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Abstract—WiFi sensing advancements facilitate the capture
of human gestures from wireless signals, ensuring both privacy
preservation and robustness under low-light conditions. Deep
learning-based WiFi Human Gesture Recognition (HGR) demon-
strates remarkable performance in handling complex gestures.
To reduce labeling efforts, recent years have seen the emergence
of semi-supervised WiFi HGR, leveraging massive amounts of
unlabeled data. However, existing semi-supervised schemes often
assume a balanced class distribution and utilize a fixed threshold
for selecting pseudo-labels of unlabeled samples, leading to low per-
formance for minority classes and decreased model generalization
on real-world imbalanced datasets. To address this issue, we pro-
pose a novel semi-supervised WiFi HGR approach with dynamic
pseudo-labeling thresholds to handle imbalanced class distribution,
incorporating Spatial-Temporal Attention (STA) networks. Unlike
using a fixed threshold for all unlabeled samples, our design imple-
ments class-independent thresholds for different classes, dynami-
cally adjusting them by encoding pseudo-label distribution during
training. To emphasize critical features in informative areas within
the WiFi signals, we incorporate both spatial self-attention and tem-
poral attention mechanisms to dynamically learn salient features
and identify pivotal frames, respectively. Moreover, we introduce
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adaptive WiFi data augmentations that propel the semi-supervised
framework and enhance model robustness. Experimental results on
the Widar3.0 dataset reveal that our approach outperforms existing
semi-supervised methods by large margins in accuracy, effectively
mitigating imbalanced bias and enhancing model generalization.

Index Terms—Gesture recognition, WiFi, semi-supervised
learning, attention networks, imbalanced classification.

I. INTRODUCTION

HUMAN Gesture Recognition (HGR) encompasses the
computing process of comprehending and interpreting

hand movement commands, finding extensive practical applica-
tions in domains such as human-computer interaction [1], smart
homes [2], smart medical [3], virtual reality [4], etc. Conven-
tional camera-based gesture recognition systems [5], [6] rely on
analyzing hand motion through pictures or videos, but they are
hindered by limitations in low-light and dark environments [7],
[8]. Besides, these camera-based approaches fall short in terms
of privacy preservation [9], [10] as they involve personal and
private human image data. In contrast, the rise of the Internet
of Things (IoT) and the widespread adoption of pervasive com-
puting have paved the way for WiFi-based gesture recognition,
offering the ability to overcome challenges posed by low-light
conditions while safeguarding user privacy [11], [12]. As a
result, WiFi gesture recognition has emerged as a compelling
research area, attracting a growing number of researchers to
explore its potential [13], [14], [15], [16], [17], [18].

A typical workflow of existing WiFi gesture recognition
approaches involves the extraction of features from wireless
signals, followed by the utilization of deep learning models
to learn gestures based on these features [7], [14], [15], [16],
[17], [19], [20], [21], [22], [23], [24], [25]. Despite the notable
breakthroughs and commendable recognition accuracy attained
by these related works in HGR through Deep Neural Networks
(DNNs), these learning-based HGR schemes heavily rely on
fully supervised learning, which incurs additional labor over-
head to label all data. Especially, unlike conventional images,
WiFi signals are hard to comprehend visually, thus further
exacerbating the complexities in data labeling. For example,
Fig. 1(b) shows a gesture sample with 4 frames. Apparently,
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Fig. 1. Illustration of our imbalanced semi-supervised WiFi HGR scenario:
(a) WiFi data collection with imbalanced gesture classes. (b) Visualization of
the signal data, which is inherently incomprehensible to the human eye. Due to
the high labeling costs and the incomprehensibility of WiFi data, only a small
portion is labeled to reduce effort. (c) Training of the network model using
imbalanced labeled and unlabeled data. The results in (d) demonstrate that SSL
significantly outperforms supervised learning in terms of accuracy.

it is intractable for human eyes to recognize which gesture it
belongs to from the wireless signals. To alleviate the labeling
burden, a few pioneer semi-supervised WiFi HGR works [26],
[27] propose to only label a portion of the data, leaving a
massive amount of unlabeled data. These works utilize Semi-
Supervised Learning (SSL) [28], [29] to learn from labeled
data and take full advantage of unlabeled data to capture
the underlying distribution over the entire data. For example,
UDARF [27] assigns pseudo-labels to unlabeled WiFi samples
with predicted probabilities exceeding a fixed threshold, such
as 0.95.

Existing semi-supervised WiFi HGR methods have achieved
decent performance by leveraging the information from unla-
beled data, but these methods often assume that the dataset
is balanced, neglecting the imbalanced nature of real-world
datasets. For example, UDARF [27] evaluates performance on
a subset of Widar3.0 dataset [14] by selecting only 6 balanced
classes, while the entire Widar3.0 dataset is imbalanced, con-
sisting of 22 imbalanced classes. It is known that models tend
to be biased towards majority classes when dealing with imbal-
anced datasets [30], [31]. Unfortunately, when we evaluate SSL
performance of UDARF on the complete imbalanced Widar3.0
dataset, the experimental findings demonstrate that the model
bias exacerbates as the training progresses, even though the
overall performance improves. Fig. 2 illustrates the accuracy
curves for two minority classes (each with approximately 500
samples), two majority classes (each with about 5000 samples),
and overall dataset. While the accuracy of overall and majority
classes increases during training, the accuracy of the minority
classes increases first but then decreases, indicating a worsening
of the model bias.

We observe that this aggravation phenomenon stems from
the use of a fixed threshold to generate pseudo-labels for unla-
beled data. This fixed threshold method in UDARF [27] assigns

Fig. 2. Accuracy curves of overall, majority classes, and minority classes. The
proposed DT mechanism is activated at the pre-defined epoch and improves
accuracy by large margins.

pseudo-labels to instances based on their predicted probabili-
ties surpassing the threshold. Minority classes gradually lose
unlabeled samples with proxy labels because their predicted
probabilities do not exceed the fixed threshold. We visualize
the Number of Pseudo-Labels (PLN) of majority and minority
classes at epoch {10, 30, 50, 70}, shown in Fig. 2. The PLN
for minority classes initially increases but then decreases. In
contrast, the PLN for majority classes continues to increase
dramatically. Therefore, the fixed threshold is unsuitable for
minority classes, as it hinders minority classes with more PLN,
thus exacerbating model bias and leading to severe performance
degradation in minority classes.

Improving spatial-temporal representation ability of DNNs
and employing effective data augmentations are vital for semi-
supervised WiFi HGR to enhance model generalization. For
instance, as illustrated in Fig. 1(b), the blue areas in each
spatial frame represent trivial features with little informative
content. Similarly, certain frames may contain more non-blue
significant regions in the temporal dimension. Hence, learn-
ing importance relations among spatial-temporal features en-
hances the model’s fine-grained recognition ability. However,
existing schemes often employ basic Convolutional Neural
Networks (CNNs) or Recurrent Neural Networks (RNNs) to
learn WiFi signals, limiting the model’s capability to capture
informative spatial-temporal features. Moreover, unlike image
recognition which has powerful augmentation methods, WiFi
signal cannot simply employ image transformation (e.g., color
augmentation) due to its data attribute [32], [33]. Current
WiFi HGR either does not employ augmentation methods [14]
or just adds random noise [26] to WiFi signal data. Adding
random noise helps, but the effect is limited due to lacking
coupling.

In contrast to previous semi-supervised WiFi HGR approa-
ches, our goal is to dynamically assign different thresholds
for all classes, alleviating model bias on imbalanced datasets.
Additionally, we aim to enhance the model’s ability by focusing
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on salient spatial-temporal features and employing adaptive data
augmentations for WiFi signal, which enables model to learn
more discriminative representations of signal data.

To this end, we propose a novel scheme for imbalanced semi-
supervised WiFi HGR that utilizes a Dynamic Threshold (DT)
mechanism and incorporates spatial-temporal networks. First,
during each training epoch, we dynamically adjust the class-
dependent thresholds by considering the class-wise pseudo-label
distributions. The thresholds of the minority classes are dy-
namically adjusted by ranking their predicted probability values
and aligning with pseudo-labels of majority class proportion
distributions. Second, to effectively focus on the informative fea-
ture areas, our proposed approach leverages Spatial-Temporal
Attention (STA) networks to capture and emphasize the most
relevant information. Our STA implementation employs self-
attention to highlight salient spatial features within each frame
and temporal attention to dynamically learn the importance
scores of all frames. Lastly, to enhance model robustness,
we develop adaptive data augmentation techniques for WiFi
signal data, focusing on adversarial examples and time series
augmentations.

We evaluate our approach on the Widar3.0 dataset, and
the results demonstrate its exceptional performance with lim-
ited labeled data. It outperforms only supervised learning
by approximately 20% ∼ 25% in terms of accuracy and
achieves 0.5 ∼ 1.5% higher accuracy compared to current
semi-supervised approaches. The proposed DT mechanism im-
proves accuracy of overall and minority classes by large mar-
gins, as shown in Fig. 2. Furthermore, our findings high-
light the significant improvement in model accuracy resulting
from the proposed STA structure and adaptive data augmen-
tations. In summary, our work presents the following core
contributions:

1) We propose a novel semi-supervised WiFi HGR scheme
that addresses the challenge of working on imbalanced
dataset, alleviating model bias by employing dynamic
class-independent thresholds instead of fixed ones. To
our knowledge, we are the first to explore imbalanced
semi-supervised learning in WiFi HGR.

2) To emphasize informative areas in WiFi signal, our pro-
posed scheme incorporates STA structure that dynami-
cally concentrates on spatial salient values and assigns
higher scores to more important temporal frames. Addi-
tionally, we introduce adaptive WiFi data augmentations
to effectively enhance model robustness.

3) Extensive experimental evaluations on the Widar3.0
dataset demonstrate that our approach outperforms exist-
ing methods by a wide margin, making it a viable solution
for imbalanced semi-supervised WiFi HGR.

The rest of this paper is organized as follows. Section II
introduces the related work. We present background and pre-
liminary analysis in Section III. We elaborate on the technical
details of our study in Section IV. In Section V, we describe the
implementation and evaluation of our system. Section VI high-
lights potential future research directions. Finally, Section VII
summarizes the conclusion.

II. RELATED WORK

Existing WiFi HGR approaches are broadly classified into
two categories: model-based and learning-based methods [14].

A. Model-Based WiFi HGR

Model-based HGR techniques establish physical connections
between WiFi signals and gestures without the need for training.
These methods extract various features, such as Channel State
Information (CSI), Doppler Frequency Shift (DFS), and Angle
of Arrival/Departure (AoA/AoD), and utilize pattern matching
to recognize gestures. For instance, WiGest [34] employs Re-
ceived Signal Strength Indicator (RSSI) and performs similarity
matching with a predefined gesture feature database. WiSee [35]
extracts DFS and employs k-Nearest Neighbor (kNN) to rec-
ognize hand gestures. Similarly, [36], [37] utilize CSI and the
Dynamic Time Warping (DTW) algorithm to match gestures.
WiTraj [38] employs the Fresnel zone model for recognition,
while WiDraw [39] utilizes the AoA parameter. However, when
dealing with complex gestures, traditional model-based HGR
approaches become inadequate and intractable [14], [18]. To
overcome such limitation, learning-based HGR methods lever-
age DNNs to effectively learn fine-grained complex gestures.

B. Learning-Based WiFi HGR

Supervised learning-based WiFi HGR: These schemes utilize
DNNs to train models for WiFi gesture recognition, with all
training sets labeled. For example, the works [7], [15], [16],
[19], [21] have focused on extracting CSI feature and leveraging
CNNs or RNNs to learn gestures. WiHi [22] employs CNN-
RNN structure, and the work [23] utilizes Transformer [40]
to learn gesture. Tong et al. [24] utilize a gesture truncation
algorithm to remove redundant information and a deep attention
model to learn CSI. The works [16], [25] propose to learn
cross-domain gestures by using metric learning and adversarial
learning techniques, respectively. Since CSI is highly relevant
to the surrounding environment, resulting in significant target-
independent noise within these features [14], [20], Widar3.0 [14]
proposes the domain-independent Body-coordinate Velocity
Profile (BVP) feature. Moreover, Widar3.0 recently opens by far
the largest publicly available WiFi gesture dataset. Unlike other
DNNs-based schemes that require retraining in new environ-
ments [14], the model of Widar3.0 does not due to its advanced
BVP feature. The open dataset in Widar3.0 not only provides
fair comparison conditions but also facilitates further research
in the field of WiFi gesture recognition [17], [18], [20], [21],
[22], [24], [25], [41]. Additionally, some works, such as [17],
[42], propose few-shot learning for WiFi HGR. It is worth noting
that although [17], [42] are also supervised learning, their setups
differ significantly from the aforementioned supervised learning
schemes. Specifically, few-shot learning in [17], [42] requires
training the model on an extra-large labeled base dataset (e.g.,
SignFi dataset [15]) first and then fine-tuning it with the few
target source dataset (e.g, Widar3.0 dataset [14]), where the base
and target datasets are from different sources but with complete
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labeling. In contrast, the above supervised schemes [7], [14],
[15], [16], [21], [22], [23], [24], [25] only use a target dataset
source, such as Widar3.0 dataset, for train and test. For a fair
comparison, our study also focuses on training and testing with
a single dataset source. Although existing supervised WiFi HGR
methods facilitate gesture recognition accuracy with DNNs,
the labeling challenges and associated overheads have led to
investigations of SSL-based WiFi HGR methods in recent years.

Semi-Supervised learning-based WiFi HGR: This type of
WiFi HGR only needs a few labeled data in training set, while
the remaining training set is unlabeled. SSL has been widely
used in deep learning tasks (e.g., image and text classification)
and has demonstrated excellent performance [43], [44], [45],
[46], [47], [48], [49], even surpassing certain supervised learning
approaches [50], [51]. However, SSL-based WiFi HGR schemes
have not been extensively explored, with only a few pioneer
works [26], [27], [33]. For example, UDARF [27] combines con-
sistency regularization (i.e., the same sample, when subjected to
different data augmentations, produces similar embeddings) and
pseudo-label technique (i.e., the model generates proxy labels
for unlabeled data with predicted probabilities above a fixed
threshold) to learn more information from the abundant unla-
beled data and enhance model performance. RF-URL [33] and
AutoFi [26] learn representations of unlabeled data through self-
supervised learning and then fine-tune models with the labeled
samples. Existing semi-supervised WiFi HGR methods greatly
improve the issue of insufficient annotated data. However, they
are all based on the assumption of a balanced dataset. Real-world
datasets are often imbalanced [52], [53], with Widar3.0 dataset
having 22 imbalanced classes. Ignoring the imbalanced nature
of the data, such as using a fixed threshold during the train-
ing, leads to serious model bias and insufficient generalization
performance, especially for minority classes. Therefore, our
study explores imbalanced semi-supervised WiFi HGR, aiming
to alleviate model bias and enhance model generalization on
imbalanced data.

III. BACKGROUND AND PRELIMINARY ANALYSIS

In this section, we provide a brief introduction to the back-
ground of the WiFi BVP feature in Section III-A. Following that,
we present a preliminary experiment analysis of the dynamic
threshold in Section III-B.

A. WiFi Signal

Prevalent WiFi signal features, such as CSI and DFS, are
susceptible to environmental influences and lack domain inde-
pendence [14], [20]. Widar3.0 innovatively introduces domain-
independent BVP that shows significant improvements over
traditional CSI and DFS in diverse environments. A given ges-
ture sample X comprising T BVP frames, is represented as
X = (x1, . . . , xt, . . . , xT ), where 1 ≤ t ≤ T . The dimension of
a BVP frame is 20× 20 [14]. As shown in Fig. 3, the physical
velocity components, Vx and Vy , are linearly mapped into the
range of [1,20]. For instance, when Vx = 0 and Vy = 0, the
corresponding coordinates in the BVP frame are m = 10 and
n = 10. Consequently, the non-zero value of the coordinate

Fig. 3. An example of the frame xt and its matrix representation. Vx and Vy

are physical velocity components [14].

(m,n) in the BVP frame represents the power value (pv) when
the post-mapped physical velocity components Vx and Vy are
m and n, respectively. The power values are small (pv ∈ [0, 1])
and are associated with positional relationships within the BVP
frames.

Widar3.0 not only introduces the BVP feature but also pro-
vides the largest open WiFi gesture dataset, which significantly
advances research in WiFi HGR. The open dataset 1 contains
22 types of gestures, such as “Draw-0”, “Draw-2”, “Draw-5”,
“Draw-6”, “Draw-7”, “Slide”, “Draw-O (Horizontal)”, “Draw-
O (Vertical)”, “Draw-Zigzag (Horizontal)”, “Push&Pull”, and
so on. Many WiFi HGR works utilize this open dataset, but they
often only select a subset of classes (e.g., 6 out of 22 classes) and
overlook the imbalanced nature of the dataset. Specifically, the
majority classes (e.g., “Draw-O (Horizontal)”, “Slide”, “Draw-
Zigzag (Horizontal)”, and “Push&Pull”) have more than 4000
samples, while the minority classes (e.g., “Draw-0”, “Draw-2”,
“Draw-5”, “Draw-6”, “Draw-7”, and “Draw-O (Vertical)”) have
only around 500 samples. Therefore, an obvious imbalance
exists in the real-world WiFi data.

To ensure a uniform evaluation of performance, we also
utilize the open dataset and leverage the advanced BVP feature,
following the state-of-the-art WiFi HGR works.

B. Preliminary Analysis for Dynamic Threshold

The performance of deep learning models on imbalanced
datasets is generally poor for minority classes [31], [54], as the
models tend to be biased toward majority classes. This bias is
further aggravated when SSL approach has a fixed threshold for
unlabeled data, since the model tends to be conservative with
minority classes and makes them lose many unlabeled samples
with correct proxy labels. Consequently, many actual minority
classes in testing set can be misclassified as majority classes,
resulting in low recall for the minority classes. Generally, to
fairly compare the performance of model on unbalanced dataset,
the testing set is balanced and the averaged recall is also known as
accuracy on balanced testing set [30]. Here, we utilize the popu-
lar fixed-threshold semi-supervised framework, FixMatch [55],
to evaluate precision and recall on the imbalanced Widar3.0
dataset with 10% labeled data and 90% unlabeled samples. The
experimental results are presented in Fig. 4, and it is evident
that the minority gesture classes exhibit low recall but high
precision. This suggests that the model is risk-averse and tends
to avoid predicting the actual minority classes. In other words,
for minority gesture classes, only samples with high confidence

1 Open dataset address: http://tns.thss.tsinghua.edu.cn/widar3.0/
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Fig. 4. An example of precision/recall experimental results with a fixed
threshold on the imbalanced Widar3.0 dataset (“Slide”, “Push&Pull”, and
“Draw-Zigzag (Horizontal)” are majority gesture classes; “Draw-0”, “Draw-2”,
and “Draw-5” are minority gesture classes).

Fig. 5. Recall comparisons of minority classes with fixed and dynamic thresh-
olds.

are predicted, while many samples are misclassified as majority
classes. On the contrary, majority classes demonstrate high
recall since their predicted samples far outnumber the actual
corresponding class data, due to the model’s bias.

To alleviate the bias, we propose using dynamic thresholds
instead of a fixed one. Based on the aforementioned analysis,
lowering thresholds for minority classes can introduce more un-
labeled samples and mitigate the bias, leading to an improvement
in overall accuracy. In our approach, we dynamically adjust the
thresholds of each class during the training process. To validate
the effectiveness of our method, we conducted preliminary
experiments on the Widar3.0 dataset using 10% labeled data.
Fig. 5 illustrates the recall of six minority classes. It can be
observed that our DT mechanism significantly improves the
recall of the minority classes compared to the fixed threshold
approach.

IV. TECHNICAL DETAILS OF THE PROPOSED METHOD

Our approach aims to tackle the issue of imbalanced WiFi
gesture recognition, where a small portion of the data has labels,
a larger portion remains unlabeled, and the class distribution is
imbalanced. Our framework, depicted in Fig. 6, facilitates joint
learning by combining both labeled and unlabeled data. DA1

and DA2 are proposed adaptive data augmentations (see Sec-
tion IV-A). F(θ) is proposed spatial-temporal attention model
and θ is the model parameters (see Section IV-B). Both labeled
and unlabeled data are processed by the shared STA model
F(·), yielding corresponding gesture probabilities g. Given an
unlabeled sample, two augmented unlabeled samples are ob-
tained via the proposed data augmentations DA1 and DA2,
passing through two branches to generate corresponding ges-
ture probabilities. The labeled data follows normal supervised
learning with the standard cross-entropy loss function (denoted
asCE). Our method maximizes the potential of unlabeled data to
acquire additional information, including two-part losses during
the training process. On one hand, we generate pseudo-labels (if
exceed the threshold) from one branch to calculate CE loss
with another branch. On the other hand, for the rest of the
unlabeled data which does not exceed the threshold, we maintain
consistency regularization by calculating similarity loss between
gesture probabilities of the two branches. To adapt and fully
mine the imbalanced characteristics of data, we propose DT
mechanism (see Section IV-C) instead of a fixed value during
the training process.

In the following sections, the module details of Fig. 6 are
introduced. We begin by introducing the proposed adaptive data
augmentations, as well as the structure of the STA network. Next,
we present the DT mechanism for generating pseudo-labels.
Subsequently, we delve into the details of the loss function em-
ployed in our framework. Finally, we describe several effective
training strategies that were implemented during the training
process.

A. Adaptive Data Augmentation

Currently, there lacks systematic exploration of data augmen-
tation methods for BVP, such as in the case of Widar3.0 where
data augmentations are not utilized. Unlike non-structural image
data, the BVP is devoid of color transformations, and some WiFi
HGR works just simply add Gaussian noises into the data [26].
As mentioned in Section III-A, the feature values in BVP can
be considered as structural triplets (m,n, pv), where m and n
are positional coordinates, and pv is corresponding power value.
Therefore, if data augmentations, such as image geometric dis-
tortions and coordinate transformations, completely alter these
triplets, they can severely disrupt the data distribution. To align
with data augmentation-driven SSL and enhance model general-
ization, our approach proposes four adaptive data augmentation
techniques for BVP: Random Frame Erasing (RFE), Random
Frame Mask (RFM), Random Frame Permutation (RFP), and
Random Frame Splicing (RFS). RFE and RFM modify specific
portions of the data to introduce adversarial examples, thereby
improving model robustness while ensuring minimal alteration
of the data distribution. Inspired by time series augmentations
in Natural Language Processing (NLP) [56], RFP and RFS
consider a frame as a word and apply data augmentations ac-
cordingly.

Random frame erasing (RFE): For the BVP frame xt, we
randomly erase certain features and replace them with zeros. The
width and height of erasing region are We and He respectively,
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Fig. 6. Illustration of our semi-supervised WiFi HRG framework.

and we denote re =
We×He

20×20 as the area ratio of erasing region.
In our study, we set 0.05 ≤ re ≤ 0.2. RFE initializes the point
position (m,n), so the position of erasing region is (m, n, m+
He, n+We).

Random frame mask (RFM): In the context of all BVP frames
X = (x1, . . . , xT ), we randomly pick up a frame and mask it
with zeros. For example, we mask the frame xt, and the RFM
can be defined as:

RFM(x1, . . . , xt, . . . , xT ) = (x1, . . . , 0t, . . . , xT ). (1)

Random frame permutation (RFP): The proposed scheme
involves randomly permuting two frames, namely xt′ and xt,
within the set of BVP frames X , where 1 ≤ t′ < t ≤ T . The
mathematical definition of RFP is:

RFP(x1, . . . , xt′−1, xt′ , . . . , xt−1, xt, . . . , xT )

= (x1, . . . , xt′−1, xt, . . . , xt−1, xt′ , . . . , xT ). (2)

Random frame splicing (RFS): Motivated by combining a
sentence with another style, we employ RFS on X , which can
be defined as:

RFS(x1, . . . , xt−1, xt, xt+1, . . . , xT )

= (xt, xt+1, . . . , xT , x1, . . . , xt−1). (3)

In the training stage, the proposed data augmentations un-
dergo with probability p, the probability of them being kept
unchanged is 1− p. Our study sets p to be 0.5. Fig. 7 illustrates
an example showing these four augmentations on an original
sample with 5 frames. The RFE randomly erases a portion of the
4th frame, while the RFM applies to the 2-nd frame by masking
it with zeros. The RFP and RFS operate on the time dimension.
For instance, RFP permutes the 3-rd and 5th frames in Fig. 7,
while RFS splices the last two frames before the first frame. Our
findings highlight the effectiveness of the proposed adaptive data
augmentation methods in enhancing WiFi HGR.

Fig. 7. Data augmentation visualization. The differences between augmented
and original samples are in red dotted box.

B. STA Network Structure

The input to the model is the BVP feature, which com-
prises multiple temporal frames, as depicted in Fig. 1(b). In
order to learn the BVP data, Widar3.0 utilizes a CNN-RNN
architecture. Specifically, the CNN component learns spatial
features from each frame, while the RNN component captures
the temporal sequence of the frames. However, each BVP frame
contains large areas of trivial blue regions, and the importance
of different frames varies. To address this issue, we propose a
high-level semantic model that incorporates a spatial-temporal
attention mechanism. On one hand, our model utilizes self-
attention [40], [57] mechanism to focus on spatial salient fea-
tures. On the other hand, considering the varying importance of
different frames in the time series, we employ a temporal atten-
tion mechanism to dynamically learn important scores for all
frames.

Attention mechanisms help models to highlight important
content of data, which benefits various deep learning applica-
tions [58], [59], [60], [61], [62]. To effectively learns salient
spatial features and important temporal frames, our approach
proposes the spatial-temporal dual-attention model F(θ). As
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Fig. 8. The sketch of spatial-temporal attention structure. The SAE is described in the upper right, while the SSAM is presented in the lower right.

illustrated in Fig. 8, the proposed model F(θ) consists of a
spatial-attention encoder (abbreviated as SAE) and a temporal-
attention bidirectional long short-term memory (BiLSTM). The
SAE captures salient spatial features from each frame xt, while
the temporal-attention BiLSTM (abbreviated as TAB) dynami-
cally assigns different importance scores to the T frames. The
dual-attention HGR model can be defined as:

E = σ(LN(SAE(X))), (4)

r = σ(BN(FC(TAB(E)))), (5)

g = Softmax(FC(r)), (6)

where σ is the activation function GELU [63], LN is layer
normalization [64], FC is fully-connected layer, and BN is
batch normalization [65]. The embedding of each frame xt is
denoted as et, where E = (e1, e2, . . . , eT ) is the set of frame
embeddings. The learned representation of the gesture is denoted
as r, and the resulting gesture probability g is obtained through
a fully-connected classification layer. In the following, we will
describe the core SAE and TAB of the proposed dual-attention
model in detail.

The SAE in our model is designed to prioritize salient spatial
features in each frame xt, i.e., non-zero values. This is achieved
through a spatial self-attention module (abbreviated as SSAM)
that dynamically learns an attention map for the spatial frame
features. The input to the SSAM is denoted as o, and the SSAM
can be represented as:

Q = φ1(o), K = φ2(o), V = φ3(o), (7)

AM = Softmax(QTK), (8)

o′ = φ4(AM ∗ V ) + o, (9)

where φ1,2,3,4(·) are 1× 1 convolution [66], AM is the learned
attention map, and SSAM also contains residual structure [67]
(9). The SAE consists of L stacked SSAMs, where each SSAM
is connected to a convolutional layer. The SAE for frame xt can

be defined as:

vit = SSAM(conv(vi−1t )), 1 ≤ i ≤ L and v0t = xt (10)

e′t = FC(AMP(vLt )), (11)

where AMP is adaptive max-pool, conv is the convolutional
layer. E′ is the output of SAE, where E′ = (e′1, e

′
2, . . . , e

′
T ). In

our work, the L is set to be 3.
The TAB in our model is designed to capture temporal corre-

lations and assign important scores to pivotal frame embeddings
in E. The TAB utilizes a BiLSTM with attention mechanism to
calculate the weight αt for each embedding et. The TAB can be
expressed as:

H = BiLSTM(E), (12)

ut = tanh(Wwht), (13)

αt =
exp(uT

t uw)∑
t exp(u

T
t uw)

, s =
∑

t

αtht, (14)

where H = (h1, . . . , ht, . . . , hT ) are the hidden states of BiL-
STM, and Ww and uw are learnable parameters. The output s of
TAB is calculated by weighting and summing the hidden states
based on their attention weights, emphasizing important frames
for a more informative representation. The experimental findings
demonstrate that our proposed STA aids in enhancing model
generalization and learning more discriminative representations.

C. Dynamic Pseudo-Label Threshold

As discussed and explained in Section III-B, the dynamic
pseudo-label threshold mechanism helps mitigate the impact of
class-imbalance bias on the model. During the training process
of SSL, when the predicted probability of an unlabeled sample
exceeds a certain threshold, we can assign a pseudo-label to
that data and incorporate it into the supervised learning phase.
Unlike a fixed threshold applied to all unlabeled data, our
proposed approach sets different thresholds for various classes
and dynamically adjusts them during the training process. In the
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following section, we provide a detailed explanation of the DT
mechanism.

Let us assume that there are Z classes, and we need to
calculate the dynamic threshold for each class, denoted as τz
(1 ≤ z ≤ Z). Our basic idea is to assign class-dependent thresh-
olds by encoding pseudo-label distributions and determine the
dynamic threshold τz for each class based on the proportion of
pseudo-labels and the sorted probability values. To be specific,
in the jth training epoch, given the model parameters θ and
Z lists (termed as Cz , 1 ≤ z ≤ Z), we calculate the τz by
three steps. First, the model predicts the unlabeled data Xu

and obtain the probability gu = F (Xu; θ), and the correspond-
ing predicted label is ĝu = argmax(gu). Second, adding the
predicted probability in the list Cĝu , which can be defined as
follows:

Cĝu ← Append(max(gu)), (15)

where Append is the operation of adding elements to list. After
predicting all unlabeled data and adding their probability values
into corresponding list Cz , we sort Cz in descending order,
which can be defined as follows:

Cz ← sort(Cz), 1 ≤ z ≤ Z. (16)

Finally, we determine the class-dependent thresholds for mi-
nority classes based on encoding class-proportion distribution.
For example, when the majority class has a proportion λ of
samples that exceed the threshold among all the predicted sam-
ples for that class, the dynamic thresholds for the other classes
are calculated as Cz[λ× len(Cz)], where len(Cz) represents
the number of unlabeled samples predicted as class z. Here,
as the labels of unlabeled samples are unknown, we select
the class with the highest number of samples in labeled data
as reference majority class, denoted as zmost. We assign a
user-defined high threshold (e.g., τzmost

= 0.95) to this ma-
jority class. Assuming that there are lzmost

samples whose
probability values exceed the threshold τzmost

for this majority
class. For the other classes, we determine their thresholds τz as
follows:

λ =
lzmost

len(Czmost
)
. (17)

Czmost
[lzmost

] ≥ τzmost
, Czmost

[lzmost
+ 1] < τzmost

, (18)

τz = Cz[λ× len(Cz)], 1 ≤ z ≤ Z and z 	= zmost. (19)

The τz may be too small (e.g., less than 0.5) for minority classes
during training, so we define a hyper-parameter lower boundary
τmin, namely τz = max(τz, τmin). After using the above three
steps to obtain dynamic threshold τz for class z, we can calculate
the pseudo-label loss (see Section IV-D) and optimize the model
parameters θ. In the next training epoch j + 1, the threshold
τz can be updated dynamically based on the same three-step
process.

D. Loss Function

The total loss contains labeled and unlabeled data losses.
The labeled data loss we adopt the standard CE loss. For

the unlabeled data, we calculate loss from two aspects:
pseudo-labeling loss for exceeding threshold and similarity
loss for not exceeding. Next, we present the loss functions in
detail.

Labeled data loss: Given the labeled batch data Xl =
{(Xbl

l , Y bl
l ), bl = 1, . . . , Bl} during the training stage, where

Xbl
l represents a labeled BVP sample and Y bl

l represents
its corresponding target, the labeled data loss (�s) is defined
as:

gbll = F(Xbl
l ; θ), (20)

�s =
1

Bl

Bl∑

bl=1

CE(Y bl
l , gbll ), (21)

where gbll is the gesture probability of blth sample in a batch,
and Bl is the batch size of labeled data.

Unlabeled data loss: The unlabeled batch data Xu = {Xbu
u }

contains Bu = μBl samples during the training stage, where
bu = {1, . . . , μBl} and μ determines the relative bath size of
Xl and Xu. As shown in Fig. 6, by applying DA1 and DA2,

the augmented samples are obtained as X
b1u
u and X

b2u
u , respec-

tively. Our approach incorporates two unlabeled data losses.

First, if the maximum gesture probability of Xb1u
u exceeds the

corresponding dynamic threshold, its pseudo-label is gener-
ated and used to compute the cross-entropy loss (�uc) along

with the gesture probability of X
b2u
u . Second, for the remain-

ing data that does not exceed the threshold, we calculate the
unsupervised similarity loss (�us) using their respective ges-

ture probabilities, since X
b1u
u and X

b2u
u originate from the same

sample and should be similar. The unlabeled data loss can be
defined as:

gb
1
u

u = F(Xb1u
u ; θ), gb

2
u

u = F(Xb2u
u ; θ), (22)

ĝb
1
u

u = argmax(gb
1
u

u ), (23)

�uc =
1

Bu

Bu∑

bu=1

1(max(gb
1
u

u ) ≥ τ
ĝ
b1u
u

) CE(ĝb
1
u

u , gb
2
u

u ), (24)

SIM(gb
1
u

u , gb
2
u

u ) = 2− 2 · < g
b1u
u , g

b2u
u >

‖gb1uu ‖2 · ‖gb
2
u

u ‖2
, (25)

�us =
1

Bu

Bu∑

bu=1

1(max(gb
1
u

u ) < τ
ĝ
b1u
u

) SIM(gb
1
u

u , gb
2
u

u ), (26)

where g
b1u
u and g

b2u
u are gesture probabilities of Xb1u

u and X
b2u
u ,

respectively. In summary, the total loss is expressed as:

�total = �s + �uc + �us. (27)

E. Training Strategy

To enhance the generalization performance of the model, we
employ an effective training strategy, Post-Balanced Sampling
(PBS), throughout the training process.

Typically, re-balanced sampling is a common strategy for han-
dling imbalanced data in supervised learning. However, directly
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Algorithm 1: Model Training.

using re-balanced sampling for labeled data often leads to heavy
overfitting to minority classes and can make the optimization
process challenging [31], [54], [68]. In our study, we use a simple
yet effective training strategy: we train the model with random
sampling first and then fine-tune it using balanced sampling for
a few epochs in later stages of training. Specifically, due to the
unknown labels in the unlabeled data, we only use random sam-
pling during training stage. However, for the labeled data in later
training stages, each batch size Bl contains the same number of
samples (e.g., 4 samples) for each class. The model trained in the
random sampling stage already contains a significant amount of
data information and serves as a good initialization for the later
stage of re-balanced sampling. Moreover, a small learning rate
is used during the later stage of re-balanced sampling training.
This training strategy enables the model to learn more balanced
information, paying more attention to minority classes, while
avoiding moving the model parameters too far from their original
random sampling initialization. Experimental results demon-
strate that the PBS strategy improves model accuracy by large
margins.

In addition to the PBS, some common training techniques,
such as cosine warm-up learning rate [69], [70] and Exponen-
tial Moving Average (EMA) [71], are used to enhance model
generalization. These techniques have demonstrated their ef-
fectiveness in various deep learning tasks [72], [73]. The total
model training epochs are denoted as epoch1, and PBS stage
contains epoch2 epochs. The pseudo-code for our model training
is outlined in Algorithm 1.

TABLE I
CATEGORY QUANTITY STATISTICS OF DATASET

Fig. 9. The descriptions of the training and testing sets.

V. EXPERIMENTATION & EVALUATION

In this Section, we comprehensively evaluate our proposed
approach on the Widar3.0 dataset. First, we describe the dataset
and experimental setup in Section V-A. Second, we introduce
the baselines in Section V-B. Third, overall performance com-
parisons with the current schemes are presented in Section V-C.
Next, Section V-D gives the ablation study. Finally, Section V-E
describes the parameter experiments.

A. Dataset and Setup

We evaluate the performance of our scheme on the Widar3.0
dataset, which is currently the largest open gesture dataset avail-
able. Widar3.0 contains 22 gesture classes 2 and 43,652 BVP
samples. The Widar3.0 is class-imbalanced, and we calculate
the sample sizes for each class, as shown in Table I. There are
11 classes (minority classes) that are less than 1,000 samples
and 6 classes that are more than 3,500 samples. To explore
the influence of different levels of labeled data on the model’s
performance and its generalization capabilities, we adopt an in-
cremental strategy during the training process, selecting labeled
data proportions of 10%, 20%, 30%, 40% and 50%, while the
rest of the data remains unlabeled. In the inference stage, the
testing set has 2,200 samples, and each class has 100 samples.
Detailed descriptions of the training and testing sets are provided
in Fig. 9.

Our deep learning framework utilizes PyTorch on the power-
ful RTX3090 machine. To optimize performance, we configure
the labeled data batch size (Bl) to 32. The training process
consists of epoch1 = 96 epochs, and epoch2 is set to be 16. We

2 22 classes = {0: Clap, 1: Draw-0, 2: Draw-1, 3: Draw-2, 4: Draw-3, 5:
Draw-4, 6: Draw-5, 7: Draw-6, 8: Draw-7, 9: Draw-8, 10: Draw-9, 11: Draw-
N (Horizontal), 12: Draw-N (Vertical), 13: Draw-O (Horizontal), 14: Draw-O
(Vertical), 15: Draw-Rectangle (Horizontal), 16: Draw-Triangle (Horizontal),
17: Draw-Zigzag (Horizontal), 18: Draw-Zigzag (Vertical), 19: Push&Pull, 20:
Slide, 21: Sweep}
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employ the Adam optimizer [74] with a weight decay of 1e-4.
For learning rate, we set it to 5e-4 with cosine warm-up over 8
epochs. To prevent overfitting, we apply a dropout rate [75] of
0.2.

B. Baselines

Our work represents a groundbreaking advancement as
the first imbalanced semi-supervised WiFi HGR. To pro-
vide all-round insights into its efficacy, we have conducted
thorough comparative analyses against the state-of-the-art
supervised [14], [25] and semi-supervised [26], [27], [33]
schemes. Furthermore, we compare various prevalent SSL
framework [44], [45], [46], [47], [48], [49], [55], [76], typically
tailored for image and textual data. To ensure fair comparisons,
we adapt their methodologies to the WiFi dataset. Below, we
briefly outline these baselines:
� WIDAR [14] denotes the original Widar3.0.
� CAWGR [25] proposes to learn cross-domain gestures by

using adversarial learning.
� UDARF [27] proposes a semi-supervised WiFi HGR

by amalgamating consistency regularization and fixed
pseudo-label threshold techniques.

� AutoFi [26] and RF-URL [33] are self-supervised WiFi
HGR approaches which can achieve semi-supervision by
fine-tuning with labeled data.

� FixMatch [55] applies two different data augmentation
methods to produce augmented samples for unlabeled data.
Subsequently, one augmented sample generates a pseudo-
label for another based on a fixed threshold.

� DS 3 L [44] proposes an open-set SSL approach, where un-
labeled samples encompass unseen classes within labeled
data. To prevent unseen classes from destroying model
performance, DS3L weakens unlabeled data with unseen
classes while strengthening the labeled data.

� FlexMatch [45] introduces a dynamic adjustment method
for pseudo-label thresholds based on curriculum learning.
According to the learning status of the model, the flexible
thresholds are adjusted class-wise in each iteration.

� DRw [46] proposes a reweighted long-tailed distribution
for SSL. Drawing inspiration from the concept of effective
numbers [68] in supervised learning, DRw dynamically
designs the effective numbers for unlabeled data across
diverse iterations.

� UDAL [76] integrates the concept of distribution alignment
into logit adjustment [77], devising a novel loss function
to address imbalanced SSL.

� FreeMatch [47] proposes an adaptive approach to cali-
brate confidence thresholds, estimating global and local
class thresholds through exponential moving averages of
unlabeled data.

� SoftMatch [48] introduces a strategy for balancing the
quantity and quality of pseudo-labels, efficiently lever-
aging unlabeled data. SoftMatch formulates a truncated
Gaussian function to assign sample weights.

� TCBC [49] employs a twice correction approach to handle
model and pseudo-label biases. Initially estimating the

TABLE II
ACCURACY COMPARISONS WITH CURRENT SCHEMES

class distribution of training samples to rectify the model’s
learned posterior probabilities, TCBC subsequently refines
pseudo-label biases during training by estimating class
biases under the current parameters.

In summary, the works [14], [25] are supervised baselines.
Additionally, we employ the proposed STA networks to re-
place the original network model of WIDAR [14] as another
supervised method (denoted as WIDAR+STA). For the semi-
supervised baselines, the works [27], [55] are based on a fixed
threshold, while the works [45], [47], [48] design dynamic
pseudo-label thresholds. DS 3 L [44] does not assign pseudo-
labels for unlabeled data. Furthermore, the works [46], [49], [76]
modify loss functions by adjusting distribution for imbalanced
SSL. Notably, these works [14], [25], [26], [27], [33] selectively
employ a portion of data and classes from open-source Widar3.0
dataset, such as only 6 classes. In contrast, our study incorporates
all available BVP samples and classes, ensuring a more inclu-
sive analysis. Throughout the training phase, these supervised
schemes only leverage labeled data, utilizing supervised learning
with a focus on a certain percentage (e.g., 50% ) of labeled exam-
ples. Baseline Experimental Parameters primarily follow their
original implementations. Since we reproduce baselines on WiFi
datasets, parameters like batch size, training epochs, and weight
decay are configured according to our experimental setup. For
baseline-specific parameters, we select them according to the
original papers.

C. Overall Performance

Table II presents the overall performance comparisons with
the above mentioned baselines. We can see that our approach
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Fig. 10. T-SNE visualization. (a) supervised WIDAR with 10% labeling; (b)
supervised WIDAR with 30% labeling; (c) ours with 10% labeling; (d) ours with
30% labeling.

achieves better accuracy than current schemes on different la-
beled data.

Compared with the supervised schemes, our proposed ap-
proach significantly improves model accuracy by approximately
20% ∼ 25%. This result demonstrates that SSL can effectively
leverage unlabeled data to capture the underlying distribution
and improve model generalization performance. For instance,
when utilizing 10% labeled data on the Widar3.0 dataset, our
approach achieves an impressive accuracy of 81.8%, outper-
forming WIDAR [14] and CAWGR [25] by approximately
24.9%, and 23.1%, respectively. To further evaluate the perfor-
mance of our approach, we employ t-SNE [78] to visualize the
high-dimensional semantic spaces, using 10% and 30% labeled
data. We select 10 classes (1: Draw-0, 2: Draw-1, 3: Draw-2,
4: Draw-3, 5: Draw-4, 6: Draw-5, 7: Draw-6, 8: Draw-7, 9:
Draw-8, 10: Draw-9) from the testing set. Fig. 10 depicts the
visualization results of WIDAR [14] and our approach. On com-
paring the inter-class semantic spaces, we observe significant
improvements with our approach. For example, when only using
10% labeled data, WIDAR exhibits disorder and poor separation
among the 10 classes. In contrast, our proposed scheme achieves
clearer inter-class separation. Similarly, with 30% labeled data,
WIDAR exhibits unclear boundaries and mis-classifications for
classes such as “Draw-6”, “Draw-9”, “Draw-5”, and “Draw-7”.
However, our approach achieves clearer boundaries and closer
intra-class semantic grouping with 30% labeled data. Further-
more, from Table II, we can observe that our SSL models with
10% ∼ 40% labeled data even outperform supervised learning
with 50% labeled data in terms of accuracy. This observation is
also supported by the t-SNE visualizations, as the semantic space
of our 10% labeled data (Fig. 10(c)) is superior to that of super-
vised learning with 30% labeled data (Fig. 10(b)). Specifically,
the distances between different classes are wider, and the number
of mis-classified samples is reduced. This indicates that SSL can
achieve superior performance using less labeled data, thereby

Fig. 11. We select 10 classes to present the confusion matrix with 20%
labeled data. The {1, 3, 6, 7, 14} are minority classes and the {0, 15, 17, 20}
are majority classes. The whole 22-classes confusion matrix can be referred at
our open code link.

reducing the manual annotation overhead and enabling effec-
tive performance in challenging scenarios with limited labeled
data.

Compared to existing semi-supervised schemes, our method-
ology significantly enhances model accuracy across different la-
beled data scenarios. For example, in contrast to semi-supervised
HGR schemes [26], [27], [33], our approach improves accuracy
by approximately 3% ∼ 8%. By leveraging WiFi data within
prevailing SSL frameworks [44], [45], [46], [47], [48], [49], [55],
[76], our approach also outperforms them by approximately
0.6% ∼ 1.5%. The works [26], [27], [33], [44], [55] tend to over-
look the imbalanced nature of the data, such as FixMatch [44]
and UDARF [27] employ a fixed pseudo-label threshold. In con-
trast, our proposed unbalanced processing method effectively
improves model accuracy. For example, our scheme achieves
improvements of 8.3%, 6.9%, 5.0%, 3.5%, and 2.7% compared
to FixMatch [55], with 10% ∼ 50% labeled data. Furthermore,
the works [45], [46], [47], [48], [49], [76] devise correspond-
ing modules to cope with imbalanced SSL, such as dynamic
thresholds, thus achieving superior model accuracy than [26],
[27], [33], [44], [55]. Our approach not only introduces dynamic
thresholds by encoding class-wise pseudo-label distribution but
also designs effective PBS module to handle imbalanced WiFi
data, yielding superior performance to these imbalanced SSL
frameworks [45], [46], [47], [48], [49], [76]. Additionally, all
semi-supervised schemes demonstrate better accuracy with an
increase in labeled data. Our performance advantages over ex-
isting methods slightly decrease as the labeled data increases,
and this observation emphasizes the significant influence of data
on the model’s performance.

To visually represent the performance of our solution, we
present confusion matrices with 20% labeled data and com-
pare them with FixMatch. The results, as shown in Fig. 11,
demonstrate substantial improvements in the accuracy of mi-
nority classes. For instance, in FixMatch, only 45 samples of
the minority class “Draw-0” (1-st class) are correctly classified.
Similarly, the minority class “Draw-2” (3-rd class) has only 54
samples classified correctly, with 35 samples misclassified as
“Draw-Zigzag (Horizontal)” (17th class). Due to the similarity
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TABLE III
MODEL ACCURACY UNDER DIFFERENT IMBALANCED RATIOS

between “Draw-2” and “Draw-Zigzag (Horizontal)” gestures,
and the larger number of samples for “Draw-Zigzag (Horizon-
tal)” (approximately 8 times more), the model in FixMatch is
biased towards the 17th class, resulting in low accuracy for
the “Draw-2” gesture. However, our approach greatly improves
this situation through the proposed DT mechanism and PBS
training strategy. For instance, we increase the number of cor-
rectly classified “Draw-2” gestures to 79, a 25 improvement
compared to FixMatch. Similar improvements are observed
for other minority classes in Fig. 11. For example, the correct
samples of the 1-st class “Draw-0” increases from 45 to 61, the
14th class “Draw-O (Vertical)” increases from 63 to 85, the 8th
class “Draw-7” increases from 70 to 90, the 7th class “Draw-7”
increases from 79 to 89, and the 6th class “Draw-7” increases
from 78 to 87. It is noted that in our approach, a few majority
classes, such as the 17th and 15th classes, have fewer correct
samples compared to FixMatch, reducing from 84 to 78 and
87 to 86, respectively. This situation is normal in imbalanced
learning [30], as the model needs to focus more on minority
classes and allocate less attention to majority classes. The other
majority classes either remain unchanged (e.g., class 20) or
experience a slight increase (e.g., class 0). While we sacrifice
a small amount of performance in certain majority classes, the
overall model performance has been significantly improved. In
summary, our proposed approach enhances model generaliza-
tion and substantially improves the accuracy of minority classes.

Table II shows the semi-supervised results on original im-
balance ratio of the Widar3.0 dataset [14]. To investigate the
impact of varying imbalance ratios, we manually adjusted the
data distribution following established imbalanced works [45],
[47], [48]. ConsiderZ classes with a total labeled sample sizeN ,
where each class has Nz labeled samples (i.e.,

∑Z
z=1 Nz = N ).

Without loss of generality, we assume classes are sorted in de-
scending order of sample size, namely N1 ≥ N2 ≥ · · · ≥ NZ .
We use parameter γ to represent the imbalance ratio, where γ =
N1

NZ
. Specifically, given N1 and γ, we set Nz = N1 · γ− z−1

Z−1 . In
our experiments, we tested configurations withN1 = 3500, γ =
{10, 20, 50, 100} and N1 = 1500, γ = {10, 20, 50, 100}, with
results shown in Table III. The results demonstrate that model
performance degrades as the imbalance ratio increases, consis-
tent with findings in prior works [45], [46], [47], [48], [49], [53].
For instance, when N1 = 3500, accuracy decreases from 0.887
to 0.831, 0.782, and 0.679 as γ increases from 10 to 20, 50,
and 100, respectively. Additionally, reduced labeled data leads
to performance degradation. For example, when N1 decreases
from 3500 to 1500 at γ = 10, accuracy drops from 0.887 to

TABLE IV
ABLATION EXPERIMENT RESULTS OF OUR APPROACH ON DIFFERENT LABELED

DATA (RN: RANDOM NOISE; ADA: ADAPTIVE DATA AUGMENTATION; DT:
DYNAMIC THRESHOLD; PBS: POST-BALANCED SAMPLING)

0.841. These results confirm that both labeled data quantity and
imbalance ratio affect model performance.

D. Ablation Experiment

Our approach proposes a series of effective techniques to
enhance model generalization on imbalanced dataset, including
adaptive data augmentations, STA networks, DT mechanism,
and PBS training strategy. Here, we use an ablation study to
explore the influences of these modules on model accuracy, in-
crementally adding them and presenting the results in Table IV.
The study demonstrates the effectiveness of these modules in
improving model accuracy. We provide detailed descriptions of
each module below.

Adaptive data augmentation (ADA): Since our SSL frame-
work relies on data augmentations, it is essential to use appro-
priate augmentations. Existing WiFi HGR solutions either do not
utilize data augmentation or only apply random noise, limiting
the model’s representation ability. Due to the properties of
electromagnetic waves, the CSI and DFS of WiFi signals exhibit
significant environmental dependency, prompting Widar3.0 [14]
to propose advanced domain-independent BVP features. To
eliminate environmental influences, our work employs the pub-
licly available BVP data from Widar3.0 [14]. However, there
are no dedicated data augmentation methods for BVP. Unlike
images that permit various rotations and color transformations,
WiFi constitutes structured complex-valued signals, precluding
direct application of image-based augmentation techniques [32],
[79]. While some existing works [26], [79], [80] have proposed
data augmentation methods for CSI or DFS, no online data
augmentation scheme has been developed for BVP. Notably,
BVP data differs substantially from CSI and DFS in physical in-
terpretation, rendering existing CSI/DFS augmentation methods
inapplicable to BVP. Consequently, we designed adaptive data
augmentation methods specifically for BVP. We compare our
adaptive data augmentation methods with simple random noise
addition, the results are shown in Table IV. It can be observed
that an improvement of approximately 1.2% ∼ 1.8% in model
accuracy across different labeled data scenarios, such as from
0.704 to 0.722 on 10% labeling. Furthermore, we apply our
adaptive data augmentations to supervised WIDAR [14] (only
supervised learning with labeled data). The results in Fig. 12
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Fig. 12. WIDAR [14] with our adaptive data augmentations and alongside
only supervised learning using labeled data. “RN” means random noise. “w/o”
represents no augmentations, namely original WIDAR [14].

TABLE V
RECALL OF MINORITY CLASSES WITH DIFFERENT MODULES (10% AND 20%

LABELED SAMPLES)

demonstrate that our proposed augmentations outperform ran-
dom noise, particularly for the RFE and RFM augmentations.
In summary, our four adaptive data augmentations significantly
enhance model robustness and improve accuracy.

STA networks: Our STA networks enhance the model’s ability
to learn discriminative representations by incorporating spatial-
temporal attention. As shown in Table IV, compared to models
without attention mechanisms, STA improves accuracy from
0.836 to 0.857 with 50% labeled samples. This trend continues
across labeled data scenarios ranging from 10% to 40% . STA
also improves model accuracy in the context of supervised
learning, as demonstrated by the results (“WIDAR [14]+STA”)
in Table II. Notably, STA significantly enhances the performance
of WIDAR, increasing accuracy from 0.569 to 0.587 with 10%
labeled supervised learning.

Dynamic threshold & post-balanced sampling: The DT mech-
anism and PBS strategy play crucial roles in addressing imbal-
anced datasets in semi-supervised WiFi HGR. From Table IV,
we observe that the DT improves accuracy by more than 5% and
4% on 10% and 20% labeled data, respectively. Additionally,
the PBS strategy enhances model accuracy by approximately
2% across labeled data scenarios ranging from 10% to 50%
. Therefore, for semi-supervised WiFi HGR on imbalanced
datasets, our proposed methods are vital for leveraging more
information and enhancing model representation ability. As dis-
cussed in Section III-B, without imbalance operations, minority
classes typically exhibit low recall on imbalanced datasets. To
evaluate the impact of the DT and PBS modules on recall,
we compare the recall of six minority classes. The results in
Table V demonstrate that these modules significantly improve
recall for minority classes. For instance, the recall of gesture
“Draw-0” is improved by 31% with the DT mechanism, and

Fig. 13. Comparisons of different sampling strategies (RS: random sampling;
BS: balanced sampling).

TABLE VI
MODEL ACCURACY WITH UNSUPERVISED SIMILARITY LOSS (26)

the recall of gesture “Draw-2” is improved by 36% with 10%
labeled data. The proposed PBS also improves recall by approxi-
mately 3% ∼ 6% for these minority classes. In Section IV-E, we
mentioned that directly applying balanced sampling to labeled
data during training may lead to overfitting for minority classes,
which in turn affects unlabeled data and overall performance.
We compare the performance of different sampling methods on
labeled data: random sampling (RS), balanced sampling (BS),
and our proposed sampling (RS+PBS). The results in Fig. 13
demonstrate that directly using BS leads to lower performance
compared to RS, while our proposed sampling strategy achieves
the highest model accuracy. Our approach effectively handles
imbalanced-class WiFi HGR datasets, improving the perfor-
mance of minority classes and overall dataset. The comparative
evaluations highlight the potential of our approach as a ground-
breaking solution for imbalanced semi-supervised WiFi HGR.

Unsupervised similarity loss: In addition to supervised loss
and pseudo-label loss, we integrate an unsupervised similarity
loss (26) into our total loss function (27). When unlabeled data
lacks pseudo-labels, triggering the absence of a pseudo-label
loss, the unsupervised similarity loss becomes significant. Un-
supervised similarity loss promotes consistency between aug-
mented unlabeled data, thereby facilitating the acquisition of
richer representations from unlabeled samples. Comparing the
impact of including or omitting the similarity loss, as depicted in
Table VI, reveals that integrating the unsupervised similarity loss
can enhance model accuracy by approximately 0.3% ∼ 0.5%,
underscoring its role in augmenting the learning efficacy of
unlabeled samples.

Model Computational Costs Analysis: As shown in Table VII,
our model size is 13.31 MB with 3.48 M parameters and a
computational cost of 1.39 G FLOPs. Since the input BVP di-
mension is relatively small (20× 20), the model’s computational
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Fig. 14. Hyper-parameter sensitivity.

TABLE VII
MODEL PARAMETERS, SIZE, COMPUTATIONAL FLOPS, AND TRAINING TIME

TABLE VIII
LABELED RATIO GRADIENT EXPERIMENTS

overhead is not particularly high. Additionally, during training,
we compute dynamic thresholds, which introduces some extra
training time. As the dynamic threshold computation occurs
when gradient propagation is stopped, it does not introduce
additional model parameters. Compared to fixed thresholds,
dynamic thresholds increase the processing time per batch by
0.01 s, which remains acceptable. In the future, we will explore
methods to reduce the number of parameters, such as model
compression techniques, to make the models more lightweight
and suitable for resource-constrained devices.

More Varying Labeled Ratios: As shown in Table VIII, we
expand experiments to include annotation ratios ranging from
5% to 80% . The results reveal that: (1) Model generalization
improves with increasing annotation ratios, indicating greater
benefits from more labeled data. (2) Performance rises sharply
when the annotation ratio increases from 5% to 30% . For
example, accuracy improves from 0.741 to 0.818 (+7.7% ) when
the ratio increases from 5% to 10%, and from 0.818 to 0.850
(+3.2% ) when increasing from 10% to 20% . (3) Beyond 40%
labeled ratios, performance gains diminish significantly. For
instance, accuracy increases by only 0.6% when the ratio rises
from 50% to 60%, and by about 1% even at 80% annotation
compared to 50% . This suggests that with suitable annotation,
our model achieves strong generalization without relying on
excessive labeled data.

E. Parameter Study

Our approach involves three hyper-parameters: τzmost
, τmin,

and μ. To assess the sensitivity of our proposed scheme to differ-
ent values of these hyper-parameters, we conducted experiments
with a labeled ratio of 10% . The results are presented in Fig. 14.

For τzmost
, we tested values ranging from {0.90, 0.91, 0.92,

0.93, 0.94, 0.95, 0.96, 0.97}. Fig. 14(a) demonstrates that
τzmost

= 0.95 yields the best performance. Regarding τmin,
which sets the minimum value of the dynamic threshold to
avoid incorporating samples with excessively low confidence
probability, we explored values from {0.60, 0.61, 0.62, 0.63,
0.64, 0.65, 0.66, 0.67}. Fig. 14(b) reveals that τmin = 0.64
achieves the optimal performance. Although other values of
τzmost

and τmin lead to slight fluctuations in accuracy, they do
not significantly compromise the overall performance, under-
scoring the robustness of our approach to the selection of these
hyper-parameters.

The hyper-parameter μ is dependent on the relative batch size
of labeled and unlabeled data. We examined values from {1, 2,
3, 4, 5, 6, 7}. Fig. 14(c) demonstrates that smaller μ values (e.g.,
μ = 1) result in a significant decrease in model performance,
with a decrease of more than 2% in accuracy compared toμ ≥ 3.
This observation aligns with the findings of FixMatch [55]. In
our study, we selectedμ = 6 as it achieved the best performance.

VI. DISCUSSION

There are several potential directions to further explore in the
field of semi-supervised WiFi HGR.

Unknown gesture class: The current schemes assume that the
classes of unlabeled data and the testing set are the same as those
in the labeled training set. However, in real-world scenarios,
the collected unlabeled training data may contain complex and
diverse gestures, including additional unknown classes. Training
directly with labeled and unknown-class unlabeled samples can
disrupt the data distribution. Moreover, during real-world use,
users may perform invalid gestures that are unknown to the
model, but the model may still attempt to recognize them using
a fixed trained classifier. Therefore, addressing the issue of
unknown classes can enhance model robustness and orient to
practical scenarios. In the future, we will explore corresponding
techniques to handle this problem.

Lightweight model: To learn more discriminative representa-
tions from WiFi data, our model employs STA networks, which
increases model parameters. However, some mobile terminal
devices have limited resources, making it challenging to de-
ploy models with a large number of parameters. This issue is
prevalent in current deep learning-based WiFi HGR schemes,
as they strive for high accuracy, often resulting in models with
numerous parameters. In the future, we will explore methods to
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reduce the number of parameters, such as model compression
techniques, to make the models more lightweight and suitable
for resource-constrained devices.

Multi-source gesture datasets: The existing methodologies
operate under the assumption that unlabeled samples originate
from a single source dataset. Nonetheless, collected unlabeled
data could stem from multi-source datasets, which may intro-
duce notable disparities in data distribution. The divergence
in data sources poses challenges in aligning data distributions
and significantly impairs the model’s generalization capabilities.
To enhance the resilience of semi-supervised WiFi HGR in
real-world scenarios, future efforts must address the adversarial
impact of multi-source datasets, potentially through the adoption
of multi-source domain adaptation technologies.

VII. CONCLUSION

This paper introduces a novel imbalanced semi-supervised
WiFi HGR framework featuring STA networks. Rather than
employing fixed threshold for unlabeled samples, we design
class-independent thresholds for all classes and dynamically
adjust them during training process, which significantly alle-
viates model bias on imbalanced dataset. To learn more dis-
criminative representations of WiFi signals, the proposed STA
structure dynamically learns spatial salient features and crucial
temporal frames. Furthermore, we present four adaptive data
augmentations tailored for WiFi signal data to enhance model
generalization performance. Experimental results on Widar3.0
dataset show significant accuracy improvements over existing
semi-supervised schemes, highlighting its potential as a power-
ful imbalanced semi-supervised WiFi HGR solution.
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