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Abstract

Named Entity Recognition has emerged as a
critical task in natural language processing,
particularly for extracting meaningful informa-
tion from unstructured text. Although tradi-
tional approaches rely heavily on large anno-
tated datasets, recent advances have explored
weak supervision techniques to address the lim-
itations of resource-intensive annotation pro-
cesses. Historical texts provide unique chal-
lenges to this task because of their linguistic
peculiarities, and several approaches exist to
address texts of this domain in a supervised
way, but they involve lengthy manual annota-
tions of the documents of interest by domain ex-
perts. To address this issue, this paper explores
how recent weakly supervised NER techniques
can be adapted to historical texts, analyzing
their suitability for this domain. The experi-
ments show that domain-specific architectures
can be effectively trained on low-resource cor-
pora with weak supervision over a small set of
entity labels. Using only 10% of the annota-
tions, the performance of these architectures
remains above 80% of the supervised quality in
terms of F1-Score.

1 Introduction

Named Entity Recognition (NER) is a fundamental
task in Natural Language Processing to identify and
classify named entities from unstructured text into
predefined categories such as people, organizations,
and locations, and serves as an important step in the
structuring of textual data (Lauriola et al., 2021).
General purpose NER methods range from tradi-
tional rule-based approaches to modern deep learn-
ing architectures, mainly transformer-based (Ker-
aghel et al., 2024). Various domains exist where ad
hoc methods have been studied to address domain-
specific peculiarities, such as biomedicine (Lauri-
ola et al., 2021) and history (Ehrmann et al., 2023).

Historical documents present distinct challenges
compared to modern texts, ranging from an archaic
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language with non-standardized orthography (San-
tini et al., 2025), to degraded scripts and complex
document layouts (Ehrmann et al., 2020). The lack
of large annotated corpora in this low-resource con-
text makes it difficult to design and train specific
NER architectures (Novotny et al., 2023) that are
required for effective NER in historical documents,
with a significant impact on digital humanities and
cultural heritage activities.

When manually annotated data are scarce,
weakly supervised NER (WS-NER) has emerged to
address the lack of training data. One common WS-
NER framework is distantly-supervised NER (DS-
NER), which takes advantage of knowledge bases or
dictionaries to automatically generate labels to use
as supervision signals (Fang et al., 2021). However,
DS-NER faces significant challenges due to noisy
and incomplete labels caused by limited dictionary
coverage and imperfect distant annotation (Zhou
et al., 2022). Previous works have studied multiple
approaches to DS-NER, which we will present in
Section 2, which have the potential to progress NER
in the historical domain given its noise context and
lack of extensive labeled datasets.

This paper aims to study WS-NER in the histori-
cal domain, exploiting existing DS-NER techniques
for modern texts, to evaluate their effectiveness in
the domain, and use them to adapt architectures
from supervised Historical NER studies to the WS-
NER task!. This work is motivated by the feasibil-
ity of creating a partial domain-specific knowledge
base relative to labeling a complete domain-specific
document to train a supervised NER system. For
this purpose, we identify two research questions to
address:

* RQ1: Varying the size of the dictionaries, how
do DS-NER techniques that are designed for
modern texts perform on historical documents
with domain-specific dictionaries? How do

! Code is available at www . github . com/msorbi/hwsner
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they compare to domain-specific supervised
NER methods in WS-NER and fully super-
vised NER settings?

* RQ2: Can we exploit these DS-NER tech-
niques to adapt domain-specific supervised
NER architectures to WS-NER?

The remainder of this paper is structured as fol-
lows. In Section 2, we discuss and organize a se-
lection of related works concerning DS-NER and
supervised NER in historical documents. Then,
Section 3 presents the datasets used in this work
to evaluate the models. Section 4 describes the ex-
periments carried out and presents an overview of
the metrics used for evaluation in this work. The
results are presented in Section 5 and discussed in
Section 6, where the research questions are also
answered. Finally, Section 7 presents conclusions
and suggestions for future work.

2 Related Work

The positioning of this paper is at the intersection
of weak supervision and the historical domain of
Named Entity Recognition. The presentation of
an overview of related work on the two topics is
therefore appropriate.

2.1 Distantly-supervised Named Entity
Recognition

DS-NER is a WS-NER framework that relies on
the availability of dictionaries or knowledge bases
instead of labeled sequences as training supervision
signal. It avoids the need for large-scale human
annotation, but introduces noise due to incomplete
and inaccurate annotations (Zhang et al., 2021).
Early research sees the development of AutoNER
(Shang et al., 2018), which introduced a Tie-or-
Break tagging scheme with a Fuzzy-LSTM-CRF
architecture designed to be robust to noisy distant
supervision. We divide subsequent work into two
main branches: Positive-Unlabeled Learning (PUL)
and Self-Supervised Learning (SSL).

Positive-Unlabeled Learning It formulates DS-
NER as training on positively labeled data, created
using the knowledge base, and unlabeled data. Con-
tributions using this approach include:

* AdaPU (Peng et al., 2019), which firstly intro-
duced PUL in DS-NER, designing a training
algorithm that can unbiasedly estimate the task
loss as if there were fully labeled data.
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e Conf-MPU (Zhou et al., 2022), which ex-
tended PUL in DS-NER to a multi-class set-
ting and introduced confidence-based risk es-
timation.

e CuPUL (Li et al., 2025), which adds curricu-
lum learning to PUL to stabilize training and
weaken the impact of noise.

Self-Supervised Learning Used as a training
stage, it allows reducing the impact of noisy labels
to works like:

* BOND (Liang et al., 2020), which first adapts
Pre-trained Language Models to noisy distant
labels, and then applies teacher-student self-
training for refinement.

SCDL (Zhang et al., 2021), which trains two
teacher-student networks to jointly denoise la-
bels.

CENSOR (Si et al., 2024), which introduces
uncertainty-aware teacher learning, to reduce
reliance on miscalibrated high-confidence la-
bels, and student-student label sharing, to mit-
igate error propagation.

Other approaches There are other recent works
using different approaches, for example:

* SANTA (Sietal.,2023), addressing inaccurate
and incomplete annotations separately, with
a memory-smoothed focal loss and a noise-
tolerant loss.

* MProto (Wu et al., 2023), employing a proto-
type network to capture intra-class variance,
and formulating token-prototype assignment
as an optimal transport problem.

2.2 Historical Named Entity Recognition

In the domain of historical documents, NER be-
comes substantially more difficult, as it faces multi-
ple challenges due to the linguistic characteristics
of these texts, which the survey by Ehrmann et al.
(2023) identifies in language dynamics, noisy input,
and lack of resources. Analyzing methodologies
from rule-based to deep learning, the survey empha-
sizes the need for models robust to multilingualism,
spelling variation, and sparse data. When dealing
with digitized documents, non-standard layout and
Optical Character Recognition (OCR) errors add a
layer of noise that can significantly degrade perfor-
mance (Kettunen et al., 2017).

We can distinguish the application of different
techniques for NER in this domain.



Rule-based Early research mainly employs rule-
based systems tailored to documents of interest,
using lexical heuristics, gazetteers, and token-level
rules, in order to extract people and places from
British parliamentary records (Grover et al., 2008),
for example. This approach is transparent, but typi-
cally struggles to face the challenge of integrating
variability in the rules when increasing the corpus
size.

Machine learning It enables the use of more flex-
ible feature-based techniques that commonly rely on
Hidden Markov Models, Support Vector Machines,
Conditional Random Fields (CRF), and decision
trees (Yadav and Bethard, 2018). In historical con-
text, Torres Aguilar et al. (2016) applied a CRF
on latin charters, obtaining good results based on a
large number of features. These methods reduce the
effect of variability, but they require a large number
of hand designed features.

Deep learning These systems, often relying on
sequence labeling and transformer-based models
such as Long Short-Term Memory (LSTM) and
Bidirectional Encoder Representations from Trans-
formers (BERT) for automated feature learning, and
CREF for classification, have further reduced the ef-
fect of variability. Among deep learning works in
the historical domain,

* Boros etal. (2020) propose a hierarchical trans-
former stack for historical German and French
datasets, specifically to mitigate OCR noise in
digitized historical texts,

Blouin et al. (2021) investigate transfer learn-
ing from modern to historical domains, study-
ing annotation effort, domain mismatch, and
pre-training data selection for historical NER,

Torres Aguilar (2022) creates a human-labeled
dataset of multilingual medieval charters, and
addresses multilingual NER by combining
stacked embeddings with BERT-based models
fine-tuned on the dataset,

Novotny et al. (2023) create a small dataset
with sentences containing known entities from
late medieval European texts, and propose
a bootstrapping annotation pipeline to build
larger copora of the texts.

However, these methods rely on heavily annotated
datasets to learn features, which are rarely available.
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Few-shot learning It exploits Large Lanugage
Models (LLMs) through prompting in order to la-
bel the historical texts without relying on annotated
corpora. Among these works in the historical do-
main,

* Hiltmann et al. (2025) prompt LLMs with
historical context, outperforming established
frameworks on historical texts,

* Zhang and Colavizza (2025) use few-shot
learning of LLMs on the HIPE dataset
(Ehrmann et al., 2020).

This work focuses on deep learning systems to
reduce the amount of annotations required to train
them. Specifically, we study the applicability of
weak supervision techniques to train deep learning
models on the historical NER, studying the impact
of the amount of annotated data on the quality of
results. Even if we can consider the approach of
Novotny et al. (2023) to belong to the WS-NER
paradigm, to the knowledge of the authors, there is
no extensive study of WS-NER or DS-NER in the
historical domain.

3 Dataset

Our experiments are based on the dataset intro-
duced by Torres Aguilar (2022), consisting of a
human-labeled medieval NER dataset whose an-
cient French charters come from:

* Corpus de la Bourgogne du Moyen Age (“Cor-
pus of Burgundy in the Middle Ages”, CBMA)
- Cartulary of the city of Arbois (Magnani,
2020): a municipal cartulary commissioned
in 1384, containing public issues such as mili-
tary services and war costs, taxes and customs,
or lawsuits in court.

Diplomata Belgica (“Belgian Diplomatic
Sources”, CDBE —de Hemptinne, Thérése and
Deploige, Jeroen and Kupper, Jean-Louis and
Prevenier, Walter, 2015): a database published
by the Belgian Royal Historical Commission,
containing French charters dated the 13th cen-
tury, containing legal actions concerning indi-
viduals, corporations, and private affairs.

HOME History of Medieval Europe (HOME)
- Alcar (Stutzmann et al., 2021): it contains
cartularies dated between the 12th and 14th
centuries, reporting donations, exchanges, and
other legal acts.



CBMA CDBE HOME
Train 38658 235643 114640
Validation 896 18510 18510
Test 8133 56081 18554

Table 1: Number of tokens per each dataset split.

CBMA CDBE HOME

652 4118 925
347 2662 922

PERS
LOC

Table 2: Number of distinct training entities for each
type and source, before sampling.

The dataset contains annotations for entities in the
Person (PERS) and Location (LOC) classes, and
the sizes for each source are reported in Table 1.

Separately for each source, to adapt the dataset
to a WS-NER setting, we extracted all the tagged
entities from the train split, and randomly sampled
the entities to make the dictionaries for each type.
Then, we used the sampled dictionaries to create
the noisy labels for the train splits of the mentioned
sources via string matching. Table 2 shows the
dimensions of each dictionary. The validation and
test splits remained unchanged.

4 Experimental Setup

To address RQ1, we tested DS-NER techniques
belonging to the Positive-Unlabeled and Self-
Supervised Learning frameworks, plus the two
specific works mentioned in Section 2 and the
Stacked Embeddings supervised architecture (Tor-
res Aguilar, 2022), and compared their perfor-
mances on historical French texts in two settings:

* Fully supervised NER, using the original
human-labeled train splits, to analyze the best
supervision condition, and

* WS-NER, varying the sampling size for the
dictionaries according to Section 3, to see its
impact on the performances. We used sam-
pling sizes from 20% to 100%, increasing
by 20%, that are commonly used in previous
works (Zhou et al., 2022; Wu et al., 2023), and
10% to test with increased noise conditions,

training every method on the train split of each
setting and sample size independently. To better
summarize the results, we will refer with “small
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dictionaries” to the 10% and 20% samples, with
“medium dictionaries” to the 40% and 60% samples,
and with “large dictionaries” to the 80% and 100%
samples.

Then, to address RQ2, we used the best perform-
ing DS-NER technique to train

1. XLM-RoBERTa base (Conneau et al., 2020),
a large multilingual masked language model,
and

2. Stacked Embeddings (Torres Aguilar, 2022),
a domain-specific architecture for supervised
NER in medieval texts,

on the WS-NER task, using the same settings as
in the first part, and checked whether DS-NER can
generalize their performance from the supervised
task.

Evaluation We now discuss the evaluation met-
rics used to assess NER performance in historical
documents. According to the works presented in
Section 2, the typical evaluation metric for NER
is the F1-score, usually presented alongside preci-
sion and recall to show their impact. Novotny et al.
(2023) use the F »5-score, which significantly gives
more weight to precision than to recall, but other-
wise the two metrics are averaged in a balanced
way, that is, using the F1-score.

In WS-NER, training supervision is based on in-
complete labels, which are characterized by high
precision but low recall (Zhou et al., 2022). This
effect is amplified in historical documents by or-
thographic variations that complicate entity iden-
tification. As DS-NER training algorithms aim to
improve the recall at the expense of precision, we
continue to use the common F1-score as a balanced
measure, giving importance to the recall metric,
too. We compute these metrics using seqeval
(Nakayama, 2018) default token-level mode, in or-
der to grant partial scores to entities that are cor-
rectly identified and classified, even if their bound-
ary is not correct, and mitigate the problem of an-
notation granularity (Ehrmann et al., 2020).

If multiple classes are present, as in our case
with PERS and LOC, micro averaging is commonly
used for global measures (Shang et al., 2018; Tor-
res Aguilar, 2022) to ensure that frequent classes
have an appropriate influence on the final results.

5 Results

We analyze here the test performances, in terms
of micro-averaged F1-Score, Precision, and Recall,



obtained by the various methods under fully super-
vised NER and different weak supervision settings.
For each technique, we micro-average measures
among classes and then, for each setting, we av-
erage among datasets and report them in percent-
age in Figure 1. Detailed measures are reported
in Appendix A. For comparison, Stacked Embed-
dings (StEmb), a domain-specific architecture for
supervised NER in medieval texts (Torres Aguilar,
2022), is also reported along with dictionary match-
ing and the CuPUL DS-NER technique paired with
XLM-RoBERTa (XLM) and Stacked Embeddings
as underlying classifier. We can notice that:

* Despite having a precision among the best in
every setting, if we consider recall and F1-
score, the Stacked Embeddings architecture is
the best performer with full supervision and
large dictionaries, but its performances drop
quickly when the sample size is decreased.

If trained under full supervision, the best DS-
NER techniques are BOND (Liang et al., 2020)
and SANTA (Si et al., 2023), with an F1-score
close to the baseline supervised Stacked Em-
beddings architecture.

SANTA maintains good recall with large dic-
tionaries, but if we consider the Fl-score,
BOND remains the best DS-NER technique
with large and medium dictionaries, overcom-
ing the supervised baseline as well for medium
dictionaries, and is the best DS-NER tech-
nique in every setting in terms of precision.

» With small dictionaries, the best technique in
terms of Fl-score is CuPUL (Li et al., 2025),
which has the best recall even with medium
dictionaries.

Considering all three metrics, CuPUL is the
least affected by the noise introduced with
distant labels, with a performance that only
slightly changes on the different settings.
Conf-MPU (Zhou et al., 2022), which is the
other PUL-based technique, and MProto (Wu
et al., 2023) also have stable but lower perfor-
mances.

Except for the simpler BOND, the SSL tech-
niques obtained generally unstable perfor-
mances across settings, especially in terms of
recall and F1-score.
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Because CuPUL is the best performing technique
in low supervision settings, and the least affected
by the noise of distant labels, we use it to train
(1) XLM-RoBERTa (Conneau et al., 2020) and (2)
Stacked Embeddings (Torres Aguilar, 2022) on the
WS-NER task. This is done by replacing the orig-
inal RoBERTa classifier in CuPUL. Despite that
they perform slightly worse than the baseline with
full supervision and large dictionaries, we can see
once again in Figure 1 that CuPUL is little affected
by the noise of distant labels. Although XLM-
RoBERTa (1) still has some noise-related problems,
especially with small dictionaries, CaPUL allows
the ad-hoc classifier (2) to have performances in
the WS-NER settings that are significantly closer
to that of the fully supervised task for which it has
been designed.

6 Discussion

The results of our experiments show that weak su-
pervision can achieve F1-Scores within 20% of su-
pervised Named Entity Recognition performance
on historical texts using only 10% of the annota-
tions, making them particularly appealing for this
context where large annotated datasets are often
unavailable. To mitigate the linguistic challenges
that characterize NER in historical texts, the experi-
ments demonstrate that DS-NER techniques can ef-
fectively adapt domain-specific NER models to low-
resource historical corpora, to achieve performance
levels that are close to fully supervised methods
even with additional noise introduced with distant
labels. The amount of noise in the distant labels,
controlled via the dictionary size, has a significant
impact on the final performance, causing notice-
able drops in most of the techniques. Nevertheless,
CuPUL and MProto have shown good robustness,
maintaining consistent performance across different
dictionary sizes, and revealing particularly suitable
for this scenario. Considering these results, we can
now answer the research questions formulated in
Section 1.

6.1 RQ1: Validity of modern text DS-NER
techniques for ancient texts

The results reported in Figure 1 show that most
DS-NER techniques suffer from performance drops
when they are applied to NER in ancient texts, es-
pecially in low supervision settings with small dic-
tionaries. CuPUL (Li et al., 2025), BOND (Liang
et al., 2020), and SANTA (Si et al., 2023), belong-
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Figure 1: Test results of Fully supervised NER and Weakly supervised NER varying the dictionary sample size. The
Stacked Embeddings (StEmb) supervised architecture, dictionary matching, and the CuPUL DS-NER technique
paired with XLM-RoBERTa (XLM) and Stacked Embeddings as underlying classifier are reported using solid lines.

ing to three different categories as identified in Sec-
tion 2, are able to achieve good performance with
large dictionaries, but still suffer substantial drops
when switching to smaller dictionaries, especially
the latter two techniques. CuPUL is the most robust
to the noise of low supervision, thanks to a high
recall as opposed to the other techniques.

6.2 RQ2: Adaptation of domain-specific
supervised NER architectures using
modern text DS-NER

Based on the answer to RQ1, we selected CuPUL to
carry out further experiments on the adaptability to
the WS-NER task in historical texts. Figure 1 shows
that, especially for the Stacked Embeddings archi-
tecture (Torres Aguilar, 2022), the performance in
all settings is comparable and closer to the super-
vised performance of the architecture, remaining
above 80% of the supervised F1-Score. This in-
dicates that CuPUL enables the supervised NER
architecture to generalize well to weak supervision.
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The relatively low capacity of Stacked Embeddings,
which is based on a BILSTM-CRF instead of a trans-
former, may help in this, as it is, in principle, less
prone to overfitting and easier to generalize.

7 Conclusion and Future Work

This study shows that weak supervision can effec-
tively be used to train domain-specific models to
achieve NER performance levels, on historical texts
with little annotations, that are close to fully super-
vised methods. This is particularly important for the
historical domain, where large annotated datasets
are often unavailable.

Further assessment of the robustness of this
framework and improvement of its performance
are the two main areas of focus for future work. Ad-
ditional analysis could involve examining the adapt-
ability of the framework under various sources of
noise that are characteristic of the domain, such as
the use of external historical knowledge bases (Uck-
elman; Wrisley, 2018) to build annotation dictionar-



ies and its application to historical documents tran-
scribed with OCR (Ehrmann et al., 2020). These
investigations will determine the framework’s ap-
plicability when manual transcription of texts or
compilation of entity lists is impractical or unfeasi-
ble. Additionally, similar analysis can be conducted
for other information extraction tasks, including En-
tity linking and Relationship extraction. In order
to increase the NER performance, a major devel-
opment of the technique would be the integration
of active learning, which offers the dual benefit of
assisting the model in resolving difficult instances
and exploiting domain expertise from historians and
linguists where it is most needed and appropriate.

By reducing the need for large annotated datasets,
these techniques support the adaptation of NER
tools to a wider range of historical low-resource text
collections, enabling more comprehensive analy-
sis of historical documents (Bouillon et al., 2024),
with significant implications for the fields of digital
humanities and cultural heritage.

Limitations

The empirical analysis of this work is restricted
to manually transcribed medieval French charter
collections with two entity types (persons and lo-
cations), which limits the generalizability of the
findings to other historical languages and periods,
document genres, larger sets of entity categories,
and OCR-transcribed documents. In order to avoid
the quality of knowledge bases impacting the re-
sults, weak supervision is performed via randomly
sampled dictionaries constructed from the training
splits; manually curated or external bases, which
could be biased towards some subset of entities,
may exhibit different noise profiles and cause a dif-
ferent model behavior. Moreover, a fully annotated,
albeit small, validation set is kept for model evalua-
tion and hyperparameter tuning. Finally, the evalu-
ation relies on standard NER metrics and does not
include human analysis of downstream impact on
digital humanities tasks.

Ethical Considerations

Historical corpora reflect the social, cultural, and
political biases of the periods and institutions that
produced them. The medieval charters considered
in this work primarily document legal and admin-
istrative activities of municipal and ecclesiastical
authorities, emphasizing the interests of elites. As a
result, NER models trained on these sources could
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reproduce existing biases about people and places,
and the usage of models and techniques designed
for modern languages or pretrained on modern texts,
which is often necessary due to the inherent low
volume of available historical data, could amplify
these biases when facing challenges specific to
the domain, such as linguistic variation and ortho-
graphic inconsistency. Moreover, learning from
genre-specific conventions like formulaic expres-
sions may capture patterns that are characteristic of
the genre and which could not generalize to other
genres and time periods.

The systems proposed in this work are intended
as assistive tools for historical research, and their
outputs should be interpreted in collaboration with
domain experts who can assess biases in both the
sources and the models.
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A Detailed Results

Tables 3 to 5 report the micro-averaged F1-Score,
Precision, and Recall obtained by the different tech-
niques, averaged on the test split of each source,
in the cases of fully supervised NER and varying
distant supervision settings. These measures are
used to draw Figure 1.

Tables 6 to 8 report the micro-averaged F1-Score,
Precision, and Recall obtained by the different tech-
niques on the test split of each source, in the cases
of fully supervised NER and varying distant super-
vision settings.

B Hyperparameter tuning

For RQ1, we used the default hyperparameters for
every technique, computing prior class probabil-
ities from the validation set when required. For
RQ2, according to Li et al. (2025) and using grid
searches, we made a first tuning step for the voters’
hyperparameters, and a second step for the curricu-
lum training hyperparameters, as we used CuPUL
with Stacked embeddings (Torres Aguilar, 2022)
and XLM-RoBERTa (Conneau et al., 2020) voters.

B.1 Voters’ hyperparameter tuning

The tuned hyperparameters for the voters are the
train epochs, drop negative, loss type, and m. The
learning rate is set to 1le—3, and other hyperparam-
eters are left at their default values. Tables 9 to 11
show the validation performances of Stacked Em-
beddings and XLM-RoBERTa voters with every set
of hyperparameters. We select the set of hyperpa-
rameters based on the mean and standard deviation
of the performances and on the performance with
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Sample (%) 10 20 40 60 80 100 Fully MEAN
Conf-MPU 3827 24+£33 22+£31 36£27 29422 17+24 43+£31 30£8
CuPUL 671 68+0 67+£3 68£5 675 665 84+7 69+6
BOND 32+18 57+£13 675 745 735 T7+11 90+t4 67116
SCDL 0+0 0+0 9£12 28£39 284+39 28+38 29+40 18412
CENSOR 4+5 107 33+£32 50+36 52+37 53+£38 60+£42 37+£19
SANTA 46+0 H4+£3 633 68£6 T2+£4 T6E£5 90+4 67+£13
MProto 45+6 H3£3 H6£9 60+£10 H52+£15 598 64£18 H56+£5
StEmb 17+£11 384+£20 54+£6 73£8 80£3 8£7 95+1 63£24
Matching 16+9 247 33+4 41+£2 46+£3 51+£5
CuPUL+XLM 686 78+3 T8%£2 T6£5 T7TE£5 1947 9243 T8%6
CuPUL+StEmb 78+3 82+3 79+1 80+4 776 76+£7 88+£4 80£3

Table 3: Test results in terms of F1-Score of Fully supervised NER and Weakly supervised NER varying the dictionary
sample size. Measures are micro-averaged among classes and then, for each setting, averaged among datasets and
reported in percentage with their standard deviation. The MEAN column reports the performance averaged across
settings with its standard deviation. The best results among DS-NER techniques for each setting are reported in
bold. For reference, the Stacked Embeddings (StEmb) supervised architecture and the pure dictionary matching are
reported, too. The bottom rows report performances of the CuPUL technique paired with XLM-RoBERTa (XLM)
and Stacked Embeddings, respectively, as underlying classification model.

low supervision settings. The selected hyperparam-
eters are:

* Stacked Embeddings voter hyperparameters:

— train epochs (E) = 15, drop negative (Neg)
=0.1, loss type = MPN, m = 20

* XLLM-RoBERTa voter hyperparameters:

— train epochs (E) = 5, drop negative (Neg)
= (.5, loss type = MPN-CE, m = 20

B.2 Curriculum training hyperparameter
tuning

Tables 12 and 13 show the validation performances
of the CuPUL curriculum train stage with Stacked
Embeddings and XILLM-RoBERTa, respectively,
with every set of hyperparameters. We select the set
of hyperparameters based on the mean and standard
deviation of the performances and on the perfor-
mance with low supervision settings. The selected
hyperparameters are:

* CuPUL with Stacked Embeddings:
— train epochs (E) = 20, loss type = MPN
e CuPUL with XLM-RoBERTa:

— train epochs (E) = 10, train sub-epochs
(sE) = 1, loss type = Conf-MPU-CE,
learning rate (LR): 1le—5

C Online Resources

The source code is available online at https://
github.com/msorbi/hwsner
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Sample (%) 10 20 40 60 80 100 Fully MEAN

Conf-MPU 68£23 55+£41 H52+£41 67£24 H9+29 46+41 T1+21 60&£8
CuPUL 66t+2 62+2 58+4 586 HO6E£6 H4E6 817 62&£8
BOND 7618 708 66£5 69+6 66+10 68+16 886 T2+7
SCDL 00 0+£0 124+£17 2637 26+£36 59+42 28+£39 22+£18
CENSOR 73+33 6428 T70+£24 47+£34 48+£34 48£34 5H8+£41 5H8+10
SANTA 6410 598 S57T£5 597 62£5 658 875 65%9
MProto 45+£7 H1£7 49£7 52410 42414 4948 5H56+£21 4944
StEmb 7TTt4 709 661 T6x£8 T6£7 7811 95+1 TTkS8
Matching 66£17 609 527 H52£10 H52+£9 5H2=£9

CuPUL+XLM 43 TT+x4 T71+4 676 687 69+10 92+3 T4+7
CuPUL+StEmb 76 +2 79+4 72+3 72+£6 69+£8 6710 86£5 74£5

Table 4: Test results in terms of Precision of Fully supervised NER and Weakly supervised NER varying the
dictionary sample size. Measures are micro-averaged among classes and then, for each setting, averaged among
datasets and reported in percentage with their standard deviation. The MEAN column reports the performance
averaged across settings with its standard deviation. The best results among DS-NER techniques for each setting are
reported in bold. For reference, the Stacked Embeddings (StEmb) supervised architecture and the pure dictionary
matching are reported, too. The bottom rows report performances of the CuPUL technique paired with XLM-
RoBERTa (XLM) and Stacked Embeddings, respectively, as underlying classification model.

Sample (%) 10 20 40 60 80 100 Fully MEAN
Conf-MPU 42+30 26£37 28£39 41434 38432 27+39 48+35 36&£7
CuPUL 68+3 74+2 79+6 83+£6 84£5H 8 *5 88+6 806
BOND 23+16 5019 71+14 8148 84+5 924+1 93+2 7T1+22
SCDL 1+1 1+1 8+9 30£41 30£41 31+42 31+42 19413
CENSOR 2+£3 6+4 34£38 H3E£39 H6+£40 5H9+42 61+43 39122
SANTA 374 51+4 69+£3 80£6 87+4 93+2 94+3 73+19
MProto 45£5 HrE£5 6614 70+£12 68£15 74£10 78+9 66=+10
StEmb 107 29+£19 464+8 708 84+£3 95+£1 95+£1 61+29
Matching 9+6 155 25+4 352 42+£3 5242

CuPUL+XLM 64+9 805 8 +£3 8£3 91£2 924+2 93+2 89
CuPUL+StEmb 80+5 84+2 88+1 89+1 8§9+1 89+2 91+3 87+4

Table 5: Test results in terms of Recall of Fully supervised NER and Weakly supervised NER varying the dictionary
sample size. Measures are micro-averaged among classes and then, for each setting, averaged among datasets and
reported in percentage with their standard deviation. The MEAN column reports the performance averaged across
settings with its standard deviation. The best results among DS-NER techniques for each setting are reported in
bold. For reference, the Stacked Embeddings (StEmb) supervised architecture and the pure dictionary matching are
reported, too. The bottom rows report performances of the CuPUL technique paired with XLM-RoBERTa (XLM)
and Stacked Embeddings, respectively, as underlying classification model.
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Sample (%) 10 20 40 60 80 100 Fully MEAN

Conf-MPU % 0 0 43 37 O 71 3026
CuPUL 66 67 62 63 63 064 75 66 +4
BOND 29 43 60 70 75 86 90 65+19
SCDL 1 1 1 1 1 1 1 1+0
CENSOR o 0 0 0 O 0 0 0£0
SANTA 46 53 959 59 68 79 85  64+12
MProto 37 49 47 46 31 47 39 42+ 6
StEmb 32 66 59 83 83 92 93 73+19
Matching 27 33 38 41 44 51

CuPUL+XILM 77 82 80 75 77 82 89 80+4
CuPUL+StEmb 80 81 80 84 80 80 83 81+1

Conf-MPU 0 71 67 64 51 51 56  52+21
CuPUL 68 68 69 65 63 61 89 69 £ 8
BOND 55 74 T2 73 66 61 86 69 +9
SCDL 0 0 26 82 82 82 86 51+35
CENSOR 1 12 75 8 85 76 91 61+33
SANTA 45 59 64 71 T2 68 94 68+13
MProto 51 57 69 64 62 64 83 64+9
StEmb 6 22 57 66 76 76 96 57 +28
Matching 5 17 33 39 43 45

CuPUL+XLM 65 74 75 72 71 69 93 74+£8
CuPUL+StEmb 80 78 78 74 69 67 91 777

Conf-MPU 5¢ 0 0 O 0 O 0 8+19
CuPUL 66 68 69 75 T3 73 88 73+6
BOND 12 53 70 81 78 85 95 68124
SCDL 0o 0 0 0 0 o0 0 0+0
CENSOR 11 17 22 64 69 83 87 51+28
SANTA 46 51 65 74 78 80 91 69+14
MProto 47 53 53 70 63 66 69 60 £ 8
StEmb 14 27 46 70 81 88 95 6027
Matching 15 23 29 44 50 57

CuPUL+XLM 64 78 78 83 84 85 95 81+£38
CuPUL+StEmb 73 86 80 82 83 83 91 82 +5

Table 6: Test results in terms of F1-Score of Fully supervised NER and Weakly supervised NER varying the
dictionary sample size on each of the three datasets (CBMA, CDBE, HOME), respectively. Measures are micro-
averaged among classes. The MEAN column reports the performance averaged across settings with its standard
deviation. The best results among DS-NER techniques for each setting are reported in bold. For reference, the
Stacked Embeddings (StEmb) supervised architecture and the pure dictionary matching are reported, too. The bottom
rows report performances of the CuPUL technique paired with XLM-RoBERTa (XLM) and Stacked Embeddings,
respectively, as underlying classification model.
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Sample (%) 10 20 40 60 80 100 Fully MEAN

Conf-MPU 52 0 0 48 39 0 63 29124
CuPUL 64 62 54 55 53 4 70 99 6
BOND 57 59 65 69 73 80 89 70+10
SCDL 1 1 1 1 1 1 1 1+0
CENSOR 100 100 100 O 0 0 0 43 £ 46
SANTA 51 50 52 50 58 70 80  59%10
MProto 35 42 41 40 23 39 28 35+6
StEmb 74 8 68 8 8 89 93 82 +38
Matching 74 66 58 52 52 53

CuPUL+XLM 77 718 73 66 68 74 87 756
CuPUL+StEmb 76 76 75 78 72 73 79 76 + 2

Conf-MPU 100 65 56 52 38 37 51  B7 18
CuPUL 64 60 57 52 49 46 86 59+ 12
BOND 73 72 60 62 52 46 80 63+11
SCDL 0 0 37 78 171 75 83 50+ 32
CENSOR 28 32 67 78 79 67 90 6321
SANTA 74 68 57 60 59 53 92 66 +12
MProto 49 54 58 52 49 51 7 56+ 9
StEmb 74 57 66 66 66 64 9% 7011
Matching 41 48 42 41 41 40

CuPUL+XLM M 72 66 61 59 55 93 68+11
CuPUL+StEmb 79 76 69 63 57 54 90 7011

Conf-MPU 50 100 100 100 100 100 100 93+16
CuPUL 69 65 63 66 63 62 85 687
BOND 100 78 72 v 71 78 95 82+10
SCDL 0 0 0 0 0 100 0 14 £33
CENSOR 93 59 42 63 64 78 8 6915
SANTA 68 57 63 67 70 70 88 69 £ 8
MProto 51 57 48 65 56 38 62 97 £ 5
StEmb 83 72 66 78 80 82 96 798
Matching 80 67 55 65 62 62

CuPUL+XLM 76 82 76 75 76 78 94 80+6
CuPUL+StEmb 73 8 7 76 76 75 88 785

Table 7: Test results in terms of Precision of Fully supervised NER and Weakly supervised NER varying the
dictionary sample size on each of the three datasets (CBMA, CDBE, HOME), respectively. Measures are micro-
averaged among classes. The MEAN column reports the performance averaged across settings with its standard
deviation. The best results among DS-NER techniques for each setting are reported in bold. For reference, the
Stacked Embeddings (StEmb) supervised architecture and the pure dictionary matching are reported, too. The bottom
rows report performances of the CuPUL technique paired with XLM-RoBERTa (XLM) and Stacked Embeddings,
respectively, as underlying classification model.
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Sample (%) 10 20 40 60 80 100 Fully MEAN

Conf-MPU 59 0 0 39 35 0 81  31+28
CuPUL 68 74 73 74 77 T8 80 75+3
BOND 20 33 55 70 TT 92 92 63+24
SCDL 2 2 2 2 3 3 3 2+0
CENSOR 0o 0 0 0 0 o0 0 0+0
SANTA 42 55 67 71 82 90 90 T1x15
MProto 40 60 53 54 49 61 67 55 £ 8
StEmb 20 56 52 82 83 95 93 69+24
Matching 17 22 28 34 39 49

CuPUL+XILM 76 86 87 85 88 92 91 86 +4
CuPUL+StEmb 84 86 86 90 88 88 87 87 +2

Conf-MPU 0 78 83 84 79 82 63  67+26
CuPUL 72 78 87 86 88 88 92 84+6
BOND 45 77 90 88 89 91 92  82+15
SCDL 0 0 21 87 89 90 90 54 +£38
CENSOR 0 8 87 92 93 89 93 66 +37
SANTA 33 52 73 86 92 95 9% 7521
MProto 53 61 85 81 84 85 90 TTx12
StEmb 3 13 50 66 88 94 96 59+33
Matching 3 10 27 37 45 53

CuPUL+XLM 61 77 87 87 90 90 94 84+10
CuPUL+StEmb 82 81 90 89 89 88 93 87 +4

Conf-MPU 66 0 O O 0 O 0 9+ 22
CuPUL 64 72 77 87 87 &9 91 81+9
BOND 6 40 68 85 86 94 95 68+29
SCDL 0o 0 0 0 0 o0 0 0+0
CENSOR 6 10 15 66 76 90 90 50+33
SANTA 34 46 67 82 87 93 94  T2+£20
MProto 43 50 60 75 T2 77 77 65+12
StEmb 8 17 35 63 81 94 95 56+ 32
Matching 8§ 14 19 33 42 53

CuPUL+XLM 55 75 81 92 94 95 9% 84+13
CuPUL+StEmb 73 86 87 89 92 92 94 87 +6

Table 8: Test results in terms of Recall of Fully supervised NER and Weakly supervised NER varying the dictionary
sample size on each of the three datasets (CBMA, CDBE, HOME), respectively. Measures are micro-averaged
among classes. The MEAN column reports the performance averaged across settings with its standard deviation. The
best results among DS-NER techniques for each setting are reported in bold. For reference, the Stacked Embeddings
(StEmb) supervised architecture and the pure dictionary matching are reported, too. The bottom rows report
performances of the CuPUL technique paired with XLM-RoBERTa (XLM) and Stacked Embeddings, respectively,
as underlying classification model.
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E Neg Loss m 10 20 40 60 80 100 Fully MEAN
10 0.1 MPN 10 | 53 £37 54+38 55+£39 H54+£38 83£5 82+£6 92+£2 68+15
10 0.1 MPN 20| 765 825 81+£3 81+£3 806 807 90£2 81+4
10 0.1 MPN-CE 10| 76+1 7942 833 83+3 84+6 83£7 93£2 83%5
10 01 MPN-CE 20| 735 793 81+£2 82+£3 81+6 80£8 92+1 81=£5
10 0.3 MPN 10 | 54 +£38 53+£37 55+£39 54+£38 83£5 82+£7 92+£3 67x15
10 0.3 MPN 20| 74+9 816 81+£4 80+£3 80%£5 78T 90£3 80+4
10 03 MPN-CE 10| 762 79+£1 83+£3 83£3 835 83+7 93+1 83+£5
10 03 MPN-CE 20| 734 80£2 82+£2 82+3 81+6 81+8 92+1 81&£5
15 0.1 MPN 10 | 53 +£37 55+39 87+2 86+3 8+£5 836 92+2 77+14
15 01 MPN 20 80+2 81+£7 84+£2 81+£2 79+6 80£8 91+1 82+3
15 01 MPN-CE 10| 695 75+4 813 8 +x5 84£7 84+8 94+0 82+£7
15 01 MPN-CE 20| 715 75£6 79+£0 83+£4 82+6 82£8 92+1 81=*6
15 0.3 MPN 10 | 51 +36 5337 87+2 8 +3 8 £5 8£7 92+£2 T7T7x15
15 0.3 MPN 20| 782 81+6 831 82+3 79+£6 81+£7 901 82+£3
15 03 MPN-CE 10| 69+4 75+2 81+3 8 x5 84£7 84+8 94+1 82+£7
15 03 MPN-CE 20| 705 756 81+2 83+4 82+6 81£9 92+1 81=+6
20 0.1 MPN 10 | 52437 53+38 84+3 86 +3 8 E£5 84+£6 93+1 77x15
20 0.1 MPN 20| 7TT+2 817 84+£2 83+£3 8246 82+8 91+£1 83+3
20 0.1 MPN-CE 10| 676 716 80+3 84+5 84+6 8 +9 94+1 81+8
20 0.1 MPN-CE 20| 687 736 79+2 83+5 82+£6 83+9 94+1 807
20 0.3 MPN 10 | 51 +36 53+38 87+3 8 +3 86+t5 87 92+1 T7T7r£15
20 0.3 MPN 20 79+£0 817 82+1 83+4 81£6 81+£8 91+2 83+£3
20 03 MPN-CE 10| 675 72£5 81£5 84+6 84+6 85+9 94+1 81+£8
20 03 MPN-CE 20| 687 73£6 80£2 83*5 827 8+9 94+1 817

Table 9: Validation results in terms of F1-Score of Stacked Embeddings voters. Measures are micro-averaged among
classes and then, for each setting, averaged among datasets and reported in percentage with their standard deviation.
The MEAN column reports the performance averaged across settings with its standard deviation. The best results

for each setting are reported in bold. Selected hyperparameters are in bold.
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E Neg Loss m 10 20 40 60 80 100 Fully = MEAN

10 0.1 MPN 10| 408 68+1 81+3 87+4 90+3 92+1 92+3 78+£16
10 0.1 MPN 20| 39+4 69+3 795 847 903 89+4 92+4 T7+16
10 0.1 MPN-CE 10| 255 407 H56+£8 7r£5 8r£2 88=*x3 94+3 6723
10 0.1 MPN-CE 20 |32+11 445 60£9 7r£2 8r£0 91£0 93£4 69+21
10 0.1 MPU 10| 69+11 55419 47+1 45+2 43+£3 367 42+4 48+9
10 0.1 MPU 20165 +17 50+10 56+£15 52+14 39+1 39+1 48+£8 50+£8
10 0.1 MPU-CE 10| 64+9 60£16 617 b54+13 51+12 46+12 40+16 5H4=£7
10 0.1 MPU-CE 20 |58+13 55£13 54+£10 45+15 41+10 36+12 43+9 47+7
10 0.3 MPN 10| 31£7 69£3 80+3 86+6 90+3 90+2 932 T7r+19
10 0.3 MPN 20| 359 670 81+4 85 85 8+4 91+£3 1717
10 03 MPN-CE 10| 277 38#£6 59+£6 774 86+2 88+2 94+2 67+£23
10 0.3 MPN-CE 20 |32+£11 44+5 62£6 78£3 87£0 91£0 94+£3 70+21
10 0.3 MPU 107011 52+14 46£3 47+£0 47+11 48+9 44+3 50k8
10 0.3 MPU 20 | 63+£20 5717 H3+£15 H5£13 380 372 41+£1 49+9
10 03 MPU-CE 10| 656+9 59£13 64+£7 55£14 52411 38+19 5H1£9 55£8
10 0.3 MPU-CE 20 |58+11 59+£12 57+£8 45£15 40+12 34+15 56+14 50£9
10 0.5 MPN 1036+11 673 80+3 8 *+2 90+2 92+1 93+3 78+£18
10 0.5 MPN 20| 408 715 827 8+£6 90£3 88£3 93£3 T8x16
10 05 MPN-CE 10| 266 395 61+£5 78+£3 8=£2 87£3 94+2 67123
10 0.5 MPN-CE 20 |33+11 44+3 63£5 7r£2 8 £2 91+£1 95£2 70+21
10 0.5 MPU 10| 69+12 61+21 43+2 44+1 44+1 48+£8 45+2 51+9
10 0.5 MPU 201 63+17 56+19 57+13 44+8 41+3 35+£6 45+£7 49+9
10 0.5 MPU-CE 10| 63+9 61£12 62+11 52+13 48+11 39418 55+21 54+£8
10 0.5 MPU-CE 20 |56£15 55£16 b4+11 44+12 424+13 31+18 51+15 48+£8

Table 10: Validation results in terms of F1-Score of XML-RoBERTa voters — Part I. Measures are micro-averaged
among classes and then, for each setting, averaged among datasets and reported in percentage with their standard
deviation. The MEAN column reports the performance averaged across settings with its standard deviation. The
best results for each setting are reported in bold.
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Neg Loss m 10 20 40 60 80 100 Fully MEAN

0.1 MPN 10| 55+2 74+14 82£7 86=*£6 91+2 90+2 93+3 81+12
0.1 MPN 20| 55+2 816 T7Tr£11 788 80£11 82+£8 89£5 T8=EY
0.1 MPN-CE 10| 389£9 7+1 77+£2 82+£2 872 873 933 80=£10
0.1 MPN-CE 20| 64£9 75£5 75£7 81+6 83+4 8 +x5 92+4 79+£8
0.1 MPU 10 | 67+12 62£8 64+10 49+3 44+1 43+6 367 5H2+£11
0.1 MPU 20 6715 6514 5H59+£11 H7x£8 45+£8 43+£9 3I7£7 53+10
0.1 MPU-CE 10|60+11 62+14 56+17 51+9 40+14 41+2 34+0 49+9
0.1 MPU-CE 20|56+13 55+16 53+14 478 41+6 28+3 321 45£10
0.3 MPN 10| 59+2 77+10 82+£8 86*5 90+3 90+2 924+2 82+10
0.3 MPN 20| 59+5 82+8 T6£11 T9+x9 80£12 82+£8 89+£4 T8£S
0.3 MPN-CE 10| 59+9 76+2 78+1 84+2 86+1 873 92+3 80+9
03 MPN-CE 20| 639 76+6 75+7 81+5 83+5 85 915 T79+£8
0.3 MPU 10 | 6713 54£2 49+£8 45£5 42+4 41+9 43+10 49+8
0.3 MPU 20 6715 64+£16 60£12 48+3 47+£3 43+£10 41+£5 5H3=£9
0.3 MPU-CE 10 |61+12 61+16 57+16 54+10 45+16 408 34+4 50+£9
0.3 MPU-CE 20 |58+12 56+16 52+14 46+9 424+7 261 320 44=£10
0.5 MPN 10 | 48+10 76+11 81£8 86=*x5 92+3 91+1 92+2 81+14
0.5 MPN 20| 571 87 Tr£11 799 80£12 82+£8 89£5H T8=EHY
0.5 MPN-CE 10| 608 76+2 76+2 82+3 8+2 873 93+4 80+9
05 MPN-CE 20| 66+8 76+6 757 815 82+4 8+4 92+£4 80&£7
0.5 MPU 10 | 66+15 b54£1 52+£3 48+4 424+4 39+7 35+2 48+9
0.5 MPU 20 70+£18 67+11 61+£12 46+2 46+4 43+9 41£6 53+10
0.5 MPU-CE 10 |59+12 60+13 5717 53+£11 51+£11 38+£11 42+£10 BH1+£7
0.5 MPU-CE 20|59+13 56+14 53+13 49+9 41+9 32+6 46=+£12 48+8
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Table 11: Validation results in terms of F1-Score of XML-RoBERTa voters — Part II. Measures are micro-averaged
among classes and then, for each setting, averaged among datasets and reported in percentage with their standard
deviation. The MEAN column reports the performance averaged across settings with its standard deviation. The
best results for each setting are reported in bold. Selected hyperparameters are in bold.

E Loss 10 20 40 60 80 100 Fully MEAN

15 Conf-MPU-CE | 771 80+£6 82+3 81+£4 79+7 79+9 90+1 81+4
15 Conf-MPU 81+1 83+£5 81+£3 83£4 80£8 788 89+3 8243
15 MPN-CE 725 77T+£3 80+2 82+4 82+7 808 92+1 81+5

15 MPN 78+2 81+5 82+2 82+3 82+7 807 903 82+3
15 MPU-CE 64+12 66+12 59+14 51+14 44+14 29+£18 43£21 5H1+£12
15 MPU 99 +26 66+23 62+23 6020 5817 47+£20 58+£33 595

20 Conf-MPU-CE | 772 78+8 81+2 81+4 817 809 91+1 81+4
20 Conf-MPU TTE2 82+6 83+2 82+5 806 798 903 82+4
20 MPN-CE 69+5 74+6 801 835 82+£6 839 94+£1 80&£7

20 MPN 800 83+6 8 +3 84+4 82+6 82+7 903 84+3
20 MPU-CE 63+11 63+17 58+15 5112 43+£15 27+£18 38+£19 49+12
20 MPU 66+18 64+£26 74+9 68£10 63+£11 60+12 61+29 65+4

25 Conf-MPU-CE | 763 81+5 82+3 82+4 82+7 81+9 91+1 82+4
25 Conf-MPU 79+2 82+6 84+3 82+5 797 808 903 82+3
25 MPN-CE 0+5 7H5+4 78+1 82+4 83+6 83+9 931 81+£6

25 MPN 7TTt£3 84+6 84+2 84+3 837 82+8 91+2 84+3
25 MPU-CE 66+12 61+£17 58+£16 50£15 44+16 27+18 36+20 49412
25 MPU 70+13 67+23 76+6 688 656+9 61+9 63£26 67+4

Table 12: Validation results in terms of F1-Score of CuPUL curriculum train with Stacked Embeddings. Measures
are micro-averaged among classes and then, for each setting, averaged among datasets and reported in percentage
with their standard deviation. The MEAN column reports the performance averaged across settings with its standard
deviation. The best results for each setting are reported in bold. Selected hyperparameters are in bold.
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E sE Loss LR 10 20 40 60 80 100 Fully MEAN
1 1 Conf-MPU 1 [128+£24 36+31 4027 42+33 4337 42438 44+40 39+£5
1 1 Conf-MPU 3 | 51£29 50433 57£28 5732 58£30 5H3+35 H56£36 55E3
1 1 Conf-MPU-CE 1 [29+25 43433 39+£28 36+34 38+35 39434 44+41 38+4
1 1 Conf-MPU-CE 3 |[67+15 68+13 61+17 60+18 6017 66+14 T74+17 65+£5
1 1 MPU-CE 1 127+£23 37+31 38+£26 31+28 3027 26+23 33+£30 32+4
1 1 MPU-CE 3 [89£15 BH57+6 467 H3+X10 37£5 34+6 27+12 45+11
1 2 MPU-CE 1 | 47+£17 53+11 48+16 46+13 4510 43+£5 35+5 45+£5
1 2 MPU-CE 3 [53£12 616 H4+9 H52+11 357 42£7 30£10 47410
5 1 Conf-MPU 1 M£8 76+9 69+14 73+£14 T4+17 T9+£12 T9+14 T4+3
5 1 Conf-MPU 3 1690 80+4 T9x7 86+3 837 89+1 92+£3 82&£7
5 1 Conf-MPU-CE 1 69+5 78+10 T4x11 T6+£7 768 80£5 91+3 T8+£6
5 1 Conf-MPU-CE 3 +7 80 +2 81+£1 84+3 8+£1 871 93+£2 83+6
5 1 MPU-CE 1 56+9 55+11 H52+14 49+13 46+12 39+£7 39+13 48+£6
5 1 MPU-CE 3 [62£12 673 578 BH7T+1 474 50+£5 42+£11 B53£T
5 2 Conf-MPU 1 669 T9+4 81+3 88+£1 87 90+£2 92+3 83+£8
5 2 Conf-MPU 3 | 61+£3 84+0 806 873 89+x1 91+1 94+2 84+9
5 2 Conf-MPU-CE 1 |73+14 814+3 81+4 7848 83£5 8 +0 93£3 83%6
5 2 Conf-MPU-CE 3 |64+14 77+3 81+£4 8147 84+£5 900 94+£3 8248
5 2 MPU-CE 1 66+7 633 56+4 535 49+10 44+6 H7TE12 HSET
5 2 MPU-CE 3 | 633 6013 50£17 66+5 H59£10 44+21 65£21 B8£T
10 1 Conf-MPU 1 70+5 795 80+5 8 +£4 84+6 88+£3 93+2 83+£6
10 1 Conf-MPU 3 | 6510 78+2 824 89£+0 87x4 89+2 92+£3 83£8
10 1 Conf-MPU-CE 1 [73+11 82+2 81+4 80+£8 8 *+4 89+£0 92+5 83+£5
10 1 Conf-MPU-CE 3 |62+16 75+6 8 £0 835 86=*x2 900 94£3 82+9
10 1 MPU-CE 1 62+8 63+£11 54+8 OH51£10 5146 47+£3 6013 55+£5
10 1 MPU-CE 3 | B7Tx7 6317 52£20 51+20 601 H1+11 56£31 56+4
10 2 Conf-MPU 1 618 83+2 8*+1 8+£3 91+1 90+£1 92+4 84+9
10 2 Conf-MPU 3 | 54+9 83£2 80 90£0 92+1 91+£1 91+4 84+12
10 2  Conf-MPU-CE 1 |67+17 773 78£7 798 8 =£4 91+1 95£2 8248
10 2  Conf-MPU-CE 3 |57+17 803 82£1 808 87£+1 900 95+2 82=£11
10 2 MPU-CE 1 ]60£13 55+£9 62+3 54+11 55+£9 46+£6 6719 b57+£6
10 2 MPU-CE 3 | 678 62+14 677 6315 T2x£5 5917 63£14 65+4

Table 13: Validation results in terms of F1-Score of CuPUL curriculum train with XLM-RoBERTa. Measures are
micro-averaged among classes and then, for each setting, averaged among datasets and reported in percentage with
their standard deviation. The MEAN column reports the performance averaged across settings with its standard
deviation. The best results for each setting are reported in bold. Selected hyperparameters are in bold. Learning rate
is in the scale of 1le—5
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