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A. Extended Related Work
A.1. WiFi Sensing
WiFi sensing has emerged as a promising paradigm for pas-
sive sensing by leveraging the ubiquitous WiFi infrastruc-
ture. Unlike camera- or wearable-based approaches that re-
quire dedicated sensors or active user participation, WiFi
sensing exploits existing wireless signals, enabling low-
cost, non-intrusive, and privacy-preserving sensing. WiFi
sensing leverages the RSSI or Channel State Information
(CSI) embedded in WiFi signals to capture multipath propa-
gation variations caused by human motion and environmen-
tal dynamics. Such information-rich signals encode spatial,
temporal, and frequency characteristics of the surrounding
environment, enabling a wide range of downstream tasks in-
cluding HAR, gesture recognition, localization, and health
monitoring [27].

A.1.1. Early Statistical and Signal-Processing Methods
Early WiFi sensing studies primarily relied on signal pro-
cessing and handcrafted feature extraction to obtain dis-
criminative information from CSI or RSSI signals. WiFi-

ID [56] utilized walking-induced temporal patterns of
CSI amplitudes for human identification, while Magi-
col [39] fused WiFi and magnetic-field anomalies to achieve
infrastructure-light indoor localization. Later, frameworks
like CrossSense [57] and Widar3.0 [58] improved scala-
bility and cross-environment generalization by modeling
Doppler and multipath signatures. These methods relied on
manually engineered features, such as subcarrier variance,
amplitude dynamics, or CSI correlations, and traditional
classifiers (e.g., SVM, KNN, Random Forest). Although ef-
fective in controlled scenarios, their performance often de-
graded under environmental changes or multi-person inter-
ference.

A.1.2. Deep Learning Based Approaches
The advance of deep learning has transformed WiFi sens-
ing into a representation-learning paradigm, where mod-
els automatically learn discriminative features from raw or
preprocessed CSI. DeepFi [48] demonstrated one of the
first deep architectures for indoor localization using CSI
amplitudes, while recent works employ convolutional and
attention-based models to capture spatio-temporal depen-
dencies. Li et al. proposed THAT [18] to jointly model tem-
poral and spatial correlations across subcarriers, achieving
robust activity recognition. Building on this, Difformer [19]
introduced multi-resolution differencing for adaptive tem-
poral encoding, and GrapHAR [29] leveraged graph-based
subcarrier modeling for lightweight real-time inference. At
the system level, SenseFi [53] established a large-scale
benchmark for deep WiFi sensing. Despite these advances,
deep WiFi models remain highly sensitive to domain varia-
tions, often overfitting to environment-specific propagation
patterns [18, 57].

A.1.3. Domain Shift in WiFi CSI
A persistent bottleneck in WiFi sensing is its vulnerabil-
ity to environmental and hardware variations, collectively
known as the domain shift problem. The fine-grained mul-
tipath patterns of CSI are extremely sensitive to environ-
mental geometry, device configuration, and human pres-
ence. Even subtle changes in layout, antenna orientation,
or transceiver placement can distort CSI distributions, lead-
ing to substantial performance degradation in unseen do-
mains [46, 57]. Ma et al. [5] reveals that CSI features
are inherently non-stationary and heavily affected by multi-
path dynamics, underscoring the need for adaptive learning
mechanisms. Wang et al. [46] further revealed the “WiFi
sensing dilemma,” showing that models collapse under do-
main variation and proposed conformal prediction to quan-
tify uncertainty. Meanwhile, Wi-AM [50], AdaWiFi [63],



(a) Seminar Room (E1) (b) Lounge Space (E2) (c) Exhibition Space (E3) (d) Platform
Figure 9. Illustrations of the three data collection environments and the WiFi sensing platform used in the WiHAR-Dual dataset.

and FewSense [55] addressed cross-domain generalization
for gesture and activity recognition via domain-aware and
few-shot adaptation strategies. However, most existing so-
lutions require access to both domain data during training,
which is infeasible in online or privacy-constrained deploy-
ments.

A.2. Domain Adaptation and Generalization
Domain adaptation (DA) and domain generalization (DG)
enhance model robustness under distributional shifts be-
tween training (source) and deployment (target) domains.
DA focuses on adapting models to a specific unseen do-
main using limited or unlabeled target data, while DG aims
to learn domain-invariant representations that generalize
across multiple unseen domains.

A.2.1. Domain Adaptation
DA assumes access to both domains’ data and seeks to
minimize the domain gap through explicit alignment strate-
gies. Discrepancy-based methods, such as Deep Adapta-
tion Network (DAN) [25] and Joint Adaptation Network
(JAN) [26], reduce statistical divergence (e.g., MMD) be-
tween source and target features. Adversarial approaches
like DANN [10] and ADDA [43] employ gradient reversal
or domain discriminators to learn domain-invariant embed-
dings. Motiian et al. [31] unified supervised DA and DG
with pairwise alignment losses, and Mancini et al. [28] fur-
ther introduced AdaGraph, leveraging domain metadata for
continuous adaptation.

A.2.2. Domain Generalization
Unlike DA, DG assumes no access to target-domain data
during training and focuses on learning domain-invariant
representations that generalize to unseen environments.
Classical DG approaches can be broadly grouped into three
categories [45, 64]. Data-centric methods enrich source
diversity to simulate unseen shifts, e.g., MixStyle [65]
and cross-gradient augmentation [38]. Representation-
centric approaches seek invariant features via disentangle-
ment or meta-learning, such as MetaReg [2] and domain-
specific normalization [8]. Optimization-centric schemes
improve robustness through episodic or contrastive regular-
ization [17, 20]. These studies highlight that, even without

target data, implicit alignment through diverse training and
structured objectives can effectively mitigate domain shifts.

There are two differences between TTA and DA/DG.
First, TTA makes no strong assumptions about the nature or
structure of distribution shifts, unlike Domain Generaliza-
tion methods that require explicit modeling of inter-domain
relationships [12]. Second, TTA operates without requiring
simultaneous access to training and test data, a fundamental
constraint in domain adaptation methods [10]. At its core,
TTA defines an auxiliary objective at inference to adapt the
model in an unsupervised manner, enabling dynamic, on-
the-fly adjustment to unseen data distributions.

A.3. Test-Time Adaptation
TTA aims to enhance model robustness under distribution
shifts by enabling on-the-fly model updates after deploy-
ment without accessing source data. Existing methods can
be broadly categorized into Online Test-Time Adaptation
(OTTA) and Test-Time Domain Adaptation (TTDA) depend-
ing on whether the model adapts continuously on streaming
data or performs one-shot adaptation on a fixed test batch.

Early OTTA methods such as BN Calibration [30, 37,
60] updated the statistics or affine parameters of Batch
Normalization layers to align feature distributions, provid-
ing computational efficiency but limited adaptation capac-
ity. Entropy-based optimization was later introduced by
TENT [44], SAR [33], which minimizes prediction en-
tropy to achieve self-tuning adaptation. Subsequent pseudo-
labeling approaches, including T3A [15] and TAST [16],
refined decision boundaries through self-training guided by
confidence. To ensure stable adaptation under continu-
ously shifting test distributions, CoTTA [47] and EATA [32]
mitigate catastrophic forgetting through stochastic param-
eter restoration and Fisher-weighted importance regular-
ization, respectively, while RMT [7] and PETAL [3] en-
force consistency regularization via teacher-student frame-
works with contrastive learning and augmentation-averaged
pseudo-labeling. These OTTA methods collectively ad-
dress the challenge of reliable, streaming adaptation with-
out batch access or source data.

In contrast, TTDA methods assume access to an unla-
beled test set for batch-level adaptation. Representative
pseudo-labeling methods such as SHOT [22], ASL [52],



and BMD [35] fine-tune classifier heads using self-
generated labels. Consistency regularization methods such
as APA [41] and SFDA-UR [34] enforce prediction stabil-
ity through adversarial perturbations and uncertainty reduc-
tion, while clustering-based approaches such as ASFA [49]
and ISFDA [21] refine decision boundaries via teacher-
student distillation and prototype-based iterative refine-
ment to address class imbalance. Meanwhile, BAIT and
DaC [54, 59] estimate source knowledge through frozen
classifiers and feature memory banks, respectively, to an-
chor target adaptation. Recent studies such as SHOT++ [23]
and RULER [62] also integrate self-supervised learning to
improve characteristic discriminability and perform hypoth-
esis transfer through information maximization.

It is worth noting that, source-prepared TTA methods
such as TTT [42], TTT+ [24], and recent WiFi-specific
DATTA [40], relying on modifying the source-domain
training procedure (e.g., via auxiliary self-supervised objec-
tives) to gain adaptability. Such source-prepared designs vi-
olate the strict TTA assumption and are impractical in WiFi
sensing, where source data are unavailable. For fairness, we
exclude these methods from comparison.

In conclusion, TTA unifies the objectives of domain
adaptation and generalization by performing unsupervised,
inference-time optimization to handle unseen or continu-
ously shifting domains. Its independence from source data
and flexibility under dynamic test conditions make it par-
ticularly appealing for real-world, privacy-sensitive appli-
cations such as WiFi sensing.

A.4. Benchmarking and Evaluation Protocols

TTA holds particular significance for real-world WiFi HAR
systems, where distribution shifts naturally arise from
changes in environment layouts, device hardware, or user
behavior. Unlike traditional offline retraining or domain
adaptation, TTA enables on-the-fly model calibration dur-
ing deployment, allowing HAR systems to maintain robust-
ness under dynamic and privacy-sensitive conditions with-
out requiring source data. This makes TTA particularly
valuable for ubiquitous sensing applications such as smart
homes, healthcare monitoring, and industrial IoT, where
models must continuously adapt to non-stationary wireless
channels and unseen users.

Despite this potential, research on TTA for WiFi sens-
ing remains scarce. To the best of our knowledge, there
exists no standardized benchmark dedicated to evaluat-
ing TTA methods in WiFi HAR. Existing efforts such as
SenseFi [53] and CrossSense [57] focus on performance
itself or cross-domain generalization within WiFi sensing,
but do not benchmarking TTA. Albeit there are several vi-
sion TTA benchmarks, such as UniTTA [9], BoTTA [6], and
TTAB [61], they primarily target visual (and typically, syn-
thetic) distribution shifts (e.g., style, crop, or color perturba-

tions) rather than the complex, physics-driven domain vari-
ations in WiFi signals that stem from uncontrolled propaga-
tion, multipath, and hardware diversity (see §3.2). There-
fore, a dedicated WiFi TTA benchmark is urgently needed
to systematically study adaptation behavior under realistic
and uncertain domain shifts.

To bridge this gap, WiTTA-Bench extends these efforts
by introducing a benchmark for wireless sensing, where
domain shifts originate from multipath propagation rather
than appearance variation. WiTTA-Bench defines three
propagation-induced shifts (CE, CS, CD) under standard-
ized OTTA and TTDA protocols to enable fair, repro-
ducible, and extensible assessment of TTA algorithms for
wireless sensing tasks.

B. Datasets
B.1. WiHAR-Dual Dataset
While existing public WiFi CSI datasets mainly cover CE
and CS settings, to the best of our knowledge, none pro-
vides standardized CD evaluation. However, device hetero-
geneity poses a fundamental challenge in real-world WiFi
sensing: user-end WiFi devices (NICs) often differ from the
source-domain hardware, creating device-level mismatches
that distort CSI distributions and hinder model transferabil-
ity. To address this overlooked yet critical gap, we construct
WiHAR-Dual, a large-scale dataset comprising 14,847 CSI
records collected using two heterogeneous NIC platforms
(Intel 5300 and Atheros AR9580) across three environ-
ments and seven daily activities. This dataset establishes,
for the first time, a reproducible CD benchmark for WiTTA
task, enabling systematic analysis of model robustness un-
der device-induced domain shifts.

B.1.1. Devices
To assess cross-device generalization under hardware het-
erogeneity, we collected data using two WiFi platforms
(NICs), i.e., Intel 5300 and Atheros AR9580, under iden-
tical environmental and activity setups. Both operated at
5 GHz with 20 MHz bandwidth (IEEE 802.11n) and used
tripod-mounted antennas at 1.2 m height. The TX and RX
were placed 4 m apart to ensure stable line-of-sight trans-
mission. The platform is illustrated in Fig. 9 (d).
• Intel 5300 (D1) The Intel 5300 NICs served as the pri-

mary platform in WiHAR-Dual. CSI was extracted via
Linux 802.11n CSI Tool [13] on Ubuntu 14.04,
capturing 30 subcarriers per antenna at a sampling rate
of 500 Hz. Each 4-second recording produced a CSI
segment of size 2000 × 30 (averaging three antenna).
This configuration has been widely used in previous WiFi
sensing datasets and offers a unified, reproducible setting
for a fair comparison.

• Atheros AR9580 (D2) For cross-device benchmarking,
we collect parallel data using Atheros AR9580 mod-
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(d) E1 → E1 (Cross-Subject)
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(e) E2 → E2 (Cross-Subject)
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(g) Atheros → Intel (Cross-Device)
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Figure 10. Extended feature-space visualizations under CE, CS, and CD shifts. Each subfigure shows PCA, t-SNE, and UMAP embed-
dings of source (blue) and target (red) features, revealing varying degrees of overlap and manifold deformation across shift types.

ules configured identically to Intel 5300 (D1). The re-
ceiver employed a modified Atheros-CSI-Tool [51]
on Ubuntu 18.04 to extract CSI across 56 subcarriers per
antenna pair at a sampling rate of 500Hz, and 4-second
segment thus forms a 2000 × 56 matrix.

B.1.2. Subjects and Activities

Seven volunteers (four males and three females, aged
18–27) participated. Each subject performed seven activi-
ties: standing still, walking, running, bending, sitting down,
jumping, and waving hand. Each activity was repeated 101
times per environment, yielding 4,949 labeled samples per
domain and 14,847 samples in total. The participants were
instructed to move naturally to preserve realistic intra-class
variance and motion dynamics.

B.1.3. Environmental Setup

Data collection was carried out in three distinct indoor en-
vironments to emulate realistic domain shifts:
• Seminar Room (E1) – Compact 4× 3 m room with tiled

floor and wooden tables, producing dense multipath re-
flections in a confined space (Fig. 9 (a)).

• Lounge Space (E2) – Medium 10×8 m area with wooden
floors and mixed furniture, creating moderate reflection
and human scattering Fig. 9 (b).

• Exhibition Space (E3) – Large 18.5 × 5.5 m corridor-
like area with concrete floor and glass walls, dominated
by LOS propagation and sparse clutter (Fig. 9 (c)).
Dataset Design Goals. WiHAR-Dual provides the first

large-scale cross-device dataset for WiFi TTA. It is de-
signed to: i) evaluate physics-driven domain shifts, espe-
cially the device-induced shift; ii) enable controlled and re-
producible evaluation in all CE, CS, and CD settings; and
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(d) CE: ME1→E2
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(e) CE: ME1→E3
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(f) CE: ME2→E1
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(g) CE: ME2→E3
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(h) CE: ME3→E1
Figure 11. t-SNE visualization of source-model features under CS and CE settings on CSLOS. Each color denotes a predicted activity class
on the target domain. ME1–ME3 correspond to models pretrained on the three environments; MS1-MS2 indicates cross-subject transfer.
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(h) CD: MD2→D1
Figure 12. t-SNE visualization of source-model features under CE and CD settings on WiHAR-Dual. Each color denotes a predicted
activity class on the target domain. ME1–ME3 correspond to models pretrained on three environments, while MD1–MD2 represent Intel
and Atheros devices. Compared with CE, CD induces substantially larger manifold deformation due to hardware-induced distortions.

iii) support fair standardized comparison across adaptation
protocols.

B.2. CSLOS Dataset

The CSLOS dataset [1] provides a large-scale benchmark
for WiFi–based HAR under both line-of-sight (LOS) and

non-line-of-sight (NLOS) indoor conditions. It contains
3,000 trials collected from 30 subjects (28 male, 2 female)
performing 12 representative activities, including walking,
sitting/standing, falling, turning, and picking up, among
others, across three distinct indoor environments, including
Lab Room (LOS), Corridor (LOS), Wooden-Partition Room



Table 7. WiHAR-Dual OTTA Benchmark (Cross-Environment Setting). Comparison of Online Test-Time Adaptation (OTTA) methods
under the Cross-Environment (CE) protocol. We report classification accuracy (%), FLOPs, trainable parameters, and inference latency.
PETAL achieves the best overall trade-off between accuracy and efficiency.

Metric Source Target Base BN Calib. Entropy Min. Pseudo-Labeling Anti-Forget. Reg. Consistency Reg.

Base DUA DELTA TENT SAR T3A TAST CoTTA EATA RMT PETAL

A. Effectiveness (Accuracy %)

Accuracy

E1 E1 99.43 99.47 99.52 99.52 99.23 98.12 92.73 99.43 99.43 99.23 99.54
E2 E1 20.31 21.72 21.88 22.57 14.93 27.18 23.66 18.29 23.10 20.17 22.61
E3 E1 38.63 37.93 37.04 37.70 47.00 40.11 33.16 15.36 38.17 37.72 38.41

E1 E2 42.88 52.90 52.13 52.15 19.80 54.29 48.47 51.71 52.13 52.82 52.37
E2 E2 99.31 99.39 99.27 99.27 99.41 96.81 93.27 99.37 99.33 98.99 99.11
E3 E2 35.10 31.78 31.04 31.60 33.22 31.26 22.81 15.96 31.46 33.08 31.68

E1 E3 24.09 42.21 42.88 43.60 44.84 44.62 40.49 41.16 43.91 42.74 44.25
E2 E3 24.03 25.88 26.15 26.37 18.55 29.76 26.13 14.51 26.29 24.97 26.53
E3 E3 99.09 99.09 98.93 98.89 98.38 97.29 81.25 99.11 98.91 98.32 98.89

B. Efficiency
FLOPs (M) All All 559.94 1754.47 552.90 559.94 552.90 559.94 559.94 19597.82 559.94 2231.56 19597.82
Params All All 0 0 480 480 480 0 16768 4.37M 480 12.69M 4.37M
Latency (ms) All All 0.092 0.149 0.393 0.232 0.745 0.203 0.358 70.686 0.233 1.146 3.437

Table 8. WiHAR-Dual TTDA Benchmark (Cross-Environment Setting). Comparison of Test-Time Domain Adaptation (TTDA) meth-
ods under the Cross-Environment (CE) protocol. We report classification accuracy (%), FLOPs, trainable parameters, adaptation time,
and inference latency.

Metric Source Target Base Pseudo-Labeling Consistency Clustering Source Est. Self-Supervision

Base SHOT ASL BMD APA SFDA-UR ASFA ISFDA BAIT DaC SHOT++

A. Effectiveness (Accuracy %)

Accuracy

E1 E1 99.43 99.45 99.52 99.13 99.37 99.54 99.56 99.43 99.21 99.52 99.31
E2 E1 20.31 36.26 35.99 60.48 28.57 23.92 61.71 50.35 68.68 24.23 63.55
E3 E1 38.63 68.42 56.66 69.32 36.03 40.04 73.69 51.10 64.32 45.52 86.58

E1 E2 42.88 77.77 55.93 58.82 48.21 53.97 74.54 64.68 59.67 54.29 91.37
E2 E2 99.31 99.74 99.52 97.69 99.68 99.45 99.76 99.37 98.36 99.37 99.74
E3 E2 35.10 72.12 38.55 54.29 38.78 36.94 68.05 44.76 65.99 32.37 71.33

E1 E3 24.09 41.16 48.41 57.41 40.98 44.37 44.76 26.39 50.60 47.71 71.91
E2 E3 24.03 33.93 35.79 53.59 40.15 28.27 35.72 37.83 38.13 29.82 63.31
E3 E3 99.09 99.13 99.15 98.69 99.03 99.11 99.17 99.17 99.01 99.09 98.89

B. Efficiency Metrics
FLOPs (M) All All 559.94 559.94 559.94 559.94 552.90 559.94 559.94 552.90 559.94 559.94 559.94
Params (M) All All 0 0.27 4.37 4.10 4.37 4.38 4.37 4.37 4.37 4.37 4.37
Adaptation Time (s) All All 0 153.35 289.55 45.82 402.05 129.60 155.52 130.99 390.90 296.78 775.17

(NLOS). WiFi CSI was recorded using Intel 5300 NICs op-
erating at 2.4 GHz, 20 MHz bandwidth, and 320 packets/s
sampling rate. The setup forms a 1 × 3 MIMO system (one
TX, three RX antennas), yielding 30 × 3 CSI subcarriers
per packet. The first two environments adopt LOS configu-
rations (a 4.7 m × 4.7 m lab and a 7.95 m × 3.6 m corridor),
whereas the third introduces a wooden wall barrier (8 cm
thick, 5.44 m TX–RX distance) to emulate NLOS propaga-
tion.

This configuration enables systematic evaluation across
diverse propagation conditions and makes CSLOS a chal-
lenging benchmark for WiFi sensing robustness under envi-
ronmental shifts.

C. Implementation Details

Computing Platform. All methods adopt their of-
ficial implementations and are standardized to a uni-
fied Python and PyTorch versions (PyTorch 2.7.1
with Python 3.9.23) for consistency across exper-
iments. The experiments were conducted on a
server equipped with an Intel Xeon Gold 6530 CPU,
8×NVIDIA GeForce RTX 5090 GPUs with 32GB VRAM
each, 1TB RAM, and running on Ubuntu 22.04 LTS.

Data Preprocessing. For the WiHAR-Dual dataset,
each record collected using Intel 5300 NIC has dimension-
ality of 2000 × 30. The Atheros NIC captures 56 subcarri-



Table 9. CSLOS OTTA Benchmark (Cross-Environment Setting). Comparison of Online Test-Time Adaptation (OTTA) methods under
the Cross-Environment (CE) protocol on the CSLOS dataset. We report classification accuracy (%), FLOPs, trainable parameters, and
inference latency.

Metric Source Target Base BN Calib. Entropy Min. Pseudo-Labeling Anti-Forget. Reg. Consistency Reg.

Base DUA DELTA TENT SAR T3A TAST CoTTA EATA RMT PETAL

A. Effectiveness (Accuracy %)

Accuracy

E1 E1 98.37 98.37 97.53 97.77 97.74 97.83 91.72 97.65 97.29 97.62 98.22
E2 E1 29.26 30.25 29.56 28.84 29.44 32.06 27.87 25.17 29.38 29.89 31.16
E3 E1 41.15 41.93 40.88 40.94 42.29 40.55 40.07 35.28 41.66 41.84 42.47

E1 E2 27.18 29.89 28.60 28.88 29.06 23.61 27.77 22.62 28.54 29.34 29.89
E2 E2 98.18 98.24 97.90 97.63 97.53 95.22 88.81 97.60 97.53 97.72 97.44
E3 E2 26.22 30.05 28.44 28.94 28.75 28.60 29.55 17.57 29.65 29.58 30.35

E1 E3 38.06 39.43 36.72 37.56 38.36 36.87 33.14 29.84 36.75 38.00 39.55
E2 E3 30.67 31.48 30.97 31.06 31.30 33.98 31.06 18.96 31.24 30.49 32.34
E3 E3 98.81 98.78 98.51 98.60 98.48 94.90 89.39 98.39 98.33 98.45 98.72

B. Efficiency Metrics
FLOPs (M) All All 286.69 573.38 283.08 286.69 286.69 286.69 286.69 9747.47 286.69 1433.45 9747.47
Params All All 0 0 480 480 480 0 17920 2370000 480 6820000 2370000
Latency (ms) All All 0.37 0.38 1.44 0.39 0.47 0.38 0.42 186.21 0.39 0.43 39.52

Table 10. CSLOS TTDA Benchmark (Cross-Environment Setting). Comparison of Test-Time Domain Adaptation (TTDA) methods
under the Cross-Environment (CE) protocol on the CSLOS dataset. We report classification accuracy (%), FLOPs, trainable parameters,
adaptation time, and inference latency.

Metric Source Target Base Pseudo-Labeling Consistency Clustering Source Est. Self-Supervision

Base SHOT ASL BMD APA SFDA-UR ASFA ISFDA BAIT DaC SHOT++

A. Effectiveness (Accuracy %)

Accuracy

E1 E1 98.37 98.59 98.07 95.99 98.37 99.13 98.89 98.52 99.71 98.65 98.98
E2 E1 29.26 32.96 32.84 31.23 32.36 33.11 32.93 33.53 34.80 32.06 33.77
E3 E1 41.15 41.78 44.97 41.16 44.82 41.45 42.26 38.38 41.73 46.33 45.48

E1 E2 27.18 31.65 31.56 30.82 29.21 30.60 31.03 25.49 37.44 30.32 32.08
E2 E2 98.18 98.21 97.75 96.58 98.31 99.04 98.86 98.40 99.02 97.97 98.67
E3 E2 26.22 27.33 32.57 27.85 30.82 29.46 32.33 26.35 33.90 31.99 32.23

E1 E3 38.06 38.99 41.31 40.04 41.01 39.34 41.28 38.63 41.22 40.36 40.89
E2 E3 30.67 33.29 34.31 34.01 35.89 33.38 34.40 34.72 34.47 33.50 35.05
E3 E3 98.81 98.84 98.57 97.92 98.81 98.99 98.90 98.84 99.32 98.57 98.60

B. Efficiency Metrics
FLOPs (M) All All 286.69 288.55 1433.76 286.69 286.69 286.69 286.69 283.09 286.69 286.69 286.69
Params (M) All All 0 0.27 2.37 2.10 2.37 2.38 0.27 2.37 2.37 2.37 2.37
Adaptation Time (s) All All 0 149.07 69.63 41.09 56.38 112.47 38.51 36.23 97.02 122.38 233.89

ers, and we apply padding and average pooling to reduce
them to 30 subcarriers, aligning the dimensionality with
that of the Intel 5300 data and resulting in samples of size
2000× 30. The CSLOS dataset contains three data streams
with 30 subcarriers each; we use only the first stream in our
experiments, but its temporal length varies across samples.
To ensure consistency, we apply resampling and truncation
to standardize all samples to 1024× 30.

Model. All methods employ an identical backbone to
ensure strict fairness and reproducibility. The model con-
sists of a CNN encoder followed by a two-layer MLP clas-
sifier. The encoder comprises four sequential convolutional
blocks, each containing a Conv2d layer (kernel size 5 × 5,

stride 1, padding 2, with [16, 32, 64, 128] output channels
across the four blocks), a BatchNorm2d, a ReLU activation,
and a MaxPool2d layer (kernel size 2, stride 2) for spatial
downsampling. After four blocks, the encoder produces a
feature map of size (128, ⌊H/16⌋, ⌊W/16⌋) for an input of
shape (1, H,W ). The feature map is flattened and passed
through a two-layer MLP classifier having 256 hidden units
with ReLU and dropout (rate 0.5), followed by a final linear
layer that outputs the class logits.

Optimization. In the cross-environment setting, base
models were trained per environment using Adam (learn-
ing rate 1×10−4, weight decay 1×10−5, batch size 30) for
100 epochs with an 8:2 train–test split, selecting the check-



Table 11. CSLOS OTTA Benchmark (Cross-Subject Setting). Comparison of Online Test-Time Adaptation (OTTA) methods under the
Cross-Subject (CS) protocol on the CSLOS dataset. We report classification accuracy (%), FLOPs, trainable parameters, and inference
latency.

Metric Cross-Subject Base BN Calib. Entropy Min. Pseudo-Labeling Anti-Forget. Reg. Consistency Reg.

Base DUA DELTA TENT SAR T3A TAST CoTTA EATA RMT PETAL

A. Effectiveness (Accuracy %)

Accuracy

E1 97.69 97.69 97.54 97.44 97.19 93.98 91.12 97.19 97.24 96.89 96.44
E1 cross-subject 33.71 32.66 33.78 33.71 34.01 31.75 27.46 19.26 35.06 33.94 32.96

E2 97.30 97.25 97.50 97.35 96.99 97.30 95.16 96.99 97.60 96.79 96.94
E2 cross-subject 38.47 39.02 38.08 39.10 39.64 34.58 40.03 36.60 40.11 38.32 38.63

E3 98.20 98.05 98.35 98.10 97.96 95.16 95.06 97.96 98.35 97.41 97.46
E3 cross-subject 33.56 33.11 33.48 33.63 33.78 31.04 33.04 32.96 33.48 34.00 35.33

B. Efficiency Metrics
FLOPs (M) All 286.69 573.38 283.08 286.69 286.69 286.69 286.69 9747.47 286.69 1433.45 9747.47
Params All 0 0 480 480 480 0 17920 2370000 480 6820000 2370000
Latency (ms) All 0.39 0.97 9.58 2.23 0.63 6.74 36.60 249.20 7.35 17.28 36.91

Table 12. CSLOS TTDA Benchmark (Cross-Subject Setting). Comparison of Test-Time Domain Adaptation (TTDA) methods under
the Cross-Subject (CS) protocol on the CSLOS dataset. We report classification accuracy (%), FLOPs, trainable parameters, adaptation
time, and inference latency.

Metric Cross-Subject Base Pseudo-Labeling Consistency Clustering Source Est. Self-Supervision

Base SHOT ASL BMD APA SFDA-UR ASFA ISFDA BAIT DaC SHOT++

A. Effectiveness (Accuracy %)

Accuracy

E1 97.69 98.44 98.04 95.28 97.69 97.79 97.79 97.89 98.08 97.99 98.09
E1 cross-subject 33.71 39.28 34.91 31.67 38.37 34.16 33.86 37.25 32.40 34.39 35.14

E2 97.30 98.37 96.84 96.50 97.30 98.32 98.11 97.81 98.65 97.20 98.27
E2 cross-subject 38.47 41.20 39.56 41.05 41.12 39.72 41.90 39.25 43.71 39.88 47.43

E3 98.20 98.45 97.61 97.13 98.20 98.55 98.40 98.50 98.85 98.10 98.30
E3 cross-subject 33.56 33.63 34.37 39.28 35.41 33.78 32.52 32.74 36.88 33.63 39.28

B. Efficiency Metrics
FLOPs (M) All 286.69 288.55 1433.76 286.69 286.69 286.69 286.69 283.09 286.69 286.69 286.69
Params (M) All 0 0.27 2.37 2.10 2.37 2.38 0.27 2.37 2.37 2.37 2.37
Adaptation Time (s) All 0 80.82 68.16 21.74 113.64 43.93 23.75 20.96 49.75 76.73 83.08

point with the best validation accuracy. In the cross-subject
case, six subjects act as the source and four as the target on
the CSLOS dataset (learning rate 5×10−5, weight decay
1×10−4, 50 epochs). In the cross-device case, we use one
device and adapting to the other (WiHAR-Dual) under the
same configuration as the cross-environment setup.

Adaptation Details of OTTA. Hyperparameters remain
fixed per setting during adaptation. All OTTA methods
perform a single forward–backward–update per incoming
batch (batch size 30) without replay, except TAST (steps
= 2). Crucially, these methods maintain persistent parame-
ter updates throughout the target domain traversal; parame-
ters are never reset except under the episodic setting, where
the model is re-initialized for every incoming batch.

Most OTTA baselines are BN-centric and update only
the BatchNorm affine parameters. We optimize them us-
ing Adam (β1 = 0.9, β2 = 0.999, weight decay 0)
with method-specific learning rates. Entropy-minimization

methods include TENT (learning rate 5×10−4) and EATA
which extends TENT by filtering unreliable high-entropy
samples and introducing Fisher-information regularization
to prevent drift from the source model. We use Adam
(learning rate 1× 10−3) with entropy margin E0 = 0.5,
diversity margin d = 0.05, and Fisher size 100.

Normalization/statistics baselines include DUA and
DELTA. DUA performs gradient-free BN-statistics updates
with exponentially decayed momentum over T = 10 adap-
tation steps: an internal state µ̂t = 0.9 µ̂t−1 (initialized at
µ̂0 = 0.1) decays toward zero, and the actual BN momen-
tum applied at each step is µt = µ̂t + 0.05, converging
to the minimum momentum 0.05. To ensure stable estima-
tion, each batch is augmented via input replication to ob-
tain robust target-domain mean and variance. DELTA per-
forms test-time BN renormalization by replacing standard
BN layers with a re-normalization module that fuses current
batch statistics with a strong source prior (weight 0.95); it



Table 13. WiHAR-Dual OTTA Benchmark (Cross-Device Setting). Comparison of Online Test-Time Adaptation (OTTA) methods for
cross-device CSI sensing between Intel 5300 (D1) and Atheros (D2) devices. We report classification accuracy (%), FLOPs, trainable
parameters, and inference latency.

Metric Cross-Device Base BN Calib. Entropy Min. Pseudo-Labeling Anti-Forget. Reg. Consistency Reg.

Base DUA DELTA TENT SAR T3A TAST CoTTA EATA RMT PETAL

A. Effectiveness (Accuracy %)

Accuracy

D1 → D1 99.20 99.25 99.10 99.20 99.01 97.27 87.93 99.06 98.77 96.37 99.15
D1 → D2 15.51 23.24 21.64 22.11 20.46 21.55 20.79 20.37 20.27 19.99 20.74

D2 → D2 98.49 98.54 97.88 97.41 97.45 92.69 84.54 97.27 97.03 94.72 97.83
D2 → D1 14.19 15.89 22.07 22.44 22.58 24.47 18.06 22.07 20.79 17.40 22.35

B. Efficiency Metrics
FLOPs (M) All 559.94 1754.47 552.90 559.94 552.90 559.94 559.94 19597.82 559.94 2231.56 19597.82
Params All 0 0 480 480 480 0 16768 4370000 480 12690000 4370000
Latency (ms) All 0.05 0.11 0.36 0.13 0.98 0.30 0.43 23.05 0.31 0.58 6.41

Table 14. WiHAR-Dual TTDA Benchmark (Cross-Device Setting). Comparison of Test-Time Domain Adaptation (TTDA) methods
for cross-device CSI sensing between Intel 5300 (D1) and Atheros (D2) devices. We report classification accuracy (%), FLOPs, trainable
parameters, adaptation time, and inference latency.

Metric Cross-Device Base Pseudo-Labeling Consistency Clustering Source Est. Self-Supervision

Base SHOT ASL BMD APA SFDA-UR ASFA ISFDA BAIT DaC SHOT++

A. Effectiveness (Accuracy %)

Accuracy

D1 → D1 99.20 99.20 98.16 98.87 99.29 99.39 99.29 99.29 99.15 99.34 99.39
D1 → D2 15.51 26.97 31.73 25.79 22.49 22.30 29.37 21.45 22.40 26.40 27.96

D2 → D2 98.49 98.49 95.00 97.12 98.73 98.59 98.49 98.44 98.30 98.59 98.40
D2 → D1 14.19 14.19 26.31 28.62 22.35 21.68 44.55 7.92 23.29 23.81 43.56

B. Efficiency Metrics
FLOPs (M) All 559.94 559.94 559.94 559.94 552.90 559.94 559.94 552.90 559.94 559.94 559.94
Params (M) All 0 0.27 4.37 4.10 4.37 4.38 4.37 4.37 4.37 4.37 4.37
Adaptation Time (s) All 0 22.39 110.08 26.29 22.05 43.93 18.94 28.83 27.78 113.22 117.49

uses Adam (learning rate 1×10−6) to minimize an entropy-
based objective with class-balance EMA (decay 0.999) and
entropy weighting enabled.

SAR employs Sharpness-Aware Minimization (SAM),
which updates parameters using gradients computed at a
worst-case perturbed point within radius ρ = 0.05. We use
Adam as the base optimizer (learning rate 1×10−4). SAR
further filters unreliable samples by retaining those with en-
tropy below 0.4 logC (where C is the number of classes),
and triggers model recovery when the moving-average en-
tropy falls below 0.1 logC.

CoTTA and PETAL are not restricted to BN-only up-
dates: both enable gradients throughout the model and op-
timize trainable parameters with Adam, updating the full
network via mean-teacher consistency between the student
prediction and an augmentation-averaged EMA teacher.
CoTTA uses teacher EMA momentum α = 0.99 and se-
lects between the standard teacher and the augmentation-
averaged teacher based on an anchor confidence threshold
(ap = 0.85). Stochastic restoration (prst = 0.05) is applied
to prevent drift, and the learning rate is 1×10−7. PETAL
builds on this pipeline but additionally regularizes parame-

ters with a self-penalization term (weight spw = 1×10−8)
and restores low-importance parameters based on gradient-
squared scores. For PETAL, we use learning rate 5×10−4,
α = 0.99, ap = 0.9, and prst = 0.05.

RMT updates all model parameters along with a learn-
able projection head (dimension 512) using Adam (learning
rate 5×10−5) under an EMA teacher with momentum 0.999.
It enforces student–teacher consistency via a symmetric
cross-entropy loss (weight λce = 15.0) while simultane-
ously optimizing an augmentation-based contrastive objec-
tive on the projected features (weight λcont = 0.5, tempera-
ture τ = 0.7). The weights λce and λcont balance prediction
alignment and representation invariance.

Finally, T3A is gradient-free (no optimizer): it maintains
a per-class support set of pseudo-labeled features and adapts
the classifier by recomputing class weights from the top-K
lowest-entropy supports (K = 36), thereby suppressing un-
certain samples without updating network weights. In con-
trast, TAST performs lightweight gradient-based adaptation
by freezing the backbone and classifier and optimizing only
a BatchEnsemble projection head with Adam (learning rate
1×10−4). Specifically, test and support features are pro-
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(f) CoTTA
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(j) TAST
Figure 13. Hyperparameter sensitivity of representative OTTA
methods averaged over WiHAR-Dual and CSLOS. Each heatmap
shows mean cross-domain accuracy (%) under varying learning
rates (x-axis) and update steps (y-axis).

jected into an ensemble feature space with 4 members. For
each test sample, pseudo-targets are generated by perform-
ing k-NN voting (k = 5) over the top-K lowest-entropy
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(a) SHOT (CSLOS)
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(b) ASFA (CSLOS)
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Figure 14. Hyperparameter sensitivity of representative TTDA
methods on CSLOS and WiHAR-Dual datasets. Each heatmap
shows accuracy (%) under varying learning rates (horizontal axis)
and batch sizes (vertical axis).

support features per class (K = 24), using cosine similarity
to measure neighbor proximity, and the projection head is
updated for γ = 2 steps per batch to improve neighbor con-
sistency. Finally, logits are scaled by temperature τ = 20.0
to stabilize predictions.

Adaptation Details of TTDA. All TTDA methods ac-
cess the entire unlabeled target dataset across multiple
epochs with a shared batch size of 36. SHOT freezes the
classifier head and adapts only the encoder for 50 epochs
using Adam (learning rate 5×10−7, weight decay 1×10−5),
optimizing an information-maximization objective together
with pseudo-label cross-entropy weighted by λcls = 0.1.
Pseudo-labels are refreshed every 50 iterations via centroid-
based cosine assignment.

SHOT++ follows a two-stage pipeline. In Stage 1, only
the encoder is adapted for 50 epochs using Adam (learning
rate 5×10−7, weight decay 1×10−5), combining informa-
tion maximization with an MSE consistency loss (weight
0.5) and a self-supervised shift-prediction loss (weight 0.5).
Stage 2 performs MixMatch refinement for 10 epochs with
MixUp (α = 0.75), temperature sharpening (T = 0.5),
and unsupervised loss weight λu = 75, optimizing both the
encoder and classifier using SGD (learning rate 1×10−3,
momentum 0.9, weight decay 1×10−3).

ASL alternates between (i) per-epoch class-balanced
pseudo-label assignment via Sinkhorn–Knopp [4] and (ii)
gradient-based adaptation for 20 epochs using Adam (learn-
ing rate 1×10−7, weight decay×10−3). The objective com-
bines pseudo-label cross-entropy (weight 0.1), entropy reg-
ularization (weight 0.2), and VAT-based robustness (weight
0.03). We apply mild noise and shift augmentation (Gaus-
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(b) CSLOS (E1 → E3 → E2)
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(c) CSLOS (E2 → E1 → E3)
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(d) CSLOS (E2 → E3 → E1)
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(e) CSLOS (E3 → E1 → E2)
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Figure 15. CSLOS: Full continual adaptation trajectories and accuracy distributions across all 6 domain routes. Each subfigure
(top: adaptation curve, bottom: accuracy distribution) shows batch-wise adaptation accuracy and stability under sequential environment
transfer.

sian noise σ = 0.01, vertical shifts up to 10 pixels and hor-
izontal shifts up to 1 pixel).

BMD builds 4 prototypes per class in a 256-D embed-
ding space using KMeans (50 iterations) initialized from
top-confidence samples (topk = 8); it then adapts only the
backbone BatchNorm layers and the embedding bottleneck
(classifier and other backbone weights frozen) with SGD for
15 epochs (learning rate 1×10−3), using pseudo-label super-
vision weighted by λpsd = 2.0 and an additional prototype-
similarity (soft-label) term weighted by λdym = 0.5.

ASFA updates the backbone using a loss that explicitly
reduces inter-class confusion in the target-domain predic-
tions (temperature tmcc = 3.0, order 2.0) and a consistency
term computed from kaux = 1 augmented views with weight
β = 0.05 (feature keep ratio in [0, 1]), trained with SGD
(learning rate 1×10−5) for 20 epochs.

ISFDA freezes the classifier head and adapts the back-
bone and bottleneck using SGD for 30 epochs (learning
rate 1×10−5). The objective combines pseudo-label cross-
entropy (λcls = 0.3), entropy regularization with global di-
versity correction (λent = 1.0), and a secondary-label cor-
rection term weighted by λclsλscd = 0.3× 0.2.

APA performs source-free adaptation by optimizing the
model with VAT regularization in feature space, using
Adam (learning rate 5× 10−5, weight decay 10−3, batch
size 36) with VAT (weight 0.03, ϵ = 20, ξ = 2, 1 iteration)

for 54 epochs.
SFDA-UR runs self-training in 3 rounds of 5 epochs each

(learning rate 1×10−4, batch size 36): at each round it up-
dates pseudo-labels via class-balanced confidence thresh-
olding, and then optimizes the model with information-
maximization; uncertainty noise is modeled using auxiliary
decoders with a consistency penalty.

BAIT aligns the adaptive classifier predictions to a
frozen source classifier via a symmetric KL objective on
top-entropy samples (CAST, weight 5.0, top-k ratio 0.4),
together with class-balance regularization on the mean pre-
dictions (weight 0.5), optimized with SGD (learning rate
5×10−4, momentum 0.9, weight decay 5×10−4) for 50
epochs with module-wise LR multipliers (F : 0.005×, B:
0.05×, C: 0.05×).

DaC combines a momentum memory bank (momentum
0.5) with confident pseudo-label updates (threshold p =
0.97) and top-k neighbor voting (k = 5), trained with SGD
(learning rate 10−7) for 10 epochs. The total loss combines
pseudo-label cross-entropy (λcls = 0.3), entropy regulariza-
tion (λent = 1.0), memory-bank neighbor contrastive loss
(λm = 0.5), and an MMD adaptation term (λad = 0.2).

For methods that require stochastic perturbations to
form multiple views (e.g., CoTTA, PETAL, RMT, and the
random-augmentation interface in APA), we apply WiFi-
appropriate CSI perturbations (e.g., mild noise, ampli-
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(a) WiHAR-Dual (E1 → E2 → E3)
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(b) WiHAR-Dual (E1 → E3 → E2)
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(c) WiHAR-Dual (E2 → E1 → E3)
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(d) WiHAR-Dual (E2 → E3 → E1)
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(e) WiHAR-Dual (E3 → E1 → E2)
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(f) WiHAR-Dual (E3 → E2 → E1)
Figure 16. WiHAR-Dual: Full continual adaptation trajectories and accuracy distributions across all 6 domain routes. Each
subfigure (top: adaptation curve, bottom: accuracy distribution) shows batch-wise adaptation accuracy and stability under sequential
environment transfer.

tude/phase perturbations, and small affine-like distortions
in the time–subcarrier plane). For SHOT++, the self-
supervised stage uses temporal circular shift (cyclic-shift)2

as a pretext task, where the model predicts the discrete shift
level applied to each sample. For TTDA methods that re-
quire augmented views for contrastive or pseudo-label re-
finement (e.g., DaC and ASL), we apply mild noise injec-
tion and random spatial shifts. All experiments fix the ran-
dom seed to 42. The full hyperparameter configurations for
the 20 evaluated methods are released in our open-source
repository.

D. Extended Benchmark Results
D.1. Feature-Space Visualization under Domain

Shifts
Fig. 10 presents the extended feature-space visualizations
across all CE, CS, and CD routes. Each subfigure plots
PCA, t-SNE, and UMAP embeddings of the encoder’s in-
termediate features from the pretrained source model. Blue
and red points denote source and target samples, directly
revealing the degree of feature overlap or separation across

2We further verified that other common signal augmentations, i.e., time
warping, masking, dropout, noise. Generally, cyclic-shift offers compa-
rable performance while maintaining protocol uniformity across all base-
lines.

domain shifts.
Across the three CSLOS environments (E1 → E2,

E1 → E3, and E2 → E3), we observe the feature
shifts mirror the underlying physical layouts. Transfers be-
tween LOS rooms, e.g., E1 → E2 shows a moderate drift
as features move from a compact lab room to a corridor
with richer multipath. While LOS to NLOS transitions,
e.g., E1 → E3 exhibits the strongest deformation due
to the NLOS wooden-partition setup, where attenuation,
diffraction, and distorted multipath significantly alter fea-
ture envelopes. These transitions produce an increasingly
stretched latent geometry while retaining a coarse global
alignment.

In the CS routes (E1, E2, E3 intra-environment com-
parisons), the visualizations reveal greater internal reorga-
nization within class manifolds. Although source and target
features are globally aligned, the intra-cluster boundaries
become blurred, and class cohesion weakens. This corre-
sponds to human-specific variations, such as body morphol-
ogy, gait dynamics, and movement speed, that perturb the
temporal–spectral patterns of CSI while preserving overall
topology. This suggests CS shifts primarily induce local
geometric perturbations, not global statistical drift.

In contrast, the CD setting (Atheros → Intel and Intel
→ Atheros) show the most severe domain divergence. The
two feature clouds become nearly disjoint, often mirrored



or rotated in low-dimensional embeddings. This reflects
strong hardware-induced distortions caused by antenna cal-
ibration bias, carrier frequency offset (CFO), and I/Q imbal-
ance. Even under identical environments and activities, de-
vice heterogeneity leads to fundamental manifold misalign-
ment that cannot be compensated by simple normalization.

Overall, the extended visualizations in Fig. 10 show the
hierarchical nature of domain shifts in WiFi sensing: mild
statistical drift in CE, localized geometric perturbations in
CS, and near-complete manifold disjunctions in CD. These
patterns offer a physically interpretable view of how envi-
ronmental layouts, human variations, and hardware differ-
ences reshape CSI representations, motivating robust TTA
methods dedicated to wireless sensing.

D.2. Class-Level Feature Inconsistency at Test Time

Fig. 11 and Fig. 12 present the extended class-wise t-SNE
visualizations across all CE, CS, and CD configurations
in CSLOS and WiHAR-Dual. Each subfigure shows the
predicted target-domain embeddings from the pretrained
model, where colors denote activity categories.

For WiHAR-Dual (Cross-Environment, Cross-Device),
the degree of separability aligns closely with the physical
similarity of environments. Transfers between semantically
close rooms (e.g., E1 → E2, seminar room to lounge
space), clusters remain compact and separated, showing
well-preserved inter-class boundaries. As the environmen-
tal gap widens (E1 → E3 or E2 → E3, from semi-
nar/lounge room to exhibition space), neighboring clusters
begin to merge, and the feature manifold deforms grad-
ually, exhibiting irregular boundaries and scattered intra-
class densities. Consequently, larger environmental gaps
(e.g., involving exhibition space) result in the most entan-
gled embeddings, where class topology becomes highly
mixed. In contrast, Cross-device transfers (D1 → D2,
D2 → D1) yield almost disjoint manifolds, reflecting se-
vere calibration bias and device-dependent representation
gaps.

For CSLOS (Cross-Subject, Cross-Environment), the
trends are more pronounced. Cross-subject settings show
moderate manifold reorganization, clusters remain roughly
aligned but become internally distorted due to individual
motion variations. Cross-environment routes introduce both
statistical displacement and geometric deformation, produc-
ing increasingly fragmented structures.

The evolution across all settings suggest a transition pat-
tern: compact → fragmented → entangled, capturing how
statistical displacement under mild gaps evolves into geo-
metric deformation and ultimately manifold breakdown as
the domain discrepancy grows.

D.3. Measure Domain Discrepancy via MMD
To complement the clustering-based metrics reported in
the main text, we compute MMD [11] at both the feature
level (penultimate-layer embeddings) and the BatchNorm-
statistic level (running mean and variance) across environ-
ment pairs on WiHAR-Dual. Results are summarized in
Table 15.
Table 15. Feature- and BN-statistic-level MMD across environ-
ment pairs on WiHAR-Dual.

Metric (E1, E2) (E1, E3) (E2, E3)

Feature MMD 0.213 0.051 0.402
BN-MMD 38.15 11.01 54.94

Feature-level MMD exhibits only a weak partial order-
ing across domains: MMD(E2, E3) > MMD(E1, E2) ≫
MMD(E1, E3). Notably, the (E1, E3) pair, which differs
substantially in room size and multipath density, paradox-
ically shows the lowest feature MMD. BN-statistic MMD
is even more unstable: the (E2, E3) pair shows the largest
discrepancy (54.94), yet this ordering still does not align
with the observed ranking of TTA performance.

Overall, neither geometric metrics (SS, CH, DB) nor
distributional discrepancy metrics (MMD) reliably predict
TTA difficulty in WiFi sensing. This likely arises from com-
plex nonlinear distortions induced by latent physical fac-
tors (e.g., propagation geometry and hardware calibration),
which cannot be captured by simple pairwise distance mea-
sures.

D.4. WiTTA-Benchmarking Result Tables
Full comparison results for all evaluated TTA methods are
shown in Table 7 to 14. Each table reports classification ac-
curacy (%), FLOPs, trainable parameters, training or adap-
tation time, and inference latency, following the same set-
tings as §C.

Across all CE, CS, and CD settings on WiHAR-Dual and
CSLOS, there is a consistent hierarchy of difficulty: CE <
CS < CD, with CD showing the biggest hardness and re-
quiring the strongest adaptation.

For OTTA, lightweight normalization/entropy–driven
methods (e.g., DUA, DELTA, TENT, EATA) deliver stable,
moderate gains at low cost, while heavier consistency-based
methods (e.g., CoTTA, PETAL, RMT) offer higher accu-
racy but with large FLOPs/latency.

For TTDA, pseudo-labeling and clustering families
achieve substantial accuracy boosts across all CE/CS/CD
routes, far surpassing OTTA, particularly ASFA, SHOT,
and BMD, which yield the largest improvements (up to
+30 pp absolute accuracy gains over Base) under severe
environment or device shifts (e.g., D2 → D1). How-
ever, these methods incur significant parameter overhead
and long adaptation times, revealing a clear accuracy–cost
trade-off.



Overall, OTTA offers stable and low-cost but modest im-
provements, whereas TTDA delivers larger yet high-cost
gains. Among the three domain shifts, CD is the hardest
one, where only strong TTDA methods can meaningfully
bridge the gap.

E. Extended Experiments on Factors Influenc-
ing TTA Effectiveness

E.1. Hyperparameter Sensitivity
To further investigate the stability and robustness of TTA
algorithms under varying hyperparameters, we present a
detailed sensitivity analysis across batch size (horizontal
axis, range[8, 128] ) and learning rate (vertical axis, range
[10−6, 10−2] ) in Figs. 13 and 14. Each heatmap illustrates
the average accuracy (%) over CSLOS and WiHAR-Dual
datasets, where greener shades correspond to higher perfor-
mance.

OTTA (Fig. 13). Normalization-/entropy-based OTTA
methods (TENT, DUA, DELTA, EATA) show broad and flat
accuracy trends over learning rates 10−6-10−3, showing re-
markable insensitivity to hyperparameter variation. This ro-
bustness arises from OTTA’s local, low-magnitude updates
(e.g., BN-statistics recalibration or entropy minimization)
that adjust only feature statistics rather than model weights.
Such an update mechanism acts as an implicit regularizer
that preserves pre-trained representations and reduces gra-
dient noise, enabling stable adaptation even under noisy
CSI signals. Consistency-based methods (CoTTA, RMT,
PETAL) raise quickly to peak accuracy since they rely on
stochastic restoration and self-ensembling, yet they still
maintain relatively smooth landscapes compared to TTDA.
OTTA’s stability stems from its lightweight, self-corrective
update mechanism that aligns target statistics without prop-
agating pseudo-label errors.

TTDA (Fig. 14). In contrast, TTDA methods conduct
explicit re-training on unlabeled targets using pseudo-labels
or clustering, where both the loss and gradient magnitudes
are strongly influenced by hyperparameters. Pseudo-label
fine-tuning model (e.g., SHOT) remains relatively stable
because it freezes classifier head and adapts only the fea-
ture extractor. However, clustering-based methods such as
ASFA show a high-gain peak: their accuracy quickly col-
lapses when the learning rate or batch size deviates from
the peak (e.g., 62.7% → 28% on WiHAR-Dual). This sen-
sitivity originates from recursive pseudo-label propagation
and cluster assignment drift. This makes small early errors
in pseudo-labels amplify across iterations, leading to unsta-
ble feedback loops. Consequently, TTDA achieves larger
adaptation gains at the cost of fragile convergence, whereas
OTTA trades adaptivity for stability.

Takeaway. Comparing OTTA and TTDA,
normalization- and entropy-based OTTA methods (e.g.,

TENT, DUA, EATA) achieve an average mean accuracy of
34.5% with a very small deviation of ±0.4, corresponding
to a stability index roughly 2.5× higher than that of TTDA.
In contrast, TTDA approaches (e.g., SHOT and ASFA)
reach a higher mean accuracy of 41.8% but has much
larger variance ±2.3, indicating weaker robustness to
hyperparameter drift.

For streaming WiFi sensing, OTTA is thus preferred for
online deployment, whereas TTDA is more suitable for of-
fline re-calibration or cross-device adaptation where tuning
is feasible.

E.2. Continual Adaptation Analysis
Unlike static vision tasks, real-world WiFi sensing environ-
ments are inherently dynamic: TX and RX may be relo-
cated, antenna orientations adjusted, or environment layout
changed over time. To assess whether TTA methods can
remain robust under such non-stationary conditions, we in-
troduce a continual adaptation evaluation, where models
sequentially adapt environments (e.g., E1 → E2 → E3),
simulating long-term and dynamic WiFi sensing scenar-
ios. Figs. 15 and 16 show cumulative accuracy trajectories
(top) and accuracy distributions (bottom) for representa-
tive OTTA methods, i.e., TENT (entropy minimization) and
TAST (pseudo-labeling), under different continual adapta-
tion routes on CSLOS and WiHAR-Dual.

Adaptation Stability. Across both datasets, the two
OTTA methods generally remain stable under contin-
ual distribution shifts. The cumulative accuracy of the
normalization-based model TENT is smoother. TENT acts
like low-pass filters that absorb slow statistical changes. In
contrast, pseudo-labeling model TAST behaves as a high-
gain amplifier that achieves higher peaks at the expense of
stability, especially at the second hop (e.g., CSLOS E2 →
E3 → E1).

Route-Sensitivity. Continual adaptation is highly route-
sensitive. When models start from the same environment
but follow different routes, their results diverge notably: on
CSLOS, E1 → E2 → E3 (37.8%) outperforms E1 →
E3 → E2 (29.2%) by +8.6 pp, showing that early adap-
tation direction shapes later normalization statistics. Con-
versely, when the final domain is fixed, different routes re-
main different, e.g., CSLOS E1 ends at 41.6% for E3 →
E2 → E1 versus 30% for E2 → E3 → E1 (+11.6 pp).
This suggests that adaptation is non-commutative: inter-
mediate domains accumulate distinct statistics and pseudo-
label biases that continue to affect later domains.

Dataset-Dependency. CSLOS exhibits relatively
smooth transitions (3–5 pp variance) because its environ-
ments are compact and structurally similar, producing
milder physical drift. In contrast, WiHAR-Dual shows
much stronger fluctuations (10–20 pp) even though the
same device is used. WiHAR-Dual’s room geometries and



Table 16. WiHAR-Dual OTTA Backbone Results (Cross-Environment Setting, MobileNetV2). Comparison of representative Online
Test-Time Adaptation (OTTA) methods under the Cross-Environment (CE) protocol using the MobileNetV2 backbone. We report classi-
fication accuracy (%), FLOPs, and trainable parameters.

Metric Source Target Base Entropy Min. Pseudo-Labeling Anti-Forget. Reg.

Base TENT SAR T3A EATA

A. Effectiveness (Accuracy %)

Accuracy

E1 E1 96.67 96.04 95.55 95.05 94.00
E2 E1 27.40 25.14 19.88 24.00 25.16
E3 E1 22.99 26.19 24.99 26.27 27.56

E1 E2 32.75 54.58 53.30 44.07 47.06
E2 E2 95.35 98.28 98.46 97.51 96.44
E3 E2 15.11 42.94 42.35 43.00 41.22

E1 E3 22.51 32.01 26.75 31.48 32.47
E2 E3 28.67 38.63 40.86 42.09 43.08
E3 E3 84.34 89.65 83.51 87.59 85.01

B. Efficiency Metrics
FLOPs (M) All All 5860.11 5860.11 5860.11 5862.54 5860.11
Params (K) All All 0 34.11 34.11 0 34.11

Table 17. WiHAR-Dual OTTA Backbone Results (Cross-Environment Setting, ResNet-10). Comparison of representative Online Test-
Time Adaptation (OTTA) methods under the Cross-Environment (CE) protocol using the ResNet-10 backbone. We report classification
accuracy (%), FLOPs, and trainable parameters.

Metric Source Target Base Entropy Min. Pseudo-Labeling Anti-Forget. Reg.

Base TENT SAR T3A EATA

A. Effectiveness (Accuracy %)

Accuracy

E1 E1 94.18 92.58 92.79 88.32 92.81
E2 E1 25.38 27.68 28.73 30.09 29.04
E3 E1 20.27 32.77 33.28 28.47 33.40

E1 E2 46.55 48.03 48.47 43.36 48.82
E2 E2 97.80 96.63 97.09 94.71 97.15
E3 E2 16.59 45.54 44.76 52.86 44.88

E1 E3 18.12 36.53 36.73 35.30 36.41
E2 E3 27.42 45.67 46.41 43.48 46.66
E3 E3 98.52 98.53 98.10 97.39 98.10

B. Efficiency Metrics
FLOPs (M) All All 14029.16 14029.16 14029.16 14029.16 14029.16
Params (K) All All 0 5.87 5.87 0 5.87

multipath conditions differ more substantially, amplifying
distribution shifts during sequential adaptation.

Forgetting across Sequential Hops. The second do-
main hop typically causes mild catastrophic forgetting, par-
ticularly for TAST (e.g., CSLOS E3 → E1 → E2,
WiHAR-Dual E1 → E2 → E3), as previously calibrated
features are overwritten before new ones.

Takeaway. Continual Wi-TTA reveals a dual nature: it is
strongly route-sensitive and dataset-dependent. These be-
haviors are caused by the interplay between accumulated
feature-statistics drift and the specific physical complexity
of each environment. This highlights the need for models
that judiciously choose adaptation routes and remain robust

under evolving wireless conditions.

E.3. Backbone Generality Analysis

To evaluate whether the key findings of WiTTA-Bench
are backbone-dependent, we replace the default four-
block CNN encoder with MobileNetV2 [36] and ResNet-
10 [14]as the feature extraction backbone networks to cover
two typical CNN types: lightweight mobile architecture and
residual architecture. MobileNetV2 has lower computa-
tional and parameter requirements, making it suitable for
online inference in OTTA scenarios; ResNet10 has more
regular residual modules and sufficient Batch Normaliza-
tion layers, making it structurally stable and commonly



Table 18. CSLOS OTTA Backbone Results (Cross-Subject Setting, MobileNetV2). Comparison of representative Online Test-Time
Adaptation (OTTA) methods under the Cross-Subject (CS) protocol using the MobileNetV2 backbone. We report classification accuracy
(%), FLOPs, and trainable parameters.

Metric Cross-Subject Base Entropy Min. Pseudo-Labeling Anti-Forget. Reg.

Base TENT SAR T3A EATA

A. Effectiveness (Accuracy %)

Accuracy

E1 97.34 96.39 96.29 97.34 93.68
E1 cross-subject 28.82 32.28 35.21 26.34 34.91

E2 97.45 97.25 96.79 97.14 94.70
E2 cross-subject 37.54 40.89 41.98 37.15 41.28

E3 96.36 95.96 95.81 96.46 91.42
E3 cross-subject 37.56 36.74 35.26 36.67 37.56

B. Efficiency Metrics
FLOPs (M) All 2987.78 2987.78 2987.78 2987.78 2987.78
Params (K) All 0 34.11 34.11 0 34.11

Table 19. CSLOS OTTA Backbone Results (Cross-Subject Setting, ResNet-10). Comparison of representative Online Test-Time Adap-
tation (OTTA) methods under the Cross-Subject (CS) protocol using the ResNet-10 backbone. We report classification accuracy (%),
FLOPs, and trainable parameters.

Metric Cross-Subject Base Entropy Min. Pseudo-Labeling Anti-Forget. Reg.

Base TENT SAR T3A EATA

A. Effectiveness (Accuracy %)

Accuracy

E1 90.97 95.08 93.33 83.04 93.38
E1 cross-subject 29.50 33.63 33.71 23.70 34.46

E2 90.06 88.93 89.04 82.05 89.19
E2 cross-subject 39.56 43.61 43.93 38.40 44.70

E3 94.16 95.96 94.91 89.98 95.26
E3 cross-subject 35.26 40.22 38.96 34.74 39.41

B. Efficiency Metrics
FLOPs (M) All 7154.69 7154.69 7154.69 7154.69 7154.69
Params (K) All 0 5.87 5.87 0 5.87

used for adaptive research under distribution shifts.

Transformer architectures are not chosen because most
TTA methods evaluated in WiTTA-Bench (e.g., TENT,
EATA, SAR, ASFA) are BN-centric: they adapt by modify-
ing BatchNorm statistics or affine parameters. Transformer
architectures typically use LayerNorm instead of Batch-
Norm, making the direct application of these methods not
straightforward.

During training of the MobileNetV2 and ResNet-10 base
models, hyperparameters vary across settings. In the cross-
environment setting, MobileNetV2 is optimized with Adam
(learning rate 1× 10−3, weight decay 1× 10−4) for 100
epochs with batch size 32, while ResNet-10 uses a lower
learning rate 1×10−5 with the same weight decay for 100
epochs (batch size 30). In the cross-person setting, both
models use Adam (learning rate 1× 10−4, weight decay
1× 10−4, batch size 30); MobileNetV2 is trained for 70
epochs with classifier dropout p = 0.5, while ResNet-10 is
trained for 45 epochs. In the cross-device setting, both mod-
els use Adam (learning rate 5×10−5, weight decay 1×10−4,

batch size 30) and are trained for 50 epochs.

The corresponding evaluation results for each configura-
tion are presented across six separate tables (Tables 16–21),
covering the CE, CS, and CD benchmarks under both Mo-
bileNetV2 and ResNet-10 architectures, respectively.

From the full results, the difficulty hierarchy appears
largely backbone-invariant. CD remains the hardest set-
ting in terms of source-model accuracy, and the Base (no-
adaptation) results consistently show the lowest accuracy
on CD routes, confirming that cross-device shifts are in-
trinsically the most severe. However, the effectiveness of
TTA is backbone-dependent. After adaptation, ResNet-
10 largely preserves the ordering CE > CD, whereas Mo-
bileNetV2 achieves unexpectedly strong gains on CD (e.g.,
TENT: 39.35% on CD vs. 36.58% on CE), narrowing or
even reversing the gap. Overall, despite substantial route-
level variation, the broad ranking CE < CS < CD holds for
both MobileNetV2 and ResNet-10, suggesting that the hi-
erarchy reflects intrinsic physical properties of the domain
shift rather than architecture-specific artifacts.



Table 20. WiHAR-Dual OTTA Backbone Results (Cross-Device Setting, MobileNetV2). Comparison of representative Online Test-
Time Adaptation (OTTA) methods for cross-device CSI sensing between Intel 5300 (D1) and Atheros (D2) devices using the MobileNetV2
backbone. We report classification accuracy (%), FLOPs, and trainable parameters.

Metric Cross-Device Base Entropy Min. Pseudo-Labeling Anti-Forget. Reg.

Base TENT SAR T3A EATA

A. Effectiveness (Accuracy %)

Accuracy

D1 → D1 95.66 92.50 90.52 90.81 87.22
D1 → D2 14.29 42.39 41.40 14.30 41.16

D2 → D2 95.62 92.40 90.90 93.78 87.98
D2 → D1 16.83 36.30 36.26 16.41 35.93

B. Efficiency Metrics
FLOPs (M) All 5860.11 5860.11 5860.11 5862.64 5860.11
Params (K) All 0 34.11 34.11 0 34.11

Table 21. WiHAR-Dual OTTA Backbone Results (Cross-Device Setting, ResNet-10). Comparison of representative Online Test-
Time Adaptation (OTTA) methods for cross-device CSI sensing between Intel 5300 (D1) and Atheros (D2) devices using the ResNet-10
backbone. We report classification accuracy (%), FLOPs, and trainable parameters.

Metric Cross-Device Base Entropy Min. Pseudo-Labeling Anti-Forget. Reg.

Base TENT SAR T3A EATA

A. Effectiveness (Accuracy %)

Accuracy

D1 → D1 96.75 95.62 95.10 91.51 95.29
D1 → D2 14.29 33.80 34.75 14.29 34.28

D2 → D2 93.31 92.79 91.98 90.57 91.80
D2 → D1 14.29 23.29 23.28 14.29 23.57

B. Efficiency Metrics
FLOPs (M) All 14029.16 14029.16 14029.16 14029.16 14029.16
Params (K) All 0 5.87 5.87 0 5.87
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