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Abstract

Time series data is fundamentally important for
many critical domains such as healthcare, finance,
and climate, where explainable models are neces-
sary for safe automated decision-making. To de-
velop explainable artificial intelligence in these do-
mains therefore implies explaining salient informa-
tion in the time series. Current methods for ob-
taining saliency maps assumes localized informa-
tion in the raw input space. In this paper, we ar-
gue that the salient information of a number of
time series is more likely to be localized in the
frequency domain. We propose FreqRISE, which
uses masking-based methods to produce explana-
tions in the frequency and time-frequency domain,
and outperforms strong baselines across a num-
ber of tasks. The source code is available here:
https://github.com/theabrusch/FreqRISE.

1 Introduction

With the increasing development of systems for au-
tomated decision-making based on time series in
critical domains such as healthcare [1, 2], finance [3]
and climate forecasting [4], the demand for safe and
trustworthy machine learning models is ever rising.
High accuracy and explainability are both necessary
components in achieving safety and trustworthiness.
Deep learning models have become a popular choice
to obtain high accuracy for time series tasks [5], but
due to their complex reasoning process they are dif-
ficult to interpret. Explainable artificial intelligence
(XAI) aims to open up the black box [6].

Most advancements in the field of XAI have been
made in explaining image data [7—9]. Images hold
the appeal of being easily interpretable by humans,
making it simpler to validate model decisions by
visual explanations. As such, many XAI methods
provide explanations in the form of a relevance map
over the pixels in the raw image [7, 9]. Time series do
not benefit from the same properties, since they are
by nature more difficult to understand [10]. While

*Corresponding Author.

{kristoffer.k.wickstrom,robert.jenssen}@uit.no

FreqRISE: Explaining time series using frequency masking

Thea Briisch*?, Kristoffer Knutsen Wickstrgm®, Mikkel N. Schmidt™?, Tommy Sonne Alstrgm'2, and

'Department of Applied Mathematics and Computer Science, Technical University of Denmark
2Department of Physics and Technology, UiT The Arctic University of Norway
3Pioneer Centre for AI, University of Copenhagen, Denmark

many time series models may be trained on raw time
series data, the information (and thus relevance) may
likely be found in a latent feature domain such as the
frequency domain [11]. This challenge has only been
addressed in [12], where the authors use gradient-
based methods to backpropagate the relevance into
the frequency domain.

Masking-based methods are an important tool in
XAI due to their high performance across a mul-
titude of domains [9, 13, 14]. Masking-based ap-
proaches learn or estimate the relevance maps by
iteratively applying binary masks to the input and
measuring the resulting change in the output. Espe-
cially optimization-based masking approaches have
shown great promise for time series data [13, 15,
16]. In optimization-based masking approaches, the
relevance is learned by posing an objective that
maximizes the number of masked out features in the
input, while simultaneously minimizing the change
in the model output [17]. The mask is optimized via
gradient descent through the model and the mask
generating function. However, these methods can be
difficult to use due to hyper-parameter tuning. Ad-
ditionally, they suffer from the significant drawback
of requiring access to the model gradients.

Alternatively, model-agnostic methods require
only access to the input and output of the network
and are easily adaptable to a multitude of network
architectures. Prominent model-agnostic methods
are also based on masking and involve estimating the
relevance via Monte Carlo sampling. This category
includes RISE [9] and RELAX [18]. The sampling
based methods have a few clear advantages: they
do not require any complex optimization techniques,
and we can directly constrain the sampling space
to ensure compatibility with our data. While these
methods have been successfully applied for time
series [19, 20], no previous work in this category
has focused on providing relevance maps in another
domain than the input domain.

In this paper, we take inspiration from RISE and
propose the first approach for masking-based XAI
in the frequency domain of time series, FreqRISE.
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We:

e Propose FreqRISE, the first masking-based ap-
proach for providing relevance maps in the fre-
quency and time-frequency domain.

e Provide a comprehensive evaluation of our pro-
posed approach across two datasets and four
tasks.

e Show that masking-based relevance maps in the
frequency and time-frequency domain outper-
form competing methods across several metrics.

2 Masking based explanations

Here, we present a new method for transforming
masks between domains (Section 2.1) and use this
new method to create FreqRISE (Section 2.2), the,
to our knowledge, first masking-based XAI method
operating in the frequency domain of time series.

2.1 Masking in a dual domain

While many time series models are trained directly
on the raw time series data, the time domain is often
insufficient for providing complete explanations [11].
This is due to most XAI methods being built on the
assumption that the explanations are localized and
sparse. However, if two classes are characterized
by e.g. their frequency content, this information
is neither localized nor sparse in the time domain.
We, therefore, propose transforming the signals to
a domain where the information is assumed to be
localized and sparse and to provide the explanations
in this domain.

Our aim is to explain the black box model f()
that outputs the class probabilities y 2 R® from a
time series input X 2 RV T, where V is the number
of input variables and T is the length of the time
series. Masking-based methods, such as RISE [9]
and RELAX [18], use masks M 2 f0;1g¥ T sam-
pled from distribution D, to mask out features in
the input space. Here the n index identifies the n-th
sampled mask. The masking is done through elemen-
twise multiplication such that X (M) = X M.
The resulting change in the model output can then
be computed:

y (M) =f(X(M)): (1)
The result is therefore a relevance map over the
input features in the input domain.

Instead, assume an invertible mapping from the
time domain, T, into the domain of interest, S,
g: X" ¥ XS, We can formulate an alternative
masking-based approach, where the masks are ap-
plied in the new domain after which the input is
transformed back into the time domain. One exam-
ple of such mapping is the discrete Fourier transform

(DFT), which maps the signal into the frequency
domain, X5 2 CV F. We can then apply masks
M 2 f0;1g¥ F in the frequency domain and obtain
the masked input in the time domain via the inverse

mapping:

X (M)=g '(g(X) M): (2)

We can then use (1) to obtain the changes in the
model output resulting from the mask.

In this paper, we focus on the frequency domain
and the time-frequency domain, obtained through
the DFT and the short-time DFT (STDFT). How-
ever, the formulation can be extended to other in-
vertible mappings.

2.2 FreqRISE

A prominent masking-based framework is RISE [9].
RISE assumes that the masks M are sampled from
a distribution D. RISE then estimates the rele-
vance, R¢ (), of class ¢ for a point in input space,

, as the expected value of the class probability
Ye(M) (obtained using (1)) under the distribution
of M conditioned on M () = 1, i.e. that the
point is observed. Here, according to our definition,

= (v;t) if defined in the time domain, = (v;F)
in the frequency domain, and = (v;t;f) in the
time-frequency domain. For a full derivation of the
mathematical details, see the appendix.

For a high accuracy classifier, we expect Y to
be to be low when the most important features are
removed and, reversely, to be high when important
features are not masked out. In practice, we can esti-
mate the relevance using Monte Carlo sampling. We
produce N masks and estimate the expected value
as a weighted sum, normalized by the expectation
over the masks [9]:
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—m Ye(Mn) Mp:

(3)
n=1
Since the masks are applied in the dual domain, the
resulting relevance map is a map over relevances
in this dual domain. In this work, we deal with
univariate time series, i.e. V = 1, however the
methods can be extended to multivariate cases.
We combine the RISE framework with our pro-
posed frequency and time-frequency masking and
call our method FreqRISE. The FreqRISE frame-
work is shown in Figure 1 when using STDFT as
the invertible mapping.

3 Experimental setup

We conduct experiments on two datasets: the syn-
thetic dataset presented in [12] and AudioMNIST
[21]. Both datasets have been shown to have salient
information in either the frequency or time-frequency
domain [12].



Figure 1.

The FreqRISE framework shown when, as an example, using the Short-Time Discrete Fourier Transform
(STDFT) as the invertible mapping, g. g maps X" into the domain of interest, g: X" !

X S. Here, we sampleN

masks and produceN masked versions ofX S. Using the inverse of g, we map back to the time domain, obtain ¥,
and compute the relevance map as a weighted average over the masks.

3.1 Synthetic data

We use the same synthetic dataset as in [12]. The
dataset is speci cally designed to have the salient
information in the frequency domain and therefore
allows us to test the localization ability of the XAl
methods. Each data point is created as a sum over
J sinusoids. J is sampled uniformly from U(10; 50)

X
Xt =
j
We set all 3 = 1, randomly sample the phase

U(0;2 ), and add normally distributed noise
N (0; ). The length of the signals is set toT = 2560

L2t
g sin ——+ j +:
Tk

(4)

and all frequency components are sampled as integer

values within the range k; Uf 1;59g. We train
the models to detect a combination of frequencies,
k 2f5;16;32 53g from the time series signal. The
classes are created from the powerset & and we

therefore have 16 classes. Figure 2 shows a sampl

from the dataset. We train a 4-layer multilayer

Figure 2. A sample from the synthetic dataset with
salient features at k = f5; 16; 53g marked in blue in the
frequency domain.

perceptron (MLP) with a hidden size of 64 on two
di erent versions of the raw time series: one with
noise level =0:01 and one with =0:8. In both
cases, we use POsamples for training. We test the
models on a test set of size 1000 with no noise.
We use FreqRISE to compute relevance maps. We
use the one-sided DFT to transform the signals to
the frequency domain and sample binary masks,

zeroing out single frequencies withp = 0:5 from a
Bernoulli distribution. Similar to recent work [18],
we useN = 3000 masks to obtain relevance maps.

3.2 AudioMNIST

AudioMNIST is a dataset consisting of 30,000 audio
recordings of spoken digits (0-9) repeated 50 times
for each of the 60 speakers (12 female/48 male) [21].
We follow [21] and downsample all signals to 8kHz
and zero-pad all windows to 8000 samples.

We use the same 1D convolutional architecture as
in [21] on the raw time series and train two versions:
one for predicting the spoken digit and one to predict
the gender of the speaker. Since the fundamental
frequency is known to be discriminative for gender
[22], we expect the salient information for the gender
task to be localized in the frequency domain. The
digit task, however, will likely be localized in both
time and frequency, since we expect the numbers to
Be discriminated both through their formant infor-
mation [23] (frequency domain) and the ordering of
these in time (time domain).

We use FregRISE to compute relevance maps in
the frequency and time-frequency domains and stan-
dard RISE in the time domain. We use 1000 data
points from the gender and digit test sets respec-
tively for testing the explanation methods. All rel-
evance maps for AudioMNIST are estimated using
N = 10;000 sampled masks. All masks are sampled
from a Bernoulli distribution with p =0:5 on a lower
dimensional grid and linearly interpolated to create
smooth masks. When computing the (Freq)RISE
relevance maps, we use the logits prior to the soft-
max activation, since these show higher sensitivity
to changes in the input.

In the time-frequency domain, we use the one-
sided STDFT with a Hanning window of size 455
and an overlap of 420 samples between subsequent
windows following [21]. In the STDFT domain, we
use binary grids of size 25 25. In the time and
frequency domains, we use grids of size 200.



3.3 Baselines Table 1. Localization (L) and complexity (C) on the
synthetic data.
As baselines, we use Integrated Gradients (IG) [24]

and Layer-wise Relevance Propagation (LRP) [7]. Low noise Noisy
When computing relevance maps in the frequency

and time-frequency domains, we follow [12] and L") C#H L) CH#
equip the models with virtual inspection layers, |G 99:1% 1:10  524% 196
which map the input into the relevant domains. Due ~ LRP 99:1% 111  638% 1:34

to relevance conservation, we are restricted to us- FréqRISE  100:0%  7.09 100:0% 709
ing rectangular, non-overlapping windows for the

STDFT. We therefore use rectangular windows of

size 455 with no overlap. 4.1 Synthetic data results

o : The two models trained on the synthetic dataset

3.4 Quantitative evaluation both achieve an accuracy of 100%. Table 1 shows
Due to the lack of ground truth explanations [25], the localization and complexity scores across the
guantitative evaluation for XAl is performed by di erent methods for both the model trained on the
measuring desirable properties [26]. Below we delow n0|se_and the noisy datasets. The results on
scribe three such desirable properties that we use to the low noise model show that all XAl methods per-
quantify the quality of the relevance maps. form approximately equal on the localization score,

Localization:  Localization scores are widely used While 1G and LRP yield relevance maps with sub-
to evaluate if explanations are co-located with a Stantially lower complexity scores compared to Fre-
region of interest [13, 18]. For the synthetic data, RISE. However, when we move to the noisy model,
we know the ground truth explanations and can the localization score of FreqRISE is unchanged,
therefore use localization metrics to evaluate the Whereas both IG and LRP have much lower perfor-
methods. We use therelevance rank accuracy[27]. Mmance. The complexity of the IG and LRP relevance
Assuming a ground truth mask, GT, of sizeK and Maps IS sllghtly higher on the noisy model, while
a relevance mapR , we take the K points with the the complexity of the FreqRISE is unchanged. An
highest relevance. We then count how many of these €xa@mple of the computed relevance maps is shown
values coincide with the positions in the ground truth " the appendix.

Rp, > > Ry, g, i.e. p denotes the position, we 4 2  AudioMNIST results
compute:

) . The model trained on the digit classi cation task
JPtOP_K \_GTJ; 5) achieves and accuracy of 96.9%, while the model
JGT] trained on the gender tasks achieves an accuracy of
Faithfulness: Faithfulness measures to what de- 98.6%. . . . :
gree an explanation follows the predictive behaviour Fgllpwlng the procedure Qescnbed In Section .3'4'
we initially compute the faithfulness results. Fig-

of the model and is a widely used measure for quan- ) o
tifying quality of explanations [12, 16]. We follow ure 3_(top) ShO_WS the deletion plots fqr the digit clas-
prior works [12, 13] and compute faithfulness as si cation task in the frequency and t|me_-f_requency
) . . domain. We have also included two additional base-
follows. Given a relevance mapR , we iteratively re- . .
lines, namely randomly deleting features (Rand.)
and deleting features based on their amplitude
(Amp.). In both domains, the mean true class prob-
ability quickly drops. After dropping only 10% of
the features, FreqRISE has a mean true class prob-
ability of 0:139 in the time-frequency domain and
0:248 in the frequency domain. After this, the value
continues to drop with features being removed.
Figure 3 (bottom) shows the same results for the
gender classi cation task. Here, the mean true class
probability using FreqRISE is 0:435 after dropping
only 5% of the features in the frequency domain,
and the same value in the time-frequency domain is
4 Results 0:445. The other methods drop to lower values in the
time-frequency domain, indicating that FreqRISE
We present a comprehensive evaluation of FreqRISE struggles more to identify relevant features in the
using the experimental setup described in Section 3.time-frequency domain.

Relevance rank accuracy =

by setting the signal value to 0. We then evaluate
the model performance as the mean probability of
the true class and plot it to produce deletion plots.
Finally, we compute the area-under-the-curve (AUC)
to produce our nal faithfulness metric. A low AUC
means that the explanation is faithful to the model.

Complexity:  Finally, we evaluate the complexity
of the explanation as an estimate for the informa-
tiveness [28]. The complexity is estimated as the
Shannon entropy of the relevance maps.



Figure 4. AudioMNIST: Gender task. We show rel-
evance maps computed by LRP and FreqRISE in the
time and frequency domain. The salient information is
more localized in the frequency domain.

Figure 3. AudioMNIST: Deletion plots for both tasks
in frequency and time-frequency domains. We delete
features according to the importance and measure model
outputs. FreqRISE outperforms the baselines in both
domains on the digit task and the frequency domain on
the gender task.

Table 2. AudioMNIST: Faithfulness (top) and Com-
plexity (bottom) scores for explanations in the time (T),
frequency (F) and time-frequency (TF) domains.

Figure 5. AudioMNIST: Digit task. STDFT of the

Digit ( #) Gender (#) signal on the left and the FregRISE relevance map in the
T E TE T E TE time-frequency domain on the right. The relevance map
IG ‘183 252 197 470 428 389 shows the bene t of having both the time and frequency
LRP 168 205 214 :401 431 420 axis, when the describing the digit data.
(Freq)RISE  :233 :160 :104 :419 :416 1423
Digit (#) Gender (#) ) ) _
T FTF T FTF computed in the time domain on the gender clas-
G 693 G4l 526 657 474 404 si cation task. Figure 4 (bottom) shows the same
LRP 6:88 584 467 678 516 416 sample inthe frequency domain. The sample is from

(Freq)RISE  8:86 817 1082 886 801 1078 a female speaker and the model correctly predicts
the class. We see that LRP has a very sparse but
scattered signal in the time domain, while RISE

In Table 2 (top), the faithfulness scores are shown appears very noisy. Moving to the frequency do-
for both models in all three domains. We notice that main, the relevance is much more localized, with
in the time domain, RISE performs either worse FreqRISE putting most emphasis on the fundamen-
or equivalently compared to LRP. However, when tal frequency, while LRP also focuses on the har-
we move to the frequency domain, the faithfulness monics. The fundamental frequency is known to be
scores are lowest for FreqRISE in both cases. Finally, discriminative of gender [22].
when we look at the time-frequency domain, the  Figure 5 shows the relevance map computed using
faithfulness score increases for FreqRISE on the FreqRISE in the time-frequency domain for the digit
gender task, while it decreases on the digit task.task. The spoken and predicted digit is 9. The
These results indicate that the information is sparser STDFT reveals that the signal starts around t =
for the digit task in the time-frequency domain. 0:3s, where the relevance map puts most of the

Table 2 (bottom) shows the complexity scores relevance. However, around = 0:5s, there are two
across all methods, domains and tasks. Again, it distinct patterns emerging along the frequency axis.
is clear that the complexity of the masking based The fact that the method is allowed to distribute the
methods is higher compared to the remaining meth- relevance di erently across frequencies depending on
ods. the time shows the bene t of having both the time

Figure 4 (top) shows an example of relevance mapsand frequency component when computing relevance
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