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General characteristics of the work

Relevance of the work. Modern industry uses complicated
systems that continuously work online and are vital for the well-be­
ing of large companies and humankind in general. Sudden collapses
or prolonged unavailabilities of systems lead to significant losses to
business owners. Thus, it is essential to detect deviations or, in
other words, change points in a system’s behavior as fast and ac­
curately as possible.

Typically, data for detection come from a sequential stream
represented as either multivariate vectors from sensors or so-called
semi-structured data such as videos and image sequences [1; 2]. We
can also describe disorders, ruptures, shifts, and other changes in
sequential data as point anomalies [3]. Currently, the anomaly de­
tection area for sequential data concentrates on applying machine
learning and deep learning techniques. It adopts widespread meth­
ods while considering more specific models and loss functions. Most
existing methods from this area concentrate on classifying whole
sequences, whether they contain anomalies or are normal [2]. How­
ever, this problem statement does not reflect industrial needs, where
the reaction to an anomaly should be as close in time to its moment
as possible to prevent unexpected expenses.

An alternative approach comes from the Change Point Detec­
tion (CPD) field: we aim to directly minimize the delay of disorder
detection while maintaining the number of false alarms low [3].
Unlike the anomaly detection formulation, the CPD is naturally
suited for various monitoring systems where the cost of waiting for
reaction is high [4; 5]

Change points can also appear in normal processes, defining
natural alteration of the underlying systems. Understanding the
process regime segments and their shift moments is necessary to
organize work properly. In this case, the objective is a precise
segmentation of a sequence [1; 6].

Some methods can deal with different simple CPD prob­
lems [3]. Under strong assumptions, theoretically optimal solutions
are available [1; 7]. These approaches are still popular and have
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tremendous real-world applications, including heavy industrial sen­
sor management, control of high-loaded systems, financial data
analysis, health monitoring, genome sequencing, and others [4; 5].
The key particularity is the usage of a detector «as it is» while
ignoring the violation of assumptions and the specificity of the con­
sidered task. For example, the paper [4] uses the standard CUSUM
procedure on top of residuals from autoregressive model ARIMA for
monitoring rotary machines. However, to provide theoretical opti­
mality, CUSUM assumes independence of the input data [8], which
is generally not true for ARIMA model residuals. An additional
gap is that there are little or no theoretical guarantees in realistic
high-dimensional cases such as controlling video streams [2].

Nowadays, authors adapt classic theory to stream data of ex­
treme dimensionality when the vector size is much greater than
the sequence length. This problem statement poses the overall
difficulty of theoretical analysis: the appearance of the curse of
dimensionality, considering many noise features and dealing with
computational issues connected with vector size [9—11]. For exam­
ple, the authors [10] suggest that the detection delay is of order

√
𝐷

for traditional parametric models [8], where 𝐷 is a single observa­
tion dimension. This delay is obviously prohibitively high for many
real problems. Such a special real-world task can be video surveil­
lance, where one operates with data containing several thousands
of features. To overcome the above issue, recent works effort to
bound the class of parametric models and concentrate on particular
high-dimensional cases: multivariate Gaussian vectors [10], various
graph representations [9], e.t.c. Another possible solution for CPD,
such as an application of non-parametric CPD approaches [7], does
not assume any specific model structure. However, it often relies on
techniques that also may be limited in high-dimensional settings:
density estimation [12], choice of optimal kernel [13], or the consid­
eration of long-run dependency [11]. While additional assumptions
like sparsity allow for reducing the delay, practitioners go a different
road, hoping that simpler models can learn to detect changes.

A natural impulse is to use the available historical information
to create a data-based change point detector via the representation
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learning process [14]. To be precise, representation learning aims to
obtain compact low-dimensional data embeddings by incorporating
the maximum amount of information relevant to the application
task at hand. In relation to sequential data, the task is challenging,
as we should take into account the context, but it seems to be the
only way to get high-performing models. Some modern studies
use this paradigm for change point detection while still considering
low-dimensional time series [12; 13; 15; 16]. Moreover, authors
attempt to adapt solutions from other fields like self-supervised
learning [15—17] or generative models [13] and do not incorporate
the theoretical nature of the problem into a learning process.

To sum up, theoretical-based approaches related to change
detection often operate with too restrictive assumptions and have
a limited ability to work with complex data. The modern CPD
suggests a representation learning procedures as an answer while
still concentrating on simple time series. Both ways often consider
general, vague solutions, ignoring the task specificity of real indus­
trial problems. CPD-related tasks also appear in sophisticated data
modalities with hundreds and thousands of features, like controlling
images and video streams. Existing methods from anomaly detec­
tion, closest to the CPD area, deal with these structures through
efficient neural network-based solutions with corresponding repre­
sentations. Nevertheless, they rarely can point at precise change
moments online, which is crucial for many applications. Therefore,
the CPD area needs a theoretical-grounded representation learning
scheme for data of different dimensionality and an understanding
of how to involve concrete task particularities.

The aim of the work is to develop a change point detec­
tion framework suitable for data of different modalities. As for
such data, we consider diverse datasets with low and moderate
dimensionality from industrial applications and complex high-di­
mensional sequences such as video streams.

To achieve the stated aim, it is necessary to solve the fol­
lowing tasks:
1. To investigate well-established approaches for change point de­

tection on time series of moderate dimensionality and to apply
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them to real industrial problems, taking into account data speci­
ficity.

2. To develop optimal change point detection procedures for high­
-dimensional data and to create the corresponding software
implementation.

3. To incorporate the representation learning framework for change
point detection-related problems as well as for industrial sensors
data and more complex video data.

4. To design a proper validation procedure for testing developed
methods based on open datasets for data of low and moderate
dimensionality. For testing on high-dimensional data, to collect
a dataset of change points in videos with the corresponding
markup.

Scientific novelty. The majority of existing research in the
current change point detection area concentrates on unsophisticated
numerical time series with low and moderate dimensionality. At
the same time, examples of the change point detection applica­
tion are wider and include complex high-dimensional structures,
such as the incident registration for surveillance video. Recent
approaches to processing sequential data are often based on rep­
resentation learning strategies. However, there is an apparent lack
of a representation-learning procedure that provides a theoretically
motivated, efficient change point detection method suitable for com­
plex data structures.

On the other hand, existing change point detection methods
help to solve real industrial tasks connected with time series of low
dimensionality. Nevertheless, they suffer from strong assumptions
that are often violated in real-world data. Thus, incorporating
industrial domain specifics into the framework of change point de­
tection is also a crucial task.

The gaps mentioned above in the current research area stage
lead to claim the following novelty of the results:
1. The work introduces a comprehensive framework for change

point detection based on representation learning depicted in
Figure 1. Such methods for change point detection were under­
studied before despite their proven effectiveness in other fields.
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The proposed methods offer a flexible toolkit that allows users
to efficiently work with sequential data of varying dimensions,
from low to high. Moreover, the framework can be applied both
in supervised and unsupervised scenarios, making it a versatile
solution for different types of data analysis.

2. For the first time, the change point detection paradigm is used
to enhance the traditional machine learning approaches. The
suggested method ensures high-quality supervised change point
detection while minimizing false alarms. The developed solution
has been tested for a real industrial task, resulting in a new
model for rock-type classification based on logging while drilling
data.

3. A novel loss function for change point detection via neural
networks is developed. The presented loss function explicitly
controls detection delay and time to false alarms. Such an ap­
proach opens up new opportunities for detecting change points
in video data that have not been previously researched. More­
over, the first markup for solving the CPD problem on videos
for further research has been presented.

4. The dissertation contributes to the area of self-supervised learn­
ing for change point detection by developing a model for
obtaining universal representations. Unlike previous studies,
the presented model requires no specific modifications to address
change point detection, which broadens its practical applica­
tions. For the first time, the thesis findings demonstrate a strong
correlation between the qualities of similarity estimation and
change point detection, highlighting the effectiveness of the pro­
posed method. The solution has been successfully adapted to
the practical industrial task of well-log analysis, which resulted
in the development of a new approach for detecting similar and
changing patterns in well-logs.
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Figure 1 — A scheme of our framework for optimal change point
detection based on representation learning. The proposed solution
works effectively regardless of the expert’s markup availability and

input data dimensionality.

Scientific and practical significance. From a theoretical
value point of view, the work provides a new loss function that is
the lower bound for the classic rigorous solution. This also has im­
portant implications in practical applications, as it opens up new
avenues for efficient solutions related to data of different dimensions
and modalities. Another focus of the presented work is the data of
low dimensionality from the industry and the corresponding tasks.
Understanding how the change point detection methods can be ap­
plied to actual industrial problems and which data representation
is necessary enforces the quality of real processes.

Research methodology. The research focuses on machine
learning and deep learning techniques to address the stated objec­
tives. More precisely, we investigate supervised and self-supervised
paradigms for learning representations suitable for change point
detection problems. To work accurately and efficiently, the pro­
posed approaches rely on the statistical theory of change point
detection methods and corresponding developments. Precise math­
ematical language allows the concise formulation of obtained results
regarding their properties. Geological experts support the research,
providing an understanding of oil&gas domain specificity in the
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corresponding thesis chapters. The methods are implemented in
Python programming language and its low-level libraries.

Propositions submitted for the defense:
1. A consistent representation learning framework for change point

detection is developed. The solution effectively generates
representations for multivariate time series data, as well as
high-dimensional data, regardless of the availability of labels.
The approach has solid theoretical properties under natural as­
sumptions and has been validated through diverse real-world
applications, including human activity recognition, rock-type
detection during drilling, well-log analysis, and video surveil­
lance.

2. In the context of low-dimensional data, a novel two-stage sys­
tem for change point detection is introduced. In the first step,
the machine learning classifier is trained to output change point
probabilities. Then, by leveraging these probabilities as rep­
resentations, the new detection statistic accurately identifies
specific types of change points. Empirical and theoretical analy­
ses confirm that this approach significantly reduces the number
of false alarms compared to existing baselines. In practical
scenarios, it achieved a tenfold reduction in false alarms and
detection delay, which substantially improved existing methods.

3. The dissertation presents a theoretically grounded loss function
for change point detection through supervised representation
learning. Following the genuine criteria for the detection delay
and time to false alarm, the proposed differentiable loss approx­
imates the corresponding infinite sums with their truncated
versions and novel correction terms. A presented theoretical
analysis establishes two key properties of the suggested approx­
imation: firstly, it provides a valid lower bound for the true
criteria, and secondly, it is asymptotically tight. Experimen­
tal evidence complements this analysis, suggesting that deep
networks trained with the proposed loss function ensure robust
performance across various scenarios from low-dimensional to
ultra-high-dimensional data.
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4. Finally, the dissertation introduces a method for constructing
representations based on self-supervised similarity learning with­
out using expert markup. By adapting and refining existing
techniques based on self-supervised loss function, this method
can handle the intricacies of multivariate time series data, partic­
ularly those with complex, non-i.i.d. characteristics. Obtained
embeddings have a broad range of applicability - and, in par­
ticular, allow unsupervised change point detection, completing
the proposed framework.

The validity and reliability of the obtained results and
conclusions are provided by comprehensive validation procedures
that are in accordance with the leading works in the area. We also
rely on the precise methods used to investigate the properties of
change point detection methods, utilizing common assumptions in
this field. All approaches are tested from different points of view,
including various metrics groups, usage of several datasets (if appli­
cable), and considering additional downstream tasks.

Approbation of the results. The results and main provi­
sions of the work were presented at international and Russian
conferences:
1. SPE Annual Technical Conference and Exhibition, Calgary, Al­

berta, Canada, September 2019;
2. «Information Technologies and Systems» Interdisciplinary Con­

ference, online, November 2021;
3. 30th ACM International Conference on Multimedia (A* rank),

Portugal, Lisboa, October 2022;
4. 64-th Russian Conference of MIPT, Moscow, Russia, November

2022;
5. 65-ve Russian Conference of MIPT, Moscow, Russia, April 2023;
6. Workshop «Methods of Artificial Intelligence for Industrial

Tasks of Sustainable Development», Belokurikha, Russia, Au­
gust 2023;

7. International Conference «Complex time series analysis: high­
-dimensionality, change-points, forecasting and causality»,
Sanya, Hainan, China, January 2024;
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8. International Conference «Data Fusion» 2024, Moscow, Russia,
April 2024.

Personal contribution. The content of the dissertation and
the main statement submitted for defense reflect the author’s per­
sonal contribution to the published works and have been received
personally by the author or with her direct participation. The
author’s contribution includes setting research objectives, study­
ing literature corresponding to the topic, designing and carrying
out experiments, and analyzing the received results. The problem
statements were formulated by A. Zaytsev, the author’s scientific
supervisor, and the research results were discussed with the co-au­
thors.

Publications. The publications in peer-reviewed scientific
journals also support the credibility of research results. The dis­
sertation materials were published in 6 works, including 3 papers
in Q1 scientific journals indexed by Web of Science and Scopus,
1 paper in Q2 journal indexed by Web of Science and Scopus, 1
extended abstract at international conferences, and 1 article in the
proceedings of the A* conference also indexed by Scopus. In 4 pub­
lications, the author of the dissertation is the first author or has
a shared contribution with a first author. In addition, 1 computer
program was registered by the state.

Dissertation Summary

The Introduction substantiates the relevance of the work,
defines the research goals and methodology, outlines the scientific
novelty and theoretical and practical values of the dissertation, and
formulates the main results.

The chapter 1, Related Work, provides an overview of
the current state of research in the CPD area, highlighting chal­
lenges associated with high-dimensional data. It also covers existing
solutions for the task at hand based on representation learning. Ad­
ditionally, we discuss the domain-specific related works from the
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oil&gas industry that are relevant to the particular tasks for appli­
cation of our framework.

The proposed CPD framework presentation starts in chap­
ter 2, Change Point Detection via Machine Learning
Classifiers, where we suggest a new two-stage method for super­
vised CPD in a low-dimensional setting illustrated in Figure 2.
More precisely, the initial signal is embedded into one-dimensional
representations space (probabilities) via a classifier, where we ap­
ply additional detectors of changes.
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Figure 2 — A scheme of proposed two-staged approach. In the first
step, the input signal is embedded into 1D representations via an
ML classifier. Then, we run a change point detection method on

top of the obtained probabilities.

Formally, we consider a multivariate signal of independent
observations {x𝑖}𝑡𝑖=1, x𝑖 ∈ R𝑑 of an arbitrary length 𝑡. The sig­
nal switches between 𝐾 = 2 regimes: a normal one, with the
distribution function 𝐹0, and an abnormal one governed by 𝐹1.
The moments of alteration between regimes 𝒯 = {𝜏𝑗 : x𝜏𝑗−1 ∼
𝐹𝑎 and x𝜏𝑗 ∼ 𝐹𝑏, 𝑎 ̸= 𝑏, 𝑎, 𝑏 ∈ {0, 1}} are change points. Our goal
for CPD is to identify 𝒯 as accurately as possible. Also, the CPD
task can be formulated as a binary classification problem. For this
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case, the labels are:

𝑦𝑖 = 0, if x𝑖 ∼ 𝐹0 and 𝑦𝑖 = 1, if x𝑖 ∼ 𝐹1. (1)

Given these labels, we train a supervised model 𝑓w on a historical
dataset (Step I in Figure 2). In this context, 𝑓w(x𝑖) = 𝑝𝑖, where
𝑝𝑖 ∈ [0, 1] is the estimated probability that x𝑖 comes from 𝐹1 at the
moment 𝑖 (𝑦𝑖 = 1), and w is a vector of the model’s parameters.
During Step II in Figure 2, we use these representations (probabili­
ties) as the inputs to the statistics 𝑆𝑖 = 𝑆(l≤𝑖) based on likelihoods
𝑙𝑖 = 𝑙(𝑝𝑖). Such statistics include CUSUM, Shiryaev-Roberts, and
Posterior probability ones [7].

The majority of traditional ML classifiers do not restrict the
predicted length for a segment, so the output probabilities may
oscillate near shift moments, producing a lot of false alarms and
unrealistic short intervals of 𝑥𝑖 that come from a specified 𝐹1. To
address this issue, we have designed a novel method of cutting thin
layer statistics (CTL). First, based on the likelihood for (𝑡+ 1) we
calculate statistic 𝑆𝑡+1 in the following way:

𝑆𝑡+1 =

{︃
𝑆𝑡 + 1, 𝑙𝑡+1 ≥ 𝑙0,

0, 𝑙𝑡+1 < 𝑙0,
(2)

where 𝑙𝑡 is a likelihood from classifier 𝑓w, and 𝑙0 is a threshold.
Second, we compare the obtained statistics with 𝑤. If 𝑆𝑡 > 𝑤, we
set all the previously predicted labels 𝑦𝑡−𝑤, . . . , 𝑦𝑡 to the value of the
label 𝑦𝑡−𝑤−1. The only hyperparameters of the CTL are an upper
bound of the layer size to drop 𝑤 and threshold 𝑙0.

Traditional statistical-based approaches limit the number of
false alarms and tend to reduce the detection delay [7; 8]. In con­
trast, CTL offers an opposite way: limit the detection delay from
below with a hyperparameter 𝑤 while minimizing the number of
false alarms.

Lemma 1. Assume a model 𝑓w provides independent likelihoods 𝑙𝑡
for each input moment 𝑡. Using the statistic of cutting thin layer
defined in Equation (2) decreases the models’ false positive errors
compared to the statistic without the aggregation from (2).
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Table 1 — The results are averaged with the median for 57 wells.
TP stands for the number of True Positive errors, FP is the num­
ber of False Positive errors, and Acc N. is the specific metric for
the considered applied problem. The best values are in bold font.
Cutting thin layers does not outperform other approaches in all
metrics, but it improves target Accuracy N and FP.

Used method Acc. N ↑ Mean detect.
delay ↓ TP ↑ FP ↓

Only classification model 0.5511 0.3 25 43
Cumulative sums 0.6551 4.0 8 6
Shiryaev-Roberts stat. 0.6400 3.7 6 7
Priory distribution stat. 0.6207 3.5 6 12
Cutting thin layers (ours) 0.6579 1.8 12 6

We evaluate our two-stage pipeline for the real industrial
challenge of rock type classification during drilling, where changes
happen between two states: oil-bearing zones and non-productive
areas. This problem aligns with our expectations. We are deal­
ing with noisy, low-dimensional sensor time series, where existing
methods have proven inaccurate. Moreover, the potential economic
benefits of a successful solution are substantial.

The approach is compared with the pure classifier model
as well as other classic likelihood-based methods from the CPD
area [8]. For validation, we use standard criteria for the CPD
area [8], classification problem, and domain-specific metrics; see
details in the full text of the dissertation. As shown in Table 1,
the presented system provides only a 1.8 m mean change detection
delay and has about 6 false alarms per well, which is 7 times lower
than the pure classification.

In the chapter 3, Instant Disorder Detection via a Prin­
cipled Neural Network, we present the second part of the
framework for solving the CPD problem for complex semi-struc­
tured high-dimensional data. In contrast to the previous solution,
our approach is suitable for data of different modalities, including
images and video streams. The method detects changes in the on­
line mode and makes a decision based on the information available
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at the current moment in case of a single and multiple change points
to detect. The scheme of the approach is presented in Figure 3.
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Figure 3 — A scheme of work for representation-based change point
detection approach

Following traditional paradigm [8], our goal is to find a proce­
dure that produces an estimate 𝜏 * of the true change point 𝜃. Such
estimation should minimize the expected detection delay (DD) with
the constraint that the Average Time to False alarm (Time to FA)
is greater than a large value 𝑎:

ℒ̃(𝜏) → min
𝜏

s.t. 𝑐(E𝜃(𝜏 | 𝜏 < 𝜃)− 𝑎) = 0,

where ℒ̃(𝜏) = E𝜃(𝜏 − 𝜃)+ − 𝑐E𝜃(𝜏 | 𝜏 < 𝜃).
(3)

Here the expectation with index 𝜃 means that observations come
from the data distribution 𝑝𝜃 with the true change point at time
𝜃, 𝑐 ≥ 0 — Lagrange multiplier.

Suppose, we observe a set of sequences 𝐷 = {(𝑋𝑘, 𝜃𝑘)}𝑁𝑘=1

with similar length 𝑇 , change points 𝜃𝑖 are in {1, . . . , 𝑇,∞}. Each
𝑋𝑖 is a sequence of multivariate vectors {x𝑖𝑗}𝑇𝑗=1. We construct a
data-driven model 𝑓w that optimizes the criterion (3) for the online
change point detection procedure. This model 𝑓w outputs a series
{𝑝𝑖𝑡}𝑇𝑡=1 based only on the information available up to the moment
𝑡 and 𝑝𝑖𝑡 = 𝑓w(𝑋

1:𝑡
𝑖 ). In addition, we should define the natural

behavior of the “ideal” model 𝑓w:
17



Assumption 1. The good model 𝑓w should output 𝑝𝑖𝑡 = 𝑞 for 𝑡 < 𝜃𝑖
and 𝑝𝑖𝑡 = 1− 𝑞 for 𝑡 ≥ 𝜃𝑖, where 0 < 𝑞 < 1 and 𝑞 → 0.

Assumption 2. For 𝑡 > 𝑇 , the output probabilities of 𝑓w follow
geometric distribution with a hyperparameter 𝑟, 𝑝𝑡 ∼ Geom(𝑟) ∀𝑡 >
𝑇 .

To provide a representation learning process necessary to
CPD on complex data streams [14], we suggest a new principled
loss function 𝐿̃ℎ(𝑓w, 𝐷, 𝑐) for training a model 𝑓w:

𝐿̃ℎ(𝑓w, 𝐷, 𝑐) = 𝐿̃ℎ
𝑑𝑒𝑙𝑎𝑦(𝑓w, 𝐷)− 𝑐𝐿̃𝐹𝐴(𝑓w, 𝐷), (4)

This loss consists of two terms 𝐿̃ℎ
𝑑𝑒𝑙𝑎𝑦(𝑓w, 𝑋𝑖, 𝜃𝑖) and 𝐿̃𝐹𝐴(𝑓w, 𝑋𝑖, 𝜃𝑖)

averaged over all sequences. Both of them are connected with
principled CPD criteria. Here 𝐿̃ℎ

𝑑𝑒𝑙𝑎𝑦(𝑓w, 𝑋𝑖, 𝜃𝑖) approximates the
detection delay:

𝐿̃ℎ
𝑑𝑒𝑙𝑎𝑦(𝑓w, 𝑋𝑖, 𝜃𝑖) =

ℎ∑︁
𝑡=𝜃𝑖

(𝑡−𝜃𝑖)𝑝
𝑖
𝑡

𝑡−1∏︁
𝑘=𝜃𝑖

(1−𝑝𝑖𝑘)+(ℎ+1−𝜃𝑖)
ℎ∏︁

𝑘=𝜃𝑖

(1−𝑝𝑖𝑘),

(5)
where ℎ ≤ 𝑇 is a hyperparameter that restricts the size of a consid­
ered segment. More precisely, we have proven that our formulation
provides an asymptotically tight lower bound with a power-law con­
vergence rate:

Lemma 2. 𝐿̃ℎ
𝑑𝑒𝑙𝑎𝑦(𝑓w, 𝐷) is a lower bound for the expected value of

the detection delay E𝜃(𝜏 − 𝜃)+.

Lemma 3. Under Assumption 1, model 𝑓w guarantees an asymptot­
ically tight estimation 𝐿̃ℎ

𝑑𝑒𝑙𝑎𝑦(𝑓w, 𝐷) for the expected detection delay
E𝜃(𝜏 − 𝜃)+.

Lemma 4. The convergence rate for 𝐿̃ℎ
𝑑𝑒𝑙𝑎𝑦(𝑓w, 𝑋𝑖, 𝜃) is 𝑞

1−𝑞
(1 −

𝑞ℎ−𝜃+1) under Assumption 1.
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Similarly, 𝐿̃𝐹𝐴(𝑓w, 𝑋𝑖, 𝜃𝑖) approximates the expected time to
false alarm looking at the interval with no changes either [0, 𝜃𝑖] or
[0, 𝑇 ], if there are no change point:

𝐿̃𝐹𝐴(𝑓w, 𝑋𝑖, 𝜃𝑖) =

𝑇𝑖∑︁
𝑡=1

𝑡𝑝𝑖𝑡

𝑡−1∏︁
𝑘=1

(1− 𝑝𝑖𝑘) +

(︂
𝑇𝑖 +

1

𝑟

)︂ 𝑇𝑖∏︁
𝑘=1

(1− 𝑝𝑖𝑘), (6)

where 𝑇𝑖 = min(𝜃𝑖, 𝑇 ), and 0 < 𝑟 ≤ 1 is a hyperparameter that
controls detection at «infinity» (2). We have shown that it is an
exact second term from criteria (3):

Lemma 5. Under Assumption 2, the expected value of the time to
the false alarm E𝜃(𝜏 | 𝜏 < 𝜃) for model 𝑓w is 𝐿̃𝐹𝐴(𝑓w, 𝐷).

All supplementary lemmas lead to the main theorem, which
proves that our loss function is a tight lower bound of the principled
Lagrangian function (3).

Theorem 6. The loss function 𝐿̃ℎ(𝑓w, 𝐷, 𝑐) from (4):
(1) is a lower bound for a Lagrangian for ℒ̃(𝜏) from crite­

rion (3)
(2) is differentiable with respect to 𝑝𝑖𝑘 and, thus, w;
(3) is an asymptotically tight lower bound with a power-law con­

vergence rate.

To provide a wide-applicable representation model, we choose
a Recurrent Neural Network (RNN) as 𝑓w. It processes inputs
sequentially: hidden states would represent the current sequence
tailored for CPD. The model is trained through minimizing the dif­
ferentiable loss 𝐿̃ℎ(𝑓w, 𝐷, 𝑐) from (4). We either train the model
from scratch using the proposed loss to get the pure InDiD method
or train a classifier with binary cross-entropy loss (BCE) and then
fine-tune it with our loss to get BCE+InDiD method. Alterna­
tively, we consider classic CPD methods from [6] (where they are
applicable), strong baseline with BCE loss [17], and state-of-the-art
models KL-CPD [13] and TSCP2 [15].
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We validate our approach on a diverse set of datasets, includ­
ing synthetically generated sets, sensor data, image sequences, and
video streams. Moreover, for the first time, we have provided a
markup for CPD on video datasets that, as we hope, forces the de­
velopment of the field. The considered metrics are a traditional set
of criteria for the CPD [1]; see more details in the full thesis text.
As shown in Table 2, experimental evidence suggests that usage of
our loss function (4) leads to an overall model improvement. We
observe this behavior in various scenarios, and for the most com­
plex video data, InDiD outperforms baselines by approximately 1.5
times in terms of F1 metrics. It is important to note that the re­
sults of the classic approach are not included in Table 2, as they
are limited to high-dimensional data. More detailed results can be
found in the full version of the dissertation.

Table 2 — Mean performance ranks of considered methods averaged
over datasets. The results are averaged by 5 datasets. The best
values are highlighted with bold font, and the second ones are
underlined.

Metric AUC F1 Cover
KL-CPD [13] 4.17 4.17 3.50
TSCP [15] 4.67 3.83 4.66
BCE 3 2.17 2.17
InDiD (ours) 1.5 1.67 1.5
BCE+InDiD (ours) 1.67 2 2

Chapter 4, Detecting Akin and Changing Patterns
Using Self-Supervised Similarity Learning, proposes an un­
supervised encoder model that produces representations suitable
to a wide range of tasks, including change point detection. By
adapting and refining existing ideas from the self-supervised learn­
ing (SSL) area to real-world sequential sensor data, our approach
allows for flexible and effective distinguishing between similar and
dissimilar subsequences, as shown in Figure 4. As a practical ex­
ample of real-world sensor data, we consider well-log observations
from the oil&gas domain.
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Similar = continuous behaviour
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Dissimilar = change point
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Figure 4 — An overview of the proposed approach. With the model
of intervals’ similarity, we can compare sensor observations from
different streams and identify the regime’s change points while ob­

serving a single stream.

The methodology’s core, depicted in Figure 4, is strongly de­
pendent on the similarity measure learned by the implicit model.
To obtain such a measure in the unsupervised scenario, we follow
the SSL paradigm and derive specified similarity labels from the
inherent data structure. Thus, we evaluate four SSL methods to
train a neural network encoder:
1. classification-based approach when we force a Siamese model to

solve classification problem (are objects from a pair similar or
not) utilizing objects’ representations;

2. contrastive Triplet model that learns similarity directly in the
representations’ space and further evaluates it through common
distances;

3. generative VAE network that does not control similarity ex­
plicitly, but, as a generative model, provides informative local
embeddings [18];

4. a combination of contrastive and generative models, denoted
as the Ensemble. This method leverages the strengths of each
paradigm, thereby enhancing overall performance.
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Recent findings [18] also indicate that different scales of
learned patterns, local and global, can be beneficial for solving
different problems. Thus, we propose two labeling procedures for
pairs of intervals for training classification-based and contrastive
models: a global Linking method and a more local Close Linking
shown in Figure 5.
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Figure 5 — Linking and Close Linking labeling example for five inter­
vals 𝐼1, . . . , 𝐼5 that belong to two different sequences. For Linking,
(𝐼1, 𝐼2), (𝐼1, 𝐼3) are pairs of similar intervals, as they belong to the
same sequence, while (𝐼1, 𝐼4) and (𝐼1, 𝐼5) are pairs of different inter­
vals, as intervals belong to different objects. For Close Linking,
all relations remain the same apart that now a pair (𝐼1, 𝐼3) consti­
tutes different intervals, as their difference in time is higher than a

pre-specified threshold hyperparameter.

We utilize representations from the above SSL models to solve
CPD tasks rather than working directly with the original data.
This approach allows us to leverage the full expressive power of
neural networks while overcoming the challenges associated with
data structure complexity [15; 19]. We compare 𝑠cos(·), the cosine
similarity, between embeddings of two consecutive intervals sam­
pled from a stream 𝑋, with a threshold hyperparameter 𝛼. If the
similarity is smaller than 𝛼, a change point is detected:

𝑦𝑖+𝑚+𝑙
cp = I[𝑠cos(e𝑖, e𝑖+𝑚+𝑙+1) < 𝛼], (7)

where e𝑘 = 𝑓(𝑋𝑘:𝑘+𝑙) denotes an embedding of 𝑋𝑘:𝑘+𝑙 via the model
𝑓(·), 𝑙 is the interval length, 𝑚 is a margin between two consecutive
intervals. By sliding through the entire sequence 𝑋, we obtain a
set of predictions. For evaluation, we formulate a CPD problem
as a classification task: if an interval 𝑋𝑖:𝑖+𝑚+2𝑙 contains a change
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in target labeling, the true CPD target 𝑦𝑖+𝑚+𝑙
cp = 1; otherwise,

𝑦𝑖+𝑚+𝑙
cp = 0 — and we want 𝑦𝑖+𝑚+𝑙

cp ≈ 𝑦𝑖+𝑚+𝑙
cp .

During our experiments, we evaluate a wide range of em­
beddings’ characteristics: correct estimation of natural similarity
measures, compliance with expert markup (CLASS and CLASS
+ LAYER) for well’s closeness, and sensitivity to physical-guided
changes in data. More results are in the full text. For the first
experiment, we directly evaluate similarities from the model with
common classification metrics as validation criteria. Moreover, we
cluster the provided embeddings and compare the obtained labeling
with expert markup (CLASS and CLASS + LAYER) for the well’s
closeness using ARI measures. Finally, we estimate sequential F1
score from CPD works [15; 19]. More details on metrics are in the
full text of the thesis.

Table 3 — Comparison of the models’ quality for Close Linking
problem. The best values are highlighted with bold font, the second
ones are underlined.
Models Accuracy ROC AUC PR AUC
XGBoost 0.787 ± 0.042 0.802 ± 0.041 0.895 ± 0.032
Euclidean distance 0.300 ± 0.015 0.310 ± 0.034 0.266 ± 0.020
Cosine distance 0.596 ± 0.048 0.674 ± 0.045 0.530 ± 0.049
Siamese + 3 FC 0.814 ± 0.053 0.874 ± 0.056 0.766 ± 0.126
Siamese + Cos. dist. 0.603 ± 0.061 0.710 ± 0.070 0.592 ± 0.076
Triplet + Cos. dist 0.926 ± 0.022 0.783 ± 0.036 0.926 ± 0.020
VAE + Cos. dist 0.613 ± 0.111 0.738 ± 0.021 0.826 ± 0.096
Ensemble + Cos. dist 0.853 ± 0.139 0.813 ± 0.033 0.939 ± 0.109

Table 4 — Comparison of the clustering ARI metrics for embeddings
from models trained in Close Linking setting. The best values are
highlighted with bold font, and the second ones are underlined.

Models CLASS CLASS + LAYER
Feature clustering 0.340± 0.087 0.340± 0.087
Siamese + 3FC 0.416± 0.147 0.416± 0.147
Triplet 0.618± 0.225 0.361± 0.064
VAE 0.603± 0.122 0.348± 0.121
Ensemble 0.660± 0.157 0.386± 0.101
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Our results from Table 3 and Table 4 suggest that there is
no apparel leader between individual deep models. Both Siamese
and Triplet networks provide good results, while the generative
VAE approach lags behind. Nevertheless, its combination with
the Triplet model provides an outstanding solution for the Close
Linking task and correlates with the expert’s understanding of nat­
ural well similarity.

To test the effectivity of models for complex tasks of CPD,
we consider two problem statements: detection of changes in strati­
graphic layers and identification of rock type shifts. Both properties
provide valuable information during oilfield development. The
quantitative results of CPD performance for both tasks are pre­
sented in Table 5. Figure 6 provides two qualitative examples of a
model’s behavior for different CPD problems.
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Figure 6 — Two examples of Change Point Detection via Ensem­
ble’s embeddings. The left Figure corresponds to the detection of
changes in stratigraphical layers, while the right — to the change
of lithotypes. The ensemble model can effectively capture pattern
alternations while rapidly decreasing the similarity between embed­

dings and providing fewer false alarms.

We can conclude that the performance of models depends on
at least two criteria: the model’s type and the quality of similar­
ity estimation. Generative models, such as VAE, are known to
provide better dynamics of embeddings but may underperform in
discriminative tasks [19], and our experiments confirm it. VAE has
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a reasonable but moderate quality for similarity estimation while
achieving a Top-2 performance for CPD. On the other hand, as
expected, classification-based Siamese and contrastive Triplet net­
works surpass the VAE for the CPD problems while competing with
each other in the case of similarity tasks. The Ensemble model in­
tegrates the strengths of two worlds, outperforming both baselines
and individual models for each task. This finding aligns with our
initial hypothesis: this model exhibits the best performance in dis­
criminative similarity estimation, as shown in Tables 3,4.

Table 5 — F1 score for Change Point Detection based on embed­
dings from the best Ensemble model for two considered tasks. The
best values are highlighted with bold font, the second ones are
underlined.

Str. Layers Lithotypes
Feature-based 0.342 ± 0.004 0.548 ± 0.081
Kernel CPD [20] 0.370 ± 0.009 0.476 ± 0.053
TSCP2 [15] 0.387 ± 0.019 0.511 ± 0.075
Siamese 0.415 ± 0.021 0.580 ± 0.060
Triplet 0.419 ± 0.017 0.569 ± 0.048
VAE 0.426 ± 0.042 0.596 ± 0.073
Ensemble 0.454 ± 0.020 0.630 ± 0.056

Thus, Ensemble complements the presented framework for
effective CPD in unsupervised cases. Unlike CPD-oriented models,
it provides flexible embeddings that can be applied to various tasks,
from similarity learning to change detections. At the same time, we
see that both tasks are highly correlated: in future works, one can
choose the encoder model for CPD while estimating natural data
similarity like the one provided in Figure 5. Finally, we can adapt
such an approach to high-dimensional cases as well.

The last chapter Conclusion summarizes the results and dis­
cusses future works.

25



Conclusion

This thesis investigates the optimal change point detection
procedures for data of varying dimensionality and presents a
versatile framework based on representation-learning techniques
to address this challenge. Through comprehensive analysis and
experiments, we assess a diverse range of data types and settings, en­
compassing both supervised and unsupervised cases, ranging from
real-world sensor data to videos with change points. Our research
is grounded in both theoretical justification and practical applica­
tions. The main results are the following:
1. The dissertation presents a consistent representation learning

framework for change point detection. Throughout our work,
we have accurately justified that each part of our solutions effec­
tively solves real-world CPD problems. Altogether, they provide
a flexible tool suitable for different scenarios, from simple signals
with moderate dimensionality to challenging high-dimensional
CPD on video data, regardless of the availability of markup.

2. For low-dimensional streams, a framework suggests a two-stage
system that combines the effectiveness of classic machine learn­
ing with the CPD-oriented approaches. This part is tested
on the important industrial challenge of rock type identifica­
tion based on information from sensors used during directional
drilling. Our procedure reduces the detection delay from 20 to
1.8 meters and the number of false positive alarms from 43 to 6
per well. This technology has been implemented by a major oil
and gas company, saving billions of rubles every year.

3. Our work presents a new theoretical-grounded universal loss
function for supervised change point detection via representa­
tion learning. The suggested loss function approximates the
classic criteria while balancing change detection delay and time
to a false alarm. We have shown that it is a differentiable tight
lower bound on the conventional criteria with a power-law con­
vergence rate. According to the findings, the neural networks
trained with our loss function provide meaningful representa­
tions tailored to the specific nature of the CPD and complex
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data structures. Such a model can be applied to a wide range
of data types, including sensor data and videos. For example,
for explosion detection in video surveillance, the F1 score for
our method is 0.53 compared to baseline scores of 0.31 and 0.35

4. We have also developed a model for generating universal rep­
resentations through similarity learning in an unsupervised
scenario. Unlike other CPD-oriented approaches, these em­
beddings can be applied to a broader spectrum of tasks. For
instance, our method highly correlates with expert labeling of
intra- and inter-well correlations with ARI and AMI as high as
0.660 and 0.727, respectively, compared to 0.340 and 0.447 for
the baseline. At the same time, our approach effectively identi­
fies the shifting of stratigraphical layers and lithotype changes.
The F1 scores for these tasks are up to 0.454 and 0.630, respec­
tively, outperforming the most state-of-the-art CPD approach,
which achieves F1 scores of 0.387 and 0.511.

The presented results provide a significant step forward
in studying various representation-learning techniques for change
point detection tasks and open up new avenues for further refine­
ment.

The obvious restriction of our two-staged ML-CPD system
and InDiD approach is their supervised nature. Typically, there is a
lack of annotated data, and the labeling process requires additional
expenses and time-consuming expert efforts. We aim to fill this
gap by presenting the unsupervised method based on similarity
learning. However, the InDiD loss function can also be adapted
to an unsupervised setting similar to work [17], where the authors
considered all possible sequence partitions on two segments.

The dissertation insights have become the foundation for var­
ious works. Several colleagues’ papers have already complemented
our research on a fundamental representation-learning solution for
industrial sequences. Moreover, we have evaluated which model
type provides desired properties for different scales of tasks on re­
al-world event sequences with irregular grid [18]. Finally, we have
studied how to incorporate CP principles in similarity learning.
More particularly, we have found that Spectral Normalization [19]

27



ensures shifts in embedding space, and Layer Normalization spreads
information about the changes facilitating their detection.
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