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Abstract—We present a combined pipeline for knowledge-graph construction and ontology expansion. This
approach creates a BIO-tagged corpus via fully automatic LLM-based pseudoannotation and introduces
dedicated UNK reserve categories to capture previously unseen classes and relations. A specialized NER/RE
model is trained on a 3-million-token dataset with 92 labels. This model exhibits a conservative quality pro-
file—high precision with moderate recall—suited for safe graph enrichment: integrating the extracted facts
expands the graph to ~0.98 million triples, while the expansion ratio (total inferred facts to explicit triples)
increases from 2.65 to 3.52, with logical consistency preserved. UNK label pools are converted into stable
synsets, enabling semiautomatic ontology expansion; 12 new classes derived from unstructured texts were
added. We also demonstrate practical value for querying and analytics using an LLM + SPARQL setup.
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INTRODUCTION

Ontologies and knowledge graphs are classic tools
for integrating heterogeneous data and supporting
decision-making in business processes of managing
(IT services) data flows (IT domain) in IT Service
Management (ITSM). Previously [1], a unified IT
domain ontology was formed by extending the top-
level ontology DOLCE [2] with a domain-specific
ontology ITSMO [3] that describes the concepts of the
ITIL library. In practice, the value of a knowledge
graph is determined by the speed and accuracy of
replenishment with facts from texts (such as IT
domain data, which is managed by IT services) while
simultaneously being able to adapt a schema (ITSMO
ontology) to the changing thesaurus of the domain.

For the dynamic construction and replenishment of
knowledge graphs, as well as for the expansion of the
ontology, it is necessary to have specialized models for
the extraction of named entities and relations (hereinaf-
ter NER/RE models), trained on data corpora, the
objects in which are marked in accordance with the
ontology. However, at the time that this study was con-
ducted, there were no open data sets for ITSM labeled
in accordance with the ontology from [1] (hereinafter
ontology). At the same time, there is access to large vol-
umes of text data in untagged form. Manual or semiau-
tomated labeling for training the NER/RE model is a
labor-intensive and expensive process.

In this paper, a method for fully automatic labeling
of a training data corpus is investigated. One well-
known markup method for NER/RE tasks is the BIO
format (Beginning-Inside-Outside), which contains
three types of labels: to denote the first token of an
entity (B); any subsequent token of an entity (I); the
background token (O). Another objective of the
research is to create a method for expanding ontology,
i.e., detecting entities and relationships in texts that do
not correspond to the existing ontology but can be a
source of valuable information for its expansion.

This study is divided into three stages:

(1) formation of a BIO corpus of texts with pseudo-
markup using large language models (LLMs), where
we introduce three sets of labels, as well as special
UNK-labels (from English UNKnown) in each of the
defined sets for marking words that have no corre-
spondence in the current ontology;

(2) training an encoder model from the BERT fam-
ily for the task of extracting named entities and rela-
tions with correctness checking at the level of label
types;

(3) automatic knowledge graph enrichment and
semiautomatic ontology expansion through expert vali-
dation of clusters of vector representations (embed-
dings) of words that have been marked as UNK.

The subject area under study is characterized by a
high dynamics of terminology changes and a large vol-
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ume of text artifacts (e.g., customer requests, inci-
dents, and configuration changes). These characteris-
tics define the need for a method that combines cost-
effective and scalable data labeling with automatic
graph enrichment and controlled ontology expansion
while maintaining logical consistency.

This article has the following structure: Section 1
presents an overview of the subject area and related
works, Section 2 describes the data corpus and pseudo-
labeling techniques, Section 3 presents the architecture
of the model, Section 4 provides the SQL-RDF-
NER-RDF pipeline, Section 5 gives the main results,
Section 6 indicates the semiautomatic ontology exten-
sion, and the Conclusion follows.

The appendices contain the text of the instructions
for LLM (the prompt) at the stage of testing the candi-
date models (Appendix 1), the prompt for the final
pseudolabeling of the target data corpus (Appendix 2),
the results of the experiment with testing different
models for BIO benchmarks (Appendix 3), the distri-
bution of labels after applying the pseudolabeling
method (Appendix 4), examples of stable semantic
sets (synsets, abbreviated from synonym set), and their
transformations into ontology objects (Appendix 5).

1. OVERVIEW OF THE SUBJECT AREA
AND RELATED WORKS

Ontology is a formal specification of a conceptual-
ization [4, 5]; in a more applied interpretation, it is a
consistent representation of a subject area that is
shared by a community [6, 7]. In information
extraction and the construction of knowledge graphs,
ontology acts as a data schema: entities and relation-
ships between them are expressed through classes and
properties with explicit logical constraints (axioms),
which ensures interpretability, logical inference, and
consistent checking of the result.

Our work utilizes a unified ontology: the top level is
defined by the well-known DOLCE ontology, using
abstract categories (object, process, event), which guar-
antees ontological coherence; the application layer is
formed by the ITSMO ontology, encompassing entities
and relationships drawn from the well-known ITIL
methodology (e.g., incident, service, change) and their
interrelations. This unification yields a single semanti-
cally consistent structure that is both conceptually rig-
orous and practically relevant for automatic text anno-
tation and graph enrichment. The role of ontology in
this study is as follows: (i) it is a framework for mapping
extracted facts into RDF triples, and (ii) it is a living
schema that should be extended as new terms and rela-
tionships appear in the incoming data.

1. 1. Ontologies and Knowledge Graphs
for the IT Domain

Work on ontological modeling covers both high-
level ontologies (SUMO, BFO, and DOLCE [6]) and
applied domain ontologies, for example ITSMO for
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ITIL processes [8]. The merger of ITSMO with
DOLCE follows the recommended inheritance strat-
egy and avoids the manual design of large parts of the
schema [9]. Practices for constructing and operating
corporate knowledge graphs are systematized in
guidelines [7, 10], where emphasis is placed on the
role of ontologies and logical inference for data quality
control and consistency.

1.2. Joint Extraction of Named Entities
and Relationships

Automatic graph enrichment often comes down to
extracting entities and relationships from text. Classi-
cal cascades of sequential extraction of entities and
relations from texts (NER + RE) are gradually giving
way to unified solutions.

An early end-to-end approach was the architecture
proposed in [12]: two parallel neural networks based
on a common BiLSTM encoder are used to simulta-
neously extract entities and relations. This approach
ensures that the model tends to make consistent pre-
dictions, as inconsistent labels (when a token is simul-
taneously labeled as both an entity and a relation) lead
to an increase in the overall loss function of the model.

Further work strengthened the logical constraints
in learning: a semantic loss function taking into
account a priori symbolic knowledge [13] allowed for
an increase of the coherence of predictions; interac-
tions between NER and RE tasks in a single architec-
ture were investigated [14]; and models for hierarchi-
cal multiclass classification were proposed that guar-
antee the consistency of outputs due to the network
structure [15]. In parallel, lines of structurally consis-
tent approaches to information extraction (IE) were
developed: NER was formulated as dependency anal-
ysis [16], and in [17], the authors proposed generative
universal IE models. The effectiveness of such
approaches increases with additional training (domain-
adaptive pretraining) of models using the method of
modeling natural language with masking of part of the
tokens of the input sequence (masked language mod-
eling, MLM) [18]. In the same work, it was shown that
a reduction in the loss function (and the associated
MLM -specific perplexity metric) has a direct correla-
tion with an improvement in the performance of the
model on applied problems.

1.3. Pseudolabeling and Formation
of a Dictionary of BIO-labels

Another direction, one that is close to our task, is
automatic data labeling (hereinafter pseudolabeling)
using generative pretrained transformer models
(GPT). The authors of the GPT-3 model demon-
strated the model’s ability to perform arbitrary tasks
with minimal tuning (one-shot/few-shot learning)
[19]. The work [20] demonstrated that open LLMs
(e.g., LLaMA, Falcon) can effectively annotate texts,
Vol. 59
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Fig. 1. Scheme for forming dictionaries of class labels.

approaching the quality of the GPT-4 model. At the
same time, some studies point to the risks of using
generative artificial intelligence (Al) for such purposes
[21], primarily the risk of transferring hallucinations
and biases into the final dataset. It is worth noting that
the cited works focus on the tasks of annotating texts in
free form, i.e., they do not consider specialized
approaches to annotation at the token sequence level,
as required by the BIO markup format for the
NER/RE task. In our work, we build on these ideas
and apply GPT models to fully automatic BIO tagging
of a specialized Russian-language corpus of IT sup-
port requests.

2. BIO PSEUDOMARKUP

The experiment used a domain-specific corpus
containing over 660000 text queries to the IT support
service (the dataset is predominantly in Russian, and
about 20% of the texts are in English). Domain con-
cepts are formed on the basis of ontology.

From the ontology, we obtained a nomenclature of
92 labels, which, in addition to classes and relations,
included the special labels UNK-x (separately for
classes, relations/properties, and types), as well as the
auxiliary relation I_A, denoting the “is-a” relationship.

The problem being considered is of transformation
of source texts into a dataset, which is then (see Sec. 4)
used to train the NER/RE model. For each text, three
parallel sequences of BIO tags must be generated. The
first sequence specifies the class of the entity (includ-
ing a class that is not included in the ontology), the
second specifies the class of the relationship (includ-
ing a relationship not included in the ontology), and
the third, more abstract, sequence specifies the type:
the token belongs to a class (CLA), a relationship
(REL), or an unrecognized type (UNK); alternatively,
it does not carry a semantic load (O).

Special UNK family tags are found in all three
types: UNC-C—for unknown classes, UNK-R—for
unknown relations, and UNK—to indicate an unde-
fined type. UNK labels are necessary for the task at
hand for two reasons: first, they allow the model to
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correctly process an unknown entity without forcing it
to be assigned to the closest known class or relation;
second, they form a separate dataset. After being com-
bined into words, the tokens that were labeled UNK-C
and UNK-R form a set of lexical units that can be
clustered after vectorization (creation of embeddings).
Clusters form a set of synsets that allow us to identify
candidates for new classes and relations/properties to
extend the ontology. Figure 1 shows a diagram of the
division of the composition of the ontology into sub-
sets of classes and relations. The combined ontology is
indicated in the figure as Seed.

The pseudomarkup process is subject to a limita-
tion to determine the maximum possible amount of
markup, which necessitates careful optimization of
both the size of the corpus and the length of instruc-
tions (prompts) passed to the language model.

2.1. Methodology for Selecting a Model
Jfor Pseudolabeling

To evaluate the ability of language models for BIO-
labeling, four well-known corpora for NER tasks,
manually labeled (hereinafter referred to as bench-
marks), were selected:

* CoNLL 2003 [22] contains 20000 newspaper
sentences marked with nine abbreviation marks and is
considered a classic English-language standard.

* WikiAnn [23] is presented in two versions:
English (en) and Russian (ru); each includes approxi-
mately 40 thousand objects and abbreviation labels;
this allows the multilingualism of models to be tested.

* WNUT building 17 [24] is significantly smaller in
volume (about 5.5 thousand objects); it differs in that
here the labels are independent concepts: corporation,
creative work, etc., unlike the others, where labels are
implemented as three-letter indices.

In all, 12 LLMs were tested: 8 proprietary (models
from OpenAl and Anthropic) and 4 open models
(Llama3, Mistral, and DeepSeek). The prompts con-
tain instructions and examples of markup [25] (see
Appendix 1). Each model was given 2000 tagging
tasks, after which the optimal model for the pseudot-
2025
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PER USD SFT UNK-R DEV
l person |<7 is used " software |~ e )‘ device
==Y - N
1 ? '
1 * 1
Text MBaH 3anyctun Zoom vn3 nog MawmnHOro naaHweTa yaaneHHo.
Labeling MBaH 3anyctun Zoom MSAOA MaluvHoro naaHweta YAaASHHO!
PER usD SFT UNK-R PER DEV UNK-C
CLA set PER o} SFT o PER DEV UNK-C
REL set 0 usD 0 UNK-R 0 0 0
TYPE set CLA REL CLA REL CLA CLA CLA

Fig. 2. Illustration of markup using a miniontology as an example.

agup of the target text corpus was determined, showing
the maximum metric values.

When the models were tested, two types of F1 metrics
were used as evaluation criteria. Token F1 considers each
token individually: the score may be high if the model
correctly predicts the labels of most tokens in a sequence.
Seqgeval F1 is a more stringent criterion; for it, a predic-
tion is considered correct only if the model correctly
identifies both the boundaries and the type of the entire
entity. The difference between Token F1 and Seqeval F1
indicates the ability of the model to maintain the integ-
rity of the label sequence at the entire entity level.

2.2. Methodology of the Pseudomarkup
of Target Text Corpora

During the pseudolabeling process, at each itera-
tion, the language model could use all 92 labels simul-
taneously. In the post-processing stage, the sequence
labels were divided into two disjoint sets of labels
(classes and relations) and a third derived set that cap-
tures only the token type: class, relation, unknown
(UNK), or token without semantic load (O). This
ensures that the three BIO sequences are mutually
exclusive and logically consistent.

The prompt consists of four parts: instructions, a
markup example, markup text, and a label dictionary
with a brief description of the semantics of each label
(see Appendix 2).

2.3. Hllustration of the Markup

The illustration of the processing pipeline is pre-
sented as a conditional miniontology (in Fig. 2), the
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entities of which are transformed into a set of labels
and then applied to the sentence and decomposed into
three parallel BIO-sequences: classes (CLA set), rela-
tions (REL set) and token types (TYPE set), as shown
in the figure below. Elements that are not present in
the miniontology are marked as UNK-C or UNK-R.

For demonstration (Fig. 2) a primitive ontology
with three classes (PER, person; SFT, software; DEV,
device) and one relation (USD, used) was used. The
sentence also contains an unknown relation with the
label UNK-R and an unknown class with the label
UNK-C, which are not in the ontology but are explic-
itly expressed in the text. This allows the system to flag
candidates for subsequent ontology expansion.

For example, the word “remotely” is marked as
UNK-C because the concepts “method"/ "mode” do
not have a suitable class in the ontology; the phrase
Jfrom under is marked as UNK-R, as there is no suit-
able relation in the ontology (for example, a new rela-
tion could become one “done”).

2.4. Forming a Subset from the Data Corpus for Labeling

To comply with external resource constraints, it is
necessary to form a representative subset of objects
from the data corpus (hereinafter referred to as a sub-
sample) for pseudolabeling. For each text object, we
generated an embedding using the model from [1] and
then performed clustering and calculated the geomet-
ric medians of the clusters. It was assumed that to pre-
serve the semantic representativeness of the subsam-
ple, it is necessary to select objects located within a
given radius from the geometric median of each cluster
Vol. 59
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in the space of vector representations of objects in the
data corpus.

In the first step, to reduce computational complex-
ity, the embedding dimension was reduced from
768 (the size of the output hidden layer of the model)
to 128 using principal component analysis (PCA):

X':PCA(X), XE]RNXD,

where X is the original embedding matrix of N objects
of dimension D, and X" is the matrix after dimension-
ality reduction.

The HDBSCAN clustering algorithm [26] was
then applied to the reduced-dimensional embeddings:

L = HDBSCAN (X', m),

where L ={-1,0,1,...,K —1} is the vector of cluster
labels (where —1 means noise), and m is the hyperpa-
rameter of the minimum cluster size by the number of
objects.

For each detected cluster C, < X', where k =

0,...,K —1, the geometric median was calculated
using the Waitzfeld algorithm [27]:

D
2° ukER’

W, = argmin Z ||x - W
s xeCy,

which acts as the coordinate of the most typical point
of the cluster k.

For each cluster C, , we selected the radius #, for all
the objects x; € Cy, satisfying the condition

||x - “"2 S T

then the total number of selected objects across all
clusters does not exceed the limit of 90000 (the limit
was set in accordance with external constraints).

Radii r, can be found either by using an iterative
binary search or by choosing a common quantile of the
distance from the medians for all clusters.

The final subsample has the form

K-1

Xaistn = U{X,» € Ct|x -, <nk
k=0

Thus, the procedure can be summarized. First, the
embeddings of the source texts were compressed
(PCA) then clustered (HDBSCAN) and characterized
using the geometric medians of the clusters. Objects
for pseudolabeling were selected based on their dis-
tance to the median, which is an approach that allows
for the efficient formation of a subsample from the
original data corpus with minimal loss of representa-
tiveness.

AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS
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3. ARCHITECTURE AND TRAINING
OF THE NER/RE MODEL

The presence of 92 categories in the label dictio-
nary indicates the need to reduce computational com-
plexity and compensate for the imbalance of labels in
the sample. It was proposed to implement a parallel
labeling process using three labels: CLA, REL, TYPE.
The NER/RE model consists of three neural networks
that receive as inputs the output vector of each token
from the last hidden layer of the BERT encoder model
(base encoder, Fig. 3). The networks were trained in par-
allel on the same input token sequence. Two architecture
options were considered: fully connected layers and lay-
ers with an attention mechanism. For each variant, we
tested 2, 4, and 8 layers of neural networks, halving the
size of the hidden representation at each layer so long as
it remained greater than or equal to the number of out-
puts of the corresponding label set for each network.

3.1. Loss Function for the NER/RE Problem
with Regularization

The representation of tokens and sequences is

implemented as follows. Let X = (x,,...,x,) be the
matrix of the input sequence of tokens. The base

encoder produces hidden states H =f,,.(X)e R
Each additional neural network maps the hidden state
of the output vector of the inner layer (logits of tokens)
according to its own separate dictionary of labels:

39 = f, (h)e R%. e {type, class, rel}.

Additionally, the model architecture allows for the
embedding of the entire sequence to be obtained by
averaging the states of all tokens, taking into account
the attention mask of the base encoder (pooling), with
the exception of paddings [28]. Encoding of the entire
sequence will be required at the stage of processing
UNK sets to form synsets of the ontology extension:

n
z m;h;
=1
n b
max [Z m, sj
p=

This technique is adopted in BERT models focusing
on vector representations of the entire input sequence at
once, as it produces more stable and expressive embed-
dings than encoding only a single CLS token (especially
for semantic search and clustering tasks).

Loss function L is the sum of cross-entropy losses
across all three networks. Additionally, a special regu-
larization function for logical consistency of predic-
tions has been introduced.

L= Zﬁégd + MLy, a€ {type, class, rel},

where, for each network, the loss function is calcu-
lated using the standard formula

nxd

hyq = e=10", me{0,1}.
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Regularization €<—>» Composed loss (cross-entropy)
T T Embedding
of all input sequence
[ TYPE tags CLA tags REL tags J
A A A
| | H
Trained neural Trained neural Trained neural Pooling
network network network with attention mask
for TYPE labels for CLA labels for REL labels

T A

emb 0 emb 1 emb 2 embN = bk-o-o-o-o-o-_-_

A A “ A

I | I |

BERT
tok 0 tok 1 tok 2 tok N
Fig. 3. Architecture of the NER/RE model.
N —[7 = —
(Zad =1 log softmax (y,@), i [A]; - CLA]([Ci =OJVIR 0])
NS + [T, =REL]([C, # O] v [R, = O])
exp (yi(i)) + I:f“ = (’)J [C,# O] Vv[R = O])

[softmax (y,(a) )]k = + [T UNK] —[C, # O]®[R = O)),

K, :
2 exp(7)
j=l

Regulator L., increases the value £ in case the
model’s predictions fail the consistency check and
thus penalizes the model for logical errors in the out-
put label sequences.

Let T = argmax softmax ( Vi ) be predicted token

type i, and w, = max softmax ( j/i( )) evaluates the

degree of its prediction (prediction confidence). We
introduce predictive labels for classes and relations: C;
and R, respectively, as well as the Iverson brackets
[P] € {0,1}, which are equal to 1 if the prediction is true.
a; denotes the class and b, denotes the relationship:

a; = [Ci * O]: b, = [Ri * O],

where O is the designation of the O-token (back-
ground token assigned the outside class) from the BIO
markup. Then the violation indicator for token i

equals v;:

AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS

where Vv is the logical or and @ is the exclusive or (XOR).
We can write downa @ b =a + b —2ab.
After substitution we get

v, =[T, =CLA](1-4,(1- b))
+ [T, =REL](1-5,(1-q))
+ [f: = O:'(ai +b —ab)
+ [T, = UNK]|(1—-a, - b, + 2a;b).

Because the events (markup fact) are mutually
exclusive, for each token, only one bracket will be

active, namely, v;, which takes the value 1 or 0. The
final regularizer with confidence weights on TYPE can
be written as

N
“ LS,

denote the set
and

of networks as
cross-entropy  as

Let wus
A ={type, class, rel},

CE(t,p) = —t"logp (for one-hot vector t). Then the
loss will look like this:

Vol. 59  Suppl. 6 2025
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Fig. 4. Mapping scheme of tables from the database to ontology classes.

- Z {z CE( ,softmax (y,-(a))) + kw,-v,].
i: ac A

This notation makes logical constraints part of the
learning goal. Test training cycles were conducted both

with the regularizer (A > 0), and without it (A = 0).

3.2. Model Evaluation

To evaluate the trained NER/RE model, we chose
precision (the precision metric) as the optimization
metric, which is the proportion of correctly labeled
tokens among all tokens to which the model assigned a
nonzero (non-“0") class or relation label. In the con-
text of knowledge graph enrichment, this allows the
minimization of the number of false positives in the
RDF graph. Each erroneously added entity or rela-
tionship breaks semantic consistency and requires
manual cleaning, and missed facts can be further
extracted in subsequent iterations of the pipeline. This
determines the priority of the precision metric with a
moderate decrease in recall, i.e., the proportion of
correctly labeled tokens of a given class among all
tokens of a given class in the sample (hereinafter
referred to as the recall metric).

AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS

4. CREATION AND ENRICHMENT
OF THE KNOWLEDGE GRAPH

To incorporate the extracted facts (in the form of
subject-predicate-object triplets) into the knowledge
graph, we developed a pipeline that transforms the raw
data and BIO markup results into RDF format. In the
first step, the main tables were selected from the rela-
tional database: Tasks (applications), Companies (cli-
ent companies), and Devices (equipment). These
tables were exported and an instance of the corre-
sponding ontology class was created for each record.
So, for example, for a row in a table 7Tasks an instance
of the class ServiceRequest. Ticket fields (subject,
problem description, solution comment, effort, time-
stamps, etc.) are converted to literals or graph relation-
ships. The mapping of database objects to ontology
classes ensures the initial filling of the knowledge
graph with structured information from the database,
as shown schematically in Fig. 4. At this stage, a subset
of 10000 applications was extracted, which were then
transformed into an initial graph for subsequent
enrichment with the NER/RE model.

In the second step, knowledge extraction from the
text was performed using the previously trained
NER/RE model (Sec. 4). For each application, text
fields (subject, description, and comments) were
extracted and combined into one text fragment. The
Vol. 59

Suppl. 6 2025



S578

1.0

KHALOV, ATAEVA

093

0.8 - 078

0.70 0.6969 0.6868

0.6 te = 06

0.60p 5
56 057

053053 55, 054

0.4 B 38

0.2

conll2003 wikiann_en

1.0

0.67 0.670.67

wikiann_ru

Model

mm claude 3-5-haiku-20241022
claude 3-5-sonnet-20241022
claude_3-haiku-2024307

mm claude-3-opus-latest
deepseek_r1-distill-qwen-32b-ugj

mm gpt-3.5-turbo-0125
gpt-4-turbo

e gpt-40
gpt-4o0-mini
llama-3-1-8b-instruct-orp

m= |lama-3-3-70b-instruct-gguf-itb
mistral-small-24b-instruct-2-vzv

0.00
wnut_17

0.84

0.6

0.500.50

0.4 0.40

conll2003 wikiann_en

wikiann_ru

Model

mm claude_3-5-haiku-20241022
claude 3-5-sonnet-20241022
claude 3-haiku-2024307
claude-3-opus-latest
deepseek_rl-distill-qwen-32b-ugj
gpt-3.5-turbo-0125
gpt-4-turbo
gpt-4o0
gpt-4o0-mini
llama-3-1-8b-instruct-orp
mm |lama-3-3-70b-instruct-gguf-itb

mistral-small-24b-instruct-2-vzv

wnut_il7

Fig. 5. Comparison chart of Token F1 and Seqeval F1 metrics.

NER/RE model processed a text fragment and
returned a sequence of labels for the tokens.

Sequences of tokens of length » with BIO-tags of

the same class {Bc, I ... 1, ,f} were combined into a sin-

gle named entity, an instance of the corresponding
class or ontology relationship. Each such object was
assigned a unique uniform resource identifier (URI,
for example http://itog.it/Extracted Entity/UUID).

Then, based on the predicted relationships, a tem-
plate was checked: if an entity—relationship—entity
sequence was found (for example, “the server provides
the application”) and the prediction corresponded to an
ontological property that is valid between the classes of
these entities, then an RDF triple was formed linking
the two extracted entities by this property.

5. RESULTS

5.1. Testing and Selecting a Model
Jfor BIO Pseudolabeling

The models were compared on four benchmarks
(CoNLL 2003, WikiAnn (en), WikiAnn (ru), and

AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS

WNUT 17) using two types of F1 metrics. Figure 5
shows the distribution diagrams of metrics grouped
by datasets. The models are marked in different col-
ors. The top chart shows the Token F1 metric values,
and the bottom chart shows the Segeval F1 values for
each model.

The GPT-4-turbo model outperforms its competi-
tors in most cases on the BIO tagging task. Interest-
ingly, this model was not the most modern at the time
of the experiments, but it showed the best results. Fig-
ure 6 shows a plot of the Seqeval F1 metric averaged
across all trials. The worst results were obtained for the
WNUT 17 dataset, presumably due to the specificity of
the labels: it is more difficult for the model to perform
labeling if the labels themselves are represented by
large sequences of characters or contain independent
meaning.

Thus, the following conclusions can be drawn from
the average Seqeval F1 score across all datasets: large
models lead in the average score, and the GPT-4-
turbo model is among the best in the average score,
ranking first in the two WikiAnn datasets. In the
English news corpus CoNLL 2003, the first place is
Vol. 59
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BIO pseudolabeling: mean F1 (seqeval) by benchmarks—top-8 models
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Fig. 6. Comparison of models by average Seqeval F1.

taken by the Claude-3-opus model, while WNUT 17
remains difficult for all contenders from the list of
candidate models for BIO-labeling (see Appendix 3).

The experimental results showed that: the best
practical choice is the GPT-4-turbo model; it per-
forms stably in terms of multilingual benchmarks,
demonstrates high precision metrics, and it yields a
better/comparable Seqeval F1 metric on multilingual
corpora.

5.2. Formation of a Sample Subset
and Pseudolabeling

Although the GPT-4-turbo model demonstrated
the best results for the benchmarks, the GPT-40
model was selected for the final dataset labeling. This
decision is due to the following factors: (1) significant
cost savings with comparable quality for Russian-lan-
guage data; (2) better performance on multilingual
corpora that match the dataset profile; and (3) optimal
precision/recall ratio (see Appendix 2).

A rough calculation yielded the number of objects
that could be marked within the external constraints:
90000 or about 13% of the original data corpus. Fil-
tration was carried out using the method specified in
paragraph 2.4. Figure 7 shows a two-dimensional
projection of the clustered embeddings of objects in
the original data corpus (left) and the filtered subset
(right).

After the GPT-40 model was applied, three subsets
of tokens were extracted, labeled as types, classes, and
relations. The result was a labeled data corpus with a
volume of 81505 objects containing 3037348 tokens,
of which 773324 were labeled (a word with any label

AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS

apart from “O” is considered to be labeled) (see
Appendix 4).

5.3. Fine-Tuning the Base Model

The XLLM-RoBERTa-large model (24 transformer
layers, ~550 million parameters), which was pre-
trained on the CommonCrawl corpus for 100 lan-
guages [29], was selected as the base model. To
account for domain-specific characteristics and
improve the quality of the model on domain data, we
performed additional domain-adaptive fine-tuning.
The training corpus for the MLM task (total volume >
650 k samples) was compiled from the original dataset,
which consisted of texts from an internal customer
support ticket database and documentation.

During training, 15% of the tokens in each
sequence were masked, which is the recommended
hyperparameter for the masked language modeling
task. The training was conducted over 33 epochs. As
can be seen from Table 1, loss and perplexity metrics
decreased significantly after fine-tuning, indicating an
improvement in the model’s ability to generate
domain-specific vector representations of natural lan-
guage texts. The fine-tuning process was performed on
a single NVIDIA A100 GPU accelerator for 250 h.

5.4. Training the NER/RE Model

At the stage of hyperparameter selection, it was
established that the proposed in Section 4 regulariza-
tion has a negative impact on the metrics (see Appen-
dix 5). Architectures with attention mechanisms
showed the best results. Table 2 shows comparative
Vol. 59

Suppl. 6 2025



S580

Clustering (HDBSCAN) + TSNE, visualization of 100% data

x Centers of clusters

KHALOV, ATAEVA

Clustering (HDBSCAN) + TSNE, visualization of 100% data

x Centers of clusters

Fig. 7. 2D projection of embeddings before and after filtering.

metrics for the best test training cycles. The head col-
umn indicates two types of networks, namely, with an
attention mechanism (att, attention) and without it
(ff, ffed forward), the “reg” column indicates the reg-
ularization coefficient, and “layers” indicates the
number of layers in the neural network. The complete
table for all test cycles of the NER/RE model training
is presented in Appendix 5.

5.5. Model Evaluation

Assessment in Table 2 is performed with respect to
the entire incoming sequence of tokens, taking into
account the background class “O;” here, the Token F1
metric is also used. This mode demonstrates a high
precision metric (=0.91) with moderate recall values
(=0.54), consistent with the chosen strategy: the
model does not strive to predict all potentially infor-
mative tokens, but when assigning a CLASS or REL
label, it demonstrates high reliability.

After the training was complete, we evaluated the
model using the “no O” protocol, i.e., excluding the
contribution of background tokens. In this regime,
intra-class accuracy and F1 metrics remain high,
while the precision metric systematically drops as
label support decreases: the expected “long tail”
effect. Figure 8 shows the impact of the frequency of
labels in the dataset with respect to the metrics. Table 3
shows the most complex labels for the recall and preci-
sion metrics, indicating the top errors. The reasons
for the errors can be attributed to the semantic close-
ness of objects and the token-level nature of BIO
annotations.

5.6. NER Enrichment of Knowledge Graphs

The overall quantitative and qualitative effects of
applying the proposed pipeline to the corporate ITSM
base are presented. These results demonstrate not only
an increase in the volume of knowledge but also that

Table 1. Comparison of metrics before and after fine-tuning the XLM-RoBERTa-large model on the validation (val.) and

test (test.) datasets

Loss (val.) Perplexity (val.) Loss (test.) Perplexity (test.)
Base model 1.52 4.55 1.53 4.60
Fine-tuned model 0.52 1.68 0.52 1.68
Table 2. Comparative metrics of models
f1 Accuracy Precision Recall
head reg | layers | class rel avg class rel avg class rel avg class rel avg
id 0 2 0.56 | 0.72 | 0.64 | 0.45 | 0.58 | 0.51 | 0.85 | 095 | 0.90 | 045 | 0.58 | 0.51
att 0 4 0.57 | 0.76 | 0.67 | 0.46 | 0.61 | 0.54 | 0.85 | 0.96 | 0.91 | 0.46 | 0.61 | 0.54
AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS  Vol. 59 Suppl. 6 2025
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new entities and relationships fit correctly into the
structure of the knowledge graph and remain logically
consistent with the constraints of the ontology.

Table 4 shows that at the first stage of processing,
each object was transformed into about 12 triplets,
where each triplet can be interpreted as a fact obtained
from the data.

After the application of the NER model, more than
50 thousand entities were extracted and more than
160 thousand relationships were formed; the auto-
matic inference of new facts multiplies them 2.5-fold.
As a result, the total knowledge extracted from
10000 support tickets approaches one million triplets,
and the expansion factor increases from 2.65 to 3.52.
The proportion of inferred facts reaches approxi-
mately 71.6% of the entire graph, indicating an inten-
sive expansion, and automatically inferred facts make
up the majority of the graph. At the same time, the
integrity of the graph structure was preserved: as
before, all nodes are connected into a single compo-
nent (thanks to the class nodes from the ontology).

Thus, each original row of the database is trans-
formed into hundreds of interconnected facts; this sig-
nificantly increases the expressiveness of the data and
opens up the possibility of complex queries in SPARQL
that are not available either at the SQL language level or
in the knowledge graph in its original state.

Table 5 shows that the increase in nodes and edges
is accompanied by the expected “sparseness” of the
network, but the appearance of nonzero clustering
(0.08) shows that new entities form related semantic
clusters. This means that the new nodes form local
groups. For example, mentions of names of software
could be linked through the common class Software
Package or, through one device, through the class
Hardware.

AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS

The resulting semantic network exhibits the prop-
erties of a scale-free structure: the distribution of node
degrees decreases monotonically, and the distribution
includes nodes with relatively high degrees—these are
ontology nodes and the most common entities, such
as, for example, typical services; the majority of nodes
have low degrees (tens of times smaller). This charac-
ter indicates the correctness of the integration of new
data: they did not turn the graph into a chaotic struc-
ture where everything is connected to everything else
but rather fit into the existing semantic structure,
forming semantic clusters around known concepts.

Figure 9 compares the same entity corresponding
to the original data object (support ticket) before and
after NER enrichment. As can be seen, in the initial
state, a limited set of objects are associated with the
central node, but after enrichment, nine new connec-
tions appeared that were not in the database. They
describe time intervals, modes, organizations, respon-
sible persons, etc.; all of this important information
was contained implicitly (not explicitly) in the text of
the application in natural language.

The model automatically detected instances of
classes, after which relationships were established
between them in accordance with the axioms that are
explicitly contained in the ontology. The cluster and
semantic analysis of entities with category labels
UNK-C and UNK-R will further allow us to identify
new classes and relationships for expanding the
ontology.

5.7. Processing UNK Entities
and Expanding the Ontology

All entities with the UNK-C (class candidates) and
UNK-R (relationship candidates) labels were clus-
Vol. 59
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Table 3. List of the most difficult labels and the percentage of errors in the “no O” assessment protocol

Labels hardest by recall

Labels hardest by precision

label type confusion (% err) label type confusion (% err)

PES Class PCS (26.9%) CMO Class SDY (27.8%)
RRE Class STM (22.0%) TLE Class AET (25.0%)
RNT Class DDY (13.6%) SST Class SDY (40.4%)
QIE Class CCY (38.4%) CPO Class SDY (68.6%)
CAM Class HWE (19.5%) CON Class CUN (17.3%)
UNK-R Relation 0O (14.9%) HRS Relation HER (42.1%)
HSR Relation HRS (60.9%) HCB Relation HER (25.0%)
HRS Relation HER (42.1%) HIE Relation HLY (33.3%)
RIS Relation UES (22.6%) HAT Relation HIS (16.7%)
HES Relation HRS (20.9%) UES Relation HIE (15.0%)
HIS Relation HES (21.3%) HME Relation HES (33.3%)
DEF Relation 0 (37.5%) HVE Relation HRS (40.0%)
Table 4. Comparison of database and knowledge graphs

Data Source and volume Nodes ];:r)ig}lectlst Withdrawn ;{;ctflsl Ex?ai?;lon
SQL 10 000 rows of tasks (+keys inside rows) =10000 — — — —
Basic RDF | Direct SQL — RDF mapping 13899 115661 191262 306923 2.65
NER- RDF | Base graph + automatically extracted facts 66194 279546 705330 984876 3.52

IThe expansion ratio is calculated as the proportion of the total number of facts in the graph to explicit triplets (those that were explicitly
imported into the graph), and it is an important indicator of the automatic inference of new facts.

Table 5. Topological changes of the graph after NER enrichment

Metrics Before NER After NER A
Number of nodes 13899 66194 +376%
Number of ribs 40094 151670 +278%
Average degree (k) 5.77 4.58 —21%
Density 4.1 %1074 6.9 x 10~ 1x6
Clustering C 0.00 0.08 +0.08

tered into synsets suitable for expert validation and
inclusion in the ontology.

For each UNK entity, embeddings were con-
structed in the manner specified in Section 4.

The initial set contained 244679 elements. In the
first step, we removed noise and nonword units and
filtered by cosine similarity, setting the threshold as
the 10th percentile of the distribution of distances
within pairs separately for classes and for relationships.
After this procedure, 50630 class candidates and
141317 relationship candidates remained. Additional
cleaning by token length (at least three characters)

AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS

reduced the sample to 44631 and 112695 objects,
respectively. Using principal component analysis
(PCA), the embeddings were then reduced to
128 dimensions, after which clustering was performed
using the k-medium (minibatch) k-means) with
hyperparameter k = 12 for each set of objects. For each
cluster, the geometric median was calculated using the
Weitzfeld algorithm; a compact neighborhood of fixed
size (no more than the 50 closest objects) was formed
around this median, the original objects of which
formed a synset for expert analysis. Figure 10 shows
the effect of geometric median filtering on clusters of
Vol. 59
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Fig. 10. 2D projection of UNK embeddings before and after filtering.

objects labeled as UNK-CLA (unknown class repre-
sentatives extracted from input texts) and presents a
2D projection before and after filtering. As a result, we
obtained dense and homogeneous local semantic sets
(Appendix 6).

A qualitative analysis of synsets conducted by an
expert demonstrated the semantic coherence of the
groups and allowed the proposal of ontological speci-
fications. Thus, the synset in which verb forms such as
“issued,” “changed,” “saved,” “tested,” and
“restored” predominate was interpreted as a class of
modification processes: rdfs:label—ModificationPro-
cess; rdfs:comment— “the type of process responsible for
modifying configuration items, settings, and parame-

AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS

ters.” Properties such as “responsibility” and “role”
are in this case inherited from the ontology and are
necessary to complement RDF triples.

6. PRACTICAL SIGNIFICANCE
AND USE SCENARIO

Automating knowledge graph enrichment signifi-
cantly reduces the labor intensity of maintaining
knowledge relevance in ITSM. Unlike the manual
addition of ontology by experts, the proposed method
can be implemented as a background process with
minimal intervention. Integrating NER/RE results
with ontological constraints ensures a high accuracy of
Vol. 59
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Called SPARQL: Direct query (o]
SELECT ?hardwareName (COUNT(?serviceRequest) AS
2requestCount) WHERE {

t a kz:Servi t;
kz:hasCustomer ?client;
kz:hasDevice ?hardware.
2client rdfs:label "N
?hardware rdfs:label ?hardwareName.

} GROUP BY ?hardwareName ORDER BY DESC(?

requestCount) LIMIT 5

?servi

Called SPARQL: Direct query (ON )
SELECT ?hardwareName WHERE {
?hardware a itsmo:Hardware;
rdfs:label ?hardwareName.
FILTER NOT EXISTS {

?serviceRequest a kz:ServiceRequest;
kz:hasCustomer 2client;
kz:hasDevice ?hardware.

2client rdfs:label |

}

Fig. 11. Interface for processing queries to a knowledge graph in natural language.

knowledge extraction from texts: the model imple-
ments a conservative extraction strategy and adds to
the graph only those facts that it is confident in and
that match the schema. Thanks to this property,
semantic consistency of data is achieved: the system
does not violate the rules and restrictions defined by
the ontology. It is significant that, even after an almost
fivefold increase, the graph retains a strict structure
and connectivity.

The automated graph satisfies specific queries
that are not achievable in the relational data model.
Figure 11 shows the GraphDB Chat interface: an
LLM connected to enriched graph answers the question
“What breaks most often at company XXXXXX and what
can you offer them?” Next, the graph facts are used to
derive the client’s most problematic devices and gener-
ate a proposal relevant to the client’s behavior, stored as
a linked set of facts in the knowledge graph.

Stages of response formation:

(1) The SPARQL subquery retrieves aggregated
breakdown statistics (COUNT for entities of the
Hardware class associated with ServiceRequest and
ClientCompany).

(2) The second query searches for equipment of
the same type that is not available at the customer
(FILTER DOES NOT EXIST { ?new hw itsmo:has-
Customer : XXX }).

(3) LLM interprets the results by ranking them by
frequency.

In a tabular SQL schema, this synthesis is compli-
cated: facts concerning the state of the equipment are
stored in rows of different tables, and the concept of
missing but compatible equipment is not explicitly
represented. The graph model, together with a special-
ized language model, allows this condition to be spec-
ified using a SPARQL construct. Thus, we demon-
strate that our pipeline improves query expressivity

AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS

and opens the way to recommendation scenarios with-
out manual preparation of data marts.

CONCLUSION

A reproducible graph—model—graph cycle for the
automatic enrichment of the corporate knowledge
graph and semiautomatic expansion of the ontology in
the ITSM domain has been developed and experimen-
tally validated. The key components of the proposed
approach are:

* a unified ontological scheme that combines the
DOLCE ontology with the ITSMO domain ontology;

» significant BIO-corpus (3 million tokens, 92 tags);
» original architecture of the NER/RE model;
* UNK-mark mechanism.

The ontology was expanded with 12 new classes
and 12 new relationships. The inclusion was carried
out with a consistency check according to the hierar-
chies and constraints of the ontology.

The proposed cycle—from markup to ontologically
formulated constructs—is based on the priority of
accuracy, as is noted in Section 4: We deliberately
choose a conservative model with a high precision
metric because for semiautomated integration, the
reliability of a single solution is more important than
exhaustive coverage. In practice, this strategy reduces
the proportion of false positive candidates in UNK
sets, reduces the workload for the expert, and speeds
up the UNK—synset—specification—inclusion steps.

Taken together, this demonstrates that UNK tags,
enhanced by contextual embeddings and compact
cluster sampling, serve as an effective mechanism for
identifying previously absent concepts and properties.
The method provides a reproducible, controllable,
and reactive ontology extension in a semiautomated
manner.
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The effectiveness of the approach is confirmed by
quantitative metrics: a 4.76-fold increase in the graph
size (from 13899 to 66194 nodes) and an increase in
the expansion coefficient from 2.65 to 3.52 while
maintaining logical consistency. UNK tags for semi-
automatic detection of new classes and relationships
can significantly reduce the time required to update
ontologies.

S585

A set of methods for creating synthetic data sets
using an ontology dictionary as a label space is pre-
sented, the possibilities of explicit and implicit logical
regularizations in the process of training an encoder
model are demonstrated, and the research results are
tested in working scenarios.

APPENDIX 1

A prompt used to test models’ BIO-markup abilities. All class labels from the class dictionary and the text for
marking are supplied to sorted_labels and text, respectively.

The possible entity classes are: {sorted_labels}
Use the '0' tag if the token does not belong to any entity.
Sentence: {text}

Each element in that list should be a BIO tag (eg, 'B-PER',
For example: [\"B-PER\", \"O\", \"B-LOC\", ...]

Below is a sentence. You have to annotate each token using BIO format for named entity recognition.

Return the annotations as valid JSON with a single key 'ner', whose value is a list of the same length as the token list.
'I-PER', '0').

APPENDIX 2

Prompt used by LLM pseudomarkup. The prompt fragment for multiclass NER markup consists of two main
parts: there is a part with examples given in the required JSON format, the examples of which contain all types
of labels, and the second part is the prompt itself, which contains the workload in the form of text to be marked
up and a list of labels with a description of the semantics of each label (the prompt does not specify the annota-

tions of each class).

few_shot_examples = (
Example 1:

Output (JSON):
{

"ner": {
"Not": "O",
"works": "O",
Windows: "B-SPE",
", "o,
"Not": "0",
"it works out": "0",
"connect": "B-RIS",
"To": "0",\n"'

"base": "B-UNK-C" // unknown class (eg data-base)
}
}

system_prompt = (

[ENTITY & RELATION LABELS]
{entity_labels_str}
[END LABELS]

Instructions:

Input: Windows doesn't work, I can't connect to the database.

"You're an expert NER and Relation Extraction model specialized in the IT domain and ITIL.
tagging for both Named Entity Recognition (NER) and relation extraction.”

Annotate each token using BIO

- Assign 'B-' for the first token of an entity or relation.

- Assign 'I-' for subsequent tokens within the same en-tity or relation.
- Use '0' for tokens not belonging to any entity or re-lation

- Prioritize tagging IT and ITIL domain-specific terminology.

- Try to label as many words as possible. If unsure, use "UNK'.

Output format (JSON):

\"ner\": {
\"token1\": \"BIO-tag\",
token2\": \"BIO-tag\",

}...

Examples:
{few_shot_examples}
Proceeded with provided text following the same schema.

AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS  Vol.59  Suppl. 6 2025
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APPENDIX 3
Results of an experiment that tests different models on BIO benchmarks.
F1 Precision Recall
Benchmark Model -
seq. bin seq. bin seq. bin
conll2003 claude-3-5-haiku-20241022 29.9% 52.8% 27.2% 52.2% 33.1% 53.4%
claude-3-5-sonnet-20241022 51.6% 69.5% 47.4% 66.7% 56.6% 72.5%
claude-3-haiku-20240307 30.1% 53.5% 28.0% 51.7% 32.4% 55.3%
claude-3-opus-latest 55.2% 69.0% 53.6% 65.5% 56.9% 73.0%
deepseck-r1-distill-qwen-32b-ugj 49.3% 68.6% 45.1% 61.2% 54.3% 78.2%
gpt-3.5-turbo-0125 30.3% 52.3% 30.4% 52.2% 30.2% 52.3%
gpt-4-turbo 49.7% 68.4% 48.0% 62.3% 51.6% 75.9%
gpt-40 50.2% 67.9% 47.5% 63.1% 53.1% 73.6%
gpt-40-mini 29.9% 53.6% 28.0% 49.2% 32.0% 58.9%
llama-3-1-8b-instruct-orp 7.3% 36.4% 5.3% 25.2% 11.7% 65.8%
llama-3-3-70b-instruct-gguf-itb 26.0% 48.2% 23.8% 44.5% 28.7% 52.5%
mistral-small-24b-instruct-2-vzv 17.1% 38.3% 15.2% 35.8% 19.6% 41.1%
wikiann_en claude-3-5-haiku-20241022 15.8% 61.3% 14.3% 75.0% 17.8% 51.8%
claude-3-5-sonnet-20241022 33.1% 73.3% 29.7% 85.1% 37.5% 64.4%
claude-3-haiku-20240307 15.8% 60.4% 14.1% 74.8% 17.9% 50.7%
claude-3-opus-latest 44.0% 78.3% 40.8% 86.7% 47.7% 71.3%
deepseek-r1-distill-qwen-32b-ugj 35.1% 73.6% 31.9% 84.9% 39.1% 64.9%
gpt-3.5-turbo-0125 0.0% 54.5% 0.0% 75.0% 0.0% 42.9%
gpt-4-turbo 66.7% 93.3% 66.7% 87.5% 66.7% | 100.0%
gpt-4o0 40.0% 66.7% 50.0% 80.0% 33.3% 57.1%
gpt-40-mini 0.0% 71.4% 0.0% 71.4% 0.0% 71.4%
llama-3-1-8b-instruct-orp 6.9% 61.8% 5.2% 57.5% 10.2% 66.9%
llama-3-3-70b-instruct-gguf-itb 21.3% 64.5% 18.4% 74.1% 25.3% 57.1%
mistral-small-24b-instruct-2-vzv 15.0% 56.1% 13.5% 71.8% 16.8% 46.1%
wikiann_ru claude-3-5-haiku-20241022 18.5% 64.8% 15.9% 74.8% 22.1% 57.1%
claude-3-5-sonnet-20241022 27.1% 72.2% 23.1% 83.8% 32.6% 63.5%
claude-3-haiku-20240307 13.1% 59.8% 11.2% 69.5% 15.8% 52.4%
claude-3-opus-latest 32.9% 75.0% 29.5% 84.5% 37.4% 67.4%
deepseek-r1-distill-qwen-32b-ugj 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
ept-3.5-turbo-0125 0.0% | 57.1% 0.0% | 66.7% 0.0% | 50.0%
gpt-4-turbo 50.0% 88.9% 50.0% | 100.0% 50.0% 80.0%
ept-4o 0.0% | 60.0% 0.0% | 60.0% 0.0% | 60.0%
ept-do-mini 50.0% | 66.7% | 50.0% | 60.0% | 50.0% | 75.0%
llama-3-1-8b-instruct-orp 6.1% 59.3% 4.4% 52.4% 9.6% 68.4%
llama-3-3-70b-instruct-gguf-itb 20.4% 66.6% 17.3% 73.6% 24.9% 60.9%
mistral-small-24b-instruct-2-vzv 13.5% 57.9% 12.3% 71.7% 15.0% 48.6%
wnut claude-3-5-haiku-20241022 0.0% 24.5% 0.0% 17.9% 0.0% 39.0%
claude-3-5-sonnet-20241022 15.2% 35.6% 10.6% 26.5% 27.1% 54.2%
claude-3-haiku-20240307 0.0% 23.0% 0.0% 16.1% 0.0% 40.3%
claude-3-opus-latest 13.6% 36.7% 9.6% 26.2% 23.3% 61.5%
deepseck-rl1-distill-qwen-32b-ugj 1.7% 33.0% 1.1% 22.2% 3.3% 64.4%
gpt-3.5-turbo-0125 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
gpt-4-turbo 2.8% 37.7% 2.1% 26.8% 4.5% 63.2%
gpt-do 1.4% 34.5% 1.0% 24.1% 2.3% 60.7%
gpt-40-mini 0.2% 27.4% 0.1% 20.2% 0.3% 42.8%
llama-3-1-8b-instruct-orp 0.1% 9.0% 0.1% 4.9% 0.6% 55.3%
llama-3-3-70b-instruct-gguf-itb 2.0% 26.8% 1.3% 19.1% 3.7% 44.6%
mistral-small-24b-instruct-2-vzv 0.0% 17.3% 0.0% 12.4% 0.0% 28.7%
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Distribution of labels in the synthesized dataset

[distribution cat_rel none]:

0: 2232028
CLA: 667908>
REL: 105496
UNK: 31916

| Distribution of class_tags]:

0: 2369495
UNK-C: 125902
ITY: 100113
HWE: 81238
SPE: 80533
TNL: 62252
IRE: 49713
CAM: 18107
PLT: 16653
PES: 15758
DMT: 14996
MNS: 13858
STM: 1295

SOQ: 8429
ACN: 6258
QIE: 5575

TLQ: 4470
CUN: 3938
PIT: 3242

PAN: 2772
SEN: 2545
BDG: 2539
CPO: 2384
NCT: 2249
RNT: 2179
AET: 2159

[Distribution of rel _tags]:

0: 2931877
RIS: 39290
UNK-R: 30466
HSR: 15628
HIS: 2782
HES: 2361
UES: 1933

HOE: 1536
HRS: 1494
HSD: 1255
HNE: 1157
HNS: 1131
HFD: 863
HAT: 720

PCS: 2136
ULY: 1992
SON: 1954
CON: 1808
RRE: 1769
PIY: 1472
PRY: 1124
LLE: 1076
DER: 974
SST: 969
LCE: 935
AY: 927
REY: 873

HGN: 679
HPS: 671
HVE: 511
HME: 469
HGS: 440
DEF: 313
HEN: 279

CLE: 815
SAE: 736
SLA: 698
CCY: 651
TLE: 632
SOO0: 564
DDY: 515
AFR: 513
AIT: 511
SEE: 481
CMO: 437
WAY: 409
QAE: 370

HCB: 269
HIE: 227
HER: 184
NO: 174
HOY: 168
HCN: 143
HLY: 12

Synsets and their transformation into an ontology object

Example of a class and its definition:

['issued’,
‘changed’,
'did',
"Prescribed’,
'Sent’,
‘changed’,
'saved’,
'Changed’,
"Prescribed’,
'Changed’,
'Protested’,
'Changed’,
'Brought out',

AUTOMATIC DOCUMENTATION AND MATHEMATICAL LINGUISTICS

'Cancel’,
'saved’,
'dropped’,
'Changed’,
'Created’,
‘changed’,
'Requested’,
'introduced’,
'gave',

‘Sent’,

'Send’,
'Readdressed’,
'will be applied’,

'Throwed down',
‘changed’,
'‘Added’,

'l found out’,
'dropped’,
'Sent’,
'Changed’,

'l found out’,
'Freed',
‘changes’,
'Checked’,
'restored’,
'Requested’,

Vol. 59
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APPENDIX 4

DNE: 303
ATN: 258
PSN: 229
SDY: 213
BLE: 151
AVT: 146
SET: 115
OLA: 102
QYE: 94
DYH: 82

_A: 100
HIY: 67
HRY: 19
HNH: 18

APPENDIX 5

'added’,
'Sent’,
'saved’,
'T'll rename’,
'Changed’,
'Cancel’,
'Chosen’,
'Asks',
‘changed’,
'Cancel’,
'Enabled’]
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An example of a relationship and its definition:

['Dmitry.', ‘check.’, ‘teamweaver:.', ‘evernot.’,
'absent.’, 'Int.", 'absent.’, 'absent.’,
'absent.’, 'delivered.’, 'modem.’, 'absent.’,
"UEFI,’, 'laptop.’, 'reconnection’, 'forwarding:’,
'absent.’, 'Skype.', 'Daria.’, ‘email.’,
'absent.’, ‘okay,’, 'hSPjds.’, 'year.',
'absent.’, 'Planned.’, 'keys.', 'Zhanatov.',
'195., 'issue.’, ‘outlook.’, Astana,
'Mail.', 'those.’, 'folder.’, lift.",
'NdgkyRI.", 'Bitrix.", 'Planned.’, ‘works.',
‘evernot.’, 'absent.’, 'Dmitry.’, ‘ev.'],
'absent.’, 'week.', ‘Jimail.",

"Ugpx.', 'absent.’, 'Sultan.',

rdfs:label: ModificationProcess

rdfs:comment: A type of process that handles the modification or change of a configuration item, setting, or
parameter.

Potential Properties: hasResponsible, hasAccountable, hasInformed, etc. (already defined in ITSMO for pro-
cesses)

owl:DatatypeProperty: hasNote

rdfs:comment: Holds additional notes or short remarks about the resource’s current status or environment.
<owl:DatatypeProperty rdf:about="http://ontology.it/itsmo/v1#hasNote">

<rdfs:domain rdf:resource="http://ontology.it/itsmo/v1#RunnableResource" />

<rdfs:range rdf:resource="http://www.w3.org/2001 /XMLSchema#string"/>
<rdfs:label>hasNote</rdfs:label>

<rdfs:comment>Additional short remark or note about a re-source.</rdfs:comment>
</owl:DatatypeProperty>
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