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Abstract: This study leverages transformer-based models and focuses on data representation
strategies in the named entity recognition task, including "single" (one sentence per vector),
"merged" (multiple sentences per vector), and "context" (sentences joined with attention to context).
Performance analysis reveals that models trained with a single strategy may not perform well on
different data representations. A combined training procedure is proposed to address this limitation,
using all three strategies to enhance the stability and adaptability of the model. The results of this
approach are presented and discussed for various datasets for four languages (English, Polish, Czech,
and German), demonstrating the effectiveness of the combined strategy.

Keywords: named entity recognition, deep learning, transformers, data augmentation

1. Introduction

Named Entity Recognition (NER) is a fundamental task in natural language processing, focusing
on identifying word sequences that belong to specific entity categories, such as people, locations,
organizations, objects, and events. However, what constitutes a named entity varies across different
applications and languages. This study delves into the challenges posed by NER, particularly due
to the presence of proper names that reference entities without inherently providing descriptive
information.

The recognition of named entities poses several challenges. One challenge arises because many
named entities are proper names, which are rigid designators [1]. Proper names serve as references
to entities and do not inherently provide descriptive information about those entities. Consequently,
identifying named entities requires prior knowledge that a particular term qualifies as a named entity.
Furthermore, the set of possible named entities is vast and limitless.

Several approaches can be used to train a model to recognize a term as a named entity. These
include training on annotated datasets that identify named entities, incorporating a common sense
knowledge base about the world, or inferring characteristics from the training data. For example,
consider the sentence "Mark works in Xax." The term "Xax" is probably a named entity because it is
capitalized. However, it may require additional information to determine its semantic category, such
as whether it refers to a location (city or country) or a company name. Subsequent sentences like
"He loves this city." could provide contextual clues, clarifying that "Xax" is indeed the name of a city.
It is worth noting that the less information available from the input text, the greater the reliance on
information contained in the training dataset or external sources.

Current state-of-the-art methods in the field of named entity recognition are based on pre-trained
language models in a transformers architecture [2-5]. Transformer-based models outperform
approaches like LSTM neural networks or conditional random fields (CRF).

© 2023 by the author(s). Distributed under a Creative Commons CC BY license.


https://orcid.org/0000-0002-3269-6378
https://doi.org/10.20944/preprints202309.1859.v1
http://creativecommons.org/licenses/by/4.0/

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 September 2023 doi:10.20944/preprints202309.1859.v1

2 0f 10

2. Datasets

We used in our research five datasets for four languages: English, Polish, German, and Czech. The
summary of the datasets is presented in Table 1. The following subsections contain a brief description
of each dataset.

Table 1. List of dataset used in the research

Corpus Language Sentences Tokens Annotations Categories Nested
CoNLL 2003 English 20 744 301 418 35089 4 No
GermEval 2014  German 31300 591 005 40 941 12 Yes
CNEC 2.0 Czech 8992 199 965 28 727 47 Yes
NKJP Polish 153982 2180611 154 292 14 Yes
KPWr (n82) Polish 18 282 303 678 17 716 82 Yes

2.1. CoNLL 2003 NER (English)

CoNLL 2003 NER! [6] is a benchmark dataset for Named Entity Recognition in English. It consists
of news articles from various sources, annotated with labeled entities such as person names, locations,
organizations, and miscellaneous entities. The dataset contains four coarse-grained categories of
entities: person, location, organization, and miscellaneous.

2.2. GermEval 2014 (German)

GermEval 20142 [7] is a benchmark dataset for Named Entity Recognition for German. The
dataset consists of samples from German Wikipedia and News Corpora. It contains four main NER
categories with sub-structure and annotating embeddings among named entities.

2.3. CNEC 2.0 (Czech)

CNEC 2.0° [8] is a benchmark dataset for Named Entity Recognition for Czech. The named
entities are classified according to a two-level hierarchy, which defines 46 fine-grained categories.

2.4. NKJP (Polish)

NKJP (The National Corpus of Polish)* [9] is a collection of texts of various genres, including
classic literature, daily newspapers, specialist periodicals and journals, conversation transcripts, and
various short-lived and Internet texts. The dataset contains 11 categories of named entities. Annotations
can be nested multiple times.

The dataset has no official split into train, dev, and test subsets. Thus, we used our custom
division. We used 80% of the data as a training subset and the remaining as a test subset.

2.5. KPWr (Polish)

KPWr° [10] is a collection of Polish texts distributed under an open license. It contains more
than 1,400 short excerpts from texts of various genres. The annotation schema defines 82 fine-grained
categories of named entities.

https:/ /www.clips.uantwerpen.be/conll2003 /ner/
https:/ /sites.google.com/site/germeval2014ner/data
https:/ /ufal. mff.cuni.cz/cnec/cnec2.0

https:/ /nkjp.pl/?lang=1

https:/ /clarin-pl.eu/dspace/handle/11321/722
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3. Research problem statement

3.1. Named entity recognition with transformers

To model the problem of named entity recognition with transformers, we follow the original
approach presented by [11]. This approach represents the recognition of named entities as a sequence
classification task. The input to the model consists of a sequence of subtokens produced by the
tokenizer. The model produces a sequence of labels representing the boundaries of named entities.
The labels are aligned with words, meaning only the first subtoken of each word is used as the input
to the token-level classifier over the label set. The named entity labels are encoded using the IOB2
schema (Inside, Outside, and Begin). We followed the procedure presented by [12] to encode nested
entities. Every nested entity is decoded separately using the IOB2 schema in this approach. Then, all
the entity-level labels are concatenated for each token into a single word-level label. For instance, a
word that begins a person’s name and is inside an organization name will be encoded as I-ORG#B-PER,
where # jest a label separator.

The neural network architecture consists of two main elements: pre-trained language model (PLM)
embeddings and a classifier (see Figure 1). The PLM part generates a context-aware representation of
each word (a vector of the first word’s subtoken). The classifier part outputs one of the IOB2 labels.
The label set depends on a given dataset’s categories of named entities. In the post-processing, the
sequences of IOB2 labels are wrapped into continuous annotations.

Input text: Eiffel tower is located in Paris

Tokens: ([ il [ Tower | [ is ][ located | {in |{ Paris |
Subtokens: [ E [ itf| el [ Tower | [ is Iocated LTJ Q's_]
PLM: | transiormed be[sed Ianglage model (BERT/ROBERTa)
Classifier: | drolpout+l|nlar Iayer+Lrgmax I I

Labels: I-LOC [_H B-LOC

Output: LOC:Eiffel Tower, LOC:Paris

Figure 1. The neural network architecture for named entity recognition.

The model processes the text in small batches, each containing a fixed number of subwords. The
number of subwords depends on the architecture of PLM. The first PLMs, such as BERT and RoBERTa,
used a size of 512 subwords. There are also PLM that offer much longer sequences. For instance,
BigBird [13], and Longformer [14] can handle sequences up to 4096 subtokens. The transformer
architecture uses a multi-head attention mechanism, which allows it to learn long-range dependencies
between subtokens in a sequence. Therefore, the strategy for dividing the text into fragments is
crucial for data processing. The goal is to divide the text into fragments that are small enough for
the transformer to learn the long-range dependencies but large enough to capture the important
information in the text. In the next section, we discuss different strategies of data representation.

3.2. Data representation

The transform model’s data representation considers two factors: internal context (how the
document is split into smaller pieces) [11] and external context (out-of-document knowledge


https://doi.org/10.20944/preprints202309.1859.v1

Preprints (www.preprints.org) | NOT PEER-REVIEWED | Posted: 28 September 2023 doi:10.20944/preprints202309.1859.v1

40f10

concatenated to the input vector) [15]. Our research focuses only on document-based representation,
which is based solely on the input document and does not use any external knowledge. Strategies are
visualized in Figure 2.

1. Single — each vector contains exactly one sentence. If a sentence is longer than the maximum
number of subtokens, it is split into several non-overlapping vectors.

2. Merged — each vector can contain more than one sentence. The vectors are filled with
sentences until the limit of maximum subtokens is reached. This approach provides high-speed
improvements, as it reduces the number of vectors to process.

3. Context — sentences within a document are joined into a single sequence. The sentences are
separated with a special token representing the sentence boundary. Then, the sequence is divided
into windows of size smaller than the maximum sequence size. A vector is generated for every
window by joining the windows with some subtokens before and after the windows. The added
subtokens serve as a context and are masked out. This means that they are used only to calculate
the attention but are not used to train the linear token classifier.

The advantage of this representation is the efficient context usage for embedding generation
with the attention mechanism. Each subtoken has at least N token before and after. The N is the
minimal size of the subtokens added before and after the window. This strategy also gives the
best performance already proved in other research [11].

[[sentence 1
@

Single Context Merged

Max sequence length 25% Max sequence length 25% Max sequence length

/ sentence / pading Jpadeng / Sentence 1 072) /52 / sontence1 / padang

(] ' o

/ sentence2 / padang Sentence 1)/ Sentence? / sentences / Sentence2 / sentence3 / padang

/ sentences Joasarg | seenee / sontoncez / sentence3 / sontonces / sentances / pacdrg
i ' o o o

/ sentence / pasdng Sertence2 / sentonces / sentenced /
o

/ Sentences / padding Sentences / sontonce s / senence’s
o 7

Figure 2. An overview of the sequence generation strategies

3.3. Training parameters

For each experiment, we used the same set of parameters. The only difference was the pre-trained
language model (PLM), which depends on the language. The parameters are summarized in Table 2.

Table 2. Training parameters of the neural network

Parameter Value

Sequence length 256

Dropout 0.2

Epochs 20

Learning rate 5e-6

PLM - xIm-roberta-large for English, Czech, and German
- allegro/herbert-large-cased for Polish

Optimizer AdamW

Scheduler Liner without warmup
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3.4. Performance discrepancy between strategies

Table 3 presents the evaluation of the models trained using different strategies of vector
representation, i.e., single, merged, and context (see Section 3.2). We can observe that the best
performance for each corpus was obtained for the context representation. The difference between the
second-best score varies from 0.3 pp for GermEval 2014 to 16.48 pp for KPWr (n82).

Table 3. An average of F1 from 5 runs on the tune parts of the datasets using the same setup for training
and testing.

Corpus Single Merged Context
F1 [%] o F1[%] ¢ Fl[%] ¢

CoNLL 2003 96.27 015 96.01 031 96.79 0.26
GermEval 2014  87.18 0.18 8591 0.62 8748 040

CNEC 2.0 83.85 0.18 80.85 051 84.88 0.09
NKJP 92.21 0.14 9141 017 9232 0.11
KPWr (n82) 40.71 3478 6145 160 7793 0.26

Looking at Table 3, it is easy to conclude that the best models are the ones with the context
representation. However, we will obtain significantly different results when we take the model trained
with the context representation and evaluate it using the single representation. The change in inference
simulates a different model utilization scenario — the model is used to process short text snippets
(single sentences) rather than long text fragments. We can observe a loss in performance from 3.50
pp for NKJP to 29.37 for CoNLL 2003. We can also observe a much larger variance in the results. The
standard deviation varies from 1.20 to 40.28.

One can say that the problem is the lack of context — the context representation provides more
information than a single sentence. However, when we compare the results for Context/Single (from
Table 4) with Single (from Table 3), we can observe a similar loss in performance (see Table 5). For four
corpora, we obtained significantly lower results. Only for KPWr (n82), we obtained an improvement
of 9.73. At the same time, the variance for the Single/Single model is 34.78, which indicates that
the model was unstable. The lack of stability could be due to the small size of the training dataset
compared to the number of categories of named entities and the number of distinct named entities in
the testing dataset (see Table 1).

Table 4. An average of F1 from 5 runs on the tune parts of the datasets using different setups on
training and inference — context for training and single for inference.

Training/Inference  Context/Context Context/Single  Diff

Corpus F1 [%] o F1 [%] o F1 [%]
CoNLL 2003 96.79 0.26 67.42 40.28  -29.37
GermEval 2014 87.48 0.40 72.92 6.91 -14.56
CNEC 2.0 84.88 0.09 69.49 416  -15.39
NK]JP 92.32 0.11 88.82 1.20 -3.50

KPWr (n82) 77.93 0.26 50.44 8.82 -27.39
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Table 5. An average of F1 from 5 runs on the tune parts of the datasets using different setups on
training and inference — context for training and single for inference.

Training/Inference  Single/Single  Context/Single  Diff

Corpus F1 [%] o F1 [%] o F1 [%]
CoNLL 2003 96.27 0.15 67.42 40.28 -28.85
GermEval 2014 87.18 0.18 72.92 6.91 -14.26
CNEC 2.0 83.85 0.18 69.49 4.16 -14.36
NK]JP 92.21 0.14 88.82 1.20 -3.39
KPWr (n82) 40.71 34.78  50.44 8.82 +9.73

3.5. Observations

Based on our initial research, we formulated the following two observations:

1. Model trained solely on a dense (context) or sparse (sentence/merged) representation may not
perform well on the opposite. The discrepancy depends on the dataset.
2. No single strategy is stable across all tested corpora and dense/sparse representation.

We argue that the two limitations can be neglected by combining all strategies during the training
process. This will lead to a more stable model that can yield better performance despite the input
strategy on the inference. The results of our research are presented in the next section.

4. Combined data representation

We propose a training procedure that uses all three data representation strategies presented
in Section 3.2 (called union). The rationale behind this idea is that a model trained on a given
representation is biased toward that representation. This was shown in Section 3.4 that a model
trained on data with context performs poorly on data without context. At the same time, a model
trained on data without context achieved good performance on data without context. By combining all
strategies, we perform a form of data augmentation. Each sample is used three times but with slightly
different contexts. Due to the multi-head attention mechanism, this impacts the vector representation
of each word. In this way, the model becomes more resilient to context modifications.

In Appendix A (Tables A1-A5), we present detailed results for each combination of data
representation during training (rows) and inference (columns). For training, we include each strategy
(single, merged, and context) and the combined one (union). For inference, we included single, merged,
and context. We omit union on inference, as it is not suitable for the inference. The last column of each
row contains the average performance for all three strategies. For each dataset, except for NKJP, we
reported results for the dev and test subsets. In the analysis, we will focus only on the test subset, as it
was available for each dataset.

By using the union strategy on training, we obtained at least the same performance for each
dataset as for any other strategy. The highest improvement of 2.65pp was obtained for the KPWr
dataset — from 76.80% vs. 79.45%. The smallest improvement we obtained for the CoNLL 2003 was
only 0.15pp. Table 6 presents the differences for all datasets.

Table 6. Comparision of the training strategies — best F-measure for any single, merged, context vs.
F-measure for union on the test subsets.

Dataset Best of single, Union  Diff
merged, context

CoNLL 2003 93.54 93.69 +0.15

GermEval 2014 87.57 88.04 +0.57

CNEC 2.0 82.70 83.82 +1.12

NKJP 92.32 92.78 +0.46

KPWr (n82) 76.80 7945  +2.65
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We can observe a much higher improvement when we compare the average performance of
different inference strategies. As Section 3.5 points out, a model trained with one strategy may perform
poorly using another strategy on inference. This time, the improvement for CoNLL 2003 was 1.27 pp
and for KPWr — 11.17 pp. The summary of the differences is presented in Table 7.

Table 7. Comparision of the training strategies — best average F-measure for any single, merged, context
vs. average F-measure for union on the test subsets.

Dataset Avg. best of single, Avg. union  Diff
merged, context

CoNLL 2003 91.68 92.98 +1.27

GermEval 2014 85.54 87.77 +2.23

CNEC 2.0 79.51 83.69 +4.18

NKJP 92.04 92.77 +0.73

KPWr (n82) 67.63 78.80 +11.17

5. Comparision with SOTA

This section compares the obtained performance for the union strategy with the SOTA models.
Table 8 summarizes the results for all datasets. For all datasets, except CoNLL 2003, we outperformed
the SOTA results.

For CoNLL 2003, we obtained the average F-measure of 93.69, 0.91 pp below the SOTA. However,
our results cannot compete with [16] as they combined several pre-trained models to get word
representation. In our research, we used only one pre-trained language model.

Table 8. Comparision of the union strategy with the SOTA models. union is an average from five runs.

Dataset Metric union SOTA Reference
CoNLL 2003 F1 93.69 94.60 [16]
GermEval 2014 F1 88.04 87.69 [12]
CNEC 2.0 F1 83.82 8344  Web page®
NKJP Score  92.60* 88.06 [17]
KPWr (n82) F1 79.45 7328  [18]

We have a straightforward comparison for GermEval 2014 and CNEC 2.0, as each model is also
based on a single pre-trained model — the same that was used in our research, which is a large variant
of XLM-Roberta”. For both datasets, we obtained slight improvements of 0.35 and 0.38 for GermEval
2014 and CNEC 2.0, respectively.

To compare our model with SOTA results for the NKJP dataset, we used the PolEval 2018 NER
dataset®. The corpus was created as a benchmark to evaluate models trained on the NKJP dataset. The
score of 92.60 differs from the one reported in Table 6 (92.32), as the evaluation metric was a weighted
means of overlap and exact matches. We obtained a significant improvement of 4.54 pp compared to
the SOTA model.

6. Conclusions

Different strategies exist to represent the training data; none is an obsolete solution. If a model
is trained using a dense or sparse vector representation, it may perform poorly on the opposite
representation. Our research showed we can benefit from training a model using all available
representations. A combination of different strategies lengthens the learning process, but what is more

https:/ /huggingface.co/xlm-roberta-large
8 http://2018.poleval.pl/index.php/tasks
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important, it improves model stability and accuracy without lengthening the inference time. We have
conducted a series of experiments on five datasets for four languages (English, Polish, German, and
Czech). For each dataset, the proposed union strategy performed better than any single strategy (single,
merged, context). For 4 out of 5 datasets, we also obtained a performance better then SOTA.

Appendix A Detailed results for each dataset

Table Al. The results of the evaluation on the CoNLL 2004 dataset. The model was trained on the train
subset. The reported values are the average F1 scores obtained from five runs with different seeds

Inference
single merged context AVG
Subset Training F1 o4 F1 ol F1 log

Dev  single 96.27 0.15 9459 023 9533 031 95.39
merged 6872 402 96.01 031 9587 0.12 86.87

context 6742 4028 9536 049 96.79 0.26 86.52

union 96.39 0.12 96.64 0.16 9695 0.16 96.66

Test  single 9243 0.17 90.82 0.62 91.79 0.59 91.68
merged 60.50 376 93.03 035 9276 043 8210

context 6344 3844 9202 035 93.54 029 83.00

union 9218 029 93.06 0.22 93.69 0.14 9298

Table A2. The results of the evaluation on the GermEval 2014 dataset. The model was trained on the
train subset. The reported values are the average F1 scores obtained from five runs with different seeds

Inference
single merged context AVG
Subset Training F1 o F1 o F1 o

Dev  single 87.18 0.18 8459 090 8576 0.79 85.84
merged 5785 656 8591 062 8584 0.77 7653

context 7292 991 86.32 051 8584 040 8224

union 87.97 0.18 88.06 0.08 8813 0.50 88.05

Test  single 8695 0.30 8409 056 8557 035 8554
merged 57.65 575 85.67 027 8596 046 7643

context 7299 593 8582 030 8757 038 8212

union 87.80 0.34 8747 020 88.04 027 87.77
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Table A3. The results of the evaluation on the CNEC 2.0 dataset. The model was trained on the train
subset. The reported values are the average F1 scores obtained from five runs with different seeds

Inference
single merged context AVG
Subset Training F1 o F1 o F1 o

Dev  single 83.85 0.18 7877 484 8186 172 8149
merged 6042 293 80.85 0.51 80.83 040 74.03

context 6949 416 8330 0.62 84.88 0.09 79.22

union 85.53 0.18 85.67 0.15 86.31 0.15 85.84

Test single 8198 030 76.73 3.89 7983 164 79.51
merged 60.01 226 79.05 036 7931 016 7279

context 69.53 324 8044 0.61 8270 0.19 7756

union 83.79 021 8344 029 83.82 043 83.69

Table A4. The results of the evaluation on the NKJP dataset. The model was trained on the train subset.
The reported values are the average F1 scores obtained from five runs with different seeds

Inference
single merged context AVG
Subset Training F1 o F1 o F1 o
Test  single 9221 0.14 9183 0.66 92.08 0.58 92.04
merged 340 172 9141 017 9152 011 6211
context 88.82 120 9206 023 9232 0.11 91.07
union 92.63 045 9266 010 9278 0.13 92.77

Table A5. The results of the evaluation on the KPWr dataset. The model was trained on the train subset.
The reported values are the average F1 scores obtained from five runs with different seeds

Inference
single merged context AVG
Subset Training F1 log F1 o F1 o
Dev single 40.72 3478 831 1979 1048 2314 19.84
merged 6.38 1.86 6145 160 61.12 1.37 4298
context 5044 7.82 7685 032 77.67 026 68.32
union 79.28 050 8025 025 8037 015 79.97
Test single 40.38 3554 864 2037 11.12 2346 20.05
merged 5.70 123 61.00 153 6036 170 4236
context 5033 774 7575 063 76.80 0.65 67.63
union 7789 0.18 79.06 021 7945 0.15 78.80
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