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Abstract

With the success of language models in deep learning, mul-
tiple new time series embeddings have been proposed. How-
ever, the interpretability of those representations is often still
lacking compared to word embeddings. This paper tackles
this issue, aiming to present some criteria for making time
series embeddings applied in deep learning models more in-
terpretable using higher-level features in symbolic form. For
that, we investigate two different approaches for extracting
symbolic approximation representations regarding the fre-
quency and the trend information, i. e., the Symbolic Fourier
Approximation (SFA) and the Symbolic Aggregate approXi-
mation (SAX). In particular, we analyze and discuss the im-
pact of applying the different representation approaches. Fur-
thermore, in our experimentation, we apply a state-of-the-art
Transformer model to demonstrate the efficacy of the pro-
posed approach regarding explainability in a comprehensive
evaluation using a large set of time series datasets.

Introduction

Deep Learning (DL) has demonstrated its powerful mod-
eling options in many domains, specifically for text-
based (Devlin et al. 2018; Dale 2021) as well as image-
based (Islam 2022) data. However, regarding time se-
ries data non-DL models still dominate the field in many
cases (Ismail Fawaz et al. 2019). For example, Hierarchical
Vote Collective of Transformation-based Ensembles (HIVE-
COTE) (Lines, Taylor, and Bagnall 2018) is still consid-
ered to be the state-of-the-art model for most datasets in the
UCR/UEA time series repositories (Bagnall et al. 2017).
One major difference in DL modeling concerns the rep-
resentation of the data, where often an embedding is in-
troduced to better cope with internal information, e.g.,
word2vec (Mikolov et al. 2013). Recently, a lot of new
time series embedding methods emerged, e. g., Kim, Hong,
and Cha (2020); Chengyang and Qiang (2022); Cheng et
al. (2020); Yue et al. (2022); Ye and Ma (2022); Tabas-
sum, Menon, and Jastrzebska (2022); Boniol and Palpanas
(2022), demonstrating that they can decrease model run
time, structure information more informative, as well as im-
prove the model performance. However, compared to words,
for example, time series data is often regarded as rather com-
plex for human interpretation. Therefore, most of the respec-
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tive embeddings suffer from an interpretation problem, as
indicated in Figure 1. In this paper, we focus on the compre-
hensibility of time series embeddings, to enhance the overall
model explainability. In particular, we apply SFA (Schifer
and Hogqvist 2012) and SAX (Lin et al. 2003) to extract
high-level features for obtaining an interpretable symbolic
representation of time series, similar to non-DL methods like
e. g., Schifer (2015). This representation is then exploited by
a Transformer model (Vaswani et al. 2017). We demonstrate
the efficacy of our approach in our experimental evaluation.
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Figure 1: Visualization of the interpretability challenge for
time series embeddings in DL, compared to words.

Legend

~@—Pp Convertable

Direct
Assosiation

Indirect
Assosiation

Our contributions are summarized as follows:

1. We emphasize shortcomings of current time series em-
beddings regarding their interpretability, and outline
promising alternative options for feature extraction, e. g.,
SFA and SAX as symbolic representations.

2. We present SFA as a DL embedding on multiple time
series classification tasks, using a Transformer model.

3. We analyze and compare the advantages and limitations
of SAX and SFA in our given context, demonstrating that
a DL model can benefit from multiple time series repre-
sentations, similar to COTE (Bagnall et al. 2015).

The rest of the paper is organized as follows: We first
provide background notions on embeddings and time series,
before we discuss related work. After that, we describe our
SFA-based method for enhancing interpretability on time se-
ries data. Next, we present our experimental evaluation and
discuss our results. Finally, we conclude with a summary
and outlook on interesting directions for future research.



Background

Modeling time series data is already quite hard to grasp due
to the continuous, numeric and unintuitive nature of the data
(Rojat et al. 2021). Therefore, to make the models more
comprehensible, methods from the field of eXplainable Ar-
tificial Intelligence (XAI) can be applied to enable more hu-
man understandable representations. For non-DL methods,
e. g., Shapelets (Ye and Keogh 2009) can be applied for fea-
ture extraction to provide shape and trend information. How-
ever, in DL, model specific XAI methods are often rather
limited to saliency-like methods (Ismail Fawaz et al. 2019;
Rojat et al. 2021; Xu et al. 2019). While those are not per-
fect, for images and text, such explanations are often more
human relatable. In contrast, for time series data where the
target information is often hidden or encoded in a more com-
plex manner, such types of explanations are typically sub-
optimal. This is depicted in Figure 2 (A) and (B), indicat-
ing that for time series extracting information is quite lim-
ited. We further clarify this with the following examples:
For word embeddings we can encode a word including to a
certain extent its meaning; here, subtracting two embedding
vectors can lead to results that do make sense (Allen and
Hospedales 2019) — e. g., King - Man + Woman ~ Queen.
Additionally, semantic relations can also be extracted e. g.,
Queen and Her, i. e., the explanation often approximates the
human understanding of semantics. Zhang and Lim (2022)
analyses more human relatable features on images, match-
ing a human process. In contrast, for time series, most of the
current embeddings fail to accomplish this due to the lack of
human comprehensible references in the input and embed-
ding as shown in Figures 1 and 2 (D). In the following, we
further discuss challenges when embedding time series data.

Problems of Embedding a Time Series

Time series often exhibit multiple properties which are
hard to handle for humans (Rojat et al. 2021) and DL
models (Shen, Wei, and Wang 2022), such as complex
time relations, non-normal distributions, non-stationarity,
noise/anomalies as well as having lot of redundant but
highly interrelated information (Shen, Wei, and Wang 2022;
Kim, Hong, and Cha 2020). Hence, visual clues can be mis-
leading due to encoded information, e. g., frequencies. Fur-
ther, due to continuity, often no perfect window size exists.

As indicated in Figure 2 (B), those properties make em-
bedding each sample similar to word embeddings subopti-
mal, as a single data point on its own rarely has any meaning.
However, using abstraction techniques like e. g., SAX the
trend information can be extracted. Embeddings like e. g.,
Kim, Hong, and Cha (2020); Tonekaboni, Eytan, and Gold-
enberg (2021); Yue et al. (2022) encode the whole time se-
ries into one vector — sometimes based on specific features
(mostly time, period and trend information). While they
might include high-level information, they fail to provide in-
sights, e. g., which time series components are relevant due
to the lack of comprehensible information; as exemplified in
Figure 2 (D). This is further extended when trying to relate
two embeddings to each other; due to the described time se-
ries properties finding meaning is hard, compared to word
embeddings where each word is one vector.
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Figure 2: Explanation of four different cases regarding in-
terpretability. (A) points out the relatability of word embed-
dings, where v is a vector. (B) shows how salient maps can at
best provide trend information. (C) shows how our solution
provides insights using meaningful features. (D) emphasizes
the missing link in most current embeddings between single
vector values and the time series as a whole.
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Proposed Solution

Shen, Wei, and Wang (2022) and Ismail et al. (2020) point
out that directly applying methods from other domains of-
ten fail to succeed on time series regarding interpretability.
Thus, adaptations of those methods onto the time series do-
main are required. Here, leading non-DL methods can play a
crucial role, where patterns can include relevant information
and be put into relation to each other in order to boost perfor-
mance and interpretability. They use a set of human accessi-
ble high-level features, representing e. g., the trend in order
to reduce redundant information, while introducing an inter-
mediate interpretable representation. Our proposed solution
is similar: it provides an intermediate layer between embed-
ding and data, applying discrete high-level features which
together with e. g., a salient approach can enable enhanced
insights into the data. Further, the association of feature and
input is always clear as shown in Figure 2 (C). This sim-
plifies adding new additional variations of representations,
e.g., approximating COTE, outlining a component-based
time series modeling toolkit based on different data trans-
formations. Therefore, our focus in this work lies on outlin-
ing this toolkit to improve interpretability and clarify data
extraction, rather than outperforming other embeddings.



Related Work

Using preprocessing to transform the representation and ex-
tract features is especially crucial and important for time se-
ries data (Lavangnananda and Sawasdimongkol 2012; Bag-
nall et al. 2015; Nalmpantis and Vrakas 2019; Chengyang
and Qiang 2022); this process can be viewed as some form
of embedding. Methods like e.g., SAX and SFA are very
typical processing steps which are used in several time series
classifiers like Shapelets (Rakthanmanon and Keogh 2013),
BOSS (Schifer 2015), WEASEL (Schifer and Leser 2017a),
MUSE (Schiéfer and Leser 2017b) and SEQL (Le Nguyen et
al. 2019). COTE (Bagnall et al. 2015) and its newest ver-
sion HIVE-COTE 2.0 (Middlehurst et al. 2021) stress how
different approaches with varying data representations are
beneficial regarding the performance of general time series
modeling. For neural networks on time series data, chang-
ing the representation is still done quite rarely. In contrast, in
e. g., NLP, embeddings like word2vec (Mikolov et al. 2013)
are core elements in most models.

Lavangnananda and Sawasdimongkol (2012) were one of
the first to apply SAX in combination with a neural net-
work, using Control Chart Patterns (CCP) data in order
to highlight the general trend of the data using symbols.
While such symbolic approaches on time series data are rel-
atively seldomly applied in general, e. g., Giles, Lawrence,
and Tsoi (2001); Yang et al. (2019); Elsworth and Giittel
(2020); Wang et al. (2020); Criado-Ramoén, Ruiz, and Pe-
galajar (2022), SAX as symbolic representation has recently
been successfully applied again, e.g., Schwenke and Atz-
mueller (2021c¢); (2021b); Criado-Ramén, Ruiz, and Pegala-
jar (2022); Tabassum, Menon, and Jastrzebska (2022). To
the best of the authors’ knowledge, in published works SFA
has never been used as representation for DL, even though it
is a core element in non-DL methods and solves some typ-
ical time series challenges e.g., with fixed window sizes.
In the following, we categorize recent time series embed-
dings into their representation type and show the lack of in-
terpretable frequency-based approaches.

Vector Embeddings

Many recently emerged time series embeddings transform
one time series into one vector, cf. Kazemi et al. (2019);
Franceschi, Dieuleveut, and Jaggi (2019); Nalmpantis and
Vrakas (2019); Kim, Hong, and Cha (2020); Tonekaboni,
Eytan, and Goldenberg (2021); Yue et al. (2022). They
mostly focus on extracting time and/or trend information in
order to boost the model’s performance, some use a similar
approach to word2vec. However, all those approaches fail to
clearly solve the problem shown in Figure 2 (D), i. e., the re-
spective vector provides limited or no useful insights. Here,
we present an overview of interesting approaches consider-
ing their interpretability: TS2Vec (Yue et al. 2022) learns a
scale-invariant representation by using hierarchical contrast-
ing and contextual consistency. With a visual heatmap, the
learned representations can somewhat be related to the in-
put, cf. Figure 2 (B). Similar in name, TS2V (Ye and Ma
2022) is a trend based embedding, which builds features
using 1D-LBP. However, by mixing them all into one vec-
tor, the relation between trend and vector is identified less

clearly. Similar to our proposed approach, they also empha-
size the need for more time series features inside their em-
bedding. Last but not least, Tabassum, Menon, and Jastrzeb-
ska (2022) proposed SAFE, a dictionary-based approach
similar to WEASEL and BOSS. They symbolify the input
via SAX and find sequences of symbols to form words and
encode them into a word embedding. Due to the comprehen-
sibility of the symbolic word encoding, trends and patterns
can be interpreted via the embedding. This makes it one of
the few approaches which addresses our points of criticism
in the context of trend information.

Graph Representations

A different way to represent complex data and find hidden
features are graphs, e. g., Gao, Small, and Kurths (2017); In-
terdonato et al. (2019); Bloemheuvel, van den Hoogen, and
Atzmueller (2021). By transforming time series data into a
graph, the interpretability can also be increased (Zheng et al.
2021; Silva et al. 2021). Also, different types of graph rep-
resentations can be supplied as an input embedding. E. g.,
Boniol and Palpanas (2022) proposed a method which maps
shape-related information into a graph, enabling the detec-
tion of single and recurrent anomalies. Another encoding
emerged from Chengyang and Qiang (2022), where their
proposed approach separates the input into frequency-based
segments and builds a semantic encoded graph between
those using a GCN. One important method for highlight-
ing trend information is currently Time2graph (Cheng et
al. 2020). By using a time-aware Shapelet-based transition
graph, they model transitions between Shapelets as the gen-
eral trend flow over time. Using UCR datasets, they show
how Time2graph can act as a relatable embedding.

In contrast to the approaches discussed above, in this pa-
per, we do not use graphs for modeling embeddings. Instead,
we focus on a symbolic attention-based approach with the
goal of presenting criteria for making time series embed-
dings more interpretable using higher-level features which
are directly extracted from the time series.

Methods

Below, we present our applied symbolic approaches as well
as the Transformer architecture in more detail.

Symbolic Aggregate ApproXimation

The Symbolic Aggregate Approximation (SAX) is one
prominent example of a symbolic embedding, which ab-
stracts/maps one data point or a sequence of fixed length
inside the time series onto one of n symbolic bins (Lin
et al. 2003; 2007; Rojat et al. 2021). This also enhances
the interpretability and computational sensemaking by us-
ing a more human related representation, cf. Atzmueller et
al. (2017); Ramirez, Wimmer, and Atzmueller (2019). SAX
reduces the complexity of the continuous in R valued time
series domain, into a discrete symbolic string representa-
tion, in order to facilitate interpretation. The resulting high-
level representation of time series data highlights the general
trend of the data (cf. Figure 3). The mapping can be either



done using “uniform” or ”quantile” bins; for more informa-
tion, we refer to the implementation'. The algorithm was
previously used to improve motif detection in data due to the
simpler data shape, as well to enhance multiple time series
classifiers, e. g., Shapelets (Ye and Keogh 2009). One draw-
back of SAX is the loss of detailed value changes, hence se-
lecting a valid vocabulary size is important. Therefore, SAX
is mostly applicable on data which is rather trend based,
e. g., contains shapes which could be extracted. Rojat et al.
(2021) summarized some SAX based XAI methods for DL.

a

Figure 3: Example visualization for a SAX discretization, cf.
(Atzmueller et al. 2017): Each data point from the original
time series is mapped to a discrete symbol (a, b, c) based on
the quantiles of the standard normal distribution.

Symbolic Fourier Approximation

Similar to SAX, the Symbolic Fourier Approximation
(SFA) (Schifer and Hogqvist 2012) converts a numeric con-
tinuous time series into a symbolic sequence. However the
SFA is frequency based, rather than trend based. This is
important because a lot of information can be encoded in-
side the frequency of the samples rather than in a shape.
For this type of data, methods like Shapelets (Ye and Keogh
2009) can struggle to find significant shapes and likewise it
is harder for a human to visually grasp the important classifi-
cation information. Figure 4 shows the SFA pipeline with an
example. First, the time series is decomposed into base func-
tions with different frequencies and amplitudes using the
Discrete Fourier Transformation (DFT) (Winograd 1978).
Using the DFT is a typical preprocessing and approxima-
tion step to apply frequency based information (Nalmpantis
and Vrakas 2020). The first m Fourier-coefficients that de-
scribe the differences in the base functions are then mapped
into n discrete intervals in the second step. For this step,
multiple techniques can be selected to determine the inter-
vals, e. g.,”uniform” or quantile” cf. SAX. Finally, based on
the fit intervals we receive a symbolic output string, i.e.,
the symbols represent different Fourier coefficients for the
different frequencies. By selecting only the first m Fourier
coefficients, we are reducing noise from higher frequen-
cies (Schifer and Hogqvist 2012; Nalmpantis and Vrakas
2020), as also avoiding the usage of windowing while build-
ing an informative and more comprehensible data structure;
1. e., models are smaller and train faster.

"https://pyts.readthedocs.io/en/stable/generated/pyts
.approximation.SymbolicAggregate Approximation.html

Time Series Base Functions

$ DFT NSNS\
£ - VAVAVAVAVAVAN
e ;
a8
Q
< Fourier Coefficents
2.52, -0.94, -3,75 -10.14, ...
Multiple Coefficent Binning
D

s 5 T o D D
§ SFA Sequence o
= - L C c o
S B,D,C,B,... _5 c 5
2 B
a Iy

-10 A A .

Figure 4: Example pipeline for the SFA discretization: Each
Fourier coefficient is mapped onto a discrete symbol; based
on and adapted from Schifer and Hogqvist (2012).

Transformer Architecture

The Transformer Architecture (Vaswani et al. 2017) is cur-
rently one of the most successful models in several appli-
cation domains, e. g., mostly focusing on Natural Language
Processing (NLP) and Computer Vision (CV). Recently, the
Transformer has also been applied on time series data (Lim
et al. 2019; Li et al. 2019; Wen et al. 2022) due to its
ability to catch long-term dependencies. However, its suc-
cess is limited by the memory scaling of the method with
longer input sequences; this is another currently strongly
ongoing research area (Tay et al. 2020). Multi-Head Atten-
tion (MHA) and Scaled Dot-Product Attention are crucial
components inside the Transformer, introducing so-called
Attention which can help to find relations between inputs
and thus can enhance the interpretability of the model. By
symbolifying the data, a more NLP-like structure emerges
which can better indicate the symbol-to-symbol relations at
each position; like in typical NLP XAI methods (Vig 2019;
Skrlj et al. 2020) or recently emerged symbolic time series
explanation methods on Transformers (Schwenke and Atz-
mueller 2021c; 2021b). Besides enabling referenced XAI
methods, by applying SFA, we also tackle the memory prob-
lem with a fixed Fourier coefficient input size. The architec-
ture for the Transformer Encoder is depicted in Figure 5.

Experiment
Below, we describe our applied datasets and models.

Model

For the baseline model of our experimentsz, we used a
slightly adapted version from Schwenke and Atzmueller
(2021c¢); (2021a), because they already explored the target
datasets using Transformers. We however explore a slightly
different range of hyperparameters, due to the complexity
changes introduces by using the SFA; which we worked out
via sample testing. Our experiment’s model architecture can
be seen in Figure 5, including the Transformer Encoder and

2Code at: https://github.com/Ischwenke/SFA4DL-Embedding



an example symbolic encoding. We first apply the prepro-
cessing (SFA, SAX or no embedding) and map the symbols
to [-1,1] as some sort of simple embedding, as suggested
by Schwenke and Atzmueller (2021c¢). The symbolized data
could also be used to train a word embedding, however we
want to keep this experiment simple. Additionally, as ar-
gued by Schwenke and Atzmueller (2021c¢), with a simple
mapping to [-1,1] with constant distances, we maintain the
already known numeric relation between symbols and only
need to learn relations in time. Afterwards we add the origi-
nal position encoding from Vaswani et al. (2017) to the data.
As main computational part, we apply [ encoder layers after-
wards. We finish with one flatten layer and an output dense
layer to predict the class. To assess the effect of the SFA
we train our model with the SFA embedding and compare
it with the SAX embedding and with no embedding at all.
As an optimizer, we used Adam with additional warm-up
steps, mean-squared-error as error function and additionally
an early stop with patience 70.
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Figure 5: Our experiment’s model including the original
Transformer Encoder adapted from Vaswani et al. (2017).
Furthermore, we show how intermediate representations can
enhance interpretability, depicted at the start of the process.

Datasets

To explore the SFA methods as embedding for time series
data in combination with the Transformer architecture, we
used all univariate datasets from the UCR UEA time se-
ries repository (Bagnall et al. 2017) via the tslearn-toolkit
(Tavenard et al. 2020). We decided only to use the univariate
datasets, to better explore the information extraction abilities

of the methods. Univariate data has less information to work
with and thus extraction is more challenging, cf. Yue et al.
(2022). Hence, we tested our method on 85 datasets from
various domains.

Due to the fixed window size, after applying the SFA,
we have a smaller variety in the parameter and in general
simpler model, allowing us in theory to train a model for
each dataset without running into memory issues. On the
other side, the SAX and no preprocessing approaches could
only handle 51 datasets, where however, we precariously ex-
cluded every dataset with a sample sequence size of > 500;
to exclude datasets that will likely run into memory issues.

Hyperparmeters

Table 1 shows all hyperparameter assignments we explored
in our experiments, resulting in 8.160 different possible con-
figurations, with 2 different models times 5 folds, i.e., 10
trained models per experiment. All parameters below ”grid
search:”, are analyzed using a grid search. The list options
for ncoef means: e. g., for [128,2] that we take 128 as ncoef
parameter (number of Fourier coefficients for SFA), unless
the time series sequence s is smaller than 128, then we take
%; i.e., the second parameter in the list ensures the input size
does not increase. [0,0] means we use SAX and not SFA.

Table 1: Hyperparameters for the experiments

Parameter Values

fixed:
number of epochs 500
limit input length 500

dropout 0.3
batch size 50
patience 70
number of folds 5

grid search:

dataset [0, ... ,85]
symbol count [5,6,7]
ncoefs [[256,1],[128,2],[64,4],[0,0]]

encoder layers [ [2,4]

MHA headers h [8,16]

[dmodel, dff] [[16,8],[8,4]]

bin method [’quantile, uniform’]

Results

Due to memory limitations some model configurations did
not finish. To make a fair comparison, we only consider 51
univariate datasets, where each type of input resulted in at
least one finished model configuration. It is important to
note, that due to the window reduction via SFA, the SFA
input has fewer memory problems and basically finished on
all datasets — with a few exceptions, where the quantile SFA
ran into some transformation issues. However, this happened
only on datasets where the model failed for the other input
types anyway, so we did not look further into this issue.

In the following, we present and discuss our results be-
tween all three types of inputs.



Table 2: Accuracy overall and w.r.t. baseline model, for which we only consider the best performing model configurations.

Best Accurac Avg. improvement Avg. decline Performed  Performed better
Configs y w.r.t. baseline w.r.t. baseline best than baseline
Baseline 0.6664 £ 0.1670 - - 22 -

SAX all 0.6804 £ 0.1677  0.0992 + 0.0969  0.0410 £ 0.0595 9 24
SFA all 0.6823 £0.1754  0.1113 £ 0.1265  0.0758 £ 0.0799 19 27
SAX or SFA | 0.7191 £ 0.1554  0.1134 £0.1227  0.0274 £ 0.0279 29 29
Univariate
SAX 0.6556 £ 0.1794  0.1365 £ 0.1145  0.0554 £+ 0.0748 10 16
SFA 0.6745 £ 0.1768  0.1431 £ 0.1341  0.0772 4+ 0.0799 17 23
SAX or SFA | 0.7111 £ 0.1598  0.1432 £0.1330  0.0331 + 0.0418 27 27
Quantile
SAX 0.5952 £0.1925  0.0459 £ 0.0709  0.0855 £ 0.0953 4 11
SFA 0.6629 £ 0.1822  0.1317 £ 0.1400  0.0767 £ 0.0784 20 21
SAX or SFA | 0.6796 £ 0.1705  0.1145 £ 0.1344  0.0566 + 0.0629 25 25
Performance Discussion

Table 2 compares the performance of the models. We always
only consider the best performing model configuration per
dataset, due to not all configurations finishing and because
data augmentation can easily lead to different optimal model
parameter (Li et al. 2021), e. g., the model can fail to con-
verge. As one can see in the upper part of the table, the av-
erage performance on the datasets improved with SAX and
SFA. On datasets where SAX or SFA resulted in an improve-
ment (acc. > baseline), the average increase was 0.0992 for
SAX or respectively 0.1113 for SFA. This indicates that the
selected representation can make a huge impact for a given
dataset. SAX improved the baseline (i. e., no preprocessing)
performance on 24 and SFA 27 times out of 51 datasets, i. e.,
roughly 50%. On 9 times, SAX or respectively 19 times,
SFA performed best, showing that SFA holds multiple ad-
vantages over SAX. However, when taking the advantages
of SAX and SFA into combination (by selecting the best
model per dataset) the performance increases even further,
i.e., trend and frequency information can complement each
other. Further, in this combination the average performance
decline (acc. < baseline) was reduced to 0.0331, compared
to the individual declines. Meaning, even in bad cases, often
either SFA or SAX performed quite similar to the baseline.

Model Parameter Analysis

Looking at the bottom part of Table 2, it is quite clear that
the ’quantile” option for SFA and SAX performs only rarely
(2 times) better than the “uniform” option. Therefore, "uni-
form” seems to be the better initial parameter to test out.
We further analyzed the parameter which lead to the better
uniform SFA and SAX models. We found a strong tendency
(> 70%) towards using 2 layers for the SFA and SAX mod-
els; which can not be seen in the baseline models and thus
could be explained due to the simplification over symbols.
Additionally, a dmodel of 16 was the most successful in over
70% of all models, indicating a possible potential to improve
the models. Further, for SAX, more symbols and more head-
ers lead more often to better models, e. g., 7 symbols were
in over 50% and 16 headers in over 63% of the models the
most successful. For SFA this effect could not be observed.

In our experiments, we focused on the impact of abstractions
and different representational forms in comparison to our
baseline model. While SAX and SFA do not add value on all
datasets, our experiments certainly stress out the importance
of representations and that extracting discrete information
for different properties of the time series can have a positive
effect on the performance and interpretability of DL models.
Due to the structure of the matrix multiplication inside the
MHA it is important to select comprehensible elements as
part of the sequence, to enable NLP XAI methods like e. g.,
Vig (2019); Skrlj et al. (2020), in contrast to what most cur-
rently embeddings do, cf. Figure 2 (D). While we did not use
learned word embeddings to map our symbols — for simplic-
ity and due to the often sparse training data — by extracting
general high-level properties of time series, we hypothesize
that it could be possible to build a component-based time
series embedding toolkit. Here, reusable embedding compo-
nents could model and describe different categories/classes
of time series, similar to different languages applied in NLP.

Conclusions

In this paper, we discussed several limitations of prominent
time series embeddings in terms of interpretability, which
can occur when blindly applying approaches from other do-
mains. We introduced some criteria for embeddings to make
them more interpretable. Our experiments showed, that SFA
demonstrates considerable potential w.r.t. time series tasks:
It fixates the input window, can extract possible frequency-
based information in order to improve the results and also
introduces an interpretable symbolic aspect. Further, we
showed that SAX can complement SFA, i.e., trend and fre-
quency features can provide additional information for the
task at hand. This motivates the application of frequency-
based approaches, compared to current rather trend focused
ones. Because methods like COTE show the benefits of
multiple different representations, for future work, we aim
to investigate further time series representations and meth-
ods, e.g., similar to WEASLE (Schifer and Leser 2017a)
— towards, ultimately, an interpretable embedding toolkit
with a variety of reusable feature components.
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