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ABSTRACT
Shapelets are discriminative subsequences extracted from time-
series data. Classifiers using shapelets have proven to achieve per-
formances competitive to state-of-the-artmethods, while enhancing
the model’s interpretability. While a lot of research has been done
for univariate time-series shapelets, extensions for the multivariate
setting have not yet received much attention. To extend shapelets-
based classification to a multidimensional setting, we developed a
novel architecture for shapelets learning, by embedding them as
trainable weights in a multi-layer Neural Network. We also inves-
tigated a novel initialization strategy for the shapelets, based on
meaningful multidimensional motif discovery using the Matrix Pro-
file, a recently proposed time series analysis tool. Results on seven
benchmark datasets show how the proposed architecture gener-
alize the classification task to non-linear decision boundaries and
allow for the extraction of interpretable multidimensional shapelets,
while achieving competitive performance.

1 INTRODUCTION
Multivariate time-series classification is receiving an increasing
interest given the ubiquity and availability of such data in several
domains, including e.g. industrial manufacturing (in the form of
machineries’ sensor readings), medical measurements or Internet-
of-Things applications. One recently proposed approach for time-
series classification that relies on interpretable features is based on
shapelets, i.e. maximally discriminative sub-sequences of time-series
data. Shapelets were originally proposed in [3] as an innovative
supervised motif discovery algorithm, where univariate shapelets
are searched within a time-series exhaustively among all possible
sub-sequences using a decision-tree-like approach. An approach al-
ternative to discovery that does not require computationally heavy
candidate search is shapelets learning, where shapelets are learnt
from scratch directly from the data using a machine learning model.
Since shapelets are learnt and updated by the model, they are not
constrained to be subsequences of the training data. Shapelets learn-
ing was originally proposed in [2] for univariate time-series data,
where a linear (logistic regression) classifier is trained to jointly
learn shapelets and weights. In this work, we extend the existing
approach to the multivariate case and non-linear decision bound-
aries, by embedding the shapelets learning in the architecture of
a Neural Network model, thus allowing the learning on a bigger
scale and on modern efficient GPU hardware.

2 METHOD
The shapelets learning process is embedded in the architecture of a
Neural Network by introducing a custom layer (Distance Layer),
responsible of computing the minimum distance matrix between
input data and the associated trainable weights, corresponding to
the shapelets. The network consists of five kind of layers:
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Figure 1: Architecture of the proposed multi-layer Neural
Network for multivariate shapelets learning, with 1 hidden
layer.

(1) Distance layer: this layer receives as input B multivariate
time-series from the training data TQ×C , and outputs the
Minimum Distance Matrix MB×K , where each elementMi, j
corresponds to the minimum distance between the i-th time-
series and the j-th shapelet, computed by sliding the shapelet
onto the time-series. The trainable weights of this layer cor-
respond to the shapelets being learnt, SK×L×C.

(2) Hidden Layer(s): one or multiple fully-connected layers with
input M, weights W, bias b and output Y, with ReLU activa-
tion

(3) Output layer : the final layer consists of P neurons, with a
softmax activation for binary or multiclass classification

(4) Dropout layer
(5) Batch Normalization layer
The algorithm requires the initialization of the network param-

eters: W,Wout, b,bout and S. Weights W and Wout are initialized
using Xavier uniform initialization while biases b and bout are
initialized to 0. The choice for the initialization of the weights rep-
resenting the shapelets S clearly has a big impact on the model
performance and the final learnt representation for the shapelets.
The following sections illustrate two possible strategies for such
initialization.

2.0.1 Random initialization. One immediate possibility is to
initialize the shapelets by randomly sampling multivariate subse-
quences of the training data to be used as candidates, and letting the
model update them during learning. Although computationally effi-
cient, this initialization strategy can make it hader for the network
to adapt the initial random guesses into meaningful discriminative
shapelets, focusing its updates more on other trainable weights.



2.0.2 Motif-based initialization. As an alternative way to ini-
tialize shapelets, we propose in this work a motif-based strategy
that employs the Matrix Profile (MP), a time-series mining tool
originally introduced for univariate data in [5] and recently ex-
tended to the multi-dimensional case in [4]. The Matrix Profile of
a time-series T is another time-series obtained by retrieving the
1-Nearest Neighbor distance of every subsequence to each other,
where the subsequence length is an input parameter. With this strat-
egy, shapelets are initialized used meaningful multivariate motifs,
retrieved from a limited random number of samples for each class.
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Figure 2: Learning process of a 3-dimensional shapelet for
the uWaveGesture dataset.

3 EXPERIMENTS
The datasets used for evaluation are the following: Articulary-
WordLL,ArticularyWordUL,ArticularyWordT1, uWaveGesture,Hand-
writingGyroscope, HandwritingAccelerometer and Arabic Digits [1].

Hyper-parameters search. The number of hidden layers hl , initial-
ization strategy init , l2-regularization reд, length of shapelets L and
number of shapelets K are optimized via grid search in the follow-
ing spaces: hl ∈ {0, 1}, init ∈ {MP ,R} (whereMP stands for Matrix
Profile-based initialization and R for random), reд ∈ {0.01, 0.1},
L ∈ {0.15, 0.25}, K ∈ {2, 3}, where L is expressed as a fraction of
the total time-series length Q , and K is a multiplicative factor of
the number of classes P . The other parameters of the network were
fixed as followed: EPOCHS = 500, PATIENCE = 25, batch size
b = 64, learning rate lr = 10−3, dropout probability dp = 0.10 and
number of nodes in hidden layer(s) nh = 2 · P .

Validation approach. Each dataset was split in train/validation/test
with the following proportions: 1) Training: 85 % of the total data,
2) Validation: 15 % of the training data, 3) Test: 15 % of the total data.
Each split is stratified. The random stratified split was repeated 3
times and the results reported are the average across splits.

4 RESULTS
4.1 Interpretability
One of the advantages of a shapelet-based classifier is its inter-
pretability: since these discriminative patterns are learnt from the
data, visualizing the shapelets can aid experts in interpreting the
classifier’s decisions. In this framework, shapelets are multivari-
ate time-series, hence one can opt to visualize them independently
channel by channel, or the interactions between pairs of dimensions
a 3D plane. In Fig. 2 the learning process of one 3D shapelet for the
uWaveGesture dataset is shown, where each subplot represents a
different channel of the shapelet.

Table 1: Accuracy results (averaged on 3 splits) on seven
benchmark datasets

dataset hl init val_acc test_acc

AWUL 0 R 0.806 0.816
1 MP 0.811 0.820

AWT1 0 MP 0.964 0.954
1 MP 0.977 0.958

AWLL 0 R 0.923 0.870
1 R 0.937 0.904

uWGest 0 MP 0.953 0.929
1 MP 0.942 0.899

HAcc 0 MP 0.849 0.816
1 R 0.812 0.764

HGyr 0 MP 0.943 0.916
1 R 0.929 0.911

ADig 0 R 0.994 0.994
1 R 0.995 0.994

4.2 Performance
For each dataset, we report in Table 1 the results of best perform-
ing models (using either 0 or 1 hidden layer) on the validation
set, and the relative test score. The introduction of a hidden layer
(and consequently, allowing the model to learn non-linear decision
boundaries) achieves competitive performance with the simpler
linear version (improving performance in four out of seven cases),
and the motif-based initialization results in the top-performing
model for five out of seven datasets.

5 CONCLUSIONS
This work presents a novel approach for learning multivariate
shapelets for time-series classification tasks. It shows how a shapelets-
based classifier can be generalized to learn any non-linear decision
boundary, by embedding shapelets learning into the architecture
of a Neural Network. It also describes the impact of the initial-
ization for the multi-dimensional shapelets: we propose a novel
motif-based initialization to allow the learning to start from mean-
ingful initial guesses, thus helping convergence and interpretability.
Results on seven benchmark datasets showed: 1) how the proposed
approach achieves competitive performance on publicly available
datasets, by allowing non-linear classification boundaries, and 2)
how the motif-based initialization strategy for the shapelets can
improve classification performance and interpretability.
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