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SSDL: Sensor-to-Skeleton Diffusion Model with Lipschitz
Regularization for Human Activity Recognition

Anonymous Author(s)

ABSTRACT
Human Action Recognition (HAR) involves analyzing human be-
havior using non-visual (e.g., sensor data) and visual data (e.g.,
skeleton data) and has achieved remarkable success recently. The
HAR performance of existing sensor-based methods still suffers
from the inherent characteristics of sensor data in terms of the lack
of body pose-related 3D information, high volatility, and suscep-
tibility to noise interference. Meanwhile, although the skeleton-
based methods have achieved compelling success, benefiting from
the rich, reliable spatial and temporal information of specific joint
movements collected from the camera, their real-world outdoor
application is unfeasible and largely limited by the strict data acqui-
sition facilities, and the problem of occlusion. Therefore, to solve
these challenges, we resort to the cross-modal generation strategy
and aim to generate hard-to-collect but information-rich skeleton
data conditioned on easy-to-monitor sensor data. In our work, we
propose a novel Sensor-to-Skeleton Diffusion Model with Lipschitz
Regularization, named SSDL. Specifically, we first design an Angu-
lar Variation module and extract angular variation information of
joint movements with time information. Subsequently, consistent
noise is added to the skeleton key points as well as the angular
variation in the forward diffusion process. Moreover, to eliminate
the challenge of noisy sensor data and enhance the stability of the
training process, we integrate Lipschitz regularization with the
regular training loss of the diffusion model to avoid overfitting.
We verify the generalizability and effectiveness of our methods on
two benchmark multimodal human action datasets: UTD-MHAD,
Berkeley-MHAD, and SmartFall-MHAD dataset. Extensive results
demonstrate the superiority of leveraging generated skeleton infor-
mation conditioned on the sensor data for accurate human activity
recognition with limited computational demands.

CCS CONCEPTS
• Computing methodologies→ Activity recognition and un-
derstanding.

KEYWORDS
Human Activity Recognition, Diffusion Models, Angular Variations,
Lipschitz Continuity
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Figure 1: Comparison of various human activity recogni-
tion (HAR) systems. Form top to bottom are systems that
(1) Wearable sensor-based devices are used for accelerome-
ter/gyroscopic readings to be fed for identifying the patterns
in the velocity regarding each activity, (2) the skeleton body
pose of an individual is collected using Kinetic depth cam-
era, and (3) Our proposed diffusion method where sensor
data collected from wearable devices are used to generate the
skeleton body pose with help of a Skeleton Diffusion Model.
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1 INTRODUCTION
Recently, Human Action Recognition (HAR) task has gained in-
creasing attention due to its vast potential in different domains like
human-robot interaction, healthcare, and sports [3, 46]. According
to the type of data input as shown in figure 1, HAR systems can be
roughly classified into two lines: non-visual modality-based sys-
tem [38] and visual modality-based one [34]. Specifically, non-visual
modalities encompass sensor data such as accelerometer reading
from wearable devices [42, 51], gyroscopes [72], and Wi-Fi sig-
nals [25]. Benefiting from its small footprint and widespread avail-
ability on numerous inexpensive sensors, accelerometer data col-
lected fromwearable sensor devices have propelled notable progress
in the development of efficient, low-power, and cost-effective hu-
man activity recognition systems [5, 64], where potential threats
and abnormal activities can be monitored in real-time and preven-
tive measures can be taken in advance to ensure the safety and
well-being of individuals. Accordingly, it gives rise to the emerging
exploration of deep learning techniques to handle such time-series
data, including Convolution Neural Networks (CNNs) [42, 43, 51],
Recurrent Neural Networks (RNNs) [61], Long Short-Term Memory
(LSTM) [13, 17, 47, 66], and Ensemble methods [35]. For instance,
Mutegeki et al. [35] designed a new framework where sequential
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CNN and LSTM are combined to effectively capture the spatial
and temporal features. Besides, some researchers also employed an
ensemble approach. For example, Guan et al. [21] developed a mod-
ified training procedure for LSTM networks, where sets of diverse
LSTM learners are combined into classifier collectives through a
weighted ensemble approach and outputs of multiple models are
combined to enhance overall prediction accuracy. However, de-
spite the accessibility and real-time monitoring, existing non-visual
modality based systems suffer from the lack of body pose-related 3D
information, high volatility and susceptibility to noise interference
of sensor data, resulting in unsatisfactory performance.

In contrast, vision-based HAR systems have made significant
achievements due to their remarkable advantages of rich contextual
information, such as body poses and joint movements captured
from camera devices. Notably, skeleton modality can eliminate
the privacy concerns that occurred in the pure video-based meth-
ods [39] and encode the trajectories of human body joints. In a
sense, the temporal dynamics of body parts and spatial relation-
ships among joints can be captured with the help of a Kinetic
camera [70] and the geometric 3D body movement patterns can
be characterized in a continuous way. Meanwhile, the skeleton
modality is not susceptible to background variations, which at-
tracts substantial research attention to design robust systems. For
example, some methods [22, 55] utilized variations of LSTMmodels
to extract temporal information from skeleton key points. Further-
more, some researchers target at extracting both relevant spatial
and temporal features with the help of transformer-based archi-
tecture [9, 28, 32, 37, 53, 59, 60, 68, 69] and Graphical Convolution
Networks (GCNs). Specifically, Shi et al. [50] and Cai et al. [7]
designed a two-stream graph convolution network to resolve the
sparsity problem in conventional GCN-based HAR systems, and Bai
et al. [4] proposed a center-connected skeleton topology to enhance
the learning capability of the GCN on the potential cooperative
dependencies of all joints.

Although existing sensor-based and skeleton-based efforts have
achieved compelling success, their performance is still limited by
the inherent characteristics of both the sensor and skeleton data.
On the one hand, despite the sensor data being easily accessible
using wearable devices, they only provide limited information and
always lack intrusive detailed spatial information for recognizing
complex real-world activities. Therefore, the activity recognition
performance can be decreased, and overfitting is likely to occur
during the training process. On the other hand, the acquisition of
skeleton data is strict and unfeasible in outdoor setups due to the
need for controlled lighting conditions and occlusion. It’s not prac-
tical for real-time or on-the-go Human Activity Recognition (HAR)
monitoring applications. Meanwhile, multiple frames need to be
processed to gain comprehensive spatial and temporal insights from
skeleton data, leading to increasing computational requirements
and potential latency.

How to leverage the advantages of both sensor data and skeleton
data to solve the wearable HAR problem? Our idea is to leverage the
powerful cross-modal generation capabilities of generative models,
where skeleton data containing rich spatial and human joint infor-
mation can be generated under the condition of easily accessible
sensor data. Hence, the need for detailed spatial joint movement

information can be solved without complex hardware setups. Mean-
while, the diffusion model, which was initially introduced by Ho et
al.[24], have succeeded in cross-modal tasks such as text-to-image
and text-to-video generation[6, 20, 33, 44, 48, 58] thanks to the
impressive synthesis capabilities. It involves the addition and re-
moval of Gaussian noise to reconstruct the data. In fact, they have
proven effective in generating diverse human actions based on text
prompts [45, 57]. Above all, in our work, we propose a novel Sensor-
to-Skeleton Diffusion Model with Lipschitz Regularization, named
SSDL. Specifically, in the forward diffusion process, we first extract
the angular information of joint movements with time information
from the Angular Variation module, and then consistent noise is
added to the skeleton key points as well as the angular variation
step by step. Hence, our skeleton diffusion model can focus on
learning joint-specific movements rather than other less relevant
key points Additionally, to tackle potential noise collected from
wearable devices, we introduce Lipschitz regularization as an un-
derlying function of sensor data. The variability of the diffusion
model outputs can be controlled in response to the conditioned
sensor data fluctuations and the generation process can also be
stabilized by compensating for noise present in the conditioning
sensor data. Our main contributions can be summarized in fold:

• To the best of our knowledge, we are the first to recognize
human activity based on the generated skeleton key points
conditioned on the sensor data collected from the wearable
devices. We used sensor data from wearable devices as
a condition for the diffusion model to generate synthetic
skeleton data for HAR.

• An effective loss function based on angular variations and
Lipschitz regularization is added to the noise estimation
loss of diffusion model to train a simple U-Net architecture,
where joint-specific movements can be well learned and
the generation progress can be effectively stabilized.

• Our proposed framework outperforms state-of-the-art HAR
models and achieves significant performance improvement
on the three MHAD datasets. As a byproduct, we will re-
lease the datasets, codes, and involved parameters to benefit
other researchers and the source codes are available at here
now.

2 RELATEDWORK
2.1 Wearable device based HAR
Sensor devices have emerged to be one of the most convenient
choices for HAR tasks. Owing to their small size, independence from
environments, and consistent class-specific patterns, regardless
of size. Therefore, several studies focused on optimizing human-
activity recognition with the help of wearable devices [1, 2, 19, 23].
Over the last decade, the CNN-based method has also emerged to
be effective in extracting the spatial features for different activities.
Moreover, to account for the essential temporal dependencies in
time-series sensor data, researchers have also emphasized on RNNs,
variants of LSTM, and bidirectional LSTMs to focus on the temporal
dynamics of HAR [12, 15, 49, 60, 66, 68, 69]. For example, Wei et
al. [65] designed a framework consisting of attention mechanisms
with an LSTM layer to improve the discriminatory features for
HAR. However, despite the benefits mentioned above, non-visual
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Figure 2: Overview of training approach of the SSDL model. In the first stage, we feed the skeleton data into the AV module to
obtain the Angular variation module 𝐴(𝜏), which is then passed as an input along with the skeleton key points to the diffusion
process till time step 𝑇 . In the second stage, we used sensor reading from a wearable device as input to the denoising process to
generate skeleton data for a specific class, which is then further used for HAR from an LSTM encoder (𝑓 𝑠 ).

sensor HAR systems lag behind visual-based modalities such as
RGBD and Skeleton. This is because the sensor information only
provides limited data. For example, activities such as "walking"
and "running" may have similar features for certain body parts,
which could negatively impact the performance of models that rely
on limited information from a specific set of human parts. In this
study, we aim to use important activity-related information using
diffusion models to obtain skeleton data concerning the original
sensor data of human activity.

2.2 Skeleton based HAR
The use of skeleton data, which contains spatiotemporal informa-
tion about human motion, has gained popularity in recent years.
Maxime et al. proposed using skeleton joints and their temporal vari-
ations as trajectories for Human Activity Recognition (HAR) [14].
Many conventional approaches have been proposed using hand-
crafted features and classifiers to improve HAR, but these methods
have a limited scope for learning high-level spatiotemporal com-
plex features. To address this issue, techniques such as CNNs and
RNNs have been developed[16, 56, 60]. For example, Sun et al. [54]
proposed Lattice-LSTM to integrate spatial and temporal dynamics
more effectively than the traditional CNN and LSTM methods. Xu
et al. [67] also proposed a 1D-CNN with an optimal training set and
avoided overfitting. In addition, studies have explored the capabili-
ties of bidirectional RNNs and LSTM to obtain better temporally
aligned features from time-series data.
Furthermore, Wang et al. [62] developed an HAR system by inte-
grating local and global attention modules in a cascade multihead
attention network, leading to improved performance in temporal
and spatial feature extraction. Similarly, DanHAR [18] introduced
a dual attention mechanism that combines channel and temporal
attention residual networks to better represent features for sensor-
based human activity recognition tasks. Cha et al. [8] proposed a
transformer-based approach that outperformed traditional meth-
ods by considering internal and inter-structural relationships of

3D meshes and sensor-captured skeletons. Additionally, TranSkele-
ton [31] introduced a unified transformer framework for modeling
skeleton sequences, surpassing existing methods for skeleton-based
action recognition. Although skeleton key points can enhance ac-
tion recognition models, the complexity and cost of these methods
may limit their practicality compared to more user-friendly options
like wrist-worn devices.

2.3 Diffusion Models
Recently, a novel generative model was introduced in the form
of a diffusion model, which has demonstrated remarkable perfor-
mance, surpassing other generative methods such as variational
auto-encoders and GANs. Ho et al. [24] proposed this synthetic data
generation method using the Markov process to transform noise
into data. To be precise, diffusion models consist of two consecutive
stage processes, in which data are mixed with Gaussian noise in
T sequential steps from 𝑠0 to 𝑠𝑇 , where 𝑠 is the sampling latent
variable and T is the number of time steps. Mathematically, each
step of the forward diffusion can be described as:

𝑞(𝑠𝑡 |𝑠𝑡−1) := N(𝑠𝑡 ;
√︁

1 − 𝛽𝑡𝑠𝑡−1, 𝛽𝑡 𝐼 ) (1)

where 𝛽1 to 𝛽𝑇 is the variance scheduler, and Equation 1 generates
a noisier variation of s based on the behavior of 𝛽 . If it is linear, the
amount of noise added to s increases linearly with T. To obtain s at
any time t, the authors proposed:

𝑞(𝑠𝑡 |𝑠0) := N(𝑠𝑡 ;
√
𝛼𝑡𝑠0, (1 − 𝛼𝑡 )𝐼 ) (2)

where 𝛼𝑡 := 1 − 𝛽𝑇 and 𝛼𝑡 :=
∏𝑡

𝑠=1 𝛼𝑠 . Given that it is a linear
scheduler, x can be represented as:

𝑥𝑡 =
√
𝛼𝑡𝑥0 +

√
1 − 𝛼𝑡𝜖 (3)

where 𝜖 is from a Gaussian distribution and has the same dimen-
sionality as the data. The reverse diffusion or denoising process
aims to reconstruct the original data starting from 𝑠𝑇 by gradu-
ally reducing the noise introduced in the forward process. This is
achieved by learning a series of denoising steps that are applied

3
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in reverse order, from step 𝑇 back to step 0. Each step of reverse
diffusion can be mathematically expressed as follows.

𝑝𝜃 (𝑠𝑡−1 |𝑠𝑡 ) := N(𝑠𝑡−1; 𝜇𝜃 (𝑠𝑡 , 𝑡), Σ𝜃 (𝑠𝑡 , 𝑡)) (4)

In Equation 4, 𝜇𝜃 (𝑠𝑡 , 𝑡) is the predicted mean of the original data in
steps 𝑡 − 1, and Σ𝜃 (𝑠𝑡 , 𝑡) is the predicted covariance, both param-
eterized by a neural network with parameters 𝜃 . The objective is
to learn 𝜃 such that 𝑝𝜃 (𝑠𝑡−1 |𝑠𝑡 ) is a good approximation of the re-
verse of the forward process, 𝑞(𝑠𝑡−1 |𝑠𝑡 ). During training, the model
parameters 𝜃 are optimized by minimizing a loss function that typ-
ically measures the difference between the model’s predictions and
actual data. The optimization aims to reduce the Kullback–Leibler
divergence between the learned reverse and forward processes, as
depicted in Equation 5.

Ldiff (𝜃 ) = E𝑞 (𝑠1,...,𝑠𝑇 |𝑠0 )

[
− log 𝑝𝜃 (𝑠0)

+
𝑇∑︁
𝑡=1

𝐷KL
(
𝑞(𝑠𝑡−1 | 𝑠𝑡 , 𝑠0) ∥ 𝑝𝜃 (𝑠𝑡−1 | 𝑠𝑡 )

) ]
(5)

Following the emergence of diffusion models, these advanced
generative models have gained widespread adoption across a range
of domains, including image, text, and time-series generation, and
have demonstrated success in generating conditional data based on
prompts. Notably, extensive research has also been conducted to
explore the potential for generating 3D human motion from text,
achieving high fidelity and diversity in the generatedmotions, while
also exhibiting effective zero-shot learning capabilities [45, 57]. Our
work utilizes the principles of conditional generation to produce
3D skeletal keypoints from wearable sensor data, effectively using
accelerometer and gyroscope readings as prompts. This approach
enables themodel to infer activities based on body dynamics derived
from data collected by wearable smartwatches on the wrist and
hip, eliminating the need for a traditional setup to obtain skeleton
keypoints.

3 METHODS
This section describes our proposed approach regarding the condi-
tional generation of body points based on sensor time series data,
the designed loss function involving angular variation information,
and regulating the generation process under the influence of highly
fluctuating sensor data with Liplitizc Regularisation (LR).

3.1 Model Architecture
In this paper, we solve the HAR task based on the generated skeleton
data constructed by a conditional diffusion model (DM) where the
sensor data collected from the wearable devices are regarded as
conditioning. the participant wears the smartwatch on the left wrist
and puts the Nexus smartphone on the right hip inside a harness.
Suppose that we have a set of condition sensor data {(𝑋𝑤 , 𝑋ℎ)},
where𝑤 and ℎ represent the wrist and hip positions.

Inspired by the huge success of representation learning, we adopt
deep neural networks to obtain more powerful sensor represen-
tations. Specifically, we used two LSTM-based encoders 𝑓 𝑤 (Θ𝑤)
and 𝑓 ℎ (Θℎ) with parameters Θ𝑤 and Θℎ to extract temporal fea-
tures Aw and Ah. Then, a simple concatenation operation is used

to obtain combined features Z0 from Aw and Ah. Furthermore, we
also calculate the changes in the joint angles 𝐴 using an Angular
Variation (AV) module. These are then fed into the forward diffu-
sion process along with original skeleton data (𝑆) obtained from
the Kinect camera. To improve the generation quality in terms of
the skeleton structure, in the training phase, we utilize the noisy
version of the original angular joints 𝐴𝑡 at each denoising step
𝑡 to calculate the angular variation loss Lc (𝐴𝑡 , 𝐴𝑡 ). Meanwhile,
we approximate the predicted noise to the added Gaussian noise
with Ldiff loss using a 1D-UNet [27] architecture during the re-
verse diffusion process. Moreover, to increase the robustness of the
denoising model, we attribute a small amount of Gaussian noise
𝛿 to the conditioned embedding Z0 to calculate the LR loss Lreg.
As for the inference phase, conditioned on a pair of multi-sensor
data {(𝑋𝑤 , 𝑋ℎ)}, we generate its embedding (Z0) from the LSTM
module, which is then taken into account as conditioning for the
DM to generate a specific skeleton structure, which is then fed into
the classifier to recognize the specific human activity.

3.2 Angular Variations

P1 (x1, y1, z1)

P2 (x2, y2, z2)

P3 (x3, y3, z3)

θ

θ

Figure 3: The group of 3-key points selection from the skele-
ton structure for calculating the angle between joints.

Suppose that skeleton data consists of a set of 𝑃 key points, where
𝑃 is determined by the the device used for capturing the skeleton
data. To effectively extract the spatial and temporal features related
to the evolution of joints, in the real implementation, we explore the
Angular Variation (AV) module. For the given three points as shown
in figure 3, the three-dimensional coordinates of three sequentially
connected key points are denoted as follows,

𝑃1 (𝑥1, 𝑦1, 𝑧1), 𝑃2 (𝑥2, 𝑦2, 𝑧2), 𝑃3 (𝑥3, 𝑦3, 𝑧3) . (6)

Then, we can define vectors ®𝑉2,1 and ®𝑉2,3 based on the (𝑃1, 𝑃2, 𝑃3)
as follows,

®𝑉2,1 = (𝑥1 − 𝑥2, 𝑦1 − 𝑦2, 𝑧1 − 𝑧2), (7)
®𝑉2,3 = (𝑥3 − 𝑥2, 𝑦3 − 𝑦2, 𝑧3 − 𝑧2) . (8)

Thereafter, we can obtain the angle value 𝜃 between two vectors
with the help of dot product and we have,

𝜃 = arccos

(
®𝑉2,1 · ®𝑉2,3

∥ ®𝑉2,1∥∥ ®𝑉2,3∥

)
, (9)

where arccos stands for inverse cosine function. Here, 𝜃 is expressed
in radians and we can convert it into degrees to obtain 𝜃degree as
follows,

𝜃degree = 𝜃 ×
(

180
𝜋

)
. (10)

4
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In our work, above 𝜃𝑑𝑒𝑔𝑟𝑒𝑒 is used to obtain the angular variation
information between sets of critical key points such as hands, elbow,
shoulder, hip, ankle, and knee, providing crucial insights into the
pose configuration in the diffusion process. Notably, we are only
concerned with a subset of the angles rather than all skeleton key
points to avoid the introduction of non-informative angles. Specifi-
cally, the angles between the head and neck for all frames are almost
constant over time and may not provide helpful information for
the discrimination of activities. Therefore, in our experiments, we
consider 12 key points related to upper and lower body structure,
i.e., "shoulder->elbow->wrist" and "hip->ankle->knee", and both the
left and right side of the skeleton are considered. Hence, we can
well capture the activity-specific features from the perspective of
natural human skeleton movements. For example, the variations
between the hip, knee, and foot can help to distinguish between
sitting and standing actions.

3.3 Guidance through Angular Variations
After accessing the angular variations from each skeleton segment,
we focused on adapting our denoising learning process to generate
improved relationships between different body parts. For such, as
shown in figure 2, this angular variation matrix 𝐴(𝜏) is used in the
forward diffusion process to obtain the noisy version 𝐴(𝜏) where 𝜏
represents the number of total frames. Then𝐴(𝜏) is used to evaluate
the generation quality with the help of a contrastive loss strategy
between the real and generated Angular Variations as shown below,

L𝑐 =
1
2



𝐴(𝜏) −𝐴(𝜏)

2
𝐹

(11)

where ∥·∥𝐹 represents the Frobenius norm to measure the similarity
between the generated and original angular variations across 𝜏
frames. ByminimizingL𝑐 loss, we encourage themodel tominimize
the discrepancy between the original and generated changes in the
angular. In summary, we use the angular variation to guide our
reverse diffusion process to generate samples following changes in
key points and angular variations across time.

3.4 Lipschitzc Regularized Robust Generation
To address the issue of constant noise in the sensor data, we design
a Lipschitzc Regularisation (LR) approach [36] based on the hypoth-
esis that the generative model’s response varies with noise in the
input dataset. For convenience, we represent the 1D-Unet as Θ𝑠 .
More precisely, we analyze how small variations in the Z0 affect the
generation quality. As such, we perturb the embeddings of the data
with a small amount of random Gaussian noise 𝛿 . Mathematically,
let S denote the target time-series skeleton data to be generated
and Aw,Ah denote the conditioning time-series sensor data. We
include the Lipschitz regularization term with the conditional diffu-
sion objective function to regularise the learning. The diffusion loss
ensures that the diffusion model learns to predict the added noise
accurately. At the same time, the LR term encourages the model
to be robust to perturbations in the latent space. Therefore, our
Loss function has a) Noise Prediction Loss: The noise prediction
loss is the standard diffusion loss for the reverse diffusion model to
estimate the amount of noise in the current sampling step. For our

case, this conditioned loss function can be represented as,

Ldiff = E𝑠0,𝑡,𝜖
[
∥𝜖 − 𝜖𝜃 (𝑠𝑡 ,Z0, 𝑡)∥2

]
, (12)

where 𝑡 is a timestep in the diffusion process, indicating the level of
noise added to 𝑠0 to obtain 𝑠𝑡 , Z0𝑡 is embedding of the sensor data
to guide the reverse diffusion process from wrist and hip and 𝜖 is
the actual noise added to the skeleton data 𝑡-th step of the forward
diffusion process. b) Lipschitzc Regularised Loss: To ensure that
generated skeleton data closely match the expected output given
by Z0, we opt to minimize the MSE loss in between the generated
skeleton key points from Z0 and (Z0 + 𝛿).

L = E𝑡,𝑠𝑡 ,𝛿

[

𝑓 𝑠 (𝑠 (Z0, 𝑡)) − 𝑓 𝑠 (𝑠 (Z0 + 𝛿, 𝑡))


2

]
(13)

where 𝑠gen (Z0, 𝑡) represents the skeleton sequence generated by
the model conditioned on 𝑍0, and 𝑠gen (Z0 + 𝛿, 𝑡) represents the
skeleton sequence generated by the model conditioned on the per-
turbed embedding 𝑍0 + 𝛿 . These skeleton data when passed as an
input to the LSTM encoder 𝑓 𝑠 provide the output label for a specific
activity. Through such, we explicitly encourage the model to main-
tain consistent HAR predictions for slightly varied conditioning
embedding, enhancing robustness and stability in the generated
outputs relative to perturbations in the sensor data embeddings.

3.5 Overall Training Objective
From the above motivation, the overall training objective of our
model is a weighted combination of the loss of noise prediction for
the standard diffusion model and the Lipschitz regularization term.

L(Φ,Θ) = Ldiff + 𝜆 · Lreg + Lc (14)

where 𝜆 is a hyper-parameter that controls the weight of the Lreg
, Lc is the angular loss as explained earlier. One more advantage
of our strategy is that the gradients of the model(s) can be easily
computed with the help of traditional optimizers such as SGD and
Adam, as shown in the equation below,

Φ← Φ − 𝛼1 · (∇ΦLdiff + ∇Φ𝜆Lreg + ∇ΦLc), (15)
Θ← Θ − 𝛼2 · ∇ΘLreg, (16)

where 𝛼1 and 𝛼2 are the learning rates for specific DM and LSTM
encoder branches. Moreover, during the experiments, we notice
that such a joint training strategy may result in "modal collapse".
Therefore, to address such challenges, we train both branches sep-
arately. Specifically, we first train the LSTM module using sensor
data and then use these pre-trained embedding as conditions for
𝐷𝑀 to learn effective generation, and we have,

∇ΘLreg ≈ 0. (17)

Hence, there will be no update in the sensor model’s weights,

Θ← Θ − 𝛼2 · ∇ΘLreg

≈ Θ (18)

Thereafter, we allow our diffusion model to converge quickly with-
out collapse of the loss function.
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Algorithm 1 Training

Require: Mini-batch of data samples (s, { (X𝑤 ,Xℎ ) } ) , maximum diffu-
sion time𝑇 , diffusion model parameters Φ, LSTM model parameters Θ,
Angular Variation matrix 𝐴(𝜏 ) .

Ensure: Updated parameters Φ, Θ.
1: for 𝑡 = 0 to𝑇 do
2: Sample noise 𝜖 ∼ N(0, 𝐼 ) and minibatch { (s(𝑖 )𝑡 ,Z(𝑖 )0 ) }.
3: Compute s(𝑖 )

𝑡−1 predicted by reverse diffusion:

s(𝑖 )
𝑡−1 =

s(𝑖 )𝑡 −
√︁

1 − 𝛽𝑡𝜖
(𝑖 )√︁

𝛽𝑡

4: Calculate loss L𝑡 (Φ,Θ) = ∥𝜖 (𝑖 ) − 𝜖Φ (s(𝑖 )𝑡 , 𝑡,Z(𝑖 )0 ) ∥
2.

5: Calculate AV 𝐴̂(𝜏 ) from s(𝑖 )𝑡

6: Calculate L𝑐 loss with equation 11
7: Add Gaussian noise 𝛿 to 𝑍0
8: Repeat 1-3 to generate ŝ(𝑖 )𝑡 for (Z0 + 𝛿 )
9: Calculate regularization loss: 𝐿reg
10: Update Φ and Θ using gradient descent on L(Φ,Θ) .
11: end for

Algorithm 2 Inference
Require: Trained parameters Φ, Θ, initial noise level N(0, 𝐼 ) , conditioning

data { (X𝑤 ,Xℎ ) }.
Ensure: Generated skeleton sequence s0.
1: Initialize s𝑇 ∼ N(0, 𝐼 ) .
2: for 𝑡 = 𝑇 downto 1 do
3: Sample noise 𝜖 ∼ N(0, 𝐼 ) if 𝑡 > 1, else 𝜖 = 0.
4: Compute embeddings Z0 from LSTM module using { (X𝑤 ,Xℎ ) }.
5: Generate s𝑡−1 using:

s𝑡−1 =
1
√
𝛼𝑡

(
s𝑡 −

1 − 𝛼𝑡√
1 − 𝛼𝑡

𝜖Φ (s𝑡 , 𝑡,Z0 )
)
+ 𝜎𝑡 z

6: end for
7: return s0

4 EXPERIMENTS
4.1 Dataset
In this research, we conducted experiments on the following datasets.
Berkeley MHAD [40] comprises 11 action categories performed
by 12 individuals. (7 male and 5 female) in the age range between
23 to 30 years and one aged subject. All the subjects performed five
repetitions of each action, generating 660 action sequences which
made up 82 minutes of capturing duration.
UTD MHAD [11] contains 27 actions performed by eight subjects,
with each subject repeating each Action 4 times, resulting in a to-
tal of 861 sequences. The dataset was collected using a Microsoft
Kinect and wearable inertial sensors indoors. It provides multiple
modalities, including RGB videos, depth maps, skeleton data, and
inertial sensor data, allowing researchers to compare the perfor-
mance of different methods that utilize various data modalities for
human action recognition.
SmartFall MHAD is a non-public dataset collected by SmartFall
Research Group at Texas State University. Data are collected from
27 participants with age greater than 60 and 12 young adults with
age between 20-30. The dataset used for this paper was compiled
only from 12 young adult participants (7 male and 5 female). The
young adult participants performed five types of falls (front, back.

left, right, and rotational) and nine pre-scribed ADLs on five repeti-
tions each. The collection process includes the use of four types of
sensors, which are three Azure Kinect cameras, a Huawei smart-
watch, a Nexus smartphone, and two Meta Sensors developed by
MBIENTLAB.

4.2 Training Setup
All the experiments were performed on four Nvidia GeForce RTX
A6000 GPUs using PyTorch [41]. We employed a sliding window
technique with a duration of three seconds for each modality, fea-
turing a 50% overlap. For the Smaertfall dataset, we obtained 1,510
instances, categorized them into 14 distinct classes, and segregated
them into training and testing sets following an 80:20 ratio. To
maintain the distribution of classes, we utilized stratified sampling.
Similarly, for the UTD-MHAD dataset, after removing the corrupt
frames, we used 861 sequences for training and testing with a split
of 80:20%. For the Berkeley dataset, we used data from the first seven
participants for training and data from the remaining participants
for testing.

4.3 Comparison on the HAR task
In this section, we present a comparative analysis of our method
against state-of-the-art HAR approaches, as detailed in Table 1.
For sensor-based HAR systems, our approach significantly outper-
formed most existing sensor-based models as reported by [38, 52].
This can be attributed to our modal’s efficient cross-modal gen-
eration of detailed skeleton key points from sensor inputs which
enhances HAR performance. Furthermore, it is noteworthy that our
method demonstrates competitive performance on the UTD-MHAD
dataset, comparable to that of Ni et al.’s approach [39], which uti-
lizes cross-modality knowledge distillation for HAR. While on the
Berkeley MHAD, where human motions are captured from a single
sensor, our method surpasses the aforementionedmethod. This indi-
cates that the effectiveness of Ni et al.’s method is easily influenced
by the practical settings, while our method performs stable under
various scenarios. Moreover, we also compared our method with
the skeleton-based HAR methods [10, 12, 29, 63, 71]. Even though
skeleton-based methods utilize skeleton data, which inherently of-
fers precise, high-dimensional representations of human motion,
our approach still our method clearly outperformed these SOTA
methods, with the sensor-based modality, as presented in Table 1,
validating the efficacy of our model. Therefore, our approach pro-
vides a solution to the common limitations encountered in skeleton
data-capturing methods, such as the need for precise calibration
and high computational costs. Our robust alternative significantly
enhances both the accuracy and utility of HAR tasks. Finally, upon
evaluating our method alongside RGB-based approaches, we ob-
served enhanced performance that underscores the robustness and
versatility of our method. This improvement in accuracy demon-
strates that synthetic data generation can effectively address the
common limitations found in RGB systems, particularly those due
to poor lighting conditions and occlusions. In conclusion, our com-
parative findings with these SOTA methods not only validate the
advantage of our approach but also potential solutions to address
the persistent challenges within HAR systems.
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Method Required Modality UTD Accuracy (%) Berkeley Accuracy (%) SmartFall Accuracy (%)

Hussein et al. [26] RGB 85.5 - N/A
Lin et al. [30] RGB - 96.16 N/A
Avigyan et al. [12] Skeleton (Velocity CNN) 87.5 92.6 88.77
Avigyan et al. [12] Skeleton (Angular CNN) 96.2 96.6 92.3
Wang et al. [63] Skeleton 85.81 - -
Chuankun et al. [29] Skeleton 88.1 - -
Zhao et al. [71] Skeleton 92.1 - -
Chao et al. [10] Depth+Skeleton 93.26 - N/A

Singh et al. [52] Accelerometer + Gyroscope 91.4 - 89.03
Ni et al [38] Accelerometer 95.19 94.76 94.41
Ni et al [39] Accelerometer 96.97 90.18 -
Ours (SSDL) Accelerometer 96.8 96.9 94.66

Table 1: Comparison of various models on different MHAD datasets. "-" indicates the source codes are unavailable. Meanwhile,
“N/A” indicates that the method is not applicable to the dataset due to the unavailability of the testing modality.

Steps Dataset No Angular Variations Angular Variations
Accuracy ↑ FID ↓ Accuracy ↑ FID ↓

1000 SmartFall MHAD 62.75 14.95 72.71 7.95
Berkeley MHAD 63.24 11.2 74.91 7.28
UTD-MHAD 62.73 15.04 77.3 6.65

4000 SmartFall MHAD 68.78 11.86 76.17 6.7
Berkeley MHAD 68.25 9.37 78.66 5.32
UTD-MHAD 67.84 9.11 79.6 4.67

10000 SmartFall MHAD 69.2 7.3 79.07 4.88
Berkeley MHAD 70 9.1 84.9 4.25
UTD-MHAD 72.64 8.1 81.11 4.60

Table 2: Ablation study of Angular Variations. The perfor-
mance of all evaluated methods exhibited a consistent im-
provement with the inclusion of the angular variations.

4.4 Ablation study
Effect of Angular Variation. This section of the ablation study
demonstrates the effect of including the Angular Variations (AV) in
the diffusion model. To measure the effectiveness of our modules
in the generation process, we used FID metrics, which measure the
similarity between distributions generated, and a low FID score
indicates better quality and closer resemblance to real samples. As
presented in Table 2, we initially assessed the baseline performance
of the model and observed that, regardless of the number of diffu-
sion steps, the generation quality consistently exhibited deficiencies,
as evidenced by high FID scores. Whereas, incorporating AV led
to significant improvements in model performance, evidenced by
increased accuracy and reduced FID scores. For instance, on the
UTD-MHAD dataset, the FID score improved from 8.1 to 4.60 over
10,000 training steps, which correspondingly raised the model’s
accuracy. Therefore, by enabling the precise capture of joint move-
ment dynamics through Angular Variations, the model significantly
enhances its ability to differentiate subtle nuances in movements,
which correspondingly increases the model’s performance.
Effect of Lipschitz Regularisation To validate the effectiveness
of our Lipschitz approach against noisy issues in sensor data, we
monitor the change in FID score during the training. As shown
in Table 3, the performance of the diffusion model step increased
as shown by higher accuracy and lower FID values. Moreover, as
shown in the t-SNE plot (Figure 4(c) and (d)) with the help of our LR
method, the model learned distinctive features in the form of clear
separation of clusters for each activity. Therefore, results show that

a b

c d

Figure 4: T-SNE analysis of the learned features on dataset
SmartFall-MHAD with different training setups. a) Diffusion
model and LSTM encoder are jointly learned. b) Effect of LR
into the joint training setup. c) According to Equation 18,
using a pre-trained model for sensor data guide the diffu-
sion model. d) Use of the LR method clearly showed a better
distinctive ability of the model to differentiate between dif-
ferent activities.

our method of LR allows the model to capture meaningful patterns
in the data, mitigating the impact of noise and ultimately leading
to improved performance and representations of human actions.

Effect of Diffusion steps. Additionally, we observed that increas-
ing the number of steps in the diffusion model often improved its
capacity to generate more realistic features. Although including
angular variations hinted towards improvement in the performance
of the generation quality related to each activity, it alone proved
insufficient for the diffusion model to consistently converge at bet-
ter solutions compared to other state-of-the-art HAR methods as
shown in Table 1. Even though increasing the number of diffusion
steps to improve generalization is compelling, it is computationally
expensive, especially for resource-constrained devices like smart-
watches.
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Steps Dataset No Lipschitz Regularisation With Lipschitz Regularisation
Joint Training Pre-trained Embedding Joint Training Pre-trained Embedding

Accuracy ↑ FID ↓ Accuracy ↑ FID ↓ Accuracy ↑ FID ↓ Accuracy ↑ FID ↓
1000 SmartFall MHAD 77.5 4.19 83.4 2.40 76.41 4.16 84.1 1.81

Berkeley MHAD 79.3 3.85 86.2 1.88 77.91 4.06 88.04 0.94
UTD-MHAD 75.8 4.9 81.2 2.9 78.9 11.02 89.66 0.82

4000 SmartFall MHAD 76.4 4.65 83.16 2.35 77.23 6.45 90.44 0.85
Berkeley MHAD 77.6 4.07 85.36 2.11 77.9 6.07 91.5 0.71
UTD-MHAD 84.1 2.02 86.77 2.06 80.2 2.07 93.1 0.53

10000 SmartFall MHAD 80.5 2.27 85.01 2.26 77.72 4.91 94.66 0.6
Berkeley MHAD 82 2.1 84.9 2.16 78.77 4.72 96.9 0.50
UTD-MHAD 82.28 2.02 86.92 2.02 81.33 2.49 96.8 0.59

Table 3: Comparative Analysis of Model Performance with and without Lipschitz Regularization under Joint Training and
Pre-trained Embedding Scenarios.
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Figure 5: Synthetic set of actions generated by our SSDL diffusion-based model trained on Smartfall MHAD dataset.

Using pre-trained LSTM embedding. The results presented in
Table 3 and Figure 4 indicate that the performance of the jointly
trained model is relatively low, which implies that there might
be an issue of potential modal collapse. To address such, we first
trained the LSTM encoder and then used the pre-trained embed-
dings as conditioning for the reverse diffusion. The application of
this approach resulted in improved model performance, as shown
in Table 3. This improvement can be attributed to the reduced vari-
ation in the conditional signal to the generation process. To ensure
a fair comparison, we used the same backbone architecture for all
evaluations, with the only variation being the sampling time steps.
The results in Table 3 affirm that using pre-trained embeddings
significantly enhances the generation of skeleton data, closely mim-
icking authentic datasets, while the progressive increase in training
steps further amplifies the model’s learning capabilities.

.
Qualitative Results for the generated samples. The figure
shown in Figure 5 depicts various synthetic action sequences that
were generated using our proposed SSDL approach for different
activities. This visualization allows us to evaluate the stability of the
model in producing coherent action sets for each activity. Our SSDL
method is capable of producing more naturalistic action sequences
with minimal noise. As demonstrated in the figure, the synthetic
sequences derived from sensor data have also improved the model’s
classification performance across different classes.

4.5 Inference Speed
Our SSDL model achieves 12ms on producing 90 frames with 1000
DDPM samples on a single NVIDIA A6000 since the lightweight
architecture of our model. Our model inputs 75 frames for the
sensor data, to which our DDPM produces its respective behavior.
Our classification based on the generated skeleton data takes only
3ms to predict specific activity; a quick performance is necessary
considering that activities such as "fall" need a quick inference time
to prevent serious injuries, especially in old age people.

5 CONCLUSION
In this study, we propose a novel approach for generating skele-
ton critical points based on sensor data from wearable devices to
solve HAR problems. The derived angular variation guided the
reverse diffusion process to generate more meaningful movements.
Based on our proposed framework, we generated more diverse and
aligned body part movements that inherited kinetically meaning-
ful body structures. The proposed method obtains state-of-the-art
results on the two datasets and shows competitive performance
in the UTD-MHAD dataset for Human Action Recognition. Our
experiments further demonstrated the effectiveness of the Lipschitz
Loss, which improved the performance of the diffusion model. Fur-
thermore, the low inference time for generating specific skeleton
information from sensor data validates the real-world applicability
of our scheme for a robust HAR system.
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