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DI2SDiff++: Activity Style Decomposition and
Diffusion-Based Fusion for Cross-Person
Generalization in Activity Recognition
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Abstract—Existing domain generalization (DG) methods for
cross-person sensor-based activity recognition tasks often struggle
to capture both intra- and inter-domain style diversity, leading
to significant domain gaps with the target domain. In this study,
we explore a novel perspective to tackle this problem, a process
conceptualized as domain padding. This proposal aims to enrich
the domain diversity by synthesizing intra- and inter-domain style
data while maintaining robustness to class labels. We instantiate
this concept using a conditional diffusion model and introduce a
style-fused sampling strategy to enhance data generation diver-
sity, termed Diversified Intra- and Inter-domain distributions via
activity Style-fused Diffusion modeling (DI2SDiff). In contrast to
traditional condition-guided sampling, our style-fused sampling
strategy allows for the flexible use of one or more random style
representations from the same class to guide data synthesis. This
feature presents a notable advancement: it allows for the maxi-
mum utilization of possible combinations among existing styles
to generate a broad spectrum of new style instances. We further
extend DI2SDiff into DI2SDiff++ by enhancing the diversity of style
guidance. Specifically, DI2SDiff++ integrates a multi-head style
conditioner to provide multiple distinct, decomposed substyles and
introduces a substyle-fused sampling strategy that allows cross-
class substyle fusion for broader guidance. Empirical evaluations
on a wide range of datasets demonstrate that our generated data
achieves remarkable diversity within the domain space. Both intra-
and inter-domain generated data have been proven significant and
valuable, enabling DI2SDiff and DI2SDiff++ to surpass state-of-
the-art DG methods in various cross-person activity recognition
tasks.

Index Terms—Wearable sensor, human activity recognition,
domain generalization (DG), diffusion model.
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I. INTRODUCTION

HUMAN activity recognition (HAR) is essential for a wide
range of applications, including healthcare[1], assisted

living [1], [2], and smart home systems [3], [4], [5]. By leverag-
ing wearable devices and smartphones equipped with inertial
measurement units (IMUs) to collect time-series data, HAR
enables the accurate classification of various human activi-
ties, such as walking and sleeping. With the advancement of
deep learning (DL) techniques [6], [7], [8], [9] in time series
classification (TSC) for HAR tasks, the deployment of trained
models directly on edge devices has become increasingly feasi-
ble [10], [11]. However, a common assumption underpinning
these models is that training and test data distributions are
identically and independently distributed (i.i.d.) [12], a condi-
tion that does not often hold up in real life due to individual
differences in activity styles influenced by factors such as age
and gender [13], [14]. These discrepancies significantly hinder
the cross-person generalization performance of standard DL
models.

Domain generalization (DG) seeks to address this issue [12].
Approaches such as domain-invariant [13], [15], [16], [17], [18]
and domain-specific [19], [20] methods are designed to extract
robust intra-domain and inter-domain features that can withstand
data distribution shifts across various domains. However, their
effectiveness is reliant on the diversity and breadth of the training
data [21]. The challenge arises in HAR tasks, where the collected
training data is often small-scale and lacks the necessary diver-
sity due to resource constraints on edge devices [14], [22]. This
inherent scarce diversity in source domain training data can lead
to overfitting to local and narrow intra- or inter-domain features,
resulting in poor generalization to new, unseen domains. As
shown in Fig. 1(a) and (b), the learned features lack required
intra- or inter-domain feature robustness, thereby impeding their
generalization to target domains (red circles).

One promising solution is to enrich training distributions by
data augmentation [12]. Recent research [14] has focused on
enhancing training data richness through standard data aug-
mentation like rotation and scaling; however, it primarily en-
hances intra-domain diversity and falls short of addressing
inter-domain variability. As shown in Fig. 1(c), the augmented
data (stars) for source domains (orange and blue circles) tends to
cluster tightly, yet fails to generate the necessary inter-domain
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Fig. 1. T-SNE visualization of time-series activity features extracted by vari-
ous methods across three domains in sensor-based HAR. Existing representation
learning methods result in domain gaps as in both (a) and (b), covering a small
portion of the target domain (red circles). Standard data augmentation (DA) leads
to augmented data (stars), with source domains (orange/blue circles) remaining
in close proximity to each other and failing to fill gaps. Our method (d) creates
a comprehensive feature space by padding domain gaps via the idea of (e).

data. The target domain (red circles) thus cannot be comprehen-
sively represented.

In this work, we focus on generating highly diverse data
distributions to address the issue of limited domain diversity
in sensor-based HAR. We explore a novel perspective to tackle
this problem. As depicted in Fig. 1(d), the core idea involves
enabling the synthetic data (stars) to fill the empty spaces within
and across source domains while maintaining robustness to
class labels, a process we conceptualize as “domain padding.”
For instance, as illustrated in Fig. 1(e), we decompose various
walking styles from training data, and then we can not only
combine the walking styles of an elderly man and a young man
to create a novel inter-domain style but also merge multiple
walking styles of different young men to generate a new intra-
domain style. Compared to existing DG methods, our domain
padding holds great potential to generate a more extensive range
of unknown style distributions. This enables HAR models to
comprehensively explore a wide array of intra- and inter-domain
variations, contributing to enhanced generalization in HAR
scenarios.

We propose Diversified Intra- and Inter-domain distributions
via activity Style-fused Diffusion modeling (DI2SDiff), to im-
plement our concept using conditional diffusion probabilistic
models [23], [24]. To generate samples with instance-level
diversity, we first design a contrastive learning pipeline [25],
aimed at extracting single-activity style representations from
each available instance in the source domains while maintaining
robustness for classification tasks. The extracted style represen-
tation, denoted as Si, can be interpreted as “an [activity class]
performed in the [Si] style.” We then propose a novel style-fused
sampling strategy for the diffusion model to achieve domain
padding requirements. This involves randomly combining one
or multiple style representations of training samples within the
same class. Styles in each combination are then utilized to
jointly guide the diffusion to generate novel activity samples
that fuse the styles. This innovation presents a notable advance-
ment: the randomness of the combination (whether originating
from the same or different domains) ensures diversity in both
intra-domain and inter-domain, thereby achieving the domain

padding, as shown in Fig. 1(d) and (e). Additionally, it maxi-
mizes the use of possible combinations among existing styles,
generating a broad spectrum of new style instances.

Despite the promise of DI2SDiff in addressing cross-person
activity recognition, its reliance on an entangled contrastive
learning pipeline as a style conditioner introduces some limi-
tations. Specifically, this conditioner is designed to capture a
single-style representation that summarizes the overall charac-
teristics of an activity instance. While effective for maintaining
class-preserving guidance, this approach inherently lacks the
diversity required to uncover complex guidance patterns in time-
series activity data. The strict focus on a single style not only
constrains DI2SDiff’s capacity to capture nuanced and intricate
variations but also exacerbates redundancy by enforcing intra-
class style constraints, thereby overlooking a wealth of valuable
style variants. This limitation is particularly pronounced in low-
data classes, where the potential for exploring diverse patterns
is critically hindered.

To address these challenges, we make several improvements
to DI2SDiff. First, we propose a novel multi-head style condi-
tioner that extracts K distinct substyle features from each input
instance. This is achieved through a hybrid training approach
that integrates a supervised primary task with a self-supervised
auxiliary task, enabling the conditioner to learn both meaning-
ful patterns and diverse variations. By decomposing instances
into multiple substyles, the conditioner provides a fine-grained
representation, capturing both class-specific and class-agnostic
features. Each instance is thus described as “an [activity class]
performed in the [{S(k)

i }Kk=1] style.” Second, thanks to these
decomposed substyles, we introduce a substyle-fused sampling
strategy that allows for precise and independent control of each
substyle during synthesis. This approach enables flexible com-
binations of multiple class-specific substyles within the same
class and the integration of diverse class-agnostic substyles
across different classes. These two advancements culminate
in a significantly improved model, termed DI2SDiff++, which
demonstrates superior sample diversity and generation capabil-
ities while overcoming the limitations of its predecessor.

Our main contributions to the field of generalizable HAR are
as follows.
� We explore a pivotal challenge hampering the effectiveness

of current DG methods in HAR: poor diversity of source
domain features. In response, we propose that DI2SDiff
implement the concept of “domain padding,” enhancing
domain diversity and improving the performance of DG
models, and further advance this approach into DI2SDiff++
to effectively tackle more extreme scenarios with complex
distribution shifts.

� We propose DI2SDiff, which uses activity style features
as conditions to guide the diffusion process, extending the
information available at the instance level beyond mere
class labels. Meanwhile, DI2SDiff leverages a style-fused
sampling strategy, which can flexibly fuse one or more style
conditions from the same class to generate new, unseen
samples. This strategy guarantees data synthesis diversity
both within and across domains, enabling DI2SDiff to
instantiate the concept of domain padding.
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� To overcome the rigidity of single-style representation
guidance, we further present DI2SDiff++ by introducing
a multi-head style conditioner, which decomposes each
instance into multiple substyles. This innovation captures
multi-view semantic representations of activities, deliver-
ing a comprehensive and nuanced characterization of the
data while preserving intricate pattern guidance.

� DI2SDiff++ introduces an advanced substyle-fused sam-
pling strategy that dynamically blends intra-class substyles
while seamlessly incorporating inter-class substyles. This
method transcends traditional intra-class limitations, un-
locking significant style diversity and enhancing the syn-
thesis of high-quality, varied data.

� We conduct extensive empirical evaluations of DI2SDiff
and DI2SDiff++ across a board of HAR tasks. Our findings
reveal that these methods markedly diversify the intra- and
inter-domain distribution without introducing class label
noise. Leveraging these high-quality samples, DI2SDiff
and DI2SDiff++ outperform existing solutions, achieving
state-of-the-art results across various cross-person activity
recognition tasks.

This paper extends our previous work [26] by introducing
multi-substyle-guided generation techniques to enhance data
diversity and improve time-series guidance in cross-person ac-
tivity recognition. First, we propose a multi-head style condi-
tioner that decomposes activity instances into multiple substyles,
addressing the limitations of single-style representations and
uncovering diverse style variations for more nuanced data char-
acterization. Second, we introduce a substyle-fused sampling
strategy that overcomes intra-class constraints, enabling flexible
substyle fusion across the entire sample space to effectively
enhance diversity. Finally, we conduct extensive evaluations,
including visualizations, ablation studies, sensitivity analyses,
and cross-architecture tests, showcasing the robustness and scal-
ability of DI2SDiff++ as a new DG method for diversity and
generalization in activity recognition.

II. RELATED WORK

A. Sensor-Based Human Activity Recognition

Human Activity Recognition (HAR) using wearable sensors
has achieved transformative progress across diverse applica-
tions, from healthcare to human-computer interaction [1], [9],
[27]. Recent review literature [28], [29], [30] underscores the
potential of deep learning to capture intricate activity patterns
directly from raw IMU data, effectively bypassing the need for
manual feature engineering. Techniques such as convolutional
neural networks (CNN) [31], [32], recurrent neural networks
(RNN) [33], and newer methods like generative adversarial net-
works (GAN) [34] and deep reinforcement learning (DRL) [35]
have been applied to enhance both the accuracy and robustness of
HAR. For example, CNN-SVM [31] leverages CNNs for spatial
feature extraction, while [33] based on RNNs capture temporal
dependencies in activity sequences. Additionally, hybrid mod-
els combining CNN and LSTM architectures are commonly
utilized, harnessing CNN’s spatial extraction capabilities and
LSTM’s strength in modeling temporal dynamics. For example,

DeepConvLSTM [36] incorporates convolutional and LSTM
units for multimodal wearable sensors. [37] proposed a hybrid
model integrating CNN with bidirectional long short-term mem-
ory (BiLSTM), achieving impressive accuracy in HAR. [38]
employed CNN for feature extraction, coupled with a reinforced
selective attention model, to further refine performance. These
advancements show great promise for algorithms deployed in
real-world sensor systems. However, they often experience a
significant performance drop when the distribution shifts due to
changes in the subject, sensor device, or environment (i.e., do-
main). Such issues hinder the deployment of these advancements
in real-world applications.

B. Domain Generalization

Domain Generalization (DG), a key technique in transfer
learning [12], addresses distribution shifts by training models on
multiple source domains to generalize to unseen target domains
without requiring target data during training [39]. A common
DG strategy is to learn domain-invariant features shared across
domains [40], [41]. For example, SCA [42] uses multi-task au-
toencoders to emphasize shared features, but overlooks domain-
specific traits that may be discriminative. To overcome this,
recent methods [20], [43] disentangle domain-specific from
invariant features. For instance, mDSDI [20] employs meta-
learning to enhance adaptability to unseen domains.

To further enhance model robustness, augmentation-based
approaches generate diverse inputs to improve DG performance.
Domain randomization [44] is a widely adopted technique, often
utilizing style transfer methods like AdaIN [45] to generate
synthetic data by altering textures and other style attributes. For
example, WildNet [46] leverages style transfer to alter low-level
visual features, albeit limited by auxiliary domain dependence.
These approaches rely on additional real data, which can be
resource-intensive or impractical. Style augmentation [47], [48],
[49] addresses additional data dependency issues by leveraging
generative models (e.g., GANs or diffusion models) to vary
image styles. For instance, StyleGAN-NADA [47] uses text
prompts that describe diverse styles to train a GAN, enabling
the synthesis of various images. Mixup [50] is another line
of data generation technique, creating new samples by linear
interpolation across domains to encourage generalization. Al-
though DG has been extensively studied in the field of computer
vision, its application to HAR tasks remains in its early stages.
Furthermore, due to the unique characteristics of time-series
data, most existing DG methods struggle to adapt to HAR
signals, limiting their overall effectiveness.

C. Domain Generalization for Sensor-Based HAR.

DG can be extended to cross-person activity recognition by
treating each user as a separate domain. CoDATS [51] proposes
an adversarial approach aimed at learning domain-invariant
features, which facilitates better generalization across differ-
ent users. However, this method relies on the availability of
labeled data in the target domain during training, which may
not always be practical in real-world applications. To address

Authorized licensed use limited to: The Hong Kong University of Science and Technology (Guangzhou). Downloaded on November 16,2025 at 03:33:32 UTC from IEEE Xplore.  Restrictions apply. 



ZHANG et al.: DI2SDIFF++: ACTIVITY STYLE DECOMPOSITION AND DIFFUSION-BASED FUSION 10763

this, GILE [13] introduces an improved variational autoen-
coder (VAE) framework [52] that automatically disentangles
domain-agnostic and domain-specific features. This approach
allows for a more effective separation of generalizable and
user-specific characteristics in HAR, yet it still requires domain
labels. CrossHAR [53] and MobHAR [54] adopt two-stage
pipelines consisting of an initial pre-training phase followed
by fine-tuning. Although MobHAR [54] achieves improved
performance by leveraging unlabeled target domain data during
the fine-tuning stage, this strategy is less practical in real-world
scenarios, where the goal is to deploy pre-trained models di-
rectly on data from new users without requiring any additional
adaptation. DDLearn [14] and ContrastSense [55] both focus on
enhancing feature diversity through different augmented views.
However, they reliance on standard augmentation techniques
primarily enriches intra-domain features, leaving it less effective
at capturing complex inter-domain variations essential for robust
cross-person activity recognition. DI2SDiff [26] represents one
of the most recent DG methods for cross-person activity recog-
nition, introducing a new diffusion-based generation framework
for synthesizing diverse data. While promising, it still has certain
limitations, which are detailed in Section V and effectively
addressed in DI2SDiff++.

D. Diffusion Models

Diffusion models have shown strong capabilities in generating
diverse, high-quality samples across domains such as computer
vision [56]. Classifier-free guidance [57] further extends their
effectiveness in multimodal tasks like text-to-image [58] and
text-to-motion synthesis [59]. Given the non-stationary nature
of time-series data [60], we explore the use of diffusion models to
generate diverse samples for HAR, aiming to improve general-
ization. While diffusion models have seen success in time-series
domains such as audio [61] and healthcare [62], their applica-
tion to HAR remains underexplored [63]. Our work pioneers
the use of diffusion models in time-series HAR, introducing a
framework that guides the generation process toward diverse
and representative samples. This contributes a novel solution
to domain generalization in HAR and opens new directions for
future research.

III. PRELIMINARIES

A. Problem Statement

Following the definition of cross-person activity recognition
[13], [14], we define the training dataset from source domains as:
Ds = {(Xi, yi)}ns

i=1, where ns is the number of instances. Each
instance Xi ∈ R

D×L represents IMU data in the form of times-
tamped multivariate sequences collected from sensors, where
D denotes the feature dimensionality and L represents the tem-
poral length. The corresponding activity label yi ∈ {1, . . . , C}
indicates the class of the activity, with C denoting the total
number of activity classes. The domain is characterized by a joint
distribution P (X, y) across the time-series space X and activity
label space Y . Our goal is to learn a generalized model from Ds

to predict the unseen target domain:Dt = {(Xi, yi)}nt

i=1,where

P s(Xi, yi) �= P t(Xi, yi), X s = X t and Ys = Yt. We aim to
minimize the risk on Dt: minf E(Xi,yi)∼P t [f(Xi) �= yi]. No-
tably, to simulate real-world applications, the domain identifier
is unavailable in our DG setting. Additionally, we consider a
severe small-scale scenario where ns is smaller than in typical
DG setups.

B. Diffusion Probabilistic Model

The diffusion model [23] trains a distribution pθ(x) to ap-
proximate the target distribution q(x) using a Markov chain of
Gaussian transitions:

pθ (x0) =

∫
pθ(xT )

T∏
t=1

pθ (xt−1|xt) dx1:T ,

where x1, . . . , xT are latent variables with the same dimen-
sionality as the original data x0, and pθ(xT ) ∼ N (0, I) is the
Gaussian prior. The reverse process is defined as:

pθ(xt−1|xt) := N (xt−1;μθ(xt, t), σθ(xt, t)). (1)

The forward process adds Gaussian noise to x0 over T steps:

q(xt|xt−1) := N
(
xt;

√
1− βtxt−1, βtI

)
, (2)

where βt ∈ (0, 1) controls the noise variance.
Training procedure: The diffusion model’s parameters θ are

optimized by maximizing the evidence lower bound of the log-
likelihood log pθ(x0), simplified to a surrogate loss [24]:

L(θ) := Ex0,t∼U,ε∼N (0,I)

[||ε− εθ(xt, t)||2
]
, (3)

where U is the uniform distribution and the noise predictor
εθ(xt, t), parameterized with a deep neural network, aims to
estimate the noise ε at time t given xt. Asμθ(xt, t) is determined
by εθ(xt, t), the target pθ(xt−1|xt) can be consequently derived.

Sampling procedure: Given a trained pθ , data generation starts
with Gaussian noise xT ∼ N (0, I) and iteratively denoises xt

for t = T, . . . , 1 using pθ(xt−1|xt), resulting in the generated
data x0.

IV. DOMAIN PADDING

A. Intuitive Insight – Two Key Criteria

In HAR, the pivotal obstacle to domain generalization lies in
the limited data diversity of the source domain, which hinders
representation learning methods from conquering distribution
shifts. Nevertheless, existing data augmentation methods [14]
still expose the issue of insufficient data richness in the intra-
domain and even inter-domain distribution. To this end, this
work achieves effective data generation to enrich the diversity
of training distributions. We propose a novel perspective termed
“domain padding,” whose core intention is to improve the cover-
age of the trainable domain space by “padding” the distributional
gaps within and across source domains, as shown in Fig. 1(d). To
ensure the generation of high-quality and diverse data, domain
padding adheres to two key criteria:
� First Criterion: Class-Preserved Generation. The gener-

ated data should maintain class alignment with the original
data, ensuring semantic consistency. This criterion ensures
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Fig. 2. The multi-head style conditioner of DI2SDiff++. This style conditioner integrates a combination of a CNN and a Transformer encoder (fstyle), followed by

four heads f (k)
h . 1) During training, given an activity instance Xi (which can be original data or transformed data), four heads of the style conditioner decompose

it into distinct substyle features (different shapes). These substyles are then processed through three fully connected layers (fact, ftrs, fpro) to execute separate
multi-task learning objectives. Each task is optimized via its respective loss function: Lact, Ltrs, and Lpro. 2) During inference, only the style conditioner module

is used to decompose the original training data into four distinct substyles. The first and second substyles, S(1)
i and S

(2)
i , capture class-specific semantics, while

the third and fourth substyles, S(3)
i and S

(4)
i , represent class-agnostic features.

class consistency of generated data without compromising
semantic stability.

� Second Criterion: Intra- and Inter-Domain Diversity. The
generated data should not only boost the intra-domain di-
versity within an individual distribution but also enrich the
inter-domain diversity across distinct distributions. This
criterion guarantees a wide range of augmented variations
for a more robust model training.

B. Feasible Solution – A Diffusion-based Framework

To meet the above two criteria, we implement domain padding
into a conditional diffusion paradigm [24], [64], due to its ex-
cellent generative and flexible conditioning capabilities. Specif-
ically, given an original instance x ∼ X s, we can leverage its
conditional information s ∈ X cond to guide the generation of a
new instance x̃0 ∼ X̃ s. After the repeat conditional generation
based on the dataset Ds, we collect a synthetic dataset D̃s =
{(X̃i, y

act
i )}ñs

i=1, where ñs denotes the number of generated
samples. The generation objective is to estimate the conditional
data distribution q(x̃|s) by using the specific constraint s to
guide the synthesis of a new sample x̃0. The conditional diffusion
process can be formulated as:

q (x̃t|x̃t−1, s) , pθ (x̃t−1|x̃t, s) . (4)

Sequentially, performing pθ enables the generation of new sam-
ples to capture the attributes of s.

Subsequently, we coordinate the conditional diffusion tech-
nique into a coherent framework, which encapsulates two key
components. First, we devise a style conditioner to extract activ-
ity style features, which serve as conditions of a classifier-free
guidance [57]. Thus, leveraging one explicit style condition
effectively ensures that the generated samples meet the first
criterion. The extracted instance-level styles also provide a guar-
antee for the construction of a diverse style-combination condi-
tion space X cond. Second, we introduce a style-fused sampling
strategy to generate highly diverse intra- and inter-domain data,
meeting the second criterion. In DI2SDiff++, the two compo-
nents can further evolve into a multi-head style conditioner and
a substyle-fused sampling strategy, respectively, which facilitate
the nuanced pattern acquisition and diverse data generation from
a cross-class aspect.

V. DI2SDIFF FRAMEWORK

To satisfy the first criterion, DI2SDiff employs a contrastive
learning pipeline to extract robust, instance-level style repre-
sentations, termed “styles,” which fuse both distinctive instance
characteristics and discriminative class semantics. Specifically,
as shown in Fig. 2, a CNN-Transfomer-based model is used to
encode each instance Xi into a style vector Si = fstyle(Xi) ∈
R

H , where H is the vector length. The vector Si is learned by a
contrastive learning approach [25]. The contrastive objective is
to maximize the similarity between different augmented views
of the same instance, while minimizing the similarity between
different instances. This encourages the model to capture the
instance’s unique style while preserving class information of
yi. By aggregating style vectors from ns instances, we form
a set S = {Si}ns

i=1, which can be further partitioned into C
class-specific subsets S1,S2, . . . ,SC . Then, DI2SDiff utilizes
the style vector s ∈ S within the classifier-free guidance frame-
work [57] to condition the sampling process, ensuring that each
generated sample adheres to a specific style while preserving
class semantics, thereby meeting the first criterion.

To address the second criterion, we propose a style-fused
sampling strategy to guide the diffusion process conditioned on
the style combination, i.e., multiple styles rather than a single
style. Specifically, for each class c, we randomly combine one or
more style features in the subset Sc, obtaining a power set-like
collection P∗(Sc) = P(Sc) \ {∅} with all 2|S

c| − 1 possible
style combinations. Repeatedly, we form a comprehensive set
D =

⋃C
c=1 P∗(Sc) across allC classes. The diffusion process is

modified to condition on specific style combinations Dj ⊆ Sc.
By applying this sampling strategy with various Dj , the model
generates new samples with diverse domain distributions, en-
abling the synthesis of novel domains and enhancing both intra-
and inter-domain diversity. This generation process requires
considering two hyperparameters κ and o. κ denotes the pro-
portion of synthetic to original training samples, effectively
controlling the expansion volume of the synthetic dataset. o
denotes the maximum number of style features that can be
integrated into each style combination Dj .

Despite the promise of DI2SDiff on two domain-padding
criteria, several crucial limitations are still exposed. (1) Using
the single-style representation as the sampling condition will
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inevitably lead to a lack of diversity in generated data, thereby
losing the ability to excavate complex guidance of time-series
activity data. (2) The strict constraint, i.e., intra-class style com-
bination, not only makes diffusion myopic and exacerbates the
style redundancy within each class, but also natively overlooks
a mass of potential valuable style variants, thereby limiting the
exploration of data diversity, especially for low-data classes.

VI. DI2SDIFF++ MODEL

To address these limitations, Section VI-A introduces a multi-
head activity style conditioner that decomposes each time-series
activity instance into multiple substyles, capturing richer se-
mantics and nuanced variations. In Section VI-B, these sub-
styles are then used to condition the generation process via
classifier-free guidance framework [57], meeting the first crite-
rion. Section VI-C presents a substyle-fused sampling strategy
that leverages the flexibility of the decomposed substyle space
for diverse generations, overcoming previous intra-class fusion
constraints and addressing both domain-padding criteria. The
complete workflow of DI2SDiff++ is outlined in Section VI-D.

A. Multi-Head Activity Style Conditioner

To unlock diversity beyond single-style representations (the
first limitation of DI2SDiff), we further decompose an activity
instance into multiple representations, termed “substyles,” to
form a multi-view semantic expression of the sample. To ensure
effectiveness and interpretability, we make these decoupled
substyles complementarily capture information according to two
different task spaces, i.e., the original activity class space Yact

with an attached transformation type space Y trs. Specifically,
the former constrains each substyle to extract information about
its relevant activity label, while the latter forces each substyle to
focus on the augmented perturbation brought by the transforma-
tion. To obtain a reasonable transformation space, we apply five
distinct time-series augmentations [25], [65], i.e., time-warping,
permutation, jitter-and-scale, permutation-and-jitter, and rota-
tion, on the original input data to introduce various real-world
shifts. Thus, these transformed data construct a new data space
X ′, which can be combined with the original data space to form
an enriched input data space as X in = X s ∪ X ′.

To further enhance the semantic diversity of features within
these two task spaces, we decompose each into task-specific and
task-agnostic components. This is supported by prior research
[66], which shows that such factorization improves represen-
tation expressiveness. Consequently, we obtain four orthogonal
semantic subspaces for substyle learning. To implement this, we
propose a multi-head style conditioner within a multi-task learn-
ing framework, ensuring that the four resulting substyles capture
explicit and complementary semantics. As illustrated in Fig. 2,
our multi-head style conditioner is a CNN–Transformer-based
module fstyle, which follows a standard time-series backbone
architecture [25]. Here, the CNN encoder is responsible for
extracting local features, while the Transformer encoder cap-
tures long-range dependencies to summarize global contextual
information. This enables the style conditioner to integrate both
low-level and high-level feature representations. Once fstyle

generates a comprehensive style representation Si for the in-
put Xi ∈ X in, we decouple Si into K(= 4) distinct substyle
components,{S(k)

i = f
(k)
h (Si) ∈ R

H}Kk=1, usingK specialized

projection heads. Then, to ensure that each projection head f
(k)
h

captures distinct semantics, we impose a specific multi-task
learning objective L(k)

mt on its corresponding mapped substyle
S
(k)
i . Specifically, the objective L(k)

mt incorporates three sepa-
rate loss functions, enabling comprehensive learning for each
head. Below, we provide a detailed breakdown of the three loss
components.

Primary task - activity recognition: The primary task aims
to identify the activity class for each instance. The activity
label space, denoted as Yact, assigns each instance a label yi ∈
{1, 2, . . . , C}. The activity recognition loss for each projection
head k is defined as:

L(k)
act = E(Xi∈X in,yi∈Yact)

[
�
(
fact(f

(k)
h (fstyle(Xi))), yi

)]
, (5)

where � denotes the cross-entropy loss function, and fact is a
fully-connected classifier to predict activity labels. This task
primarily functions to constrain the substyles within the scope of
activity semantics. Minimizing this loss enforces the alignment
of substyles with activity semantics, thus fulfilling the first
domain padding criterion, i.e., class-preserved generation.

Auxiliary task - transformation classification: To enrich fine-
grained and intricate patterns, we introduce an auxiliary task that
works in collaboration with the primary task. This auxiliary task
is to identify the specific transformation applied to each input.
The five transformations, along with the original format, form six
distinct classes in the label space Y trs. Each instance is labeled
as ytrs

i ∈ {1, 2, . . . , 6}, representing the transformation types.
The fully-connected classifier ftrs predicts the transformation
type for each input instance. The corresponding loss for each
projection head k is given by:

L(k)
trs = E(Xi∈X in,ytrs

i ∈Y trs)

[
�
(
ftrs(f

(k)
h (fstyle(Xi))), y

trs
i

)]
,

(6)
where � represents the cross-entropy loss function. The op-
timization of L(k)

trs , in collaboration with the primary task of
activity classification, enriches the style representation Si.

Additional task - projection rectification: To ensure that each
decoupled substyleS(k)

i is precisely mapped to its corresponding
orthogonal subspace k, thereby allowing different substyles to
remain independent and capture complementary semantics, we
introduce an additional rectification loss for each projection
head. The corresponding label space Ypro is defined as the
set of projection space indices, where each projection head k
is assigned a label ypro

i ∈ {1, 2, . . . ,K}, corresponding to the
index of its respective subspace. The projection rectification loss
for each head k is formulated as:

L(k)
pro = E(Xi∈X in,ypro

i ∈Ypro)

[
�
(
fpro(f

(k)
h (fstyle(Xi))), y

pro
i

)]
,

(7)
where fpro is a fully-connected classifier that maps each output to
its respective projection space index k, and � is the cross-entropy
loss function. This loss encourages each projection head to spe-
cialize in learning features aligned with its designated projection
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space, thus promoting the independence and diversity of the
extracted components.

Overall loss: The overall learning objective of our multi-head
style conditioner is formulated as:

Lmt =

K∑
k=1

L(k)
mt =

K∑
k=1

(
g
(k)
1 × L(k)

act + g
(k)
2 × L(k)

trs + L(k)
pro

)
,

(8)
where g(k)1 and g(k)2 dynamically adjust the relative contributions
of activity recognition and transformation classification losses,
which promise task-specific flexibility during training. By sys-
tematically exploring all combinations of −1 and +1 for these
coefficients1, each projection head is optimized under a distinct
multi-task objective. This design enables a more comprehensive
and diverse depiction ofXi through the outputs of the projection
heads, addressing the limitations of conventional single-style
representations.

B. Decomposed Activity Substyles for Guidance

We now elaborate on the concept of decomposed substyles
and their respective roles in generation guidance. In particu-
lar, the trained multi-head style conditioner decomposes each
input sample Xi ∈ X s into 4 substyles: (1) class-specific,
transformation-invariant features (S(1)

i ), which capture core
class traits while ignoring transformations; (2) class-specific,
transformation-aware features (S(2)

i ), which identify subtle
intra-class variations and complex patterns introduced by trans-
formations; (3) class-agnostic, transformation-aware features
(S(3)

i ), which generalize transformation patterns across classes,
aiding adaptation to distribution shifts; and (4) class-agnostic,
transformation-invariant features (S(4)

i ), which provide stable,
universal patterns across contexts. Consequently, each activ-
ity can be interpreted as “a [yi] activity performed in the
[{S(k)

i }Kk=1] style,” where yi denotes the class of the original
data.

This decomposition operation represents a significant step
toward satisfying the first criterion of domain padding, as it
preserves the class semantics through the class-specific substyles
S
(1)
i and S

(2)
i . The aggregation of these two substyle types

from ns training instances forms the sets S(1) = {S(1)
i }ns

i=1 and

S(2) = {S(2)
i }ns

i=1, which can be further partitioned intoC class-
specific subsets, corresponding to the C activity classes. Each
subset contains style vectors specific to a particular class, ex-
pressed as: S(1) = {S(1),1 ∪ S(1),2 ∪ · · · ∪ S(1),C}, S(2) =
{S(2),1 ∪ S(2),2 ∪ · · · ∪ S(2),C}. In contrast, S(3) and S(4) cap-
ture class-agnostic features, providing a wider range of style
variations not tied to specific activity classes. As such, these sets
remain unpartitioned: S(3) = {S(3)

i }ns

i=1, S(4) = {S(4)
i }ns

i=1.
To control the generation of time-series activity samples, we

leverage the style in S(k) where k ∈ {1, 2, 3, 4} to guide the
conditional sampling process pθ(x̃t−1|x̃t, s) as presented in (4).
To achieve this, we adopt classifier-free guidance [57], which has

1 (g
(k)
1 , g

(k)
2 ) = (+1,−1), (+1,+1), (−1,+1), (−1,−1) for k ∈

{1, 2, 3, 4}

proven effective for generating data with specific characteristics.
In this framework, the training process is adjusted to learn both a
conditional εθ(x̃t, t, s) and an unconditional εθ(x̃t, t, ∅), where
∅ represents the absence of the condition s. The loss function is
formulated as follows:

L(θ) :=
K=4∑
k=1

L(k)(θ),

L(k)(θ) := Ex0∼X s,ε∼N (0,I),t∼U,s∼S(k)

[‖ε− εθ(x̃t, t, s)‖2
]
.

(9)

Here, the condition s is a style feature in S(k) where k ∈
{1, 2, 3, 4}, derived from the pre-trained conditioner. This con-
dition is randomly dropped during training to facilitate effective
learning.

During the sampling phase, a sequence of samples x̃T , . . . , x̃0

is generated starting from x̃T ∼ N (0, I). For each timestep t,
the model refines the process of denoising x̃t−1 based on x̃t

through the following operation:

ε̂θ = εθ (x̃t, t, ∅) + ω (εθ (x̃t, t, s)− εθ (x̃t, t, ∅)) , (10)

where ω is a scalar hyperparameter controlling the alignment
between the guidance signal and the sample [57], the itera-
tive application of (10) enables the diffusion model to gener-
ate time-series activity data that precisely conform to specific
styles s ∈ S(k). This iterative refinement process empowers the
diffusion model to synthesize activity samples that faithfully
adhere to the prescribed substyles. By embedding class-specific
semantic conditions withinS(1) andS(2), the generation process
ensures the fulfillment of the first criterion of domain padding:
each generated sample is associated with a known class under the
guidance of a single condition. Meanwhile, the class-agnostic
substyles S(3) and S(4) introduce nuanced yet powerful vari-
ations, enriching the guidance and dramatically enhancing the
expressiveness and diversity of the generated data.

C. Beyond Class-Wise Activity Style Combination

So far, our approach has not fully met the second criterion of
domain padding. Samples conditioned on a single style s ∈ S(k)

(where k ∈ {1, 2, 3, 4}) exhibit limited variation within the
intra-domain space, resulting in a narrow semantic scope. To
address this limitation, we propose a substyle-fused sampling
strategy to enhance diversity further. This strategy allows the
diffusion process to generate data conditioned on any combina-
tion of substyles, rather than a single style. By blending diverse
intra- and inter-domain styles, this method fulfills the second
criterion of domain padding, enriching the generative process
and enabling greater variation.

Random Substyle Combination: The random substyle com-
bination method involves fusing four substyle features within
a unified class to define a new diffusion sampling condition.
By flexibly replacing substyle components, we move beyond
the traditional constraints of intra-class sampling: class-specific
substyles are selected from samples within the same class, while
class-agnostic substyles are drawn from across all classes. This
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Fig. 3. Illustration of the diffusion within DI2SDiff++. Suppose we have three original walking instances X1, X2, and X3, and a sitting instance X4. Here, X1

and X4 are from different domains, while X2 and X3 belong to the same domain. (a) The multi-head style conditioner processes these samples to extract four

substyle features, resulting in features such as {S(k)
1 }4k=1 for X1. The class-specific substyle features are grouped into S(1),c and S(2),c, while the class-agnostic

substyle features are stored in S(3) and S(4). (b) During training, the diffusion retrieves each data sample (e.g., X1) along with one substyle component (e.g.,

S
(1)
1 ) for the forward process. (c) To generate a walking instance X̃i, style components S

(1)
1 , S

(2)
2 , S

(3)
3 , S

(4)
4 are selected, originating from the samples X1,

X2, X3, and X4, respectively, to form a new substyle combination. (d) During sampling, the diffusion takes in noise and the substyle combination for the reverse
process. (e) The generated sample X̃i enriches the data space by combining four distinct substyles from different samples and domains.

thus expands the diversity exploration range, maximizing the
utilization of the entire sample space.

Specifically, for each instance Xi labeled as class c with an
original fused substyle combination {S(k)

i }K=4
k=1 , a new substyle

combination Cj is generated by randomly replacing one or
more of the original substyle components with new components
sampled from the corresponding substyle sets: S(1),c, S(2),c,
S(3), and S(4). Formally, the set of all possible new substyle
combinations Cj for a synthetic instance X̃j with class label c
is defined as:

Cj ∈

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
{
S
(1)
j , S

(2)
j , S

(3)
j , S

(4)
j

}
|
S
(1)
j ∈ S(1),c,

S
(2)
j ∈ S(2),c,

S
(3)
j ∈ S(3),

S
(4)
j ∈ S(4)

⎫⎪⎪⎪⎬
⎪⎪⎪⎭

. (11)

This process is applied iteratively across all instances, with
randomness in selecting substyles that may come from different
samples and domains for combination. This enables the fusion
of the four substyle features into novel, unseen forms within a
unified class. The resulting fused combinations define various
new diffusion sampling conditions, significantly expanding the
generative condition space X cond.

Substyle-Fused Sampling: To empower the diffusion model
to fuse substyles in Cj during the data generation, we perform
sampling from the composed data distribution q(x̃0|Cj) for any
given substyle combination Cj is achieved through the following
substyle-fused sampling strategy:

ε̂θ = εθ (x̃t, t, ∅) + ω
∑
s∈Cj

(εθ (x̃t, t, s)− εθ (x̃t, t, ∅)) . (12)

The derivation of (12) is detailed in the appendix, available
online. This equation extends the diffusion training process
from single-style to multi-style combinations during sampling.
For instance, as illustrated in Fig. 3(c), consider an original
substyle combination {S(1)

1 , S
(2)
1 , S

(3)
1 , S

(4)
1 } from X1 labeled

as class c. The first substyle componentS(1)
1 remains unchanged,

preserving core class-specific traits. The second class-specific
component is replaced with a sample from X2, which also
belongs to class c. Meanwhile, the third and fourth class-agnostic
components are substituted with samples from X3 and X4,
which may originate from any class. This replacement pro-
duces a new substyle combinationCj = {S(1)

1 , S
(2)
2 , S

(3)
3 , S

(4)
4 }.

Equation (12) ensures that generated samples labeled as c exhibit
unique characteristics derived from the fusion of the substyles in
Cj . This approach is crucial for achieving inter- and intra-domain
diversity in domain padding, as it allows the diffusion model
to flexibly incorporate instance-level substyles from either the
same or different domains. Consequently, the diffusion model
generates novel samples that exhibit a rich variety of previously
unseen domain distributions, thereby satisfying the second crite-
rion of domain padding: inter- and intra-domain diversity. More-
over, given the existence of sub-domains within each domain,
our diffusion model is capable of synthesizing novel domains,
even from sampling instances within the same domain (we verify
this later in the experiments).

D. Workflow of DI2SDiff++

Finally, we present the comprehensive workflow of our meth-
ods. Both DI2SDiff and DI2SDiff++ include two processes:
1) generating new synthetic data via a diffusion model guided
by substyles, and 2) training a HAR classifier using both the
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synthetic and original data. During inference, only the trained
HAR classifier is used.

1) Data Synthesis. Architectural Design: The diffsuion model
εθ : X̃ s × N×X cond → X̃ s is built upon a UNet architec-
ture [57] with repeated convolutional residual blocks. To ac-
commodate the characteristics of time series input, we adapt 2D
convolution to 1D temporal convolution. The model incorpo-
rates a timestep embedding module and a condition embedding
module, each of which is a multi-layer perceptron (MLP). The
condition embedding module is used to encode each activity
style s ∈ S , and in the unconditional case s = ∅, we zero out
the entries of s. These embeddings are then concatenated and
fed into each block of the UNet.

Training: As shown in Fig. 3(a) and (b), the multi-head
style conditioner in DI2SDiff++ extracts four distinct types of
substyle features from each training instance. Each data instance
Xi, paired with its substyle componentS(k)

i (k ∈ [1, . . . , 4]) and
a randomly sampled timestep t ∼ U , forms a tripartite input
(Xi, t, S

(k)
i ). This setup optimizes the model using a refined

loss function defined in (9).
Sampling: During sampling, DI2SDiff++ constructs substyle

combination sets C as described by (11). Each specific substyle
combination Cj guides the diffusion process, creating a new
sample that fuses diverse substyles, as depicted in Fig. 3(c).

Enhanced Domain Space Diversity: The iterative sampling
procedure generates a broad range of new, unseen samples to
form the synthetic dataset D̃s for expanding the data space, as
shown in Fig. 3(d). DI2SDiff++ employs two hyperparameters:
κ, which denotes the expansion proportion of synthetic samples,
and ζ ∈ [1, 4], which specifies the number of replaced substyle
components in new combinations. Notably, DI2SDiff++ elimi-
nates the need for an extensive search to determine the optimal
number of styles in a combination (i.e., the hyperparameter o
in DI2SDiff), simplifying the process of achieving effective
domain diversity. By using ζ to control the number of substyle
replacements per instance, DI2SDiff++ ensures enhanced diver-
sity in a fine-grained and controlled manner.

2) Training the HAR Classifier: Finally, we train a HAR clas-
sifier on the augmented dataset {D̃s ∪Ds} = {(Xi, yi)}ns+ñs

i=1

and optimize it using a standard cross-entropy loss function to
ensure accurate classification. The trained HAR model is then
used to perform inference on the target data. By enhancing the
expressiveness of the generated samples, DI2SDiff++ provides
more effective benefits for HAR models, for example, achieving
better generalization performance with fewer synthetic samples.
We also provide detailed pseudocode for DI2SDiff++ in the
appendix, available online.

VII. EXPERIMENTS

In this section, we conduct a comprehensive evaluation of
DI2SDiff and DI2SDiff++ across various cross-person activity
recognition tasks to demonstrate the following: (1) their ca-
pability to achieve domain padding, significantly diversifying
the domain space; (2) their overall performance in domain
generalization; (3) detailed ablation and sensitivity analyses; (4)
a case study involving class-wise performance and efficiency
analysis; (5) the computational complexity of our models; (6) a

comparison of training time; (7) the feasibility of deployment on
mobile devices; and (8) their extensibility in enhancing existing
DG baselines and maintaining robustness across varying model
backbones.

A. Experimental Setup

Datasets and domain split: We evaluate our method on three
widely used wearable sensor-based HAR datasets: the UCI
Daily and Sports Activities (DSADS) dataset [67], the PAMAP2
dataset [68], and the USC-HAD dataset [69]. We follow the
same settings in [14] that provided a generalizable cross-person
scenario. Specifically, the subjects are organized into separate
groups for leave-one-out validation. We assign the data of one
group as the target domain and utilize the remaining subjects’
data as the source domain. Each subject is treated as an inde-
pendent task.

Baselines: We compare our DI2SDiff [26] and DI2SDiff++
with a wide range of closely related, strong baselines adapted
to sensor-based activity recognition tasks. We begin by in-
cluding Mixup [70], RSC [71], SimCLR [72], Fish [73],
and DDLearn [14], all of which have demonstrated strong
performance in recent studies [14]. We further incorporate three
more recently proposed cross-domain activity recognition ap-
proaches: CrossHAR [53], ContrastSense [55], and Mob-
HAR [54]. We also include TS-TCC [25] for its remarkable
generalization performance in self-supervised learning. Addi-
tionally, we incorporate DANN [74] and mDSDI [20], which
are designed to address domain-invariant and domain-specific
feature learning, respectively. In our analysis, the standard data
augmentation (DA) techniques [65] are identical to those em-
ployed in [14], such as scaling and jittering.

Architecture: For fairness, we adopt the same HAR classi-
fier (except CrossHAR, MobHAR and TS-TCC) as described
in [14], which consists of 2 convolutional blocks for DSADS
and PAMAP2, and 3 convolutional blocks for USC-HAD. Each
block includes a convolution layer, a pooling layer, and a batch
normalization layer.

Implementation: For the diffusion model setting, both meth-
ods use the default diffusion configuration [24]: the forward
process variances are set to constants increasing linearly from
β1 = 10−4 to βT = 0.02, with the number of diffusion steps
T = 100 to ensure a fair comparison. In the generation setting,
DI2SDiff adjusts the synthetic-to-original sample ratio κ be-
tween 1 and 5 to ensure effective performance. The parameter
o, which defines the maximum number of style features used
per combination, is set between 5 and 10. DI2SDiff++ sets
κ = 1 and the number of replaced substyle components in each
new combination to ζ = 2 by default. In each experiment, we
report the average performance and standard deviation over
three random seeds. Additional experimental details, including
information about datasets, architecture, and training settings,
are provided in the appendix, available online.

B. Domain Padding and Diversity Evaluation

In this part, we demonstrate whether our DI2SDiff and
DI2SDiff++ can effectively diversify the domain space and
generate diverse samples that meet domain padding criteria. To
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Fig. 4. T-SNE visualization of DSADS, PAMAP2, USC-HAD datasets. The
original and synthetic data are represented by shapes dots and crosses, and each
class is denoted by a color. Best viewed in color and zoom in.

this end, we adopt T-SNE [75] to visualize the latent feature
space in terms of class and domain dimensions.

(1) Class-Preserved Generation: First, we evaluate the class
consistency of synthetic data, i.e., the first criterion of domain
padding. We employ a class feature extractor, trained with
class labels, to map both original and synthetic data into a
class-specific space. The results of single-style guidance (|Dj | =
1), multiple-style guidance (|Dj | > 1) and multiple-substyle
guideance ((|Cj | = 4) are shown in Fig. 4.

It can be observed that all synthetic samples (crosses) are
closely clustered around their corresponding original instances
and classes (dots). This clustering indicates that our method ef-
fectively maintains class information, avoiding the introduction
of class noise; importantly, this holds true under single-style,
multiple-style, and multiple-substyle guidance. Moreover, the
use of multiple-substyle guidances appears to enhance class dis-
criminability more than both single- and multiple-style guidance
in Fig. 4. This improvement is likely due to the introduction
of explicit class-specific guidance signals, which provide more
robust and precise class semantics, leading to better class align-
ment in the generated samples.

(2) Intra- and Inter-Domain Diversity: We evaluate the intra-
and inter-domain diversity of the synthetic data, i.e., the second
criterion of domain padding. We train the domain feature extrac-
tor on source domains with domain labels. We then map source
and target data into a domain-specific latent space and compare
the synthetic data from the standard DA method, single-style
guidance (|Dj | = 1), multiple-style guidance (|Dj | > 1) and
multiple-substyle guidance ((|Cj | = 4). The results are shown
in Fig. 5.

The findings reveal that the standard DA method generates
tightly clustered samples (crosses) around the original data
(dots), falling short of diversifying the domain space, particu-
larly the inter-domain space. Our single-style guidance method

Fig. 5. T-SNE visualization of DSADS, PAMAP2, and USC-HAR datasets.
Each domain category is represented by a color, and the target domain is
represented by a red dot. The original and synthetic data are represented by
shapes dots and crosses, respectively. Best viewed in color and zoom in.

offers a partial solution and generates sparse data between
different domains thanks to the diffusion’s probabilistic na-
ture. However, relying on a single-style guidance approach has
limitations for domain padding. The introduction of our style
combinations and substyle combination makes a substantial im-
provement: the multiple-condition guidance excels in “padding”
the distributional gaps both within and across source domains, as
shown in Fig. 5. By capitalizing on the distinct characteristics of
individual styles within the original data, the synthetic samples
(crosses) more closely align with the target domain data (red
dots) while exhibiting reduced dependence on the specific traits
of the source domains. This underscores the ability of multi-style
and multi-substyle fusion, supported by our sampling strategy,
to generate a broader and more diverse range of styles, which is
essential for achieving robust domain generalization in HAR.

We also observe in Fig. 5(c) that the USC-HAD dataset
presents an additional challenge of intra-domain gaps due to
its fragmented and sparsely distributed source domains with
distinct sub-domains. These gaps contribute to an increased
distribution shift, posing difficulties for existing DG methods to
perform effectively (We show their results in Table I later). By
random instance-level style/substyle fusion, our DI2SDiff and
DI2SDiff++ effectively address this sub-domain challenge, en-
abling the synthesis of new data distribution within sub-domains.
As a result, our methods can yield exceptional performance on
complex tasks like USC-HAD.

More importantly, the multi-substyle guidance within
DI2SDiff++ proves highly effective in simulating complex
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TABLE I
CLASSIFICATION ACCURACY (%) (± STANDARD DEVIATION) ON THREE PUBLIC DATASETS, WHERE EACH TASK ONLY COMPRISES 20% OF TRAINING DATA

Fig. 6. F1 score (%) comparison of four competitive methods (CrossHAR, DDLearn, DI2SDiff, and DI2SDiff++) on three datasets. Subfigures (a– c) show the
results with 20% training data across different target domains; subfigures (d– f) show performance under varying training data percentages.

target data distributions and addressing substantial distributional
shifts. For example, in the USC-HAD dataset, the target data
shows minimal overlap with the source domain, representing an
extreme case of distributional divergence. As shown in Fig. 5(c),
our multi-substyle fusion aligns well with the true target distri-
bution, enabling the synthesized samples to effectively cover the
target domains. This validates the ability of DI2SDiff++ to un-
lock meaningful distributional diversity, significantly improving
the model’s generalization across complex domains, as Table I
shows.

C. Generalization Performance

Now we conduct a series of experiments to evaluate the gen-
eralization performance of DI2SDiff and DI2SDiff++ against
other strong DG baselines.

Overall performance: Table I presents a comparative analysis
of the classification accuracies achieved by all DG methods
across three datasets, each task of which comprises 20% of the
training data. As we can see, representation learning baselines
that focus solely on learning domain-invariant features, such as
DANN [74], exhibit suboptimal performance due to the limited
diversity of the training data in HAR. The method mDSDI [20],
on the other hand, achieves improved performance by addi-
tionally learning domain-specific features. However, it does not
match the performance of ContrastSense [55] and DDLearn [14],

which utilize data augmentation, underscoring the importance
of training data diversity in enhancing generalization in HAR.
Furthermore, CrossHAR [53] and MobHAR [54] introduce ex-
ternal fine-tuning procedures, which contribute to performance
gains. In contrast, DI2SDiff and DI2SDiff++ consistently out-
perform all baselines by directly synthesizing diverse intra-
and inter-domain activity data, achieving superior generalization
without requiring any additional adaptation. Fig. 6(a–c) further
illustrates the F1-scores of representative DG methods across the
three datasets. Consistent with the accuracy results in Table I,
DI2SDiff and DI2SDiff++ achieve the highest F1-scores across
all tasks, affirming their capacity to generate meaningful activity
data that encapsulates domain variability.

In addition, we observe that all baselines, including DDLearn,
demonstrate poor performance on the USC-HAD dataset. As
illustrated in Fig. 5(c), the observed decline is attributed to the
presence of sub-domains within the source domain, posing a sig-
nificant challenge for DG. DI2SDiff and DI2SDiff++ effectively
address this issue by leveraging instance-level style fusion to
synthesize new data distributions that bridge these sub-domains.
Consequently, DI2SDiff and DI2SDiff++ achieve remarkable
performance, surpassing the third-best method (DDLearn) by
significant margins of 6.64% and 8.84%, respectively, on the
USC-HAD dataset. The superior performance of DI2SDiff++
over DI2SDiff is particularly evident in its ability to tackle the
pronounced distributional shifts between the source and target
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TABLE II
CLASSIFICATION ACCURACY (%) ON THREE PUBLIC DATASETS WITH VARYING

PERCENTAGES (%) OF USED TRAINING DATA

domains, as illustrated in Fig. 5(c). By integrating multi-view,
fine-grained guidance (such as transformation-aware substyles)
into the synthetic data generation process, DI2SDiff++ achieves
a marked enhancement in distributional diversity. This method-
ology allows the model to encapsulate and represent the intricate
nuances of the target domain more effectively. As a result,
DI2SDiff++ further advances the robust second-best method
(DI2SDiff), delivering even greater improvements across all
cross-person tasks, particularly on the USC-HAD dataset.

Data proportion analysis: In Table II and Fig. 6(d–f), we
evaluate the average accuracy and F1-score of DI2SDiff and
DI2SDiff++ across varying proportions of training data, rang-
ing from 20% to 100%. The results consistently demonstrate
the superiority of our DI2SDiff and DI2SDiff++ over baseline
approaches, regardless of the amount of available data. This
underscores the efficiency of our approach in generating infor-
mative synthetic samples and effectively leveraging them for
learning. Meanwhile, ignoring fine-grained style decomposition
and broad interactions across styles limits the fidelity and diver-
sity of the generated data, constraining DI2SDiff’s performance.
By addressing these limitations, DI2SDiff++ achieves enhanced
performance across all cross-person activity recognition tasks.
Interestingly, as the size of the training sample increases, the
advantage of DI2SDiff++ becomes even more pronounced. For
example, on the USC-HAD dataset, increasing the training data
from 20% to 100% leads to an increase in accuracy improvement
from 8.84% to 10.44%, and in F1-score improvement from
5.62% to 6.22%, compared to the third-best baseline (DDLearn).
This is attributable to the larger number of possible substyle
combinations generated when more training data are available.
Thus, enlarging the training dataset not only enhances the diver-
sity of synthesized data but also significantly boosts the model’s
generalization ability, resulting in more robust performance
across a wide range of training volumes.

D. Ablation and Sensitivity Analysis

In this section, we perform an ablation study that focuses
on the main step of DI2SDiff and DI2SDiff++, i.e., generating
diverse time-series activity data via diffusion for data augmenta-
tion. We keep the number of synthetic samples and the training
strategy of HAR models the same for all variants. Additionally,
we perform a sensitivity analysis to examine the impact of crit-
ical hyperparameters in both DI2SDiff and DI2SDiff++. First,
for DI2SDiff, the focus is on two hyperparameters: o, which

TABLE III
THE RESULTS OF THE ABLATION STUDY ON THREE DATASETS AND EACH TASK

IS AVERAGED FOR AN OVERALL ASSESSMENT

defines the maximum number of style features in each style
combination, and κ, which regulates the volume of synthetic
data. Second, for DI2SDiff++, we analyze the impact of ζ,
which specifies the number of replaced substyle features in new
combinations, and κ, which similarly controls the volume of
synthetic data.

Ablation on diffusion model: Our findings, as outlined in
Table III, underscore the limitations of standard data augmen-
tation (DA) (Line 1) and class label guidance (Line 2). The
latter, which directly uses class labels as diffusion conditions
without leveraging style features, fails to capture instance-
specific nuances, resulting in underwhelming performance. This
highlights the inadequacy of class labels alone in generating
high-quality, diverse data, as they lack the granularity required
for robust generalization. In contrast, conditioning the diffusion
model on single-style features (Line 3) or substyle features
without replaceme nt (Line 4) yields noticeable performance
improvements, demonstrating that instance-level representation
features are pivotal for enhancing the fidelity and utility of
synthesized data. This reinforces the importance of utilizing
more granular style representations over static class labels. The
introduction of random style and substyle combinations further
elevates performance, as evidenced by the results for style-fused
sampling in DI2SDiff (Line 5) and substyle-fused sampling in
DI2SDiff++ (Line 6). These strategies enable the generation
of diverse and novel feature combinations, with substyle-fused
sampling consistently outperforming its style-fused counterpart.
This finding underscores the critical advantage of incorporating
finer-grained, multi-view representations to achieve superior
generalization.

To further investigate the role of substyles, we examined
the impact of removing various substyle components from
DI2SDiff++ (Lines 7–11). The results reveal that excluding any
substyle leads to a significant decline in performance, under-
scoring the integral role of each substyle in facilitating robust
generalization. Notably, class-specific substyles (S(1) and S(2))
are particularly influential, as they encode the semantic essence
of each activity class, ensuring clear differentiation between
classes. Moreover, transformation-aware substyles (e.g., S(3))
exhibit a pronounced influence, especially on datasets like USC-
HAD, which are marked by significant distributional shifts.
These substyles introduce nuanced, transformation-sensitive
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Fig. 7. The confusion matrices for the first task of the PAMAP2 dataset with 20% training data. Labels 0–7 denote the activities: lying, sitting, standing, walking,
ascending stairs, descending stairs, vacuum cleaning, and ironing.

Fig. 8. Hyperparameter sensitivity analysis for DI2SDiff (solid line) and DI2SDiff++ (dashed line): (a) ζ (b) o (c) κ.

variations that adeptly capture and adapt to intricate distri-
butional changes, enabling the model to reconstruct complex
patterns within the target domain. This capability highlights the
nuanced strength of DI2SDiff++ in addressing the multifaceted
challenges of cross-domain data synthesis.

Ablation on multi-head style conditioner: Table III (Lines
12–14) presents the ablation results of DI2SDiff++ under differ-
ent encoder configurations. Specifically, we evaluate the perfor-
mance impact of removing either the CNN or Transformer com-
ponent from the multi-head style conditioner. When the CNN
component is removed (Line 12), we observe a consistent and
significant performance drop across all datasets. This demon-
strates that local feature extraction is critical, as its absence
impairs the model’s ability to capture fine-grained style features
necessary for distinguishing subtle intra-class variations. Simi-
larly, removing the Transformer component (Line 13) results in
a noticeable performance degradation. This suggests that, while
CNNs effectively capture rich local patterns, the Transformer
complements them by modeling long-range dependencies and
infusing global semantic context into the features, resulting
in more meaningful substyles. When both components are
jointly leveraged (Line 14), the model achieves the best average
performance across all tasks, highlighting the complementary
strengths of the CNN and Transformer in capturing both local
and global style semantics. Overall, these results validate the
effectiveness of our hybrid encoder design.

Hyperparameter Sensitivity Analysis: We evaluate the sen-
sitivity of hyperparameters by varying one parameter while
keeping others constant. The results, as shown in Fig. 8, offer
critical insights into the performance and efficiency of DI2SDiff
and DI2SDiff++ under different configurations. Specifically,

Fig. 8(a) highlights the impact of the number of replaced style
components (ζ) in DI2SDiff++. Increasing ζ tends to improve
generalization by introducing a broader range of style combi-
nations. ζ = 2 achieves a reasonable balance, yielding gener-
ally stable and robust results. Fig. 8(b) focuses on DI2SDiff,
demonstrating that the optimal number of style combinations
(o) varies by dataset complexity. For simpler distributions like
DSADS, o = 5 proves sufficient. However, for the more com-
plex USC-HAD dataset,o = 10 is necessary to achieve the diver-
sity required for robust generalization. By contrast, DI2SDiff++
circumvents the need for o altogether, leveraging its multi-head
style conditioner to extract four random substyle conditions for
each instance. This mechanism inherently captures diverse and
independent aspects of activity instances, eliminating reliance
on extensive hyperparameter tuning while enhancing efficiency
and accuracy.

Additionally, Fig. 8(c) reveals that increasing the volume of
generated data (κ) consistently improves generalization per-
formance. For practical efficiency, we adopt κ = 1 or 2 for
DI2SDiff and κ = 1 for DI2SDiff++ in Tables I and II. The re-
sults clearly demonstrate that DI2SDiff++ outperforms all base-
lines across tasks, achieving superior performance with minimal
computational overhead. In contrast, DI2SDiff requires generat-
ing a larger volume of data (κ ≥ 2) to attain comparable results,
particularly for challenging datasets like USC-HAD, which
increases generation costs significantly. These findings under-
score the enhanced efficiency and effectiveness of DI2SDiff++.
By reducing reliance on hyperparameter searches and stream-
lining data generation processes, DI2SDiff++ achieves su-
perior generalization capabilities with lower computational
demands.

Authorized licensed use limited to: The Hong Kong University of Science and Technology (Guangzhou). Downloaded on November 16,2025 at 03:33:32 UTC from IEEE Xplore.  Restrictions apply. 



ZHANG et al.: DI2SDIFF++: ACTIVITY STYLE DECOMPOSITION AND DIFFUSION-BASED FUSION 10773

Fig. 9. Trend of test accuracy in comparison as the number of epochs increases
on the first tasks of the PAMAP2 dataset with 20% training data.

E. Case Study of Class-Wise and Efficiency Analysis

To evaluate classification performance, we conducted a de-
tailed case study using confusion matrices and efficiency met-
rics. The confusion matrices in Fig. 7 reveal that Mixup struggles
to achieve satisfactory results, likely due to its tendency to
distort semantic integrity during data augmentation. In contrast,
DDLearn achieves moderate improvements by leveraging class-
maintained standard data augmentation, which better preserves
activity-specific semantics. Both DI2SDiff and DI2SDiff++
significantly enhance the performance of poorly classified ac-
tivities by introducing greater intra-class diversity. Notably,
DI2SDiff++ demonstrates an improvement over DI2SDiff, par-
ticularly in reducing misclassifications for dynamic and chal-
lenging activities such as “ascending stairs” and “descending
stairs.” This advancement can be attributed to the multi-view
substyles employed in DI2SDiff++, which diversify fine-grained
patterns, capturing subtle variations essential for robust class
differentiation.

The test accuracy trends depicted in Fig. 9 further underscore
the superiority of our approach. Both DI2SDiff and DI2SDiff++
exhibit faster convergence and achieve significantly higher
accuracy compared to DDLearn, highlighting the efficiency
of diffusion-based data generation in enhancing the learning
process of HAR classifiers. Among all methods, DI2SDiff++
emerges as the most effective, consistently delivering the best
overall performance.

F. Complexity Analysis

We evaluate the training and inference complexity of our
method and the baselines following the protocol in [9]. We report
GPU memory usage for computation, storage overhead, total
training time, inference time, and accuracy. All experiments are
conducted on an NVIDIA RTX A5000 GPU using Task 3 of
the USC-HAD dataset (a challenging DG task), where the batch
size is set to 1.

The results are summarized in Table IV. As shown, DI2SDiff-
based models incur higher training overhead in terms of GPU
memory (152.3 MB), storage (148.0 MB), and total training time
(17.9 minutes) due to the additional multi-head style conditioner
and the diffusion process. However, this cost is amortized,
as training is performed only once, allowing the model to
generalize effectively across unseen domains without the need
for retraining. The additional 5% GPU memory overhead and
0.2% storage overhead introduced by the multi-head conditioner,

TABLE IV
EFFICIENCY ANALYSIS

compared to DI2SDiff, can be further optimized by switching
from parallel to sequential GPU execution. Notably, the default
configuration of DI2SDiff++ (κ = 1) outperforms DI2SDiff
while reducing training time by approximately 45%, owing to
shorter generation time.

After training, only the HAR classifier (a 3-layer CNN)
trained on the original data and generated data, is used for pre-
diction. As the backbone is shared among DDLearn, DI2SDiff,
and DI2SDiff++, the resulting GPU memory usage, deployment
size, and inference time remain identical, thereby incurring
no additional overhead. The results further demonstrate that
DI2SDiff++ consistently achieves the lowest inference memory
usage (2.9 MB), a minimal deployment size (0.1 MB), and the
shortest inference time (0.7 ms), while surpassing all baseline
methods in accuracy. These findings underscore the strong suit-
ability of DI2SDiff++ for real-world edge deployments, offering
an excellent balance between performance and efficiency.

To further validate our method’s efficiency, we conduct ex-
periments with varying values of κ. DI2SDiff++ offers flexible
control over the trade-off between training cost and performance
through the data expansion ratio κ: increasing κ leads to longer
training times but consistently yields better accuracy, enabling
fine-grained adaptability based on task requirements. In contrast,
augmentation-based approaches such as DDLearn struggle to
provide significant performance gains via traditional augmenta-
tion techniques, which often produce redundant samples. This
highlights their reliance on manually collected data, which
is typically both time-consuming and costly. Overall, despite
requiring only modest GPU resources and storage overhead
during training, our approach achieves substantial improvements
in both accuracy and efficiency, without introducing additional
inference cost.

G. Training Time Comparison

To support the efficiency of our DI2SDiff++ compared to
DI2SDiff, we further report the average training time on each
dataset task. The results are summarized in Table V. The results
show that DI2SDiff++ consistently requires less training time
across all tasks. In particular, when the training data is limited
to only 20%, DI2SDiff++ achieves better performance with just
a single data expansion (as shown in Tables I and II), whereas
DI2SDiff tends to rely on larger expansion ratios to enhance
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Fig. 10. Enhanced performance of (a) DANN [74], (b) mDSDI [20] and (c) DDLearn [14] with DI2SDiff’s data generation (+) and DI2SDiff++’s data generation
(++) on 20% and 100% training data in three datasets.

Fig. 11. Results with different backbones on the three datasets.

Fig. 12. Performance overhead analysis of DI2SDiff++ on edge devices in
terms of CPU usage (%) and memory usage (%) across both smartphone and
laptop platforms.

TABLE V
TRAINING TIME COMPARISON (MINUTES) ON RTX A5000 UNDER 20% AND

100% DATA AVAILABILITY FOR THREE DATASETS

diversity, resulting in significantly longer training times. Thus,
DI2SDiff++ achieves up to 37% faster training while maintain-
ing higher accuracy, demonstrating both its effectiveness and
efficiency.

H. Deployment on Mobile Devices

We present a practical case study demonstrating the de-
ployment and evaluation of our HAR model, DI2SDiff++, on

real-world edge devices. The model was tested on two plat-
forms: a HUAWEI Mate 70 smartphone running HarmonyOS
4.3 with 12 GB of RAM and a Kirin 9010 processor, and a
laptop equipped with an Intel(R) Core(TM) i7-10750H CPU
@ 2.60 GHz. We first trained a 3-layer CNN classifier using
the DSADS dataset along with synthetic data generated by
DI2SDiff++. Following the deployment setting described in
[55], the resulting classifier is saved as a ‘.pt‘ file for real-time
activity recognition. This final model file loaded into the appli-
cation is lightweight, occupying only 0.1MB.

To evaluate real-world performance, we conducted a case
study involving three volunteers aged 25, 27, and 29. Each
participant performed four activities: sitting, walking, walking
in a parking lot, and sitting. Data was collected for 2 minutes per
activity. The model provided predictions every 5 seconds. The
activity recognition accuracies for the three participants were
72.5%, 74.4%, and 65.8%, respectively. We observed that walk-
ing in a parking lot was particularly challenging to distinguish
for the oldest participant (age 29), which contributed to the lower
performance. Moreover, the fluctuations in model performance
may be attributed to real-world uncertainties, such as sudden
car movements or environmental changes like shifting weather
conditions. These findings highlight the inherent nature of real-
world time-series data: non-stationary and subject to evolving
distributional shifts driven by subtle and often unpredictable
external factors. These results underscore the importance of do-
main generalization research and highlight future opportunities
for advancement within the HAR community.

Regarding latency, the average inference time per sample on
the smartphone was 2.7 ms, with a minimum of 0.5 ms and a
maximum of 9.8 ms. We also evaluated the model’s inference
efficiency on a more advanced edge device,i.e., the laptop, using
a batch size of 1. On the laptop, the average inference time per
sample was 0.5 ms, with the minimum and maximum being
0.1 ms and 2 ms, respectively. Moreover, we conducted a detailed
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analysis of CPU usage (%) and memory usage (%), as illustrated
in Fig. 12. The on-device inference overhead of our DI2SDiff++
model remains below 10% CPU and 1% memory usage, which
falls well within the acceptable range for modern mobile and
laptop devices [54]. Overall, the overhead is acceptable when
considering the performance gains achieved by DI2SDiff++.

I. Extensibility and Varying Backbones

We demonstrate the extensibility of DI2SDiff and
DI2SDiff++ in boosting the performance of existing DG
baselines. The results are shown in Fig. 10. By incorporating
our synthetic data into the training datasets of baselines, we
consistently observe performance improvements across the
board, including DANN [74], mDSDI [20],2 and DDLearn
[14].3 This demonstrates the versatility of integrating our
method to provide additional gains, making it a practical
solution for immediate application. The diverse synthetic data
of DI2SDiff and DI2SDiff++ is thus ready for use, offering
a straightforward way to bolster various baselines without
necessitating further data generation.

Fig. 11 presents the performance results of DDLearn,
DI2SDiff, and DI2SDiff++ across three different backbone ar-
chitectures (MLP, CNN, and ResNet) on the three datasets. The
results confirm that DI2SDiff++ not only generalizes well across
different datasets but also effectively boosts the performance of
diverse backbone architectures, including lightweight models
like MLP. This versatility underscores its potential for deploy-
ment in real-world HAR applications with varying computa-
tional and architectural constraints.

VIII. CONCLUSION

In this paper, we tackle the key issue of DG in cross-person ac-
tivity recognition, i.e., the limited diversity in the source domain.
We introduce a novel concept called “domain padding” and
propose DI2SDiff and DI2SDiff++ to realize this concept. Our
approach generates highly diverse intra- and inter-domain data
distributions by utilizing random style fusion. Through exten-
sive experimental analyses, we demonstrate that our generated
samples effectively pad domain gaps. By leveraging these new
samples, our DI2SDiff and DI2SDiff++ outperform advanced
DG methods in various HAR tasks. A notable advantage of our
work is its efficient generation of diverse data from a limited
number of labeled samples. This potential enables DI2SDiff
and DI2SDiff++ to provide data-driven solutions to various
models, thereby reducing the dependence on costly human data
collection.
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