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Abstract. Several existing anomaly detection (ad) algorithms that work
on sequence data employ similar pipelines that convert subsequences
into piecewise approximations before aggregating these into a model.
However, choices in sequence segmentation, representation, distance cal-
culation, and modelling approaches affect detection performance across
different anomaly types. We propose a framework that formalises these
pipeline components and their parameters, enabling systematic evalu-
ation of pipeline configurations across specific sequence learning tasks.
Through this formalisation, we introduce a novel hierarchical piecewise
approximation model based on nested words. As far as we know, we are
the first to use nested words in this context. Using the ucr Time Se-
ries Anomaly Archive, we demonstrate that specific framework configura-
tions effectively identify subsequences corresponding to specific anomaly
definitions. On this benchmark, the pipelines implemented using our
framework achieve performance comparable to state-of-the-art methods,
including deep learning approaches. We provide our framework as an
open-source Python module to facilitate the exploration of pipeline con-
figurations across various sequence learning tasks.
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1 Introduction

In various domains and applications, sequence data are gathered by observing
processes and systems through both sensors and event logs. This collection of
data can be used for pattern mining and sequence learning, for which we usually
create models based on sets of legitimate sequences [30]. One important sequence
learning task is anomaly detection (ad), where we detect and flag data points
that deviate from expected normal behaviour described in legitimate sequences.

However, both the expected normal behaviour and the definition of an anomaly
strongly depend on the processes or systems under observation, the nature of the
data, the domain, and the specific application. As there is no universal definition
of normal behaviour and anomalies, there is also no one-size-fits-all ad algorithm
[25]. Algorithms that work under the “independent and identically distributed
assumption” [21], for example, fail to detect anomalous patterns involving the
order of data points.
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There is a large variety of ad approaches for sequence data described in the
literature [7]. Among these, some algorithms [29,32] use similar pipelines that
transform subsequences into piecewise approximations. These approaches use
these approximations to build a model of normal behaviour as a baseline to detect
deviations in newly observed data, or they use properties of the models them-
selves to flag potential anomalies in previously collected data. However, there
are numerous approaches to segment sequences, to represent or approximate
subsequences, to calculate distances between subsequences or their representa-
tions, and to model these subsequences. Many design choices in these pipelines–
including their segmenting, approximating, and aggregating strategies–implicitly
influence which subsequences are considered anomalous.

As distance-based approaches to ad are competitive with the state-of-the-
art [23], we aim to enable the exploration of pipeline configurations that cap-
ture different patterns of interest in input data. Therefore, we generalise these
similar ad algorithms in a framework, with the goal of making pipeline design
choices explicit. We aim to provide a structured way to explore the space of
possible sequence learning pipelines that work with hierarchical representations
of subsequences for all types of sequence data. By applying different framework
configurations on the ucr Time Series Anomaly Archive [18], we also show that
there exist unexplored component combinations that can detect patterns corre-
sponding to different anomaly definitions.

We show that framework configurations based on the “hierarchical pattern
matching” ad algorithm (hpm) [32] correctly identify anomalies in the ucr
benchmark at a rate similar to that of the state-of-the-art in time series ad,
including deep learning approaches. We do this by comparing our results to a
recent benchmark paper for time series ad [5].

Contributions: We generalise a common pipeline used across different ad
algorithms by formalising its components and parameters, and provide a frame-
work for exploring configurations of this pipeline for different sequence learning
tasks. In this work, we also introduce a novel hierarchical piecewise approxi-
mation model based on nested words which has, as far as we know, not yet
been explored for ad or sequence learning. We apply our framework to the ucr
dataset, comparing it against an existing state-of-the-art benchmark. Together
with this paper, we release our framework as an open-source Python module1,
allowing other researchers to explore pipeline configurations across different se-
quence learning tasks.

2 Preliminaries

2.1 Sequences

Sequence (or series) data are ordered sets of elements that may be continuous or
discrete. This overarching term includes sequences of real-valued variables and
sequences of discrete symbols [17].
1 https://github.com/pvdsp/pbsf-lib

https://github.com/pvdsp/pbsf-lib
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Formally, a sequence S = (s1, s2, . . . , sn) is an ordered set of n ∈ N sequen-
tial observations si. A symbolic sequence S = (s1, s2, . . . , sn) is a sequence of
discrete observations si ∈ Σp, where p ∈ N is the dimensionality of each observa-
tion and Σ is a finite set of discrete symbols. A time series S = (st1 , st2 , . . . , stn)
is a sequence of real-valued observations sti ∈ Rp, where each data point sti is
observed at time point ti with t1 < t2 < . . . < tn. In this paper, we primarily
focus on univariate (p = 1) time series.

In many cases, we are not interested in properties of the full sequence but
rather in local parts of the sequence. Given a sequence S of length n, a contigu-
ous subsequence S[i,j] = (si, . . . , sj) of S, with 1 ≤ i ≤ j ≤ n, is a sequence
consisting of j − i+ 1 consecutive elements from positions i to j of S. Figure 1
shows an example of a contiguous time series subsequence. For the rest of this
paper, we use the term subsequences to refer to contiguous subsequences.

Being able to determine the similarity between sequences is crucial for tasks
involving sequence data [6]. Given two sequences P = (p1, . . . , pn) and Q =
(q1, . . . , qn), the distance between P and Q, written as dist(P,Q), is a measure
of how dissimilar these sequences are. We require distances to be non-negative
(dist(P,Q) ≥ 0) and symmetric (dist(P,Q) = dist(Q,P )). There are many
possible distances that we can calculate between two sequences, each with its own
specific properties [11]. The choice of an appropriate distance measure depends
on the application and the nature of the data.

Finally, motifs refer to sets of frequently recurring subsequences with a low
pairwise distance to each other, found within a single sequence or across a larger
set of sequences [10]. Subsequences that are maximally different from other time
series subsequences are called discords [20]. Figure 1 shows a time series sub-
sequence with its discord highlighted.

Fig. 1. The subsequence S[30k,35k] of the gaitHunt1 time series from the ucr Time
Series Anomaly Archive, representing the gait of someone walking on a force plate.
The plot shows elapsed time since the start of the recording on the x-axis, and ground
reaction force on the y-axis. The discord within this subsequence, corresponding to the
ground-truth anomaly caused by a faulty sensor, is highlighted in red.
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2.2 Sequence Learning

Sequence learning consists of sequence prediction, generation, and recognition
[30]. For sequence generation, we generate sequence elements in their natural
order. For sequence prediction, we predict future sequence elements based on
one or more preceding elements of the sequence:

(si, si+1, . . . , sj) −→ (sj+1, . . . , sj+k), where 1 ≤ i ≤ j < ∞ and k ≥ 1.

Sequence recognition consists of determining whether a sequence is legit-
imate, given a set of known legitimate sequences or knowledge of the underlying
generative process:

(si, si+1, . . . , sj) −→ a with a ∈ {0, 1}.

We can reframe various tasks on sequence data as sequence learning tasks.
Our main focus in this paper is on the detection of novel subsequences and
structural anomalies. For novelty detection, we flag subsequences that do not
match known patterns within a given sequence:

S = (si, si+1, . . . , sj) −→ {(k, l) | S[k,l] → 0}

Similarly, anomaly detection for structural anomalies assigns scores to
subsequences, where subsequences that deviate from expected patterns receive
lower scores and are flagged as potentially anomalous:

S = (si, si+1, . . . , sj) −→ {(S[k,l], a) | a ∈ [0, 1]}

2.3 Sequence Approximation

Through sequence approximation, we create a sequence representation with a
strongly reduced dimensionality compared to the original input sequence. These
representations should efficiently approximate sequences by describing their es-
sential features, thus preserving their characteristics [11].

A representation of a sequence S is a model S̄ of reduced dimensionality d̄
with d̄ < n such that S̄ approximates S. [14]. Methods used for this dimension-
ality reduction include Singular Value Decomposition (svd), Discrete Fourier
Transform (dft) and its variants, and Discrete Wavelet Transform (dwt) [19].

Various sequence approximation techniques partition sequences into a num-
ber of non-overlapping subsequences (or frames) for approximation. Piecewise
Linear Approximation (pla) approximates each frame using a straight line [14];
Piecewise Aggregate Approximation (paa) approximates frames using their mean
[19]; and Symbolic Aggregate Approximation (sax) maps the results of paa to
a discrete representation through equiprobable regions [22].

Uniform segmentation partitions the time series into equally-sized frames,
whilst non-uniform segmentation picks breakpoints as to best fit the shape of
the segment [6]. We show examples of piecewise approximation methods with
uniform segmentation in Figure 2.
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Fig. 2. Multiple representations of a subsequence from the gaitHunt1 time series shown
in Figure 1 using pla, paa, and sax. The subsequence is split into respectively 4 and
8 non-overlapping and equally-sized frames, and each frame is approximated through
a straight line (pla), its mean (paa), or an equiprobable region (sax). The higher
the number of frames we use to approximate the sequence, the more detailed the
representation of the sequence.

Multi-level or hierarchical representations of time series data also exists. The
Hierarchical Piecewise Linear Approximation (hpla) [6] technique approximates
a time series subsequence by determining multiple sets of breakpoints to create
variable-length frames, and approximates these frames using straight lines. hpla
aims to maximise the accuracy of the representation for a given number of frames.

Given two sequences P and Q, and their respective representations P̄ and
Q̄, there exist distance measures that compare time series in the representation
space, which we write as dist(P̄ , Q̄). Preferably, these distance measures allow
lower bounding, which guarantees that dist(P̄ , Q̄) ≤ dist(P,Q) [11].

One such distance measure for pla-based representations that is a lower
bound of the Euclidean distance between two sequences is the pla lower bound
distance function distPLA(P̄ , Q̄) [9]. If ai and bi respectively are the difference
between slopes and the difference between intercepts of the i-th frame’s approx-
imation in P̄ and Q̄, and each frame has length l, then:

distPLA(P̄ , Q̄) =

√√√√ d̄∑
i=1

l∑
j=1

(ai · j + bi)2

3 Related Work

Multiple frameworks and tools for sequence learning, pattern mining, and ad for
the identification of structural anomalies in sequence data exist. In this section,
we go over related frameworks and the pipelines they provide, the ad algorithms
that we generalise, and possible sequence learning models.



6 Patrick Van der Spiegel and Johan Loeckx

Pattern Mining Frameworks One specific pattern mining and ad frame-
work for sequence data discretises subsequences of time series data to build a
transaction database, and provides state-of-the-art pattern mining algorithms
to retrieve sequential patterns in that database for ad [16]. The same authors
introduced a pattern-based ad method for mixed-type time series, which is the
augmentation of time series data with related discrete event logs [15].

Discord-Based Anomaly Detection Time series discords [20], typically found
through matrix profiling methods, are also used for time series ad. Recently, new
parameter-free discord discovery algorithms named Merlin and Merlin++
were introduced [23], making repeated use of another discord discovery algorithm
named Drag to find discords. Other discord detection algorithms discretise the
time series and hash these discretisations, where unique discretisations corre-
spond to discords [23]. We categorise these as approximation-based methods.

Approximation-Based Methods Multiple ad algorithms make use of sub-
sequence representations to detect anomalies. The hpm-based algorithm [32]
discretises subsequences into hierarchical representations using repeated appli-
cation of pla and stores these discretisations in a tree structure. New data is
compared against this tree, with dissimilar patterns flagged as anomalies.

Grammar-based compression time series ad [29] discretises subsequences us-
ing sax to build context-free grammars via Sequitur [24]. Infrequently used
grammar rules indicate potential anomalies. The authors of this ad method pro-
posed a generic framework that incorporates their grammar-driven mining ad
approach for both motif and discord discovery [28].

However, choices in subsequence approximation and comparison strategies
influence anomaly detection results, which remains unexplored in these works.

Sequence Learning Models In terms of models for sequence data, finite au-
tomata and their variants are a natural data structure for modelling and recog-
nising sets of related discrete sequences. Therefore, they can be used as a se-
quence learning model. For ad in the cybersecurity domain, for example, finite
automata have been used to model normal system call behaviour of software
programs, where unknown sequences of system calls are considered anomalous
[27]. Other possible sequence learning models include hidden Markov models and
recurrent neural networks [30].

Deep learning (dl) models have also been used to learn representations of
time series [34], successfully modelling temporal dependencies in sequence data
for ad. Interpretability into why something is marked as an anomaly is crucial
in critical applications, however, and deep learning further complicates this pro-
cess [34]. dl-based algorithms also require lots of critical parameters to be tuned
which causes potential issues for practical use of these algorithms [23]. Addi-
tionally, ad in a production environment also require methods to be lightweight
[32]. For these reasons, we focus on hierarchical piecewise aggregate approaches
instead of dl for sequence learning.
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4 Framework for Pattern-based Sequence Learning

We propose a sequence learning framework for pipelines that build models of
sequences based on hierarchical piecewise approximations of their subsequences.
This framework allows us to build various pipelines for different sequence learning
tasks that require sensitivity or invariance to specific patterns. This framework
consists of four main types of components:

1. Segmenters split input sequences into ordered sequences of overlapping or
non-overlapping segments.

2. Discretisers take segments as input and return multiple approximations of
these segments in various granularities, ranging from coarse- to fine-grained.

3. Approximations represent a segment at one specific level of granularity,
and each type of approximation implements their own distance function.

4. Models are an aggregation of segment approximations, which we can use
to investigate properties of the input data or to compare new data to this
model.

Figure 3 shows how these types of components relate to each other. In the
next subsections, we go over each of the components of our framework and
discuss possible implementations with their specific parameters and strategies.
Depending on the implementation and parameter choices of the components,
the same high-level pipeline might learn different features of the input data. If
these different pipelines are employed for ad, for example, they mark different
subsequences as potentially anomalous.

Approximation
(coarse-grained)

Model

Approximation
(fine-grained)

Chains of multi-granular
segment approximations

Segments of
sequential data

Sequential 
data Segmenter Discretiser ...

Fig. 3. Diagram that illustrates a pipeline using the proposed framework components.
The pipeline partitions sequential input data into different segments. These segments
are approximated using chains, which are sequences that contain multiple segment
representations at different levels of detail or granularity. These multi-granular segment
representations are combined into models that can be applied in various sequence
learning tasks, including ad and sequence classification. The orange boxes depict the
different framework components, and the gray boxes depict their input and output.
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4.1 Segmenting

Segmenters split large input sequences S into ordered sequences of preprocessed
segments (S1, S2, . . . , Sn). These segments could be equally-sized or variably-
sized, and overlapping or non-overlapping. The preprocessing step for segments
of time series might include z-score normalisation (which ensures invariance to
amplitude shift and scale while preserving the shape of a segment [6]) or differen-
tiation (which calculates the difference between successive data points, allowing
us to focus on relative changes [5]).

One straightforward example of a segmenter implementation that returns
equally-sized, overlapping segments is a sliding window: given a sequence S
of length n, a sliding window of length k extracts all contiguous subsequences
S[i,i+k−1] of length k, with 1 ≤ i ≤ n − k. Optionally, the sliding window can
also have a step size j ≥ 1, such that it skips certain overlapping subsequences.
Algorithm 1 shows this approach to segmenting.

Algorithm 1 Sliding Window
Require: Sequence S of length n, window size k, step size j, preprocessing function
1: position← 1
2: segments← ()
3: while position+ k − 1 ≤ n do
4: segment← preprocessing(S[position:position+k−1])
5: segments← append(segment)
6: position← position+ j
7: end while
8: return segments

One of the difficulties with sliding windows is deciding which window size k
is appropriate for the input data and application. Strategies for deciding on an
optimal window size based on properties of the input data can be employed. One
approach involves analysing the autocorrelation of the input sequence to identify
subsequence periodicities, since specific shifts corresponding with the length of
a repeated pattern results in high autocorrelation values [13]. This shift size can
be used as the size of a sliding window.

In this paper, we specifically look at segmenters that return equally-sized,
overlapping, preprocessed segments. Other possible segmenting strategies could
dynamically adapt their window size based on properties of the data [33]. An
example of such segmenting strategy is the Stagger algorithm, which makes
use of multiple expanding sliding windows for multiple periodicity mining [12].

The segmenting step could also transform snapshots of all sorts of sequential
data types, including dynamic graphs [1], into real-valued or symbolic segments.
This would essentially allow us to apply the framework on other sequential data
types, as long as there is an appropriate translation technique from this data
type to real-valued or symbolic segments.
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4.2 Discretising

Discretisers transform segments into sequences of dmax piecewise approximations
that increase in granularity, from coarse- to fine-grained. We call this sequence
a chain. To obtain the l-th approximation in the chain (with 1 ≤ l ≤ dmax),
the segment is first split into a set of non-overlapping frames using breakpoints
f(l) = {x1, . . . , xk}. Algorithm 2 shows how a segment S is represented using a
chain of approximations by following a specific frame splitting, approximation,
and depth strategy.

Frame Splitting For each approximation in the chain, we decide in how many
non-overlapping frames we split a segment of length n. This number of frames
is decided based on the approximation’s position l in the chain. The higher l,
the higher the number of frames |f(l)| + 1 used to approximate the segment,
with 1 ≤ |f(l)|+1 ≤ n. The higher the number of frames, the more fine-grained
we represent a single segment. For a high number of frames, noise might have
an impact on the resulting approximation, however. Currently, we only consider
equally-sized frames of length ⌊ n

|f(l)|+1⌋, but we could also extend this to allow
strategies that result in variably-sized frames as employed by hpla [6].

Approximation We represent segments through their frames using one of the
approximation strategies discussed in Subsection 2.3. Possible representations
include sequences of slopes and intercepts (pla), means (paa), or sequences of
symbols (sax), for example. Some sequence approximation strategies are more
computationally expensive than others, however: using pla to fit a line through
each frame of a segment using the least squares method requires more work than
paa, which only calculates the mean of each frame. This representation accuracy
and efficiency trade-off must be considered when designing a pipeline.

Depth We also have to decide on the number of approximations for a single
segment, which we call the maximum depth dmax of the chain. For each of
the levels l ranging from 1 to dmax, we approximate a single segment using f(l)
frames. Deeper chains require us to store more representations, and generally
also require us to approximate more frames.

Algorithm 2 Discretisation Process
Require: Segment S of length n, frame splitting f(l), depth dmax, approximation
1: chain← ()
2: for l = 1 to dmax do
3: frames← (S1, . . . , S|f(l)|+1)
4: node← approximate(frame) for frame in frames
5: chain← append(node)
6: end for
7: return chain
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4.3 Segment Approximations

Depending on which properties of a segment we are interested in, we store or
calculate various properties of the discretisation for use in comparing represen-
tations. The method for comparing representations and determining when two
representations are considered equivalent is defined by the equivalence strategy.

Equivalence Strategies To decide if two segments S1 and S2 are equivalent,
we can compare their segment approximations S̄1 and S̄2 at a specific level of
granularity l. If we approximate a segment in |f(l)|+ 1 number of frames using
pla, for example, we can store two sequences of |f(l)|+1 slopes and intercepts.
By comparing the sequences of slopes and intercepts of these two representations,
we decide if we regard S̄1 and S̄2, and thus S1 and S2, as equivalent. For pla,
one possible distance measure is the pla lower bound distance function distPLA

[9] as discussed in Subsection 2.3.
No matter which distance function we use, however, exact equality between

two representations is often not what we want. If we require that a certain
distance dist(S̄1, S̄2) = 0 before we consider S̄1 and S̄2 as equivalent, small
variations in segments could lead to two distinct representations and thus to an
explosion in size of our aggregation model later on. Often, we want to determine
when the overall shape of two segments is similar, disregarding small distortions.
For this reason, we often make use of a distance threshold ϵ: two segments are
therefore considered equivalent if dist(S̄1, S̄2) ≤ ϵ. The higher this ϵ, the lower
the number of segment approximations we consider as distinct.

Although we currently focus on univariate sequences, our framework can be
naturally extended to handle multivariate input by introducing component im-
plementations that directly work with this type of data. Another option is to
execute a pipeline for univariate sequences on each of the k rows of a multi-
variate sequence separately up until aggregation. To proceed with the rest of
the pipeline, we interpret the k different segment approximations at a given
level (where each level can take one of v different approximations), as a single
approximation that can take one of vk values. This approach might introduce
computational issues, however, due to explosion in the number of possible seg-
ment approximations [26].

4.4 Aggregation Models

We aggregate chains into models based on the distance between corresponding
segment approximations. There is a large variety of possible models in which we
can store and combine chains, each with their own properties.

Sets The simplest model that can store approximations is a set. Either the
approximation has been observed before, and is part of the set; or it has not
yet been observed, and is not part of the set. We can store full chains in a
set, or store each of the representations individually. The first approach causes
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lots of duplicate representations to be stored into the model, while the latter
disregards the hierarchical relationships between representations if dmax > 1.
For this reason, we look into trees and graphs which use a similar principle
to sets while explicitly modelling the hierarchical links between representations
through their edges.

Trees and Graphs We can use trees and graphs G = (V,E) to store chains
of segment representations without duplicates. In these models, vertices V cor-
respond to the representations, and the edges E = (vi, vj) with vi, v2 ∈ V
correspond to the direct hierarchical relationship of representations as found in
our set of chains. Chains for which their prefixes overlap share paths in these
models, and leaves correspond to the finest-grained representation of a segment.

To check if a chain is part of a tree or graph, we simultaneously traverse
the chain and the model. We start from the root node of the tree (or one of the
vertices with in-degree zero that match the first representation in the chain), and
compare each of the children of that node or vertex with the next representation
in the chain. Depending on the equivalence strategy and the implementation of
the model, we can traverse the model by greedily taking first matches, or find
the children with the smallest distance.

One of the advantages of this approach is that we can abort the traversal at
the first mismatch. However, the order in which we have observed the chains is
disregarded using this approach. To solve this issue, we introduce a model based
on nested words.

Nested Words Generally, when approximating consecutive overlapping seg-
ments, their chains first show differences at the finest level of granularity before
a mismatch at higher levels of granularity occurs. To efficiently represent these
transitions from one approximation to the other, we introduce a novel hierarchi-
cal piecewise approximation model based on nested words. Nested words allow
us to model both the hierarchical and linear order in sequences of chains.

Nested words are a representation for data with both a linear ordering and
hierarchical nested structure, which includes sequences of program execution and
xml documents [3]. Formally, if w = s1 . . . sℓ is a sequence of symbols from an
alphabet Σ and⇝ is a matching relation, which is a subset of {−∞, 0, 1, . . . , ℓ}×
{0, 1, . . . , ℓ,+∞}, then n = (w,⇝) is a nested word [2]. We write i ⇝ j, with
call position i and return position j, if the nesting (i, j) is part of the matching
relation. Positions that are not part of any matching are called internal positions.
Every nested word maps to a unique tagged word, where ⟨σ and σ⟩ respectively
denote call and return positions labelled with σ ∈ Σ.

We represent a chain (S̄1, . . . , ¯Sd−1, S̄d) as the tagged word ⟨S̄1⟨. . . ⟨ ¯Sd−1S̄d,
where each ⟨S̄i denotes a pending call position. When a new discretisation chain
(S̄1, . . . , ¯Sd−1, S̄′

d) is observed, where S̄d ̸= S̄′
d, we append the mismatch to the

nested word as an internal position:

⟨S̄1⟨. . . ⟨ ¯Sd−1S̄dS̄′
d
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If the mismatch happens earlier in the chain however, with (S̄1, S̄′
2, . . . , S̄

′
d)

and S̄2 ̸= S̄′
2 for example, we close all pending call positions after and including

the mismatch, and append the rest of the new chain using call positions:

⟨S̄1⟨S̄2⟨. . . ⟨ ¯Sd−1S̄d
¯Sd−1⟩ . . .⟩S̄2⟩⟨S̄′

2⟨. . .

Given a certain context size, we can build sets of nested words that describe
all observed approximation transitions within this context size. Using the set of
nested words that represent observed sequences of chains, we can learn a nwa
[4] or haa [31] that recognises the regular nested language of observed chains.

5 Experimental Validation of Configurations

5.1 Framework configurations

When using specific component implementations and strategies, the framework
described in Section 4 corresponds to the approximation-based ad algorithms
described in Section 3:

– The hpm ad algorithm [32] first uses a sliding window of a fixed size k to
obtain segments. Next, hpm approximates these segments in 2l−1 frames,
doubling the number of frames for each level l in the chain, using pla as its
approximation strategy. Based on the segment size k, each chain in hpm has
a maximum depth of dmax = ⌊log(k)⌋. Segment approximations of hpm store
the standard deviation of the full segment, together with the slope and inter-
cept of each frame in the z-score normalised segment. Two representations
are considered equivalent if their structural and prominence distance–two
specific distance measures that compare slopes and intercepts, and the stan-
dard deviations respectively–are under specific thresholds. Chains are stored
in a tree structure. Newly observed segments are discretised, and if their
representation are not present in the tree, they are marked as anomalous.

– ad with grammar-based compression [29] uses a fixed-size sliding window
to obtain segments. Segments are discretised to a fixed word size w with
sax as its approximation strategy. Next, the algorithm uses Sequitur [24],
a bottom-up grammar induction approach, to build a context-free grammar
based on the repetition of sax words. Anomalies are identified using the rule
density curve, which is used to identifying subsequences that correspond to
unique or uncommon rules in the grammar.

Using our framework, we can explore new variants of the ad algorithms
described above. We can decide on an appropriate segmenter window size k
based on specific sequence properties or use differentiation as a preprocessing
step in our segmenter. For hpm specifically, we can use paa or sax instead of
pla, use distPLA instead of the structural and prominence distance, and use a
nested word-based model instead of a pattern tree. In the next subsection, we
apply hpm and an hpm-based variant on the ucr Time Series Anomaly Archive.
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5.2 Benchmarking on the ucr Archive

The ucr Time Series Anomaly Archive is a dataset consisting of 250 univariate
time series from various domains, where each sequence contains a single ground-
truth anomaly of which we have the start and end point. These time series
are diverse–differing in length and structure–and anomalies can be of any type,
ranging from simple peaks and drops in value to complex anomalous patterns
that are harder to detect [5].

We evaluate hpm-based configurations of our framework, shown in Figure
4, on the ucr dataset. For evaluation, ucr requires ad algorithms to return a
single point in the testing subsequence of a time series as the suspected anomaly,
after training on the anomaly-free training subsequence of that time series. If
this suspected anomaly point falls within a certain range of the ground-truth
anomaly region, that specific detection is considered successful. If we repeat
this for all time series in the ucr dataset, we can take the ratio of successful
detections over the total number of time series in the dataset as a single score
for that algorithm.

Slopes,
intercepts + std

(coarse-grained)

Pattern 
Tree

Slopes,
intercepts + std

(fine-grained)

Training chains

UCR
Time Series

Segments of
training data

Training
Subsequence

Sliding 
Window PLA

Testing chains

Segments of
testing data

Testing
Subsequence

Populate tree with chains

Check if chains present in tree:
Mark as anomaly if not present
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Fig. 4. Diagram that illustrates hpm as implemented using our framework. Each time
series of the ucr dataset is split in training and testing at a predetermined point. First,
the training subsequence is partitioned using a fixed-size sliding window, discretised
using pla, and aggregated into the pattern tree. Afterwards, the first two steps of the
pipeline are repeated for the testing subsequence. Instead of aggregating the testing
data into the tree, however, we only check if the testing chain is present in the pattern
tree. If the discretisation of a test segment is not present in the pattern tree, the
corresponding subsequence is marked as an anomaly.

We assign a score a ∈ [0, 1] to each point of the testing subsequence based
on the chains of all segments that include this point. This score corresponds to
the mean of all relevant segment recognition scores. If all segments that include
this point are present in the aggregation model, the point receives the maximum
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score. If all segments are absent, the point receives the minimum score. The
point with the lowest overall recognition score is our suspected anomaly.

If we apply the framework configuration that corresponds to the regular hpm
algorithm (with a fixed window size of 200 and distance thresholds of 0.25) on
the ucr benchmark, we see that hpm manages to correctly detect 100 of the 250
anomalies in the ucr dataset, corresponding to a score of 0.400. When comparing
this result to other recent time series ad benchmarks [5], we see that this score
outperforms all other algorithms except for DeepSVDD when no preprocessing
is applied. However, when using differentiation as a preprocessing step, hpm
achieves a score of 0.604, outperforming DeepSVDD ’s best score of 0.520.

Using the hpm configuration with our nested words-based model slightly
improves the initial 0.400 score to 0.416 with context size 2, and to 0.428 with
context size 3. The pipelines with a nested words-based model correctly identify
13 additional time series anomalies that were initially missed with the original
pattern tree, while missing 6 anomalies that were originally detected.

These preliminary results demonstrate that the detection of some anomalies
benefit from contextual information about transitions between patterns, while
the detection of other anomalies is hindered by this additional context. Examples
of the former and the latter are respectively given in Figure 5 and 6. These
figures show that choosing an appropriate configuration depends on the anomaly
definition and nature of the data. There is no one-size-fits-all ad solution: by
incorporating context into the model, we are more sensitive to one type of pattern
over other types of patterns.

6 Discussion and Future Work

We introduced a framework for pattern-based sequence learning tasks by gener-
alising a set of ad pipelines. Our key contribution is the formalisation of com-
ponents and parameters which enables the exploration of pipeline variants. We
also introduced a novel sequence learning model based on nested words.

Using the ucr Time Series Anomaly Archive, we demonstrated that pipeline
configuration choices impact performance on sequence learning tasks, as different
configurations are sensitive to different types of patterns. Initial results on hpm-
based configurations for ad show competitive performance with state-of-the-
art time series ad methods. However, our evaluation represents only a very
limited exploration of possible framework configurations on one specific task
and benchmark. We plan to perform a thorough evaluation in future work.

We also want to apply and evaluate our framework on other sequence learning
tasks, including sequence classification, clustering, change point detection, and
time series semantic segmentation [8]. We also plan to investigate the sensitivity
and invariance of framework configurations on certain pattern types in sequences.

We release our framework as an open-source Python module, which allows
researchers to explore the framework configurations that we have formalised,
potentially discovering new effective combinations of components for specific
sequence learning applications.
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Fig. 5. Anomaly detection results on ucr 118. The top plot shows training and testing
data with the ground-truth anomaly region. The bottom plot shows anomaly scores
from different methods. Nested word configurations successfully detect the ground-
truth anomaly, while standard hpm fails to identify it.
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Fig. 6. Anomaly detection results on ucr 102. The top plot shows training and testing
data with the ground-truth anomaly region. The bottom plot shows anomaly scores
from different methods. Nested word configurations fail to identify the ground-truth
anomaly, while standard hpm correctly identifies it.
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