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Abstract

Mobile motion sensors such as accelerometers and gyro-
scopes are now ubiquitously accessible by third-party apps
via standard APIs. While enabling rich functionalities like
activity recognition and step counting, this openness has also
enabled unregulated inference of sensitive user traits, such as
gender, age, and even identity, without user consent. Existing
privacy-preserving techniques, such as GAN-based obfusca-
tion or differential privacy, typically require access to the full
input sequence, introducing latency that is incompatible with
real-time scenarios. Worse, they tend to distort temporal and
semantic patterns, degrading the utility of the data for benign
tasks like activity recognition. To address these limitations,
we propose the Predictive Adversarial Transformation Net-
work (PATN), a real-time privacy-preserving framework that
leverages historical signals to generate adversarial perturba-
tions proactively. The perturbations are applied immediately
upon data acquisition, enabling continuous protection with-
out disrupting application functionality. Experiments on two
datasets demonstrate that PATN substantially degrades the
performance of privacy inference models, achieving Attack
Success Rate (ASR) of 40.11% and 44.65% (reducing infer-
ence accuracy to near-random) and increasing the Equal Error
Rate (EER) from 8.30% and 7.56% to 41.65% and 46.22%.
On ASR, PATN outperforms baseline methods by 16.16%
and 31.96%, respectively.

Introduction

Mobile applications can easily access motion sensor data
(e.g., accelerometer and gyroscope) through APIs on An-
droid and iOS platforms (Rajguru 2019). This supports var-
ious functions like activity recognition (Wang et al. 2019),
step counting (Susi, Renaudin, and Lachapelle 2013), and
gesture interaction (Brotchie et al. 2022), making motion
data central to mobile services. However, this widespread
access also raises privacy concerns, as sensor data can re-
veal personal attributes like identity (Cai et al. 2024; Fer-
eidooni et al. 2023; Shen et al. 2017), gender (Meena and
Sarawadekar 2020), and age (Lin et al. 2023; Miao et al.
2023). Moreover, the availability of open-source privacy in-
ference models (Malekzadeh 2019) makes it easier for third-
party applications to exploit such data, potentially infringing
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Figure 1: Our method vs. existing methods, addressing two
issues: (1) temporal semantic distortion and (2) delayed ob-
fuscation due to segment-wise processing.

on user privacy without their knowledge. These concerns un-
derscore the need for mechanisms that can safeguard user
privacy without compromising the utility of motion sensor
data.

Existing privacy-preserving approaches, including dif-
ferential privacy (Kalupahana et al. 2023) and generative
model-based obfuscation (Raval, Machanavajjhala, and Pan
2019; Gu et al. 2025), often optimize for specific tasks to
preserve utility while preventing private information infer-
ence. However, as shown in Figure 1, these methods face
two key limitations: (1) Generative methods often compro-
mise temporal semantics by regenerating entire sequences
via latent-space sampling, over-smoothing or distorting fine-
grained patterns, and degrading utility for tasks requiring
precise numerical computations (e.g., smartphone rotation
angle estimation). (2) Most cannot satisfy real-time de-
mands, as they buffer complete sensor sequences before
transformation, whereas real-world streams must be pro-
cessed instantly. These challenges highlight the need for
methods that protect sensitive information while maintain-
ing both semantic fidelity and real-time usability.

Adversarial perturbations exploit model sensitivity by
adding imperceptible noise that induces incorrect outputs.
We adopt them as a lightweight way to suppress sensitive
patterns while preserving sensor data semantics. Although
adversarial attacks on time-series models (Yang et al. 2022;



Pialla et al. 2025) are well studied, most rely on full input
segments, making them unsuitable for streaming and un-
able to address limitation (2). Simply applying perturbations
generated from historical data directly to future inputs has
limited effectiveness, as it may fail to align with the tem-
poral dynamics of the target sequence. Universal adversar-
ial perturbations (Rathore et al. 2020) often perform poorly
on complex, high-dimensional sensor data, further limiting
their practicality.

To address these issues, we propose the Predictive Ad-
versarial Transformation Network (PATN), which leverages
historical sensor data to generate adversarial perturbations
for future readings. This enables real-time, zero-latency pro-
tection with high consistency to original signals. PATN com-
bines a generative network with a history-aware top-k opti-
mization strategy to mitigate temporal misalignment in in-
ference attacks. Experiments on two datasets show PATN
achieves 40.11% and 44.65% Attack Success Rate (ASR),
reduces Equal Error Rate (EER) to 41.65% and 46.22%,
and preserves semantic fidelity for non-sensitive applica-
tions. The implementation of PATN is publicly available
at https://github.com/skysky4/PATN. Our contributions are
summarized as follows,

* We propose PATN, the first framework to enable proac-
tive, real-time privacy protection for streaming sensor
data by generating future-directed adversarial perturba-
tions, and the first to introduce adversarial perturbations
into sensor data privacy protection.

* We introduce a history-aware top-k optimization strategy
that effectively counters performance degradation under
temporal misalignment attacks.

Through extensive evaluation, PATN is shown to substan-
tially enhance privacy protection while retaining the us-
ability and semantic fidelity of motion sensor signals.

Related Works

Data Obfuscation. Privacy-preserving methods for sen-
sor data fall into three categories. Differential privacy
(DP) (Kalupahana et al. 2023) adds noise to protect pri-
vacy but distorts temporal signals, reducing utility in con-
tinuous tasks. Privacy-aware feature extraction (Liu et al.
2019; Li et al. 2021) learns representations that retain task-
relevant information while masking sensitive attributes, of-
ten via adversarial training. Recent generative approaches,
such as GANs (Boutet et al. 2021), VAEs (Hajihassnai, Ar-
dakanian, and Khazaei 2021), and diffusion models (Yang
and Ardakanian 2023), produce realistic sensor data but of-
ten face semantic drift, affecting fine-grained temporal pat-
terns. For example, Doppel GANger (Lin et al. 2020) cap-
tures long-term trends but struggles with accelerometer dy-
namics, while PrivDiffuser (Yang and Ardakanian 2025) im-
proves privacy-utility trade-offs but may distort temporally
sensitive signals. Though generative methods obfuscate pri-
vate information well, they risk degrading signal seman-
tics, limiting use in sensor-driven applications. Additionally,
existing methods cannot meet real-time demands, as they
buffer entire sequences before transformation.
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Figure 2: Illustrating the two problems: generating real-time
perturbations for continuously arriving sensor data, and ad-
dressing temporal misalignment where attacks may occur at
arbitrary, unpredictable time points.

Adversarial Attacks. Adversarial attacks on time se-
ries have been extensively studied. Early work examined
gradient-based attacks, including FGSM (Fawaz et al. 2019;
Oregi et al. 2018) and PGD on deep time-series classi-
fiers. Comprehensive surveys such as Adversarial Attacks on
Time Series provide taxonomies of these methods and their
impacts across various domains (Karim, Majumdar, and
Darabi 2020). Ozcan et al. introduced AdaptEdge (Khan,
Mynuddin, and Nabil 2024), a targeted universal attack
framework that demonstrated cross-dataset transferability
in smart grid time series. Recent methods, such as SFAt-
tack (Gu et al. 2025) and BlackTreeS (Ding et al. 2023),
targeting imperceptible adversarial attacks for time series
classification, improve stealth by utilizing localized and
frequency-domain perturbations. While these studies high-
light the vulnerability of time-series models, they uniformly
assume access to complete time-series segments before per-
turbation, which limits their applicability to streaming sen-
sor data that must be protected in real-time.

Problem Setting

Our objective is to protect user privacy by adding adversarial
perturbations to raw sensor data while preserving the seman-
tic integrity of the original signals. Based on this objective,
we identify two key problems.
Problem 1: Real-Time Perturbation Generation. The
problem we need to solve is to generate real-time, future-
directed adversarial perturbations to protect user privacy
from inference attacks on motion sensor data. Existing meth-
ods typically require access to complete sensor sequences
before adding perturbations or reconstructing data, making
them incompatible with real-time applications where sensor
data arrive continuously and must be processed on the fly.
As shown in Figure 2, we learn a temporal mapping func-
tion F that takes historical motion data x(.; as input and
outputs a sequence of perturbations for the upcoming steps:

6t:t+w - ]:(mO:t) (1)
The predicted perturbations &;.14,, are then applied in
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Figure 3: Overview of the PATN framework. The system includes PATN training, where the network learns to generate privacy-
preserving perturbations, and on-device deployment, where the trained model runs securely in real time.

real time to the incoming data x4, Z¢41,..., ensuring that
privacy-sensitive patterns are obfuscated before being ac-
cessed by untrusted applications.

Problem 2: Temporal Misalignment Between Defense
and Attack. The second problem is ensuring defense effec-
tiveness under temporal misalignment (Figure 2). In prac-
tice, adversaries may launch inference attacks at arbitrary
time points, while existing defenses generate perturbations
aligned to fixed timelines, reducing their effectiveness. Let
1.+ denote the perturbation over window [¢, ¢ + w], and
suppose the attacker targets a shifted window Z;4 ;447w
with unknown offset 7, such that Tyt # Tigfrittrtw-
This misalignment causes partial overlap between the per-
turbation and attack windows, weakening privacy protec-
tion.

Methodology
Overview

To protect user privacy while preserving sensor data seman-
tics, we propose the PATN framework, as shown in Fig-
ure 3. Assuming access to open-source privacy inference
models and their gradients (white-box), PATN leverages his-
torical sensor data to predict future-directed perturbations,
optimized to mislead privacy inference models with minimal
semantic distortion. The framework has two components:
(1) PATN training, where PATN is optimized using three
objectives—adversarial effectiveness, temporal robustness,
and smoothness regularization—to balance privacy protec-
tion and data fidelity; and (2) On-device deployment, where
the trained network is executed locally on mobile devices
to enable zero-latency perturbation generation for real-time
sensor streams.
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Predictive Adversarial Transformation Network

Perturbation Range Setting. To prevent adversarial per-
turbations from degrading the semantic integrity of sensor
data or disrupting normal system functionality, we constrain
their magnitude with carefully designed bounds based on £,
normalization. Excessively small perturbations risk ineffec-
tive attacks, while overly large ones may distort essential
patterns.

We first derive a dimension-wise upper bound based on
dataset statistics by computing the mean and standard devia-
tion for each sensor dimension and defining the perturbation
limit as 0.05 of these values:

€ = min(0.05 x pg, 0.05 x 74) 2)

where 14 and o4 denote the mean and standard deviation of
the d-th dimension.

To further ensure imperceptibility, we measure natural
sensor variation under static conditions, where 10 users in-
teracted with smartphones fixed on a rigid table. The stan-
dard deviation of each feature dimension in this scenario
provides e‘;la‘“ral, which we combine with the statistical bound

to define the final /., constraint:

data

€4 = min(ed natural)

s €d 3)
This guarantees that perturbations remain within naturally
occurring fluctuations, preserving utility while ensuring pri-

vacy.

History-Driven Generative Model for Perturbation. To
address the challenge of real-time perturbation generation,
we propose PATN, a generative framework that produces fu-
ture adversarial perturbations based solely on historical mul-
tivariate sensor data. Unlike conventional adversarial meth-
ods that require future observations, PATN forecasts pertur-
bations from past system sensor data, making it suitable for



Algorithm 1: History-Aware Top-k Optimization

1: Input: Previous perturbation d;_,,.;, current perturba-
tion dy.¢4, input 2, model f, label 1arge; , Wwindow size
w, step size s, top-k k
Output: Top-k averaged loss
Merge perturbations: ¢ < Merge(0s—w:t, Ot:t+w)
Generate adversarial input: Z < x + ¢
Initialize loss list: £ « []
for eacht € {0,s,2s,..., T —w} do
Extract window: &; + Z[:,t : t + w, :]
Compute prediction: Z; < f(Z¢)
9: Compute loss: ¢, <— CrossEntropy(Z;, Yiarget)
10: Append loss: L.append(¢;)
11: end for
12: Stack all losses: {yacx < stack(L)
13: Select top-k losses: £iopk < TopK (Usack, k)
14: Compute final loss: Lyato < mean({iopk)
15: return Lyato

A A S

real-world time-series scenarios, where future data is un-
available at inference time.

PATN utilizes a sequence-to-sequence architecture with
an LSTM-based encoder-decoder framework. The encoder
processes a multivariate input sequence of length 7;,, con-
sisting of D-dimensional sensor readings, denoted as x €
REXTaxD The LSTM encoder extracts temporal depen-
dencies and condenses the sequence into a fixed-length la-
tent representation, typically the final hidden and cell states.
The decoder, another LSTM, autoregressively generates a
sequence of adversarial perturbations of length T, with
each step producing a perturbation vector §; € R”.

8; = Woh; + b, “

Here, W, € RP*H and b, € RP are learnable parameters,
and H denotes the hidden dimension of the decoder LSTM.
The decoder operates in an autoregressive manner, mean-
ing the output from each previous step can be fed back as
input into the next, allowing the network to capture tempo-
ral consistency in the generated perturbation sequence. The
complete adversarial sequence is defined as:

§ = [01,0a,...,07,] € RE*TwXP 5] <eq  (5)

This predicted perturbation tensor is subsequently added to
the raw future sensor data to construct adversarial examples:

Tadv = Traw + o (6)

where ., € REXTuxD denotes the future clean data se-
quence and Z,qy is the resulting adversarial input.

History-Aware Top-k Optimization. To enhance the ro-
bustness of adversarial perturbations against Problem 2,
we propose history-aware top-k optimization (HATO). This
method leverages both the previously generated perturbation
(the last perturbation segment) and the current perturbation,
aiming to construct a more temporally consistent and gener-
alizable perturbation sequence.

As shown in Algorithm 1, we first concatenate the pre-
vious perturbation 6prev with the current perturbation d¢y, to

form a longer adversarial perturbation. This merged pertur-
bation is then applied to the clean input sequence. A slid-
ing window with a fixed size and stride is used to extract
overlapping temporal segments. For each segment, the pri-
vacy inference model f computes a cross-entropy loss with a
misleading target label to simulate a privacy-preserving ad-
versarial objective. To address the instability of loss values
across different window positions, we adopt a top-k selec-
tion strategy. Among the computed losses, we select the k
highest values and use their average as the final optimiza-
tion target.

k
1
Lyato = T E TopK; (L, k) @)
=1

This encourages the perturbation to consistently degrade
model performance across multiple subwindows, rather than
overfitting to a specific temporal slice. This history-aware
top-k loss not only improves the temporal robustness of the
perturbation but also enhances its defensive effect under ar-
bitrary window-based evaluation, which is common in real-
world privacy-preserving scenarios.

Objective Function. To optimize the PATN model, we de-
fine a composite loss function that integrates three comple-
mentary objectives.

1. Misclassification loss L,4,: This term encourages the
adversarial input to mislead the target model (Privacy infer-
ence model). It is implemented as a standard cross-entropy
loss between the model’s prediction and a misleading target:

£adv = £CE(logitsadva ytarget) (8)

where Yt denotes a misleading label, which in a binary
classification task corresponds to the opposite of the label
output by the privacy inference model.

2. History-aware top-k loss Lyaro: As detailed in Equa-
tion 7, this loss promotes temporal robustness by encourag-
ing consistent model outputs across a sliding inference win-
dow. This helps the perturbation remain effective even under
windowed decision-making.

3. Smoothness loss L: This regularization term penal-
izes abrupt changes in the perturbation signal over time,
thereby improving the visual and temporal coherence of the
generated adversarial sequence. It is implemented as the
mean squared error (MSE) of the perturbation:

‘Cst = MSE(é) (9)
The total objective is a weighted sum:
Liowal = Lagv + A1 Luato + A2 Ly (10

with Ay = 0.3, A2 = 0.3. These weights are chosen to
balance attack effectiveness, temporal robustness, and per-
ceptual imperceptibility. When confronted with multiple pri-
vacy inference models, we aggregate the L, from each
model into a unified optimization objective, enabling the
method to effectively defend against a diverse set of attacks
simultaneously.



Method MotionSense ChildShield
ASR(%)!  EER(%)! AUC)  Fl.Score] | ASR(%)t EER(%)T AUC|  F1_Score|
Raw data \ 8.30 0.979 0.928 \ 7.56 0.972 0.922
DP 14.37 17.46 0.931 0.836 4.12 12.00 0.952 0.887
UAP 9.61 13.53 0.951 0.863 3.17 10.92 0.957 0.894
FGSM 23.95 25.92 0.772 0.802 12.99 19.11 0.889 0.821
PGD 23.95 25.92 0.772 0.802 12.99 19.11 0.889 0.821
PATN(ours) 40.11 41.65 0.662 0.611 44.95 46.22 0.549 0.537
Table 1: Performance comparison with baseline methods.
Experiments MotionSense Dataset ChildShield Dataset

In this section, we describe the experimental setup and eval-
uate our method via baseline comparisons, utility analysis,
ablation studies, and black-box migration tests to assess per-
formance, component contributions, and robustness.

Implementation Details

Datasets. We evaluate our method on two real-world
datasets: MotionSense (Malekzadeh et al. 2018) and Child-
Shield (Lin et al. 2023). Both provide accelerometer and gy-
roscope data, split 7:3 for training and testing.

MotionSense contains 50Hz motion data from 24 par-
ticipants using an iPhone 6s during six activities (walk-
ing, jogging, sitting, standing, upstairs, and downstairs), en-
abling gender (male/female) inference. ChildShield includes
60Hz motion data from 1,875 participants across five mobile
games, used for age (child/adult) inference.

Evaluation Metric. To evaluate privacy protection, we de-
fine the attack success rate (ASR) as the proportion of origi-
nally correct predictions by the privacy inference model that
are misclassified after applying our perturbation. A higher
ASR indicates stronger privacy protection. We also report
Equal Error Rate (EER), Area Under the Curve (AUC), and
F1_Score to assess the overall impact on adversarial infer-
ence performance. For utility evaluation, we adopt two per-
spectives. First, we measure semantic consistency using ¢
distance, Dynamic Time Warping (DTW), low-frequency
(LF) component, and Root Mean Square Error (RMSE) (Wu
et al. 2022), where lower values indicate better preserva-
tion of signal characteristics. Second, we assess the impact
on downstream tasks, specifically step detection (Susi, Re-
naudin, and Lachapelle 2013) and human activity recog-
nition (HAR) (Mekruksavanich and Jitpattanakul 2021), to
quantify the effect of perturbations on typical usage scenar-
ios.

Privacy Inference Models and Baseline Methods. Most
privacy inference models for sensor data adopt CNN archi-
tectures. In this work, we examine two representative CNN-
based models for extracting sensitive user information, fol-
lowing the architectures of Lin et al. (Lin et al. 2023) (age)
and Sharshar et al. (Sharshar et al. 2021) (gender). We also
evaluate PATN on sequential models (RNN, LSTM), with
results reported in the Appendix (Song 2025).

We compare our approach with representative base-
lines under the same /,-norm constraint. Data-independent
methods include differential privacy (DP) (Kalupahana
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Figure 4: The AUC curve of adversarial data generated by
PATN compared to the raw data when applied to the privacy
inference model.

et al. 2023) and universal adversarial perturbations
(UAP) (Rathore et al. 2020), while data-dependent meth-
ods include FGSM (Fawaz et al. 2019) and PGD (Oregi
et al. 2018), both leveraging historical sensor data. Gener-
ative model-based approaches (Yang and Ardakanian 2025)
are excluded from direct comparison, as they severely vi-
olate the ¢, constraint and require full sensor sequences
at the current time step, which limits real-time applicabil-
ity. Nonetheless, we qualitatively compare with PrivDif-
fuser (Yang and Ardakanian 2025), showing that our method
better preserves semantic consistency in perturbed sensor
signals (in section : Utility Analysis).

Parameters. The Predictive Adversarial Transformation
Network (PATN) takes an input sequence of length Tj, =
30 (each representing 0.5-second intervals of sensor data)
and generates an output sequence of length T;,,, = 10, corre-
sponding to the input length for the privacy inference model.
The input dimension is 6, representing six sensor features,
and the LSTM hidden dimension is 64. HATO is applied
with a top-k parameter of k=2. Training and testing are per-
formed on an online server with an NVIDIA 3090Ti GPU
using PyTorch. The Adam optimizer is used, with an initial
learning rate of le-3 and a fixed-step decay schedule (halv-
ing every 200 epochs), over a total of 600 epochs.

Main Results

Comparison with Baseline Methods. As shown in Table
1 and Figure 4, under the same /,-norm constraint, our pro-
posed PATN achieves superior privacy protection by gener-
ating adversarial perturbations that effectively mislead pri-
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vacy inference models, targeting gender inference on Mo-
tionSense and age inference on ChildShield.

In contrast to traditional approaches like DP and UAP,
PATN is dynamic and adaptive, optimizing perturbations
specifically to protect privacy. DP and UAP rely on fixed,
data-agnostic perturbation strategies that overlook the vul-
nerabilities of historical data distributions and fail to tar-
get real-time or future private attribute inference. PATN,
by introducing a predictive adversarial transformation, tai-
lors perturbations to the model’s current predictions and
adapts them for future data, making them more effective
in confusing privacy inference models. Consequently, PATN
achieves substantially higher ASR 40.11% on MotionSense
and 44.95% on ChildShield compared to DP (14.37% and
4.12%) and UAP (9.61% and 3.17%).

While FGSM and PGD craft perturbations based on his-
torical data distributions, they lack optimization for future
data (i.e., unseen data), limiting their effectiveness in dy-
namic environments. These methods assume minimal tem-
poral variation in sensor data, which constrains their ro-
bustness. As shown in Table 1, FGSM and PGD achieve
ASRs of 23.95% on MotionSense and 12.99% on Child-
Shield, indicating partial success in misleading privacy in-
ference models but without future adaptability. In contrast,
PATN explicitly optimizes perturbations for future data, en-
hancing robustness and privacy protection. It achieves sig-
nificantly higher ASRs of 40.11% and 44.95% on Motion-
Sense and ChildShield, respectively, demonstrating superior
performance in scenarios with evolving data distributions.

Utility Analysis. Our PATN model has a compact size of
only 0.365 MB, well within the 2 MB memory constraint for
deployment in the TEE. The perturbation generation time
is just 0.00036 seconds, much faster than the 1/60-second
sensor sampling interval, ensuring real-time applicability.
To assess semantic fidelity, we visualize the raw and
perturbed accelerometer signals along individual IMU axes
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DTW] 0]  LF|] RMSE]
PATN 0744 0.162 0300 _ 0.037
PrivDiffuser | 7.058 2251 3.422  0.503

Table 2: Comparison of Semantic Consistency Between
PATN and PrivDiffuser

Raw data PrivDiffuser PATN
Step detection 7916 8683 (+767) 7937 (+21)
HAR-EER(%)' 5.08 6.92 (+1.84) 6.57 (+1.49)
HAR-AUC? 0.987 0.976 (-0.011) 0.981 (-0.006)

! HAR-EER(%): human activity recognition (Macro-EER)
2 HAR-AUC: human activity recognition (Macro-AUC)

Table 3: Comparison of Raw Data, PrivDiffuser and PATN-
perturbed Data in Step Detection and HAR

Model CNN ResNet DenseNet
ASR(%) 36.98 38.09 38.64
Raw data EER(%) 8.30 7.36 7.85
Adv data EER(%) 39.64 38.66 40.20

Table 4: Evaluation of PATN’s effectiveness across multiple
privacy inference models.

(Figure 5, gyroscope shown in Appendix (Song 2025)). The
adversarial signals show only subtle deviations from the
original, indicating minimal impact on the sensor’s temporal
semantics, which is crucial for downstream tasks like step
detection. We also compute the per-segment difference be-
tween raw and adversarial signals in 10-second segments.
Table 2 compares PATN with PrivDiffuser across four met-
rics. PATN achieves a DTW of 0.744, ¢ distance of 0.162,
LF difference of 0.300, and RMSE of 0.037, all significantly
lower than PrivDiffuser, confirming that PATN better pre-
serves signal fidelity while obfuscating sensitive informa-
tion.

We conduct experiments on the MotionSense dataset, fo-
cusing on walking data for step detection and multi-class hu-
man activity recognition (HAR). As shown in Table 3, our
method applies subtle ¢.,-bounded perturbations that pre-
serve sensor utility. In step detection, PATN leads to only
a negligible increase of 21 steps, showing minimal impact
on usage. For HAR, it introduces a small change in EER
(+1.49%) and AUC (-0.006), indicating real-time activity
inference remains viable.

In contrast, PrivDiffuser, although optimized for HAR
task (EER: 6.92%, AUC: 0.976), shows poor generalization
to other benign tasks, causing a large step count error (+767
steps). This highlights PATN’s task-agnostic design, achiev-
ing a better balance between privacy and fidelity without
task-specific tuning.

Multiple Privacy Inference Models. In real-world sce-
narios, multiple privacy inference models may simultane-
ously threaten user privacy, so a method like PATN must
remain robust against diverse attack strategies. We evaluate
PATN on the MotionSense dataset (used for all subsequent



Length T;, 10 20 30 40 50 Length T}y 10 20 30 40 50
ASR(%) 3459 3754 4011 38.81 30.88 ASR(%) 40.11 3731 39.11 37.61 35.54
EER(%) 33.34 37.84 41.65 38.87 29.11 Raw data EER(%) | 830 798 644 586 5.83

Adv data EER(%) | 41.65 41.46 43.02 41.15 38.24

Table 5: ASR and EER of different input lengths 7, of
PATN. We choose Tj, = 30 as our default setting.

Attack Alignment Misalignment
Method PATN wHATO!  w/oHATO?
ASR(%) 40.11 39.43 30.56
EER(%) 41.65 40.98 33.24

! wHATO: with history-aware top-k optimization
2 w/oHATO: without history-aware top-k optimization

Table 6: Comparison of ASR and EER with and without
History-Aware Top-k Optimization under Misalignment At-
tacks.

experiments) against three CNN architectures: a standard
CNN, a ResNet, and a DenseNet. PATN is jointly optimized
against all three models during training to ensure compre-
hensive defense.

The results, summarized in Table 4, show that PATN ef-
fectively mitigates attacks across these architectures. Specif-
ically, PATN achieves ASR from 36.98% to 38.64% and
EER between 38.64% and 40.20%, demonstrating consis-
tent defense capability across different privacy inference
models. These findings highlight PATN’s versatility and ro-
bustness in protecting sensor data privacy.

Ablation Studies

The Impact of Different Input Lengths 7;, of PATN. As
shown in Table 5, PATN’s performance is significantly influ-
enced by the input length 7;,. As the input length increases,
PATN captures a longer history of sensor data, improving
perturbation accuracy. The optimal performance is observed
at an input length of 30, achieving 40.11% ASR and 41.65%
EER. However, while longer input lengths allow PATN to
leverage more historical data (each unit representing 0.5 sec-
onds of data), excessively long inputs lead to diminishing re-
turns. For input lengths of 40 and 50, performance degrades,
suggesting that processing excessive or redundant historical
data may dilute the quality of generated perturbations.

The Impact of History-Aware Top-k Optimization. As
shown in Table 6, when subjected to a Misalignment at-
tack with a sliding step length of one second, PATN with
HATO achieves 39.43% ASR and 40.98% EER. These re-
sults demonstrate HATO’s effectiveness in addressing Prob-
lem 2. HATO mitigates this challenge by dynamically ad-
justing the perturbation generation process with a history-
aware mechanism, optimizing perturbations across multiple
sliding windows. This ensures that perturbations align with
attack timing, maintaining their effectiveness even when at-
tacks occur at different time steps.
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Table 7: ASR and EER of different input lengths Tp;, on
privacy inference model.

Black-box model MobileNet  Xception  FCN

ASR(%) 29.43 36.57 33.48
Raw data EER(%) 11.57 4.97 11.78
Adv data EER(%) 36.76 37.89 38.79

Table 8: Evaluation of PATN’s effectiveness across multiple
black-box architectural models.

Black-box Migration Studies

Cross-Input-Length Migration on Privacy Inference
Models. To assess the transferability and robustness of
our adversarial perturbations, we train a single PATN with
a fixed output length of T, = 10, and use it to gener-
ate adversarial perturbations. These perturbations are then
used to attack multiple black-box privacy inference mod-
els, each independently trained with a different input length
(Thiv € 20, 30,40, 50). As shown in Table 7, the perturba-
tions remain highly effective across all models, with EER
ranging from 38.24% to 43.02%. These results demonstrate
that our PATN-generated perturbations exhibit strong gener-
alization ability and temporal adaptability, effectively com-
promising models with varying receptive fields without re-
quiring re-optimization.

Diverse Black-Box Privacy Inference Model Architec-
tures. To further evaluate PATN’s transferability, we test
its robustness against three unseen black-box privacy in-
ference models: MobileNet, Xception, and a fully convolu-
tional network (FCN). Although trained in a white-box set-
ting with three CNNs (Section ), these models have entirely
different architectures. As shown in Table 8, PATN main-
tains consistent performance, achieving ASR of 29.43%,
36.57%, and 33.48%, and EER of 36.76%, 37.89%, and
38.79% on MobileNet, Xception, and FCN, respectively,
demonstrating satisfactory privacy protection even against
unseen or more complex models.

Conclusion

In this paper, we propose PATN, a history-driven perturba-
tion generation framework that leverages past sensor data
to synthesize future adversarial traces. By conditioning a
generative network on historical signals, PATN enables real-
time, zero-latency obfuscation while preserving fidelity to
the original data. Perturbations can be applied instantly to
incoming data, maintaining alignment with natural sensor
patterns and mitigating inference-based privacy risks. For
future work, we plan to evaluate PATN in black-box settings
across more model architectures and extend its applicability
to additional privacy-sensitive attributes, including but not
limited to gender and age.
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