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Résumé

Contexte

In this work, we are interested in the category of temporal data, i.e. time-dependent sequences, more
specifically Time Series data (Figure 1). This domain is considered relatively new in machine learning as it
started to gain interest in the 1970s but has only recently started to receive serious attention. Such data
tracks the change of phenomena through time, at constant or variable time intervals (sampling rate),
resulting in an ordered sequence of real values. Generally, any type of data respecting this condition can
be considered a time series. For example, recording weather data for forecasting purposes, health
monitoring, and remote sensing. Other objects that can be represented as an ordered sequence of real
values can be considered in a similar manner, such as one-dimensional representation of

objects, etc.

Time-series data is becoming increasingly complex and voluminous due to advancements in sensing
technologies. This resulted in a number of challenges, e.g. distortions, data labeling, and result
explanation. Distortions in time series are exhibited in time (shift) and amplitude (scaling). These
distortions make it challenging to use one-to-one based similarity measures (such as Euclidean distance)
since they do not take shifts and dilation into account. This renders a wide number of algorithms inefficient.
To mitigate this challenge, two approaches can be used: either using a measure adapted to this type of
data (e.g. DTW — Dynamic Time Warping) or transforming the data to project it into a space in which
conventional methods (Euclidean distance) can be used directly. The first approach aims to define
similarity-based measures that establish correspondences between data points, taking distortions into
account, such measures are known as ‘elastic measures’. Dynamic Time Warping (DTW) is one of the
most commonly used elastic measures, in which similarity is calculated based on the optimal path that
connects similar points together. Its calculation, however, tends to be slow when used with large datasets.
It should be noted that most algorithm need to be adapted to incorporate these measures when used with
time series. The second approach involves learning a new representation of the time series, which can be
used later with standard machine learning algorithms. A non-exhaustive list of methods that aim to learn
such a transformation is: the shapelet transform, Symbolic Aggregate approXimation (SAX), Piecewise
Aggregate Approximation (PAA), etc.

Time Series Analysis

To analyze time series data, methods falling under supervised, unsupervised, and semi-supervised can be used, where:
Supervised learning uses prior knowledge of the data by providing labels during the training process to learn hidden
dependencies and relationships between the input and the provided labels. The performance of the learning process is
then measured on an unseen test set. Since the data labeling process for time series is tedious, expensive, and time-
consuming, supervised techniques are often not preferred. Unsupervised learning handles unlabeled data, without any
prior information, to unravel underlying structure and distribution, based solely on the algorithm’s bias. Due to the lack
of labels, measuring the performance is challenging and the results may not be aligned with the expert's intuition. Semi-
supervised learning in an attempt to avoid these two problems (difficulties in obtaining good examples due to the lack
of prior information and the expensive process of labeling all samples), so-called semi-supervised approaches have
emerged. These involve incorporating the expert into the process. For example, the expert is allowed to guide the
process by injecting information such as constraints (constrained learning), validating at key moments (active learning),
providing a small percentage of labels, and so on.

In this work, we focus on constrained learning. Where prior information (expert intuition), in the form of constraints, is
provided to the algorithm, examples of such algorithms are: Constrained K-means (COP-Kmeans), Deep Constrained
Clustering (DCC), etc. These constraints can take different forms, the most known are the pairwise constraints (also
known as instance-level): must-link and cannot-link. Must-link constraints indicate that a pair of objects are similar
while cannot-link constraints are the opposite. Constrained clustering algorithms aim to respect the constraints while
assigning points to different clusters based on their similarity (dissimilarity).

In the literature a number of works have been done to quantify the quality of pairwise constraints, one such approach
proposed  “pairwise constraint properties”, defined as the informativeness and coherence of constraints.



Informativeness quantifies the usefulness of the information provided by the expert to the learning process, where the
algorithm alone may not be able to learn such information solely based on its bias. Coherence measures the degree of
conflict between constraints according to the defined metric, where must-link are considered to exert an attractive
force and cannot-link a repulsive force. Having different types of constraints in proximity may lead to conflict while
assigning the samples to the clusters. Informativeness is algorithm dependent, while coherence is independent of the
algorithm. According to its original definition, coherence requires a metric space to calculate the overlap between
constraints i.e. the conflict, which is not possible with measures such as DTW. Another challenge previously mentioned is
explaining the clustering output, since it can be complex and difficult to nterpret, even for domain experts. This
difficulty is further amplified by the complexity of time-series data. To address this, some algorithms, (such as Maximal
Frequent Item-Kmeans - MFI-Kmeans, FuzzyBased Concept Learning Method - FCLM) employ conceptual clustering to
learn higher-level concepts from the data. These concepts are used to explain the clustering results, with strict
adherence to specific conditions. Additionally, visualization techniques, dimensionality reduction, rule-based
techniques, etc., can be employed to facilitate the explanation of clustering results.

Proposed Work

In summary, time-series clustering is a challenging task that requires tailored similarity measures to effectively analyze
and interpret data. Moreover, time series clustering algorithm outputs can be hard to interpret. To address this, experts
can provide prior knowledge using instance-level constraints, which guide the algorithm and align results with the
expert's needs. However, incorporating instance-level constraints in the clustering process introduces the challenge of
assessing the informativeness and coherence of the constraints. Furthermore, integrating explanation techniques with
the constrained clustering paradigm remains an open issue. In this work, we first try to develop a constraint-based
representation for time series that leverages elastic measure properties, specifically Dynamic Time Warping (DTW), using
shapelets and the shapelet transform. Our approach aims to learn a space where constraint properties (informativeness
and coherence) can be calculated, and the distance between objects approximates the DTW (Dynamic Time Warping)
similarity measure. Second, we develop different approaches to provide explanations for time-series clustering results,
solely by relying on the discovered representation, that is the learned shapelets. As such, the new representation
enhances clustering performance while facilitating an explanation of the results. To achieve an explainable space that
adheres to metric-based measures, we use the shapelet transform. The shapelet transform is a time series
transformation based on discriminative sub-sequences that are able to differentiate between time series by calculating
the similarity between them and the shapelets. Since shapelets are sub-sequences, they are interpretable by the expert.
To ensure that the distance between the time series in the new space accounts for distortions, the distance between
their representations (in the transformed space) is constrained to approximate the DTW similarity applied to the raw
time series. Finally, to incorporate expert input into the learning process and to customize it to their needs, pairwise
constraints are integrated.

Perspectives

Having an explainable space that can incorporate prior knowledge and model similarity measures opens up a multitude
of research directions. One interesting approach is to investigate whether such a space can be utilized in an active
setting, where the expert can add constraints as needed during the training of the representation. This would help
enhance the representation throughout the training process. Another direction is to explore the use of different types
of similarity measures and determine if a dynamic approach for the similarity measure can be implemented. This would
allow for the learning of shapelets that better capture distortions while accommodating the constraints provided by the
expert. Investigating the utilization of this space in a collaborative framework with other constraint algorithms is also an
interesting avenue to explore. It would involve studying how this transformation affects the collaborative learning
between different algorithms. Furthermore, the proposed explanation framework in this work allows the expert to gain
insights into the clustering results. This can be beneficial at any stage during active learning and can be integrated into
the collaborative learning process. This raises the question of whether such a space can guide the expert in proposing
new constraints as well. Thus, a closed loop can be established between the expert proposing constraints, the
transformation performing

clustering and proposing constraints, and so on, until a consensus is reached between the expert and the model.
Exploring the collaborative use of this framework is also a promising direction for further investigation.
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