
IEEE SENSORS JOURNAL, VOL. 25, NO. 7, 1 APRIL 2025 12407

GeXSe (Generative Explanatory Sensor
System): A Deep Generative Method

for Human Activity Recognition
of Smart Spaces IOT
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Abstract—Effective sensemaking is crucial across various
domains, where trust in system outputs is essential, high-
lighting a significant challenge in relying solely on sensor-
based activity recognition. This limitation underscores the
need for interpretable models that process raw data and
provide comprehensible insights. Our work introduces gen-
erative explanatory sensor system (GeXSe), a novel multitask
framework that jointly models raw sensors for classification
while also generating grounded visual explanations. At the
core of GeXSe lies a parallel multibranch multilayer percep-
tron fast Fourier convolution (PMB-MLP-FFC) module tailored for multimodal sensor fusion and explanation generation.
PMB-MLP-FFC extracts interpretable features optimized for both tasks through multibranch parallel convolutions and
Fourier transforms. We validated GeXSe across three diverse public datasets of daily activities recorded by camera,
microphone, motion, and environmental sensors. Results show superior activity recognition over baseline models.
Furthermore, human evaluation studies confirm the generated visual explanations enhance understanding and trust
compared to purely sensor-based outputs.

Index Terms— Activity recognition, human activity recognition (HAR), sensor systems.

I. INTRODUCTION

THE rapid advancement of deep learning techniques
has revolutionized human activity recognition (HAR),

enabling highly accurate and complex models for interpreting
human behaviors from sensor data. As these models become
more sophisticated, there is a growing need for interpretability
and explainability to ensure trust and transparency in HAR
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systems. Without understanding how these models make deci-
sions and provide meaningful explanations, their adoption in
critical applications, such as healthcare and smart environ-
ments, may be hindered.

Interpretability involves comprehending the internal mecha-
nisms of a model and/or gaining insights into the conclusions
drawn by that model. It focuses on the transparency of
the model’s structure and decision-making process or result.
On the other hand, explainability is concerned with under-
standing why a model made a specific prediction for a given
input, attributing the output back to the relevant input fea-
tures [81]. While interpretability deals with the overall logic
of the model, explainability provides insights into individual
predictions [50], [76]. Both aspects are crucial in HAR appli-
cations, where trust in the system’s outputs is paramount, and
users need to comprehend the reasoning behind the model’s
decisions.

Example of interpretability: Consider a HAR system using a
decision tree to classify human activities based on sensor data.
Each node in the tree represents a decision based on input from
accelerometers, gyroscopes, and environmental sensors. For
instance, a node might split activities based on accelerometer
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variance, with lower variances indicating stationary activities
and higher variances suggesting movement. Further nodes
differentiate between specific activities using gyroscope and
environmental sensor patterns and thresholds.

Interpretability is achieved through the transparency of the
decision tree structure. Users can comprehend the model’s
internal mechanisms by following the decision paths for
classifying an activity. For example, if the model classifies an
activity as “running,” users can trace the decision tree to under-
stand that this classification was based on high accelerometer
variance, a specific gyroscope speed threshold, and environ-
mental factors aligning with typical running conditions.

Example of explainability: Explainability is demonstrated
when the HAR system provides a detailed explanation for a
specific prediction. For instance, when the system classifies
a segment of sensor data as “jogging,” it might provide the
following explanation: “This prediction was made because the
accelerometer showed consistent, moderate variance indicative
of repetitive motion, the gyroscope detected a steady forward
movement at a jogging pace, and the environmental sensors
detected an outdoor setting with moderate temperature and
GPS data indicating a path through a park, which aligns with
typical jogging behavior.”

This explanation attributes the prediction to relevant input
features from the sensor data, providing a clear rationale
that links the data characteristics to the model’s conclusion.
Explainability increases trust in the system’s decision-making
process by offering insights into why the model made a
particular prediction. It allows users to verify the reasoning
against their domain knowledge.

Traditional HAR approaches, such as rule-based systems
and classical machine learning algorithms like decision trees
and linear regression, offer inherent interpretability due to
their simple and transparent structures. However, these meth-
ods often struggle to capture the complex patterns and
relationships in high-dimensional sensor data [58], which
can be difficult to interpret due to the combination of
multiple sensors, such as accelerometers, gyroscopes, and
environmental sensors, each generating unique patterns and
relationships [86]. Distinguishing between ambiguous activ-
ities, such as “sitting” and “standing,” or “jogging” and
“running,” requires the model to capture subtle differences
in sensor data. While the field has witnessed a paradigm
shift with the adoption of deep learning techniques, offering
robust solutions to this challenge [12], [13], [26], [51], [84],
the black-box nature of these models makes them difficult
to interpret and explain [4], hindering their adoption in
critical applications where accountability and user trust are
essential [6], [14], [21], [59].

Recent studies [85], [94] introduced saliency maps and fea-
ture importance scores to address the interpretability challenge
in deep-learning-based HAR. However, these approaches often
generate abstract visualizations or numerical values that may
not be intuitive or actionable for users without machine learn-
ing expertise [3]. This lack of comprehensible explanations can
lead to a disconnect between the model’s outputs and the users’
understanding, ultimately impacting the trust and acceptance
of HAR systems. Furthermore, most research on sensor data

interpretation has focused on generating text-based, semantic
explanations [5], [7], [34], [37], [61], [67], [91], with a notable
gap in the use of vision-based, pictorial representations [33].

Deep generative models have emerged as a promising solu-
tion for deriving interpretable insights from complex sensor
data. They bridge the gap between the technical complexity
of sensor-based HAR and the provision of clear, actionable
insights that resonate with human experiences.

A. Knowledge Gap
The growing interest in interpretable and explainable HAR

models that rely on vision domain features is propelled by
its potential to bolster the accuracy of activity recognition
models [28]. Despite various approaches [5], [23], [34], [45],
[79], the majority of current techniques for sensor-based HAR
interpretations and explanations hinge on abstract visualiza-
tions, text descriptions, or labels, which may not always be
intuitive or actionable for end-users. There is a need for
explanation techniques that can effectively translate complex
sensor data into visually grounded and easily comprehensible
explanations, catering to end-users’ needs in various domains
[5], [33], [34].

To address the challenge of translating complex sensor data
into meaningful and understandable insights for end-users,
a comprehensive and user-centric explainability framework is
essential. This framework should focus on bridging the gap
between the intricate patterns in sensor data and the user’s
domain knowledge, ensuring that the explanations provided
by the HAR system are not only accurate but also intuitive,
actionable, and aligned with the user’s understanding of the
activities and context. Such a framework would not only
facilitate the extraction of features from sensor data but also
align these features with vision domain descriptions, thereby
enabling a deeper understanding of model outcomes [5], [23],
[34], [45], [79]. This alignment is vital for creating explicative
models that can offer explanations intelligible to humans,
fostering a genuine sense of explainability.

Moreover, a critical challenge is designing a sensor model
capable of effectively interpreting cross-domain sensor data
with minimal complexity. Conventional methods require iso-
lated training for each distinct dataset (domain) due to the
inherent personalized characteristics of sensor data within
smart environments [47], [71], [74]. Creating a universal sen-
sor model capable of aligning semantic spaces is essential for
translating sensor features into human-readable explanations.
Additionally, developing a cost-effective strategy for trans-
forming sensor data into vision domain features is crucial to
ensure the approach is widely implementable and sustainable,
enhancing the accessibility and feasibility of advanced sensor-
based applications in smart environments.

B. Contributions
This article introduces several key contributions in sensor

data interpretation and translation into the vision domain,
thereby enhancing the explainability and applicability of
sensor-based activity detection systems. It is also the first
article to address this problem in the vision domain. The
current method mostly focuses on natural language processing
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Fig. 1. GeXSe framework: This schematic represents a system for
integrating diverse sensor inputs into a cohesive latent space using
a cross-domain sensor fusion encoder, which then interfaces with a
teacher model to enhance the Universal Semantic Embedding. A clas-
sification module interprets the embedded signals, while a sensor-fused
video activity decoder translates the embeddings into annotated video
activity, such as “closing the dishwasher,” demonstrating the framework’s
capability for zero-shot video understanding by leveraging sensor-video
correlations.

(NLP)-based solution [5], [34]. Our main contributions are as
follows.

1) GeXSe framework: A novel framework Fig. 1 for
intuitively translating sensor data into vision domain
features, intelligible to non-experts, enabling multimodal
data representation.

2) Multitask encoder: A multitask encoder coupled with
the parallel multibranch multilayer perceptron fast
Fourier convolution (PMB-MLP-FFC) model structure,
showcasing high performance in smart space activity
classification while generating universal representations
across various sensor types, facilitating zero-shot down-
stream tasks by eliminating the need for labeling. Design
its multitask loss helps to align the cross-domain sensor
data into a semantic representation.

3) Universal decoder: A pre-trained universal decoder
based on stable diffusion for the downstream task of
multimodal data representation, reducing computational
demands and overall costs by translating semantic rep-
resentations in a zero-shot fashion.

4) Symbolic reasoning: Implementation of symbolic rea-
soning to represent varying sensor data contributions
as visual cues within video outputs across different
activities and conditions, establishing a low-cost, effi-
cient translation system without necessitating decoder
retraining.

5) Cross-domain robustness: A universal semantic repre-
sentation enables the model to adapt across diverse
domains (various publicly available datasets), under-
scoring the effectiveness and versatility of genera-
tive explanatory sensor system (GeXSe) in real-world
applications.

These contributions collectively advance the field
by enhancing the interpretability and accessibility of

sensor-based activity detection systems, facilitating intuitive
and user-friendly applications in smart spaces.

II. RELATED WORK

A. Activity Sensing in Smart Spaces
1) Camera-Based HAR: Camera technology has been piv-

otal in advancing HAR within the domain of computer vision,
supporting a wide array of applications [18], [31], [60], [90].
The declining cost of camera technology enhances its acces-
sibility, though challenges in physical interface accessibility
persist [19], [42].

The evolution toward general-purpose sensing represents
a shift from relying solely on camera-based methods to
embracing interconnected, remotely controllable devices. This
transition facilitates accessibility, mitigating the barriers asso-
ciated with camera deployment, including privacy concerns
and deployment costs [8], [10], [27]. Consequently, the role
of cameras in general-purpose sensing is reevaluated, acknowl-
edging the limitations in capturing certain signals [65].

2) Emergence of General-Purpose Sensing: General-
purpose sensing embodies the capability to monitor a variety
of activities across smart environments through minimal
sensor deployment. Modern sensor boards, equipped with
a multitude of sensors, offer a versatile foundation for
ubiquitous computing applications without necessitating
hardware modifications [42]. This approach fosters a
distributed sensing paradigm, enhancing the scalability
of activity detection and interaction within smart spaces.
Unlike traditional sensing methods, general-purpose sensing
leverages server-based machine learning analytics to
process and interpret the raw data collected, promising
enhancements in practical applications through deep learning
and explainability [93].

Building on the insights from previous research, it becomes
evident that integrating the strengths of both vision-based
and noninvasive sensing modalities remains underexplored.
To bridge this gap, we introduce GeXSe, a system designed
to enrich video descriptions by synergistically combining
camera-derived insights with data from noninvasive sensors.
This approach allows us to leverage the detailed environmental
context provided by vision systems alongside the discreet,
continuous monitoring capabilities of noninvasive sensors,
offering a comprehensive and enhanced depiction of activities
within smart spaces.

While general-purpose sensing offers a versatile and scal-
able approach to activity detection and interaction within smart
spaces, the complexity of the machine learning algorithms
employed in these systems can hinder their interpretability
and transparency. This lack of clarity in the decision-making
process of AI-driven systems has led to the emergence
of explainable AI (XAI), which aims to address these
concerns.

3) Explainable AI: The complexity of advanced machine
learning methods, particularly in analyzing nonlinear sig-
nals, poses significant challenges for nonexperts [75]. This
complexity hinders the adoption of deep learning tools in
various domains, such as personalized dermatology, where
nonspecialists struggle to utilize these tools for diagnostic
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purposes [24]. To address these concerns, the field of XAI
has emerged, focusing on developing methods to enhance
the interpretability and transparency of AI-driven systems [1],
[39], [41], [57].

To address these concerns, the field of XAI has gained
attention, focusing on making AI-driven systems more under-
standable [1], [39], [41], [57]. XAI methods aim to clarify
how AI models make decisions and can be divided into two
main categories: transparent models and post hoc explanation
techniques. Transparent models, such as linear regressions and
rule-based learning, are easier to interpret but may struggle
with complex data relationships [52], [54]. Post hoc methods,
on the other hand, provide explanations after the model has
made a decision. These include the following.

1) Local interpretable model-agnostic explanations
(LIME): A technique that creates simple, interpretable
models to approximate the behavior of complex models
locally around a specific input [71].

2) SHapley Additive exPlanations (SHAP): A method that
assigns importance values to each input feature based
on its contribution to the model’s output [47].

3) Gradient-weighted class activation mapping (Grad-
CAM): A technique that highlights the regions of
an input image that are most important for a
model’s decision [74]. While these post hoc meth-
ods provide insights into model decisions, especially
in computer vision, they primarily focus on visual
explanations and may not capture complex feature
interactions.

Notably, GradCAM’s application extends to sensor data
by converting such data into “image” matrices, adapting to
its image-centric analysis framework [5]. This adaptation
enables the utilization of GradCAM for multichannel sensor
inputs, aligning with its pixel-based processing capabilities.
However, the reliance on semantic explanations underscores a
broader challenge in delivering comprehensible visual domain
explanations, highlighting the ongoing need for more acces-
sible interpretative mechanisms in leveraging sensor data for
actionable insights.

This study addresses the challenge of insufficient expla-
nation methods for the visual domain of sensor data. Our
objective is to devise an explanation technique finely tuned
to sensor data. Our methodology introduces a video-based
explanation for nonintrusive sensor data.

4) Multitask Learning: Multitask learning (MTL) is a
paradigm in machine learning that aims to improve the
learning efficiency and prediction accuracy of a model by
simultaneously learning multiple related tasks. By sharing
representations between related tasks, MTL can leverage com-
monalities and differences across tasks to generalize better
on each task than when learning tasks independently. This
approach is particularly beneficial in scenarios where data for
some tasks are limited, allowing these tasks to benefit from
the knowledge acquired from data-rich tasks. MTL has been
successfully applied in various domains, including NLP [17],
computer vision [38], and sensor data recognition [56], demon-
strating its versatility and effectiveness in enhancing model
performance across multiple tasks.

We introduce a novel loss function tailored for MTL,
aiming to facilitate the model’s ability to acquire a universal
representation across diverse domains.

B. Synthetic Vision Domain Description
1) Visual Representations: Visual output from sensor data

offers several advantages. It captures nonverbal context and
subtle details, providing a comprehensive representation of
spatial relationships, postures, and interactions within an envi-
ronment [29]. Moreover, visual representations can transcend
language barriers and be universally understood, regardless of
linguistic background [40].

2) Diffusion Model: One of the most related booming areas
is image generation via text. It generate synthesis image
from text-based image generation technique [11], [25], [35],
[49], [68], [69]. The development of DALL-E2 [55] has
revolutionized text-to-image models [64] by introducing a
new level of creativity and sophistication. Unlike previous
models, which often produced limited or generic images
based on textual descriptions, DALL-E2 has the ability to
generate unique and imaginative visuals that go beyond what
is explicitly stated in the text. This breakthrough has opened
up new avenues for creative expression and has the potential
to transform industries such as design, advertising, and enter-
tainment. Diffusion model that improves these previous results
via diffusion method that beat the state-of-the-art result [16].
Not only texts, sensors that have more real-life “descriptions”
also need to derive explainable vision domain features for
humans to interact with. The representation of sensor data
as an image has been a subject of increasing attention and
significant focus [33]. Various methods [23], [45], [79] have
been attempted to convert sensor data into an “image,” but
none of them produce actual images. Instead, these methods
are primarily based on NLP and signal graph techniques.

In the realm of generative techniques, diffusion models have
garnered significant attention due to their recent achievements.
To begin with, a novel approach was presented involving the
prediction of noise in image generation. This method produces
images from raw Gaussian noises by iteratively refining the
noise at each step. Building upon this concept, a plethora of
enhancements have been suggested, primarily concentrating on
enhancing the quality [73] of generated samples and optimiz-
ing the efficiency [77] of the sampling process. The diffusion
method has been applied across various domains such as point
clouds [48], audio [32], and video [30] generation.

All of these models utilizing diffusion techniques are con-
structed upon the foundation of the U-Net architecture, with
particular emphasis on video generation, recognized as one
of the most demanding tasks in the field of machine vision.
The prevailing approach for video generation and prediction
revolves predominantly around the utilization of the U-Net
architecture [9], [30], [83], [88].

3) Neural Symbolic: A pivotal aspect of consideration lies
in the alignment of purely perception-driven models with
the tenets of XAI [66]. Contrary to neural networks, which
act as opaque entities incapable of revealing their internal
mechanics, symbolic systems stand out for their transparency
and intelligibility. For instance, symbolic systems excel not
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only in making decisions based on established rules and
logic but also in illuminating the rationale behind these
decisions. This capability for self-explanation stems from the
system’s proficiency in delineating and expressing the logical
sequence from input to outcome, thus offering insight into
its decision-making process. Consequently, these systems can
uncover underlying principles, decision-making criteria, and
even inherent biases in their reasoning, thereby augmenting
the transparency and reliability of AI implementations.

In this study, our objective is to utilize stable diffusion
coupled with symbolic reasoning to develop a cost-effective
solution for translating sensor data into visual representations.
We optimize the decoding step through symbolic reasoning
to effectively address the challenges posed by varying sensor
types within the dataset. This approach allows for a more
versatile and efficient translation process, enabling the seam-
less conversion of diverse sensor inputs into coherent visual
outputs.

III. METHODOLOGY

In this section, we offer an in-depth exposition of GeXSe,
beginning with an overview of its design and functionalities.
Initially, we delineate the architectural blueprint and core
capabilities of GeXSe, setting the stage for a comprehensive
analysis. Subsequently, we delve into a rigorous discussion
encompassing the theoretical framework underpinning GeXSe,
including problem formulation and the application of theo-
retical principles within the GeXSe system. This approach
ensures a holistic understanding of the system’s foundation
and operational mechanics.

A. GeXSe Overview
GeXSe, depicted in Fig. 1, is a generative system designed

to interpret diverse sensor data into unified vision domain
explanations, utilizing a modular encoder–decoder architec-
ture. This system allows for the independent training of its
encoder and decoder components, enhancing its adaptability
and efficiency. Despite their separate training process, the
encoder and decoder operate within a unified downstream task
structure. Within this framework, the encoder is adept at distill-
ing the essential features of diverse sensor data into a universal
semantic representation, facilitating an efficient end-to-end
learning process that circumvents the need for additional
labeling at the inference stage. The decoder, on the other hand,
is finely tuned to translate these encoded representations into
vision domain narratives, optimized for zero-shot translation to
significantly reduce computational requirements. Unlike tradi-
tional approaches, GeXSe integrates multiple sensor channels
directly into the video output, providing users with a detailed
understanding of the contributions of different sensors in the
environment, thereby offering a more comprehensive insight
into the dynamics of smart spaces.

B. Sensor Data Knowledge Distillation
The process of cross-domain sensor data fusion tackles the

integration of varied sensor datasets from multiple domains,
capitalizing on their variety to improve interpretation and
prediction across different applications [20], [92].

To illustrate, let us consider a set of users, denoted as
U = {u1, . . . , un}, where each user u has a corresponding
dataset of raw sensor data represented by Du . We consolidate
these individual datasets into a comprehensive collection,
D⋆

= {Du1 , . . . ,Dun } to facilitate a unified analysis. The core
objective here is to apply a knowledge distillation strategy,
transforming this aggregated sensor data into a more abstract,
latent space that captures the underlying patterns and features
across all users. This transformation is typically achieved using
a teacher–student model framework, designed to harness and
transfer knowledge efficiently.

The employed semantic teaching model is XLNet [89],
a pre-trained model that leverages permutation-based lan-
guage modeling. This model efficiently captures bidirectional
context, thereby surpassing BERT in sequence order com-
prehension. Consequently, XLNet facilitates the generation
of improved embeddings for nuanced language understanding
tasks.

In this framework, the teacher model takes descriptive lan-
guage annotations as input and generates latent embeddings,
Zteacher, as output. These embeddings encode the semantic
content of the activities described by the annotations, serving
as a high-level understanding of the sensor data’s underlying
patterns and structures. Meanwhile, the student model, which
is designed to process sensor data, strives to produce latent
embeddings Zstudent that closely approximate Zteacher.

To facilitate this distillation, we segment each user’s sensor
dataset Du into nonoverlapping, fixed-length temporal win-
dows Wu = {w1, . . . , wq}, each comprising z seconds of
consecutive sensor data. The distillation objective can then be
articulated as the optimization problem of refining the sensor
data within each window wi into a distilled representation
ℓi , such that the collection Lu = {ℓ1, . . . , ℓq} for each user
u aligns with the latent embeddings provided by the teacher
model. Despite the fundamentally different nature of the sensor
data inputs compared to textual annotations, this alignment
enables the student model to interpret the sensor data in
a manner that is semantically consistent with the language
model’s understanding of the activities.

Given the inherently personalized nature of sensor data
within smart spaces, our methodology facilitates the translation
of disparate sensor data types into a unified semantic space.
This translation serves as a foundational step toward establish-
ing a universal representation within our system, addressing
the challenge of sensor data individualization.

C. Multitask Learning
1) MTL Definition: In our framework, MTL is operational-

ized through a model that concurrently learns to output a
representation and perform classification, thereby synergizing
two objectives. Specifically, the model is designed to optimize
the following dual tasks: first, to distill raw sensor data into a
semantically meaningful representation within a latent space,
Z; and second, to accurately classify the type of activity,
a ∈ A, that generated the sensor data.

Formally, let D be the dataset containing raw sensor read-
ings, and T = {τrepr, τclass} represent the set of tasks for
representation learning and classification, respectively. The

Authorized licensed use limited to: Rutgers University. Downloaded on January 26,2026 at 21:41:01 UTC from IEEE Xplore.  Restrictions apply. 



12412 IEEE SENSORS JOURNAL, VOL. 25, NO. 7, 1 APRIL 2025

MTL model, M , is a function that maps an input x ∈ D to a
tuple (yrepr, yclass), where yrepr ∈ Z is the latent representation
and yclass ∈ A is the predicted activity label

M : x 7→ (yrepr, yclass).

2) MTL Loss: The training objective is to minimize a loss
function L that is a composite of the losses for both repre-
sentation learning, L repr, and classification, Lclass, effectively
enabling the model to learn a shared representation that serves
both tasks

L = αL repr(yrepr, ytrue) + βLclass(yclass, atrue) (1)

where α and β are the weighting coefficients that balance the
importance of each task during training, ytrue is the ground-
truth latent representation, and atrue is the true activity label.
This joint optimization encapsulates the essence of MTL in
our method, promoting a learning process that is both efficient
and robust, particularly suitable for the complex and nuanced
domain of smart space sensor data analysis.

3) Activity Classification via Cross-Entropy Loss: For the
task of multiclass activity classification within our model,
we employ the cross-entropy loss function to evaluate the
difference between the predicted probability distributions of
the model and the actual distribution of activity labels. Given
a finite set of k possible activities A = {a1, . . . , ak}, the model
predicts a probability distribution P(x) = (p1, . . . , pk) for
each input sample x , where each pi represents the predicted
probability of x being associated with activity ai .

The cross-entropy loss Lclass for an individual input sample
is defined as

Lclass(P, atrue) = −

k∑
i=1

yi log(pi ).

Here, y is a one-hot encoded vector representing the true
activity label, with yi = 1 if the true activity is ai and y j =

0 for all j ̸= i , and pi is the model’s predicted probability
that the input x belongs to class i .

The objective during the training phase is to minimize
the cross-entropy loss Lclass over all samples in the train-
ing dataset. This minimization drives the adjustment of the
model’s parameters to align the predicted probability distri-
bution more closely with the true distribution of the labels,
thereby enhancing the model’s precision in identifying the
correct activity class among the multiple categories.

4) Representation Learning via MSE Loss: To enhance our
model’s representation learning capability, we employ the
mean squared error (MSE) loss function. This approach
focuses on minimizing the element-wise squared differences
between the predicted latent representation, Q(z|x), and the
target latent representation as ground truth, P(z), where z
represents the latent embeddings and x is the input sensor
data.

The MSE loss, L repr, for an input x is defined as

L repr(P, Q) =
1
N

N∑
i=1

(P(zi ) − Q(zi |x))2.

Here, N is the dimensionality of the latent space, zi is
the i th element of the latent vector, P(zi ) corresponds to the
i th element of the target latent representation, and Q(zi |x) is
the i th element of the predicted latent representation for the
input x . This loss function aims to reduce the discrepancy
between the predicted and actual latent representations on an
element-wise basis.

Minimizing L repr during the training phase encourages the
model to adjust its parameters such that Q(z|x) more accu-
rately approximates P(z) for each element. This is guiding
the model toward generating latent representations that are
not only meaningful but also semantically aligned with the
descriptive nuances conveyed by language. This methodolog-
ical choice underscores our commitment to achieving a deep
semantic synchronization between sensor-derived data and
linguistic representations, pivotal for nuanced understanding
and analysis within smart environments.

5) Addressing Activity Representation Challenges Through
MTL: Representing activities in smart environments extends
beyond merely mapping the same activities to consistent
latent representations. A particular challenge, exemplified by
discrepancies in activity labels such as “Open Door 1” versus
“Open Door 2,” illustrates the need for a model capable
of distinguishing between subtly different activities while
concurrently merging their representations into a unified latent
space.

Challenge:
Differentiate (“open door 1,”“open door 2”) while
Consolidating into Zuniversal.

This scenario underscores the critical role of MTL within
our framework. Our model is designed to navigate the dual
objectives of identifying distinct tasks and harmonizing their
representations simultaneously. The presence of overlapping
activities within sensor datasets—where activities may be
identical in some perspectives and divergent in others—
mandates a solution that not only categorizes these activities
accurately but also aligns them within a universal latent space,
denoted as Zuniversal.

Objective:

Discern
(
Aidentical,Adivergent

)
and Align within Zuniversal.

This dual requirement amplifies the intricacy of our task,
compelling the model to not only distinguish between different
activities within the same dataset but also to ensure their
semantic integration where relevant, as fulfilled by the univer-
sal latent space representation, Zuniversal. Leveraging MTL, our
model adeptly handles these complex objectives, enhancing
activity recognition and representation in smart environments.

D. Encoder Model
Fig. 2 (left panel) delineates our encoder’s design, trained

on three public sensor datasets with 300 epochs and a learn-
ing rate of 1e − 3, utilizing the AdamW optimizer. Upon
preprocessing, we pass the data through a fast Fourier con-
volution (FFC) layer for efficient initial feature extraction.
The core innovation, the PMB-MLP-FFC module, supports an

Authorized licensed use limited to: Rutgers University. Downloaded on January 26,2026 at 21:41:01 UTC from IEEE Xplore.  Restrictions apply. 



YUAN et al.: GeXSe: A DEEP GENERATIVE METHOD FOR HAR OF SMART SPACES IOT 12413

Fig. 2. Encoder model (left) incorporating a novel MTL loss to concurrently optimize for classification and semantic representation. It features a
unique PMB-MLP-FFC module (right), adeptly extracting comprehensive features from different sensor types.

arbitrary number (n) of PMB-MLP-FFC blocks in sequence
with n − 1 residual connections and ReLU activation layers
to suit various data complexities while avoiding the vanish-
ing gradients problem. In this study, we implemented two
instances of the PMB-MLP-FFC module, linked through a
single residual connection, facilitating diverse feature extrac-
tion through its multibranch structure with variable hidden
layers. Drawing on the strengths of MLP for local feature
analysis [46], [82] and FFC for global perspectives [15],
our architecture fosters a synergistic local–global feature
extraction capabilities—distinctly diverging from conventional
inception network frameworks [78]. The architecture comes to
a global average pooling layer, which condenses the feature
maps into a unified form suitable for subsequent tasks: a
classification module powered by MLP and FFC and cross-
entropy loss, and a semantic latent embedding module based
on a single MLP layer optimized with MSE loss.

1) Fast Fourier Convolution: The FFC, introduced by Chi
et al. [15], represents a novel approach in machine learning,
predominantly applied within computer vision. This study
extends its application to smart home sensors, aiming to
harness FFC for enhanced feature extraction in HAR. Given
the inherent frequency and periodicity in human activities,
we capitalized on FFC’s potential for robust feature delin-
eation and irrelevant feature filtration. The pseudocode in
Algorithm 1 details the FFC process, converting sensor data
into the frequency domain for channel-wise analysis. This
conversion facilitates 1-D convolution, normalization, and
activation via the ReLU function, allowing pattern learning
in Fourier-transformed data. The uniform treatment of multi-
channel data in the Fourier domain underscores the versatility
of this approach, demonstrating sensor-type agnosticism and
signal characteristic discernment.

2) PMB-MLP-FFC Module: As elucidated in the previous
chapter, the heterogeneity in smart space sensor configura-
tions and data typologies necessitates an architecture adept at
accurately interpreting such diverse sensor information.

Convolutional neural networks (CNNs) have been exten-
sively validated as effective for analyzing smart space sensor
data, as evidenced by recent studies [5], [63]. Despite their
prevalent adoption, CNNs, which rely on convolution as

Algorithm 1 Application of Fast Fourier Convolution on
Sensor Data [15]

Input Data: x
xreal , ximag = Real_FFT(x)

X = Concatenate([xreal , ximag], dim = channel)
X = ReLU(BatchNorm(Conv1d(X)))

xreal ′ , ximag′ = Split(X), dim = channel)
x = iFFT(xreal ′ , ximag′)

opposed to the simple matrix multiplications found in multi-
layer perceptrons (MLPs), introduce additional computational
complexity and execution time due to their intricate opera-
tional mechanisms [80]. Notably, there have been instances
where a singular MLP layer outperformed its CNN counter-
parts in specific tasks [36].

In response, we introduce the PMB-MLP-FFC module
(illustrated in Fig. 2, right panel), engineered to capture
patterns and extract a wide array of feature types across
disparate datasets. This module comprises four distinct parallel
branches that process an input tensor with unique contributions
while preserving the input dimensionality. These branches are
differentiated by their hidden sizes.

Three of these branches each stack an MLP expanding the
input tensor’s dimensionality by a factor of two, an FFC,
and a subsequent MLP that acts as a bottleneck, shrinking
the tensor’s dimension to a quarter of its original size. This
design strategy ensures that each branch contributes equally
to the output tensor’s dimension. The fourth branch, an MLP-
only pathway with the same pattern of a fully connected layer
followed by a GELU activation function, similarly contracts
its output to a quarter of the input size. Following the
individual processing, the output tensors from all branches
are concatenated, ensuring the final output tensor matches the
input tensor’s size. A GELU activation function is applied to
this concatenated tensor to produce the final output.

E. General Purpose Decoder
We introduce a framework designed for sensor-based video

explanation, leveraging videos pre-trained across various types
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Fig. 3. Sensor-to-video generation process.

and latent representations derived from language models.
This setup enables the direct translation of sensor data into
video descriptions at a rate of 24 frames/s. Our methodology
involves a decoder training strategy that aggregates diverse
activity videos, pairing them with corresponding language
embeddings. This initial pairing serves to train the decoder,
which is subsequently employed to interpret latent represen-
tations derived from sensor data across various domains. This
approach is specifically tailored to scenarios where computa-
tional resources are limited, acknowledging the complexity of
training vision domain models like 3-D UNet in comparison
to models processing 1-D sensor data.

1) Stable Diffusion for Activity Description: Our proposed
approach leverages the concept of stable diffusion, map-
ping sensor data to visual representations through a Markov
chain-based process. The framework, as delineated in Fig. 3,
introduces a systematic diffusion from the domain of sensor
inputs to visual outputs over T discrete steps. This process,
represented by q(x1:T |x0), incrementally infuses noise into
the data, thereby facilitating the generation of new latent
vectors that gradually conform to a target Gaussian distribution
characterized by mean µt and variance σ 2

t , with β serving as
a control parameter

q(x1:T |x0) =

T∏
t=1

q(xt |xt−1) (2)

q(xt |xt−1) = N
(
xt ; µt =

√
1 − βt xt−1, σ

2
t = βt I

)
. (3)

Crucially, our generative model adapts to the inherent vari-
ability of the sensor data via a conditional diffusion model.
Equation (4) formalizes this adaptive mechanism, where y
represents specific activity conditions detected by the sensors,
such as a person running. The encoder first converts these
conditions into a latent embedding, which the decoder then
utilizes to synthesize a corresponding visual narrative

pθ (x0:T |y) = pθ (xT )

T∏
t=1

pθ (xt−1|xt , y) (4)

∇xt log pθ (xt |y) = ∇xt log pθ (xt ) + s · ∇xt log pθ (y|xt ) (5)
µ̂(xt |y) = µθ (xt |y) + s · σθ (xt |y)∇xt log fφ(y|xt , t).

(6)

This framework not only simplifies the sensor-to-visual
domain translation but also enriches the generated video
with nuanced details reflective of the underlying sensor data,
offering a sophisticated means to visualize sensor-detected
activities.

Practical application example: As depicted in Fig. 1,
consider a scenario where sensor arrays in a smart home
environment detect the pattern of someone closing a dish-
washer. The encoder translates this specific pattern into a latent
vector, capturing the dishwasher closing activity’s unique
characteristics. Subsequently, the decoder, informed by this
latent vector and leveraging the stable diffusion process,
generates a short video segment that visually depicts the
dishwasher closing activity. This showcases the model’s ability
to transform abstract sensor data into a visually understandable
representation, thereby offering a more comprehensive insight
into the dynamics of smart spaces.

F. Neural Symbolic Reasoning
Beyond standard video narratives, real-world applications

often encounter variations in sensor domain descriptions for
identical activities performed by different individuals or in
different conditions. By leveraging insights from sensor contri-
butions quantified through sensor channel activations derived
from the encoder, we integrate symbolic reasoning to enable
nuanced representation of sensor variations corresponding to
the same video descriptions [22]. By establishing this low-
cost, zero-shot translation system, our approach enables the
generation of contextually rich video descriptions adaptable
to diverse sensor inputs without necessitating further decoder
retraining to accommodate such information.

This process involves the following steps.
1) Quantification of sensor activation: Sensor data, encom-

passing a diverse array of physical phenomena, is quan-
tified by the model to produce activation levels for each
sensor channel, symbolically represented by a continu-
ous value in the interval [0, 1].

2) Symbolic encoding: These quantified activations are then
symbolically encoded into the video output. Symbolic
reasoning is employed to map specific activation levels
to predetermined visual cues or modifications within the
video, such as altering the speed of video or changing
temperature indicator based on the activation of the
accelerometer and temperature sensor, respectively.

Formally, let S = {s1, s2, . . . , sn} denote the set of sensor
channels, and A = {a1, a2, . . . , an} represent the correspond-
ing activation levels, where ai ∈ [0, 1] for each sensor
channel si . The symbolic reasoning process, denoted as f :

A → V , maps these activation levels to a set of visual
modifications V , thus transforming quantitative sensor data
into qualitative visual representations. This mapping is defined
by a set of rules or functions that dictate how activation levels
influence specific aspects of the video output, enhancing the
interpretability and informativeness of the visualized data

Vi = f (ai ) ∀i ∈ {1, 2, . . . , n}. (7)

This problem definition underscores our approach to lever-
aging symbolic reasoning for the intuitive and dynamic
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Fig. 4. Four frames of the symbolic reasoning output for “Ascending Stairs” and “Vacuum Cleaning” activities, illustrating variations in sensor
activation levels per activity in comparison to their respective baselines. Normalized sensor activation values for heart rate, accelerometer, and
temperature are noted. The overall output frames are 24.

representation of sensor data within video outputs, aiming to
provide users with a richer understanding of the underlying
sensor contributions while obviating the need for retraining
the decoder model to offer such information.

Fig. 4 illustrates selected outcomes of the symbolic reason-
ing for two activities, each with two examples of different
activation levels, showcasing the variance in heart rate (indi-
cated by the pulse rate of the heart shape in the top right
corner), temperature (represented by a red bar in the bottom
left corner), and accelerometer readings (reflected through
the manipulated frame rate of video) following symbolic
reasoning.

IV. EXPERIMENTS AND RESULTS

In this section, we detail our experimental setup and out-
comes, focusing on evaluating the performance of our encoder
and the resultant decoder outputs. Initially, we describe the
datasets utilized in our study. Subsequently, we assess the
encoder’s effectiveness in capturing and representing sen-
sor data. Finally, we appraise the quality of our vision
domain explanations through human evaluation across various
dimensions.

A. Datasets
In selecting datasets for our experiments, we encountered

several challenges that needed to be addressed. The primary
issues were the translation of the same activities across
different sensor types (using body-mounted sensors, smart-
phone sensors, and ambient sensors in different datasets) and
distinguishing between subtly different activities. To tackle
these challenges, we selected three publicly available datasets:
PAMAP2, UCI-HAR, and Opportunity. The activity types
present in the UCI-HAR dataset can be considered a subset of
those in PAMAP2, which helps address the issue of translating
the same activity across various sensors. The Opportunity
dataset, known for its focus on smart space HAR, addresses
the challenge of classifying similar activities differently, such
as distinguishing between “Open Door 1” and “Open Door 2.”

The training and testing datasets are constructed from
nonoverlapping subjects to ensure generalizability; individuals
featured in the testing set were not included in the training
phase. The effectiveness of the classification is evaluated using

the macro F1 score, serving as the primary metric for testing
performance. Below are the details of each dataset.

1) PAMAP2: The PAMAP2 [70] dataset is a rich repos-
itory of physical activity data, captured from a group of
nine individuals (comprising eight males and one female),
who were instructed to perform a comprehensive array of
18 lifestyle activities. These activities span from daily house-
hold chores, such as lying down, sitting, standing, walking,
running, cycling, Nordic walking, ironing, vacuum cleaning,
jumping rope, as well as ascending and descending stairs,
to various leisure pursuits including watching television, work-
ing on a computer, driving, folding laundry, house cleaning,
and playing soccer. Participants were outfitted with three
inertial measurement units (IMUs) attached to their hand,
chest, and ankle, which meticulously recorded data across
multiple parameters: accelerometer, gyroscope, magnetometer,
temperature, and heart rate, over the duration of 10 h. The
constructed PAMAP2 dataset comprises 36 dimensions, with
the data segmented into fixed-width sliding windows of 2.56 s,
each overlapping by 50%, resulting in 256 readings for every
window due to a sampling rate of 100 Hz. These 36 distinct
signals formed the input for our model.

2) UCI-HAR: The UCI HAR dataset [2] collects activity
data from 30 participants using waist-mounted smartphones
with inertial sensors, aiming to classify six basic activi-
ties: three static postures (standing, sitting, lying) and three
dynamic movements (walking, walking downstairs, and walk-
ing upstairs). Triaxial linear acceleration and angular velocity
data were recorded at a 50-Hz sampling rate, segmented
into 2.56-s sliding windows with a 50% overlap, resulting
in 128 readings per window. Preprocessing included noise
reduction via median and third-order low-pass Butterworth
filters with a cutoff frequency of 20 Hz, which also served
to segregate the acceleration signal into body motion and
gravitational components. This meticulous preparation yielded
a dataset with nine processed signal channels, ready for input
into deep learning models for comprehensive activity analysis.

3) Opportunity: The Opportunity [72] activity recognition
dataset is a robust collection of naturalistic activities, acquired
in a sensor-rich environment leveraging 72 different environ-
mental and body sensors across 12 subjects, four subjects
were released to the public. Utilizing 15 networked sensor
systems spanning ten sensor modalities, integrated within the
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TABLE I
BENCHMARK HAR MODELS FOR COMPARATIVE ANALYSIS

environment, embedded in objects, and worn on the body,
the dataset is particularly advantageous for benchmarking a
variety of activity recognition methodologies. For our analysis,
we focused solely on data from the IMUs, including triaxial
accelerometers, gyroscopes, and magnetometers, among oth-
ers, while omitting quaternion data. This approach provided
us with 77 distinct signal channels. The dataset was sampled
at 30 Hz, and we employed 3-s windows for data extraction,
which yielded 90 samples per window, forming the input for
our model.

B. Encoder Performance
This section is dedicated to assessing the classification

capabilities of our encoder. Experimental results demonstrate
that our design not only facilitates the development of a gen-
eralized encoder but also enhances classification performance
in comparison to models dedicated solely to classification
tasks.

We conducted a comprehensive comparative analysis of
various smart space HAR models, highlighting differences in
architecture and parameters for a broad evaluation. Table I
delineates the models ranging from basic configurations such
as CNNs and LSTM networks to more complex models like
AROMA and DeepConvLSTM, which have a significantly
larger parameter count. Our model features an FFC module
for global feature representation, prompting us to include a
comparison with a typical transformer-based model (THAT)
known for its global feature-capturing capabilities through
attention mechanisms. Additionally, we benchmark against
UniTS, a Fourier-based machine learning model, which, akin
to THAT, aligns with our model in terms of parameter count,
enabling a direct comparison to elucidate differences in per-
formance and efficiency. Brief descriptions of these models
are provided as follows.

1) vLSTM [53]: The architecture comprises multiple LSTM
cells arranged in a stack, intended for analyzing features
within the sensor dataset. This recurrent configuration
facilitates the recognition of temporal dynamics and
spatial relationships. The performance of this recurrent
model in discerning patterns within time series sensor
data is demonstrated.

2) CNN-HAR [87]: The architecture primarily consists of
a CNN utilized for recognizing human activities based
on data from multiple sensors. To integrate feature maps
from diverse sensors, the model formulates layers that
extract pertinent features essential for distinguishing
various activities. The objective is to synergize feature

learning and classification, thereby enhancing the overall
recognition process.

3) AROMA [62]: It constitutes a multitask learning
paradigm employing a residual-based architecture.
It simultaneously integrates convolutional, pooling, and
fully connected layers as hidden components for multi-
task learning.

4) DeepConvLSTM [56]: It represents a multimodal wear-
able sensor model founded on LSTM and CNN
architectures. This model incorporates a recurrent mod-
ule designed to capture temporal dynamics and facilitate
seamless sensor fusion. In contrast to CNN alone, the
inclusion of the recurrent module enables the effective
modeling of time-series data’s temporal variations.

5) THAT [43]: It introduces a novel approach to HAR
by exploiting WiFi signals’ unique variations due to
human movement. It addresses the limitations of existing
WiFi-based HAR methods by capturing both time-
over-channel and channel-over-time features using a
two-stream structure. The model incorporates multiscale
convolution augmented transformers to detect range-
based patterns, demonstrating superior performance and
efficiency across real experiment datasets.

6) UniTS [44]: It integrates short-time Fourier transform
(STFT) principles into deep neural networks for sen-
sory time-series classification, eliminating the need for
domain-specific feature engineering or intensive hyper-
parameter tuning. By making STFT weights trainable
within its architecture, UniTS adeptly combines time and
frequency domain information to discern discriminative
patterns in sensory data, demonstrating its effectiveness
across various datasets with a notable improvement in
classification performance.

As illustrated in Table II, our encoder consistently outper-
forms the aforementioned models in terms of precision, recall,
and F1 scores across different datasets. Specifically, in the
UCIHAR dataset, which features only six activities, our model
outperforms all others by achieving the highest classification
accuracy, as well as its own best performance, with an F1
score of 0.96. For the PAMAP2 dataset, despite the challenge
of classifying a larger variety of activities (12 in total), GeXSe
still achieves a notable performance with an F1 score of
0.89, indicating its better consistency in performance across
diverse activity sets compared to competitors. Lastly, for the
Opportunity dataset, known for its imbalance issues, GeXSe
again sets the benchmark with the highest F1 score of 0.83.
This demonstrates its relative robustness and effectiveness
in dealing with imbalanced datasets, where it significantly
outperforms other models in recognizing activities despite the
challenging data conditions.

The lower performance in datasets with a higher number
of activities and/or imbalance, like PAMAP2 and Opportu-
nity, suggests that traditional transformers might not be the
optimal choice for handling sensor data with these character-
istics. Our encoder, with its FFC-MLP design, is specifically
engineered to leverage both global and local features effec-
tively, addressing potential issues commonly associated with
transformers. This design choice is pivotal in enhancing our
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TABLE II
COMPREHENSIVE COMPARISON OF DIFFERENT HAR MODELS ACROSS PAMAP2, UCIHAR, AND OPPORTUNITY DATASETS

Fig. 5. Normalized confusion matrices: UCIHAR (left), PAMAP2 (middle), and Opportunity (right).

model’s adaptability and performance across datasets with
varying characteristics, demonstrating its robustness and the
effectiveness of incorporating both global and local feature
analysis in activity recognition tasks.

Examining more closely, the PAMAP2 dataset exhibits
robust performance across activities, though standing and
descending stairs reveal lower recognition rates, as shown
in Table III. The UCIHAR dataset, referenced in Table IV,
achieves higher recognition rates, albeit with difficulty distin-
guishing between walking and walking upstairs, indicating the
closeness of these activities in the latent embedding space. The
Opportunity dataset, mentioned in Table V, highlights a high
recognition rate for drinking activities due to a predominance
of such data, leading to imbalance. This imbalance impacts
intra-class classification, such as differentiating between open-
ing drawer 1 and drawer 2.

The detailed insights from the normalized confusion
matrices in Fig. 5 reveal varying intra-class classification
performance levels across datasets. The UCIHAR dataset
showcases the highest performance, while The PAMAP2
dataset highlights some challenges in differentiating between a
few activities like standing and sitting, indicating the closeness
of such activities in the latent embedding space. Meanwhile,
the Opportunity dataset illustrates more often difficulties
in intra-class classification, underlining the model’s struggle
with distinguishing closely related activities. Nevertheless, our
model’s architecture supports intra-class classification more
effectively than the competitors, demonstrating its capability
to produce consistent embedded vectors for classification and
decoding purposes.

TABLE III
ACTIVITY ANALYSIS OF PAMAP2 DATASET

TABLE IV
ACTIVITY ANALYSIS OF UCIHAR DATASET

C. Decoder Performance
Model interpretation and multimodal data representation

are two distinct concepts within the field of data science
and machine learning, each addressing different aspects of
working with complex data. Model interpretation focuses
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TABLE V
ACTIVITY ANALYSIS OF OPPORTUNITY DATASET

on understanding and explaining the decisions, predictions,
or outputs generated by a machine learning model. It aims
to make the model’s operations transparent, allowing humans
to comprehend how input data is transformed into outputs,
identify the significance of different features, and assess the
model’s reliability and biases. This is crucial for trust, account-
ability, and ethical considerations, especially in applications
affecting real-world decisions.

On the other hand, multimodal data representation concerns
the integration and processing of data from multiple sources
or types, such as text, images, audio, and video, within a
single model or analytical framework. The challenge here
lies in effectively combining diverse data formats to leverage
their combined predictive power or insights, which requires
sophisticated data preprocessing, feature engineering, and
model architecture adjustments. Multimodal representation is
essential in applications like automatic content recognition and
sentiment analysis, where input comes in various forms and
enhances the model’s understanding by providing it with a
richer, more comprehensive view of the data.

1) Sensor Channel Activation Feedback Survey: Our
approach employs a multimodal methodology, indicating that
the conventional techniques for assessing model interpretabil-
ity are not applicable to our method. In light of this, we rely
on human evaluation to assess the performance of our model,
which aims to produce videos where variations in input data
rates are perceptibly reflected in the output videos. Hence,
we designed two surveys to conduct such human evaluation
studies.

In the first survey, we focus on assessing human observers’
preferences for different sensor data representation methods
within video generation models. This survey aims to com-
pare the effectiveness of our proprietary method against two
established model explanation techniques, Gradcam and local
interpretable model-agnostic explanations (LIMEs), in com-
municating the relevance of sensor data to the generated
representation.

In the Representation Preference Evaluation Survey, par-
ticipants are presented with a series of representations of

Fig. 6. Human assessment of method preferences.

activities, each annotated with visual highlights generated
by different explanation techniques. These highlights aim
to indicate areas of the representation that are most influ-
enced by the sensor data inputs. The participants’ task is
to review these representations and rate how distinguishable
and interpretable the activities are represented (from “Strongly
Disagree” to “Strongly Agree”) in each method. This choice
is reflective of the participants’ subjective perception of which
technique provides the clearest and most understandable visual
explanation.

The second survey serves to validate whether changes in
acceleration, heartbeat rate, and temperature input data rates
are clearly conveyed and discernible in the model-generated
videos from a human observer perspective, thus examining the
perceived visual influence of the input data on the rendered
videos. The premise is that an increase in an input data rate
(e.g., acceleration) should result in a perceptible increase in
the corresponding visualized measure (e.g., higher frame rate).
This principle applies similarly to other data types.

In the Sensor Channel Activation Feedback Survey, par-
ticipants are presented with a series of videos rendered by
our model using varying input rates, along with a baseline
video for comparison. Their task is to assess the agreement
level (from “Strongly Disagree” to “Strongly Agree”) that
the variations in input rates are perceptibly reflected in the
visualized changes between videos. This allows us to evaluate
how understandably our model communicates the relationship
between data inputs and video outputs to external viewers.

The results presented below are derived from surveys
conducted both in-person and online. We gathered feedback
from a total of 60 participants with different backgrounds.
To mitigate any potential bias introduced by the order of
the survey, we divided participants into separate groups, each
comprising 30 individuals, to assess distinct topics. The total
valid response is about 900.

2) Representation Preference Evaluation Survey: Fig. 6
illustrates the results of the Representation Preference Eval-
uation Survey. The survey aims to ascertain the preferred
methodology for feature extraction from sensor data mod-
els. The normalized preference ratings for three distinct
methodologies—Gradcam, LIME, and our proposed GeXSe
technique—are presented in a box plot format.

From the data, it is evident that GeXSe secures higher
median preference ratings in comparison to Gradcam and
LIME, indicating a marked preference among users for this
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Fig. 7. Human assessment of sensor-based video descriptions.

method. The interquartile range and the whiskers of the
box plots reflect the variance in user preferences, with the
occurrence of outliers further depicting the diversity of opin-
ions. Notably, the LIME methodology demonstrates a more
concentrated distribution of ratings, suggesting a consensus in
user perception regarding its interpretability. Conversely, the
wider spread in the ratings for GeXSe and Grad-CAM suggests
a broader range of user preferences, yet with an inclination
toward higher favorability.

Fig. 7 presents the results from the Sensor Channel Acti-
vation Feedback Survey. The survey is designed to evaluate
the perceived effectiveness of video content modifications
triggered by sensor channel activations. Ratings are normalized
on a scale from 0 to 1 and presented in a box plot format.

For the PAMAP2 dataset, user consensus is quantified
regarding the visual representation of sensor data: the pulse
rate depicted by a heart shape for the heartbeat sensor, the
level of a red bar for temperature data, and the video frame rate
corresponding to accelerometer readings. The Opportunity and
UCIHAR datasets, however, focus on representing accelerom-
eter data via frame rate alterations alone. UCIHAR, with its
narrower scope of activity types, achieves a higher median
rating, suggesting that the representation’s simplicity correlates
with stronger user consensus. The same pattern is closely
followed in the Opportunity dataset case. In contrast, PAMAP2
shows a more dispersed range of user responses, attributed to
its variety of sensor types and activity types. This diversity
suggests that an increase in the types of sensor and activity
data correlates with a wider range of user interpretations and
assessments.

V. LIMITATIONS

Beyond the contributions of our study, we aim to outline
several limitations pertinent to our research.

1) First, the model’s capability is currently confined to
recognizing a restricted set of activities, which does
not fully capture the complexity of real-life scenarios
where multiple activities may occur simultaneously.
This limitation suggests that the single-activity detec-
tion approach may not be sufficient for more intricate
situations.

2) Second, the inference time for the stable diffusion
model, with our settings tuned to t = 500, is substantial.
To enhance the model’s feasibility for real-time or

near-real-time applications, it is imperative to reduce this
inference duration.

3) Third, the diffusion process at this stage can occa-
sionally produce unstable or inaccurate outputs. This
imperfection necessitates attention as the model may
render frames that do not precisely represent the input
descriptions.

4) Lastly, the majority of the datasets used to train and
evaluate smart space models are derived from indoor
settings. Such datasets lack heterogeneity and complex-
ity present in outdoor or less structured environments.
To bridge the gap, there is a pressing need for diverse
datasets that more accurately capture the broad spectrum
of human activities in various settings.

VI. CONCLUSION AND FUTURE WORK

In this study, we introduced GeXSe, a generative multitask
framework for HAR in smart spaces, which proved efficient
in fusing sensor data for not only classification but also for
generating explanatory visual narratives, accessible to users
without expertise in machine learning. By training our encoder
to distill cross-domain sensor inputs into a unified semantic
representation and leveraging a pre-trained vision domain
decoder alongside symbolic reasoning, we effectively manage
the variability inherent in sensor data. Our experiments across
several public datasets demonstrate the encoder’s ability to
provide a universal activity representation and achieve supe-
rior classification F1 scores, with human evaluations further
affirming the preferability of our methodology. Future work
will explore extending this methodology to more complex real-
world scenarios, aiming for faster, practical applications to
enhance sensor data comprehension.
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