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Abstract

Human sensing with radio signals has emerged as a non-
intrusive and occlusion-robust alternative to vision-based ap-
proaches, and WiFi signals further support device-free sens-
ing. However, current approaches deeply rely on neural net-
works, whose black-box nature hinders model transparency
and explainability, limiting the use of WiFi-based human
sensing in critical fields. For model explainability, recent
works have studied saliency methods which attribute model
outputs to important features, but they mostly bias in favor
of common modalities (e.g., images, time series). This paper
proposes a Matryoshka-like saliency method, MatryMask, an
initial exploration of feature attribution for human sensing
with radio signals. Compared to existing methods that require
empirical knowledge about the sparsity of important features,
MatryMask regularizes multiple masks to highlight salient ar-
eas at different scales, adapting to the uncertain and varying
sparsity of important features in radio signals. To effectively
perturb radio signals, we devise a novel frequency-removal
perturbation beyond existing spatial/time-domain perturba-
tions. Experimentally, MatryMask outperforms state-of-the-
art saliency methods and significantly improves the attribu-
tion performance by up to 38.1∼70.6% for three tasks.

Code — https://github.com/huangshk/MatryMask

1 Introduction
Human sensing is foundational to user behavior analysis
for various applications, such as healthcare (Yang, Zhang,
and Zhang 2022), smart homes (Ding et al. 2022b), security
monitoring (Zhu et al. 2022), and augmented/virtual reality
(Tan et al. 2022). Recently, using radio signals has demon-
strated remarkable potential for non-intrusive human sens-
ing (Nirmal et al. 2021), since it does not require on-body
sensors or cameras to collect data, enhancing user privacy
and convenience. Compared to camera-based sensing, the
use of radio signals is more robust to adverse conditions,
involving smoke, darkness, and non-line-of-sight situations
(Kong et al. 2022). Specifically, radio signals can be col-
lected from ubiquitous existing WiFi devices, which fur-
ther enable device-free human sensing without additional
deployments (Hussain, Sheng, and Zhang 2020).

Copyright © 2026, Association for the Advancement of Artificial
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Theoretically, human bodies interfere with radio signals
and lead to signal fluctuations (Wei et al. 2015). For WiFi
devices, such fluctuations are recorded in Channel State In-
formation (CSI), which thereby contains implicit features
for human sensing (Wang et al. 2015). In practice, the im-
plicit features in WiFi CSI are intertwined with excessive
noise and not observable for human perception. To this end,
various neural networks have been used to extract implicit
human features from WiFi CSI, such as Long Short-Term
Memory (LSTM) (Yousefi et al. 2017), Convolutional Neu-
ral Networks (CNNs) (Wang et al. 2019), CNN-LSTM hy-
brids (Kong et al. 2022), and Transformer variants (Li et al.
2021). These models have made considerable contributions
to WiFi-based human sensing, especially for three funda-
mental tasks (Chen, Zhou, and Lin 2023): human identifica-
tion, localization, and activity recognition.

Despite the promising performance of neural networks,
their black-box nature hinders model transparency and ex-
plainability, limiting the practical use of WiFi-based human
sensing. Such transparency and explainability are crucial
for users to understand, trust, and improve human sensing.
Specifically, it is worth studying whether these models have
really captured the signal fluctuations caused by human in-
terference in radio signals. Hence, it necessitates the attri-
bution of model outputs to important features, highlighting
significant channels and time for human sensing. The high-
lighted temporal channel features help us understand how
models distinguish human-related patterns from noise in ra-
dio signals, enhancing stakeholder trust to abate potential
ethical and legal concerns, especially in critical fields such
as healthcare (Amann et al. 2020) and public security (Has-
sija et al. 2024). Moreover, understanding how models rec-
ognize human-related patterns can help analyze the strengths
and weaknesses of models to develop better human sensing.
Such an obvious and essential need motivates us to explore
feature attribution for WiFi-based human sensing.

For feature attribution, saliency methods aim to high-
light input features that are responsible for model out-
puts, gaining much interest in computer vision (Fong,
Patrick, and Vedaldi 2019), time-series analysis (Tonekaboni
et al. 2020), etc. Diverse saliency methods have been pre-
sented, such as surrogate-based methods (Ribeiro, Singh,
and Guestrin 2016), gradient-based methods (Sundararajan,
Taly, and Yan 2017), and attention-based methods (Choi
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Probability of "Fall" = 9.99 10-1

(a) Original radio signal.

HighLow Saliency

(b) Learned attribution mask.

Probability of "Fall" = 3.98 10-7

(c) Perturbed radio signal.

Figure 1: The attribution mask (b) highlights the importance of features in a radio signal sample (a) for human activity recogni-
tion (HAR). For an HAR model, THAT (Li et al. 2021), perturbing important features (c) significantly diminishes the predicted
probability of activity “Fall”, proving that the attribution mask can outline the human-related pattern recognized by the model.

et al. 2016). Recently, perturbation-based methods (Crabbé
and Van Der Schaar 2021; Enguehard 2023) have become
popular because they require less intervention in black-box
models, using the variations in model outputs caused by in-
put perturbations to produce post-hoc attributions. However,
most saliency methods bias in favor of common modalities
(e.g., images, time series) (Ghassemi, Oakden-Rayner, and
Beam 2021), while it is more challenging to highlight fea-
ture importance based on radio signals because: (1) Human-
related patterns in radio signals are intertwined excessive
noise. Existing methods depend on the empirical knowl-
edge (e.g., sparsity) of common modalities for attribution,
but such knowledge cannot be intuitively observed in radio
signals. Across radio signal samples, the sparsity of impor-
tant features is uncertain and varying, making existing meth-
ods less effective, as discussed in Section 2; (2) Radio sig-
nals are initially designed for wireless communication in the
frequency domain, and thus the spatial/time-domain pertur-
bations for other modalities are less meaningful.

In this paper, we propose a Matryoshka-like saliency
method, MatryMask, to explore feature attribution for hu-
man sensing with radio signals, as shown in Figure 1. To
address the uncertain and varying sparsity of important
features, MatryMask includes multiple masks to highlight
salient areas at different scales. We regularize the begin-
ning masks to capture large salient areas, while the sub-
sequent masks focus on increasingly smaller salient areas.
After applying mask-associated perturbations to inputs in a
nest fashion, MatryMask highlights important features ac-
cording to the variations in model outputs, adapting to the
uncertainty and variability in radio signals. In line with
the frequency-domain nature of radio signals, we devise
a frequency-removal perturbation to remove principle fre-
quency components from inputs, effectively perturbing hu-
man features that are essentially the frequency response of
wireless channels (Wang et al. 2015). Finally, we aggregate
all learned attribution masks into an optimal mask, which
pinpoints significant temporal channel elements for human
sensing and outlines human-related patterns recognized by
models. Our main contributions are as follows:

• We propose MatryMask, a novel perturbation-based
saliency method for human sensing with radio signals. To
the best of our knowledge, this is the first attempt to study
the explainability of WiFi-based human sensing.

• We build multiple masks in MatryMask to learn salient ar-

eas at different scales and perturb inputs in a nested fash-
ion. We design a frequency-removal perturbation beyond
existing spatial/time-domain perturbations.

• We conduct extensive experiments to demonstrate the
attribution performance of MatryMask for three human
sensing tasks. We also illustrate the effectiveness of Ma-
tryMask via quantitative analysis and ablation study.

• We further adopt a widely-used synthetic dataset (Engue-
hard 2023) based on a hidden Markov model (HMM) to
prove the superiority of MatryMask in feature attribution
for general time-series models (Appendix B).

2 Preliminary
Problem Formulation. Given a radio signal sample X ∈
RC×T with C channels over T time steps, a human sensing
model f (·) takes X as an input to yield an output f (X). We
regard f (·) as a black-box model whose intermediate layers
and gradients are inaccessible. To highlight feature impor-
tance for f (·), a perturbation-based saliency method learns
an attribution mask M ∈ RC×T of the same dimensions as
X. Each element mc,t ∈ M indicates the importance of fea-
ture xc,t ∈ X for f (X), where c ∈ [1, 2, ..., C] is the chan-
nel index, and t ∈ [1, 2, ..., T ] denotes the time step. With
mc,t in the range of [0, 1], mc,t close to 1 means the feature
at channel c and time t is important, while mc,t close to 0
means the feature at channel c and time t is unimportant.

Typically, perturbation-based saliency methods include
two steps: (1) applying perturbations µ (·) to the input based
on the mask M; (2) optimizing M according to the varia-
tions in the model output. Without loss of generality (Crabbé
and Van Der Schaar 2021; Enguehard 2023), the perturbed
input can be presented as ΦM (X) = MX+(1−M)µ (X).
To optimize M, the objective function normally includes:
an error term Le (f (X) , f (ΦM (X))) and a regulariza-
tion term Lr (M). The error term represents variations in
the output f (ΦM (X)) with respect to the original output
f (X). The regularization term regulates the sparsity of M.
Overall, the objective of perturbation-based saliency method
can be defined as: arg minM Le (f (X) , f (ΦM (X))) +
Lr (M). We formulate this objective in the preservation
mode and discuss the deletion mode in Appendix A.8.

Mask Sparsity. In perturbation-based saliency methods, a
pivotal issue is how to ensure that only important features
are highlighted, which is equivalent to regularizing mask
sparsity in Lr (M). To account for this, DynaMask (Crabbé
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and Van Der Schaar 2021) introduces a term La (M) =
∥vecsort (M)−ra∥2 to highlight a proportion a of input fea-
tures as salient areas. However, we do not have prior knowl-
edge of the optimal proportion, since the human-related pat-
terns in radio signals cannot be intuitively observed. Extr-
Mask (Enguehard 2023) adopts the l1-norm to regularize
mask sparsity as λ1∥M∥1, but the choice of fixed λ1 is chal-
lenged by the varying sparsity of important features across
radio signal samples. Therefore, MatryMask builds multiple
masks to learn salient areas at different scales adaptively.

Meaningful Perturbations. During mask optimization,
the associated perturbations µ (·) are applied to model in-
puts to yield perturbed outputs. Therefore, meaningful per-
turbations are key to high-quality attribution masks, such as
Gaussian blurs for images (Fong and Vedaldi 2017; Fong,
Patrick, and Vedaldi 2019) and moving averages for time
series (Crabbé and Van Der Schaar 2021). ExtrMask (En-
guehard 2023) further introduces a neural network NN(·)
to generate perturbations, but it is vague about how to de-
fine the architecture of NN(·). The learning of NN(·) also
leads to increased computational overhead. More impor-
tantly, there is a gap between the above spatial/time-domain
perturbations and the frequency-domain nature of radio sig-
nals. To cope with these, we devise a frequency-removal per-
turbation to simply yet effectively perturb radio signals.

3 Methodology
3.1 MatryMask
We establish N masks M+=

{
Mn∈RC×T |n ∈ [1, ..., N ]

}
,

where each Mn has the same dimensions as the input X,
as shown in Figure 2. mn

c,t in the range of [0, 1] denotes an
element of Mn. In a nested fashion, we apply the perturba-
tions associated with masks to generate a Matryoshka-like
perturbed input as:

ΦMn (X)=


MnX+ (1−Mn)µ (X) if n = 1,

MnΦMn−1 (X)+

(1−Mn)µ (ΦMn−1 (X))
if n > 1.

(1)

Such formulations can be regarded as a generalization of
DynaMask (Crabbé and Van Der Schaar 2021) and Extr-
Mask (Enguehard 2023), which are equivalent to Matry-
Mask when N = 1. However, the single mask in DynaMask
and ExtrMask can hardly determine feature importance of
different degrees, because the elements in each mask are en-
forced to be near 0 or 1. Therefore, the idea behind using
multiple masks is that the features of higher importance will
be highlighted by more masks compared to less important
features. By aggregating multiple masks, we can highlight
the importance of features to varying degrees and thereby
achieve better adaptability and attribution performance.

Mask Sparsity. On each mask Mn, we use a regulariza-
tion term Lan (Mn) to highlight a proportion an of features
as salient areas:

Lan (Mn) = ∥vecsort (Mn)− ran∥2 . (2)

vecsort (Mn) sorts the elements in Mn in an ascending or-
der, and ran = [0, 0, ..., 1, 1] is a vector with (1− an) ·C ·T

zeros followed by an · C · T ones. One of the primary nov-
elties in MatryMask is that we alleviate the rigorous tuning
of an ∈ R by setting an ∈ [amin, amax]. Accordingly, we
can simply adopt a large range for an, such as amin = 0.1
and amax = 0.9, to cope with the uncertain sparsity of im-
portant features. Meanwhile, we define an−1 > an > an+1

to make the initial masks cover large salient areas and the
following masks capture increasingly focused salient areas,
enabling MatryMask to adapt to varying sparsity of impor-
tant features. For all masks in M+, the regularization term
of MatryMask can be summarized as:

Lr

(
M+

)
=

N∑
n=1

Lan (Mn) . (3)

After the model f(·) takes ΦMN (X) as input to
yield a perturbed output f (ΦMN (X)), an error term
Le (f (X) , f (ΦMN (X))) encourages M+ to highlight im-
portant features that minimize the distance between original
outputs and perturbed outputs. Typically (Crabbé and Van
Der Schaar 2021; Enguehard 2023), Le can be implemented
using the cross-entropy loss for classification tasks or the
squared error for regression tasks.

Mask Optimization. The overall objective of MatryMask
is to optimize M+ by minimizing the loss function including
the error term and the regularization term:

arg min
M+

Le (f (X) , f (ΦMN (X))) + Lr

(
M+

)
, (4)

where Le urges M+ to highlight important features that
contribute to the original output, and Lr makes M+ adapt
to uncertain and varying sparsity of important features. In
Equation (4), we do not rely on any extra hyperparameters,
such as λ1 in ExtrMask (Enguehard 2023), to balance Le

and Lr, because we can strengthen the adaptability of Ma-
tryMask by simply using more masks in M+ along with
a larger range of an ∈ [amin, amax]. Compared to previ-
ous works, such formulations mitigate the laborious tuning
of hyperparameters in mask optimization. For example, the
attribution performance of ExtrMask (Enguehard 2023) is
highly sensitive to differing hyperparameters, as shown in
its experiments. We will further discuss the benefits of us-
ing more masks (i.e., an increasing N ) and a larger range of
an ∈ [amin, amax] via quantitative analysis in Section 4.2.

Mask Aggregation. After the optimization of M+, there
are two strategies to aggregate all masks into an optimal
mask M∗. (1) The multiplicative strategy calculates the
product of all masks in M+ as: M∗ =

∏N
n=1 M

n. (2) The
additive strategy calculates the summation of all masks in
M+ as: M∗ = 1

N

∑N
n=1 M

n. Since the masks in M+ have
learned salient areas at different scales, such aggregations
integrate all masks to create an adaptive optimal attribution
mask. We will further compare these two aggregation strate-
gies via ablation study in Appendix A.7.

The optimal attribution mask M∗ highlights the impor-
tant features to pinpoint the significant temporal channel
elements that contribute to human sensing, helping us un-
derstand how models recognize human-related patterns from
multiple radio channels over a time period.
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Figure 2: MatryMask constructs N masks to highlight the feature importance of an input X for the black-box model f(·) to
produce an output f(X). Each mask Mn is regularized to highlight a proportion an of features as salient areas.

3.2 Frequency-removal Perturbation
Radio signals are designed and modulated for wireless com-
munication in the frequency domain, where useful implicit
features are actually the frequency response to human in-
terference (Wang et al. 2015). Therefore, for perturbation-
based saliency methods based on radio signals, it necessi-
tates perturbations in the frequency domain as a substitute
for spatial/time-domain perturbations (Fong, Patrick, and
Vedaldi 2019; Enguehard 2023). Recent studies (Zhou et al.
2022b,a; Yi et al. 2023) have also proved that frequency-
domain analysis helps improve the performance of various
models, while perturbation-based saliency methods in the
frequency domain are still unexplored.

In response to this, we propose a frequency-removal per-
turbation to effectively perturb radio signals by removing
principle frequency components from inputs. Despite the
frequency-domain nature of radio signals, they are typically
recorded in the time domain for convenience, and thus we
use the discrete Fourier transform F (·) to convert each time-
domain input into the frequency domain. Given an input
X ∈ RC×T with C channels and T time steps, each channel
is individually converted into the frequency domain, deriv-
ing Z = F (X) ∈ RC×K with C channels and K frequency
components, where K usually equals to T . Each zc,k ∈ Z is
transformed from xc,t ∈ X by:

zc,k =
T∑

t=1

xc,t · e
−j·2π·(t−1)

T (k−1), (5)

where k ∈ [1, 2, ...,K], and j is the imaginary unit. In each
channel Zc ∈ RK of Z, we filter out v · K components
of the largest amplitudes as topv(|Zc|) ∈ Rv·K , where v
is the removal ratio. According to topv(|Zc|), principle fre-
quency components in Z are removed to yield Z′ = ρv(Z) ∈
RC×K , where each element z′c,k ∈ Z′ can be described as:

z′c,k=ρv (zc,k)=

{
0 |zc,k| ∈ topv(|Zc|) and k ̸= 1,

zc,k otherwise.
(6)

We do not remove zc,1 because the purpose of frequency
removal is to perturb useful implicit features in signal fluc-
tuations, while zc,1 represents the static component of each

channel and does not involve signal fluctuations. Essen-
tially, zc,1 disentangles feature-agnostic information from
each channel to build meaningful perturbations. After fre-
quency removal, Z′ represents the perturbations in the fre-
quency domain, while in Equation (1) we need to apply per-
turbations in the input domain. Therefore, we use inverse
discrete Fourier transform F−1 (·) to convert it back into
the time domain as X′ = F−1(Z′) ∈ RC×T . Each element
x′
c,t ∈ X′ can be calculated by:

x′
c,t =

1

K

K∑
k=1

z′c,k · e
j·2π·(k−1)

K (t−1). (7)

Overall, we outline the frequency-removal perturbation as:
µ (X) = X′ = F−1 (ρv (F (X))) . (8)

This method not only perturbs radio signals in the frequency
domain effectively but also is compatible with any in-
put domains, extending frequency-removal perturbations as
plug-and-play modules to other perturbation-based saliency
methods (Enguehard 2023; Liu et al. 2024; Lu et al. 2024).

4 Experiments
We use MatryMask to highlight feature importance for three
WiFi-based human sensing tasks: human identification, lo-
calization, and activity recognition (HAR).

Datasets and Models. (1) For human identification, we
implement a CNN-1D model (Wang et al. 2019) on the MM-
Fi dataset (Yang et al. 2024). (2) For human localization, we
employ an attention-based bidirectional LSTM (ABLSTM)
(Chen et al. 2018) model on the ARIL dataset (Wang et al.
2019). (3) For HAR, we establish a THAT (Li et al. 2021)
model on the Office dataset (Yousefi et al. 2017). Following
previous works (Enguehard 2023), we shuffle the samples in
each dataset and split them into 5 folds for cross-validation.
More details of datasets and models are in Appendix A.1.

Attribution Baselines. We compare MatryMask with 8
saliency methods. (1) For surrogate-based methods, we
adopt Lime (Ribeiro, Singh, and Guestrin 2016). (2) For
gradient-based methods, we use Integral Gradient (IG) (Sun-
dararajan, Taly, and Yan 2017) and GradSHAP (GS) (Lund-
berg et al. 2018). (3) For attention-based methods, we em-
ploy Retain (Choi et al. 2016). (4) For perturbation-based
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Task Method Acc. ↓ F1 ↓ CE ↑ Comp. ↑ Suff. ↓
Id

en
tifi

ca
tio

n
Random 0.8250±0.0161 0.8212±0.0131 0.3742±0.0477 0.0079±0.0049 0.0689±0.0283
Lime (Ribeiro, Singh, and Guestrin 2016) 0.8167±0.0167 0.8121±0.0178 0.4182±0.0460 0.0264±0.0051 0.0646±0.0244
Retain (Choi et al. 2016) 0.8028±0.0264 0.7985±0.0263 0.4491±0.0515 0.0328±0.0131 0.0733±0.0220
IG (Sundararajan, Taly, and Yan 2017) 0.7269±0.0250 0.7138±0.0165 0.5765±0.0346 0.1613±0.0057 -0.0163±0.0231
GS (Lundberg et al. 2018) 0.7407±0.0217 0.7289±0.0219 0.5550±0.0390 0.1409±0.0039 -0.0071±0.0230
FO (Suresh et al. 2017) 0.7019±0.0249 0.6861±0.0279 0.6798±0.0365 0.1981±0.0094 -0.0254±0.0263
AFO (Tonekaboni et al. 2020) 0.6389±0.0234 0.6274±0.0283 0.9870±0.0445 0.2775±0.0098 -0.0628±0.0109
DynaMask (Crabbé and Van Der Schaar 2021) 0.5861±0.0350 0.5724±0.0310 5.1746±0.5478 0.3130±0.0136 -0.1082±0.0163
ExtrMask (Enguehard 2023) 0.5907±0.0343 0.5606±0.0436 2.0649±0.4456 0.3332±0.0443 -0.0580±0.0176
MatryMask (Ours) 0.3630±0.0545 0.3440±0.0444 8.2763±0.3383 0.5679±0.0328 -0.1097±0.0173

L
oc

al
iz

at
io

n

Random 0.9849±0.0053 0.9835±0.0064 0.0698±0.0106 0.0131±0.0022 0.2927±0.0202
Lime (Ribeiro, Singh, and Guestrin 2016) 0.9512±0.0092 0.9476±0.0123 0.1611±0.0347 0.0496±0.0088 0.3011±0.0160
Retain (Choi et al. 2016) 0.9075±0.0354 0.8967±0.0467 0.3392±0.1654 0.0865±0.0345 0.2574±0.0252
IG (Sundararajan, Taly, and Yan 2017) 0.8888±0.0122 0.8811±0.0143 0.4128±0.0598 0.1206±0.0127 0.2298±0.0215
GS (Lundberg et al. 2018) 0.9125±0.0124 0.9094±0.0193 0.2966±0.0355 0.0926±0.0133 0.2512±0.0163
FO (Suresh et al. 2017) 0.8759±0.0158 0.8651±0.0223 0.4463±0.0584 0.1256±0.0136 0.2335±0.0157
AFO (Tonekaboni et al. 2020) 0.8329±0.0223 0.8154±0.0260 0.7923±0.1479 0.1699±0.0223 0.1939±0.0210
DynaMask (Crabbé and Van Der Schaar 2021) 0.7855±0.0145 0.7631±0.0229 0.7888±0.0465 0.2109±0.0131 0.1819±0.0289
ExtrMask (Enguehard 2023) 0.7733±0.0234 0.7489±0.0301 0.9608±0.1240 0.2243±0.0186 0.1418±0.0254
MatryMask (Ours) 0.6908±0.0174 0.6754±0.0188 1.3074±0.1206 0.3084±0.0090 0.0463±0.0092

A
ct

iv
ity

R
ec

og
ni

tio
n

Random 0.9118±0.0074 0.8756±0.0163 0.0994±0.0130 0.0113±0.0024 0.1356±0.0130
Lime (Ribeiro, Singh, and Guestrin 2016) 0.8846±0.0180 0.8349±0.0414 0.2262±0.0408 0.0470±0.0104 0.3711±0.0642
Retain (Choi et al. 2016) 0.9068±0.0080 0.8649±0.0213 0.1401±0.0200 0.0200±0.0047 0.2208±0.0254
IG (Sundararajan, Taly, and Yan 2017) 0.8821±0.0142 0.8316±0.0298 0.2181±0.0090 0.0651±0.0052 -0.0053±0.0055
GS (Lundberg et al. 2018) 0.8402±0.0099 0.7940±0.0219 0.3812±0.0318 0.1100±0.0042 -0.0060±0.0044
FO (Suresh et al. 2017) 0.8523±0.0113 0.8089±0.0285 0.3625±0.0207 0.1024±0.0029 0.0172±0.0071
AFO (Tonekaboni et al. 2020) 0.7732±0.0182 0.7243±0.0332 0.7827±0.0721 0.1902±0.0145 -0.0022±0.0047
DynaMask (Crabbé and Van Der Schaar 2021) 0.7218±0.0461 0.6557±0.0527 1.6118±0.2630 0.2445±0.0445 0.0873±0.0395
ExtrMask (Enguehard 2023) 0.6305±0.0292 0.5499±0.0305 3.1275±0.1971 0.3717±0.0250 0.0680±0.0203
MatryMask (Ours) 0.5993±0.0423 0.5351±0.0287 9.0896±0.9062 0.4075±0.0450 0.1228±0.0362

Table 1: Performance of saliency methods for three tasks based on radio signals. “Random” generates attribution masks from a
uniform distribution over [0, 1). ↑ indicates that the higher results are the better; ↓ indicates that the lower results are the better.

methods, we discuss Feature Occlusion (FO) (Suresh et al.
2017), Augmented FO (AFO) (Tonekaboni et al. 2020), Dy-
naMask (Crabbé and Van Der Schaar 2021), and ExtrMask
(Enguehard 2023), which have shown state-of-the-art attri-
bution performance for time-series models. More details of
baselines are introduced in Appendix A.2.

Evaluation Metrics. We follow previous works (Crabbé
and Van Der Schaar 2021; Enguehard 2023; Lu et al. 2024)
to measure the performance of saliency methods in two
steps: (1) each method generates attribution masks; (2) a
certain ratio of input features are perturbed to evaluate if
the masks have highlighted the most important features.
In step (2), all perturbed features are replaced with aver-
age values xc,t = 1

T

∑T
t=1 xc,t for a fair comparison be-

tween different methods. For example, MatryMask only ap-
plies frequency-removal perturbations in step (1), while in
step (2) its optimal attribution masks are evaluated in the
same way as other methods. Specifically, we perturb 20% of
most important features to measure Accuracy (Acc.), Marco
F1, Cross Entropy (CE), and Comprehensiveness (Comp.),
while we preserve 20% of most important features and per-
turb the others to measure Sufficiency (Suff.). Different per-
turbed/preserved ratios are discussed in Appendix A.5. We

report the means and standard deviations of results via 5-
fold cross-validation, following previous works (Enguehard
2023). More details of metrics are in Appendix A.3.

Implementation Details. Each black-box model is trained
for 200 epochs, and more details of model training are pre-
sented in Appendix A.4. To compare with baselines (Sec-
tion 4.1), we establish 6 masks (N = 6) in MatryMask,
opt for

[
amin, amax

]
= [0.2, 0.8] as the range of an, and

use v = 0.5 as the removal ratio for frequency-removal
perturbations. We schedule {an}Nn=1 linearly from a1 =
amax to aN = amin. The quantitative analysis (Section
4.2) discusses a series of N values and different ranges of
an ∈

[
amin, amax

]
. We vary the removal ratio v for fur-

ther evaluation in Appendix A.6. We initialize mask ele-
ments in MatryMask as 0.5 and use Adam (Kingma and
Ba 2014) to train MatryMask for 200 epochs with a learn-
ing rate of 10−3. For the classification tasks in human sens-
ing, we use the cross-entropy loss to implement the error
term Le (f (X) , f (ΦMN (X))). By default, we use the mul-
tiplicative strategy to aggregate masks, and the additive strat-
egy is discussed in ablation study (Appendix A.7). We ap-
ply Equation (4) to optimize MatryMask in the preservation
mode and discuss the deletion mode in Appendix A.8.
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(a) Attribution for human identification using the CNN-1D model (Wang et al. 2019) on the MM-Fi dataset (Yang et al. 2024).

1 2 4 6 8
0.60
0.65
0.70
0.75
0.80
0.85
0.90

Accuracy ↓

Number of Masks ( N )
1 2 4 6 8

0.60
0.65
0.70
0.75
0.80
0.85
0.90

Macro F1 ↓

Number of Masks ( N )
1 2 4 6 8

0.25
0.50
0.75
1.00
1.25
1.50
1.75

Cross Entropy ↑

Number of Masks ( N )
1 2 4 6 8

0.10
0.15
0.20
0.25
0.30
0.35
0.40

Comprehensiveness ↑

Number of Masks ( N )
1 2 4 6 8

- 0.05
0.00
0.05
0.10
0.15
0.20
0.25

Sufficiency ↓

Number of Masks ( N )

(b) Attribution for human localization using the ABLSTM model (Chen et al. 2018) on the ARIL dataset (Wang et al. 2019).
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Figure 3: Performance of MatryMask with respect to different numbers of masks (N ). Red indicates that the lower results are
the better; Cyan indicates that the higher results are the better.

4.1 Comparison Results
Table 1 shows that MatryMask achieves state-of-the-art at-
tribution performance for three human sensing tasks based
on radio signals. For human identification and localization,
MatryMask consistently outperforms the second best meth-
ods by 10.6∼38.1% in Accuracy, 9.9∼38.7% in Macro F1,
36.0∼59.9% in Cross Entropy, 37.5∼70.6% in Comprehen-
siveness, and 1.8∼67.6% in Sufficiency. For human activity
recognition (HAR), MatryMask is also the best attribution
method on 4/5 metrics except for Sufficiency. We ascribe
this to the gap between using only 20% of important fea-
tures to measure Sufficiency and the fact that there are in-
deed more important features for HAR. Due to the adapt-
ability of MatryMask, it will highlight more than 20% of
important features, and thus only preserving 20% of impor-
tant features cannot reflect the advantages of MatryMask.
This can be observed from the results in Supplemental Fig-
ure 1, where MatryMask attains increasingly better perfor-
mance than other methods when more important features are
preserved. Specifically, when we preserve 60% of most im-
portant features, MatryMask is superior to all other methods
with the lowest Sufficiency of -0.021±0.008.

4.2 Quantitative Analysis
The Number of Masks (N ). MatryMask aims to tackle
the uncertain sparsity of important features by using multi-
ple masks which highlight salient areas at different scales.
Herein, we analyze the effect of using different numbers of
masks N ∈ [1, 2, 4, 6, 8] in MatryMask, as shown in Figure

3. We clearly see that MatryMask can achieve better perfor-
mance when more masks (i.e., an increasing N ) are used.
Meanwhile, when there are already multiple masks (e.g.,
N = 6) in MatryMask, further increasing masks still im-
proves the performance to a smaller extent. These results
illustrate the effectiveness of multiple masks in MatryMask.

The Range of an ∈ [amin, amax]. To adapt to the vary-
ing sparsity of important features across instances, Matry-
Mask adopts a range of an ∈ [amin, amax]. In Figure 4, we
discuss the performance of MatryMask with respect to dif-
ferent ranges of an ∈ [amin, amax] increasing from [0.5, 0.5]
to [0.1, 0.9]. Obviously, we can observe the increasing per-
formance of MatryMask along with larger ranges, which
enable MatryMask to learn salient areas at different scales
without the rigorous tuning of an, proving the adaptability
of MatryMask using larger ranges of an ∈ [amin, amax].

5 Related Work
WiFi-based Human Sensing. Using the human features
from WiFi CSI, three primary sensing tasks thrive, includ-
ing human identification, localization, and activity recogni-
tion (HAR). (1) For human identification, initial methods
have explored Multilayer Perceptrons (MLPs) (Yang et al.
2023), LSTM (Ding, Wang, and Fu 2020), and CNNs (Wang
et al. 2022a; Yang et al. 2022a,b). Recently, CNN-LSTM
hybrids (Mo and Kim 2021; Zhang et al. 2021; Kong et al.
2022) have outperformed other methods by exploiting the
strengths of both LSTM and CNNs. (2) For human local-
ization, the use of Sparse Auto-encoder (Gao et al. 2017),
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Figure 4: Performance of MatryMask with respect to different ranges of an ∈ [amin, amax].

LSTM (Ding et al. 2022a), and CNNs (Wang et al. 2019)
has made remarkable progress in localizing users based on
WiFi CSI. (3) HAR is one of the most challenging tasks in
WiFi-based human sensing. WiFi-based HAR models have
employed MLPs (Zhang et al. 2018), LSTM (Yousefi et al.
2017), CNNs (Moshiri et al. 2021; Zhang et al. 2022, 2023),
ABLSTM (Chen et al. 2018), etc. Combining attention lay-
ers with multi-scale CNNs, THAT (Li et al. 2021) builds a
two-stream convolution augmented transformer to establish
state-of-the-art WiFi-based HAR. However, WiFi-based hu-
man sensing deeply relies on black-box neural networks that
lack model transparency and explainability.

Saliency Methods for Feature Attribution. Deep neural
networks empower the rapid growth of Artificial Intelligence
(AI), while their black-box nature catalyzes the research
on explainable AI (XAI) for model transparency and ex-
plainability. Recent studies have delved into various saliency
methods to analyze feature importance (Lundberg and Lee
2017) with respect to model outputs. (1) Surrogate-based
methods approximate black-box models with transparent
surrogates to estimate feature importance, such as Lime
(Ribeiro, Singh, and Guestrin 2016) and TimeX (Queen
et al. 2024), but it is challenging to choose appropriate trans-
parent models as surrogates. (2) Gradient-based methods ob-
tain feature importance from model gradients based on back-
propagation (Ancona et al. 2018), such as Layer-wise Rel-
evance Propagation (Bach et al. 2015), DeepLIFT (Shriku-

mar, Greenside, and Kundaje 2017), IG (Sundararajan, Taly,
and Yan 2017), and GS (Lundberg et al. 2018). However,
the intermediate layers and gradients of black-box models
may be inaccessible in practice. (3) Attention-based meth-
ods use the inherent matrices in attention layers (Vaswani
et al. 2017) to establish explainable models, such as Retain
(Choi et al. 2016) and DSAN (Lin et al. 2020a), while their
feasibility is limited since they depend on predefined atten-
tion layers which may be absent in black-box models. (4)
Perturbation-based methods have gained increasing popu-
larity since they can acquire model-agnostic and post-hoc
attributions, such as FO, AFO (Tonekaboni et al. 2020), Dy-
naMask (Crabbé and Van Der Schaar 2021), ExtrMask (En-
guehard 2023), ContraLSP (Liu et al. 2024), and CGS-Mask
(Lu et al. 2024). However, feature attribution remains unex-
plored in the field of human sensing with radio signals.

6 Conclusion
This paper presents MatryMask which highlights important
features to help us understand how models recognize signal
fluctuations caused by human interference. To tackle the un-
certain and varying sparsity of important features, multiple
masks in MatryMask are regularized to capture salient areas
at different scales. Given the frequency-domain nature of ra-
dio signals, we formulate a frequency-removal perturbation
to effectively perturb inputs. Experiments prove that Ma-
tryMask achieves state-of-the-art attribution performance in
human identification, localization, and activity recognition.
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