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Abstract

We address the challenge of WiFi-based temporal activity
detection and propose an efficient Dual Pyramid Network
that integrates Temporal Signal Semantic Encoders and Local
Sensitive Response Encoders. The Temporal Signal Semantic
Encoder splits feature learning into high and low-frequency
components, using a novel Signed Mask-Attention mecha-
nism to emphasize important areas and downplay unimpor-
tant ones, with the features fused using ContraNorm. The Lo-
cal Sensitive Response Encoder captures fluctuations without
learning. These feature pyramids are then combined using a
new cross-attention fusion mechanism. We also introduce a
dataset with over 2,114 activity segments across 553 WiFi
CSI samples, each lasting around 85 seconds. Extensive ex-
periments show our method outperforms challenging base-
lines.

Code — https://github.com/AVC2-UESTC/WiFiTAD

Introduction
Using IoT devices to recognize human activities like
walking, falling, and lying down has numerous applica-
tions (Kong and Fu 2022). Recently, there has been grow-
ing interest in not just short-term activity analysis but also
long-term daily behavior monitoring, which is vital for real-
world applications like health monitoring and medical statis-
tics (Gu et al. 2019).

For long-term monitoring, researchers are increasingly
focusing on processing extended data streams, specifically
through Temporal Activity Detection (TAD), which aims
to automatically identify activities and their timing within
prolonged monitoring data (Shou, Wang, and Chang 2016).
However, most of these efforts rely on camera sensors,
which require a direct line of sight (LOS) to function ef-
fectively. This limitation restricts their use in low-light con-
ditions and raises significant privacy concerns, making them
less suitable for sensitive environments where confidential-
ity is important (Sun et al. 2022).

As a privacy-preserving alternative, researchers have
turned to non-invasive technologies like WiFi Channel State
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Figure 1: The variation of ubiquitous wireless signal caused
by different human activities along the temporal axis.

Information (CSI) to sense and recognize human activi-
ties (Chen et al. 2018). Unlike cameras, WiFi CSI doesn’t
capture visual images, eliminating privacy issues. By de-
tecting the multi-path effects caused by human movements,
CSI allows for Non-Line-of-Sight (NLOS) monitoring along
fixed transmitter-receiver paths. The widespread availability
of WiFi makes this approach not only cost-effective but also
highly accurate for activity recognition, even in challenging
conditions (Zeng et al. 2018).

Despite significant progress in using CSI for human activ-
ity recognition (HAR), most existing methods assume that
input signals are pre-segmented into distinct activities, fo-
cusing on correctly identifying activities from a predefined
set of classes (Chen et al. 2018; Meng et al. 2023; Li et al.
2021a; Chavarriaga et al. 2013; Xiao et al. 2020; Yousefi
et al. 2017). While effective for well-defined segments, these
methods struggle in more complex scenarios where activity
boundaries are not predefined, and the signal is continuous
and untrimmed, as shown in Fig. 1.

Temporal activity detection is well-developed in com-
puter vision using visual inputs (Wang et al. 2023a), but
applying these methods directly to WiFi CSI-based activity
detection is challenging due to differences in data modal-
ity and characteristics. Unlike visual data, which provides
rich spatial features and clear temporal sequences, WiFi CSI
data is primarily temporal, noisy, and lacks intuitive spatial
cues. Environmental factors introduce noise in WiFi signals,
which is different from the noise typically encountered in
visual data. Additionally, WiFi CSI suffers from a scarcity
of annotated data, unlike the large labeled datasets avail-
able in computer vision. Moreover, WiFi CSI data, gener-
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ated by inexpensive sensors, requires more efficient models
than the computationally intensive approaches used in com-
puter vision. These differences highlight the need for tai-
lored methods for WiFi CSI, making it unsuitable to directly
apply computer vision-based approaches.

To address these challenges, we explore wireless Tem-
poral Activity Detection and introduce DPWiT, an end-to-
end learning model. DPWiT uses a multi-scale dual pyra-
mid structure that combines frequency-aware feature learn-
ing with fluctuation information to accurately identify activ-
ities and their precise locations within untrimmed, long-term
signals. The core component, the Dual Pyramid Tempo-
ral Context Modeling (DPTCM), generates multi-scale fea-
tures through Temporal Signal Semantic Encoders (TSSE)
and Local Sensitive Response Encoders (LSRE), which are
fused using Cross-attention Pyramid Fusion modules. We
also collected and annotated a comprehensive untrimmed
WiFi CSI dataset covering seven daily activities: walk, run,
jump, wave, fall, sit, and stand. This dataset includes 553
untrimmed samples with 2,114 activity instances, each an-
notated with start time, end time, and category. To summa-
rize, we contribute in:
• We systematically study the WiFi based Temporal Activ-

ity Detection (TAD) task and introduce a comprehensive
solution. This includes developing a novel method, creat-
ing a real-world dataset of long-term, untrimmed multi-
activity wireless signals, and establishing a new bench-
mark for future research.

• We explore the classification and localization sub-tasks
of TAD, finding that high-frequency information is cru-
cial for localization, while low-frequency information is
better for identifying activity categories.

• We propose DPWiT, a model that combines frequency-
aware learning with dual pyramid fusion, achiev-
ing state-of-the-art results on real-world datasets. For
low-frequency learning, we introduce Signed Mask-
Attention, which better highlights important areas and
downplays unimportant ones, enhancing the model’s fo-
cus on critical regions.

Related Work
CSI based Huam Activity Analysis
Recently, deep learning-based strategies have been increas-
ingly applied to CSI-based human activity recognition, in-
spired by the success of deep neural networks in various
fields (Krizhevsky, Sutskever, and Hinton 2012; Li et al.
2021a). Models like ABLSTM (Chen et al. 2018) and Trans-
formers (Li et al. 2021b) have demonstrated the advantages
of temporal context modeling in improving recognition ac-
curacy. Some studies have extended WiFi signal use to long-
term monitoring, achieving effective respiration monitoring
in real home environments (Tian et al. 2018; Liu et al. 2021;
Wang et al. 2023b). Although they analyze successive activ-
ity recognition from the temporal angle, these methods are
generally limited to single, well-defined activity segments
and regular patterns. The challenge of accurately detecting
and recognizing various activities from untrimmed, unre-
stricted WiFi CSI data remains largely unresolved.

Temporal Activity Detection
Temporal activity detection is well-developed in computer
vision using visual inputs (Wang et al. 2023a). Existing
vision-based TAD methods are divided into one-stage and
two-stage approaches. Two-stage methods (Chen et al. 2022;
Xia et al. 2022) first generate potential instance propos-
als and then classify and refine them using independently
trained detectors. In contrast, one-stage methods (Shi et al.
2023; Yang et al. 2020) use an end-to-end pipeline to si-
multaneously localize and recognize actions. Although tem-
poral action detection (TAD) is well-studied in the vision
community, WiFi-based TAD remains in its early stages. It
requires precise modeling of signal temporal boundaries and
an in-depth understanding of multiple actions. However, as
demonstrated in our experiments, directly applying vision-
based methods to WiFi CSI signals often yields suboptimal
results due to the unique characteristics of wireless signals.

Method
Problem Definition
Given a dataset of long-term signals D “ tXiu

n
i“1, where

each signal instance Xi contains Mi action segments Yi “

tpsm, em, cmqu
Mi
m“1, with sm representing the start time, em

the end time, and cm the corresponding action category, our
task is to detect all action segments in Yi based on the input
signal Xi.

Some Preliminary Results
Before delving into the detailed design of our proposed
methods, we present some preliminary results that motivate
our solution.

We empirically observed that CSI signals are highly com-
plex, as illustrated in Fig. 3, primarily due to the inherently
noisy characteristics caused by multi-path effects (Yang,
Zhou, and Liu 2013). Despite this complexity, our task in-
volves identifying the precise start and end times of each po-
tential activity. We hypothesize that these temporal bound-
aries are largely driven by rapid changes in the signal, which
can be effectively captured by high-frequency information.
Additionally, identifying the specific activity category re-
quires a comprehensive understanding of the semantic infor-
mation across an entire input segment, which can be mod-
eled by low-frequency information. Low-frequency compo-
nents are more effective for distinguishing between different
types of activities, as they capture the broader, more stable
patterns in the signal that are crucial for accurate classifi-
cation within the detected temporal boundaries. Similar ap-
proaches to signal analysis from a frequency perspective has
also been validated in the vision community (Wang et al.
2022; Li et al. 2023).

Existing work (Wang et al. 2022; Li et al. 2023) has shed
light on network design from a frequency perspective. Self-
attention, by focusing on all parts of the input sequence,
tends to aggregate information across the entire sequence,
smoothing out variations and emphasizing the global struc-
ture. This behavior is akin to a low-pass filter in signal pro-
cessing, making self-attention particularly effective at ex-
tracting low-frequency features that capture broader, more
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Dual Pyramid Temporal Context Modeling
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Figure 2: Overview of our network. Given a raw signal input, we employ 3 CGR layers to project the signal and generate output
feature through dual pyramid temporal context modeling. Finally, the features are processed by the prediction head to transform
into TAD results.

stable patterns—ideal for tasks requiring a global context or
semantic understanding. Convolutional layers, on the other
hand, especially with small kernel sizes, are designed to cap-
ture local patterns by applying filters over small receptive
fields. These operations are sensitive to sharp transitions and
fine details, characteristic of high-frequency components.
When combined with pooling, which down-samples the
input, convolutional layers further amplify high-frequency
features, making them effective at detecting edges, textures,
and other fine details.

To validate our hypothesis, we conducted preliminary
studies from a frequency perspective. In our first case study,
we designed two networks: one featuring a transformer
backbone and the other a convolutional network backbone.
Both networks were configured with comparable numbers
of parameters and employed the same classification and
localization heads. We assessed these networks using two
metrics: localization mean Intersection over Union (mIoU),
classification precision. The mIoU measures the average IoU
between the predicted and ground truth (GT) boundaries, re-
gardless of the activity labels, evaluating the network’s ca-
pability to detect potential activities within the input sig-
nal. Precision is defined as the ratio of correctly predicted
activity labels—those whose predicted boundaries overlap
with the GT boundaries within a predefined tIoU range of
[0.3:0.7:0.1]—to the total number of predictions. Precision
evaluate the network’s ability to accurately understand the
context of the input signal, assuming that rough segmenta-
tion has already been achieved. The results, summarized in
Table 1, indicate that the transformer-based solution, which
focuses on learning global dependencies and capturing low-
frequency semantic information, excels in classifying ac-
tivity categories. Conversely, the convolutional network-
based solution, adept at capturing local patterns and high-

Network mIoU Precision

Transformer 47.1 21.9
Convolutional Network 49.4 18.3

Frequency Band mIoU Precision

Low-Frequency Inputs 43.5 19.1
High-Frequency Inputs 44.6 15.8

Table 1: Preliminary Results and Analysis from the fre-
quency perspective.

frequency features, performs better in identifying activity
boundaries.

To further validate this phenomenon, we conducted addi-
tional experiments. Initially, we transformed the input signal
into the frequency domain using the Fast Fourier Transform
(FFT). We then identified the cutoff frequency at the point
where the power spectrum decreased by 6 dB and divided
the frequency spectrum into two parts: low-frequency and
high-frequency, based on this cutoff point. Subsequently,
we obtained the low-frequency and high-frequency signals
by transforming the respective frequency bands back to the
time domain using the Inverse FFT (IFFT). We then input
these transformed signals into our proposed model, details
of which will be elaborated in the following section, and
evaluated their results. The outcomes are consistent with our
previous study, further confirming the role of different fre-
quency components in the task of Temporal Activity Detec-
tion. More results could be found in the supplementary ma-
terial in our code.

Model Overview
Given the distinct roles of frequency components in Tem-
poral Activity Detection (TAD), we propose a frequency-
aware learning framework. As shown in Figure 2,
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the input signal is first processed through three CGR
(Conv+GroupNorm+ReLU) layers. The resulting features
are then passed to a dual pyramid temporal context model-
ing module, which includes Lˆ Temporal Signal Semantic
Encoders (TSSE) and Local Sensitive Response Encoders
(LSRE), followed by a cross-attention pyramid fusion mod-
ule. The TSSE consists of a transformer branch and a Conv-
Pool branch, designed to learn low and high frequencies,
respectively. These features are integrated via a Contra-
Norm module. The LSRE captures signal fluctuations in a
learning-free manner, and the features from both encoders
are aligned through a cross-attention pyramid fusion mecha-
nism. Finally, a prediction head outputs the detection results
for training and inference.

Dual Pyramid Temporal Context Modeling
The feature encoders starts from the projected feature f P

RTˆD, where T represents the signal timestamp points and
D represents the channels. Through the local sensitive re-
sponse encoder and temporal signal semantic encoders, two
multi-scale feature pyramids are created.

Temporal Signal Semantic Encoder We designed two
distinct network branches, each featuring core modules of
self-attention and convolutional-pooling operations, tailored
to preferentially learn low and high frequencies, respec-
tively.

More specifically, given a feature f P RTˆD, we em-
ploy two branches to process the feature. The first branch
is transformer-based, where we introduce a novel Signed
Mask-Attention (SMA) mechanism to enhance the extrac-
tion of low-frequency features in the signal. These low-
frequency features serve as crucial cues for achieving a com-
prehensive understanding of the semantic information across
the entire segment of the input. For the input feature f , we
divide it into multi-heads. For the i-th head fi P RTˆdk , we
compute the queries, keys, and values as follows:

Qi “ fiW
Q
i , Ki “ fiW

K
i , Vi “ fiW

V
i (1)

where WQ
i P RTˆdk , WK

i P RTˆdk , and WV
i P RTˆdk

are projection matrices, with dk representing the projection
dimension, typically defined as dk “ D

M , where M denotes
the number of attention heads. The Signed Mask-Attention
matrix can be expressed as:

A “ σtp}Q ` K}1W
T
Hq d σspQKT q (2)

where σt denotes the tanh activation function, which out-
puts values in the range r´1, 1s, and σs denotes the sigmoid
activation function, which outputs values in the range r0, 1s.
Additionally, WH is a learnable matrix with the same di-
mensions as Q. These activation functions introduce non-
linearity into the learning process while also constraining the
matrix values to prevent them from becoming excessively
large. Our newly designed attention matrix leverages the in-
formation in Q and K more effectively, adjusting the mag-
nitude of the original attention mechanism. This approach
emphasizes important areas while downplaying unimportant
ones, enhancing the model’s focus on critical regions.

SMApQi,Ki, Viq “ Softmax pAi{dkq ˆ Vi (3)

Subsequently, this result is added to the original features,
followed by the application of a feedforward network. The
output is then added again to obtain the final vector. There-
fore, the SMA branch can be computed as:

fsma “ FFNpLNpSMApDSpfqq ` DSpfqqq (4)

where LN is the LayerNorm, DS is the down-sampling layer,
FFN is the FeedForward Network.

Additionally, we designed a convolutional network-based
branch to more effectively extract the high-frequency infor-
mation from the input signal. This is accomplished through
the use of convolution and max-pooling operations. Specifi-
cally, we have:

fpool “ ConvpσspMaxpoolpfqq d DSpfqq, (5)

Finally, we employ a mixed module that combines
channel-wise concatenation with ContraNorm (Guo et al.
2023) to aggregate the features from the two distinct
branches. The ContraNorm operation has been demon-
strated to effectively disentangle representations in the em-
bedding space, thereby enhancing generalization perfor-
mance.

fc “ Conv1x1pCatrfsma, fpoolsq

fTSSE “ fc ´ τ ¨ softmaxpfc ˆ fJ
c qfc

(6)

where Conv1x1 denotes a convolutional layer with a ker-
nel size of 1 and a stride of 1, the channel is set as D. The
channel-wise concatenation module is used to fuse fssa and
fpool, τ is the parameter.

Our TSSE design allows our network to leverage the
unique strengths of each frequency band, thus enhancing
the precision and robustness of our temporal activity detec-
tion system. By fusing the separately learned high and low-
frequency features, we create a more comprehensive repre-
sentation of the signal. This fused representation effectively
combines the detailed temporal boundaries derived from the
high-frequency features with the contextual insights from
the low-frequency features. As a result, our model excels
in accurately identifying both the timing and nature of activ-
ities, even amidst complex and noisy environments, as evi-
dence by the numerical results in the experimental section.

Local Sensitive Response Encoder We further design an-
other encoder to capture the fluctuation information to en-
hance the localization. As depicted in Fig. 2, the LSRE em-
ploys a channel-wise window to slide on temporal axis to
extract regional information. The scale of window is deter-
mined by the LSRE order l. To capture the regional fluc-
tuations, we compute the maximum and minimum values
within the window to obtain the aggregated feature. This
process can be formalized as:

fw “ Concatttmaxpfinrt : t`2lsq ´minpfinrt : t`2lsqu
T´w
t“0

(7)
where fw represents the aggregated feature, and the t de-

notes the window’s position, Concatt means to concate-
nate the features in the temporal dimension. The sliding
window effectively captures the local fluctuation by com-
puting the difference between the maximum and minimum
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values within each window, thereby enhancing the regional
saliency of the input signal. Most importantly, this opera-
tion is achieved in a learning-free manner. In this way, it
reduces complexity and computational overhead, enabling
faster processing and lower memory usage. It’s also less
prone to overfitting, making it an efficient and generalizable
method for capturing essential signal characteristics. For the
aggregated features, a MLP layer is utilized to transform the
raw regional difference into a more robust and discrimina-
tive feature space

fLSRE “ MLPpfwq (8)

where the output feature fLSRE encapsulates crucial re-
gional saliency information, serving as a robust and infor-
mative input for subsequent processing.

Cross-attention Pyramid Fusion By obtaining the out-
puts from each encoder, we construct the feature pyra-
mids. One pyramid contains the multi-scale output of
TSSE, denoted as SetT “ tf1

TSSE , f
2
TSSE , . . . , f

L
TSSEu,

and the other is the LSRE pyramid, denoted as SetL “

tf1
LSRE , f

2
LSRE , . . . , f

L
LSREu. The scale of these pyramids

is determined by a stride of 2. To efficiently and comprehen-
sively fuse these two pyramid sets, we designed the Cross-
Attention Pyramid Fusion, which aims to align and integrate
the feature information from both pyramids. Specifically, for
the features at the lth level, this process can be formulated
as:

"

f l
c1 Ð CrossAttentionpf l

LSRE , f
l
TSSEq,

f l
c2 Ð CrossAttentionpf l

TSSE , f
l
LSREq

(9)

where flLSRE represents the feature at the lth level of
the LSRE pyramid, and f l

TSSE represents the corresponding
feature at the lth level of the TSSE pyramid. The CrossAt-
tention operation between these features enables the model
to capture and exchange complementary information from
both pyramids. This bi-directional attention mechanism en-
sures that the fused features f l

c1 and f l
c2 incorporate both lo-

cal and global context, enhancing the overall representation
capability of the model.

After that, we have post-processed the two features and
add additional f l

TSSE through layernorm for facilitating
training

f l
det “ LNpFFNpf l

c1 ` f l
c2q ` LNpf l

TSSEq (10)

where f l
det represents the final fused feature used for de-

tection at the lth level of the pyramid.

Prediction Head
We build the prediction head to process the pyramid fea-
tures across multi levels. It can be divided into two sym-
metric classification branch and localization branch which
are both realized by 3 CGR layers with a single convolution
layer. The difference between the two branches is the clas-
sification branch conv projects the feature f l

det P RT l
ˆD

into the class score predictions f l
cls P RT l

ˆcls and localiza-
tion branch conv projects the feature f l

reg P RT l
ˆ2 into the

boundary locations, respectively at different time stamps.

For an instant tl in the lth level, the prediction head esti-
mates the boundary distance d̂lst and d̂let, the class scores ĉlt
of all categories with the background is also obtained. Then
the candidate activity segments ôlt “ pâlt, ŝ

l
t, ê

l
tq can be de-

coded by

âlt “ argmaxpĉltq, ŝlt “ tl ´ d̂lst, êlt “ tl ` d̂let (11)

Training and Inference
Training In the training stage, the network outputs pre-
dicted candidates ô, we optimize the model by aligning the
predicted results with the ground truth annotations. The ob-
jective function of the proposed DPWiT optimization fol-
lows the design in (Zhang, Wu, and Li 2022), which has two
sub-functions, the first sub-function LCls is a focal loss(Lin
et al. 2017) for classification, the second sub-function LLoc
is a DIoU loss(Zheng et al. 2020) for distance regression.
The objective function is defined as

L “
ÿ

t

pLCls ` λLLocq{T` (12)

where T` is the number of positive predictions and λ is
an hyper-parameter to modulate the ration of LCls and LLoc.

Inference At inference stage, the predicted candidates ô
with classification scores higher than threshold β and their
corresponding instances are kept. We then assemble all pre-
dictions and process them with Soft-NMS(Bodla et al. 2017)
to duplicate overlapped instances.

Experiments
Dataset
We collected CSI samples to create the dataset used in our
experiments. The CSI data was gathered in an empty office
room measuring 7m ˆ 12m ˆ 2.5m. Our test bed consists
of two laptops equipped with commercial Intel 5300 NICs,
functioning as the transmitter (TX) and receiver (RX), re-
spectively. Both the TX and RX each have one antenna,
with thirty sub-channels available. Three student volunteers
participated in the experiment, where they were asked to
randomly perform a set of predefined daily activities be-
tween the TX and RX. The key statistics of our dataset are
summarized in Table 2. The device’s sampling frequency
is 100Hz. The signal recordings cover seven daily activ-
ities—walking, running, jumping, waving, falling, sitting,
and standing—and include 553 untrimmed samples with a
total of 2,114 activity instances. Each instance is meticu-
lously annotated with its start time, end time, and activity
category. The whole dataset is split with a 7:3 ratio as the
training and testing subsets.

Category Walk Run Jump Wave Fall Sit Stand
Num. 394 361 347 335 332 225 120

Avg.(s) 16 17 13 18 13 13 11
Max.(s) 30 25 20 30 25 40 20
Min.(s) 10 5 5 10 5 5 5

Table 2: Details of the dataset
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Model mAP0.3 mAP0.4 mAP0.5 mAP0.6 mAP0.7 mAPavg GFlops Time/ms

Baseline-ResNet1d(He et al. 2016) 19.7 19.2 16.7 10.9 7.5 14.8 0.29 7.8
Baseline-THAT(Li et al. 2021a) 21.2 20.6 16.2 10.6 6.7 15.1 1.64 8.2

AFSD(Lin et al. 2021) 46.6 45.4 42.4 37.9 25.4 39.5 91.0 71.8
BREM(Hu et al. 2022) 48.8 46.4 43.5 38.7 29.7 41.4 205.1 74.7
ActionFormer(Zhang, Wu, and Li 2022) 60.8 58.6 56.6 50.5 35.8 52.5 148.3 98.5
TADTR(Liu et al. 2022) 63.3 59.9 57.4 51.8 38.2 54.1 185.4 75.7
Tridet(Shi et al. 2023) 62.4 60.8 58.5 53.8 39.5 55.0 239.5 117.4
TemporalMaxer(Tang, Kim, and Sohn 2023) 64.5 62.0 60.0 54.9 40.5 56.4 189.6 76.1
DyFADet(Yang et al. 2024) 66.8 64.2 62.4 56.4 40.1 58.0 304.0 106.0
Ours 85.5 83.0 77.3 72.1 54.5 74.5 44.1 61.8

Table 3: Comparison of the model mAPs, GFLOPs and inference time(ms) of different methods.

Experimental Setups
Metrics and Baselines We evaluate our model’s perfor-
mance using Mean Average Precision (mAP) at several tem-
poral Intersection over Union (tIoU) thresholds. tIoU is de-
fined as the ratio of the intersection to the union of two tem-
poral windows, determining localization accuracy. If tIoU
exceeds a threshold, the window is validated for correct
action classification. mAP is then obtained by averaging
the Average Precision (AP) across all categories. Following
Thumos14 (Idrees et al. 2017), tIoU thresholds range from
0.3 to 0.7 in steps of 0.1.

The baseline comparison methods are primarily adapted
from the vision community and include the following:
AFSD (Lin et al. 2021), which learns salient boundary
features without anchors; BREM (Hu et al. 2022), which
predicts multi-scale boundary quality to improve proposal
scores; ActionFormer (Zhang, Wu, and Li 2022), which
combines local self-attention with multiscale features for
long-range temporal context; TADTR (Liu et al. 2022),
which uses temporal deformable attention to focus on key
snippets; Tridet (Shi et al. 2023), which models action
boundaries with a relative probability distribution; Tem-
poralMaxer (Tang, Kim, and Sohn 2023), which empha-
sizes feature extraction while minimizing long-term context
modeling; and DyFADet (Yang et al. 2024), which intro-
duces Dynamic Feature Aggregation to adapt kernel weights
and receptive fields over time. To ensure fair comparison,
we modified their pipelines to fit signal data and replaced
their backbones with the same encoder used in our network.
Additionally, we implemented two sliding-window baseline
methods: one based on a Convolutional Network and the
other on a Transformer. The input is pre-segmented accord-
ing to ground truth annotations, with a window size match-
ing the maximum ground truth boundary. These networks
are trained to classify activity categories and background,
and during inference, a sliding window approach is used to
identify activities within each segment.

Implementation Details The model is implemented in
PyTorch, using Adam as the optimizer with an initial learn-
ing rate of 4e-5 and a weight decay coefficient of 1e-3.
Training was conducted on a workstation equipped with an
Intel(R) Xeon(R) Gold 5218R CPU @ 2.10GHz and two

Method mAP0.3 mAP0.5 mAP0.7 mAPavg

Decomposed Frequency-aware Learning
w/o Transformer-based branch 77.8 71.9 49.9 68.6
w/o Conv-Pool based branch 78.9 70.7 46.2 66.6

Dual Encoder
LSRE 33.1 26.6 12.3 24.7
TSSE 79.0 70.5 44.6 66.2

Design in LSRE
min 80.0 73.9 46.4 68.8
mean 83.6 74.1 47.9 70.3
max 82.1 75.1 50.5 71.3
max-min 85.5 77.3 54.5 74.5

Pyramid Fusion
Pyramid-wise Add 80.8 72.3 48.6 69.0

Signed Mask-Attention
Self-Attention 70.7 64.0 35.1 59.4

Proposed Method
Ours 85.5 77.3 54.5 74.5

Table 4: Ablation studies from various aspects.

Nvidia 3090 GPUs, with a batch size of 2. Training our
dataset required 40 epochs, taking approximately 4 hours
to complete. During the inference stage, the model outputs
were processed by Soft-NMS, with a sigma value of 0.95
and a confidence threshold of 0.01. For both training and in-
ference, single signal samples were divided into clips, each
with a length of 4096 time stamps (approximately 41 sec-
onds, covering over 2 activities), with a stride of 0.5. We
utilized 8 TSSE and LSRE backbones as feature encoders,
and the output features from the last 4 layers were used for
detection. Regarding the hyperparameters, the coefficient λ
in the objective function was set to 10, the scale τ in Contra-
Norm was set to 0.1, and the confidence threshold in focal
loss β was set to 0.9.

Main Results
We report our main results in Table 3, which demonstrate
that our model outperforms all baselines and achieves state-
of-the-art performance on the dataset. Notably, DyFADet
achieves close to 60% accuracy, while TemporalMaxer,
using MaxPooling for dimensionality reduction, loses se-
mantic information, resulting in a lower mAP of 56.4%.
Single-stage models like AFSD and BREM achieve 39.5%
and 41.4% mAP, respectively, while TadTR, adapted from
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Figure 3: Prediction Visualizations form different methods.

DETR, scores 54.1%. These results highlight the critical role
of model design in temporal activity detection using WiFi-
based data. Cross-person evaluation is provided in the sup-
plementary material.

Ablation Study
To further verify the efficacy of our contributions, we con-
duct extensive ablation studies on Dataset for our method in
Table 4.

First, we evaluated the benefits of the decomposed
frequency-aware learning mechanism. Removing either
the Transformer or Convolution-pooling branch signifi-
cantly reduced performance, confirming the value of high
and low-frequency decomposition. Second, we assessed the
impact of Dual Encoders. While the system with only
LSRE struggled, combining it with TSSE showed substan-
tial improvements. Third, we examined the Design in LSRE
and found that capturing both maximum and minimum val-
ues empirically delivered the best results. Fourth, we ana-
lyzed the pyramid fusion mechanism. Conventional meth-
ods, like pairwise addition, performed poorly, underscoring
the need to model feature interactions. Finally, replacing the
proposed Signed Mask-Attention with conventional self-
attention led to significantly worse results, demonstrating its
effectiveness in focusing on informative input areas.

Analyze
Visual Analyze We present a qualitative visualization of
our dataset in Fig. 3. The figure shows the ground truth activ-
ities in the CSI data alongside the best-predicted proposals
from four different models. As observed, our method accu-
rately identifies candidate actions and provides reliable tem-

Error Type Definition
Background Correctly labeled predictions with an IoU of less than 0.1

Localization Correctly labeled predictions with an IoU between 0.1 and 0.5

Wrong Label Predictions with more than 0.5 IoU but with incorrect class la-
bels

Confusion Incorrectly labeled predictions with an IoU between 0.1 and 0.5

Double Detection Correctly labeled predictions with an IoU over 0.5, but the GT is
already matched with a higher-scoring wrong prediction

Table 5: Definition of error metrics in the False Positive
Analysis.

(a) Ours (b) DyFADet

Figure 4: False Positive Profiling on wireless dataset, we use
DPWiT as the model and compare our net with DyFADet
with their best mAP results.

poral locations. In contrast, DyFADet correctly identifies the
location but misclassifies the action, TADTR misses the lo-
cation, and AFSD produces scattered predictions that fail to
form a coherent result.

False Positive Analyze To further diagnose the errors pre-
dicted by our proposed method, we follow the process out-
lined in (Alwassel et al. 2018) to conduct a False Positive
(FP) Analysis. Specifically, this framework involves five er-
ror metrics, which are defined in Table 5. The results are
illustrated in Fig. 4. This analysis allows us to evaluate the
error profile of the top-10G predictions, where G represents
the number of ground truth instances. We select the top pre-
dictions in a per-class manner, meaning we choose the top-
10Gj predictions from class j, where Gj is the number of in-
stances in class j. Additionally, to observe the trend of each
error type, we divide the top-10G predictions into ten equal
splits and examine the breakdown of the five FP error types
in each split. Compared to the leading competing method,
DyFADet, our method generates more informative predic-
tions that improve positive localization and reduces confu-
sion errors, thereby minimizing false positive judgments.

Conclusion
This work tackles the challenging problem of wireless tem-
poral activity detection. We propose a Dual Pyramid Net-
work that integrates high- and low-frequency features via a
Temporal Signal Semantic Encoder and refines them using a
Local Sensitive Response Encoder and cross-attention pyra-
mid fusion. To support this task, we introduce a dataset with
2,114 activity segments from 553 WiFi CSI samples. Exten-
sive experiments show our method significantly outperforms
existing baselines, advancing temporal activity detection.
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