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Abstract001

The demand for explainable AI models continues to002

grow with the rise of AI-based solutions. Relatively003

few explainability methods address time series due to004

the complex nature of the data. We propose learning005

saliency maps over both time and frequency via006

the discrete wavelet transform and the short-time007

Fourier transform. Faithfulness scores show that008

our method is on par with current state-of-the-art009

methods.010

1 Introduction011

Several critical domains, such as climate [1], finance012

[2], and healthcare [3], heavily rely on time series013

data. With the increase of automated processes014

based on deep learning, the need for explainability015

of such models becomes increasingly more important.016

While a wide range of methods have been developed017

to explain predictions in image-based models, the018

same cannot be said for time series data.019

Time series are difficult to interpret [4]. Despite020

many models being trained on the raw time signals,021

the important patterns may exist in a latent feature022

domain, such as the frequency domain [5].023

Learnable masks are a popular choice for creating024

attribution maps in the time domain, making them025

a suitable option for explainable time series [6, 7].026

The masks are learned through gradient descent027

using an objective function that masks out much of028

the input while not changing the model prediction.029

As these approaches assume that localized salient030

information is in the time domain, they fall short031

when relevance is found in the frequency domain.032

To address this limitation, FreqRISE [8] was pro-033

posed as a model-agnostic framework that jointly034

learns salient features in both the time and fre-035

quency domains. The method estimates relevance036

using Monte Carlo sampling across multiple masks037

to identify key features. Although FreqRISE offers038

competitive performance to established baselines,039

such as Integrated Gradients [9] and Layer-wise Rel-040

evance Propagation [10], it suffers from inefficient041

sampling and can potentially introduce artefacts by042

zeroing out frequency components. To overcome043
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these issues, FLEXtime [11] was introduced to ex- 044

plain time series purely in the frequency domain by 045

decomposing the signal into frequency bands using 046

a filterbank. 047

In this work, we combine the strengths of FLEX- 048

time and FreqRISE by introducing a mask-based 049

approach to identify cross-domain saliency. By repre- 050

senting the signal jointly in the time and frequency 051

domains, our method aims to learn a mask that 052

captures salient features across time and frequency 053

simultaneously. 054

2 Methods 055

We consider two signal representations: the Dis- 056

crete Wavelet Transform (DWT) using the Symlet2 057

mother wavelet, and the Short-Time Fourier Trans- 058

form (STFT). The objective is to learn a mask, M , 059

that highlights the most relevant components of the 060

input signal X for a given prediction task. The 061

masked input is defined as the element-wise product 062

between the time-frequency representation (X̃) of 063

the input (X) and the mask: XM = X̃ ◦M . The 064

prediction based on the masked input is then given 065

by ŷM = f(XM ), where f(·) represents the trained 066

model. An optimal mask should preserve the model’s 067

predictive behaviour, i.e. ŷM ≈ ŷ, where ŷ = f(X) 068

is the original prediction. To measure the deviation 069

caused by masking, we use the cross-entropy loss: 070

LD(ŷ, ŷM ) = −
C∑

c=1

ŷc log(ŷ
M
c ). (1) 071

As ŷM = ŷ if M is all ones, we need to impose a 072

sparsity constraint on the mask, which is done using 073

the ℓ1-norm: 074

LR(M) = max

(
∥M∥1
L

− r, 0

)
, (2) 075

where L is the number of elements in the mask 076

and r is a ratio parameter that controls the spar- 077

sity threshold. To ensure temporal consistency, we 078

include a smoothness regularization term that pe- 079

nalizes abrupt changes in the mask values over time. 080

For the STFT, where each coefficient corresponds 081

to a uniform time interval, we use the following 082
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Table 1. Hyperparameters.

λR λS r

DWT 0.5 10 0.1
STFT 2 5 0.05

smoothness loss:083

LS =
1

L

∑
f∈F

T−1∑
t=1

(Mf,t+1 −Mf,t)
2, (3)084

where F is the set of frequency bands. For the DWT,085

where time–frequency resolution varies across scales,086

a weighted version of this constraint is applied, as-087

signing higher penalties to frequency bands with088

lower temporal resolution. The overall loss function089

thus becomes090

L = LD(ŷ, ŷM ) + λRLR(M) + λSLS(M). (4)091

Evaluation of an explanation is a challenging task.092

As no ground truth exists, the quality of an expla-093

nation is usually determined by measuring different094

properties that are deemed desirable. In this work,095

we focus on faithfulness, which measures how aligned096

an explanation is with the prediction of a model.097

The idea is that by removing the 10% most impor-098

tant features as given by the explanation, the mean099

true class probability drastically drops. Likewise, by100

adding the 10% most important features, we expect101

it to be high.102

3 Experimental Setup103

Experiments are conducted on the AudioMNIST104

dataset [12], which consists of 30,000 audio record-105

ings of spoken digits (0–9), each repeated 50 times by106

60 different speakers (12 female/48 male). All record-107

ings are downsampled to 8kHz and zero-padded to108

a fixed length of 8,000 samples, following the proce-109

dure from [12]. The 1D convolutional neural network110

proposed by [12] is used as the model f . The network111

was trained and released in [8], and the same weights112

are used in this study to ensure comparability with113

previous work. The selected hyperparameters are114

listed in Table 1. For the DWT representation, the115

mask is initialized with 10% non-zero values per fre-116

quency band, drawn uniformly from [0, 0.1]. For the117

STFT representation, 10% of elements are randomly118

distributed across time and frequency with values119

from [0, 1].120

Experiments are reported as an average of 300121

samples run over 50 different seeds, which can be122

seen in Table 2. For comparison, FreqRISE gets an123

insertion faithfullness score of 0.86 and FLEXtime124

of 0.91 [11]. In Figure 1, an example explanation is125

shown for the time series corresponding to the spo-126

ken digit “4” (top row), using both the DWT (second127

Table 2. Mean faithfulness scores across 50 experiments.
I = insertion, D = deletion, RI = random insertion, RD
= random deletion.

I(↑) D(↓) RI(↑) RD(↓)
DWT 0.91 0.63 0.25 0.95
STFT 0.96 0.77 0.41 0.96

Figure 1. Top: Time series of the digit ”4”. Middle:
Learned attribution map DWT. Bottom: Learned at-
tribution map using STFT.

row) and STFT (third row) representations. Both 128

methods highlight higher-frequency components in 129

the interval [0.2, 0.4] s and lower-frequency compo- 130

nents in the interval [0.4, 0.65] s. The mask obtained 131

with the DWT appears less smooth compared to the 132

STFT. 133

4 Discussion and Conclusion 134

We proposed a framework for learning saliency maps 135

in the time–frequency domain using different sig- 136

nal representations. Both the STFT-based and 137

the DWT-based approaches achieved high insertion 138

faithfulness scores, with STFT performing slightly 139

better and even surpassing established baselines such 140

as FreqRISE and FLEXtime. The attribution maps 141

generated from the DWT representation appeared 142

less smooth and displayed more jitter. This may be 143

due to the non-uniform resolution of the DWT. This 144

suggests that the fixed time–frequency resolution of 145

the STFT may be more suitable for audio data. 146

Future work will focus on optimizing hyperparam- 147

eters, extending the evaluation to additional datasets 148

and metrics, and conducting a more systematic com- 149

parison with other explainability methods. 150
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