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Abstract—The paper studies approaches to extract relations between so called nested named
entities that is named entities, which can contain other named entities. We argue that most datasets
annotated with nested named entities do not have relation markup. Therefore some state-of-the-art
relation extraction models cannot extract relations between nested or overlapping entities because
of the architecture or input format. We use recently created NEREL corpus for Russian annotated
with nested named entities and relations between them.
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1. INTRODUCTION

Relation Extraction (RE) between named entities is an important subtask of information extraction.
Information extraction is a key step to construct knowledge bases from a large number of unstructured
texts, which benefits many natural language processing applications, such as question answering and
information retrieval.

Most datasets annotated with named entities contain a simplified named entity markup that does
not assume that a named entity can be nested within another named entity (so-called flat entities). For
example, Moscow State University is an organization, the name of which contains another named
entity (Moscow). In flat named entity annotation schemes, only longer or shorter entities should be
annotated, which leads to loss of information about mentioned named entities.

Currently, many new datasets are annotated using schemes allowing nested or intersecting named
entities [1—3]. But most such current datasets with nested named entities are not annotated with
relations. Therefore, relations between nested and overlapping entities have not been considered by
state-of-the-art relation extraction methods based on machine learning. This simplification can cause
information loss in extracting relations.

Recently, new corpus NEREL [4] annotated with nested named entities and relations between them
was annotated for Russian. This gives new possibilities to study relation extraction methods applied to
nested named entities. In this paper, we compare various approaches to extracting relations that can
include nested entities and do experiments for the Russian language using the NEREL corpus.
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Fig. 1. Relations between nested entities in sentence “The previous 69th Cannes Film Festival took place from 11 to
22 May 2016”.

2. RELATED WORK

Early supervised relation extraction approaches based on classical machine-learning methods such
as SVM, CRF etc, mainly relied on various hand-crafted features such as syntax groups or trees,
semantic types of entities, distance between entities, etc [5]. Recently, neural network models have
been widely used for relation extraction. These neural models can accurately capture textual relations
without explicit linguistic features [6—8].

Most last approaches to relation extraction utilize transformer architecture [9, 10]. In [9], the authors
propose schemes of using encoder representation from transformer (BERT) for the relation extraction
task. To further improve the attention performance, some works incorporate information from knowledge
bases [11]. More sophisticated mechanisms, such as reinforcement learning [12], generative neural
networks [10] and span-prediction based approach, similar to question-answering [13], have also been
adapted for RE recently. The OpenNRE package [14] provides several implemented methods for relation
extraction including CNN-based and BERT-based models. However, most models do not consider
extracting relations between nested entities because of absense of training data annotated with relations
between nested entities. Some of them, due to their architecture or encoding method, cannot fully extract
relations between such entities.

For Russian, there are several datasets annotated with relations [15—17]. Besides NEREL, only
one dataset, FactRuEval [16], contains nested named entities (2 levels of nestedness) and relations
between them. But the FactRuEval dataset is too small to be used for training of contemporary neural
network models, it contains about 1 thousand annotated relations. In 2020, the RuReBus evaluation
was organized devoted to relation extraction in Russian [17]. The best results in this evaluation were
obtained using the R-BERT model [9].

3. DATASET

Supervised models for RE require adequate amounts of annotated data for their training. It is time-
consuming to manually label large-scale training data.

NEREL [4] is a dataset in Russian for named entity recognition and relation extraction based on
Russian Wikinews documents. NEREL is much larger than the existing Russian datasets: today it
contains 933 documents annotated with 29 entity and 49 relations types. NEREL also contains an
event annotation involving named objects and their roles in the events.

An important distinction of NEREL from the previous datasets is the annotation of nested named
entities (up to 6 levels of nestedness), as well as relations within nested entities and at sentence and
the document level. NEREL allows developing new models that can extract relations between nested
named entities as well as relations at both the sentence and document levels. Fig. 1 shows an example
of nested entities and relations between them.

All the annotated relations can be subdivided into cross-sentence (24% of the total number of
relations) in which the subject and object are in different sentences and and within sentence relations
(76% of the total number of relations). Among relations within a single sentence, three types of relations
can be distinguished:

1. traditional relations between entities, which are located separately, as “69-biii- Kannckuit pectu-
BaJsib” (69th Cannes Film Festival) and “c 11 no 22 mast 2016 rona” (from 11 to 22 May 2016) in
Fig. |—further, external relations (53.9%);
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2. nested relations, i.e., relations within the longest span of a single nested entity, as “69-i1" (69th)
and “decruBasnb” (festival) within “69-biit Kannckuit pectuBans” (69th Cannes Film Festival) in
Fig. 1 (15%),

3. relations crossing entity boundaries, i.e., relations between an external named entity and an
internal entity within a nested named entity—further cross-entity relations (7.1%).

Tables 1 and 2 presents with frequencies of relations within sentence, between nested and intersecting
entities. The cross-entity relations can be illustrated as follows: in the sentence “Barack Obama is a
member of the Democratic party” external entity Barack Obama has the IDEOLOGY_OF relation to
entity Democratic, which is an internal IDEOLOGQGY entity in the longer entity Democratic party.

4. APPROACHES TO REPRESENTATION OF ENTITIES
IN RELATION EXTRACTION TASK

The representation of nested named entities requires special formats. Some traditional formats for
named entity datasets do not allow describing nestedness. For example, well-known TACRED dataset
used for evaluating relation extraction models contains only flat entities represented at one level.nested
named entities in such a format. The example below shows that internal entity Moscow within longer
entity Moscow State University cannot be represented in the TACRED format because each token of
a sentence can corresponds only to a single entity label (see “stanford-ner” line):

{

relation: "LOCATED_IN"
token: [ O: "Moscow", 1: "State", 2: "University", 3: '"was",
4: "founded", 5: "in", 6: "1755"]
stanford-ner: [0: "B-ORGANIZATION", 1: "I-ORGANIZATION", 2: "I-
ORGANIZATION", 3: "O", 4: "0", 5: "0", 6: "B-DATE"]
subj_start: O
subj_end: 3
obj_start: O
obj_end: 1
subj_type: "ORGANIZATION"
obj_type: "LOCATION"
id: "115778"
}

There are several approaches for representing entities in relation extraction tasks. Some representa-
tion formats implemented in state-of-the-art methods of relation extraction do not allow representing
relations between nested or intersecting named entities. Even if the dataset format allows representing
nested named entities, the representation of nested or intersecting relations can be problematic in some
relation representation models. Below we consider main formats for representing entities and relations
in relation extraction models.

4.0.1. Position features. In the CNN-based approach [6], the authors appended a position feature
vector to each word vector, i.e., the distance from the word to the two nominals. For example, in sentence
[People)y havey beens movings backy intos [downtown]g.

The relative distances of moving to people and downtown are 3 and —3, respectively. So for
this word we can add feature vector [—3, 3], which allows representing subject (People) and object
(downtown) of the relation. Since encoding the subject and object is independent, there are no problems
for the case of intersecting entities.

4.0.2. Entity masking. Entity masking schema [18, 19] replaces the subject and object entities by
some masks like their NER tags such as

“[CLS][SUBJ-PER] was born in [OBJ-LOC] , Michigan, . ..".

To predict an entity class, a linear classifier is added on the top of the [CLS]token in BERT-like model
[20] to predict the relation type. This approach helps to provide the model with information about the
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Table 1. Relation types in NEREL by the categories described in Section 3

Relation Total Insentence External Nested Cross
| WORKPLACE 4702 4204 828 2035 1341
2 ALTERNATIVE_NAME 4479 892 662 29 201
3 WORKS_AS 4476 3576 3455 21 100
4 PARTICIPANT _IN 4165 3344 3056 128 160
5 POINT_IN_TIME 1950 1835 1661 104 70
6 TAKES_PLACE_IN 1904 1730 1409 182 139
7 HEADQUARTERED IN 1883 1777 268 1410 99
8 ORIGINS_FROM 1742 1579 1124 393 62
9 LOCATED _IN 1485 1146 773 236 137
10 AGENT 1354 1192 1181 3 8
11 AGE_IS 1007 848 828 10 10
12 PRODUCES 755 549 385 142 22
13 HAS CAUSE 743 578 556 14 8
14 AWARDED_WITH 584 409 406 0
15 PART_OF 519 480 45 409 26
16 IDEOLOGY_OF 430 386 188 124 74
17 MEMBER_OF 426 314 202 62 50
18 SUBEVENT_OF 426 265 209 51 5
19 CONVICTED_OF 404 283 280 0 3
20 KNOWS 393 292 290
21 INANIMATE_INVOLVED 383 291 285
22 SUBORDINATE_OF 359 326 114 148 64
23 MEDICAL_CONDITION 357 242 235 0 7
24 PARENT_OF 337 210 207 2 1
25 PLACE_RESIDES_IN 312 227 205 11 11
26 FOUNDED_BY 240 197 106 82 9
27 OWNER_OF 236 196 99 81 16
28 ABBREVIATION 233 157 99 14 44
29 ORGANIZES 206 166 140 16 10
30 PENALIZED_AS 197 146 142 4
31 SPOUSE 191 148 143 4 |
32 DATE_OF_CREATION 169 151 129 21 1
33 DATE_OF_BIRTH 161 148 147 | 0

type of entity. Also the benefit of using masking entities is that we can keep the model from overfitting
by entities [21].

But the scheme is not suitable for relations between nested entities, since if one entity is inside
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Table 2. Relation types in NEREL by the categories described in Section 3 (continuation of Table 1)

Relation Total Insentence External Nested Cross
34 RELIGION_OF 155 122 28 77 17
35 DATE_OF_DEATH 155 137 123 0 14
36 AGE_DIED AT 142 115 115 0 0
37 PLACE_OF BIRTH 142 121 121 0 0
38 SCHOOLS_ATTENDED 138 67 65 0 2
39 SIBLING 120 98 94 4 0
40 PLACE_OF DEATH 109 94 92 0 2
41 CAUSE_OF DEATH 82 61 61 0 0
42 START_TIME 75 65 50 3 12
43 DATE_FOUNDED_IN 68 64 62 | |
44 INCOME 64 36 34 0 2
45 RELATIVE 61 44 42 | |
46 EXPENDITURE 50 34 33 0 1
47 PRICE_OF 49 41 35 5 |
48 END_TIME 46 44 30 3 11
49 DATE_DEFUNCT _IN 9 7 7 0 0

another, then such a mask closes also the nested entity. For example, in relation between “Moscow”
and “Moscow State University” from sentence “Moscow state university was found in 1755.” the
mask [SUBJ-ORG] completely covers the internal entity: “/SUBJ-ORG ] was found in 1755”.

The approach is used in some well-known models for relation extraction such as SpanBERT [18, 19].

4.0.3. Entity markers. The approach [22] is to place tags on the borders of entities. The schema
modifies the last example with nested entities to the following form

“<El><E2> Moscow <E2> State University <El> was found in 1755.”

This format allows the use in the task for extracting nested relations. Markers can also contain
information about entities adding information into the model. The scheme works better by performance
metrics than masking, but it can have overfitting on entities.

5. METHODS FOR EXTRACTING RELATIONS BETWEEN NESTED NAMED ENTITIES
5.1. Separate Extraction of Internal and External Relations
To solve the problem using state-of-the-art models that do not support nested entities, as a basic
approach, it was proposed to divide the problem into two subtasks
1. Extracting external relations

Such relations are the majority among in-sentence relations in the NEREL dataset. These
relations are the most complex, but this subtask is solved by most of the published models in
the field of Relation Extraction, so large state-of-the-art models are used for this subproblem.

2. Extracting nested relations using separate model

The following hypotheses for nested relations have been proposed:

e Subject and object of internal relation are located within external entity, therefore, an
external context is not needed to define such relation.
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e Relations within an external entity depend mainly on the subject and the object. There is
a simpler nature of connections between them, they are less diverse compared to external
relations

5.2. Joint Extraction of Relations

The approach assumes that all relations will be extracted by a single model. It was shown above that
the using position embeddings and entity markers scheme for representing allow processing overlapping
entities. For the analysis, we chose the entity marking approach. Since it is used in the latest models
and allows representing additional information such as entity types.

We found that in some architecturally correct models, the encoding implementation leads to errors
when encoding nested objects. For example, in the considered implementation of BERT adaptation for
RE from OpenNRE [14]. Sentence “Moscow State University was found in 1755.” with relation

between entities “Moscow State University” and “Moscow” is converted into the format

“< E2t0rt > Moscow < E2¢pq > < Elgtert > Moscow State University < Elgnq > was found
in 1755.”

We noticed that the words of entities are mistakenly duplicated in the case of entities overlapping.
[t leads to changes in the distribution of the input texts, affecting the quality of the model. To conduct
experiments, this module has been improved.

In OpenNRE, relations between entities are encoded as follows. First, entities are formed in the
format

“< Elgart > Entityn < Elgyg >7 and “< E2g40 > Entitys < B2, >.”
Then, they were sequentially concatenated with the remaining parts of the sentence to the format
'ICLSY + senty + entg + sent1 + enty + senty +' [SEP]

In the scheme senty is the text fragment before the first entity, sent;—the text fragment between
entities, sento—the fragment after the second entity.

The algorithm has been improved as follows. The pairs below were taken and sorted by the first
element:

(entl_start_token_position, < FElgrt >)
(entl_end_token_position, < Elgpq >)
(ent2_start_token_position, < FE2gqrt >)
(ent2_end_token_position, < FE2¢pq >)

For example, for the above-mentioned sentence “Moscow State University was found in 1755.”
we get

(0, < Elstart >)
(0, < E2start >)
(1, < E2¢pq >)
(3, < Elepg >)

Then, the text was cut into positions and entity tags were inserted in the corresponding positions. This
made it possible to correctly represent entities without duplication:

“< Elgtart >< E2g00 > Moscow < E2.,q > State University < Elg,q > was found in 1755.”

This format improves the representation of relations between intersecting or nested entities.
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Table 3. Result of external relation extraction on NEREL

Maodel F1-Score
SpanBERT, mBERT weights 76.1
SpanBERT, RuBERT weights 78
TRE 67.2
OpenNRE BERT: ent.marker-ent 81
OpenNRE BERT: ent.marker-cls 78
OpenNRE BERT: mask-ent 64
OpenNRE BERT: mask-cls 62

6. EXPERIMENTS
6.1. Separate Extraction of Internal and External Relations

To implement the proposed approach, various datasets were compiled for each of the subtasks

1. Separately allocated external and nested entities.

2. Within sentence (within the longest entity for the second subtask), all possible pairs of entities
were taken, and the relation was indicated if it was present, or otherwise “no_relation” was noted:
(Ti, Tj, no_relation).

3. Further, such an example was converted into the data format required by the model.

6.1.1. Extracting external relations. As part of the experiments, the SpanBERT [19] and TRE [10]
models were further trained and tested, achieving results close to state-of-the-art on the TACRED [18]
and RE-TACRED [23] English dataset. This models reflects the main approaches of transformer-type
models to solving the problem of extracting relations.

SpanBERT—BERT adapted to work with text fragments; for uptraining, the pretrained weights of
the multilingual BERT model trained on a set of documents in different languages, including Russian,
as well as the weights of the RuUBERT model [24] were taken. In this work, we used the implementation
provided in the Facebook repository [19]. SpanBERT uses entity masking and cannot be directly used
for extracting named entities.

TRE [10]—based on GPT model [25]. TRE pre-trained mainly in English, but the dictionary of this
model used in the input text encoder module also contains Russian language tokens, which allows you
to apply this model to texts in Russian.

OpenNRE BERT [14]—implementation of BERT for RE from the most popular frameworks for
extracting relations, which implements various models. OpenNRE [14]is designed for various scenarios
for RE, including sentence-level RE, bag-level RE, document-level RE, and few-shot RE.

Sentence-level Relation Extraction in OpenNRE presented by two different encoders: CNN [6] and
BERT [20]. For CNN, iramework follows the setting of Nguyen and Grishman [7], including using word
and position embeddings. For BERT, OpenNRE follows the setting of Soares et al. [22].

Experiments were carried out for different sets of parameters:

e ent.marker /mask refers to using entity markers or masks in model input;

e ent/cls refers to taking entity embedding (entity marker or entity mask) or [CLS] token as model
output.
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Table 4. Result of nested relation extraction on NEREL

Model F1-Score
SVM + fastText 51.1
Dense + fastText 64.2
Dense + fastText + TypeBin 69
Dense + fastText + TypeEmb 72.5
Dense + fastText + TypeEmb + NestFlag 75.2

Table 5. Result of joint extraction of relations on NEREL

Model F1-Score
OpenNRE BERT: ent.marker-ent 80.1
OpenNRE BERT: ent.marker-cls 75.9

Using entity markers for represent relation in model input and output achieves better f1-score than
other approaches (Table 3).

6.1.2. Extraction of internal relations. To extract internal relations without considering the
context, a baseline model (Fig. 2) was developed based on a fully connected network with an architecture
that accepts a vector representation of words without context as input. The approach of most models
that solve the Relation extraction problem is taken as a basis—to obtain a vector representation of the
entities under consideration and feed it to the input of the linear layer with softmax.

The following features were used:

e Embedder—Dense layer/SVM;
o SubjEmb, Obj Emb—TFastText embeddings of relation subject and object;

o SubjTypeEmb, ObjType Emb—Ilearned embeddings of relation entity types obtained from Em-
bedding Layer;

e NestFlag—indicator of entities nesting.

Table 4 shows the contribution of each feature to the improvement of the model.

6.1.3. Aggregation of results. In the proposed approach of extraction relations from texts
containing nested entities, different subtasks are solved separately. Therefore, in order to get the final

Relation type
Softmax
Embedder

!

Subj Obj
TypeEmb | Type Emb

SubjEmb | ObjEmb NestFlag

Fig. 2. Baseline model for nested relations.
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result for detecting relations on the NEREL dataset, it is necessary to calculate a weighted metric
according to how many relations (not including “no_relation”) were considered in each subtask on the
dataset tests. In accordance with the proportions of types of relations, we obtain the metric for best
models F1 = 81% x 0.71 + 75.2% x 0.19 = 71.8%.

6.2. Joint Extraction of Relations

For this approach, BERT from OpenNRE was used with entity markers in input and the modification
described in paragraph 5.2.

This approach showed a better final metric (Table 5) than the separate extraction approach. Also this
method is more convenient and does not require additional steps.

7. CONCLUSIONS

In this paper we study the problem of applying state-of-the-art models to relation extraction for
nested entities. Most datasets annotated with nested named entities do not have relation markup.
Therefore some state-of-the-art relation extraction models cannot extract relations between nested or
overlapping entities because of their architecture or input format.

As a solution, we consider the approach of reducing the problem to two subtasks and a joint
extraction method. For the first subtask, state-of-the-art models are applied. For the second subtask, a
neural network model is implemented. This task can be solved with quality not much worse than heavy
architectures.

We compare various approaches to representation of relation entities. It is shown that using position
features and entity markers allow solving the problem of relation extraction for intersecting entities.

We improved the OpenNRE model to solve the problem with one model for all relation types. It is
presented that this approach allows achieving the best quality in this task.
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