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Abstract—Data sparsity is a major limiting factor for machine
learning applications in industry. In order to make such appli-
cations feasible and also cost-effective, data synthesis strategies
and self-supervised approaches can be employed, addressing the
issue in different ways. We aim to advance both directions
by combining generative approaches for time series synthesis
and self-supervised learning techniques, yielding benefits for
both. In this paper, we propose a self-supervised contrastive
module for instance-conditioned generative adversarial networks
(IC-GAN) and apply it to multiple time series datasets. This
module improves the quality and diversity of generated time
series without the need for data annotations. Simultaneously,
the contrastive module can act as a self-supervised pre-training
method of its own. Generated samples can also be used as
augmentation in self-supervised techniques by injecting noise
into the condition. We achieve significant improvements over
the standalone IC-GAN, increasing the classification accuracy of
a classifier trained on synthetic data by 5.5 percentage points
on average across the 22 shortest time series datasets from
the UCR classification archive. Even being trained without data
annotations, our GAN is competitive with recent class-conditional
time series generation models and generates samples orders of
magnitudes faster than a diffusion model at comparable sample
quality.

Index Terms—Time Series Analysis, Data augmentation, Gen-
erative adversarial networks.

I. INTRODUCTION

Machine learning has made big leaps in recent years,
reaching and surpassing human performance in various tasks,
increasing their areas of application throughout all industries.
However one limitation remains. Training a powerful machine
learning model from scratch requires large amounts of data.
As industrial applications often are highly task-specific and
data is generally not shared with the public or competitors,
data mostly must be gathered independently. Collecting data
can be rather expensive, especially if the data also needs to
be annotated. Thus, the amount of available data is often
scarce. This hinders many applications of machine learning
approaches in industry. Two general directions to mitigate
this issue are data augmentations and self-supervised learning
(SSL). Data augmentation artificially expands the existing
data, e.g. using random transformations or by synthesizing
data. Self-supervised learning allows to leverage unlabeled
data, which may be more available or easier to acquire at
larger scales. We aim to advance both of these directions with

an emphasis on time series data, which is one of the most com-
mon data modalities in industrial applications. While diffusion
models become more and more prevalent in generative tasks,
generative adversarial networks (GANs) still find application
in specialized tasks [1], [2] and data augmentation [3], [4].
GANSs can yield high quality synthetic data and can generate
samples fast at inference. However, they suffer from stability
issues during training and are prone to mode collapse [5].

In this paper, we adapt instance-conditioned GANs [6] to
time series data and propose a contrasting module as an
extension in order to improve training stability and increase
diversity of generated samples. We evaluate the contrasting
module on four datasets against the standalone IC-GAN, which
we adapt to the time series domain. The results show that the
contrasting module improves the quality of the generated data
on all tested metrics in comparison to IC-GAN. We further
show benefits over other GAN, variational autoencoder and
diffusion approaches. Besides data synthesis, we then also
apply our model for self-supervised learning. The contrasting
module can fine-tune the self-supervised encoder of the GAN,
refining its representations. We further apply the GAN as an
augmentation method in a self-supervised learning scenario
by injecting noise to the representations of the encoder, thus
showing its capability to replace hand-crafted transformations.
We compare our method to various self-supervised learning
techniques on multiple time series datasets and find significant
advantages. The main contributions can be summarized as
follows:

e We adapt IC-GAN to time series data and propose
a contrasting module, which improves the quality and
diversity of generated data

e We compare the improved GAN to class-conditional
approaches showing that it can compete with recent
methods, even without being trained on annotated data

o Our generator can be used as an augmentation method,
showing advantages over naive transformations or the
standalone IC-GAN generator in augmenting time series
for self-supervised learning

The datasets used in this paper all are publicly available.
Our code is available on GitHub '.

Uhttps://github.com/Philipp-Engler/Contrastive-ICGAN/



II. BACKGROUND AND RELATED WORK
A. Contrastive Learning

The contrastive learning approach in this paper is based
on the contrastive loss as used in SimCLR [7]. SimCLR is
a well-known self-supervised contrastive learning approach.
Its core idea for learning a representation is creating two
augmented views of each data sample from a mini-batch, then
maximizing the cosine similarity between their feature repre-
sentations while minimizing the similarity to representations
from the other data samples. This is done with a normalized
temperature-scaled cross entropy loss (NT-Xent):
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with feature representations e;, the set of positive pairs C™T,
which contains the pairs of augmented views from the same
original data sample and the set of all pairs C = CT U C~,
which also include the negative pairs C'~, i.e. pairs of views
from different original data samples within a given mini-batch.

B. Instance-Conditioned GAN

To condition our generative adversarial network on in-
stances, we follow IC-GAN by Casanova et al. [6]. The con-
dition is obtained as the feature representation of a reference
instance using an encoder model trained in a self-supervised
way. The obtained condition is given to the generator and
the discriminator replacing the label in a class-conditional
GAN architecture. The discriminator receives either generated
samples of the reference instance or nearest neighbors of the
reference from the training data. [C-GAN has been developed
for image data. To the best of our knowledge no adaptations
to time series generation have been developed.

C. Generative Models for Data Augmentation

As generative models become better and better at generating
realistic data, there is much work on data augmentation based
on generative models, especially in computer vision [8]-[13].
In this paper, we focus on unlabeled data augmentation for
self-supervised learning tasks.

Astolfi et al. propose DAjc_gan [8], which is an aug-
mentation strategy based on IC-GAN, but for image data.
Similarly to our approach, they generate augmented data
samples from a pre-trained instance-conditioned GAN. To
control the diversity of generated samples, the variance of the
latent noise is modified. The main differences to our approach
are that our method is tailored towards time series data and we
use a contrastive loss to refine the generator and increase the
diversity of the generated samples. Additionally the contrastive
loss improves training stability of the GAN, which is important
especially on the time-series datasets, while DAjc_gan uses
a pre-trained IC-GAN model and keeps the weights frozen.

Li et al. propose GenView [12], a diffusion approach for
augmenting image data. A pre-trained CLIP image encoder
extracts latent features for a given image. A pre-trained stable
diffusion image generator then creates an augmented view
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Fig. 1: Overview of IC-GAN with the proposed contrasting
module. The contrasting loss may either be used as generator
feedback or for fine-tuning the SSL encoder model.

of the reference image. To increase diversity of generated
samples, Gaussian noise is added to the representations. The
strength of the noise is adjusted depending on a prediction
of the amount of foreground content in the image. This loss
is then used for training a self-supervised model. The overall
goal is similar to ours. However, the method is based on image
data. Our approach is targeting time series. Additionally, our
feedback is used to improve the generative model itself, while
GenView only targets the self-supervised task, keeping the
weights of the generator model frozen.

III. METHOD

In this section we outline our method, consisting of an
(instance-conditioned) generative adversarial network and our
proposed contrasting module. Two contrasting strategies with
different goals are introduced aiming to improve the GAN and
train a self-supervised encoder model. The overall architecture
is shown in Fig. 1.

A. Instance-Conditioned GAN

We transfer the instance-conditioned GAN concept [6] to
time series. As GANSs often suffer from stability issues, espe-
cially on the tested datasets [14], [15], we probe two different
backbone architectures for the generator and discriminator
model—a fully connected architecture and a convolutional
approach. In either case, a self-supervised encoder model
(SSL Encoder) extracts feature representations from reference
samples, which then act as the condition for generator and
discriminator model. Casanova et al. [6] train the encoder
model on ImageNet using SWAV [16] in the self-supervised
case. For our time-series data, we opt for SImCLR [7] using
suitable transformations. Specifically, we use random scaling,
masking, noise and permutations in order to obtain augmented
views of time series samples. As the time series datasets differ
vastly, we pretrain an individual encoder model on the training
data of each respective dataset. Obtaining a universal encoder
like a foundation model from a large, merged dataset from
multiple different domains remains an interesting prospect for
future work. Our results do not suggest any benefit on the
time series datasets from using nearest neighbors instead of the
reference sample. Thus, we use the reference sample directly.
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Fig. 2: Schematic overview of the local and global contrasting concepts.

B. Contrasting Module

The contrasting module maps the generated samples to rep-
resentation space again using the SSL encoder. A contrastive
objective is used in addition to the GAN objective during
training. Different contrastive objectives are used for fine-
tuning the encoder or refining the generator model.

1) Local Contrasting (LC): Local contrasting is performed
across generated samples of a single reference sample only,
thus on a local scale in feature space. The embeddings of
generated samples for the same reference aim to be close to
the reference embedding, but at the same time as different
as possible from each other (cf. Fig. 2b). This is realized by
a contrastive learning objective, similar to SimCLR [7]. The
loss follows the same formulation as in Equation 1 and only
differs in the choice of the sets C't of positive pairs and C~ of
negative pairs. A pair (4, j) is in CT, if j is the corresponding
reference sample that the generated sample ¢ was conditioned
on. A pair (i,7) is in C~, if ¢ and j are both generated
samples from the same condition. The local contrasting loss
is used for training the generator model — supplementary
to the GAN loss. It is aimed to increase diversity among
the generated samples as high similarity is penalized across
generated samples with the same condition. That shall make
the generator more utilitarian for data augmentation purposes
and counteract mode collapse.

2) Global Contrasting (GC): Global contrasting is per-
formed across all reference samples of a mini-batch. The em-
beddings of generated samples for the same reference should
again be close to the reference embedding, but now they are
targeted to be far away from the other reference samples
(cf. Fig. 2c). Again, the loss is based on the formulation from
Equation 1. In this case, a pair (i,7) is again in C', if j is
the corresponding reference sample that the generated sample
¢ was conditioned on. A pair (4,7) is in C~, if j is a different
reference sample that ¢ was not conditioned on, but from the
same mini-batch. The global contrasting loss may be used as a
signal for training the generator, where it may improve fitness
of generated samples to the condition.

Further, the global contrasting loss can be used to fine-tune
the encoder model. A fine-tuned encoder model may yield
higher quality conditions for the generator and it can also

be used directly as feature extractor in a downstream task,
making global-contrasting a self-supervised learning method
on its own. When fine-tuning the SSL encoder, only the
encoder module from the contrasting module - the online
encoder - is updated directly via the global contrasting loss.
The conditioning encoder from the IC-GAN is updated as an
exponential moving average of the online encoder, allowing
the GAN to slowly adapt to the changing condition space.

3) Feature Augmentation: In order to leverage the instance-
conditioned GAN, we propose to augment the encoded con-
ditions by randomly scaling each dimension. For scaling we
sample a factor using a Gaussian distribution with mean 1
and a standard deviation o2, which can be optimized as a
hyperparameter. This can be written as:

el =e; ® N(1,0°I) ()
with the feature representation e; and augmented representa-
. aug
tion e; .

IV. EXPERIMENTAL SETUP

In this section, we give details of our implementation, the
evaluation strategy and datasets used.

A. Implementation Details

1) Model Architecture: We apply our method on two dif-
ferent architectures, one is based on a multilayer perceptron
(MLP) and the other one on dilated 1D-convolutional layers.

a) MLP Model: In the MLP architecture the generator
model is a feed-forward network consisting of six fully con-
nected layers with ReLU activations in between. As input a
random 64-dimensional noise vector and the 320-dimensional
reference representation are concatenated and linearly mapped
to 64 dimensions. The discriminator model consists of three
fully connected layers with ReLLU activation. In the discrim-
inator model the condition is concatenated to the input time
series.

b) Convolutional Model: The convolutional architecture
is based on dilated 1D-convolutions. Similarly to the MLP
architecture, the generator samples a random noise vector and
concatenates the condition vector. Then it is linearly mapped
down to 64 dimensions again. Two fully connected layers
follow and the output is reshaped to a time series of one eighth



of the target length with 128 channels. A learned positional
encoding is concatenated on top as for some datasets the. Then
the intermediate representation is fed into five 1D transposed
convolution layers with leaky ReLU activation, similarly to
the architecture of SNS-GAN [17]. Leaky ReLU is used to
mitigate issues with dying neurons in early, unstable phases
of the training. The discriminator model consists of five layers
of 1D convolutions with spectral normalization [18] and leaky
ReLU activation. For conditioning we follow the projection
discriminator by Miyato and Koyama [19].

c¢) SSL Encoder: For the SSL encoder, we use the tem-
poral convolutional architecture from TS2Vec [20]. However,
we reduce the number of residual blocks from ten down to six
and the initial projection is omitted.

2) Training Details:

a) GAN Training: The GANs are trained using a WGAN
loss with gradient penalty (WGAN-GP) [21]. A batch-size of
1000 is used, but at most the size of the training set. The
GAN is trained for 60k iterations using an Adam optimizer
with a step-wise learning rate decay and a linear warmup. The
learning rate is optimized in values from 0.0003 to 0.003 and
the gradient penalty weight for the WGAN-GP loss [21] is
optimized between 0.1 and 1 for the different datasets. These
hyperparameters are optimized based on metrics evaluated on
training data, averaging over multiple runs. Due to stability
improvements, these parameter ranges have been reduced in
the convolutional model.

b) Contrasting Module: For the contrasting module,
there are also some hyperparameters. We use 7 = 0.5 for
the temperature parameter in either contrastive loss. The loss
from local and global contrasting is added to the WGAN-GP
loss with a scaling factor each. These are also optimized per
dataset in ranges from 1 to 100. To reduce the computational
overhead from the contrasting module, a subset of samples
is randomly chosen from each mini-batch for calculating
and back-propagating the contrastive losses. The fraction of
samples is adjustable. We find a fraction of 20% as a fair
trade-off between efficiency and effectiveness. For fine-tuning
the SSL encoder with global contrasting, the online-encoder
in the contrasting module is trained with a learning rate of
10~* and the condition encoder from is updated with an
exponential moving average using a decay of 0.999 for the
MLP architecture. In the convolutional model learning rates
from 107° to 10~ are tested and the decay is increased up
to 0.99999, further slowing down changes on the condition
encoding. We have found that it is advantageous to update
the encoder only towards the end of training, when the
generator already produces higher quality samples, as updating
the encoder directly with poor generated samples makes it
more difficult for the generator to learn and disrupts the
representation space with low quality feedback. Thus, we only
perform fine-tuning during the last 25% of training.

¢) SSL Encoder: The self-supervised encoder model is
pre-trained using the objective from SimCLR [7] (cf. Fig. 3).
An Adam optimizer is used with a constant learning rate
of 0.0001 and a batch-size of 12. Instead of the image
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Fig. 3: Overview of SSL Encoder pre-training. Hand-crafted
transformations are used to augment data samples. Manual
transformations can be replaced with the generator model, gen-
erating augmented samples based on the instance-condition.
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transformations of the original implementation, we apply suit-
able transformations for time series, meaning random scaling,
Gaussian noise, permutations and masking. The magnitude
or probability of these transformations is optimized based
on the accuracy in a classification downstream task on a
per-dataset basis. Each dataset required different strengths of
transformations. This also motivates the use of GAN-based
transformations as these can adapt to the natural variations in
the dataset.

B. Evaluation Strategy

Our evaluation covers different aspects targeting different
use cases for the instance-conditioned GAN. We evaluate
different GAN metrics based on generated samples to assess
the quality of the synthetic data and possible benefits as an
augmentation method. As the instance-conditioned GAN is
trained without labels, applications in self-supervised learning
scenarios are possible. We either fine-tune the encoder model
using the contrasting module and assess the the accuracy in a
downstream classification task or we use the generator as an
augmentation method in another self-supervised learning task
replacing hand-crafted transformations.

1) GAN Metrics: The performance of the GAN is evaluated
using the Fréchet Inception Distance (FID) [22], Inception
Score (InS) [23] and TSTR classification accuracy scores.
TSTR refers to training a classifier on synthetic data and
then evaluating on the real test set. In contrast to computer
vision, these metrics are not evaluated on Inception v3 using
ImageNet, but instead on InceptionTime using the respective
datasets [5]. The evaluation aims to analyze benefits of the
contrasting module towards the quality of the generated data
by the GAN. All results are averaged over three evaluation
runs on the test set, using the hyperparameters found by
optimizing on training set metrics.

2) Fine-tuned SSL Encoder: The performance of the SSL
encoder is assessed after fine-tuning with global contrasting,
which is fully self-supervised. The evaluation precisely follows
TS2Vec [20]. A SVM with RBF kernel is trained with training
data representations and the classification performance is eval-
uated using the test data (cf. Fig. 4). We analyze improvements
over the pre-trained SSL encoder based on SimCLR [7] and
compare to other self-supervised learning methods, namely T-
Loss [24], TNC [25] and TS2Vec [20].

3) GAN as Augmentation Method: Lastly, the GAN is eval-
uated as an augmentation method. We train a new SSL encoder
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Fig. 4: Evaluation of a self-supervised encoder model. A kernel
SVM is trained based on embeddings from the encoder.

using SImCLR [7], but instead of the naive transformations
from before, we augment the dataset by generating new
samples with the generator (cf. Fig. 3). The condition encoder
obtains a feature representation for the given reference sample.
We then scale the different dimensions of the representation
using our feature augmentation with a standard deviation
02 €1]0.03,0.3]. With these noisy representations multiple
augmented views are generated. The evaluation aims to show
that the GAN can be used as an augmentation method for
self-supervised learning, overcoming the need for individual
selection of hand-crafted transformations. Again we compare
to our pre-trained SSL encoder based on SimCLR and the
other self-supervised learning methods.

C. Datasets

Our approach is evaluated on multiple datasets from the
UCR time series classification archive [26], which contains
dataset of different domains. The datasets used contain be-
tween 2 and 50 classes and between 20 and almost 10.000
training samples. The fully connected architecture is evalu-
ated on a selection of four datasets from various domains
that exhibit different properties. These datasets are Chlo-
rineConcentration (abbreviated as Chlorine), Crop, OSULeaf
and WordSynonyms (abbreviated as WordSyn). Expanding the
evaluation, the convolutional architecture is evaluated on the
22 datasets from the UCR time series classification archive
that have less than 100 time steps, excluding datasets with
missing values.

V. RESULTS AND DISCUSSION

In this section, we present our results for both architectures
and the different evaluation strategies.

A. GAN Metrics

For evaluation of the GAN metrics, the different contrasting
strategies are used for generator feedback.

1) MLP Model: The average results across the four datasets
for the MLP architecture are presented in Table I. The pro-
posed contrasting strategies show benefits in different aspects.
Local contrasting shows better performance on the TSTR
classification accuracy score, while global contrasting shows
large improvements on the Fréchet Inception Distance, for
which lower values are better, and slight improvements on
the Inception Score. An explanation could be that the local
contrasting increases the diversity of the generated samples,
acting as a stronger augmentation compared to the IC-GAN.
This may come at the cost of sample quality and semantic
similarity to the reference. Joining local contrasting and global

contrasting appears to combine and even amplify the advan-
tages of both strategies. The results improve further beyond
local or global contrasting alone.

Local contrasting measurable increases the diversity of
generated samples. We compute the average cosine similarity
in feature space between data samples generated from the same
reference sample. We find that local contrasting decreases the
sample-to-sample similarity for ChlorineConcentration from
99.9% to 99.7%, for Crop from 99.6% to 84.5%, for OSULeaf
from 99.8% to 94.9% in comparison to the standalone IC-
GAN. This indicates an increase in generated sample diversity,
which may explain the classification accuracy improvements
on these datasets. Only on WordSynonyms, the similarity is
slightly increased from 99.5% to 99.8%. However, on this
specific dataset, the TSTR classification accuracy also is not
increased with local contrasting.

2) Convolutional Model: Based on the previous results,
we jointly use local and global contrasting as genera-
tor feedback in our convolutional architecture. We use the
instance-conditioned GAN without contrasting module as
baseline and additionally compare the results to RCGAN [27],
TimeGAN [28], TimeVQVAE [14] and CCATS [15], covering
GAN, VAE and diffusion approaches. The average ranks
are computed on the different metrics and the results are
summarized as critical difference diagrams in Fig. 5.

The local and global contrasting shows significant improve-
ments over the baseline and competes with class-conditional
generative models. After finding significant differences across
methods using the Friedmann test on all metrics, pairwise
Wilcoxon signed-rank tests with Holm correction for multiple
comparisons at o = 0.05 are conducted to test for statistical
significance. On the TSTR classification accuracy score, IC-
GAN with contrasting significantly outperforms standalone
IC-GAN. The average classification accuracy is 78.4% com-
pared to 72.9%, which is a notable improvement of 5.5
percentage points. In addition to quality improvements of
the generated samples, we again find that the average cosine
similarity between generated samples is lowered from 0.990
to 0.978 due to the contrasting, while there is no decrease in
similarity to the reference sample on average. This suggests
increased diversity of the generated samples while remaining
consistent with the condition, which then explains the gains
in accuracy on the downstream classification task. Compared
to CCATS and TimeVQVAE, there is no significant difference
in TSTR classification accuracy, but CCATS on average ranks
higher.

On the Fréchet inception distance, the the use of local and
global contrasting consistently improves the performance, such
that our model significantly outperforms the baseline IC-GAN.
The FID is decreased on 21 out of 22 datasets. Although the
uncorrected Wilcoxon test yields p < 0.05 between our GAN
and TimeVQVAE, the difference does not remain significant
after Holm correction for multiple comparisons. While there is
no significant gap between our model and CCATS, the average
rank of our GAN is 1.6 compared to 2.5, competing well with
the diffusion model.
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Fig. 5: Critical difference diagrams comparing ranks between
IC-GAN with and without contrasting to various other meth-
ods across different evaluation metrics.

TABLE I: Metrics for (fully connected) GAN evaluation
averaged over four datasets. Contrasting is used as generator
feedback.

Method TSTR [%] FID InS

IC-GAN [6] 71.4+£0.8 4.124+0.30 8.45 +0.09
LC (ours) 74.0+1.6 5.01 +0.42 8.17+0.11
GC (ours) 72.2+£2.0 2.90 +0.28 8.67 +£0.09
LC + GC (ours) 75.4+0.7 231+0.16 8.84+0.07

The instance-conditioned GAN shows a disadvantage on the
inception score. While our model with contrasting module sig-
nificantly outperforms RCGAN, TimeGAN and TimeVQVAE,
CCATS does have a significant advantage over our model.
While our IC-GAN model generates data of good quality—
as indicated by the FID results—it is only conditioned on
instances, not the ground truth labels. The competing meth-
ods, TimeVQVAE and CCATS are using labels directly for
conditioning the GAN. This way, they can learn to generate
class-specific details, which benefits a high inception score.
Being based on the output of a classifier model, the inception
score favors data that result in a highly specific output for
each sample. IC-GAN instead is not dependent on class-labels.
This has the advantage that it can be trained on unlabeled
data and thus can be used for self-supervised learning and
in weakly supervised scenarios where much more unlabeled
data than labeled data is available. On the other hand, this has
the disadvantage that generated samples do not have the same
strict class-distinctions.

For the GAN metrics, we can conclude that the contrast-
ing module offers significant benefits to instance-conditioned
GANSs. The quality of the generated data can compete with
existing class-conditional time series generation techniques,
but the generated data can be less class-specific. In addition,

our GAN generates data magnitudes faster than the diffusion
approach CCATS, while achieving competitive sample quality.
On the example of the ElectricDevices dataset, our GAN takes
10 ms to generate 10k samples on an NVIDIA A100 80GB
GPU. In contrast, CCATS takes about 14 minutes for the same
amount of data. This is because CCATS requires many forward
passes for the generation process and additionally does many
more operations per forward pass.

B. Fine-tuned SSL Encoder

Global contrasting is used for fine-tuning the SSL encoder
during GAN training. The representations of the SSL encoder
are evaluated on a downstream classification task and results
are compared to the baseline SimCLR model the encoders are
based on as well as other self-supervised learning techniques.

1) MLP Model: We apply two different strategies, using
the global contrasting objective only for the SSL encoder (GC-
Enc) or additionally using it as generator feedback (GC-Full).
The results are summarized in Table II.

In the MLP model, fine-tuning the encoder model using
global contrasting increases downstream classification accu-
racy in almost all cases, as shown in Table II. The average
accuracy also is significantly higher than for T-Loss [24]
and TNC [25] in both fine-tuning variants. GC-Full addition-
ally outperforms TS2Vec on two out of four datasets. This
highlights the potential of our contrasting module for self-
supervised learning based on generative models. However, it
also shows limitations of the approach, as our encoder does
not match TS2Vec on all datasets.

2) Convolutional Model: The convolutional model exhibits
stability issues when being trained jointly with the encoder.
The accuracy in the downstream task only increases on 3 out of
22 datasets. On multiple datasets, the quality of the encoding
decreases noticeably. The model does not seem to adapt to the
changing condition quickly enough. A possible fix may be to
do multiple generator updates after each condition update, but
this would largely increase the training effort.

C. GAN as Augmentation Method

Finally, we evaluate the GAN as an augmentation method
for self-supervised learning. We train our encoder model
using SimCLR, but instead of using naive transformations, we
augment training samples by generating semantically similar
samples using the generator conditioned on the training sample
as reference. We compare our approach to SimCLR with naive
transformations, other self-supervised methods and IC-GAN
without contrasting module for augmentation.

1) MLP Model: In the MLP model we do not yet apply
noise to the feature representations. As shown in Table III,
the GAN with local contrasting shows major benefits as
an augmentation technique. Comparing the SimCLR-based
approaches in the bottom half of the table, we find that local
contrasting yields a consistent advantage over the standalone
IC-GAN as an augmentation method. This coincides with
our observation on the GAN metrics and our hypothesis



TABLE II: Evaluation of SSL encoder using kernel SVM after fine-tuning with global contrasting. Global contrasting is either
used as feedback for encoder only (GC-Enc) or for generator and encoder (GC-Full)). Comparison between other SSL. methods

(top) and fine-tuned SSL encoder (bottom).

SVM classification accuracy [%]

Method

Chlorine Crop OSULeaf WordSyn Avg.
SimCLR [7] 77.5 71.9 86.0 66.1 75.4
T-Loss [24] 74.9 72.2 76.0 69.1 73.1
TNC [25] 76.0 73.8 72.3 63.0 71.3
TS2Vec [20] 83.2 75.6 87.6 70.0 79.1
GC-Enc (ours) 77.0£0.2 73.0+0.1 86.8+0.3 70.5+14 76.8+0.5
GC-Full (ours) 78.6+0.1 73.3+0.1 879+£05 723+04 78.0£0.3

TABLE III: Comparison between MLP GAN model as augmentation method in SimCLR and other self-supervised approaches
based on hand-crafted transformations. We use the contrasting module for generator feedback.

SVM classification accuracy [%]

Method

Chlorine Crop OSULeaf WordSyn Avg.
T-Loss [24] 74.9 72.2 76.0 69.1 73.1
TNC [25] 76.0 73.8 72.3 63.0 71.3
TS2Vec [20] 83.2 75.6 87.6 70.0 79.1
SimCLR [7] (hand-crafted) 77.5 71.9 86.0 66.1 75.4
IC-GAN [6] 776£01 724+£00 85.1+0.0 69.8+0.0 76.2£0.0
LC (ours) 79.0+0.1 732+£02 887+02 71.2+02 780405
GC (ours) 77.5£00 71.0£04 85.5+0.0 71.1+£01 76.3+£0.1
LC + GC (ours) 794402 706£01 85.5£0.0 69.94+0.0 76.4+0.1

TABLE IV: Comparison between the convolutional GAN
model as augmentation method in SimCLR and other self-
supervised approaches based on hand-crafted transformations
across 22 datasets. We use the contrasting module for gener-
ator feedback.

Avg. SVM classification

Method accuracy [%]
T-Loss [24] 82.4
TNC [25] 80.9
TS2Vec [20] 83.1
SimCLR [7] (hand-crafted) 80.9
Local Contrasting (ours) 79.5+ 1.5

that the local contrasting facilitates the generation of more
diverse data. The downstream classification accuracy is also
increased compared to SimCLR with naive transformations.
Global contrasting or combinations of global and local con-
trasting roughly perform on par with the standalone IC-GAN,
indicating that only the local contrasting leads to sufficiently
diverse augmentations.

With local contrasting, the GAN-augmented SimCLR vari-
ant can compete with TS2Vec on some of the datasets. It
outperforms TS2Vec on two datasets, but on others it does
not match the performance of TS2Vec. An explanation could
be that the contrasting at multiple scales as performed in
TS2Vec may have advantages over the contrasting that is only
performed at a full sample scale in SimCLR.

2) Convolutional Model: In the convolutional model, we
apply noise to the feature representations as described in

section III-B3.

Without any hand-crafted transformations, the performance
is close to the performance of SimCLR with optimized hand-
crafted transformations, as the results in Table IV show.
However, a rather large performance gap to TS2Vec [20]
remains. The primary advantage of the GAN-augmentations
is that no hand-crafted transformations as in TS2Vec are
required. However, an interesting prospect for future work
can be the application of GAN transformations in the TS2Vec
framework, potentially combining advantages of multi-scale
contrasting and generative transformations. Also, the GAN
may also benefit from the higher quality embeddings for
instance-conditions using a TS2Vec encoder instead of a
SimCLR encoder.

VI. CONCLUSION

In this paper, we adapted instance-conditioned GANs [6]
to time series data and introduced a contrasting module as
a versatile extension. The proposed module provides feed-
back to the generator and the self-supervised encoder in the
form of local and global contrasting. We have shown that
local contrasting improves sample diversity. This makes the
generator more useful for augmentation tasks, as indicated
by improvements in the TSTR classification accuracy and
analysis of the sample similarity. Global contrasting improves
the quality and semantic fidelity of generated data, showing
significant improvements in the Fréchet inception distance and
inception score over the standalone IC-GAN. Thus, the two
contrasting techniques provide complementary benefits.



Our improved instance-conditioned model outperforms pre-
vious class-conditional GAN and VAE approaches without
access to class-labels during training, indicating great benefit
in unlabeled or weakly labeled scenarios. The model can even
compete with the diffusion model CCATS at a fraction of the
computation time for generating samples.

Global contrasting can additionally fine-tune the self-
supervised encoder model. While this improved the down-
stream classification accuracy in the MLP architecture over
the pre-trained SimCLR model and on some datasets also
over TS2Vec [20], we could not confirm similar benefits in
the convolutional architecture on a larger set of datasets.

We applied our generator model for data augmentation in a
self-supervised task, showing that the GAN augmentation can
compete with hand-crafted transformations. On some datasets,
SimCLR with GAN transformations is also able to compete
with TS2Vec. However, in a more broad evaluation, it does
not match the performance of TS2Vec.

The contrasting module can provide various benefits for
generative adversarial networks and self-supervised learning
tasks. While our method can improve the stability of the GAN
training, the method still depends on the success of the GAN
at learning to generate the data distribution. Thus, the method
requires careful hyperparameter tuning and in cases where the
GAN does not learn well, alternative approaches based on
diffusion models may be advantageous. This may specifically
apply for more complex datasets. For future work, the self-
supervised application of the instance-conditioned GAN may
be further developed. TS2Vec or other self-supervised tech-
niques may either be extended with GAN augmentations or
may be used as an encoder basis for the instance conditions
to improve the GAN. Additionally, the possibility to replace
the discriminator with the contrasting module entirely remains
to be assessed.
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