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Abstract
This paper presents the results of an evaluation of general Handwritten Text Recognition (HTR) models applied to 17th
and 18th century corpus written in modern French and the fine-tuning of the models. Our aim was to transcribe a corpus
from this period using existing pre-trained models and to assess their performance on such data. While these general
models offer a large linguistic coverage, our results demonstrate they are often insufficiently adapted to the specific
handwriting nuances and orthographic inconsistencies of early modern French. To improve the results, we fine-tuned
a base model to develop a specialized version trained on our dataset. Although the model still encountered difficulties
due to highly variable handwriting styles, it significantly improved transcription accuracy and reduced processing
time. Following this step, we used a semi-automatic post-correction tool to address remaining errors and integrated
Named Entity Recognition (NER) steps for automated TEI-XML encoding. This paper discusses the evaluation
results of both the HTR and NER models, and how the overfitting allows to get better transcriptions on a specific corpus.
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1. Introduction and related work

This paper presents the methodologies and the
results of an evaluation of Handwritten Text Recog-
nition (HTR) models on 17th-18th centuries French
corpus, and the processing of the outputs with
Named Entities Recognition (NER). This work is
part of a project for the online publication of the
Comédie-Frangaise assembly registers from 1680
to 19217, One of our primary goals is to publish the
committee registers. This collection is particularly
valuable because it offers insights into the company
day-to-day life. The committee are formed by come-
dians of the troupe called "sociétaire"?, and discuss
a wide range of subjects, like rehearsals, budget,
programs etc...(Sanjuan and Poirson, 2018) Our
aim is not merely to provide access to the text as a
digitized document, but also to enable large-scale
research (e.g quantitative analysis tools).

The steps of the pipeline can be broken down as
follow :

» completing the transcriptions using HTR ;
+ post-correcting the transcribed texts ;

+ encoding and validating the TEI files accord-
ing to a TEI schema, and using NER to semi-
automate the encoding of names, locations,
dates, and plays ;

The Comédie-Francaise is a French theatre company
founded in 1680 under the reign of King Louis XIV. It
continues today to play a major role in the French theatre
landscape(Sanjuan and Poirson, 2018).

2Comedians owning shares of the company

+ and finally, integrating the data into a database
for online publication.

To accelerate the transcription process, we use
HTR, also known as Automatic Text Recognition
(ATR) (Jacsont and Leblanc, 2023). This field
of research, which emerged in the early 2000s,
has experienced significant growth since the early
2020s. Early approaches of HTR relied on Hidden
Markov Models (Marti and Bunke, 2002), while a
shift occurred with the introduction of neural net-
work with Connectionist Temporal Classification
(CTC) (Graves et al., 2009), Long Short-Term Mem-
ory (LSTM) (Garrido-Munoz and Calvo-Zaragoza,
2025) and BLSTM (Granet et al., 2018). More re-
cently, we can find transformer-based models (Stro-
bel et al., 2022).

Several tools and engines have democratized
these technologies, like eScriptorium (Kiessling
et al., 2019) (using the Kraken (Kiessling, 2019)
engine), Transkribus (Colutto et al., 2019) and
Tesseract (Smith, 2007). For French historical
corpora, initiatives such as Fondue (Jacsont and
Leblanc, 2023), CATmUS (Clérice et al., 2024) and
CREMMA (Pinche, 2023) have provided essential
datasets and generals models. We can mention
HTR-United (Chagué et al., 2021), a collaborative
platforms to collect dataset for ground truth and
models. ATR is often considered a resolved task
from a computer vision point of view (Hodel et al.,
2021; Pinche, 2023), but it remains a challenging
issues due to the high variation of hands. Never-
theless, the main challenge remains the ability to
handle documents featuring a wide variety of hand-
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writing styles. The performance of an HTR model
largely depends on the availability of a large and
diverse dataset, something difficult to achieve, as
it requires the manual transcription of a consider-
able number of pages for model training. To enrich
these transcriptions, we are working on a tool to
encode them semi-automatically in XML-TEI format,
by using Named Entity Recognition models (NER).
Our goal is to recognize relevant person’s name,
locations, organizations, plays and dates to encode
them automatically. In this paper, we present the
results of the evaluation of the HTR models and
the impact of overfitting on their performances, as
well as our first results with the NER models. We
are exploring the application of Handwritten Text
Recognition (HTR) from a social science perspec-
tive rather than a purely technical one. Our ap-
proach focuses on evaluating existing tools and
workflows and sharing our experience.

2. Corpus

Given that much of the 19th-century assemblies
has been previously transcribed, this study focuses
on the 18th-century registers : that is approximately
7,000 pages. Our corpus includes several charac-
teristics relevant for HTR training :

» A redundant vocabulary (registers being ad-
ministrative records);

» French modern language inducing spelling
and orthographic variations over the century
(Gabay et al., 2024);

* A lot of different hands (e.g. 2-3 hands during
the same period).
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Figure 1: Three different hands. Two from the same
register (R52_3 (1712-1714)), one from the register
R52_6 (1719-1721).

1684 1729 1763 1784
WER | CER | WER | CER | WER | CER | WER | CER
McFrench | 70.09 | 29.40 | 77.24 | 32.77 | 61.95 | 22.75 | 37.21 | 11.76
McFondue | 76.42 | 30.51 | 80.26 | 34.31 | 68.83 | 23.39 | 40.11 | 10.21

Catmus | 72.77 | 30.68 | 74.74 | 31.54 | 65.60 | 23.82 | 38.36 | 12.03

Models

Table 1: Comparison CER and WER of each model
on documents from 1684, 1729, 1763 and 1784.

3. Evaluation of HTR pre-trained
models

3.1. Metrics and tool

First, we should state that the work involving HTR
models was done using eScriptorium interface,
as it’s a free and open-source web application.

In HTR, as in most machine learning tasks, two
main approaches can be distinguished: :

+ Training a model from scratch: building and
training a model yourself, based on a dataset
specifically prepared for that purpose.

 Leveraging a pre-trained model, either by us-
ing it directly or by fine-tuning it on a new
dataset (Pinche, 2023).

For our periods, we identified three available
models at the time, all developed by the CREMMA
lab :

* ManuMcfrench: trained on a dataset of 1.148
pairs of XML files and images (Chagué et al.,
2023) ;

* ManuMcfondue: an extension of ManuM-
cfrench, trained on 4604 pages (Gabay et al.,
2024) ;

* McCATmUS: trained on 180 manuscripts in 7
differents languages (Clérice et al., 2024).

We first evaluated the performance of this mod-
els to see how they performed on our corpus. To
evaluate the performance of an HTR model, we
generally used two metrics: the Character Error
Rate (CER) and the Word Error Rate (WER). The
CER calculates the percentage of mistakes at the
character level, including letters, punctuation, and
spaces. A CER below 10% is usually considered
good, while 5% or less is excellent (Hodel et al.,
2021). The WER measures errors at the word level.
Because a word is counted as incorrect even if a
single letter is wrong, it can be three to four times
higher than the CER. In our case, the WER could
be misleading, because our ground truth mainly
consists of modernized transcriptions.
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3.2. Overly general models?

These models had been evaluated on a dataset
with four hands from four differents assemblies.

As we can see in the table 1, the CER is high,
especially on pages from the end of the 17th to
the middle of the 18th century. Furthermore, mod-
ern French evolved many times during centuries
(Gabay et al., 2024), which increases the complex-
ity of developing an efficient HTR model for these
periods. The differences mainly concern handwrit-
ing styles and spelling, and we can observe that,
across the four selected years, the CER varies no-
ticeably. We argue that global models are less
efficient while working on a specific corpus. We
could even say that the larger the model, the more
the CER will deteriorate, as demonstrated by the re-
sult of Mcfondue. It also confirms Humphries et al.
(2024) statement, that models struggle to perform
well on a hand that differs the training data.

The performance of these models is not suffi-
cient to transcribe all the manuscripts. At this stage,
there is no significant difference in time or effort be-
tween manual transcription and using the existing
pre-trained models. Therefore, we've decided to
train a custom model that better suited to our docu-
ments.

4. Training an HTR model

4.1.

Training an HTR model requires preparing a dataset
that serves as the project’s ground truth. The
ground truth is the original transcription of the
manuscript with its segmentation.

For the assemblies registers, we rely on the tran-
scriptions produced by ?, which cover the late 17th
and early 18th centuries, as well as those of the late
18th century transcribed by Master’s students from
Victoria University®. These transcriptions constitute
a valuable basis for our work, as they provide part of
the ground truth necessary for both the evaluation
and the training of the model.

However, we still need the corresponding image-
text alignment and the segmentation of the
manuscript pages to be carried out in eScrip-
torium. Establishing a reliable ground truth is
a time-consuming process, and it is also important
to prepare a separate dataset specifically for eval-
uation purposes. Although the dataset could be
supplemented with material from external sources
such as HTR-United, the more heterogeneous the
training data becomes, the less the resulting model
will be optimized for this specific corpus.

At the time of writing, we prepared a dataset of
431 pages (415 808 tokens). It consists 331 pages

Building a ground truth

Shttps://www.cfregisters.org/#!/equipe

from our corpus, supplemented with 100 pages
from the CREMMA-lab project*, to diversify our
dataset with more hands (see the details in table 4
in the appendix).

4.2. Testing different approach for
fine-tuning

In our case, the easiest way was to fine-tune an
existing model, because it allowed us to develop
a model with good performance without a large
dataset (Jacsont and Leblanc, 2023).

WER and CER by models

. WER
70 CER

models

Figure 2: Comparison of the CER and the WER of
the different trained models on pages from 1706

The figure 2 shows the WER and CER for the
following models :

+ eScriptorium: Fine-tuned with eScripto-
rium;

* McFrench-331p: Fine-tuned from the
McFrench base model using 331 pages from
the assemblies corpus;

* Mcfrench-431p: As above, but with the 431
pages mentioned;

* Mcfondue-431p: As above, but with Mcfon-
due as a base model;

+ MSS18-RCF: Fine-tuned from the McFrench
base model using a hybrid 431 pages set (half
from MSS18 and half from our corpus).

According to the documentation, eScripto-
rium uses the default parameters of kraken. In
fine-tuning case, Kraken will inherit the parame-
ters of the base model®.

“The pages are from 18th manuscripts (MSS18).

SFor the McFrench model, these parameters include
a batch size 16, NFD unicode normalization and the fol-
lowing model architecture : [1,120,0,1 Cr3,13,32
Do0.1,2 Mp2,2 Cr3, 13,32 Do0.1,2 Mp2,2
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To have more control over the training process,
we fine-tuned the other models in command line
using the following ket os command:

ketos train -f binary -d cuda:0 -
r 0.0001 --resize both \

-i ../ManuMcFrenchV3.mlmodel -

o Mcf_fine_tuned dataset.arrow

This command resumes the training of an existing
model using the dataset dataset .arrow. Train-
ing is performed on the GPU (-d cuda:0) with a
learning rate of 0.0001, which is appropriate for
fine-tuning. The parameter —-f binary indicates
the binary format of the dataset, and -resize
both allows the resizing of input images and text
lines to match the model’s expected architecture.
The results can be interpreted as follow :

» Fine-tuning McFrench outperformed McFon-
due. With the same ground truth, the differ-
ence between the two models reached nearly
five CER points, suggesting that fine-tuning a
base model pre-trained on a smaller dataset
may be more effective;

* Diversifying the handwriting styles by incor-
porating corpora from other projects helps to
improve the CER,;

» Using Kraken directly and not the eScrip-
torium interface gave better performance
thanks to the -"-resize both" parameter;

4.3. What about overfitting?

In machine learning, overfitting occurs when a
model performs well on the training but not on un-
seen data. In HTR, this is characterized by a low
CER on known hand, while it worsen on "similar
but not identical hands" (Hodel et al., 2021).

Based of the results shown in figure 2, the best
model is McFrench fine-tuned with 431 pages®,
most of them from our corpus (see the details in
table 4 in the appendix).

Using the same evaluation metrics as described
above, we used this model with McFrench on two
different hands, one from our training dataset, an-
other representing an unseen hand.

As shown in figure 2, the CER increases sig-
nificantly between the two pages, confirming that
the model is overfitted. However, since our goal
is to transcribe 7000 pages in a short period of
time, the overfitting is acceptable. Even with the
deterioration observed for the page from 1729, the
fine-tuned model still outperforms general model.
We also benefit from working with a highly repetitive

Cr3,9, 64 Do0.1,2 Mp2,2 Cr3,9,64 Do0.1,

2 S51(1x0)1,3 Lbx200 Do0.1,2 Lbx200

Do0.1,2 Lbx200 Do] (Chagué et al., 2023)
8GitHub repository of the model.

1706 1725
Models
WER | CER | WER | CER
McFrench 66.20 | 20.63 | 97.33 | 39.40
MSS18-RCF | 21.37 | 4.83 56.00 | 18.21

Table 2: Comparison CER and WER of McFrench
and MSS18-RCF on one page from 1706 and one
page from 1729

corpus in terms of structure: each session begins
with a preamble whose content changes very little
over the years. This part of the session is very well
transcribed by the model.

We could continue to add more training data, but
the number of pages already transcribed at our
disposal is very limited, and the segmentation and
text alignment is very time consuming. To address
the remaining errors and potential decreases in
performance, we focused on post-correction.

5. Processing historical text with NER

5.1. Post-correction

Although our model performs reasonably well, it
is important to note that a completely error-free
transcription is impossible. Furthermore, as stated
by Huynh et al. (2020), the quality of the model’s
transcriptions has a direct impact on NER perfor-
mance.

There are three main methods to correct noisy
texts: the manual and semi-automatic approaches
described by Nguyen et al. (2022), and the machine
learning approach. Manually correcting 5,000
pages would be too time-consuming, and fine-
tuning a large language model requires substantial
resources and a large dataset that we do not pos-
sess. Besides, late studies show that using LLM to
post-correct historical text doesn’t offer good per-
formance (Boros et al., 2024) yet.

We implemented a semi-automatic post-
correction tool based on a dictionary built from
our HTR ground truth. Corrected errors are
saved so that recurring mistakes are automatically
fixed, significantly reducing manual intervention,
particularly for confusions between similar letters
(for example: 'v’ and 'u’). However, overcorrections
can occur when the same erroneous sequence
corresponds to different valid words, depending on
the transcription rules applied: should we preserve
the writer’s original spelling or normalize it?

The post-correction tool allowed us to gain CER
points. We got a CER of 1.92 instead of 6.85 with
the model. It is particularly efficient to correct the
person’s hames, location or play titles.
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Model PER LOC ORG MISCTOT

spaCy

Ground Truth 230 34 68 113 445
model 431p 240 76 81 129 526
Post correction 222 36 71 115 444
Mcfrench 338 142 92 232 804

CamemBERT

Ground Truth 845 31 41 70 987
model 431p 743 21 39 56 859
Post correction 844 27 41 60 968
Mcfrench 815 28 26 61 930

Table 3: SpaCy and CamemBERT results

Having assessed the intrinsic performance of
the tool through these error rate improvements, we
then turned to an extrinsic evaluation to measure
its impact on named entity recognition (NER) per-
formance.

5.2. NER evaluation

We evaluate the performance on the widely used
SpaCy (Honnibal et al., 2020) and CamemBERT
(Martin et al., 2020) models. We compare the mod-
els outputs on four versions: the HTR ground truth,
the Mcfrench transcriptions, the best fine-tuned
model and the post-correction of the transcriptions.
To compare the results, we appoint the output of
SpaCy and CamemBERT on the HTR ground truth
as our silver standard because of the lack of gold
standard’.

Our analysis focuses on two informations in the
table 3: the total numbers of NEs and the numbers
of MISC. As noted by Koudoro-Parfait et al. (2024),
a higher WER often deteriorates the quality of the
transcriptions, which increases NEs types. If we
look back at the table 1, the WER of the Mcfrench
model is very high, as is the number of NEs rec-
ognized by spacCy. In contrast, the post-corrected
text as a number of NE closed to the silver standard,
both for spaCy and CamemBERT. The latter finds
a significantly higher number of NE, likely due to
its tokenization, where compound name are often
split and counted as multiple entities.

The figure 3 displays the occurrence of entities
recognized by SspaCy per texts in a Zipf-like curve.
We can observe that the post-correction followed
the curve of the ground-truth, while the Mcfrench
models decreases quickly. Besides, spaCy de-
tected 1098 entities, and only 268 are showing in

"The NER models identifies four types of name en-
tity (NE): persons (PER), location (ORG), organization
(ORG) and others (MISC).

9 nd_truth (NE total=985, NE_top100=864)
1.431p (NE_total=1078, NE_top100=717)
— postcor (N total=977, NE_top100=870)

— mcfrench (NE_total=1098, NE_top100=268)

Figure 3: Zipf law for entities recognizes by SpacCy.

this graph. This indicates that the noisier the out-
put, the higher the number of hapax. Nevertheless,
even if the post-correction as a significant suggestd
that even reducing the noises in the transcriptions,
SpaCy and CamemBERT continue to misidentify to-
kens as named entities (Parfait, 2025), or failed to
label the correct entity. These two models are not
trained on historical texts. Consequently, for any
historical corpora, NER models require fine-tuning
to accurately recognize named entities specific to
a given period.

6. Conclusion

To conclude, our study shows that general pre-
trained HTR models yield poor Character Error
Rates (CER) when applied to hands that differs sig-
nificantly from their training data. Moreover,the tran-
scription rules applied when creating the ground
truth should be considered, as they may signif-
icantly affect the model's performance.By fine-
tuning on a small, specific dataset, we achieved
faster and more accurate transcriptions of our cor-
pus through overfitting. However, this specialization
also resulted in a decrease in performance when
applied on hands different that where not in the
training set.

Regarding the NER processing, we found that
post-correction can improve the model’s ability to
recognize named entities. Nevertheless, regard-
less of the amount of noise present in the data (e.g
uppercases that can be misleading as named enti-
ties, orthographic variations, etc.), NER models still
require fine-tuning to effectively identify historical
named entities.
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Id/Name Years Total pages

Comédie-Francaise corpus

R52_0 (folios) 1682—1686, 1692, 1693, 1695, 1700, 1706 179
R52_12 1729 30
R52_17 1742 20
R52_20 1752 30
R52_21 1756 12
R52_26 1784 40
R124_a 1763—-1773 20
MSS18 corpus

Correspondance de Montfaucon 1730s 29
Archives de la Bastille (police secrete) 1729s 22
Candide de Voltaire Unknown 5
Les dialogues de Rousseau Unknown 5
Journal de Mme Genlis 1729s 10
Recueil de pieces diverses Unknown 21
Vauban Unknown 8

Table 4: Ground truth dataset content overview.
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