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MEDIAN CHANGE POINT DETECTION: A SEMANTIC TEXT
SEGMENTATION METHOD FOR INFORMATION SYSTEMS
WITH VECTOR DATABASES

This article addresses the pressing issue of improving the efficiency of information systems with vector
databases by advancing the methods of data preprocessing and semantic segmentation of unstructured text.
The operational quality of such systems, particularly those built on the Retrieval-Augmented Generation
(RAG) architecture, critically depends on how accurately the input text is divided into logically complete and
coherent fragments. Existing heuristic methods (such as fixed-length chunking or paragraph-based splitting)
often sever semantic connections and disrupt coreference, while semantic approaches based on encoder
models are computationally prohibitive. Alternative statistical methods that utilize the perplexity (PPL) metric
of Large Language Models (LLMs) to detect topic boundaries demonstrate high processing speed but suffer
from a significant fundamental flaw. They are highly sensitive to local linguistic fluctuations: the occurrence
of specific terminology, abbreviations, or rare proper nouns causes sharp spikes in Cross-Entropy Loss, which
baseline algorithms falsely identify as semantic block boundaries, leading to excessive and unnatural text
fragmentation.

To overcome this challenge, this study proposes and experimentally validates a novel semantic segmentation
algorithm named Median Change Point Detection (MCPD). The proposed method radically shifts the
mathematical paradigm of boundary detection. Firstly, instead of using the arithmetic mean, it employs the
median of token losses within a sentence, which acts as a natural low-pass filter and allows the algorithm to
ignore isolated lexical anomalies, identifying the true baseline of syntactic complexity. Secondly, the algorithm
abandons unstable local cut-off thresholds in favor of global optimization using the Pruned Exact Linear Time
(PELT) algorithm. PELT analyzes the variance of complexity across broad text windows and mathematically
pinpoints points of sustained topic change in linear time O(N), effectively ignoring temporary bursts of
linguistic "noise". Furthermore, MCPD implements a new segment formation strategy that strictly prioritizes
the preservation of semantic integrity over rigid chunk length constraints.

The experimental evaluation of the algorithm was conducted on three diverse datasets: WikiSection,
Qasper, and 2WikiMultihopQA, utilizing the OQwen2-1.5B-Instruct model. The research results conclusively
demonstrated that the baseline PPL-based method is fundamentally unstable, requiring manual threshold
tuning (ranging from 0.9 to 0.05) for each specific domain. In contrast, the developed MCPD method proved
to be entirely universal and operated effectively with a single set of parameters across all datasets. On the
task of identifying authorial section boundaries (WikiSection), the MCPD algorithm achieved a Boundary F1
score of 23.81%, outperforming the best possible result of the baseline method by 67%. The preservation of
logical continuity in the generated fragments also ensured an increase in the quality of final answer generation
(OA F1) on complex scientific papers and multi-hop reasoning tasks. The obtained results confirm that the
transition to statistically grounded global optimization and the use of robust signals enables the creation of a
highly efficient data preparation tool for modern information retrieval systems.
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Formulation of the problem. Modern information
systems, particularly those built on the Retrieval-Aug-
mented Generation (RAG) architecture [10], utilize
vector databases as an external knowledge source to
overcome issues such as the generation of incorrect
information ("hallucinations") [7] and the lack of
access to up-to-date or proprietary corporate data.

The fundamental operational process of a RAG
system involves vectorizing the user's query, retriev-
ing the most relevant information fragments from
a vector database, and subsequently generating a
response by a language model based on the retrieved
context [10]. Consequently, the accuracy of the infor-
mation retrieval stage is a critical factor: the quality,
completeness, and relevance of the retrieved informa-
tion directly determine the reliability of the system's
final response.

For efficient information retrieval, modern sys-
tems rely on dense semantic search methods [8].
Textual data is transformed into dense vectors of real
numbers, called embeddings, using specialized neu-
ral network models. This approach allows semanti-
cally similar texts to be mapped close to each other
in a multidimensional feature space, enabling search
by meaning rather than merely by exact lexical key-
word matches. However, the effectiveness of seman-
tic search is significantly constrained by the architec-
tural and mathematical properties of the embedding
models.

Firstly, most modern embedding models impose a
strict limit on the length of the input token sequence,
typically ranging from 512 to 8192 tokens, due to
the quadratic complexity of the attention mechanism
[14]. Secondly, there is the fundamental problem of
the "information bottleneck" [11]. If an excessively
large text fragment containing numerous hetero-
geneous ideas and facts is fed into the model, the
representation of these features is compressed and
"averaged" into a single vector. As a result, specific
semantic details are lost, critically degrading the vec-
tor's ability to be retrieved in response to a narrow,
highly specific search query. Given this, the data pre-
processing stage — segmenting large documents into
smaller fragments prior to vectorization, becomes of
paramount importance.

Simple mechanical splitting of text into fixed-
length fragments or dividing it exclusively at sen-
tence boundaries often leads to the severance of
logical connections. A classic consequence of such
an approach is the disruption of coreference: if a
subject, such as a person's name, is mentioned in the
first segment, and the subsequent segment refers to it
only via a pronoun (e.g., "he" or "she"), the seman-
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tic content of the second segment becomes isolated
and incomplete [6]. During a search query regarding
this person's actions, the second fragment will not be
retrieved by the system, leading to the loss of criti-
cally important context.

Therefore, ensuring the semantic integrity of
information during its vectorization is a significant
challenge. The development and investigation of
novel, semantically grounded methods for adaptive
text segmentation is a highly relevant scientific and
practical task. Solving this problem will significantly
reduce the level of information noise, eliminate the
loss of local context, and consequently enhance the
overall efficiency of information systems with vector
databases by improving the precision and recall met-
rics of intelligent search.

Analysis of recent research and publications.
The effectiveness of modern information systems
with vector databases depends on two key stages: the
quality of search algorithms and result aggregation,
and the quality of data preprocessing. Although sig-
nificant research efforts are directed toward improv-
ing hybrid search methods and rank fusion, particu-
larly by modifying Reciprocal Rank Fusion (RRF)
algorithms to mitigate the impact of irrelevant results
[1], the fundamental problem remains the quality of
the vector representations themselves. No matter how
advanced the search algorithms are, their accuracy
will be low if the input text was incorrectly divided
into segments during the indexing stage.

Existing approaches to effective text preparation
and segmentation for information systems can be
broadly classified into three main groups: heuristic
(rule-based), semantic, and statistical-model-based.

Heuristic approaches, particularly segmenting text
into fixed-length fragments or segmenting with partial
overlap, are the most common due to their simplicity
and low computational complexity [13]. However, as
noted by the authors in [12], such methods are "blind"
to context: they frequently sever logical connections,
paragraphs, and sentences at unnatural boundaries, lead-
ing to the loss of critically important information during
vector search. A better form of the heuristic approach is
structural segmentation — dividing text by natural para-
graphs or Markdown structure. Although this partially
avoids breaking logical chains, such a method gener-
ates fragments of highly uneven length. Furthermore,
long paragraphs often contain several distinct semantic
blocks, the information density of which is averaged out
when transformed into a single vector.

To overcome these drawbacks, semantic segmen-
tation methods have been proposed. Their essence
lies in using encoder models to generate vector rep-
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resentations of adjacent sentences, followed by cal-
culating their cosine similarity. A drop in similarity
below a predefined threshold is interpreted as a topic
change. While such approaches are convenient from
an engineering perspective and demonstrate a higher
quality of baseline context preservation compared to
heuristics, they have significant limitations. Firstly,
studies [12] indicate their excessive computational
cost, as they require the generation of a large number
of embeddings during the preprocessing stage. Sec-
ondly, as noted in [15], semantic similarity models
are often unable to capture subtle logical depend-
encies between sentences. For instance, a sequence
of sentences with a clear logical progression (from
general to specific or cause-and-effect) may be incor-
rectly severed by the algorithm due to the low cosine
similarity of their lexical composition, ultimately
causing the vector search results to deviate from the
core semantic unit.

A distinct modern direction in semantic segmenta-
tion is the use of Large Language Models as analyti-
cal agents (LLM-as-a-Judge). In such approaches, the
text division process is delegated directly to the LLM
via specially crafted instructions (prompts), tasking
the model with analyzing the text and autonomously
determining the logical boundaries of paragraphs
based on a deep understanding of the context [4].
This method ensures the highest quality of semantic
connection preservation and can account for complex
narrative structures within a document. However, its
practical application in large-scale RAG systems is
severely limited by high costs: processing each doc-
ument requires full response generation from the lan-
guage model, making this approach unsuitable for
the mass indexing of large knowledge bases during
preprocessing.

Given these limitations, an alternative and less
resource-intensive direction is the use of internal
statistical metrics of Large Language Models. Spe-
cifically, recent studies [15] have proposed using
Perplexity (PPL) and information entropy to deter-
mine chunk boundaries. These metrics are based on
logits — raw, unnormalized numerical values that the
neural network generates for each word (token) from
its vocabulary. The magnitude of a logit reflects the
model's degree of confidence that this specific token
should be the next in the text. After passing through
a Softmax function, logits are converted into prob-
abilities. Based on these probabilities, perplexity is
calculated, conceptually reflecting the model's overall
level of "surprise": the lower it is, the easier it is for
the model to predict the next word. The core hypoth-
esis is that local minima of perplexity — moments

when the model is most confident in predicting the
next token — coincide with the boundaries of logically
complete semantic blocks or standard linguistic con-
structions. This approach is computationally efficient,
as it allows topic boundaries to be identified "on the
fly" during a single pass of the text through the model.

Despite the promise of using perplexity for text
segmentation, the existing approach has a significant
flaw that limits its effectiveness in real-world infor-
mation systems. The problem lies in the high sensitiv-
ity of the PPL metric to local linguistic fluctuations.
A conventional search for PP minima reacts to any
drop in the complexity of token generation. Such a
drop is often caused not by a change in the thematic
block, but by the appearance of common phrases, pre-
dictable syntactic constructions, or highly frequent
proper nouns in the text.

To illustrate this, consider the following example:
"The local government implemented strict environ-
mental standards for all industrial enterprises in the
region. This initiative received widespread support.
The level of atmospheric carbon dioxide pollution
decreased to a historic minimum." From a seman-
tic perspective, these three sentences form a single,
indivisible logical block describing a cause and its
direct consequence. However, the language model
evaluates their complexity differently. The first and
third sentences are saturated with specific terminol-
ogy, resulting in relatively higher perplexity scores
(2.11 and 3.06, respectively). In contrast, the second
sentence is a common journalistic cliché¢ with high
predictability, causing its perplexity to plummet (to
1.58), forming a local minimum as depicted in Fig-
ure 1. The baseline algorithm falsely identifies this
drop as a chunk boundary and mistakenly cuts the
text, separating the implemented standards from the
results of their action.

As a result, such "noise" in the perplexity signal
disrupts the integrity of semantic blocks, as the algo-
rithm is unable to distinguish a minor predictable
phrase from a genuine structural transition between
document topics. Thus, the problem of develop-
ing a mathematically grounded criterion that would
allow filtering out minor perplexity fluctuations and
accurately identifying the true boundaries of seman-
tic blocks — without resorting to resource-intensive
semantic comparison methods or costly iterative calls
to Large Language Models for direct text analysis —
remains unresolved.

Task statement. Considering the identified prob-
lem of excessive sensitivity of existing statistical seg-
mentation methods to local linguistic fluctuations, the
main objective of this study is to improve the quality
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Fig. 1. Local perplexity minimum

of semantic segmentation of unstructured texts for
information systems with vector databases by devel-
oping a mathematically grounded criterion for filter-
ing "noise" in perplexity metrics.

To achieve this goal, the following scientific and
practical tasks are to be solved in this work: to analyze
the nature of the occurrence of local perplexity min-
ima during the passage of text through a large language
model and to identify patterns that distinguish genuine
thematic transitions from minor syntactic or lexical
predictabilities; to develop a new metric criterion for
identifying the boundaries of semantic blocks, which
will reduce the impact of local information noise and
increase the accuracy of determining text division
points; to build a segmentation algorithm based on the
proposed criterion that will ensure the preservation
of the semantic integrity of fragments for subsequent
vectorization; to conduct an experimental validation
of the developed method on benchmark datasets and
perform a comparative analysis of its effectiveness
against existing segmentation approaches using preci-
sion, recall, and F1-score metrics.

Outline of the main material of the study. Within
the scope of this study, a novel algorithm for seman-
tic text segmentation for retrieval-augmented genera-
tion systems, called Median Change Point Detection
(MCPD), was developed and experimentally vali-
dated. The proposed method conceptually advances
the idea of utilizing the internal "uncertainty" of large
language models to detect logical boundaries in text,
a concept initially described in the Meta-Chunking
framework [15]. This method resolves the fundamen-
tal structural flaws of the existing approach by alter-
ing the mathematical paradigm of boundary detection
and the segment formation strategy.

The theoretical foundation of the MCPD algorithm
is based on generating a robust signal of text complex-
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ity. Let the input text be pre-divided into a sequence
of sentences S = (s,,S,,...,s,). After tokenization, each
sentence s; is represented as a sequence of K, tokens:
s=(t,t,...,t'h;). For each token t, the large language
model computes the probability of its occurrence given
the entire preceding context t'_, (all tokens preceding it
in the current sentence) and t.; (all tokens from previous
sentences). In the context of language models, this prob-
ability essentially reflects the degree of predictability of
the next word: a high probability, close to 1, indicates
that the word is a logical and grammatical continuation
of the thought, whereas a low probability, close to 0, sig-
nifies a topic change, the introduction of a new term, or
an unexpected syntactic turn. To convert these proba-
bilities into a convenient additive metric, the Cross-En-
tropy Loss is calculated, which reflects the degree of the
model's "error" in prediction. For a specific token t, it
is defined as the negative logarithm of this probability:

L(t\) = — logPy (ti | tots) (1)
where P, — is the probability distribution generated
by model M.

In the baseline Meta-Chunking method, the
semantic complexity of a sentence s, is calculated
as the arithmetic mean of the losses of all its tokens.
However, this approach has proven to be highly sen-
sitive to statistical outliers. The presence of a single
specific term or an unusual proper noun artificially
inflates the average score of the entire sentence, gen-
erating lexical "noise".

To illustrate this, consider the sentence: "The
weather is beautiful today, the sun is shining, and we
are walking around the city of Tlaquepaque." Most
words in this construction are common and easily
predictable for a language model. The model gen-
erates them with high probability (e.g., P(t,) = 0.9),
accordingly, their loss metric is minimal: -log(0.9)
~ 0.046. However, the last word — "Tlaquepaque"
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(the name of a relatively obscure Mexican city) — is
semantically unexpected in this context. For this sin-
gle token, the model will generate an extremely low
probability (e.g., P(t,) = 0.0001), leading to a sharp
spike in the loss metric: -log(0.0001) = 4.0. Conse-
quently, due to one specific token, the entire sentence
receives an artificially inflated complexity score.

In contrast, the proposed MCPD method forms
a set of losses for all tokens in the sentence L, =
{L(t}) , L(t,) , ..., L(t)}, and the sentence signal
is defined as the median of this set. Mathematically,
if the elements of set L; are sorted in ascending order
(L) <Ly < --- < L), the median is calculated as:
L((’QH)”}' ile_ is odd

L L
( K,/2) +

MedianLoss(s‘_) = {

2)

®/241) 32 K‘_ 1S even

The use of the median acts as a natural low-pass
filter: it allows the algorithm to ignore lexical anom-
alies and analyze exclusively the "background" syn-
tactic and semantic complexity.

Once each sentence has received its robust signal,
the task arises to find the optimal cut points that will
divide the sequence into logically coherent fragments.
Existing approaches use "greedy" algorithms, where
a cut is made when the difference between the signals
of two adjacent sentences exceeds a rigidly defined
threshold, for example, APPL>0.3. This approach is
unstable because it reacts to local noise and fails to
"see" the overall picture of the text, leading to false
fragmentation and high domain dependency.

To overcome this problem, in the MCPD method,
the segmentation task is formalized as a classical
change point detection problem in a time series,
solved using the Pruned Exact Linear Time (PELT)
algorithm [9]. The goal of PELT is to divide the text
into segments such that each segment is as homoge-
neous as possible in terms of complexity, without cre-
ating too many small fragments. Mathematically, this
reduces to minimizing the objective function:

mint.n( $C(s .. )+ (n)) 3)

where, m - is the number of cut points dividing the
text into m + 1 segments; Ti - is the index of the i
-th cut point (with 10 = 0, and tm + 1 = N, where
N - is the total number of sentences); y .., - is the
sequence of sentence perplexity medians within the i
-th segment; C - is a cost function measuring the level
of internal variance within a single segment; B/ (m) isa
penalty function for creating new cuts, which prevents
excessive text fragmentation and false triggering of the
algorithm on local information noise.

In this work, the sum of squared deviations from
the mean is chosen as the cost function C, and the
penalty function is linear ( f(m) = m), where each
new cut increases the total cost by a fixed constant f3.

The proposed objective function implements a strict
balancing mechanism. The algorithm executes a text
cut only if the reduction in internal variance resulting
from the division exceeds the fixed cost of the new cut
B. Due to this, PELT ignores minor local perplexity
fluctuations and reacts exclusively to significant,
global shifts in the baseline level of text complexity.

Calculating all possible combinations of cuts
would take exponential time. However, the innova-
tiveness of PELT lies in its mathematically proven
pruning mechanism. The algorithm sequentially eval-
uates each sentence and, if it determines that a certain
point in the past can mathematically never become
part of the optimal set of cuts, it permanently removes
it from memory. Thanks to this, PELT guarantees
finding the absolute exact global optimum at a speed
linearly dependent on the text length — O(N).

The effectiveness of this approach is clearly
demonstrated by the dynamics of perplexity changes
depending on the text topic, as illustrated in Figure
2. The graph clearly traces the structural blocks of
the document: sentences 0 to 35 describe historical
events and have their own baseline complexity level;
the subsequent block, sentences 35-73, is dedicated to
demographics, accompanied by a change in the over-
all signal variance. This is followed by transitions to
the economy block, sentences 73-91, and the govern-
ment description, sentences 92-113. As seen in the
figure, local "spikes" (noise) are present within each
thematic block, yet the PELT algorithm successfully
ignores them, fixing cuts only at the points of global
change in the statistical characteristics of the signal
between these macro-blocks.

The physical essence of this process can be illus-
trated through an analogy with driving a car, where the
text acts as the road, and token perplexity acts as the
"tension" level of the language model. Local lexical
noise (e.g., the appearance of a rare word) resembles
a pothole on a smooth highway: the system registers
a sharp jump in the PPL metric, but immediately after
passing this word, the complexity returns to the ini-
tial baseline level. The PELT algorithm, analyzing the
variance over a broader window of sentences, recog-
nizes this spike as a temporary anomaly and does not
create a cut. Conversely, a genuine topic change (e.g.,
a transition from a general description to complex ter-
minology) acts like turning onto a winding mountain
road: the complexity level rises and remains consist-
ently high throughout the subsequent fragment. In
this case, the algorithm detects a sustained shift in the
baseline perplexity level (e.g., a change in the mean
value from 12.0 to 17.5) and mathematically justifies
dividing the semantic blocks at exactly this point.
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Fig. 2. Dynamics of perplexity changes across structural thematic blocks of the document

An important aspect of the practical application
of the PELT algorithm is rethinking the approach to
chunk length and the need to adapt the mathemati-
cal model to the engineering constraints of vector
databases. Since classical PELT optimizes only var-
iance and does not account for the physical size of
the blocks, an adaptive buffering strategy was devel-
oped in this study. The algorithm accumulates input
sentences into a buffer whose size is twice the tar-
get maximum segment length, for example, 2x256
tokens. This window size was not chosen randomly:
it is the minimum sufficient size for the algorithm to
"see" a broader context and compare the variance of
the current block with the next potential block, while
maintaining low RAM consumption and high com-
putational speed compared to analyzing the entire
document at once. Subsequently, PELT analyzes the
accumulated array and generates a set of optimal cut
points. From this set, the algorithm selects the point
that forms the largest semantically coherent segment
not exceeding the specified limit.

However, traditional systems tend to artificially
and strictly limit segment length, often resorting
to forced cutting of long paragraphs or mechanical
merging of small fragments if a cut point is not found.
In contrast, the MCPD method relies on the logic that
semantic continuity of the text is the absolute priority.
In cases where PELT mathematically proves that an
entire text array within the limit is absolutely homo-
geneous and contains no logical breaks (e.g., a block
of 400 or 500 tokens), a "relaxed limit" strategy is
applied. Instead of "blindly" cutting the text in half,
the algorithm ignores the strict limit and leaves such
a block undivided, executing a cut only at the first
detected semantic boundary. It is significantly better
to form a larger segment that retains all necessary
interconnected information than to artificially tear it
apart. Despite the increased text volume, modern vec-
torization models are capable of effectively capturing
the meaning of long but semantically homogeneous
passages without losing semantic focus in the gen-
erated vector. Similarly, generative models in RAG
systems operate much more accurately when they
receive the complete authorial context without losing
logical connections.
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To objectively confirm the theoretical advantages
of the method, a series of experiments was conducted
on three diverse datasets. The algorithm's ability to
accurately determine authorial section boundaries
was tested on Wikipedia articles from the WikiSection
dataset [2] using the Boundary F1 metric. The impact
of segmentation on the quality of answer generation in
RAG systems was evaluated using the QA F1 metric on
complex scientific articles from the Qasper dataset [3],
as well as on multi-hop logical reasoning tasks from
the 2WikiMultihopQA dataset [5]. The Qwen2-1.5B-
Instruct model was used as the baseline model for both
generating logits and formulating final answers.

The F1 Score, which is the harmonic mean of pre-
cision and recall, was chosen as the primary criterion
for evaluating generation quality. In the context of
RAG systems, a high F1 score indicates that the seg-
mentation algorithm forms text fragments that are so
high-quality and semantically clean that the language
model can find all the necessary information for an
answer within them, without being distracted by irrel-
evant "noise" from adjacent paragraphs.

The obtained results are presented in Table 1.
They demonstrate that the use of rigid local thresh-
olds makes the baseline method fundamentally
unstable. During testing on the WikiSection data-
set, it achieved its maximum result (Boundary F1 =
14.21%) at a high cut threshold of 6=0.9, whereas
on the Qasper scientific texts, the threshold had to be
reduced 18-fold — to 6=0.05 — to achieve the maxi-
mum (QA F1 = 18.82%). Such adjustment makes it
impossible to use the baseline method in production
systems without prior fine-tuning for each text type.
In contrast, the developed MCPD method proved
to be universal and demonstrated high effectiveness
without additional adaptation, using a single set of
baseline settings across all datasets.

The experiment on the WikiSection dataset con-
firmed the undeniable superiority of global optimi-
zation over local optimization: the MCPD algorithm
achieved a Boundary F1 score of 23.81%, which
outperforms the best possible result of the baseline
PPL Chunking method by 67%. The preservation of
semantic integrity without artificial fragmentation
had a direct positive impact on the quality of final
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answer generation. On the Qasper scientific article
dataset, the MCPD method provided an F1 Score
of 19.29%, bypassing the baseline PPL Chunk-
ing method. Similar stability (F1 = 18.12%) was
observed on the 2WikiMultihopQA dataset compared
to 18.06% for the baseline approach. It is worth not-
ing that the increase in the overall score in the MCPD
method is achieved primarily due to an increase in
precision, which confirms the algorithm's ability to
filter out irrelevant context.

Table 1
Comparison of the effectiveness of the PPL
Chunking method and the MCPD method

Datset Metric Chﬁﬁllsing MCPD
_ . Boundary 14.21%
WikiSection F1 (at 6 = 0.90) 23.81%
0,
2WikiMultihopQA | QAFI (atlgf%/(") 5 | 1929%
0,
Qasper QAF1 (atlegf%./gO) 18.12%

Conclusions. This study solves the relevant sci-
entific and practical task of improving the quality
of semantic segmentation of unstructured texts for
information systems with vector databases. Based on
the conducted analysis, it was revealed that existing
statistical methods relying on the search for local per-
plexity minima are excessively sensitive to lexical
"noise", inevitably leading to false and excessive text
fragmentation. To overcome this problem, a novel
algorithm, Median Change Point Detection (MCPD),
was developed. Its key innovation is the transi-
tion from local heuristic thresholds to statisti'ac

grounded global optimization using the PELT algo-
rithm, as well as the use of the median of token losses
as arobust signal. This allowed for the effective filter-
ing of minor linguistic fluctuations and the accurate
identification of genuine thematic transitions.

Experimental validation on three diverse data-
sets confirmed the high effectiveness of the proposed
approach. The results proved that the MCPD algo-
rithm is universal and operates stably with a single
set of settings, eliminating the need to tune thresholds
for specific text types, unlike the baseline method.
Specifically, on the task of determining authorial sec-
tion boundaries (WikiSection), the developed method
achieved a Boundary F1 score of 23.81%, which
outperforms the best possible result of the base-
line approach by 67%. Furthermore, preserving the
semantic integrity of fragments without artificial cut-
ting or mechanical merging ensured an increase in the
quality of final answer generation in RAG systems on
complex scientific and multi-hop texts.

Prospects for further research in this direction
encompass several key tasks. Firstly, there are plans
to develop a mechanism for the dynamic, adaptive
calculation of the penalty for the PELT algorithm
depending on the overall length and structural density
of the input document. Secondly, it is expedient to
investigate the impact of the language model's size
and architecture — particularly the use of more com-
pact and faster LLMs — on the quality of logit genera-
tion and the ultimate segmentation accuracy. Finally,
an important step will be expanding the experimental
base to evaluate the effectiveness of the MCPD algo-
rithm on multilingual text corpora and integrating the
method into real-time data streaming pipelines.
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Bismii M. O., Kpuiios €. B. MEDIAN CHANGE POINT DETECTION: METOJI CEMAHTAYHOI

CEI'MEHTALII TEKCTIB JJI51 IHOOPMALIMHUX CUCTEM 3 BEKTOPHUMU BASAMU JAHUX

Y ecmammi poszensdaemvca akmyanvha npobiema niosuujerHs eekmusHocmi IHOOpMayitiHux cucmem i3
BEKMOPHUMU OA3aMU OAHUX ULISXOM BOOCKOHATICHHS Memooie NONnepeoHboi nid20moeKu ma CeMaHmudHol
cecmeHmayii HecmpyKmypoB8anHux MeKCmosux Oanux. AKicmov YHKYIOHY8AHHI MAKUX CUCTIEM, 30KpeMa Mux, o
noOyooeani Ha apximexmypi eenepayii, oonosuenoi noutykom (Retrieval-Augmented Generation, RAG), kpumuuro
3a1excUms 8i0 Moo, HACKLILKU MOYHO 6XIOHUL MEKCM ROOLIAEMbCA HA 102TYHO 3a8epuieti (hpaemenmu. IcHyroui
espucmuyti Mmemoou (Qikcoeana 008xcuna, nooin 3a adb3ayamiy) Yacmo po3puearoms CeManmudti 368's13Ku ma
HOPYULYIOmMb KopegepeHmHicms, moodi K CeMAHMU4Hi nioxoou Ha 6aszi Mofeﬂeﬁ-eﬂkoéepie € 00UUCTIOBATILHO
HAOMO pecypcoEMHUMU. AbMEPHAMUBH] CIAMUCMUYHT MemOoOU, WO BUKOPUCHIOBYIOMb NOKAZHUK NepPhieKCii
(Perplexity, PPL) senuxux mogHux mooeneti 05t NOULYKY MelC mem, 0eMOHCMPYIOmb BUCOKY UBUOKOOII0, npome
Marmes cymmesuil yynoamenmanvhull Heoonix. Bonu € 6xkpail uymausumu 00 J0KATbHUX MOGHUX (DAYKMYayiil:
nosiea cneyughiuHux mepminig, abpegiamyp uu pIOKICHUX GIACHUX HA368 BUKIUKAE DI3KI CMPpUOKU NOKAZHUKA
smpam (Cross-Entropy Loss), wo xubno ioenmuikyiomvcs 0a308uMu ancopummamit 5K Mexnci CMUCIOBUX
O10K18, NPU3800514U 00 HAOMIPHOL Ma HENPUPOOHOT (hpaemenmayii mexcmy.

Jna supiwienus yiei npoonemu y 00CaioxicenHi po3pooieHo ma eKCnepuMeHmailbHO 00TPYHIMOBAHO HOBULL
aneopumm cemanmuyno2o ceemenmyeanus — Median Change Point Detection (MCPD). 3anpononoganuii
Memoo0 KapOUHAIbHO 3MIHIOE MAMeMaAmuyHy napaouemy susasienuamednc. [lo-nepute, 3amicmo apupmemuynozo
CepeOHbo20 BUKOPUCTNOBYEMbCA MedlanHa 8mpam MOKeHi8 pedeHHs, Wo Oi€ K npupoOHULL (giﬂbmp HU3bKUX
yacmom i 00360J€ I2HOPY8AMU MOYKOGL NeKCUYHI AHOMATLL, SUOKPEMIIOIOHWU CRPABXHCHIN 0A3068Ull PiGeHb
cunmakcuynoi cxkaaonocmi. Ilo-opyee, ancopumm 6iOMOGIAEMbCA IO HECMADINLHUX JOKATbHUX NOPO2I8
PO3pi3y Ha Kopucmsb 2100a1bHOI onmumizayii 3a donomozoro ancopummy Pruned Exact Linear Time (PELT).
PELT ananizye oucnepcito cKIao0HOCMI HA WUPOKUX GIKHAX MEKCMY Md MAmeMamuiHo MOYHO BUSHAYAE
mouxu cmiukoi 3minu memu 3a niniunut ywac O(N), ienopyrouu mumuacosi cniecku "wymy". Kpim moeo,
MCPD peanizye Hogy cmpamezito hopMyBanHs cecMeHmis, aKa Hadae abCcoNOMHULL NPiopumem 30epexcenHo
CEMAaHMUYHOI YiNiCHOCMI MEeKCMY HAO HCOPCMKUMU OOMEHCEHHAMU O0BIHCUHU YAHKIE.

Excnepumenmanvua nepegipka aneopummy npogooUnacs Ha mpboxX PI3HONIAHOGUX HAOOPAX OQHUX:
WikiSection, Qasper ma 2WikiMultihopQA 3 eukopucmannam moodeni Qwen2-1.5B-Instruct. Pesyriomamu
Q0CAIOINHCEHHS NEPEKOHIUBO D08eTU, WO 0a306uUll Memoo Ha ocHosi PPL € ¢pynoamenmanvho HecmabiioHum
i nompebye pyunoco Hanawimyeanus nopoeie (6io 0.9 oo 0.05) nio xoowcen oxpemuil oomen. Hamomicmo
po3poonenuu memoo MCPD eusasuscs nogHicmI0 YHIBEPCAIbHUM [ NPAYI08A8 3 €OUHUMU HAIAULINY BAHHAMU
Ha ecix damacemax. Ha 3ae0anni eusnauenns agmopcovkux medic po3oinie (WikiSection) ancopumm MCPD
docsie noxasnuxa Boundary F1 na pieni 23.81%, wo na 67% nepeseputye HAUKpaujuil MONCIUSULL PE3VIbInam
0a306020 Memo0y. 30epesicents 02Ul HenepepeHOCmi hpasmenmis maxKodic 3a0e3neduno 08U eHHI AKOCMI
Ginanvroi eenepayii 6ionosioeil (QA F1) na ckaaouux Hayko8ux cmammsix ma 3a80aHHsX i3 6a2amoxkpoKkoeum
JIO2TUHUM BUBEOEHHAM. 3000ymi pe3yivbmamu niomeepodiCyIoms, ujo nepexio 00 CmamucmuiHo o0IPYHmMoB8aAHoL
2n006anvHoi onmumizayii ma UKOPUCMAHHA POOACMHUX CUSHALI8 00380J5€ CIMBOPUMU BUCOKOEMDEKMUBHULL
iHCmpymMenm niod2omogKu Oanux 0isi Cy4acHux iHGopmMayitiHo-noOuyKo8UX CUCTEM.

Knwuogi cnosa: eenepayist 0onosHena noutykom, 4anKine, nepniexcis, 6eKmopHi 6asu 0aHux, inghopmayiini

cucmemu.
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