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Abstract

Historical language models play a crucial role
in the study of languages, and can benefit tasks
such as named-entity recognition (NER), part-
of-speech (PoS) tagging, and post-OCR correc-
tion, among others. Despite their relevance,
most efforts have been concentrated on En-
glish. To the best of our knowledge, no such
model exists for historical Portuguese. In this
work, we introduce PortOIdBERT, the first his-
torical Portuguese encoder language model.
We demonstrate its usefulness by comparing
PortOIdBERT’s performance with Albertina,
the encoder on which it is based, across mul-
tiple tasks—pseudo-perplexity, NER, PoS tag-
ging, word error rate (WER) prediction, and
OCR error detection—and for different histori-
cal periods. PortOIdBERT consistently outper-
forms Albertina in historical data, demonstrat-
ing its ability to effectively integrate historical
linguistic contexts while retaining the ability to
process contemporary text.

1 Introduction

With the rise of computational and digital human-
ities resources, the publication of large language
models (LLMs) has surged, with new models be-
ing introduced on a weekly basis. These models
are designed to serve various purposes and increas-
ingly include multilingual capabilities, reflecting
the expanding landscape of computational linguis-
tics research. Nevertheless, despite the increasing
digitisation efforts by libraries and archives, there is
still a notable scarcity of language models focused
on historical languages (Gabay et al., 2022).
Pre-trained language models (PLMs) specialised
in historical language are invaluable due to the dy-
namic nature of linguistic structures. Languages
evolve over time, exhibiting variations across re-
gions and social groups. Changes in pronunciation,
the introduction of new words, shifts in the mean-
ings of existing words, and morphological trans-
formations are all driven by many factors, such

as contact between different communities during
language learning, social differentiation, or other
natural processes of language usage (Zampieri and
Becker, 2013; Alatrash et al., 2020; Schieffelin
and Ochs, 1986; Fishman, 1964; Kerswill, 2006;
Blank, 1999; Hamilton et al., 2016). Another issue
with historical texts is that they often have non-
consolidated spelling (Manjavacas Arevalo and
Fonteyn, 2022) and contain a high degree of ortho-
graphic variation—common in Western European
languages before the standardisation of spelling
norms in the 18th and 19th centuries. Therefore,
having PLMs specialised in historical language can
benefit many tasks, such as automatic post-OCR
correction (Rijhwani et al., 2021) and linguistic
annotation (Camps et al., 2021), among others.

Portuguese, a Western Romance language that
originated in the Iberian Peninsula, is spoken by
approximately 250 million native speakers and 24
million second-language speakers (Eberhard et al.,
2023). It holds official status in several countries,
including Angola, Brazil, Cabo Verde, Mozam-
bique, Guinea-Bissau, Portugal, and Sao Tomé and
Principe (Comunidade dos Paises de Lingua Por-
tuguesa , CPLP), and is a co-official language in
East Timor, Equatorial Guinea, and Macau.

Despite Portuguese being spoken by millions
and not being a low-resource language, to the best
of our knowledge, there is no available PLM spe-
cialised in historical Portuguese. To address this
gap, we introduce PortOldBERT, a specialisation
of Albertina (Rodrigues et al., 2023) on historical
Portuguese. Our training data consists of docu-
ments from eighteen corpora spanning the 12th to
the 20th centuries. We divided the training data
by historical period and developed specialised ver-
sions of PortOIdBERT for each period, as well as a
version encompassing all periods.

To evaluate the resulting models, we compared
their historical adaptation capabilities with the orig-
inal Albertina models using pseudo-perplexity and
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the performance on NER, PoS tagging, WER pre-
diction, and OCR error detection.

Beyond introducing PortOIdBERT, a key contri-
bution of this work is the evaluation tasks based on
OCR-transcription pairs, specifically WER predic-
tion and OCR error detection. These tasks exploit
a relatively abundant source of annotated data that
has remained under-explored for benchmarking the
quality of historical PLMs.

PortOIdBERT! is publicly available to the re-
search community via HuggingFace under the Cre-
ative Commons Attribution Non-Commercial 4.0
license, together with the corpora used for its train-

ing?.

2 Related Work

Large language models (LLMs) contain hundreds
of millions to billions of parameters trained on
massive corpora (Shanahan, 2024). These models
have demonstrated remarkable capabilities across
a broad spectrum of natural language processing
tasks and fields (Fan et al., 2024). LLMs can be cat-
egorised into general-purpose and domain-specific
(Zhang et al., 2023). General-purpose LLMs,
trained on a wide range of topics and domains,
excel in various language-related tasks and have
made significant contributions to the Al community
(Zhao et al., 2023). However, while they perform
well across multiple tasks, general-purpose LLMs
may encounter challenges in specific domain-
focused tasks. Consequently, there is an ongoing
effort to develop domain-specific models, utilising
corpora from particular domains. These models
are designed to grasp domain-specific knowledge,
terminology, and stylistic nuances, enhancing per-
formance in specialised downstream tasks within
those domains (Wang et al., 2023; Gururangan
et al., 2020).

Looking at historical text, the development of
PLMs has primarily focused on a select few lan-
guages, with English receiving the most attention.
Researchers have pursued two main strategies for
creating historical PLMs. The first strategy in-
volves continuing the training of an encoder-based
model pre-trained on contemporary data with his-
torical data. For example, Hosseini et al. (2021)
adapted a contemporary BERT model to nineteenth-
century English, while Singh et al. (2021) applied

! https://huggingface.co/LIACC/Port0ldBERT
2https ://huggingface.co/LIACC/
HistoricalPortugueseCorpora

this approach to ancient and Byzantine Greek.

The second strategy consists of training a model
from scratch using historical corpora. Notably,
D’ AlemBERT (Gabay et al., 2022), a RoBERTa-
based (Liu et al., 2019) model, was developed
for historical French. Following this approach,
MacBERTh (Manjavacas Arevalo and Fonteyn,
2021), a BERT-based model, was trained for En-
glish. Riemenschneider and Frank (2023) intro-
duced four models, GReBERTA and PHILBERTA
(RoBERTa-based), and GReTA and PHILTA (T5-
based (Raffel et al., 2020)), focusing on mono-
lingual Ancient Greek, with the former two be-
ing trained on Greek, Latin, and English corpora.
Riemenschneider and Frank found that monolin-
gual models typically outperform multilingual ones
in morphological and syntactic tasks. Bamman and
Burns (2020) also trained a BERT-based model
from scratch for Latin on 642.7 million tokens orig-
inally written over 22 centuries, from 200 BCE to
today. Similarly, GysBERT (Manjavacas Arevalo
and Fonteyn, 2022) is a BERT-base model for
historical Dutch between 1500 and 1950 trained
from scratch. As we previously saw, some mod-
els are multilingual, such as hmBERT (Schweter
et al., 2022), supporting historical German, English,
French, Finnish, and Swedish.

Comparative research between both strategies
was also done. For instance, Manjavacas and
Fonteyn (2022) demonstrate that models trained
from scratch generally outperform those using the
first strategy across various NLP tasks for historical
English. On GHisBERT (Beck and Kollner, 2023)
work, this was also shown in the eighth-century
till the seventh-century German. Palmero Apro-
sio et al. (2022) also explore both methods, where
the BERToldo was trained from scratch, and Con-
tBERToldo is the outcome of continuing the pre-
training of a contemporary PLM on historical cor-
pora. However, in this work, ContBERToldo shows
superior performance in their evaluations. Simi-
larly, Konle and Jannidis (2020) explored the ef-
fects of continuing the pre-training, on historical
text, of a BERT-based model that has been pre-
trained on contemporary German versus training
from scratch an ELECTRA (Clark et al., 2020)
model and have found that applying the first strat-
egy improves performance significantly compared
to training from scratch.

Palmero Aprosio et al. (2022) also extended
their study of BERToldo and ContBERToldo by
analysing the impact of restricting the training cor-
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pus to specific historical periods. Their findings
show that the most effective strategy is pre-training
a PLM on the full available historical data. This
suggests that, rather than limiting training to indi-
vidual periods, leveraging the entire dataset yields
stronger downstream performance.

To the best of our knowledge, no PLM has been
released for historical Portuguese at the time of
writing.

3 Language models for historical
Portuguese

In this work, we present PortOIdBERT, an encoder
model derived from Albertina (Rodrigues et al.,
2023), a DeBERTa-based model (He et al., 2021)
pre-trained on contemporary Portuguese and re-
leased under the MIT license. Rather than training
from scratch, we opted for continuing pre-training,
as the former is often less effective when con-
strained by limited corpora (see Section 2).

PortOIdBERT features several specialised ver-
sions, each tailored to capture the unique linguistic
characteristics of different historical periods. In ad-
dition to these period-specific models, we trained a
version that integrates data from all historical peri-
ods. The following sections explain the methodol-
ogy taken.

3.1 Corpora

Osério and Lopes Cardoso (2024) identified
twenty-two historical Portuguese corpora, twenty
of which are freely available. From these, we chose
eighteen corpora, which are detailed in Table 10 in
Appendix A. The remaining two, although freely
available, were excluded, one due to overlap with
existing corpora and the other because the exact
document dates were unavailable.

Pichel Campos et al. (2018) state that the Por-
tuguese language can be divided into seven his-
torical periods: the Medieval Period (12th-15th
centuries), the Renaissance Period (16th-17th cen-
turies), the 18th century, the first and second half
of the 19th century, and the first and second half of
the 20th century. However, due to the scarcity of
documents from specific periods, we consolidate
these into the Medieval Period (before the 16th cen-
tury), the Renaissance Period combined with the
18th century (16th to 18th centuries), and the first
and second halves of both the 19th and 20th cen-
turies. Table 1 presents the number of documents
and tokens used to train the different versions of

Table 1: Number of tokens and documents used to pre-
train PortOIdBERT per split and subword fertility rate
(SFR) per period.

. Train Test
Period Docs  Tokens Docs Tokens SFR
<16th 246 5.0M 17 101k 2.15
16th—18th 2063 9.2M 144 650k 2.08
19th-1 1409 7.6M 112 603k 2.01
19th-2 566 14.4M 50 1.8M 2.01
20th-1 5729 11.3M 441 718k 2.00
20th-2 379 807k 22 55k 1.96
Total 10392  48.5M 786 3.9M 2.03

PortOIdBERT for historical Portuguese. Addition-
ally, it provides the subword fertility rate (SFR)
for each historical period. The SFR, defined as the
average number of subwords generated per word
(Rust et al., 2021), which measures the "aggressive-
ness" of the tokenizer’s segmentation. Notably, the
tokenizer produced zero out-of-vocabulary (OOV)
tokens across all historical periods.

To evaluate PortOIdBERT on NER, we use
the BDCamodes (Grilo et al., 2020), ELTeC (San-
tos, 2021), and PPM (Vieira et al., 2021) cor-
pora. The distribution of entities across the training
and test sets is provided in Tables 11, 12 and 13
in Appendix A. The ELTeC and BDCamdes cor-
pora were automatically tagged using PALAVRAS
(Bick, 2006, 2014) and LX-Suite (Branco and Silva,
2006), respectively, both tools primarily designed
for contemporary Portuguese. The PPM corpus
includes a single manually annotated document,
which we use for testing, while the remaining doc-
uments were automatically annotated.

BDCamdes contains 195 automatically anno-
tated literary documents across various genres, in-
cluding novels, chronicles, poems, and short stories
from the 16th to the 21st centuries. ELTeC com-
prises 100 original novels written between 1840
and 1920, each featuring a comparable internal
structure in terms of nature, scope, and quality.
PPM consists of responses to a 60-question survey
sent to parish priests overseeing dioceses across the
Portuguese Kingdom collected between 1758 and
1761.

Despite BDCamdes containing automatically an-
notated documents spanning from the 16th to the
20th century, the limited number of texts available
from the pre-19th century period led us to group
BDCamdes into three periods: pre-19th century,
19th century, and 20th century. Table 2 presents the
number of tokens and documents used for training
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Table 2: Number of tokens and documents per split for
the BDCamoes NER task.

Period Train Test

ero Docs Tokens Docs Tokens
<19th 10 102k 2 16k
19th 66 2.4M 6 237k
20th 95 1.3M 16 102k
Total 171 3.8M 24 355k

Table 3: Number of tokens and documents per split for
the ELTeC and PPM NER task.

C Train Test
OfPUS " pocs  Tokens Docs  Tokens

ELTeC 91 7.4M 9 568k

PPM 366  720.2k 1 27.4k

and testing in each period.

For the ELTeC and PPM corpora, we opt not
to divide them into separate periods, as all docu-
ments within each corpus originate from a similar
historical period. Table 3 shows the distribution
of documents and tokens between the training and
testing sets.

To evaluate PortOldBERT on PoS tagging, we
use four corpora: BDCamdes, ELTeC, Tycho Brahe
(Galves, 2018), and Colonia (Zampieri and Becker,
2013), all of which were automatically annotated.
The Tycho Brahe corpus comprises 47 annotated
texts ranging from the 14th to the 19th century, cov-
ering various literary forms such as letters, journals,
acts, books, and dissertations. Colonia contains
texts spanning the 16th to the early 20th century.

The Tycho Brahe and Colonia corpora are split
into two periods: pre-19th century and 19th cen-
tury. Tycho Brahe encompasses 34 PoS tags, while
Colonia has 33. Table 4 shows the token and docu-
ment distribution for Tycho Brahe and Colonia in
the PoS tagging task. The ELTeC and BDCamdées
corpora follow the same training and testing splits
used in the NER task, with ELTeC containing 74
PoS tags and BDCamdes 78.

For OCR error detection and WER prediction,
we use the PORTO (Freitas Osério and Lopes Car-
doso, 2025) dataset, which consists of documents
written in Portuguese spanning from the 17th
to the 20th centuries. It comprises 3,782 im-
age—transcription pairs, accompanied by OCR out-
puts from four different systems. From these, we
selected 3,677 pairs that were not flagged as having
complex layouts, in order to ensure higher tran-

Table 4: Number of tokens and documents per split for
the Tycho and Colonia POS tagging task.

Corpus Period Train Test
pus Docs Tokens Docs Tokens

<19th 28 1.3M 7 308k

Tycho 19th 7 415k 5 198k
Total 35 1.7M 12 506k
<19th 38 1.5M 5 169k

Colonia  19th 45 3.3M 5 451k
Total 83 4.8M 10 620k

Table 5: Number of tokens and documents on PORTO
dataset per split.

. Train Test
Corpus Period Docs Tok. Docs Tok.
ESTER-Pt  19th-20th 1876 380k 149 29k
CHLMP 18th 623 182k 47 14k
Tycho 17th&20th 473 67k 34 5k
AdA 18th 448 165k 27 10k
Total 3420 794k 257 57k

scription quality, and written in Portuguese. Ta-
ble 5 presents the token and document distribution
for both tasks, considering only the transcription
tokens.

To prevent leakages and ensure data integrity, we
always separate full documents when generating
the test sets. This approach maintains distinct iso-
lation between training and testing data, ensuring
accurate and more reliable model evaluations by
avoiding potential biases.

3.2 Evaluation

We employ two approaches to evaluate the lan-
guage models: we calculate each model’s pseudo-
perplexity on text samples from different time
frames and also rely on fine-tuning models for
NER, PoS tagging, OCR error detection, and WER
prediction.

Perplexity is a widely used metric for evaluating
language models. Perplexity measures how well a
language model fits a text sample; a low perplexity
indicates effective prediction capabilities, while a
high perplexity suggests poor performance.

Perplexity is defined as the exponential average
negative log-likelihood of a sequence. If we have a
tokenised sequence X = (xg, x1, ..., ), then the
perplexity of X is:
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1
PPL(X) = exp{ 7 ZZOQPL]V[(Z'i’x<i)}

(1
where log P (zi|z<;) is the log-likelihood of the
i-th token conditioned on the preceding tokens x ;.
Therefore, perplexity can be seen as a measure of a
model’s ability to predict uniformly across a set of
tokens in a corpus. However, a masked language
model, such as BERT, makes predictions based on
surrounding tokens, not just the preceding ones.
As a result, PPL is unsuitable for evaluation, so,
instead, pseudo-perplexity (Salazar et al., 2020)
(PPPL) can be employed, which is computed as
follows:

1 t
PPPL(X) = exp{ - ZlogPMLM(a:i|xn)}

7
(2)
where the token x,,—; is replaced with [MASK] and
predicted using all past and future tokens.

3.3 Model Training

Albertina (Rodrigues et al., 2023) is available in
various sizes, ranging from a smaller version with
100 million parameters to a high-capacity version
with 1.5 billion parameters. Each model has two
versions: one specifically tailored to European Por-
tuguese and the other to Brazilian Portuguese. This
linguistic distinction is particularly important when
dealing with historical Portuguese text, where or-
thographic agreements and linguistic evolution play
a significant role. PortOldBERT uses the European
Portuguese 100 million parameters version.

We train several versions of PortOIdBERT us-
ing a 128-token sequence truncation and dynamic
padding, consistent with the Albertina pretraining
setup. The training was conducted using with a
learning rate of le-5, employing a weight decay
of 0.05 and 10% warm-up steps. Each model vari-
ant underwent 10 epochs of training with a batch
size of 140. These experiments were conducted on
two Quadro RTX 8000 GPUs, each with 48 GB of
VRAM.

For fine-tuning Albertina and PortOldBERT
models for NER, PoS tagging, OCR error detec-
tion and WER prediction, we employ Low-Ranked
Adaptation (Hu et al., 2021) (LoRA) with a rank
of &, an alpha value of 32, a dropout rate of 0.05,
a learning rate of 2 x 1075, and a weight decay

of 0.05. LoRA experiments were conducted on a
single Quadro RTX 8000 GPU. LoRA is a method
that reduces the number of training parameters and,
consequently, the storage demands of attention-
based models. In this process, the weights of the
pre-trained model are kept frozen, and additional
trainable weight matrices are introduced to the at-
tention layers to tailor the model for specific down-
stream tasks (Houlsby et al., 2019; Mahabadi et al.,
2021; He et al., 2022). This approach was cho-
sen to maintain high performance across multiple
tasks while minimising the computational overhead
typically associated with fine-tuning transformer
architectures.

During fine-tuning, all NER and PoS tagging
models use the entire training dataset available for
each corpus and are evaluated independently for
each period, when applicable. We adopt this ap-
proach for simplicity and due to the limited number
of examples in certain corpora. Additionally, we
do not apply any balancing strategies based on his-
torical periods or entity/PoS distribution.

For OCR error detection and WER prediction,
we trained another PortOldBERT using the same
setup, but with the PORTO overlapping documents
excluded from the training set to prevent data leak-
age. In both tasks, punctuation and letter casing
errors were ignored, as they have minimal impact
on semantic correctness.

WER prediction is framed as a regression task
in which the model estimates the WER between
an OCR output and its corresponding transcription.
This task is particularly valuable because it enables
automatic assessment of transcription quality with-
out requiring ground-truth references. Such estima-
tions facilitate quality control and lower validation
costs.

OCR error detection, on the other hand, is a
word-level classification task, framed similarly to
a NER task, aimed at identifying words affected
by insertion, substitution, or deletion errors. This
capability allows for the automatic localisation of
transcription mistakes, significantly reducing man-
ual correction efforts and improving the overall
efficiency of OCR post-processing workflows.

During the training of the PortOIdBERT mod-
els and its fine-tuning for downstream tasks, the
validation set is created by randomly splitting the
training data with a fixed seed, where 7% of the
data is allocated for validation, while the remaining
is used for training.
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4 Results & Discussion

We present the results of PortOIdBERT and com-
pare them with Albertina across different time
frames and tasks to evaluate their versatility and
robustness. By analysing how the model adapts to
different temporal domains, we aim to illustrate the
impact of temporal domain-specific pre-training.

4.1 Pseudo-Perplexity

Figure 1 presents the pseudo-perplexity results for
each model in each given period, with detailed re-
sults presented in Table 14 in Appendix A. The
100-million-parameter Albertina models were pre-
trained on contemporary corpora, with the pt-PT
version accessing only European Portuguese and
the pt-BR version focusing on Brazilian Portuguese.
PortOldBERT refers to the Albertina European Por-
tuguese model that was further pre-trained with
historical data from a specific period or, if noted as
"All", on all available historical corpora.

As shown in Figure 1, PortOIdBERT-All consis-
tently achieves the lowest pseudo-perplexity across
all temporal periods, indicating a better generalisa-
tion over time.

In the <16th period, only the PortOIdBERT
models trained specifically for this period
achieve a lower pseudo-perplexity score:
PortOIdBERT < 16th and PortOldBERT-ALll. This
outcome could be attributed to the significant
linguistic differences between this period and
later periods, particularly because no standard
orthographic conventions existed at the time.

The Albertina versions exhibit higher pseudo-
perplexity scores the farther the test sets are from
contemporary times, except on the <16th, which
has a much lower pseudo-perplexity when com-
pared with the following period. The performance
of Albertina models significantly deteriorates with
documents older than the second half of the 19th
century.

Considering all these results, it appears that a
single historical model suffices, PortOIJdBERT-AII.
This is likely due to insufficient data available for
each period, preventing any model from properly
acquiring temporally relevant linguistic knowledge
from a given period alone. Interestingly, despite all
model parameters being trained, the PortOIdBERT
models still retain some of the contemporary knowl-
edge from the Albertina models, as shown by their
low pseudo-perplexity scores in documents from
the second half of the 20th century. This suggests

that continuing pre-training effectively integrates
historical context while preserving the model’s ini-
tial knowledge.

On the remaining downstream tasks, we chose to
use only PortOIdBERT-ALl, as it performed notably
better than the other models in terms of pseudo-
perplexity score. For comparison, we also have
fine-tuned the Albertina European-Portuguese and
Brazilian-Portuguese versions.

4.2 Named Entity Recognition

Table 6 summarises the NER performance on the
ELTeC, BDCamdes and PPM corpus, with detailed
results presented in Table 15, 16 and 17 in Ap-
pendix A.

When comparing PortOIdBERT-AIl’'s NER per-
formance with both Albertina variants, the gains
are not as pronounced as one might expect based on
the pseudo-perplexity results. One contributing fac-
tor could be the way named entities were annotated;
in particular, the ELTeC and BDCamdes corpora
were automatically tagged. As a result, these au-
tomatically generated annotations may introduce
inconsistencies or errors when applied to historical
texts, potentially limiting model performance.

In contrast, the PPM corpus, where test anno-
tations were manually curated, shows a signifi-
cant performance improvement for PortOlJdBERT-
All compared to the Albertina variants, where
PortOIdBERT-AII achieves an F1 score of 47.32%,
surpassing Albertina pt-PT by 5.06% and Albertina
pt-BR by 7.02%.

Nevertheless, PortOIJdBERT-All consistently
achieves the highest recall and F1 score across the
NER experiments, which may indicate its superior
ability to generalise better, capturing more entities
than the Albertina versions. The only exception
occurs in the <19th period of BDCamdes, where it
does not achieve the top F1 score. However, given
the limited number of entities and documents in
this test set, the reliability of this result is reduced,
though PortOIdBERT-AII still maintains the high-
est recall in that period.

4.3 Part-of-Speech Tagging

PoS tagging results are reported in Table 7. Simi-
larly to the named entity annotations, the datasets
used for PoS tagging rely on automatically gener-
ated annotations.

On the experiments, PortOIJdBERT-AIl consis-
tently achieves the highest recall and accuracy in
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Figure 1: Pseudo-perplexity across temporal testing periods (lower is better). Training temporal periods are indicated

in PortOIdBERT’s version name.

Table 6: Results from models fine-tuned on ELTeC, BDCamdes and PPM NER datasets: P (Precision), R (Recall)

and F1 (F1 score) Metrics.

Period Corpus Albertina pt-PT Albertina pt-BR PortOldBERT-All

P P R Fl P R FI | P R FlI
19th-20th  ELTEC 74.56 7679  75.66 ‘ 73.87 75.14  74.50 ‘ 7494 7740 76.15
<19th 38.75 47.14 4254 | 39.72 48.10 43.51 | 38.65 48.86 43.16
19th BDCamoes 52.25 56.72 54.40 | 48.24 54.12 51.02 | 53.21 57.86 55.44
20th 50.76  54.04 52.36 | 45.96 51.38 48.52 | 51.54 5545 53.42
18th PPM 4212 4239 42,26 ‘ 44.64 4397 40.30 ‘ 48.04 46.62 47.32

nearly all experiments, except for the <19th pe-
riod of BDCamoées. A similar pattern observed
in the NER experiments, which may be explained
by the limited number of documents available for
evaluation in this period—a consequence of our
document-level data splitting strategy designed to
minimise potential biases. Overall, these results in-
dicate that PortOlIdBERT-AIl may have generalised
more effectively than the Albertina variants. A pos-
sible explanation for this is that PortOIdBERT-All
was pre-trained on a broader and more representa-
tive dataset, allowing it to capture a wider range of
linguistic patterns.

4.4 WER Prediction

For the WER prediction and OCR error detection
tasks, as previously described, we trained a variant
of PortOIdBERT that excludes the PORTO overlap-
ping documents from the training set. This variant,
referred to as PortOIdBERT-AII-EP, follows the
same experimental configuration as PortOlJdBERT-
All, differing only in the exclusion of these over-

lapping documents.

Table 8 reports the performance of the mod-
els fine-tuned for WER prediction; detailed re-
sults for each dataset subset are provided in Ta-
ble 18 in Appendix A. Across all evaluation
metrics, PortOIJdBERT-AII-EP consistently outper-
forms both Albertina variants, demonstrating clear
gains in predictive quality.

Relative to Albertina pt-BR, PortOlIdBERT-AlI-
EP improves R? by 24.6% and correlation by
10.4%, while also achieving lower MAE and
RMSE. The improvements are even more pro-
nounced when compared with Albertina pt-PT, fur-
ther reinforcing PortOIdBERT-AII-EP robustness
and effectiveness on this task.

4.5 OCR error Detection

Table 9 presents the results for OCR error de-
tection. PortOIdBERT-AII-EP surpasses both Al-
bertina variants, achieving the best performance
across all metrics—precision, recall, and F1 score.
Results broken down by dataset subset are reported
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Table 7: Results from models fine-tuned on ELTeC, Colonia, Tycho and BDCamdes (BDC) PoS datasets: A

(Accuracy), P (Precision) and R (Recall).

Period Corpus Albertina pt-PT Albertina pt-BR PortOldBERT-All
PUS A P R | A P R | A P R
19th-20th  ELTeC ~ 93.76 44.26 42.05 | 93.98 43.29 4055 | 94.50 43.52 44.42
<19th Colonia  90-92 6811  67.14 | 90.68 67.23 66.88 | 9148 68.24 68.48
20th OlOMA 9591 73.56 68.48 | 95.80 75.10 68.38 | 9623 7152 69.01
<19th Tveho 9625 87.30 8451 | 9591 87.34 83.07 | 97.17 88.62 86.64
19th Y 93.20 86.07 83.28 | 93.07 86.02 81.40 | 93.52 8591 83.37
<19th 91.62 68.69 67.59 | 91.70 70.41 68.24 | 91.38 68.50 69.05
19th BDC 95.48 55.30 52.28 | 95.35 55.61 52.10 | 9551 54.24 51.23
20th 94.97 60.01 56.13 | 94.88 58.73 54.33 | 95.05 6l.12 56.46

Table 8: Results of models fine-tuned for WER pre-
diction: R2? (coefficient of determination), MAE (mean
absolute error), RMSE (root mean squared error), and
Corr (correlation).

Model R? MAE RMSE Corr
Albertina pt-PT 0.597 0.104 0.163  0.792
Albertina pt-BR 0.639 0.105 0.155 0.815
PortOldBERT-AII-EP  0.796 0.075  0.116  0.900

Table 9: Results from models fine-tuned on OCR error
detection: P (Precision), R (Recall) and F1 (F1 score)
Metrics.

Model P R Fl1

Albertina pt-PT 0.903 0.831 0.865
Albertina pt-BR 0901 0.824 0.861
PortOIdBERT-AII-EP  0.920 0.859  0.888

in Table 19 in Appendix A. This improvement
suggests that PortOIdBERT-AII-EP captures or-
thographic and lexical variation more effectively,
which is crucial for detecting OCR-related noise in
historical texts.

5 Conclusions

Our study highlights the advantages of continuing
to train the models on a broad temporal domain.
The PortOIdBERT-All model version achieves su-
perior performance concerning pseudo-perplexity
evaluation. This broad temporal pre-training en-
ables the model to effectively integrate historical
linguistic contexts while retaining some of the con-
temporary knowledge. However, in downstream
tasks such as NER and PoS tagging, the perfor-
mance gains are less pronounced. This could be
due to the limited evaluation data, as we opted to
use full documents rather than partial excerpts to re-
duce bias. Another contributing factor might be the

reliance on automatically generated annotations,
affecting result reliability. In contrast, for the PPM
corpus, where the test set was manually annotated,
the advantage of PortOIdBERT-All is more evident,
outperforming fine-tuned Albertina variants.

When looking into WER prediction and OCR
error detection, PortOldBERT-AII-EP outperforms
the Albertina models, particularly in the WER pre-
diction task. These results suggest that continu-
ing pre-training a PLM on historical corpora pro-
vides a stronger representational capacity for error-
sensitive tasks, making it better suited to handle the
noisy and heterogeneous OCR outputs of historical
documents.

For future work, a clear path would be to train
an encoder from scratch rather than continuing to
train a model pre-trained on contemporary text,
as suggested by previous studies (Manjavacas and
Fonteyn, 2022; Beck and Kollner, 2023). Another
direction would be to train a decoder-based lan-
guage model specifically for historical Portuguese,
adopting a similar approach to this work but us-
ing perplexity instead of pseudo-perplexity as the
evaluation metric.

Limitations

Despite the promising results, our study has cer-
tain limitations. The quality and quantity of the
textual data used for pre-training and evaluation
could introduce biases or inconsistencies. For ex-
ample, historical texts may contain transcription
errors, which could impact the model’s ability to
generalise effectively. Furthermore, the model’s
performance was assessed using a limited set of
tasks that rely mainly on automatically annotated
data. This may not fully capture its overall ca-
pabilities, as automatic annotations can introduce
inaccuracies in training and evaluation.
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Table 10: Corpora used to pre-train PortOldBERT.

Dataset N. Tokens Time scope License
Gutenberg (Project Gutenberg) 19.3M 14th-20th Open
GMHP (GMHP) 7.03M 15th-20th CC BY-NC-ND
ELTeC (Santos, 2021) 6.55M 1840-1920 CCBY 4.0
Colonia (Zampieri and Becker, 2013) 4.58M 16th-20th CC BY-NC-ND
BDCamdes (Grilo et al., 2020) 3.68M 15th-21th  MS-NC-NoReD-ND
Tycho Brahe (Galves, 2018) 3.37TM 14th-19th CC BY-NC-ND
CIPM (Xavier, 2016) 3.32M 13th-16th CC BY-NC-ND
Pessoa (Arquivo Pessoa) 1.20M 20th No License

LT Corpus (Généreux et al., 2012) 1.48M 19th-20th  ELRA end-user NC
PS Corpus (Vaamonde et al., 2014) 763k 16th-19th tv

PPM (As Memorias Paroquiais de 1758) 272k 18th CCBY
CEDOHS (Corpus Eletronico de Documentos 192k 16th-20th No License
Histéricos do Sertdo)

CHLMP (Corpus Histérico da Linguagem da Medic- 192k 18th No License

ina em Portugués , Século X VIII)

AdA (Arquivo dos Acores) 182k 19th-21th  MS-NC-NoReD-ND
Fly Corpus (Gomes et al., 2012) 131k 20th CC BY-NC-ND 3.0
EPISA (Falcao et al., 2022) 68.0k 20th Open Def. 2.1
CTA (CTACorpus) 29.4k 13th-16th CCBY-NC 4.0
CDAIII (Chancelaria de D. Afonso III: documentos 18k 13th CC BY-NC-SA

em portugués)

Table 11: Number entity-labeled words per split in the BDCamdes NER task.

Entity < 19th '19th .20th .Total
Train Test Train Test Train Test | Train Test
Person 1.8k 314 402k 3.8k 153k 1.1k | 57.3k 5.2k
Location 1.0k 111 329k 29k 133k 709 | 463k 3.6k
Organisation 218 44 78k 921 29k 149 | 109k 1.1K
Miscellaneous 294 37 3.6k 336 13k 94 5.2k 467
Work 180 18 27k 202 12k 63 41k 283
Event 4 2 611 253 575 22 1.2k 277
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Table 12: Number entity-labeled words per split in the
ELTeC NER task.

Entity Train  Test
Person 132.8k 9k
Role 40.7k 2.8k

Location 299k 1.8k
Miscellaneous 11.1k 689
Organisation  10.4k 465

‘Work 4.0k 145
Demo 2.8k 186
Event 810 44

Table 13: Number entity-labeled words per split in the
PPM NER task.

Entity Train  Test

Location 16.4k 349
Person 8.4k 336
Organisation 1.2k 261
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Table 14: Pseudo-Perplexity results. Training temporal periods are indicated in PortOIdBERT’s version name.
Columns indicate the testing temporal periods.

Models <l6th  16th-18th  19th-1  19th-2  20th-1  20th-2
Albertina pt-PT 23.10 501.36 25.31 4.93 6.36 5.76
Albertina pt-BR 27.52 288.72 14.36 6.77 7.92 4.90
PortOIdBERT < 16th 4.67 4.10 7.83 3.86 6.74 4.44
PortOldBERT 16th-18th 8.89 2.52 4.74 2.82 4.73 5.21
PortOldBERT 19th 16.86 3.66 10.79 2.17 4.74 6.72
PortOldBERT 19th-1 13.45 4.40 7.33 2.48 4.23 5.17
PortOldBERT 19th-2 13.63 3.97 7.25 2.26 4.50 4.83
PortOldBERT 20th 14.01 4.24 5.26 1.96 2.76 3.46
PortOldBERT 20th-1 10.92 4.33 4.35 2.05 3.12 3.16
PortOldBERT 20th-2 15.49 6.05 11.93 4.52 4.88 3.84
PortOldBERT-All 2.67 217 2.50 1.86 2.73 2.53

Table 15: Detailed results from models fine-tuned on ELTeC NER dataset: P (Precision), R (Recall) and F1 (F1
score) Metrics.

Entity Albertina pt-PT Albertina pt-BR PortOldBERT-All
P R F1 | P R F1 | P R F1

Person 83.87 86.51 85.17 | 83.01 85.63 8430 | 83.98 8526 84.62
Role 73.81 76.47 75.12 | 73.81 72.63 73.21 | 77.56 82.44 79.93
Location 62.14 71.05 6630 | 60.21 67.72 63.75 | 62.85 71.50 66.90
Misc. 35.83 2221 27.42 | 38.41 2453 2994 | 37.06 28.88 32.46
Org. 21.53 30.32 25.18 | 1938 27.10 22.60 | 17.19 26.88 20.97
Work 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Demo 5045 60.22 5490 | 5092 59.68 5495 | 62.15 59.14 60.61
Event 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Overall 7456 7679 75.66 | 73.87 7514 7450 | 7494 7740 76.15

Table 16: Detailed results from models fine-tuned on BDCamoes NER dataset: P (Precision), R (Recall) and F1 (F1
score) Metrics.

Albertina pt-PT Albertina pt-BR PortOldBERT-All

Period  Entity P R F1 ‘ P R F1 \ P R F1

Person 36.02 4841 4130 | 37.76 5159 43.61 | 3582 5191 4239
Location 37.84 5045 4324 | 39.29 4955 43.82 | 40.85 5225 4585

Org. 15.00 6.82 9.37 5.88 2.27 3.28 6.25 227 3.33
<19th  Misc. 80.43 100.00 89.16 | 74.47 9459 8333 | 79.55 9459 86.42
Work 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Event 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Overall 38.75  47.14  42.54

39.72 48.10 43.51 | 38.65 48.86 43.16

Person 61.68 60.26 6096 | 59.24 57.31 5826 | 61.93 60.60 61.26
Location 5§7.32 67.76  62.10 | 54.60 67.69 6044 | 56.72 71.37 63.21

Org. 19.92 25.62 2241 | 12.01 18.13 1445 | 18.81 2237 2044
19th Misc. 52.58 81.84 64.03 | 59.06 70.83 6441 | 60.30 83.63 70.07
Work 0.36 0.50 0.41 0.54 0.99 0.70 1.40 1.49 1.44
Event 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Overall 52.25 56.72  54.40 ‘ 48.24 54.12 51.02 ‘ 5321 57.86 55.44

Person 56.86 59.44  58.12 | 4947 5526 5221 | 55.09 59.89 57.39
Location 49.62  55.57 5243 | 4724 5430 5052 | 51.04 58.82 54.65

Org. 19.19 2550 2190 | 1627 2282 1899 | 22.67 26.17 24.30
20th Misc. 63.89 7340 6832 | 6827 75,53 71.71 | 77.53 7340 7541
Work 0.00 0.00 0.00 0.00 0.00 0.00 0.04 1.59 2.27
Event 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00

Overall 50.76  54.04  52.36 | 45.96 51.38 4852 | 51.54 5545 53.42
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Table 17: Detailed results from models fine-tuned on PPM NER dataset: P (Precision), R (Recall) and F1 (F1 score)
Metrics.

Entity Albertina pt-PT Albertina pt-BR PortOldBERT-All

P R F1 | P R F1 | P R F1
Location 38.15 67.34 4870 | 39.40 67.62 49.79 | 43.61 6848 53.29
Person 51.88 4940 50.61 | 5825 5357 5581 | 57.22 60.12 58.64
Org. 0.00 0.00 0.00 0.00 0.00 000 | 000 0.00 0.00
Overall 4212 4239 4226 | 44.64 4397 4030 | 48.04 46.62 47.32

Table 18: Detailed results of models fine-tuned for WER prediction: R? (coefficient of determination), MAE (mean
absolute error), RMSE (root mean squared error), and Corr (correlation).

Albertina pt-PT Albertina pt-BR PortOldBERT-All-EP

Subset R2 MAE RMSE Cor | R2 MAE RMSE Cor | R® MAE RMSE Corr
AdA 0575 0.19 0.160 0764 | 0.576 0.124 0.160 0.777 | 0742 0.091 0.124  0.888
CHLMP 0214 0024 0051 0545 | 0.008 0.039 0057 0569 | 0.359 0.034 0.046 0.793
ESTER-Pt 0471 0.45 0202 0719 | 0541 0.136 0.188 0757 | 0.753 0.093 0.138  0.874
Tycho 0.848 0.086 0.155 0848 | 0.870 0.090 0.142 0870 | 0.913 0.074 0.118 0913
Overall 0597 0.104 0163 0792 | 0.639 0.105 0.155 0815 | 0.796 0.075 0.116 0.900

Table 19: Detailed results from models fine-tuned on OCR error detection: P (Precision), R (Recall) and F1 (F1
score) Metrics.

PortOldBERT-AlI-EP

Albertina pt-PT

Albertina pt-BT

Subset P R FI | P R Fl | P R FI

AdA 0.896 0791 0.840 | 0900 0779 0.835 | 0.910 0.832 0.870
CHLMP 0916 0865 0.890 | 0917 0858 0.886 | 0.931 0.885 0.908
ESTER-Pt 0.888 0.800 0.842 | 0.883 0795 0.837 | 0.913 0.836 0.873
Tycho 0.872 0784 0826 | 0.862 0774 0815 | 0.884 0811 0.846
Overall 0903 0831 0.865 | 0901 0824 0861 | 0.920 0.859 0.888
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