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Abstract. Multivariate time series classification is a challenging task
where black box models achieve high performances. However, in real-
world applications, interpretability is crucial for helping users understand
the decision-making process of an algorithm, not just its performance.
In this paper, we present a multi-agent ensemble learning approach for
time series classification suited for online learning. Our approach relies
on the organization of agents in the feature space at each time steps.
We demonstrate that our approach achieves performances comparable
to state-of-the-art methods. Finally, we highlight its explainability and
interpretability properties as a white-box model.

Keywords: Classification · Ensemble learning · Supervised learning ·
Time series · XAI

1 Introduction

Classification of time series is an important task which can be useful in various
domains such as finance, healthcare or robotics [14]. Over the past decade, many
approaches were developed in order to achieve the best performances for this task
[12]. However, these advancements often come at the cost of increased model
complexity, leading to reduced explainability.

While performance is undoubtedly important, interpretability plays a major
role in helping users understand the decision-making process of an algorithm.
A model that provides clear explanations enhance user trust and acceptance,
making the system more reliable and transparent [14].

Time series classification is a difficult task, as it requires the identification
of patterns not only across feature dimensions, but also over the time axis.
This complexity is usually handled by black-box models that increase the lack
of interpretability, which can be dangerous in the case of prediction errors. In
contrast, white-box models offer greater ease of interpretation, enabling users to
understand the sources of error and refine the classification process.
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In this paper, we present a time series multi-agents learning system for super-
vised learning 4. Agents are temporalised and spatialised in the feature space to
encompass time series. Our approach is specifically designed for online learning
with great capacities of explainability.

The main contributions of this article are a new approach for time series
classification, a comparison of our approach with the best and most popular
approaches in the literature and explainability metrics that demonstrate the
benefits of our model.

The rest of the paper is presented as follows. Section 2 presents the related
work to our approach. Section 3 details our multi-agent system. Section 4 is
dedicated to the comparison of our model. Finally, Section 5 demonstrates the
interpretability capabilities of our system.

2 Related work

In this section, we review existing methods related to our approach to provide
a comprehensive context for our contributions.

2.1 Multivariate time series classification

Time series classification refers to the task of classifying a time series Xt =
[x0, x1, ..., xt] of t time steps. Specifically, multivariate time series classification
(MTSC) refers to the case where at each time step, the time series has n features.
So, xt ∈ Rn.

One of the most popular approaches for time series classification is the metric
of similarity Dynamic Time Wrapping (DTW ) combined with K-nearest neigh-
bor to perform classification [12]. In particular, for MTSC, the two main strate-
gies are treating each feature dependently (DTWD) or independently (DTWI)
[13]. Our approach is also using distances in the feature space.

One of the best approaches in both performance and computation efficiency
[12] is ROCKET [5]. Their approach consists of using a large number of random
convolutional kernels on the multivariate time series, and after pooling, applying
a ridge regression classifier.

Ensemble learning has also been explored for MTSC [7], [10], and has shown
great performances [12]. In ensemble learning, an ensemble of learners are making
a prediction of the same time series and with an aggregation function, a new
result is computed. InceptionT ime [7] is a deep learning approach which uses
an ensemble of Inception networks based on convolutional networks of different
lengths. HIV E−COTE 2.0 [10] uses 4 state-of-the-art adapted classifiers. Our
approach is also an ensemble learning model but only uses weak learners to
remain a white box.

4 Our code is available at: https://github.com/jordanlv/TimeCIEL
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2.2 Learning with hyper-rectangles

Learning with hyper-rectangles is an approach already explored in the literature
for tabular data [3], [6], [8]. Usually, these approaches aim to partition the fea-
ture space into hyper-rectangles, with each hyper-rectangle corresponding to an
internal model able of making predictions.

In [6], the authors shows the capacity of an ensemble model based on hyper-
rectangles to perform non-linear classification tasks while using linear internal
models (SVM, etc.). Similarly, in [3], the authors demonstrated the performances
of a similar model but for regression tasks while showing the capacity of explain-
ability of their model. Finally, in [8], the authors use gradient boosting to learn
their hyper-rectangle bounds.

To the best of our knowledge, our approach is the first to use hyper-rectangles
for time series classification. Using hyper-rectangles for time series classification
can offer advantages, such as improved interpretability and online learning.

2.3 Time series explainability

Explainability is a well-known domain with many contributions in recent years,
especially for tabular data [4]. Explainability methods are usually categorized
as global or local and as model-specific or model-agnostic [4]. Global methods
explain a model in its entirety, while local methods focus on explaining a specific
predicted instance. Specific methods are tailored to a particular model, whereas
agnostic methods can be applied to any model.

Time series explainability refers to explanations specifically designed for time
series data, taking into account its temporal dependencies. The same classifica-
tion of methods is used in time series explainability [14].

TimeSHAP [2] is a model agnostic for both local and global explanations for
time series. This post-hoc approach uses Shapley values, which can be applied
to any model to generate local explanations that can be aggregated to form a
global explanation.

However, some researchers argue that instead of combining black-box models
with explainability methods, we should rely on inherently interpretable models
for critical decision-making [11].

3 TimeCIEL

This section introduces TimeCIEL, derived from [3] and so is also using hyper-
rectangles. However, while the model in [3] is suited for tabular data, our model
can be used for time series by adding a temporal dimension. In section 3.1, we
first describe the operations on hyper-rectangles that our system uses. Next, in
section 3.2, we present how we encompass time series with hyper-rectangles.
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3.1 Operations with hyper-rectangles

Before introducing our system, we define some operations related to hyper-
rectangles used in [3]. Hyper-rectangles are n-dimensional rectangles. They are
defined by a lower bound and a higher bound on each of their n dimensions:

H = [l1, h1]× [l2, h2]× · · · × [ln, hn]

When using hyper-rectangles, we usually want to select them to update them.
The following definitions introduce two selection operators which are also illus-
trated in Figure 1.

Definition 1. A hyper-rectangle H is activated by a point x ∈ Rn if x is inside
H:

activated(H,x) =

n∧
i=1

li ≤ xi ≤ hi

Definition 2. A hyper-rectangle H is in the neighborhood of a point x if the
hyper-rectangle representing its neighborhood N intersect H:

neighbor(H,N) =

n∧
i=1

max(Hli , Nli) ≤ min(Hhi , Nhi)

The hyper-rectangle representing the neighborhood of a point x ∈ Rn is the hyper-
rectangle of center x with its size on each dimension defined by the hyperparam-
eter R ∈ Rn.

N = [x1 −R1, x1 +R1]× · · · × [xn −Rn, xn +Rn]

One of the main reasons of using hyper-rectangles is that their dimensions
can easily change independently of the other dimensions. Indeed, in [3], hyper-
rectangles are able to extend or retract by a factor of α. If a hyper-rectangle H
extends (resp. retracts) itself in a direction of a point x ∈ Rn, then its higher
bounds and lower bounds are updated:

hi =

{
(hi − li)ε

1
θ + li if li ≤ xi ≤ hi

hi else.

li =

{
(li − hi)ε

1
θ + hi if li ≤ xi ≤ hi

li else.

with
ε =

{
(1 + α) if extending
(1− α) if retracting

and θ the number of dimensions of x where li ≤ xi ≤ hi. With this formula,
the volume of H is multiplied by a factor of α.
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Fig. 1: Example in 2 dimensions of activated agents and of neighbor agents. In
1a, the point activates two agents because it lies between their bounds on each
dimension. In 1b, the point activates three agents because its neighborhood
intersects these three agents.

3.2 TimeCIEL

Our system is composed of spatiotemporal agents. A spatiotemporal agent A
is composed of an ensemble of hyper-rectangles Ht and an internal model f(·).
Even though we can put any internal model in our agent like in [6], we decided
that agents predict only one class y. Hyper-rectangles are temporalized at the fre-
quency of the n-dimensional input time series. Formally, A = (y, {H0, H1, ...,Ht}).

The main objective of the agents is to pave the spatiotemporal space in order
to represent the training data while generalizing to new data. So, during each
epoch of the training, agents are making a prediction to know if they should
update their hyper-rectangles.

Before introducing the learning rules, we introduce two new definitions adapted
from definitions 1 and 2 for spatiotemporal agents.

Definition 3. An agent A is activated by a time series Xt if the time series
activates all its hyper-rectangles:

activated(A,Xt) =

t∧
i=0

activated(Hi, xi)

Definition 4. An agent A is in the neighborhood of a time series Xt if the time
series has some hyper-rectangles of A in its neighborhood. Precisely, we define
Nrate, a hyperparameter representing the rate of the neighbor that a time series
should have to be in the neighborhood of A:

neighbor(A,Xt) =

t∑
i=0

neighbor(Hi, xi) > Nrate ∗ t
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From these new definitions, we can adapt the learning rules from [3] to our
system:

– An agent A is created when the time series Xt has no neighbor and does
not activate any agents. The initial size of the agent is set with a parameter
R ∈ Rn which defines the initial size of the generalization for each dimension.

– If the time series has at least one neighbor and doesn’t activate any agent,
we use the mean squared error to determine if the hyper-rectangles of each
agent should be extended or retracted. Specifically, hyper-rectangles of an
agent extend (resp. retract) only if the points at the same time step are
not activated by (resp. in the neighborhood of) the corresponding hyper-
rectangles. The mean squared error is used because our approach is able
to do batch learning and so we have to compute the mean error for each
agent. In the specific case when all agents are doing bad predictions, we
retract them but we also create a new agent around this time series. This
case means that the system has never seen this type of time series at this
position and so we need to create a new agent.

– If the time series activates more than one agent, the system classifies the pre-
dictions of the time series and similarly to the case before, if their prediction
is bad, the agent retracts, if needed, its hyper-rectangles.

– Finally, the system is able to destroy agents depending on if they are usually
doing bad predictions. Indeed, each agent has two score goods and bads
representing the number of times an agent has done good predictions or bad
predictions. Then, we introduce a new hyperparameter Tdestroy, representing
the threshold when the system should destroy an agent. So, at the end of
each epoch, the system checks for each agent if goods− bads > Tdestroy . In
the case that this condition is respected, the agent is being destroyed.

After the training, the model can be used to predict multivariate time series
through a cascading process : if agents are activated, the most represented class
is chosen; If some agents are neighbors to the time series, the majority class is
selected; Finally, the class of the nearest agent is chosen, determined by mea-
suring the distance between each point of the time series and hyper-rectangles
borders.

A great property of our algorithm is that we can easily modify the architecture
even after the first training ended. Indeed, we can still create, delete and update
an agent as we want. This means that we can always start a new training and so,
our model is able to do online learning. This property is useful when an expert
wants to give feedback during the exploitation period of the model.

4 Benchmark

To evaluate our system, we compare it to other approaches using a benchmark of
10 datasets [12]. The original benchmark included 26 datasets, but we selected
the first 10 with less than 100 dimensions and less than 2000 time steps, as our
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model is not suited for high-dimensional data because of the curse of dimension-
ality. If the length of the time series is too long, we recommend splitting the
time series in multiple splits. Table 1 shows the characteristics of each datasets
used. We invite the reader to read the benchmark for more description of each
dataset.

Table 1: Dataset characteristics
Code Name Train Size Test Size Dims Length Classes

AWR ArticularyWordRecognition 275 300 9 144 25
AF AtrialFibrillation 15 15 2 640 3
BM BasicMotions 40 40 6 100 4
CR Cricket 108 72 6 1197 12
EP Epilepsy 137 138 3 206 4
EC EthanolConcentration 261 263 3 1751 4
ER ERing 30 270 4 65 6
FM FingerMovements 316 100 28 50 2

HMD HandMovementDirection 160 74 10 400 4
HW Handwriting 150 850 3 152 26

Following the original benchmark, we perform 30 stratified resamples, with
the first resample using the original train/test split and subsequent ones seeded
by the resample number. As recommended, we do not scale the data. In the orig-
inal benchmark, the authors performed external tuning if in the original paper,
the algorithm was tuned. We decided to perform external tuning in our approach
since the initial size of hyper-rectangles is a very sensitive parameter. To do so,
we use a nested cross-validation approach: splitting the training set into three,
training on two, and validating on the third to find optimal hyperparameters.
We tune parameters (R, α, Tbad, Nrate) using Optuna [1] with TPESampler,
exploring values between 0.01 and 0.9. The final model is trained with the best
average parameters and evaluated on the test split.

Table 2 shows the performances of our algorithm compared to the baseline
DTWD and the top classifiers from the original benchmark: ROCKET and
InceptionT ime. We used aeon [9] to train these models. When doing our bench-
mark, we couldn’t reproduce the exact same results of [12] : the mean difference
with their results is 0.465%. Our algorithm has slightly lower performances com-
pared to the best algorithms : the mean difference between DTWD, ROCKET
and InceptionT ime and our model is respectively 7.87%, 12.46% and 9.39%.

5 Explainability

Similar to the original model, our system has great capacities of explainability [3].
Indeed, our model is able to give global and local explanation [14]. We can create
metrics on the overall architecture of the algorithm, and we can understand why
a time series is classified as such.
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Table 2: Results
TimeCIEL (%) DTW_D (%) ROCKET (%) InceptionTime (%)

AWR 97.27±0.82 98.81±0.57 99.52±0.31 99.07±0.43
AF 36.00±7.81 20.89±5.90 25.33±9.17 21.11±9.12
BM 65.50±4.20 94.58±3.60 98.75±1.80 100.0±0.00
CR 94.12±2.97 100.0±0.00 100.0±0.00 99.63±0.71
EP 71.86±5.32 96.50±1.39 99.01±0.94 98.60±0.99
EC 30.08±2.57 31.13±2.14 46.55±2.15 28.94±2.28
ER 91.54±3.33 93.35±1.24 98.00±0.69 91.80±2.10
FM 53.93±4.85 54.77±4.72 58.20±4.71 58.70±3.48
HMD 29.28±3.46 30.14±5.86 44.82±5.14 38.02±5.42
HW 32.82±2.14 60.95±2.29 56.80±2.17 60.45±2.42

5.1 Global

Our model is a white-box model as agents are just a series of hyper-rectangles.
From this, it is possible to understand how the model works. Specifically, we
define the hyper-rectangle density metric D(x,Hc) for a class c as the number
of hyper-rectangles covering a value x. Formally,

D(x,Hc) =
∑
h∈Hc

activated(h, x)

where Hc are all the hyper-rectangles in the model of class c. This metric
can help us to determine the main characteristics of a class. Figure 2 shows,
for the dataset UWaveGestureLibrary5, the characteristics of a class on a single
dimension and for all time steps on a heatmap where yellow areas highlight the
most representative parts of the class.

Fig. 2: Heatmap of the hyper-rectangle density on the first dimension of the
second class. The most representative parts of this class are between time steps
0-50 and 170-200.

5 Dataset available at: https://www.timeseriesclassification.com
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5.2 Local

A local explanation is an explanation on a single time series. Specifically, in time-
series classification, we can divide the explanation in three levels: time points
based, subsequences based and instance based [14]. The three levels depend on
which part of the time series the explanation is given. Our model is able to give
an explanation for the three levels.

In this section, we use a simple dataset of three sine waves with different
periods, consisting of 100 samples, each with 15 time steps and 1 dimension.
The objective of the classification task is to classify each period. Figure 3 shows
the dataset. With our model, we achieve the accuracy of 100% with 3 agents: an
agent per class.

Fig. 3: Dataset of sine waves with periods 1, 3, and 5.

Time points based First, our model is able to give time points based explana-
tion. To perform this explanation, let a time series Xt that we want to explain,
we retrieve each class of each agent if their hyper-rectangles at time t is a neigh-
bor to xt. Simply, we check at each time step if the current point of the time
series is close to a hyper-rectangle. From this, we can know for each point of
the time series what does the model can predict about the point by taking the
class of agents containing neighboring hyper-rectangles. Figure 4 shows the time
points based explanation of a sine wave of period 1 of our model trained on the
simple dataset. We can see at each time step which class the model could have
predicted only based on each individual point.

This explanation can help the user to understand the characteristic points of the
time series. However, this explanation does not take into account the temporality
of the time series. So, we can adapt this metric to subsequence based explanation.
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Fig. 4: Time points based explanation of a sine wave of period 1.

Subsequence based The goal of subsequence based explanation is to give an
explanation on a subsequence and so, take into account the time dependency
between points. Following the time point based explanation, we can compare
a subsequence of a time series to the subsequence of each agent at the same
time steps. From this, we can check which subsequence of hyper-rectangles is a
neighbor to the subsequence we would like to explain. We then take the class
of the corresponding agents and we can know the class that are characteristic
of this subsequence. Figure 5 shows two explanations of two subsequences. This
type of explanation can be useful to identify subparts of a time series responsible
for the classification outcomes.

Fig. 5: Subsequence based explanation of a subsequence of a sine wave of period
1. Black points represent the points except the last in the subsequence. The top
figure illustrates that with 3 points: the model can only determine that the sine
wave is of period 1 or 5. However, in the bottom figure, with a fourth point, the
model knows that this subsequence is a sine wave of period 1.
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Instance based explanation Finally, our model is able to give instance based
explanation which means on the whole time series. By applying the subsequence
based explanation on each subsequence from the first point to the last point
of the time series, we can determine when the model has done its predictions.
Figure 6 illustrates this explanation. With this explanation, we can identify at
which point the model has determined the class of the time series.

Fig. 6: Instance based explanation. In the simple dataset, the model can deter-
mine the type of this time series from the 3rd point.

6 Conclusion

We have presented a time series multi-agent learning system for supervised learn-
ing. We have demonstrated that this system achieves comparable performances
to state-of-the-art methods, showcasing its ability to model time series data ef-
fectively. Additionally, we have shown that our approach enables the system to
explain its decisions both spatially and temporally. These conclusions highlight
the potential of this multi-agent model for time series classification and explain-
ability. As models become increasingly opaque, our approach offers a white-box
solution well-suited for online learning.

However, further work is needed to improve the algorithm’s performance and
accuracy. It would be interesting to incorporate DTW as a metric by modifying
the neighbor and activation functions to account for the optimal alignment de-
termined. Also, even if we have explored some explainability metrics, we believe
that our white-box model has even greater potential for interpreting its deci-
sions. Indeed, further work is needed in order to have explainability also based
on features for each time step. For now, we still don’t know which features have
the most influence.
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