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Abstract—The article explores various methods for generating questions (prompts) in question-answer
approaches to named entity recognition. In such methods, recognition is understood as answering questions
about named entities. The system must return valid named entities of the required type that are referenced in
the sentence. In particular, we study the effect of prompts on the nested named entity recognition in few-shot
setting. We test different prompt-based approaches against data from the RuNNE-2022 nested named entity
extraction competition.
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INTRODUCTION
Among many tasks of automatic processing of texts

in natural language, the task of named entity recogni-
tion (NER) remains one of the main ones. This task
involves looking up named entities of various types to
extract information from unstructured texts. It is
known that approaches based on neural networks are
considered the most effective [3, 14, 21, 27] in the
tasks of extracting information from texts. Large pre-
trained language models such as BERT [4] and ELMo
[22] have improved the performance of many auto-
matic natural language processing problems, includ-
ing named entity extraction.

However, in most datasets on which the extraction
of named entities is studied, and neural network mod-
els are trained, an important property of named enti-
ties is missing—their possible nesting. Nesting means
that some entities can contain others. For example,
the named entity “Lomonosov Moscow State Univer-
sity” contains a mention of the entities “Lomonosov”
and “Moscow.” Most named entity recognition data-
sets contain named entity markup without specifying
internal named entities, which can result in missing
important named entities.

Successful training of neural network-based mod-
els in the named entity recognition problem requires
large datasets with labeling containing many examples
of each type of entity. However, in practice, large
annotated datasets may not be available in many cases
[7, 9, 28]. For low-resource languages and rare enti-
ties, a small number of examples in training datasets
leads to poor quality results. Therefore, we can formu-
late the so-called few-shot problem of named entity
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recognition task, that is, the problem of training mod-
els on a small amount of data. Thus, two subtasks can
be formulated for the task of extracting named enti-
ties—a “general” task and a few-shot task.

In this paper, we consider one of the most effective
methods for recognizing nested named entities, the
MRC method (Machine Reading Comprehension,
machine understanding of texts) [19] in its application
to the recognition of nested named entities for the
Russian language in a general task and in a few-shot
task, where the training set for some entities includes a
specially limited number of examples. The MRC
method transforms the named entity recognition
problem into a question-answer problem. We explore
different wordings of questions (prompts) to identify
the best options for the general and few-shot task of
extracting named entities. In this paper, we propose
several types of new prompts for MRC model. We ana-
lyze various methods for filling out templates and cre-
ating prompts that are used as queries for the MRC
model.

The contribution of this work is as follows.
• We offer various approaches to the formation of

prompts, in much the same ways as the techniques
described in the methods of relation extraction [29].

• We study modifications of prompts taking into
account the nesting of entities.

• We evaluate various combinations of such
prompts.

Various prompts in the MRC method are tested
against the data of the RuNNE-2022 [1] competition
on nested named entity recognition based on the
NEREL [20] dataset annotated with 29 named entity
types. We extend the study of MRC prompts for the
few-shot named entity recognition problem described
in [23].
131. © Pleiades Publishing, Ltd., 2023.
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The structure of the article is as follows. In Section 1,
we review related works. Section 2 describes the
machine reading comprehension (MRC) model. Sec-
tion 3 presents various methods for generating
prompts. Section 4 describes the NEREL dataset and
its modification used in testing RuNNE-2022. Sec-
tion 5 reviews the results achieved.

1. RELATED WORKS
1.1. Named Entity Recognition Approaches

In the recognition of named entities, algorithms for
marking up sequences (sequence models) are widely
used, since in selecting a named entity it is important
to take into account its context in the sentence [2, 10,
14, 21]. For the most part, each word of the sequence
corresponds to one entity label (the so-called “flat”
approaches), which means that the approaches cannot
work with nested named entities [6, 24, 26]. Some
approaches combine “flat” methods, using them on
each nesting layer of named entities [11, 12]. So their
idea is to aggregate the output of layer models to get
internal (or external) entities. The authors of [24]
achieve this goal by applying the “flat” named entity
extraction algorithm recursively on each new internal
subsequence of the original sentence. Another
approach is a multiclass labeling of a sequence with
concatenated labels from each of the layers [26].

1.2. Few-Shot Named Entity Recognition Task
In few-shot named entity extraction problems,

many standard approaches are not effective because of
the lack of training data. Therefore, new methods are
being developed to solve this problem. Two methods
are mainly proposed: transfer learning and meta-
learning strategies.

Transfer training. Transfer training (or learning) is
a method of “transferring” knowledge—from one
solved problem to another unsolved one. There are
several types of this approach. The first is preliminary
training on large unlabeled data with further training
on labeled data (the so-called semi-supervised learn-
ing). For example, the BERT model [4] was pre-
trained on a large unlabeled collection of texts using a
masking technique, which allowed the model to suc-
cessfully determine information about masking words
from the context of a sentence. Thus, this model can
be used in specific tasks on labeled datasets, where it
has already been trained the contextual and semantic
relationships of words in a sentence. Secondly, neural
models associated with some knowledge base (for
example, a dictionary) provide more information
about rare entities [5]. Finally, this group of methods
includes training the model on some larger dataset
(usually with other types of classes) [28]. This trained
model is then used on a smaller dataset. The main goal
of such a method is to help the model efficiently
extract the hidden patterns of named entities in gen-
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eral in order to obtain the missing semantic informa-
tion. Note that this approach differs from the pre-
trained model approach, where there is no preset task
during training, but the so-called fine-tuning is used.

Metalearning. Metalearning techniques are
designed to create a model that learns by effectively
recognizing entity types as such, rather than by learn-
ing from individual examples from a dataset. In a
few-shot setting, one of the most common ideas is
metric learning or prototype-based learning [25].
Each entity is represented as a “prototype” in a given
metric space in which the similarity between entities
is defined. The model should then be trained not on
the markup of the original dataset, but on the dis-
tances between entity prototypes in that metric
space. Thus, this approach provides a more general-
ized pattern for model training.

Prompt-based learning. Recently, approaches
based on questions or prompts have been developed in
various problems of automatic text processing [8, 17,
18]. The key idea here is to create a more efficient pro-
cess for fitting a pretrained model on a small data
problem. These prompts are intended to help the
model “get” useful knowledge from the pretrained
representations in order to successfully be trained.

There are different methods for generating
prompts. For example, we have manual selection,
template filling, paraphrasing, etc. One approach is
called prompt augmentation or demonstration learn-
ing [8, 15]. These prompts are designed using tem-
plates filled with examples taken from the training
data. Therefore, the model should better predict tasks
with masked slots given such samples.

2. MODEL OF MACHINE
READING COMPREHENSION

The idea behind the machine reading comprehen-
sion (MRC) is the ability of a computer system to
“understand” information from a given text and
answer specific “questions” about the content of that
text. Therefore, this method is determined on the basis
of a question-answer task in which it is necessary to
obtain answers to some questions.

Initially, the task of machine reading comprehen-
sion is formulated as follows: for a given context X and
question Q, the model should deduce a response A
with some function F, defined as A = F(X, Q). For
example, in the problem of named entity recognition,
X will be a given sentence, a sequence of tokens; Q is
some generated or selected query sentence for a given
entity type; A is the subsequence of the context X
denoting the named entity; and F is the extraction
model itself.

Li et al. [19] presented an MRC model for extract-
ing nested named entities (see Fig. 1).

The model consists of three binary classifiers based
on the output of the last hidden layer from the BERT
ol. 33  No. 2  2023
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Fig. 1. Schematic of the MRC model.

BERT

{y1, y2, . . ., yk}
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Classifier of begin–end pairs
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positions

Classifier of final
positions

Question  Input sequence

Table 1. Examples of different types of prompts for the
DATE entity [23]

Type of hint Example

Definitions DATE is the number of day 
in month, frequently com-
bined with the name of day, 
month, and year

Most frequent examples DATE are such substances 
as Monday, Tuesday, today, 
2011 year, 2004 year

Most frequent components DATE are such substances 
as year, 2016, 2013, 2017
[4] model, which is given a query (following the MRC
formulation) and an input sentence. The first classifier
determines the starting position of the named entity.
The second classifier determines the ending position
of a named entity (possibly different) of the same class.
Thus, two sets are created: probable starting and end-
ing positions of some entity. This approach makes it
possible to get nesting of any depth. The third classifier
then decides whether the selected start–end pairs rep-
resent a single named entity of the given class. These
classifiers are trained for each class type.

The main problem for the task of machine reading
comprehension is the careful choice of query types.
We call these questions “prompts” motivated by the
idea that the model uses different semantic informa-
tion from these sequences to improve the quality of
information extraction. Next, we will look at our vari-
ous techniques for generating prompts that can be
used as queries for the MRC model. We will analyze
several well-known techniques and propose several
new types of prompts.

3. PROMPTS FOR MODEL OF MACHINE 
READING COMPREHENSION

3.1. Basic Approaches
In the MRC model, each entity type, as mentioned

above, needs to be associated with a corresponding
query. Several approaches to generation of prompts
have been proposed.

First, Li et al. [19] proposed some of them, in par-
ticular, approaches based on keywords. In [23],
prompts were proposed in the form of definitions and
the N most frequent examples of entities. In this sec-
tion, we will also look at a few simple approaches to
generation of prompts, namely, contextual and lexical.
We call them basic because they are not new, unlike
the new approaches that we will describe later.

Keyword. This approach maps each entity class
type to its as-is label (or its interpretation), creating
one-word queries for each class. For example, for the
class ORG it could be “Organization”; for PER, it
could be “Person”; for AGE, it can be itself “AGE.”

Definitions. Prompts are created on the basis of
definitions (interpretations) from dictionaries for
words corresponding to the meaning of each named
entity type. Definitions have been carefully selected
from various vocabularies for each entity class. For
example, for an entity class AGE, the query will be like
this: “Age is the period of time when someone was alive or
something existed.”

Components. There are two different options for
component prompts.

• N most frequent examples of entities. Used as
prompts are the N most frequent examples of entities
of this class from the training dataset. Then a template
is built over them, where these entities are listed in
descending order of their frequency.
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• N most frequent components of entities. This is
the same as in the previous approach, but all entities
are divided into words (called entity components) and
lemmatized, and only then are the most frequently
occurring words selected from the training set. The
query is formed in the same way.

Concatenation. In addition, it is also suggested as
prompts to merge definitions and the N most common
entity components.

In Table 1, we provide several examples of such
prompts.

Contextual prompt. Some sentence (taken from the
training sample) containing a named entity of a given
type is taken as a prompt, but for this entity, there is
neither explicit nor implicit marking in the sentence.
This type of prompting was used in a demonstration
approach to prompt-based learning [16].
ION AND IMAGE ANALYSIS  Vol. 33  No. 2  2023
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The choice of sentence from the training dataset is
carried out in the following stages.

1. As in the most frequent entities [23], we generate
a set of all entities of this class type and count their
number in the training set.

2. The most frequently occurring entity in the given
class is selected.

3. The first sentence in the training subset that con-
tains the selected entity is retrieved. By “first” we
mean here the lexicographic order of the filenames of
the original dataset. This sentence is the resulting con-
text.

Let us take an example. Suppose we have two texts.
• File c.txt: On Friday, June 21, US President

Barack Obama nominated Republican James Comey to
head the FBI, NBC News reported. If the Congressional
Senate approves the candidacy of James Comey, he will
replace the director of the FBI, 68-year-old Robert
Mueller, who took up this post a week before the Septem-
ber 11, 2001, attacks.

• File a.txt: James Comey is 52 years old. His track
record includes work as the United States Attorney for
Manhattan and Deputy Attorney General in the admin-
istration of George W. Bush. Since leaving public service,
he has worked as a lawyer for hedge fund Bridgewater
Associates and military corporation Lockheed Martin,
and is on the board of directors of HSBC Bank. He is also
a Senior Fellow at Columbia University.

Here we see the named entities of the class PERSON,
namely, Barack Obama, James Comey, again James
Comey, Robert Mueller, James Comey, and George W.
Bush. To get a contextual query for an entity class
PERSON, we now perform the following steps.

1. Count the number of occurrences for all entities
of a class PERSON. Here we get (sorted in descending
order) {James Comey: 3, Barack Obama: 1, Robert
Mueller: 1, George W. Bush: 1}.

2. Select the most frequent entity. Thus, we get
James Comey with the highest frequency equal to
three.

3. We find the first sentence containing this entity.
We first parse the file a.txt and only then look at the

file c.txt, because a.txt is lexicographically earlier in
the given dataset than c.txt. Thus, we look over the
sentences a.txt. We get the first sentence containing
the entity James Comey: James Comey is 52 years old.
His track record includes United States Attorney for
Manhattan and Deputy Attorney General in the George
W. Bush administration. This sentence becomes the
search query for the contextual prompt of entity class
PERSON.

Lexical prompts. Like contextual prompts, these
prompts use sentences from the labeled corpus, but
additionally mask the desired entity with its label in
order to implicitly “demonstrate” the essence of a
given entity type of model being trained. There are
several variations of this approach.
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• Monolexical approach. Only one named entity is
replaced by its keyword.

• Full lexical approach. In the sentence, not only
one entity of a given class, but all such entities are
replaced by a keyword. Owing to the fact that the prob-
lem of nested named entities is being considered, with
this approach, they can intersect; therefore, collisions
are possible if they are nested in each other. In other
words, this approach can be used only in the case of
flat layout. In this regard, two options were consid-
ered:

 replacing all the most external named objects;
 replacing all the most internal named objects.

By outermost here, we mean a named entity that is
not included in any other named entity. By innermost,
we also mean a named entity that does not encompass
any other named entity.

For example, in a sentence “Lomonosov Moscow
State is considered one of the best universities in the Rus-
sian Federation,” there are entities Russian Federation,
Lomonosov Moscow State University, Moscow, and
Lomonosov. The innermost entities are Lomonosov and
Moscow. The entity Lomonosov Moscow State Univer-
sity is the outermost entity, and the entity Russian Fed-
eration considered as both the outermost and the
innermost entity. A similar idea of extracting entities
using masks was used earlier in the problem of relation
extraction [29].

Next, we consider new types of prompts, namely,
structural and multiprompt.

3.2. Structural Prompts
For such prompts, we store both the entity and its

class in the sentence, forming some structure out of
them. Several options are considered.

• Frame approach. A combination of contextual
and lexical approaches, in which the occurrence of a
given named entity is replaced by a structure of the
form [Entity | Class].

• Marker approach. Same as frame, but the form
of structure changed to <Class> entity </Class>.

• Typed marker. Same as in the marker approach,
but here we take a structure of the form @ CLASS @
entity.

• Full structural approach. It is similar to the full
lexical approach in relation to the structural approach:
all occurrences of named entities are replaced by
structures of a given form. But unlike lexical ones, they
can be nested into each other. In this case, as in the
case of the full lexical prompt, all entities can be “flat-
tened.” Thus, there are three options:

• replacing all nested named entities;
• replacing all the most external named entities;
• replacing all the most internal named entities.
Similar approaches to representing entities using

entity markers and entity type markers have previously

�

�
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Table 2. Examples of different types of prompts with the
same entity

Type of hint Examples

Context In 1964, Towns together with Nikolai Basov 
and Aleksandr Prokhorov received the 
Nobel Prize in Physics.
Vladimir Putin has already accepted his res-
ignation, having appointed the first vice-
governor Sergei Tsivilev to be the interim

One-lexical In 1964, Towns together with Nikolai Basov 
and Aleksandr Prokhorov received the 
AWARD in Physics.
PERSON has already accepted his resigna-
tion, having appointed the first vice-gover-
nor Sergei Tsivilev to be the interim

Framing In 1964, Towns together with Nikolai Basov 
and Aleksandr Prokhorov received the 
[Nobel Prize | AWARD] in Physics.
[Vladimir Putin | PERSON] has already 
accepted his resignation, having appointed 
the first vice-governor Sergei Tsivilev to be 
the interim

Labeling In 1964, Towns together with Nikolai Basov 
and Aleksandr Prokhorov received the 
<AWARD> Nobel Prize </AWARD> in 
Physics.
<PERSON> Vladimir Putin </PERSON> 
has already accepted his resignation, having 
appointed the first vice-governor Sergei 
Tsivilev to be the interim

Type. 
Labeling

In 1964, Towns together with Nikolai Basov 
and Aleksandr Prokhorov received the 
@AWARD@ Nobel Prize in Physics.
@PERSON@ Vladimir Putin has already 
accepted his resignation, having appointed 
the first vice-governor Sergei Tsivilev to be 
the interim
been used in relational extraction methods [29]. Tables 2
and 3 provide examples of “single-entity” (including
contextual and lexical) and “multientity” prompts,
respectively.

3.3. Multiprompt Approach
Here we propose the idea of multiple types of

prompts at once, so that the model can get more
semantic information about a given entity from differ-
ent “points of view.” As for the MRC model, which is
trained using the one-sentence–one-query method,
this approach explicitly expands the data multiplied by
the number of prompt types used.

The three-outermost full lexical prompt. Here we
use the outermost full lexical approach three times in
a row, but different contexts are chosen for each of
them. As mentioned above in the context approach,
where we chose a context in the lexicographic order of
filenames and took the first one, here we take the first,
second, and third such contexts. Each prompt itself is
generated in the same way as was done originally.
Here, the outermost full lexical approach was chosen
as the one that showed the best results on the studied
dataset.

Following the context help example above in Sec-
tion 4.2 with two texts, we would get the second sen-
tence “On Friday June 21, US President Barack Obama
named Republican James Comey to head the FBI, NBC
News reported.” and the third sentence “If the Congres-
sional Senate approves the candidacy of James Comey,
he will replace 68-year-old Robert Mueller as director of the
FBI, who took this post a week before the September 11,
2001, attacks.”

So this query looks like “PERSON is 52 years old.
His track record includes work as the United States
Attorney for Manhattan, Deputy Attorney General in the
administration of George W. Bush. On Friday June 21,
US President Barack Obama nominated Republican
PERSON to head the FBI, NBC News reported. If the
Congressional Senate approves candidacy of PERSON,
he will replace 68-year-old Robert Mueller as director of
the FBI, who took this position a week before the Septem-
ber 11, 2001, attacks.”

Outermost full lexical + two most frequently compo-
nents of entities + definitions. Here we use these three
types of prompts that have achieved the best perfor-
mance (each separately). Therefore, three queries are
generated for each sentence. Each prompt is obtained
in exactly the same way as was originally done.

Outermost full lexical + outermost full typed
marker. Here we mix another great approach with the
outermost full lexical approach to explore the general-
ization between the two.

Outermost full lexical + outermost full typed
marker + contextual. We add another promising
prompt to the previous method to analyze the quality
of the results obtained.
PATTERN RECOGNIT
4. DATASET

The NEREL dataset [20] was used for evaluation.
NEREL was compiled from WikiNews texts in Rus-
sian. The dataset contains 29 different named entity
types with a maximum nesting of six levels; the total
number of annotated entities is more than 33000.

In the RuNNE competition [1], three classes were
selected and reduced in number for the training sam-
ple, namely, DISEASE, WORK_OF_ART, PENALTY.
For these entities, only 30–32 examples are given in
the training sample.

To assess the quality of models, macro-averaged
accuracy, recall, and F1-measure are used both for
ION AND IMAGE ANALYSIS  Vol. 33  No. 2  2023
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Table 3. Examples of different types of prompts, with many entities

Type of hint Examples

The outermost complete lexical In the Research Institute of Pediatric Surgery and Traumatology, a kid was diag-
nosed with “DISEASE”: We have a girl 16 years old, admitted in the morning of 
October 11; the doctors made the diagnosis “DISEASE”

The innermost complete lexical In the Research Institute of Pediatric Surgery and Traumatology, a kid was diag-
nosed with “DISEASE of bosom and belly”: We have a girl 16 years old, admitted 
in the morning of October 11; the doctors made the diagnosis “DISEASE of 
bosom”

The outermost complete framing In the Research Institute of Pediatric Surgery and Traumatology, a kid was diag-
nosed with “[impact injury of bosom and belly | DISEASE]”: We have a girl 
16 years old, admitted in the morning of October 11; the doctors made the diag-
nosis “[impact injury of bosom | DISEASE]”

The innermost complete framing In the Research Institute of Pediatric Surgery and Traumatology, a kid was diag-
nosed with “[impact injury | DISEASE] of bosom and belly”: We have a girl 
16 years old, admitted in the morning of October 11; the doctors made the diag-
nosis “[impact injury | DISEASE] of bosom”

Embedded complete framing In the Research Institute of Pediatric Surgery and Traumatology, a kid was diag-
nosed with “[[impact injury | DISEASE] of bosom and belly | DISEASE]”: We 
have a girl 16 years old, admitted in the morning of October 11; the doctors made 
the diagnosis “[impact injury | DISEASE] of bosom | DISEASE]”

The outermost complete labeling In the Research Institute of Pediatric Surgery and Traumatology, a kid was diag-
nosed with “<DISEASE> impact injury of bosom and belly </DISEASE>”: We 
have a girl 16 years old, admitted in the morning of October 11; the doctors made 
the diagnosis “<DISEASE> impact injury of bosom </DISEASE>”

The innermost complete labeling In the Research Institute of Pediatric Surgery and Traumatology, a kid was diag-
nosed with “<DISEASE> impact injury </DISEASE> of bosom and belly”: We 
have a girl 16 years old, admitted in the morning of October 11; the doctors made 
the diagnosis “<DISEASE> impact injury </DISEASE> of bosom”

Embedded complete labeling In the Research Institute of Pediatric Surgery and Traumatology, a kid was diag-
nosed with “<DISEASE> <DISEASE> impact injury </DISEASE> of bosom 
and belly”: We have a girl 16 years old, admitted in the morning of October 11; the 
doctors made the diagnosis “<DISEASE> impact injury </DISEASE> of bosom 
</DISEASE>”

The outermost complete, 
type. Labeling

In the Research Institute of Pediatric Surgery and Traumatology, a kid was diag-
nosed with “@ DISEASE @ impact injury of bosom and belly”: We have a girl 
16 years old, admitted in the morning of October 11; the doctors made the diag-
nosis “@ DISEASE @ impact injury of bosom”

The innermost complete, 
type. Labeling

In the Research Institute of Pediatric Surgery and Traumatology, a kid was diag-
nosed with “@ DISEASE @ impact injury of bosom and belly”: We have a girl 
16 years old, admitted in the morning of October 11; the doctors made the diag-
nosis “@ DISEASE @ impact injury of bosom”

Embedded complete, 
type. Labeling

In the Research Institute of Pediatric Surgery and Traumatology, a kid was diag-
nosed with “@ DISEASE @ DISEASE @ impact injury of bosom and belly”: We 
have a girl 16 years old, admitted in the morning of October 11; the doctors made 
the diagnosis “@ DISEASE @ DISEASE @ impact injury of bosom”
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Table 4. Results (macro-averaging, %) of different types of MRC prompts in the RuNNE dataset

Type of hint
General task Few-shot task

precision completeness F1 precision completeness F1

Keyword 78.61 72.35 74.28 86.03 47.66 60.46
Definitions 78.76 72.44 74.31 80.62 50.77 61.21
Two most frequent examples 78.59 72.19 74.17 84.32 45.03 57.98
Five most frequent examples 79.23 71.58 73.89 84.76 47.29 58.98
Ten most frequent examples 78.13 70.64 73.09 81.60 45.56 56.96
Two most frequent components 78.65 73.05 74.63 86.15 49.07 60.80
Five most frequent components 78.54 72.77 74.62 83.39 48.35 60.30
Ten most frequent components 78.04 71.82 73.76 83.62 47.82 59.52
Contextual 75.97 67.05 69.39 86.74 49.83 62.53
One-lexical 79.94 71.69 74.30 87.81 49.05 62.34

Framing 80.69 71.47 74.43 89.12 47.85 61.83
Labeling 80.49 71.52 74.31 88.35 46.82 60.26
Type. Labeling 79.73 71.95 74.25 87.47 47.66 60.41

Outer complete lexical 80.18 72.11 74.54 89.94 50.33 63.88
Inner complete lexical 80.80 71.37 74.37 89.96 47.70 61.80
Outer complete framing 80.16 71.60 74.07 85.88 46.19 59.08
Inner complete framing 80.35 72.02 74.40 86.93 47.41 60.43
Embedded complete framing 80.74 71.93 74.59 91.03 48.27 62.40
Outer complete labeling 80.09 70.99 73.87 87.04 47.08 60.41
Inner complete labeling 79.86 71.92 74.26 89.16 48.01 61.15
Embedded complete labeling 79.30 71.85 73.95 87.89 44.72 58.22
Outer complete, type. Labeling 80.05 71.70 74.33 88.20 50.06 63.24
Inner complete, type. Labeling 80.36 71.63 74.34 90.48 46.74 61.00
Embedded complete, type. Labeling 79.09 71.42 73.90 86.11 46.75 59.76

The outermost complete Lexical 
with 3 contexts

79.62 71.75 74.15 85.96 46.87 59.93

The outermost complete Lexical 
+ 2 components + definitions

79.53 73.14 75.00 85.09 50.99 62.46

The outermost complete Lexical 
+ type. Labeling

79.73 71.37 73.74 88.75 48.56 62.02

The outermost complete Lexical 
+ type. Labeling + contextual

79.32 70.76 73.39 85.67 50.37 62.22
new (few-shot NER task) and for all (general NER
task) entity types.

5. EXPERIMENTS AND RESULTS

The RuBERT representation [13] is used as the
basis for the MRC model. RuBERT was obtained by
retraining the original BERT model [4] of the data
from the Russian Wikipedia and the Russian-language
news corpus. For the Russian language, using the Rus-
sian-language BERT model is usually more efficient
than using its multilingual version.
PATTERN RECOGNIT
The batch size was set to 16 and the maximum
sequence length was 192 words. We train an MRC
model for 16 epochs on eight GPUs against RuNNE
data using various prompts.

All of the above approaches have been tried. In
addition, as a baseline, we are testing the keyword
approach of the MRC model, because this query is the
easiest to generate and use when training the model,
while it provides minimal information about the entity
class. Table 4 presents the results obtained. In addi-
tion, Fig. 2 shows a chart of results for the top and base
prompts.
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Fig. 2. The results of testing the basic and best prompts on the range chart. Here FL stands for full lexical prompt, FF stands for
full frame prompt, FM stands for full marker prompt, FTM stands for full typed marker prompt, respectively.
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On the basis of the presented results, the following
conclusions can be drawn.

First, it can be seen that the simplest keyword
prompt (in terms of generation) performs, on average,
the same way as other prompts. It can be concluded
that, in order to create prompts quickly and easily, but
at the same time with decent quality, a keyword
approach can be used.

Second, definitions help improve the quality of
extraction of entities.

Third, among the component prompts, the best
option was the two most frequent components
prompt, which performs better than the keyword
approach on both tasks. Adding more examples wors-
ens the results.

Fourth, among the “single-entity” approaches,
contextual prompt outperforms other methods in the
few-shot problem, while producing the worst overall
precision, recall, and F1-measures. Thus, contextual
prompt helps the model predict rare entities, while it is
not effective for a general task.

Fifth, among the “multientity” prompts, the outer-
most full lexical approach outperforms any other
tested approaches, and the innermost lexical approach
is worse than the single-lexical approach. Moreover,
nesting for both labeling and typed labeling renders
the model inefficient, in contrast to the nesting of the
frame approach, where, conversely, it improves
retrieval results. This is because the nested framing
approach does not mix or shuffle entity tokens, unlike
both labeling approaches, although the most external
approach of full typed labeling comes second in terms
of quality.
PATTERN RECOGNITION AND IMAGE ANALYSIS  V
Finally, the “many prompts” approaches did not
provide significant improvement in results, and in the
few-shot problem, they were no better than other
approaches. For example, the full lexical approach
with the top three contexts performs worse than the
original prompt. Thus, “overlay” of different contexts
does not help the model to get more semantic infor-
mation. Other multiple prompts that try to look from
“other points of view” by combining different prompts
do improve quality, though still underperforming
compared to the outermost full lexical approach. Just
the prompt Outermost full lexical + 2 most frequent
object components + definitions gave some improve-
ment in the results in the general problem; i.e., this
approach of “different views” may be useful for
achieving better results in future research.

CONCLUSIONS

The article presents various methods for generating
questions (prompts) in named entity recognition sys-
tems based on questions, in particular, in a model of
machine reading comprehension. We study the effect
of prompts on the recognition of nested named entities
in general and few-shot named entity recognition task.
We test various approaches against the RuNNE-2022
test data on extracting nested named entities.

In the general task, many approaches, such as key-
words, most frequent components, lexical and struc-
tural prompts, were comparable. The best result was
achieved with the proposed combination of several
prompts.

In the few-shot task, the proposed full lexical and
full marker prompts turned out to be the best, taking
ol. 33  No. 2  2023
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into account the nesting of named entities that mask or
mark all external entities.
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