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Abstract—Time series classification problems are prevalent
across various domains, often characterized by intra-series re-
lationships within features, and inter-series relationships be-
tween the same features over time. Developing a generalized
model capable of capturing these intricate properties poses a
considerable challenge. In this research paper, we introduce
an innovative approach termed Gaussian Process Variational
Information Bottleneck (GP-VIB). This model is designed as an
end-to-end system, with a primary focus on acquiring a concise
representation of the initial sequence. It aims to retain essential
information vital for accurate classification.

Through our experiments, we illustrate that the proposed GP-
VIB model outperforms existing methods on renowned bench-
mark datasets.

Index Terms—Information Bottleneck, Variational Inference,
Time Series Classification

I. INTRODUCTION

Time-series data is characterized by inter-series relations
between inferred features and intra-series relations within
every such feature. The challenge of finding and understanding
these features and their relations over time is motivated by
applications in finance, healthcare, signal processing and other
fields, where understanding and categorizing temporal patterns
is crucial for Time-Series Classification (TSC).

Common approaches to TSC involve leveraging di-
verse techniques such as distance-based methods, feature
engineering-based methods, and hybrid methods. More ad-
vanced methods include the use of deep learning models,
recurrent neural networks (RNNs), and convolutional neural
networks (CNNs) tailored to handle the sequential nature of
time series data.

An alternative approach for classification places a central
focus on constructing a meaningful representation by trans-
forming the original data into a distinct space conducive to the
classification process. In classical machine learning, Principal
Component Analysis (PCA) employs a linear transformation
for this purpose, while more contemporary approaches employ
non-linear transformations, such as deep Auto-Encoders (AE),
and later on, Variational Auto-Encoders (VAE) [20]. Unlike
the deterministic nature of the AE, VAE are stochastic models
that learn the distribution of the latent space, which, by cap-
turing latent space characteristics allow them to demonstrate

increased robustness and superior performance, essential for
reconstructing input data and generating new samples.

As for time-series data, VAE, with it’s mean field as-
sumption, may not be well-suited for time-series data due to
the challenge of capturing temporal dependencies effectively
within the assumed factorized latent variable distributions.
A related model, more suitable for time-series data, is the
Gaussian Process Variational Auto-Encoder (GP-VAE) [13],
which, instead of the mean field assumption, utilizes deep
variational inference with a Gaussian process prior, enabling
the acquisition of a structural variational posterior that adeptly
captures intricate temporal dynamics in time-series. Originally
introduced as a method for imputing missing values in time-
series data, the GP-VAE model can also be applied to model
complete data distributions. Leveraging the approximated pos-
terior, latent representations can be generated and subsequently
employed as input for a classifier.

However, questions arise regarding the information retained
in the GP-VAE’s latent space, what type of data might be
excluded, and how to ensure that the compressed data version
preserves relevant information for the classification task. It
is crucial to ascertain that the model does not omit crucial
information for classification and to address potential dispari-
ties between data relevant for reconstruction and that pertinent
to classification. Thorough evaluation and consideration of
these aspects are essential to guarantee the efficacy of the
compressed data in supporting the classification task.

We introduce the Gaussian Process Variational Information
Bottleneck (GP-VIB), a novel deep learning probabilistic
model tailored for TSC. By seamlessly integrating the Vari-
ational Information Bottleneck (VIB) method [1] with a GP
prior, our model excels in acquiring a discriminative latent
space that effectively captures the essential temporal dynam-
ics crucial for classification tasks. To enhance our model’s
capacity for feature extraction and parameter learning, we in-
corporate InceptionTime blocks [18] into the encoder architec-
ture. This inclusion enables our GP-VIB model to efficiently
process time-series data, discern intricate temporal patterns,
and derive comprehensive representations. Unlike the GP-
VAE model, which entails two distinct steps for classification,
our proposed GP-VIB model offers an end-to-end solution,
streamlining the classification process for improved efficiency



and performance. Furthermore, our model is on par with state-
of-the-art (SOTA) models on benchmark datasets for TSC.

The rest of the paper is organized as follows. We start
by presenting related work and providing some essential
background for the methods that we use. Next, we present the
GP-VIB model in more details. We then move to describe a
set of experiments designed to evaluate the utility of the GP-
VIB model. Our experiments include comparisons between
the GP-VIB and GP-VAE model over the Healing MNIST
[21]. Additionally, we present comparisons with SOTA models
over the UEA archive [2] for multivariate time-series datasets.
Finally, we conclude with a succinct summary of our results
and offer suggestions for future research directions.

II. BACKGROUND AND RELATED WORK

In what follows, we review the different approaches for
time-series classification, and provide essential background for
the derivation of our suggested method.

A. Time-Series Classification

In recent years, the field of TSC has experienced intensive
activity, with numerous methods and approaches developed
for classification. These methods can be broadly categorized to
classical machine learning and deep learning. In the following,
we begin by discussing machine learning methods, alongside
their evolution. This is then followed by discussing a specific
deep learning method pertinent to the proposed GP-VIB
model: the InceptionTime model.

1) Classical Machine Learning: Classical machine learning
methods can be further categorized into three main groups:
direct classification methods, feature engineering-based meth-
ods, and hybrid methods.

Within the realm of direct classification methods, there exist
two notable subgroups distance-based methods and interval-
based methods. Distance-based methods involve quantifying
dissimilarities between time-series and utilizing these mea-
sures for classification. Historically, distance measures were
integrated with the K-Nearest-Neighbors (K-NN) algorithm,
with the 1-NN Dynamic Time Warping (DTW) standing out
as a noteworthy approach [29]. A recent advancement in this
domain is the ProximityForest ensemble [23], which employs
a combination of 11 different distance functions and Proximity
Tree classifiers.

In contrast, interval-based methods entail dividing time-
series into random intervals and subjecting them to processing
by a random forest, where each tree employs distinct splits of
the input data. An extension of this concept is the Randomised
Supervised Time Series Forest [5], a method that markedly
enhances previous methods by introducing randomness in the
positioning of intervals within time-series.

Feature engineering-based methods involve creating com-
plex features from time-series data and feeding them into
traditional classifiers like linear models or random forests.
Various assumptions about the data have led to different
types of feature engineering methods. A notable example

is TSFRESH [8], which extracts 800 features from time-
series, followed by feature selection before classification. A
more advanced approach is FreshPRINCE [24] that utilizes a
rotation forest classifier over the features, without performing
feature selection.

Another approach involves kernel-based methods that gen-
erate a large number of kernels to create features for sim-
pler classifiers. A well-known model is ROCKET [9], which
generates thousands of convolutional kernels, applies pooling
operations, and employs these outputs as features in a Ridge
regression classifier. Further extensions of ROCKET that com-
bine additional types of kernels are the Multi-ROCKET [33]
and Hydra-MultiROCKET (Hydra-MR) [10].

Shapelets are discriminative subsequences that can indi-
cate a class within time-series datasets. The Random Dilated
Shapelet Transform [17] randomly selects numerous shapelets
from the training data and uses features derived from these
shapelets to train a linear RIDGE classifier.

An alternative approach is dictionary-based. It treats phase-
independent subsequences as words using techniques like
Symbolic Fourier Approximation. These methods record the
frequency of repeating patterns to create features. Algorithms
like WEASEL-D [30] and TDE [25] fall under this category.

Hybrid methods combine various aforementioned ap-
proaches. An notable exemple is HIVE-COTE v2.0 (HC2)
[26], an ensemble method that integrates multiple techniques.
This approach stands as the state-of-the-art solution across
numerous benchmark datasets.

2) InceptionTime: Inception [32] is an image classification
neural network model. Its unique architecture is constructed
by a concatenation of different kernels over the image, rather
than a cascade architecture. It was later upgraded to Inception-
v4 [31] by adding a residual connection, which improves its
performance. The InceptionTime model [18] adapts this image
classification architecture to time-series classification. It uses a
1-dimensional CNN layers, sets bigger kernels than the kernel
of the image classification model, and adds a ”bottleneck”
module in each Inception block in order to control the input
size throughout the network (cf. Fig 1).

Fig. 1: Single InceptionTime block. Source [18]

B. Deep Variational Information Bottleneck

The Information Bottleneck (IB) method is an Informa-
tion Theoretic technique, introduced by Tishby et al. [34].



The main idea behind the IB method is to find a (compressed)
representation of the input data that maximizes the mutual
information with the relevant output (task) while minimizing
the mutual information with the irrelevant parts of the input.
More formally, given a random variable X representing the
input data and a random variable Y representing the output,
the IB optimization problem can be expressed as:

max I(Z,Y ) s.t. I(X,Z) ≤ Ic (1)

where Ic is an information constraint. Equivalently, by
introducing a Lagrange multiplier β, the IB objective function
can be stated as follows:

RIB = I(Z,Y )− β · I(X,Z) (2)

where:

I (Z,Y ) =

∫
p(z, y) log

p(y|z)
p(y)

dy dz (3)

I (X,Z) =

∫
p(x, z) log p(z|x) dz dx−

∫
p(z) log p(z)dz

(4)
Here, Z is the learned lattent representation, and β is a

trade-off parameter. I(Z,Y ), represents the mutual informa-
tion between the representation and the output, while the the
term β · I(X,Z), represents the mutual information between
the input data and the lattent representation, weighted by β.

The three random variables X,Z and Y form a Markov
chain: Y ↔ X ↔ Z. By this assumption we get that Y and
Z are d-separated given X , i.e. conditionally independent,
such that p (Z|X,Y ) = p (Z|X). This leads to the following
factorization of the joint distribution:

p (X,Y ,Z) = p (Z|X) p (Y |X) p (X) (5)

Calculating both mutual information measurements is in-
tractable. Alemi et al. [1] suggested both an upper and
a lower bound for the mutual information using varia-
tional inference. Specifically, Eq. (4) requires calculating
p (z) =

∫
p (z|x) p (x) dx, which is intractable because it in-

volves calculating the evidence p (x). Hence, r (z) is intro-
duced as a variational approximation for p (z). Since: 1

KL [p (Z) ||r (Z)] ≥ 0 →∫
p (z) log p (z)dz ≥

∫
p (z) log r (z)dz (6)

we get the following upper bound:

I (X,Z) ≤
∫

p(x, z) log p(z|x) dx dz −
∫

p(z) log r(z)dz

= KL [p (Z|X) ||r(Z)]
(7)

1KL [p||r] is the Kullback-Leibler Divergence measure:

KL [p(Z)||r(Z)] =

∫
p(z) log

p(z)

r(z)
dz

As for Eq. (3), the calculation requires calculating p (y|z).
By applying the Markov chain assumption, we get that:

p (y|z) =
∫

p (x, y|z) dx =

∫
p (y|x) p (z|x) p (x)

p (z)
dx (8)

Eq. (8) is intractable since the above requires calculating
p (x). By introducing the variational approximation q (y|z),
we get that

KL [p(Y |Z)||q(Y |Z)] ≥ 0 →∫
p (y|z) log p(y|z)dy ≥

∫
p (y|z) log q(y|z)dy (9)

which leads to the following lower bound:

I (Z,Y ) ≥
∫

p(y, z) log
q(y|z)
p(y)

dy dz

=

∫
p(y, z) log q(y|z) dy dz +H(Y )

(10)

H(Y ) (the entropy of Y ) is a positive constant and therefore
it can be ignored in the optimization problem. As for the other
term, by writing the marginalization form of p(y, z) and by
applying the Markov chain assumption, it follows that:

p(y, z) =

∫
p(y, z, x)dx =

∫
p(x)p(y|x)p(z|x)dx

This leads to the following lower bound:

I (Z,Y ) ≥
∫

p(x)p(y|x)p(z|x) log q(y|z) dx dy dz (11)

Putting it all together, the Variational Information Bottle-
neck (VIB) objective function follows:

JV IB =
1

N

N∑
n=1

[ ∫
p (z|xn) log q (yn|z)dz

− β ·KL [p (z|xn) ||r (z)]
]

(12)

C. Structured Variational Inference

In their paper, Kingma and Welling [20] set the variational
distribution to be a diagonal covariance (independent) multi-
variate Gaussian, i.e. a mean field approximation. Moving to
a structured variational inference, the variational distribution
is represented by a full covariance multivariate Gaussian dis-
tribution. This results with a reparameterization gradient that
involves a dense matrix multiplication that scales as O(T 2),
where T is the number of time steps. Bamler and Mandt [3]
suggested an algorithm for the reparameterization gradient in
O(T ). The main idea is to infer the parameters of the full
covariance matrix by its precision matrix. Using the Cholesky
decomposition, the precision matrix Λ can be written as the
product of a bidiagonal matrix and its transpose:

Λ := BTB, withB =

{
btt′ , if t′ ∈ {t, t+ 1}
0, otherwise

(13)



This parameterization leads to Λ being positive definite,
symmetric and tridiagonal. While the precision matrix is
sparse, it’s inverse, the covariance matrix, can be dense, which
in turn enables the use of a broader and richer set of variational
distribution than the set of distributions resulted from the mean
field approximation. Moreover, learning the B matrix requires
to estimate only 2T − 1 parameters, i.e. it scales as O(T )
similarly to the mean field effort.

D. GP-VAE

Multivariate time-series with missing values are quite fre-
quent in real life settings. Classical time-series imputation
methods do not take into account the complex interactions
between the different channels. In addition, many time-series
methods fail to model data with missing values. Fortuin et
al. suggested a VAE with a Gaussian Process (GP) prior and
a structure variational posterior, termed GP-VAE [13]. This
model can learn a latent representation of input time-series
with missing data that captures complex dynamics between
different channels in the data. In addition, the model is able to
reconstruct an imputed version of the input time-series. GP-
VAE uses the structured inference algorithm [3] in order to
learn a variationl posterior for each feature in the latent space,
i.e. q(z1:T,j |xo

1:T ) = N(mj ,Λ
−1
j ), where j is the index of

the feature in the latent space and xo is the input time-series
with only observed values. The prior of Z is represented as
a GP such that z(j) ∼ GP (mz(·), kz(·, ·)), where kz is the
Cauchy kernel, which is appropriate for modelling data that
varies at multiple time scales:

KCau(τ, τ
′) = σ2

(
1 +

(τ − τ ′)2

l2

)−1

(14)

In order to learn only from the observed data, they devised
an evidence lower bound (ELBO) such that its reconstruction
error term sums only over the observed values, reminiscent of
the HI-VAE method [28]. The model’s ELBO follows:

T∑
t=1

Eq(zt|x1:T ) [log p (x
o
t |zt)]

− β ·DKL [q (z1:T |x1:T ) ||p (z1:T )] (15)

III. THE GP-VIB MODEL

We suggest a novel Variational Information Bottleneck
model that can handle time-series data. In this section, we
define the prior distribution of Z, the encoder, the decoder,
and specify the GP-VIB objective, similarly to Eq. (12).

A. Problem Setting

Let X ∈ RT×d denote a multivariate time-series of length
T , where each instance in the sequence is a vector of size d
features such that xt = [xt1, . . . , xtd] ∈ Rd. For each time-
series there is a a single label y ∈ Y , where Y is a finite set
of categories.

Hence, our modelling approach suggests to construct a
(latent) dense time-series representation Z ∈ RS×d′ of the
input time-series X that preserves the relevant information

Fig. 2: Overview of the GP-VIB architecture. The encoder is
comprised of InceptionTime blocks and a compression block.
The latent sequence, z, is the input to the MLP decoder, which
in turn predicts y.

for the classification task, i.e. predicting y. Each time-series
in the latent space consists of S data points, where each
instance in the sequence is a vector of size d′ such that,
zs = [zs1, . . . , zsd′ ]

B. A Graphical Model Perspective

The IB principle states that random variables Y ,X,Z form
a Markov chain. In the current setting, it should be noted that
X and Z are time-series of different lengths. This leads to
the graphical model depicted in Fig. 3.

Fig. 3: A graphical model illustration of the GP-VIB model.
Y ,X,Z form a Markov chain, while X and Z are time-
series of lengths T and S, reps.

The graphical model perspective suggests that Zn and yn
are d-separated given Xn namely yn and Zn are independent.
Hence, the GP-VIB model architecture consists of two parts:

• The encoder (inference model): given the input Xn the
encoder models the posterior distribution p (Zn|Xn).

• The decoder (prediction model): given the latent repre-
sentation the decoder models p (yn|Zn).

Similar to their role in the VIB model, both the encoder and
the decoder are implemented using deep neural networks.



C. The Prior Distribution of Z

The definition of the prior r (z) is an important step in
variational inference. We would like to choose a prior that
reflects the time dynamics and relationships between fea-
tures over time. Following [13], we set the prior to be a
GP, specifically a Multivariate Gaussian with mean 0 and
covariance matrix constructed by a Cauchy kernel. We further
assume that every feature in the latent space is a GP, i.e.,
z1:T,j ∼ GP (mz (·) , kz (·, ·)), where all features in the latent
space share the same prior.

Fig. 4: GP-VIB encoder overview. The encoder is comprised
of 3 InceptionTime modules followed by a residual module.
Then the compression block compresses the time-series into
the desired latent space size.

D. The Encoder

The encoder models the posterior distribution, p (Zn|Xn),
where Xn is a time-series. We use a neural network to
approximate the parameters of the variational distribution.
Fig. 4 illustrates the complete architecture of the encoder.
We use 3 InceptionTime blocks (Fig. 1) with a residual layer
followed by a compression block, which compresses the time-
series to the desired latent space dimension. To set the number
of channels in the time-series we use a 1-dimensional CNN
layer, where the number of output filters are the desired
channels in the latent time-series. In order to set the length of
the latent time-series, we use an adaptive max pooling layer.

Next, we apply the structured variational inference algo-
rithm and extract the mean and the covariance matrix of the
latent representation. This leads to the following posterior:

p (Zn|Xn) = p (Zn|fψ (Xn)) (16)

where fψ is a neural networks.

E. The Decoder

The decoder, q (yn|Zn), is a multinomial distribution, con-
ditioned on the latent series Zn, such that:

q (yn|Zn) = q (yn|gθ (Zn)) (17)

where gθ (·) is a nonlinear function with the parameters θ that
outputs the logits of the multinomial distribution. Thus, the

log-likelihood expression log q (yn|gθ (z1:T )) is essentially the
cross-entropy loss function. As for gθ (·), we use a ”Flattened”
decoder, which takes the latent time-series and flattens it into
one vector. This vector serves as an input to the Multi-Layer
Perceptron, which outputs the logits of the label.

F. The ELBO

Putting it all together, the ELBO of the GP-VIB model
follows:

L =
1

N

N∑
n=1

Ep(Zn|fψ(Xn)) log q (yn|gθ (Zn))

− βKL [p (Zn|fψ (Xn)) ||r (Zn)]

(18)

IV. EXPERIMENTS

In this section we present two sets of experiments designed
to evaluate and compare performance2: Firstly, we compare
the performance of GP-VIB vs. GP-VAE and other VAE
architectures. Secondly, we perform a comparative evaluation
of GP-VIB vs. SOTA models specifically designed for TSC.

Similar to other VAE models, the computational efficiency
of our VIB model with a multivariate Gaussian prior, such as
a GP, is primarily influenced by the design of the encoder and
decoder architectures. The choice of a Gaussian Process as
a prior does not introduce significant additional complexities
compared to standard VAE models. Thus, the main factors
affecting computational efficiency are consistent with those
found in typical VAE models, depending largely on the archi-
tecture and parameterization of the encoder and decoder.

A. GP-VIB vs. Different VAE Architectures

GP-VAE was suggested as an imputation method for time
series data. Hence, we used the Healing MNIST dataset [21],
which is designed to reflect attributes of irregularly sampled
time series that are common in the healthcare domain. The
dataset contains sequences of the same digit that rotates
randomly between frames. The analogy to healthcare is drawn
by the fact that every frame (an image of a digit) is a
collection of measurements (every pixel is a measure), and this
presumably describes the state of a patient’s health. The frames
contain around 60% missing pixels and the rotation between
two consecutive frames is normally distributed. We followed
the exact experiment setting used in [13]. For comparison,
we used VAE [20], HI-VAE [28], GP-VAE [13], Logistic
Regression model, VIB [1], and GP-VIB. We then compared
three performance measurements: Accuracy, AUCROC, and
AUPRC. To evaluate the VAE models, we implemented them
using the architectures proposed in [13], by using a logistic
regression model on the imputed data for the classification
task. In addition we tested the Logistic Regression model over
the missing data directly. As for the GP-VIB architecture, we
implemented the encoder and the prior that were used by the
GP-VAE architecture. To hold a fair comparison between our

2Our code can be found at https://anonymous.4open.science/r/
GP-VIB-TSC-45E9/README.md



model and the VAE models, we used one linear output layer
For the decoder.

For each architecture we train three models with different
seeds and report the mean and std of each metric. The
comparison is presented in Table I, where evaluation metrics
are scaled to 100 for increase readability, and the best results
are marked in bold.

TABLE I: Performance over HMnist dataset.

Model Accuracy AUROC AUPRC
Logistic Regression 66.6± 0.0 92.2± 0.0 63.5± 0.0

VAE 70.0± 2.7 94.2± 0.9 74.2± 0.3
HI-VAE 76.6± 0.1 96.6± 0.0 82.8± 0.1
GP-VAE 77.9± 0.2 96.5± 0.1 84.1± 0.3

VIB 83.0± 0.0 98.1± 0.0 90.0± 0.3
GP-VIB 88.2± 0.6 99.2± 0.0 95.2± 0.2

GP-VIB exhibits superior performance over other VAE
architectures across multiple metrics, showcasing its efficacy
in the context of TSC with missing values. While sharing
similarities with GP-VAE, their fundamental objectives differ
— The VAE model aims for a latent space conducive to
data reconstruction, while the VIB architecture emphasizes a
discriminative latent space tailored for downstream tasks. In
TSC scenarios with missing values, GP-VAE adopts a two-step
process involving imputation before classification. Conversely,
GP-VIB excels in learning the dynamics of input time-series
data with missing values, creating a compressed version that
preserves discriminative information. This unique capability
results in an end-to-end model that consistently outperforms
others in the various metrics, affirming its effectiveness in
handling missing data scenarios.

B. Performance on the UEA Archive

We opted to evaluate our model using the UEA [2] bench-
mark datasets. We excluded datasets featuring series of un-
equal lengths or missing values, resulting in a selection of 26
out of 30 datasets from the UEA. Following the experimental
protocol outlined in [27], we conducted evaluations of the
GP-VIB model 30 times with different seeds for each dataset.

Following recommendations from [11], we utilized the
Friedman test to assess the rejection of the null hypothesis.
Subsequently, we conducted pairwise post-hoc analysis by
[4], replacing the average rank comparison with a Wilcoxon
signed-rank test, and applying Holm’s alpha (5%) correction
[16]. To visually represent this comparison, we employed a
critical difference diagram based on the proposal of [11],
where a thick horizontal line indicates a cluster of classifiers (a
clique) that are not significantly different in terms of accuracy.

During our testing and evaluation, we have experienced
difficulties to train the GP-VIB model across datasets in both
archives. We found that datasets characterized by a limited
training data size are harder to train, which is a challenging
scenario for deep learning techniques. To address this issue,
we adjusted the latent space size according to the size of the
training dataset, utilizing the rational that the larger the training
dataset is, the more data we have to approximate the posterior

parameters in the latent space. This results in a latent space
of size 2 for small datasets (training data with 50 samples),
and up to a latent space of size 10 for the largest datasets in
the archives.

For this set of experiments, we compared between GP-VIB
and the best models presented is [6]. In addition, we also
used the results presented at the the tsml-eval github3 for
SOTA models that were missing. For comparison, we added
the following deep learning models: ShapeNet [22], time-
series Transformer (TST) [36], ResNet, MLSTM-FCNs [19],
Negative samples (NS) [14], TNC [35], TS-TCC [12], TAPNet
[37], RLPAM [15] and TARNet [7]. As for machine learning
models, we added DrCIF and Arsenal, which are components
in the HC2 hybrid ensemble model [26] ,and the ROCKET
model [9].

(a) GP-VIB vs. Top Deep Learning models

(b) GP-VIB vs. top models

Fig. 5: Accuracy Critical Difference diagrams on UEA archive,
for GP-VIB vs. Top Deep Learning models, and GP-VIB vs.
combined TSC models.

Fig. 6: UEA Test accuracy box-plot, sorted by mean accuracy
per model.

Fig. 5a shows that GP-VIB achieves the highest average
accuracy rank of the critical different diagrams amongst the
deep learning models. Fig. 5b shows that amongst the top
models, including machine learning models, GP-VIB is still

3https://github.com/time-series-machine-learning/tsml-
eval/tree/main/results/classification/Multivariate



(a) GP-VIB vs. TARNet

(b) GP-VIB vs. HC2

(c) GP-VIB vs. RLPAM

Fig. 7: Pairwise plot of GP-VIB with HC2, RLPAM, and
TARNet test accuracy over UEA archive, showing that GP-
VIB is comparable to the top models over this archive.

at the top of the critical difference diagram with the best
average rank amongst the competitors. In both diagrams, GP-
VIB is comparable with the top SOTA models as it is not
significantly different from them. While GP-VIB achieve the
top rank, Fig. 6 shows that the mean accuracy of GP-VIB is
third to TARNet, and RLPAM.

The pairwise plots in Fig. 7 accept the null hypothesis, with
a high p-value, confirming that our model presents comparable
performance to the 3 top models.

V. SUMMARY

In this paper we introduce GP-VIB, a novel model specifi-
cally crafted for time-series classification, which implements a
Variational Information Bottleneck architecture, enriched with
a Gaussian Process representation of the latent space. Our
model is on par with SOTA models on benchmark datasets
for TSC The observed performance underscore the promising
potential of GP-VIB in advancing the state of the art in this
field.

While VAE typically learns a generative latent space, fo-
cused on preserving information necessary for reconstructing
the input data, VIB is designed to compel the model to learn
a discriminative latent space that encapsulates information
crucial for the classification task. By enriching VIB with a GP
prior and incorporating structural inference to approximate a
structured variational posterior, our approach enables the learn-
ing of a latent space that preserves time-dependent dynamics.
Our experiments demonstrate that the GP-VIB model performs
exceptionally well as a classifier.

A common scenario with real-world data involves having
a limited amount of labeled data compared to the total data
collected. To address this challenge, applying semi-supervised
methods becomes crucial. Our ongoing efforts are focused on
devising a semi-supervised variant of GP-VIB. This adaptation
involves integrating a generative model for unlabeled instances
to approximate an accurate posterior for the data. By incor-
porating semi-supervised techniques, we aim to enhance the
model’s ability to learn from both labeled and unlabeled data,
potentially improving its performance in prevalent real-world
scenarios that are characterized by limited labeled instances.
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