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The object of this study is Retrieval-Augmented 
Generation (RAG) systems used to improve the quality 
of responses by large language models (LLMs). The task 
addressed is to improve the efficiency of the semantic 
text segmentation stage in such systems, which direct-
ly affects the accuracy of extracting relevant fragments.

The work reports a method of semantic text seg-
mentation for RAG systems, based on the sliding win-
dow technique with a dynamically changing size. The 
method devised uses embedding models and makes it 
possible to take into account the semantic context of 
the text. The adjustable value of the cosine similarity 
threshold used in semantic splitting makes it possible 
to additionally increase the relevance of query forma-
tion to LLM. The developed algorithm for setting this 
threshold value makes it possible to more fully take into 
account the specificity of the query subject. Compared 
to advanced methods of semantic text segmentation, the 
method devised provides the following gains depending 
on the maximum document size parameter: IoU from 
0.2 % to 2.8 %, precision from 0.4 % to 3.1 %, omega preci-
sion from 1.4 % to 14.8 %. The gains are primarily asso-
ciated with text processing at the level of semantical-
ly complete units in the form of sentences, rather than 
tokens. In addition, the dynamic sliding window tech-
nique allowed for better adaptation to the text struc-
ture. The results are valid within the framework of the 
used evaluation, which covers heterogeneous text data-
sets, and could be applied in practice when building 
RAG systems in industries with high requirements for 
preserving the semantic integrity of the text, for exam-
ple, in law, science, or technology. The algorithms that 
implement the proposed method are posted on GitHub 
as Python libraries
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1. Introduction

Large language models (LLMs) are a powerful tool that 
makes it possible to solve a wide range of problems related 
to natural language processing. Their advantages include the 
ability to effectively process large volumes of text informa-
tion, extract semantic relationships, and generate meaningful 
responses. Due to these characteristics, large language mod-
els find application in various fields.

Despite their effectiveness and rapid development, the fol-
lowing problems remain relevant for large language models:

– hallucinations and distortions of facts in responses [1];
– difficulties in perceiving large context windows by 

language models, especially information in the middle of the 
window [2].

These problems are directly generated by LLMs because 
they are limited exclusively by the information that was used 
during training. The volume of this information is very large 
and heterogeneous, and the algorithms for generating respons-
es are probabilistic, which leads to diverse and not entirely 
accurate responses to the same queries. In addition, the “at-
tention” mechanism is used when generating responses. How-
ever, “attention” is formed based on the initial huge amount of 

information used in training. It does not take into account the 
importance of this or that information for a specific applica-
tion. Moreover, LLM training is carried out by large companies 
using supercomputers, and, naturally, they do not have time to 
train LLMs on the most recent data and do not have access to 
some volumes of commercial and technological information.

The problem of hallucinations can be solved by retraining 
the model on a data set specific to a particular application. 
However, retraining is an expensive and computationally 
intensive process.

The problem of perceiving large contextual windows can 
be solved by various methods of text summarization, or iso-
lating part of sentences from paragraphs [3].

One of the most promising methods for solving the above 
problems is the use of RAG (Retrieval Augmented Genera-
tion – generating a request to LLM and a response to the user 
taking into account additionally found relevant information). 
RAG makes it possible to expand the response of a large 
language model based on the context of the top-k documents 
retrieved for the request [4]. Thus, RAG makes it possible to 
expand the model’s knowledge without additional training 
and reduces hallucinations in responses, while maintaining 
a limited size of the context window. 
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allows for further division of the response into subspaces, 
thus reducing the likelihood of hallucinations. Experimental 
studies confirm the effectiveness of this approach. However, 
methods for integrating this approach with others require 
further development.

One of the possible developments of the method for 
contrasting query pairs [11] is proposed in [12]. A special 
self-tuning algorithm has been developed for better division 
of subspaces. However, the approach shows high performance 
only for large LLMs, and for a smaller number of parameters, 
typical for RAG, the performance is significantly reduced.

In [13], an approach is proposed that uses two languag�-
es to represent LLM queries. Subsequent matching and 
alignment makes it possible to form clarifying queries that 
increase the relevance of subsequent responses.

Despite all possible options for improving RAG systems, 
the stage of text segmentation into documents is always an 
important and relevant part of the system. The quality of the 
text segmentation stage depends solely on the methods used 
to divide the text into documents. The following main meth-
ods of text division can be distinguished:

– division of text into documents of a fixed size of char-
acters or tokens;

– recursive division of text based on separators in the 
form of punctuation marks;

– semantic division of text.
Paper [14] considers improving text segmentation in RAG 

systems using the above-described methods. It is noted that 
semantic division methods, in contrast to non-semantic ones, 
achieve greater efficiency due to the use of the meaning and 
context of the text. This approach makes it possible to obtain 
more complete documents as a result of division, not taken 
out of context. The efficiency of semantic methods in the field 
of law, where the text is often intertwined and has a complex 
structure, is also noted. Despite the achieved results, this area 
is still underdeveloped. This allows us to state that further re-
search on improving semantic division methods is advisable. 

Study [15] reports an improvement in the algorithm for 
recursive text division using a more extended list of separa-
tors. The list of separators is expanded and ordered in such a 
way that more semantically significant separators are at the 
beginning. For example, the first symbol is a period, and the 
last is a hyphen for a link of words. In this way, the algorithm 
divides the text into more semantically related chunks with-
out using an embedding model (a technique for converting 
text data into numerical vectors) [16]. The disadvantages of 
this approach include a rigid architecture of semantic divi-
sion, which does not adapt to the specificity of the content.

Paper [17] presents a percentile method of semantic divi-
sion. The text is divided into sentences using regular expres-
sions on punctuation marks (“?”, “!”, “.”) Then, pieces of text 
are formed using a window of size n sentences. Between the 
formed pieces, vectors are calculated using the embedding 
model. Cosine distances between vectors that lie above the 
95th percentile are recognized as boundaries for dividing the 
text into documents. However, this approach does not pro-
vide for satisfying the restrictions on the number of tokens 
used. Study [18] reports an improvement of the percentile 
method from [17] by finding, using binary search, such a 
percentile value that gives the size of the largest document no 
more than a given number of tokens. 

Work [18] also proposes a cluster method of semantic di-
vision of text based on dynamic programming. The original 
text is divided into pieces no larger than 50 tokens using a re-

Given the importance for practical use of obtaining the 
most relevant responses from LLMs and expanding their use, 
improving the algorithms of RAG is extremely relevant.

2. Literature review and problem statement

Paper [5] reports an improvement to the RAG system by 
using a rewriting model. The architecture proposed in the pa-
per first improves the search query using LLM and only then 
uses it to obtain an answer. This makes it possible to eliminate 
the gap between the initial query and the required informa-
tion. However, this does not use additional capabilities for 
highlighting the most important accents in the primary query.

Study [6] proposes an improvement to RAG systems 
using hypothetical documents. Based on the user’s query, a 
hypothetical document is generated using a language mod-
el, which is then encoded into a vector using a contrastive 
encoder. Based on this vector, relevant documents are ex-
tracted, and hallucinations are filtered out. Thus, the method 
requires generating hypothetical documents from a large 
language model for each query to the system.

Paper [7] suggests an improvement to RAG systems by 
using atomic facts as a search unit instead of traditional 
paragraphs or sentences. Facts are created using a model 
distilled from GPT-4, which decomposes text into minimal 
self-contained statements containing a single fact and the 
necessary context. This approach increases the density of 
relevant information in the retrieved documents, which 
improves search accuracy. Despite the improvements, this 
approach requires a large amount of computing resources to 
run the distilled model.

Paper [8] describes an improvement to RAG systems 
through the Advanced RAG paradigm. Advanced RAG im-
plements pre-search and post-search strategies. Pre-search 
optimizes indexing by adding metadata and applying query 
optimization techniques such as query reformulation and ex-
pansion. Post-search uses techniques for re-ranking extract-
ed text fragments and context compression to highlight the 
most relevant information. However, the proposed algorithm 
is based on predicting future content, which may lead LLM 
away from the most relevant answer. 

Study [9] reports an improvement to RAG systems 
through the use of the GraphRAG framework, which uses 
graph data structures to improve search and answer genera-
tion. GraphRAG includes three key stages:

– graph indexing (creation and organization of graph 
databases);

– graph searching (extraction of relevant nodes, paths, or 
subgraphs);

– graph generation (synthesis of answers using the ex-
tracted data).

This approach makes it possible to take into account the 
relationships between documents, which increases the accu-
racy of the answers. However, it requires the organization of 
graph databases, which take up additional memory.

Increasing the efficiency of segmentation can be achieved 
by embedding text and structured knowledge into low-di-
mensional spaces with subsequent detection of similarities 
between them, similar to how this is done on a large scale 
in LLMs [10]. However, at present, this approach requires 
further research.

The technology of using both a direct query to LLM and 
a reverse one in meaning in a pair is proposed in [11]. This 
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cursive text segmentation algorithm. For each obtained chunk, 
a vector is calculated using the embedding model. Then, the 
dynamic programming method is applied to maximize the 
pairwise cosine similarity between all pairs of chunks within 
each document. However, the use of division into clusters does 
not imply the formation of a package of different queries to 
increase the relevance of the resulting LLM answer. 

In [19], a method for semantic division of text based on 
finding a local minimum is reported. Initially, the method 
forms chunks of text by n sentences of dimension using a 
sliding window and vectorizes them. Then, the method again 
uses the sliding window technique between vectors and com-
pares the similarity between the formed windows. As soon as 
the similarity begins to decrease, and thus a local minimum 
is found, this place is recognized as the boundary for dividing 
the text into a document.

Thus, the algorithm from [15] is not exactly an algorithm 
for semantic text division, but rather an improvement of the 
recursive one, with an extended list of separators.

The percentile algorithms from [17, 18], as well as the al-
gorithm for finding a local minimum from [19], are processed 
by a static predefined window. The window size is an addi-
tional non-intuitive parameter that should be adjusted for 
text processing. However, the above methods do not provide 
ways to adjust this parameter. In addition, a static window 
adapts worse to the structure of the text: in some cases, it can 
capture too small a fragment, losing context, and in others, 
it can be too large, combining semantically unrelated parts.

The dynamic algorithm from [18] operates at the level of 
tokens, not sentences. This approach may prove ineffective 
since it can split initially semantically complete pieces of text 
into sentences. 

Summarizing the above-described methods for dividing 
text, we can highlight the following shortcomings that are 
important to consider when devising a semantic method for 
dividing text:

– missing the meaning and context of the text without 
using an embedding model;

– using techniques that are poorly adapted to 
the structure of the text in the form of a sliding 
window of static size;

– using non-intuitive parameters without a 
setting technique;

– fragmentation of an initially semantically com-
plete text because of operating at the token level.

Thus, existing methods of semantic text divi-
sion do not allow intuitive adjustment of algorithm 
parameters, they use techniques that are poorly 
adapted to the text structure, and often operate at 
the token level, which leads to artificial fragmen-
tation of semantically integral parts. This creates 
problems with preserving the logical and semantic 
coherence of the text, as well as with adjusting 
the algorithm. All this emphasizes the feasibility 
of devising a method that would make it possible 
to flexibly adjust parameters and work not at the 
token level but with larger semantic units.

3. The aim and objectives of the study

The aim of our work is to devise a method for semantic 
division of text based on the technique of a sliding window 
with a dynamic size, which makes it possible to adjust the pa-

rameter responsible for the size of the window formed during 
the operation of the algorithm. Such a method could make it 
possible to better divide text into documents for RAG systems 
and provide a way to adjust the parameters.

To achieve the goal, the following tasks were set:
– to develop an algorithm for semantic division of text 

based on the technique of a sliding window with a dynamic 
change in size;

– to develop an algorithm for adjusting the parameter 
responsible for the size of the window formed during the 
operation of the algorithm;

– to evaluate the proposed method in comparison with 
other methods of text division.

4. The study materials and methods

The object of research in our paper is RAG systems that 
improve the quality of LLM responses. The subject of research 
is the methods of semantic division of text used in RAG.

The basic hypothesis of the study assumes that the use 
of the dynamic size window technique in the methods of 
semantic division of text allows for better adaptation to the 
structure of the text, which in turn improves the quality of 
text segmentation into documents.

Several main configurations of RAG systems can be 
distinguished: naive, with a preliminary search stage, with a 
post-search stage, and combining post and pre-search stages 
in one system.

In the naive configuration, three components of the 
system can be distinguished: document indexing, docu-
ment extraction, and generation of a language model re-
sponse (Fig. 1). With this configuration, the quality of re-
sponses depends solely on the quality of document indexing 
and the embedding model for their retrieval (Retrieval Aug-
mented – search and extraction of relevant information and 
supplementation of the user’s request with this information).

In the configuration with the pre-search stage, a pre-search 
is added to the 3 components from the naive configuration. The 
pre-search component can perform various actions to improve 
the system’s responses before the retrieval stage. For example: 
optimizing or expanding the query using the language model, 
adding metadata to indexed documents, etc. (Fig. 2). Thus, the 
quality of the system’s responses depends not only on retrieval 
and indexing of documents but also on the pre-search stage.

 
  

Fig. 1. Operational scheme of a naive RAG
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In the configuration with the post-search stage, the post-
search is added to the 3 components from the naive configura-
tion. The post-search component can perform various actions 
to improve the system’s responses after the retrieval stage. For 
example: re-ranking documents using a language model or 
using keywords, summarizing or highlighting only the main 
information from the retrieved documents (Fig. 3). Thus, the 
quality of the system’s responses depends not only on retrieval 
and indexing of documents but also on the post-search stage.

In the combined configuration, the pre- and post-
search stages are added to the 3 components from the 
naive configuration. Thus, the quality of the system’s 
responses depends not only on retrieval and document 

indexing but also on the post- and pre-search 
stages together.

Since one of the tasks is to evaluate the 
devised method of semantic division of text, it 
is necessary to limit the influence of additional 
factors on the system’s operation as much as 
possible. Therefore, the naive RAG configura-
tion, limited to the retrieval stage, was used in 
the evaluation. Thus, the quality of the system 
is affected exclusively by document indexing 
and the retrieval model.

To evaluate the method devised, the frame-
work for evaluating the division of text into 
documents for RAG systems reported in [18] was 
used. It implements the above-described naive 
configuration, limited to retrieval.

The framework employs a set of public data 
from various fields: medical, financial, Wikipedia 

articles, US President’s speeches to Congress, user dialogs [20]. 
The total data set size is 328,208 tokens. Tokens were measured 
using the cl100k_base encoding used in gpt-4.

The framework uses 472 queries with relevant text frag-
ments generated from the dataset using gpt-4 [21]. Based on 
the queries, top-k documents obtained using the text division 
method under evaluation are extracted. Afterwards, the 
tokens of the extracted documents are compared with the 
tokens of the relevant fragments.

To evaluate the extracted documents, 
various metrics are reported in [18]. Our 
work applies precision, which is calculated 
using the following formula:

( )Precision ,e r
q

r

t t
C

t
=



		   (1)

where te are tokens of relevant documents,
tr are tokens of extracted documents,
C is the divided dataset,
q is the query.
Our work also uses recall, which is calcu-

lated using the following formula:

( )Recall ,e r
q

e

t t
C

t
=



 

		  (2)

where te are tokens of relevant documents,
tr are tokens of extracted documents,
C is the divided dataset,
q is the query.
For the case when the recall is 100 %, the 

precision is denoted as “precision Ω”.
In addition, token-wise Intersection over 

Union (IoU) is used, which is calculated us-
ing the following formula:

( ) ,e r
q

e r e r

t t
IoU C

t t t t
=

+ −




 

	  (3)

where te are tokens of relevant documents,
tr are tokens of extracted documents,

C is the divided dataset,
q is the query.
Some applications for assessing precision and recall cal-

culate the function:

 
  

Fig. 2. RAG operation scheme with preliminary search

 

 
  

Fig. 3. Scheme of RAG operation with post search
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1
Precision Recall2 2 .
Precision+Recall

e r

e r

t t
F

t t
×= × = ×

+


 

		  (4)

However, in practice, the IoU metric usually performs 
the function of F1 evaluation and provides a more intuitive 
understanding [18]. 

During the evaluation, the devised method used the all-
MiniLM-L6-v2 model [22] to obtain semantic information 
about the text. Thus, the evaluation process of the devised 
method was as follows (Fig. 4).

During the evaluation, the all-MiniLM-L6-v2 model [22] 
was used to obtain embeddings at the retrieval stage. This 
model is a retrained version of the embedding model based 
on MiniLM-L6-H384-uncased [23], which was trained on a 
dataset of 1 billion sentence pairs. 

The all-MiniLM-L6-v2 model transforms sentences and 
paragraphs into a vector of dimensionality 384 and is used for 
clustering and semantic search tasks.

5. Devising and experimentally investigating the 
method of semantic division of text with the ability to 

adjust parameters

5. 1. Development of an algorithm for semantic di-
vision of text

The original text T at the input is divided into a set of 
paragraphs P={p1,p2,…,pn} using the following expression:

( ),\ ,P split T n= +  		    (5)

where \n+ is a regular expression for finding newline char-
acters.

Then each paragraph pi is divided into a set of sentences, 
also using regular expressions:

{ }1 2, ,..., ,i i i ijS s s s=  		  (6)

where i is the paragraph number from set P,
j is the number of sentences in the i-th paragraph,
using the following expression:

( ), ?!. ,i iS split p  =   		   (7)

where [?!.] is a regular expression for finding 
punctuation symbols.

A finite set of sentences S can be expressed as:

1

,
n

i
i

S S
=

=
   

		   (8)

where Si is the set of sentences for the i-th para-
graph;

n is the number of paragraphs in set P.
The resulting finite set of sentences S is passed 

to the algorithm to start working.
The algorithm’s logic is based on the sliding 

window technique with a dynamically changing 
size [24]. The algorithm sets the pointer l to the 
first sentence, the pointer r to the second, and then 
iteratively moves the pointer r, expanding the win-
dow W[l, r]. The sentence at the pointer l and the 
window W[l, r] are transformed into vectors using 
the embedding model E:

( )
( )

,

, ,
l l

w

v E S

v E W l r

 =
  =     

	     (9)

where vl is the vector of sentence at pointer l,
vw is the vector of proposals of window W[l, r]. 
Then distance d between vectors vl and vw 

is calculated using the cosine similarity for-
mula [25]:

,l w

l w

v v
d

v v
⋅

=
⋅

  

		     (10)

where vl∙vw is the scalar product of vectors vl∙vw,
||vl||, ||vw|| are the norms of vectors vl and vw.
The result is the distance between sentence Sl and win-

dow W[l, r] (Fig. 5).
If distance d is less than the specified threshold t: the 

document W[l, r) is generated (Fig. 6).
Then the l and r pointers are updated as follows:

,
1.

l r
r r

 =
 = +  

				     (11)

The algorithm continues to work until:

,r i≤  				     (12)

where i is the number of sentences in set S.

 
  

Fig. 4. Scheme of the process for evaluating the method devised
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When expanding window W[l, r], it is clear how the se-
mantic meaning in the form of vectors obtained using the 
embedding model gradually “drifts” from sentence Sl to the 
sequentially formed windows W[l, r], W[l, r+i] (Fig. 7).

Fig. 7. Drift of semantic meaning when the window expands 

Adding a new sentence moves the window W[l, r] away 
from sentence Sl. If the new sentence Sr is very semantical-
ly distant from Sl, the cosine similarity will immediately 
move away. If it is close, the similarity will not change 
much.

Using a high threshold value of t=0.95, depending on 
the text, will lead to smaller documents with 1–2 sentences, 
while a low threshold of t=0.72 – to larger ones.

For additional control over the documents being created, 
the α parameter is used. It controls the maximum number of 
sentences in a document to prevent the creation of excessively 
large documents with semantically similar sentences. Such 
situations can occur when processing lists or tables with 
similar values.

Below is a diagram of the algorithm (Fig. 8).

 
  

Fig. 5. Finding the cosine similarity between Sl and the window W[l,r]

 
  

Fig. 6. Formation of document W[l, r] when passing the set threshold t=0.85 by distance d

 
 

  

 
  

Fig. 8. Flowchart of the semantic division algorithm
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The time complexity of the algorithm is of the following 
order:

O(n),  				    (13)

where n is the number of sentences.
The developed algorithm is available as a python library 

hosted on GitHub [26]. 

5. 2. Development of an algorithm for adjusting the 
cosine similarity threshold parameter

One of the main parameters of the algorithm is the cosine 
similarity threshold t.

In RAG systems, at the first stage there is always access to 
the data that needs to be divided. Thus, it is always possible 
to adjust the algorithm based on this data.

The developed adjustment algorithm is based on the 
binary search algorithm [27]. The source text is divided into 
paragraphs using operation (5) and then divided into sentenc-
es using operation (7).

Next, based on the specified size of the static window 
m, sentences S={s1, s2, …, sj} are sequentially processed and 
chunks of text are formed from – sentences:

{ }1 1, ,..., ,i i i i mC s s s+ + −=  		  (14)

where i is the number of a sentence from set S. 
For each obtained chunk Ci, the first sentence Ci1 and 

the entire chunk Ci are transformed into vectors using the 
embedding model E:

( )
( )

1 1 ,
.

i

c i

v E C
v E C

 =
 =  

					      (15)

Next, distance di between v1 and vc is found using cosine 
similarity (10).

A dictionary is formed from the obtained distances and 
chunks:

( ) ( ) ( ){ }1 1 2 2, , , ,..., , ,i iD d C d C d C=  			   (16)

where di is the key;
Ci – value.
The created dictionary D is sorted in ascending order 

based on distances di (Fig. 9).

Fig. 9. The process of forming dictionary D

After receiving the sorted dictionary D, the binary search 
algorithm is launched with a human evaluation. The evaluation 
is performed by entering a command in the terminal to increase 
or decrease the threshold value. If the generated chunk with a 
given distance is semantically complete in the human opinion, 
the threshold is decreased. If the generated chunk is semantical-
ly different, it is increased. After the evaluation is complete, the 
found distance is returned, the number is limited to two digits af-
ter the decimal point. The found value is the threshold t (Fig. 10).

Using the binary search-based tuning, the threshold value t 
of the cosine similarity can be adjusted based on the data that 

will be split. In addition, since the static window size of m sen-
tences is set in the process of forming dictionary D, the tuning 
finds the minimum threshold value for forming semantically 
complete documents of m sentences or more. 

The algorithm for forming dictionary D is shown be-
low (Fig. 11).

 

 
 

  

 
  

Fig. 11. Flowchart of the algorithm that forms a dictionary 

 
  

Fig. 10. The process of finding the threshold t using an 
assessment from a person
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Thus, the time complexity of creating a dictionary is of 
the following order:

O(n),  			   (17)

where n is the number of sentences.
The space complexity of creating a dictionary, which 

characterizes the amount of memory used, is also of the fol-
lowing order:

O(n),  		  		  (18)

where n is the number of sentences.
Below is a flowchart of the tuning algorithm based on 

binary search with human evaluation (Fig. 12).

The time complexity of tuning with human assessment is 
of the following order:

O(log(k)),  				     (19)

where k is the number of elements in the generated dictionary.
The developed algorithm for adjusting the cosine similar-

ity threshold parameter is part of the python library posted 
on GitHub [26].

5. 3. Experimental comparison of the proposed 
method with other methods of semantic text division

The framework from [18] was used to evaluate the meth-
od devised. Some of the results for other methods were also 
taken from [18]. The number of documents that were selected 
for subsequent processing was the same for all methods and 
was 5. The results of applying the devised method are given 
with a threshold value of t=0.72 and with the values of the 
maximum size of the divided documents in the form of α=3 
and α=6 sentences.

For other division methods, the size parameter of the di-
vided documents in tokens is set. Also, for some of the meth-
ods, a non-zero overlap parameter is set, which is responsible 
for the size of the text in tokens that intersects between the 
divided documents.

To obtain the threshold value t, tuning was performed 
using the proposed algorithm based on binary search, with 
a human assessment. During tuning, the window size was 
equal to m=3 sentences and the datasets from [18] were 
used. The threshold values found for individual datasets 
were averaged.

All results are given in Table 1. The best indicators for 
each metric are highlighted in bold. The method devised is 
marked with an asterisk. The metric values are given as per-
centages, ± indicates the standard deviation value.

From Table 1 it is evident that in comparison with the 
best-proven cluster semantic method of dividing text [18], 
the use of the devised method gives an increase in metrics 
depending on the size of α: IoU from 0.2 % to 2.8 %, precision 
from 0.4 % to 3.1 %, precision Ω from 1.4 % to 14.8 %.

In comparison with the modified percentile semantic 
method [18], in addition to an increase in precision, precision 
Ω, IoU, there is also an increase in the recall metric: IoU from 
3.9 % to 6.5 %, precision from 4.1 % to 6.8 %, precision Ω from 
19 % to 32.4 %, recall from 0.8 % to 7.0 %.

There is also an increase in precision, precision Ω, IoU 
of the proposed method in comparison with non-semantic 
methods of text division [28, 29]:

– in comparison with recursive [28]: IoU from 0.9 % to 
3.5 %, precision from 1.1 % to 3.8 %, precision Ω from 3.8 % 
to 17.2 %;

– in comparison with token [29]: IoU from 3.3 % to 
5.9 %, precision from 3.5 % to 6.2 %, precision Ω from 15.9 % 
to 29.3 %.

 
  

Fig. 12. Flowchart of the tuning algorithm based on binary 
search with human evaluation

Table 1

Results of the evaluation of text division methods

Division algorithm Parameter Recall, mean,  
(deviation) (%)

Precision, mean 
(deviation) (%)

Precision Ω, mean 
(deviation) (%)

IoU, mean  
(deviation) (%)

1 2 3 4 5 6
Recursive [28] size: 250 tokens; overlap: 125 tokens 78.7 (+21.3…–39.2) 4.9 (±4.5) 21.9 (±14.9) 4.9 (±4.4)
TokenText [29] size: 250 tokens; overlap: 125 tokens 82.4 (+17.6…–36.2) 3.6 (±3.1) 11.4 (±6.6) 3.5 (±3.1)
Reursive [28] size: 250 tokens; overlap:  0 tokens 78.5 (+21.5…–39.5) 5.4 (±4.9) 26.7 (±18.3) 5.4 (±4.9)
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6. Discussion of results based on investigating the 
devised method of semantic division of text

A feature of the devised method of semantic division of 
text is the joint use of the algorithm of direct text division 
(Fig. 8) and the algorithm of adjustment of the parameter 
of the threshold value of cosine similarity (Fig. 11, 12). Ad-
justment of the threshold value by a person allows the most 
adequate consideration of the semantic completeness and 
semantic features of the processed documents. The division 
of text by the developed algorithm of semantic division uses 
the adjusted threshold value. This ensures the best size of the 
variable proce.

ssing window from the point of view of the semantic 
meaning of the document formed as a result of division. The 
use of the threshold in the formation of the document is illus-
trated in Fig. 6. And the effect of an excessive window size on 
the semantic meaning of the entire document when adding 
the next sentence, semantically distant from the previous 
one, is shown in Fig. 7.

The application of the devised method based on the 
dynamic size sliding window technique and adjustable co-
sine similarity threshold provides a significant increase in 
comparison with both semantic and non-semantic methods 
of text division by the precision, precision Ω, and IoU met-
rics (Table 1). In the case of non-semantic methods [28, 29], 
the improvement is primarily due to the fact that the devised 
method takes into account the semantic context of the text. 
In the case of semantic methods, the increase in metrics is 
primarily due to the use of the dynamic size window tech-
nique. However, it is also worth highlighting the tendency 
that semantic methods of text division, in particular the 
devised one, have a lower recall value in comparison with 
non-semantic ones: recursive 78.7 %, token 82.4 %. This 
behavior is explained by the use of a wider token window 
by non-semantic methods (200–250 tokens) and the overlap 
strategy, while the devised method operates at the sentence 
level, not tokens. Table 1 also shows that the recall values of 
the devised method vary from 68.7 % at α=3 to 74.9 % at α=6, 
which is due to the fact that α=6 expands the maximum 
document size to 6 sentences, thus increasing the number of 
tokens in it. However, with a larger value of α, the precision, 
precision Ω, and IoU metrics naturally decrease. The value 
α=3 gives better indicators of the above metrics.

The use of the tuning algorithm for the threshold value t 
based on binary search directly affected the indicators of the 
precision and recall metrics since it determines the key pa-
rameter of the algorithm. With the obtained value t=0.72, the 

method gave a noticeable increase in the metrics of precision, 
precision Ω, IoU (Table 1).

The method should be primarily used in cases where it is 
necessary to segment a large text corpus for subsequent in-
dexing and searching for relevant fragments when generating 
responses based on the information found.

The application of the proposed method will improve the 
quality of segmentation by forming more semantically complete 
fragments. Such an improvement, in turn, will have a positive 
effect on the quality and relevance of the generated responses.

Of the limitations, it is important to note that the method 
was evaluated using one framework with a specific and limited 
data set. However, the versatility of the framework used, and 
the heterogeneity of the data set allow us to hope that similar 
results will be observed for other data sets. It is also important 
to note that the value of the metrics is affected by the embed-
ding model used at the retrieval stage during the evaluation.

Among the disadvantages of the devised method, one 
can highlight a decrease in the recall metric compared to 
the best-proven cluster semantic method of dividing the 
text [18]: from 0.3 % to 6.5 % depending on the size of α. 
However, the devised method demonstrates an increase in 
the IoU metric from 0.2 % to 2.8 %, which indicates a greater 
correspondence between the divided documents and those 
relevant to the query.

The devised method is especially effective in spheres 
where texts have a complex structure and preserving the se-
mantic integrity of the obtained fragments is of particular im-
portance, specifically in the legal, scientific, or technical fields.

A possible improvement of the method would be the use 
of more complex regular expressions with an expanded num-
ber of separators to divide the text not only into sentences but 
into smaller, semantically complete units of text.

7. Conclusions

1. An algorithm for semantic text division based on the 
sliding window technique with a dynamically changing size 
has been developed. Text division, unlike analogs, is per-
formed at the sentence level, not at the token level.

2. An algorithm for adjusting the threshold value param-
eter for use in semantic text division based on binary search 
with human evaluation has been developed. Using the devel-
oped algorithm, the best threshold value of 0.72 was obtained 
for the used data set.

3. The devised method using the proposed algorithms 
for semantic text division and threshold value parameter 

1 2 3 4 5 6
TokenText [29] size: 250 tokens; overlap:  0 tokens 77.1 (+22.9…–39.3) 3.3 (±3.0) 16.4 (±10.3) 3.3 (±3.0)
Recursive [28] size: 200 tokens; overlap:  0 tokens 75.7 (+24.3…–40.7) 6.5 (±6.2) 31.2 (±18.4) 6.5 (±6.1)
TokenText [29] size: 200 tokens; overlap:  0 tokens 76.6 (+23.4…–38.8) 4.1 (±3.7) 19.1 (±11.0) 4.1 (±3.6)

KamradtMod [18] size: 250 tokens; overlap: 0 tokens 63.1 (+36.9…–46.9) 2.7 (+3.8…–2.7) 13.5 (±13.3) 2.7 (+3.8…–2.7)
KamradtMod [18] size: 200 tokens; overlap: 0 tokens 67.9 (+32.1…–44.9) 3.5 (+4.1…–3.5) 16.0 (±14.9) 3.5 (+4.1…–3.5)

Cluster [18] size: 250 tokens; overlap:  0 tokens 77.3 (+22.7…–38.6) 6.1 (±5.1) 28.6 (±16.7) 6.0 (±5.1)
Cluster [18] size: 200 tokens; overlap:  0 tokens 75.2 (+24.8…–39.9) 7.2 ±6.1) 33.6 (±20.0) 7.2 (±6.0)

DynWindow* : 0.5; α: 6 76.4 (+23.6...–39.7) 6.3 (±5.4) 29.3 (±15.5) 6.3 (±5.4)
DynWindow* : 0.5; α: 3 66.7 (+33.3...–42.3) 9.5 (±8.0) 46.0 (±19.5) 9.2 (±7.7)
DynWindow* : 0.72; α: 6 74.9 (+25.1…–40.0) 7.6 (±6.5) 35.0 (±18.3) 7.4 (±6.3)
DynWindow* : 0.72; α: 3 68.7 (+31.3…–41.3) 10.3 (±8.5) 48.4 (±19.8) 10.0 (±8.3)

Continuation of Table 1
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adjustment was evaluated in comparison with other text 
division methods. In this case, a typical framework for 
evaluating text division in RAG systems and a data set were 
used. The evaluation was based on 472 queries related to a 
heterogeneous data set of 328,208 tokens. In comparison 
with advanced methods of semantic division of text, the 
devised method provided an increase in metrics depending 
on the maximum document size parameter: IoU from 0.2 % 
to 2.8 %, precision from 0.4 % to 3.1 %, precision Ω from 
1.4 % to 14.8 %.
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