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ABSTRACT
To cope with the challenge of managing numerous computing devices, humongous data volumes and models
in Internet-of-Things environments, Edge Computing (EC) has emerged to serve latency-sensitive and computeintensive applications. Although EC paradigm significantly eliminates latency for predictive analytics tasks by
deploying computation on edge nodes’ vicinity, the large scale of EC infrastructure still has huge inescapable
burdens on the required resources. This paper introduces a novel paradigm where edge nodes effectively reuse
local completed computations (e.g., trained models) at the network edge, coined as knowledge reuse. Such
paradigm releases the burden from individual nodes, where they can save resources by relying on reusing
models for various predictive analytics tasks (e.g., regression and classification). We study the feasibility of our
paradigm by involving pair-wise (dis)similarity metrics among datasets over nodes based on statistical learning
techniques (kernel-based Maximum Mean Discrepancy and eigenspace Cosine Dissimilarity). Our paradigm is
enhanced with computationally lightweight monitoring mechanisms, which rely on Holt-Winters to forecast
future violations and updates of the reused models. Such mechanisms predict when ‘borrowed’ models are
insufficient for being reused, triggering a new process of finding more appropriate models to be reused at
the network edge. We provide comprehensive performance evaluation and comparative assessment of our
algorithms over different experimental scenarios using real and synthetic datasets. Our findings showcase the
ability and robustness of our paradigm to maintain up-to-date reused models at the edge trading off quality
of analytics and resource utilization.

1. Introduction
With the ballooning number of various interconnected devices
(e.g., sensing and computing devices) present at the Internet of Things
(IoT) and the need for predictive analytics the Edge Computing (EC)
paradigm is emerging to cope with these challenges (Yi et al., 2015;
Taleb et al., 2017). The relevant research activities have been developed for meeting the challenges of offloading predictive analytics
and data processing tasks from Cloud to EC servers (nodes) leveraging
the advantages of the close distance between the EC nodes and end
users/end devices. Approaches proposed in Xiao and Krunz (2017),
Ti and Le (2017), Chen and Xu (2017), and Zhang et al. (2017) deal
with the efficient management of collaborative tasks in EC networks
under the perspective of energy and latency minimization. Collaborative tasks, like inferential analytics and predictive modeling deal
with scenarios where EC nodes are incapable of completing their tasks
independently due to, e.g., massive volume of data traffic, constraints
in Quality of Service (QoS), data privacy, and lack of computational
resources.

The growing demand for local data-processing, e.g., data cleaning,
missing values imputation, outliers detection, leads to an increased
requirement for computational resources, especially, when Machine
Learning (ML) models should be delivered. This is due to various
processing ‘phases’ that such models require, e.g., (re)training, model
adaptation, and inferential analytics. These tasks yield resource management in distributed computing systems that struggle with efficient
execution and provision of the outcomes in a limited time. Notably,
there are cases where the execution of such tasks may be beyond
nodes’ capabilities. Given that EC is considered as an appropriate
infrastructure that supports processing tasks close to end users, we
need to take into consideration that EC nodes are not characterized
by increased computational power compared to Cloud. Therefore, it
is deemed appropriate to re-leverage and potentially reuse the existing locally derived knowledge (e.g., trained ML models, developed
predictive schemes) to the core EC paradigm to further achieve efficiency, scalability, and models/knowledge reusability. Hence, it is
anticipated to be more efficient to delegate analytics and modeling
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tasks to their (networking) neighboring edge nodes, especially if those
nodes do not own the necessary computational resources to support the
desired processing activities. Examples of analytics and modeling tasks
include statistical models trained for outliers detection, probabilistic
inference, and maintenance of regression and classification models.
The reusability of such trained models is expected to leverage the
computational resources regarding the construction and maintenance of
predictive mechanisms.

nodes and determine the sharing of the ML models. Furthermore, we
propose a novel model maintenance mechanism that monitors and
evaluates the updates of the borrowed models. We develop a technique
that detects model violations based on the updates of the datasets.
In turn, we introduce a mechanism that decides on when already
shared models should be discarded and replaced by new ones or other
available that better match the data characteristics and application
requirements.

1.1. Use cases & application domains

2. Related work & contribution

We list some real-life scenarios and use cases in certain application
domains. Firstly, the privacy of healthcare data is essential given the
constraint that medical e-records stored in edge devices, such as mobile
phones, cannot be shared or accessed. The concept of model reuse can
contribute to more accurate medical analytics without sharing data. For
instance, patients visiting clinics and health centers for cancer diagnosis
via AI-techniques, it is more efficient to support cancer and health
status related clinical predictions with models built over other patients
holding similar health data. The similarity between patients’ health data
can be leveraged, enabling the system to explore suitable ML models for
prediction without (re)training new ones.
The domain of surveillance and environmental monitoring can directly exploit the advantages of model reuse. Applications include unmanned environmental monitoring vehicles (edge nodes) collaborating
with (mobile) wireless sensor network infrastructure distributed across
(sub)urban forests or coastlines, which aim to predict the probability of
forest fires or identify pollution levels via beach litter and sea surface
monitoring, respectively. With such a variety of detection and predictive models trained and launched over energy-constrained nodes, it is
beneficial to activate only several nodes to train such models, while others can reuse these models according to collected data similarity to fulfill
their tasks. In a real use-case, our EU funded project GNFUV (Harth and
Anagnostopoulos, 2018), Unmanned Surface Vehicles (USVs) reused
sea surface pollution detection models in a coast area in Athens, Greece,
as shown in Fig. 1. In this context, a flock of USVs trained locally ML
models which were reused by other collaborating USVs. This achieved
redistribution of the computational load for models maintenance and
re-training and efficient management for allocation of predictive tasks.

2.1. Related work
Significant research has been conducted in knowledge diffusion
at the edge where, with the term ‘knowledge diffusion’, the authors
in Anagnostopoulos (2020) refer to dissemination and exchange of
trained ML models among edge nodes. Such methods contribute to
real-time predictive modeling at the edge, supported by time-optimized
model updates and model selection, ensuring the quality of analytics.
These methods optimally decide on when to free up (an analogous to
our delegation approach) analytics models from several nodes, given
that some other nodes take over their tasks. In addition, aiming to
establish context-awareness at the edge, approaches presented in Anagnostopoulos et al. (2011), Portelli and Anagnostopoulos (2017), Anagnostopoulos and Kolomvatsos (2018) contribute with mechanisms to
maximize the efficiency of communication and quality of analytics
by collaborative nodes. The authors in Anagnostopoulos et al. (2011)
innovated a bio-inspired dissemination mechanism while the methods
in Anagnostopoulos and Kolomvatsos (2018), Portelli and Anagnostopoulos (2017) focused on the reduction of communication overhead
by the adaptive grouping of nodes.
Departing from knowledge dissemination in EC to some sort of
preliminary model reuse concepts, Zhao et al. (2020) introduced an
approach that reuses previously trained models for centralized change
detection in data streams. The ModelDiff approach in Li et al. (2021)
measures the similarity between deep learning models. The framework
in Wu et al. (2021) tries to find models for specific tasks adopting
Kernel Mean Embedding (KME). Furthermore, a few approaches have
focused on the preliminary idea of compute reuse in EC. The work
proposed in Lee et al. (2019) demonstrates the importance of computing reuse in the reduction of tasks completion time, which lowers the
need for computing resources. Lee et al. (2019) introduced the compute
reuse as the partial or full use of existing computational tasks for
specific applications, avoiding unnecessary re-calculations. However,
they assume an environment where similar tasks can be placed at the
same compute nodes without considering the data characteristics like
correlation and variability. As it will be shown in our experiments, such
characteristics principally affect the feasibility of the compute reuse in
EC.
All the above methods have not explicitly developed the idea of
model reusability in EC. Their primary focus is on quality of analytics
without considering the complexity of their mechanisms, the inherent
communication overhead, and the distributed collaborative nature of
nodes. Hence, this yielding them not being the appropriate solutions at
the edge. Moreover, the growing demand for computational resources
and local data processing for (re)training ML models within nodes yield
significant resource management challenges. We are also experiencing
a growth rate of similar analytics models, processed tasks and captured
data. Therefore, it is fundamentally imperative to leverage and reuse
the existing processed data and locally derived models to achieve
efficiency, scalability, and knowledge reusability. To the best of our
knowledge, our work is the first one that explicitly introduces and
copes with the knowledge reuse paradigm in EC environments, taking into consideration all the aforementioned challenges and inherent
constraints at the network edge.

1.2. Our rationale
The aforementioned heterogeneity in the application domains lead
to a case where not all nodes are required or are capable of individually
training models and delivering knowledge over similar data. Instead,
some nodes could just re-use the already generated models from others,
if their data is relatively similar to their tasks. This is the reciprocity
paradigm that we aim to introduce in this work under the concept of
model (knowledge) re-usability in collaborative EC environments.
In this paper, we introduce a technique for knowledge reuse and a
maintenance mechanism to have the exchanged models up-to-date and
aligned with the updates in datasets. We elaborate on sharing activities
of locally trained ML models between nodes, which target to execute
similar tasks while own similar data. Such an approach will facilitate
the adoption of various ML models from ‘weak’ nodes, i.e., nodes
not having the capability and/or intention to devote computational
resources for the execution of computationally intensive tasks. For
instance, a subset of nodes exhibit limited resources that are insufficient
for training complex models.
The novelty of our approach is based on two new actors in EC:
the borrowers and the loaners of ML models. Borrowers are capable
of training ML models and sharing them with other nodes. Loaners
use the exchanged models and monitor their evolution to meet the
requirements of their tasks. We argue on the adoption of the Maximum
Mean Discrepancy (MMD) and Cosine Dissimilarity (CD) to decide the
similarity between datasets. These techniques are used to group the
2
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Fig. 1. Model Reuse Use-case: USVs share reusable ML models based on extracted information while receiving the tasks and queries from the base-station in a sea surface
monitoring environment.

2.2. Relation with other paradigms

2.3. Contribution

We report on the relationship between knowledge reuse paradigm
and other related paradigms. Firstly, our knowledge reuse paradigm
can be considered as a hybrid of meta learning and transfer learning.
In this context, our paradigm studies the following two questions.
Q1: ‘what knowledge should be used?’ The full trained models is the
knowledge we reuse in our paradigm along with certain sufficient
statistics and partial model parameters (e.g., shared layers of deep
learning models). The partial knowledge reuse can be regarded as
model parameters transferred between nodes, which lied under transfer
learning. Q2: ‘how can the knowledge be reused?’ The most reusable
models can be identified by specific meta-features representing certain
model and/or training data characteristics. The adopted MMD and
CD methods introduced in our paradigm are considered as statistical
meta-features (Vanschoren, 2018) extracted directly from nodes’ data.
Secondly, there are fundamental differences of our paradigm with the
Federated Learning (FL) (McMahan et al., 2017) approach. The principle
of FL is averaging models’ weights (iteratively) on a centralized node
by combining stochastic gradients from distributed nodes. FL robust to
unbalanced and non-IID data. The principle in our paradigm, instead,
is the assessment of the similarity among datasets over edge nodes to
find the most suitable models for reuse. And, this is achieved without
updating model weights locally and averaging centrally. Furthermore,
our paradigm requires that peer edge nodes communicate in an adhoc manner (or given any network topology) rather than exchanging
information with a common central location. Our knowledge reuse
paradigm is generic in the sense that not all nodes are required to
share similar data in light of model reusability. On the contrary, in
a FL setting, a global model should be disseminated to all nodes for
structural update or at least variants of global model based on the
nodes’ computational capacity (Shi and Radu, 2021). Finally, it is worth
mentioning that our similarity-driven principle could be adopted for
efficient model training in FL. Recently, Wang et al. (2021) analyzed
the impact of data heterogeneity on accelerating model training in FL
by identifying groups of nodes with similar data distributions.

To bridge the gap brought by non-i.i.d. and multivariate data among
nodes, we depart from compute reuse and the global model and centralized FL paradigm, and focus on the derived knowledge reuse with
collaborative statistical reasoning and reciprocity between nodes. Our
vision is to reuse the knowledge derived from certain nodes (we consider, here, individually trained ML models) as much as possible by
sharing them with other resource constrained edge nodes. The nodes
use such models for their own analytics tasks (e.g., inference, classification, regression, novelty detection). In this reciprocity-driven approach,
resource constrained edge nodes, hereinafter, referred to as borrowers,
are supported by ready-to-use models borrowed from collaborating
nodes with advanced computing capabilities, coined as loaners. Hence,
borrowers could devote their computing capacity to other less communication, computation and energy consuming tasks compared to the
ones needed to build (potentially complex) models from their data
locally. It is nontrivial to assume that borrowers cannot locally train
ML models fully or partially due to, e.g., their deficit in hardware
or latency constraints to build models on their own. Alternatively,
it might be the case where borrowers devote their computational
power to other tasks, since they could borrow from loaners the most
appropriate model(s) for them. In this context, borrowers need to get
the most appropriate models from loaners (e.g., hyper-parameters).
We argue that our paradigm can support the model reusability in the
minimum time with a clear positive impact on the performance of the
nodes. This way, the EC infrastructure can be transformed into a fully
collaborative environment where nodes exchange their local knowledge
to assist neighboring nodes to advance the desired line of actions. The
contributions of our paper are:
• Two hypothesis-driven novel statistical learning mechanisms to
assess the pairwise similarity of borrowers and loaners used for
model reusability at the edge.
• Computationally efficient distributed algorithms at the edge nodes
along with an analysis of their asymptotic time and space complexity trading off quality of analytics and reusability of the
model.
3
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Table 1
Notations table.
Symbol

Definition

 , , 
𝑖 ⊂ 
𝑑
𝐱 ∈ R𝑑
𝑦∈R
𝑓𝑗 (𝐱) ∈ 

𝐗𝑖
P
𝜇𝑃
A
𝑘(⋅, ⋅)
𝚺, 𝐕
𝐔
𝜆𝑘 , 𝐯𝑘
(𝛼, 𝛽)
(𝛼 ∗ , 𝛽 ∗ )
𝜅
𝛾
𝑚𝑘 , 𝑠𝑘
(𝜈, 𝜌)
𝐶
𝑡, 𝜏, 𝜏0
𝜁 𝑡 , 𝑏𝑡
𝜃

Set of 𝑛 edge nodes, loaners, and borrowers
Set of neighboring nodes of node 𝑖 ∈ 
Data dimensionality (number of features)
𝑑-dimensional real-valued data vector (input)
Real-valued regression output
Model trained on loaner 𝑗
Family of parametric models in parameter space 
Dataset at edge node 𝑖 with 𝑁𝑖 data vectors
Probability measurements
Kernel mean with considering embedding P
Mapping onto randomized feature space
Kernel function
Covariance and eigenvector matrices
Diagonal matrix ordered eigenvalues
𝑘th largest eigenvalue and eigenvector
Decision thresholds for Hypothesis 2
Decision thresholds for Hypothesis 3
GMM performance indicator
Inverse of the RBF kernel bandwidth
Real and synthetic datasets
Percentage of SVs and novelty accuracy of OCSVM
Quality of analytics cut-off threshold
Discrete time instances
HW time-series smoothed values and trend
Model maintenance threshold over 𝜁𝑡 .

from loaners. In this work, a node is considered to be either a loaner
or a borrower, thus,  ∩  = ∅ and  ∪  =  . In any case, this does
not spoil the knowledge reuse methodology; a node can also play both
roles, but not at the same time. Thus, for reasons of coherence, we
explicitly assign discrete roles for the nodes. Finally, we abstract an
ML model 𝑓𝑗 ∈  locally trained on a node 𝑗 over the data 𝐗𝑗 derived
from a family of statistical learning models (functions)  ∶  ↦  as
a parametric mapping from input data space 𝐗𝑗 ∈  ⊂ R𝑑 to output
space  ⊂ R with parameters in . For instance, a multivariate Linear
Regression (LR) model 𝑓𝑗 (𝐱) = 𝐚𝐱⊤ = 𝑦 with parameters 𝐚 ∈  ⊂ R𝑑 ,
or an One-class Support Vector Machine model 𝑓𝑗 (𝐱) ∈ {1, −1} for
novelty detection with parameters a set of Lagrangian multipliers and
a set of support vectors, or a logistic regression classifier 𝑓𝑗 (𝐱) ∈ {0, 1}.
For clarity, we refer to knowledge (model) 𝑓𝑗 ∈  reusability when
the parameters of the trained model 𝑓𝑗 can also be used by another
node 𝑖 ≠ 𝑗 for analytics tasks (e.g., regression, classification). Table 1
summarizes the notation used throughout this paper.
3.2. Hypothesis & problem formulation
Fig. 2 illustrates an instance of our knowledge reuse ecosystem
with borrowers and a loaner. The key is to find which of the nodes
have very close (similar) data based on their latent data structure and
distribution (elaborated later in this paper) before starting exchanging
trained models in light of reusability. The decision to assign the role of
a loaner to a node can be attributed, e.g., to the node’s computational
capacity, node’s energy budget, or incentives and trust mechanisms.
However, the study of this mechanism is beyond the scope of this paper.
We assume that in a neighborhood of nodes, at least a loaner can exist,
which can perform computations for the training model(s). The rest of
the nodes can benefit from these models regarding prediction, inference
or classification tasks. Our overarching hypothesis under the knowledge
reuse paradigm is as follows:

• A lightweight model maintenance and model reusability monitoring mechanism running on borrowers dealing with data streaming
environments.
• A theoretical analysis of the proposed trend-based decision making model, which decides on the activation of the borrower–
loaner matching process.
• Comprehensive experimental evaluation under several scenarios
using real and synthetic datasets showcasing the applicability of
the proposed paradigm in model and knowledge reuse.

Hypothesis 1 (Knowledge Reuse). Assume that a borrower 𝑖 has statistically similar data 𝐗𝑖 with loaner’s data 𝐗𝑗 . Can loaner 𝑗’s model 𝑓𝑗
(built over loaner’s data) be re-used over borrower’s data for predictive
analytics without the borrower needing to build its own model 𝑓𝑖 ?

The structure of the paper is: Section 3 elaborates on the problem
formulation of our paradigm and introduces the fundamental concepts
of dataset similarity. Section 4 introduces the primary mechanisms and
algorithms of knowledge reuse, while Section 5 introduces the model
reusability monitoring mechanism at the edge. Sections 6 and 7 report
on the performance evaluation and comparative assessment of our
paradigm under certain experimental scenarios using real and synthetic
datasets. Section 8 provides a discussion of the proposed methods and
limitations of the mechanisms, while Section 9 concludes the paper
with our future agenda.

To investigate the aforementioned hypothesis, we first provide a
narrative of the considered paradigm between collaborative borrowers
and loaners. Specifically, a borrower node 𝑖 ∈  should decide to
send to a potential loaner 𝑗 ∈  the minimum, however, sufficient
statistics from the borrower’s own data (e.g., lightweight statistical
representative digests). This piece of information will guide the loaner
𝑗 to assess whether its built model(s) would be the most appropriate
for the borrower 𝑖 locally. This requires the following fundamental
mechanisms to be introduced for the knowledge reuse communication:
(i) a mechanism on the borrower’s side to extract the most representative sufficient information of its data and (ii) a mechanism on the
loaner’s side to assess the similarity of its own data with the statistical
information from the requesting borrower. Hereinafter, this is referred
to as Borrower–Loaner Matching (BLM) process. If loaner 𝑗 confirms the
suitability of its model for borrower 𝑖, the loaner will deliver the hyperparameters of certain models (should the data they hold be identified
as statistically similar).
Apart from the two above fundamental mechanisms, borrower 𝑖,
after receiving the most appropriate model from its loaner 𝑗, should
monitor whether the received model is still accurate and useful over
local data. In an EC environment, data exhibit dynamic statistical
characteristics, e.g., consider the case of underlying data streams where
a concept drift event occurs. Here, which is not so rare in real-world applications, the borrower should constantly assess whether the borrowed
model keeps being valid and useful given potential changes in the
underlying data. This demands a local lightweight mechanism, referred
to as Model Reusability Monitoring (MRM) at the borrower’s side to

3. Problem definition
3.1. Edge Computing ecosystem definition
We focus on the following setting in an EC environment; we consider 𝑛 EC nodes (or simply nodes) indexed by  = {1, 2, … , 𝑛}
and endowed with heterogeneous computational capabilities. These
nodes are interconnected and therefore can share information with each
other. The communication neighborhood 𝑖 ⊂  of a node 𝑖 ∈  is
the subset of nodes 𝑗 ∈  such that node 𝑖 can directly and bilateral
communicate with its neighboring nodes 𝑗 ∈ 𝑖 . Each node 𝑖 possesses
its own data, denoted as 𝐗𝑖 . And 𝐗𝑖 is a 𝑁𝑖 × 𝑑 matrix of 𝑑-dimensional
real-valued row contextual data vectors 𝐱 = [𝑥1 , … , 𝑥𝑑 ] ∈ R𝑑 with 𝑑 features/dimensions (e.g., humidity, temperature, wind speed). Formally,
this can be expressed as that the data are horizontally distributed across
different nodes sharing the same 𝑑 features with a different number of
observations. Nodes are classified into two classes: the loaners  ⊂  ,
which can locally train and build predictive models over their data,
and borrowers  ⊂  , which are in need of receiving trained models
4

Journal of Network and Computer Applications 206 (2022) 103466

Q. Long et al.

detect when the received model turns obsolete and/or useless due to
changes of data; thus, a new loaner seeking process should start off. The
above discussed mechanisms,i.e., the BLM and the MRM, ensure the
sustainability and feasibility of the knowledge reuse paradigm, which
are associated with the following problems 1 & 2 of our paradigm.
Problem 1 (Borrower–Loaner Matching (BLM)). Consider borrower 𝑖
and loaner 𝑗 ∈ 𝑖 with corresponding datasets 𝐗𝑖 and 𝐗𝑗 . Seek
a lightweight, communication efficient and scalable method, without
transferring the borrower’s data 𝐗𝑖 to loaner 𝑗, which will ensure with
high confidence that the loaner’s locally trained model 𝑓𝑗 is as accurate
and useful as the borrower’s model 𝑓𝑖 over 𝐗𝑖 .
The data-driven BLM method hypothesizes that a high similarity
between 𝐗𝑖 and 𝐗𝑗 suffices to re-use loaner’s model 𝑓𝑗 over 𝐗𝑖 for
certain predictive analytics tasks. This requires communication between borrower and loaner by exchanging the minimum sufficient
statistical information to assess whether their similar data can cause
similar models.
Problem 2 (Model Reusability Monitoring (MRM)). Given a borrower 𝑖
with data 𝐗𝑖 , which has borrowed the model 𝑓𝑗 from a loaner 𝑗 ∈ 𝑖 ,
seek a lightweight monitoring method, which assess whether the model
𝑓𝑗 remains effective, accurate, and useful over changes of 𝐗𝑖 .
If the borrower 𝑖 detects that the received model turns useless (or
obsolete) in terms of accuracy and effectiveness due to changes in the
underlying data, the borrower should initiate a new BLM process in
high hopes of finding a loaner whose trained model can be re-used on
the borrower’s new data.
3.3. Datasets similarity in knowledge reuse
3.3.1. Datasets similarity concept
Significant research has considered pairwise similarities between
(sampled) 𝑑-dimensional data vectors in light of analytics tasks like
classification via Support Vector Machines, 𝑘-Nearest Neighbors, Gaussian Mixture Models, Quadratic Discriminant Analysis, and Similarity
Discriminant Analysis. For instance, in metric learning classification,
the trained classifiers depend on feature vector representations to
quantify pairwise sample similarities before they can classify new data
vectors via similarity measurements. Unlike the pairwise similarity
between two data vectors, the knowledge reuse paradigm depends
explicitly on the similarity of the two datasets: 𝐗𝑖 and 𝐗𝑗 . In this paper,
we secure the idea that if 𝑃 (𝐗𝑖 ) ≈ 𝑃 (𝐗𝑗 ), where 𝑃 (𝐗) denotes the
embedded probability distribution of 𝐗, the model 𝑓𝑖 built over 𝐗𝑖 is
expected to produce similar results with the model 𝑓𝑗 built over 𝐗𝑗 .
Hence, one can reuse 𝑓𝑗 over 𝐗𝑖 and produce similar results with the
outcomes which would have been produced by 𝑓𝑖 , if 𝑓𝑖 had been built
over 𝐗𝑖 .
Our intuitive idea originates from the fact that the model performance metrics (e.g., prediction accuracy, mis-classifi- cation error,
novelty detection rate) over two similar datasets would get similar
results. In this paper, we do not discriminate further between the
data heterogeneity of the distribution 𝑃 (𝑦) of the output 𝑦 in the case
of regression (or class labels distribution with classification) and the
conditional distribution 𝑃 (𝑦|𝐗), with 𝐗 being the input. For specific
problems, it might be helpful to analyze 𝑃 (𝑦|𝐗) and 𝑃 (𝐗), which is
including in our future research agenda. In this paper, we treat the
entire dataset 𝐗 including input–output from which we extract 𝑃 (𝐗).
That is, 𝑃 (𝐗) is considered as one summary statistic (a.k.a. meta-feature
in the context of meta-learning) for each dataset in each node.
The pairwise similarity between two datasets has been applied in
various research areas. For instance, in Computer Vision, Zhang et al.
(2018) innovated a data augmentation method that draws images from
two similar training data to generate similar images. Moreover, the
recent work in Kornblith et al. (2019) proposes the Centered Kernel

Fig. 2. Instance of Knowledge Reuse Paradigm: (a) Borrowers connected to a
loaner share their extracted information with the loaner. In the case of one-pairBLM process, a BLM is successful or not depending on the (dis) similarity of the
extracted information between borrower and loaner. (b) The framework of knowledge
reuse: loaner node 𝑗 investigates sharing its locally trained models with four potential
neighboring borrowers. The data at borrowers 𝑖(3) and 𝑖(4) are not similar to the data in
loaner 𝑗. This suggests rejecting the current Borrower–Loaner Matching (BLM) process
for knowledge reuse and starting off a new one. The borrowers 𝑖(1) and 𝑖(2) borrow
the model 𝑓𝑗 ’s hyper-parameters from loaner 𝑗 since the requirement for pairwise data
similarity is satisfied.
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Alignment method that captures intuitive notions of similarity in neural
networks representations under the assumption that the trained neural networks (generated from different initializations but with same
structure) should be similar to each other. Finally, the framework
in Ntoutsi et al. (2008) compares the similarity between decision trees
and datasets based on estimated histogram density transformation with
fixed bins. Nevertheless, to the best of our knowledge, there is no
application of pairwise similarities between datasets over different
nodes in EC environments.

4.1. BLM based on Maximum Mean Discrepancy
4.1.1. Sufficient statistics
According to Tolstikhin et al. (2016), given a probability measurement 𝑃 in a Reproducing Kernel Hilbert Space (RKHS)  and a
real-valued kernel function 𝑘 defined on a dataspace , 𝑃 is considered
embedded into , called the kernel mean 𝜇𝑃 , where kernel 𝑘 and
probability 𝑃 satisfy:
√
𝑘(𝐱, 𝐱) 𝑑𝑃 (𝐱) < ∞, 𝜇𝑃 ∶=
𝑘(., 𝐱) 𝑑𝑃 (𝐱)
(1)
∫
∫

3.3.2. Inherent complexity of datasets similarity
Given two datasets, the approaches in MacKay (2002) and Sriperumbudur et al. (2010) proposed to leverage the Kullback–Leibler
Divergence (KLD) (Kullback and Leibler, 1951) and the Maximum Mean
Discrepancy (MMD) (Gretton et al., 2007) as fundamental test statistics
of datasets similarity measuring how a probability density distribution
is different from the referenced one (for a two-sample test). Usually,
a zero value of KLD or MMD indicates that the two embedded distributions corresponding to the two datasets are identical. However, in a
resource-constrained environment, knowledge reuse paradigm should
take into consideration fast and lightweight computations of (i) the
sufficient statistics representing a dataset (borrower side) and (ii) the
datasets similarity between borrower’s and loaner’s datasets, without
needing to transfer the data between the nodes. To pursue low complexity of computation for these two test statistics, the approach is Zhao and
Meng (2015) significantly decreases the asymptotic time complexity
for the MMD from 𝑂(𝑁 2 𝑑) to 𝑂(𝑁𝐿 log(𝑑)) given a dataset 𝐗 with
𝑁 𝑑-dim data vectors with 𝐿 being the number of basis functions for
approximating MMD via Fourier transformation. Using sampling of a
Fourier transformation, the authors in Makalic and Schmidt (2010)
proposed an extremely fast computation algorithm for KLD with 𝑂(1)
complexity for very large 𝑁.

However, it is impractical and sometimes intractable to calculate the
integral according to Eq. (1). Under a resource constrained environment
with borrower nodes, it is deemed efficiently to directly compute 𝜇𝑃
adopting the empirical estimator of 𝜇𝑃 :
𝜇𝑃 ∶=

𝑁
1 ∑
𝑘(⋅, 𝐱𝓁 ),
𝑁 𝓁=1

(2)

which is a controlled-dimensional mapping of the feature space that
relies on a Monte Carlo approximation to the kernel values (Rahimi
and Recht, 2007).
Based on the above definition, we can define a similarity (distance)
between the two datasets 𝐗𝑖 , 𝐗𝑗 ⊂  over the probability measure 𝑃 as
the distance between their kernel means 𝜇𝑖 and 𝜇𝑗 , respectively. Based
on MMD, given the two probability measures 𝑃𝑖 in borrower 𝑖 and 𝑃𝑗
in loaner 𝑗, which are both embedded into , we obtain that:
MMD(𝑖, 𝑗) = ‖𝜇𝑖 − 𝜇𝑗 ‖

(3)

In order to preserve data privacy between edge nodes, the process
of feature (statistical synopses) extraction will be conducted locally.
That means the computation of the general kernel mean 𝜇𝑃 should be
executed on the node which produces its own ML model. Evidently,
MMD computation, in the first instance, seems to require that all the
data are accessible to the nodes (borrower and loaner), where even
with the kernel trick adopted, this comes to 𝑂(𝑁𝑑) computations. Since
this is not desired in an EC computing environments, in this article,
we adopt the Radial Basis Function (RBF) kernel for approximating
the kernel values of the kernel mean since its projected feature space
can be relatively high but limited (i.e., not infinite). If a Gaussian
kernel was used, it would be advised to adopt shrinkage estimators to
control the feature space dimension. The authors in Rahimi and Recht
(2007) propose an approach that the computational complexity and
storage of the approximation of kernel values are 𝑂(𝐷 + 𝑑), where
𝐷 is the dimension of the mapping feature space delivered by the
function 𝑧(𝐱) ∈ R𝐷 ; 𝐱 ∈ R𝑑 . Notably, with a relatively small number
of data features, e.g., 𝑑 < 20, an experimental (default) value of 𝐷 is
100 as suggested in Rahimi and Recht (2007). Under the adoption of
this mapping and kernel values approximation, the total computational
complexity of MMD reduces to 𝑂(𝑁 + 𝐷 + 𝑑) with linear dependency
between 𝑑 and 𝑁, which is helpful for resource-constrained nodes.
In this context, the borrower node 𝑖 adopts kernel approximation
to extract the sufficient statistic required for the BLM process, which
should satisfy:

3.3.3. Datasets similarity hypotheses
The common assumption of the above-mentioned approaches in
datasets similarity is that the data are known to be similar before the
training of any ML model. However, in the context of knowledge
reuse, the ground truth is neither given nor can be asserted a priori
(i.e., before any communication between borrower and loaner). We can
set the data themselves, 𝐗𝑖 and 𝐗𝑗 , as the benchmark and propose to
harness the effective property of the bootstrap method in Efron and
Tibshirani (1994), as being flexible to any unknown data distribution
and easy to compute, in order to conduct the fundamental datasets
similarity hypothesis 𝐻0 ∶ 𝑃 (𝐗𝑖 ) = 𝑃 (𝐗𝑗 ). If the two distributions
are not identical to each other, we take the hypothesis 𝐻0∗ ∶ 𝑃 (𝐗𝑖 ) ≈
𝑃 (𝐗𝑗 ) into account and utilize a Gaussian Mixture Model (GMM) as
a generative model to deliver synthetic similar data, which will be
our benchmark for similarity measurements. As claimed in Ding et al.
(2019), the authors leverage GMM as a generative model to cope
with the challenge brought by scarce data to increase model learning’s
accuracy.
The advantages of this proposed stratification not only can ease the
computation when we meet the ideal case that most of the data are
identical, but also can benefit us from the worse case where no data are
identical but similar. In this paper, we consider two cases of datasets
similarity: identical and similar. Both of them depend on the metrics
we propose. We propose (dis)similarity algorithms between the two
data distributions adopting the computationally efficient versions of the
MMD (Gretton et al., 2007, 2012; Tolstikhin et al., 2016) and the cosine
dissimilarity of the largest eigenvectors (Huang et al., 2016) as will be
elaborated in Section 4.

𝑘(⋅, 𝐱) = 𝜙(𝐱) ≈ 𝑧(𝐱) = 𝐀⊤ 𝐱,

(4)

R𝑑×𝐷

with 𝐀 ∈
being the mapping matrix projecting the data vector 𝐱 ∈
𝐗𝑖 into the randomized 𝐷-dimensional feature space that approximates
the kernel mapping 𝜙(𝐱). Specifically, we calculate the MMD-based
sufficient statistic 𝜇𝑖 in borrower node 𝑖 using Eq. (2) and Eq. (4):

4. Knowledge reuse fundamentals
𝜇𝑖 ∶=
In this section, we introduce the BLM mechanism and associated
algorithms for a borrower 𝑖 ∈ , i.e., extraction of the minimum
sufficient representative statistic from data 𝐗𝑖 , and a loaner 𝑗 ∈ 𝑖 ∩ ,
i.e., assessing the datasets similarity between 𝐗𝑖 and 𝐗𝑗 .

𝑁𝑖
𝑁𝑖
1 ∑
1 ∑ ⊤
𝑘(⋅, 𝐱𝓁 ) ≈
𝐀 𝐱𝓁 ,
𝑁𝑖 𝓁=1
𝑁𝑖 𝓁=1

(5)

where 𝐱𝓁 is 𝑑-dimensional vector in 𝐗𝑖 . Thus, 𝜇𝑖 is the 𝐷-dimensional
kernel mean, with 𝐷 depending on the dimension of the projected
kernel space, which could be infinite.
6

Journal of Network and Computer Applications 206 (2022) 103466

Q. Long et al.

For reasons of completion, we provide an insight of the MMD
in Eq. (3) using Matrix Expansion and elaborate on the Euclidean
distance (𝐿2 norm) between the kernel means of the borrower and
loaner (note: any other norm could be discussed in similar way). By
reformulating the kernel-based MMD and analyzing its components,
Eq. (3) is rewritten as:
‖
‖
‖ 1 ∑ ⊤
1 ∑ ⊤ ‖
⊤
⊤
‖
𝐀 𝐱𝓁 −
𝐀 𝐱𝑚 ‖
‖𝑁
‖ = tr(𝐀 Ψ𝐌Ψ 𝐀)
𝑁𝑗 𝐱 ∈𝐗
‖ 𝑖 𝐱𝓁 ∈𝐗𝑖
‖
𝑚
𝑗
‖
‖2

Algorithm 1 Knowledge Reuse Decision based on MMD
Input: 𝑁 neighboring nodes (𝑁 − 1 candidate borrowers  and 1
loaner); MMD similarity threshold 𝛼
Output: Set of properly identified borrowers 𝐵0 ⊆ , which can
receive loaner’s model 𝑓𝑗 .
1: Loaner 𝑗 trains model 𝑓𝑗 over its own data 𝐗𝑗 .
2: Loaner 𝑗 computes the approximation matrix 𝐀𝑑×𝐷 and kernel mean
𝜇𝑗 over 𝐗𝑗 .
3: 0 = ∅
4: for each borrower 𝑖 ∈  do
5:
Loaner 𝑗 sends 𝐀 to borrower 𝑖;
6:
Calculate borrower’s kernel mean 𝜇𝑖 using (5);
7:
Borrower 𝑖 sends 𝜇𝑖 to loaner 𝑗
8:
Loaner 𝑗 computes MMD(𝑖, 𝑗) using (3)
9:
if MMD(𝑖, 𝑗) < 𝛼) then
10:
0 = 0 ∪ {𝑖}
11:
Loaner 𝑗 sends model 𝑓𝑗 to borrower 𝑖 for reuse.
12:
end if
13: end for
14: return 0

(6)

⊤
𝑑×𝑁 . The
where 𝐌 ∈ R𝑁×𝑁 , with 𝑁 = 𝑁𝑖 + 𝑁𝑗 and Ψ = [𝐗⊤
𝑖 , 𝐗𝑗 ] ∈ R
entries of matrix 𝐌 are defined as follows:

𝐌(𝑘,𝑙)

⎧ 1 ,
⎪ 𝑁𝑖2
⎪ 1
= ⎨ 𝑁2 ,
⎪ 𝑗 1
⎪− 𝑁 𝑁
⎩ 𝑖 𝑗

if 𝐱𝑘 , 𝐱𝑙 ∈ 𝐗𝑖 ,
if 𝐱𝑘 , 𝐱𝑙 ∈ 𝐗𝑗 ,

(7)

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒.

Note: The loaner 𝑗 avoids the MMD computation of the complex Eq. (6)
and uses the above mentioned kernel mapping and approximation of
𝜇𝑗 (as explained for the borrower 𝑖 in Eq. (5)), whose computational
efficiency is desired in the knowledge reuse paradigm.
4.1.2. BLM based on MMD
The BLM process based on MMD relies on the knowledge exchange
and collaboration between borrower 𝑖 and loaner 𝑗. This communication will conclude the similarity between the borrower’s and loaner’s
datasets, which will guide the loaner to send over its trained model
𝑓𝑗 , if appropriate. Specifically, we consider 𝑁 datasets of candidate
borrowers 𝑖 ∈ , {𝐗𝑖 }𝑁−1
and a loaner 𝑗 ∈ , 𝐗𝑗 , over 𝑁 neighboring
𝑖=1
edge nodes, where 𝑖 = 1, … , 𝑁 − 1 and 𝑗 = 𝑁 for the sake of
convenience. A borrower 𝑖 can borrow a completely trained model
𝑓𝑗 from the loaner 𝑗 without building models on its own. The communication between loaner and a candidate borrower is illustrated in
Algorithm 1 and explained as follows: the loaner 𝑗 locally estimates
the mapping matrix 𝐀 over its own data 𝐗𝑗 . Then, the matrix 𝐀, is sent
to the requesting borrower 𝑖, which will project its own data 𝐗𝑖 and
generate the minimum sufficient statistic 𝜇𝑖 . Then the loaner 𝑗, after
receiving from the candidate borrower 𝑖 its kernel mean 𝜇𝑖 (which is
just a 𝐷-dimensional real-valued vector), can efficiently estimate the
MMD distance and assess the matching for knowledge/model 𝑓𝑗 reuse
accordingly based on a decision similarity threshold 𝛼 ≥ 0. A method to
seek an appropriate similarity threshold 𝛼 is provided in Section 4.2.2.
Moreover, we adopt the 𝐿2 norm to calculate the distance between
the 𝐷-dimensional kernel means under RKHS . In addition, the 𝐷
column dimension of the mapping approximation matrix 𝐀 ∈ R𝑑×𝐷 depends on dimensionality 𝑑 and approximation error 𝜂, which indicates
the tolerance of the approximation of feature mapping to shift-invariant
kernel such as the adopted RBF kernel. Notably, as demonstrated
in Rahimi and Recht (2007), 𝐷 = 𝑂(𝑑𝜂 −2 log( 𝜂12 )), where the smaller
the convergence rate, the better the estimator. This is helpful in our
setting since it is then unnecessary for resource constrained borrowers
to train a new mapping function. Finally, for the RBF kernel in the
approximation mapping, the tuning parameter 𝛾 is adopted to control
the final similarity. It should be noted that 𝛾 = 1∕𝜎 with 𝜎 being
the bandwidth of the Gaussian kernels. This bandwidth is set to be
the median of the pairwise distance between data vectors as suggested
in Gretton et al. (2007) and Gretton et al. (2012).

features while focusing on those that better explain 𝐗’s variability.
This is achieved by adopting dimensionality reduction methods, with
Principal Components Analysis (PCA) being the most popular one
extracting the principal components (principal features) orthogonal to
each other. Given 𝐗, eigenpairs (eigenvectors and eigenvalues) derive
from the eigen-decomposition of the 𝑑 × 𝑑 covariance matrix Σ of 𝐗
resulting in a set of 𝑑 Principal Components (PCs) of 𝑑 dimensional
vectors {𝐯𝑘 }𝑑𝑘=1 ranked w.r.t. their eigenvalues {𝜆𝑘 }𝑑𝑘=1 in a descending
order. The first PC (PC1), which corresponds to the largest eigenvalue,
reflects how 𝐗 is projected onto the eigenspace spanned by the first
eigenvector 𝐯1 by explaining how data diffuse in variation. It is the
inherent relationship between 𝐗 and eigenpairs (𝐯𝑘 , 𝜆𝑘 ) that inspired
us to compare the largest eigenvalues 𝜆1,𝑖 and 𝜆1,𝑗 and eigenvectors
𝐯1,𝑖 &𝐯1,𝑗 of both borrower’s 𝐗𝑖 and loaner’s 𝐗𝑗 data, respectively. As
evidenced in Tsai and Yang (2005), the distribution of eigenvalues
reflects the relationship between the two data distributions 𝑃𝑖 and
𝑃𝑗 quantifying this relationship via eigenvector-based similarity measures. In this context, we introduce the similarity of the loaner’s and
borrower’s datasets involving their first eigenvectors 𝐯1,𝑖 &𝐯1,𝑗 in the
projected eigenspace.
For the borrower 𝑖 and the loaner 𝑗 to extract the largest eigenvectors of their data 𝐗𝑖 and 𝐗𝑗 , respectively, the Power Method (PM)
is adopted as a convergent iteration algorithm (Corso, 1997). Given a
dataset 𝐗, PM approximates the largest eigenvector (and eigenvalue) by
eigen-decomposition of the covariance matrix Σ = 𝐗⊤ 𝐗 = 𝐕𝐔𝐕⊤ , with
𝐕 containing the eigenvectors, and with 𝐔 being a diagonal matrix with
eigenvalues in diagonal entries. Starting off with a randomly initialized
𝐯0 , at iteration 𝑡, the largest eigenvector is approximated by
𝐯1,𝑡 = Σ𝐯1,𝑡−1 = Σ𝑡 𝐯0 ,

(8)

until convergence occurs. Once 𝐯1 is approximated by 𝐯1,𝑡 after the
convergence of PM, the largest eigenvalue 𝜆1 is, then, approximated
by:
𝜆1,𝑡 =

4.2. BLM based on eigenspace similarity

𝐯⊤
Σ𝐯1,𝑡
1,𝑡
𝐯⊤
𝐯
1,𝑡 1

(9)

Given maximum iterations 𝑇 , the computational complexity of PM
is 𝑂((𝑁 + 𝑇 )𝑑 2 ), such that the complexity for calculating Σ is 𝑂(𝑁𝑑 2 )
and for all iterations is 𝑂(𝑇 𝑑 2 ). However, in this paper, we adopt
the Fast Approximate Power Iteration Method (FAPIM) (Badeau et al.,
2005) with linear complexity 𝑂(𝑁).
The BLM process based on the (dis)similarity of the borrower’s and
loaner’s eigenvectors is provided by Algorithm 2. Specifically, once the

4.2.1. Eigenvectors as statistical synopses
Knowledge reuse copes with lightweight synopses exchange among
loaners and borrowers. Thus, it is natural to exploit the fundamental
properties of eigenvectors and eigenvalues extracted from the underlying data representing the extracted synopses. By extracting eigenvectors
and eigenvalues from 𝐗, it provides a way of eliminating less significant
7
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loaner 𝑗 ∈  has trained its model 𝑓𝑗 over its own data 𝐗𝑗 , it computes
the corresponding PC1 eigenvector 𝐯1,𝑗 . Then, each candidate borrower
𝑖 ∈  computes locally its own PC1 eigevector 𝐯1,𝑖 over 𝐗𝑖 and sends
it to loaner 𝑗. The loaner 𝑗 can now compute the Cosine Dissimilarity
CD(𝑖, 𝑗), between 𝐯1,𝑖 and 𝐯1,𝑗 based on the updated formulation of the
cosine similarity metric:
CD(𝑖, 𝑗) = 1 −

𝐯1,𝑖 𝐯⊤
1,𝑗
‖𝐯1,𝑖 ‖‖𝐯1,𝑗 ‖

4.2.2. Decision thresholds in BLM
The choice of the decision thresholds of BLM, MMD similarity
threshold 𝛼 in Algorithm 1 and dissimilarity threshold 𝛽 in Algorithm
2 plays a significant role in our knowledge reuse reasoning. These
thresholds determine how much of the degree of datasets similarity
would be treated as similar or identical in terms of the probability
distribution, contributing to the match between borrowers and loaners.
For this reason, we provide the following definition of identical datasets
that support our statistical learning mechanisms to seek appropriate
threshold values.

(10)

.
𝐯1,𝑖 𝐯⊤

A negative cosine similarity, ‖𝐯 ‖‖𝐯1,𝑗 ‖ , suggests the difference be1,𝑖
1,𝑗
tween two eigenvectors, which enable us to simply set CD(𝑖, 𝑗) equal 1.
Hence, CD(𝑖, 𝑗) is below a pre-defined threshold 𝛽 ∈ (0, 1], the borrower
𝑖 can receive the loaner’s model 𝑓𝑗 for reuse. It should be noticed that
the datasets of loaner and borrowers are standardized to zero mean
for simplicity in our calculations; otherwise, the data mean vectors of
the original dataspace could also be sent between the loaner and the
borrower for completion.

Definition 4.1 (Identical Datasets). Two datasets 𝐗𝑖 and 𝐗𝑗 are referred
to as identical if their underlying data follow identical distributions over
independent and identically distributed (IID) variables.
We particularly study the case of identical datasets, which is stronger
and stricter than that of similar. If the two datasets are identical, then
it will necessarily imply that they are similar datasets. In this case,
we do not need to proceed with further steps, i.e. detecting whether
they are similar whose similarity values are calculated based on data
point-wise similarity metrics, as above-mentioned. We elaborate on
the Hypotheses 2 and 3 involving the thresholds 𝛼 and 𝛽 being the
hypothesis test statistics to assess whether the two datasets are similar
and identical, respectively.

Remark 1. In BLM based on the MMD approximation, the loaner sends
the 𝑑 × 𝐷 matrix 𝐀 to the borrower, while the borrower returns its 𝐷dimensional approximated kernel mean, thus, the total communication
overhead 𝑂(𝑑𝐷). On the other hand, in PM-based BLM, the borrower
just sends the 𝑑-dimensional largest eigenvector to the loaner yielding
communication overhead 𝑂(𝑑). Compared with the approximate MMD,
which also projects the original data space into a feature space, the
adoption of the largest eigenvectors provides a higher degree of interpretability; notably, it can be explicitly expressed in a closed-form
formula. However, should there be non-linear dependencies among
features and, more importantly, dealing with high-dimensional data,
eigenspace projections cannot capture them since eigen-decomposition
assumes linearity in the data space while suffering from the curse of
dimensionality. The MMD approximated in the RKHS space, by design,
supports transformation over non-linear data, which are not so rare in
real-world applications as will be elaborated in our experimental evaluation. Such non-linearity can be also treated by adopting Kernel-based
PCA (KPCA) (Schölkopf et al., 1998). However, KPCA is not suitable
for the resource-constrained borrower nodes due to extensive storage
and high computational complexity. Specifically, in KPCA dataspace
 ∈ R𝑑 is transformed into a kernel-based feature space  ∈ R𝑑0
handling non-linearity with 𝑑0 ≫ 𝑑. The complexity of KPCA mapping
and the storage requirement of the kernel-based covariance matrix
𝑂(𝑁𝑑02 ) would inevitably increase the burden in our paradigm.

Hypothesis 2. Given two datasets 𝐗𝑖 and 𝐗𝑗 , they are identical to each
other if MMD(𝑖, 𝑗) < 𝛼, or CD(𝑖, 𝑗) < 𝛽.
As suggested in Gretton et al. (2007), the statistical hypothesis test
assessing whether two probability distributions 𝑃 (𝐗𝑖 ) and 𝑃 (𝐗𝑗 ) are different (or identical) is referred to as the two-sample problem. In statistical hypothesis testing, the theory of testing whether these distributions
are statistically significantly different has developed maturely, eliciting
many tests such as Kuiper’s test (Kuiper, 1960), Kolmogorov–Smirnov
test (Justel et al., 1997) and Pearson’s chi-squared (𝜒 2 ) test (Chernoff
and Lehmann, 1954). Our aim is defining the term ‘similar’ datasets
lying between ‘identical’ and ‘different’ datasets.Thus, we firstly provide mechanisms to test the two-sample problem in knowledge reuse
paradigm.
Here, we adopt the bootstrap method to generate bootstrapping
test statistics, which support testing whether the loaner’s and borrower’s datasets are identical datasets. Notably, to seek for appropriate
threshold values established locally on the loaner site (which receives
the borrower’s synopsis) without needing the borrower to transfer its
dataset, we proceed with the following mechanism. In the loaner 𝑗, we
re-sample data vectors from its dataset 𝐗𝑗 randomly with replacement,
which comprises 𝐾 > 0 bootstrapping datasets 𝐗𝑗(𝑘) , for 𝑘 = 1, … , 𝐾.
All the bootstrapping datasets have the same size as the original one
and usually 𝐾 = 500. By calculating each pair MMD(𝐗𝑗 , 𝐗(𝑘)
𝑗 ), we
obtain a sequence of bootstrapping MMD values. According to Eq.
(1.1) in DiCiccio and Efron (1996), we have 𝛼 = 𝜇𝑏𝑜𝑜𝑡 + 1.645𝜎𝑏𝑜𝑜𝑡 ,
where 𝜇𝑏𝑜𝑜𝑡 &𝜎𝑏𝑜𝑜𝑡 are the mean value and standard deviation of the
above sequence, respectively. And 1.645 is the 95th percentile of a
normal deviate, suggesting our threshold value is the upper bound of
confidence interval with 95%. (Note: we assume our hypothesis test is
a one-tail test, so we adopt 1.645 rather than traditional 1.96.)
We follow a similar process for the case of CD, i.e., calculating
CD(𝐗𝑗 , 𝐗(𝑘)
𝑗 ) and producing the test statistics 𝛽 in Hypothesis 2. This
establishes the threshold values on loaner 𝑗 of anticipating and judging
if the two datasets are identical, given the confidence we obtain from
the 95th percentiles of the MMD and CD value sequences. We consider
using the bootstrap as a re-sampling and model-free method to generate
test statistics for Hypothesis 2. Nevertheless, this is not sufficient to
support the analysis of the similar dataset, thus, we need to introduce
a corresponding hypothesis of testing datasets similarity:

Algorithm 2 Knowledge Reuse Decision based on Eigenvector
Dissimilarity
Input: 𝑁 neighboring nodes (N-1 candidate borrowers  and 1
loaner); dissimilarity threshold 𝛽
Output: Set of properly identified borrowers 𝐵0 ⊆ , which can
receive loaner’s model 𝑓𝑗 .
1: Loaner 𝑗 trains model 𝑓𝑗 over its own data 𝐗𝑗 .
2: Loaner 𝑗 computes PC1 eigenvector 𝐯1,𝑗 over 𝐗𝑗 .
3: 0 = ∅
4: for each borrower 𝑖 ∈  do
5:
Borrower 𝑖 computes PC1 eigevector 𝐯1,𝑖 over 𝐗𝑖
6:
Borrower 𝑖 sends 𝐯1,𝑖 to loaner 𝑗
7:
Loaner 𝑗 computes dissimilarity CD(𝑖, 𝑗) using (10)
8:
if CD(𝑖, 𝑗) < 𝛽 then
9:
0 = 0 ∪ {𝑖}
10:
Loaner 𝑗 sends model 𝑓𝑗 to borrower 𝑖 for reuse.
11:
end if
12: end for
13: return 0

Hypothesis 3. Given two datasets 𝐗𝑖 and 𝐗𝑗 , they are similar to each
other if MMD(𝑖, 𝑗) < 𝛼 ∗ , or CD(𝑖, 𝑗) < 𝛽 ∗ .
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difference between the current statistical status of the local data and
the statistical status when the corresponding model is received, then
the borrower should assess whether the received model is still useful
under these changes. Obviously, a high data discrepancy will lead to the
un-usability of the received model, e.g., the model turns significantly
less accurate or does not represent the underlying data anymore. Our
challenge is to detect such potential issues at resource-constrained
borrower nodes to secure analytics quality of the knowledge reuse.
Under the context of incoming data streams, evidently, borrowers,
in order to cope with the augmentation of their datasets, they use
window-based methods to store the most recent data for analytics tasks.
The sliding window mechanism is assumed in this work to handle data
streams, maintaining the recently fresh data in borrower’s buffer. Let
us consider a discrete time domain 𝑡 ∈ T = {0, 1, …} and a fixed size 𝑁
data buffer (sliding window) 𝑡 . That is, for borrower 𝑖, at time 𝑡, its
dataset 𝐗𝑖 refers to the content of the sliding window 𝑡 . Window 𝑡
, such that 𝑦̂𝑛,𝑡 = 𝑓 (𝐱𝑛,𝑡 ) for
contains 𝑁 input–output pairs {(𝐱𝑛,𝑡 , 𝑦𝑛,𝑡 )}𝑁
𝑛=1
a model 𝑓 . At the next time instance 𝑡 + 1, the new pair (𝐱𝑡+1 , 𝑦𝑡+1 ) is
injected in the window buffer, while the oldest pair (𝐱1 , 𝑦1 ) is discarded,
thus, the window is incrementally updated as:

For Hypothesis 3, we introduce a statistical learning mechanism that
can suggest generating functions for the hypothesis test statistic threshold values 𝛼 ∗ and 𝛽 ∗ . Ideally, if we had a very large number of datasets
(corresponding to a very large number of loaners and borrowers), we
could approximate the best 𝛼 and 𝛽 values via grouping together similar
data distributions. However, due to the fact of the scarcity of many
node-wise similar datasets and notably the fact that borrowers do not
actually transfer their actual datasets to loaners, we propose the adoption of a Gaussian Mixture Model (GMM) to generate similar datasets
on the loaner site. GMM is adopted as a clustering and generative model
that generates data with noise without changing the true distribution
of the original data (analogous to the data augmentation approach).
The GMM tuning parameters, e.g., iterations and number of Gaussian
components, are decided by cross-validation. In our future agenda, we
plan to investigate Similarity Discriminant Analysis (SDA) being also
a generative model. To alleviate the high dependence of the threshold
values on the augmented GMM-based-similar datasets, we propose the
following loaner’s model-performance-based functions to derive the test
statistics thresholds with 𝑒 standing for exponential function:
𝛼 ∗ = 𝑒1+ln(𝜅) mean(MMDGMM )

(11)

𝑡+1 = (𝑡 ⧵ {(𝐱1 , 𝑦1 )}) ∪ {(𝐱𝑁,𝑡+1 , 𝑦𝑁,𝑡+1 )}.

and
𝛽 ∗ = 𝑒2+ln(𝜅) mean(CDGMM ),

(13)

Naturally, the timely supervision of the MMD value is an approach
to assist the monitoring of usability of the received model in the
borrower 𝑖. However, it is not feasible to monitor MMD locally and
instantaneously not only because of the inducing potential burden on
communication overhead between each pair of borrower–loaner, but
also due to the significantly high computations of updating the MMD
at every time instance given data streaming environments, even if MMD
can be incrementally updated. To support this argument, we elaborate
on an incremental update rule for the MMD in the fictitious case where
the borrower 𝑖 has also stored the loaner’s dataset in a local buffer,
notated by 𝑡′ .
Let MMD𝑡 be an unbiased empirical estimate of the MMD at time
′
𝑡 between inputs 𝐱𝑛,𝑡 ∈ 𝑡 (borrower’s data) and inputs 𝐱𝑛,𝑡
∈ 𝑡′
(loaner’s data). Then, without loss of generality, if both buffers have
the same number of input–output pairs 𝑁, we obtain that:

(12)

We introduce 𝜅 as an elasticity parameter depending on the performance of the loaner’s model 𝑓𝑗 built on loaner’s dataset 𝐗𝑗 . Specifically,
𝑄
such that: 𝑄𝐺𝑀𝑀 denotes the performance of the loaner’s
𝜅 = 𝐺𝑀𝑀
𝑄𝑗
model 𝑓𝑗 , like prediction accuracy or the determinant of coefficient
(discussed in the evaluation section) tested on the dataset generated
by the GMM. 𝑄𝑗 denotes the performance of the model 𝑓𝑗 over the
original 𝐗𝑗 . The mean value 𝑚𝑒𝑎𝑛(MMD𝐺𝑀𝑀 ) (and 𝑚𝑒𝑎𝑛(CD𝐺𝑀𝑀 )) is
taken from the GMM-based synthetic datasets generated by loaner’s
original dataset.
The rationale behind (11) and (12) is as follows. If GMM model fits
perfectly the loaner’s dataset, then we obtain that 𝜅 = 1, thus, 𝛼 ∗ equal
to 𝑒⋅𝑚𝑒𝑎𝑛(MMD𝐺𝑀𝑀 ), reflecting high confidence of reusing 𝑓𝑗 to similar
datasets. If the GMM model does not perform well, then 𝜅 < 1, thus
significantly scaling down 𝛼 ∗ and 𝛽 ∗ being stricter thresholds due to
low confidence in the reusability of 𝑓𝑗 on datasets. The rationale behind
this tunable mechanism derives from the fact that given a low fitting
performance of GMM, we should give low confidence on the thresholds,
thus, shrinking their boundary values. On the other hand, if GMM fits
well, then GMM-generated datasets would be very similar to original
ones, i.e., they might be identical to their origin, which results in a
small value of MMD. Hence, we should ensure that the boundary values
are larger than that of the IID datasets (i.e. 𝛼 ∗ > 𝛼).

𝑁 ∑
𝑁
𝑁 ∑
𝑁
∑
(∑
1
′
′
MMD𝑡=
𝑘(𝐱𝑛,𝑡
, 𝐱𝑙,𝑡
)
𝑘(𝐱𝑛,𝑡 , 𝐱𝑙,𝑡 ) +
𝑁(𝑁 − 1) 𝑛=1 𝑙≠𝑛
𝑛=1 𝑙≠𝑛

− 2

𝑁
𝑁 ∑
∑

)
′
𝑘(𝐱𝑛,𝑡 , 𝐱𝑙,𝑡
) .

(14)

𝑛=1 𝑙=1

Based on (14), we express the incremental update of the estimator:
MMD𝑡+1 = MMD𝑡 −
𝑁
[∑

5. Update mechanism in knowledge reuse

𝑘(𝐱1,𝑡 , 𝐱𝑙,𝑡 ) −

𝑙>1
𝑁
∑

In Section 4, we elaborate on the BLM mechanism for identifying
the potential borrowers that can reuse models from loaners coping
with Problem 1. In this section, we deal with an MRM mechanism that
provides a solution to Problem 2 in the context of assessing whether
the received loaners’ models can remain useful to borrowers in terms
of accuracy in analytics tasks, or a new BLM process should start off
should the models turn obsolete or not be useful anymore.

+

𝑁
∑

−2

𝑙>1
𝑁
∑
𝑛>1

(15)

𝑘(𝐱𝑁,𝑡+1 , 𝐱𝑙,𝑡+1 )

𝑙>1
𝑁
∑

′
′
𝑘(𝐱1,𝑡
, 𝐱𝑙,𝑡
)−

𝑙>1
𝑁
∑

−2

1
×
𝑁(𝑁 − 1)

′
′
𝑘(𝐱𝑁,𝑡+1
, 𝐱𝑙,𝑡+1
)

𝑙>1
′
𝑘(𝐱1,𝑡 , 𝐱𝑙,𝑡
)+2

′
𝑘(𝐱𝑛,𝑡 , 𝐱1,𝑡
)+2

𝑁
∑
𝑙>1
𝑁
∑

′
𝑘(𝐱𝑁,𝑡+1 , 𝐱𝑙,𝑡
)

]
′
𝑘(𝐱𝑛,𝑡+1 , 𝐱𝑁,𝑡+1
)

𝑛>1

′ denotes the 𝑛th data point in  and  ′ , respecwhere 𝐱𝑛,𝑡 and 𝐱𝑛,𝑡
𝑡
𝑡
tively.
The incremental calculation of (15) is achieved with 𝑂(𝑁𝑑) time
and 𝑂(𝑁𝑑) storage, which this does not scale with the number of data
points and dimensions under real-time. Besides, this incremental MMD
calculation cannot be achieved since loaner 𝑗 does not transfer its data
to borrower 𝑖 to help the latter monitor the evolution of MMD. Given
this challenge, we analyzed and found a strong correlation of MMD

5.1. Monitoring of model discrepancy
We introduce a local lightweight monitoring mechanism in the
borrower node that monitors the reusability of the received model(s)
upon its incoming data streams. Specifically, the iid assumption over
the data might be violated while new data are continuously feeding the
edge nodes, which is a regular case in EC environments. When data discrepancy is characterized by an increased magnitude, i.e., a significant
9
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process at time 𝑡. Note: this decision is taken at time 𝑡 based on the
forecast in the future horizon that the model 𝑓𝑗 will be expected to turn
obsolete/less accurate with specific confidence, which will be analyzed
later. This proactive decision-making rule is expressed as follows.
The borrower at 𝑡 will decide on a BLM process if the following
infimum is attained, i.e., there exists a 𝜏 ∗ such that:

at time 𝑡 with the average prediction error of the received model 𝑓𝑗
over borrower’s data in the current window 𝑡 as shown in evaluation
section. As expected, once the model 𝑓𝑗 turns less accurate for the
borrower’s data in 𝑡 , i.e., an increase in the prediction error, this is
also reflected by an increase in MMD. Moreover, the average prediction
error of the model 𝑓𝑗 over borrower’s data can only be easily derived in
real-time locally on the borrower, thus, no need to communicate with
the loaner, store loaner’s data and re-calculate MMD upon receiving a
data stream.
The proposed MRM monitors the Sum of Squared Error (SSE) of 𝑓𝑗
at 𝑡 , which is lightweight and effective. It is a fundamental component
of the average prediction error of 𝑓𝑗 , ensuring the usability of the
received model. As it will be evidenced in Section 7, SSE is observed
to be highly correlated to MMD in the process of data continuously fed
into the sliding window, which safely suggests substituting SSE with
MMD as the monitoring indicator in MRM.
In borrower 𝑖, which has received the model 𝑓𝑗 , the summation of
the squared prediction errors (SSE) at time instance 𝑡 is defined as:

𝜏 ∗ = inf {𝜏 ∶ 𝑍̂ 𝑡+𝜏 > 𝜃 ∧ (𝜏0 ≤ 𝜏 ≤ ℎ)}.

(19)

We consider the Holt-Winters (HW) model for deriving the doubleexponential smoothing of 𝑍𝑡 due to its computational efficiency; note:
the decision-making rule in (19) should be assessed in real-time and
desirable in 𝑂(1) time. Based on the HW model, the smoothed value of
𝑍𝑖 , notated by 𝜁𝑡 , and the corresponding trend 𝑏𝑡 are calculated as:
𝜁𝑡 = 𝜉0 𝑍𝑡 + (1 − 𝜉0 )(𝑍𝑡−1 + 𝑏𝑡−1 ),

(20)

𝑏𝑡 = 𝜉1 (𝜁𝑡 − 𝜁𝑡−1 ) + (1 − 𝜉1 )𝑏𝑡−1 .

(21)

(16)

The estimated value at 𝑡 + ℎ, i.e., at the end of the horizon ℎ is then:
𝑍̂ 𝑡+ℎ = 𝜁𝑡 + ℎ ⋅ 𝑏𝑡 . The linear property of the HW forecast simplifies
our pro-active decision rule in (19), which is reduced to the following
reasoning Hypothesis 4.

out of all the input–output pairs {(𝐱𝑛,𝑡 , 𝑦𝑛,𝑡 )}𝑁
of the sliding window
𝑛=1
𝑡 at time 𝑡, such that 𝑦̂𝑛,𝑡 = 𝑓𝑗 (𝐱𝑛,𝑡 ). At the time 𝑡 + 1, the new pair
(𝐱𝑡+1 , 𝑦𝑡+1 ) is injected in the window buffer, while the oldest pair (𝐱1 , 𝑦1 )
is evicted, thus, the window is incrementally updated as in (13). Hence,
the SSE at the next time instance 𝑡 + 1 is incrementally updated as:

Hypothesis 4. The borrower 𝑖 at time 𝑡 decides on a BLM process if,
given 𝜏0 ∈ {1, … , ℎ} and application-specific threshold 𝜃, it holds true
that there exists 𝜏 ∗ ≥ 𝜏0 :

𝑆𝑡 =

𝑁
∑

2

(𝑦𝑛,𝑡 − 𝑦̂𝑛,𝑡 )

𝑛=1

𝜁𝑡 + 𝜏 ∗ 𝑏 𝑡 ≥ 𝜃

𝑆𝑡+1 = 𝑆𝑡 − (𝑦1,𝑡 − 𝑦̂1,𝑡 )2 + (𝑦𝑁,𝑡+1 − 𝑦̂𝑁,𝑡+1 )2
= 𝑆𝑡 + 𝑒2𝑁 − 𝑒21 ,

The decision rule is evaluated in 𝑂(1) at 𝑡 given a solution of
within
𝜃−𝜁
a prediction interval with confidence 95% (i.e., check if 𝑏 𝑡 ≥ 𝜏0 for a
𝑡
non-zero trend 𝑏𝑡 ).

(17)

where 𝑒21 = (𝑓𝑗 (𝐱1,𝑡 ) − 𝑦1,𝑡 )2 is the squared prediction error of the
oldest (least recent) input–output pair (𝐱1,𝑡 , 𝑦1,𝑡 ) in the window before
being discarded due to the incoming pair (𝐱𝑁,𝑡+1 , 𝑦𝑁,𝑡+1 ), and 𝑒2𝑁 =
(𝑓𝑗 (𝐱𝑁,𝑡+1 ) − 𝑦𝑁,𝑡+1 )2 is the most recent prediction error of the most
recent incoming pair after being injected in the window.
The calculation of 𝑆𝑡+1 has a time complexity 𝑂(1) with an update
discrepancy
𝛥𝑆𝑡+1 = 𝑆𝑡+1 − 𝑆𝑡 = 𝑒2𝑁 − 𝑒21 .

(22)
𝜏∗

Our target is to detect the violation of the Hypothesis 4, i.e., to
examine whether the test statistics violate the basic distribution assumption. Then, we transform the problem of Hypothesis 4 testing into
a problem of exhibiting a corresponding confidence interval for a BLM
decision, where the borrower 𝑖 should discard model 𝑓𝑗 used for its
analytics tasks and seek for more appropriate model(s) in its networking neighborhood, if available. We proceed with building a prediction
confidence interval for 𝑍̂ 𝑡 estimating 𝜏 ∗ with 95% confidence, which
assists in the decision of testing Hypothesis 4.

(18)

The sign of 𝛥𝑆𝑡+1 shows instantaneously whether there is an increase
in the prediction error or not; a positive value denotes the surplus of
the cumulative error. Hence, we propose to leverage SSE to monitor
the reusability of the loaner’s models at the borrower’s site efficiently.

Theorem 1. Let  = {𝑍1 , … , 𝑍𝑡 } be the univariate sequence of SSE
changes. Given a threshold 𝜃 and the coefficients (𝜉0 , 𝜉1 ) of the HW in
(20) and (21), which fit on this sequence , a new BLM process should
be initiated by borrower 𝑖 if and only if 𝜏 ∗ > 𝜏0 , where 𝜏 ∗ is the solution of:

5.2. Proactive Model Reusability Mechanism
MRM is based on monitoring the change in SSE. Let 𝛥𝑆𝑡 = 𝑍𝑡 be the
incremental update of the SSE. We then monitor the trend of 𝑍𝑡 based
on the forecast of future 𝑍 values, which will support the borrower
with a pro-active decision on whether or not to re-start a BLM process
in a short-term horizon. The pro-active decision relies on forecasting
the trend 𝑏𝑡 of 𝑍𝑡 at time 𝑡. It is worth noting that, such a pro-active
decision making should be accompanied with a specific prediction
internal (e.g., with confidence 95%), since the borrower 𝑖 takes the risk
to discard the received model 𝑓𝑗 and seek for more reusable models
from other loaners, if possible.
Specifically, let us define a forecasting horizon ℎ > 0. A forecastincreasing trend within this horizon will trigger the borrower 𝑖 to
initiate a BLM process, since the current model 𝑓𝑗 incrementally turns
less accurate. For a fixed warning level 𝜃 > 0 denoting the controlled
rate of the SSE change (which is application-specific), we introduce a
decision-making rule upon which the borrower triggers a BLM process.
This is realized if within the horizon ℎ, the forecast 𝑍̂ 𝑡+𝜏 exceeds 𝜃 for
the first time at 𝑡 + 𝜏 with 𝜏 ∈ {𝜏0 , … , ℎ} and 𝜏0 ∈ {1, 2, … , ℎ}. If
borrower 𝑖 forecasts that the SSE update rate keeps on an increasing
trend in the horizon [𝜏0 , ℎ], it then pro-actively triggers a new BLM

(23)
√
where 𝓁𝑡 (𝜏) = 𝜏𝑏𝑡 + 4.47 𝑉 𝑎𝑟(𝑒𝑡 (𝜏)) with 𝑒𝑡 (𝜏) = 𝑍𝑡+𝜏 − 𝑍̂ 𝑡 (𝜏) denoting
the forecasting error of the 𝜏-step-ahead process, and 𝜏 ∗ being the expected
horizon where the sequence 𝑍𝑡 (𝜏) would excess 𝜃 with 95% confidence.
𝓁𝑡 (𝜏) = 𝜃 − 𝜁𝑡 ,

Proof. We harness the concept of the prediction interval (confidence
interval), which provides us an insight of the statistical plausibility of
𝑍𝑡 , since 𝑍𝑡 determines the triggering of a BLM process. Based on Yar
and Chatfield (1990), we define the Prediction Interval (PI) for the
HW model: let 𝑒𝑡 (𝜏) = 𝑍𝑡+𝜏 − 𝑍̂ 𝑡 (𝜏) be the forecasting error of the 𝜏step-ahead process. We denote with 𝑒𝑡 (1) the one-step-ahead forecasting
error computed based on the sequence  = {𝑍1 , … , 𝑍𝑡 }. Then, given
threshold 𝜃, we formulate the constraints of the non-activation of BLM
when the following conditions hold true:
max(𝑍̂ 𝑡 (𝜏)) ≤ 𝜃,

(24)

and
√
𝜁𝑡 + 𝜏𝑏𝑡 + 4.47 𝑉 𝑎𝑟(𝑒𝑡 (𝜏)) ≤ 𝜃,
10
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where

where 𝜎𝑗 is the standard deviation of the actual output 𝐲𝑗 . In addition,
the 𝑁𝑖 -dimensional output vector 𝐲𝑖 is the actual output of borrower’s
data 𝐗𝑖 , while 𝐲̂ 𝑖 = 𝑓𝑗 (𝐗𝑖 ) stands for predicted output vector when the
borrower used the borrowed model 𝑓𝑗 by the loaner. Hence, we obtain
the NRMSE 𝜖𝑖𝑗 of the use of loaner’s model 𝑓𝑗 over borrower’s data 𝐗𝑖 :

𝑉 𝑎𝑟(𝑒𝑡 (𝜏)) =
1
(26)
[1 + (𝜏 − 1)𝜉02 (1 + 𝜏𝜉1 + 𝜏(2𝜏 − 1)𝜉12 )]𝑉 𝑎𝑟(𝑒𝑡 (1)).
6
To cope with the fact that the PIs tend to be too narrow in practice,
free from the condition that errors following the standard normal
probability, we adopt the constant 4.47 rather than 1.96 based on the
Chebyshev inequality since 1∕4.472 ≈ 0.05. Considering the case that
𝜁𝑡 ≤ 𝜃, the expectation of 𝜏 ∗ that the triggering of a BLM would occur
when 𝜏 ∗ is the solution of:
𝑦𝑡 (𝜏) = 𝜃 − 𝜁𝑡

√
1
𝜖𝑖𝑗 =
𝜎𝑖

(𝐲𝑖 − 𝐲̂ 𝑖 )⊤ (𝐲𝑖 − 𝐲̂ 𝑖 )
,
𝑁𝑖

(29)

where 𝜎𝑖 is the standard deviation of the actual output 𝐲𝑖 .
If the two datasets 𝐗𝑖 and 𝐗𝑗 are statistically identical or similar
based on the Hypotheses 2 and 3, respectively, then we expect that 𝜖𝑖
is close to 𝜖𝑖𝑗 . Then, the absolute value of the NRMSE difference:

(27)

√
where 𝑦𝑡 (𝜏) = 𝜏𝑏𝑡 + 4.47 𝑉 𝑎𝑟(𝑒𝑡 (𝜏)). □

(30)

𝛥𝜖𝑖𝑗 = 𝜖𝑖𝑗 − 𝜖𝑖

Remark 2. The left-hand side of the inequality (25) is a function of 𝜏,
while the right hand is a constant. Hence, we reach to the solution of 𝜏 ∗
by adopting the Newton–Raphson approximation. Moreover, in the HW
model (Winters, 1960), the coefficients 𝜉0 , 𝜉1 are chosen to minimize the
∑
squared forecasting error 𝑡𝜏=1 (𝑍𝜏 − 𝑍̂ 𝜏 )2 .

can be less than any arbitrary small positive value defined by the EC
application. In this case, mode 𝑓𝑗 is suggested to be re-used by the
borrower.
Apart from assessing the predictability of the reused model 𝑓𝑗 on
borrower 𝑖, we also examine its fitting capacity, i.e., how borrower’s
data can be represented by the model 𝑓𝑗 reflecting how 𝑓𝑗 generalizes
data similar to that with which it was trained. Under this objective,
we adopt the popular 𝑅2∗ coefficient of determination in regression
models, which is interpreted as how well the regression model fits the
observed (model trained) data. Similarly to the NRMSE metrics in (28)
and (29), we provide the definitions of the determination coefficients
of the reused model 𝑓𝑗 over the loaners’ data 𝐗𝑗 and borrower’s data
𝐗𝑗 , respectively, as follows:

6. Experimental evaluation
Our target is to showcase whether knowledge reuse mechanism
(BLM) with the Algorithms 1 and 2 exhibit the appropriate performance to support Problem 1 and whether the proposed MRM is solves
Problem 2.
We set up three experimental scenarios over different real-datasets
in EC environments under various performance metrics per mechanism
and ML model to assess our paradigm.

𝑅2∗,𝑗 = 1 −

6.1. Performance metrics for knowledge reuse

(𝐲𝑗 − 𝐲̂ 𝑗 )⊤ (𝐲𝑗 − 𝐲̂ 𝑗 )
(𝐲𝑗 − 𝐲̄ 𝑗 )⊤ (𝐲𝑗 − 𝐲̄ 𝑗 )

;

𝑅2∗,𝑖𝑗 = 1 −

(𝐲𝑖 − 𝐲̂ 𝑖 )⊤ (𝐲𝑖 − 𝐲̂ 𝑖 )
(𝐲𝑖 − 𝐲̄ 𝑖 )⊤ (𝐲𝑖 − 𝐲̄ 𝑖 )

(31)

∑ 𝑁𝑗
∑ 𝑁𝑖
where 𝑦̄𝑗 = 𝑁1
𝑦𝑖(𝑘) is the average actual
𝑦
and 𝑦̄𝑖 = 𝑁1 𝑘=1
𝑘=1 𝑗(𝑘)
𝑗
𝑖
output 𝑦𝑗 and 𝑦𝑖 of the loaner’s and borrower’s data, respectively.
For multivariate linear regression models, 𝑅2∗ ranges in [0,1], thus,
do not cope with any scaling issue. In any other case, scaling and
data dimensionality should be taken into consideration given that we
compare the model fitting in both loaner’s and borrower’s data. Hence,
we adopt the adjusted 𝑅2∗ , notated as 𝑅2 , such that given a dataset in
R𝑁×𝑑 , it is defined as:

We introduce the performance metrics, coined quality of analytics
metrics. They can assess the usability of the loaners’ models borrowed
by borrower nodes under a variety of popular parametric supervised
(multivariate linear/non-linear regression) and unsupervised (novelty
detection; one-class classification) learning ML models that have been
widely used in predictive and inferential analytic tasks in EC.
For the first two experimentation scenarios, aiming to study the
reusability of loaner’s model, we experiment with regression models.
As argued in Kuhn and Johnson (2013), we experiment with the most
popular ML parametric-based regression models involved in numerous
predictive analytics tasks and linear/non-linear data fitting: multivariate Linear Regression (LR) and Support Vector Regression (SVR). Given
these models, we adopt the widely used regression metrics: normalized
root-mean-square error (regarding prediction accuracy) and coefficient
of determination (regarding model fitting), which will be explicitly
defined hereinafter in our context as follows.
Consider a loaner 𝑗, which has locally built a parametric ML model
𝑓𝑗 over its data 𝐗𝑗 (e.g., a support vector regression model) and a borrower 𝑖 with data 𝐗𝑖 , which has borrowed the 𝑓𝑗 model. The rationale
behind assessing the knowledge reuse algorithm lies in the quality of
analytics of the model 𝑓𝑗 (e.g., in terms of prediction accuracy) over
borrower’s data 𝐗𝑖 which is compared against the performance of 𝑓𝑗
over loaner’s data 𝐗𝑗 . Because the target is to evaluate our fundamental knowledge reuse hypothesis that two similar datasets might yield
similar analytics results, under re-using the model built only over one
of the two datasets.
Let us first measure the predictability capacity of a reused model.
When the model 𝑓𝑗 is used over loaner’s data 𝐗𝑗 , we obtain an 𝑁𝑗 dimensional output vector 𝐲̂ 𝑗 , which is the prediction of the actual output vector 𝐲𝑗 . Here, the Normalized Root Mean Square Error (NRMSE),
𝜖𝑗 , of 𝑓𝑗 over 𝐗𝑗 is provided by:
√
(𝐲𝑗 − 𝐲̂ 𝑗 )⊤ (𝐲𝑗 − 𝐲̂ 𝑗 )
1
,
(28)
𝜖𝑗 =
𝜎𝑗
𝑁𝑗

𝑅2 = 1 − (1 − 𝑅2∗ )

𝑁 −1
.
𝑁 −𝑑−1

(32)

If we let 𝑅2𝑗 and 𝑅2𝑖𝑗 be the adjusted versions of 𝑅2∗,𝑗 and 𝑅2∗,𝑖𝑗 , respectively based on (32), then we obtain the difference in the adjusted
determination coefficients as:
𝛥𝑅2𝑖𝑗 = 𝑅2𝑖𝑗 − 𝑅2𝑖 .

(33)

We desire the difference in (33) to be as small as possible reflecting
the reusability of model 𝑓𝑗 in generalizing borrower’s data and being
interpreted as a good representative of borrower’s data.1
In the context of unsupervised learning, we draw our attention to a
widely used analytics task, especially in data streaming environments,
referred to as unsupervised novelty detection. A popular family of parametric ML models that blend unsupervised learning and classification
is the One-Class Classification (OCC).
OCC’s objective is to learn the (non-linear) boundaries of the actual
hyper subspace of the data points and then detect potential novelties
(outliers). A well-known instance of the OCC family is the One-Class
SVM (OCSVM), which refers to a SVM-based classifier being trained
in an unsupervised mode and classifies novelties from regular points

1
Also, 𝛥𝑅2𝑖𝑗 → 0 indicates how much of the total variability of borrower’s
and loaner’s data is accounted for by the same model, which suggests the reuse
of that model.
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Table 2
Performance metrics for knowledge reuse.

Table 3
Dataset description of experimentation scenario I.

ML model (Learning paradigm)

Metric

Name

Value

LR (supervised; predictability, model fitting)
SVR (supervised; predictability, model fitting)
OCSVM (unsupervised; novelty detection)

𝛥𝑅2𝑖𝑗 , 𝛥𝜖𝑖𝑗
𝛥𝑅2𝑖𝑗 , 𝛥𝜖𝑖𝑗
𝛥𝜌𝑖𝑗

# Real datasets 𝑚𝑘
# Data dimensionality 𝑑
# Data points 𝑁
# Synthetic datasets 𝑠𝑘𝑙
ML Models built
# Borrower, # Loaners

4
6
10190
32 (8 for each 𝑚𝑘 )
LR, SVR, OCSVM
44, 4 (11 borrowers per loaner) 𝑛 = 48

in a dataset. The OCSVM model is chosen for our experimental evaluation since it combines both unsupervised learning and classification
for novelty/outliers detection, whose reuse by borrowers is beneficial
energy-/computation-wise due to its relatively high computational time
and storage complexity.2
The parameters of the OCSVM model 𝑓𝑗 , built on loaner 𝑗 over its
dataset 𝐗𝑗 with 𝑁𝑗 data points, is a subset 𝐒𝑗 ⊂ 𝐗𝑗 with 𝑆𝑗 < 𝑁𝑗 data
points. The data points in 𝐒𝑗 are referred to as the Support Vectors
(SV) shaping the statistical boundaries of 𝐗𝑗 . Fundamentally, given that
OCSVM is an unsupervised learning classifier, it means that there is no
ground information on which data points are novelties or not. Based
on the mapping of the actual dataspace to a RKHS kernel-feature space,
OCSVM uses 𝜈% of data points to be acting as the SVs that establish the
boundaries for judging if one point is novelty. Hence, in this context,
we define 𝜌𝑗 ∈ [0, 1] as the classification accuracy ratio of the correctly
classified inliers in 𝐗𝑗 , which are located inside the boundaries learned
by OCSVM, given 𝜈, whose value is usually set 0.1. A borrower 𝑖 uses
the OCSVM model 𝑓𝑗 from loaner 𝑗 in order to predict which data
points from 𝐗𝑖 are novelties based on the SVs 𝐒𝑗 . We then obtain the
classification accuracy ratio 𝜌𝑖𝑗 and, thus, the difference in the ratios:
𝛥𝜌𝑖𝑗 = 𝜌𝑖𝑗 − 𝜌𝑖 .

Fig. 3. Visualization of the loaner’s and borrowers’ datasets of Experimentation
Scenario I.

(34)

A small value of the difference in (34) reflects the satisfactory reusability of the SVs in 𝐒𝑗 from loaner’s 𝑓𝑗 over borrower’s data. 𝛥𝜌𝑖𝑗 → 0
indicates that loaner’s and borrower’s datasets have relatively similar
statistical boundaries that can be used to identify novelties/outliers.

6.2.1. Experimentation Scenario I
We evaluate the proposed mechanisms upon a real dataset3 adopted
from Harth and Anagnostopoulos (2018). This dataset contains sensor
measurements over four Unmanned Surface Vehicles (USVs) running an
environmental monitoring application on the sea surface in a naval base
in Athens, Greece. Each USV is referred to as an edge node equipped
with sensing and computational capabilities. There are four local real
datasets (one per USV) notated by 𝑚1 , 𝑚2 , 𝑚3 and 𝑚4 containing real
values vectors of environmental attributes like humidity and temperature of the sea surface. Fig. 3 illustrates a sample of these four original
datasets per USV, where one can visually inspect the inherent similarity
of some of these datasets locally residing in the four SUVs. Table 3
summarizes the basic information of the dataset.
Since we are interested in identifying how our mechanisms deal
with similar data, which is the fundamental component of the knowledge reuse paradigm, it is necessary to check whether our algorithms
can cluster similar data (identical data included) from heterogeneous
neighboring nodes (USVs in this scenario). For each original subset
𝑚𝑘 , we generate eight synthetic datasets; we denote these synthetic
datasets as {𝑠𝑘1 , 𝑠𝑘2 , … , 𝑠𝑘8 } for 𝑘 = 1, … , 4, thus, generating in total
32 synthetic datasets. In 𝑠𝑘1 , we add white noise 𝜀 to original 𝑚𝑘 ,
2 ) and 𝜎 2
where 𝜖 ∈  (0, 0.2𝜎min
is the minimum value of variances of
min
the features. Each remaining synthetic dataset 𝑠𝑘𝑙 contains data drawn
from the original 𝑚𝑘 and a dataset generated by a bivariate Normal
distribution, whose mean is the same as 𝑚𝑘 and covariance being the
diagonal matrix 𝐷𝑖𝑎𝑔(𝜎12 , … , 𝜎𝑑2 ) with 𝜎𝑖2 denotes the variance of the 𝑖th
attribute. Besides 𝑠𝑘𝑙 for each 𝑚𝑘 , each synthetic dataset 𝑠𝑘𝑙 , 𝑙 = 2, … , 8
is obtained by replacing (𝑙 − 1) × 12.5% proportion of 𝑚𝑘 with the
bivariate Normal distributed data. For instance, for the synthetic 𝑠52 in

Remark 3. Reusing the loaner’s SVs for describing the borrower’s data
subspace gives the inherent opportunity to the borrower to obtain a
computation-free synopsis of its data. This is a useful tool for many
resource management mechanisms in EC, notably, data-driven tasks
offloading mechanisms (Kolomvatsos, 2021) and edge nodes’ data representation for distributed and parallel query processing (Kolomvatsos
and Anagnostopoulos, 2021).
Note: Considering the challenge of dispersion of model performance, we adopt 10-fold Cross-Validation (CV) for the calculation of
all the above-mentioned performance metrics (𝛥𝜖, 𝛥𝑅2 and 𝛥𝜌). For
each CV loop, 90% of loaner’s data 𝐗𝑗 are used for training a model
𝑓𝑗 . The metrics 𝜖𝑗 , 𝑅2𝑗 , 𝜌𝑗 were calculated based on the 10% of 𝐗𝑗 ;
while the same process followed for the metrics 𝜖𝑖𝑗 , 𝑅2𝑖𝑗 , 𝜌𝑖𝑗 . The multiple
associated pairs (𝜖𝑗 , 𝜖𝑖𝑗 ), (𝑅2𝑗 , 𝑅2𝑖𝑗 ), and (𝜌𝑗 , 𝜌𝑖𝑗 ) contributing to 𝛥𝜖, 𝛥𝑅2
and 𝛥𝜌 were processed as distributions.
Table 2 summarizes the performance metrics chosen to assess the
knowledge reuse paradigm per learning paradigm and analytics task.
6.2. Descriptions of the Scenarios
We report on the descriptions of the experimentation scenarios
and the parameters setup to assess the performance of the proposed
paradigm.

2
The conventional and non-optimized OCSVM requires 𝑂(𝑁 3 + 𝑑𝑁 2 )
training time and 𝑂(𝑁𝑑) storage.

3
archive.ics.uci.edu/ml/datasets/GNFUV+Unmanned+Surface+Vehicles+
Sensor+Data+Set+2
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Table 4
Dataset description of experimentation scenario II.

the case of original 𝑚2 , one half of 𝑠52 comes from randomly sampling
𝑚2 because of (5−1)×12.5% = 50%. The other half is drawn from the 𝑚2 based generated bivariate Normal distribution. All data are randomly
chosen for the corresponding data sources. We eliminate outliers of
each dataset (if exists) corresponding to data points that are beyond the
Interquartile Range (IQR) of each dataset. Each dataset is considered
being the local data on an edge node such that each 𝑚𝑗 dataset is
assigned to a loaner node, and the other three original datasets along
with their eight synthetic datasets are treated as datasets belonging to
corresponding borrowers. That is, there exist eleven borrowers per one
loaner with 4 loaners and 44 borrowers in total. Fig. 3 visualizes the
original dataset 𝑚1 from loaner 1 pairwise compared (visually) with the
original borrower’s datasets 𝑚2 , 𝑚3 , 𝑚4 and synthetic dataset 𝑠11 . One
can visually decide which pairs of datasets are more similar than the
other ones. We run the Algorithms 1 and 2 in such an environment
given the calculations of the corresponding decision values (𝛼, 𝛽) and
(𝛼 ∗ , 𝛽 ∗ ) for identical and similar datasets, respectively.
Parameter Setup: We conduct experiments by building and reusing
the regression LR and SVR models and the novelty detection OCSVM
model. We set the kernel parameters 𝛾MMD = 0.001 and 𝛾SVR = 𝑑1
for the MMD kernel approximation and SVR regression kernel, respectively. For the parameter setting of OCSVM, we set 𝜈 = 0.05, which
is an average proportion of the outliers existing in the datasets and
𝛾ocsvm = 0.001.
Scenario I.A: Simulating Similar Datasets. The pairs of datasets
are not labeled as similar or dissimilar a-priori, especially when dealing
with regression (where the data vectors are not labeled), which forms
a non trivial challenge for our paradigm. For instance, in a computer
vision application, a straightforward approach is to exploit as much
as possible the labels of images from the same class to capture the
specific patterns for that class in order to use such an inherent feature
to be differentiated with another classes. Among those training images,
the similar images would devote similar contribution to finding such
inherent patterns. Hence, if we assume images labeled by same class
and half of them are similar in the context of similarity for model
reusability (refer to Hypothesis 3), then it suffices to analyze half of
them. Because the chosen half of these images can represent the rest of
them in predictive tasks.
Due to the difficulty of finding datasets labeled based on similarity, we provide this simulation sub-scenario as a continual analysis
of Scenario I to assess Hypotheses 2 and 3. Firstly, we separate the
loaners’ and borrower’s datasets into three groups: identical, similar,
and dissimilar group such that the majority of the nodes share identical
datasets; some nodes hold similar datasets; and the rest hold dissimilar
datasets for each other. This simulation setting will help us realize
our aim to assess the efficiency of the proposed test statistics in Hypotheses 2 and 3. Specifically, if we let 𝑚1 be the loaner’s dataset,
we then obtain from Experimentation Scenario I the following: 𝑚1
is known to be similar to 𝑚3 (not only visually inspected but from
checking Hypothesis 3) and 𝑚1 is known to be dissimilar to 𝑚2 and
𝑚4 (not only visually inspected but from Hypothesis 3). Finally, the
datasets obtained through re-sampling without replacement from 𝑚1
are identical to 𝑚1 . Assume that all the synthetic datasets in this case
are R𝑛×𝑑 , where 𝑛 < min{𝑁1 , … , 𝑁4 }, where 𝑁𝑘 is the number of
data points from the original dataset 𝑚𝑘 , 𝑘 = 1, … , 4 ensuring that our
synthetic datasets are the sub-samples of the original ones. Base on this
knowledge, we simulate 10000 synthetic datasets via sampling from the
original 𝑚1 , … , 𝑚4 assigned to 10000 nodes as follows: (i) 𝑥% of the
nodes have datasets randomly re-sampled without replacement from
𝑚1 ; (ii) 𝑦% of the nodes have datasets randomly re-sampled from 𝑚3 ;
(iii) the rest 100 − (𝑥 + 𝑦)% nodes have datasets drawing either from 𝑚4
or 𝑚2 . Such simulation is not trivial since we do not repeatedly copy the
datasets 𝑚𝑘 . The sub-sampling process enables the generating datasets
to follow the same distribution (and not the same as) of their original
datasets (Politis and Romano, 1999). To obtain statistically significance
results in hypotheses assessment, we set 𝑥 = 90 and 𝑦 ∈ {0, 2, 4, 6, 8}.

Name

Value

# Real datasets 𝑚𝑘
# Data dimensionality 𝑑
# Data points 𝑁
ML models built
# Borrower, # Loaner

12
18
420768
LR, SVR, OCSVM
11, 1 (𝑛 = 12)

6.2.2. Experimentation Scenario II
We also delve into the performance of the knowledge reuse using
the real dataset in S. et al. (2017) consisting of hourly sampled air
pollutants from twelve air-quality monitoring sites in Beijing, China,
with observations and 18 attributes. The details of the dataset are
summarized in Table 4. Each dataset is assigned to an edge node
denoted as {𝑚1 , … , 𝑚12 } located in various locations around Beijing.
Without loss of generality, we grant the first node as the loaner node
and the remaining as the borrowers. The loaner builds the LR, SVR and
OCSVM models, which will be potentially reused by the borrowers. To
verify whether the data of borrowers are similar or identical to those of
the loaner, we uphold our decisions upon the 𝛼 ∗ &𝛽 ∗ and 𝛼&𝛽 parameters, respectively. In this scenario, the similarity of the datasets is not
provided/known in advance, which cannot also be visually determined.
Accordingly, we follow the suggestion for accepting the kernel function
in Gretton et al. (2007) with setting 𝛾MMD = 𝜎 1
= 0.0014, which
med
has been revealed in Section 4.1.2. For the other parameters regarding
the ML models, we set the same values as in the Experimentation
Scenario I (Section 6.2.1).
6.2.3. Experimentation Scenario III
In order to investigate the inherent functionality of the MRM in
Section 5 based on the monitoring of the SSE time series in (16),
which is correlated with the MMD over streaming data, we conduct
an analysis based on LR model over the time-series (time-stamped)
data from Scenario I. Assuming that in the initial step, we have the
first two hundred samples as the original source to train LR model.
Given a loaner original dataset 𝑚1 and the borrowers’ original datasets
𝑚𝑘≠1 , we experiment with different lengths of the sliding window
𝑁 ∈ {100, 150, 300}. As new input–output pairs are added in and the
least recent dropped out, we calculate the instant MMD (for setting
up the ground truth) and the SSE per borrower to check whether the
correlation between MMD and SSE successfully reflects the fact that
the loaners’ models turn obsolete in the borrowers. We set 𝛾MMD =
0.001 for the MMD kernel approximation as in the Scenarios I and II.
Furthermore, in order to keep the monitoring process aligned with the
risk in instantaneous decision, we calculate the SSE difference 𝛥𝑆𝑡 ∶=
𝑒2𝑁,(𝑡+1) −𝑒21,𝑡 = 𝑒2𝑡+𝑁 −𝑒2𝑡 as introduced in (18). We also presume that the
trained model in the loaners remain unchanged instantaneously when
we calculate the 𝛥𝑆, and the MMD and SSE computation is conducted at
every time 𝑡 for comparison reasons. Finally, we analyze the trend effect
𝑏𝑡 based on 𝑍𝑡 . Due to the possibility of obtaining a complex solution
of HW-based expected horizon 𝜏 ∗ defined in (19), we directly set the 𝜏0
and investigate that whether the excess of the predicted upper bound
overrides the pre-defined warning level 𝜃. This supports the decision on
triggering a new BLM process based on the sequence  = {𝑍1 , … , 𝑍𝑇 },
where 𝑇 = 𝑁 = 300.
7. Analysis and interpretation
7.1. Scenario I: Result interpretation
We first identify the similar datasets between loaners and borrowers
and then examine whether our mechanism can effectively assess their
similarity (based on the Hypotheses 2 and 3) in order to successfully trigger loaners to lend their models to match borrowers in this
13
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Table 5
Hypotheses 2 and 3 testing statistics for LR 𝑓𝑗 model.
Dataset
𝑚1
𝑚2
𝑚3
𝑚4

𝛼
0.021443
0.016278
0.020115
0.011548

𝛽
5e−06
4.4e−05
2.2e−05
0.001575

Table 6
𝑚1 : Result of similarity measures.
𝛼∗
0.079761
0.067161
0.079831
0.04461

𝛽∗

Dataset

MMD

CD

0.000080
0.000899
0.000302
0.006993

𝑠11
𝑠12
𝑠13
𝑠14
𝑠15
𝑠16
𝑠17
𝑠18
𝑚2
𝑚3
𝑚4

0.003314
0.058751
0.104050
0.138239
0.188055
0.199091
0.197832
0.137532
0.648593
0.059447
0.580203

5.0e−06
0.000255
0.000953
0.004047
0.07625
0.014679
0.022786
0.032503
0.003548
0.000504
0.009487

knowledge reuse paradigm. As shown in Fig. 3, 𝑚1 (loaner) and 𝑚3
(borrower) have a very similar distribution since 𝑚3 almost covers 𝑚1 .
This encourages loaner’s models to be reused with some borrowers.
The largest discrepancy exists between 𝑚1 and 𝑚4 (borrower) because
of the statistical pattern of 𝑚4 is located on the two sides of 𝑚1 ’s line
area, which discourages model reusability. The white noise added to
𝑠11 seems to demonstrate similar pattern with the original 𝑚1 , while
𝑚2 (borrower), which consists of the scattered red points, only covers
the left bottom of 𝑚1 . Therefore, this evidence indicates that 𝑚3 and 𝑠1
are similar to 𝑚1 , thus we expect an extremely small values for MMD
and CD, and it in turn encourages model reusability. Moreover, 𝑚2 and
𝑚4 almost are located at the closed area; this indicates that 𝑚4 is more
similar with 𝑚2 compared with 𝑚1 and 𝑚3 , thus yielding small MMD and
CD values for the pair (𝑚2 , 𝑚4 ). We obtain visual results and reasoning
with all the other original and synthetic datasets (thus, not providing
an exhaustive list of figures).
Table 5 shows that estimate 𝛼, 𝛽, 𝛼 ∗ , and 𝛽 ∗ values, which are
supportive of our analysis of the upcoming performance results. These
values are model-specific, thus, indicatively we only provide them here
for the loaner’s LR model 𝑓𝑗 . We have also normalized the data to avoid
extreme values for 𝜅 in (11) and (12), where GMM model fits these data
well and given loaner’s model reusability assessed for a good model
fitting in matching borrowers, it results in max{0, 1 + ln 𝜅} ≈ 1.
Tables 6–9 show a comparative assessment of {𝑚1 , 𝑚2 , 𝑚3 , 𝑚4 } and
datasets (1 loaner and 11 borrowers as discussed in Section 6). We
need to mention that CD and MMD are directionless since we adopt
the approximation to kernel matrix 𝐀, which depends on 𝐷 and 𝑑;
notably, 𝐷 would be the same as 𝑑 as long as we consider datasets
with same features, thus, leading to MMD(𝐗𝑖 , 𝐗𝑗 ) = MMD(𝐗𝑗 , 𝐗𝑖 ). This
guarantees that both loaner and borrower agree on the (dis)similarity
of their datasets and on the model reusability decision without further
communication. Given the MMD-/DC-dataset similarity between loaner
and borrowers, it is evidenced that CD increases as the amount of
noisy data increases correspondingly. That is because, CD computes
the cosine dissimilarity between PC1 for borrower’s 𝐗𝑖 and loaner’s
𝐗𝑗 and PC1 is a linear combination of the features, which maximizes
the variance at the first step of the PM. With a variance increase in
a dataset 𝐗𝑖 , CD(𝐗𝑗 , 𝐗𝑖 ) will definitely increase. Such property of CD
yields the CD to be a suitable metric to differentiate two datasets with
the perspective of difference in variance sensitively, thus suggesting
model reusability with high confidence, as will be showcased later.
By analyzing Tables 6–9 along with Table 5, we draw the following
conclusions on the capability of the proposed BLM for reusing models
across the edge network. According to 𝛽 estimated threshold, we can
conclude that only the first synthetic dataset 𝑠𝑘1 is IID to its original 𝑚𝑘 ,
𝑘 ∈ 1, … , 4, which verifies the efficiency of our Hypothesis 2 adopted
to BLM process in the loaner. Considering 𝛽 ∗ threshold, the loaner
considers only 𝑠11 as similar to its dataset 𝑚1 , {𝑠𝑘1 , 𝑠𝑘2 } are similar to
𝑚𝑘 for 𝑘 = {2, 4}, and {𝑠31 , 𝑠32 } are tagged as similar to 𝑚3 , indicating
the failure of correct classifications on the similar relationship between
𝑚3 and 𝑚1 . But it allows more elasticity than the condition of IID.
Given the decision thresholds 𝛼 and 𝛼 ∗ , we notice that 𝛼 works
nicely for Hypothesis 2 since all 𝑠𝑘1 are classified as identical to 𝑚𝑘
as expected, while all 𝑠𝑘2 have been labeled as similar with the aid of
𝛼 ∗ . Besides, 𝑠23 is also classified as similar to 𝑚2 , which is acceptable.
Furthermore, utilizing 𝛼 ∗ , the loaner can successfully detect that 𝑚1 is
similar to 𝑚3 , which is also evidenced in Fig. 3. Based on the above,

Table 7
𝑚2 : Result of similarity measures.
Dataset

MMD

CD

𝑠21
𝑠22
𝑠23
𝑠24
𝑠25
𝑠26
𝑠27
𝑠28
𝑚1
𝑚3
𝑚4

0.001954
0.031966
0.064458
0.084306
0.114490
0.131685
0.112036
0.061422
0.648593
0.592804
0.145118

0.000001
0.000442
0.003447
0.007504
0.014769
0.020741
0.028130
0.117858
0.003548
0.006723
0.01436

Table 8
𝑚3 : Result of similarity measures.
Dataset

MMD

CD

𝑠31
𝑠32
𝑠33
𝑠34
𝑠35
𝑠36
𝑠37
𝑠38
𝑚1
𝑚2
𝑚4

0.003341
0.069412
0.144386
0.197864
0.224198
0.222861
0.172684
0.125496
0.059447
0.592804
0.523904

0.000005
0.000886
0.004658
0.014459
0.021739
0.028257
0.034127
0.093848
0.000504
0.006723
0.014350

Table 9
𝑚4 : Result of similarity measures.
Dataset

MMD

CD

𝑠41
𝑠42
𝑠43
𝑠44
𝑠45
𝑠46
𝑠47
𝑠48
𝑚1
𝑚2
𝑚3

0.002435
0.019756
0.144386
0.197864
0.224198
0.222861
0.172684
0.125496
0.0580203
0.145118
0.523904

0.000003
0.000018
0.008293
0.009978
0.009580
0.046432
0.161758
0.153931
0.009487
0.001436
0.014350

the estimation and adoption of the decision thresholds in Hypotheses 2
and 3 indicate that the loaner based on the MMD and CD metrics can
successfully determine whether a candidate borrower can be delivered
loaner’s model for reusability or not, based on the similarity of the
corresponding datasets. This statistical-based decision making on model
reusability denotes the essential component of the knowledge reuse.
The next step in assessing the performance of the reused models on
borrowers’ data is to study the discrepancy of the quality analytics
metrics introduced in Section 6.1.
We now report on the performance metrics outcomes for the models
built on the data of the loaner being evaluated on the borrower’s
14
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Fig. 4. Density plots of LR for 𝛥𝜖𝑖𝑗 in Scenario I.

datasets present (refer to Table 2). We should note that a positive
expected E[𝛥𝜖𝑖𝑗 ] is anticipated since this indicates that the borrower’s
performance is better than the original loaner; similarly, a negative
E[𝛥𝑅2𝑖𝑗 ] and E[𝛥𝜌𝑖𝑗 ] are more anticipated due to the fact that they
represent a better performance of models for borrowers. Hence, when
we report on the range of quality of analytics for 𝛥𝜖𝑖𝑗 , we discourage the results whose E[𝛥𝜖𝑖𝑗 ] < −𝐶 for a specific cut-off analytics
threshold, which is application specific for different tasks and different
performance metrics. Conversely, we would not reuse models whose
performance metrics E[𝛥𝑅2𝑖𝑗 ] or E[𝛥𝜌𝑖𝑗 ] exceed 𝐶. For demonstration,
we illustrate the results we obtained having the dataset 𝑚1 as loaner 𝑗’s
dataset 𝐗𝑗 and the other datasets are associated with borrower nodes
with datasets 𝐗𝑖 . To investigate the potential discrepancy occurred in
reusing supervised regression models, we examine the model fitting
difference 𝛥𝑅2𝑖𝑗 and predictability difference 𝛥𝜖𝑖𝑗 . Figs. 4 and 5 show
the distribution (density) of the discrepancy metrics 𝛥𝑅2𝑖𝑗 and 𝛥𝜖𝑖𝑗
after the reusability of loaners’ LR models by successfully matched
borrowers (w.r.t. datasets). One can observe that the derived patterns
of such metrics are aligned with the initial hypothesis of reusing models
over similar datasets by obtaining satisfying quality of analytics. This
indicates the applicability of the BLM process in identifying loanerborrower pairs, which can share/reuse models, achieving satisfactory
predictability and model fitting analytics. Specifically, we can observe
that the distributions of 𝑠1 − 𝑠8 are separated apparently and the higher

Fig. 5. Density plots of LR for 𝛥𝑅2𝑖𝑗 in Scenario I.

percentage of errors added, the worse the performance metrics. Also, 𝑚3
has the best result w.r.t. the quality of analytics performance metrics
as 𝛥𝑅2𝑖𝑗 → 0 and 𝛥𝜖𝑖𝑗 → 0. We obtain similar results and conclusions
of the BLM process regarding SVR models reusability as evidenced in
Figs. 6 and 7.
Regarding the unsupervised/novelty detection models reused by the
matched borrowers, we report on the discrepancy of novelty detection
accuracy of OCSVM (refer to Table 2). Fig. 8 shows that |𝛥𝜌𝑖𝑗 | increases
with an increases in the proportion of noisy data. However, compared
𝑚
with 𝛥𝜌𝑖𝑗 of 𝑚3 , that of 𝑚4 indicates better result since 𝛥𝜌𝑖𝑗4 is closer to
0, which can be explained by the learned boundaries shown in Fig. 9.
Specifically, from Fig. 8, obtaining a 𝛥𝜌𝑖𝑗 < 0 but close to zero indicates
that 𝑚4 has fewer outliers than the original 𝑚1 , although 𝑚3 is similar
to 𝑚1 rather than 𝑚4 . Fig. 9 also illustrates why this happens, since
the inlier data points (marked purple) are mostly concentrated around
the data points (marked red). Nonetheless, from the perspective of
investigating that similar datasets have a similar proportion of inliers,
the reused OCSVM over 𝑚4 achieved better performance than applied
reused on 𝑚3 . Even in that case, this does not spoil our belief since with
𝑚3 we obtain 𝛥𝜌𝑖𝑗 < 0.1.
15
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Fig. 6. Density plots of SVR for 𝛥𝜖𝑖𝑗 in Scenario I.

Finally, we investigate the efficiency of reusability for different
performance metrics given a specific cut-off threshold 𝐶 to be acceptable degradation of the quality of analytics: 𝐶 ∈ {0.1, 0.2, 0.4}. We
summarize the results in Tables 10 and 11. Notably, we use the mean
of the estimated performance values. {𝛥𝜖𝑖𝑗 , 𝛥𝑅2𝑖𝑗 , 𝛥𝜌𝑖𝑗 }. The reusability
efficiency is defined as the ratio where the denominator stands for the
number of candidate borrowers be suggested in the set 0 based on
different threshold values (see Algorithms 1 and 2); and the nominator
denotes that detected borrowers with similar/identical datasets under
threshold values 𝛼 ∗ or 𝛽 ∗ ; NaN represents the case when denominator
is zero. As we can observe, the number of detected similar dataset is
fixed as long as we decided on the threshold values 𝛼 ∗ &𝛽 ∗ . Hence, if
an improvement in efficiency is needed, it is potential to enlarge the
boundary of 𝛼 ∗ and 𝛽 ∗ in order to increase the possibility of detecting
more similar borrowers. Additionally, we do not report on a discussion
of false positive rate in the above tables in Scenario 1, although our
target is to optimally find the borrowers which are satisfied with quality
of analytics. For instance, when considering the case of 𝛥𝜖𝑖𝑗 (LR) with
threshold value of performance being 𝐶 = 0.2, we have three datasets
regarded as similar (𝑚3 , 𝑠11 , 𝑠12 ) and 𝑠12 is tested false positively since
the result of performance analytics metrics is above 0.2. Furthermore,
as long as the number of similar datasets is over the number of datasets
satisfying the requirement of quality of analytics, a false positive detection occurs. It is trivial to check that similar datasets decided by 𝛽 ∗

Fig. 7. Density plots of SVR for 𝛥𝑅2𝑖𝑗 in Scenario I.

Table 10
Scenario 1 (𝛼 ∗ ): Reusability efficiency over performance metrics vs cut-off quality
threshold 𝐶.
Metrics

0.1

0.2

0.4

𝛥𝜖𝑖𝑗 (LR)

NaN

100%( 22 )

100%( 33 )

𝛥𝑅2𝑖𝑗 (LR)

100%( 22 )

75%( 34 )

𝛥𝜖𝑖𝑗 (SVR)

NaN

𝛥𝑅2𝑖𝑗 (SVR)

100%( 11 )

𝛥𝜌𝑖𝑗 (OCSVM)

50%( 36 )

100%( 22 )
100%( 11 )
100%( 22 )
37.5%( 38 )

100%( 33 )
75%( 34 )
3
27.3%( 11
)

is zero false positive since it only considers 𝑠11 as similar, which will
always be satisfied because it is a white-noise version of the original
source, regardless of the change of requirement of quality of analytics.
On average, at least 75% of the borrower nodes can actually reused
the regression models from loaners, indicating the impact of the model
reusability at the network edge, while up to 50% of the borrower nodes
can reuse unsupervised learning models from loaners.
16

Journal of Network and Computer Applications 206 (2022) 103466

Q. Long et al.

Table 11
Experiment 1 (𝛽 ∗ ): Reusability efficiency over performance metrics vs cut-off quality
threshold 𝐶.
Metrics

0.1

0.2

0.4

𝛥𝜖𝑖𝑗 (LR)

NaN

50%( 12 )

33.3%( 13 )

𝛥𝑅2𝑖𝑗 (LR)
𝛥𝜖𝑖𝑗 (SVR)
𝛥𝑅2𝑖𝑗 (SVR)
𝛥𝜌𝑖𝑗 (OCSVM)

50%( 12 )
NaN
100%( 11 )
16.7%( 16 )

50%( 12 )
100%( 11 )
50%( 12 )
12.5%( 18 )

25%( 14 )
33.3%( 13 )
25%( 14 )
1
9.1%( 11
)

Table 12
Percentage of similar datasets detected (𝑥=90%).
𝑦%

𝛼 IID (%)

𝛼 ∗ Similar (%)

𝛽 IID (%)

𝛽 ∗ Similar (%)

0
2
4
6
8

89.99
89.98
90.00
89.97
89.98

90.00
92.00
94.00
95.99
97.98

90.00
90.00
90.00
89.99
89.99

90.01
90.00
90.00
90.00
90.00

7.1.1. Scenario I.A: Result interpretation
Table 12 shows the results of efficiency of decision values for
Hypotheses 2 and 3. Recall in this experiment that we have 90%
identical edge nodes (obtained by subsampling from 𝑚1 ). It is evidenced
that 𝛼 and 𝛽 values successfully detect the identical data distributions.
And, with the assistance of the 𝛼 ∗ threshold, we cluster similar datasets
sensitively as the portion of labeled as similar increases across 1000
edge nodes. Using the 𝛼 and 𝛽 decision values, we actually obtain
90% of IID edge nodes no matter how the other parts change (𝑦%
and 𝑧%), which indicates the effectiveness of the estimated threshold
values in BLM decision making. The 𝛼 ∗ threshold seems to be more
sensitive to the change of 𝑦. This can be exploited to adjust the degree
of degradation of model performance of model reuse should we desire
to increase our tolerance of such a degradation (which is application
specific), i.e., some dissimilar datasets can be considered as similar.
This, however, depends on the analytics application and the desired
trade off level. For instance, in our proposed settings, we ensure that
the degradation of model performance in model reusability would
not be significantly unacceptable. Hence, in our experiments, all the
degradations for different quality performance metrics are confirmed to
be in the range [−0.2,0.2]. This reflects the flexibility of adopting the 𝛼 ∗
threshold for adjusting the trade-off between efficiency of resource utilization and quality of analytics due to model reusability, although the
performance of the models is not monotonically related to similarity.

Fig. 8. Density plots of OCSVM for 𝛥𝜌𝑖𝑗 in Scenario I.

7.2. Scenario II: Result interpretation
In this scenario, we have no prior information about the relationship between loaners’ and borrowers’ datasets (similar, identical or
not). Nonetheless, in order to provide a fair performance assessment,
we adopt the t-distributed Stochastic Neighbor Embedding (t-SNE) to
visualize data projecting the original data into a lower dimensional
data space (in two dimensions here). Hence, the projected datasets
can be visualized without spoiling inherent patterns hidden behind
the original data. The performance of t-SNE depends on the degree
of perplexity; the higher the perplexity value, the higher the chance
that different datasets would be correctly differentiated. To avoid overfitting and ensure a feasible convergence rate of t-SNE, we choose
degree of perplexity 𝑑𝑃 = 20 and learning rate 𝜂 = 500. From Fig. 10, we
can figure out the similarity between pairs of datasets, corresponding
to different edge nodes. Moreover, for an illustration of showing the
underlying correlations among the features of the edges’ datasets, it is
essential to present their pairwise correlations and associated density
plots in Fig. 11.
To report on the performance of the knowledge reuse mechanism,
we show our findings related to the case where 𝑚1 is the dataset of the

Fig. 9. Novelty detection data-space boundary (red curve) adopting OCSVM over 𝑚1 .
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Fig. 10. t-SNE dataset projection in Scenario II (not all datasets are visualized).

loaner node of Site 1 (refer to Section 6.2.2). Table 13 illustrates the
results of similarity measurements, CD and MMD, regarding loaner’s
𝑚1 and the borrowers’ datasets. For the sake of judging whether they
are similar or not, we provide the corresponding decision values in
Table 14 to test Hypotheses 2 and 3. Firstly, we conclude that all 𝑚𝑘 ,
where 𝑘 ∈ {2, … , 12}, are not IID to 𝑚1 , as also evidence in Fig. 12.
Evidently, we propose these two methods to decide whether or not
the detected dataset is similar, however, they do not always agree on
obtaining the same result, due to different statistical synopses used. In
Fig. 12, 𝛼 ∗ is above all the borrowers’ datasets 𝑚𝑘 based on MMD,
suggesting that all 𝑚𝑘 are similar. If we adopt 𝛽 ∗ , the four datasets
{𝑚3 , 𝑚4 , 𝑚10 , 𝑚12 } are considered dissimilar. Moreover, the proposed
methods are also influenced by the nature of the ML models under
reusability. For instance, by considering 𝑚12 , we obtain the least 𝛥𝜖𝑖𝑗
in Fig. 13, while the adoption of 𝛽∗ suggests that we drop it out of
the candidate set of borrowers. Following decisions based on the 𝛼 ∗ ,
(i.e., accept all 𝑚𝑘 as similar), it would include some not so similar
datasets/borrowers, like 𝑚12 , in the candidate borrowers’ list.
Investigating the reusability of LR models, we observe from Figs. 13
and 14 that 𝜖𝑖𝑗 of 𝑚3 is the largest and 𝑅2𝑖𝑗 of that is the smallest, which
suggests that while reusing the LR model, only its reuse efficiency on
𝑚3 regarding model fitting is acceptable. In addition, if we rely on the
reusability decision made by 𝛽 ∗ , the dissimilar datasets identified would
advise loaners to correctly drop out the borrowers with 𝑚12 dataset,
note, the corresponding 𝛥𝜖𝑖𝑗 and 𝛥𝑅2𝑖𝑗 are less than 0.1.
Given the reusability of SVR models, Figs. 15 and 16 show that
model reusability on the borrower with 𝑚6 has a partially worst outcome due to its corresponding smallest 𝛥𝜖𝑖𝑗 , i.e., indicating lower
predictability capacity, and the largest 𝛥𝑅2𝑖𝑗 , i.e., indicating a low
model fitting capacity. However, given a confidence of |𝛥𝑅2𝑖𝑗 | < 0.1,
the reusability for the LR and SVR models not only in the aspect of
predictability but also that of model fitting can be supportive to the
conclusion that all borrowers associated with the {𝑚2 , … , 𝑚12 } datasets
are similar to loaner’s 𝑚1 . Nevertheless, decision on SVR reusability is
different with that on LR reusability. Indicatively, by adopting 𝛽 ∗ on
our BLM decision for reusing the SVR model, we can successfully detect
𝑚12 with 𝛥𝑅2𝑖𝑗 ≈ 0.1, while excluding potential suitable candidates
having the 𝑚3 , 𝑚4 and 𝑚10 datasets. Similar reasoning is obtained
by investigating the impact of adopting MMD and CD in different
regression models in light of securing a maximum number of borrowers
that can reuse specific regression models while keeping the quality of
analytics in high levels (in terms of predictability and model fitting)
and trading off computational cost and model reusability, especially in
resource constrained borrower edge nodes.

Fig. 11. Pairwise relationships between variables in Scenario II (not all pairs of
variables are visualized).

Table 13
𝑚1 : Result of similarity measures.
Dataset

MMD

CD

𝑚2
𝑚3
𝑚4
𝑚5
𝑚6
𝑚7
𝑚8
𝑚9
𝑚10
𝑚11
𝑚12

0.04577
0.082485
0.040601
0.041787
0.041149
0.045649
0.040483
0.040999
0.038109
0.040897
0.038709

0.000033
0.000257
0.000258
0.000056
0.000062
0.000074
0.000103
0.000072
0.000240
0.000191
0.000309

Table 14
Hypotheses 2 and 3 testing statistics for LR 𝑓𝑗 model.
Name

𝛼

𝛽

𝛼∗

𝛽∗

𝑚1

0.020312

1e−06

0.370716

0.000197
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Fig. 12. (Upper) CD and (lower) MMD decision values in Scenario II for all datasets (edge sites).
Table 15
Scenario 2 (𝛽 ∗ ): Reusability efficiency over performance metrics vs cut-off quality
threshold 𝐶.

Finally, we study the discrepancy of the quality of novelty detection
metric 𝛥𝜌𝑖𝑗 of OCSVM models. Fig. 17 suggests that the borrowers
of 𝑚3 and 𝑚7 possess the highest 𝛥𝜌𝑖𝑗 , which are correctly excluded
from the BLM process, while most of the 𝛥𝜌𝑖𝑗 values for the other
borrowers range from 0 to 0.1. This indicates the effectiveness of the
reusability of the classification models at the network edge; notably,
63.6% of borrower nodes can reuse the loaner’s model with high
confidence. In conclusion, whereas, for different models, we obtain
different combinations of loaner-borrower pairs, which can satisfy the
requirements of the entitled analytics applications for model reuse
performance. Although MMD and CD will not produce the same decision for the same borrower’s dataset given different models, they
can be used to guide the loaners when to reuse models in both cases:
identical and similar datasets. We can assure that MMD and CD can
both be indicative metrics adopted by the BLM process to effectively
and efficiently deliver the model reuse initiative, leaving flexibility to
the analytics applications to trade-off quality of model reusability and
resource usage at the network edge.
We also examine the efficiency of reusability in this scenario by
observing small values of performance metrics, i.e., setting the threshold value 𝐶 ∈ {0.05, 0.1, 0.2} in Table 15. In this experiment, the
ground truth is that the number of detected similar datasets under 𝛼 ∗
is eleven. It is trivial to present the corresponding reusability since
they will always equal to 100% if we have at least one dataset whose
performance metrics are satisfied with the requirement. And it, in
hence, inspires us to differentiate the performance of 𝛼 ∗ with 𝛽 ∗ based

Metrics

0.02

0.05

0.1

𝛥𝜖𝑖𝑗 (LR)

83.3%( 56 )

7
63.6%( 11
)

7
63.6%( 11
)

𝛥𝑅2𝑖𝑗 (LR)

85.7%( 67 )

7
63.6%( 11
)

7
63.6%( 11
)

𝛥𝜖𝑖𝑗 (SVR)

7
63.6%( 11
)
7
63.6%( 11
)

63.6%( 13 )

𝛥𝑅2𝑖𝑗 (SVR)

66.7%( 69 )
66.7%( 69 )

𝛥𝜌𝑖𝑗 (OCSVM)

NaN

NaN

7
63.6%( 11
)
75%( 34 )

on false positive rate in Tables 16 and 17. The denominator of the
false positive rate ratio is the total number of datasets being detected
as similar, while the nominator is the number of datasets which are
labeled as similar but not satisfied with the requirement of quality of
analytics. For a specific threshold of experiment performance metric,
the optimal decision is to find the candidate borrowers 0 produced
by our Algorithm 1 and 2, which has 100% reusability with zero falsepositive rate. For instance, in the case that when we set 𝐶 = 0.05 for
𝛥𝜖𝑖𝑗 (𝐿𝑅), if we adopt the value of 𝛼 ∗ to decide, we can perfectly detect
all satisfying similar datasets with zero false-positive rate. Overall,
we obtain high reusability efficiency (at least 67% for a strict cut-off
quality threshold) regarding regression models with relatively low, and
zero in certain cases, false positive rate, illustrating the effectiveness
and robustness of the knowledge reuse paradigm.
19

Journal of Network and Computer Applications 206 (2022) 103466

Q. Long et al.

Fig. 13. Density plots of LR for 𝛥𝜖𝑖𝑗 in Scenario II.

Table 16
Scenario 2 (𝛼 ∗ ): False positive rate for different performance metrics vs cut-off quality
threshold 𝐶.
Metrics

0.02

0.05

0.1

𝛥𝜖𝑖𝑗 (LR)

5
45.5%( 11
)

0
0.0%( 11
)

0
0.0%( 11
)

𝛥𝑅2𝑖𝑗 (LR)

4
36.4%( 11
)
2
18.2%( 11
)
2
18.2%( 11
)
100%( 11
)
11

0
0.0%( 11
)
0
0.0%( 11
)
0
0.0%( 11
)
100%( 11
)
11

0
0.0%( 11
)

𝛥𝜖𝑖𝑗 (SVR)
𝛥𝑅2𝑖𝑗 (SVR)
𝛥𝜌𝑖𝑗 (OCSVM)

Fig. 14. Density plots of LR for 𝛥𝑅2𝑖𝑗 in Scenario II.

7.3. Scenario III: Results and interpretation

0
0.0%( 11
)
0
0.0%( 11
)

In this experiment, we examine the feasibility of SSE as the
lightweight indicator of MRM. We firstly investigate the relatedness
between SSE and MMD metrics. We notate the MMD between loaner’s
𝑚1 with one of the borrowers’ datasets among {𝑚2 , 𝑚3 , 𝑚4 } as ’vs
𝑚𝑘 ’. In Fig. 18, we observe that MMD is informative to the guidance
of knowledge reuse and monitoring of the quality of analytics of
the reused model. Specifically, SSE is a direct performance indicator
of the borrowed model such that a relatively small MMD averagely
corresponds to a relatively small SSE. By observing that the SSE of
𝑚2 is relatively low at the beginning and the corresponded MMD is
at acceptable levels, 𝑚2 has the best model reusability considering
𝑚𝑘 , 𝑘 ∈ [2, 3, 4] being potential borrowers. The SSE of 𝑚3 is even lower
than 𝑚1 itself with a relatively low MMD. Furthermore, Although at
the beginning the MMD values of the three datasets are close to each
other, while considering the entire time range, we observe that the
average MMD and SSE of the plot corresponding to 𝑚3 is the lowest,
which conforms the previous statement that 𝑚3 is the most similar to
𝑚1 compared with the other two data sets. Another pattern we observe

7
63.6%( 11
)

Table 17
Scenario 2 (𝛽 ∗ ): False positive rate for different performance metrics vs cut-off quality
threshold 𝐶.
Metrics

0.02

0.05

0.1

𝛥𝜖𝑖𝑗 (LR)

28.6%( 27 )

0.0%( 07 )

0.0%( 07 )

𝛥𝑅2𝑖𝑗 (LR)

14.3%( 17 )
14.3%( 17 )
14.3%( 17 )
100%( 77 )

0.0%( 07 )
0.0%( 07 )
0.0%( 07 )
100%( 77 )

0.0%( 07 )

𝛥𝜖𝑖𝑗 (SVR)
𝛥𝑅2𝑖𝑗 (SVR)
𝛥𝜌𝑖𝑗 (OCSVM)

0.0%( 07 )
0.0%( 07 )
57.1%( 47 )
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Fig. 15. Density plots of SVR for 𝛥𝜖𝑖𝑗 in Scenario II.

is that the change of SSE is almost predictive-ahead for MMD. That
is, an increase or decrease in SSE occurs before MMD. The average
value of the plots increases, which corresponds to ‘vs 𝑚2 ’ and ‘vs 𝑚4 ’,
suggesting that the trends of MMD coordinate with that of SSE. By
observing from the time-series plot of 𝛥𝑆𝑆𝐸 in Fig. 19, we can observe
that the 𝑚3 plotted line at the right part of these plots is close to that
of 𝑚1 , which indicates that the borrower of the dataset 𝑚3 becomes the
best model-reusability borrower.
With model maintenance or replacement in MRM under data
streams, we can then adopt SSE to locally and efficiently monitor
(𝑂(1) time and space as discussed in Section 5.1) the entire process
of knowledge reuse on the borrower side. Considering Fig. 19, the
length 𝑁 of the sliding window does not heavily affect the 𝛥𝑆𝑆𝐸
evolution. We can also derive that the 𝛥𝑆𝑆𝐸 of 𝑚3 continues to
achieve a stable state with variance var(𝛥𝑆𝑆𝐸) → 0 progressively.
Correlating with Fig. 18, we observe that most of 𝛥𝑆𝑆𝐸 values of
𝑚2 are positive, resulting in an increase of SSE; on the contrary, the
majority of 𝛥𝑆𝑆𝐸 values corresponded to 𝑚3 are shown negative.
Evidently, the accumulation of positive 𝛥𝑆𝑆𝐸 values would ruin the
model reusability, thus triggering the MRM to set off a new BLM process
based on the proactive forecasting decision making as will be discussed
in the remainder of this section.
Following our notation 𝛥𝑆𝑡 = 𝑍𝑡 , it is sufficient to analyze the 𝑏𝑡 ,
the level of trends, while 𝜁𝑡 > 0 since 𝑏𝑡 determines the scale of 𝑍𝑡 by

Fig. 16. Density plots of SVR for 𝛥𝑅2𝑖𝑗 in Scenario II.

Fig. 17. Density plots of OCSVM for 𝛥𝜌𝑖𝑗 in Scenario II.
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Fig. 18. MMD and SSE time series plots corresponding to different length 𝑁 of sliding
window, (a) 𝑁 = 100, (b) 𝑁 = 150, and (c) 𝑁 = 300, in Scenario III.

Fig. 19. Time series plots of 𝛥𝑆𝑆𝐸 corresponding to different length 𝑁 of sliding
window, (a) 𝑁 = 100, (b) 𝑁 = 150, and (c) 𝑁 = 300, in Scenario III.

multiplying 𝜏0 . It is noteworthy that the trends and levels coefficient
of HW model 𝑏𝑡 and 𝜁𝑡 are considered as constants when we predict 𝑍𝑡
(𝑚 )
at the time instance 𝑡. In Fig. 20, we observe that the trend effect 𝑏𝑡 1
does not show high peaks, indicating a no significant potential future
change of 𝑍𝑡 corresponding to 𝑚1 dataset (being the ground truth that
the models are trained on). However, high positive peaks of the trends
(𝑚 )
(𝑚 )
𝑏𝑡 2 and 𝑏𝑡 4 indicate that their forecasting potentially exceeds the

acceptable expectation of 𝛥𝑆𝑆𝐸. This suggests the triggering of a new
BLM process when the times of excess are beyond the pre-defined tolerance levels. Further, according (19), we calculate 𝑍̂ 𝑡+𝜏0 , which is the
estimation of 𝑍𝑡+𝜏0 . To be conservative, we set 𝜏0 = 5 since the accuracy
of step-ahead-prediction would decrease as the increase of number of
steps and choose the threshold value as 𝜃 = 20. Fig. 21 elucidates how
22
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the boundary of 𝛽 ∗ by increasing exponent in 𝑒𝑐(1+ln(𝜅)) by an arbitrary
coefficient 𝑐 > 0 in (11). This will make 𝑚3 be dissimilar to 𝑚1 (in
Scenario II), which sacrifices the loss of potential candidate borrowers.
We then propose a pre-train step to decide the coefficient 𝑐 as long as
there are many similar datasets at the initial step. Currently, the GMMbased algorithm is an acceptable substitution of the optimal solution,
while we only have available resources at loaner nodes. Although CD
can reflect the change of noise sensitively, the complexity might be a
potential challenge for large-scale datasets.
As the number of features to increase, CD tends to have poorer
results. Since CD depends on the estimation of the eigenvectors, the covariance matrix estimation becomes computational intensive for highdimensional data. In this case, it is not trivial to obtain accurately
approximated eigenvectors. In contrast, MMD has the generality for
real data due to the advantage of adopting the well-known kernel trick
along with a developed solid theoretical background. This makes our
mechanism proper in resources-constrained environment complexitywise.
Overall, we recommend using 𝛼 ∗ and 𝛽 ∗ values to cluster similar
datasets and 𝛼 and 𝛽 values to group identical data, aiming at realizing
model reusability. In Experiment II, although our method does not
100% detect similar datasets for different models with different model
performance metrics, we are given confidence that the performance
of loaner’s model over similar data would be in the satisfying and
acceptable range with different performance metrics for evaluation.
This suggests that we can benefit from knowledge reuse safely, but
missing some chances to lend the models to borrowers, which supposedly possess similar data. The result of Experiment II suggests that
we can detect qualified similar data and then enable these borrower
nodes which have similar data to be idle, contributing to the energy
and saving. However, the limitations of the proposed algorithms exist
due to the diversity of tasks and data. In this paper, we only consider
multivariate and multi-valued data vectors and adopted numeric-metric
learning schemes to measure the similarity. While our method depends
on the performance of GMM, which builds the ground truth of the
similarity metrics, in the future we investigate the adoption of an
adjustable GMM method that can mitigate such dependency dependent
on the ML model characteristics (e.g., parameters and convergence
rate). From the experimental results, it is apparent that the tradeoff between the quality of analytics and the advantages brought by
knowledge reuse, such as energy and computation-saving in borrower
nodes.

Fig. 20. Time series plot of 𝑏𝑡 for HW model based on 𝑍𝑡 in Scenario III.

Fig. 21. HW model: time series plot of upper bound of confidence interval for 𝑍̂ 𝜏0 =5
with 𝜃 = 20 in Scenario III.

9. Conclusions
(𝑚 )
(𝑚 )
𝑍̂ 𝑡+𝜏0 will behave as time goes by. It is evident that 𝑍̂ 𝑡+𝜏2 and 𝑍̂ 𝑡+𝜏4
0
0
exceed the threshold value many times, indicating that a BLM process
should be activated by the borrowers locally monitoring the usability of
the reused model. We should also mention that the prediction interval
is significantly affected by the variance in the historical datasets.

In this paper, we introduce the knowledge reuse paradigm relying on the rationale that locally trained ML models on certain edge
nodes can be reused by other nodes under the notion of datasets
similarities. We propose two dataset similarity algorithms based on
the minimum sufficient statistical knowledge derived from a modified kernel-driven maximum mean discrepancy metrics and cosine
similarities of the principal (eigenvector) components. These synopses
are exchanged among edge nodes to materialize the knowledge reuse
paradigm and provide a decision-making framework for determining
on feasible models reusability. As it is showcased in our experimental
evaluation over real and synthetic datasets, the proposed algorithms
and mechanisms require only a little information (statistical synopsis)
to be exchanged among nodes (coined loaners and borrowers), thus
yielding a resource-aware lightweight BLM process. We also showcase,
via three experimental scenarios, the advantage of reusing trained models over nodes with similar datasets, thus eliminating the need to locally
build models a new in light of saving computational resources and
communication overhead. Our algorithms have guaranteed to provide
acceptable quality of analytics via model reusability, as evidenced by
the defined discrepancy performance metrics over fundamental and
widely adopted supervised and unsupervised learning models. This

8. Discussion & limitations
MMD projects the whole distribution to a high feature space and
compares the discrepancy between the kernel means. MMD considers
the range of the dataset, which is the reason why the MMD between
𝑚1 and 𝑚3 is less than that between 𝑚1 and 𝑚2 . On the contrary, CD
focuses more on the directional and norm discrepancy for the first
principal components. However, the results of the synthetic datasets
𝑠𝑖𝑘 , 𝑖 ∈ [8], 𝑘 ∈ [4] remind us that CD is more effective to detect
the change of variance between two dissimilar datasets. Our results
draw to the conclusion that CD is sensitive to the quantity of the
mixture of wide-dispersion (variance) data. The MMD is practical to
assess the model reusability on the account of that it provides more
elasticity. This means that a dataset can be detected as similar with
higher probability based on the 𝛼 ∗ value. It would be possible to shrink
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indicates the applicability of the knowledge reuse paradigm in resource constrained environments, where nodes (borrowers) can exploit
and reuse models (from loaners) in order to support their predictive
modeling and inferential analytics applications, without spending their
resources for model (re)training and verification. In addition, given
the potential changes of the underlying data in dynamic EC environments, we introduce a lightweight monitoring mechanism (MRM) over
the edge nodes that can autonomously determine and assess whether
the reused models turn obsolete or useless (in terms of quality of
analytics). In this case, nodes, being proactive, can forecast when to
start off the seeking process of finding more appropriate models to be
reused/adopted with high confidence.
Our future agenda involves improvement of the knowledge reuse
paradigm towards globally quantifying the datasets similarity and BLM
process. Specifically, we are investigating flexible and holistic mechanisms that can automatically determine the similarity threshold values
in the BLM process involving the expected predictability of the reused
ML models. This mechanism will be designed to engage data augmentation and meta-learning principles to estimate similarity threshold
values, taking into consideration the nature of the ML models being
reused. It is anticipated that this enhancement will provide lightweight
statistical synopses to be exchanged over complex real data (including
images, data streams) and potentially reused Deep Learning models.
This will pave the way for a holistic framework for knowledge reuse in
edge computing.
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