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Abstract

Four major evolutions of industrialization have occurred throughout human history,
impacting economic growth, population expansion, and significant social transfor-
mations. Industry 5.0 is regarded as the next industrial revolution, and its objective
is to leverage the creativity of human experts in collaboration with efficient, accurate,
and intelligent machines. In this context, the transformation of industrial resources
into intelligent and adaptive objects with sensing and acting capabilities leads to
intelligent manufacturing. To comprehensively enhance manufacturing systems ca-
pabilities, this thesis presents cutting-edge learning-based techniques around the
four key pillars of intelligent manufacturing: efficient on-edge computing, accu-
rate anomaly detection, sustainable new products performance forecasting, and
human-centered systems design.

In the efficient on-edge computing domain [1], we explore the application of
Split Computing (SC), where a Deep Neural Network (DNN) is intelligently split with
a part of it deployed on an edge device and the rest on a remote server, enabling real-
time processing on large-scale industrial data. Firstly, we developed the I-SPLIT [2]
and Split-Et-Impera [3] techniques to partition learning models efficiently. However,
in many industrial scenarios, the same DNN is used for multiple inference tasks.
So, in MTL-Split [4], we studied how to partition such a multi-tasking DNN to
be deployed within an SC framework. In Sparsity-SC&EE [5], we present the
effect of predefined sparsity within SC to significantly reduce computational, storage,
and energy demands during training and inference. We also introduce LO-SC [6],
a methodology that leverages the principles of SC to split a DNN for execution
entirely on an edge device without sacrificing model accuracy. Finally, we present
LE-CPSs [7], examining SC architectures and their impact on controller design.

Predictive Maintenance (PdM) plays a fundamental role in intelligent man-
ufacturing since it guarantees the ongoing reliability and efficiency of advanced
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technological systems [8]. Central to PdM is anomaly detection, which serves as the
initial step in identifying potential issues. This thesis explores both vision-based and
time-series-based approaches to tackle this task. In the vision domain, our research
focuses on Surface Defect Detection (SDD). Specifically, we develop In&Out [9]
and DIAG [10], two diffusion-based data augmentation methodologies to enhance
the performance of learning classifiers. For time-series data, we present GAIA [11],
in which we highlight the role of Generative Artificial Intelligence (GenAI) in over-
coming the limitations of real-world data, and ChronosAD [12], the first application
of time-series foundation models for fault classification.

Another core principle of intelligent manufacturing is sustainability. In partic-
ular, the fast fashion industry represents the second most pollutive industry in the
world [13]. Accordingly, we focus on addressing sustainability challenges within this
sector. In particular, we target the New Fashion Products Performance Forecasting
(NFPPF) task and introduce MDiFF [14] and Dif4FF [15], two novel pipelines
based on multimodal diffusion models for forecasting sales of new fashion products.

The final aspect centers on fully integrating humans within intelligent man-
ufacturing environments. In WiFi-Based Detection [16] and SITUATE [17], we
develop systems to predict environmental conditions and human movements in indoor
settings, ensuring worker safety while maintaining operational efficiency. Finally,
in HC-DT [18], we introduce the first pipeline for implementing human-centered
Digital Twins (DTs).

Most of the presented works were examined into the manufacturing infrastructure
of the Industrial Engineering Laboratory (ICE Lab). This practical integration
allowed for the evaluation of the proposed systems within an operational environment,
ensuring their effectiveness and functionality.



Contents

List of Figures xi

List of Tables xix

1 Introduction 1

1.1 Contributions . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 5

1.2 Outline . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

1.3 Publications . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2 On-Edge Computing 14

2.1 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 18

2.2 I-SPLIT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.2.1 CUI Curve Computation . . . . . . . . . . . . . . . . . . . 22

2.2.2 Split Application . . . . . . . . . . . . . . . . . . . . . . . 23

2.2.3 Re-Training Strategy . . . . . . . . . . . . . . . . . . . . . 24

2.2.4 Experimental Results . . . . . . . . . . . . . . . . . . . . . 24

2.3 Split-Et-Impera . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

2.3.1 The Split-Et-Impera Framework . . . . . . . . . . . . . . . 30

2.3.2 Experimental Results . . . . . . . . . . . . . . . . . . . . . 33

2.4 MTL-Split . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

2.4.1 Proposed Architecture . . . . . . . . . . . . . . . . . . . . 38



viii Contents

2.4.2 Training Strategy . . . . . . . . . . . . . . . . . . . . . . . 38

2.4.3 Fine-Tuning the Model . . . . . . . . . . . . . . . . . . . . 39

2.4.4 Experimental Results . . . . . . . . . . . . . . . . . . . . . 40

2.5 Sparsity-SC&EE . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

2.5.1 Mathematical Background of Predefined Sparsity . . . . . . 46

2.5.2 Experimental Results . . . . . . . . . . . . . . . . . . . . . 48

2.6 LO-SC . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

2.6.1 Optimization Problem Formulation . . . . . . . . . . . . . 55

2.6.2 Computational Complexity . . . . . . . . . . . . . . . . . . 59

2.6.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . 59

2.7 LE-CPSs . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 65

2.7.1 Basics of Controller Design . . . . . . . . . . . . . . . . . 65

2.7.2 Controller Design for Split Computing . . . . . . . . . . . 66

3 Accurate Anomaly Detection 69

3.1 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

3.2 In&Out . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 74

3.2.1 Zero-Shot Data Augmentation . . . . . . . . . . . . . . . . 74

3.2.2 N-Shot Data Augmentation . . . . . . . . . . . . . . . . . . 75

3.2.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . 76

3.3 DIAG . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 84

3.3.1 Multimodal Diffusion-Based Image Generation . . . . . . . 84

3.3.2 The DIAG Pipeline . . . . . . . . . . . . . . . . . . . . . . 86

3.3.3 The Anomaly Detection Task . . . . . . . . . . . . . . . . . 87

3.3.4 Experimental Results . . . . . . . . . . . . . . . . . . . . . 87

3.4 GAIA . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

3.4.1 The C-GAN Architecture . . . . . . . . . . . . . . . . . . . 93



Contents ix

3.4.2 GAIA Data Augmentation . . . . . . . . . . . . . . . . . . 94

3.4.3 The DSLG D/R Dataset . . . . . . . . . . . . . . . . . . . 94

3.4.4 DSLG D/R Statistical Data Analysis . . . . . . . . . . . . . 96

3.4.5 Experimental Results . . . . . . . . . . . . . . . . . . . . . 97

3.5 ChronosAD . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 101

3.5.1 Problem Statement . . . . . . . . . . . . . . . . . . . . . . 102

3.5.2 ChronosAD Training Strategy . . . . . . . . . . . . . . . . 103

3.5.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . 106

4 Sustainable New Products Performance Forecasting 112

4.1 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

4.2 MDiFF . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

4.2.1 Problem Formalization . . . . . . . . . . . . . . . . . . . . 117

4.2.2 Our Score-Based Diffusion Model . . . . . . . . . . . . . . 117

4.2.3 Multimodal Conditioning . . . . . . . . . . . . . . . . . . 118

4.2.4 MLP-Based Diffusion Outputs Refinement . . . . . . . . . 119

4.2.5 Experimental Results . . . . . . . . . . . . . . . . . . . . . 120

4.3 Dif4FF . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 126

4.3.1 Our Improved Multimodal Conditioning . . . . . . . . . . . 126

4.3.2 GCN-Based Diffusion Outputs Refinement . . . . . . . . . 127

4.3.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . 128

5 Human-Centered Systems Design 135

5.1 Related Works . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

5.2 WiFi-Based Detection . . . . . . . . . . . . . . . . . . . . . . . . . 141

5.2.1 Data Collection Setup . . . . . . . . . . . . . . . . . . . . 141

5.2.2 The Proposed Deep Network . . . . . . . . . . . . . . . . . 143



x Contents

5.2.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . 145

5.3 SITUATE . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 150

5.3.1 The SITUATE Prediction Network . . . . . . . . . . . . . . 153

5.3.2 Feature Initialization . . . . . . . . . . . . . . . . . . . . . 154

5.3.3 Experimental Results . . . . . . . . . . . . . . . . . . . . . 155

5.4 HC-DT . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 160

5.4.1 HC-DT Creation . . . . . . . . . . . . . . . . . . . . . . . 161

5.4.2 Remarks and Outlook . . . . . . . . . . . . . . . . . . . . 163

6 Conclusions 164

6.1 Summary . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

6.2 Limitations and Future Works . . . . . . . . . . . . . . . . . . . . 166

Bibliography 169



List of Figures

1.1 The real-world setup of the Industrial Computer Engineering (ICE)
Laboratory at the University of Verona, where most of the developed
contributions of this thesis have been contextualized and tested. We
focused our research on the four key pillars of intelligent manufac-
turing: edge computing, accurate anomaly detection, sustainable
new products performance forecasting, and human-centered sys-
tems design. The notebook icon with the pencil indicates that the
contribution is currently under submission. . . . . . . . . . . . . . 2

2.1 Overview of research contributions in on-edge computing. . . . . . 15

2.2 Comparing three different approaches to distributed deep learning. . 19

2.3 Overview of our I-SPLIT framework. The input images are fed
into a neural network to extract high-resolution importance maps
using the Grad-CAM algorithm at each layer. Then, we average over
all the image pixels of each map to produce per-image CUmulated
Importance (CUI) curves. Finally, all curves are fused to generate
the general CUI curve. The best splitting point for the network is
the global maximum of the CUI curve. . . . . . . . . . . . . . . . . 21

2.4 Candidate splitting points identified by CDE and the CUI curve of
I-SPLIT on the VGG16. In dashed purple, the accuracy values are
obtained by splitting the network at that point, re-training it, and
testing on a validation set. The “star” markers show the extra points
that our method is able to identify and that were not identified by the
CDE approach. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25



xii List of Figures

2.5 The sensibility of our I-SPLIT method to the chosen interpretability
approach: in gray the CUI using the Gradients approach. In yellow,
Grad-CAM. As visible, Grad-CAM gives a better curve in terms
of proportionality w.r.t. the final class accuracy, while Gradients is
growing as soon as the layer is deeper. . . . . . . . . . . . . . . . . 26

2.6 The behavior of I-SPLIT on preserving the per-class performance
before the split (original model, in blue) and after the split (split
model, in orange). As expected, no dramatic changes in the single
performance are visible, especially with the best and worst perform-
ing classes: the best performance does not become the worst after
the split, and vice-versa. . . . . . . . . . . . . . . . . . . . . . . . 27

2.7 The efficacy of I-SPLIT on different datasets. Both the figures show
the CUI curve of I-SPLIT (solid yellow) and the accuracy when
splitting between a particular layer, retraining, and testing (dashed
purple). On the left, the notMNIST [19] dataset. On the right, the
Chest X-Ray Pneumonia [20] dataset. In both cases, the CUI curve
is shown to be proportional to the accuracy. . . . . . . . . . . . . . 28

2.8 Results of the CDE, I-SPLIT, and accuracy on the ResNet-50. In
particular, the local minimum points of CDE correspond to the local
maximum points of I-SPLIT, and the CUI curve shows to be once
again proportional to the accuracy. The “star” markers show the
extra points that our method is able to identify and that were not
identified by the CDE approach. . . . . . . . . . . . . . . . . . . . 29

2.9 The comparison of splitting results for different subsets of classes.
Top: the CUI curve computed on two different subsets of 15 classes
of the VGG16 architecture. Bottom: the classification accuracy for
two models trained on the same subsets of 15 classes on layers 13
and 15. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30



List of Figures xiii

2.10 The Split-Et-Impera framework. i) Determine the saliency-based
split point candidates. The inputs are fed into a neural network to
extract the saliency maps using the Grad-CAM algorithm at each
layer. Then, we average over all the maps to generate the final
Cumulative Saliency (CS) curve with the candidate split points.
ii) Simulate each candidate by reproducing its computation and its
transmission. iii) Use the simulation statistics to find the best-split
point satisfying the application constraints on accuracy and latency. 31

2.11 Cumulative Saliency (CS) as a function of the layer compared with
the accuracy of the DNN split in that layer. The peaks of the CS
curve correspond to the points in which accuracy is preserved despite
split injection. Thus, the layers in which CS has a local maximum
are the best candidates for splitting. (*) represents a max pooling layer. 33

2.12 Evaluation of the impact of the network on split point selection
for the classification task of the images captured inside the ICE
Laboratory. The network channel is 1 GB/s Full-Duplex with TCP
protocol. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 35

2.13 Accuracy (left) and latency (right) results on the CIFAR-10 test set
for the classification task, contextualized in the Remote-only Com-
puting (RoC) scenario with the use of the TCP and UDP protocols.
The network channel is 1 GB/s Full-Duplex. . . . . . . . . . . . . . 36

2.14 The proposed architecture for handling complex inference tasks on
edge devices by integrating SC and Multi-Task Learning (MTL). . . 37

2.15 Starting from a DNN M (·), we first apply the predefined sparsity,
and then we train the network. After the training stage, we split the
network following the SC and Early Exit (EE) paradigm. As a result,
the final architecture is not so computationally intensive, does not
require huge storage spaces, and has less energy consumption, all
without compromising the overall performance. . . . . . . . . . . . 45

2.16 Histograms of weights in each junction resulting from training a
deep Multi-Layer Perceptron (MLP) on the MNIST dataset. The
network configuration H = [H0, . . . ,Hn] used is [800, 180, 180, 10]. 50



xiv List of Figures

2.17 Accuracy tests by the number of parameters of deep, shallow, and
sparse head MLPs. . . . . . . . . . . . . . . . . . . . . . . . . . . 52

2.18 Accuracy tests by number of parameters of deep, shallow, and sparse
tail MLPs. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 52

2.19 Traditional SC approach versus the proposed Local-only Computing
(LoC) architecture. . . . . . . . . . . . . . . . . . . . . . . . . . . 54

2.20 Two examples of valid assignments of layers to segments. We can
place layers 0 and 1 in the same segment of layer 2 or the previous
ones but not in the following ones. . . . . . . . . . . . . . . . . . . 57

2.21 Comparing our implementation of the multi-constrained ordered
knapsack for LO-SC and knapsack. . . . . . . . . . . . . . . . . . 60

2.22 Splitting points determined by LO-SC when applied to the Mo-
bileNetV1 model. The task is to process images of various reso-
lutions, i.e., 1280px, 1920px, and 2048px, on an NVIDIA Jetson
Nano. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

2.23 Splitting points determined by LO-SC when applied to the VGG16
model. The task is to process images with a resolution of 1280px
on an NVIDIA Jetson Nano and with 1920px and 2048px on an
NVIDIA Jetson Xavier NX. . . . . . . . . . . . . . . . . . . . . . . 62

2.24 SC architectures for a feedback controller. . . . . . . . . . . . . . . 67

3.1 Overview of research contributions in accurate anomaly detection.
The notebook icon with the pencil indicates that the contribution is
currently under submission. . . . . . . . . . . . . . . . . . . . . . . 70

3.2 General schema of our In&Out method. . . . . . . . . . . . . . . . 74

3.3 Normal (top row) and anomalous (bottom row) samples from the
Kolektor Surface-Defect Dataset 2 (KSDD2) dataset. Note that some
defects are very difficult to find. . . . . . . . . . . . . . . . . . . . 76

3.4 Anomalous samples generated by Denoising Diffusion Probabilistic
Model (DDPM). It is evident how it provides in-distribution positive
samples. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 77



List of Figures xv

3.5 Precision of the methods as a function of the number of augmen-
tations. Note that MemSeg has higher overall precision. In&Out
balances this metric. . . . . . . . . . . . . . . . . . . . . . . . . . . 80

3.6 Recall of the methods as a function of the number of augmentations.
Note that DDPM has a higher overall recall. In&Out balances this
metric. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 80

3.7 First row displays some negative samples from the KSDD2 dataset.
Instead, the second row shows some images of positive samples from
the same dataset. In the third row, we show the MemSeg-generated
defect samples. The fourth row shows In&Out generated defect
samples. Lastly, the final row showcases images generated with
DIAG. Notably, the defect images that DIAG generated are more
realistic and in-distribution. . . . . . . . . . . . . . . . . . . . . . . 92

3.8 Distribution of the healthy and faulty simulations samples divided
by class within the DSLG D/R dataset. . . . . . . . . . . . . . . . . 96

3.9 The figure illustrates our ChronosAD architecture. As a data prepa-
ration step, all input time-series data for each channel undergo a
windowing process to segment it into smaller chunks. These seg-
ments are then passed into the Chronos Encoder. The embeddings
are then standardized using L2 normalization to ensure consistent
magnitudes. The normalized embeddings are then processed through
the Temporal Block, which employs Bidirectional Long Short-Term
Memory (LSTM) networks to capture temporal dependencies and a
multi-head attention mechanism to enhance contextual understand-
ing. After processing through the Temporal Block, the embeddings
from all channels are concatenated into a single feature vector. This
concatenated vector is passed through a series of linear layers to pro-
duce the final classification, determining whether the input sequence
is labeled as normal or abnormal. . . . . . . . . . . . . . . . . . . . 101



xvi List of Figures

3.10 This figure illustrates the Temporal Block used in ChronosAD to
capture temporal dependencies in sequence data. It comprises a
Bidirectional LSTM network for encoding forward and backward
temporal features, followed by a multi-head attention mechanism to
refine the representation and focus on relevant information within
the sequence. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 104

4.1 Overview of research contributions on sustainable new products
performance forecasting. . . . . . . . . . . . . . . . . . . . . . . . 114

4.2 The MDiFF two-stage pipeline for NFPPF. Starting from multiple
signals of a single fashion product, we build a multimodal score-
based diffusion model to generate an initial prediction of the sales,
addressing potential objects with features beyond the training dis-
tribution. Then, we refine the diffusion output using a lightweight
MLP to obtain the final prediction. . . . . . . . . . . . . . . . . . . 116

4.3 An overview of our multimodal score-based diffusion model. The
diffusion basic block is taken from TS-Diff [21] (grey square), mod-
ified to be injected with the output of the transformer decoder layer,
a module responsible for producing an embedding representing the
two modalities of input related to the item. Each block contains two
outputs: one for the subsequent block and another for a skip con-
nection. The summation of all skip connections forms the model’s
final output. The primary component of each block is typically an
S4 block [22], chosen by the authors of [21] for its efficiency when
it comes to time-series and structured data. The input of the MDiFF
is noisy data, and the output is the denoised sample. . . . . . . . . . 118



List of Figures xvii

4.4 In the figures above are presented some visual representations of the
multimodal score-based diffusion model output. In particular, the
red region represents the output distribution of the diffusion model
given a certain sample. The red area is obtained by computing the
weekly quantiles among the 50 outputs. The Prediction line, on
the other hand, is the output of the refinement MLP, i.e., the final
prediction. The forecasting period is for six weeks from the date
of release. The y-axis shows the number of units sold of a specific
garment in the chain’s various shops. . . . . . . . . . . . . . . . . . 124

4.5 An overview of our improved multimodal score-based diffusion
model. Each block contains two outputs: one for the subsequent
block and another for a skip connection. The summation of all skip
connections forms the model’s final output. The primary component
of each block is typically an S4 block [22]. With respect to MD-
iFF [14], our multimodal conditioning also includes Google Trend
signals, so it is different in its composition. . . . . . . . . . . . . . 127

4.6 In the figures above are presented some visual representations of
the multimodal score-based diffusion model outputs. In particular,
the blue region represents the output distribution of the diffusion
model given a certain sample. Specifically, the blue area is obtained
by computing the weekly quantiles among the 50 outputs. The
Prediction line, on the other hand, is the output of the refinement
GCN, i.e., the final prediction. The forecasting period is six weeks
from the release date, depicted on the x-axis. On the y-axis, the
number of units sold of a specific garment in the various shops is
shown. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

5.1 Overview of research contributions on human-centered design. . . . 136

5.2 Overview of the data collection environment. . . . . . . . . . . . . 142

5.3 Results of the XAI method, depicting the importance of all the
features using CSI, humidity (h), and temperature (e). . . . . . . . . 149



xviii List of Figures

5.4 In SITUATE, we first produce a feature vector regarding the scene
using the self-supervised vision representation module. Then, a
feature initialization layer is used to initialize geometric and pattern
features. Successively, we update the geometric and pattern features
by the equivariant geometric feature learning and invariant pattern
feature learning layers, obtaining expressive feature representation.
We further use an invariant reasoning module to infer an interaction
graph used in equivariant geometric feature learning. Finally, we use
an equivariant output layer to obtain the final prediction. . . . . . . 152

5.5 (A) The process starts by creating a MetaHuman, i.e., a virtual replica
of the real human. (B) The connection between the real human and
the virtual replica is established using the LiveLink plugin, forming
the Digital Shadow that allows real-time data acquisition. (C) Then,
images were acquired and labeled to capture the operator’s real-time
movements under awake and drowsy conditions. (D) A state-of-
the-art deep learning model, i.e., the YOLOv8, is trained to detect
the operator’s state. (E) A client-server architecture is set up to
facilitate the communication between YOLOv8 and Unreal Engine.
(F) Finally, the DT reflects the operator’s state (in our case, awake
or drowsy) and provides alerts based on real-time conditions. . . . . 160

5.6 Our implemented human-centered DT integrated within the manu-
facturing DT of the ICE Laboratory at the University of Verona. . . 162



List of Tables

2.1 Classification accuracy on the test partition of the 3D Shapes dataset
considering the object size (T1) and the object type (T2). Values are
reported as a percentage. . . . . . . . . . . . . . . . . . . . . . . . 42

2.2 Classification accuracy on the test set of the MEDIC dataset con-
sidering the damage severity (T1) and disaster type (T2). Values are
reported as a percentage. . . . . . . . . . . . . . . . . . . . . . . . 42

2.3 Classification accuracy on the test set of the FACES dataset consid-
ering the perceived ages (T1), genders (T2), and facial expressions
(T3). Values are reported as a percentage. . . . . . . . . . . . . . . . 43

2.4 Computing the size of the backbone Mb, and of its output Zb. The
reader should pay particular attention to the green columns in the
table, as these are the columns displaying the results, which show
that our proposal is really efficient for SC. . . . . . . . . . . . . . . 44

2.5 Accuracy, precision, recall, and F1-score comparing the VGG16:
vanilla, on which quantization and pruning were applied, and on
which LO-SC was applied. . . . . . . . . . . . . . . . . . . . . . . 63

3.1 Results between MemSeg and DDPM when no anomalous samples
are available. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 79

3.2 Results when no anomalous samples are available using In&Out.
Thus, Naug/2 samples generated with DDPM and Naug/2 with Mem-
Seg. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81



xx List of Tables

3.3 Results between MemSeg and DDPM when few anomalous images
are available. Each training set contains N = 5 anomalous samples,
plus Naug augmented images. . . . . . . . . . . . . . . . . . . . . . 81

3.4 Results when few anomalous images are available using In&Out.
Each training set contains Npos = 5 anomalous samples, plus Naug

augmented images, where half samples are generated by DDPM and
half by MemSeg. . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

3.5 Results when all the anomalous samples are available using In&Out.
Each training set contains all the anomalous KSDD2 samples, plus
Naug augmented images, where half of the samples are generated
by DDPM and half by MemSeg. Additionally, In&Out 0 indicates
the performance achieved without data augmentation. Note that
MixedSegdec [23] indicates the results reported under the weakly
supervised setting. . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

3.6 Results between MemSeg and DDPM when all the anomalous sam-
ples are available. . . . . . . . . . . . . . . . . . . . . . . . . . . . 83

3.7 Results between MemSeg, In&Out and DIAG when no anomalous
samples are available. In bold, the best results. Underlined, the
second best. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 90

3.8 Results between MemSeg, In&Out and DIAG when all the anoma-
lous samples are available. In bold, the best results. Underlined, the
second best. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 91

3.9 FID scores between the real positive images of KSDD2 and the
images generated by MemSeg, In&Out and DIAG. The scores
are calculated using the first and second max pooling layers of the
Inception network, having 64 and 192 features, respectively. In bold,
the best results. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 92



List of Tables xxi

3.10 Accuracy (A), Precision (P), Recall (R) and F1-score (F1) of the
Support Vector Machine (SVM), Convolutional-1D Neural Network
(Conv-1D), and MLP models on the DSLG D/R dataset. We compare
the results between the vanilla multi-physics, vanilla multi-physics +
Gaussian noise, vanilla + magnitude time warping, and vanilla multi-
physics + GAIA augmentation. In bold, the best results. Underlined,
the second best. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

3.11 Accuracy (A), Precision (P), Recall (R) and F1-score (F1) of the
SVM, k-Nearest Neighbour (k-NN), and MLP models on the Electri-
cal Fault dataset. We compare the results between the vanilla multi-
physics, vanilla multi-physics + Gaussian noise, vanilla + magnitude
time warping, and vanilla multi-physics + GAIA augmentation. In
bold, the best results. Underlined, the second best. . . . . . . . . . 100

3.12 Anomaly Detection Performance. All values are percentages (%)
and averaged with stddevs over five seeds. In bold, the best results.
Underlined the second best. In parentheses, there is a change in
performance over the second-best. . . . . . . . . . . . . . . . . . . 108

4.1 Quantitative results of MDiFF expressed in terms of WAPE and
MAE, described in Equation (4.8) and Equation (4.7), respectively.
In bold, the best results. Underlined, the second best. . . . . . . . . 123

4.2 Table representing the different tests made with the same multimodal
score-based diffusion model. We tested our model first without the
temporal condition and then without images. . . . . . . . . . . . . . 125

4.3 Quantitative results of Dif4FF expressed in terms of WAPE and
MAE on VISUELLE, described in Equation (4.8) and Equation (4.7),
respectively. In bold, the best results. Underlined, the second best. . 130

4.4 Table representing the different tests made with the same multimodal
score-based diffusion model. We tested our model first without the
temporal condition and then without images. . . . . . . . . . . . . . 132



xxii List of Tables

4.5 Table representing the results obtained in the domain-shift example.
It is clear that our diffusion model is more resilient to the domain
shift due to the different years it has been used compared to the
second-best performing method. . . . . . . . . . . . . . . . . . . . 133

5.1 Format of the collected data. . . . . . . . . . . . . . . . . . . . . . 142

5.2 Distribution of simultaneous presence of subjects in terms of data
samples. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 145

5.3 Start time, end time, number of samples, min/max temperature, and
humidity for the training (0) and testing (1 to 5) folds. . . . . . . . . 147

5.4 Occupancy detection accuracy (in %) over the 5 testing folds com-
paring three different Machine Learning (ML) models. . . . . . . . 147

5.5 MAE/MAPE results of linear and neural network regression models
on the humidity (H) and temperature (T) prediction. . . . . . . . . . 150

5.6 Deterministic prediction performance (ADE (m)/FDE (m)) on the
THÖR and the Supermarket datasets. The bold/underlined font
denotes the best/second-best result. . . . . . . . . . . . . . . . . . 157

5.7 Multi-prediction performance (ADE (m)/FDE (m)) on the THÖR
and the Supermarket datasets. The bold/underlined font denotes the
best/second-best result. . . . . . . . . . . . . . . . . . . . . . . . . 157

5.8 Deterministic prediction performance (ADE (m)/FDE (m)) on the
state-of-the-art ETH-UCY benchmark. The bold/underlined font
denotes the best/second-best result. . . . . . . . . . . . . . . . . . 158

5.9 Multi-prediction performance (ADE (m)/FDE (m)) on the state-of-
the-art ETH-UCY benchmark. The bold/underlined font denotes the
best/second-best result. . . . . . . . . . . . . . . . . . . . . . . . . 158

5.10 Ablation results (ADE (m)/FDE (m)) of SITUATE. We assess the
contribution of the scene representation module and regularization
methods in the deterministic prediction case. . . . . . . . . . . . . . 159



Chapter 1

Introduction

Four major industrial revolutions have shaped economies, accelerated population
growth, and driven profound social changes throughout history. Specifically, with
each industrial revolution, new technological advances are made possible by a better
understanding of the natural world and its resources. One of the most recent, known
as Industry 4.0 [24], has process automation as its main priority, thereby reducing
the intervention of humans in the manufacturing process [25]. Thus, Industry 4.0
focuses on improving mass productivity and performance by providing intelligence
between devices and applications using Machine Learning (ML) techniques [26].

Industry 5.0 is considered the next industrial revolution, and its objective is to
harness the creativity of human experts in collaboration with efficient, intelligent,
and accurate machines to obtain resource-efficient and user-preferred manufacturing
solutions compared to Industry 4.0 [27]. At the heart of Industry 5.0 is intelligent
manufacturing, a vision of the future factory that uses advanced computational
techniques to meet the increasingly complex demands of production and supply
chains. This digital transformation helps industries achieve greater sustainability
and adopt more environmentally friendly practices [28]. The primary goal of intel-
ligent manufacturing within Industry 5.0 is to create environments where “smart”
objects can autonomously sense, analyze, and interact within interconnected sys-
tems. This involves transforming conventional industrial assets into Cyber-Physical
Systems (CPSs) incorporating data and intelligence, which in manufacturing have
been dubbed Cyber-Physical Production Systems (CPPSs) [29]. Such systems can
communicate with each other, acquiring and transmitting real-time production data
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Figure 1.1 The real-world setup of the Industrial Computer Engineering (ICE) Laboratory
at the University of Verona, where most of the developed contributions of this thesis have
been contextualized and tested. We focused our research on the four key pillars of intelligent
manufacturing: edge computing, accurate anomaly detection, sustainable new products
performance forecasting, and human-centered systems design. The notebook icon with the
pencil indicates that the contribution is currently under submission.

used to optimize production processes. This main contribution increases production
throughput while reducing costs and waste [30].

However, achieving this transformation requires robust frameworks that integrate
advanced Artificial Intelligence (AI) techniques in the following key functional
areas: on-edge computing, accurate anomaly detection, sustainable new products
performance forecasting, and human-centered systems design. Integrating these
four pillars represents a crucial advance in unlocking the full potential of intelligent
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manufacturing within Industry 5.0. This thesis introduces a set of methodologies that
harness these principles to develop resilient, adaptive, and sustainable manufacturing
systems, enhancing operational efficiency while prioritizing both worker welfare and
environmental sustainability.

We aim to achieve these objectives, as illustrated in Figure 1.1, which presents
the real-world setup of the Industrial Computer Engineering (ICE) Laboratory of
the University of Verona1, where most of the presented contributions of this thesis
were contextualized and evaluated. Specifically, the ICE Laboratory was designed to
develop cutting-edge Information Technology (IT) solutions and methodologies in
Industry 4.0 and 5.0 with respect to automation and efficiency of production lines.
The laboratory’s goals are research, technology transfer, and teaching, fostering an
environment that bridges theoretical advancements with practical applications [31].
By focusing on Industry 4.0 and 5.0, the ICE Laboratory aims to drive innovations
that improve the automation, flexibility, and sustainability of production processes.
This thesis aligns with these objectives, contributing to the lab’s mission by develop-
ing frameworks and methodologies that not only improve operational efficiency but
also address emerging challenges in sustainable product design and human-centric
AI integration.

Motivations for on-edge computing. In intelligent manufacturing, on-edge com-
putation is used to enable real-time processing and decision-making by distributing
computational tasks to devices at the network edge, such as sensors and machines,
rather than relying solely on centralized cloud resources [1]. This decentralization
not only reduces latency but also improves the resilience of the system, enabling
autonomous decision-making even in environments with limited connectivity. Tra-
ditional cloud computing approaches, which send all data to a central server for
processing, are often ill-suited for high-speed, data-intensive industrial applications,
where delays can lead to bottlenecks or even system failures [6]. On-edge computing
frameworks address these challenges by creating hybrid models that split tasks across
edge and cloud components, allowing for scalable and efficient data management
without sacrificing performance [32].

The design and deployment of on-edge computing architectures introduce unique
challenges in terms of resource allocation, network constraints, and computational

1https://www.icelab.di.univr.it/.

https://www.icelab.di.univr.it/
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limitations of edge devices [3]. Standard deep learning models typically require
substantial processing power and memory, which are not readily available in edge
devices due to size, power, and cost constraints [1]. Consequently, a major focus of
this thesis is exploring Split Computing (SC) architectures, a promising approach
that divides Deep Neural Networks (DNNs) into parts executed on both edge devices
and cloud servers [32]. By strategically selecting the split points within a DNN, it is
possible to balance the workload across the network, ensuring that resource-intensive
tasks are handled by the cloud while preserving real-time prediction capabilities on
the edge.

Motivations for accurate anomaly detection. Beyond on-edge computing, Pre-
dictive Maintenance (PdM) is another field that plays a crucial role in modern
manufacturing since it enables proactive identification and resolution of potential
failures before they impact production [8]. Maintenance is so important because
it ensures smooth operation and long-life of the equipment, leading to increased
productivity and safety. Minimize downtime and prevent costly breakdowns, support-
ing a sustainable and efficient industrial environment. Specifically, PdM is highly
dependent on anomaly detection techniques, which are the basis for identifying
deviations in system behavior indicative of faults or malfunctions [8].

Motivations for sustainable new products performance forecasting. Sustainabil-
ity has emerged as another imperative pillar in intelligent manufacturing, especially
in industries with significant environmental impacts, such as fast fashion [33]. The
fashion industry is known to be an important contributor to pollution, responsible
for substantial carbon emissions, water consumption, and waste generation [34].
Addressing these issues requires not only changes in production practices, but also
advances in demand forecasting methods that can guide sustainable production
decisions.

Motivations for human-centered systems design. The evolution from Industry
4.0 to Industry 5.0 represents a significant shift in industrial practices [35, 36].
This new paradigm emphasizes human-machine collaboration, where technology
improves productivity and ensures adaptability, resilience, and sustainability in
industrial operations. Consequently, the objective is not only to optimize machine
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performance, but also to ensure human operators’ safety, well-being, and active
participation in these highly automated environments. This shift introduces unique
challenges, particularly in the integration of the human element within digital data-
driven industrial ecosystems.

1.1 Contributions

The contributions of this thesis align with the four pillars outlined above, each
targeting a specific aspect of intelligent manufacturing.

Innovations in on-edge computing. The thesis presents advanced methodologies
for SC and Early Exit (EE), aimed at distributing deep learning tasks between
edge devices and remote servers efficiently. Specifically, we develop the following
frameworks and methodologies:

• I-SPLIT [2] (Section 2.2): A novel method that optimally divides a DNN into
edge-deployed and server-deployed segments based on interpretability metrics,
specifically focusing on maximizing accuracy without repeated trial-and-error
splits. I-SPLIT calculates optimal split points by assessing the saliency of the
neuron, enabling robust resource allocation for edge-based inference.

• Split-Et-Impera [3] (Section 2.3): A user-oriented framework for configur-
ing SC systems with multi-dimensional constraints, including computation,
network protocols, and Quality of Service (QoS) requirements. Dynamically
suggests configurations that balance latency, accuracy, and resource allocation.

• MTL-Split [4] (Section 2.4): A Multi-Task Learning (MTL) model within a
SC framework that allows multiple related tasks to be learned jointly by sharing
common features. This approach reduces the need for multiple DNNs by
employing a single model capable of efficiently performing several inference
tasks in parallel.

• Sparsity-SC&EE [5] (Section 2.5): A framework that incorporates predefined
sparsity in the SC and EE strategies, achieving significant reductions in com-
putational demands and energy use during the model training and inference
phases.
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• LO-SC [6] (Section 2.6): In this article, we show how to optimally split the
neural network based on the computational capabilities of the edge device
while minimizing a desired metric.

• LE-CPSs [7] (Section 2.7): Finally, in this paper, we introduce “Split Comput-
ing CPS”, examining various SC architectures and their impact on controller
design.

Innovations in accurate anomaly detection. In industrial contexts, anomalies
can manifest in various forms, such as sensor data inconsistencies, unusual machine
vibrations, or atypical production patterns, each of which requires specialized al-
gorithms for accurate detection and classification. As a result, in this thesis, we
address the task of anomaly detection by exploring both vision-based and time-
series-based techniques. By addressing both modalities, the research ensures a more
comprehensive and robust detection framework capable of handling a wide range of
anomalies that may arise in industrial settings. Specifically, we develop the following
frameworks and methodologies:

• In&Out [9] (Section 3.2): A diffusion-based data augmentation method
designed for anomaly detection in vision-based applications. By blending
in-distribution and out-of-distribution samples, it improves the robustness of
the classifiers in Surface Defect Detection (SDD).

• DIAG [10] (Section 3.3): An interactive protocol that uses Vision Language
Model (VLM) to enhance anomaly detection by generating realistic and
context-specific images from text prompts. DIAG broadens the anomaly
detection landscape, especially in environments where labeled data may be
sparse.

• GAIA [11] (Section 3.4): The first comprehensive pipeline to allow the
creation of Digital Twins (DTs) to support PdM in the aircraft domain.

• ChronosAD [12] (Section 3.5): Introduces time-series foundation models
for fault classification, applying these innovations to predictive maintenance
across various industrial processes.
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Innovations in sustainable new products performance forecasting. This the-
sis tackles the challenge of New Fashion Products Performance Forecasting (NF-
PPF) [37], i.e., predicting the performance of a brand-new clothing probe with no
available past observations. By improving the precision of demand forecasts, these
models help mitigate overproduction and reduce waste, aligning the fashion industry
with broader goals of environmental and economic sustainability [13]. Specifically,
we develop the following frameworks and methodologies:

• MDiFF [14] (Section 4.2): A multimodal diffusion-based forecasting frame-
work specifically developed for the NFPPF task. MDiFF uses a two-step
pipeline that fuses time-series data and product images to accurately pre-
dict product performance. This model supports more sustainable production
decisions by minimizing overproduction and waste.

• Dif4FF [15] (Section 4.3): An extension of MDiFF that increases condition-
ing modalities by adding Google Trends to generate more accurate samples.
Furthermore, it introduces a more powerful model to refine multiple predictions
that factorize the temporal and spatial dimensions of the samples, reducing
the overall error of the pipeline and improving the model adaptability for the
prediction of diverse product lines. Dif4FF aims to generalize the MDiFF
pipeline, making it more versatile and suitable for broader applications within
the fast fashion industry.

Innovations in human-centered systems design. As intelligent manufacturing
increasingly prioritizes worker safety and intuitive human-machine collaboration,
we developed the following frameworks and methodologies:

• WiFi-Based Detection [16] (Section 5.2) and SITUATE [17] (Section 5.3):
Systems to predict environmental conditions and human movements in indoor
settings, ensuring worker safety while maintaining operational efficiency.

• HC-DT [18] (Section 5.4): The first pipeline for the creation of a human-
centered DT, leveraging Unreal Engine MetaHuman technology to track
worker alertness in real-time. Our findings demonstrate the potential for the
integration of AI and human-centered design within Industry 5.0 to enhance
both worker safety and industrial efficiency.



8 Introduction

1.2 Outline

Chapter 2 explores the development of on-edge computing solutions with a focus on
the SC and EE frameworks. It discusses multiple methodologies for splitting deep
learning models between edge devices and cloud servers, highlighting the trade-offs
between computation and network latency.

In Chapter 3, anomaly detection techniques for predictive maintenance are
presented. The chapter covers both vision-based and time-series-based anomaly
detection, focusing on data augmentation, interactive learning protocols, and the
application of generative AI techniques for real-world data scarcity challenges.

Chapter 4 addresses sustainability challenges in intelligent manufacturing, using
as a use case the fast fashion industry. Specifically, this chapter presents method-
ologies for forecasting the performance of a brand-new clothing probe without
previously available observations using multimodal diffusion models. The chap-
ter details their application in resource-efficient and environmentally conscious
manufacturing.

Chapter 5 examines human-centered systems within intelligent manufacturing.
It highlights safety-focused applications and human movement prediction models
that enhance worker-machine interaction and ensure safety in industrial settings.
Furthermore, it presents the first comprehensive pipeline proposed for implementing
a human-centered implementation DTs.

Finally, Chapter 6 summarizes the key findings, reflects on the implications of
the proposed methodologies for the future of intelligent manufacturing, and suggests
potential directions for further research in intelligent manufacturing.

1.3 Publications

In the following section, the author’s publications are listed. Note that some articles
have not been included in the thesis. The included articles are reported in bold.

1. Skenderi, Geri and Bozzini, Alessia and Capogrosso, Luigi and Agrillo, Enrico
Carlo and Perbellini, Giovanni and Fummi, Franco and Cristani, Marco. (2021)
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Chapter 2

On-Edge Computing

In the last decade, DNNs has made remarkable progress in solving various complex
problems. The widespread implementation of DNN-based applications on edge
devices has brought about what are commonly referred to as Local-only Computing
(LoC) approaches. Unfortunately, the computational demands of DNN models often
exceed the capabilities of the resource-constrained edge devices available today [1].
Solutions to this problem involve using simplified models, resulting in a lower overall
accuracy. Consequently, the most common deployment approach for DNN-based
applications is the Remote-only Computing (RoC) approach. In this paradigm, the
DNN runs on a server, and the input is directly transferred from the acquisition device
to the server through a network connection. The server computes the inferences
and transmits the output to the device. Although this approach guarantees the
general accuracy of the system, complete data transfer may lead to significant end-
to-end delays in adverse channel conditions and compromise the task in extreme
circumstances.

As a compromise between the LoC and the RoC approaches, the SC frame-
works [32] propose to split the DNN models into a head and a tail, deployed on an
edge device and a remote server, respectively. Early implementations of SC, like
the work in [38], select a layer and divide the model to define the head and tail
submodels. Instead, more recent SC frameworks introduce bottlenecks in order to
minimize the overall latency time between the edge and the cloud [39]. Another
approach that is usually applied together SC is EE. The core idea is to create models
with multiple “exits” in the model, where each exit can produce the output of the
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Find Candidate Splitting Points

I-SPLIT: Deep Network Interpretability for Split Computing (ICPR '22)

Split-Et-Impera: A Framework for the Design of Distributed Deep Learning Applications (DDECS '23)

A Machine Learning-Oriented Survey on Tiny Machine Learning (IEEE Access '24)

MTL-Split: Multi-Task Learning for Edge Devices using Split Computing (DAC '23)

Enhancing Split Computing and Early Exit Applications through Predefined Sparsity (FDL '24)

LO-SC: Local-only Split Computing for Accurate Deep Learning on Edge Devices (VLSI Design '25)

Learning-Enabled CPS for Edge-Cloud Computing (SIES '24)

Learning-Based Methods for Enabling On-Edge, Accurate, Sustainable,
and Human-Centered Intelligent Manufacturing

Figure 2.1 Overview of research contributions in on-edge computing.

model. Then, the first exit that provides good confidence with respect to the target is
selected [32].

Such frameworks are crucial in intelligent manufacturing since the ability to
balance accuracy, latency, and resource utilization enables manufacturers to de-
ploy sophisticated AI models without sacrificing production efficiency or system
reliability.

In Figure 2.1, we present all publications related to on-edge computing. The
following section outlines the motivation behind each work, followed by a review
of the relevant literature. Then, we provide a detailed explanation of each work,
encompassing both methodologies and the achieved results.
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Motivations for I-SPLIT [2] (Section 2.2). Setting up a SC system requires
determining the optimal splitting point: so far, this choice was driven primarily by
architectural considerations such as memory capabilities of the edge device, desired
transmission rate between head and tail, and size of the layers [40]. In all of these
cases, deciding on a splitting point is blind to a crucial feature that a deep network
has to preserve: its classification accuracy. For example, two consecutive layers of
the same size are equally likely to be chosen as splitting points, and the accuracy of
the final system has to be verified only after retraining the head, bottleneck, and tail.
This leads to a cumbersome trial-and-error cycle.

As a result, we propose a fast procedure to select the split location for a generic
DNN architecture that, for the first time, predicts the accuracy that the system will
have once retrained, thus eliminating the need for multiple trials and error retraining
sessions of the system. The procedure is dubbed I-SPLIT, where “I” stands for
interpretability. I-SPLIT builds upon the concept of importance or saliency of a
neuron [41], which is related to the gradient it possesses with respect to the decision
towards the correct class for specific input. Importance is successfully exploited in
the Grad-CAM approach [41]: Grad-CAM creates an input neuron saliency map that
indicates which parts of an input image are more important to decide a specific class.
In particular, the Grad-CAM approach has been shown to be strongly dependent
on the given trained model on which it runs (it passes the “sanity check” test [42]),
while other approaches do not, making it perfectly suited for our purposes.

Motivations for Split-Et-Impera [3] (Section 2.3). However, the design of dis-
tributed deep learning applications via SC and EE involves exploring a three-
dimensional design space. In fact, the final implementation will be determined
by the choices of the computing platform, the communication architecture, and not
only the DNN.

As a result, we propose Split-Et-Impera: a fast and user-friendly framework
that eases the design of a distributed architecture that executes one or more DNNs. In
addition to accurately mimicking diverse communication protocols and application
requirements, Split-Et-Impera introduces a unique feature: it suggests the proper
configuration to match the application’s Quality of Service (QoS) requirements and
provide optimal performance in terms of accuracy and latency time. Furthermore,
since manipulating various SC configurations may require days of computation, Split-
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Et-Impera allows eliminating several configurations through communication-aware
simulations.

Motivations for MTL-Split [4] (Section 2.4). At the same time, current state-of-
the-art approaches in different ML applications rely on advanced learning procedures,
such as the MTL [43]. In particular, MTL is a paradigm in which multiple related
tasks are jointly learned to improve the generalizability of a model by using shared
knowledge across different aspects of the input. This is achieved by jointly optimizing
the model’s parameters across all tasks, allowing the model to learn both task-specific
and shared representations simultaneously.

As a result, we propose MTL-Split, a novel model to solve multiple tasks
simultaneously in a SC paradigm, i.e., T1 . . .TN , where N represents the number of
tasks, using only a single neural network, in contrast to current methods, where the
emphasis is on Single-Task Learning (STL), which would need N neural networks
to solve the tasks. Using MTL, we enhance performance in multiple tasks, elevating
design challenges beyond that of preserving the performance of a single task, as in
regular SC. In addition, this allows systems to operate effectively even in scenarios
where data is scarce for specific tasks but abundant for others, as explained and
theoretically demonstrated in [44].

Motivations for Sparsity-SC&EE [5] (Section 2.5). The importance of model
reduction techniques for accelerating DNNs is widely acknowledged nowadays,
aiming to optimize their performance on embedded devices [1].

As a result, in Sparsity-SC&EE, we show how, in the context of SC and
EE, predefined sparsity can significantly reduce computational demands, storage
requirements, and energy consumption compared to state-of-the-art approaches.
Furthermore, regardless of the underlying implementation platform, our approach
yields advantages for both the training and the inference stages.

Motivations for LO-SC [6] (Section 2.6). At the same time, current state-of-the-
art approaches in different ML applications often face severe latency constraints.
They cannot afford potential disruptions from network limitations, such as traffic
congestion, which prevent their seamless execution on cloud-based platforms. In
addition, maintaining the maximum accuracy of the model is essential to ensure
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reliable and precise results. An example may be found in the industrial domain. For
these settings, there is often a precise and enforced segmentation between corporate
Information Technology (IT) networks and safety-critical Operational Technology
(OT) networks. Certain pieces of equipment are segregated in the OT network. Here,
computation should occur near the machine, on the edge system, maintain localized
and secure data, and avoid risks associated with edge-to-cloud transfers.

As a result, we explore the application of SC to systematically split a DNN
to execute on a single edge device, introducing a new architecture called LO-SC.
Among the optimization techniques used to address this problem, we formalize and
solve a Mixed-Integer Linear Problem (MILP). Specifically, we adapt the knap-
sack optimization problem [45], resulting in a multi-constrained ordered knapsack
problem.

Motivations for LE-CPSs [7] (Section 2.7). While such DNN [32] architectures
have been studied in the past, how they should be designed when used in conjunc-
tion with feedback controllers in a CPS has not been investigated, and it remains
unclear how these partitions should be “connected” to the performance of a feedback
controller. Furthermore, the impact of different types of connection on the resulting
dynamics of the closed-loop system is not well understood.

As a result, in this section, we present some of these connections between SC
architectures and feedback controllers and discuss their implications on the behavior
of the closed-loop dynamics of the system. We believe that this discussion will
trigger useful research and open up a potentially new field – “Split Computing CPS”
– that has not been explored until now.

2.1 Related Works

We focus on architectures operating through a DNN model M (·), whose task is to
produce the inference output y from an input x. We can identify three major types of
architectures used for distributed deep learning applications in the literature: LoC,
RoC, SC, and EE.
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the remote devices; however, we have intermediate classification branches, producing an
estimate yee of the desired output y.

Figure 2.2 Comparing three different approaches to distributed deep learning.

Local-only Computing (LoC). Under this policy, the entire computation is per-
formed on the edge devices. As shown in Figure 2.2a, the edge device fully executes
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the inference function M (x). Its advantage lies in its low latency due to the proxim-
ity of the computing element to the sensor [1]. However, it may not be compatible
with DNN-based architectures that demand robust hardware capabilities. Usually,
simpler DNN models M̄ (x) that use specific techniques (e.g., depth-wise separable
convolutions) are used to build lightweight networks, such as MobileNetV3 [46].

In addition to designing lightweight neural models, in the last few years, great
progress has been made in the area of compression of DNN. Compression techniques,
such as network pruning and quantization [47], or knowledge distillation [48] achieve
a more efficient representation of one or more layers of the neural network, but with
a possible quality degradation.

Remote-only Computing (RoC). As shown in Figure 2.2b, the input x is trans-
ferred from the edge device through the communication network and then is pro-
cessed at the remote system through the function M (x). This architecture preserves
full accuracy considering the higher power budget of the remote system but leads to
high latency and bandwidth consumption due to the input transfer.

Split Computing (SC). The general structure of SC is shown in Figure 2.2c, which
shows how the SC paradigm divides the DNN model into a head, executed by the
edge sensing device, and a tail, executed by the remote system. It combines the
advantages of both LoC and RoC thanks to the lower latency and, more importantly,
drastically reduces the required transmission bandwidth by compressing the input to
be sent x by using an autoencoder [39]. Formally, the encoder and decoder models
are defined as zl =F (x) and x̄ = G (zl), which are executed at the edge and remotely,
respectively. The distance d(x, x̄) defines the performance of the encoding-decoding
process.

One of the first works on SC is the study by Kang et al. [38], in which the
authors show that the initial layers of a DNN are the most suitable candidates for
partitioning, as they optimize both latency and energy consumption. Furthermore,
latency reduction is usually achieved through quantization, as explored in [49],
and the utilization of lossy compression techniques before data transmission, as
investigated in [50]. In [51], the authors also explore lossless techniques to encode
intermediate results without modifying the ML model. The concept of employing
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Figure 2.3 Overview of our I-SPLIT framework. The input images are fed into a neural
network to extract high-resolution importance maps using the Grad-CAM algorithm at
each layer. Then, we average over all the image pixels of each map to produce per-image
CUmulated Importance (CUI) curves. Finally, all curves are fused to generate the general
CUI curve. The best splitting point for the network is the global maximum of the CUI curve.

autoencoders to further compress the data is discussed in various studies, such
as [52].

Early Exit (EE). As shown in Figure 2.2d adds an early exiting branch to a
standard SC architecture. Formally, we can define Bi, i = 1 . . .N (with N = L, and
L is the number of layers of the DNN) as the branch model that takes as input zl

and produces an estimate of the desired output y. In practice, the EE architecture
is a modification of an existing neural network, adding one or more classification
branches where, before the computation of all layers of the network, the confidence
of the intermediate result is checked to be sufficient to consider the final result [53].

2.2 I-SPLIT

The final goal of I-SPLIT is to individuate and rank potential splitting points in a
generic DNN architecture so that the accuracy values obtained by the DNN, once
split at those points, follow a similar ranking. The input of the approach is a network
that has been trained beforehand on some training images. The overview of the
approach is shown in Figure 2.3: for each image in a pool of evaluation images, we
compute importance maps associated with each layer of the network instead of being
associated with input images only. These importance maps are then aggregated to
form per-image CUI curves (light-colored curves). Then, these curves are averaged
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together over the classes, giving the general CUI curve on the right in yellow. Each
point of the CUI curve is found to be proportional to the accuracy that the network
will have on the same data once the split has been applied and the network is re-
trained. The highest point on the CUI curve identifies the location where the split
will provide the best-performing system.

Section Organization

In the following, we first provide the mathematical details to generate the CUI curve
(Section 2.2.1). Next, we detail how to compute the split in correspondence to a given
location (Section 2.2.2) and how to re-train the network (Section 2.2.3). Finally, we
present the experimental results in Section 2.2.4.

2.2.1 CUI Curve Computation

We assume that our neural network model is pre-trained on a given training set. The
CUI curve is computed on some validation set composed of C classes, each formed
by NC images. For each c-th class, we do the following.

For a given i-th layer of the neural network, i = 1, . . . , I, we extract the class-
discriminative activation map Li

j,c for each j-th image belonging to class c ∈ C.
For this sake, we start by computing the feature map importance coefficient of
Grad-CAM αc

i, j:

α
c
i, j =

1
z ∑

n
∑
m

∂yc

∂F i, j
n,m

, (2.1)

where F i, j ∈ Rn×m×z is the feature map of the convolutional layer i for the image j.

The weight αc
i, j represents a partial linearization of the deep network downstream

of F and captures the value of the feature map of the i-th layer for a target class c.
Then, we perform a weighted sum between the just calculated value and the feature
maps F i, j of the chosen layer. Finally, Rectified Linear Activation Unit (ReLU)
activation function is applied to reset the negative values of the gradient to zero,
obtaining the class activation map Li

j,c for a specific query image j:

Li
j,c = ReLU

(
I

∑
k=i

α
c
k, jF

k, j

)
. (2.2)
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This represents the analog of the saliency map of the standard Grad-CAM [41],
which, instead of being computed on the input image, is focused on the i-th layer,
summing from the class activations of the networks back until i.

Now we aim to obtain a single value for our class activation map Li
j,c: thus, we

sum over the dimensions of F i, j ∈ Rn×m×z, obtaining the per-image CUI values
CUIi

j,c. Ideally, computing these values for each i-th layer of the network gives a
curve showing how the image has triggered the different layers of the network (see
Figure 2.3, the pool of curves below each class). At this point, averaging all images
from all classes provides our final cumulated importance curve CUI (Figure 2.3 the
yellow curve on the right), where the i-th point CUIi of the curve is a surrogate of
the information conveyed through the i-th layer towards the decision for the correct
class, for all classes into play. It is worth noting that, possibly, one may limit oneself
to computing the CUI curve only for specific classes (or a set of classes), obtaining
per-class curves CUIi

c.

2.2.2 Split Application

Once the CUI curve has been computed, candidate splitting points can be individu-
ated by i) choosing the layer that gives the highest peak or ii) selecting layers that
give local CUI maxima if other constraints than the accuracy have to be taken into
account.

Let T i be the target layer for splitting the model at index i and T i+1 the subsequent
layer. We divide the network into three main blocks: the head, running on the edge
device, is composed of the first layers of the original DNN architecture, up to layer T i;
the bottleneck, an undercomplete Autoencoder (AE) [54] that learns low-dimensional
latent attributes which explain the input data; and the tail, from layer T i+1 to the very
end of the network, which is executed on the server side. The encoder part of the
bottleneck is deployed to the edge device, while the decoder is executed on the server
side. Encoders and decoders use both spatial and channel-wise reduction/restoration
units, respectively.
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2.2.3 Re-Training Strategy

In order to train the entire model M, we first train our bottleneck, and then we fine-
tune end-to-end the entire network. We create an undercomplete AE, which acts as a
bottleneck inserted after T i. This bottleneck should learn to replicate the input, which
is the feature map in the output at layer T i. Therefore, given {I j, j = 1,2, ...,n} as
the n number of training data, we train the sole bottleneck freezing the remaining
network with the following loss:

LAE =
1
n

n

∑
j=1

||ΦT i(I j)−Ψ(ΦT i(I j);W AE)||2 , (2.3)

with ΦT i the model layers up to the i-th layer T i (target layer), Ψ is the AE part of
the model with weights W AE .

After training the bottleneck, we perform a fine-tuning of the network with the
following loss function:

Ltask =
1
n

n

∑
j=1

||ΦM(I j;W M)− ŷ j||2 , (2.4)

with ΦM the full M’s DNN layers, W M the weights of the model M and ŷ j the ground
truth label for the image j.

2.2.4 Experimental Results

In this section, we show how I-SPLIT individuates the split points by the CUI curve
so that the associated CUI values are predictive of the classification accuracy when
the network is split at those points.

In all the experiments, the bottlenecks injected in the split networks are standard
convolutional undercomplete autoencoders with two convolutional layers, with stride
2 for the encoder and two layers for the decoder. The number of filters depends on
the desired compression rate: specifically, we keep the compression rate constant
at 90%, which means that the dimensionality of the encoded data is 10% of the
dimension of the splitting layer.
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Figure 2.4 Candidate splitting points identified by CDE and the CUI curve of I-SPLIT on
the VGG16. In dashed purple, the accuracy values are obtained by splitting the network at
that point, re-training it, and testing on a validation set. The “star” markers show the extra
points that our method is able to identify and that were not identified by the CDE approach.

Splitting Point Analysis

Since our framework is agnostic with respect to the network architecture, we consider
the VGG16 and ResNet-50 networks, and most of the experiments are run on the
first one. In addition to being very popular architectures, they are also interesting
for SC: they exhibit a large number of parameters and good depth in terms of the
number of layers, with a dramatic variation in the dimensionality of the layers as the
depth increases.

The first experiment focuses on the Tiny-Imagenet-200 dataset [55], a compact
version of ImageNet that comprises a subset of 200 classes, with a training set of
100,000 images, and a test set of 10,000 images each. All images are 64×64 pixels.

As a comparative approach, we consider CDE [40], which identifies splitting
points, whereas there is a decrease in the size of the layers (see Section 2.1 for
details). The multi-axis Figure 2.4 reports the CDE curve in blue, with the markers
indicating the candidate split points. Our I-SPLIT is reported with the curve in
solid yellow, with the red markers identifying the local maxima of the curve CUI
to simplify visualization. Importantly, we also report the accuracy curve, in dashed
purple, obtained by retraining the network after splitting it at the selected locations.
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Figure 2.5 The sensibility of our I-SPLIT method to the chosen interpretability approach: in
gray the CUI using the Gradients approach. In yellow, Grad-CAM. As visible, Grad-CAM
gives a better curve in terms of proportionality w.r.t. the final class accuracy, while Gradients
is growing as soon as the layer is deeper.

Several facts do emerge. i) Our I-SPLIT identifies all candidate splitting
points output by CDE (namely layers 5, 9 and 13, corresponding to block2_pool,
block3_pool, and block4_pool, respectively): these are max-pooling layers in the
VGG architecture, which are worth conveying more information-per-pixel since there
is a local dimensionality reduction with limited loss of information. ii) I-SPLIT
finds two additional points at layers 11 and 15, or block4_conv2 and block5_conv2,
which do not correspond to a decrease in the layer size. iii) Looking at the accuracy
curve, the significance of the CUI curve becomes apparent: all candidate splitting
points are proportional to the post hoc accuracy obtained by the split network. At
the same time, CDE does not exhibit such behavior at all. iv) While the absolute
values of the classification accuracy are relatively close to each other, we provided a
statistical analysis that generated 15 test sets by randomly sampling 800 images from
the validation set. The box plots in Figure 2.4 demonstrate how the distributions are
well separated and thus the relatively small improvement in accuracy is statistically
relevant.

I-SPLIT strongly relies on the Grad-CAM interpretability approach. In order
to evaluate the efficacy of another interpretability technique if injected in I-SPLIT,
we perform a second experiment. In Figure 2.5, we report the result obtained with
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Figure 2.6 The behavior of I-SPLIT on preserving the per-class performance before the split
(original model, in blue) and after the split (split model, in orange). As expected, no dramatic
changes in the single performance are visible, especially with the best and worst performing
classes: the best performance does not become the worst after the split, and vice-versa.

Gradients, the other approach that together with Grad-CAM passes the “sanity
check” of the interpretability approaches [42]. In practice, this approach amounts to
removing from Equation (2.2) the feature map variable Fk, j. This brings us to a sort
of CUI curve, where we sum the gradients associated with a given input without
multiplying it by the features themselves.

As visible, Grad-CAM gives a better curve in terms of the proportionality w.r.t.
of the accuracy of the final class, while Gradients increases as the layer becomes
deeper, making it difficult to spot the best-split point. This is due to the vanishing
gradient effect: gradients are much higher when closer to the network’s end. For this
reason, we prefer Grad-CAM since the multiplication of the gradients by the values
of the feature (close to 0) provides a more restricted range of values of CUI.

The third experiment investigates how the classification performance of a DNN
changes once it is divided by our approach. In particular, we focus on the performance
of every single class. As a split location, we select the layer 15, where the CUI curve
has the highest peak. After training the original VGG network, we rank the 200
classes in descending order F1 (the blue line of Figure 2.6). As visible, performance
is unbalanced since the F1-scores range from a few decimals to 87%. In the (re-
trained) split version, we calculate new F1-scores, reporting them in the figure
while keeping the previous class ranking to highlight possible variations in the
performance (the orange line of Figure 2.6). The plot is very interesting: in fact, the
classes that performed the best or worst before the split did not significantly change
their performance after the split, providing F1-scores that are still high/low. For
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Figure 2.7 The efficacy of I-SPLIT on different datasets. Both the figures show the CUI
curve of I-SPLIT (solid yellow) and the accuracy when splitting between a particular layer,
retraining, and testing (dashed purple). On the left, the notMNIST [19] dataset. On the
right, the Chest X-Ray Pneumonia [20] dataset. In both cases, the CUI curve is shown to be
proportional to the accuracy.

classes with average performance, the split slightly shuffled the F1-scores. Overall, a
certain degree of variability is expected, since i) the CUI curve indicating the optimal
split point requires a summation over all classes, so the per-class performance cannot
be precisely preserved. ii) It seems that for specific classes, the optimal splitting point
may be different. We will focus on this aspect in the second part of the experiments.

The fourth and fifth experiments check how I-SPLIT will perform with datasets
with fewer classes, possibly unbalanced in terms of cardinality. For this reason, we
apply our method to notMNIST [19] (10 classes) and Chest X-Ray Pneumonia [20]
(2 classes, unbalanced). The notMNIST dataset is focused on the task of digit
recognition with heterogeneous fonts and graphics, while Chest X-Ray focuses on
classifying pneumonia cases from chest X-rays. The Chest X-Ray is unbalanced
(cases: 3,883, controls: 1,349), and this is a further challenge to the robustness of
I-SPLIT.

In both cases, the deep network employed is the VGG16. The results are reported
in the form of CUI curves in Figure 2.7, paired with a posteriori accuracy. The CUI

curves are proportional to the accuracy in both cases. This further promotes I-SPLIT
as a prognostic tool toward a split configuration, which maximizes the accuracy of
the classification.

On the ResNet-50 architecture [56], we show the CUI curve, the CDE comparative
approach, and the post-split accuracy curve (Figure 2.8). As visible, the local maxima
of the CUI curve (indicated by the red markers) indicate plausible split locations.
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Figure 2.8 Results of the CDE, I-SPLIT, and accuracy on the ResNet-50. In particular, the
local minimum points of CDE correspond to the local maximum points of I-SPLIT, and the
CUI curve shows to be once again proportional to the accuracy. The “star” markers show
the extra points that our method is able to identify and that were not identified by the CDE
approach.

In general, the CUI curve follows the slope of the accuracy, even showing, in this
case, nice predictive properties. Furthermore, we can observe that the CUI is almost
constant in layers with the same dimensionality of the features, but it is also relatively
uniform between different blocks.

Class-Dependent Splitting Point Selection

In this work, we also claim that different subsets of classes can lead to different
selections of the best splitting point, as guessed in the previous section. To validate
this claim, we analyzed the I-SPLIT curve for each class separately and identified
two different behaviors in the last portion of the network. In particular, when referring
to block5, we saw that most of the classes achieved a higher CUI at layer 15, while
15 classes had a global maximum at layer 13 (see Figure 2.9-top). We investigated
this phenomenon by generating two alternative models by splitting the network at
both points and then retraining these models with two subsets of 15 classes, one for
each different behavior. The results, shown in Figure 2.9-bottom, demonstrate that
the same shape of the I-SPLIT curve translates to the accuracy curve.
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Figure 2.9 The comparison of splitting results for different subsets of classes. Top: the CUI

curve computed on two different subsets of 15 classes of the VGG16 architecture. Bottom:
the classification accuracy for two models trained on the same subsets of 15 classes on layers
13 and 15.

2.3 Split-Et-Impera

Section Organization

In the following, we first present the Split-Et-Impera framework (Section 2.3.1).
Then, we present the experimental results in Section 2.3.2.

2.3.1 The Split-Et-Impera Framework

The architecture of Split-Et-Impera is presented in Figure 2.10. To offer a large state-
space of the model, it is divided into five main layers: supervisor, sensing, transmitter,
netsim, and receiver. The network simulation is based on the SCNSL [57] library,
while the simulator is implemented in Python.

The review provided in Section 2.1 led us to aim to develop a communication-
aware simulation platform for distributed deep learning applications that accurately
emulates the behavior and timing of the computation, communication, and inference
performed by the system. The simulator has to be modular, portable, and language
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Figure 2.10 The Split-Et-Impera framework. i) Determine the saliency-based split point
candidates. The inputs are fed into a neural network to extract the saliency maps using the
Grad-CAM algorithm at each layer. Then, we average over all the maps to generate the final
Cumulative Saliency (CS) curve with the candidate split points. ii) Simulate each candidate
by reproducing its computation and its transmission. iii) Use the simulation statistics to find
the best-split point satisfying the application constraints on accuracy and latency.

independent, i.e., the functional blocks of the framework should be integrated into the
model independently of their implementation programming language. Furthermore,
it must allow the integration of real-world components, such as a real computing
system: the so-called Hardware-In-The-Loop (HIL) [58].

The supervisor controls all the events and operations that occur during the
simulations. The sensing layer is a high-level wrapper that encodes the application
in the architecture. The transmitter module is responsible for the XMTR. The netsim
must guarantee that the simulation emulates the behavior of an actual communication
channel: it has to execute events in the correct temporal order while taking into
account the physical features of the channel, such as propagation delay, and signal
loss. Finally, the receiver is responsible for the RCVR.

Specifically, Split-Et-Impera requires the following inputs:
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1. Test scenario: LoC, RoC, or SC (as described in Section 2.1).

2. Training set: The set of data used to train the model and make it learn the
hidden features/patterns in the data.

3. Trained instance of a DNN: The network parameters once it has been trained
on a general purpose machine.

4. Test set: The data with which the simulation is run; is a proxy of the real
setting on which the framework will work.

5. Communication network modeling: Through some parameters which will
be explained in the following.

The communication network modeling parameters are the following.

1. Communication protocol: The transport layer protocol that must be used,
i.e., TCP, or UDP.

2. Channel latency: The time it takes for each packet to travel from the sender
to the receiver, e.g., 100 µs.

3. Channel capacity: The bandwidth available in the link.

4. Interface speed: To better model different hardware devices, even the physical
speed can be set to match the desired target hardware, e.g., 1000 Mb/s to
represent a Gigabit connection, 100 Mb/s for Fast-Ethernet, 160 Mb/s to
represent Wi-Fi, etc.

5. Saboteur: The network loss rate.

The output of Split-Et-Impera is of two types: i) the suggested configurations
to simulate, ranked by the classification accuracy that the network is assumed to
achieve. The engineer may then decide to simulate all or only a subset of them. ii)
The simulation results of the configurations selected in the previous step to deploy
the application using the best design.
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Figure 2.11 Cumulative Saliency (CS) as a function of the layer compared with the accuracy
of the DNN split in that layer. The peaks of the CS curve correspond to the points in
which accuracy is preserved despite split injection. Thus, the layers in which CS has a local
maximum are the best candidates for splitting. (*) represents a max pooling layer.

2.3.2 Experimental Results

In this section, we show how the design of a typical real application can be carried out
by Split-Et-Impera. In particular, we focus on the classification task of children’s
toys (such as boats, airplanes, etc.) passing on a conveyor belt within a real Industry
4.0 scenario: the ICE Laboratory at the University of Verona.

Experimental details. As DNN, we use the PyTorch implementation of the
VGG16 [59]. In all experiments, the split has been realized by placing an undercom-
plete autoencoder with a compression rate 50%. For training of the encoder/decoder
pair, we run 50 epochs with a learning rate of 5×10−4, always using Adam [60] as
optimizer.

Saliency-Based Split Point Search

The first output of Split-Et-Impera is a set of candidate split points that are worth
being simulated. Figure 2.11 shows the results of the saliency-based split point
search.
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We can clearly appreciate how the CS saliency approach identifies as candidate
split points (in red) the layers 5, 9 and 13, corresponding to block2_pool, block3_pool
and block4_pool (dense data), and two additional points at layers 11 and 15 (infor-
mative data), corresponding to block4_conv2 and block5_conv2, respectively. It is
worth noting how layers with the same dimensionality, i.e., convolutional layers
belonging to the same block, do not express the same importance as shown by the
CS curve. In these regions of uniform dimensionality, we select layers that are of
greater importance and will show that the CS values directly translate into higher
classification accuracy. Figure 2.11 confirms that CS is a good proxy for the overall
classification accuracy, and therefore it is worth splitting the network into the layers
in which CS exhibits a local maximum.

Given the results of the CS computing procedure, which we recall is done
without having retrained the network, then we can explore the complete behavior of
the application, including its transmission aspects, just splitting into the candidate
layers. In particular, in the next section, we highlight simulation results only after
splitting at layers 11 and 15.

Communication-Aware Split Point Selection

Figure 2.12 refers to the experiment of the SC scenario for the classification task
of the images captured inside the ICE Laboratory. The network channel is 1 GB/s
Full-Duplex with the TCP protocol. The application presents a constraint on the
maximum frame latency of 0.05 s (i.e., 20 FPS), given by the speed of the conveyor
belt. The split point is in layers 11 and 15, respectively.

Figure 2.12 highlights how the latency increases with the packet loss rate due to
TCP retransmission in the case of packet loss. However, this preserves the accuracy
of the application. In particular, the solid pink curve shows that with the split in layer
15, the application requirements are always satisfied independently of the packet
loss rate. Vice versa, the dotted blue curve shows that with a split in layers 11, the
20 FPS constraint cannot be satisfied when the packet loss rate is greater than 3%.
The behavior of the simulator meets expectations i.e., by splitting the network at
layer 11, the amount of transmitted data is greater than that obtained by splitting the
network at layer 15, and due to retransmissions, the latency increases, up to violating
the application constraints represented by the dashed red line.
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Figure 2.12 Evaluation of the impact of the network on split point selection for the classifica-
tion task of the images captured inside the ICE Laboratory. The network channel is 1 GB/s
Full-Duplex with TCP protocol.

This experiment shows the main claim of our work: given a set of possible
split-point solutions (Figure 2.11), our framework through a rapid evaluation allows
deciding which DNN configuration is compatible with the application requirements
while considering the communication setup.

Network Protocol Selection

Figure 2.13-left and Figure 2.13-right show the system accuracy and the overall
latency, related to the classification task in the full RoC scenario, this time on the
CIFAR-10 [61] test set, with the use of the TCP and UDP protocols. The network
channel is 1 GB/s Full-Duplex.

Figure 2.13-left shows that, using TCP, the application accuracy does not depend
on the packet loss rate. However, Figure 2.13-right shows that this feature comes
at a cost: with TCP, the overall latency is much greater, so it is necessary to make
sure that this is compatible with the application requirements. UDP protocol shows
dual behavior; the latency is minimized and kept independent of the packet loss rate,
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Figure 2.13 Accuracy (left) and latency (right) results on the CIFAR-10 test set for the
classification task, contextualized in the RoC scenario with the use of the TCP and UDP
protocols. The network channel is 1 GB/s Full-Duplex.

but the accuracy decreases in case of loss because no error checking and recovery
services are provided.

These experiments show that the proposed framework allows modeling an appli-
cation’s transmission details to jointly perform split point selection and transmission
protocol selection.

2.4 MTL-Split

This solution proposes to combine SC and MTL to execute complex inference tasks
on edge devices. After outlining our notation, this section delineates the formal
components of our proposal, shown in Figure 2.14. This architecture consists of
two components: i) a shared backbone deployed on the edge device, and ii) a series
of task-solving heads on a single or multiple remote devices. Orange trapezoids
are DNN models, while their parameters are enclosed in red boxes. The green
components on the right are the loss functions that are used to update the learnable
parameters. A communication network separates edge devices and remote devices.
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ŷN LN

Ltotal
... ...

Backbone
(Edge device)

Network Tasks
(Remote device)

Compute loss
and parameters

Splitting
point

Figure 2.14 The proposed architecture for handling complex inference tasks on edge devices
by integrating SC and MTL.

Setting and notation. We assume the existence of a labeled image dataset defined
as follows:

D =
{
(xi,yi) |∀i ∈ {1 . . .K}, xi ∈ Rw×h×c, yi ∈ NN

}
, (2.5)

where K is the number of (image, labels) tuples, xi is the input representing the
image, and yi a set of N labels associated with the i-th image, namely ground truth.
The input xi is a tensor with dimensions w× h× c, where w is the width, h is the
height, and c is the number of channels (e.g., red, green, blue). In this work, we
consider the classification task that attempts to learn a mapping from the image space
{xi|∀i ∈ {1 . . .K}} to the corresponding set of labels {yi|∀i ∈ {1 . . .K}}.

Section Organization

In the following, we first provide a detailed explanation of the proposed MTL-Split
architecture (Section 2.4.1). Next, we discuss the training strategy (Section 2.4.2)
and outline the model fine-tuning process (Section 2.4.3). Finally, we present the
experimental results in Section 2.4.4.
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2.4.1 Proposed Architecture

Unlike a classic SC scenario, here we focus on architectures operating through a
DNN model, whose task is to produce the inference outputs {ŷ j|∀ j ∈ {1 . . .N}} from
an input xi, where N is the number of tasks to be solved. In this way, one can build a
single model that learns multiple tasks across the same input.

As shown in Figure 2.14, the first module is the backbone, a DNN model Mb(·)
that shares hidden layers between all tasks. In this way, we greatly reduce the risk of
overfitting: the more tasks we learn concurrently, the more our model has to find a
representation that captures all tasks, and the less likely we are to overfit the original
task. We describe the backbone operations on the i-th input as follows:

Zb = Mb(xi;ψ) , (2.6)

where ψ are the set of shared learnable parameters, and Zb is the backone’s output.
The output Zb is typically a tensor that, in our approach, is flattened before being
sent through the network. This output represents the point of the networks where the
shared feature representation Zb is extracted from the backbone and transferred to
the task-solving heads.

Each task is implemented by its own task-solving head, or head hereafter, a DNN
model H j located outside the edge devices, e.g., on a remote server. We describe the
operations of the j-th head H j, as follows:

ŷ j = H j(Zb;θ j) , (2.7)

where θ j is its set of learnable parameters, and ŷ j its output.

Putting it all together, the overall system output is a collection of outputs from
all heads, organized either as a list or as a single tensor.

2.4.2 Training Strategy

The proposed methodology is architecture-independent. Any neural network archi-
tecture can implement the backbone network and heads, such as a Convolutional
Neural Network (ConvNet) or a Recurrent Neural Network (RNN), designed to cap-
ture useful features from the input data xi. Regardless of the desired architecture, the



2.4 MTL-Split 39

objective of the MTL system is to encourage the model to perform well on all tasks
simultaneously. Let us denote the task-specific loss function for the i-th input and
j-th task as L j(yi, ŷ j), which measures the differences between the corresponding
label inside the ground truth yi and the predicted output ŷ j. The overall loss function
for the MTL system with the i-th input can be defined as the sum of losses from each
task, as follows:

Ltotal =
N

∑
j=1

L j(yi, ŷ j) , (2.8)

The training process updates the shared backbone parameters ψ and the head
parameters θ j by backpropagating the total loss gradient with respect to these pa-
rameters and using an optimization algorithm like Stochastic Gradient Descent
(SGD). The specific DNN architecture, the activation functions, and the optimization
methods can vary depending on the problem and the input data.

2.4.3 Fine-Tuning the Model

A key aspect of the proposed methodology, in addition to exploiting SC to enable
MTL in edge devices, is the fine-tuning process explained in this section. There
are several reasons for performing fine-tuning, such as if we aim to enhance task-
specific performance or if we want to introduce new tasks to the system. During
the fine-tuning phase, we update the heads’ parameters θ j while keeping the shared
backbone parameters ψ relatively fixed.

During the fine-tuning process, heads’ parameters are updated using gradients
with respect to the task-specific loss:

θ j := θ j −α ·∇θ jL j(yi, ŷ j) , (2.9)

where α is the learning rate for updating heads’ parameters. The shared backbone’s
parameters are often kept fixed or updated conservatively during fine-tuning. As
such, we need to define a separate update process as follows:

ψ := ψ −η ·∇ψLtotal , (2.10)

where η is the learning rate for updating the shared parameters, a small value
compared to the one used to update the heads’ parameters shown in Equation (2.9).
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Given the parameters update functions, we can now define the fine-tuning process
as an optimization problem, which involves minimizing the sum of the total loss as
follows:

minimize
θ ,ψ

Ltotal , (2.11)

It is worth mentioning that fine-tuning should be approached with care. It is
important to find a balance between adapting the model to task-specific characteristics
and retaining general knowledge of the shared backbone. Too much fine-tuning can
lead to overfitting on limited task-specific data, while too little fine-tuning might not
fully harness the benefits of the MTL setup.

2.4.4 Experimental Results

This section describes the experimental trials that have been carried out to validate
our claims, along with their implementation details and results.

Models details. In our experimental setup, we used three well-known DNNs, i.e.,
VGG16 [59], MobileNetV3 [46], and EfficientNet [62], as a shared backbone. We
chose the first one because it is a well-established and widely used architecture in
many image processing tasks. The others represent cutting-edge DNNs for embedded
system applications. The task-solving heads are custom Multi-Layer Perceptron
(MLP) composed of two linear layers activated by the ReLU function. We point out
that in this design, the task-solving heads are smaller than the backbone. However,
even though task-solving heads are smaller than the backbone individually, if we
consider a large number of tasks N, their combined size becomes larger than that
of the backbone. Due to this rationale, our architecture provides the deployment of
task-solving heads on the remote server.

Datasets descriptions. To effectively showcase the capabilities of our proposal, we
begin our experiments with the 3D Shapes [63] dataset, a widely used toy benchmark
in the ML literature. We further demonstrate the effectiveness of our proposed
method by exploring its performance on the MEDIC [64] and FACES [65] datasets,
one of the most well-known and newest MTL benchmarks, respectively.
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3D Shapes is a dataset of 3D shapes generated from six independent factors.
All possible combinations of these factors are present exactly once, resulting in
480,000 total images. These are the floor hue, wall hue, object hue, scale, shape,
and orientation. Therefore, it is possible to treat the classification of each factor
as a different task to solve, i.e., T = [T1 . . .T6]. Due to the straightforward nature
of the synthetic images in 3D Shapes, solving the classification tasks with a DNN
can be easy, leaving a limited possibility of improvement through MTL. Thus, to
make this setting more realistic, we add salt-and-pepper noise of 15% of the image
pixels, making the classification more difficult. In particular, with the presence of
noise, the classification of object size (8 classes) and object type (4 classes) becomes
challenging.

MEDIC is the largest social media image classification dataset for humanitarian
response, consisting of 71,198 samples to address four different tasks. Specifically,
we decided to address only the damage severity (3 classes) and disaster type (4
classes) tasks, since information and humanitarian are somewhat trivial.

FACES is a set of 2,052 images of naturalistic faces. Here, the task corresponds
to the classification of perceived ages (3 classes), genders (2 classes), and facial
expressions (3 classes).

Training and inference details. All the code is implemented in PyTorch Lightning,
and the used pre-trained network corresponds to the implementations in PyTorch [66].
On the 3D Shapes dataset, we train our models for 10 epochs, with a learning rate
of 1×10−5, using AdamW [67] as an optimizer, on a NVIDIA RTX 3090. On the
MEDIC and FACES dataset, we train our models for 50 epochs, with a learning rate
of 1×10−4, always using AdamW as an optimizer, on an NVIDIA RTX 3090.

We run all the experiments on an NVIDIA Jetson Nano with a memory of 4 GB.

Multi-Task Learning Results

In this section, we validate our claims within the MTL context, evidencing the
effectiveness of our proposal. Given the distinct nature of our methodology, a direct
comparison with state-of-the-art MTL methods would be inadequate since these
approaches are based on advanced loss functions [68] rather than models [69]. As
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Table 2.1 Classification accuracy on the test partition of the 3D Shapes dataset considering
the object size (T1) and the object type (T2). Values are reported as a percentage.

Model
Single-Task Learning

Multi-Task Learning
(T1 + T2)

T1 ↑ T2 ↑ T1 ↑ T2 ↑

VGG16 12.50 25.50 51.10 (+38.60) 81.74 (+56.24)

MobileNetV3 74.85 93.95 77.23 ( +2.38) 94.00 ( +0.05)

EfficientNet 95.49 99.07 96.66 ( +1.17) 99.48 ( +2.28)

Table 2.2 Classification accuracy on the test set of the MEDIC dataset considering the damage
severity (T1) and disaster type (T2). Values are reported as a percentage.

Model
Single Task Learning

Multi Task Learning
(T1 + T2)

T1 ↑ T2 ↑ T1 ↑ T2 ↑

VGG16 61.78 59.14 62.65 (+0.87) 60.54 (+1.40)

MobileNetV3 61.73 52.66 61.90 (+0.17) 52.29 (-0.37)

EfficientNet 61.00 53.94 62.42 (+1.42) 55.74 (+1.80)

a result, according to [43], our experimental protocol involves benchmarking our
models against their respective single-task performance.

We begin our analysis with the 3D Shapes dataset. The results, in terms of
accuracy, are shown in Table 2.1 and demonstrate that MTL-Split improves the
performance on all tasks with respect to the choice of STL design. This confirms
the first two claims of our proposal, i.e., our architecture handles multiple tasks
simultaneously and improves accuracy across the entire task set by collectively
optimizing the model’s parameters for all tasks. Hence, in the context of SC (which
encompasses multiple tasks to be solved), our approach guarantees performance
improvement rather than simply aiming to minimize performance degradation, which
is the SC trend observed in all previous state-of-the-art methods. Furthermore, the
ability to address multiple tasks within the same network simultaneously has resulted
in space and computational savings during inference because it only requires the
evaluation of a single network instead of N neural networks to solve each task.

Table 2.2 further demonstrates the efficacy of our proposal, exploring its perfor-
mance on the MEDIC dataset. This experiment serves as a compelling validation
of our previous claims, showcasing the robustness of our architecture even when
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Table 2.3 Classification accuracy on the test set of the FACES dataset considering the
perceived ages (T1), genders (T2), and facial expressions (T3). Values are reported as a
percentage.

Model
Single Task Learning

Multi Task Learning
(T1 + T3)

Multi Task Learning
(T2 + T3)

Multi Task Learning
(T1 + T2 + T3)

T1 ↑ T2 ↑ T3 ↑ T1 ↑ T3 ↑ T2 ↑ T3 ↑ T1 ↑ T2 ↑ T3 ↑

VGG16 96.83 95.61 19.02 97.80 (+0.87) 91.46 (+72.44) 99.02 (+3.41) 90.24 (+80.22) 98.54 (+1.71) 99.51 (+3.90) 89.27 (+70.25)

MobileNetV3 97.07 99.51 95.12 99.51 (+2.44) 95.12 (+0.00) 99.51 (+0.00) 95.61 (+0.49) 99.27 (+2.20) 99.51 (+0.00) 95.85 (+0.73)

EfficientNet 99.76 99.76 94.63 100 (+0.24) 95.61 (+0.98) 99.76 (+0.00) 97.32 (+2.96) 100 (+0.24) 100 (+0.24) 95.61 (+0.98)

applied to complex datasets. In this case, it is important to highlight the inductive
transfer between tasks, as even a small increase in decimal points in this challenging
context represents a significant achievement.

The minor decrease of 0.37% of T2’s performance in the MTL setting does
not represent a problem. Specifically, what is known in the MTL literature as
negative transfer occurs when there is a significant deterioration in performance
across all tasks, typically resulting from conflicting or unrelated task objectives.
Since the performance improves in all the other cases, we can confidently say that
negative transfer does not occur here. We attribute this result to gradient fluctuations.
These results demonstrate the effectiveness of our approach, as it consistently yields
significant improvements even in difficult scenarios.

Finally, Table 2.3 shows the results achieved on the FACES dataset using the
fine-tuning strategy starting from pre-trained networks on ImageNet. The overall
accuracies obtained are quite high, which was expected given the utilization of a pre-
trained network as a starting point. However, once again, our approach demonstrated
its efficacy in improving performance across all tasks. This is significant since it
increases the accuracy by keeping it close to the maximum values. Usually, such
improvements necessitate the network’s ability to correctly classify the intricate cor-
ner cases within the datasets. In all instances where we do not achieve performance
improvements, our results consistently align with the single-task performance (also
in this case, ruling out the possibility that the non-performance improvements are
due to negative transfer).
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Table 2.4 Computing the size of the backbone Mb, and of its output Zb. The reader should
pay particular attention to the green columns in the table, as these are the columns displaying
the results, which show that our proposal is really efficient for SC.

Model
Mb #params

(M)
Mb #params size

(MB)
F/B pass size

(MB)
Mb est. size

(MB)
Zb #params

(M)
Zb size
(MB)

MobileNetV3 0.9 3.58 724.08 727.66 55.3 0.21
EfficientNet 4 15.45 3452.09 3467.54 406.06 1.56

Split Computing Analysis

In this section, we examine the advantages of our approach in comparison to the
other types of distributed deep learning paradigms, while also presenting deployment
considerations.

Local-only Computing (LoC). Under this paradigm, for the 3D Shapes and the
MEDIC, two distinct DNNs are required since we address two different tasks. Hence,
the estimated memory size that uses MobileNetV3 as the backbone is ≈ 1.5GB,
while it is ≈ 6.9GB for the EfficientNet. Instead, for FACES, which involves three
different tasks (i.e., three distinct DNNs are required), the estimated memory size
using MobileNetV3 is ≈ 2.1GB, and for EfficientNet is ≈ 10.3GB.

As a result, due to memory constraints, the only feasible implementation on the
Jetson Nano is restricted to MobileNetV3 on the 3D Shapes dataset. However, as
indicated in Table 2.4, our approach, utilizing a single shared backbone on the edge
device, enables the execution of all implementations on the same board. Specifically,
using EfficientNet, we achieve memory size improvements of ≈ 38% for the 3D
Shapes and MEDIC datasets and ≈ 57% for the FACES dataset. As mentioned
above, VGG16 is not optimal for embedded system applications, so we do not report
data on that model.

Remote-only Computing (RoC). Under this policy, the goal is to minimize the
data sent from the backbone to task-solving heads.

In the FACES dataset, the images are RGB with 2835× 3543 pixels. Conse-
quently, transmitting each input from the edge to the cloud involves transefing a
tensor of size 2835×3543×3, equivalent to ≈ 115MB over the network channel.
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Figure 2.15 Starting from a DNN M (·), we first apply the predefined sparsity, and then we
train the network. After the training stage, we split the network following the SC and EE
paradigm. As a result, the final architecture is not so computationally intensive, does not
require huge storage spaces, and has less energy consumption, all without compromising the
overall performance.

However, Table 2.4 also highlights the minimal burden placed on the network
channel when employing our methodology, thanks to the neural processing of the
shared backbone. For example, assuming a gigabit channel: the time required to
transfer 100 inputs of size ≈ 115MB each is ≈ 98s, whereas for our inputs of size
1.5MB, it is ≈ 12s, i.e., we obtain an improvement of ≈ 87% in the overall latency
time. This is important as the Internet congestion will increasingly be driven by ML
workloads.

This claim is of significant importance in a world that is increasingly dependent
on efficient data transmission and reduced network congestion.

Discussion

The above analyses show the advantages of our proposal compared to LoC. Our
approach also excels in terms of data transmission, resulting in reduced total latency
compared to RoC. Furthermore, our design handles multiple tasks concurrently, thus
enhancing overall accuracy across all tasks.
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2.5 Sparsity-SC&EE

With this solution, our objective is to show how, in the context of SC and EE, prede-
fined sparsity can significantly reduce computational demands, storage requirements,
and energy consumption compared to state-of-the-art approaches. Furthermore,
regardless of the underlying implementation platform, our approach yields advan-
tages for both the training and the inference stages. In particular, our pipeline is
exemplified by the flow presented in Figure 2.15.

Section Organization

In the following, we first provide the mathematical background behind Sparsity-
SC&EE (Section 2.5.1). Then, we present the experimental results in Section 2.5.2.

2.5.1 Mathematical Background of Predefined Sparsity

To understand the core concepts of our research, let us take a look at the mathematical
background. These concepts were initially presented in [70].

Let us take a (L+1)-layer MLP, described collectively by the following neuronal
configuration:

Nnet = (N0, . . . ,Ni−1,Ni, . . . ,NL) , (2.12)

where Ni represents the number of nodes in the i-th layer. We use the convention that
layer i is to the right of layer i−1. Given L junctions between layers, with junction i
connecting the Ni−1 nodes of its left layer i−1 with the Ni nodes of its right layer i.

We can define predefined sparsity as simply not having all Ni−1 ·Ni edges (or
weights) present in the junction i. Furthermore, we can define structured predefined
sparsity so that for a given junction i, each node in its left layer has fixed out-degree,
i.e., dout

i ∈ N connections to its right layer, and each node in its right layer has fixed
in-degree, i.e., din

i ∈ N connections from its left layer.

In particular, a MLP has dout
i = Ni and din

i = Ni−1 with Ni−1 ·Ni edges present at
the junction ith. However, a sparse MLP has at least one junction with less than this
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number of edges. The number of edges in junction i is given by the formula:

|Wi|= Ni−1 ·dout
i = Ni ·din

i . (2.13)

The density of junction i is measured relative to MLP, and is denoted by the function:

ρi =
|Wi|

Ni−1 ·Ni
. (2.14)

In our structured predefined sparse network, the density of the i-th junction ρi

cannot be arbitrary. By replacing Equation (2.13) in Equation (2.14), we can define:

ρi =
din

i
Ni

=
Ni

dout
i

, (2.15)

where dout
i and din

i are natural numbers. The number of possible ρi values is the
same as the number of (dout

i , din
i ) values satisfying the structured predefined sparsity

constraints:

dout
i =

Ni ·din
i

Ni−1
, din

i ≤ Ni−1 . (2.16)

Now, the smallest value of din
i which satisfies the assignment to dout

i in Equa-
tion (2.16), and dout

i ∈ N, is the following:

Ni−1

gcd(Ni−1,Ni)
, (2.17)

and other values are integer multiples. Since din
i is above the bound of Ni−1, the total

number of possible (dout
i ,din

i ) is gcd(Ni−1,Ni). We can now define the set of possible
densities ρi, as follows:{

ρi =
k

gcd(Ni−1,Ni)
, ρi ∈ (0,1] , k ∈ N

}
. (2.18)

Specifying Nnet and the out-degree configuration dout
net = (dout

1 , . . . ,dout
L ) deter-

mines the density of each junction and the overall density, defined as:

ρnet =
∑

L
i=1 |Wi|

∑
L
i=1 Ni−1 ·Ni

. (2.19)
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It is worth noting that for an MLP using structured predefined sparsity, only the
weights corresponding to connected edges are stored in memory and used in the
computation. Specifically, the parameters are updated on the basis of the gradient
of a loss function with respect to the parameters. Let us denote the parameters of
the network as θ and the loss function as L (θ). The loss function gradient for the
parameters is denoted as ∇θL . Then, the parameters are updated using a gradient
descent step:

θnew = θold −η ·∇θL , (2.20)

where η is the learning rate, controlling the step size in the direction opposite to the
gradient.

2.5.2 Experimental Results

This section describes the experimental trials that have been carried out to validate
our claims, along with their implementation details and results.

Models details. We use three types of MLPs in our experiments: shallow, deep,
and sparse. We can characterize them as follows:

• Shallow: This is the simplest type. It contains only one hidden layer besides
the input and output layers and represents the base case. The hidden layer neu-
rons receive information from the input layer and process it before transmitting
it to the final output layer;

• Deep: Each neuron within a hidden layer is fully connected to all neurons in
the subsequent layer;

• Sparse: The predefined sparsity pattern is applied. This sparsity pattern
essentially removes certain connections between neurons in adjacent layers.
Specifically, the sparse MLP aims to balance the simplicity of the shallow
MLP and the learning capacity of the deep MLP.

Each network configuration is defined using two lists. The first list identifies the
number of neurons in the hidden layers:

H = [H0, . . . ,Hn] , (2.21)
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where n is the number of hidden layers, and intuitively, H0 and Hn represent the
number of neurons in the input and output layers, respectively. The second list
identifies the out-degree of each neuron for each layer:

G = [G0, . . . ,GL−1] . (2.22)

Specifically, G0 is the out-degree of each input layer node, and the output layer GL

is not reported because it is zero.

Then, the shallow, deep, and sparse MLP has been split. Our research focuses
primarily on the use of existing sparsity patterns in split computing applications
for these networks. Inspired by the approach presented in [38], we opt to split the
network at the midpoint, ensuring uniformity in our approach. Although more recent
studies, such as [40, 2], have proposed advanced techniques to select optimal split
points, exploring these methods will be a part of future investigations.

Finally, the inserted EEs are made up of linear layers followed by ReLU activation
functions, where the dimension of the last layer matches the desired output size of
DNN.

Even with the rise of specialized architectures such as ConvNets, MLPs remains
a valuable tool for researchers. Their fundamental structure allows for in-depth
exploration of core deep learning concepts without the added complexity of spe-
cialized architectures. This focus on MLPs aligns with the experimental nature of
this research, in which we aim to isolate the effects of the proposed technique and
gain a deeper understanding of its fundamental workings. Furthermore, recent ad-
vances in research in MLP have demonstrated their continued effectiveness in various
real-world applications, highlighting their ongoing relevance in the field [16, 71].

Datasets descriptions. In this research, we focus on the image classification task.
We used the MNIST dataset [72], a well-known collection of handwritten digits.
This contains 60,000 training and 10,000 testing images for the multi-class image
classification task. The images were centered on a 28×28 image by computing the
center of mass of the pixels and translating the image to position this point at the
center of the 28×28 field.

MNIST has to be considered as a placeholder for bigger datasets (e.g., Ima-
geNet [73]); nevertheless, the focus here is to show the potentialities of the prede-
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(a) Weights distribution in layer 1 [800, 180].
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(b) Weights distribution in layer 2 [180, 180].
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(c) Weights distribution in layer 3 [800, 10].

Figure 2.16 Histograms of weights in each junction resulting from training a deep MLP on
the MNIST dataset. The network configuration H = [H0, . . . ,Hn] used is [800, 180, 180, 10].

fined sparsity applied in SC and EE and not beat the state-of-the-art in a specific
computer vision challenge.

Although this article focuses on a computer vision task, the concepts explored
here remain valid for broader applications. For example, they can be used effectively
for other tasks, such as time-series forecasting.

Why Predefined Sparsity in Split Computing and Early Exit?

The motivation behind the predefined sparsity can be exemplified by examining the
weight histograms of a trained MLP shown in Figure 2.16. Specifically, the three
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histograms show the weight distributions for each layer in a 3-layer MLP model
trained on the MNIST dataset with hidden layers having the following number of
neurons H = [800,180,180,10].

As we can see from Figures 2.16a and 2.16b, the first layers of the network have a
significant concentration of weights around zero, suggesting that these weights might
not be crucial for the network’s performance. However, Figure 2.16c highlights how
the weights in the last layer assume a wider spectrum of values.

This finding suggests that the benefits of predefined sparsity can be especially
pronounced in the earlier layers of the network. As a result, in resource-constrained
environments, such as those encountered in SC and EE applications, predefined spar-
sity offers significant advantages because, by reducing the number of connections,
we can decrease the size and complexity of the network portion deployed on the
edge device. This results in lower memory requirements and faster processing times
during training and inference.

Furthermore, the storage footprint is directly proportional to the number of edges.
Operating at a sparsity level of, for example, 50% results in a two-fold reduction in
complexity. This results in significant efficiency gains, making it possible to deploy
more complex models on devices with limited resources. These findings led us to
want to study them in the context of SC and EE.

Sparsity-SC&EE Quantitative Results

Figures 2.17 and 2.18 show the accuracy plots against the number of parameters
for the three neural network configurations. These two plots reveal the advantage
of sparse split models: they present remarkable stability in accuracy even with
significant reductions in trainable parameters. This characteristic results in two key
advantages, particularly desired and pursued in resource-constrained settings such as
SC and EE.

Unlike traditional deep and shallow DNN, where accuracy improvements often
depend on a significant increase in the number of parameters, sparse split mod-
els achieve optimal inference performance without requiring massive parameter
expansions. As a result, they are much more efficient when using the limited pro-
cessing power and storage space available on edge devices, and so very suitable for
distributed deep leasing scenarios through SC and EE.
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Figure 2.17 Accuracy tests by the number of parameters of deep, shallow, and sparse head
MLPs.
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Figure 2.18 Accuracy tests by number of parameters of deep, shallow, and sparse tail MLPs.

Furthermore, the predefined sparsity of these networks leads to decreased memory
usage, both during training and inference. With regard to training, this is an advantage
because researchers with limited resources can also engage in cutting-edge research
in deep learning without the need for expensive high-end computational resources.
Instead, reduced complexity results in faster processing times, enabling real-time
operation on edge devices with limited processing power.
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Discussion

Early Exiting and reduced communication. In SC and EE applications, where
data security and bandwidth limitations are paramount, sparse split models represent
an ideal solution.

The early exit strategy applied to the head provides an acceptable level of accu-
racy with a smaller subset of parameters, as highlighted by the accuracy achieved
shown in Figure 2.17. This allows the network to terminate computations early,
significantly reducing the amount of data transmitted between the edge device and
the server. This not only minimizes the risk of data breaches, but also conserves pre-
cious network bandwidth, enabling efficient communication even in low-connectivity
environments.

Balancing training time and efficiency. While the benefits of sparse split models
are evident, it’s important to acknowledge the trade-off with training time. When
we introduce predefined sparsity into a MLPs, our aim is to train the model to
learn a function using a significantly reduced number of connections compared to
a non-sparse network. This approach creates a more lightweight structure for the
model, but also leads to a more challenging optimization problem. Consequently,
the gradient descent algorithm may require more iterations to converge due to the
increased complexity introduced by the sparsity constraints. In particular, the sparse
split models in our experiments exhibited a 2× slowdown in training time compared
to their dense counterparts.

However, this drawback needs to be considered in the context of the specific
application and its resource constraints. In many cases, the significant gains in
memory usage, communication efficiency, and inference speed during deployment
far outweigh the potential increase in training time.

2.6 LO-SC

Our goal with this proposal is to show how to optimally split the neural network
based on the computation capabilities of the edge device while minimizing a desired
metric. Figure 2.19 summarizes the differences between the SC architectures in
the literature and our LO-SC. As shown in Figure 2.19a, the typical SC scenario
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(a) Existing SC architecture, where the DNN is divided between a head (deployed on an edge
device) and a tail (on a remote server), based on the edge device capabilities, network reliability,
and delay.

Seg1 Seg... Seg... SegN
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Edge device

(b) Proposed LoC, where the DNN is divided into multiple segments, all deployed only on the
edge device.

Figure 2.19 Traditional SC approach versus the proposed LoC architecture.

focuses on splitting a network into two, between an edge device and a remote server;
the overall accuracy of the model can be lower, and the latencies are typically
unpredictable. Although Figure 2.19b depicts the LO-SC architecture proposed
in this thesis. The power of this formalization is the ability to define a set of
segments with heterogeneous computation resources that will be executed on the
same edge device, e.g., different memory sizes, or maximum execution times. This
approach ensures that we do not compromise the model performance while attaining
a predictable latency.

The splitting is similar to the well-known knapsack problem, where we want to
pack a set of items of given sizes into containers with a specified capacity. In our
case, the items are the layers of the neural network, the size is the memory each layer
occupies, and the capacity of the containers is the available memory of our edge
device. We refer to containers because if the neural network cannot be fully executed
due to constrained resources, we must split it into segments. We can execute each
segment one after the other sequentially to obtain the desired result from DNN. For
the remainder of the section, we call segment a group of sequential layers executed
together.
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Section Organization

In the following, we first define the formulation of the LO-SC optimization problem
in detail (Section 2.6.1). Next, we analyze the computational complexity (Sec-
tion 2.6.2). Finally, we present the experimental results in Section 2.6.3.

2.6.1 Optimization Problem Formulation

There are several metrics that we could be interested in minimizing. However, the
objective we discuss in this chapter is to minimize the output size of the last layer
executed in each segment. This objective has a positive impact, regardless of the
scenario. On the one hand, one could decide to maintain the output of the last layer
of each segment in memory. However, occupying too much memory on a device
with limited memory is not advisable. On the other hand, one could decide to store
the output of each segment somewhere else (from GPU to RAM or from RAM to
disk). However, moving large amounts of data directly affects the overall execution
time of the DNN. However, the proposed formalization allows for the exploration of
other metrics in the splitting problem.

Setting and notation. Given L layers in the DNN, we know the following infor-
mation for each layer l ∈ [0 . . .L]:

• m(l): The memory occupied by the layer l.

• t(l): The worst-case execution time of the layer l.

• o(l): The output memory size of the layer l.

Given a total of S segments, we know the following information for each segment
s ∈ [0 . . .S]:

• M(s): The available memory of the segment s.

• T (s): The available execution time of the segment s.
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Decision variables. Let us start by defining the decision variables of our problem.
The first variable we define is x, which keeps track of where the layers are placed as
follows:

x[l,s] =

1, if layer l is placed in segment s

0, otherwise

∀l ∈ [0 . . .L],∀s ∈ [0 . . .S] .

(2.23)

Once the solver has found a solution, reading the assignment it gave to these variables
gives you the complete placement of layers in each segment. The second variable
we introduce is u, which keeps track of whether a segment is in use as follows:

u[s] =

1, if segment s contains at least one layer

0, otherwise

∀s ∈ [0 . . .S] .

(2.24)

Then, we define i, which contains the index of the last layer placed inside a segment
as follows:

0 ≤ i[s]≤ L, ∀s ∈ [0 . . .S] . (2.25)

Finally, y keeps track of the output size of the last layer placed inside a segment as
follows:

0 ≤ y[s], ∀s ∈ [0 . . .S] . (2.26)

Problem constraints. Following is the set of constraints that will ensure that the
solutions abide by our resource constraints. The first constraint ensures that we place
each layer in only one segment:

S

∑
s=0

x[l,s] = 1 ∀l ∈ [0 . . .L] . (2.27)

The next constraint ensures that the total memory occupied by the layers placed
inside a segment is lower than its capacity:

L

∑
l=0

x[l,s] ·m(l)≤ M(s), ∀s ∈ [0 . . .S] . (2.28)
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Figure 2.20 Two examples of valid assignments of layers to segments. We can place layers 0
and 1 in the same segment of layer 2 or the previous ones but not in the following ones.

A similar constraint ensures that the total execution time for all the layers placed
inside a segment is lower than its total available time:

L

∑
l=0

x[l,s] · t(l)≤ T (s), ∀s ∈ [0 . . .S] . (2.29)

Although the focus of this chapter centers on memory-constraint edge devices,
placing a limit on the total execution time for each segment serves its purpose. This
constraint ensures that the scheduler, responsible for executing layers based on the
outcome of the MILP, maintains a consistent overall runtime. Producing consistent
execution time and delay due to segment swapping improves the practical utility of
this approach for real-time applications.

With the following constraint, u becomes true only if there are layers placed
inside the given segment:

u[s] = max
l∈[0...L]

x[l,s], ∀s ∈ [0 . . .S] . (2.30)

Since x is a Boolean, the maximum of a set of x results in a Boolean that reflects the
presence of even just one layer in a segment. The next constraint ensures that if we
do not use a segment, we are not going to use the subsequent ones as well:

¬u[s] =⇒ ¬u[s+1], ∀s ∈ [0 . . .S−1] . (2.31)

This ensures that the segments are used incrementally, from the first to the last,
without empty ones in the middle. The next constraint ensures that we execute the
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layers in an ordered fashion:

x[l1,s1] =⇒¬x[l2,s2],

∀s1 ∈ [0 . . .S],∀s2 ∈[s1 +1 . . .S],

∀l1 ∈ [0 . . .L],∀l2 ∈[0 . . . l1] .

(2.32)

To better understand this constraint, let us take the example with four layers and
four segments as shown in Figure 2.20. Layers 2 and 3 are placed in segments 1
and 2, respectively. As such, layers 0 and 1 can only be placed in the same segment
where layer 2 is or in those before it. Figure 2.20 also shows two examples of valid
assignments of layers to segments on the right-hand side.

The following constraints are specific to keeping track of the last layer executed
inside each segment. We start by storing the index of the last layer placed inside a
segment as follows:

i[s] = max
l∈[0...L]

x[l,s] · l, ∀s ∈ [0 . . .S] . (2.33)

Now, let us again take the example of Figure 2.20, where the values inside the
blue boxes result from multiplying the decision variable x[l,s] by the index l. The
variable i[s] is the maximum value inside the column s. Finally, we use the previously
computed index to get the actual output size of that layer, if and only if the execution
segment is actually in use, as follows:

y[s] = o(i[s]) ·u[s], ∀s ∈ [0 . . .S] . (2.34)

Optimization function. We aim to minimize the sum of the output size of the last
layers placed inside each segment. The function we use is the following:

minimize ∑
s∈[0...S]

y[s] . (2.35)

This minimization objective is crucial for ensuring efficient computational resource
utilization or reducing potential overhead due to transferring the output at the end of
each segment.

The optimization output is an assignment to the decision variable x[l,s], where
the truth values identify when the layers should be executed, akin to a schedule. The
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schedule is then read by a scheduler that takes care of i) loading the group of layers
specified by a segment, ii) running the inference, iii) unloading the batch of layers,
and iv) passing the partial output to the next batch of layers.

2.6.2 Computational Complexity

To get a rough idea of the size of instances that this approach can address, we
should consider the asymptotic growth of the variables allocated for the MILP
formulation. Since we do not know the number of segments we require apriori, we
consider creating a number of segments S that can accommodate double the amount
of memory required by the layers.

The worst-case upper bound on the size of the variable x[l,s] is O(L ·S), while
that of the variables u[s], i[s], and y[s], is O(S).

The worst-case upper bound of the constraints can be computed similarly. For
Equations (2.27), (2.28) and (2.29) it is O(S ·L), while for Equations (2.30), (2.31),
(2.33) and (2.34) it is O(S). Finally, for Equation (2.32), we can consider a worst-
case upper bound of O(S2 ·L2). Taking into account all these upper bounds, the setup
phase takes approximately O(S2 ·L2) in the worst case.

We specify that this evaluation does not consider the time that the solver takes to
find an optimal solution to the MILP formulation, which is hardware and software
dependent (even version dependent). We believe that these upper bounds could
provide a reasonably accurate forecast regarding the overall performance of our
code when contemplating the deployment of our model implementation as is, with
different scenarios.

2.6.3 Experimental Results

This section describes the experimental trials that have been carried out to validate
our claims, along with their implementation details and results.

Models details. In our experiments, we use two well-known DNNs, i.e., VGG16 [59],
MobileNetV1 [74]. We chose the VGG16 architecture because it is a well-established
and widely used architecture in many image processing tasks. MobileNets, in con-
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Figure 2.21 Comparing our implementation of the multi-constrained ordered knapsack for
LO-SC and knapsack.

trast, represent cutting-edge DNNs for embedded vision applications. In addition to
being very popular architectures, they are also interesting for LO-SC because they
exhibit a large number of parameters and good depth in terms of layers.

Implementation details. All the code regarding the DNN is implemented in
PyTorch Lightning, and the pre-trained network used corresponds to the imple-
mentations contained in PyTorch [66]. The code for solving the MILP problem
is implemented starting from the CP-SAT constraint programming solver of the
OR-Tools open-source software suite [75].

Used edge devices. We run our experiments on an NVIDIA Jetson Nano with
4 GB of memory, except for the VGG16 with inputs of 1920px and 2048px, which
we run on an NVIDIA Jetson Xavier NX with 8 GB of memory. For brevity, when
we write 1280px (or other resolution), we intend an image of 1280 pixels in width
and 1280 pixels in height.

Demonstrative Example

Figure 2.21 compares the solutions found using the proposed LO-SC approach and
by implementing a knapsack that aims to minimize the number of occupied segments.
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Figure 2.22 Splitting points determined by LO-SC when applied to the MobileNetV1 model.
The task is to process images of various resolutions, i.e., 1280px, 1920px, and 2048px, on an
NVIDIA Jetson Nano.

Figure 2.21a shows the allocation between layers (y-axis) and segments (x-axis).
The figure shows that LO-SC performs a split after the first layer, while the vanilla
knapsack after the second layer. As a result, the output size of the last layer placed
inside these segments changes as shown in Figure 2.21b. The segmentation proposed
by LO-SC has an output size at the end of the first segment of 1 MB, while with a
knapsack, it is 2 MB. Inevitably, the output size of the last segment is 2 MB in both
cases.

LO-SC Quantitative Results

In these experiments, we focus on the classification task using images of differ-
ent resolutions, i.e., 1280px, 1920px, and 2048px, depicting objects passing on a
conveyor belt within a real Industry 4.0 scenario: the ICE Laboratory at the Univer-
sity of Verona. In particular, Figure 2.22, and Figure 2.23 show the results of the
splitting points determined by LO-SC when applied to MobileNetV1 and VGG16,
respectively.
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Figure 2.23 Splitting points determined by LO-SC when applied to the VGG16 model. The
task is to process images with a resolution of 1280px on an NVIDIA Jetson Nano and with
1920px and 2048px on an NVIDIA Jetson Xavier NX.

Despite being a lightweight architecture, MobileNetV1 still exceeds the memory
constraints of 4 GB of the Jetson Nano for all inputs. Therefore, LO-SC divides it
into two different segments, each of which respects the memory restriction of the
board. These results demonstrate the ability of LO-SC to enable execution of a DNN
(in which the memory demands exceed the available resources of the device) on an
edge device without relying on optimization techniques or the cloud.

On the other hand, VGG16 should be split into three segments in the case of
1280px and four in the case of 1920px and 2048px. In particular, experiments with
resolutions of 1920px and 2048px must be conducted on the Jetson Xavier NX,
as some segments, such as the first, reach a total memory of 5.52 GB for 1920px
and 6.28 GB for 2048px, both exceeding the 4 GB of the Jetson Nano. This reveals
another outcome of LO-SC: it delineates the specific characteristics of your DNN
and aids in selecting the most appropriate hardware device.

It is worth noting how the design output of LO-SC varies not only based on the
processed DNN, but also on the input being handled. This demonstrates the dynamic
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Table 2.5 Accuracy, precision, recall, and F1-score comparing the VGG16: vanilla, on which
quantization and pruning were applied, and on which LO-SC was applied.

VGG16 Accuracy ↑ Precision ↑ Recall ↑ F1 ↑

Vanilla 85.55 % 0.86 0.86 0.86

Quantization
and Pruning

77.23 % 0.79 0.77 0.77

LO-SC (ours) 85.55 % 0.86 0.86 0.86

nature of split strategies when accommodating different input dimensions within the
network.

Comparing LO-SC against Local-only Computing

LO-SC can outperforms traditional LoC for the deployment of DNNs on resource-
constrained edge devices. We demonstrate this by comparing a fine-tuned VGG16 on
CIFAR-10 [61] using quantization and pruning vs. LO-SC. The pre-trained network
corresponds to the implementations in PyTorch [66], and we train our models for
10 epochs, with a learning rate of 1×10−5, using AdamW [67] as an optimizer, on
an NVIDIA RTX 3090. The CIFAR-10 dataset consists of 60,000 32× 32 color
images in 10 classes, with 6,000 images per class. There are 50,000 training images
and 10,000 test images. CIFAR-10 has to be considered as a placeholder for larger
datasets (e.g., ImageNet [73]); indeed, the focus is to show the comparison between
the most used LoC methods and LO-SC, not beating the state-of-the-art in image
classification. Performance is measured using several metrics: accuracy (correct
predictions divided by total predictions), precision (proportion of true positives to
predicted positives), recall (identifies true positives even with false positives), and
F1-score (balances precision and recall).

In particular, we combine a uniform scalar quantization, where floating-point
values are linearly compressed and rounded to low-precision quantized types, and
magnitude-based pruning, following [76].

The results in Table 2.5 show that VGG16 can be deployed on Jetson using the
LO-SC technique without losing accuracy. Since no memory optimizations are
applied, the output remains uncompressed, ensuring the highest accuracy. However,
applying quantization and pruning significantly reduces performance.
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Comparing LO-SC against Remote-only Computing

With LO-SC, the latency for the switch between segments is entirely predictable,
provided by prior knowledge of the number of segments and the transfer rate of the
target hardware.

For example, consider the switch operation between segments 1 and 2 of VGG16
with a 1920px input. The amount of data to be transferred is 5.5 GB. Assuming
a gigabit channel, the time required to transfer the data is ≈ 44s (this is only a
conservative estimate since we do not consider potential network congestion and
delays). Instead, the switch between segments on the considered architectures takes
≈ 15.73s.

The ability to provide an inference with a deterministic delay could make LO-SC
suitable for real-time scenarios.

Comparing LO-SC against Split Computing

This section delves into a comparative analysis between LO-SC and SC. Specifically,
we compare the splitting points identified by LO-SC and those identified by the two
state-of-the-art methods of SC, namely CDE [40] and I-SPLIT [2] (see Section 2.1).
We specify that [3] adopts the basic methodology of [2] with some engineering-
specific modifications. Therefore, the evaluation conducted against [2] inherently
includes a comparison with [3] as well. Both articles use a VGG16 for experimental
purposes, so our comparison is based on this model. In particular, CDE suggests
potential splitting points at layers 5, 9, and 13, whereas I-SPLIT recommends
splitting the model at layers 5, 9, 11, 13, and 15.

Several facts do emerge. Firstly, none of the potential configurations suggested
by the two methods would be feasible in a LO-SC scenario, as the two segments do
not meet the constraints of both the Jetson Nano and the Jetson NX. Moreover, unlike
LO-SC, none of them allows partitioning the DNN into more than two segments.

Secondly, unlike LO-SC, the final accuracy after the split operation might not
necessarily be the highest. In the case of I-SPLIT, this occurs because the authors
insert a bottleneck that employs lossy data compression to reduce the transmission
data on the network channel. On the other hand, CDE utilizes advanced learning
techniques, such as teacher-student approaches [48], to design an architecture that op-
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timizes edge performance after splitting. However, these do not guarantee successful
results.

Finally, the overall latency time of the system cannot be reliably estimated due
to the potential network congestion and its unpredictable impact. In contrast, in
LO-SC, the latency can be easily estimated.

2.7 LE-CPSs

This section introduces “Split Computing CPS”, a topic that we believe has not been
studied before. Although there is a rich literature on the implementation of DNNs
in edge devices and more recently on SC, the focus has almost exclusively been
on maximizing the inference accuracy of DNN. However, in the following, we will
argue that an optimal DNN implementation architecture, when evaluated in isolation,
might no longer be optimal when used as a part of a larger system, e.g., or a CPS.

Section Organization

In the following, we first introduce the basics of controller design (Section 2.7.1).
Then, we detail the controller design specifically for SC (Section 2.7.2).

2.7.1 Basics of Controller Design

When neural networks are used for sensor data processing before data is fed into a
controller in a CPS, overall system performance is affected not only by the latency
and accuracy of the neural network but also by the underlying dynamics of the
physical system. This section introduces the basics of feedback control systems. One
common representation of control systems is the state-space model, where the state
of the system is represented by a state vector x(t) ∈ Rp and the input to the system
by u(t) ∈ Rq. For simplicity, we discuss Linear Time-Invariant (LTI) control systems
here, but the principles discussed in this work apply to any type of control system
with learning-enabled components.



66 On-Edge Computing

The state-space model of a continuous LTI system is:

ẋ(t) = Acx(t)+Bcu(t) , (2.36)

where Ac ∈ Rp×p, and Bc ∈ Rp×q are matrices encoding the system’s dynamics.
Equation (2.36) shows that the rate of change in the state of the system ẋ(t) depends
on both the current state x(t) and the input of the control u(t). To enable feedback
control, the control input u(t) is computed by a periodic real-time task running on a
processor. Computing u(t) requires discretizing the continuous state-space model
with a constant sampling period h. Assuming periodic sampling, i.e., tk+1 − tk = h,
matrices A and B can be derived from Equation (2.36) such that:

x(tk+1) = Ax(tk)+Bu(tk) . (2.37)

For simplicity, we denote x(tk) as x[k] and u(tk) as u[k] to obtain the discrete state-
space model:

x[k+1] = Ax[k]+Bu[k] . (2.38)

In the simplest case, the control input u[k] is computed by:

u[k] = Kx[k] , (2.39)

where K ∈Rq×p is the feedback gain. There are many methods to design the feedback
gain K with various considerations of stability, energy, and complexity.

2.7.2 Controller Design for Split Computing

We now discuss multiple SC-augmented feedback controller architectures. These are
shown in Figure 2.24 [77]. From their descriptions, it will become clear that these
are not exhaustive, and variations of these architectures are possible. As mentioned
earlier, our goal in this section is not to conduct an exhaustive study of this topic, but
rather to initiate the first discussion.

Figure 2.24a shows the most basic scenario, where all DNN is implemented
locally in an embedded system. Any embedded platform’s relatively low compu-
tational bandwidth will restrict the DNN’s size, compromising its classification or
estimation accuracy.
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Figure 2.24 SC architectures for a feedback controller.

Figure 2.24b shows a typical SC architecture. Part of the inference is performed
on a neural network running locally on an embedded platform, and the subsequent
inference is performed on a server in the cloud. Using the cloud and, thereby,
supporting a bigger DNN the inference accuracy will be higher, and therefore the
state estimation error will be lower than in the case shown in Figure 2.24a. However,
a higher delay will be involved in communicating with and from the cloud, resulting
in a higher sensor-to-actuator delay. Depending on the communication protocol used,
as shown earlier, there might also be data loss, which will also impact the size of
the reachable set and, therefore, the system’s safety. The research question is to
determine an appropriate split point to minimize the size of the system’s reachable
set and maximize safety. What is important to note here is that due to the delay
associated with the sensor actuator at each splitting point, the DNN architecture with
SC that maximizes the accuracy of inference will not necessarily be the optimal SC
architecture to maximize the safety of the system, motivating a study of SC for CPS.

Finally, Figure 2.24c shows a scenario in which if sufficient inference accuracy
is reached using the local DNN, then an early exit may be used, where x1 is used
to compute a control input u1. This results in a lower sensor-to-actuator delay and
avoids any communication with the cloud. But if the inference accuracy using a
local-only DNN is not considered sufficient, then the additional computation is
carried out in the cloud, and x2 is instead used by the controller to compute u2.
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However, there could be several additional possibilities here. First, irrespective
of the inference accuracy achieved locally using the edge DNN, a “preliminary” state
estimate, henceforth referred to as x1, can be used to calculate an earlier control input
u1. More accurate state estimates x2 using the cloud DNN may be used later to apply
a second control input u2. This controller addresses the importance of shorter delays
and the need for more accurate state estimates. The controller needs to be designed
appropriately, since it could be that the control input u2 is applied during a sampling
period later than the one in which u1 is applied. The entire x̂ can be sent to the cloud,
or as shown in Figure 2.24c, the data sent to the cloud can be first processed by the
edge DNN.

As another possibility, some components of the sensed state x̂ can be processed
by a local DNN at the edge to compute x1, and the remaining components of x̂ can be
computed by the DNN in the cloud to compute x2. The set of x̂ components sent to the
edge and the cloud need not be disjoint. How to partition state components between
the edge and the cloud and how to design the resulting controller to maximize system
safety are again open questions that need to be studied.



Chapter 3

Accurate Anomaly Detection

Anomaly detection is a critical task in intelligent manufacturing, used to identify
deviations from expected behavior in production processes, equipment performance,
or product quality [8]. Today, this process uses data-driven methods to detect unusual
patterns that could signal potential faults, inefficiencies, or even safety hazards.
By identifying anomalies early, manufacturers can proactively address problems
before they escalate, reducing downtime, and minimizing costly production halts.
Moreover, integrating anomaly detection with PdM allows optimized resource use, as
maintenance is performed only when necessary. This improves the overall reliability
and efficiency of manufacturing systems, ultimately leading to higher product quality
and a more resilient production environment.

In Figure 3.1, we present all publications related to accurate anomaly detection.
In the following section, we outline the relevant literature and the motivation behind
each work. Then, we provide a detailed explanation of each work, encompassing
both methodologies and the achieved results.

3.1 Related Works

Computer Vision Domain

SDD is a challenging problem in the detection of visual anomalies in industrial
scenarios, defined as the task of individuating samples containing a defect [78],
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A Comprehensive Survey on Learning-based Strategies for Predictive Maintenance (ACM TECS)

Diffusion-based Image Generation for In-distribution Data Augmentation in Surface Defect Detection (VISAPP '24)

Leveraging Latent Diffusion Models for Training-Free In-Distribution Data Augmentation for Surface Defect Detection (CBMI '24)

Vision-Based Anomaly Detection

Accurate Anomaly Detection

GAIA: A Generative AI Approach for Enabling Aircraft Digital Twin Creation (ISIE '25)

ChronosAD: Leveraging Time-Series Foundation Models for Anomaly Detection (EAAI '25)

Time-Series-Based Anomaly Detection

Learning-Based Methods for Enabling On-Edge, Accurate, Sustainable,
and Human-Centered Intelligent Manufacturing

Figure 3.1 Overview of research contributions in accurate anomaly detection. The notebook
icon with the pencil indicates that the contribution is currently under submission.

i.e., samples that do not conform to a prototypical texture. In many real-world
applications, a human expert inspects every product and removes defective parts.
Unfortunately, training human experts can be expensive. In addition, humans are
relatively slow to perform this task, and their performances are subject to stress and
fatigue.

Automated defect detection systems [79, 80] can easily overcome most of these
issues by learning classifiers on defective and nominal training products. The main
drawback is the data collection process required to train a model effectively. In
fact, defective items (i.e., positive samples) are relatively rare compared to nominal
items (i.e., negative samples). Thus, the user may need to collect massive amounts
of data to have enough positive samples. Furthermore, with the rise of the Industry
4.0 paradigm and the transition to flexible manufacturing processes, there is an
increasing demand for systems that can quickly adapt to new production setups [1],
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i.e., customized products manufactured in small batches. Traditional automated
systems cannot meet these demands, since data collection could easily involve the
whole batch size.

Recent studies on SDD focused on limiting the impact of the labeling process
by formulating the problem under the unsupervised learning paradigm [81, 82]
or training exclusively on nominal samples [83], possibly using few-shot learning
strategies [84]. In both cases, the goal is to generate an accurate model of the nominal
sample distribution and classify everything with a low probability score as anomalies.
However, due to the limited restoration capacity of these models, these approaches
tend to generate many false positives, especially in datasets with complex structures
or textures [85].

It is worth noting that, in industrial settings, anomalies are not generated by
Gaussian processes but are the result of specific, often predictable, issues during the
production process. Consequently, anomalous samples are not randomly distributed
outside the nominal distribution; they can be modeled as a mixture of Gaussian
distributions in the feature space [86]. Expert operators can easily define the main
problems they can expect from the manufacturing process, such as which kinds
of defects, in which locations, and how often they expect them to appear. Thus,
Generative Artificial Intelligence (GenAI) can represent a powerful tool for SDD,
with defect image generation emerging as a promising approach to improve detector
performance.

Motivations for In&Out [9] (Section 3.2). As a result, in In&Out, we promote
using Denoising Diffusion Probabilistic Model (DDPM) to produce fine-grained
realistic defects, solving the above issue. Specifically, we can distinguish two
different scenarios: i) when no defects are available (zero-shot data augmentation);
ii) when some defects are available, which could be very few (few-shot, or N-shot
with N small) or in a large number (full-shot or N-shot with N large).

Motivations for DIAG [10] (Section 3.3). The above work was later extended in
another article, in which we propose an interactive learning protocol where a vision
language model is used to generate realistic images starting from textual prompts.
Specifically, we promote the use of DDPMs to produce fine-grained realistic defect
images that can be used as positive samples to train an anomaly detection model. We
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name our approach DIAG, a training-free Diffusion-based In-distribution Anomaly
Generation pipeline for data augmentation in the SDD task. Using pre-trained
DDPMs with multimodal conditioning, we can exploit the knowledge of domain
experts to generate plausible anomalies without needing real positive data. When
using these augmented images to train an anomaly detection model, we show a
notable increase in detection performance compared to previous state-of-the-art
augmentation pipelines.

Time-Series Domain

Due to their simplicity, MLPs were the initial models extensively investigated in
the field of anomaly detection. For example, [87–90] utilizes MLPs to classify
anomalous data from normal data. In addition to MLPs, other widely used archi-
tectures are RNNs. Since they excel in handling temporal data, they have produced
numerous articles for PdM and anomaly detection. [91] utilizes an Long Short-
Term Memory (LSTM) to predict the Remaining Useful Life (RUL) of a jet engine.
Instead, in [92, 93], the authors used LSTM to predict the faults that may occur
in the near future. The [94] utilizes a self-attention mechanism within an LSTM
encoder and decoder architecture, where the encoder processes input data, extracts
relevant information, and the decoder generates predictions or outputs based on that
information, making it more effective for accurate prediction. In addition, ConvNets
excels in identifying complex patterns and anomalies in time-series data [95, 96]. In
fact, in [97–104], the authors use ConvNets as a feature extractor, and other models
such as MLPs or LSTMs are used for the predictions. AEs demonstrated their utility
in PdM due to their non-supervisory nature. For example, [105–107] utilizes AE for
the anomaly detection task.

In this thesis, we explore the application of the learning architectures presented
above to the aircraft domain, with a specific focus on analyzing Landing Gear
System (LGS). This is because LGS is one of the most critical components of an
aircraft, responsible for safe takeoff, landing, and taxiing operations [108]. As a
result, the integrity of LGS is paramount because any failure can lead to catastrophic
consequences, compromising the safety of the aircraft and the lives of its passengers
and crew. The primary challenge in this domain is the limited availability of real-
world fault data [109]. This is because collecting such data is not only expensive
but also fraught with safety concerns, as deliberately inducing faults in operational



3.1 Related Works 73

systems is not feasible. Consequently, the aviation industry has increasingly relied
on simulation as a crucial way to generate data to support maintenance strategies.
Simulations offer a controlled environment where deterministic fault scenarios can
be engineered based on known physical principles and system behaviors, ensuring
safety while providing valuable data for model development.

Although high-fidelity simulations can generate deterministic data following
specific rules and conditions, they may not fully represent the variability and un-
predictability of real-world operations [110]. In this context, Generative AI can
be crucial in bridging this gap by generating more diverse and realistic data. In-
troducing realistic variations can narrow the gap between simulated environments
and real-world conditions, enhancing the robustness and generalizability of learning
models.

Motivations for GAIA [11] (Section 3.4). GAIA is the first comprehensive
pipeline to allow the creation of DTs to support PdM in the aircraft domain. Specifi-
cally, GAIA introduces i) the first benchmark for LGS and ii) an effective method to
enhance these data through GenAI, meeting rigorous standards of aerospace grade.
In particular, DSLG D/R is a novel and accurate physics-driven dataset designed
for LGS multiclass fault classification in collaboration with Leonardo S.p.A., a
leading international aerospace company. Our commitment to providing reliable,
high-quality datasets is directly aligned with industry demands. Furthermore, to
enhance our multi-physics data, we design and train a GenAI model, specifically a
Conditional Generative Adversarial Network (C-GAN), ensuring that the generated
data accurately capture the variability observed in real-world simulations.

Motivations for ChronosAD [12] (Section 3.5). With ChronosAD, we propose
a novel deep anomaly detection method for tabular data that leverages recently
suggested time-series foundation models to capture both temporal and contextual
dependencies. We utilize pre-trained embeddings from the Chronos time-series
foundation model to encode temporal patterns, while a custom Temporal Block
comprising Bidirectional LSTMs and multi-head attention refines these embeddings
to extract contextual relationships. This design enables our method to adapt to diverse
tabular datasets, effectively modeling intricate data patterns for robust anomaly
detection. To the best of our knowledge, this is the first work that successfully
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Figure 3.2 General schema of our In&Out method.

shows how time-series foundation models can be used for the downstream anomaly
detection task on tabular datasets.

3.2 In&Out

The In&Out data augmentation proposal aims at producing Naug additional positive
images. The approach can be applied, with slightly different pipelines, in two scenar-
ios: i) when there are no positive samples available (zero-shot data enhancement)
and ii) when positive samples are available (N-shot data enhancement, where N can
be small or large). In the following, the two pipelines are detailed; a graphical sketch
is presented in Figure 3.2.

Section Organization

In the following, we first discuss the In&Out zero-shot data augmentation (Sec-
tion 3.2.1). Next, we present the In&Out N-shot data augmentation (Section 3.2.2).
Finally, we provide the experimental results in Section 3.2.3.

3.2.1 Zero-Shot Data Augmentation

In this scenario, we simulate that no positive samples are available in the training
set. Thus, our aim is a zero-shot data augmentation procedure in which two steps are
performed: fine-tuning and data augmentation.
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Fine-tuning step. Dreambooth is adopted to perform fine-tuning on a DDPM. To
reduce training time and lower computation requirements, we only train low-rank
update matrices employing Low-Rank Adaptation (LoRA) [111]. These update ma-
trices are then summed to the original weights, completing the fine-tuning procedure.
Specifically, we control the weight of the LoRA update matrices during the merge
with a parameter α: a value close to 0 results in no fine-tuning, while a value close
to 1 results in the strongest fine-tuning.

In the zero-shot data augmentation, we perform fine-tuning with a portion of
randomly chosen negative samples from the training set. The number of samples
depends on the complexity of the data we want to manipulate: the larger the intra-
class variance, the larger the number of elements to sample. In this preliminary study,
we select the number of samples heuristically.

Data augmentation. In this step, we create the Naug augmented images generating
Naug/2 in-distribution images and Naug/2 out-of-distribution images. The Naug/2
in-distribution images are obtained by exploiting the fine-tuned DDPM through
natural language prompts, describing the desired anomalies. To define the types
of defects in natural language and verify how well text expressions are suited to
generate a genuine defect for the data at hand, it is reasonable to perform some
human-in-the-loop cycles, exploiting the expert’s domain knowledge to evaluate
the augmentation quality. Specifically, the operator prompts textual expressions
and evaluates the generated data (total of Naug/2), certifying reasonable defects
or revising expressions for improved generations. The Naug/2 out-of-distribution
images are obtained by increasing the data per region.

This ensures that half of the augmented data will be in-distribution, describing
the visual appearance of the defects (the diffusion-based one), while the other half of
the data will focus on specifying what is certainly not a perfect sample (the per-patch
images). After augmentation, the final training dataset will be formed by positive
images augmented with Naug plus all the original negative samples.

3.2.2 N-Shot Data Augmentation

In this scenario, we assume that we have N images from the positive pool of dataset
images on which we perform Dreambooth fine-tuning with LoRA. We refer to the
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Figure 3.3 Normal (top row) and anomalous (bottom row) samples from the Kolektor Surface-
Defect Dataset 2 (KSDD2) dataset. Note that some defects are very difficult to find.

cases where N ∼ 5 is a few-shot data augmentation. After fine-tuning, positive
Naug/2 samples in distribution are generated. For the zero-shot data augmentation
scenario, additional Naug/2 out-of-distribution images are obtained by the per-region
data augmentation.

After augmentation, the final training dataset will be formed by Naug augmented
positive images + N original positive images plus the negative samples.

3.2.3 Experimental Results

This section describes the experimental trials that have been carried out to validate
our claims, along with their implementation details and results.

Dataset descriptions. The KSDD2 [23] contains RGB images of defective pro-
duction items, provided and annotated by Kolektor Group d.o.o. The defects vary
in shape, size, and color, from small scratches and minor spots to large surface
imperfections.

Since the images are of different sizes, we standardize the resolution of the
dataset by centering the image and resizing all the images to 200×600 pixels. The
dataset is divided into training and testing subsets, with 2,085 negative and 246
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Figure 3.4 Anomalous samples generated by DDPM. It is evident how it provides in-
distribution positive samples.

positive samples in the training set and 894 negative and 110 positive samples in the
test set. We show several normal and anomalous samples in Figure 3.3.

DDPM fine-tuning. In our experiments, we use Stable Diffusion [112] as DDPM.
The fine-tuning process follows the Dreambooth procedure. We used the prompt
“skt background”, where “skt” is the identification token. The string “skt” has
no semantic meaning and was selected to define an ID code for a new visual class.
On the other hand, “background” is the subject class, identified as the most suited to
obtain images with a homogeneous background. The regularization images have been
generated using the prompt “background”. The weight of the prior preservation loss
is set to 1.0 as in the original article. For faster training time and lower computation
requirements, we also employ the LoRA-c3Lier low-rank adaptation, a modified
version of LoRA that also applies low-rank approximations to 3×3 convolutional
kernels and linear layers.

The code is implemented in PyTorch [66]. We used AdamW8bit [113] as an
optimizer, with a learning rate of 1e−5. We kindly direct the reader’s attention to
our configuration file for a more comprehensive exploration of the various hyperpa-
rameters involved.
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DDPM data augmentation. After training Stable Diffusion, we use it to generate
Naug/2 augmented images. In the zero-shot scenario, we use the prompts “skt
background cracked” and “skt background scratched” to induce the gener-
ation of anomalous samples. These prompts have been chosen after a series of
tests and result in images containing plausible anomalies like the ones shown in
Figure 3.4. These generated images are then added to the training set, which will be
used to train the anomaly detection model. We train and evaluate this model with
four different seeds for each of our experiments, generating Naug/2 new images each
time to provide the most statistically relevant results.

ResNet-50 training and testing. We use the PyTorch implementation of ResNet-
50 [56] as our anomaly detection model, in which we substitute the fully connected
layers after the backbone to make it a binary classifier. The network is trained for 50
epochs with an SGD optimizer, a learning rate of 0.01, and a batch size of 5.

To maintain consistency with the training and evaluation procedures of KSDD2,
we modify their official implementation to accommodate our ResNet-50 model. In
particular, our setup is similar to the weakly supervised one presented in [23], where
only images and ground-truth labels are used to train the model. For each scenario,
i.e., zero-shot data augmentation and N-shot data augmentation, we will train three
versions of our ResNet-50 model: i) using only MemSeg [114] to generate Naug

images; ii) using only our DDPM to generate Naug images; and iii) using In&Out as
data augmentation, resulting in Naug/2 images generated by MemSeg and Naug/2
generated by our DDPM.

Zero-Shot Data Augmentation

In these experiments, we emulate a situation where no positive samples are available
in the training set. With this premise, we train our diffusion model with only 50
randomly chosen negative samples from the training set. We chose this number
empirically and deemed it sufficient to represent the intra-class variance of the
negative samples. We train the DDPM for 5 epochs, using as a guiding prompt “skt
background” and α = 0.60.

Once the diffusion model is trained, we generate Naug/2 augmented positive
samples using specific requests from the data set. In our case, we used prompts such
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Table 3.1 Results between MemSeg and DDPM when no anomalous samples are available.

Naug AP ↑ Precision ↑ Recall ↑

MemSeg 80 .514 (.026) .733 (.113) .436 (.033)
MemSeg 100 .388 (.066) .633 (.129) .432 (.054)
MemSeg 120 .511 (.050) .683 (.054) .470 (.091)

Average .471 (.047) .683 (.099) .446 (.059)

Naug AP ↑ Precision ↑ Recall ↑

DDPM 80 .547 (.086) .427 (.301) .695 (.194)
DDPM 100 .532 (.028) .387 (.277) .714 (.286)
DDPM 120 .445 (.186) .465 (.329) .591 (.274)

Average .508 (.100) .426 (.302) .667 (.251)

as “skt background cracked” and “skt background scratched”, resulting in
images similar to those shown in Figure 3.4. Therefore, we produce Naug/2 images
outside the distribution using MemSeg, obtaining Naug of our In&Out approach. We
also experimented with fully MemSeg and fully DDPM augmentation pipelines for
comparison.

We train the ResNet-50 model on different values of Naug and evaluate it on the
original test set. For each number of data augmentation, four different seeds have
been used to report the most statistically relevant results. We report the comparison
between MemSeg and DDPM in Table 3.1, where the numbers outside the paren-
theses indicate the average results over the four seeds, while the numbers between
parentheses indicate the standard deviation. As we can see, DDPM achieves the
highest Average Precision (AP) (.547), recorded at 80 augmented images, while also
resulting in an overall higher mean AP compared to the MemSeg pipeline (.508 vs.
.471).

We want to highlight the difference between the precision and recall scores of
MemSeg and DDPM. Although DDPM achieves a higher recall (.714), the MemSeg
pipeline results in a higher precision (.733). This behavior is clearly shown in
Figure 3.5 and Figure 3.6, where we plot the precision and recall values of the two
methods for different Naug.

When combined in the In&Out pipeline, where half of the augmented positive
samples are provided by DDPM and the other half is provided by MemSeg, we obtain
a huge performance boost in maximum (.626) and average (.573) AP, with balanced
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Figure 3.5 Precision of the methods as a function of the number of augmentations. Note that
MemSeg has higher overall precision. In&Out balances this metric.

Figure 3.6 Recall of the methods as a function of the number of augmentations. Note that
DDPM has a higher overall recall. In&Out balances this metric.

precision and recall metrics. These results, reported in Table 3.2, suggest how
combining in-distribution (DDPM) and out-of-distribution (MemSeg) data improves
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Table 3.2 Results when no anomalous samples are available using In&Out. Thus, Naug/2
samples generated with DDPM and Naug/2 with MemSeg.

Naug AP ↑ Precision ↑ Recall ↑

In&Out 80 .556 (.085) .530 (.219) .655 (.065)
In&Out 100 .626 (.059) .742 (.109) .568 (.029)
In&Out 120 .536 (.023) .699 (.085) .534 (.086)

Average .573 (.056) .657 (.138) .586 (.060)

Table 3.3 Results between MemSeg and DDPM when few anomalous images are available.
Each training set contains N = 5 anomalous samples, plus Naug augmented images.

Naug AP ↑ Precision ↑ Recall ↑

MemSeg 80 .582 (.018) .836 (.101) .466 (.049)
MemSeg 100 .511 (.086) .686 (.082) .527 (.069)
MemSeg 120 .593 (.044) .801 (.065) .507 (.053)

Average .562 (.049) .774 (.083) .500 (.057)

Naug AP ↑ Precision ↑ Recall ↑

DDPM 80 .580 (.045) .542 (.270) .634 (.212)
DDPM 100 .526 (.075) .610 (.063) .477 (.081)
DDPM 120 .535 (.063) .659 (.127) .491 (.046)

Average .547 (.061) .604 (.153) .534 (.113)

precision and recall scores, helping the model better understand what an anomalous
sample is.

N-Shot data augmentation, N small

Within manufacturing environments, organizations strive to minimize the occurrence
of defects, resulting in a generally restricted number of anomalous samples. In this
subsection, we place ourselves in the situation described above, i.e., only a minimal
number of ground-truth positive samples are available in the dataset.

To simulate this challenging setup, we randomly select only N = 5 anomalous
samples from the KSDD2 training dataset and use them to fine-tune the DDPM for
49 epochs with α = 0.95. Following the procedure introduced in Section 3.2.2, we
generate several training sets induced by the different Naug of new samples, plus
the N images on which we trained the DDPM. For the classifier, we use the same
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Table 3.4 Results when few anomalous images are available using In&Out. Each training
set contains Npos = 5 anomalous samples, plus Naug augmented images, where half samples
are generated by DDPM and half by MemSeg.

Naug AP ↑ Precision ↑ Recall ↑

In&Out 80 .531 (.041) .507 (.220) .655 (.126)
In&Out 100 .578 (.041) .450 (.343) .761 (.245)
In&Out 120 .575 (.025) .635 (.316) .636 (.189)

Average .561 (.036) .531 (.293) .684 (.187)

ResNet-50 architecture. The findings of this experiment are documented in Table 3.3.
As we can see, the MemSeg method slightly outperforms DDPM, resulting in an
average AP of .562 and .547, respectively. Moreover, MemSeg produces a maximum
AP of .593 at Naug = 120, while DDPM records a maximum AP of .580 at Naug = 80.
Precision and recall behave similar to what was seen in Section 3.2.1, with DDPM
having a higher recall (.634 vs. .527) and a lower precision (.659 vs. .836) w.r.t.
MemSeg.

Interestingly enough, in Table 3.4, we can see that the In&Out pipeline does not
seem to increase the performance, achieving an average AP on par with MemSeg
(.561) while recording a slightly lower maximum AP (.578 vs. .593). We hypothesize
that, in this setup, DDPM overfits the minimal number of anomalous images and
cannot generalize the anomalous samples properly. This is a problem if the samples
on which we fine-tune the model are a subset of all the anomalies and, thus, are not
representative enough of the entire anomalous distribution.

N-Shot data augmentation, N large

Finally, to demonstrate In&Out as a general data enhancement technique, we explore
the scenario with more positive samples in the training set. To this end, we made all
246 positive samples available to the anomaly detection model during training, in
addition to the usual Naug augmented anomalous images. Following the procedure
in Section 3.2.2, we use all the N = 246 positive samples from the training set to
fine-tune our diffusion model for 25 epochs with α = 0.80. Finally, we define a
baseline by training ResNet-50 with Naug = 0 (In&Out 0), achieving an average AP
of .747. The results are reported in Table 3.5.
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Table 3.5 Results when all the anomalous samples are available using In&Out. Each training
set contains all the anomalous KSDD2 samples, plus Naug augmented images, where half of
the samples are generated by DDPM and half by MemSeg. Additionally, In&Out 0 indicates
the performance achieved without data augmentation. Note that MixedSegdec [23] indicates
the results reported under the weakly supervised setting.

Naug AP ↑ Precision ↑ Recall ↑

MixSegdec .733 (-) - (-) - (-)
In&Out 0 .747 (.055) .826 (.081) .723 (.058)

In&Out 80 .747 (.022) .764 (.046) .734 (.032)
In&Out 100 .775 (.013) .868 (.050) .720 (.026)
In&Out 120 .782 (.030) .906 (.064) .689 (.030)

Average .768 (.022) .846 (.053) .714 (.029)

Table 3.6 Results between MemSeg and DDPM when all the anomalous samples are avail-
able.

Naug AP ↑ Precision ↑ Recall ↑

MemSeg 80 .744 (.007) .851 (.055) .691 (.058)
MemSeg 100 .774 (.016) .814 (.038) .752 (.028)
MemSeg 120 .734 (.032) .772 (.107) .707 (.031)

Average .751 (.018) .812 (.067) .717 (.039)

Naug AP ↑ Precision ↑ Recall ↑

DDPM 80 .758 (.007) .808 (.056) .768 (.043)
DDPM 100 .763 (.008) .829 (.059) .725 (.034)
DDPM 120 .772 (.034) .858 (.084) .725 (.061)

Average .764 (.016) .832 (.066) .739 (.046)

The results of the two separate data augmentation procedures are reported in
Table 3.6. In this scenario, the anomaly detection model trained with DDPM aug-
mented images achieves a maximum AP of .772, outperforming both the baseline
(.747) and resulting in a higher average AP than MemSeg (.764 vs. .751). As we
can see in Table 3.5, In&Out achieves the highest average AP yet (.768) while
balancing precision and recall metrics, confirming our intuition. In particular, with
120 augmented images, the maximum AP classification score is .782, beating the
previous .733 [23] and setting the new state-of-the-art.
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3.3 DIAG

In this section, we provide detailed explanations of DIAG, in which we investigate
spatial control to allow the synthesis of defect samples that incorporate regional
information and exhibit enhanced controllability of image generation through a
human-in-the-loop pipeline, effectively using domain expertise to generate more
plausible in-distribution anomalies.

Section Organization

In the following, we first explore multimodal diffusion-based image generation
(Section 3.3.1). Then, we describe the DIAG pipeline in detail (Section 3.3.2) and
discuss its application to the anomaly detection task (Section 3.3.3). Finally, we
present the experimental results in Section 3.3.4.

3.3.1 Multimodal Diffusion-Based Image Generation

DDPMs [115, 116] are a class of deep latent variable models that work by modeling
the joint distribution of the data over a Markovian inference process. This process
consists of small perturbations of the data with a variance preserving property [117],
such that the limit distribution after the diffusion process is approximately identical to
a known prior distribution. Starting with samples from the prior, a reverse diffusion
process is learned by gradually denoising the sample to resemble the initial data by
the end of the procedure.

Formally, the data distribution q(x0) is modeled using a latent variable model
pθ (x0):

pθ (x0) =
∫

pθ (x0:T )dx1:T , (3.1)

pθ (x0:T ) := pθ (xT )
T

∏
t=1

p(t)
θ
(xt−1|xt) , (3.2)

where x1, . . . ,xT are latent variables of the same dimensionality as x0.
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The parameters θ are learned by maximizing an ELBO (evidence lower bound)
of the log evidence, i.e.:

max
θ

Eq(x0)[log pθ (x0)]≤

max
θ

Eq(x0,x1,...,xT ) [log pθ (x0:T )− logq(x1:T |x0)] , (3.3)

where q(x1:T |x0) represents a fixed inference process defined as the following as a
Markov chain:

q(x1:T |x0) :=
T

∏
t=1

q(xt |xt−1) , (3.4)

q(xt |xt−1) := N

(√
αt

αt−1
xt−1,

(
1− αt

αt−1

)
I
)

, (3.5)

where α1:T ∈ (0,1]T is a predefined variance schedule and the covariance matrix is
ensured to have positive terms on its diagonal. Specifically, this parametrization has
the property:

q(xt |x0) =
∫

q(x1:t |x0)dx1:(t−1) =

N (xt ;
√

αtx0,(1−αt)I) , (3.6)

therefore we can write xt as a linear combination of x0 and a noise variable ε .

When we set αT sufficiently close to 0, q(xT |x0) converges to a standard Gaussian
for all x0, so it is natural to set pθ (xT ) := N (0,I). Given that all conditionals are
modeled as Gaussian with fixed variance, the objective in Section 3.3.1 can be greatly
simplified. In particular, [116] shows that the following (further simplified) lower
bound provides optimal generative performance:

L(εθ ) :=
T

∑
t=1

Ex0,εt

[
∥ε

(t)
θ
(
√

αtx0 +
√

1−αtεt)− εt∥2
2

]
, (3.7)

where x0 ∼ q(x0),εt ∼ N (0, I), εθ = {ε
(t)
θ
}T

t=1 is a set of T functions, with each
ε
(t)
θ

: X → X having trainable parameters θ (t).

In practice, these functions are approximated by a neural network conditioned
on diffusion time t. After training the model, we can generate new samples by
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first sampling xT from the known prior pθ (xT ), and then iteratively reversing the
diffusion process, thereby sampling {xT−1 . . .x0}.

In addition, we used the natural ability of DDPMs to incorporate multimodal
conditioning into the generation process, taking inspiration from [118, 112, 119, 120].
Specifically, we will use prompts, i.e., textual descriptions of the anomaly, and
negative prompts, i.e., prompts that guide the image generation “away” from its
concepts. This results in high-quality images that comply with the descriptions
given [121–123].

In particular, we opt to utilize an inpainting model, as demonstrated in [115, 112].
Given an image with a masked region, inpainting seamlessly fills it with content
that harmonizes with the surrounding image. Although typically used to eliminate
unwanted artifacts, the inpainting process ensures that the masked area incorporates
the provided prompt, effectively merging textual and visual content.

3.3.2 The DIAG Pipeline

To generate an anomalous image ia, the process starts by sampling a random negative
image, a description of the anomaly, and a mask, which forms the triplet (in,da,ma).
Instead of directly operating on the image pixels using DDPM, we use a Latent
Diffusion Model (LDM) to work in a lower-dimensional latent space [112]. Thus,
the above information will be fed to a text conditioned LDM to perform inpainting
on the image in using the mask ma.

The anomaly description da guides the generation, filling the masked region
of in with an anomaly that complies with the prompt. The domain knowledge of
industrial experts is used to generate images reminiscent of real anomalous samples,
providing textual descriptions of the type, shape, and spatial information of potential
anomalies.

The LDM is then conditioned on this information to inpaint plausible anomalies
in defect-free samples. Formally, given pictures of sample samples without defects
(negative) In, domain experts will provide textual descriptions Da of what different
anomalies may look like. At the same time, regions where these anomalies may
appear in the defect-free samples will be designated. We define this set of regions as
a set of binary masks Ma of possible anomalies, shapes, and locations. The result of
this operation is ia, an anomalous version of in, where an anomaly has been inpainted
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in the masked region ma. Due to the stochastic nature of LDMs, this process can be
repeated multiple times to generate an augmented set of anomalous sample images Ia.
Finally, the set Ia can be used as a data augmentation for training anomaly detection
models, as presented in the following section.

3.3.3 The Anomaly Detection Task

We approach the anomaly detection problem as a binary classification problem,
where the objective is to predict whether a sample belongs to one of two classes.
Specifically, we used a ResNet-50 [56] backbone trained with a binary cross-entropy
loss function denoted as LBCE. The binary cross-entropy loss measures the dissimi-
larity between the predicted probability distribution and the actual distribution of the
labels. Mathematically, it is defined as:

LBCE(y, ŷ) =− 1
N

N

∑
i=1

[yi log(ŷi)+(1− yi) log(1− ŷi)] , (3.8)

where, y represents the ground truth labels, ŷ represents the predicted probabilities,
and N is the number of samples. In detail, yi denotes the true label for sample i,
which can be 0 or 1, while ŷi signifies the predicted probability that sample i belongs
to class 1.

3.3.4 Experimental Results

In this section, we show the efficacy of our data augmentation approach for defect
detection from a quantitative and qualitative point of view.

Dataset description. We use the KSDD2 [23], one of the most recent, complex,
and real-world surface defect detection datasets. This dataset comprises 246 positive
and 2,085 negative images in the training set and 110 positive and 894 negative
images in the testing set. Positive images are images with visible defects, such as
scratches, spots, and surface imperfections.

Since the images have different dimensions, we standardize the resolution of
the dataset, resizing all the images to 224×632 pixels while keeping the number of
normal and anomalous samples unchanged.
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Evaluation metrics. The anomaly detection performance was evaluated based on
AP, Precision, and Recall, following the evaluation protocol defined in [9].

Additionally, to evaluate visual similarity between generated images and the
original dataset images, we use the Fréchet Inception Distance (FID) [124], a popular
metric in the field of image generation which computes the distance between the
distribution of two sets of images. More specifically, the Fréchet distance calculates
the distance d(., .) between a Gaussian with mean (m,C) obtained from p(.) and a
Gaussian with mean (mw,Cw) obtained by pw(.), where pw(.) represents real-world
data and p(.) represents generated data. In practice, these distributions are two sets
of data: the “world” data (i.e., the images in a dataset) and the “generated” data (i.e.,
the generated images). These sets are then fed to an Inception model pre-trained
on ImageNet to extract deep features from each sample of the distributions. The
resulting two sets of features represent the Gaussians with mean (mw,Cw) and (m,C)

for the “world” and “generated” data, respectively. Specifically, [124] shows that
a lower FID score matches a human’s higher perceived visual similarity (a lower
perceptual distance), meaning that similar sets of images will have a lower FID than
dissimilar sets. Formally, the FID score is:

d((m,C),(mw,Cw)) = ||m−mw||22 +T(C+Cw −2(CCw)
1
2 ) , (3.9)

where T refers to the trace linear algebra operation.

Inpainting via DIAG. We use the pre-trained implementation of SDXL [123] from
Diffusers [125] as our text-conditioned LDM. In particular, SDXL shows drastically
improved performance compared to previous versions of Stable Diffusion [112] and
achieves results comparable to those of commercial state-of-the-art image generators.

Following the procedure outlined in Section 3.3.2, we use the negative im-
ages of KSDD2 as the set In. As the set of anomaly descriptions Da, we used
the prompts “white marks on the wall” and “copper metal scratches”. In-
stead, “smooth, plain, black, dark, shadow” were used as negative prompts
to further improve performance. These prompts were selected through a human-in-
the-loop iterative pipeline until the resulting images resembled plausible anomalies.
We used the segmentation masks of positive samples in the KSDD2 dataset to
simulate the definition of plausible anomalous regions by domain experts.
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Then, these data are fed to the pre-trained SDXL model to perform inpainting
on the negative images in a training-free process, generating the set of augmented
anomalous images Ia as described in Section 3.3.2.

Finally, the generated images Ia are added to the training set, which will be used
to train the anomaly detection model.

ResNet-50 training and testing. For a fair comparison with [9], we use the same
PyTorch implementation of the ResNet-50 [56] as our anomaly detection model, in
which we substitute the fully connected layers after the backbone to make it a binary
classifier. The network is trained for 50 epochs with Adam [60] as an optimizer, a
learning rate of 0.0001, and a batch size of 32.

To maintain consistency with the training and evaluation procedures of KSDD2,
our set-up is the same as that presented in [23, 9], where only the images and ground-
truth labels are used to train the model. For our comparison, we use the official
code of In&Out [9] to fine-tune a DDPM in the full-shot scenario (on all positive
images of the KSDD2 dataset) and generate their augmented images. Likewise,
we follow the procedure of MemSeg [114] to generate the “per-region” augmented
images. Finally, we generate DIAG augmented images, following the inpainting
methodology described in Section 3.3. The set of images used for training changes
depending on the experiment and the pipelines being tested, but, in general, it can be
seen as a combination of the original negative images In, an optional set Ip of the
original positive images, and the set of generated positive images Ia.

Zero-Shot Data Augmentation

Here, we emulate the situation where no original positive samples are available in the
training set. This scenario makes generating augmented positive samples necessary
and restricts the users to augmentation procedures that do not rely on positive images.
To do this, we build the set of anomalous augmented images Ia by generating Naug

positive augmented samples with different pipelines, i.e., MemSeg, In&Out, and
DIAG. Then, we train a ResNet-50 on a dataset that includes the original negative
samples In and the augmented positive samples Ia. Finally, we evaluate the model on
the original test set.
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Table 3.7 Results between MemSeg, In&Out and DIAG when no anomalous samples are
available. In bold, the best results. Underlined, the second best.

Model Naug AP ↑ Precision ↑ Recall ↑

MemSeg [114] 80 .514 .733 .436
MemSeg [114] 100 .388 .633 .432
MemSeg [114] 120 .511 .683 .470

In&Out [9] 80 .556 .530 .655
In&Out [9] 100 .626 .742 .568
In&Out [9] 120 .536 .699 .534

DIAG (ours) 80 .769 .851 .673
DIAG (ours) 100 .801 .924 .664
DIAG (ours) 120 .739 .944 .609

Table 3.7 reports the comparison between the models trained with MemSeg,
In&Out, and DIAG augmented data at different values of Naug. As we can see,
our proposed method achieves the highest AP (.801), recorded at 100 augmented
images, while also resulting in a consistently higher AP compared to the MemSeg
and In&Out pipelines. These impressive results highlight how, through domain
expertise in the form of anomaly descriptions and segmentation masks, it is possible
to generate in-distribution images able to meaningfully guide an anomaly detection
network, even in a complicated scenario where no real anomalous data are available.

Surprisingly, the performance of DIAG with augmented images Naug = 120 is
lower than using a smaller number of augmented images. We hypothesize that this is
due to the stochastic nature of the LDM image generation. Although it allows the
generation of various images given the same guidance, it can also lower, in some
cases, the predictability of the quality of the generated samples, which sometimes
may not faithfully comply with the prompt. Future works will focus on studying the
consistency of quality in the image generation pipeline.

Full-Shot Data Augmentation

To showcase DIAG as a general data augmentation technique, we also explore the
scenario where real positive samples are available in the training set. To this end, we
include all the 246 real positive samples Ip in the training set, together with the real
negative images In and the Naug augmented positive images Ia.
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Table 3.8 Results between MemSeg, In&Out and DIAG when all the anomalous samples are
available. In bold, the best results. Underlined, the second best.

Model Naug AP ↑ Precision ↑ Recall ↑

MemSeg [114] 80 .744 .851 .691
MemSeg [114] 100 .774 .814 .752
MemSeg [114] 120 .734 .772 .707

In&Out [9] 80 .747 .764 .734
In&Out [9] 100 .775 .868 .720
In&Out [9] 120 .782 .906 .689

DIAG (ours) 80 .869 .912 .755
DIAG (ours) 100 .911 .978 .800
DIAG (ours) 120 .924 .896 .864

As we can see from Table 3.8, DIAG achieves the highest average AP yet
(.924), surpassing the .782 set by the previous state-of-the-art data augmentation
pipeline [9]. When comparing these results with the ones obtained in the “zero-shot
data augmentation” scenario, it is clear how more in-distribution images improve
model performance during training. This is highlighted by the improvement in
performance of all models when adding the real positive images Ip to the training
set. At the same time, the inclusion of DIAG augmented images allows the model to
further explore the anomaly distribution, resulting in the difference in performance
between the different data augmentation pipelines.

DIAG Qualitative Results

The main goal of our data augmentation pipeline is to generate in-distribution
synthetic positive images, meaning images that closely resemble the real ones.
Figure 3.7 shows qualitative results. It is evident that the images produced by DIAG
are markedly more realistic compared to those generated by MemSeg and In&Out.

In addition, we provide a numeric evaluation of the similarity between the
generated images and the real ones by employing FID [124]. It is worth noting that
due to the limited number of anomalous images in the original dataset, we are forced
to calculate FID on a different network layer, precisely the second max pooling layer.
This is a common procedure in cases where the number of images is low, as the
calculation requires the number of samples (images) to be higher than the number of
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Figure 3.7 First row displays some negative samples from the KSDD2 dataset. Instead, the
second row shows some images of positive samples from the same dataset. In the third row,
we show the MemSeg-generated defect samples. The fourth row shows In&Out generated
defect samples. Lastly, the final row showcases images generated with DIAG. Notably, the
defect images that DIAG generated are more realistic and in-distribution.

Table 3.9 FID scores between the real positive images of KSDD2 and the images generated
by MemSeg, In&Out and DIAG. The scores are calculated using the first and second max
pooling layers of the Inception network, having 64 and 192 features, respectively. In bold,
the best results.

Augmentation procedure FID 64 ↓ FID 192 ↓

MemSeg [114] 0.834 4.376
DDPM [9] 0.334 1.520
DIAG (ours) 0.096 0.411

features. Note that this only changes the magnitude of the values obtained, not the
general behavior of the metric. In the specific case of KSDD2, we choose the first
and second max-pooling layers with 64 and 192 features, respectively. Specifically,
we compare the images generated with MemSeg, In&Out, and DIAG with the ones
available in the KSDD2 dataset and compute the FID scores between the positive
images from the KSDD2 and the previously mentioned sets of augmented images.
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The results, reported in Table 3.9, highlight how DIAG can generate images that
are very similar to those originally present in the dataset, resulting in the lowest FID
of all other methodologies.

3.4 GAIA

In this section, we report how we employed a C-GAN to address the challenge of
generating more diverse and realistic data, allowing the creation of DTs to support
PdM in the aircraft domain. In particular, C-GAN, an extension of Generative
Adversarial Networks (GANs) [126], are a class of neural networks that generate
new data samples conditioned on auxiliary information, which can be labels or
other forms of data [127]. In this way, the C-GANs models allow the generation
of synthetic data tailored to specific conditions, thus enhancing the diversity and
representativeness of the training dataset.

Section Organization

In the following, we introduce the C-GAN architecture (Section 3.4.1). Next, we
detail the GAIA data augmentation technique (Section 3.4.2) and present our DSLG
D/R dataset (Section 3.4.3). Then, we provide an explanatory data analysis of the
DSLG D/R dataset (Section 3.4.4). Finally, we present the experimental results in
Section 3.4.5.

3.4.1 The C-GAN Architecture

Our architecture consists of two main components: the generator G and the discrimi-
nator D. The generator G aims to generate realistic data samples x given a condition
y, while the discriminator D aims to distinguish between real data samples and those
generated by G, conditioned on y.

Specifically, the generator G takes as input a random noise vector z ∼ N (0, I)
and the condition (y). It outputs a generated data sample x̂ = G(z,y). Then, the
discriminator D receives as input either a real data sample x paired with the condition
y or a generated data sample x̂ paired with the same condition y, and outputs a
probability D(x,y) indicating whether the sample is real or fake.
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In particular, the loss functions for G and D are defined as follows:

LD =−Ex,y[logD(x,y)]−Ez,y[log(1−D(G(z,y),y))] , (3.10)

LG =−Ez,y[logD(G(z,y),y)] , (3.11)

where E is the expected value. Here, Ex,y[logD(x,y)] represents the expected value
of logD(x,y) over the joint distribution of real data x and the condition y. Instead,
Ez,y[log(1−D(G(z,y),y))] represents the expected value of log(1−D(G(z,y),y))
over the joint distribution of the noise vector z and the condition y.

3.4.2 GAIA Data Augmentation

After training the C-GAN model, we utilized the trained generator G to augment our
datasets. By sampling from the noise distribution z ∼ N (0, I) and conditioning on
different y values, we generated additional synthetic data samples x̂ = G(z,y).

These synthetic samples were incorporated into the original dataset D, result-
ing in an augmented dataset D′ used for future learning-based model training and
evaluation.

Unlike traditional augmentation techniques such as Gaussian noise or magnitude
warping, our proposed C-GAN can capture complex relationships and dependencies
within the data. This behavior is critical in avionic time-series, where interactions
between variables can be intricate and non-obvious.

3.4.3 The DSLG D/R Dataset

The primary objective of the DSLG D/R dataset is to support the development
and evaluation of LGS fault detection and classification, allowing the analysis of
normal and faulty behaviors. The system used to generate the dataset simulates
the operation of an aircraft LGS, modeled in Simscape using SimMechanics and
SimHydraulics. The system includes two primary actuators: the Main Actuator,
responsible for deployment and retraction, and the Lock Actuator, responsible for
locking and unlocking the LGS.
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The actuators are controlled by a PID controller that manages both deploy-
ment/retraction and locking/unlocking, with transitions between these phases being
handled by a supervisory state machine composed of four states: deploy, retract, lock,
and unlock. The system operates under hydraulic supply pressure, which powers
both actuators, accounting for realistic mechanical and hydraulic dynamics during
normal and faulty operation modes. Sensors measure actuator positions, pressures,
and velocities for each actuator.

The dataset consists of 448 multivariate time-series simulations, each spanning
40 seconds and sampled at 1 kHz, resulting in 40,001 time steps per simulation. Each
simulation includes data from 7 channels that represent different measurements of
the system. Specifically:

• Time: The time variable tracking the 40 seconds.

• MainActuatorPos: The position of the main actuator.

• MainActuatorPressure: The pressure within the main actuator.

• MainActuatorVelocity: The velocity of the main actuator.

• LockActuatorPos: The position of the lock actuator.

• LockActuatorPressure: The pressure within the lock actuator.

• LockActuatorVelocity: The velocity of the lock actuator.

The dataset is divided into 224 healthy simulations and 224 faulty simulations
(see Figure 3.8), which are categorized into the following different types of failures:

• Healthy (label 0): Normal operation of the system.

• Combined Fault (label 1): Simultaneous faults in both the main and the lock
mechanisms (71 simulations).

• Main Friction Fault (label 2): Faults in the main actuator (71 simulations).

• Lock Friction Fault (label 3): Faults in the lock actuator (71 simulations).

• Hydraulic Supply Fault (label 4): Faults in the hydraulic system that affect
the supply pressure (11 simulations).
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Figure 3.8 Distribution of the healthy and faulty simulations samples divided by class within
the DSLG D/R dataset.

3.4.4 DSLG D/R Statistical Data Analysis

We performed an explanatory data analysis to provide more technical details regard-
ing our DSLG D/R dataset and validate it.

First, we account for any null values or duplicates present at the same time t.
Next, we visually and numerically analyze the S(x, t) distribution. As the second
step, we test the stationarity of the time-series using the Augmented Dickey-Fuller
(ADF) test [128]. The results indicate that all time-series considered in this study
are stationary, allowing us to proceed with the correlation analysis directly on the
raw data without additional preprocessing steps (e.g., detrending).

Given stationarity, we can perform a linear correlation analysis between the
dataset’s features, as the distribution is time-invariant, which supports standard
statistical analysis and modeling. For this purpose, we employ Pearson’s correlation
coefficient ρ , defined as:

ρ =
cov(X ,Y )

σX σY
, (3.12)

where X and Y are random variables, cov denotes the covariance, σX is the standard
deviation of X , and σY is the standard deviation of Y . The correlation matrix reveals
a strong positive correlation between the position, pressure, and velocity of the
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main and locking actuators. These results suggest that the actuators’ movements
are highly synchronized, with changes in one actuator’s position leading to corre-
sponding adjustments in pressure and velocity within both actuators. In addition, the
matrix indicates a moderate positive correlation between the main and lock actuator
positions, suggesting coordinated movement. These findings highlight the intercon-
nectedness of the components and their crucial role in the overall performance of the
system, demonstrating that our multiphysics DSLG D / R data set best represents the
mechanics and behavior of a LGS.

3.4.5 Experimental Results

This section describes the experimental trials that have been carried out to validate
our claims, along with their implementation details and results.

Models details. In our experiments, we evaluate the performance of the various
augmentation techniques using two widely recognized ML classification models:
Support Vector Machine (SVM) [129], and k-Nearest Neighbour (k-NN) [130].
Furthermore, we also implement two common DNN architectures: a Convolutional-
1D Neural Network (Conv-1D) and a MLP.

The Conv-1D model comprises two convolutional layers, followed by a ReLU
activation function. Then, a pooling layer is applied and the result is flattened before
being passed to the fully connected layer.

For MLP, the input is flattened and passed through five fully connected layers,
each followed by batch normalization, ReLU activation, and dropout.

Instead, the C-GAN consists of the conditional generator and the discriminator.
Specifically, the conditional generator inputs both a noise vector and class labels.
The labels are then embedded into a continuous space using an embedding layer.
These embeddings are then concatenated with the noise vector and pass through three
fully connected layers. The first two layers apply ReLU activation functions, while
the final layer applies a tanh activation function to produce the generated output.
Like the generator, the conditional discriminator first embeds the class labels, which
are then concatenated with the input data. The concatenated input passes through
three fully connected layers. The first two layers use ReLU activations, while the
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Table 3.10 Accuracy (A), Precision (P), Recall (R) and F1-score (F1) of the SVM, Conv-1D,
and MLP models on the DSLG D/R dataset. We compare the results between the vanilla
multi-physics, vanilla multi-physics + Gaussian noise, vanilla + magnitude time warping,
and vanilla multi-physics + GAIA augmentation. In bold, the best results. Underlined, the
second best.

SVM Conv-1D MLP

DSLG D/R A ↑ P ↑ R ↑ F1 ↑ A ↑ P ↑ R ↑ F1 ↑ A ↑ P ↑ R ↑ F1 ↑

Original 64.44 0.537 0.644 0.582 76.66 0.738 0.766 0.745 84.44 0.904 0.844 0.855
+ Gaussian 66.67 0.467 0.666 0.545 81.11 0.813 0.811 0.766 86.66 0.888 0.866 0.869
+ magnitude 65.56 0.547 0.655 0.591 76.66 0.766 0.766 0.765 65.55 0.678 0.655 0.651
GAIA (ours) 71.11 0.715 0.711 0.698 82.22 0.730 0.822 0.761 93.33 0.940 0.933 0.931

final layer uses a Sigmoid activation function to output a probability score indicating
whether the input is real or generated.

Datasets descriptions. To effectively showcase the capabilities of GAIA, we
begin our experiments with our DSLG D/R; see Section 3.4.3 for more details. We
performed an 80-20 train-test split, resulting in 358 samples for training and 90
samples for testing.

To further validate the effectiveness of GAIA, we applied it to the challenging
task of fault classification in electrical power system transmission lines, using the
well-established Electrical Fault dataset [131]. In this dataset, the inputs include
three voltages and three currents corresponding to the respective three phases, as
well as ten different types of faults and no-fault conditions. The training set consists
of 6,288 input samples, while the test set has 1,573 samples.

Training details. All the code is implemented in PyTorch [66]. We trained all
our classification models for 100 epochs, with a learning rate of 1× 10−3, using
Adam [60] as the optimizer, on an NVIDIA RTX 3090. Instead, we train our C-GAN
model for 500 epochs, with a learning rate of 1×10−5, betas of (0.5,0.999), always
using Adam as an optimizer, on an NVIDIA RTX 3090.

Results on the DSLG D/R Dataset

To evaluate the effectiveness of our GAIA data augmentation solution, we compared
the results on the vanilla multi-physics, vanilla multi-physics + Gaussian noise,
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vanilla + magnitude time warping, and vanilla multi-physics augmented with the
C-GAN model. The results are summarized in Table 3.10, showing the accuracy (A),
precision (P), recall (R), and F1-scores.

As shown, the vanilla multi-physics dataset alone yields the lowest performance
across all evaluation metrics. These results were expected, as relying solely on the
original data limits the model’s ability to generalize, especially when faced with the
complexity of avionic complex real-world systems, and the models were not able to
capture the complex dynamics of the LGS of the aircraft.

Adding standard augmentation techniques improves performance compared to
the vanilla dataset. However, these techniques have inherent limitations. Although
effective in certain scenarios, Gaussian noise and magnitude time warping may not
always generate realistic or informative data samples, since they do not explicitly
consider the specific characteristics of each of the features of the aircraft system,
limiting their effectiveness in capturing intricate nuances. As a result, although
performance improves, there is no guarantee that these methods will consistently
produce better results.

In contrast, our GAIA data augmentation pipeline consistently outperforms
the vanilla multi-physics and the vanilla multi-physics + standard augmentation
approaches across all metrics. These results demonstrate the superiority of our
data augmentation proposal in generating high-quality, realistic, and informative
augmented data. By learning the underlying distribution of the original data and
leveraging the generative capabilities of C-GAN, GAIA can generate data that
more closely resemble the underlying distribution of the aircraft system’s behavior,
enhancing the generalization ability of the trained model, confirming our claims.

The slight decrease in precision and F1-score when using Conv-1D, despite
higher accuracy and recall compared to the competitor, may be attributed to the
sensitivity of the convolutional model to local patterns in the data. Specifically, Conv-
1D excels in capturing temporal dependencies, which can lead to more robust overall
detection (as reflected in accuracy and recall). However, this may occasionally result
in more false positives, slightly lowering precision and the F1-score. Despite this, the
performance drop in precision and F1-score is not critical, as overall accuracy and
recall improvements demonstrate that Conv-1D effectively identify relevant patterns.
Furthermore, this behavior is not observed with SVM or MLP, suggesting that the
trade-off is more related to the specialized architecture of Conv-1D.
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Table 3.11 Accuracy (A), Precision (P), Recall (R) and F1-score (F1) of the SVM, k-NN,
and MLP models on the Electrical Fault dataset. We compare the results between the vanilla
multi-physics, vanilla multi-physics + Gaussian noise, vanilla + magnitude time warping,
and vanilla multi-physics + GAIA augmentation. In bold, the best results. Underlined, the
second best.

SVM k-NN MLP

Elect. Fault A ↑ P ↑ R ↑ F1 ↑ A ↑ P ↑ R ↑ F1 ↑ A ↑ P ↑ R ↑ F1 ↑

Original 74.70 0.716 0.747 0.721 79.72 0.790 0.797 0.793 79.97 0.714 0.799 0.747
+ Gaussian 75.37 0.726 0.753 0.730 78.70 0.785 0.787 0.785 80.92 0.852 0.809 0.776
+ magnitude 73.30 0.696 0.733 0.706 79.40 0.787 0.794 0.789 76.66 0.777 0.766 0.727
+ GAIA (ours) 76.48 0.737 0.764 0.741 82.01 0.812 0.820 0.815 81.05 0.798 0.810 0.802

Results on the Electrical Fault Dataset

Similarly to the previous experiments, we also compared the performance of our
GAIA on the Electrical Fault dataset. The results are reported in Table 3.11.

As expected, the vanilla dataset exhibited suboptimal performance. The other
key takeaway is that standard augmentation techniques, such as Gaussian noise and
magnitude time warping, do not consistently improve performance across all metrics.
At the same time, our method consistently leads to better results. For example,
when using the SVM model, our method achieves the highest accuracy (76.48%),
precision (0.737), recall (0.764), and F1-score (0.741), demonstrating that GAIA
augmentation provides a significant advantage over traditional techniques. Similarly,
for k-NN and MLP, GAIA produces superior results in most metrics, confirming its
effectiveness across different models.

Although our method slightly loses precision with respect to MLP (0.798 com-
pared to 0.852 for Gaussian noise), this minor drop in precision is not worrisome.
The overall gains in other metrics, such as accuracy (81.05%) and recall (0.810),
indicate that our method still leads to a more balanced and robust model, emphasizing
its superiority for general performance rather than focusing on precision alone.

These findings suggest that GAIA augmentation can better capture the complex
patterns in the data, leading to improved results where standard augmentation does
not do so consistently, confirming our claims also in this challenging scenario.
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Figure 3.9 The figure illustrates our ChronosAD architecture. As a data preparation step,
all input time-series data for each channel undergo a windowing process to segment it
into smaller chunks. These segments are then passed into the Chronos Encoder. The
embeddings are then standardized using L2 normalization to ensure consistent magnitudes.
The normalized embeddings are then processed through the Temporal Block, which employs
Bidirectional LSTM networks to capture temporal dependencies and a multi-head attention
mechanism to enhance contextual understanding. After processing through the Temporal
Block, the embeddings from all channels are concatenated into a single feature vector.
This concatenated vector is passed through a series of linear layers to produce the final
classification, determining whether the input sequence is labeled as normal or abnormal.

3.5 ChronosAD

In this section, we introduce ChronosAD, the first framework based on time-series
foundation models designed for anomaly detection on time-series data. The overall
architecture is illustrated in Figure 3.9.

Section Organization

In the following, we first formalize the problem (Section 3.5.1). Next, we detail the
ChronosAD training procedure (Section 3.5.2). Finally, we present the experimental
results in Section 3.5.3.
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3.5.1 Problem Statement

Let the characteristics of the time-series be indicated by X ∈RN , where N represents
the total length of the time-series. The class of time-series on a particular time stamp
t is represented by ct ∈ 0,1, where 0 and 1 correspond to the normal and abnormal
classes, respectively.

The time-series is divided into non-overlapping segments, each of length l, re-
ferred to as the context length. The duration of the context determines the temporal
window through which the model observes patterns to detect anomalies. This seg-
mentation results in Nl = ⌈N/l⌉ segments, each containing l consecutive timestamps.

For each segment, let Cl ⊆ ct : t ∈ [t, t + l) represent the set of classes within that
segment. To ensure consistency, segmentation is performed so that all timestamps
within a given segment belong to the same class, i.e., Cl contains only identical class
labels Cl = c.

A segment of length l is classified as abnormal if and only if at least one times-
tamp t within the segment is assigned the abnormal class (ct = 1). In contrast, if all
timestamps in the segment are assigned the normal class (ct = 0), the segment is
classified as normal. To formalize this, the model uses a threshold λ to classify the
anomaly score calculated from the features of the segment x ∈ Rl .

As a result, the anomaly classification can be expressed as a decision function
f : Rl → 0,1 defined as follows:

y =

1, if f (x)≥ λ

0, otherwise
, (3.13)

where y ∈ 0,1 represents the output class, with y = 0 indicating a normal segment
and y = 1 indicating an abnormal segment.

Let X ∈RN×T×C represent the input of the time-series, where N is the batch size,
T is the sequence length, and C is the number of channels. For each channel c, the
input is processed through the following pipeline.
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3.5.2 ChronosAD Training Strategy

The Chronos Encoder

Each window channel’s time-series Xc ∈ RT is input to the pre-trained Chronos
foundation model [132], which outputs a fixed-dimensional embedding vector:

Ec = Encoder(Xc) , Ec ∈ Rd , (3.14)

where d is the embedding dimension.

Furthermore, the Chronos encoder provides a scaling factor s, represented as a
vector of size N, corresponding to the batch size. For each instance in the batch, the
scaling factor is calculated as the mean of the absolute values of the time-series for a
single channel Xc in a context window of length l, weighted by the attention mask A,
which represents valid time steps within the window. Formally, the scaling factor is
defined as:

s =
1

t+l
∑
i=t

Ai

t+l

∑
i=t

(|Xc,i|−m) , with s > 0 , (3.15)

where Xc,i is the value of the time-series for channel c at index i, Ai is a binary
indicator denoting whether the i-th time step is valid, and m is the mean of the
time-series values within the same context window.

The scaling factor plays a crucial role in describing the distribution of the time-
series within the specified context length. Specifically, it reflects the natural scale of
the data, enabling the model to adapt its processing to varying magnitudes across
different time-series, thereby improving its ability to generalize across datasets with
diverse characteristics.

The Temporal Block

Before feeding the embeddings into the Temporal Block, L2 normalization is applied
to standardize the embedding magnitudes and mitigate the impact of extreme values.
This normalization step ensures numerical stability and promotes balanced input
representations.
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Figure 3.10 This figure illustrates the Temporal Block used in ChronosAD to capture
temporal dependencies in sequence data. It comprises a Bidirectional LSTM network
for encoding forward and backward temporal features, followed by a multi-head attention
mechanism to refine the representation and focus on relevant information within the sequence.

Then, the Scaled Exponential Linear Unit (SeLU) activation function is employed
to non-linearly transform the embeddings, effectively clamping excessively negative
values and shifting them toward a more neutral range. This transformation helps
to preserve gradient flow during backpropagation, thus mitigating the problem of
vanishing gradients and enabling more efficient learning.

The embeddings are then passed into the Temporal Block (depicted in Fig-
ure 3.10), which processes the sequence data to capture temporal dependencies. The
Temporal Block consists of two primary components: i) a set of Bidirectional LSTM
(BiLSTM) networks and ii) a multi-head attention mechanism.

Let the input to the Temporal Block be denoted as E ∈ RN×T×d where N is
the batch size, T is the sequence length, and d is the embedding dimension. Each
time step t of the sequence is processed through a BiLSTM to encode forward and
backward temporal features. Formally, for a sequence et at time t:

ht = BiLSTM(et) , ht ∈ R2h , (3.16)

where ht represents the hidden state for time t, and h is the hidden dimension of
the LSTM in each direction. The resulting sequence of hidden states H ∈ RT×2h

captures bidirectional temporal information.

These encoded temporal features are further refined using the multi-head attention
mechanism, which computes the attention-weighted representation of the sequence.
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For each head, the queries (Q), keys (K), and values (V ) are derived from H as:

Q = HWQ , K = HWK , V = HWV , (3.17)

where WQ,WK,WV ∈ R2h×da are learnable weight matrices, and da is the dimension-
ality of each attention head.

The attention weights are computed using the scaled dot-product mechanism:

α = softmax
(

QK⊤
√

da

)
, (3.18)

and the output of the attention head is given by:

z = αV . (3.19)

By concatenating the outputs of multiple attention heads, the final attention-
enhanced representation Z is obtained:

Z = Concat(z1,z2, . . . ,zh)WO , (3.20)

where h is the number of attention heads, and WO is a learnable projection matrix.

Finally, a Linear Layer transforms Z into a fixed-dimensional representation for
each time step:

e = Linear(Z) , (3.21)

where e is the output embedding that captures both temporal dependencies and
attention-enhanced contextual information.

The Loss Function and Anomaly Score

After processing the embeddings through the Temporal Block, the output e for each
channel is concatenated along the feature dimension. Specifically, for C channels,
the concatenated vector Econcat is obtained as:

Econcat = Concat(e1,e2, . . . ,eN) ∈ RN×de , (3.22)
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where ei represents the output embedding for the i-th channel, and de is the dimension
of the embedding vector.

The concatenated embeddings Econcat are then passed through a Fully Connected
Network (FCN) consisting of a series of fully connected layers. The FCN maps the
concatenated features to a final prediction, which classifies the sequence as normal
or abnormal. Formally, the output of the FCN is given by:

ŷ = FCN(Econcat) , (3.23)

where ŷ is the predicted class label, with 0 indicating a normal sequence and 1
indicating an abnormal sequence.

Specifically, the output of the fully connected network, ŷ, is then used to calculate
the loss of Binary Cross-Entropy (BCE) for training. The BCE loss is employed to
measure the discrepancy between the predicted probability ŷ and the true label y,
where y ∈ {0,1} represents the ground truth class (normal or abnormal). Formally, it
is defined as:

LBCE(y, ŷ) =− 1
N

N

∑
i=1

[yi log(ŷi)+(1− yi) log(1− ŷi)] , (3.24)

where y is the ground truth label, ŷ is the predicted probability that the sequence
is abnormal, and N is the number of samples. The model is trained by minimizing
this loss function to improve the accuracy of the anomaly detection task, effectively
adjusting the weights of the Temporal Block and fully connected layers through
backpropagation.

3.5.3 Experimental Results

This section describes the experimental trials that have been carried out to validate
our claims, along with their implementation details and results.

Evaluation metrics. To assess the effectiveness of ChronosAD, we consider two
key evaluation metrics: the Area Under the Receiver Operating Characteristic Curve
(AUC-ROC) and the AP.
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The AUC-ROC measures the ability of a model to distinguish between normal
and anomalous instances by evaluating the trade-off between the true positive rate
and the false positive rate across different decision thresholds. A higher AUC value
indicates better discrimination capability, with a perfect classifier achieving an AUC
of 1. However, AUC-ROC does not consider the actual confidence scores of the
predictions beyond their order.

To complement this, we use AP, which is derived from the Precision-Recall
(PR) curve and provides a more informative measure when dealing with imbalanced
datasets, as is often the case in anomaly detection. AP is computed as the area
under the PR curve, summarizing precision at different recall levels and placing
greater emphasis on correctly identifying the minority class. Together, AUC-ROC
and AP provide a comprehensive evaluation of the performance of the model in
distinguishing anomalies from normal patterns.

Datasets descriptions. For our experiments, we used a diverse collection of
datasets, including seven time-series datasets from the UCR Archive [133], a real-
world bearing dataset (CWRU) [145], an ECG arrhythmia data set (MIT-BIH) [146],
a water treatment dataset (SWaT) [147], and a simulated dataset (Waveform) [148].
These datasets were chosen to evaluate the performance of the proposed method
in varying characteristics such as the number of samples, dimensions, classes, and
sampling rates (Hz). In the following, we provide detailed descriptions of each
dataset.

PPOC [133]: This dataset contains temporal representations of the proximal finger
bone outlines. The data is categorized into accurately and inaccurately described
bone shapes by mapping the distances between the bone center and its outline.

TwoLeadECG [133]: Derived from PhysioNet, this dataset consists of electrocardio-
gram (ECG) signals from two leads, divided into two distinct categories of cardiac
activity.

Strawberry [133]: This dataset represents spectral data for food, with two categories
differentiating strawberry from non-strawberry samples.

TwoPatterns [133]: A synthetic dataset that simulates trend changes over time, with
four categories: “down-down”, “up-down”, “down-up”, and “up-up”.
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Table 3.12 Anomaly Detection Performance. All values are percentages (%) and averaged
with stddevs over five seeds. In bold, the best results. Underlined the second best. In
parentheses, there is a change in performance over the second-best.

Dataset
PPOC [133] TwoLeadECG [133] Strawberry [133] TwoPatterns [133]

AUC ↑ AP ↑ AUC ↑ AP ↑ AUC ↑ AP ↑ AUC ↑ AP ↑
AnoGAN [134] 52.30±1.27 71.88±12.28 52.04±7.86 73.76±5.90 61.97±11.63 74.36±7.5 51.46±1.12 88.89±0.41
ALAD [135] 50.39±14.85 67.07±23.26 51.64±10.76 72.80±9.02 52.93±8.85 69.69±19.99 50.50±4.65 88.23±2.18
Deep-SVDD [136] 65.73±4.53 82.08±7.36 85.56±1.52 89.82±1.43 72.80±13.66 73.74±22.31 83.61±8.30 97.03±1.47
BeatGAN [137] 86.02±2.92 74.40±13.65 78.42±10.79 74.62±8.70 91.38±0.27 89.66±7.94 75.85±1.95 88.60±0.7
GOAD [138] 66.82±8.32 71.59±10.66 52.97±11.68 54.90±10.10 55.69±27.79 61.32±24.42 74.07±3.07 77.39±2.79
USAD [139] 74.09±5.20 84.49±5.93 67.37±15.60 80.55±10.28 63.45±27.84 68.73±28.89 85.50±4.15 97.61±0.85
TLKF [140] 75.05±8.24 84.61±4.43 71.49±11.44 82.55±9.14 72.88±8.61 79.84±10.67 75.19±9.93 85.22±5.47
GTA [141] 80.31±6.11 84.30±5.32 72.60±0.08 80.05±2.81 81.00±8.12 85.87±6.15 84.91±5.11 96.48±1.11
NSIBF [142] 75.47±8.43 82.23±4.28 88.09±1.48 90.78±2.20 76.44±21.82 72.24±21.24 88.71±0.32 92.74±1.94
ECOD [143] 81.86±4.13 92.58±4.49 82.68±8.94 88.19±8.10 82.59±4.91 88.78±7.11 90.91±2.47 95.85±1.23
KalmanAE [144] 94.53±0.14 96.37±1.08 91.14±4.42 94.12±3.54 93.92±0.92 92.45±2.54 94.28±1.43 99.02±0.26
ChronosAD (ours) 96.05 (+1.52) 98.05 (+1.68) 100 (+8.86) 100 (+5.88) 98.18 (+4.26) 99.05 (+6.60) 100 (+5.72) 100 (+0.98)

Dataset
UWaveGestureLibraryY [133] FordA [133] SmallKitchenAppliances [133] CWRU [145]

AUC ↑ AP ↑ AUC ↑ AP ↑ AUC ↑ AP ↑ AUC ↑ AP ↑
AnoGAN [134] 82.74±7.41 98.52±0.84 50.27±4.45 71.02±4.05 48.76±14.60 83.48±5.76 72.47±8.97 87.13±1.62
ALAD [135] 52.64±20.09 94.55±3.52 50.22±1.00 71.68±4.10 51.94±2.69 84.40±1.54 47.94±0.35 91.84±0.13
Deep-SVDD [136] 65.68±4.45 96.38±0.64 64.54±8.26 80.48±7.96 74.17±10.65 91.68±4.36 92.09±1.31 99.02±0.17
BeatGAN [137] 91.46±4.65 97.73±1.70 73.35±10.22 84.00±7.71 83.40±5.11 82.11±0.33 97.91±0.52 95.84±1.46
GOAD [138] 87.28±5.93 96.87±0.85 54.65±0.13 73.66±0.75 48.89±2.44 52.39±2.21 53.20±2.11 58.17±1.32
USAD [139] 90.06±5.10 99.30±0.39 63.81±1.21 79.83±2.42 62.31±5.10 85.96±1.76 85.86±7.37 97.88±2.53
TLKF [140] 79.09±6.87 88.32±3.87 62.54±7.43 71.64±6.53 67.91±8.14 76.73±8.65 86.43±5.84 95.61±1.75
GTA [141] 89.43±5.28 92.67±5.32 74.28±10.8 84.90±8.45 76.05±8.64 87.96±7.98 95.57±2.54 96.78±2.65
NSIBF [142] 92.63±0.85 97.58±0.88 73.29±5.99 82.72±1.92 84.66±6.54 91.95±5.93 97.18±2.51 98.08±1.15
ECOD [143] 93.50±4.07 97.00±1.23 75.28±6.47 84.80±6.33 83.78±6.74 91.18±4.32 97.50±3.46 98.57±0.25
KalmanAE [144] 95.67±1.49 99.59±0.38 79.30±3.14 87.64±7.43 89.48±3.14 93.32±2.58 99.02±0.07 99.68±0.03
ChronosAD (ours) 98.38 (+2.71) 99.75 (+0.16) 97.43 (+18.13) 97.29 (+9.65) 89.79 (+0.31) 94.08 (+0.76) 100 (+0.98) 100 (+0.32)

Dataset
MIT-BIH [146] SWaT [147] Waveform [148] Average

AUC ↑ AP ↑ AUC ↑ AP ↑ AUC ↑ AP ↑ AUC ↑ AP ↑
AnoGAN [134] 75.33±1.46 58.75±1.67 61.78±1.20 77.43±0.77 52.91±4.48 34.89±0.35 60.18±5.85 74.55±3.74
ALAD [135] 71.66±0.33 62.07±0.29 77.52±4.79 87.02±3.45 68.35±1.43 35.50±0.14 56.88±6.34 74.98±6.14
Deep-SVDD [136] 85.76±0.81 66.64±0.91 87.04±0.77 88.65±0.34 84.68±2.09 45.12±7.27 85.33±1.28 82.78±4.92
BeatGAN [137] 92.99±0.87 89.87±1.23 89.98±0.02 89.99±0.01 83.19±2.97 44.27±4.85 88.36±1.81 82.62±4.38
GOAD [138] 72.70±0.52 87.61±0.23 63.16±5.11 70.49±3.67 77.08±1.00 37.49±1.65 64.21±5.23 67.44±5.33
USAD [139] 88.91±3.02 76.00±3.59 87.43±2.61 92.62±1.83 85.56±2.40 42.41±2.30 87.32±1.66 82.30±5.52
TLKF [140] 80.34±2.67 72.85±7.63 72.49±1.37 79.38±2.85 64.13±2.35 43.11±1.76 73.41±6.62 78.16±5.70
GTA [141] 72.96±4.63 62.78±7.01 91.32±0.29 94.12±0.13 63.85±2.63 39.12±1.66 81.11±4.93 82.27±4.41
NSIBF [142] 84.53±2.20 72.88±1.44 95.76±0.63 96.47±0.80 62.25±4.93 45.20±6.83 83.54±5.06 83.89±4.41
ECOD [143] 80.44±0.33 70.39±0.62 82.73±0.07 79.43±0.07 74.88±9.21 40.09±1.36 84.61±4.09 82.46±3.19
KalmanAE [144] 95.06±0.71 91.48±1.73 97.32±0.06 98.63±0.09 87.04±2.69 46.15±1.30 92.43±1.65 90.76±1.90
ChronosAD (ours) 97.59 (+2.53) 96.95 (+5.47) 98.84 (+1.52) 98.81 (+0.16) 92.41 (+5.37) 86.93 (+40.78) 97.15 (+4.72) 97.36 (+6.59)

UWaveGestureLibraryY [133]: A dataset focused on gesture recognition based
on accelerometer data, containing eight categories corresponding to different hand
gestures.

FordA [133]: This automotive dataset is used for the diagnosis of faults in vehicle
subsystems, with two categories indicating the presence or absence of faults.

SmallKitchenAppliances [133]: A dataset that profiles the power consumption of
kitchen appliances, categorized into three classes: kettles, microwaves, and toaster
ovens.
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CWRU [145]: A bearing fault diagnosis dataset with four categories: drive and fan
bearing faults recorded at 12 kHz, drive-side bearing faults recorded at 48 kHz, and
normal data.

MIT-BIH [146]: This arrhythmia dataset contains 48 half-hour recordings of dual-
channel ambulatory ECG data from 47 individuals, sampled at 360 Hz. It is annotated
with normal beats and abnormal patterns, including bundle branch block, atrial
premature beats, and ventricular premature beats.

SWaT [147]: A dataset for the water treatment control system for safety and attack
detection, consisting of data from 51 sensors and actuators, classified into normal
and attack states.

Waveform [148]: A simulated dataset generated by the Waveform Database Genera-
tor that comprises three types of waveform. Category 0 is designated as an anomaly,
while the remaining categories are considered normal.

Competitors descriptions. To assess the performance of ChronosAD, we com-
pared it with eleven state-of-the-art methods. The specifics of these baseline models
are outlined below.

AnoGAN [134]: A generative adversarial network that takes advantage of normal
samples to learn a multiple distribution in the latent space. Identifies anomalies by
measuring the reconstruction error generated by the model.

ALAD [135]: A GAN-based anomaly detection framework that employs cyclic
consistency loss and multiple discriminators to stabilize adversarial training. Detects
anomalies using reconstruction errors in both the input and latent spaces.

Deep-SVDD [136]: Learns a neural network-based support vector data description
of normal data. It determines anomalies by calculating the distance of samples from
the center of a hypersphere enclosing the feature space.

BeatGAN [137]: A GAN specifically designed for time-series data. Processes ECG
signals by splitting them into fixed segments and utilizes an encoder to capture latent
representations for anomaly detection.

GOAD [138]: A classification-based anomaly detection model that integrates one-
class classification with transformation-based methods. Detects anomalies by evalu-
ating the probability that transformed samples are in their designated subspaces.
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USAD [139]: A two-stage adversarially trained autoencoder comprising an encoder
and two decoders. It offers a robust, unsupervised approach with high stability during
adversarial training.

TLKF [140]: Integrates transformers and LSTM networks to improve the state
estimation capabilities of Kalman filter-based systems.

GTA [141]: A comprehensive framework to detect anomalies in multivariate time-
series. It models inter-channel relationships and temporal dependencies using propa-
gation convolution and multi-branch attention mechanisms.

NSIBF [142]: A hybrid anomaly detection model for CPSs. The architecture
combines LSTM networks for dynamic system modeling with Bayesian filters to
pinpoint anomalies within a dynamic state space.

ECOD [143]: Employs a non-parametric strategy for the detection of anomalies by
estimating the underlying data distribution. Anomalies are identified as rare instances
that occur in the tails of the distribution.

KalmanAE [144]: A deep-implementation-optimized Kalman filter for unsupervised
time-series anomaly detection, where the state of the system of a normal time-series
can be fit using the embedding-optimized Kalman filter in an unsupervised manner,
and anomalies can be detected from data points that deviate from the normal system
state.

ChronosAD Quantitative Results

As we can see from 3.12, ChronosAD consistently outperforms all competitors
presented in all scenarios, often achieving near-perfect results.

In UCR datasets [133] such as TwoPatterns, UWaveGestureLibraryY, and FordA,
ChronosAD achieves AUC values close to or above 100, setting a new benchmark for
performance in time-series anomaly detection. For example, its flawless performance
on TwoPatterns and near-optimal results on UWaveGestureLibraryY emphasize its
precision in detecting nuanced deviations across synthetic and gesture-based time-
series data. Similarly, its results on FordA, a data set geared toward automotive fault
detection, further underscore its relevance for applied diagnostic tasks.

Real-world data sets such as CWRU [145] and SWaT [147] further validate the
robustness of ChronosAD. Specifically, on CWRU, the model attains perfect scores,
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reflecting its ability to precisely identify faults in industrial bearing systems. For
SWaT, a challenging multivariate dataset representing CPSs, ChronosAD achieves
unmatched precision, highlighting its ability to model complex interdependencies
across multiple data channels. Likewise, MIT-BIH [146] excels in detecting anoma-
lies in high-resolution ECG recordings, a critical requirement in medical diagnostics.

In summary, ChronosAD’s consistent performance across benchmarks, includ-
ing the simulated Waveform dataset, reaffirms its generalizability. Its averaged
AUC of 97.36 and AP of 96.59 places it ahead of established methods such as
KalmanAE [144], indicating not just incremental but substantial advances in anomaly
detection. These results reflect ChronosAD’s ability to balance sensitivity and speci-
ficity while navigating diverse data modalities, sampling rates, and dimensional
complexities.



Chapter 4

Sustainable New Products
Performance Forecasting

The fast fashion industry represents the second most polluting industry in the world,
responsible for 79 trillion liters of water consumed and 92 million tonnes of waste
produced per year [33], contributing 8% of all carbon emissions and 20% of all
global wastewater [34]. Having the ability to predict sales volumes for an unreleased
product with greater precision could represent a significant step toward making
this market more efficient, reducing the use of production resources, and especially
minimizing unsold inventory [13]. Although forecasting time-series with a known
historical past has been extensively analyzed [149, 150], very little attention has been
paid to a much more practical and challenging scenario: forecasting new products
that the market has not seen before.

Specifically, this problem, known as NFPPF [151], is far from trivial, as unre-
leased products do not have sales data available. Thus, it is necessary to retrieve
valuable information from the available data, which may be technical specifications
of the product (such as color, type, material), release period, or interest shown for
similar products in the past [151].

Due to the rapidly changing nature of fashion trends, determining what is consid-
ered fashionable or outdated can be challenging. This makes it difficult to accurately
predict the market performance of a specific item and identify the key factors that
influence its popularity. Traditional deterministic forecasting models have shown
reasonable performance in specific situations. However, they are limited by their



113

assumption that the characteristics of past-season products are directly applicable to
new items, which often exhibit distinct features. This leads to inaccurate predictions
as a result of the change in the characteristics of the input data.

Recently, DDPMs [116], or Diffusion Models in general, have impressed with
their realistic image and video generation capabilities. Moreover, DDPMs have
shown promising results even in the context of time-series analysis [152]. Specif-
ically, DDPMs implicitly learn the probability distributions of data, such as im-
ages [9, 10], or fashion sales, as we demonstrate in this research. As a result, they
are not affected by the issue of the feature domain shift due to the nature of the
diffusion process [115]. In fact, a DDPM is gradually trained to denoise Gaussian
noise; therefore, it does not use explicit features extracted from a specific sample as
input.

In particular, when a DDPM comes across a sample with features that are not in
its training data (a common occurrence in the fast-fashion industry), its denoising
diffusion process naturally keeps its predictions within the real sales distribution.
Furthermore, even when DDPM is conditioned on extracted features, the model’s
predictions do not diverge significantly [153]. In contrast, deterministic approaches
do not have this kind of reliability because they directly link input features to
predicted sales, which can result in wrong predictions for new feature combinations.
This characteristic is critically important, making DDPMs an ideal tool for NFPPF.

In Figure 4.1, we present all publications related to sustainable new products
performance forecasting. In the following section, we outline the relevant literature
and the motivation behind each work. Then, we provide a detailed explanation of
each work, encompassing both methodologies and the achieved results.

Motivations for MDiFF [14] (Section 4.2). In this chapter, we present MDiFF, a
two-stage architecture specifically crafted to tackle NFPPF. We first train a multi-
modal score-based diffusion model that learns to generate samples from the true sales
distribution. A second refinement model, based on an MLP, is then used to refine
the prediction DDPM. DDPMs, by nature, generates output from Gaussian noise,
guaranteeing a fundamental property, which is the generation of non-deterministic
samples. In order to better control this behavior and have more stable results, what
we do is generate multiple sales signals for the same object. Specifically, 50 samples
are generated and given as input to the refinement model, which subsequently gener-
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Sustainable New Products Performance Forecasting

New Fashion Product Performance Forecasting: A Survey on Evolution, Models, and Emerging Trends (SN CS)

MDiFF: Exploiting Multimodal Score-based Diffusion Models for New Fashion Product Performance Forecasting (ECCV WS '24)

Dif4FF: Leveraging Multimodal Diffusion Models and Graph Neural Networks for Accurate New Fashion Product Performance Forecasting (ICPR '24)

Learning-Based Methods for Enabling On-Edge, Accurate, Sustainable,
and Human-Centered Intelligent Manufacturing

Figure 4.1 Overview of research contributions on sustainable new products performance
forecasting.

ates the final sales prediction. This strategy ensures that MLP receives data in the
distribution that matches more closely the actual sales data distribution, leading to
improved pipeline reliability.

Motivations for Dif4FF [15] (Section 4.3). The previous work was later extended
in Dif4FF, in which we conditioned the multimodal score-based diffusion model on
more data, and the refining module was replaced by a Graph Convolutional Network
(GCN). Specifically, our GCN builds two types of graph from the input. One graph
focuses on the time dimension, highlighting important connections among weak
sales. Then, we create another graph based on prediction space, pinpointing strong
connections among model-predicted samples. Finally, we use three Conv1D layers
to compress the graph network’s output and generate the prediction vector. This
allowed us to process the expanded multimodal input more effectively.
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4.1 Related Works

The existing literature on NFPPF with deep learning tools is limited but growing.
One of the first articles to investigate the sales forecasting problem is [154]. Fol-
lowing, [155] attempts to emulate an expert’s decision-making process, training a
ConvNet-based model to extract visual features from the image and then, through
the k-Nearest Neighbors (k-NN) algorithm, confront the features with other elements
already seen to produce the final prediction of the sales.

With [156, 157], there was a first attempt at tackling this task by exploring various
algorithms. In particular, [156] compares several ML algorithms, such as gradient
boosting and random forest, discussing which is better for NFPPF. Moreover, the
authors also tried two deep learning approaches, i.e., Feed-Forward Networks (FFNs)
and LSTMs, both fed with multimodal signals. Those signals were obtained from
static attributes of the items, such as category, color, fabric, and variable information,
such as discounts and promotions. Similarly, [157] uses an architecture based on
RNNs, including more signals such as past sales, images, textual embeddings, and
discounts. The model also operates a soft-attention mechanism to understand which
information is more relevant to produce the predicted sales signal. However, their
autoregressive model produced the same prediction between products of different
seasons. Unfortunately, the authors’ code and dataset are proprietary and not publicly
available.

Building on the value of exogenous signals in fashion forecasting, [151] propose
an encoder-decoder Transformer-based architecture that incorporates as input of the
model all the multimodal data offered by the dataset [158]. The encoder is fed with
Google Trend signals, while the decoder receives an ensemble of features extracted
from images, textual descriptions, and the item’s temporal information (release
date). This approach effectively extends previous work by using a more powerful
architecture to extract insights from exogenous signals, showing the effectiveness of
Google Trends information in relation to NFPPF.

In contrast to previous approaches, this research introduces the first diffusion
model-based implementation to solve the NFPPF task. In this way, we solve the
problem common to all the previous methods: unrealistic predictions due to the shift
in the input feature domain.
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  Week: 2
  Day: 18
  Month: 5
  Year: 2018

Image

Release data

Multimodal signals
from real-world data Score-based Diffusion Model

To generate realistic predictions resilient to the shift in input
features' domain.

MLP-based refinement module
To the refine the Diffusion output with a lightweight model 

and obtain the final prediction

21

Figure 4.2 The MDiFF two-stage pipeline for NFPPF. Starting from multiple signals of a
single fashion product, we build a multimodal score-based diffusion model to generate an
initial prediction of the sales, addressing potential objects with features beyond the training
distribution. Then, we refine the diffusion output using a lightweight MLP to obtain the final
prediction.

Datasets for NFPPF. Publicly available datasets for fashion forecasting, such
as [159], take into account applications that are different from NFPPF. They have
usually been used to forecast fashion styles, which are aggregates of products of
multiple brands in terms of popularity based on social networks, such as, for example,
Instagram. In our case, the task is different since we focus only on single products
and not on groups of products, so we have fewer data to reason on. In addition, we
are considering genuine sales data and not popularity trends. As a result, in our
research, we use the VISUELLE dataset [158, 151], the only dataset available in the
literature for NFPPF, and thus the de facto standard for this task. Due to its nature,
our research is also impactful from an industrial level.

4.2 MDiFF

In this section, we introduce MDiFF, a two-stage architecture shown in Figure 4.2
specifically crafted to tackle NFPPF.

Section Organization

In the following, we introduce the formalization of the problem (Section 4.2.1), our
score-based diffusion models (Section 4.2.2), the methodology used to guide sample
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generation (Section 4.2.3), the MLP-based refinement stage (Section 4.2.4), and the
experimental results (Section 4.2.5).

4.2.1 Problem Formalization

Given a new product j, we want to predict y ∈ RW expressed as the performance
vector in terms of sales in an interval of W weeks since its release date.

For every j, a set of 2 attributes is given: an image of the product i j ∈ Rw×h×3

with w = h = 256 and the release date t j ∈ R4 composed of four digits representing
the day, week, month and year of release.

4.2.2 Our Score-Based Diffusion Model

Score-based diffusion models [117] generalize DDPMs [116] generative models
trained to reverse a discrete-time diffusion process. A Gaussian noise diffusion
process, also known as the forward process, can be summarized as a chain of steps in
which Gaussian noise is progressively added to the initial distribution, as described
by the following equations:

q(x1, ...,xT |x0 = y) =
T

∏
t=1

q(xt |xt−1) , (4.1)

q(xt |xt−1) := N (
√

1−βtxt−1,βtI) , (4.2)

where q(xT )≈ N (0,1), y = q(x0) is the true data distribution, βt is the variance of
the additive noise, and t ∈ [0,T ] represents the number of noising steps defined a
prior.

A model pθ is then trained to reverse the diffusion process by gradually removing
noise, also known as backward process, to restore the initial distribution. Specifically,
the backward process is formalized as follows:

pθ (xt−1|xt ,c) = N (xt−1; µθ (xt , t)

+sσ
2
t ∇xt logp(xt |x0),σ2

t I) ,
(4.3)
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Figure 4.3 An overview of our multimodal score-based diffusion model. The diffusion basic
block is taken from TS-Diff [21] (grey square), modified to be injected with the output of the
transformer decoder layer, a module responsible for producing an embedding representing
the two modalities of input related to the item. Each block contains two outputs: one for the
subsequent block and another for a skip connection. The summation of all skip connections
forms the model’s final output. The primary component of each block is typically an S4
block [22], chosen by the authors of [21] for its efficiency when it comes to time-series and
structured data. The input of the MDiFF is noisy data, and the output is the denoised sample.

where σ is the variance for each timestep, and s is the parameter that controls the
strength of the conditioning.

Specifically, Figure 4.3 shows the architecture of our multimodal score-based
diffusion model. The network is a stack of multiple N blocks. Every block has two
outputs, one for the next block and one for a skip connection. The sum of all the
skip connections represents the actual output of the model. Every block is mainly
made up of an S4 block [22]. The multimodal conditioning c j is added directly to the
output of the S4 block, and the cross-attention is implemented using a Transformer
decoder layer [160].

4.2.3 Multimodal Conditioning

To guide the generation of future sales of the j-th product by the diffusion model,
we use multimodal data composed of images i j of the product and the date of release
t j, as described in Section 4.2.1.
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We train two different encoders Iθ ,Tθ to extract features from the images and
release dates, respectively. Then, these features are used to produce the conditional
embedding through a cross-attention mechanism defined as:

c j = Softmax

(
Q jKT

j√
dk

)
Vj , (4.4)

where K j =Vj = Iθ (i j), Q j = Tθ (t j) and
√

dk is the dimensionality of the number of
features of the embeddings.

We designed the conditioning module of MDiFF to weight, through the attention
mechanism, the embedding of the image Iθ (i j) with the features Tθ (t j) obtained from
the temporal information given by the release date. The idea behind this architectural
choice came from the fact that every visual feature of the item must be considered
with respect to the fashionable concept of the current season to effectively guide
the reverse diffusion process. To effectively and efficiently use the cross-attention
mechanism, we used a Transformer decoder layer to serve this scope. More details
on the implementation of the various encoders are reported in Section 4.2.5

4.2.4 MLP-Based Diffusion Outputs Refinement

We approach the refinement stage as a regression task to predict a continuous output
value. The model is designed to reduce the dimensionality of all 50 predictions of
the diffusion model, analyzing both the feature and the temporal dimensions. Given
x ∈ RWxN the set of predictions of the diffusion model, y the true sales signal and ŷ
the output of the model with y, ŷ ∈ R1xW , the model is defined as follows:

xt = φt(x) ,

ŷ = φn(x′t) ,
(4.5)

where N = 50 is the number of generated samples of the diffusion model, W = 6 is the
number of weeks of prediction, φt(x) the temporal MLP defined as φt(x) =Wtx+Bt

and φn(x) =Wnx+Bn the MLP that regress the final sales signal.

Specifically, for φt(x), Wt ∈ RWxW and Bt ∈ RWxN ; on the other hand, for φn(x)
we have Wn ∈ R1xN and Bn ∈ R1xW . In this case, the dimensionality W is the
number of weeks to predict, while Wt ,Wn are the weight matrices of the two MLPs.
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Specifically, we used an MLP network trained with a Mean Squared Error (MSE) loss
function denoted as L MSE. The mean squared error loss measures the dissimilarity
between the predicted output and the ground truth. Mathematically, it is defined as:

LMSE(y, ŷ) =
1
N

N

∑
i=1

(yi − ŷi)
2 , (4.6)

In detail, yi denotes the true output value for sample i, while ŷi signifies the predicted
output value for sample i. More details about the structure of the refinement module
are explained in Section 4.2.5.

4.2.5 Experimental Results

This section describes the experimental trials that have been carried out to validate
our claims, along with their implementation details and results.

Implementation details. The backbone of our model is a TS-Diff [21] architecture,
a multi-purpose score-based diffusion model developed for predicting, reconstructing,
and refining univariate time-series data. TS-Diff consists of a series of M = 4 S4
Blocks [22] layers, connected via skip connections. We have extended the model to
be conditioned as described in Section 4.2.3, using a Transformer decoder layer [160]
to implement the multi-head cross-attention used to ensembling the two embeddings.

Image encoder. We used as image encoder Iθ a ResNet-18 [56] pre-trained on
ImageNet-1K [73]. We substituted the last two layers of the model with a Conv1D
and a Linear to reduce the dimensionality of the features extracted, obtaining a tensor
Iθ (i j) ∈ RC×W , with C channels equal to 64 and W forecasting horizon of six weeks.

Temporal encoder. The temporal encoder Tθ comprises four different MLPs that
expand the dimension from 1 to C. The output of this model is then concatenated
along the channel dimension and fed into another MLP that reduces the number of
features from 4C to C, resulting in Tθ (t j) ∈ RC.

MLP-based refinement. The refinement network is based on two MLPs working on
different dimensions of the input tensor. The first part is a stack of five linear layers
working on the temporal dimension of the input (i.e., the six weeks of prediction),
expanding and compressing the feature space to match the same dimensionality of
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the input. The second part comprises three other linear layers, operating on the
sample’s dimensionality. These layers gradually reduce and compress the N = 50
predictions to achieve the actual prediction. We used the ReLU as an activation
function, with a skip connection between the input tensor and the output of the first
MLP.

Dataset description. We used the VISUELLE fast-fashion dataset [158, 151]
to test our proposal. The dataset provides a comprehensive collection of fashion
products and consumer behavior data. It encompasses three main components:
product information, customer data, and market trends.

Product information includes detailed descriptions of individual items. This
involves visual representations in the form of high-resolution images that showcase
the product on a plain background. In addition, textual attributes such as product
category, color, fabric, and release date are provided.

Customer data offers meaningful insights into consumer preferences and pur-
chasing habits. It contains anonymized information on a large number of customers,
including their purchase history, specific items purchased, purchase dates, and stores
where purchases were made.

Finally, market trend data are incorporated into the Google Trends time-series.
This information tracks the popularity of product attributes, such as color, category,
and fabric, over time, providing valuable information on consumer interest and
demand fluctuations.

Specifically, the VISUELLE dataset provides purchase information from 667K
users, containing data on 5,577 products exposed in 100 stores of Nunalie, an Italian
fast-fashion company. The dataset contains 5,080 samples for the training set and
497 samples for the testing set, and does not serve as a suitable validation set to
evaluate during the training procedure model. Therefore, our model was evaluated
during the training on the test set.

Since we aim to put ourselves in a more challenging scenario, we rely only on
the image and the release date as multimodal conditioning for each product, skipping
the Google Trends and description ground truth available. Specifically, the fact that
MDiFF is conditioned only with image and release date is a pro, since these data
types are extremely easy to find, minimizing the need for annotations by object
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operators and much more applicable on a large scale automatically in the fast fashion
market.

Paired with every item, the dataset gives the sum of sales in all 100 stores of
the specific product in the 12 weeks after the release date. Following the evaluation
protocol of [37, 151], we only predict the first six values of the available interval.

Evaluation metrics. The Mean Average Error (MAE) and Weighted Absolute
Percentage Error (WAPE), i.e., the two main metrics representing the quality of the
forecasting, are used to evaluate MDiFF. Formally, they are defined as:

MAE =
∑

T
t=0 |yt − ŷt |

T
, (4.7)

WAPE =
∑

T
t=0 |yt − ŷt |
∑

T
t=0 yt

, (4.8)

where y represents the actual values of the time-series, ŷ represents the forecasted
values, and T represents the total number of observations in the time-series.

Training details. All the code is implemented in PyTorch [66]. For the multimodal
score-based diffusion model, we train the network for 500 epochs, with a learning
rate of 1×10−3, a weight-decay of 5×10−4, using AdamW [67] as an optimizer,
on a NVIDIA RTX 4090. On the other hand, for the MLP networks, a Bayesian
algorithm was used to search for the best training hyperparameters of the refinement
MLP network.

MDiFF Quantitative Results

This section discusses the quantitative results obtained with MDiFF. As we can
see from Table 4.1, MDiFF outperforms all other state-of-the-art methods without
using the information from Google Trends and the textual description of the various
samples. This clearly works in our favor. Specifically, using Google Trends could
worsen the model’s performance in our diffusion-based architecture. We hypothesize
that the information from Google searches may be noisy in some cases and that,
with certain samples, this worsens the performance. However, with respect to
the description of the model’s features, the diffusion model probably extracts the
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Table 4.1 Quantitative results of MDiFF expressed in terms of WAPE and MAE, described
in Equation (4.8) and Equation (4.7), respectively. In bold, the best results. Underlined, the
second best.

Method IMAGE RELEASE DESCR. GOOGLE T. WAPE ↓ MAE ↓

Attribute k-NN [157] ✓ 59.8 32.7
Image k-NN [157] ✓ 62.2 34.0
Attr + Image k-NN [157] ✓ ✓ 61.3 33.5
GBoosting [161] ✓ ✓ 64.1 35.0
GBoosting+G [161] ✓ ✓ ✓ 63.5 34.7
Cat-MM-RNN [157] ✓ ✓ ✓ 63.3 34.0
X-Att-RNN [157] ✓ ✓ ✓ 59.5 32.3
GTM-Transformer [151] ✓ ✓ ✓ ✓ 55.2 30.2

MDiFF (ours) ✓ ✓ 54.7 30.1

information directly from the image features more effectively than obtaining it from
the description. For more information on that, see Section 4.2.5.

In particular, we report comparisons between eight other existing models. [151]
is the most similar in terms of performance to MDiFF. The most noticeable im-
provement is in WAPE, which dropped from 55.2 to 54.7, with a slight improvement
in MAE as well. These performance enhancements offer significant benefits that
might not be immediately apparent. Primarily, as already introduced in Section 4.2,
a diffusion-based model is always preferable for this task, since it should better
maintain performance with out-of-distribution objects, ensuring greater stability
in practice when used in real-world usage contexts. Secondly, given our specific
architecture, we only need less information to achieve better results.

MDiFF Qualitative Results

In this section, we explain the role of the MLP in refining the multimodal score-based
diffusion model output forecasting sales. Starting with the visualization of a few
samples in Figure 4.4, it can be seen that the model itself gives as output a distribution
of predictions that follows the ground truth very closely. Therefore, the role of the
MLP refinement may seem obsolete, but there are several factors to consider that,
instead, make it crucial.

Firstly, the model output consists of N predictions; then it is necessary to use
some technique to obtain a single final prediction. Examples might be simply
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Figure 4.4 In the figures above are presented some visual representations of the multimodal
score-based diffusion model output. In particular, the red region represents the output
distribution of the diffusion model given a certain sample. The red area is obtained by
computing the weekly quantiles among the 50 outputs. The Prediction line, on the other
hand, is the output of the refinement MLP, i.e., the final prediction. The forecasting period
is for six weeks from the date of release. The y-axis shows the number of units sold of a
specific garment in the chain’s various shops.

taking the prediction mean or median. However, this would result in performance
degradation, as the ground truth often differs from the distribution’s mean or median.

As a result, we implemented a lightweight MLP network trained to refine the
diffusion model output, as described in Section 4.2.5. As we can see from Figure 4.4,
specifically in the second and final image, the ground truth does not reside in the
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Table 4.2 Table representing the different tests made with the same multimodal score-based
diffusion model. We tested our model first without the temporal condition and then without
images.

Model WAPE ↓ MAE ↓

MDiFF (ours) without the temporal condition 56.4 31.1
MDiFF (ours) without the images 56.8 31.6
MDiFF (ours) 54.7 30.1

densest region of the distribution, and the refinement network very effectively follows
its movement away from the median of the diffusion output.

In order to understand how much the refinement model actually helps to improve
the performance (and not just predict the mean/median) of the diffusion distribution
output, we conducted additional ablative studies that show that the use of the refine-
ment module is a winning strategy, improving performance considerably without
excessively increasing the model complexity. We did not explore how performance
might improve with more complex models, since our simple MLP already yielded
good results. We plan to delve into this matter and conduct a more thorough analysis
in the future.

Ablation Studies

We conducted ablative studies to test how well the model performs using different
conditioning setups. This helps us to understand which configuration best achieves
optimal performance with the diffusion model. It should be noted that the error
values for each test performed were obtained by running the entire MDiFF pipeline
and not just the diffusion model. The results are reported in Table 4.2.

Looking at the results, it is clear that conditioning the model with just the images
is insufficient. This is because the features of the dress without information on the
season and period in which it is sold are insufficient to predict an accurate sales value.
Indeed, it is not difficult to think that, since the fashion market is a sector strongly
influenced by trends, a certain garment may be very fashionable in one season but
remain completely unsold in the next.



126 Sustainable New Products Performance Forecasting

However, it is quite straightforward to understand why just the temporal informa-
tion without any further detail on the item’s color, fabric, or shape is insufficient to
determine an accurate prediction of the sales.

It is important to note that for other models such as [151], the importance of the
various multimodal data types may differ. In MDiFF, unlike [151], conditioning is
not processed directly to obtain a prediction, but is only used to guide the reverse
diffusion process. The impact that one type of conditioning can have on different
architectures is, therefore, very different from another.

4.3 Dif4FF

Section Organization

This section first discusses how we guide the generation process using multimodal
information (Section 4.3.1). Then, we explore the proposed neural network-based
graph refinement (Section 4.3.2) and show the experimental results (Section 4.3.3).

To review the theoretical background of diffusion-based generation models, look
at the equations explained in Section 3.3.1. Instead, for a review of the theoretical
background of multimodal score-based diffusion models, look at Section 4.2.2.

4.3.1 Our Improved Multimodal Conditioning

We used a combination of data sources to predict future sales for each product. These
data will include images of the products (represented as i j), the Google Trend signal
g j, and their release dates t j.

Specifically, Figure 4.5 shows the architecture of our multimodal score-based
diffusion model. The network is a stack of multiple N blocks. Every block has two
outputs, one for the next block and one for a skip connection. The sum of all the skip
connections represents the actual output of the model. Every block is mainly made
up of an S4 block [22]. With respect to MDiFF [14], our multimodal conditioning
also includes Google Trend signals, so it is different in its composition.

We train three different encoders Iθ ,Tθ and Gθ to extract features from input
information. Then, these features are used to produce the conditional embedding
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Figure 4.5 An overview of our improved multimodal score-based diffusion model. Each block
contains two outputs: one for the subsequent block and another for a skip connection. The
summation of all skip connections forms the model’s final output. The primary component
of each block is typically an S4 block [22]. With respect to MDiFF [14], our multimodal
conditioning also includes Google Trend signals, so it is different in its composition.

through a cross-attention mechanism defined as:

c j = Softmax

(
Q jKT

j√
dk

)
Vj , (4.9)

where K j =Vj = Gθ (g j)+Tθ (i j), Q j = Iθ (i j) and
√

dk is the dimensionality of the
number of features of the embeddings.

The idea behind this choice is to start from the Google trend signal and use the
release date embedding as positional encoding. Lastly, the Google Trend signal is
weighted on the visual features (i.e., shape, color, fabric, etc.) extracted from the
image. The multimodal conditioning c j is added directly to the output of the S4 block,
and the cross-attention is implemented using a Transformer decoder layer [160].

4.3.2 GCN-Based Diffusion Outputs Refinement

The refinement module comprises two main modules: the first is based on ST-
GCN [162]. The GCN block operates on two different dimensions by constructing
two graphs.
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The first graph operates on the dimension of the space of the predictions made
by the diffusion model. The mathematical formulation is the following:

Xs = φs(AsX) , (4.10)

where As ∈ RS×S is the adjacency matrix, X output of the diffusion model and φs an
MLP.

The second block works on the time dimension, learning a graph that weighs the
connections between the various prediction weeks. Formally, it is defined as:

Xt = φt(AtXs) , (4.11)

where At ∈ RW×W is the adjacency matrix, Xt output of the first GCN block and φt

an MLP.

These blocks are designed to compress the N predicted samples and regress the
final prediction. The network is then trained with a Mean Squared Error (MAE) loss
function denoted as LMAE, mathematically defined as:

LMAE(y, ŷ) =
1
N

N

∑
i=1

|yi − ŷi|; , (4.12)

where ŷ represent the ground truth value and ŷi is the value predicted by the model.

4.3.3 Experimental Results

This section describes the experimental trials that have been carried out to validate
our claims, along with their implementation details and results. See Section 4.2.5 for
dataset and evaluation metric details.

Implementation details. Our model is based on TS-Diff [21]. This architecture is
a score-based diffusion model that is particularly useful for predicting, reconstructing,
and refining time-series tasks. TS-Diff uses a series of building blocks called “S4
Blocks” [22], stacked together four times with connections that allow information to
flow directly (skip connections).
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We have made some modifications to TS-Diff to incorporate the additional
information from the images and the release dates. As described in the subsection
on multimodal conditioning (Section 4.3.2), we have added a layer inspired by
Transformers [160]. This layer helps to combine the features extracted from the
images i j, the release dates t j, and the Google Trends signals g j to properly guide
the diffusion model.

Image encoder. We used as image ecoder Iθ a ResNet-18 [56] pre-trained on
ImageNet-1K [73]. We substituted the last two layers of the model with a Conv1D
and a Linear to reduce the dimensionality of the features extracted, obtaining a tensor
Iθ (i j) ∈ RC×W , with C channels equal to 64 and W forecasting horizon of six weeks.

Temporal encoder. The temporal encoder Tθ comprises four different MLPs
that expand the dimension from 1 to C. The output of this model is then concatenated
along the channel dimension and fed into another MLP that reduces the number of
features from 4C to C, resulting in Tθ (t j) ∈ RC.

Google Trends encoder. Lastly, as Gθ , we adopted a Transformer encoder
layer [160] that performs a self-attention operation on Google Trends. The encoder
layer also reduces the dimensionality of the encoding, resulting in Gθ (g j) ∈ RC×W .

GCN-based refinement. As described in Section 4.3.3, the architecture used
for the refinement network is based on ST-GCN [162]. The first GCN-based module
comprises two ST-GCN blocks, with an expansion and subsequent reduction of
the channels to create a first embedding. On the other hand, the second module
is composed of 1D convolutions, reducing the sample dimension from 50 to 1 (to
obtain an actual final prediction). Specifically, this compression is done by three
layers of 1D convolutions with Parametric ReLU (PReLUs) as activation functions.

Training details. All the code is implemented in PyTorch [66]. For the multimodal
Score-based diffusion model, we train the network for 500 epochs, with a learning
rate of 1×10−3, a weight-decay of 5×10−4, using AdamW [67] as an optimizer,
on a NVIDIA RTX 4090.

Given the nature of diffusion models, different seeds produce different predictions.
As a result, we ensured that our score-based diffusion model was executed in the
most deterministic setup possible by setting the seed value to 32 across all libraries
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Table 4.3 Quantitative results of Dif4FF expressed in terms of WAPE and MAE on VI-
SUELLE, described in Equation (4.8) and Equation (4.7), respectively. In bold, the best
results. Underlined, the second best.

Method IMAGE RELEASE DESCR. GOOGLE T. WAPE ↓ MAE ↓

Mean predictor 60.1 32.8
Median predictor 50.3 31.8

Attribute k-NN [157] ✓ 59.8 32.7
Image k-NN [157] ✓ 62.2 34.0
Attr+Image k-NN [157] ✓ ✓ 61.3 33.5
GBoosting [161] ✓ ✓ 64.1 35.0
GBoosting+G [161] ✓ ✓ ✓ 63.5 34.7
Cat-MM-RNN [157] ✓ ✓ ✓ 63.3 34.4
X-Att-RNN [157] ✓ ✓ ✓ 59.5 32.3
GTM-Transformer [151] ✓ ✓ ✓ ✓ 55.2 30.2
MDiFF [14] ✓ ✓ 54.7 30.1

Dif4FF (ours) ✓ ✓ ✓ 54.6 30.0

used. A Bayesian algorithm was used for the GCN networks to search for the best
training hyperparameters.

Dif4FF Quantitative Results

Here, we discuss the quantitative results obtained with Dif4FF. As we can see from
Table 4.3, Dif4FF outperforms all other state-of-the-art methods. To verify the
statistical significance of the results, we ran 10 instances of the Dif4FF pipeline. The
mean MAE was 30.2 with a variance of 0.04, and the mean WAPE was 54.8 with a
variance of 0.08.

In Dif4FF, we do not use the information from the textual description of the
various samples since these could worsen the model performance in our diffusion-
based architecture. Furthermore, the diffusion model probably retrieves the color,
fabric, and color information directly from the image features. Furthermore, an
objective product description is notoriously difficult to obtain in a real-world scenario
since the description of fashion garments involves a complex interplay of abstract
concepts and stylistic elements, making objective descriptions for each garment in
the dataset challenging [163]. For more information on that, see Section 4.3.3.

In particular, we report comparisons between eight other existing models. [151]
is the most similar in terms of performance to Dif4FF. The most noticeable improve-
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Figure 4.6 In the figures above are presented some visual representations of the multimodal
score-based diffusion model outputs. In particular, the blue region represents the output
distribution of the diffusion model given a certain sample. Specifically, the blue area is
obtained by computing the weekly quantiles among the 50 outputs. The Prediction line, on
the other hand, is the output of the refinement GCN, i.e., the final prediction. The forecasting
period is six weeks from the release date, depicted on the x-axis. On the y-axis, the number
of units sold of a specific garment in the various shops is shown.

ment can be seen in WAPE, which has a sharp drop from 55.2 to 54.7, with a slight
improvement in MAE as well. These performance enhancements offer significant
benefits that might not be immediately apparent. Primarily, as already introduced
in Section 4.3, a diffusion-based model is always preferable for this task, since it
should better maintain performance with out-of-distribution objects, ensuring greater
stability in practice when used in real-world contexts. Secondly, given our specific
architecture, we need less information to achieve better results with respect to the
current state-of-the-art.

Dif4FF Qualitative Results

In this section, we explain the role of the GCN in refining the multimodal score-based
diffusion model output forecasting sales. Starting with the visualization of a few
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Table 4.4 Table representing the different tests made with the same multimodal score-based
diffusion model. We tested our model first without the temporal condition and then without
images.

Model WAPE ↓ MAE ↓

Dif4FF (ours) without the temporal condition 56.6 31.5
Dif4FF (ours) without the images 56.2 31.4
Dif4FF (ours) without the Google Trends 55.6 30.9
Dif4FF (ours) 54.6 30.0

samples in Figure 4.6, even in this case, the role of the GCN refinement may also
seem obsolete, but that is not the case.

As we said in Section 4.2.5, since the model output consists of N predictions, it
is necessary to use some technique to obtain a final single prediction. Examples such
as taking the prediction mean or median would result in performance degradation, as
the ground truth often differs from the distribution’s mean or median.

As a result, we implemented a powerful GCN network trained to refine the
diffusion model output, as described in Section 4.3.3. This allowed us to process
the expanded multimodal input more effectively with respect than using a simple
MLP. As we can see from Figure 4.6, specifically in the second and fifth images,
the ground truth does not reside in the densest region of the distribution, and the
refinement network very effectively follows its movement away from the median of
the diffusion model outputs.

In order to understand how much the refinement model actually helps to improve
the performance (and not just predict the mean/median) of the diffusion distribution
output, the errors in terms of MAE and WAPE of both static measurements were
calculated. Using the median to extract a final prediction, we obtained a result of
34.8 of MAE and 59.3 of WAPE. On the other hand, for the mean, an MAE error
of 34.5 and WAPE of 58.7 were obtained. Thus, adopting a refinement network
is a winning strategy that significantly improves performance without excessively
increasing the complexity of the model.
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Table 4.5 Table representing the results obtained in the domain-shift example. It is clear that
our diffusion model is more resilient to the domain shift due to the different years it has been
used compared to the second-best performing method.

Model WAPE ↓ MAE ↓

GTM-Transformer [151] 56.9 32.8
Dif4FF (ours) 55.9 31.4

Ablation Studies

The first ablation study tests the model performance using different conditioning
setups. It should be noted that the error values for each test were obtained by running
the entire Dif4FF pipeline. As we can see from Table 4.4 it is clear that images and
temporal information are crucial for the model to predict sales accurately. This is
because the item’s features without information on the season and the release period
are insufficient to predict an accurate sales value. Since the fashion market is a sector
strongly influenced by trends, a certain garment may be very fashionable in one
season but remain completely unsold in the next. However, it is quite straightforward
to understand why temporal information and Google Trends, without any further
details on the item’s color, fabric, or shape, are insufficient to determine an accurate
prediction of sales. Google Trends represents information on the public appreciation
of a certain item, and the impact on performance is lower when removed.

The second ablation study is related to the domain shift, a well-known issue
in the fashion domain. To check the resiliency of the models to this phenomenon,
we trained both GTM-Transformer and Dif4FF, removing from the train set every
garment related to 2018, leaving all of them just in the test set. The VISUELLE
test set is already composed of only 2018 garments. As shown in Table 4.5, our
method significantly reduces the error when tested on garments completely outside
the training distribution. This highlights that while existing methods may perform
adequately on training data, their real-world performance suffers significantly under
domain change. As a result, Dif4FF becomes a killer application for real-world
scenarios where domain shift is a common challenge.

Finally, since it is well recognized that a common issue with diffusion models
is their tendency to converge on the mean of the data distribution, we investigated
the performance of Dif4FF compared to a simple predictor that uses only the mean
and variance of the training data for the test set. The results are reported in Table 4.3
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and reveal that based on the mean and variance, this naive predictor significantly
underperforms compared to our Dif4FF. This finding reinforces the effectiveness of
our proposed approach for the NFPPF task.



Chapter 5

Human-Centered Systems Design

The evolution from Industry 4.0 to Industry 5.0 represents a significant shift in
industrial practices. The former focuses on automation, efficiency, and integration
of CPSs [24], whereas the latter places humans at the center of these systems [27].
This new paradigm emphasizes human-machine collaboration, where technology
improves productivity and ensures adaptability, resilience, and sustainability in
industrial operations. The objective is not only to optimize machine performance
but also to ensure human operators’ safety, well-being, and active participation in
these highly automated environments. This evolution presents unique challenges,
particularly in integrating the human element into a digital and data-driven industrial
ecosystem.

One of the key technologies that allows this integration is the concept of DT,
which is a virtual replica of a physical asset [164]. By mirroring the real-time state
of its physical counterpart, the DT enables continuous data collection, analysis, and
simulation. Typically, this model is used to optimize production performance or
predict future behaviors based on current and historical data. The ultimate goal of
using DTs is to improve decision-making by providing a deeper insight into the
behavior of the system under various conditions, allowing more informed strategies
to optimize overall performance.

In Figure 5.1, we present all publications related to human-centered design. In
the following section, we outline the relevant literature and the motivation behind
each work. Then, we provide a detailed explanation of each work, encompassing
both methodologies and the achieved results.
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Towards Deep Learning-based Occupancy Detection Via WiFi Sensing in Unconstrained Environments (DATE '22)

SITUATE: Indoor Human Trajectory Prediction through Geometric Features and Self-Supervised Vision Representation (ICPR '24)

Human-Centered Digital Twin for Industry 5.0 (DATE '25)

Prediction of Environmental Conditions

Prediction of Human Movements

Human-Centered Systems Design

Digital Twins for Industry 5.0

Learning-Based Methods for Enabling On-Edge, Accurate, Sustainable,
and Human-Centered Intelligent Manufacturing

Figure 5.1 Overview of research contributions on human-centered design.

Motivations for WiFi-Based Detection [16] (Section 5.2). In the context of
intelligent manufacturing, the design of remote monitoring and control systems
is becoming of paramount interest [165]. Using dedicated ML techniques, these
systems allow one to observe the status of the environment (e.g., the presence and
number of occupants) [166], as well as recognize the human activities carried out in
it (e.g., walking, standing, sitting) [167]. This kind of knowledge has practical uses
in several contexts. For example, it allows one to automatically turn on/off a lighting
and air conditioning system if a room is occupied or is found empty, thus optimizing
energy consumption and building security [168]. Considering safety aspects, it is
exploited in industrial plants to detect and possibly prevent accidents at work [169,
31]. In particular, current systems use wearables, smartphones, dedicated sensors
(e.g., passive infrared sensor sensors), ambient sensors (e.g., temperature, humidity,
brightness, pressure, CO2 level) or video cameras to implement the mentioned
recognition scenarios [170]. However, these approaches require special hardware to
be installed/worn and, in some cases, have high computational requirements.



137

Beyond the approaches listed above, WiFi sensing techniques have become a
prominent solution, thanks to the ubiquity of WiFi, both indoor and outdoor, and the
relatively low deployment costs of such commodity off-the-shell WiFi routers [171].
Although WiFi sensing may seem a panacea for many sensing scenarios, its practical
application is not straightforward for real-world cases. In fact, the propagation of
the WiFi signal is strongly affected by environmental conditions such as i) changes
in furniture layout, ii) presence of people and their activities, and iii) humidity and
temperature [172]. These aspects limit the applications of WiFi-based monitoring
systems, and in the current state-of-the-art, this is solved by reducing the possibility
of environmental variations.

As a result, with WiFi-Based Detection, we go beyond the limitations mentioned
above for the specific occupancy detection scenario. It presents a deep learning
network capable of detecting the presence of people in an indoor environment,
regardless of their positions, the activities they perform, or the humidity level and
temperature. The network is lightweight, permitting the deployment on resource-
constrained devices (e.g., Nucleo-L432KC) for real-time utilization.

Motivations for SITUATE [17] (Section 5.3). Despite the significant volume of
research over the past decade devoted to outdoor trajectory prediction [173–179],
there has been a notable scarcity of studies that exploited user trajectory data in
indoor settings [180–186], also considering the crucial role these predictions play
nowadays in the development of location-based services within indoor spaces. In
indoor spaces, users can navigate through different interconnected rooms, corridors,
doors, and elevators, often having the freedom to deviate from straightforward paths
and choose alternative routes. Indoor spaces also have a higher density of structural
elements and potential obstacles, such as furniture, walls, and partitions.

Although outdoor trajectory prediction has received significant attention, indoor
prediction is still an underexplored research area. As a result, we present SITUATE,
the first model designed specifically to cope with indoor trajectory forecasting by
using equivariant and invariant geometric feature learning and self-supervised vision
representation.

Motivations for HC-DT [18] (Section 5.4). While extensive research exists on
creating DTs of machines and factories [187], incorporating a human replica into
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these digital worlds remains a challenge. A potential solution to this problem is
the concept of Industrial Metaverse, i.e., a digital space where human-machine
interactions occur in real time [188]. However, Industrial Metaverse is still a new
concept in the context of Industry 5.0 [189]. Most current developments focus on
machines and automation, ignoring how humans fit into these systems. As a result,
there is no clear methodology yet for developing human-centered DTs within the
Industrial Metaverse.

As a result, in HC-DT, we propose a pipeline that utilizes Unreal Engine’s
MetaHuman technology [190] and AI to create a human-centered DTs for real-
time monitoring and decision-making in industry 5.0 environments. This solution
aims to improve safety, adaptability, and performance in Industry 5.0 scenarios by
connecting the physical human with its virtual counterpart. In this work, we focus on
the wakefulness and drowsiness detection task, and to the best of our knowledge, this
is the first real proposal that shows how to create and integrate humans DTs in the
context of Industry 5.0, addressing the critical gap in human-machine collaboration.
We also demonstrate how human-centered DTs created through our pipeline can
be seamlessly integrated into the DTs of a real factory: the ICE Laboratory at the
University of Verona.

5.1 Related Works

This section explains the evolving role of DTs from Industry 4.0 to 5.0, highlighting
the growing importance of human-centered systems. Then, we introduce the concept
of the Industrial Metaverse and examine state-of-the-art simulation tools supporting
this emerging paradigm.

The Role of Digital Twins in Industry 4.0 & Industry 5.0

The transition from Industry 4.0 to 5.0 represents a shift from machine-centered
automation to human-centered systems [36, 35]. DTs has become a key technology
for creating virtual replicas of physical assets to monitor, simulate, and predict ma-
chine behavior in real time [164]. Machine-centered DTs models have proven to be
valuable for predictive maintenance, reducing downtime, and optimizing industrial
operations. Industry 5.0 instead aims to reintroduce humans back into the loop, prior-
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itizing adaptability, resilience, and sustainability [191]. This shift requires integrating
human elements into DT frameworks to enable real-time monitoring and interaction
between humans and machines. However, most existing DT implementations remain
machine-centered, with human behavior and safety in industrial environments largely
unexplored [27].

This thesis distinguishes between three key concepts: the virtual replica, the
digital shadow, and the DT. The virtual replica is a visual representation of a human,
created using detailed models such as MetaHuman. This visual representation of the
operator enables realistic interaction within virtual environments. The digital shadow
extends this concept by incorporating real-time data, dynamically updating the virtual
replica based on the movements, expressions, and states of the operator [192]. Finally,
DT builds on the virtual replica and digital shadow by adding predictive capabilities
and enabling bidirectional interaction between virtual and physical counterparts.

A wide range of definitions for DT exist in various domains [193]. For this work,
we adopt the definition provided by the National Academies of Sciences, Engineering,
and Medicine, which states: “A digital twin is a set of virtual information constructs
that mimics the structure, context, and behavior of a natural, engineered, or social
system, is dynamically updated with data from its physical twin, has predictive
capacity, and informs decisions that realize value. The bidirectional interaction
between virtual and physical is central to the digital twin” [194]. This definition
highlights the importance of dynamic, real-time data exchange between physical
and virtual entities. This exchange enables DT to generate actionable insights and
support more informed decision-making.

AI, especially deep learning models, play a crucial role in this transition by
enabling real-time decision-making and predictive analysis in Industry 5.0 envi-
ronments. AI’s ability to analyze large volumes of data and identify patterns can
significantly improve both machine and human safety, particularly in scenarios that
require immediate response. Although advanced models have been successfully
applied to tasks such as object detection and activity monitoring, their application in
human-centered industrial contexts remains in its infancy [195].

Integrating DTs and AI in Industry 5.0 goes beyond simple machine optimization.
It enables the development of dynamic and adaptive systems capable of predicting
and reacting to machine failures and monitoring human conditions, enhancing safety
and performance through real-time insights [196]. This advancement addresses the
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challenge of integrating humans and machines in industrial settings. This thesis
explores this issue and introduces the first human-centered DT solution, incorporating
advanced deep learning models to facilitate machine integration within an industrial
scenario.

The Industrial Metaverse and Simulation Tools

Industrial metaverse. The concept of the Industrial Metaverse is still in its early
stages, especially within the context of Industry 5.0 [188]. As industries strive to
integrate humans more deeply into smart systems, Metaverse offers a promising
platform to create immersive digital environments where humans, machines, and
DTs can interact in real-time. The platform enables simulations beyond machine-
focused processes, incorporating human factors such as safety, ergonomics, and
decision-making into complex, often hazardous, industrial environments [197].

Simulation tools. State-of-the-art simulation tools are critical for building the
Industrial Metaverse. Widely adopted tools such as Microsoft’s Azure DT [198]
and Siemens’ Plant Simulation [199] excel in creating highly detailed and machine-
centric DTs for real-time monitoring in Industry 4.0. However, these frameworks
often overlook the human element, which is instead central to Industry 5.0.

NVIDIA Omniverse [200] represents a significant advancement, offering a col-
laborative platform for building DTs that incorporates human elements into industrial
simulations. Unlike traditional tools, Omniverse allows the integration of human
factors within the DT during simulations. However, it functions primarily as a
simulation environment rather than a real-time DT solution capable of continuous
monitoring. Once DT is deployed, it lacks the capability for continuous human
operator tracking or real-time decision-making.

In contrast, game engines such as Unreal Engine [190], traditionally used in
entertainment, are being repurposed for industrial applications due to their high-
fidelity graphics and real-time simulation capabilities. Unreal Engine’s MetaHuman
technology allows the creation of lifelike digital human models that serve as virtual
representations of workers. This offers unprecedented opportunities to simulate
human behavior in hazardous or high-stakes industrial environments.
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Real-time synchronization between the physical operator and their virtual coun-
terpart is achieved using the LiveLink plugin [201]. Alternatives like Rokoko
Studio [202], Xsens [203], and Perception Neuron Motion Capture [204] require
expensive motion capture suits, with starting costs exceeding $2,000, and are not
easily interchangeable between operators, making them less practical for industrial
use. Given these factors, LiveLink was selected for its affordability, ease of use, and
suitability to track facial expressions without additional hardware, supporting our
goal of creating a scalable, worker-friendly solution.

Although platforms like Unreal Engine can excel in creating human-centered
environments DTs, their application in real-time industrial settings remains a novel
approach. In this thesis, we demonstrate how industries can leverage the Unreal
Engine’s simulation and MetaHuman capabilities to integrate human elements seam-
lessly into industrial environments, making a critical step toward realizing the vision
of Industry 5.0.

5.2 WiFi-Based Detection

This research presents the device setup used to collect Channel State Information
(CSI) and environmental data in an unconstrained environment, and the ML model
to deal with the occupancy detection task, equipped with a strategy for model
interpretability.

Section Organization

In the following, we first describe the data collection setup in detail (Section 5.2.1).
Next, we introduce the proposed deep network (Section 5.2.2). Finally, we present
the experimental results in Section 5.2.3.

5.2.1 Data Collection Setup

Our data collection setup is shown in Figure 5.2. A single large office is taken into
account: it is 12×6×3 meters large, with three (2×1.8 meters) windows and one
entrance door. The internal walls are made of plasterboard (12 centimeters thick),
and the external walls are made of reinforced concrete (55 centimeters thick). The
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Figure 5.2 Overview of the data collection environment.

Table 5.1 Format of the collected data.

CSI Amplitude Environment Occupancy
Timestamp a0 ... a63 Temperature Humidity status

15:38:45.550 0.027 ... 1 21.97 43 1
15:38:45.600 0.027 ... 1 21.82 43 1
15:38:45.650 0.027 ... 1 21.82 42 1

... ... ... ... ... ... ...
15:38:45.700 0.027 ... 1 23.97 36 0

occupants were instructed to carry out their office activities (e.g., walking, standing,
sitting, going out, and getting in) without any restrictions.

Four devices are used for data collection: two Raspberry Pi (RP1 and RP2 in
Figure 5.2), one Access Point (AP), and one Nordic Thingy 52. The AP exposes
a WiFi network (over the 2.4 GHz band) observed by the RP1. Every Raspberry
Pi device is patched using the Nexmon framework and extracts CSI amplitude data
at 20 Hz. The AP and RP1 are placed 2 meters apart at a height of 140 cm, and
the occupants cannot move between them. The RP2 device communicates over
Bluetooth with a Nordic Thingy device, which serves as a ground-truth sensor for
environmental information (i.e., humidity, and temperature). Both Raspberry’s are
connected to a Dell Inspiron 7559 laptop that synchronizes them and stores the
CSI amplitude together with humidity and temperature data. An external observer
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manually annotated the presence of humans1 based on recorded video data. A semi-
automatic annotation tool considerably simplified the process by avoiding the need
to explicitly annotate every single timestamp. An overview of the final dataset format
is shown in Table 5.1. At each timestamp, we have the CSI amplitude of the 64
subcarriers (i.e., a0 to a63), temperature (◦C), humidity (%), and the occupancy
status.

5.2.2 The Proposed Deep Network

Given a subcarrier x of a CSI signal, we refer to the time-series of CSI amplitudes as
S(x, t), where t refers to the t-th time of the day and x ∈ {0, . . . ,63}. The time-series
of humidity h and temperature e are defined as S(h, t) and S(e, t), where h,e ∈ R
represent the values of humidity and temperature at time t.

The ultimate goal of our approach is to take advantage of the expressiveness
of the CSI signal for the occupancy detection task. At the same time, we want
a technique that is interpretable, which means that its decisions can be motivated
in simple terms, even by a non-expert. Finally, we are interested in presenting a
lightweight system that will pave the way for real-time applications.

For these reasons, we are proposing here a memory- and computation-efficient
deep learning-based solution. In detail, we implement a lightweight MLP composed
of four layers, each except the last activated by the rectified linear activation unit
(ReLU) function. Specifically, the first layer has 8.320 neurons, the second 33.024,
the third 32.846, and the latest 129 neurons, for a total of 77.881 trainable parameters,
with a forward/backward pass size of 0.01 MB. These size parameters have been
chosen considering similar problems we encountered previously, with special care
in keeping the number of parameters bounded. The MLP network is trained via
adaptive mini-batch gradient descent, with a weight decay strategy [205], in order
to prevent the network from overfitting the training data as well as the exploding
gradient problem.

Since we cast an occupancy binary problem, given the input feature set F =

S(x, t)∪ S(e, t)∪ S(h, t) at timestep t, the model has to predict a binary label pt ∈
{0,1} corresponding to an empty and non-empty (i.e., occupied) office, respectively.
The discriminant function for such a task can be learned by minimizing Binary

1Label 0 if the environment is empty, and label 1 if there is at least one person in the environment.
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Cross-Entropy (BCE), defined as follows:

LBCE(y, p) =− 1
T

T

∑
t=1

yt · log(pt)+(1− yt) · log(1− pt) . (5.1)

Here, yt is the target value (either 0 or 1). The prediction pt can be any value between
0 and 1, indicating that the confidence in that sample is positive. Predictions are
often normalized to match a probability via the 1-bounded logistic function, often
known as the sigmoid function.

This model is capable of learning complex, non-linear relationships, it comes
with powerful interpretability tools, and is very fast, as we will see later. Importantly,
the model can be modified to feed a subset of signals, for example, the CSI signal
S(x, t) only. This will allow us to perform comparative experiments and compare the
relative importance of the different features.

Interpretability of the model. As an additional contribution of our work, we
propose the use of an Explainable AI (XAI) technique named Grad-CAM [41],
which relies on the gradients of the loss function to compute importance weights
associated with the input features (i.e., CSI subcarriers, humidity, or temperature).
This allows us to understand what input features the network pays the most attention
to when making a decision for a specific class.

Intuitively, this method is a post hoc attention mechanism since it works on the
already trained neural network. In particular, the Grad-CAM approach has been
shown to pass the “sanity check” for saliency-based interpretability approaches [42],
which means that it is guaranteed to express the relationships between input features
and outputs present in the data on the specific deep learning model that has been
adopted, in our case the MLP.

Grad-CAM essentially computes the importance weights as the average of the
gradients flowing down from a class label throughout the different layers until the
input features. To this end, we start by computing the hidden importance coefficient
of Grad-CAM αc

k as follows:

α
c
k =

1
N ∑

d

∂yc

∂A(k)
d

, (5.2)
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Table 5.2 Distribution of simultaneous presence of subjects in terms of data samples.

Occupancy Empty = 0 Occupied = 1
Occupants Zero One Two Three Four
# Samples 3389840 986180 569480 332440 84400

(%) (63.2%) (18.4%) (10.6%) (6.2%) (1.6%)
5362340 3389840 (63.2%) 1972500 (36.8%)

where A(k)
d is the hidden feature map at layer k (i.e., the output of the neurons of the

layer k), d represents the number of hidden neurons at the layer k and c the class.
Specifically, the weight αc

k represents the partial linearization of the deep network
downstream of A and captures the value of the feature map of the k-th layer for a
target class c. Finally, we perform a weighted sum between the value just calculated
and the feature maps A(k)

d , followed by a ReLU to reset the negative values of the
gradient to zero:

Lc
GradCAM = ReLU(∑

k
α

c
k A(k)

d ) . (5.3)

The last operation is adopted for numerical stability.

Dimensionality and speed of the model. Our network is designed using the
PyTorch Lightning framework, resulting in a model size of 15.18 KiB, with a RAM
occupancy of 23.04 KiB that is easily deployable over a resource-constraint device
such as Nucleo-L432KC. Once trained, the model is capable of an inference time of
10.781 ms for each sample with the full amount of input features (CSI, temperature,
humidity).

5.2.3 Experimental Results

This section describes the experimental trials that have been carried out to validate
our claims, along with their implementation details and results.

Data Profiling

From January 04, 2022, at 15:08:40 h to January 07, 2022, at 17:38:40 h, for a total of
74 hours (i.e., 268117 seconds with 32174040×66 samples), we collected a 10 GB
dataset whose format is shown in Table 5.1. As features, here we focus on timestamp,
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CSI amplitude (i.e., 64 subcarriers), humidity, and temperature measurements. In
terms of occupancy detection, six subjects (two women and four men) entered and
used the office. They were informed of the data monitoring system and told to carry
out their office activities as usual. In particular, the subjects worked freely in the
room, moving chairs, raising/lowering curtains, and moving without a predefined
pattern. Table 5.2 presents the distribution of the presence (simultaneously) of
subjects in the environment. Overall, 63.2% of the dataset represents the empty
environment; the remaining 36.8% represents the environment with at least one
subject in it.

The data collected undergoes a time-series analysis composed of the following
steps. Initially, we control for null values or duplicates present in the same t. Af-
terward, we analyze the data distribution of S(x, t), S(h, t), and S(e, t) both visually
and numerically. As a second step, we test the stationarity of the time-series using a
statistical unit root test, namely the Augmented Dickey-Fuller (ADF) test [128]. The
result shows that all time-series treated in this problem are stationary, so the corre-
lation analysis can be performed on the raw data, without any other preprocessing
(e.g., detrendization) [206]. To do this, we rely on Pearson’s ρ coefficient, defined
as:

ρ =
cov(X ,Y )

σxσy
, (5.4)

where, given a pair of random variables (X ,Y ), cov is the covariance, σx is the
standard deviation of X , and σy is the standard deviation of Y . In particular, we report
that temperature and humidity have a positive correlation of 0.45. The temperature
has a correlation of 0.44 with respect to the binary occupancy variable, while the
humidity is correlated at 0.35. In terms of subcarriers, they are mostly correlated
with neighboring subcarriers, and mid- to high-band carriers (i.e., a15 to a28 and
a48 to a64) are somewhat correlated with temperature and humidity (∼ 0.20 to 0.30).
An obvious point is that time as a feature is strongly correlated (i.e., 0.77) with
environmental data. This is because temperature and humidity strictly depend on the
heating system and the presence of humans. The former, since the office presents
a heating system that automatically activates and deactivates, and the latter, since
humans modify the environment (e.g., modify the setting of the heating system,
open/close windows or doors, and there is also the effect of body temperature and
breathing).
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Table 5.3 Start time, end time, number of samples, min/max temperature, and humidity for
the training (0) and testing (1 to 5) folds.

Fold Start End Empty Occupied T H
0 04/01 15:08 06/01 19:16 2348151 1405500 18.72/40.09 16/49
1 06/01 19:16 06/01 23:44 321742 0 20.36/23.90 20/45
2 06/01 23:44 07/01 04:12 321742 0 18.86/21.80 25/42
3 07/01 04:12 07/01 08:41 321742 0 18.68/20.80 25/43
4 07/01 08:41 07/01 13:09 56223 265519 18.38/22.10 22/43
5 07/01 13:09 07/01 19:16 0 321741 20.19/31.60 20/38

Table 5.4 Occupancy detection accuracy (in %) over the 5 testing folds comparing three
different ML models.

Logistic Regressor Random Forest MLP
Fold CSI Env C+E CSI Env C+E CSI Env C+E

1 68 99 76 99 100 99 100 99 92
2 71 100 72 100 100 100 100 100 99
3 77 100 86 99 100 100 100 100 100
4 94 18 86 88 75 88 83 54 65
5 96 31 91 100 100 100 100 99 99

Avg. 81 70 82 97 95 97 97 90 91

The Occupancy Detection Task

To evaluate the performance of our model, the dataset is divided into train and test
sets, taking particular care in the division of the test set. In temporal order, the train
set represents 70% of the collected data, and the test set the remaining 30%. The
test set is further divided into five folds, representing different scenarios over time.
This allows us to evaluate the model for general performance and test generalization
abilities on unseen days separately. This is to stress the fact that when evaluating
over different folds, the train set never changes, and the models are never re-trained.
Table 5.3 presents the train/test split of the collected data.

Our model is trained for 10 epochs with a learning rate of 5e−3 on an NVIDIA
GeForce RTX 3090 GPU. In addition to our model, we used two well-known ML
models, Logistic Regression and Random Forest (RF), implemented using the Scikit-
learn framework as a baseline to compare with the results of the MLP model. The
results of the occupancy detection task are reported in Table 5.4. The tested models
are trained on three different subsets of the collected dataset: i) only CSI data,
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ii) only environment data (Env) (i.e., humidity and temperature), and iii) CSI and
environment data (C + E). In particular, the Logistic Regressor is a linear classifier
whose results demonstrate that it is not easy to describe the intricate relationships of
data in a linear manner.

Instead, the RF is a non-linear ensemble model based on decision trees, famous
for its ability to resist overfitting, which achieves excellent performance. The
proposed MLP model also achieves remarkable performance. These results show
how the non-linear models (RF and MLP) are capable of properly using the CSI data,
thereby reaching higher classification scores. However, we specify that the use of
the MLP model is preferable (compared to RF) because:

• RF is computationally and space-intensive (i.e., does not allow real-time
operation and deployment on embedded boards).

• An MLP model can be trained continuously. There is no need to use the whole
dataset again, and only new data can arrive in real-time, thus doing online
training.

• An MLP can be easily extended by someone who wants to work on this
problem.

In turn, this shows that using only environmental data is insufficient to optimally
solve occupancy detection, while the CSI data contain sufficient information to
agglomerate the possible impact of temperature and humidity. In addition, we
specify that if we use only time as a feature for our analysis, the performance in
terms of accuracy does not present good results (i.e., 89.3%) compared with those of
the MLP in Table 5.4.

Explain Model Outputs Using Grad-CAM

The plot in Figure 5.3 shows the importance of each feature (i.e., CSI subcarriers on
the yellow background, environment on the red) given to the MLP classifier for the
prediction of occupancy, as explained in Section 5.2.2.

Interestingly, we found that temperature and humidity are not important (values
close to 0, if not negative in the plot), while the highest importance values are located
between low frequencies (subcarriers a9 to a17) and high frequencies (subcarriers
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Figure 5.3 Results of the XAI method, depicting the importance of all the features using CSI,
humidity (h), and temperature (e).

a57 to a60), confirming that paying attention to humidity and temperature does not
help the task while paying attention to CSI does.

Humidity and Temperature Prediction

Inspired by the previous results, we performed multiple regression analyzes to see
if we can estimate humidity and temperature from the CSI data. To do this, we fit
a least-squares solution, both using linear regression (ordinary least squares) and
non-linear regression (minimization of a squared error objective), implemented with
our neural network model.

The goal of this analysis is to show that sufficient information regarding envi-
ronmental factors is contained in the set of features of CSI signals, which would,
therefore, allow us to better understand the environment, given only the amplitude
values of CSI. We confirm such a result in Table 5.5.

The fact that MLP (which is a non-linear method) performs definitely better than
the linear regressor shows that the variation of temperature and humidity inside the
room is mostly reflected by CSI data in a non-linear fashion.
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Table 5.5 MAE/MAPE results of linear and neural network regression models on the humidity
(H) and temperature (T) prediction.

Linear Regressor Neural Network
Fold MAE (T/H) MAPE (T/H) MAE (T/H) MAPE (T/H)

1 2.72/2.47 12.65/7.11 1.04/3.74 4.18/11.26
2 1.87/1.65 9.24/4.86 0.56/7.30 2.82/21.98
3 3.57/2.84 18.17/8.25 0.73/6.08 3.72/18.55
4 6.04/6.92 29.38/20.51 3.88/3.44 18.59/10.46
5 8.08/7.51 35.94/25.89 3.81/2.55 16.94/9.54

Avg. 4.46/4.28 21.08/13.32 2.39/4.62 9.25/14.35

This result also allows an understanding of why the non-linear classification
models do not perform better when using the CSI + Env data: the latter represents
a redundant feature, and redundancy is widely known to affect any classifier’s
performance negatively.

5.3 SITUATE

In this section, we present SITUATE, our novel approach for indoor human trajectory
forecasting based on equivariant and invariant geometric feature learning modules
and self-supervised vision representation.

Mathematical background. Given a set of transformations Tx : X → X , a function
F : X → Y is called Equivariant if exists a transformation Ty : Y → Y equivalent to
Tx, on the Euclidean space such that:

F(Tx(X)) = Ty(F(X)) . (5.5)

Moreover, we also want the model to have the invariance property. Given the same
set of transformations, a function F : X → Y is called Invariant on the Euclidean
space if it exists a transformation Ty : Y → Y such that:

F(X) = F(Tx(X)) . (5.6)
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Specifically, this work addresses the problem of multi-person trajectory forecast-
ing by considering the input trajectories as a graph. As proven by [207], during the
message passing of a Graph Neural Network (GNN), the property of equivariance
can be ensured by enriching the features of the neighbor nodes with the distance L2
between nodes. Let G = {V,E} be an input graph representing the input trajectory
with nodes vi ∈V and edges ei j ∈ E. For every node vi, a feature vector h ∈ Rh and
an absolute position xi ∈ R3 are given. To preserve equivariance among different
layers of the model, we update the position as follows:

mi j = φe

(
hl

i,h
l
j,
∥∥∥xl

i − xl
j

∥∥∥2
)

, (5.7)

xl+1
i = xl

i +C ∑
j ̸=i

(
xl

i − xl
j

)
φx
(
mi j
)
, (5.8)

where C is equal to 1/(M − 1) with M number of nodes, φe and φx are learnable
MLPs, defined as φe(·) = We ·+Be, l indicates the layer and mi j represents the
information passed between two nodes during the message passing.

As reported in [207], φx has to be a scoring function φx : X → S, with S ∈ R1.
With this procedure, the update of V is consistent, allowing the model to learn without
being affected by SO(2) transformations, with SO(2) being the group of all rotations
in the plane around the origin that preserve the Euclidean norm, mathematically
described by 2×2 matrices. Furthermore, the features learned across layers must be
consistent and invariant to graph transformations. To do so, the following procedure
governs the final message-passing operations and the update of the features carried
out by the i− th layer:

mi = ∑
j ̸=i

mi j , (5.9)

hl+1
i = φh

(
hl

i,mi

)
, (5.10)

with φh, an MLP also designed as φh(X) =WhX +Bh, responsible for the invariant
feature learning. Mixing these two components allows us to build an Equivariant
and Invariant GNN using Euclidean SO(2) transformations.

Motion prediction. Here, we introduce the general formulation of the motion
prediction problem. We have a multi-agent system with m agents. Each agent is
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Figure 5.4 In SITUATE, we first produce a feature vector regarding the scene using the
self-supervised vision representation module. Then, a feature initialization layer is used to
initialize geometric and pattern features. Successively, we update the geometric and pattern
features by the equivariant geometric feature learning and invariant pattern feature learning
layers, obtaining expressive feature representation. We further use an invariant reasoning
module to infer an interaction graph used in equivariant geometric feature learning. Finally,
we use an equivariant output layer to obtain the final prediction.

represented as Ai, where i = 1,2, . . . ,m. The goal is to predict the future motions
of these agents based on their historical observations. For each agent Ai, we can
denote historical observations by Xi. These observations typically include positions
and can be represented as Xi = {xi

0,x
i
1, . . . ,x

i
t}, where xi

t represents the position of
agent Ai at time step t. We also add velocity Si = {si

t+1,s
i
t+2, . . . ,s

i
t+ f } as input

information of the model. The velocity of an agent is a natural invariant feature
because it is not affected by any translation or SO(2) transformation. We use the
velocity to compute the initial feature vector of a specific agent Ai. More details
in Section 5.3.2. Specifically, for each agent Ai, our aim is to predict its future f
positions Yi = {yi

t+1,y
i
t+2, . . . ,y

i
t+ f }.

Section Organization

In the following, we first introduce the SITUATE prediction network (Section 5.3.1).
Next, we detail the feature initialization process (Section 5.3.2). Finally, we present
the experimental results in Section 5.3.3.
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5.3.1 The SITUATE Prediction Network

In this section, we present SITUATE, our motion prediction network that explicitly
uses equivariant and invariant geometric features and a self-supervised scene rep-
resentation module to tackle the indoor trajectory prediction problem. The model
architecture is shown in Figure 5.4.

The first module we present is in charge of producing the scene-representation
encoding. As anticipated, the subjects’ motion characteristics differ greatly from
those of the outdoor case when considering indoor trajectory forecasting. In fact,
motion is strongly characterized and limited by objects and obstacles in the scene.
Knowing the available space that limits the viable paths in the scene can, for every
Xi, strongly reduce the cardinality of all the possible outcomes of the model. Starting
from the assumption that all the objects and structures of the scene are available in
the form of a scene layout or a camera image, BEiT [208] is first used to output
visual tokens Ts, the so-called scene-representation encodings. These tokens Ts are
fed into a learnable MLP defined as φt : Ts → Te and then concatenated into the input.

The input concatenated with Te is then fed into two modules: Equivariant block
(EquiGCN) and Invariant block (InvGCN). Following [209], these two blocks are
both based on the implementation of the message passing described in Equation 5.7,
modified to accept also Te:

mi j = φe

(
hl

i,h
l
j,
∥∥∥xl

i − xl
j

∥∥∥2
,Te,ai j

)
, (5.11)

where ai j is the edge attribute (or weight), which can be derived from the adjacency
matrix.

Specifically, the EquiGCN block is responsible for updating the node’s coor-
dinates x, and represents the implementation of the update function described in
Equation 5.8. On the other hand, InvGCN is the implementation of the update
function of the node’s features h in Equation 5.9.

The possible pathways are learned by the module φt , starting from the token
produced by the pre-trained BeIT model. The outputs of EquiGCN and InvGCN are
computed as reported respectively in Equation (5.8) and Equation (5.9), updating
hl+1

i and xl+1
i .
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To understand the contribution of these two modules in less formal and more
practical terms, imagine a navigation system. It can get from point A to point B
but might struggle with tricky situations. In SITUATE, EquiGCN injects a sense
of direction as a compass you wear on your hat. Specifically, it ensures that the
network understands the layout of the environment, regardless of where it starts
“looking”. InvGCN, on the other hand, acts like a map you hold – it helps the network
to account for different starting points and body orientations, making the predictions
more robust.

5.3.2 Feature Initialization

The input given to our model is a set of trajectories of different agents. The first
step is to define a node for every position xt for every agent Ai. Every node xt is
connected to xt−1 and xt+1 if it is related to the same agent Ai. Since only trajectories
(and thus positions xt) are given as starting data, it is necessary to define for each
trajectory a vector of initial features h0

i to be used as input together with the positions
x0

i .

As stated in [210], having an invariant feature vector h0
i is necessary to guarantee

equivariance. Given that as input data, we only have position Xi, we follow the
procedure in [209] to use velocities to create h0

i as follows:

x̂i = φX(Xi +H)+H , (5.12)

ρ
t
i = ∥vt

i∥2 , (5.13)

θ
t
i = angle(vt

i,v
t−1
i ) , (5.14)

h0
i = φh0(ρi,θi) , (5.15)

where h0
i is the initial features vector of the i− th agent. vt

i represent the velocity of
the agent and is defined as △x̂t

i , where △ is the finite difference operator, H is the
centroid of the observed trajectories of all agents in the scene. φX and φh0 are two
fully connected layers responsible for encoding and producing the initial graph and
the initial features of the trajectory.

To compute h0
i , two different types of velocities (thus, information invariant

to rotation and translation) are needed: △xt
i effectively represents the Euclidean

velocity of the agent and θ t
i represents the angular velocity at a certain time step t.
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Note that both φx0 and φh0 , and in general all the operations described, are linear
transformations: this is necessary to preserve both the equivariance and the invariance
properties of the remaining part of the model.

5.3.3 Experimental Results

Our experimental evaluation is based on two objectives. Firstly, we show the
superiority of SITUATE in the two most well-known indoor datasets, defining the
new state-of-the-art in indoor scenarios. Secondly, we prove that SITUATE can also
achieve results comparable to those of other competitors in outdoor datasets. Finally,
we report some ablation studies.

Datasets descriptions. We evaluate SITUATE on state-of-the-art indoor datasets
and the most well-known outdoor human trajectory prediction dataset.

THÖR. The THÖR dataset [181] includes human motion trajectory and gaze data
collected in an indoor environment with accurate ground truth for the position of
participants. It comprises 395K frames at 100 Hz, 2531K people detections, and
more than 600 individual and group trajectories between multiple resting points. The
map was taken from the dataset’s official website.

Supermarket. The Supermarket dataset [211] comprises 4 different scenario: Ger-
man1, German2, German3, and German4, i.e., four different supermarkets. The
dataset collection involved attaching devices on shopping carts/baskets and recording
their movements during customer usage. Each subset includes a file with a map of
the supermarket.

ETH-UCY. The ETH [212] and UCY [213] dataset group consists of five different
scenes: ETH & HOTEL (from ETH) and UNIV, ZARA1, & ZARA2 (from UCY).
The scenes are captured in unconstrained outdoor environments with few objects
blocking the pedestrian paths. In this case, images of the scene were used.

Evaluation metrics. We use standard metrics for the trajectory prediction task, i.e.,
minimum Average Displacement Error (ADE), and minimum Final Displacement
Error (FDE). In particular, ADE measures the average L2 difference between the
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prediction in all time steps and the ground truth. On the other hand, FDE measures
the difference between the predicted endpoint and the ground truth.

Prediction mode. Following the evaluation protocol of [209], SITUATE is used
in two prediction modes: deterministic and multi-prediction. Deterministic means
that the model only outputs a single prediction for each input motion observation,
while multi-prediction means that the model has 20 predictions for each input motion
observation. Under multi-prediction, ADE and FDE will be calculated using the
best-predicted trajectory. To adapt to multi-prediction, we modify SITUATE to
repeat the last feature updating layer and the output layer 20 times in parallel to have
a multi-head prediction.

Implementation details. As a backbone for our model, we used the structure
of [209]. The model architecture has four layers of geometric feature learning. We
use the SiLU activation function and dropout with a probability of 0.5 within all
MLPs. The visual embeddings of the image are derived from the last layer of the
BEiT model. The model is provided with past trajectory information that spans eight
discrete time steps, and the model’s task is to predict 12 steps into the future. In
addition to the dropout mentioned above, we apply the Discrete Cosine Transform
(DCT) to the input data as a regularization technique. Specifically, by representing
the data in the frequency domain, it becomes easier to distinguish between signal and
noise components, resulting in a cleaner signal. We train our models with a batch
size of 64 for 60 epochs, using AdamW [67] as an optimizer within the PyTorch
Lightning framework on an NVIDIA RTX 3090.

Indoor Human Trajectory Prediction Results

We conducted comparative experiments to assess the robustness of our approach
against existing trajectory prediction methods. The methods include deterministic
evaluation models (TransF [176], MemoNet [178]), as well as multi-prediction eval-
uation models (PECNet [214], GP-Graph [179]). Our evaluation for both prediction
modes also includes EqMotion [209], the state-of-the-art method with invariant end
equivariant interaction reasoning. Table 5.6 and Table 5.7 show the results.
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Table 5.6 Deterministic prediction performance (ADE (m)/FDE (m)) on the THÖR and the
Supermarket datasets. The bold/underlined font denotes the best/second-best result.

Performance (ADE (m) ↓ / FDE (m) ↓ )

Deterministic Evaluation THÖR Supermarket Average

TransF [176] 2.62/4.81 2.56/2.90 2.59/3.85
MemoNet [178] 0.78/5.05 1.79/2.94 1.28/3.99
EqMotion [209] 0.56/0.94 1.71/2.65 1.13/1.79
SITUATE (ours) 0.45/0.93 1.21/1.84 0.83/1.38

Table 5.7 Multi-prediction performance (ADE (m)/FDE (m)) on the THÖR and the Super-
market datasets. The bold/underlined font denotes the best/second-best result.

Performance (ADE (m) ↓ / FDE (m) ↓ )

Multi-prediction Evaluation THÖR Supermarket Average

PECNet [214] – 1.57/3.45 –
GP-Graph [179] 2.80/3.92 3.19/4.57 2.99/4.24
EqMotion [209] 1.32/1.03 1.29/1.77 2.61/1.40
SITUATE (ours) 0.50/0.86 0.53/0.65 0.51/0.75

The results show that the proposed SITUATE consistently outperforms all base-
line methods in all cases. On the THÖR dataset, SITUATE achieves an ADE of
0.45 and an FDE of 0.93, showcasing its superiority over other models. In particular,
compared to EqMotion, the second-best model SITUATE exhibits a substantial 22%
reduction in ADE and a 1% reduction in FDE.

Similarly, on the Supermarket dataset, SITUATE continues to demonstrate its
effectiveness with an ADE of 1.21 and an FDE of 1.84. Compared to EqMotion,
again the closest competitor, SITUATE achieves a 29% reduction in ADE and a 31%
in FDE, reinforcing its dominance.

The consistently good performance of SITUATE in both data sets underscores its
robustness and efficacy in trajectory prediction tasks. The results further suggest that
SITUATE is accurate and that the use of scene information when tackling indoor
prediction scenarios offers a key advantage compared to the available approaches.



158 Human-Centered Systems Design

Table 5.8 Deterministic prediction performance (ADE (m)/FDE (m)) on the state-of-the-art
ETH-UCY benchmark. The bold/underlined font denotes the best/second-best result.

Performance (ADE (m) ↓ / FDE (m) ↓ )

Deterministic ETH HOTEL UNIV ZARA1 ZARA2 Average

S-LSTM [173] 1.09/2.35 0.79/1.76 0.67/1.40 0.47/1.00 0.56/1.17 0.72/1.54
SGAN-ind [174] 1.13/2.21 1.01/2.18 0.60/1.28 0.42/0.91 0.52/1.11 0.74/1.54
Traj++ [175] 1.02/2.00 0.33/0.62 0.53/1.19 0.44/0.99 0.32/0.73 0.53/1.11
TransF [176] 1.03/2.10 0.36/0.71 0.53/1.32 0.44/1.00 0.34/0.76 0.54/1.17
MemoNet [178] 1.00/2.08 0.35/0.67 0.55/1.19 0.46/1.00 0.37/0.82 0.55/1.15
EqMotion [209] 0.96/1.92 0.30/0.58 0.50/1.10 0.39/0.86 0.30/0.68 0.49/1.03
SITUATE (ours) 0.94/1.90 0.30/0.57 0.50/1.10 0.41/0.89 0.32/0.70 0.49/1.03

Table 5.9 Multi-prediction performance (ADE (m)/FDE (m)) on the state-of-the-art ETH-
UCY benchmark. The bold/underlined font denotes the best/second-best result.

Performance (ADE (m) ↓ / FDE (m) ↓ )

Multi-prediction ETH HOTEL UNIV ZARA1 ZARA2 Average

SGAN [174] 0.87/1.62 0.67/1.37 0.76/0.52 0.35/0.68 0.42/0.84 0.61/1.21
STGAT [215] 0.65/1.12 0.35/0.66 0.34/0.69 0.29/0.60 0.52/1.10 0.43/0.83
STAR [216] 0.36/0.65 0.17/0.36 0.31/0.62 0.29/0.52 0.22/0.46 0.26/0.53
NMMP [217] 0.61/1.08 0.33/0.63 0.52/1.11 0.32/0.66 0.43/0.85 0.41/0.82
Traj++ [175] 0.61/1.02 0.19/0.28 0.30/0.54 0.24/0.42 0.18/0.31 0.30/0.51
PECNet [214] 0.54/0.87 0.18/0.24 0.35/0.60 0.22/0.39 0.17/0.30 0.29/0.48
Agentformer [218] 0.45/0.75 0.14/0.22 0.25/0.45 0.18/0.30 0.14/0.24 0.23/0.39
GroupNet [219] 0.46/0.73 0.15/0.25 0.26/0.49 0.21/0.39 0.17/0.33 0.25/0.44
MID [177] 0.39/0.66 0.13/0.22 0.22/0.45 0.17/0.30 0.13/0.27 0.21/0.38
GP-Graph [179] 0.43/0.63 0.18/0.30 0.24/0.42 0.17/0.31 0.15/0.29 0.23/0.39
EqMotion [209] 0.40/0.61 0.12/0.18 0.23/0.43 0.18/0.32 0.13/0.23 0.21/0.35
SITUATE (ours) 0.41/0.64 0.13/0.20 0.23/0.43 0.22/0.35 0.14/0.26 0.22/0.37

Outdoor Human Trajectory Prediction Results

We also evaluate the performance of SITUATE with the deterministic and multi-
prediction modalities with outdoor scenarios. Here, we show that SITUATE achieves
competitive results, showing that indoor-oriented forecasting models tend to general-
ize better than outdoor-oriented ones. Table 5.8 and Table 5.9 present the quantitative
results.

Specifically, when considering the deterministic prediction case, SITUATE
shows a performance improvement by obtaining state-of-the-art results in both ADE
and FDE across the ETH (0.94/1.90), HOTEL (0.30/0.57), and UNIV (0.50/1.10)
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Table 5.10 Ablation results (ADE (m)/FDE (m)) of SITUATE. We assess the contribution of
the scene representation module and regularization methods in the deterministic prediction
case.

Performance (ADE (m) ↓ / FDE (m) ↓ )

Scene
Representation Regularization THÖR Supermarket Average

✗ ✗ 0.50/1.02 1.92/1.55 1.21/1.29
✗ ✓ 0.56/0.74 1.79/2.94 1.18/1.84
✓ ✗ 0.57/0.96 1.29/1.89 0.93/1.43
✓ ✓ 0.45/0.93 1.21/1.84 0.83/1.38

scenes. It ranks second in the ZARA1 and ZARA2 scenes, while performing on
par with EqMotion [209] when considering average performance. In the context of
multi-prediction modality, SITUATE secures the second rank in terms of ADE and
FDE across nearly 75% of the scenes within the ETH-UCY dataset while maintaining
an overall second place in average performance.

Designed for indoor scenarios and their peculiar conformations, SITUATE
remarkably demonstrates robust capabilities, even when tested on outdoor datasets.
In contrast, this is not always true for architectures tailored for outdoor instances, as
we can observe in Table 5.6 and Table 5.7, which often struggle when confronted
with scenes that differ from those for which they were designed.

Ablation Studies

We quantitatively evaluate the impact of the scene representation module and reg-
ularization methods considering the deterministic indoor prediction scenario. The
results are summarized in Table 5.10. It is observed that both contributions play a
crucial role in enhancing the overall performance of SITUATE. In particular, the
scene representation module effectively encodes semantic information from the
visual scene maps, facilitating an accurate understanding of the environment. On
the other hand, regularization methods ensure robustness and generalization of the
model by mitigating overfitting and improving its ability to generalize to unseen
data. Therefore, we state that both contributions are indispensable for achieving the
desired outcomes and validating the efficacy of our approach.
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Figure 5.5 (A) The process starts by creating a MetaHuman, i.e., a virtual replica of the real
human. (B) The connection between the real human and the virtual replica is established
using the LiveLink plugin, forming the Digital Shadow that allows real-time data acquisition.
(C) Then, images were acquired and labeled to capture the operator’s real-time movements
under awake and drowsy conditions. (D) A state-of-the-art deep learning model, i.e., the
YOLOv8, is trained to detect the operator’s state. (E) A client-server architecture is set up
to facilitate the communication between YOLOv8 and Unreal Engine. (F) Finally, the DT
reflects the operator’s state (in our case, awake or drowsy) and provides alerts based on
real-time conditions.

5.4 HC-DT

Our human-centered DT development process involves six stages, which are depicted
in Figure 5.5 and explained in detail in this section. In this research, we focus on
the wakefulness and drowsiness detection task, although our pipeline can be easily
adapted to other scenarios by modifying component-specific details.

Section Organization

This section details the implementation steps for HC-DT (Section 5.4.1) and con-
cludes with a summary of the findings (Section 5.4.2).
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5.4.1 HC-DT Creation

A) MetaHuman Creation

The first stage involves creating a highly accurate digital replica of the human
operator using Unreal Engine’s MetaHuman Creator, the state-of-the-art tool for
generating hyper-realistic virtual humans. The Web interface allows the creation
of a detailed virtual replica by customizing facial features and general appearance,
ensuring that even individuals with minimal computer graphics expertise can generate
highly realistic digital humans.

B) Digital Shadow Creation

The second stage involves creating the Digital Shadow, i.e., a virtual representation
continuously synchronized with the operator’s real-world movements. In this phase,
we used the Epic Games LiveLink Face application. Unlike full-body motion capture
systems that require specialized suits, LiveLink uses a simple smartphone or tablet,
eliminating the need for complex hardware or sensors and making it easier to adopt
and scale.

C) Digital Shadow Data Collection

In this stage, data were collected to capture the real-time movements of the operator
under both awake and drowsy conditions. A Python script was used to automatically
capture screenshots from Unreal Engine, ensuring diverse and high-quality data by
acquiring images from various angles and positions.

Moreover, the Industrial Metaverse allows data collection to be conducted re-
motely, enabling operators to work from the office or even from home. This capa-
bility not only provides flexibility, but also ensures that factory operations remain
uninterrupted.

D) Learning-Based Model Creation

Our wakefulness and drowsiness detection model, based on the YOLOv8 architec-
ture [220], classifies each detected object as awake or drowsy. The model achieved
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Figure 5.6 Our implemented human-centered DT integrated within the manufacturing DT of
the ICE Laboratory at the University of Verona.

high evaluation metrics, with an accuracy of 99.5%, a precision of 1.000 (wake-
fulness) and 0.965 (drowsiness), and a recall of 0.998 (wakefulness) and 1.000
(drowsiness). These results demonstrate a highly accurate and reliable detection of
wakefulness and drowsiness in our acquired data with minimal false positives or
missed detections.

E) Linking Unreal Engine and the AI Model

After training, the model was integrated into Unreal Engine using a client-server
architecture. This setup ensures that any changes in the operator’s state are instantly
reflected in the DT, facilitating immediate feedback and interaction.

F) Human-Centered Digital Twin

The DT system continuously monitors the operator’s state, updating the virtual
replica in real-time based on the model’s predictions. In the final phase, the fully
functional DT was evaluated for both its real-time interaction capabilities and the
quality of its output.

Finally, the human-centered developed DT was validated in a real manufacturing
plant DT of the ICE Laboratory, as shown in Figure 5.6. This validation demonstrates
how our pipeline allowed easy integration of the human-centered DT into a new
existing machine-oriented DT ecosystem, which was previously focused only on
CPS and machine-centric applications.
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5.4.2 Remarks and Outlook

The proposed human-centered DT pipeline demonstrates a practical and cost-effective
approach to real-time worker monitoring and interaction within industrial environ-
ments.

Although extensive research has been conducted on DT technologies and their
role in Industry 4.0 and 5.0, practical implementations remain limited. Many existing
works are theoretical, and fully operational systems that integrate human DTs into
industrial settings are scarce. This pipeline marks the initial effort to address this
gap and offers the first working solution.

However, this system has some limitations. The reliance on camera-based facial
tracking restricts the operator’s movement to the camera’s field of view, which
can be a constraint in dynamic industrial environments. Therefore, our solution is
better suited for operators working in fixed production cells or vehicles than for
workers who need to move throughout the factory. Moreover, although MetaHuman
Creator offers realistic digital replicas, it lacks customization options to represent
various body types and individuals with disabilities. Addressing these limitations
will make the solution more inclusive and versatile. Finally, relying on camera-based
tracking alone presents inherent limitations in large-scale and dynamic industrial
environments.

Despite these considerations, the pipeline represents a fundamental step toward
the creation of human DTs, establishing a foundation for future advancements and
practical applications across diverse industries. Moreover, it highlights that the
Industrial Metaverse is not merely a futuristic concept, but a tangible and viable
solution for addressing real-world challenges.



Chapter 6

Conclusions

In this final chapter, we discuss the findings and insights presented in this thesis,
reviewing the contributions made in each area of intelligent manufacturing from
a learning-based point of view. For each topic, i.e., efficient on-edge computing,
accurate anomaly detection, sustainable NFPPF, and human-centered systems design,
we review the methods presented, highlighting their results and scientific achieve-
ments. We also account for the limitations and open issues we faced in developing
these solutions, which are themselves as important as the successes. After that, we
present some possible future work and possibilities for improvement, hoping they
can help the research community create novel and more sophisticated computer
vision techniques to serve the digital world of tomorrow.

6.1 Summary

In the introduction of this thesis, i.e., Chapter 1, we discussed how the continuous
advancement of technology is revolutionizing various aspects of intelligent manu-
facturing. The thesis addresses the foundational pillars of intelligent manufacturing:
efficient on-edge computing, precise anomaly detection, sustainable forecasting of
new product performance, and human-centered system design. By applying cutting-
edge deep learning techniques and developing novel frameworks, we aim to enhance
the efficiency, accuracy, and sustainability of industrial processes while ensuring the
integration of human-centric principles.
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Each chapter of this thesis focuses on a specific domain within these pillars.
Chapter 2 elaborates on advances in on-edge computing, highlighting the importance
of SC methodologies. The chapter presents innovative frameworks such as I-SPLIT,
which utilizes deep network interpretability for optimal split point selection, and LO-
SC, which enables local-only computation on edge devices without compromising
accuracy. These contributions are essential for real-time data processing in resource-
constrained environments, facilitating seamless integration between edge devices
and cloud servers.

In Chapter 3, the focus shifts to anomaly detection, a critical component of
predictive maintenance in intelligent manufacturing systems. The chapter introduces
state-of-the-art methodologies such as In&Out and ChronosAD, which leverage
data augmentation and time-series foundation models, respectively, to improve
the identification of anomalies in both vision-based and time-series data. These
approaches improve the robustness of anomaly detection systems, ensuring reliable
operation and minimizing downtime in industrial settings.

Chapter 4 addresses the urgent need for sustainability in manufacturing, particu-
larly in the fast fashion industry, known for its significant environmental impact. The
chapter presents MDiFF and Dif4FF, two multimodal diffusion-based forecasting
frameworks designed to accurately predict the performance of new fashion products.
These frameworks incorporate advanced modeling techniques to support sustainable
production decisions, thus reducing waste and optimizing resource utilization.

Finally, Chapter 5 explores the design of human-centered systems, a crucial as-
pect of Industry 5.0 that emphasizes the integration of human operators in automated
environments. This chapter introduces systems such as WiFi-Based Detection and
HC-DT, which focus on ensuring worker safety and improving human-machine
interactions. By developing the first pipeline to implement a human-centered DTs,
the chapter shows how advanced learning techniques can improve both operational
efficiency and worker well-being.

The comprehensive exploration of these domains throughout the thesis provides a
holistic view of intelligent manufacturing and its evolution in the context of Industry
5.0. By integrating advanced AI methodologies with practical industrial applications,
we have demonstrated how these innovations can address the challenges faced by
modern manufacturing systems. This thesis lays the foundation for future research
that aims to further advance the field of intelligent manufacturing, emphasizing the
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need for continued innovation in efficiency, accuracy, sustainability, and human-
centric design.

6.2 Limitations and Future Works

Challenges in pipeline complexity and computational efficiency. Throughout
this thesis, we addressed numerous challenges in intelligent manufacturing, focusing
on the integration of advanced learning-based methods within on-edge environ-
ments, anomaly detection, sustainable product forecasting, and human-centered
design. However, the proposed solutions often involved the development of com-
plex pipelines that comprise multiple deep learning models that function together,
where the output of one model serves as the input of the next. This approach, while
effective, necessitates intricate coordination between various component models.

For example, in the edge cloud computing domain, the implementation of SC
architectures requires a careful selection of split points, hardware devices, and
network implementation to balance computation between edge devices and cloud
servers. These complex setups highlight the need for robust techniques that can
handle dependencies and potential failures.

Future research should focus on developing more resilient and flexible methodolo-
gies that can operate effectively even when individual components encounter partial
or incorrect data. In addition, optimizing these pipelines to reduce computational
overhead and enable real-time processing remains a critical area for improvement.

Specialized industrial applications require specialized annotators. Given the
specialized nature of each manufacturing, the creation of ad hoc datasets tailored
to specific use cases is often necessary. In domains such as predictive maintenance
and human-centered system design, ensuring the quality and consistency of these
annotations is paramount to achieving reliable results.

Future work should focus on expanding the availability of high-quality, domain-
specific datasets by incorporating emerging sensor technologies and fostering collab-
orative efforts among industry partners, academic institutions, and research organiza-
tions. This collaboration can help build comprehensive, shared data resources that
not only improve model performance but also facilitate the development of more
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robust and generalizable solutions across different applications. By creating such
datasets, we can bridge data availability gaps and enhance the scalability of solutions
in complex, real-world environments.

Enhancing the generalization of sustainable forecasting models. The proposed
multimodal diffusion-based forecasting models for the performance of new fashion
products have shown promising results. However, a major difficulty in predicting
fashion trends lies in the ever-changing nature of consumer tastes. Fashion does not
follow a regular cycle; trends continuously shift and change. In fact, while Google
Trends can indicate the popularity of a garment in terms of searches, it does not
guarantee that the item searched matches the exact appearance and features of the
target garment.

As a result, future work should aim to individuate techniques to increase the
expressivity of these models. For example, automatic analysis of the human pose
represents a source of valuable features in a wide range of tasks and domains, and its
integration into fashion and garment fitting models presents several possibilities to
improve the accuracy of NFPPF. One key development in this field is to use detailed
pose and mesh analysis to enhance NFPPF models. By incorporating the knowledge
of human body poses into these models, we can significantly improve how garments
are represented and how well they align with different body types, enhancing both
the virtual fitting experience and the overall garment design process.

Scalability of human-centered digital twins in industrial environments. The
integration of human-centered DT in industrial systems presents challenges related to
scalability. Although the proposed framework demonstrates feasibility in controlled
environments, the deployment of HC-DT on a large scale in different industrial
settings requires further investigation. Factors such as real-time synchronization,
hardware limitations, and the adaptability of learning models to various working
conditions must be addressed.

For example, the current implementation relies on camera-based facial tracking,
which may not be practical in environments with high worker mobility. In addition,
ensuring seamless interaction between DTs and factory control systems remains an
open challenge. Future research should focus on developing lightweight tracking
methods that operate with minimal infrastructure while maintaining accuracy. Fur-
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thermore, integrating these systems with larger DT ecosystems in industrial plants
will require standardized protocols and interoperability frameworks.
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surface-defect detection: From weakly to fully supervised learning. Comput-
ers in Industry, 129:103459, 2021.

[24] Mario Hermann, Tobias Pentek, and Boris Otto. Design Principles for Indus-
trie 4.0 Scenarios. In 2016 49th Hawaii International Conference on System
Sciences (HICSS), 2016.

[25] Heiner Lasi, Peter Fettke, Hans-Georg Kemper, Thomas Feld, and Michael
Hoffmann. Industry 4.0. Business & Information Systems Engineering,
6(4):239–242, 2014.

[26] Mohd Azeem, Abid Haleem, and Mohd Javaid. Symbiotic Relationship
Between Machine Learning and Industry 4.0: A Review. Journal of Industrial
Integration and Management, 7(03):401–433, 2022.

[27] Praveen Kumar Reddy Maddikunta, Quoc-Viet Pham, Prabadevi B, N Deepa,
Kapal Dev, Thippa Reddy Gadekallu, Rukhsana Ruby, and Madhusanka
Liyanage. Industry 5.0: A survey on enabling technologies and potential
applications. Journal of Industrial Information Integration, 26:100257, 2022.

[28] Lucas Santos Dalenogare, Guilherme Brittes Benitez, Néstor Fabián Ayala,
and Alejandro Germán Frank. The expected contribution of Industry 4.0
technologies for industrial performance. International Journal of production
economics, 204:383–394, 2018.

[29] Anbesh Jamwal, Rajeev Agrawal, Monica Sharma, and Antonio Giallanza.
Industry 4.0 Technologies for Manufacturing Sustainability: A Systematic
Review and Future Research Directions. Applied Sciences, 11(12):5725, 2021.

https://www.kaggle.com/datasets/jwjohnson314/notmnist
https://www.kaggle.com/datasets/jwjohnson314/notmnist
https://www.kaggle.com/datasets/paultimothymooney/chest-xray-pneumonia
https://www.kaggle.com/datasets/paultimothymooney/chest-xray-pneumonia


172 Bibliography

[30] Morteza Ghobakhloo. Industry 4.0, digitization, and opportunities for sustain-
ability. Journal of Cleaner Production, 252:119869, 2020.

[31] Federico Cunico, Stefano Aldegheri, Andrea Avogaro, Michele Boldo, Nicola
Bombieri, Luigi Capogrosso, Ariel Caputo, Damiano Carra, Stefano Cen-
tomo, Dong Seon Cheng, Ettore Cinquetti, Marco Cristani, Mirco De Marchi,
Florenc Demrozi, Marco Emporio, Franco Fummi, Luca Geretti, Samuele
Germiniani, Andrea Giachetti, Federico Girella, Enrico Martini, Gloria
Menegaz, Niek Muijs, Federica Paci, Marco Panato, Graziano Pravadelli,
Elisa Quintarelli, Ilaria Siviero, Silvia Francesca Storti, Carlo Tadiello, Cris-
tian Turetta, Tiziano Villa, Nicola Zannone, and Davide Quaglia. Enhancing
Safety and Privacy in Industry 4.0: The ICE Laboratory Case Study. IEEE
Access, 12:154570–154599, 2024.

[32] Yoshitomo Matsubara, Marco Levorato, and Francesco Restuccia. Split
Computing and Early Exiting for Deep Learning Applications: Survey and
Research Challenges. ACM Computing Surveys, 55(5):1–30, 2022.

[33] Kirsi Niinimäki, Greg Peters, Helena Dahlbo, Patsy Perry, Timo Rissanen,
and Alison Gwilt. The environmental price of fast fashion. Nature Reviews
Earth & Environment, 1(4):189–200, 2020.

[34] Kerrice Bailey, Aman Basu, and Sapna Sharma. The Environmental Impacts
of Fast Fashion on Water Quality: A Systematic Review. Water, 14(7):1073,
2022.

[35] Saeid Nahavandi. Industry 5.0—A Human-Centric Solution. Sustainability,
11(16):4371, 2019.

[36] Xun Xu, Yuqian Lu, Birgit Vogel-Heuser, and Lihui Wang. Industry 4.0 and In-
dustry 5.0—Inception, conception and perception. Journal of Manufacturing
Systems, 61:530–535, 2021.

[37] Christian Joppi, Geri Skenderi, and Marco Cristani. POP: Mining POten-
tial Performance of New Fashion Products via Webly Cross-modal Query
Expansion. In European Conference on Computer Vision (ECCV), 2022.

[38] Yiping Kang, Johann Hauswald, Cao Gao, Austin Rovinski, Trevor Mudge,
Jason Mars, and Lingjia Tang. Neurosurgeon: Collaborative Intelligence
Between the Cloud and Mobile Edge. ACM SIGPLAN Notices, 52(1):615–
629, 2017.

[39] Yoshitomo Matsubara, Sabur Baidya, Davide Callegaro, Marco Levorato, and
Sameer Singh. Distilled Split Deep Neural Networks for Edge-Assisted Real-
Time Systems. In Workshop on Hot Topics in Video Analytics and Intelligent
Edges, 2019.

[40] Marion Sbai, Muhamad Risqi U Saputra, Niki Trigoni, and Andrew Markham.
Cut, Distil and Encode (CDE): Split Cloud-Edge Deep Inference. In 18th



Bibliography 173

Annual IEEE International Conference on Sensing, Communication, and
Networking (SECON), 2021.

[41] Ramprasaath R. Selvaraju, Michael Cogswell, Abhishek Das, Ramakrishna
Vedantam, Devi Parikh, and Dhruv Batra. Grad-CAM: Visual Explanations
from Deep Networks via Gradient-Based Localization. In IEEE/CVF Interna-
tional Conference on Computer Vision (ICCV), 2017.

[42] Julius Adebayo, Justin Gilmer, Michael Muelly, Ian Goodfellow, Moritz Hardt,
and Been Kim. Sanity Checks for Saliency Maps. In Advances in Neural
Information Processing Systems (NeurIPS), 2018.

[43] Rich Caruana. Multitask Learning, volume 28, pages 95–133. Springer US,
1998.

[44] Etienne Boursier, Mikhail Konobeev, and Nicolas Flammarion. Trace norm
regularization for multi-task learning with scarce data. In 35th Annual Con-
ference on Learning Theory (COLT), 2022.

[45] Harvey M. Salkin and Cornelis A. De Kluyver. The knapsack problem: A
survey. Naval Research Logistics Quarterly, 22(1):127–144, 1975.

[46] Andrew Howard, Mark Sandler, Bo Chen, Weijun Wang, Liang-Chieh Chen,
Mingxing Tan, Grace Chu, Vijay Vasudevan, Yukun Zhu, Ruoming Pang,
Hartwig Adam, and Quoc Le. Searching for MobileNetV3. In IEEE/CVF
International Conference on Computer Vision (ICCV), 2019.

[47] Tailin Liang, John Glossner, Lei Wang, Shaobo Shi, and Xiaotong Zhang.
Pruning and Quantization for Deep Neural Network Acceleration: A Survey.
Neurocomputing, 461:370–403, 2021.

[48] Jianping Gou, Baosheng Yu, Stephen J. Maybank, and Dacheng Tao. Knowl-
edge Distillation: A Survey. International Journal of Computer Vision,
129(6):1789–1819, 2021.

[49] Guangli Li, Lei Liu, Xueying Wang, Xiao Dong, Peng Zhao, and Xiaobing
Feng. Auto-tuning Neural Network Quantization Framework for Collaborative
Inference Between the Cloud and Edge. In Artificial Neural Networks and
Machine Learning (ICANN), 2018.
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