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Abstract

Visual exploration of time series data is essential for uncovering meaningful insights in
domains such as healthcare monitoring and financial analysis, yet it remains computation-
ally challenging due to the combinatorial explosion of potential subsequence comparisons.
For long time series, an exhaustive comparison of all possible subsequence pairs becomes
prohibitively expensive, limiting interactive exploration. This paper presents the TiVEx
(Time Series Visual Exploration) family of algorithms for efficiently discovering the top-k
most dissimilar subsequence pairs in comparative time series analysis. TiVEx achieves
scalability through three complementary strategies: TiVEx-sharing exploits computational
reuse across overlapping subsequence windows, eliminating redundant distance calcu-
lations; TiVEx-pruning employs distance-based upper bounds to eliminate unpromising
candidates without exhaustive evaluation; and TiVEx-hybrid integrates both mechanisms
to maximize efficiency gains. The key observation is that overlapping subsequences share
a substantial computational structure, which can be systematically exploited while main-
taining result optimality through provably correct pruning bounds. Extensive experiments
on six diverse datasets demonstrate that TiVEx-hybrid achieves up to 84% reduction in
distance calculations compared to exhaustive search while producing identical top-k results.
Compared to state-of-the-art subsequence comparison methods, TiVEx-hybrid achieves
2.3× improvement in computational efficiency. Our effectiveness analysis confirms that
TiVEx achieves result quality within 5% of exhaustive search even when exploring only a
subset of candidate positions, enabling scalable visual exploration without compromising
insight quality.

Keywords: insight discovery; optimization; time series data; visual exploration

1. Introduction
Visual exploration of time series data is essential for uncovering meaningful insights

across domains such as finance, environmental monitoring, biomechanics, and health-
care [1–5]. However, exploring high-dimensional long time series remains challenging
due to their inherent complexity and large volume. These challenges are amplified when
analysts seek to identify localized insights hidden within long time series (e.g., [1–3,6]).

To discover localized insights in time series data, analysts often engage in visual
exploration, selecting and plotting specific temporal windows (i.e., subsequences) for closer
inspection. Throughout this process, analysts adjust parameters such as subsequence
length and iteratively generate multiple visualizations that capture different segments
across time series (e.g., [7–9]). Such manual exploration tends to be ad hoc, guided largely
by the analyst’s intuition and expertise. For instance, analyzing a single day of sensor data
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recorded at minute-level resolution could involve examining thousands of subsequences,
rendering manual exploration impractical.

To address these challenges, several automated approaches for visual time series
exploration have been proposed (e.g., [10,11]), building on principles of interactive visual
analytics that combine automated computation with human judgment to guide exploratory
analysis [12,13]. These systems follow the visual analytics paradigm of generating candidate
insights automatically while enabling analysts to interactively filter, rank, and examine
results based on domain expertise [14]. However, existing systems primarily focus on
insight discovery while overlooking the computational efficiency and scalability of the
exploration process—an issue that becomes particularly severe for complex or long time
series. This gap underscores the need for techniques that not only support visual insight
discovery but also enable efficient and scalable exploration, a challenge that this work seeks
to address.

In this work, we focus on subsequence comparison, a key analytical task in local
time series exploration. Alongside correlation analysis, motif discovery, and anomaly
detection [15–20], subsequence comparison enables the discovery of localized behaviors by
measuring the similarities or differences between segments of time series. Our emphasis is
on cross-dissimilarity comparison—comparing aligned subsequences from two time series
and ranking them by their deviation values. This formulation is well suited for applications
such as physiological monitoring (e.g., comparing signals from two sensors) and financial
analysis (e.g., assessing synchronized stock-index movements) [21,22], where the alignment
between time series must be preserved to capture meaningful, time-locked differences.

To illustrate the practical significance of automated subsequence comparison, consider
the early detection of Parkinson’s disease using wearable motion sensors. In healthy indi-
viduals, sensors attached to the left and right ankles typically produce symmetric walking
patterns. Subtle asymmetries—such as a reduced swing amplitude or a slight drag in one
foot—may, however, appear months before clinically noticeable symptoms [23]. By auto-
matically discovering and ranking aligned subsequences by their dissimilarity, analysts
can pinpoint gait segments exhibiting the greatest asymmetry, enabling clinicians to focus
on the most significant intervals instead of manually reviewing lengthy motion recordings.

It is important to distinguish this work from time series search methods. Search meth-
ods typically operate in a query-driven setting, where a known subsequence is provided
and the goal is to locate similar or dissimilar matches, such as identifying motifs (repeated
subsequences) or discords (anomalous subsequences) [15,24]. In contrast, time series data
exploration does not rely on an input query. Instead, the goal is to uncover unknown
and potentially interesting insights directly from the data itself. Rather than specifying
what to look for, the analyst interacts with a system that systematically surfaces candidate
insights for examination. Within this broader exploration context, our work focuses on
the comparative analysis across two time series. Specifically, we aim to discover aligned
subsequence pairs that exhibit high cross-dissimilarity—segments where the two series
behave most differently and thus reveal the most significant variations or anomalies.

Existing approaches for time series exploration—particularly those addressing
cross-dissimilarity analysis—often rely on threshold-based search techniques to identify
(dis)similar subsequence pairs across two time series (e.g., [16–18,25–27]). Such approaches
require analysts to manually specify a similarity or dissimilarity threshold, a process that is
often unintuitive, difficult to tune, and highly dependent on dataset characteristics.

To address the limitations of threshold-based approaches, this work adopts a ranking-
based exploration formulation, in which aligned subsequence pairs are ordered by their
dissimilarity values, and the top-k results are selected for visualization. This formulation
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removes the need for manually defining a distance threshold and provides a more intuitive
control mechanism, allowing analysts to specify how many insights they wish to examine.

A straightforward way to realize this ranking-based exploration approach is to ex-
haustively compare all possible aligned subsequence pairs for a given subsequence length
and then select the top-k most dissimilar pairs. However, this process is computationally
prohibitive: the number of required comparisons increases quadratically with the length
of the time series. For instance, a series of 30,000 points with a subsequence length of
50 would entail more than 1.4 million distance calculations, making interactive exploration
infeasible for large datasets.

To address the computational cost of exhaustive comparison, we previously pro-
posed TiVEx (Time Series Visual Exploration) [19], which identifies the top-k dissimilar
subsequence pairs by exploiting shared computations among overlapping subsequence
windows. This approach adapts the well-established concept of partial aggregation from
data stream processing [28]—where intermediate results are reused across overlapping
windows—to Euclidean distance computation for aligned subsequence comparison. We
refer to this approach as TiVEx-sharing throughout this paper, and it serves as the baseline
from which our novel contributions extend. While TiVEx-sharing substantially reduced
redundancy between consecutive subsequences, it addressed only this single optimization
dimension and overlooked optimization opportunities within individual subsequences
(i.e., non-overlapping regions).

Hence, this paper introduces two novel techniques that extend beyond TiVEx-sharing.
First, TiVEx-pruning (Section 6.1) introduces distance-based upper bounds that enable early
termination when candidates provably cannot enter the top-k set, eliminating unnecessary
point-pair computations within each subsequence. Second, TiVEx-hybrid (Section 6.2)
integrates both sharing and pruning mechanisms, achieving maximum computational
efficiency by reusing overlapping calculations across consecutive subsequences while
simultaneously pruning unpromising candidates within non-overlapping regions. Impor-
tantly, both techniques maintain exact result optimality, producing identical top-k rankings
to exhaustive search—efficiency gains are achieved solely by avoiding unnecessary compu-
tations, not by sacrificing accuracy.

Our TiVEx approach builds on the well-established principle of computation reuse
in time series analysis. This principle underlies many efficient methods, including Matrix
Profile methods [20,24,29–31], which achieve efficiency by reusing intermediate calculations
when comparing subsequences across all temporal offsets, comparing every position in
one series against every position in another. However, this generality comes at a cost: their
sequential computation evaluates all positions before reaching any specific aligned pair.
TiVEx avoids this overhead by leveraging the alignment constraint inherent to our problem.
By directly targeting only temporally synchronized subsequences, we substantially reduce
the search space: TiVEx-sharing reuses calculations between consecutive aligned pairs,
while TiVEx-pruning and TiVEx-hybrid further exploit this constrained setting through the
early termination of unpromising candidates.

Motivating Example. To highlight the value of the TiVEx approach, consider the
example shown in Figure 1 applied to the Google Mobility dataset. This dataset, available
at [32], has been widely used to analyze changes in human mobility patterns. Particularly,
Google’s data records changes in mobility across six different categories of places (e.g.,
residential, workplace, parks, etc.). Among the six categories, our focus is on workplace,
which represents mobility related to work, and residential, which reflects time spent
at home.

https://doi.org/10.3390/bdcc10020064

https://doi.org/10.3390/bdcc10020064


Big Data Cogn. Comput. 2026, 10, 64 4 of 38

Figure 1. Workplace and residential mobility insights from the Google Mobility dataset before and
after the COVID-19 lockdown, highlighting behavioral shifts.

Figure 1 illustrates that, in the UAE, the pre- and post-lockdown periods in March
2020 exhibited the most significant dissimilarities between these two categories. The figure
demonstrates precisely the type of high-utility visualization that TiVEx targets: aligned
subsequence pairs where the distance (e.g., Euclidean distance) between corresponding
data points reaches its maximum. Prior to the lockdown, workplace mobility exceeded
residential mobility, reflecting a normal routine in which individuals primarily commuted
to work. However, after the lockdown, a clear shift occurred, with residential mobility in-
creasing significantly while workplace mobility declined. This shift reveals the pandemic’s
dramatic impact on daily routines and societal behavior. This visualization is expected to
be among the top-k discovered visualizations, capturing the highest dissimilarities between
residential and workplace mobility. Manually identifying such insights across all possible
aligned subsequence pairs would be computationally prohibitive, especially with large
dataset sizes. This demonstrates the practical value of TiVEx’s automated approach.

Hence, the contributions of our work are as follows:

• We introduce TiVEx, an optimization-based technique that significantly reduces com-
putational cost by exploiting shared calculations between overlapping subsequences
and incorporating early pruning strategies to avoid unnecessary computations.

• Our experiments demonstrate that TiVEx achieves speedups of 38.5× over exhaus-
tive search on real-world datasets while maintaining high-quality results, making
interactive exploration feasible for time series data.

• We evaluate our TiVEx approach across six time series datasets, demonstrating its
efficiency and effectiveness in discovering meaningful insights in various applications,
such as gait asymmetry detection.

This paper is structured as follows: Related works are introduced in Section 2. Section 3
outlines the visual data exploration process. Section 4 discusses challenges in selecting top-
k visualizations for time series data. Section 5 presents baseline solutions for our problem.
Section 6 introduces our method for optimizing the exploration of insightful visualizations.
Section 7 details the experimental testbed. Section 8 presents the performance analysis on
real-world and synthetic datasets. This paper concludes with future directions in Section 9.

2. Related Works
This section presents the process of visual data exploration for time series data, var-

ious techniques for insight discovery, and optimization methods used to accelerate the
exploration process. We also highlight how our work differs from existing studies.
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Visual Insight Discovery Process. Visual data exploration is a critical aspect of data
analysis, particularly when dealing with complex datasets, such as time series data. It
involves utilizing graphical and visual representations to make data more understandable
and to discover insights. In recent years, various visual analytic tools such as Tableau,
Power BI, and Qlik have gained significant popularity due to their user-friendly interfaces
and their ability to help users understand and explore data [7–9]. Despite the power of these
tools, the insight exploration process heavily relies on the user’s or analyst’s knowledge of
the data (i.e., user-driven), domain expertise, and familiarity with visualization tools and
statistical analysis. Even domain experts can find manual insight discovery overwhelming.
This is where automated visual exploration systems can play a vital role.

Such systems aid users in obtaining a more thorough and meaningful exploration
of data automatically, resulting in valuable insights for decision-making and problem-
solving (e.g., [10,11]). This can be done by swiftly traversing the space of visualization and
exploring those that are deemed interesting. These systems support faster data exploration
by reducing reliance on manual exploration. However, as the size and complexity of
datasets grow, such systems face significant scalability challenges due to the quadratic
nature of pairwise comparisons and the lack of efficient pruning strategies.

A key challenge in automated insight discovery is defining what makes a visualiza-
tion or insight interesting. This can vary depending on the dataset, the analysts’ objec-
tives, and the context of exploration. Prior works have proposed various utility-driven
methods, including deviation-based and similarity-based methods that rely on statisti-
cal distances, user-action-based methods that infer user intent from actions or historical
data, and perception-based methods that learn human visual perception patterns [33–37].
The choice of metric is thus influenced by user interests and the specific domain in which
the visual exploration process is applied. Among these, deviation-based metrics, such
as Euclidean distance (ED) and Dynamic Time Warping (DTW), have proven particu-
larly effective in identifying discord patterns (i.e., dissimilar segments) within time series
data [20,24,30,38,39].

In [10], the researchers proposed a visual insight exploration system that helps to
understand, explore, and visually identify relevant insights in any arbitrary data, including
time series data. This system generates the top-k visual insights for various insight types,
such as time series outliers. These visual insights are presented in ranked rows, allowing
users to quickly identify the most relevant insights. Moreover, each insight type, repre-
sented by a row of visual insights, is ranked to identify the important and relevant insights
in the data. Similarly, Visail [11], a reinforcement learning-based system, automatically
explores eight different types of insights from time series data, including similarity and
correlation. While these systems effectively generate insightful visualizations [10,11], our
focus is on optimizing the computational process within the visual data exploration process,
ensuring scalability while discovering visualizations with interesting insights.

Time Series Insight Exploration Techniques. Insight exploration in time series
data encompasses various analytical tasks, including correlation analysis, motif discovery,
anomaly detection, and subsequence comparison [18,20,24,27,29,30]. Our work focuses on
subsequence comparison, which identifies (dis)similar segments across two time series.
A common approach to this task is the time series join, which finds all pairs of subsequences
that satisfy a given similarity criterion. For example, ARES (Adaptive Radius-Based
Search) [25] uses Euclidean distance, while others (e.g., [16]) apply Dynamic Time Warping
to identify matching subsequences. However, these approaches rely on user-defined
thresholds (e.g., similarity > 0.8 or distance < 0.1), returning only pairs that meet the
specified criterion. This threshold dependency can limit their ability to discover unexpected
insights outside the predefined bounds.
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In contrast, our methods eliminate thresholds by directly discovering the top-k most
dissimilar aligned subsequence pairs. To contextualize our contribution, we compare
against STOMP (Scalable Time Series Ordered-Search Matrix Profile) [31], a state-of-the-art
Matrix Profile method that also avoids threshold constraints. We select STOMP as our
baseline because it operates on pairs of time series to identify the most similar or dissimilar
subsequences—the task most closely related to our cross-dissimilarity exploration. How-
ever, STOMP compares every position in one series against every position in the other,
whereas our formulation targets only aligned positions. This fundamental difference in
problem scope leads to different optimization strategies.

Specifically, STOMP computes distances between all pairs of subsequences to produce
a complete distance matrix, from which the nearest (for motifs) or farthest (for discords)
neighbors are identified at each position. This exhaustive computation prevents skipping
any distance calculation, as every entry is needed for the final result. In contrast, our
top-k ranking formulation enables early termination: once an upper bound indicates that a
subsequence pair cannot enter the top-k set, we can safely skip the remaining calculations
for that pair. Additionally, our alignment constraint substantially reduces the search
space by comparing only temporally synchronized subsequences rather than all possible
offset combinations.

Building on these observations, this paper extends our previous work, TiVEx-
sharing [19], which introduced computation reuse for aligned subsequence comparison.
While TiVEx-sharing reduced redundant calculations between consecutive aligned pairs, it
did not exploit early termination. We propose TiVEx-hybrid, which integrates both compu-
tation sharing and upper-bound pruning, achieving maximum efficiency for discovering
the top-k most dissimilar aligned subsequence pairs.

Optimizing the Insight Exploration Process. Time series data is inherently high-
dimensional and complex, posing significant challenges for efficient processing. Over the
years, various techniques have been developed to mitigate these challenges, with indexing
and dimensionality-reduction techniques emerging as prominent categories. Indexing
plays a crucial role in improving the efficiency of similarity search in large-scale time
series data. Techniques such as Indexable iSAX [40] enable fast retrieval by structuring the
data in a way that minimizes unnecessary distance computations. However, indexing is
unnecessary when analyzing cross-dissimilarity between aligned pairs of subsequences
from two time series. Since the locations of these subsequences are predetermined and
accessed only once, comparisons are performed directly for each pair, eliminating the need
for an index structure to speedup retrieval.

On the other hand, dimensionality-reduction techniques aim to transform high-
dimensional time series data into a more compact representation while preserving key
characteristics, enabling easier exploration and visualization. Examples of dimensionality-
reduction methods include Principal Component Analysis (PCA) [41] and Singular Value
Decomposition (SVD) [42]. While effective in reducing complexity, these methods come
with significant preprocessing overhead, including parameter tuning, training, and com-
putationally expensive transformations. This preprocessing overhead is particularly bur-
densome for the time series exploration process, where computational efficiency and rapid
interaction with the data are critical.

Beyond indexing and dimensionality reduction, several optimization techniques have
been proposed to improve the efficiency of (dis)similarity search in large-scale time series
data. Lower-bounding techniques, such as envelope-based bounds [3,43], help prune
unnecessary distance computations early by providing tight bounds in the search process.
These techniques are particularly effective when applied to Dynamic Time Warping, signifi-
cantly reducing the search space. However, for Euclidean distance, which lacks warping
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flexibility, these bounds are often too loose to yield efficiency gains. Early abandoning
techniques [3] have also proven effective for similarity search by terminating computations
when the bounds indicate that no improvement is possible. However, these techniques
have primarily focused on similarity search rather than dissimilarity ranking, requiring
adaptation for top-k exploration scenarios.

Approximate nearest neighbor (ANN) methods, such as LSH [44] and KD-trees [45],
accelerate similarity search by enabling fast, approximate retrieval within acceptable error
thresholds. These methods focus on approximate nearest neighbors rather than ranked dis-
similarity discovery and often require dataset-specific parameter tuning. To further improve
scalability, parallel computing frameworks, including MapReduce and GPU acceleration,
are employed to distribute computations across multiple cores or nodes. These frameworks
significantly reduce execution time, especially for large dataset sizes. The integration of
multiple optimization strategies, such as combining pruning with shared computation
and parallel processing, can yield robust, scalable solutions for high-performance visual
exploration. Our method takes a step in this direction by efficiently combining pruning
and redundancy elimination to optimize top-k insight discovery in time series.

3. Preliminaries
This section provides the preliminary foundation for our work. Particularly, we for-

mally define key concepts related to time series and subsequences (Section 3.1), followed by
a description of the visual exploration process, with a specific focus on efficient subsequence
comparison for insight discovery (Section 3.2).

3.1. Time Series Data

Definition 1 (Time series T). A time series T is an ordered sequence of observations over time,
formally written as T = {x1, x2, . . . , xL}, where L is its length.

Since the focus of this work is on the comparative exploration analysis of two distinct
time series, a formal definition of an explored time series pair is formalized as

Definition 2 (Time Series Pair (T, T′)). A pair of time series (T, T′) consists of two sequences, T
and T′, both of length L, representing data collected over the same temporal duration.

A subsequence sb,e in a time series T represents the segment between positions b and
e, where 1 ≤ b ≤ e ≤ L. Hence, the subsequence length, denoted by R, is calculated as
R = e− b + 1.

When comparing the two time series T and T′, an aligned subsequence pair refers to a
pair of subsequences, sb,e from T and s′b,e from T′, that correspond to the same temporal
interval (from b to e). Accordingly, each point in sb,e aligns with the point in s′b,e collected at
the same timestamp.

Definition 3 (Subsequence View). A subsequence view, denoted as vb,e, refers to the visualization
of an aligned pair of subsequences (sb,e and s′b,e) extracted from the time series T and T′, respectively.
For brevity, this paper often refers to “a subsequence view” simply as “a view”.

For instance, in Figure 2, the subsequence view v1,8 visualizes the aligned pair
(s1,8, s′1,8) extracted from time series T (orange) and T′ (blue), covering positions 1 to
8 with a subsequence length R = 8. All symbols used in this paper are summarized in
Table 1.
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Figure 2. An illustration of sliding-window exploration over two time series T and T′ of length
L = 20, using subsequence length R = 8 and shift distance S = 6.

Table 1. Summary of symbols.

Symbol Description

Time Series Characteristics
L Length of time series
R Length of subsequence
S Shift length between consecutive subsequences
n Number of time series
T A particular time series
xi Data point in T, 1 ≤ i ≤ L
Xi Normalized data point

Subsequences and Views
sb,e Subsequence in T from position b to e
vb,e A particular view
D(vb,e) Deviation of a view
Dmax(vb,e) Maximum deviation of a view
v All possible views
V Number of views

3.2. Visual Data Exploration Process

With the formal definitions from Section 3.1 established, we now detail the time
series visual data exploration process adopted in this work. Time series exploration
typically operates at two levels: the global level, which examines the entire series to
identify overall statistics or dominant trends, and the local level, which analyzes shorter
subsequences to detect fine-grained behaviors or localized events. Both levels provide
complementary insights—global exploration establishes the broader context, while local
exploration uncovers specific events obscured when examining the entire time series.

This work focuses on local-level exploration because many critical insights of inter-
est manifest as localized behaviors within subsequences rather than in aggregate statis-
tics [18,20]. For instance, in financial markets, sudden price movements span only brief
periods; in healthcare monitoring, irregular heartbeats occur as isolated events; and in
sensor networks, equipment failures produce localized anomalies. These insights are often
hidden when analyzing the full time series globally. Therefore, our process is centered
on the efficient visual exploration of subsequences, enabling analysts to discover and
investigate these local insights while maintaining awareness of the global context.
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In this work, we focus on subsequence comparison, a key task in local time se-
ries exploration alongside correlation analysis, motif discovery, and anomaly detec-
tion [18,20,24,26,27,29–31]. Subsequence comparison is valuable in applications such
as physiological monitoring and financial analysis [4,21], where time series are nat-
urally aligned, and this alignment must be preserved to capture meaningful, time-
locked differences.

Given two time series, T and T′, each with L data points, the goal is to discover aligned
subsequence pairs of length R that reveal interesting insights. The subsequence length
R is predefined based on domain knowledge (e.g., gait cycles or trading windows). This
work focuses on identifying dissimilar subsequences, which highlight divergent behaviors,
anomalies, or critical differences between time series.

To ensure that the resulting dissimilarity measure is meaningful and not dominated
by differences in absolute magnitude, we must standardize the data. Therefore, to ensure
consistent scaling across all views, we apply min–max normalization to both time series, T
and T′, before the comparison process. Particularly, for T, each data point xi is normalized
to Xi using the formula Xi =

xi−min
max−min , where min = minL

i=1(xi) and max = maxL
i=1(xi)

are the global minimum and maximum for T. The global normalization is also applied to
T′, ensuring all values for both series lie in the range [0, 1]. Recall from Section 3.1 that the
aligned subsequence pair (sb,e, s′b,e) constitutes the view vb,e that captures the synchronized
behavior over the interval from b to e. Hence, the Euclidean distance or deviation D(vb,e)

for the view vb,e is calculated based on these normalized subsequences using Equation (1):

D(vb,e) =

√
e

∑
i=b

(Xi − X′i)
2 (1)

where Xi and X′i are the normalized data points, and the positions b and e identify the start
and end of the view vb,e.

By normalizing each time series independently using its global min–max range, we
remove differences in absolute magnitude between T and T′. This ensures that the dis-
similarity measure compares the shape of the two series rather than being dominated by
which series has larger absolute values. This is particularly useful for discovering different
behavioral shifts across temporal periods, regions, or categories (e.g., Figure 1).

Identifying dissimilar subsequence pairs through exhaustive evaluation requires
O((L − R + 1) × R) distance calculations, which becomes a significant computational
bottleneck for long time series. For example, a time series with L = 30, 000 and R = 50
requires over one million distance operations. Without optimization, this computational
cost limits scalability to real-world, large-scale datasets. To address this challenge, this
work introduces the TiVEx family of techniques (detailed in Section 6). TiVEx achieves
computational efficiency through strategic computation sharing across overlapping views
and early pruning of candidates that cannot qualify for top-k ranking. These optimizations
reduce the cost of large-scale subsequence comparison, enabling timely insight discovery
in practice.

4. Problem Definition
Having established the visual exploration process and its computational challenges in

Section 3, we now formalize the problem addressed in this work. Our primary goal is to
discover the top-k insightful visualizations (or views), where each view, as defined earlier,
represents an aligned pair of subsequences from two time series. The process of finding
these views is guided by a distance-based comparison function that quantifies the similarity
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or dissimilarity between subsequence pairs, enabling the systematic identification of the
most meaningful insights.

As discussed in Section 3, exhaustively evaluating all aligned subsequence pairs
becomes computationally prohibitive for long time series. Even with a predefined subse-
quence length R, a distinct subsequence can start at every timestamp in the series, resulting
in O(L− R + 1) candidate pairs—an enormous search space for long sequences. To address
this challenge, we adopt a sliding-window approach that balances exploration coverage
with computational efficiency. The sliding-window formulation, widely adopted in data
stream processing [46,47], provides a principled mechanism to control the trade-off between
exploration granularity and computational cost through a shift-length parameter S.

The shift length S determines the stride between consecutive subsequences: when
S = 1, the process enumerates all possible subsequences, achieving exhaustive exploration;
when S > 1, the exploration becomes sparser, reducing both the number of candidate
views and the computational cost. For meaningful overlap-based optimizations, we require
S < R. When S ≥ R, subsequences become non-overlapping, eliminating opportunities for
computation sharing (discussed in Section 5.2).

Given a time series T of length L, subsequence length R, and shift length S, the sliding
window generates a sequence of overlapping subsequences, where each new subsequence
begins S time units after the previous one, as later illustrated in Figure 2. The total number
of subsequences produced is V = L−R

S + 1. Each subsequence is formally expressed as
sby ,ey , where the start position by = (y − 1)S + 1 and end position ey = (y − 1)S + R,
for 1 ≤ y ≤ V. For a pair of time series (T, T′), each view vby ,ey corresponds to an aligned
subsequence pair (sby ,ey , s′by ,ey

), covering the same temporal interval. For each candidate
view (e.g., v1,8 or v7,14, as later illustrated in Figure 2), we compute the distance metric
defined in Equation (1) to quantify the dissimilarity between the aligned subsequences.

This work focuses specifically on views exhibiting high dissimilarity, as such devi-
ations often reveal the most informative or unexpected temporal behaviors. Dissimilar
regions indicate the periods where the two time series diverge significantly—precisely the
insights most valuable for comparative analysis and understanding temporal variations.
Accordingly, views are ranked by their distance values in descending order, with the top-k
views representing the most dissimilar—and thus, the most insightful—subsequence pairs
discovered during exploration. This ranking provides analysts with a prioritized list of
visualizations that highlight the most distinctive differences between the time series.

In evaluating any approach to this problem, two main criteria are considered:

1. Efficiency: The ability to explore all possible views with minimal computational cost,
enabling timely exploration of large time series (see Section 6).

2. Effectiveness: The ability to discover the top-k insightful views whose distance values
closely match those obtained by the exhaustive search, ensuring that computational
gains do not come at the expense of insight quality (see Section 7).

Based on our previous discussion, the problem addressed in this paper is defined
as follows:

Definition 4 (Top-k Dissimilar View Discovery). Given two time series (T, T′) of length L,
a subsequence length R, a shift length S (where S < R), and a positive integer k, the goal is
to efficiently discover the top-k insightful views, where each view represents an aligned pair of
subsequences of length R defined by the sliding-window parameter S. These views are ranked by
their distance values, with larger distances indicating higher dissimilarity and, consequently, greater
potential for analytical insight.
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This problem definition guides the design of the TiVEx family of techniques, which
achieves efficient top-k discovery through strategic computation sharing (TiVEx-sharing),
distance-based pruning (TiVEx-pruning), and their integration (TiVEx-hybrid), as detailed
in Section 6.

5. Baseline Solutions
Before presenting our proposed method, we describe the baseline approaches

used for comparison. While various techniques exist for accelerating the time series
search—including indexing and dimensionality reduction—these are not directly applica-
ble to our exploration problem. Search methods retrieve subsequences similar to a given
query, whereas exploration systematically examines and ranks all aligned subsequence pairs
to uncover insightful relationships. Indexing structures offer little benefit since exploration
requires exhaustive traversal rather than selective access [40], and dimensionality-reduction
techniques (e.g., PCA, SVD) involve parameter tuning and costly transformations that
are impractical for interactive exploration [41,42]. These methods are discussed in the
Related Work Section (Section 2); here, we focus on the baselines most relevant to the
exploration task.

We therefore consider two primary baselines that reflect distinct computational strate-
gies: (1) Exhaustive search, which provides a complete computational reference, and
(2) TiVEx-sharing, our prior computation-sharing technique [19], which serves as a strong
performance benchmark for comparison. Moreover, our experiments (Section 7) include
two additional baselines—(3) a Sampled Exhaustive Search variant, which applies exhaus-
tive search to a downsampled dataset to examine the trade-off between computational
efficiency and insight quality, and (4) an adapted STOMP (Scalable Time Series Ordered-
Search Matrix Profile) baseline [31], a shape-based approach using z-normalized distances
to identify the most dissimilar aligned subsequences. Because both of these additional
baselines build upon the exhaustive search concept, their detailed discussion is deferred to
Section 7, after the exhaustive method is fully described in this section. These baselines
collectively provide the yardsticks against which the computational efficiency and insight
quality of the proposed technique are compared (see Section 7).

5.1. Exhaustive Search

The exhaustive search method serves as the reference baseline for evaluating compu-
tational efficiency. It performs a complete enumeration of all possible aligned subsequence
pairs between the two time series. For each resulting view, the corresponding distance
value is computed, and the top-k views with the largest distances are selected. This method
yields the same set of insightful views as our proposed approach but requires evaluating
every possible pair, leading to an extremely high computational cost for long time series.

Example. Consider the example in Figure 2, showing two time series T and T′ of
length L = 20. Using a subsequence length R = 8 and a shift length S = 6 yields three
possible views (V = 3). For instance, the aligned subsequences s1,8 and s′1,8 form the first
view v1,8. In this case, exhaustive search computes the distance value for each of the three
views, as defined in Equation (1), before selecting the top-k views with the largest distances.

Cost Analysis. To assess the efficiency of the exhaustive search method, we compute
its total cost in terms of the number of required operations. The overall cost corresponds
to the total number of operations needed to calculate the Euclidean distance for all views,
as expressed in Equation (2):

Total Cost = (2× R− 1)×V (2)
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The cost for computing the Euclidean distance within a single subsequence pair
consists of two components:

1. Distance operations: The operations required to compute each of the terms (Xi − X′i)
2

in Equation (1), performed R times for a subsequence of length R points.
2. Aggregate operations: The operations required to compute the overall summation

∑b+R−1
i=b (Xi − X′i)

2, performed (R− 1) times for a subsequence of length R, assuming
the subsequence starts at position b.

Combining the two components yields a total of R + (R − 1) operations per view.
Accordingly, the overall cost for V views equals (2R− 1)×V, as shown in Equation (2).
Notice that, since the Euclidean distance is monotonic, the square root can be omitted
without affecting the ranking of views [3]. Putting it together, and returning to the example
above, with R = 8 and V = 3, the total cost becomes (2× 8− 1)× 3 = 45 operations.

In the exhaustive search, the distance for each view is computed independently
from scratch. To improve the efficiency of this process, the next section introduces an
optimization strategy that significantly reduces redundant computations (see Section 6.2).

5.2. TiVEx-Sharing

Among the baselines, we include our previously proposed technique [19], which
addresses the top-k dissimilar view discovery problem through computation sharing. This
technique, which we refer to as TiVEx-sharing in this work, exploits overlapping subse-
quences between consecutive views to reuse pairwise distance calculations, substantially
reducing computational redundancy. While TiVEx-sharing demonstrated the advantages of
computation sharing between consecutive views, it relied exclusively on this mechanism for
optimization. Here, we summarize its main principles for completeness, as the subsequent
sections introduce additional techniques that build on and extend this foundation.

Computation Sharing. TiVEx-sharing reduces the computational cost by reusing
intermediate results across overlapping subsequences, thereby avoiding redundant distance
calculations between consecutive views. Each subsequence of length R is divided into
equal-sized segments, or panes, whose size g is determined by the greatest common divisor
of R and S (g = gcd(R, S)). This alignment ensures that panes overlap consistently across
successive views, enabling the direct reuse of their precomputed distances. This pane-based
decomposition, widely adopted in streaming-query aggregation [28], forms the core of
TiVEx-sharing’s efficiency.

Figure 2 illustrates this process, where subsequences of length R = 8 and shift S = 6
yield a pane size g = 2 (the shaded areas indicate reused computations). A detailed
numerical example is provided in Appendix A.

Partial Aggregation. Building on this pane-based structure, TiVEx-sharing performs
partial aggregation within and across panes to further reduce redundant operations.
Computation-sharing techniques commonly rely on partial aggregation, where intermedi-
ate results of aggregate functions (e.g., AVG(), SUM(), MIN(), MAX()) are reused across
overlapping data segments [28,48]. TiVEx-sharing applies this principle to Euclidean dis-
tance computation by dividing each subsequence of length R into R

g equal-sized panes, each
treated as a partial aggregate. The distance for a view vb,e is then defined, as in Equation (3),
where the inner summation computes the distance for all points within a pane. The outer
summation combines these partial results across all panes, with c denoting the pane index.

D(vb,e) =

√√√√√ R/g

∑
c = 1

 b + c × g − 1

∑
i = b + g (c−1)

(Xi − X′i)
2

 (3)
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Cost Analysis. We distinguish between two cases when analyzing the computational
cost of TiVEx-sharing: the first view, where no reuse occurs, and the subsequent views,
where overlapping computations are shared. For the first view, the cost is obtained by
summing three components: (1) R distance operations for all points; (2) (g − 1) × R

g

aggregation operations within panes; and (3) R
g − 1 final aggregation operations across

panes. This yields a first-view cost of (2R− 1) operations. Starting from the second view,
TiVEx-sharing reuses overlapping aggregates from the preceding view [28] and recomputes
only the new S points, combining them with R−S

g overlapping partial aggregates. The total
cost across V views is therefore

Total Cost = (2× R− 1) + (2× S− 1 +
R− S

g
)× (V − 1) (4)

In Equation (4), the first term represents the initial view, while the second term
corresponds to the per-view cost for subsequent views, where partial aggregation is applied.
Because S ≤ R, as S, increasing S reduces the overall computational cost relative to
exhaustive search. A detailed numerical example of these calculations is provided in
Appendix A.

Summary. TiVEx-sharing effectively reduces redundant distance computations by
reusing overlapping aggregates between consecutive views, demonstrating the benefit of
computation sharing in the top-k dissimilar view discovery task. However, its optimization
focuses solely on reuse between adjacent views and does not eliminate redundant computa-
tions within each view. The next section introduces our proposed technique, which extends
this foundation with additional optimization strategies to enhance computational efficiency.

6. Proposed Approach
While TiVEx-sharing effectively reduces redundant computations by reusing overlap-

ping aggregates between consecutive views, it relies solely on computation sharing and
overlooks unnecessary distance calculations that arise within each view. To overcome this
limitation, we introduce two additional techniques: TiVEx-pruning (Section 6.1) applies
distance-based upper bounds to enable early termination when candidates cannot enter
the top-k, and TiVEx-hybrid (Section 6.2) integrates both pruning and sharing to maxi-
mize efficiency gains. Together, these three techniques—TiVEx-sharing, TiVEx-pruning,
and TiVEx-hybrid—form a complete family of algorithms that address different aspects of
computational efficiency in top-k dissimilar view discovery.

6.1. Pruning of Computation

The pruning strategy in TiVEx aims to eliminate unnecessary distance calculations
by determining, during computation, when a candidate view can no longer qualify for
the top-k dissimilar set. Instead of evaluating every point pair within a view, the method
incrementally estimates the maximum possible deviations that the remaining points could
contribute and terminates the computation once this bound falls below the current top-k
threshold (Devre f ). This selective evaluation ensures substantial computational savings
without compromising the correctness of the final ranking.

Early-Abandoning Principle. The early abandoning technique [3], extensively used
in time series analysis tasks, allows for the premature termination of distance calculations
when it becomes evident that a candidate cannot achieve a target similarity threshold.
In a traditional similarity search, this technique stops distance computation as soon as the
partial distance exceeds the current best match, since continuing the calculation cannot
improve the result.
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However, our problem in TiVEx requires identifying the maximum dissimilarity for
top-k ranking, which inverts the traditional early abandoning logic. Instead of abandon-
ing when distances become too large, we abandon when the maximum possible distance
(i.e., upper bound) becomes too small to enter the top-k ranking. This fundamental adap-
tation transforms early abandoning from a similarity optimization into a dissimilarity
ranking optimization.

Incremental Processing Strategy. Rather than computing all pairwise distances for
all point pairs at once, our approach progressively incorporates point pairs into the dis-
similarity calculation. We maintain an upper-bound estimate of the maximum possible
deviation that a view can achieve, enabling early termination when this bound falls below
our ranking threshold (Devre f ). For any given view, we categorize point pairs into two
types: known and unknown. Known pairs have already been processed and add their
actual normalized squared deviations (Xi − X′i)

2 to the cumulative sum. Unknown pairs
have not yet been processed and are assumed to contribute the maximum possible devia-
tion after normalization, (1− 0)2 = 1, as a worst-case estimate. The deviation upper bound
is then the sum of the actual distances for known pairs and one for each unknown pair.
The mathematical validity of this upper-bound calculation is established by the following
lemma (proof in Appendix B):

Lemma 1 (Upper-Bound Validity). Given normalized data points Xi, X′i ∈ [0, 1] for a view vb,e,
suppose point pairs at positions b, . . . , j have been processed (where b ≤ j ≤ e), while positions
j + 1, . . . , e remain unprocessed. Then

Dmax(vb,e) =

√√√√ j

∑
i=b

(Xi − X′i)
2 + (e− j)

is a valid upper bound, satisfying D(vb,e) ≤ Dmax(vb,e).

Remark 1. This upper bound enables early abandoning by providing a conservative estimate of the
maximum deviation a view can achieve. During the exploration process, when the upper bound of a
candidate view falls below the minimum deviation in the current top-k set (i.e., threshold), we can
safely prune the remaining unknown point pairs from positions j + 1 to e, as the view cannot enter
the top-k ranking even under the scenario where all unknown pairs achieve the maximum distance.

Example. Consider a view with R = 4 points. Assume that after processing the first
2 points, the squared distances are 0.0 and 0.01, respectively. The upper bound for the
maximum possible deviation is then Dmax(vb,e) =

√
0.0 + 0.01 + 2× 1 =

√
2.01 ≈ 1.418,

where the 2× 1 term represents the maximum possible squared distance for the remain-
ing 2 unprocessed points. Now assume the current ranking threshold is Devre f = 1.5
(the minimum deviation among the top-k views discovered so far). Since 1.418 < 1.5,
the remaining 2 points can be safely skipped without computing their distances. The view
provably cannot enter the top-k set, even in the best case, where the remaining points
achieve maximum dissimilarity.

This ensures a progressively tighter bound while maintaining computational efficiency.
In the best case, when early abandoning is immediately triggered, the computational cost
reduces from O(R) to O(1) per view. In practice, savings are proportional to the number of
pruned point pairs.

Theorem 1 (TiVEx-Pruning Exactness). TiVEx-pruning returns exactly the same top-k views as
an exhaustive search.
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Proof. By Lemma 1, for any view vb,e, we have D(vb,e) ≤ Dmax(vb,e). When TiVEx-pruning
detects that Dmax(vb,e) < Devre f , the true deviation satisfies D(vb,e) ≤ Dmax(vb,e) < Devre f .
Therefore, the remaining point-pair computations within vb,e are safely skipped, and vb,e

cannot enter the top-k ranking even under best-case conditions. Since TiVEx-pruning discards
only views that the exhaustive search would also reject, the final top-k results are identical.

Pruning-Based TiVEx Approach. We refer to the pruning-based version of TiVEx as
TiVEx-pruning. It combines the early-abandoning principle with incremental upper-bound
estimation to avoid redundant distance calculations within each view. The algorithm operates
sequentially across consecutive views, progressively refining deviation bounds and applying
pruning at the point-pair level rather than after completing an entire view. This fine-grained
control enables early termination at more precise stages of computation, resulting in substantial
efficiency gains compared with traditional view-level pruning used in similarity search.

Figure 3 illustrates the pruning workflow for each candidate view vb,e. The algorithm
maintains an upper bound Dmax(vb,e) (Lemma 1) that tightens as point pairs are incremen-
tally processed. When the bound falls below Devre f , the remaining point pairs are safely
pruned without affecting result optimality.

Figure 3. Workflow of the TiVEx-pruning technique for processing each candidate view.

Algorithm Overview. Our algorithm operates by maintaining a ranking threshold
Devre f (the minimum deviation among current top-k views). For each candidate view, it
incrementally calculates an upper bound on possible deviation using known point pairs
(actual distances) and unknown pairs (maximum possible values). When this upper bound
falls below Devre f , the remaining point pairs are pruned and the view is discarded, avoid-
ing unnecessary computation. Views that pass the early abandoning condition are fully
evaluated and integrated into the top-k ranking if their deviation exceeds the threshold.

Algorithm Details. The detailed steps of this technique are presented in Algorithm 1,
which outlines the initialization of deviation calculations, iterative upper-bound refinement,
and early-termination conditions for each view.

At the beginning, the deviation of the first view in the time series D(v1,R), treated as a
special case, is calculated by initially considering all points’ normalized values (i.e., actual
distance) (line 5 of Algorithm 1). This deviation is then stored in the reference deviation
list, denoted as DevList. This list is initialized with a very small value (e.g., −∞) and has
a length of k to ensure that the first k views enter the list, establishing the initial ranking
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baseline. Moreover, it is sorted in descending order, with the last value representing the
minimum of the largest deviations (i.e., kth largest deviation encountered so far), referred
to as Devre f . As we progress to the following views, the deviation upper bound (i.e.,
maximum distance) is initially calculated by considering all point pairs as unknown.

Algorithm 1 TiVEx-pruning technique

1: Input: Time series T, T′, parameters R, S, k
2: Output: Top-k views with highest dissimilarity
3: Initialize a sorted list DevList of length k with −∞ values.
4: Set Devre f = DevList[−1] ▷ Minimum value in top-k deviations.
5: Calculate D(v1,R) using Equation (1) for all R point pairs. ▷ First view: no overlap,

compute all distances.
6: Store D(v1,R) in DevList.
7: for each view v do ▷ Iterate over views excluding the first one.
8: while unknown point pairs exist do
9: Calculate the deviation upper bound Dmax(v). ▷ Valid by Lemma 1

10: if Devre f > Dmax(v) then
11: Prune unknown point pairs from deviation calculations.
12: Continue to the next view.
13: else
14: Convert the next unknown point pair to known by using its actual normal-

ized value.
15: Recalculate Dmax(v) with updated known/unknown pairs.
16: Continue the previous steps.
17: end if
18: end while
19: Calculate the deviation D(v).
20: if Devre f > D(v) then
21: Continue to the next view.
22: else
23: Replace Devre f with D(v).
24: Re-sort DevList in descending order.
25: Update Devre f ← last element of DevList.
26: Continue to the next view.
27: end if
28: end for
29: return the k views with the largest deviations stored in DevList.

To refine the deviation upper bound, our algorithm incrementally incorporates point
pairs in sequential order into the deviation calculation, marking them as known points.
In this case, the refined upper bound is calculated based on the known and unknown
point pairs within the view. After recalculating the upper-bound distance for a view,
our algorithm compares this value to the last value in the sorted list DevList (i.e., Devre f ),
which represents the ranking threshold. When the refined upper-bound distance is less than
Devre f , this triggers the early abandoning mechanism, meaning that the view cannot be part
of the top-k discovered views (lines ( 10–12) of Algorithm 1). Consequently, the unknown
point pairs are pruned from further deviation calculations, and the algorithm proceeds to
the consecutive view. This is where the computational cost savings are achieved through
the adapted early abandoning principle and incremental processing strategy.

However, if the previous condition is not satisfied and there are still unknown point pairs
within the view, each unknown point pair is incorporated incrementally into the deviation
calculation using its actual normalized value (i.e., the exact distance). After each inclusion,
we recalculate the deviation upper bound for the view and re-evaluate the early abandoning
condition (lines (13–16) of Algorithm 1). This iterative process—incorporating unknown pairs,
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updating the upper bound, and checking the abandoning condition—continues until all point
pairs within the view are marked as known or pruned. The pruned pairs directly contribute
to computational savings, thereby improving overall efficiency.

Upon reaching the stage where all point pairs become known (no early abandoning
occurred), if the deviation of a view is less than Devre f , then the algorithm continues to the next
view (lines (20–21) of Algorithm 1). This indicates that all data point pairs are incorporated
into the deviation calculation and that no pruning occurs. However, if the condition remains
unsatisfied, the deviation of the view replaces Devre f in the list DevList and continues to the
subsequent view (lines (22–26) of Algorithm 1). Notably, this deviation must be compared
with the other deviations in the list DevList to ensure that the list remains sorted.

6.2. Integrated Scheme

While TiVEx-sharing and TiVEx-pruning each provide substantial efficiency gains,
neither alone fully addresses the computational challenges of large-scale time series explo-
ration. TiVEx-sharing reduces inter-view redundancy but evaluates all points within each
view, while TiVEx-pruning enables intra-view early termination but ignores cross-view
overlaps. We introduce TiVEx-hybrid, which integrates both mechanisms to maximize
efficiency by reusing pane-level aggregates across overlapping views (sharing) while elimi-
nating unnecessary calculations within non-overlapping portions (pruning).

TiVEx-hybrid operates as follows: each subsequence is segmented into non-overlapping
panes of size g = gcd(R, S). For overlapping panes between consecutive views, TiVEx-
sharing reuses previously computed distances, eliminating redundant calculations. For the
non-overlapping panes unique to each view, TiVEx-pruning applies incremental upper-
bound refinement and early termination, pruning point pairs that cannot contribute to
the top-k set. This two-level optimization strategy enables TiVEx-hybrid to systematically
minimize computational cost while maintaining result correctness.

Hence, within TiVEx-hybrid, each view vb,e consists of two types of partial aggregates
(or panes) based on the panes in the previous overlapping view vb−S,e−S as follows:

1. Seen Panes: The panes in vb,e have already contributed to the deviation calculation of
the previous overlapping view vb−S,e−S. These previously computed results are reused
directly by leveraging our TiVEx-sharing, thereby reducing redundant calculations.

2. Unseen Panes: The panes in vb,e have not been involved in prior deviation calculations
vb−S,e−S. To optimize efficiency, TiVEx-pruning is applied to determine whether these
panes can be pruned from further computations.

The TiVEx-hybrid technique follows a similar iterative process to TiVEx-pruning but
operates at the pane level rather than at the point level. Unlike TiVEx-pruning, which
processes individual point pairs, TiVEx-hybrid processes entire panes of size g, providing
computational efficiency at the cost of a slightly coarser granularity.

Algorithm Overview. Our algorithm integrates both optimization strategies by operat-
ing at the pane level. For each view, it first reuses distances from overlapping (seen) panes
computed in the previous view, leveraging TiVEx-sharing to eliminate redundancy. For un-
seen panes, it applies TiVEx-pruning logic by incrementally calculating upper bounds
and applying early termination when the bound falls below the threshold Devre f . This
dual-level optimization prunes entire panes rather than individual point pairs, providing
greater computational savings by exploiting both inter-view and intra-view redundancies.

The detailed steps for applying the TiVEx-hybrid technique (presented in Algorithm 2)
are as follows: after partitioning the subsequences, the exact deviation of the first view
D(v1,R) is calculated by initially considering the actual distances of all points in all panes
using Equation (3) with b = 1 and e = R. This deviation is then stored in the reference
deviation list DevList (line 4 in Algorithm 2).
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Algorithm 2 TiVEx-hybrid technique

1: Input: T, T′, parameters R, S, k
2: Output: Top-k views with highest dissimilarity
3: Initialize DevList (length k), Devre f = DevList[−1], g = gcd(R, S)
4: Compute D(v1,R) using all panes of size g (using Equation (3)); Store in DevList
5: for each view vb,e do
6: Reuse distances for seen panes from vb−S,e−S ▷ Sharing
7: while unseen panes exist do ▷ Pruning
8: Calculate Dmax(vb,e) from seen and unseen panes (3 cases in Figure 4)
9: if Dmax(vb,e) < Devre f then

10: Prune all unseen panes; break
11: else
12: Compute distance considering the next unseen pane; mark as seen
13: end if
14: end while
15: if all panes processed then
16: Calculate D(vb,e); Apply previous condition
17: Update DevList and Devre f if needed
18: end if
19: end for
20: return Top-k views from DevList

As we proceed to the subsequent views, each subsequence contains seen and unseen
panes. Thus, the upper bound of deviation for each view, except the first view, is calculated
by summing two components: (1) the pairwise distance between point pairs in seen panes,
directly derived from the previous view, and (2) the maximum possible distance (i.e.,
(1− 0)2) for each point pair in unseen panes.

The calculation of the deviation upper bound for a particular view vb,e depends on
the overlapping panes with the previous view vb−S,e−S, leading to three distinct cases,
as shown in Figure 4:

1. All seen panes: If all aggregates in a view vb−S,e−S are seen (i.e., from position b− S to
e− S), all overlapping aggregates from position b to e− S are marked as seen panes
in the subsequent view vb,e, as shown in Figure 4a. In this case, the deviation upper
bound Dmax(vb,e) is calculated using Equation (5). The distance calculations for the
first three panes in vb,e (i.e., the first term in Equation (5)) are directly derived from
vb−S,e−S.

Dmax(vb,e) =

√√√√(R−S)/g

∑
c=1

Pc +

√√√√√S/g

∑
c=1

 e+c×g−S

∑
i=b+g(c−1)+R−S

(1− 0)2)

 (5)

where Pc = ∑
b+c×g−1
i=b+g(c−1)(Xi − X′i)

2.

2. All unseen panes: As illustrated in Figure 4b, if all aggregates in the overlapping
region (i.e., from position b to e − S) are unseen in a view vb−S,e−S, the deviation
upper bound of vb,e is calculated as shown in Equation (6), where all panes are
considered unseen.

Dmax(vb,e) =

√√√√√R/g

∑
c=1

 b+c×g−1

∑
i=b+g(c−1)

(1− 0)2

 (6)
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3. Some seen/unseen aggregates: If some overlapping panes in view vb−S,e−S are
seen while others are unseen, as depicted in Figure 4c, the deviation upper bound
Dmax(vb,e) is computed by separately summing the distances of seen aggregates (de-
rived from vb−S,e−S) and unseen aggregates as follows:
Dmax(vb,e) =

√
P1 + 3× 2× (1− 0)2. This example shows the specific case with one

seen pane and three unseen panes; the general formula adapts based on the actual
seen/unseen pane distribution.

Figure 4. Three cases for calculating the deviation upper bound when applying TiVEx-hybrid to the
views resulting from two time series T and T′ with parameters L = 10, R = 8, and S = 2.

These three cases cover all possible configurations of pane overlap between consecu-
tive views, ensuring that the upper bound of deviation can be computed efficiently under
any conditions.

Theorem 2 (TiVEx-Hybrid Exactness). TiVEx-hybrid returns exactly the same top-k views as
the exhaustive search.

Proof. Since each pane is an aggregate of exact point distances, the upper-bound computa-
tion at the pane level is mathematically equivalent to point-level computation in Theorem 1.
Therefore, the pruning logic of Theorem 1 directly applies: views with Dmax(vb,e) < Devre f

are safely discarded, and the final top-k results are identical to the exhaustive search.

This upper-bound distance for a view (i.e., Dmax(vb,e)) is then compared with the last
value in the list DevList (i.e., Devre f ), using the same conditions and steps employed in
the TiVEx-pruning technique. However, if Dmax(vb,e) ≥ Devre f , the number of point pairs
incorporated in the deviation calculation is based on the pane size (line 12 in Algorithm 2).
This process is repeated until the aggregates of the view are either marked as seen or
the point pairs within the unseen panes are pruned (line 14 in Algorithm 2). Conversely,
if Dmax(vb,e) < Devre f , all point pairs in unseen aggregates are pruned from any further
deviation calculations (i.e., cost savings); this view cannot be among the top-k discovered
views (lines (9–10) in Algorithm 2). Note that abandoning occurs at the pane level, such
that entire unseen panes are pruned rather than individual point pairs, making the process
more efficient but less granular than TiVEx-pruning. Finally, the top-k views with the
largest deviations are retained in the DevList list.

This approach efficiently exploits the overlapping, seen aggregates between views
while minimizing unnecessary operations in the remaining portions. TiVEx-hybrid achieves

https://doi.org/10.3390/bdcc10020064

https://doi.org/10.3390/bdcc10020064


Big Data Cogn. Comput. 2026, 10, 64 20 of 38

O(g) granularity for early abandoning (i.e., best case) by processing g point pairs per
abandoning decision compared to O(1) in TiVEx-pruning, while considering O((R− S)/g)
computation-sharing benefits from TiVEx-sharing in the best case, thereby providing
greater computational savings.

7. Experimental Testbed
This section presents a comprehensive experimental evaluation assessing both ef-

ficiency (computational cost and runtime) and effectiveness (quality of the discovered
insights). Our evaluation employs six diverse datasets, four baseline methods, including
state-of-the-art approaches, and various parameter configurations.

7.1. Baseline Methods

We compare our proposed techniques against four carefully selected baselines (the
first two are detailed in Section 5), each serving a specific evaluation purpose:

• Exhaustive search provides the baseline results by exploring all possible aligned
subsequence pairs (or views). This establishes the computational upper bound for
comparison (detailed in Section 5.1).

• TiVEx-sharing [19], our previously proposed method, leverages computation sharing
among overlapping subsequences. This baseline, detailed in Section 5.2, enables the
evaluation of the improvements achieved by the TiVEx-hybrid technique over our
previous approach.

• Sampling Exhaustive Search represents a data reduction strategy: downsample the
input time series at the rate rs, then apply exhaustive search on the reduced data [49].
This baseline tests whether simple preprocessing can match algorithmic optimization,
trading data quality for computational savings. We refer to this method as sampling in
our experiments.

• STOMP [31] is a state-of-the-art method for time series analysis based on the Matrix
Profile framework. Unlike our aligned pair formulation, STOMP computes distances
between all pairs of fixed-length subsequences across two time series, comparing every
subsequence position in the first series against every position in the second. STOMP
achieves efficiency by exploiting redundancy when sliding across successive positions:
as it compares one subsequence against all positions in the second series, it reuses
overlapping computations from one comparison to the next. This optimization differs
fundamentally from our TiVEx-sharing approach, which reuses computations along the
aligned path between successive subsequence pairs. Whereas STOMP implements a
general, multidirectional reuse mechanism designed for an exhaustive analysis of all
pairs, TiVEx-sharing introduces a targeted reuse formulation specialized for efficient
alignment-based comparison, prioritizing speed and interpretability over generality.
Accordingly, to adapt STOMP to our setting, we extract only the main-diagonal entries
from its complete Matrix Profile (aligned pairs) and select the top-k dissimilar ones.
Importantly, STOMP itself remains unmodified; it computes the full Matrix Profile using
standard incremental calculations with overlapping reuse. We then extract the diagonal
entries, which naturally correspond to aligned subsequence pairs in our problem setting.

7.2. Datasets

In our experiments, we utilize six datasets: four real-world datasets and two synthetic
datasets. These datasets were chosen to capture a diverse range of temporal insights and
variations in dataset length. The real-world datasets provide naturally occurring trends,
while the synthetic datasets offer controlled data for analyzing stochastic behaviors and
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testing edge cases. This allows for a thorough assessment of our techniques. Below, we
provide detailed descriptions of each one, along with their respective roles in our evaluation:

Real-World Datasets:

• Google Mobility dataset: Part of our experimentation relies on the Google Mobility
dataset [32], which serves as the default dataset in our analysis. We selected a subset of
this data with a length of L = 600, covering the period from 15 February 2020 to 6 Oc-
tober 2021. It encompasses six distinct categories of time series data (e.g., workplace,
residential, parks, etc.) across various regions and countries. In our experiment, we
explore pairs of time series data (specifically, workplace and residential data) from five
different countries: the UAE, the US, Brazil, South Korea, and Australia. All results
reported on this dataset are based on residential and workplace time series pairs and
are averaged across the five countries to ensure robustness and generalizability.

• Stock market dataset: This dataset is obtained from Yahoo Finance [22], which pro-
vides historical time series for a wide range of financial instruments (e.g., stocks,
commodities, and indices). For our experiments, we selected two representative com-
modity time series: gold and crude oil prices. The dataset spans from 1 January 2014
to 31 December 2021, and includes 2012 aligned daily time points. These commodities
are chosen to represent real-world financial trends, providing a diverse context for
evaluating the performance of our techniques.

• WearGait-PD: Designed to support gait analysis in individuals with Parkinson’s
disease (PD), this dataset contains rich multivariate time series data obtained from
wearable inertial measurement units (IMUs) and smart insoles [21]. For our evaluation,
we selected a walking trial from one PD patient who performed a free walk along
predefined paths, including mid-walk turns and potential stair navigation to mimic
real-world movement conditions. The trial spans a duration of 145.43 s, sampled at
100 Hz, yielding a total of 14,544 data points. The dataset is well suited for discov-
ering gait asymmetry and supports the identification of aligned subsequences that
exhibit strong dissimilarity between left and right limb movements. Our experiment
specifically focuses on the linear acceleration data from the left and right ankles.

• Seismic dataset: We employ seismic data from the IRIS FDSN Global Seismic Network,
specifically from station ANMO (Albuquerque, New Mexico) [50]. The recording,
obtained on 15 January 2024, from 00:30:00 to 01:30:00 UTC, contains one hour of con-
tinuous ground motion data sampled at 40 Hz, yielding 144,000 samples. The dataset
comprises three orthogonal acceleration components—vertical (Z), north–south (N),
and east–west (E)—representing ground motion in different directions. For this paper,
we focus on aligned subsequence pairs between the vertical (Z) and north–south
(N) components. The large sample size and distinct component relationships make
this dataset valuable for evaluating our top-k dissimilar pair detection across diverse
temporal structures and component dissimilarity insights.

Synthetic Datasets:

• Random walk dataset: The random walk dataset consists of 4000 synthetically gen-
erated data points, where each step follows a Gaussian distribution with a mean of
0 and a standard deviation of 1. The values evolve cumulatively, ensuring that each
point is influenced solely by the sum of previous random variations. This makes the
dataset entirely stochastic and unbiased. By using this dataset, we aim to evaluate our
techniques under scenarios with no inherent structure or predictable insights.

• Sine–Cosine dataset: This synthetic dataset was designed to control the position of the
maximum deviation within the time series. By adjusting the phase shift between sine
and cosine signals, three configurations were created in which the highest deviation
occurs at the beginning, middle, or end of the 4000-point time series. This enables a
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systematic evaluation of pruning performance across different deviation positions.
Detailed scenarios are presented in Section 8.

7.3. Parameter Configuration

Table 2 summarizes the parameter settings used across all the experiments and serves
as a reference point throughout the evaluation. Default parameters were selected based
on preliminary experiments and domain knowledge. For example, subsequence length
R = 24 represents approximately 4% of the default dataset length, providing meaningful
insight detection. Similarly, the shift length S = 6 was chosen to strike a balance between
overlap and separation, ensuring sufficient temporal distinction between successive views
without incurring excessive computational costs.

Table 2. Experimental parameters with default values in bold.

Parameter Values (Default in Bold)

Dataset Google Mobility (L = 600), Stock Market (L = 2012), WearGait-PD (L = 14,544 ),
Random Walk (L = 4000), Sine–Cosine (L = 4000), Seismic (L = 144,000)

Methods Exhaustive Search, Sampling, TiVEx-Sharing, STOMP, TiVEx-Pruning,
TiVEx-Hybrid

R [5–60] (24)
S 1, 2, 3, 4, 6, 9, 12 (STOMP: S = 1 only)
k [1–7] (4)
rs 0.2, 0.4, 0.5, 0.6, 0.8

It is important to note that the dataset length is not a primary concern in our exper-
iments. Our evaluation focuses on scalability: how the number of distance operations
grows with dataset length and how efficiently our techniques reduce this computational
cost. The diverse dataset lengths (L ∈ {600, 2012, 4000, 14,544, 144,000}) allow us to assess
scalability across different problem sizes.

7.4. Performance Metrics

All methods are evaluated using two metrics that assess both computational efficiency
and solution quality:

(1) Efficiency: We quantify efficiency using three complementary measures: (i) Computa-
tional cost: The total number of distance operations required to process all discovered
views, as detailed in Section 6. (ii) Execution time: Actual wall-clock runtime across
different techniques and parameter configurations, validating theoretical complexity
with empirical evidence. (iii) Normalized savings: The percentage of operations saved
relative to the exhaustive search.

(2) Effectiveness: We assess solution quality by directly measuring the deviation values
of the discovered views. For any method and any shift length S, we compute the
average deviation of the top-k discovered views as

Average Deviation =
1
k

k

∑
i=1

D(vi) (7)

where D(vi) denotes the deviation value of the i-th ranked view. Since we focus
on dissimilarity-based exploration, higher average deviation values indicate that a
method successfully identifies more distinctive views. This metric is applied to all
methods regardless of the shift length S used.

The shift length S controls the exploration granularity and creates an efficiency–
effectiveness trade-off. With S = 1, all consecutive positions are explored, providing
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the finest granularity and typically yielding the highest average deviation (the most com-
prehensive exploration). As S increases, fewer positions are explored (every S-th position),
reducing computational cost but potentially missing some highly dissimilar views located
between sampled positions. Our evaluation systematically examines this trade-off by
comparing average deviation values across different shift lengths for each method.

We use an exhaustive search with S = 1 as our primary comparison point because it
provides the most comprehensive exploration, examining all possible consecutive positions.
However, this does not imply it is the only “ground truth”; any method (including TiVEx-
sharing, TiVEx-pruning, or TiVEx-hybrid) operating at S = 1 produces identical results
to exhaustive search at S = 1, as they all evaluate the same positions. The key distinction
is efficiency: our methods reduce the computational cost through sharing and pruning
optimizations while producing identical rankings when applied to the same positions.
For S > 1, we compare how different methods maintain solution quality (average deviation
close to the S = 1 baseline) while achieving greater computational savings.

STOMP employs z-normalization (removing the mean and scaling by the standard
deviation), making it sensitive to shape similarity while being invariant to amplitude
differences. This differs fundamentally from our raw deviation-based approach, which
preserves amplitude information (using min–max normalization). Therefore, we include
STOMP primarily to illustrate alternative normalization strategies and their impact on the
discovered insights rather than as a direct competitor in shift-based efficiency evaluation
(as further illustrated in our first experiment in Figure 5).

(a)

(b)

Figure 5. Comparison of top-4 dissimilar gait asymmetry insights between left and right ankle sensors
from the WearGait-PD dataset using subsequence length R = 80. (a) Our proposed TiVEx-hybrid
method. (b) STOMP method.

Experimental Setup. All experiments were conducted on a machine equipped with an
Intel(R) Core(TM) i7-9750H CPU @ 2.60 GHz and 16 GB of RAM, using Python 3.9. To en-
sure reliability, each experiment measuring execution time was independently repeated
10 times, and the results were averaged, showing consistent trends across all runs.
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8. Experimental Results and Analysis
In this section, we evaluate TiVEx across three key dimensions: computational effi-

ciency, solution effectiveness, and practical applicability. We begin by comparing insight
discovery capabilities between TiVEx-hybrid and STOMP on a clinical gait analysis task,
demonstrating how normalization choices affect the types of insights discovered. We then
present a quantitative performance analysis across varying parameter configurations and
dataset characteristics.

Impact of Normalization on Discovered Insights. To illustrate how the normalization
choice affects the types of insights discovered, we compare the top-4 dissimilar subsequence
pairs identified by TiVEx-hybrid (using min–max normalization) versus STOMP (using
z-normalization) on the WearGait-PD dataset with R = 80 and S = 1. Both methods enforce
an exclusion zone of R/2 to ensure the temporal separation of discovered insights.

As shown in Figure 5a, TiVEx-hybrid with min–max normalization discovers subse-
quence pairs exhibiting large amplitude deviations—regions where the left and right
ankle signals show substantial differences in movement magnitude. The top-1 view
(68.17–68.96 s) demonstrates a crossing pattern where the left and right ankle signals
intersect and then diverge, while other views show different amplitude relationships and
temporal dynamics between the limb movements. These insights are clinically relevant
for detecting gait asymmetries, as they highlight moments when limb movements show
substantial magnitude differences.

In contrast, STOMP with z-normalization identifies subsequence pairs with shape-
based dissimilarities, including flat, low-variance regions where signals are nearly constant
but exhibit minor fluctuations (top-1, top-3, and top-4 views in Figure 5b). This occurs
because z-normalization divides by the standard deviation, which is very small in flat
regions. This small divisor amplifies minor fluctuations, causing these segments to rank
highly based on shape dissimilarity [51]. While this behavior is appropriate for STOMP’s
design goal of shape dissimilarity, such flat-region discoveries provide limited value for
gait asymmetry analysis, where amplitude differences during active movement phases are
more clinically informative.

This comparison demonstrates that the choice of normalization determines the types
of insights that are discovered. Min–max normalization preserves absolute deviation
magnitudes, making it suitable for detecting asymmetric limb motion where scale matters.
Z-normalization enables scale-invariant shape matching, making it suitable for finding
unusual waveform patterns regardless of amplitude. For cross-dissimilarity exploration in
physiological monitoring, min–max normalization uncovers insights that are better aligned
with clinical interpretation needs.

We now present a systematic evaluation of computational performance across our
proposed techniques and established baselines using the Google Mobility dataset. The ex-
periment shown in Figure 6 demonstrates the computational efficiency of our proposed
techniques—TiVEx-pruning and TiVEx-hybrid—across varying subsequence lengths (R),
in comparison with an exhaustive search, TiVEx-sharing, and STOMP. The evaluation is
conducted on the Google Mobility dataset with a shift length of S = 1. To clearly visualize
differences in computational efficiency, the y-axis is plotted on a logarithmic scale. As ex-
pected, execution time increases for all methods with larger R values due to the quadratic
growth in pairwise distance computations.
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Figure 6. Execution time (log scale, in seconds) of all evaluated techniques across varying subsequence
lengths (R), measured on the Google Mobility dataset with shift length S = 1.

The exhaustive search method, which evaluates all possible candidates without any
optimization, incurs the highest execution time, reaching approximately 0.5 s at R =

60. For STOMP, the reported execution time includes both (1) the full Matrix Profile
computation using standard STOMP incremental calculations and (2) searching and sorting
of the main diagonal entries (aligned pairs). This measurement reflects the complete
computational cost of using STOMP to identify top-k dissimilar aligned pairs. STOMP
achieves moderate efficiency (0.0055–0.0287 s) through optimized incremental calculations
but cannot incorporate pruning due to the completeness requirements of the Matrix Profile.
TiVEx-sharing demonstrates improved performance over both baselines (0.0095–0.0187 s)
by exploiting computation sharing among overlapping subsequences. However, TiVEx-
sharing lacks pruning capabilities, limiting its efficiency gains compared to our TiVEx-
hybrid approach.

TiVEx-hybrid delivers superior performance across different subsequence lengths
(0.0079–0.012 s), achieving approximately a 2.3× speedup over STOMP and a 38.5×
speedup over exhaustive search at R = 60. TiVEx-pruning shows higher execution times
(0.012–0.18 s) than TiVEx-hybrid across all R values, demonstrating that the combination of
computation-sharing and pruning strategies in TiVEx-hybrid produces benefits that exceed
those of either optimization approach individually.

These computational efficiency results demonstrate the clear advantages of TiVEx-
hybrid and motivate further evaluation across varying shift and subsequence lengths.
STOMP is excluded from subsequent experiments for two reasons: (1) it is optimized
specifically for S = 1, making comparisons with our shift-aware methods methodologically
inconsistent, and (2) it cannot support time-shifted exploration (S > 1) due to its algorithmic
design, whereas time-shifted analysis is central to our TiVEx methods.

Impact of Varying Shift Length S on Computational Efficiency. In the following
experiment, we conduct an assessment of computational efficiency (in terms of the number
of operations required and saved operations) achieved by our proposed approaches com-
pared to both our previous technique and baseline approaches. We analyze the number of
operations and cost savings across different shift lengths while keeping the subsequence
length and k value constant (i.e., R = 24 and k = 4). Only shift lengths that produce an
integer number of views are considered.

To emphasize the general impact of shift length S on computational burden, Figure 7a
presents the absolute number of operations required by each method across varying shift
lengths. This figure reflects the reduction in candidate set size as S increases (fewer views
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to evaluate). As shown in Figure 7a, exhaustive search requires the most operations since
it recalculates distances for each view independently. Increasing shift length reduces
operations for all techniques due to fewer views and less overlap between successive
views. Despite diminishing cost disparity at higher shift lengths, our methods significantly
outperform exhaustive search, with approximately 18%, 31%, and 33% savings at S = 12
for TiVEx-pruning, TiVEx-sharing, and TiVEx-hybrid, respectively.

(a) (b)

Figure 7. Comparison of the computational cost on the Google Mobility dataset with default param-
eters while varying S. (a) Number of operations. (b) Normalized number of saved operations vs.
Exhaustive Search.

The convergence at higher shift lengths reflects a fundamental principle: as temporal
separation increases, opportunities for both computation sharing and pruning diminish.
At S = 12, the minimal overlap means that most calculations must be computed inde-
pendently, explaining why the performance gap narrows. Nevertheless, TiVEx-hybrid
consistently outperforms the individual techniques across all shift lengths. Even with the
sampling rate rs = 0.5, both TiVEx-sharing and TiVEx-hybrid maintain lower computa-
tional costs.

To isolate the impact of our algorithmic optimization and eliminate the effect of
candidate set size reduction, Figure 7b presents normalized savings defined as the ratio of
saved operations to total operations in exhaustive search. This normalization allows us to
focus on the optimization benefits independent of how many views are evaluated. Both
TiVEx-sharing and TiVEx-hybrid techniques exhibit substantial savings, particularly for
smaller values of S, with the largest savings of approximately 78.5% for TiVEx-hybrid at
S = 3. However, as S increases, the savings decrease, indicating a reduction in the number
of overlapping points between successive views. This shift-length dependency highlights
a key trade-off: our methods excel for fine-grained temporal analysis (small S) but offer
diminishing advantages for coarse-grained analysis (large S), where sampling’s consistent
50% reduction becomes competitive.

Moreover, the savings in both TiVEx-sharing and TiVEx-hybrid techniques surpass
TiVEx-pruning, reflecting the latter’s dependence on data characteristics that enable effec-
tive pruning—specifically, the presence of unpromising candidate views that can eliminate
more computations early. When data lacks such distinguishable insights, the opportunities
for pruning are significantly reduced, thereby limiting the effect of TiVEx-pruning. We
provide a detailed analysis of this data-dependent behavior using controlled synthetic
datasets to further validate our findings.

The normalized saved operations for the sampling approach remain consistently
around 50% across all shift lengths when using a sampling rate of 0.5. It outperforms
TiVEx-pruning across all shift lengths. However, both TiVEx-sharing and TiVEx-hybrid
achieve greater savings across most shift lengths, with the exception of S = 12, where their
performance slightly falls below that of sampling due to reduced overlap opportunities.
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This variation can be attributed to the characteristics of the data, highlighting the inherent
trade-off between the efficiency and effectiveness of the discovered visualizations—a point
we further explore in the following experiment.

Effectiveness Analysis. As expected, TiVEx-pruning, TiVEx-sharing, and TiVEx-
hybrid produce identical top-k views under fixed parameters since they employ different
computational strategies to achieve the same final results. Figure 8 presents how the
average deviation varies with increasing k values for different shift lengths using the
average deviation metric (see Section 7).

Figure 8. Measuring effectiveness using the average deviation metric on the Google Mobility dataset
with default parameters while varying k and S.

Figure 8 reveals a consistent downward trend in average deviation as k increases
across all shift lengths. This occurs because as we consider more views (larger k), we
include progressively lower-ranked views with smaller deviation values, thereby reducing
the overall average. This pattern is expected and demonstrates the natural ordering of
views by their deviation scores.

More importantly, we observe how different shift lengths compare to the baseline
S = 1 (red line). The baseline consistently achieves the highest average deviation across
all k values, as it explores all possible view positions without skipping any candidates.
At S = 2 (green line), the average deviation remains remarkably close to the baseline,
with only a marginal gap. For example, at k = 4, S = 2 achieves approximately 98% of the
baseline’s average deviation, demonstrating that exploring every other position captures
nearly the same quality of insights as the exhaustive search. At S = 3 (blue line), the gap
widens slightly but remains small, maintaining around 95-96% of the baseline quality across
all k values.

As the shift length increases further, the separation becomes more pronounced. At
S = 6 (purple line), the average deviation drops to approximately 90–92% of the baseline,
while S = 9 (black line) and S = 12 (orange line) achieve roughly 85–88% and 82–85%
of baseline quality, respectively. Despite these reductions, the average deviations remain
substantially high in absolute terms, indicating that even sparse exploration with large
shift values successfully identifies highly dissimilar views.

These results demonstrate a clear trade-off between exploration granularity and insight
quality. While larger shift values reduce computational cost by evaluating fewer candidate
positions, they also slightly decrease the average deviation of discovered views. However,
the degradation is graceful and predictable: doubling the shift length from S = 2 to S = 4
reduces operations from 63% to 84% savings compared to S = 1 (Figure 7), while the
average deviation decreases by only an additional 2–3%.

TiVEx-Hybrid vs. Sampling: Efficiency–Effectiveness Trade-Offs. Given the supe-
rior performance of TiVEx-hybrid, it is selected to compare efficiency and effectiveness
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with the sampling technique under varying sampling rates (i.e., rs = [0.2, 0.4, 0.5, 0.6, 0.8]).
Figure 9a shows that, with a sampling rate of rs = 0.5, TiVEx-hybrid requires significantly
fewer operations than sampling across all shift lengths. However, the efficiency of the sam-
pling method is directly influenced by the chosen sampling rate, which in turn affects the
quality of the results (i.e., effectiveness). To better understand this trade-off, we investigate
the performance of the sampling technique under different sampling rates, comparing it
with our TiVEx-hybrid technique.

(a) (b)

Figure 9. Trade-offs between TiVEx-hybrid and sampling in terms of efficiency and effectiveness on
the Google Mobility dataset with default parameters. (a) Impact of shift length (S) on the number of
operations using different sampling rates. (b) Efficiency–effectiveness trade-off for different sampling
rates and a fixed shift length S = 2.

Figure 9b illustrates the trade-off between computational cost and the quality of the dis-
covered visualizations across different sampling rates. For the sampling technique, smaller
sampling rates (e.g., rs = 0.2) result in higher efficiency, as fewer operations are required.
However, this comes at the cost of reduced effectiveness, as indicated by lower effectiveness
values due to the diminished quality of the discovered visualizations. As the sampling rates
increase, efficiency decreases while effectiveness improves, with the number of operations
ranging from 2303 to 10,763 and average deviation values increasing from 2 to 3.8. In con-
trast, TiVEx-hybrid achieves a balanced trade-off, requiring approximately 3060 operations
while maintaining a high deviation value close to 4.3. This demonstrates that TiVEx-hybrid
effectively minimizes computational costs while preserving high-quality visualizations,
outperforming sampling across all sampling rates.

Quality of Discovered Insights. While the efficiency–effectiveness scatter plot demon-
strates the computational advantages of TiVEx-hybrid, we verify that this efficiency does
not compromise the quality of the discovered insights. Figure 10 presents the top-4 most
dissimilar views discovered by exhaustive search (right), sampling (rs = 0.5, middle),
and TiVEx-hybrid (left) on the Google Mobility dataset (workplace vs. residential for Brazil).

The results demonstrate that TiVEx-hybrid discovers visually identical views to ex-
haustive search with identical deviation values (D = [3.79, 3.72, 3.71, 3.66]). Examining
each ranking, both methods identify the same crossing patterns between workplace and
residential mobility at the same temporal positions (e.g., Top-1 from 2 November 2021
to 25 November 2021). This temporal and behavioral alignment across all four rankings
provides empirical proof of exact result optimality.

In contrast, the sampling technique discovers different views. While Top-1 through
Top-3 show similar crossing patterns to both TiVEx-hybrid and exhaustive search, they
occur at shifted temporal positions due to downsampling artifacts. Notably, the average
deviation of sampling’s top-4 views is lower than that of TiVEx-hybrid and exhaustive
search, indicating that sampling discovers views with weaker dissimilarity overall. Most
importantly, sampling’s top-4 view exhibits the opposite behavior: residential mobility
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rises steeply while workplace mobility decreases. This is qualitatively different from the
true top-4 most dissimilar views identified by both TiVEx-hybrid and exhaustive search,
demonstrating that downsampling destroyed the fine-grained temporal information needed
for accurate insight discovery.

Figure 10. Top-4 dissimilar views discovered by (a) TiVEx-hybrid, (b) sampling, and (c) exhaustive
search methods on the Google Mobility dataset and a shift length S = 2.

Impact of Varying Subsequence Length R on Computational Efficiency. Similarly,
the experiments are conducted to assess the computational efficiency achieved by our
techniques, considering different subsequence length values while keeping the shift length
and k value constant (i.e., S = 6 and k = 4). To ensure a fair comparison, we focus on
subsequence lengths that yield an integer number of views. The result of this experiment is
shown in Figure 11 using the Google mobility dataset.

Figure 11. Comparison of computational cost on the Google Mobility dataset with default parameters
while varying R.
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As shown in Figure 11, the results clearly highlight a recognizable difference in the
number of operations required between exhaustive search and other techniques. As the
subsequence length increases, all techniques show higher computational costs due to the
larger number of data points in each view, leading to more intensive pairwise distance
calculations. The disparity in operations between exhaustive search and other techniques
significantly widens, with TiVEx-hybrid achieving approximately 84% savings compared
to exhaustive search at R = 60, as depicted in Figure 11.

TiVEx-pruning requires more operations than TiVEx-sharing and TiVEx-hybrid as the
subsequence length increases. This is due to the sequential nature of how TiVEx-pruning is
applied and dataset characteristics, such as the positioning of views with the largest deviation,
which impacts the number of saved/pruned computations. However, at small subsequence
lengths (e.g., R = 6), TiVEx-pruning outperforms other methods because (1) when R = 6 and
S = 6, consecutive views have no overlap, eliminating TiVEx-sharing’s advantages, and (2)
TiVEx-pruning’s fine-grained, point-by-point evaluation becomes more efficient than the
pane-based strategy used in TiVEx-hybrid.

To assess the generalizability of these computational efficiency trends, we evaluate
our techniques on three additional datasets with distinct characteristics: the stock market,
random walk, and seismic datasets. Figure 12a–c demonstrate consistent performance
rankings across all datasets, with TiVEx-hybrid consistently outperforming other methods.
Computational savings compared to exhaustive search are approximately 84% (Google
Mobility, R = 60), 72% (Stock Market, R = 56), 71% (Random Walk, R = 58), and 86%
(Seismic, R = 60). While method rankings remain stable, the magnitude of efficiency gains
varies with dataset characteristics, confirming the broad applicability of our approach
across diverse temporal structures. For brevity, all subsequent experiments use the Google
Mobility dataset, chosen for its relevance as a real-world time series.

(a) (b)

(c)

Figure 12. Comparison of computational cost across three datasets with default parameters while
varying R. (a) Stock market dataset (L = 2012). (b) Random walk dataset (L = 4000). (c) Seismic
dataset (L = 144,000).
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An analysis of our real-world datasets (Google Mobility and stock market) reveals that
top-k insights exhibit dramatically varying temporal distributions. The stock market dataset
(L = 2012, R = 26, S = 6) shows extremely clustered insights, where the top-4 insights ap-
pear in consecutive positions, spanning only 0.9% of the exploration sequence. In contrast,
the Google Mobility dataset (L = 600, R = 24, S = 6) shows extremely distributed insights,
where the top-4 insights appear at the beginning and end, spanning 99% of the total views.
Despite these vastly different temporal distributions, TiVEx-hybrid achieves computational
savings of 71% for Google Mobility and 65% for the stock market compared to exhaustive
search (as shown in Figure 11 and Figure 12a, respectively). This demonstrates that the
method maintains consistent efficiency across different insight distributions.

Impact of Deviation Position on Computational Efficiency. A fundamental question
for any pruning-based optimization is whether efficiency depends on the distribution of
high-utility items in the search space. To characterize this algorithmic property, we conduct
a controlled experiment using a synthetic sine–cosine dataset, where the largest deviation
is systematically positioned at different locations (beginning, middle, and end), as shown
in Figure 13(left). This deviation placement allows us to establish performance bounds
independent of other dataset characteristics.

(a)

(b)

(c)

Figure 13. Impact of deviation placement on normalized savings using synthetic sine–cosine data.
Each scenario uses a dataset with default parameters and L = 4000 while varying R. (a) Largest
deviation at the beginning. (b) Largest deviation in the middle. (c) Largest deviation at the end.
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When the views with the largest deviation occur at the beginning (Figure 13a), TiVEx-
pruning achieves significant computational savings of approximately 80%, as the algorithm
can quickly identify and discover the high-deviation insight early in the exploration pro-
cess. This early identification allows subsequent candidates to prune computations more
aggressively, as they can be compared against a strong reference deviation threshold. In
this scenario, TiVEx-pruning outperforms TiVEx-hybrid, since its fine-grained, point-level
pruning is more effective than the pane-level pruning employed in TiVEx-hybrid.

Conversely, when the views with the largest deviation appear in the middle
(Figure 13b) or at the end (Figure 13c), the algorithm must evaluate more candidates
before finding the optimal insight (with the largest deviation), thereby reducing pruning
opportunities. Performance decreases when the deviation is positioned in the middle (65%
savings) and drops further when located at the end (45% savings). This behavior stems
from TiVEx-pruning’s sequential evaluation strategy: early detection of high-deviation
insights enables more aggressive pruning of unpromising candidate views.

In contrast, TiVEx-hybrid maintains more consistent performance across all deviation
positions (72–75% savings), demonstrating the stability provided by combining sharing
and pruning strategies. TiVEx-sharing, as expected, shows consistent savings across all
scenarios since it relies solely on view overlap, which remains constant regardless of the
position of deviation.

These controlled experiments establish the expected performance range for TiVEx-
pruning (45–80% savings) under different deviation distributions. As illustrated in
Figures 11 and 12a,b, our real-world datasets exhibit naturally distributed deviation in-
sights, with observed savings falling within this characterized range, validating that the
controlled experiments may predict real-world performance variability.

The efficiency of TiVEx-pruning is data-dependent. In the worst case, where all views
have similarly high deviations and no early pruning triggers, TiVEx-pruning must evaluate
all point pairs in all views, approaching the cost of the exhaustive search. However, this
worst-case scenario is rare in practice: even when the largest deviation appears at the end
of the time series (Figure 13c), partial pruning still achieves 45% savings.

TiVEx-hybrid provides robustness through its integrated design, though per-view ef-
fectiveness depends on pane configuration. When overlapping panes have been processed
(Cases 1 and 3 in Figure 4), sharing provides efficiency gains through pane reuse, establish-
ing a performance floor even when pruning opportunities are minimal. However, when all
overlapping panes are unseen (Case 2), TiVEx-hybrid relies solely on pruning for that view.
While individual views in worst-case configurations (Case 2 with no pruning) may ap-
proach the exhaustive search cost, this scenario rarely persists across multiple consecutive
views, ensuring strong overall performance (72–75% average savings, Figure 13).

Impact of Varying k Values on Computational Efficiency. In this experiment, we
assess efficiency across different k values while maintaining fixed parameters (R = 24,
S = 6). As shown in Figure 14, exhaustive search and TiVEx-sharing maintain constant
computational costs regardless of k values, since their algorithms are independent of the
result set size (i.e., top-k).

However, the TiVEx-pruning method exhibits different behavior. It shows significant
performance degradation, with operations increasing from approximately 2200 at k = 1
to 3600 at k = 7 (≈64% increase). This occurs because larger k values require maintaining
more candidates in the top-k set, making pruning thresholds less restrictive and reducing
opportunities for early candidate elimination. In contrast, TiVEx-hybrid demonstrates
remarkable stability, with operations increasing only slightly from 1200 to 1400 (≈17%
increase). This stability results from the hybrid approach: while the pruning component

https://doi.org/10.3390/bdcc10020064

https://doi.org/10.3390/bdcc10020064


Big Data Cogn. Comput. 2026, 10, 64 33 of 38

becomes less effective with larger k, the sharing component provides consistent baseline
efficiency regardless of result set size.

Figure 14. Comparing the computational cost on the Google Mobility dataset with default parameters
while varying k.

Summary of Experimental Findings. Our experimental evaluation across six datasets
reveals that TiVEx-hybrid consistently achieves the best performance, providing 72–84%
computational savings while maintaining exact result optimality through its integration
of computation sharing and pruning. For parameter selection, shift length S presents
a clear efficiency–effectiveness trade-off, where S = 2–3 maintains 95–98% of baseline
quality with 63–78.5% savings, while S = 6–12 maximizes efficiency (84% savings) with
graceful quality degradation (82–90% of baseline); subsequence length R primarily affects
computational cost and should be chosen based on domain knowledge; and k = 3–5
provides sufficient insight diversity with stable TiVEx-hybrid performance. Compared to
other existing methods, TiVEx-hybrid achieves 2.3× speedup over STOMP and dominates
sampling-based approaches across all configurations. TiVEx-hybrid also demonstrates
robustness across different deviation distributions (72–75% consistent savings), whereas
TiVEx-pruning exhibits data-dependent performance (45–80% range) that excels when
high-deviation insights appear early in the exploration sequence. These findings enable
practitioners to select parameters as follows: for shift length S, use S = 1 for comprehensive
exploration benefiting from algorithmic optimization, or larger S values when computa-
tional constraints necessitate trading temporal quality for speed; for subsequence length R,
choose values based on domain-specific temporal insights of interest (e.g., hourly, daily,
weekly); for k, use k = 3–5 to balance the discovery of diverse insights with computational
efficiency, with larger k reserved for scenarios requiring extensive exploration.

9. Conclusions
Interactive visual exploration of time series data requires efficiently identifying the

most informative subsequence comparisons from a combinatorially large search space. This
paper proposes the TiVEx family of techniques—TiVEx-sharing, TiVEx-pruning, and TiVEx-
hybrid—which enable the scalable discovery of top-k dissimilar subsequence views through
strategic computation sharing and distance-based pruning. Building upon our previous
work on TiVEx-sharing, we present two novel contributions: TiVEx-pruning, which lever-
ages distance bounds to eliminate unpromising candidates early, and TiVEx-hybrid, which
integrates both mechanisms for maximum efficiency. Our experimental evaluation on
diverse real-world datasets demonstrated that TiVEx-hybrid achieves substantial computa-
tional savings—reducing operations by up to 84% compared to exhaustive search—while
maintaining result quality to be exactly the same as in exhaustive exploration. The effective-
ness analysis confirmed that even with shift lengths of S > 1, our methods discover views
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with average deviations close to the optimal S = 1 baseline, validating the practical utility
of our approach for large-scale time series analysis. By balancing computational efficiency
with insight quality, TiVEx empowers analysts to rapidly discover meaningful insights in
complex temporal data across diverse domains, including healthcare monitoring, financial
analysis, and sensor network analytics. While the current implementation of TiVEx operates
on static archival time series, several promising directions remain for future investigation.
First, extending TiVEx to streaming scenarios would enable continuous insight discovery
from evolving data streams, requiring adaptations to handle concept drift and maintain
efficient incremental updates. Second, incorporating user feedback mechanisms could
further refine the ranking of discovered views based on domain-specific preferences. Third,
exploring multi-resolution exploration strategies that adaptively adjust shift length S based
on local data characteristics could further optimize the exploration–efficiency trade-off. Fi-
nally, investigating parallel and distributed implementations of TiVEx-hybrid could unlock
even greater scalability for massive-scale time series datasets.
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Appendix A. TiVEx-Sharing Detailed Example
This appendix provides detailed numerical examples to illustrate the TiVEx-sharing

computation-sharing mechanism and cost analysis.

Appendix A.1. Applying TiVEx-Sharing to Time Series

Consider the example shown in Figure 2, where TiVEx-sharing is applied to a time
series with a subsequence length R = 8 and a shift length S = 6. The pane size is calculated
as g = gcd(8, 6) = 2, meaning each subsequence is divided into panes of size 2.

For instance, the first view v1,8 and the second view v7,14 share overlapping panes at
positions 7 and 8 (shown in the shaded area in Figure 2). By reusing the computations for
these overlapping panes, TiVEx-sharing avoids redundant distance calculations.

Appendix A.2. Cost Calculation Example

Let us calculate the total cost for all three views in Figure 2 after applying the TiVEx-
sharing technique.

The cost for the first view (v1,8) includes all four panes, with a total length of 8:

1. Distance operations: Computing (Xi − X′i)
2 for all 8 points costs 8 operations.
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2. Aggregate operations within panes: Each pane of size g = 2 requires (2− 1) = 1
aggregation operations. With 8

2 = 4 panes, this costs 1× 4 = 4 operations.
3. Final aggregate operations: Combining 4 panes requires (4− 1) = 3 operations.

Total cost for the first view: 8 + 4 + 3 = 15 operations, which equals 2× 8− 1 = 15.
For each subsequent view (v7,14 and v13,20), only the remaining partial aggregates (length
S = 6) need to be computed:

1. Distance operations: Computing (Xi − X′i)
2 for the 6 new points (e.g., positions 9–14)

costs 6 operations.
2. Aggregate operations within the remaining panes: With 3 new panes of size g = 2,

this costs (2− 1)× 3 = 3 operations.
3. Final aggregate operations for remaining panes: Combining 3 panes costs (3− 1) = 2

operations.
4. Combining with overlapping aggregates: The 3 remaining panes must be combined

with the R−S
g = 8−6

2 = 1 overlapping pane, requiring 1 additional operation.

Total cost for each subsequent view: 6 + 3 + 2 + 1 = 12 operations, which equals
2× 6− 1 + 8−6

2 = 12.
Total Cost for All Three Views: Using TiVEx-sharing: 15 + 12 + 12 = 39 operations.
Using exhaustive search (Equation (2)): (2× 8− 1)× 3 = 15× 3 = 45 operations. This

demonstrates that the TiVEx-sharing achieves savings of 45−39
45 × 100% = 13.3% by reusing

overlapping computations.

Appendix B. Proofs
Proof of Lemma 1. The true deviation for view vb,e is defined as in Equation (1). We can
partition the positions of point pairs into processed (known) and unprocessed (unknown)
ranges. Given that positions b to j have been processed, we can rewrite the deviation as

D(vb,e) =

√√√√ j

∑
i=b

(Xi − X′i)
2 +

e

∑
i=j+1

(Xi − X′i)
2

Since all data points are normalized to [0, 1] via min–max normalization, for any
normalized values Xi, X′i ∈ [0, 1], the squared distance satisfies

(Xi − X′i)
2 ≤ max

a,b∈[0,1]
(a− b)2 = (1− 0)2 = 1

The maximum value of 1 is achieved when one point equals 0 and the other equals 1.
Applying this bound to all unprocessed positions from j + 1 to e

e

∑
i=j+1

(Xi − X′i)
2 ≤

e

∑
i=j+1

1 = (e− j)

where (e− j) is the number of unprocessed positions. Substituting this inequality into the
deviation expression:

D(vb,e) =

√√√√ j

∑
i=b

(Xi − X′i)
2 +

e

∑
i=j+1

(Xi − X′i)
2

≤

√√√√ j

∑
i=b

(Xi − X′i)
2 + (e− j)

= Dmax(vb,e)
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The inequality holds because the square root function is monotonically increasing for
non-negative arguments. Specifically, since

j

∑
i=b

(Xi − X′i)
2 +

e

∑
i=j+1

(Xi − X′i)
2 ≤

j

∑
i=b

(Xi − X′i)
2 + (e− j)

and both sides are non-negative, taking the square root of both sides preserves the inequality.
Therefore, Dmax(vb,e) is a valid upper bound for the true deviation D(vb,e), i.e.,

D(vb,e) ≤ Dmax(vb,e).
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