university have founded a 
startup to exploit the technology developed 
in the project

Their goal is to offer a service to automate data 
entry processes 

Example of the problem: a small bank 
processes2M fiscal documents every year. 
Data are entered manually!
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  Collaborations



The Archive of the Chamber of Deputies



Surviving



Matrices is a sequel of the In CodiceRatio project, in 

collaboration with the State Archive of Rome.

Medieval documents from 
SS. Cosmas and Damian in Mica Aurea



exceed one's own bounds



Paleographers and 
librarians must be 
"in-the-ƭƻƻǇέΦ ¸ŜǎΣ 
but how?



2021-now



   

  Automatic Handwriting Identification
      



Handwriting Identification
Handwriting identification is the challenging problem of 

attributing handwritten texts to specific scribes

Scribe 1

Scribe 2

Scribe 3
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A Classification Problem

Given a collection of objects and a set 
of predefined classes: assign objects to 
classes based on their features

In our context:

the collection of objects corresponds to 
pages, the predefined classes are the 
scribes



Machine Learning is the Solution
Stage 2: prediction

the system relies on these learned features to classify new pages that were not 
seen during the training stage

Classifier

???

Scribe 2



Classifier: a Deep Neural Learning

We have used classifiers based on deep learning architectures 
(ResNet18*, V-Transformer**)

* Ammirati et al. "Self-supervised learning for medieval handwriting identification: A case study from the Vatican Apostolic Library" 
   Information Processing & Management 59 (3), 2022
** Liu et al. "Swin transformer: Hierarchical vision transformer using shifted windows"
     Proceedings of the IEEE/CVF international conference on computer vision. 2021

Classifier



Case Study: Vat.lat.653 

XI century, Subiaco 
538 pages (269 folios)
4 scribal hands in 522 pages out of 538

scribe 1, 42 pages (fols. 1r-21v)
scribe 2, 58 pages (fols. 237r-265v)
scribe 3, 202 pages (fols. 22r-121v)

ω scribe 4, 220 pages (fols. 122r-231v)

1279 px

902 px



Classification Results (Accuracy)

ResNet18: 86%
V-Transformer: 91%



What features 
does the NN rely on? 



On which basis 
can we trust the classifier? 



The Black-box Problem

A neural network operates as a 'black-box': 

we know the weights of the connections (millions)
What are the features that 
the neural network has 
learned? 
How is it attributing pages 
to scribes? 

Can we trust the classifier? 

Missal Box, 1490. New York Public Library



Our Approach to Generate Explanations

We have adapted LIME* to our analysis to highlight the relevant regions

Intuitively:
ǒ we divide the image into square patches, each with a side length equal 

to the line height
ǒ for each patch, we generate multiple perturbations and observe how the 
ŎƭŀǎǎƛŦƛŜǊΩǎ ǇǊŜŘƛŎǘƛƻƴ ŎƘŀƴƎŜǎ

This allows LIME to infer the relative importance of each patch 

*Local Interpretable Model-Agnostic Explanations
  Ribeiro et al. "Why Should I Trust You? Explaining the Predictions of Any Classifier" KDD 2016



On-going Works, Collaborations, Questions

- Extend the study to other manuscripts.
- Can explainabilitybuild actual trust?
- Can we keep the computer scientists?
- Can we train the paleographers?
- Are DH competitive?

- Riccardo De Cesaris, PhD student in Computer Science, Roma Tre University (research project in 
DH)

- Elena De Luca, PhD in Paleography, Roma Tre University (summer and winter school in DH)
- Chiara Parlagreco, PhD in Paleography, Roma Tre University (Next Generation EU founded grant)
- Elena Pastorini, PhD in Digital Humanities, University of Bologna



Thank you!


