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Abstract

In this paper, we evaluate the effectiveness of transformer-based models for
Named Entity Recognition (NER) in pre-modern Serbian Cyrillic texts, with
a particular focus on improving model generalization through generative data
augmentation. We construct a domain-specific NER dataset, based on medieval
Serbian charters and archival documents, annotated using the BIO tagging
scheme, and extend the training corpus with synthetically generated examples.
Two transformer-based language models, BERTi¢ and XLM-RoBERTa, are fine-
tuned and evaluated in both in-domain and out-of-domain settings. The results
show that transformer-based models, particularly fine-tuned XLM-RoBERTa,
achieve strong in-domain performance and substantially improve out-of-domain
robustness compared with a previously developed CNN-based NER model. Old-
Serb-XLM-RoBERTa trained with 30% synthetic data achieves the highest
in-domain performance, with an overall Fl-score of =~ 0.92. The configuration
trained with 100% synthetic data performs best on some individual out-of-
domain documents, whereas the 50% configuration achieves the highest average
weighted Fl-score in out-of-domain evaluation and is therefore selected as the
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recommended model for broader use. These findings show that synthetic data
augmentation can improve generalization, especially for low-resource historical
NER, but its effectiveness depends on the model architecture, augmentation ratio,
and the degree of domain shift. The recommended model, together with the an-
notated and augmented training dataset, is publicly available via Hugging Face,
supporting further research on historical South Slavic languages.

Keywords: Named Entity Recognition, Pre-modern Serbian Cyrillic; Large Language
Models, Generative Data Augmentation, Digital Humanities, Cultural Heritage

1 Introduction

Named Entity Recognition (NER) is an important task in Natural Language Process-
ing (NLP), enabling the extraction of entities such as persons, locations, socio-cultural
groups, and others from unstructured text (Munnangi, 2024). While NER has achieved
strong performance for contemporary languages and domains, its application to
low-resource languages and their historical varieties remains challenging (Keraghel,
Morbieu, & Nadif, 2024). These challenges are particularly pronounced when anno-
tated corpora are scarce, and linguistic variation limits the effectiveness of standard
approaches (Zhong et al., 2026).

As a low-resource language, Serbian lacks large-scale annotated datasets and ro-
bust NER tools, especially for historical texts (Marovac, Avdi¢, & MiloSevi¢, 2023).
The work (Doki¢ Petrovi¢, Popovi¢, & Polomac, 2025) has demonstrated that NER
can be applied to pre-modern Serbian Cyrillic using traditional approaches, such as
Convolutional Neural Networks (CNN), but it relies on limited training data and shows
reduced performance when applied to unseen documents.

The emergence of Large Language Models (LLMs) have significantly improved
NER performance for modern Serbian (Torge, Politov, Lehmann, Saffar, & Tao, 2023).
For example, Ljubesi¢ and Lauc (2021) developed the BERTi¢ model, fine-tuned on
multiple datasets, which achieved strong performance on NER tasks for contempo-
rary Serbian, among others. Tkoni¢ Nesi¢, Petalinkar, Skori¢, and Stankovié (2024)
explored the integration of BERT-based models with the spaCy framework and com-
pared various transformer architectures and training strategies for NER in a diverse
Serbian-language dataset. Kalusev and Brklja¢ (2026) presented an LLM-based NER
model for legal documents written in modern Serbian. However, the application of
transformer-based models to pre-modern Serbian remains largely unexplored.

In this paper, we investigate the effectiveness of transformer-based models for NER
in pre-modern Serbian Cyrillic texts. We build on an existing corpus of medieval
charters and archival documents developed in (Doki¢ Petrovié et al., 2025) and convert
the annotations into the BIO tagging scheme. We fine-tune two transformer-based
models, BERTi¢ and XLM-RoBERTa, and evaluate their performance in both in-
domain and out-of-domain settings. The out-of-domain evaluation is conducted on
previously unseen historical documents that differ in their chronological, genre-related,
and orthographic proximity to the training corpus. This evaluation setup enables us
to assess the robustness of the models under different degrees of domain shift.



To address the limited size of the original corpus, we apply a generative data
augmentation strategy and produce additional synthetic training examples at aug-
mentation ratios of 30%, 50%, and 100%. This experimental setup enables us to
systematically investigate the impact of synthetic augmentation on model performance
and generalization. In particular, it allows us to examine whether the effectiveness of
synthetic data varies depending on the amount of generated material and the degree
of similarity between the training corpus and the evaluation document.

Our results show that transformer-based models, especially Old-Serb-XLM-
RoBERTa, achieve strong in-domain performance and improve out-of-domain robust-
ness compared with the CNN-based NER model developed in (Dokié¢ Petrovi¢ et al.,
2025). Old-Serb-XLM-RoBERTa trained with 30% synthetic data achieves the high-
est in-domain performance, with an overall Fl-score of ~ 0.92. The configuration
trained with 100% synthetic data performs best on some individual out-of-domain
documents, whereas the 50% configuration achieves the highest average weighted F1-
score in out-of-domain evaluation and is therefore selected as the recommended model
for broader use. These findings show that synthetic data augmentation can improve
generalization, especially for low-resource historical NER, but its effectiveness depends
on the model architecture, augmentation ratio, and the degree of domain shift. The
recommended model, together with the annotated and augmented datasets, is pub-
licly released to support further research on historical Serbian and other South Slavic
language varieties.

The main contributions of this paper are as follows:

e BIO-annotated (non)augmented NER dataset(s) for pre-modern Serbian Cyrillic
texts based on the Serbian medieval charters and archival material publicly available
via Hugging Face'

® A systematic study of the effectiveness of a generative data augmentation technique
for the Serbian NER in a historical domain

e A comparative evaluation of transformer-based models (BERTi¢ and XLM-
RoBERTa) and a CNN-based model for the Serbian NER in a historical domain

e A publicly available NER model (Old-Serb-XLM-RoBERTa) for pre-modern Serbian
Cyrillic released via Hugging Face?.

The remainder of the paper is organized as follows. Section 2 reviews related
work. Section 3 describes the original corpus and the BIO-annotation methodology.
Section 4 presents the fine-tuning of the models and describes synthetic data genera-
tion. Section 5 presents the results of the models’ evaluation. Section 6 discusses the
evaluation results. Finally, Section 7 concludes the paper and proposes directions for
future work.

2 Related Work

The application of NER to Serbian became more prominent in the early 2010s, with
the emergence of more systematic and domain-specific research efforts (Marovac et al.,
2023). The first approaches relied primarily on rule-based and hybrid methods. For

Thttps: //huggingface.co/datasets/marijadjokic/pre-modern-serbian-cyrillic
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instance, Vitas and Pavlovié-Lazeti¢ (2008) developed a system combining morpho-
logical and lexical analysis with dictionary-based resources to identify personal names
and geographical entities. Similarly, Krstev, Obradovié, Utvi¢, and Vitas (2014) ex-
tended earlier rule-based frameworks (Krstev, 1997) by incorporating transducers and
lexical resources such as thesauri, enabling the recognition of personal and geopolitical
entities.

The introduction of machine learning approaches marked a significant step for-
ward. Sandrih, Krstev, and Stankovic (2019) developed Stanford- and spaCy-based
NER models using a dataset of news articles annotated with personal names, produced
by the system introduced in (Krstev et al., 2014). Ljubesi¢, Stupar, Jurié, and Agié
(2013) developed a Conditional Random Field (CRF)-based NER system for Croat-
ian and Slovenian, closely related to the Serbian language, trained on annotated web
and news corpora such as SETimes.HR (Agi¢ & Ljubesi¢, 2014) and Vjesnik (Glavas
& Snajder, 2015). Sandrih Todorovié, Krstev, Stankovié¢, and Ikoni¢ Negi¢ (2021)
introduced SrpCNNER, a CNN-based model trained on the SrpELTeC-gold corpus
(Stankovié, Krstev, Sandrih Todorovié, & Skorié, 2022), which consists of Serbian nov-
els from 1840 to 1920. This model supports multiple entity types and achieves strong
performance, with an F1 score of ~ 91% on the test set. Building on this work, Nesi¢,
Petalinkar, Stankovi¢, Utvi¢, and Kitanovié¢ (2024) proposed SrpCNNeL, a system for
NER and entity linking that extends the pre-trained SrpCNNER2 model, which fol-
lows the same architecture as ScpCNNER. It is implemented in spaCy, but is trained
on a more diverse dataset that includes the SrpELTeC-gold-extended dataset, news-
paper articles, and automatically generated sentences derived from Wikidata and the
Leximirka (Lazi¢ & Skori¢, 2020) database.

The introduction of transformer-based models has further advanced NER for Ser-
bian and related South Slavic languages. In particular, the BERT family of transformer
architectures (Devlin, Chang, Lee, & Toutanova, 2019) has enabled substantial im-
provements in that domain. For example, XLM-RoBERTa (Conneau et al., 2020),
trained on large-scale multilingual corpora covering 100 languages, supports NER for
modern Serbian. Ljubesi¢ and Lauc (2021) proposed BERTI¢, fine-tuned on multiple
datasets (SETimes.SR (Batanovié¢, Ljubesi¢, Samardzi¢, & Erjavec, 2018; Batanovié,
Ljubesi¢, & Samardzi¢, 2018), ReLDI-sr (Ljubesi¢, Erjavec, Batanovié, Milicevi¢, &
Samardzié¢, 2019), and news corpora), which achieve strong performance on NER tasks
for contemporary Bosnian, Croatian, Montenegrin, and Serbian (BCMS). Tkoni¢ Nesgié
et al. (2024) explored the integration of BERT-based models with the spaCy framework
and compared different transformer architectures and training strategies for NER on a
diverse Serbian-language dataset containing seven entity types. Furthermore, Kalusev
and Brklja¢ (2026) introduce a specialized LLM-based NLP model that automatically
extracts and classifies entities in Serbian legal texts, leveraging pre-trained BERT.

Despite recent advances in transformer-based architectures for NER in modern
Serbian (Ikoni¢ Nesi¢, Petalinkar, Stankovié, & Mitkov, 2025), their application to his-
torical varieties of the language remains largely underexplored. One of the few studies
addressing this domain is (Dokié Petrovi¢ et al., 2025), which introduced a CNN-based
NER model for pre-modern Serbian Cyrillic texts. Trained on medieval charters and
legal documents, the model demonstrated the feasibility of NER in historical corpora,



achieving an F1 score of ~ 0.92 on the test set. However, its performance declined
on unseen data, indicating limited generalization across different historical sources.
Motivated by these limitations, we investigate the effectiveness of transformer-based
architectures for NER in pre-modern Serbian.

One of the key challenges for low-resource languages is the scarcity of resources
and the limited availability of annotated data (Hiltmann et al., 2025). In the con-
text of historical language varieties, it is especially relevant, as annotated resources
are limited, and linguistic variation, non-standard orthography, and domain-specific
entity types make manual annotation both challenging and costly (Gladstone, Fang,
& Stewart, 2025). This limitation, also highlighted in (Poki¢ Petrovi¢ et al., 2025),
motivated us to investigate the effectiveness of data augmentation in enriching the
training dataset and improving model performance in pre-modern Serbian.

Data augmentation has become an important strategy for addressing data scarcity
in NER (Huang, Gao, & Ren, 2025). Early data augmentation approaches were largely
rule-driven and word-level modifications. For example, Dai and Adel (2020) investi-
gated synonym and mention replacement, whereas Elwing Torres, Silva de Moura,
Soares da Silva, Nascimento, and Mesquita (2026) applied comparable methods,
highlighting the potential loss of semantic coherence introduced by heuristic rules.

Addressing the limitations of rule-based methods, generative neural approaches
have been proposed to synthesize fully labeled sentences. Ding et al. (2020) employ
an Long Short-Term Memory (LSTM)-based language model trained on linearized
sequences, while (Zhou et al., 2022) applied Masked Language Modeling (MLM) to
generate diverse entities within contextual constraints. These methods, however, often
depend on the sequential dependency of entities. To mitigate this limitation, Hu et al.
(2023) introduced an entity-to-text framework that decouples entity dependencies.

More recently, research has shifted to prompting LLMs to enhance diversity and ro-
bustness. Song, Shen, and Zhao (2024) introduce a prompt-based method that employs
continuous soft prompts on pre-trained language models. This method introduces oper-
ations such as label flipping and context augmentation, combined with self-consistency
filtering to remove low-quality samples and a mix-up strategy to reduce overfitting to
adversarial examples. Building on the rewriting capabilities of LLMs, authors in Ye
et al. (2024) perform augmentation at both the contextual and entity levels. They use
multiple rewriting strategies, such as varying sentence length and style, to preserve
semantic coherence while increasing diversity. To ensure that the generated augmen-
tations maintain linguistic consistency with the target domain, Evuru et al. (2024)
extracted certain lexical, syntactic, and semantic constraints from the source data and
created natural language instructions to guide the LLM.

Despite significant advancements, research on generative data augmentation for
low-resource languages remains limited. For example, Moreira, Silva, Bencke, and
Moreira (2026) evaluate data augmentation techniques for NER, focusing on domain-
specific Portuguese datasets. They employed data augmentation techniques based on
rules, backtranslation, and LLMs on four datasets of varying sizes to train transformer-
based NER models. The authors in (Kamath & Vajjala, 2025) use LLM-based
synthetic data generation with a small number of gold examples as an alternative to



automatically generated datasets for low-resource NER across 11 languages from 3
language families: Indo-European, Niger-Congo, and Dravidian.

To our knowledge, data augmentation has not yet been investigated for mod-
ern Serbian NER or its historical varieties. In this study, we aim to bridge this
gap by combining transformer-based models with generative data augmentation. We
further examine whether the effectiveness of synthetic augmentation varies across his-
torical documents representing different degrees of chronological, genre-related, and
orthographic distance from the training corpus.

3 Original Corpus

3.1 Data Sources

The datasets developed in this study build upon the corpus introduced in (Pokié¢
Petrovi¢ et al., 2025), consisting of medieval Serbian administrative and legal texts,
including the Banjska Chrysobull (Trifunovié, 2011), the third example of the Decani
Chrysobull (Ivi¢ & Grkovié, 1976), and a collection of charters and letters from the
Dubrovnik archive (Stojanovié, 1929). The Banjska Chrysobull, issued in the early 140
century during the reign of King Milutin (reigned 1282-1321), is a royal charter that
regulates monastic endowments and property relations. The Decani Chrysobull, issued
in the early 14" century during the reign of King Stefan Decanski (reigned 1322-1331),
constitutes a comprehensive legal and administrative document detailing land owner-
ship, privileges, and obligations associated with the Dec¢ani monastery. The Dubrovnik
archival material consists of administrative and diplomatic correspondence and char-
ters from the 14*" century, reflecting interactions between the Serbian medieval realm
and the Republic of Ragusa (Dubrovnik). This domain profile is relevant to the subse-
quent evaluation, in which the models are applied to unseen documents representing
different degrees of chronological, genre-related, and orthographic distance from the
training corpus.

The given corpus includes personal names (PER), locations (LOC), and demo-
graphic or ethnonymic references (DEMO), whose distribution across the 4,112 manually
annotated sentences is shown in Table 1.

Table 1: Distribution of annotated named entities
in the corpus introduced in (Dokié¢ Petrovié et al.,

2025)
Entity Type Total Unique
PER 7,562 2,490
LOC 1,525 1,275
DEMO 85 54




3.2 BIO-annotation

Based on the manually annotated corpus introduced in (Doki¢ Petrovié et al., 2025),
the original span-based annotations are converted into the BIO tagging scheme
(Ramshaw & Marcus, 1995), which is widely used in sequence labeling tasks such as
NER and is fully compatible with transformer-based architectures.

For this purpose, a programmatic conversion pipeline is implemented that first
tokenizes each sentence in the original corpus and subsequently assigns BIO labels
to individual tokens: B-XXX, indicating the beginning of an entity; I-XXX, indicating
a token inside an entity; and 0, marking tokens outside any annotated entity. This
representation enables precise identification of entity boundaries, including multi-token
entities.

Following the automatic conversion process, the resulting annotations are manu-
ally verified in order to correct conversion inconsistencies and previously mislabeled
entities. Consequently, the entity counts in the final BIO-annotated dataset differ
from those reported for the original span-based corpus, as some entity boundaries and
category assignments were corrected during this process.

The distribution of tokens in the final BIO-annotated dataset is present in Table 2,
while the complete BIO-annotated dataset is publicly available via Hugging Face®.
Table 3 presents examples of sentences with the original span-based annotations and
their corresponding conversion into the BIO format.

Table 2: Distribution of tokens in the BIO-annotated dataset built upon the
corpus introduced in (Doki¢ Petrovic et al., 2025)

BIO Label Total Unique Tokens Unique Tokens (B+1I)
B-PER 6,611 1,781

I-PER 881 712 2,493

B-LOC 1,500 1,197

I-LOC 521 266 1,463
B-DEMO 86 50 57

I-DEMO 7 7

4 Model Fine-Tuning
4.1 Transformer Models

To investigate the effectiveness of transformer-based architectures for NER in
pre-modern Serbian Cyrillic texts, we fine-tuned two pretrained language mod-
els: BERTIi¢ (classla/bems-bertic)(Ljubesi¢ & Lauc, 2021) and XLM-RoBERTa
(x1m-roberta-base)(Conneau et al., 2020), both introduced in Section 2. BERTi¢,
due to its specialization in closely related South Slavic languages and its demon-
strated strong performance on NER tasks for contemporary Serbian (Ljubesi¢ &

3https:// huggingface.co/datasets /marijadjokic/pre-modern-serbian-cyrillic /blob /main /bio _annotated
_ dataset.json
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Table 3: Examples of span-based annotations from the corpus introduced in (Dokié¢
Petrovié et al., 2025), converted into BIO format.

Sentence Span-based annotation

Geao  NHPOTORO  AOKOLAARA TghRHUE H  Ch {[5,13,"LOCATION"],

(KOHMH METIAMH HTORA MOAORHHA [14,24,"PERSON"], [25, 32,
"PERSON"]}

|<9Amﬁ'crmmfmparo K CEH :?ss'clcow BEMAIEH {[24, 40, "LOCATION"]}

Tokens BIO labels

[”Gmo”, "MHroToR0”, ”Aospomum”, ["o", "B-LOC", "B-PER", "I-PER",

”I‘FI:EI’ILSE”, ”"”’ 7’"‘”’ ”CKOMMH”, ”MEI‘MMH”, IIUlI’ leu’ uou’ non, uou, uon]

” »

” ”

HroRA , HOAGEHHAJ

["kpante’sTROVIOWIArO”, 7E'ten”, “tonk’tkor” nge, mgn, w woo "
¢ yHoiyiaro”, 7 ,  ["0", "0", "B-LOC", "I-LOC"]

"gemater”|

Lauc, 2021), is particularly suitable for evaluating the extent to which regionally spe-
cialized language representations can effectively transfer to historical Serbian texts.
XLM-RoBERTa, as a multilingual transformer model with strong transfer capabili-
ties across low-resource languages (including Serbian) and domains (Dorkin & Sirts,
2024), is particularly suitable for evaluating whether multilingual contextual represen-
tations can effectively capture the orthographic, lexical, and morphosyntactic variation
characteristic of pre-modern Serbian Cyrillic texts.

4.2 Fine-Tuning Setup

Both transformer models are fine-tuned with the following setup:

(i) using the BIO-annotated dataset described in Section 3.2, and

(ii) using augmented datasets, where generated synthetic data was added to the
training part of the dataset from (i), as described in Section 4.3.

To ensure a fair comparison between Old-Serb-BERTi¢ and Old-Serb-XLM-
RoBERTa, the same data split, fine-tuning procedure, and hyperparameters were used
for all configurations. The BIO-annotated dataset was divided into training, devel-
opment, and test sets using an 80/10/10 ratio. The same split was reused across
all experiments. Synthetic examples, generated using the procedure described in
Section 4.3, were added exclusively to the training set, while the development and test
sets remained unchanged, thereby preventing data leakage. The number of sentences
and distribution of entities across these sets are given in Table 4.

The models were fine-tuned for token classification using PyTorch (version
2.8.0+cu128)* and the Hugging Face Transformers (version 5.12.0)° libraries on
an NVIDIA RTX PRO 4500 Blackwell in a RunPod cloud environment. The corpus is
tokenized using the corresponding pretrained tokenizer for each model. Since trans-
former tokenizers may split individual words into multiple subword units, BIO labels

4https://pytorch.org/get-started /locally/
Shttps://huggingface.co/docs/transformers/en/index
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Table 4: Distribution of sentences and entities across sets before data

augmentation
Training Development Test

Sentences 3,289 411 412
Entity Total Unique Total Unique Total Unique
B-PER 5,333 1,550 654 366 624 365
I-PER 708 582 78 76 94 90
B-LOC 1,191 980 147 144 142 134
I-LOC 410 224 55 46 55 41
B-DEMO 69 41 9 8 7 6
I-DEMO 5 5 0 0 2 2

are aligned with tokenized sequences by assigning the entity label only to the first
subword token, while subsequent subword tokens are ignored during loss computation.

Training was performed using cross-entropy loss. Evaluation was conducted on the
development set after each epoch, and the checkpoint achieving the highest entity-
level F1-score on the development set was selected for final evaluation on the test set.
The remaining fine-tuning parameters are summarized in Table 5.

Table 5: Fine-tuning parameters

Parameter Value

Learning rate 2e-5

Number of epochs 6

Batch size per device 4

Gradient accumulation steps 4

Maximum sequence length 256

Weight decay 0.01

‘Warmup ratio 0.1

Evaluation strategy epoch

Effective batch size 16

Random seed 42

Hardware NVIDIA RTX PRO 4500 Blackwell
CUDA available True
Model-selection metric Entity-level F1 on the development set
Evaluation framework seqeval

4.3 Data Augmentation

Although the Banjska Chrysobull and the Decani Chrysobull are among the richest
medieval Serbian sources of personal and geographical names (Grkovi¢, 1983; Loma,
2013), making them particularly valuable for NER tasks, the overall number of unique
annotated entities in the training set is relatively small. This scarcity of annotated



material, combined with substantial orthographic and lexical variation, motivates the
use of data augmentation to enrich the training set and improve model generalization.
In that sense, we employ a generative data augmentation strategy.

The synthetic data were generated using the GPT-5.4-mini model (OpenAl, 2026)
through a few-shot prompting approach, in which the model was conditioned exclu-
sively on annotated sentences sampled from the training set. We first generated a
synthetic dataset containing 3,289 sentences, corresponding to the size of the original
training set. From this synthetic dataset, subsets containing 30% and 50% of the gen-
erated sentences were derived, while the complete synthetic dataset was used for the
100% configuration. Each synthetic subset was then added separately to the original
training set®, producing three augmented training configurations. The development
and test sets remained unchanged across all experiments.

The generation pipeline consists of several steps (Figure 1). In the first step, three
annotated sentences were randomly sampled from the training set for each prompt
and used as few-shot demonstrations. Each example is represented as a JSON object
containing a sequence of tokens and the corresponding BIO-formatted NER labels. In
the second step, the prompting strategy constrains generation to the predefined en-
tity categories PER, LOC, and DEMO. The model is additionally instructed to in general:
(i) resemble the language represented in the examples; (ii) use only graphemes, ab-
breviations, diacritics, and orthographic patterns attested in the provided examples;
(iii) preserve the same historical period and textual tradition as the examples; (iv)
contain between 5 and 30 tokens and at least one named entity; (v) contain realistic
entities; (vi) avoid copying the provided examples; and (vii) strictly follow the BIO
tagging scheme. In the third step, each generated output was automatically validated
to ensure structural correctness and BIO-format consistency. The generation process
was repeated until the target dataset of 3,289 synthetic sentences was obtained.

Table 6 presents selected sentences produced using the proposed generative data
augmentation pipeline. In addition to automatic structural validation, the generated
data were manually inspected to assess their linguistic and orthographic plausibil-
ity. This inspection revealed that the GPT-5.4-mini model occasionally introduced
graphemes associated with Old Church Slavonic or later Russian-Slavonic textual tra-
ditions that were not attested in the training set. These inconsistencies were not
systematically corrected and were retained, allowing us to evaluate the robustness of
the models under naturally occurring synthetic noise.

The complete synthetic dataset is publicly available on Hugging Face”. The syn-
thetic subsets were separately merged with the original training set and used to
fine-tune both Old-Serb-BERTi¢ and Old-Serb-XLM-RoBERTa. The same synthetic
examples were used for both model architectures, ensuring that differences in per-
formance were not caused by differences in the augmented training data. Table 7
summarizes the distribution of sentences and named-entity labels in the original train-
ing set, the synthetic set, and the augmented training sets. As the proportion of

Shttps:// huggingface .co / datasets / marijadjokic / pre -modern -serbian -cyrillic / tree / main / augmented
-datasets

"https:// huggingface .co / datasets / marijadjokic / pre -modern -serbian -cyrillic / blob / main / synthetic
_ dataset.json
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N iterations, until no.
of samples reached

{"tokens": ["cTedpana", "oypouw'"],
"ner_tags": ["B-PER", "I-PER"]},
{"tokens": ["Ceno", "6aHk","nonk"],
"ner_tags": ["O","B-LOC","I-LOC"]},
{"tokens": ["ako","sbp¥e","Bnaxp","cpbbiuna"],
"ner_tags": ["0","0","B-DEMO","B-DEMO"]}

Randomly selected 3 examples
from the training set

Generate ONE new synthetic Named Entity Recognition (NER) training example
for medieval Serbian, following the examples.

Requirements: resemble the language represented in the examples, .....
Allowed entity types: PER, LOC, DEMO

Output format: Return exactly one JSON object with: {{"tokens": ["..."],
"ner_tags": ["..."]}}

Tagging rules: use BIO format, ...
Rules: 5-3@ tokens, same number of tokens and tags, ....

Examples:
{few_shot_text}

& <>
bl LLM  Validation Example Invalid

l Example Valid

{"tokens": ["kHe3b", "Bykb","u","ceno","monbhn"],
“ner_tags": ["B-PER","I-PER","0","0","B-LOC"]},

Figure 1: High-level overview of the synthetic data generation process. Model
GPT-5.4-mini is used to generate new BIO-annotated NER sentences based on the
training set.

synthetic data increases from 30% to 100%, both the total and unique numbers of en-
tity labels increase progressively. The largest relative increases are observed for LOC
and DEMO, suggesting that augmentation not only expands the training data but also
increases entity diversity and partially reduces the strong dominance of PER entities
in the original training set.

5 Evaluation Results

The evaluation was conducted under two experimental conditions: (i) in-domain eval-
uation on the unchanged test set and (ii) out-of-domain evaluation on three previously
unseen historical documents. In-domain performance is reported using entity-level pre-
cision (P), recall (R), and Fl-score, whereas the out-of-domain results are presented
as token-level weighted averages across BIO labels. Detailed class-level results and
confusion matrices for the out-of-domain evaluation are provided in Appendix A.

This experimental setup allows us to compare: (i) transformer-based models against
the previously developed CNN-based NER model in (Doki¢ Petrovi¢ et al., 2025),
and (ii) the impact of synthetic data on NER performance in a low-resource Serbian
historical setting.

5.1 In-Domain Evaluation

Table 8 presents the in-domain evaluation results.
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Table 6: Examples of synthetically generated sentences applying the generative
data augmentation technique

Sentence/Tokens BIO labels

[”Murmﬁou”, "KHGL”, ”KAAXO”, ”n‘m,\e”, "R”, ["O0", "B-PER", "I-PER", "0O", "O",
7ter0”, "arkiane”| "o", "B-LOC"]

[ ”A”, "etin”, "ume”, "RoHcasRk”, "H”, ”m\{muz”, [(vo", "Q", "O", "B-PER", "Q",
“apamnng”, "o’ ”:rro\fmmmu"| "B-DEMO", "B-PER", "0O", "B-L0OC"]
AT ”mfri;l;mam", ”nPnAe", “aecnoTs”,  ["Q", "Q", "B-LOC", "O", "O",
"eredpans”| "B-PER"]

[”Afaromam,”, W7, "Rparore”,  Vpayore”, "Rz, ["B-PER", "O", "B-PER", "I-PER",
7tenn”, ”anozo”] "o", "B-LOC", "I-LOC"]

Table 7: Distribution of sentences and named entities across the training set and
augmented sets (training set + synthetic sets). Values are presented as total/unique.

Dataset No. of sent. B-PER I-PER B-LOC I-LOC B-DEMO I-DEMO
Training 3,289 5,333/1,550 708/582 1,191/980 410/224  69/41 5/5

Synthetic 3,289 4,577/1819 527/442 4,035/2,247 537/404 319/258  32/32
Augmented 30% 4,276 6,677/2,098 855,703 2,390/1,765 565/345 172/127  15/15
Augmented 50% 4,933 7,587/2,397 974/792 3,185/2,168 659/412 241/179  24/24

Augmented 100% 6,578 9,910/3,049 1,235/981 5,226/3,085 947/585 388,283 37/37

Table 8: In-domain evaluation results. Values are reported as P/R/F1.

Model Synth. DEMO LOC PER Overall
0% 0.00/0.00/0.00 0.63/0.75/0.68 0.91/0.92/0.92 0.85/0.88,/0.8649
Old-Serb- 30%  0.00/0.00/0.00 0.61/0.75/0.67 0.90/0.93/0.92 0.84,/0.89/0.8649
BERTi¢ 50% 0.00/0.00/0.00 0.65/0.72/0.68 0.90/0.93/0.92 0.85/0.88/0.8684
100%  0.33/0.14/0.20 0.66/0.75/0.70 0.89/0.92/0.90 0.84/0.88/0.8604
0% 0.33/0.14/0.20 0.77/0.90/0.83 0.92/0.95/0.93 0.89,/0.93/0.9073
Old-Serb- 30% 0.57/0.57/0.57 0.78/0.93/0.85 0.94/0.95/0.94 0.90/0.94/0.9217
XLM-RoBERTa 50% 0.36,/0.57/0.44 0.77/0.87/0.82 0.93/0.95/0.94 0.89/0.93/0.9084
100%  0.71/0.71/0.71 0.81/0.88/0.84 0.92/0.96/0.94 0.90/0.94/0.9172
CNN-based
NER - 0.78/0.54/0.64 0.83/0.69/0.75 0.94/0.96/0.95 0.93/0.91/0.92

5.2 Out-of-Domain Evaluation

To evaluate the robustness and generalization capabilities of the models beyond the
training distribution, we conducted out-of-domain evaluation on a collection of unseen
historical documents spanning different centuries and textual genres. The evaluation
corpus includes:
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Table 9: Out-of-domain weighted evaluation results on unseen historical documents

Test Document Model Synth. Precision Recall F1l-score
0% 0.80 0.85 0.800
. 30% 0.80 0.84 0.816
Old-Serb-BERTi¢ 50% 0.80 0.84 0.798
100% 0.83 0.85 0.816
ill of Milos Belmuzevié
Will o ilo§ Belmuzevi¢ 0% 0.86 0.87 0.851
30% 0.85 0.86 0.853
Old-Serb-XLM-RoBERTa 50% 0.87 0.88 0.871
100% 0.87 0.89 0.878
CNN-based NER model 0% 0.12 0.16 0.14
0% 0.84 0.84 0.837
. 30% 0.84 0.82 0.824
Old-Serb-BERTié 50% 0.83 0.85 0.820
100% 0.85 0.80 0.814
St. Georg Church (Vienna)
0% 0.84 0.85 0.839
30% 0.91 0.89 0.892
Old-Serb-XLM-RoBERTa 50% 0.90 0.90 0.897
100% 0.87 0.88 0.871
CNN-based NER model 0% 0.31 0.16 0.20
0% 0.94 0.94 0.940
. 30% 0.94 0.92 0.932
Old-Serb-BERTi¢ 50% 0.95 0.96 0.947
100% 0.95 0.95 0.947
Charters of Emperor Stefan Uro§
0% 0.96 0.96 0.954
30% 0.97 0.96 0.964
Old-Serb-XLM-RoBERTa 50% 0.97 0.97 0.964
100% 0.97 0.96 0.965
CNN-based NER model 0% 0.06 0.11 0.06

o Will of Milo§ Belmuzevié¢ (dated to 1500) (Obradovié¢, 2024; Polomac, 2025)

® Manuscript preserved in the Greek Orthodox Church of St. Georg in Vienna (dated
to 1778) (Plochl, 1983; Ransmayr, 2018; Seirinidou, 2011; Turczynski, 1959)

o Charters of Emperor Stefan Uros to the people of Dubrovnik (Por¢i¢, 2017) (dated
between 1356 and 1362).

The three documents represent different degrees of domain shift. The Charters of
Emperor Stefan Uros is chronologically and textually closest to the medieval docu-
mentary material used for training, while the Will of Milos BelmuZevi¢ represents a
somewhat later but still related legal-documentary context. The St. Georg Church (Vi-
enna) document represents the greatest chronological, genre-related, and orthographic
distance from the non-augmented training corpus. Table 9 summarizes the weighted
out-of-domain results.

6 Discussion

The evaluation results show that transformer-based models, particularly Old-Serb-
XLM-RoBERTa, are more robust than the earlier developed CNN-based NER model,
especially in out-of-domain evaluation. The results also suggest that synthetic data
augmentation can improve model generalization, although the two transformer archi-
tectures respond differently to augmentation. Synthetic data yields only limited and
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inconsistent improvements for Old-Serb-BERTi¢: its in-domain scores remain similar
across the four configurations, while its out-of-domain results fluctuate without a clear
systematic trend. Old-Serb-XLM-RoBERTa benefits more consistently from augmen-
tation, but the effect is not linear. The configuration trained with 30% synthetic data
achieves the highest in-domain F1-score of 0.9217 (= 0.92), while the 50% configuration
obtains the highest average weighted F1-score of ~ 0.91 across the three out-of-domain
documents, with the best individual result on the St. Georg Church (Vienna) docu-
ment. The 100% configuration performs best on the Will of Milo§ BelmuZevi¢ and the
Charters of Emperor Stefan Urod. For this reason, the 50% configuration is selected
as the recommended model for publication and broader use.

These findings indicate that no single augmentation ratio is optimal across all
evaluation settings and confirm that the degree of domain shift strongly influences
model performance. The Will of Milo§ BelmuZevi¢ and the St. Georg Church (Vienna)
documents are more challenging for both transformer models, while the Charters of
Emperor Stefan Uro§ produces the highest weighted F1-scores, probably because it is
closer to the medieval diplomatic tradition represented in the training corpus.

The results also indicate that Old-Serb-XLM-RoBERTa performs better than Old-
Serb-BERTI¢, particularly in out-of-domain evaluation settings. While BERTi¢ is
primarily pretrained on contemporary BCMS language varieties, XLM-RoBERTa ben-
efits from multilingual pretraining on a substantially larger and more diverse corpus.
This broader linguistic exposure may contribute to greater robustness in handling or-
thographic inconsistencies and morphologically variable expressions characteristic of
historical Serbian Cyrillic texts. However, this explanation should be interpreted cau-
tiously, since the present experiments do not isolate the effects of pretraining data,
tokenizer coverage, and model architecture.

The results in Appendix A indicate that PER entities are recognized most reliably,
which can be explained by their higher frequency in the training data and by rela-
tively stable contextual patterns surrounding personal names. LOC entities show more
variable performance, reflecting not only the high degree of orthographic variation in
historical toponyms, but also difficulties with multi-token institutional place expres-
sions and forms that overlap with demonymic references. DEMO entities remain the
most challenging category, primarily because they are rare in the dataset and often
overlap semantically with personal, common, or geographic references. In addition, a
substantial number of gold entity tokens are predicted as 0, indicating that the model
often fails to detect entities rather than merely assigning them to the wrong category.
These findings suggest that low-frequency entity types require either more annotated
examples or more targeted augmentation strategies.

The qualitative examples in Table 10, taken from Old-Serb-XLM-RoBERTa trained
with 50% synthetic data, illustrate the main error patterns. The model correctly recog-
nizes many complex personal names and locations, but demonymic expressions remain
difficult to distinguish. Also, in some false-positive examples, common nouns are in-
terpreted as personal names or locations. These examples show that synthetic data
expands the range of recognizable forms but does not fully resolve semantic ambiguity
or historical spelling variation.
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Table 10: Qualitative out-of-domain examples for Old-Serb-XLM-RoBERTa trained
with 50% synthetic data

Document Example Gold Prediction Type
Ympmn apeart, LOC LOC Correct
Will of Milog Belmuzevié MOrAHE DEMO LOC La.bel conﬁ.lsmn
THMOTEH PER O Missed entity
yrl"ofﬂ'ﬁ\ (0] PER False positive
10AHHA cEMAHH PER PER Correct
St. Georg Church reopris LOC PER Label confusion
(Vienna) Riennrk LOC O Missed entity
TPAHATHYA O PER False positive
oredpany Xf&g PER PER Correct
Charter of Emperor Uros rpulse DEMO LOC Lafbel COHfL-ISIOII
npngprkin LOC O Missed entity
CERACT h O PER False positive

Overall, the results confirm that transformer-based models are more suitable than
the earlier developed CNN-based NER model. Synthetic data augmentation can im-
prove generalization, but its effectiveness depends on the augmentation ratio, the
pretrained model, and the characteristics of the evaluation document. Old-Serb-XLM-
RoBERTa trained with 30% synthetic data remains the strongest in-domain model,
while the 50% configuration offers the most balanced out-of-domain performance and
is therefore the primary published model.

7 Conclusions and Future Work

This study investigated transformer-based NER for pre-modern Serbian Cyrillic texts
and examined whether synthetic data augmentation can improve performance in a
low-resource historical setting. Two pretrained language models, BERTi¢ and XLM-
RoBERTa, were fine-tuned on the synthetic augmented training sets and evaluated
both in-domain and on three unseen documents representing different periods, genres,
and degrees of linguistic distance from the training data.

The results show that Old-Serb-XLM-RoBERTa delivers better, more robust per-
formance than Old-Serb-BERTié¢ and the previously developed CNN-based NER
model, particularly in out-of-domain evaluation. The configuration trained with 30%
synthetic data achieves the highest in-domain F1-score, while the 50% configuration
obtains the strongest average performance in the out-of-domain evaluation. It is there-
fore selected as the primary model for publication and broader use. However, the
results also demonstrate that no single augmentation ratio is optimal across all eval-
uation settings. The effectiveness of synthetic data depends on the underlying model
and on the historical, linguistic, and genre-related characteristics of the evaluation
document.
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Synthetic data augmentation is particularly useful for increasing the diversity of
LOC and DEMO entities, but it does not fully address the challenges posed by class
imbalance, orthographic variation, and semantic overlap among entity categories.

Future work will include repeated training with different random seeds to assess
the stability and statistical significance of the observed differences. In addition, the
generation of targeted synthetic data for rare entity categories, improved control over
the linguistic quality and distribution of the tags of generated examples, and the
expansion of the training set with additional annotated medieval Serbian texts will be
explored.
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A Detailed Out-of-Domain Evaluation Results

This appendix presents detailed classification reports and confusion matrices for all
models evaluated on the out-of-domain historical documents introduced in Section 5.2.

A.1 Classification Reports

A.2 Confusion Matrices
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Table 11: Classification reports for the out-of-domain evaluation on the Will of Milos
Belmuzevié (dated from 1500)

Model Synth. Metric B-DEMO B-LOC B-PER I-DEMO I-LOC I-PER O
P 0.00 0.33 0.36 0.00 1.00 0.80 0.86
0% R 0.00 0.04 0.12 0.00 0.08 0.40  0.99
F1 0.00 0.07 0.18 0.00 0.14 0.53  0.92
P 0.00 0.47 0.35 0.00 0.30 0.60 0.88
30% R 0.00 0.32 0.18 0.00 0.23 0.30 0.95
Old-Serb- F1 0.00 0.38 0.24 0.00 0.26 0.40  0.91
BERTI¢ : : : : : : :
P 0.00 0.27 0.38 0.00 0.00 1.00  0.97
50% R 0.00 0.15 0.23 0.00 0.00 0.17  0.99
F1 0.00 0.19 0.29 0.00 0.00 0.29  0.98
P 0.00 0.18 0.49 0.00 0.00 1.00  0.97
100% R 0.00 0.22 0.25 0.00 0.00 0.19  0.99
F1 0.00 0.19 0.33 0.00 0.00 0.32  0.98
P 0.00 0.56 0.61 0.00 1.00 0.63  0.90
0% R 0.00 0.36 0.42 0.00 0.08 0.50  0.97
F1 0.00 0.44 0.50 0.00 0.14 0.56  0.93
P 0.00 0.40 0.67 0.00 0.43 0.46  0.91
30% R 0.00 0.36 0.49 0.00 0.23 0.60 0.95
Old-Serb- F1 0.00 0.38 0.56 0.00 0.30 0.52  0.93
XLM-RoBERTa : : : : : : :
P 0.00 0.45 0.74 0.00 0.60 0.86  0.91
50% R 0.00 0.32 0.52 0.00 0.46 0.60  0.97
F1 0.00 0.38 0.61 0.00 0.52 0.71  0.94
P 0.00 0.56 0.65 0.00 0.75 0.63  0.92
100% R 0.00 0.32 0.67 0.00 0.46 0.50 0.96
F1 0.00 0.41 0.66 0.00 0.57 0.56  0.94
DEMO LOC PER o
Sgg'based P 0.00 0.14 0.30 0.00
R 0.00 0.20 0.38 0.00
F1 0.00 0.16 0.33 0.00
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Table 12: Classification reports for the out-of-domain evaluation on a Manuscript preserved
in the Greek Orthodox Church of St. Georg in Vienna (dated from 1778)

Model Synth. Metric B-DEMO B-LOC B-PER I-DEMO I-LOC I-PER O
P 0.00 0.07 0.57 0.00 0.17 0.86  0.92
0% R 0.00 0.08 0.68 0.00 0.08 0.55 0.93
F1 0.00 0.08 0.62 0.00 0.11 0.67  0.92
P 0.00 0.29 0.42 0.00 0.20 0.83  0.92
Old-Serb. 30% R 0.00 0.50 0.53 0.00 0.17 0.46  0.89
BERT:¢ F1 0.00 0.36 0.47 0.00 0.18 0.59 091
P 0.00 0.13 0.50 0.00 0.43 1.00  0.89
50% R 0.00 0.08 0.37 0.00 0.25 0.09 0.96
F1 0.00 0.10 0.42 0.00 0.32 0.17  0.93
P 0.00 0.25 0.69 0.00 0.19 1.00 0.91
100% R 0.00 0.67 0.47 0.00 0.25 0.27  0.88
F1 0.00 0.36 0.56 0.00 0.21 0.43  0.89
P 0.00 0.20 0.60 0.00 0.50 0.50 0.91
0% R 0.00 0.25 0.63 0.00 0.17 0.18 0.95
F1 0.00 0.22 0.62 0.00 0.25 0.27  0.93
P 0.00 0.33 0.67 0.00 1.00 0.83 095
30% R 0.00 0.50 0.84 0.00 0.42 091 0.93
Old-Serb- F1 0.00 0.40 0.74 0.00 0.59 0.87 0.94
XLM-RoBERTa : : : i : i :
P 0.00 0.47 0.76 0.00 0.33 0.92 0.95
50% R 0.00 0.58 0.84 0.00 0.17 1.00  0.95
F1 0.00 0.52 0.80 0.00 0.22 0.96 0.95
P 0.00 0.50 0.53 0.00 0.00 0.60 0.95
100% R 0.00 0.42 0.84 0.00 0.00 0.82 0.94
F1 0.00 0.46 0.65 0.00 0.00 0.69 0.95
DEMO LOC PER o
ggg'b”ed P 0.00 0.22 0.47 0.00
R 0.00 0.22 0.21 0.00
F1 0.00 0.22 0.29 0.00
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Table 13: Classification reports for the out-of-domain evaluation on the Charters of Emperor
Stefan Uros to the people of Dubrovnik (dated between 1356 and 1362)

Model Synth. Metric B-DEMO B-LOC B-PER I-DEMO I-LOC I-PER O
P 0.00 0.02 0.25 0.00 0.00 0.87  0.97
0% R 0.00 0.02 0.29 0.00 0.00 0.31  0.98
F1 0.00 0.02 0.27 0.00 0.00 0.46  0.97
P 0.00 0.12 0.15 0.00 0.00 0.55 0.98
30% R 0.00 0.28 0.34 0.00 0.00 029 0.95
Old-Serb- F1 0.00 0.17 0.21 0.00 0.00 0.38  0.96
BERTI¢ : : : : : : :
P 0.00 0.27 0.38 0.00 0.00 1.00  0.97
50% R 0.00 0.15 0.23 0.00 0.00 0.17  0.99
F1 0.00 0.19 0.29 0.00 0.00 0.29  0.98
P 0.00 0.18 0.49 0.00 0.00 1.00  0.97
100% R 0.00 0.22 0.25 0.00 0.00 0.19  0.99
F1 0.00 0.19 0.33 0.00 0.00 0.32  0.98
P 1.00 0.39 0.32 0.00 0.00 0.70  0.98
0% R 0.03 0.30 0.39 0.00 0.00 0.45 0.99
F1 0.05 0.34 0.35 0.00 0.00 0.55 0.98
P 0.64 0.42 0.38 0.00 0.00 0.77  0.98
Old-Serh. 30% R 0.40 0.47 0.42 0.00 0.00 0.55  0.99
XTI ROBERT: F1 0.49 0.44 0.39 0.00 0.00 0.64 0.98
P 0.60 0.54 0.46 0.00 0.00 0.79  0.98
50% R 0.30 0.48 0.43 0.00 0.00 0.52  0.99
F1 0.40 0.51 0.44 0.00 0.00 0.63 0.98
P 0.65 0.53 0.35 0.00 0.00 0.69  0.99
100% R 0.50 0.52 0.48 0.00 0.00 0.52  0.98
F1 0.56 0.52 0.40 0.00 0.00 0.60 0.98
DEMO LOC PER o
Sgg'based P 0.33 0.84 0.18 0.00
R 0.02 0.34 0.47 0.00
F1 0.04 0.14 0.26 0.00
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Table 14: Confusion matrices for the out-of-domain evaluation on the Will of Milos Belmu

(dated from 1500)
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Table 15: Confusion matrices for the out-of-domain evaluation on a Manuscript preserved in

the Greek Orthodox Church of St. Georg in Vienna (dated from 1778)
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Table 16: Confusion matrices for the out-of-domain evaluation on a Charters of Emperor Stefan
Uro3 to the people of Dubrovnik (dated between 1356 and 1362)

Model Synth. True Label P-B-DEMO P-B-LOC P-B-PER P-I-DEMO P-I-LOC P-I-PER P-O
T-B-DEMO 0 2 3 0 0 0 35
T-B-LOC 0 1 1 0 1 0 57
0% T-B-PER 0 0 19 0 0 0 46
0 T-I-DEMO 0 0 0 0 0 0 2
T-I-LOC 0 0 0 0 0 0 1
T-I-PER 0 0 7 0 0 13 22
T-O 0 54 46 0 11 2 4876
T-B-DEMO 0 9 10 0 1 0 20
T-B-LOC 0 17 5 0 1 0 37
s0%  I-B-PER 0 3 22 0 0 1 39
Old-Serb- °  T.I.DEMO 0 0 0 0 0 0 2
BERTiI¢ T-I-LOC 0 0 0 0 0 0 1
T-I-PER 0 1 6 0 1 12 22
T-O 0 111 101 0 17 9 4751
T-B-DEMO 0 3 0 0 0 0 37
T-B-LOC 0 9 0 0 1 0 50
son ~ I-B-PER 0 0 15 0 0 0 50
°  T.I.DEMO 0 0 0 0 0 0 2
T-I-LOC 0 0 0 0 0 0 1
T-I-PER 0 0 9 0 0 7 26
T-O 0 22 16 0 10 0 4941
T-B-DEMO 0 8 1 0 1 0 30
T-B-LOC 0 13 0 0 2 0 45
100% T-B-PER 0 2 16 0 0 0 47
°  T.I.DEMO 0 0 0 0 0 0 2
T-I-LOC 0 0 0 0 0 0 1
T-I-PER 3 1 4 0 1 8 25
T-O 0 50 12 0 11 0 4916
T-B-DEMO 1 3 6 0 0 0 30
T-B-LOC 0 18 0 0 0 1 41
0% T-B-PER 0 2 25 0 0 0 38
0 T-I-DEMO 0 0 0 0 0 0 2
T-1-LOC 0 0 0 0 0 0 1
T-I-PER 0 0 10 0 0 19 13
T-O 0 23 38 0 2 7 4919
T-B-DEMO 16 3 4 0 0 0 17
T-B-LOC 3 28 0 0 5 1 23
s0%  T-B-PER 0 4 27 0 0 0 34
Old-Serb- o T—%—Eg%\j/lo 0 0 0 0 0 2 0
T-1- 0 0 0 0 0 0 1
XLM-RoBERTa T-I-PER 2 0 13 0 0 23 4
T-O 4 31 28 0 9 4 4913
T-B-DEMO 12 4 1 0 0 0 23
T-B-LOC 2 29 0 0 5 1 23
so%  T-B-PER 0 3 28 0 0 0 34
©  T.I.DEMO 0 0 0 0 0 0 2
T-I-LOC 0 0 0 0 0 0 1
T-I-PER 0 0 11 0 0 22 9
T-O 6 18 21 0 15 5 4924
T-B-DEMO 20 2 4 0 0 0 14
T-B-LOC 2 31 0 0 7 1 19
100% T-B-PER 0 4 31 0 0 2 28
°  T.I.DEMO 0 0 0 0 0 1 1
T-I-LOC 0 0 0 0 0 0 1
T-I-PER 0 0 13 0 0 22 7
T-O 9 22 41 0 8 6 4903
P-DEMO P-LOC P-PER P-O
CNN-based
NER T-P-DEMO 1 0 0 41
T-P-LOC 0 21 0 40
T-P-PER 0 0 50 57
T-P-O 2 229 223 0
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