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Abstract

In the era of big data and Internet-of-Things (IoT), ubiquitous smart devices con-

tinuously sense the environment and generate large amount of data. So that infer-

ence and learning techniques play key roles in IoT, which can create knowledge and

unveil important information from the sensory data. An IoT network with only

centralized processor or cloud-based remote server may lead to heavy data traffic

and long system latency. Such unfavorable consequences have been gradually be-

coming major concerns which hinder further applications of IoT technologies. By

applying the concept of edge computing, computation and data storage resources

are distributed closer to the end nodes in the IoT networks. These intelligent

end nodes can be organized into distributed or decentralized local networks that

support cooperative inference and learning, which is promising to reduce the data

volume to be uploaded to the central processor, shorten the response time, and im-

prove robustness and scalability. However, in typical IoT networks, resources like

computing power, communication bandwidth and energy budget is rather limited.

Therefore it is essential to explore approaches for the inference and learning that

can make the most of local resources and reduce unnecessary consumption.

In this thesis, we study cooperative inference and learning schemes for the IoT

networks with only limited resources. We address this topic by developing appro-

priate distributed least-mean-square (LMS) algorithms for inference and learning

from linear models and cooperative deep learning-based face recognition pipeline

for inference and learning from nonlinear models. To be more specific, this thesis

covers the following aspects:

• Firstly, we consider a wireless sensor network (WSN) in the context of IoT

where every nodes have a common learning objective, performing distributed

LMS estimation cooperatively by means of exchanging local intermediate
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estimates. To preserve the merits of local cooperation and save energy budget

as well as communication resources at the same time, a diffusion strategy

with event-based communication policy is proposed, in which nodes exchange

information with their neighbors only when a criterion is satisfied. By doing

so, the diffusion network can significantly reduce communication overhead

while being able to achieve satisfactory steady-state mean-squared deviation

(MSD) performance.

• Secondly, we consider a WSN consists of multiple clusters of nodes where only

the nodes belong to the same cluster share the same learning objective. In this

scenario, inappropriate cooperation among nodes belongs to different clusters

may worsen learning accuracy and waste the limited resources. To avoid

this issue, we propose a multitask diffusion strategy whose mean stability is

independent of the inter-cluster cooperation, based on which we also develop

optimization schemes in order to allow every nodes to optimize their inter-

cluster cooperation with neighbors in different clusters. As such, the entire

diffusion network are able to achieve better learning performance compared

to the case where no inter-cluster cooperation is utilized among clusters.

• Finally, in addition to online learning from linear data model, cooperative

learning from nonlinear model is also studied. To be specific, we designed a

face recognition pipeline for IoT surveillance application by using convolu-

tional neural network (CNN)-based deep learning techniques. The pipeline

is implementable with low-cost embedded IoT devices, and is able to achieve

short-enough image-to-result latency. We showed that local cooperation

among these low-cost embedded devices can lead to enhanced learning per-

formance. The results imply that deep learning tasks can be realized in local

IoT network with limited resources instead of uploading raw data to a power-

hungry central processor resides remotely or on the cloud by spending a lot

communication bandwidth, which could also reduce the system latency at

the same time.

xiv
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Chapter 1

Introduction

1.1 The Emerging Internet-of-Things

As technology keeps evolving and advancing, the cost of computing power, data

and energy storage declines continuously, which makes embedded devices with on-

board sensing, processing and communication abilities more and more ubiquitous.

Through various of device-to-device networking solutions such as Bluetooth, Wi-Fi,

ZigBee, NB-IoT, LoRa, GSM, and the emerging 5G technologies [1–3] smart devices

can be interconnected seamlessly and organized into the paradigm of the Internet-

of-Things (IoT), in which every nodes in the sensor networks can be connected to

the Internet for information exchanging as they collect and process data from the

physical world [4–7]. The number of connected smart devices in the IoT is expected

to increase dramatically in the near future. According to some latest study, it is

believed that there would be more than 50 billion devices connected to the IoT by

the year of 2020 [7].

Through the platform of IoT, connected sensing, computing, and communica-

tion resources will be distributed around almost every corner of the world, which

offers capabilities like location sensing, environment sensing, remote controlling,

ad hoc networking and secure communication [4]. The IoT technologies can con-

siderably improve the quality, boost the efficiency and even making revolutionary

transformations in the fields like industry manufacturing, agriculture, logistics,

transportation, power grids, environmental protection, smart home and Health

care, etc [4,8–14]. Meanwhile, vast number of IoT nodes generate huge amount of

1



data in rapid velocity. Therefore, it is essential to develop appropriate inference

and learning techniques for IoT applications, so as to convert raw data into mean-

ingful information or knowledge efficiently [7,15], and realize the enhancement for

individuals’ daily life, companies’ decision making, and industries’ operations by

utilizing the extracted insights [6].

1.2 Inference and Learning for IoT

In this thesis, we use the terminology inference and learning for IoT to refer to

analyzing noisy real-time sensor data streams collected in the context of IoT by

signal processing or machine learning techniques in order to assist the understand-

ing of the data and making decisions or predictions. To be specific, we consider

two typical categories of inference and learning problems and related solutions in

the context of IoT.

1.2.1 Adaptive Filtering with LMS

The first category of inference and learning problem for IoT is real-time estimation

of unknown parameters from a linear regression data model. Parameter estimation

problems widely exist in various IoT applications. For example, the parameter of

interest may represent the environment indicators such as temperature, humidity

or pollutant density in smart city application, or represent the location of an object

such as a piece of inventory or an AGV in logistics or manufacturing process, or

represent the parameters of power system in smart grids, or the available chan-

nel information for cognitive radio which is also an important application in IoT

context [16–20].

In this thesis, we will address real-time parameter estimation by adaptive fil-

tering techniques. From machine learning perspective, adaptive filtering can also

be referred to as the online learning which relies on stochastic gradient descent

(SGD) method to handle real-time data processing task [16, 21]. Compared to

the inference and learning techniques like the maximum likelihood estimation, the

maximum a posterior estimation, Kalman filtering, or expectation-maximization,

adaptive filtering algorithms do not require the a prior probabilities or statistics

2



of involved random variables, which makes them very convenient to apply [15,21].

According to the specific cost function, there are two major families of adap-

tive filtering algorithms, namely the least-mean-squares (LMS) and recursive least-

squares (RLS). The former one minimizes the mean-square error (MSE) cost

J(w) = E(d− uTw)2 (1.1)

to find the optimal estimate of parameter w ∈ RM , where d ∈ R and u ∈ RM

are zero-mean jointly distributed random variables and related with each other via

model

d = uTw + v (1.2)

where v denotes zero-mean noise variable. while the RLS algorithm minimize the

least-squares cost

J(w) =
n∑
i=1

(d(i)− u(i)Tw)2, (1.3)

or regularized version of (1.3), where {d(i), u(i)}, i = 1, 2, . . . , n are n sets of ob-

served realizations of random variable d and u that satisfy the model in (1.1).

Compared to the LMS, RLS converges faster, but RLS is less numerically stable

and more computationally intensive. To be specific, the computational complexity

of LMS is only O(M) which could be much less than RLS whose complexity is of

order O(M2) (M is the dimension of unknown parameter) [21]. In summary, LMS

algorithm is able to adaptively learn and track the unknown parameter and is also

very computational efficient, which needs little memory and storage space. These

merits makes LMS an ideal choice for inference and learning in IoT applications

especially for big data context [21–23].
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1.2.2 Face Recognition with CNN

The adaptive filtering such as LMS algorithm can be regarded as a supervised online

learning process where optimal parameter is estimated or learned from training

data streams {d(i), u(i)}, here {u(i)} are input data (or samples) and {d(i)} are

desired output response (or labels).

In addition to the online learning from data streams generated by linear models

like (1.2), the second category of inference and learning problem for the IoT is

classification using feature vectors extracted by nonlinear model such as the deep

convolutional neural networks (CNN) [24, 25]. In particular, we consider the face

recognition, one of the fundamental techniques for visual security and surveillance

which is an important and trending application in the context of smart city, smart

building or smart home [26–29]. Technically, face recognition is a special case

of classification task that belongs to supervised learning generally, in which the

algorithm and system need to associate a correct identity label (i.e., the desired

output response) to the facial features extracted from video frames (the input

data). The development of CNNs has remarkably improved the performance of

computer vision tasks like classification, detection and recognition, since CNNs are

able to learn robust and discriminative deep features [30–33], which makes CNNs

the most suitable and the most widely utilized deep learning model for diverse

computer vision problem [25, 34, 35] as well as one of the foundational technique

for addressing vision-based big data analytics in the IoT context [36].

1.3 The Need of Local Intelligence and Cooper-

ation

Considering the large number of IoT nodes, the rapid data generation velocity, and

the places where data is generated are usually distributed over large geographical

space, using a pure centralized architecture to perform inference and learning from

real-time stream data may not be the suitable choice, and inevitably exposes to

some critical limitations. Since there is only one central fusion center which is

possibly on the cloud takes the role of data processing, it is difficult to meet the

following requirements for the real-time IoT applications [37].
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• Short latency. For examples, in the context of smart manufacturing, real-time

adjustment and control is of a basic requirement, the latencies incurred in the

loop from sensing data to decision making are desirable to be kept as short

as milliseconds. For the formation coordination and fleet control of drones or

automated guided vehicles, position estimation and driving commands have

to be made in real time, it is preferred that the system can be operated with

latencies less than tens of milliseconds [38].

• Communication bandwidths and energy constraints. Vast number of nodes

can generate enormous amount of data, sending all these data to the central

fusion center requires prohibitively large bandwidth and consume a lot of

energy at the same time, especially in the smart visual surveillance applica-

tions, transmitting video streams to remote processor is not only impractical

but also unnecessary. Besides, many typical IoT devices are small battery-

powered embedded smart sensors nodes which cannot sustain to transmit

high volume of data over long distance and keep low error rate the same

time. Moreover, the limited availability of bandwidth can even worse the

system latency.

To deal with the above challenges, it is advantageous to use edge computing

to endow IoT end nodes or edge devices with local intelligence as well as resouces

like communication, data storage [7,38–41], which can significantly reduce network

latency, save bandwidth and energy budget. In addition, new nodes can also be

integrated to the existing sensor network easily by local ad-hoc networking to in-

crease the covering area or replace malfunctioned nodes, so that system robustness

and scalability can also be improved. As such, central fusion center can be config-

ured to perform higher-level delay-insensitive and more computation-intensive big

data analysis tasks. For example, to extract useful insights from historical records

collected periodically from IoT end nodes or edge devices, and then use this infor-

mation to adjust the settings or optimize the behavior of IoT end nodes or edge

nodes for a more effective utilization of limited resources.

On the other hand, the information collected by a single node is usually limited

by its noise power and location, and hence may not be representative enough to

achieve ideal inference and learning performance. So that, some nodes could per-
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Figure 1-1: Topology diagram shows typical IoT architectures for the edge/fog
computing: distributed (left) and decentralized (right).

form significantly worse than other nodes. Therefore, it is beneficial in general for

IoT nodes to share information and collaborate with each other via device-to-device

communication. As such, information and data available to each node is enriched,

inference and learning can then be processed through local cooperation among end

nodes or between end nodes and nearest edge devices, which could enhance the

learning performance of individual node as well as the network performance com-

pared to the case where each node only process its own data individually and does

not share information with each other. When the nodes share a common objective

(for example, the scenarios in Chapter 3 and Chapter 5), it is natural to expect

positive performance gain to be obtained via cooperation. On the other hand,

when the nodes in an IoT network exhibits heterogeneity (as will be discussed in

Chapter 4), it could also be beneficial to cooperate among nodes associated with

different learning task if their objective is correlated in some way.

In such cooperative schemes, the related local network architectures may be

fully distributed, decentralized, or hybrid ones [37,39] which depends on the specific

inference and learning applications. Examples of a distributed and a decentralized

architecture are illustrated in the Fig. 1-1. In a distributed architecture, nodes

cooperate among each other to solve inference and learning tasks by sharing local

communication to peer neighbors. While in a decentralized architecture, there are

additional nodes act as the IoT edge gateways (blue squares), end nodes cooperate

with gateway node to handle learning tasks. However, they may also maintain

communication with peer neighboring nodes whenever necessary (for example, the
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edge gateways may be temporarily inaccessible due to networking issues or power

limit). In this thesis, we shall focus on the distributed cooperative schemes since

a distributed topology can recover to a decentralized one whenever only certain

nodes need to maintain the inference ability to act as the IoT edge gateways.

1.4 Motivations

Although in edge/fog computing, IoT end nodes are supposed to equip with neces-

sary computation, communication, and data storage to support cooperative infer-

ence and learning, the amount of these resources is still quite limited. It is therefore

imperative that the algorithms, strategies, or techiniques for cooperative inference

and learning be appropriately designed so as to reduce the resource consumption,

improve the learning performance by making the most of constrained resources. To

be more specific, in this thesis, we are motivated to address the following problems

of cooperative inference and learning for IoT with limited resources:

(1) In distributed cooperative schemes, information exchange among nodes is

beneficial for the network to gain considerable performance improvements.

However, for sensor networks consist of low-cost embedded sensing platforms

powered by batteries, too frequent communication over wireless channels

could consume a lot bandwidth and deplete the energy budget very quickly.

It is of practical meaning to develop energy-efficient distributed strategies for

cooperative inference, aiming at achieve reasonable reduction on communica-

tion overhead and energy consumption without deteriorate the performance

significantly.

(2) Considering sensor networks consist of heterogeneous nodes whose learning

objective may differ from each other. In this scenario, there may exists certain

relationship among the different inference objectives, so that local coopera-

tion can still be beneficial for distributed inference and learning. However,

blind cooperation may result in a worse performance compared with the case

where nodes independently solve their own inference and learning problems.

This not only makes the network lose the advantages of cooperation, but also

causes the waste of computing and communication resources. To avoid this
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undesirable phenomenon, it is necessary to optimize the cooperation among

nodes associated with different inference or learning objectives.

(3) In IoT networks, it is also interested to apply complex nonlinear inference and

learning such as face recognition for security and surveillance purpose, which

can be realized by deep learning-based computer vision (CV) techniques.

However, sending large amount of continuously generated video data directly

to the remote central fusion center will lead to huge communication overhead

and undesired long response loop and system latency. Moreover, running

the entire face recognition pipeline in a single low cost resource-limited IoT

end node may not offer satisfactory accuracy and robustness. Therefore, it

calls for a suitable cooperative scheme for such CV application so that large

communication overhead can be avoided, and learning performance of local

IoT end nodes can be improved.

1.5 Contributions and Outline of the Thesis

In this section, we summarize our contributions towards fulfilling the motivations

and objectives mentioned above.

• We consider LMS estimation problem for single-task diffusion networks (see

Section 2.1.2 and related figure in the next chapter for detail). In order to

reduce communication among neighboring nodes while preserve the advan-

tages of typical diffusion strategies, we propose a diffusion LMS adaptation

strategy that adopts an event-based adapt-then-combine scheme (EB-ATC).

Different from the conventional adapt-then-combine (ATC) diffusion strate-

gies where nodes keep exchanging local information at every iteration. In

the EB-ATC, each node in the network examines the difference between the

newly obtained update of local intermediate estimate and the most recent

intermediate estimate transmitted to its neighbors. Transmission of the local

update is triggered only if this difference is sufficiently large. The proposed

EB-ATC strategy is simple to implement, has same order of computational

complexity with ATC. Meanwhile, the proposed approach is able to achieve
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substantial reduction on the communication rate and resultant energy con-

sumption while being more accurate than other methods in the literature in

terms of steady-state MSD when similar amount of energy saving is achieved.

• We also consider a distributed LMS problem for estimating the realizations of

slowly-varying random parameters through a clustered multitask network (see

Section 2.2 of Chapter 2 for descriptions and illustration therein). We propose

a multitask diffusion strategy where an additional intermediate inter-cluster

diffusion combination step is incorporated between the local adaptation and

the intra-cluster diffusion combination steps which are the two standard com-

putation for the ATC-type diffusion strategies. Unlike multitask diffusion

strategies in the literatures that use separate regularization parameter and

a normalized inter-cluster cooperation weights to promote and control the

inter-cluster cooperation, the proposed multitask diffusion strategy merges

these two quantities into one parameter. By doing so, the network MSD per-

formance is affected by the inter-cluster cooperation weights exclusively, so

that tuning the regularization parameter is not needed any longer. Based on

this feature, we further propose optimization schemes, include a centralized

formulation, a distributed formulation, and an online adaptive implemen-

tation, which enable every nodes adjust their inter-cluster cooperation for

the improvement of overall network performance, so as to avoid performance

deterioration caused by cooperating with inter-cluster neighbors in a naive

fashion.

• In trending research works in the area of deep learning and related face recog-

nition techniques, people are mostly interested in competing the sheer learn-

ing accuracy. From a practical deployment point of view, we instead consider

how to realize a CNN-based face recognition pipeline which is implementable

with limited resources like low-cost embedded IoT devices. To this end, we

identified suitable face detection method, suitable datasets for training and

testing purposes, and trained an efficient CNN model that is able to extract

deep feature on the low-cost embedded platform in real time. Moreover,

through the proposed cooperative scheme, the accuracy can be improved to

a acceptable level with short latency. By the proposed pipeline, data traffic
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for IoT face recognition application can also be drastically reduced.

Apart from the introduction presented in this chapter, the rest of this thesis is

organized as follows: In Chapter 2, we first summarize the background and review

related state-of-the-art works for each area we have worked on. In Chapter 3, the

proposed EB-ATC strategy and related performance analysis is presented. Besides,

we develop a novel multitask diffusion strategy, analyze its performance and dis-

cuss how to optimize inter-cluster cooperation in Chapter 4. Then in Chapter 5,

we introduce the methodology adopted towards building an efficient testbed for

realizing deep learning face recognition pipeline. Finally, in Chapter 6 we pro-

vide concluding remarks for this thesis, and briefly outlook some possible future

directions to explore.

1.6 Notations

Throughout this thesis, N, R stand for the set of natural numbers and the set

of real numbers respectively. Moreover, all vectors are column vector. We use

boldface characters for random variables, and plain characters for realizations of

the corresponding random variables as well as deterministic quantities. Besides, we

use upper-case characters for matrices and lower-case ones for vectors and scalars.

For ease of comparison, we also adopt similar notations used in [16,42].

The notation 1N represents an N × 1 vector with all entries being one, and IN

is an N × N identity matrix. The vector 0M is an M × 1 vector with all entries

being zero. AT is the transpose of the matrix A, Tr(A) denotes the trace of A, if

A is a symmetric square matrix, we use λmax(A) to denote its largest eigenvalue

and ρ(A) its spectral radius. The operation A⊗B denotes the Kronecker product

of the two matrices A and B. The notation ‖·‖ is the Euclidean norm, ‖·‖b,∞
denotes the block maximum norm [16], while ‖·‖∞ denotes the maximum absolute

row sum of its argument, and we use ‖x‖2
Σ , xTΣx for any column vector x and

non-negative definite matrix Σ. We use (xi)
n
i=1 to represent the sequence of vectors

or scalars x1, . . . , xn, while (Ai)
n
i=1 represents the sequence of matrices A1, . . . , An.

We also use [xi]
n
i=1 to denote the matrix [x1, . . . , xn]. We use diag {·} to denote

a matrix whose main diagonal is given by its arguments, and col {·} to denote a
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column vector formed by its arguments. The notation vec(·) represents a column

vector consisting of the columns of its matrix argument stacked on top of each

other. If σ = vec(Σ), we let ‖·‖σ = ‖·‖Σ, and use either notations interchangeably.

In addition, we use x ≥ y to represent entry-wise inequality between vectors x

and y, and | · | is the number of the elements of its set argument. The notation

〈x, y〉 denotes the inner product of vector x and y. Finally, we write α = O(u) if

|α|< c · |u| for some positive constant c.
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Chapter 2

Background and Related Works

In this thesis, we first study the distributed cooperative online learning methods for

diffusion networks that perform LMS estimation, we consider the energy-efficient

strategy for a single-task network and also investigate how to optimize the inter-

cluster cooperation for a clustered multitask network. Then, we realize a CNN-

based face recognition pipeline by distributed cooperative scheme, and evaluates

the proposed pipeline on real-world embedded IoT devices. This chapter provides

the background and review related state-of-the-art works.

2.1 Diffusion LMS Strategies for Single-task Net-

works

2.1.1 Fundamentals of Single-task Networks and Distributed

LMS

In Chapter 1.2 we have briefly introduced the LMS algorithm and its basic formu-

lation for a stand-alone case. It is more important for the IoT network that every

nodes can collaborate with each other via a distributed topology. To be specific,

we consider a multi-agent distributed learning network that consists of N nodes

which are labeled as k = 1, 2, · · · , N (see Fig. 2-1). The network is represented by a

graph where the vertices denote the nodes, any two nodes are said to be connected

so that they can exchange information with each other if there is an edge between

them. The neighborhood of any particular node k is denoted by the notation Nk
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Figure 2-1: Illustrative example of a single-task diffusion network for adaptive
inference and learning.

which consists of all the nodes that are connected to node k, including k itself. This

thesis focuses on undirected network, which means if node k is a neighbor of node

`, then so is node ` to node k. In addition, throughout this thesis, we assume all

the distributed networks are connected networks. That is to say, there always exist

a path links them in both directions between any two different nodes [16,43,44].

At every time instant, every nodes in the network are able to collect streaming

data {dk(i),uk(i)}, the random variable dk(i) ∈ R and random vector uk(i) ∈ RM

obeys the linear regression model

dk(i) = uT
k (i)w◦k + vk(i), for all i ≥ 0, and k = 1, 2, . . . , N (2.1)

where the vector w◦ ∈ RM denotes the unknown parameter, and the scalar ran-

dom variable vk(i) is a zero-mean additive observation noise. The random process

{dk(i),uk(i)} are assumed to be jointly wide-sense stationary.

Assumption 1. in order to facilitate the performance analysis of such network

in Chapter 3 and Chapter 4, {dk(i),uk(i),vk(i)} are also assumed to satisfy the

following conditions.

(a) The regression process {uk(i)} is zero-mean, spatially independent and tem-

porally white. The regressor uk(i) has positive-definite symmetric covariance

matrix Ru,k = E
[
uk(i)u

T
k (i)

]
.
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(b) The noise process {vk(i)} is spatially independent and temporally white with

variance σ2
v,k.

(c) The regression and noise are independent of each other for all {k, `, i, j}.

In the above distributed learning networks, each node k seeks to estimate its

parameter of interest w◦k by minimizing the following MSE cost

Jk(w) =
1

2
E
∣∣dk(i)− uk(i)Tw∣∣2 , (2.2)

which is strongly convex and twice differentiable. In a single task network, every

nodes have a same learning objective, which is to estimate a common unknown

parameter

w◦ = w◦k, for all k = 1, 2, . . . , N. (2.3)

Moreover, the nodes are not only interested in minimizing its own cost Jk(w), but

also cooperate with each other by means of information exchange to minimize the

following aggregate cost

Jglob ,
N∑
k=1

Jk(w). (2.4)

The above network learning objective is interested to every nodes in the network

because in the procedure of minimizing the collective learning objective (2.4), nodes

can obtain more information shared by their neighbors, which is beneficial for im-

proving the overall learning performance of the entire network measured in network

MSD

MSDnetwork = lim
i→∞

1

N

N∑
k=1

‖w̃k(i)‖2 (2.5)

where wk(i) is the estimate made by node k at time instant i and

w̃k(i) = w◦ −wk(i) (2.6)

represents the error vector of node k. By cooperating with local neighbors, the dis-
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tributed learning network can obtain a MSD performance that is even comparable

to the centralized scheme [44, 45] while being more robust and scalable and less

energy-consuming, which is desirable for IoT application with limited resources.

Several useful distributed solutions have been proposed in the literature in order

to fulfill inference and learning tasks over sensor networks, such as the incremental

strategies [17,46–48] and the consensus strategies [49–53].

In the incremental implementation, nodes equipped with local processing abil-

ities continuously make local estimates in response to the streaming-data, and

exchange the local intermediate estimate with their predefined neighbors. In this

scheme, information is passed from one node to the successor one along a cyclic

path until all agents are visited and the process is then repeated [44,54]. However,

this category of distributed strategies requires pre-determined paths for message

passing, which is prone to node or communication link failure, and restrict partici-

pating nodes with only one precursor from which information is received and only

one successor to which information is passed.

Unlike the incremental strategies, the consensus-type strategies allow informa-

tion exchange among all local neighboring nodes. Each node sends its local in-

formation to neighboring nodes (or neighbors for short), collecting and combining

information received from its neighbors at the same time, so as to update its local

inference. The consensus schemes were originally proposed to enable nodes in a

network to reach agreement on the value averaged across the network [51, 55, 56],

which is very useful and commonly adopted to approximate the global average

value by only local cooperation and processing. Some consensus-based inference

algorithms like [57–60] adopt two time scales, one for data collection and inference

making and the other for reaching consensus among all nodes. These two time-scale

approaches hinder the adaptation ability to streaming data of the network for real-

time applications, which is improved in [52, 61–64], by combining the adaptation

and information exchange with neighbors into single time scale.

Compared with the previous two categories, diffusion strategies [16, 45, 65–73]

are particularly advantageous for continuous online adaptation, especially the ATC

diffusion strategies and its variants (in this thesis, we will use diffusion strategies to

refer the ATC-like diffusion strategy since ATC diffusion strategy has superior per-
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formance). To be specific, diffusion networks do not need to maintain a predefined

information passing sequence in comparison with incremental strategies [44], which

promotes the plug-and-play cooperation and network scalability. Besides, unlike

single time-scale consensus-based counterparts where time-dependent or decaying

step-sizes are usually adopted for reaching agreement among nodes, by using con-

stant step-sizes, diffusion strategies enhance the adaptability to parameter values

that may changing over time. Particularly, for adaptive inference and learning from

streaming data under constant step-sizes, diffusion strategies can not only achieve

a lower steady-state network MSD than consensus-type strategies [68], but also en-

able both mean and mean-square stability to be insensitive to the weights govern

the local cooperation [45]. Whereas, the networks apply consensus-based strategies

can lose stability even if every individual nodes are stable on their own [16, 45].

Thanks to these merits, diffusion strategies have attracted a lot of research interest

in recent years for both single-task scenarios where nodes share a common param-

eter of interest [74–80], and multitask networks where parameters of interest differ

among nodes or groups of nodes [42,81–84].

2.1.2 Prior Works in Energy Efficient Strategies for Single-

task Networks

As mentioned above, in a single task network, every node seeks the same learn-

ing objective (see Fig. 2-1). The nodes cooperate with each other by means of

information exchange, for example the local data, local gradient information, or

the local intermediate iterate. The information received by each node is associ-

ated with non-negative combination weights used to scale the degree of trust for

its neighbors. It is shown in [16, 45, 67, 68] that the choices of these weights will

not influence the convergence of diffusion strategies, however they can significantly

affect the steady-state MSD performance of a single task diffusion network. How to

choose these combination weights were studied earlier in [16,45,67,68], and in [85]

for a heterogeneous network settings.

Given the combination weights selected, the advantages of diffusion strategies

are rooted in communicating local information to neighboring nodes at each iter-

ation. However, in typical networks of IoT applications, devices or nodes usually
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have limited resources like energy budget and communication bandwidth, and are

expected to last as long as possible without intervention, which make frequent

information exchange with neighboring nodes over wireless networks unfordable.

Several methods towards improving energy efficiency for diffusion networks have

been proposed in the literature, the reported approaches can be categorized into

two major directions: to reduce the number of neighbors to cooperate with [86–88];

and to reduce the amount of the local information to be communicated [89–91].

These works either rely on additional optimization procedures, or need selection or

projection matrices to determine the set of cooperation neighbors or to pick entries

to be transmitted. Although these methods are able to reduce energy consumed by

communication, they require more computation resources and information to im-

plement. In [92], the author proposed a diffusion strategy where the network only

switch on communication at certain time instants with a fixed period, and remains

silent at the rest of time. However, the performance of this strategy fluctuates peri-

odically from a diffusion networks to a networks consists of non-cooperative nodes.

A similar approach was proposed in [93], however the data is reserved so that

continuous adaptation is lost between any two consecutive active time instants.

In contrast to time-driven communication where nodes share local information

with each other at every iteration, event-based communication mechanisms per-

mit nodes to trigger transmission of information to neighbors only when certain

meaningful events take place. Due to the occurrence of such events is intermittent

and even sparse over time, therefore the event-based communication can signifi-

cantly reduce energy consumption by avoiding unnecessary information exchange

especially when the system has reached steady-state. Moreover, by allowing every

node in the network to access the limited bandwidth resource alternately, channel

efficiency can also be improved.

Such mechanisms have been developed for applications such as state estima-

tion and Kalman filtering [94–99], control and consensus problems [100–106] where

information needs to be transmitted over wireless networks with constrained re-

sources, so that communication burden and energy consumption can be reduced.

Comprehensive overview and surveys on how event-based communication strate-

gies are applied in these areas can be found in [107,108]. Moreover, the concept of
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event-based communication is also considered in the IoT-related research, to cut

off unnecessary data transmission between local device and the cloud as well as

among local IoT devices [109,110].

Even though event-based mechanism is promising on reducing communication

overhead for IoT and WSN, it has not been fully investigated in the context of

ATC-type diffusion adaptation. Unlike most of literatures mentioned above where

communication of the newly obtained local information is turned on if it signifi-

cantly deviates from the previously transmitted one, the earlier work [111] on dis-

tributed normalized LMS estimation adopt a set-membership test approach where

each node will broadcast its new data or update its local intermediate estimates

only when the data is sufficiently informative for solving the underlying estimation

problem. Moreover, different from ATC-type diffusion strategies, nodes in [111]

carry out an sequential update to utilize data or local estimate received across its

neighborhood, rather than using weighted averaging as is in the ATC strategies.

In [112,113], is adopted for cooperative spectrum sensing problems, each node in a

wireless network can decide if or not to update its local estimate with new obser-

vation by resorting to similar set-membership technique in [111], then a node will

communicate its local statistics with neighbors for further decision making only

when its local estimate is updated. Likewise, in the work [114], every node selec-

tively update its local intermediate estimate, by evaluating if the newly observed

data can help with decreasing the MSD, communication at a node is then triggered

only if it has updated the local estimate.

In [115], the author proposes a diffusion strategy where every entry of the

local intermediate estimates are quantized into values of multiple levels before

being transmitted to neighbors. Communication of entries in a local estimate

vector is triggered once quantized local information of these entries goes through

a quantization level crossing. The performance of this method is affected largely

by the precision of selected quantization scheme. However, quantizing every entry

of the estimate vector at every iteration before the needs additional computation

time. Besides, choosing a good quantization scheme with favorable precision, and

requiring every node being aware of this same quantization scheme is of practical

difficulty for online adaptive inference and learning where parameters of interest
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Figure 2-2: Example of a clustered multitask network.

and sensing environment may vary over time.

2.2 Diffusion Strategies for Multitask Networks

Most of the above-mentioned works focus on the single-task networks where that all

the nodes in the network share a single common parameter of interest. However,

in practical multi-agent networks, different nodes or clusters of nodes may have

different parameters of interest.

To be more specific, in some applications the unknown parameters that each

node is estimating may have same dimension, however their entires can be totally

different while being related with each other in some manner. For example, nodes

may be grouped into different clusters, and each cluster of nodes is responsible for

tracking a particular target. If these targets move in certain formation at the same

time, there are relationships among the position of each target, so that different

clusters of nodes may be benefit from the potential cooperation. This kind of

scenario fits the model of clustered multitask networks.

2.2.1 Fundamentals of Clustered Multitask Networks

In the context of clustered multitask networks, nodes are grouped into P clusters,

each belonging to a unique cluster (illustrated in Fig. 2-2). Each cluster Cp, p ∈
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{1, 2, . . . , P}, aims to estimate an unknown parameter vector w◦Cp
∈ RM . For

example in Fig. 2-2, there are three clusters C1, C2, and C3 associated with different

learning objective w◦C1
, w◦C2

, and w◦C3
respectively. Let NC,k to denote the intra-

cluster neighborhood consists of all the neighboring nodes that belong to the same

cluster as node k, including node k itself. The inter-cluster neighborhood is denoted

by NI,k which consists of neighboring nodes of k that belong to clusters different

from C(k). We have

NC,k = Nk ∩ C(k), (2.7)

NI,k = Nk\C(k), (2.8)

and

NC,k ∪NI,k = Nk, (2.9)

NC,k ∩NI,k = ∅. (2.10)

Considering a node k belongs to a cluster Cp for some p ∈ {1, 2, . . . , P}, let

C(k) to refer to this specific cluster, so that the parameter of interest of node k

relates to that of cluster C(k) through

w◦k = w◦C(k) = w◦Cp
. (2.11)

To perform the LMS estimation of w◦C(k), each node k is associated with the fol-

lowing MSE cost similar to (2.2),

Jk(wC(k)) = E
∣∣dk(i)− uk(i)TwC(k)

∣∣2 , (2.12)

where the data collected by each node {dk(i),uk(i)} also satisfy linear regression

model (2.1) and conditions in Assumption 1.

Since in clustered multitask networks, different clusters have different learning

objectives, therefore a network-wide cost like (2.4) for the single-task networks is

no longer suitable in this case. Instead, cluster Cp estimates w◦Cp
by solving the
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estimation problem defined in terms of Q Nash equilibrium problems [42,82]

min
wCp

J(wCp , w−Cp), for p ∈ P , (2.13)

where the notation w−Cp represents the collection of unknown parameters interested

to clusters other than Cp, and the cost function J(wCp , w−Cp) associated to cluster

Cp takes the following form,

J(wCp , w−Cp) =
∑

k∈NC,k

Jk(wC(k)) +
∑
`∈NI,k

g`k
∥∥wC(k) − wC(`)

∥∥2

 (2.14)

which is an MSE cost regularized by a `2-norm used to promote the similarities

as well as inter-cluster cooperation by the Euclidean distance between parameters

estimated by two adjacent clusters.

2.2.2 Review of Prior Works

To address the estimation problems in the clustered multitask networks, cooper-

ative strategies are studied in [42, 82, 116–119]. In [117], nodes are not aware of

whether their neighbors perform the same task. To reduce the resulting bias on the

estimates, an on-line combination weights adjustment approach by minimizing the

transient MSD metric was proposed to cluster the nodes. It is observed that, by in-

troducing cooperation among clusters with different tasks, nodes can achieve better

performance than by operating independently of each other. This implies the pos-

sibility that the network performance may be further improved if the relationship

between different unknown parameters is utilized properly. To this end, [42, 116]

propose a multitask diffusion adaptation strategy that inherits the basic structure

of the ATC strategy [16], and promotes cooperation among clusters by adding

an additional `2−norm regularization to the ATC objective function. In [82] the

performance of multitask diffusion strategy for an asynchronous network model is

analyzed where nodes are assumed to randomly lose the network connectivity or

stop local adaptation due to malfunction, it is showed that the clusters can still

improve their MSD performance against the ones obtained without inter-cluster co-

operation in this kind of scenarios. Besides, a `1−norm regularization is considered
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in the work [118] to promote sparsity in the difference between cluster parameters,

the results was further extended in [119] which shows that cooperation among the

clusters will be beneficial if the number of similar entries is favorable, which fits

the environments in the area like cognitive radio and remote sensing. In [120], the

author models the relationship between different tasks by a set of linear equality

constraints rather than regularization techniques. In this work, every node has

its own parameter of interest different from each other, and the adjacency in the

network topology between any two nodes is determined by if they involve in same

equality constraints. So that the local diffusion cooperation for solving the global

cost function take places only among nodes subject two same constraints.

Similar to the single-task diffusion networks, the MSD performance of multitask

networks is additionally controlled by the regularization weight and the cooperation

weights between clusters or nodes with different parameters. Taking Fig. 2-2 as an

example, in the clustered multitask networks, two types of diffusion cooperation

take places at the same time: 1) the intra-cluster cooperation (for example the blue

arrows depicted among nodes of cluster C1) as is in the typical single-task network

whose combination weights is denoted by {a`k}; 2) the inter-cluster cooperation,

where some of the nodes exchange information with neighbors in the clusters dif-

ferent from itself (for examples, the purple arrows between cluster C1 and C2, and

green arrows between cluster C1 and C3), the related weights are denoted by {g`k}.

Although different multitask diffusion strategies have been developed in the above

literatures, how to select these inter-cluster cooperation weights {g`k} was left as

an open problem. A heuristic adaptive method for selecting the inter-cluster coop-

eration weights was proposed in [121]. Nevertheless, the problem of how to choose

the regularization and cooperation weights in a rigorous optimal way have not been

adequately addressed.

Apart from the clustered multitask networks, in some other applications, the

parameters of interest at each node may partially overlaps with each other. For

example, two nodes may have some entries of the unknown parameters in com-

mon, while the other entries and even total number of entries in the unknown

parameter differs from each other. This category of learning problems is usually

referred to as the node-specific estimation. The reference [17] considers an estima-
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tion problem where each node estimates three categories of parameters: a global

parameter which will be estimated by every nodes in the network, parameters of

common interest to a subset of nodes, and parameters of local interest only. A

similar nodes-specific distributed estimation problem is solved by a diffusion-based

strategy in [81], and is studied from a coalition game theoretic perspective in [122].

In the work [123], the relationship between nodes-specific estimation tasks are as-

sumed to be unknown, and each node infers which parameters their neighbors are

estimating in order to adjust their range of cooperation. The application of node-

specific distributed strategies can be found in the fields such as speech and video

enhancement, active noise control, and cooperative spectrum sensing [124]. In

the aforementioned works, each node only cooperates with other nodes that have

common entries in the parameters of interest, this cooperation scheme could only

enhance the learning of that common entries. Therefore in this thesis, we focus

only on clustered multitask networks and related learning problem formulated in

(2.13).

2.3 CNN-based Face Recognition Methods

As a widely adopted approach for person identification for video surveillance, face

recognition is of great interest in the fields of CV in both research academy as

well as industry. Since the publication of the pioneer work [24] in 2012, it has

been witnessed that the accuracy of CV tasks can be significantly improved (about

at least 10%) by make use of deep convolution neural networks (CNN, or deep

learning for short, interchangeably). As a special application learning over CV,

the performance of face recognition in unconstrained environments has also been

boosted with the aid of deep learning techniques [125]. Trained on large-scale face

datasets, some preeminent deep learning face recognition methods, such as DeepID

series [126, 127], FaceNet [128], and VGG face descriptor (or VGG-Face) [31], are

able to achieve face verification accuracies higher than 98% over public standard

benchmark dataset, namely, the Labelled Faces in the Wild (LFW) [129].

The typical pipeline of face recognition consists of face detection, feature ex-

traction (or face representation), and classification or feature matching. Among
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these steps, the feature extraction is usually the most critical and also most com-

putational costly one which largely determines the overall accuracy of the pipeline

[125]. In the deep learning-based face recognition methods mentioned previously

[31, 126–128, 130], the feature extraction is realized by passing raw input image

through relevant CNN models. In the context of IoT with limited resources, we

shall not only pay attention to the accuracy but also concern more about the model

complexity and resources requirements for implementation.

In DeepID-1 [126], 25 pairs of RGB and grey patches are cropped from different

positions of the input face image, and fed into several parallel 9-layer CNN model

whose output is a feature vector of dimension 160. The final feature vector is then

obtained by concatenating the output of every CNN model which has a dimension

of 25× 2× 160 = 8000. DeepID-2 [130] improves against the DeepID-1 by trained

on combination of both verification and classification loss. DeepID-3 [127] further

improves over DeepID-1,2 by using a much deeper CNN model with up to 15 con-

volutional layers and a much bigger training dataset. Although the performance

of DeepID-2,3 is very powerful (99.15% and 99.53% on LFW for verification, re-

spectively), their parallel architecture of multiple CNN models results in a huge

size of the entire system model with total number of parameters as big as 100

million [125].

VGG-Face [31] is developed based on the popular VGG-16 deep CNN model

which is the runner-up of ILSVRC 2014 classification challenges [131]. The model

achieves a comparable face recognition performance on LFW with a verification

accuracy of 98.95%, using much less training image (2.6 million images) than the

other state-of-the-art counterparts. However, the core CNN model of VGG-Face,

namely the VGG-16, is also very bulky. The basic spirit of VGG-16 is to increase

the sheer depth of traditional CNN, it stacks 13 layers of convolutional filters

which are followed by three fully-connected layers, so that a very deep CNN model

is obtained. As a result, the VGG-16 ends up with 140 million parameters in total,

the number of multiply and accumulate (MAC) operations in a single inference run

can be as high as 1.5×1010 [132]. To make things worse, the memory size required

to load the weights of a pre-trained VGG-16 model is approximately 500MB-large,

which is formidable for low cost embedded IoT platforms (like Raspberry Pi series)
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whose total on-board memory is usually less than 1GB.

Another preeminent deep learning face recognition model is the FaceNet [128].

It can be regarded as the face-recognition version of the GoogLeNet [133] trained

instead on face images dataset (200 million images). Unlike the DeepID series and

VGG-Face, which are designed under the focus of sheer accuracy, the GoogLeNet

and FaceNet is built to improve computational efficiency, which leads to a very deep

CNN model (22 layers) realized with much less parameters. The total number of

parameters in the FaceNet is only 7.5 million which is about 18 times less than

VGG-Face, and the number of MAC operations is about 1.6×109 which is roughly

the one-tenth of VGG-Face. At the same time, the recognition (face verification)

accuracy of FaceNet is almost the same with VGG-Face (98.87% on LFW).

Nevertheless, the above-mentioned face recognition models rely on either desktop-

PC class server with dedicated graphic processing units (GPUs) to accelerate the

inference procedure or the powerful artificial intelligence engines deployed on the

cloud. Meanwhile, it is better for some IoT applications to have inference and

learning processing near the end-user or near the sensors. But most of the smart

sensor like embedded platforms available for IoT applications can only provide very

limited computing power, memory size and storage space [134,135].

To resolve this pain, and also to make deep learning more practical to adopt

in daily life, the MobileNets series CNN models published in 2017 [136] stands

out. Although these models are not designed especially for face recognition tasks,

they are promising candidatures with much smaller size but very efficient learning

ability compared with VGG-16 and GoogLeNet, which make them very attractive

for IoT applications on embedded devices. With two adjustable hyper-parameters

that control the model complexity and performance, MobileNets allow users to

switch among 16 versions of implementations whose number of parameters and

MAC operations range from 4.2 million to 0.5 million and 5.7 × 108 to 0.4 × 108,

respectively. The most complex version of MobileNets is about 32 times smaller

and 27 times less compute intensive than the VGG-16 model, and one-third smaller

and 2.5 times less complex than GoogLeNet while being able to achieve similar

learning performance for classification on ImageNet database [137] compared to

VGG-16 and GoogLeNet in terms of Top-1 accuracy.
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Chapter 3

Distributed LMS Estimation with

Event-based Diffusion

Cooperation

3.1 Introduction

In this chapter, we consider a single-task diffusion network performs distributed

LMS estimation. For the sake of saving communication overhead and reducing

energy consumption, we modify the ATC diffusion strategy by introducing an

event-based communication mechanism before the local combination step. Such

that transmission of intermediate estimates from a sensor to its neighboring nodes

is triggered only when a criterion is satisfied. We provide a sufficient condition for

the mean error stability of our proposed event-based strategy, and derive an upper

bound of its steady-state network MSD, we also obtain a sufficient condition under

which this upper-bound holds. Numerical results demonstrate that the proposed

event-based strategy can achieve similar steady-state network MSD as the ATC

diffusion strategy but at a significantly lower communication rate.

The rest of this chapter is organized as follows. In Section 3.2, we introduce

the network model, problem formulation, discuss prior works, and also describe

our proposed EB-ATC strategy. In Section 3.3 we examine the performance of

the proposed strategy from perspectives of mean and mean-square error behavior.

Simulation results are demonstrated in Section 3.4 followed by concluding remarks
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Figure 3-1: An example of an adaptive network where each node is associated with
a cost function to minimize.

in Sections 3.5.

3.2 Data Models and Preliminaries

In this section, we first present our network and data model assumptions, then give

a brief discussion of the ATC diffusion strategy, and finally present our proposed

EB-ATC diffusion strategy.

3.2.1 Network and Data Model

In this chapter, we consider a single-task network consists of N nodes defined in

Section 2.1.1. An example of such network model is shown in Fig. 3-1, where Node k

minimizes its cost Jk(w) cooperatively with neighboring nodes, i.e., node {m, `, n},

by exchanging local information ψk(i) with them. In a classical ATC diffusion

network, transmitting and receiving information between two neighboring nodes

happens simultaneously at every iteration. However, in this chapter, they may

or may not take places at the same time, due to the event-based communication

scheme.

Following the same network model detailed in Section 2.1.1. The neighborhood
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of each node k is denoted by the notation Nk which represents the set contains

both node k and every nodes connected to node k by an edge. In addition, every

node in the network aims to estimate an common unknown parameter vector w◦.

At each time instant i ≥ 0, each node k is able to observe a scalar random variable

dk(i) and a random vector uk(i). The observed data {dk(i),uk(i)} and parameter

of interest w◦ is related through the linear regression model (2.1) introduced in

2.1.1 as shown below.

dk(i) = uT
k (i)w◦ + vk(i). (3.1)

To facilitate the performance analysis in the sequel, we shall need the Assumption 1.

Remark 1. It is noted that the independence condition for the regression data

described in the Assumption 1 may not hold in general for different engineering

applications. however, even if the independence assumption can not be satisfied

the numerical results can still match the theoretical expressions when the step-

sizes are sufficiently small [16, 138]. Literatures [78, 139] also showed that ATC

diffusion strategy can still be stable even in the case where regressors and noise

may be temporally correlated. As a commonly adopted approach in the literature

[42] for simplifying the derivations of performance analysis, we shall proceed with

Assumptio 1 in the following chapters of this thesis.

3.2.2 ATC Diffusion Strategy for Distributed LMS Estima-

tion

Recall that, in oder to estimate the parameter w◦, the network minimizes the

following network learning objective:

min
w

N∑
k=1

Jk(w), (3.2)

where each node k is associated with a local MSE cost as below,

1

2
Jk(w) = E

∣∣dk(i)− uk(i)Tw∣∣2 , (3.3)
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which is strongly convex and twice differentiable. Following the argument in [16],

the cost function of network objective (4.3) can be further approximated by a local

cost for each of the node k as below,

Jglob′

k (w) = Jk(w) +
∑

`∈Nk\k

a`k‖w − w◦‖2. (3.4)

Then using the observed data {dk(i),uk(i)} to compute instantaneous approxima-

tion of true statistics

Ru,k ≈ uk(i)
Tuk(i), rdu ≈ dk(i)uk(i), (3.5)

and applying SGD to minimize local cost (3.4), we arrive at the ATC diffusion

strategy [16, 21, 45, 66] which is a distributed adaptive filtering algorithm where

every node k in the network attempts to solve (2.4) or (3.2) in a cooperative

manner, by performing the following adaptive update of estimate and local convex

combination at each time instant i:

ψk(i) = wk(i− 1) + µkuk(i)
[
dk(i)− uk(i)Twk(i− 1)

]
,

wk(i) =
∑
`∈Nk

a`kψ`(i), (3.6)

In the above equations, the procedure in the first line is referred to as the adaptation

step and the second line is the combination step. Besides, the combination weights

{a`k} are non-negative scalars and satisfy:

a`k ≥ 0,
N∑
`=1

a`k = 1, a`k = 0, if ` /∈ Nk. (3.7)

The combination weights {a`k} scale the information node k receives from node

` ∈ Nk. Since the value of any weight obeys a`k ∈ [0, 1], the meaning of the

weights can be interpreted as a degree of the confidence that node k assigns to its

cooperation with node `. It is shown in [16,45,67,68] that the choices of {a`k} will

not influence the convergence of diffusion strategies, however by assigning different

weights the steady-state network MSD performance can be significantly affected.

How to choose these combination weights is not treated in this thesis. The related
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topic is studied in [16,45,67,68], and in [85] for a heterogeneous network settings.

For simplicity, we assume the Metropolis rule for choosing {a`k} in this chapter.

Please see the section 3.4 for detailed implementation.

In [16, 66], it is showed that the local estimates wk(i) in the ATC strategy

converges in mean to the true parameter w◦, if the following conditions are satisfied:

a) The measured data {dk(i),uk(i)} satisfy the model (2.1) and the Assump-

tion 1.

b) The combination weights satisfy (3.7) so that the matrix A whose (`, k)-th

entry is the weight {a`k} satisfy AT1N = 1N .

c) The step-sizes of each node k satisfy

µk <
2

λmax(Ru,k)
. (3.8)

Moreover, if the step-sizes are chosen to be sufficiently small and also satisfy (3.8),

then the network mean-square error 1
N

∑N
k=1 ‖w̃k(i)‖2 converges as i → ∞, and

the network MSD can be approximately expressed as below

MSDnetwork =
1

N
vec(ATMSMA)T · (IN2M2 − 1

2
F)−1 vec(INM), (3.9)

where the notation A, M, S and F will be define later in (3.35), (3.39), (3.62)

and (3.68). The proof of mean convergence for the ATC strategy is provided in

Appendix A.3. One can refer to [16] for the detailed proof of mean-square stability

and the derivation steady-state network MSD, which is not revisited in this thesis

due to tedious proof steps are involved.

3.2.3 Proposed EB-ATC Diffusion Strategy

Other than allowing every nodes to communicate with its neighbors at every iter-

ation, we intend to modify the ATC strategy so that after the adaptation step the

local intermediate estimate ψk(i) of each node k is only transmitted to its neigh-

bors at certain triggering time instants snk , n ∈ N. Let ψk(i) to denote the last

local intermediate estimate node k sent to its neighbors at time instant i, then for
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Algorithm 1 Event-based ATC Diffusion Strategy (EB-ATC)

1: for every node k at each time instant i do
2: Local Adaptation:
3: Obtain intermediate estimate ψk(i) by performing

ψk(i) = wk(i− 1) + µkuk(i)
[
dk(i)− uk(i)Twk(i− 1)

]
4: Event-based Triggering:
5: Compute a prior gap ε−k (i) and event triggering function f

(
ε−k (i)

)
.

6: if f
(
ε−k (i)

)
> δk(i) then

7: (i) Trigger the communication, broadcast local update ψk,i to every neigh-
bors ` ∈ Nk.

8: (ii) Mark γk(i) = 1, and update ψ`(i) = ψ`(i).
9: else if f

(
ε−k (i)

)
≤ δk(i) then

10: (i) Keep silent.
11: (ii) Mark γk(i) = 0, and update ψ`(i) = ψ`(i− 1).
12: end if

13: Diffusion Combination:
14: Obtain new estimate by performing

wk(i) = akkψk(i) +
∑

`∈Nk\k

a`kψ`(i)

15: end for

any time instant j such that

j ∈
[
snk , s

n+1
k

)
, (3.10)

we let the following relationship hold,

ψk(j) = ψk(s
n
k), (3.11)

which means that for any neighbor of node k, the value of the intermediate estimate

obtained from node k will remain the same until the next triggering of node k

occurs.

To decide the next triggering of communication for each node k, we introduce

ε−k (i) as the a prior gap at each time instant i, which is given by

ε−k (i) = ψk(i)−ψk(i− 1). (3.12)
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Then, we leverage the following event triggering function,

f
(
ε−k (i)

)
=
∥∥ε−k (i)

∥∥2
. (3.13)

Then for each node k, transmission of its newly obtained local intermediate esti-

mate ψk(i) is triggered whenever

f
(
ε−k (i)

)
− δk(i) > 0, (3.14)

where δk(i) is the non-negative triggering threshold adopted by node k at time i.

In general, the triggering thresholds {δk(i)} can be time-varying, so that we have

the value of triggering threshold δk(i) of each node k is upper bounded by

δk = sup{δk(i)|i ≥ 0}. (3.15)

In addition, we define axillary binary variables {γk(i)} to indicate if node k

trigger its communication at time instant i as below

γk(i) =

1, if node k trigger,

0, otherwise.

(3.16)

Then, the sequence of triggering time instants

0 ≤ s1
k ≤ s2

k ≤ . . . , (3.17)

can be obtained recursively as

sn+1
k = min{i ∈ N|i > snk ,γk(i) = 1}. (3.18)

We run the EB-ATC strategy described in Algorithm 1 for all the nodes in

the network. A succinct form of the EB-ATC can be summarized as the following
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Figure 3-2: Block diagram illustrates the algorithm flow of the proposed EB-ATC
for node k.

equations,

ψk(i) = wk(i− 1) + µkuk(i)
[
dk(i)− uk(i)Twk(i− 1)

]
, (3.19)

wk(i) = akkψk(i) +
∑

`∈Nk\k

a`kψ`(i). (3.20)

Note that the combination step (3.20) of EB-ATC is different from that of ATC

strategy. In EB-ATC each node k combines the intermediate local estimate ψk(i)

that its neighbor ` most recently sent to it. At the same time, each node k always

combines its own intermediate estimate ψk(i) regardless of the triggering status.

To help with the demonstration of our proposed algorithm more clearly, a block

diagram for the EB-ATC is provided in Fig. 3-2, where the shaded area in light

green envelopes the event-based communication mechanism which is the major dif-

ference between the proposed EB-ATC and conventional ATC strategy. Although

the EB-ATC needs additional computing operation and memory space to execute

the even-triggering decision making and store the most recently received values,

the memory size required does not impose additional burden for the modern em-

bedded IoT devices, given that the information stored are only vectors (i.e., arrays

of floating numbers which usually take up only a few KB in terms of computer data

storage). In addition, computation required for EB-ATC is of same order of ATC

for both multiplications and additions, which is only linearly proportional to the

dimension of the unknown parameters. A comparison of computational complexity

of the EB-ATC against ATC is shown in Table 3.1, where nk = |Nk|.
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Table 3.1: Computational Complexity Comparison for Node k per Iteration

Algorithm Multiplication Addition
ATC (nk + 2)M + 1 (nk + 1)M
EB-ATC (nk + 3)M + 1 (nk + 3)M − 1

3.3 Performance Analysis

In this section, we analyze the performance of the proposed EB-ATC diffusion

strategy, in terms of both mean and mean-square error behavior. We first provide

the sufficient condition under which our EB-ATC is stable in the mean, and then

show an upper bound of the steady-state MSD for the EB-ATC.

3.3.1 Network Error Recursions

To carry out the analysis of error behavior, we first define some necessary notations

and derive the recursion models of errors across the network. To begin with, the

error vectors of each node k at time instant i are given by

ψ̃k(i) = w◦ −ψk(i), (3.21)

w̃k(i) = w◦ −wk(i). (3.22)

Since in previous Section 3.2.3, we stated that under EB-ATC every node only

combines the local intermediate estimate {ψ`(i)|` ∈ Nk} that most recently re-

ceived from its neighbors. So, apart from the a prior gap given in (3.12), here we

also introduce the a posterior gap εk(i) as

εk(i) = ψk(i)−ψk(i), (3.23)

in order to capture the discrepancy between the local intermediate estimate ψk(i)

newly obtained at current time instant i, and the estimate ψk(i) that is available

at every neighboring nodes ` ∈ Nk. It is noteworthy that we have the following
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hold,

εk(i) =

0, if
∥∥ε−k (i)

∥∥2
> δk(i),

ε−k (i), otherwise.

(3.24)

Followed from (3.24), it is straightforward to have the result below,

‖εk(i)‖ ≤ (δk)
1
2 (3.25)

Putting the iterates ψ̃k,i, w̃k,i, and εk(i) across all nodes altogether into collec-

tive recursive vector, we have,

ψ̃(i) = col

{(
ψ̃k(i)

)N
k=1

}
, (3.26)

w̃(i) = col
{

(w̃k(i))
N
k=1

}
, (3.27)

ε(i) = col
{

(εk(i))
N
k=1

}
. (3.28)

Then, subtracting both sides of (3.19) from w◦, and applying the data model (2.1),

we obtain the error vector of local intermediate estimate for each node k as below:

ψ̃k(i) =
[
IM − µkuk(i)uT

k (i)
]
w̃k(i)− µkuk(i)vk(i). (3.29)

Note that by substituting (3.23) into (3.20), the local combination step can be

expressed as

wk(i) = akkψk(i) +
∑

`∈Nk\k

a`k (ψ`(i)− ε`(i)) , (3.30)

or equivalently,

wk(i) =
∑
`∈Nk

a`kψ`(i)−
∑

`∈Nk\k

a`kε`(i). (3.31)

Next, subtracting both sides of the above equation from w◦ we obtain

w̃k(i) =
∑
`∈Nk

a`kψ̃`(i) +
∑

`∈Nk\k

a`kε`(i). (3.32)
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Let A be the matrix whose (`, k)-th entry is the weight a`k, and also introduce the

matrix C as

C = A− diag
{

(akk)
N
k=1

}
, (3.33)

then relating (3.27), (3.28), (3.29), and (3.32) yields the following recursion:

w̃(i) = B(i)w̃(i− 1)−ATMs(i) + CTε(i), (3.34)

where

A = A⊗ IM , (3.35)

C = C ⊗ IM , (3.36)

B(i) = AT (IMN −MRu(i)) , (3.37)

Ru(i) = diag
{

(uk(i)u
T
k (i))Nk=1

}
, (3.38)

M = diag
{

(µkIM)Nk=1

}
, (3.39)

s(i) = col
{

(uk(i)vk(i))
N
k=1

}
. (3.40)

3.3.2 Mean Error Analysis

Suppose Assumption 1 holds, then by taking expectation on the both sides of (3.34)

we have the following recursive equation for the network mean error vector,

E[w̃(i)] = BE[w̃(i− 1)] + CTE[ε(i)], (3.41)

where

B = E[B] = AT (IMN −MRu) , (3.42)

Ru = E [Ru(i)] = diag
{

(Ru,k)
N
k=1

}
. (3.43)

Furthermore, we have the following result on the asymptotic behavior of the

network mean error.

Theorem 1. (Mean Error Stability) Suppose that Assumption 1 holds. Then, the
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network mean error vector of EB-ATC, i.e., E[w̃(i)], is bounded input bounded

output (BIBO) stable in steady state if the step-size µk is chosen such that

µk <
2

λmax(Ru,k)
. (3.44)

Moreover, the block maximum norm of the network mean error is upper-bounded

by

α

1− β
· max

1≤k≤N
(δk)

1
2 , (3.45)

where,

α = max
1≤k≤N

(1− akk), (3.46)

β = ‖IMN −MRu‖b,∞. (3.47)

Proof. See Appendix 3.6.2

3.3.3 Mean-square Error Analysis

Thanks to the triggering mechanism and resulting a posterior gap (3.28) correlates

with the error vectors (3.26) and (3.27), so that explicitly characterizing the exact

network MSD of EB-ATC is technically difficult. Instead, we investigate the upper

bound of the network MSD in the sequel.

We shall first derive the MSD recursions as follows. From the recursion (3.34),

we have the following for any compatible non-negative definite matrix Σ:

‖w̃(i)‖2
Σ =w̃(i− 1)TB(i)TΣB(i)w̃(i− 1)

+ s(i)TMTAΣATMs(i) + ε(i)TCΣCTε(i)

+ 2w̃(i− 1)TB(i)TΣCTε(i)− 2s(i)MTAΣCTε(i)

− 2w̃(i− 1)TB(i)TΣATMs(i). (3.48)

Taking expectation on both sides of the above expression, the last term evalu-
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ates to zero under Assumption 1, and we obtain the following recursive equation,

E‖w̃(i)‖2
Σ =E‖w̃(i− 1)‖2

Σ′ + t2 + t3 + 2t4 − 2t5, (3.49)

where the weighting matrix Σ′ is

Σ′ = E
[
B(i)TΣB(i)

]
, (3.50)

and the last four terms in (3.49) are given as follows,

t2 = E[s(i)TMAΣATMs(i)], (3.51)

t3 = E[ε(i)TCΣCTε(i)], (3.52)

t4 = E[w̃(i− 1)TB(i)TΣCTε(i)], (3.53)

t5 = E[s(i)MTAΣCTε(i)]. (3.54)

Further, let σ = vec(Σ) and σ′ = vec(Σ′), we then have

σ′ = Eσ, (3.55)

where

E = E
[
B(i)T ⊗B(i)T

]
= [IM2N2 − IMN ⊗MRu −MRu ⊗ IMN + (M⊗M)E (Ru(i)⊗Ru(i)) ] A⊗A,

(3.56)

so that (3.49) can be rewritten as,

E‖w̃(i)‖2
σ = E‖w̃(i− 1)‖2

Eσ + t2 + t3 + 2t4 − 2t5. (3.57)

Moreover, we have the following inequality relationships for the terms t2, t3 ,t4,
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and t5 (see Appendix 3.6.1 for detailed derivations),

t2 = vec
(
ATMSMA

)T
σ, (3.58)

t3 ≤ ∆ · vec
(
CTC

)
σ, (3.59)

2t4 ≤ E‖w̃(i− 1)‖2
Eσ + t3, (3.60)

t5 = − vec
(
CTG(i)MSMA

)T
σ, (3.61)

where

S = diag
{

(σ2
v,kRu,k)

N
k=1

}
, (3.62)

∆ =
N∑
k=1

δk, (3.63)

G(i) = E diag
{

(γk(i)IM)Nk=1

}
− IMN . (3.64)

Therefore, by substituting (3.58)-(3.61) into (3.57), we obtain the following

inequality relationship for the network MSD,

E‖w̃(i)‖2
σ ≤E‖w̃(i− 1)‖2

Dσ + [f1 + f2 + f3(i)]Tσ, (3.65)

where D = 2E , matrix E is given in (3.56), and

f1 = vec
(
ATMSMA

)
,

f2 = 2∆ · vec
(
CTC

)
,

f3(i) = 2 vec
(
CTG(i)MSMA

)
. (3.66)

Having the inequality relationship (3.65) and the above assumption, we further

develop the following results.

Theorem 2. (Mean-square Error Behavior) Suppose that Assumptions 1 holds.

Then, as i → ∞, the network MSD of EB-ATC, i.e., E‖w̃(i)‖2/N , has a finite

constant upper bound if the step sizes {µk} are chosen such that ρ(D) < 1 is

satisfied. In addition, it follows that

D = F +O(M2), (3.67)
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where

F = 2BT ⊗ BT. (3.68)

So that if {µk} also satisfy

1−
√

2
2

λmin(Ru,k)
< µk <

1 +
√

2
2

λmax(Ru,k)
, (3.69)

then an upper bound of the network MSD in steady state is given by

[
(f1 + f2)T (IM2N2 −F)−1 + f3,∞

]
σ +O(µ2

max), (3.70)

where f1, f2 have been given in (3.66), and

σ =
1

N
vec(IMN), (3.71)

µmax = max
1≤k≤N

{µk}, (3.72)

f3,∞ = lim
i→∞

i−1∑
j=0

f3(i− j)TF j. (3.73)

Proof. See Appendix 3.6.3

Remark 2. For (3.69), to make the L.H.S. is smaller than the R.H.S. so that the

set of µk is non-empty, we might need the condition number of Ru,k no bigger than

2+
√

2
2−
√

2
. However, (3.69) is just a sufficient condition to guarantee the right hand

side (R.H.S.) of (3.65) converges at steady state, so that the steady-state network

MSD of EB-ATC will not diverge and has a finite upper bound in theory. Indeed,

as can be observed from numerical results in Section 3.4, choosing a step size even

smaller than left hand side (L.H.S.) of (3.69) will not render the network MSD

of the EB-ATC at steady state divergent. This is because in stochastic gradient

descent (which is used in the local adaptation step of EB-ATC), the smaller the

step size, the lower the learning rate, and thus the smaller the MSD. Therefore, the

L.H.S of (3.69) is no longer needed to ensure the stability of the network MSD.

Based on the rationale in Remark 2, it can be concluded that the network MSD
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of EB-ATC will not diverge at the steady state, as long as {µk} satisfy

µk <
1 +

√
2

2

λmax(Ru,k)
. (3.74)

3.4 Simulation Results

3.4.1 Simulation Setup

In this section, we shall illustrate the MSD performance and energy-efficiency of

the proposed EB-ATC, and compare against ATC and the non-cooperative LMS

algorithm. To this end, we consider numerical examples where the parameter of

interest w◦ has a dimension of M = 10, and the network consists of N = 60

nodes is setup and depicted in Fig. 3-3a. The measurement noise powers {σ2
v,k}

are generated from a uniform distribution over [−25,−10] dB. Besides, we adopt

covariance Ru,k = σ2
u,kIM for the zero-mean regressor uk(i), where the coefficients

{σ2
u,k} are drawn uniformly from the interval [1, 2]. The data and noise profile

across the network is shown in Fig. 3-3b.

For the ease of implementation, we adopt constant and uniform triggering

thresholds δk(i) = δ for every node. Moreover, we adopt the Metropolis rule for

the diffusion combination (3.20) since it has low complexity and good performance

in terms of both convergence rate and steady-state MSD for single-task diffusion

networks [16]. To be specific, each node k computes the weights {a`k} for all its

neighboring nodes by the following rule,

a`k =



1
max{|Nk|,|N`|}

, if ` 6= k and ` ∈ Nk,

1−
∑

`∈Nk\{k}
a`k, if ` = k,

0, otherwise.

(3.75)

To demonstrate the communication reducing ability of EB-ATC, we define the

metric of expected network triggering rate (ENTR) as follows:

ENTR(i) =
1

N

N∑
k=1

Eγk(i). (3.76)
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(a) Data profile

(b) Network topology

Figure 3-3: (a) The network topology. The numbers next to the nodes are node
indices. (b) Data and noise profile of each node. From top to bottom: i) noise
power ii) input signal power.

The value of ENTR at time instant i captures how often communication is trig-

gered by each node at that time instant i, on average. Therefore, ENTR is di-

rectly proportional to the average communication overhead incurred by the nodes

in the network at each time instant. From (3.76), it is straightforward that

0 ≤ ENTR(i) ≤ 1. So that a smaller value of ENTR(i) means a lower energy

consumption. Moreover, ATC strategy has ENTR(i) = 1 for all i ≥ 0, since

in ATC networks nodes keep exchanging information at every iteration. All the

simulation results shown in the sequel are averaged over 200 Monte Carlo runs.
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(a) MSD performance

(b) ENTR curves

Figure 3-4: Simulation results for a stationary environment (a) the MSD perfor-
mance comparison, (b) The ENTR comparison of EB-ATC with different triggering
thresholds.

3.4.2 Stationary Environment

In this case, we set step sizes µ = 0.02 for all the nodes, the numerical results are

shown in Fig. 3-4. It can be observed from Fig. 3-4(a) that MSDs of the proposed

EB-ATC in steady-state are a few dBs higher than that of ATC strategy, but are

still much lower compared with the non-cooperative LMS algorithm, which demon-

strates that our proposed EB-ATC is able to preserve the advantages of diffusion

cooperation. Meanwhile, the convergence of EB-ATC is relatively slower. This is

due to in the transient phase, the event-based communication mechanism of EB-
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Figure 3-5: Performance comparison among other algorithms.

ATC restricts nodes in the network from exchanging the newest local intermediate

estimates {ψk,i} too frequently, so as to save energy and reduce the occupation of

limited communication resources which is particularly helpful in the scenarios like

massive IoT networks. Nevertheless, this leads to inferior transient performance

compared to ATC.

On the other hand, EB-ATC achieves significant communication overhead sav-

ings compared to ATC. From Fig. 3-4(b), we can see that the ENTR curves of EB-

ATC decay rapidly over time during the transient phase, and for all the different

triggering thresholds we tested, EB-ATC uses less than 30% of the communication

overhead of ATC after the time instant i ≈ 200, which is approximately the aver-

age time that the MSD of ATC drops within 95% of its steady-state value. This

demonstrates that even though EB-ATC has not reached steady state (at i ≈ 600),

communication between nodes is not triggered very frequently since the interme-

diate estimates do not alter significantly after this time instant. Furthermore, in

steady state, although each node maintains estimates that are close to the true

parameter value, communication triggering does not completely stop. This is be-

cause occasional abrupt changes in the random noise and regressors can make the

update of local estimate deviate significantly, which is in the same spirit of why

MSD does not converge to zero.
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We also provide comparison of MSD performance among state-of-the-art ATC-

type diffusion LMS strategies including the Data-Reserved Periodic Diffusion LMS

(DR-PDLMS) [93] and the Partial Diffusion LMS (P-DLMS) [89]. The compari-

son results are shown in Fig. 3-5, where the simulation environment is same with

previous case except the step sizes are chose as µ = 0.05 for each of the nodes.

We select period value p = 5 for DR-PDLMS, and L = 2 for P-DLMS such that

these two algorithm are able to achieve 80% savings of communication. To make

a fair comparison, we use δ = 2 × 10−3 for our EB-ATC to achieve a similar

level of communication saving (about 81% on average over 1000 iterations). It is

clear in Fig. 3-5 that our proposed EB-ATC outperforms both DR-PDLMS and

P-DLMS in terms of steady-state MSD performance, while being slightly slower in

the convergence.

3.4.3 Non-stationary Environment

In addition to the previous examples in stationary environments, we also tested

our EB-ATC in non-stationary scenarios, in order to demonstrate the tracking

performance as well as to compare energy saving ability against conventional ATC

strategy in a more practical situation.

In the first non-stationary example we configure the unknown parameters to

change randomly at time instants i = 500m, for m = 1, 2, 3. The step sizes are set

to µ = 0.05 for every node, all the other experiment setups remain unchanged with

those in the previous stationary scenario. To obtain more comprehensive results,

we tested seven different values of triggering thresholds, i.e.,

δ = {1.0, 1, 25, 1.5, 1.75, 2.0, 2.25, 2.5} × 10−3. (3.77)

In order to obtain figures which are clearer and more readable for showing the

tracking ability as well as the resulting ENTR, we pick four thresholds from (3.77)

and illustrate corresponding MSD and ENTR in Fig. 3-6. All the MSDs of EB-

ATC with different thresholds converges within 500 iterations. As expected, from

Fig. 3-6(a), it can be observed that MSDs of EB-ATC are higher than that of ATC

by only a few dBs. At the same time, even the smallest triggering threshold we
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(a) MSD performance

(b) ENTR curves

Figure 3-6: Non-stationary case where parameter changes at certain time instant
(a) MSD performance comparison. (b) The resulting ENTR curves.

tested can achieve a communication overhead saving of about 70% (see Fig. 3-

6(b)) at most of the time instants, without sacrificing the steady-state accuracy

and convergence speed.

In practical applications, the unknown parameters usually change over time,

which requires learning or estimation algorithms to keep continuous adaptation.

Although ATC strategy converges relatively faster than the EB-ATC, nodes in a

ATC network have to keep exchanging information in the steady state so as to

maintain accurate estimates and track changes in the parameters. As has been

mentioned earlier, communicating at every iteration leads to large overhead, which

can be avoided by the proposed EB-ATC. To visualize this effect, in Fig. 3-7 we

illustrate the trade offs between the cooperation benefits (measured in terms of

steady-state MSD that EB-ATC improves against the non-cooperative LMS) and
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Figure 3-7: Cooperation benefit against the ACOS.

the average communication overhead saving (ACOS) which is computed via

ACOS = 1− 1

n

n∑
i=1

ENTR(i), (3.78)

where the number of iterations was n = 2000 in Fig. 3-6. From Fig. 3-7, it is

clear that bigger triggering thresholds leads to higher ACOS valuse but fewer co-

operation benefit that EB-ATC can achieve. What’s more, all the tested trig-

gering thresholds can achieve communication overhead savings more than 60% on

average over all time instants. Among which the three largest thresholds, i.e.

δ = {2.0, 2.25, 2.5} × 10−3, lead to energy savings more than 80% while being less

than 3 dB worse in terms of cooperation benefit compared to ATC strategy that

achieves a cooperation benefit of 12.8 dB. However, this saving ability is almost

the same with that obtained by the smallest triggering threshold.

In the second non-stationary test case, we allow the parameter to vary contin-

uously at ever iteration. To be specific, the parameter follows

w◦(i) = w◦(i− 1) + z(i), (3.79)

where z(i) is the input driving vector drawn from a standard Gaussian distribution
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Figure 3-8: Non-stationary case where parameters vary continuously at every iter-
ation.

with covariance matrix 2 × 10−6IM . It can be seen from Fig. 3-8 that both ATC

and EB-ATC are able to converge as was in stationary case, which indicates that

although the parameter undergoes a slow continuous change at every time instants

the algorithms can still maintain accurate tracking rather than diverging or being

fluctuating in MSD. However, when compared to the first 500 iterations of previous

non-stationary case where parameter does not change, the steady-state MSDs are

much higher and the ACOSs also drop obviously, which is expected since continu-

ously time-varying parameter is more difficult to track and will cause intermediate

estimates deviate more significantly compared with stationary cases, which in turn

leads to more frequent triggering of communication.

3.5 Summary

We have proposed an EB-ATC strategy for diffusion networks where every node

communicate with its neighbors only when significant changes occur in the local up-

dates. The proposed algorithm is not only able to significantly reduce communica-

tion overhead, but can still maintain satisfactory MSD performance at steady state

compared with the conventional ATC diffusion strategy. In addition, we also inves-
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tigated the error behavior of the proposed strategy in both mean and mean-square

sense, and derived sufficient conditions to secure both mean and mean-squared

stabilities.
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3.6 Derivations and Proofs

3.6.1 Derivations of (3.58)-(3.61)

We derive the expressions and related inequality relationships for terms t2, t3 ,t4,

and t5 as below.

Term t2

For this term, we have

t2 = E
[
Tr
(
ATMs(i)s(i)TMAΣ

)]
= Tr

[
ATME

(
s(i)s(i)T

)
MAΣ

]
= Tr

(
ATMSMAΣ

)
= vec

(
ATMSMA

)T
σ, (3.80)

where the equality (3.80) follows from the identity

Tr(AB) = vec(AT )T vec(B), (3.81)

and matrix S in (3.80) is given by

S = diag
{

(σ2
v,kRu,k)

N
k=1

}
. (3.82)

Term t3

Similarly, we have the following for t3,

t3 = Tr
[
CTE

(
ε(i)ε(i)T

)
CΣ
]

= vec(C)T
[
Σ⊗ E

(
ε(i)ε(i)T

)]
vec(C) (3.83)

Moreover, by applying linear algebra techniques, it can be verified that the relation-

ship yyT ≤ yTyIN holds for any vector y ∈ RN , and thus ε(i)ε(i)T ≤ ε(i)Tε(i)IMN
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follows immediately. So that we have

E
(
ε(i)ε(i)T

)
≤ E[ε(i)Tε(i)IMN ]

= E
[ N∑
k=1

‖εk(i)‖2IMN

]

≤
N∑
k=1

δkIMN . (3.84)

The last inequality follows from (3.25). Letting

∆ =
N∑
k=1

δk, (3.85)

due to Σ ≥ 0 the following results follows,

Σ⊗
[
E
(
ε(i)ε(i)T

)
−∆IMN

]
≤ 0, (3.86)

and therefore,

vec(C)T
{

Σ⊗
[
E
(
ε(i)ε(i)T

)
−∆IMN

]}
vec(C) ≤ 0, (3.87)

which gives,

vec(C)T
[
Σ⊗ E

(
ε(i)ε(i)T

)]
vec(C)

≤∆ · vec(C)T (Σ⊗ IMN) vec(C)

=∆ · Tr
(
CTCΣ

)
, (3.88)

by relating the above inequality to (3.83), we obtain

t3 ≤ ∆ · vec
(
CTC

)
σ. (3.89)

We have used the identity

vec(AXB) = (BT ⊗ A) vec(X) (3.90)

to obtain (3.88), and (3.89) follows from (3.81).
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Term t4

Since matrix Σ ≥ 0, so that we have Σ = ΘΘT. Then, let

P = w̃(i− 1)TBT(i)Θ,

Q = ε(i)TCΘ. (3.91)

From the fact (P −Q)(P −Q)T ≥ 0 we have,

PQT +QPT ≤ PPT +QQT. (3.92)

Substituting (3.91) into the above inequality and taking expectation on the both

sides gives,

2t4 ≤ E
[
w̃(i− 1)TB(i)TΣB(i)w̃(i− 1)

]
+ E

[
ε(i)TCΣCTε(i)

]
= E‖w̃(i− 1)‖2

Σ′ + t3,

= E‖w̃(i− 1)‖2
Eσ + t3. (3.93)

Term t5

Applying manipulations similar to t3, we obtain

t5 = Tr
[
CTE

(
ε(i)s(i)T

)
MAΣ

]
= vec

(
CTE

(
ε(i)s(i)T

)
MAΣ

)T
σ. (3.94)

In order to evaluate the covariance matrix E
(
ε(i)s(i)T

)
, we shall separately derive

its (k, `)-th block entry, i.e., E [εk(i)u`(i)v`(i)] which can be expressed by

E [εk(i)u`(i)v`(i)] =E [ψk(i)u`(i)v`(i)]− E
[
ψk(i)u`(i)v`(i)

]
(3.95)

Substituting the data model (2.1) into the local adaptation (3.19), we can express

the local intermediate estimate ψk(i) as follows,

ψk(i) =wk(i− 1) + µkuk(i)uk(i)
Tw̃k(i− 1) + µkuk(i)vk(i), (3.96)
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so that we have

E [ψk(i)u`(i)v`(i)] = E [wk(i− 1)u`(i)v`(i)]

+ µkE
[
uk(i)uk(i)

Tw̃k(i− 1)u`(i)v`(i)
]

+ µkE [uk(i)vk(i)u`(i)v`(i)] . (3.97)

Note that (3.97) evaluates to zero if ` 6= k, and when ` = k the first two terms

in (3.97) also evaluate to zero, and the last term equals µkσ
2
v,kRu,k. Moreover,

from (3.12) and (3.24), at particular time instant i, we have E
[
ψk(i)u`(i)v`(i)

]
equals E [ψk(i)u`(i)v`(i)] if node k trigger the communication, and evaluates to

zero, otherwise. Hence, we can conclude that

E [εk(i)u`(i)v`(i)] =

0, if ` 6= k,

µkσ
2
v,kRu,k, if ` = k and γk(i) = 0.

So that the term t5 can be expressed as,

t5 = − vec
(
CTG(i)MSMA

)T
σ, (3.98)

where matrix S is given in (3.62) and

G(i) = E diag
{

(γk(i)IM)Nk=1

}
− IMN . (3.99)

3.6.2 Proof of the Theorem 1

Taking block maximum norm ‖·‖b,∞ to the vector E[ε(i)], due to every norm is a

convex function of its argument, by Jensen’s inequality and Lemma ??, we have

‖E[ε(i)]‖b,∞ ≤ E
[
‖ε(i)‖b,∞

]
(3.100)

= E
[

max
1≤k≤N

‖εk(i)‖
]

(3.101)

≤ max
1≤k≤N

(
δk

λmin(Y )

) 1
2

, (3.102)
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where we have used the definition of the block maximum norm in [16] for the

equality (3.101), and inequality (3.102) follows from the Lemma ??. The R.H.S.

of (3.102) is a finite constant scalar, which implies that the input signal to the

recursion (3.41), i.e., E[ε(i)] is bounded. Therefore, the recursion (3.41) is BIBO

stable if ρ(B) < 1.

In addition, since matrix AT is left-stochastic, by applying the Lemma D.5 and

Lemma D.6 in [16], we have the following from (3.42),

ρ(B) = ρ
(
AT (IMN −MRu)

)
(3.103)

≤ ρ (IMN −MRu) (3.104)

= ‖IMN −MRu‖b,∞. (3.105)

Therefore, we conclude that the network mean error is BIBO stable if

‖IMN −MRu‖b,∞ < 1, (3.106)

which further yields the condition (3.44).

To establish the upper bound (3.45), we iterate (3.41) from i = 0, which gives,

E[w̃(i)] = BiE[w̃(0)] +
i−1∑
j=0

BjCTE[ε(i− j)]. (3.107)

Then applying block maximum norm ‖·‖b,∞ on both sides of the above equation,

by the properties of vector norms and induced matrix norms, it can be obtained

that

‖E[w̃(i)]‖b,∞ ≤
∥∥Bi∥∥

b,∞‖E[w̃(0)]‖b,∞ +
i−1∑
j=0

∥∥Bj∥∥
b,∞

∥∥CTE[ε(i− j)]
∥∥
b,∞

≤
∥∥AT

∥∥i
b,∞‖IMN −MRu‖ib,∞‖E[w̃(0)]‖b,∞

+
i−1∑
j=0

(∥∥AT
∥∥j
b,∞‖IMN −MRu‖jb,∞

∥∥CT∥∥
b,∞‖E[ε(i− j)]‖b,∞

)
.

(3.108)
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Let α =
∥∥CT∥∥

b,∞, from the Lemma D.3 of [16] we have

α =
∥∥CT

∥∥
∞ = max

1≤k≤N
(1− akk). (3.109)

Moreover, since matrix AT is left-stochastic, so that we have
∥∥AT

∥∥
b,∞ = 1 by the

Lemma D.4 of [16]. Let

β = ‖IMN −MRu‖b,∞, (3.110)

then substitute (3.102) into (3.108) we obtain the following,

‖E[w̃(i)]‖b,∞ ≤ ‖E[w̃(0)]‖b,∞ · β
i

+ α · max
1≤k≤N

(δk)
1
2 ·

i−1∑
j=0

βj. (3.111)

If step size µk is chosen to satisfy 0 ≤ β < 1, then letting i→∞ on both sides of

(3.111) we arrive at following inequality relationship

lim
i→∞
‖E[w̃(i)]‖b,∞ ≤

α

1− β
· max

1≤k≤N
(δk)

1
2 , (3.112)

and the proof is complete.

3.6.3 Proof of the Theorem 2

To obtain the upper bound of network MSD at steady state, iterating (3.65) from

i = 1, we have

E‖w̃(i)‖2
σ ≤ E‖w̃(i− 1)‖2

Dσ + (f1 + f2)T

(
i−1∑
j=0

Dj
)
σ +

(
i−1∑
j=0

f3(i− j)TDj
)
σ,

(3.113)

where the vectors f1, f2, and f3(i) are given previously in (3.66). Letting i→∞,

the first term on the R.H.S. of the above inequality converges to zero, and the
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second term converge to a finite value

(f1 + f2)T (IM2N2 −D)−1 σ, (3.114)

if and only if Di → 0 as i → ∞, i.e., ρ(D) < 1. From (3.64) and (3.66) we have

f3(i) is bounded due to every entry of matrix G(i) is bounded. Furthermore, if

ρ(D) < 1, there exists a norm ‖·‖ζ such that ‖D‖ζ < 1, therefore we have

∣∣f3(i− j)TDjσ
∣∣ ≤ a · ‖D‖jζ , (3.115)

for some positive constant a. Since ‖D‖jζ → 0 as j →∞, the series,

i−1∑
j=0

∣∣f3(i− j)TDjσ
∣∣ (3.116)

converges as i → ∞, which implies the absolute convergence of the third term of

R.H.S of (3.113).

Besides, the matrix F given in (3.68) can be explicitly expressed as

F = 2BT ⊗ BT

= [IM2N2 − IMN ⊗MRu −MRu ⊗ IMN (M⊗M) (Ru ⊗Ru) ]A⊗A.

(3.117)

Substituting (3.56) in to D = 2E and comparing the expression of matrix D with

(3.117), we can obtain

D = F +O(M2), (3.118)

where

O(M2) = (M⊗M) {E [Ru(i)⊗Ru(i)]−Ru ⊗Ru} . (3.119)
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So that substituting (3.118) into the R.H.S of (3.113) gives

E‖w̃(i)‖2
σ ≤ E‖w̃(i− 1)‖2

Fσ + (f1 + f2)T

(
i−1∑
j=0

F j
)
σ +

(
i−1∑
j=0

f3(i− j)TF j
)
σ

+ E‖w̃(i− 1)‖2
O(M2)σ + g(i)TO(M2)σ, (3.120)

where

g(i) = f1 + f2 +
i−1∑
j

f3(j). (3.121)

Due to the vector g(i) is bounded, therefore, if ρ(D) < 1 such that the mean-

squared error term E‖w̃(i− 1)‖2
σ is bounded, then the last two terms on the R.H.S

of (3.120) become O(µ2
max). So the inequality (3.120) can be further expressed as

below

E‖w̃(i)‖2
σ ≤ E‖w̃(i− 1)‖2

Fσ + (f1 + f2)T

(
i−1∑
j=0

F j
)
σ

+

(
i−1∑
j=0

f3(i− j)TF j
)
σ +O(µ2

max). (3.122)

Choosing σ = vec(IMN )
N

and using arguments similar for (3.113), as i → ∞ the

R.H.S of (3.122) converges to

1

N
[(f1 + f2) (IM2N2 −F)−1 + f3,∞] vec(IMN) +O(µ2

max), (3.123)

if and only if F is stable, namely, ρ(F) < 1, where f3,∞ is given in (3.73). Since

ρ(F) = 2ρ(B)2, so that a sufficient condition to guarantee ρ(F) < 1 is ρ(B) <
√

2
2

.

In addition, by the Lemma D.5 in [16], we have

ρ(B) ≤ max
1≤k≤N

ρ(IMN − µkRu,k) (3.124)

Therefore, we can obtain that ρ(B) <
√

2
2

hold if step sizes is chosen to satisfy

condition (3.69). The proof is complete.
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Chapter 4

Diffusion Strategy for Multitask

Networks with Optimized

Inter-Cluster Cooperation

4.1 Introduction

In this chapter, we consider distributed LMS estimation for a multitask diffusion

network where nodes are grouped into several interconnected clusters. Hereby, each

cluster performs LMS estimation of the realizations of a different unknown random

parameter. Different from the previous chapter 3 where we have concerned about

the communication and energy efficiency, in this chapter we address the perfor-

mance optimization of a multitask diffusion network. So that every nodes, clusters

and the whole diffusion network can operate in a more cost-effective manner, and

the potential waste of limited resources like communication bandwidth and energy

budget caused by improper choice of cooperation weights can be avoided.

In clustered multitask diffusion networks [42], the inter-cluster cooperation

plays an important role of bridging the cooperation between clusters associated

with different learning objectives. Therefore, the inter-cluster weights and regular-

ization strength should be appropriately selected to improve the overall network

performance, rather than using naively selected values which may even worsen

the network performance. However, there is no discussion and methodology men-

tioned in [42] on how to find the suitable inter-cluster cooperation weights and the
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regularization strength, which motivates us to fill this gap.

Inspired by the elegance of the adapt-then-combine diffusion strategy, we pro-

pose a multitask diffusion strategy where an inter-clustered cooperation is only

inserted right before the intra-cluster combination and is affected by a single fac-

tor. As such, the mean stability of the proposed strategy can be guaranteed as

long as every individual node is stable in the mean on their own right, regardless

of how the inter-cluster cooperation weights are chosen. This feature facilitates the

free selection of the relevant cooperation weights, so that the optimization schemes

can then be developed without concerning about the network stability.

In addition, performance-wise, the proposed estimation strategy is able to

achieve an asymptotically unbiased estimation, when the parameters of all the

clusters are same in the mean. To realize the objective of improving the network

performance, we develop a centralized as well as a distributed inter-cluster cooper-

ation weights selection schemes that enable every node in the network to optimally

adjust its cooperation weights associated to the inter-cluster neighbors. Simula-

tion results demonstrate that our approaches leads to an improved steady-state

network MSD on average, compared with the case where clusters do not cooperate

each other and selecting weights by several other commonly adopted methods in

the literature.

The rest of this chapter is organized as follows. In Section 4.2, we introduce the

network model involved in this chapter and the problem formulation of distributed

LMS estimation in clustered multitask networks. We also briefly review the prior

works, and introduce our proposed multitask strategy. In Section 4.3 we examine

the convergence performance of the proposed strategy via mean and mean-square

error behavior analysis. In Section 4.4, we present our optimization schemes for

the selection of the inter-cluster cooperation weights and a related adaptive imple-

mentation. Finally, several numerical results are shown and the a summary of this

chapter follow in Sections 4.5 and 4.6, respectively.
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Figure 4-1: An example of a clustered multitask network with three clusters de-
picted in red, blue, and green circles, respectively.

4.2 Models, Formulations, and Multitask Diffu-

sion

In this section, we first present network and data model of clustered multitask

networks, briefly overview the multitask diffusion LMS strategy proposed by [42],

and then present our proposed multitask diffusion strategy.

4.2.1 Models and Assumptions

In this chapter, we consider a clustered multitask network with N nodes (see

an example depicted in Fig. 4-1). Similar to the single-task networks, here the

multitask network is also represented by an undirected graph where the vertices

denote the nodes, any two nodes are said to be connected if there is an edge between

them. The neighborhood of any particular node k is denoted by Nk, which include

all the nodes that are connected to node k, and node k itself. Since the network

is assumed to be undirected, if node k is a neighbor of node ` then node ` is also

a neighbor of node k. Without loss of generality, we assume that the network is

connected.

Following the same settings and definitions for the network model described in

Section 2.2.1, let the clusters be indexed by P , {1, 2, . . . , P}. In this chapter, we
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suppose the unknown parameters interested to each cluster, namely w◦Cp
, p ∈ P ,

to be random and correlated with each other. This is different from most of the lit-

eratures [16,42,45,83], which assume that parameters of interest are deterministic.

Thus, our objective is then to characterize the expected network estimation per-

formance, where the expectation is not only taken over the random realizations of

the data and noise, but also the random parameters. Although [140] also assumes

that parameters are random and follow a random walk model, that work considers

a single-task network where every node in the network learn the same parameter

of interest.

We let w◦k = w◦Cp
for any node k ∈ Cp. At each time instant i ≥ 1, each node

k observes a random variable dk(i) ∈ R, and a random vector uk(i) ∈ RM×1. We

assume these observations are related to w◦k via the linear regression model similar

to (2.1) introduced in 2.1.1 as shown below.

dk(i) = uT
k (i)w◦k + vk(i). (4.1)

Note that although w◦k is random, for the steady-state analysis in the sequel, its

realization does not vary over the time instants i. Besides, we need the following

assumptions.

Assumption 2. The parameters of interest {w◦k}Nk=1 are independent of {u`(i),v`(i)}

for all {k, `, i}.

Remark 3. Alone with the Assumption 1 described in Section 2.1.1, we also need

the above Assumption 2 in order to facilitate the performance analysis in the sequel.

The need of independent conditions in this chapter follows similar statement in

Remark 1.

Assumption 3. All the cluster parameters take values from the same compact

space W, and we do not have any prior information on their distributions. It

is further assumed that these cluster parameters are uniformly distributed over

W, and share the same mean value w ∈ RM . Let w◦ = col
{

(w◦k)
N
k=1

}
, we have

Ew◦ = 1N ⊗ w. In addition, the second-order moment of w◦ is

Rw = Ew◦w◦T. (4.2)
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Remark 4. An example of scenario described in the above assumption is when

clusters are tasked to localize different targets that may appear randomly within a

specified area. The assumption that cluster parameters have the same mean can

also be used for modeling the case where the mean of each cluster parameter is a

known a prior so that can be subtracted out from the data model (4.1). For instance,

a cluster may be responsible for monitoring a specific sub-area, meanwhile a target

might appear within that sub-area with a known distribution. Besides, the above

(4.2) is needed because the parameters {w◦Cp
}p∈P may be correlated in general. For

example, in the aforementioned target tracking problem, if each cluster track a

different target and the targets are moving in tandem or formation, then these

underlying unknown parameters can be correlated with each other. Similarly, when

estimating the temperature of an region, the temperature field of each individual

position can be different however correlated. It is thus beneficial to cooperate among

clusters by allowing nodes in different clusters to exchange information with each

other.

To enhance such inter-cluster cooperation so that the network can make the

most of limited resources, we shall develop inter-cluster cooperation schemes which

can minimize the network MSD on average over realizations of the cluster parame-

ters. As will become clear in the sequel, finding the optimal inter-cluster coopera-

tion depends onRw. We shall first assume that the correlation matrixRw is known

a priori, and then provide an adaptive implementation where Rw is estimated in

each iteration.
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4.2.2 Multitask Diffusion Strategy with Normalized Inter-

cluster Cooperation

In [42], each node cluster Cp, p ∈ {1, 2, . . . , N} is associated with the following cost

that is similar to (2.14) previously formulated in Section 2.2.1 :

J(wCp , w−Cp) =
∑

k∈NC,k

1

2
E
∣∣dk(i)− uk(i)TwC(k)

∣∣2 + η
∑
`∈NI,k

ρ`k
∥∥wC(k) − wC(`)

∥∥2

 ,

(4.3)

whereNC,k andNI,k denotes the intra-cluster neighborhood and inter-cluster neigh-

borhood, respectively, whose definition has been given in Section 2.2.1. Coefficient

η and {ρ`k} are non-negative regularization parameter and inter-cluster coopera-

tion weights, respectively. Following the similar treatment in [16], cost function

(4.3) can be further decomposed to the following cost for each of the node k in

cluster C(k),

JC(k)(wk) =
1

2
E
∣∣dk(i)− uk(i)TwC(k)

∣∣2 +

η
∑
`∈NI,k

ρ`k
∥∥wC(k) − wC(`)

∥∥2
+
∑
`∈NC,k

a`k
∥∥wC(k) − w◦C(`)

∥∥2
, (4.4)

then using the observed data {dk(i),uk(i)} for instantaneous approximation of true

statistics

Ru,k ≈ uk(i)
Tuk(i), rdu ≈ dk(i)uk(i), (4.5)

and applying SGD to minimize local cost (4.4), a multitask diffusion LMS strategy

(MDLMS) which takes the following form is obtained in the work [42]:



ψk(i) = wk(i− 1) + µkuk(i)[dk(i)− uk(i)Twk(i− 1)]

+µk
∑

`∈NI,k

ηρ`k[w`(i− 1)−wk(i− 1)]

wk(i) =
∑

`∈NC,k

a`kψ`(i)

(4.6)
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where µk is a constant step size. Besides, the scalar intra-cluster combination

weights {a`k} satisfy

a`k ≥ 0,
∑
`∈NC,k

a`k = 1, a`k = 0, if ` /∈ NC,k. (4.7)

Likewise, the scalar inter-cluster cooperation weights {ρ`k} satisfy

ρ`k ≥ 0,
∑
`∈NI,k

ρ`k = 1, ρ`k = 0, if ` /∈ NI,k. (4.8)

Compared with the local adaptation step of the ATC strategy [45], the additional

third term on the right-hand side (R.H.S.) of the first equation of (4.6) is used to

promote the cooperation among clusters by absorbing the estimates w`(i−1) from

neighboring nodes in different clusters. Thus, more information is utilized during

diffusion-type adaptation, so that the network estimation performance could be

improved by selecting η and {ρ`k} properly.

Note that the inter-cluster weights defined in (4.8) is subject to sum-to-one

normalization [42], it is η that controls the overall regularization strength. Choosing

η = 0 will make the MDLMS degrade to the normal ATC diffusion LMS within each

cluster and no more inter-cluster cooperation exists. On the other hand, a large

η will impose more similarity to the estimates over the entire network. However,

for clusters have heterogeneous parameter of interest, a large η maybe improper

and even deteriorates the network MSD performance. In [42], the author proposes

to choose the value of η heuristically according the experienced knowledge of the

application at hand, and chose inter-cluster cooperation weights by the following

way,

ρ`k =

|NI,k|
−1, if ` ∈ NI,k,

0, otherwise,

(4.9)

for the ease of implementation. We will refer to (4.9) as the inter-cluster averaging

rule in the sequel.

Last but not least, the main results on mean and mean-square convergence

properties of the above MDLMS established in [42] are revisited as below.
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a) If the measured data {dk(i),uk(i)} satisfy the model (2.1) and the Assump-

tion 1, and the combination weights satisfy (4.7) so that the matrix A satisfy

AT1N = 1N , then the MDLMS asymptotically converges in the mean and if

the step-sizes of each node k satisfy

µk <
2

λmax(Ru,k) + 2η
. (4.10)

b) The MDLMS is mean-square stable if the step sizes µk for all k = 1, 2, . . . , N

is chosen to be sufficiently small and also satisfy the above condition (4.10)

It is worth noting that, the condition on step-size (4.10) clearly shows the mean

and also mean-square stability of MDLMS is affected by the regularization strength

factor η, which indicates that given a pre-determined value of step size, one may

not be albe to choose η freely since it is likely to make the network unstable.

To overcome this issue, and also to optimally select the inter-cluster cooperation

weights, we propose a new multitask diffusion strategy detailed in the sequel.

4.2.3 The Multitask Adapt, Inter-cluster cooperate, and

then Combine diffusion strategy

In this subsection, we propose a multitask diffusion strategy that performs adap-

tation before inter-cluster cooperation. We show in Section 4.3 that our proposed

strategy can achieve asymptotically unbiased estimation and mean stability irre-

spective of the inter-cluster cooperation weights under the assumptions in Section

4.2.1.

Conditioned on wC(k) = wC(k) in the local cost (2.12) for all k = 1, 2, . . . , N ,

Jk
(
wC(k)

)
=

1

2
E
[∣∣dk(i)− uk(i)TwC(k)

∣∣2∣∣∣wC(k) = wC(k)

]
(4.11)

we consider the same cluster cost function formulated in (2.14). Proceeding in a
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similar derivation as [42], we can rewrite the first equation of (4.6) as:


ψk(i) = wk(i− 1) + µkuk(i)[dk(i)− uk(i)Twk(i− 1)],

φk(i) = ψk(i)− µk
∑

`∈NI,k

ηρ`k[wk(i− 1)−w`(i− 1)].
(4.12)

Since the value ψk(i) is the updated local estimate and thus a better estimate for

w◦k than wk(i− 1) [44] , we use ψk(i) and ψ`(i) to replace wk(i− 1) and w`(i− 1),

respectively in the second equation of (4.12). Let

g`k = µkηρ`k, if ` ∈ NI,k,

gkk = 1− µk
∑
`∈NI,k

ηρ`k. (4.13)

These eliminate the redundant degree of freedom offered by η which complicates

the optimization of the inter-cluster cooperation weights {ρ`k} in (4.8). We obtain

the following Multitask Adapt, Inter-cluster cooperate, and then Combine (MAIC)

diffusion strategy:

ψk(i) = wk(i− 1) + µkuk(i)[dk(i)− uk(i)Twk(i− 1)]

φk(i) =
∑

`∈N+
I,k

g`kψ`(i)

wk(i) =
∑

`∈NC,k

a`kφ`(i)

(4.14)

where N+
I,k = NI,k ∪ {k} and the inter-cluster weights {g`k} satisfy

g`k ≥ 0,
∑
`∈N+

I,k

g`k = 1, g`k = 0, if ` /∈ N+
I,k. (4.15)

Let G be a matrix with the (`, k)-th entry being g`k. Then, from (4.13), the matrix

G is left-stochastic, i.e., GT1N = 1N .

In the proposed MAIC diffusion strategy (4.14), the first line of equations de-

notes the adaptation step, the second line is the inter-cluster cooperation step, and

the third line is the local combination step. Comparing (4.14) to the ATC diffusion

strategy shown in (3.6), it is clear that the proposed MAIC diffusion strategy is in
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the same spirit as the ATC diffusion strategy, which performs adaptation at each

node before combining information from neighboring nodes. Similarly, MAIC first

performs adaptation, before cooperatively integrating information from neighbor-

ing nodes not within its cluster. Finally, it performs combination of information

from neighboring nodes within its own cluster. As will be showed in the sequel,

unlike the condition (4.10), convergence properties of the proposed MAIC will no

longer depends on parameters affect the inter-cluster cooperation.

4.3 Convergence Analysis of the MAIC Strategy

In this section, we analyze the performance of the proposed MAIC diffusion strategy

by studying its convergence behavior for both mean and mean-square error vectors.

Then we derive sufficient conditions for stability in mean and mean-square sense,

and also show the steady-state network MSD. For ease of reference, we put the

commonly used symbols in Table 4.1.

4.3.1 Recursive Models of Network Errors

We first derive recursive models for several error vectors that will be used for our

stability analysis. The error vectors at each node k for each time instant i are

defined as

ψ̃k(i) = w◦k −ψk(i),

φ̃k(i) = w◦k − φk(i),

w̃k(i) = w◦k −wk(i). (4.16)

The individual iterates {ψ̃k(i)}, {φ̃k(i)}, and {w̃k(i)} are further collected into

network error iterates as below:

ψ̃(i) = col
{

(ψ̃k(i))
N
k=1

}
,

φ̃(i) = col
{

(φ̃k(i))
N
k=1

}
,

w̃(i) = col
{

(w̃k(i))
N
k=1

}
. (4.17)
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Table 4.1: Definitions of Commonly Used Symbols.

Symbol Equation

A = A⊗ IM (4.24)

G = G⊗ IM (4.22)

Ru(i) = diag
{

(uk(i)uk(i)
T)Nk=1

}
(4.28)

Ru = ERu(i) = diag
{

(Ru,k)
N
k=1

}
(4.35)

M = diag
{

(µkIM)Nk=1

}
(4.29)

S = diag
{

(σ2
v,kRu,k)

N
k=1

}
(4.41)

B(i) = ATGT(IMN −MRu(i)) (4.27)

B = EB(i) = ATGT(IMN −MRu) (4.33)

E = E
[
B(i)T ⊗B(i)T

]
(4.48)

F = BT ⊗ BT (4.54)

Rw = Ew◦w◦T (4.2)

Rw,`k = Ew◦`w◦kT (4.67)

Ωa,k = diag

{(
µ2σ2

v,` Tr(Ru,`)
)
`∈N+

I,k

}
(4.70)

Ωb,k = E[W T
k Wk] (4.71)

Wk = [w◦` ]`∈N+
I,k

(4.72)

nk = |N+
I,k| (4.73)

Subtracting both sides of the first equation of (4.14) from w◦k, and applying the

data model (4.1), we obtain the following error recursion:

ψ̃k(i) =
(
IM − µkuk(i)uk(i)T

)
w̃k(i− 1)− µkuk(i)vk(i). (4.18)

Note that the second equation of (4.14) can be expressed as,

φk(i) = gkkψk(i) +
∑
`∈NI,k

g`kψ`(i). (4.19)
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Similarly, subtracting both sides of the above equation from w◦k leads to

(4.20)
φ̃k(i) = gkk (w◦k −ψk(i)) +

∑
`∈NI,k

g`k (w◦` −ψ`(i) +w◦k −w◦` )

=
∑
`∈N+

I,k

g`kψ̃`(i) +
∑
`∈N+

I,k

g`k (w◦k −w◦` )

Relating the above equation with the second line of (4.17) gives

φ̃(i) = GTψ̃(i) +
(
IMN − GT

)
w◦, (4.21)

where

G = G⊗ IM . (4.22)

Then, subtracting the third equation of (4.14) from w◦k and using (4.17) we have

w̃(i) = ATφ̃(i), (4.23)

where

A = A⊗ IM . (4.24)

Now, substituting (4.21) into the equation (4.23) yields

w̃(i) = ATGTψ̃(i) +AT
(
IMN − GT

)
w◦. (4.25)

Finally, substituting (4.18) into the above expression we arrive at the following

error recursion:

w̃(i) = B(i)w̃(i− 1)− s(i) + r, (4.26)
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where

B(i) = ATGT(IMN −MRu(i)), (4.27)

Ru(i) = diag
{

(uk(i)uk(i)
T)Nk=1

}
, (4.28)

M = diag
{

(µkIM)Nk=1

}
, (4.29)

s(i) = ATGTM col
{

(uk(i)vk(i))
N
k=1

}
, (4.30)

r = AT(IMN − G)Tw◦. (4.31)

4.3.2 Mean Error Analysis

Suppose Assumptions 1 and 2 all hold, then by taking expectation on both sides

of (4.26), we obtain:

Ew̃(i) = BEw̃(i− 1) + r, (4.32)

where

B = EB(i) = ATGT(IMN −MRu), (4.33)

r = Er = AT(IMN − G)TEw◦, (4.34)

and

Ru = ERu(i) = diag
{

(Ru,k)
N
k=1

}
. (4.35)

Theorem 3. (Mean stability) Suppose that Assumptions 1-2 hold. Then, MAIC

is stable in the mean if the step-size µk is chosen such that

µk <
2

λmax(Ru,k)
. (4.36)

Furthermore, if Assumption 3 also holds, then MAIC is asymptotically unbiased.

Proof. See Appendix 4.7.1.

From Theorem 3, we see that condition (4.36) is also the one that ensures the

mean stability of a single node in the non-cooperative case [44, 45, 68]. Therefore,
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if individual nodes are stable in the mean, the network that applies MAIC will be

stable in the mean as well. On the contrary, even though every individual node is

stable in the mean in the non-cooperative case, MDLMS is not guaranteed to be

mean stable since its mean stability depends on the regularization weight η [42].

4.3.3 Mean-Square Error Analysis

We now examine the mean-square stability of the proposed MAIC strategy, under

the Assumptions 1-2. From the error recursion (4.26), for any compatible non-

negative definite matrix Σ we have that,

(4.37)‖w̃(i)‖2
Σ = w̃T(i− 1)BT(i)ΣB(i)w̃(i− 1) + sT(i)Σs(i) + rTΣr

+ 2rTΣB(i)w̃(i− 1)− 2w̃T(i− 1)B(i)TΣs(i)− 2sT(i)Σr,

where matrix B(i) is given in (4.27). Taking expectation on both sides of the

expression (4.37), the last two terms of (4.37) equal zero according to the Assump-

tions 1-2, therefore we obtain the following equality relationship:

(4.38)E‖w̃(i)‖2
Σ = E‖w̃(i− 1)‖2

Σ′ + E‖s(i)‖2
Σ + E‖r‖2

Σ + 2E(rTΣB(i)w̃(i− 1)),

where

Σ′ = E
[
BT(i)ΣB(i)

]
. (4.39)

Letting σ = vec(Σ) and evaluating the second term of the R.H.S. of (4.38), we

have

E‖s(i)‖2
Σ = ETr

(
s(i)sT(i)Σ

)
= Tr

[(
Es(i)sT(i)

)
Σ
]

= Tr
(
ATGTMSMGAΣ

)
= vec

(
ATGTMSMGA

)T
σ, (4.40)

where

S = diag
{

(σ2
v,kRu,k)

N
k=1

}
, (4.41)
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and the equality (4.40) follows from the identity Tr(AB) = vec(AT)T vec(B). Using

a similar argument, we also have

E‖r‖2
Σ = vec

[
AT(IMN − G)TRw(IMN − G)A

]T
σ. (4.42)

As for the last term of (4.38), we obtain

E
[
rTΣB(i)w̃(i− 1)

]
= E

[
vec
(
rTΣB(i)w̃(i− 1)

)]
= E

[
(B(i)w̃(i− 1))T ⊗ rT

]
σ (4.43)

= E [(B(i)w̃(i− 1))⊗ (IMN · r)]T σ

= [E(B(i)⊗ IMN)E(w̃(i− 1)⊗ r)]T σ (4.44)

= [BIE(w̃(i− 1)⊗ r)]T σ, (4.45)

where

BI = E(B(i)⊗ IMN) = B ⊗ IMN . (4.46)

We have used the identity vec(AXB) = (BT ⊗ A) vec(X) to obtain (4.43), and

(4.44) follows from identity (AC)⊗ (BD) = (A⊗C)(B⊗D). Let σ′ = vec(Σ′), so

that from (4.39), we have

σ′ = Eσ, (4.47)

where

E = E
[
B(i)T ⊗B(i)T

]
= [IM2N2 − IMN ⊗MRu −MRu ⊗ IMN

+ (M⊗M)E (Ru(i)⊗Ru(i))] GA ⊗ GA. (4.48)

From (4.38), (4.40), (4.42), (4.45), and (4.47), we obtain

E‖w̃(i)‖2
σ = E‖w̃(i− 1)‖2

Eσ + [fa + fb + fc(i− 1)]T σ, (4.49)
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where

fa = vec
(
ATGTMSMGA

)
, (4.50)

fb = vec
[
AT(IMN − G)TRw(IMN − G)A

]
, (4.51)

fc(i− 1) = 2BIE(w̃(i− 1)⊗ r). (4.52)

The following result follows almost immediately.

Lemma 1. For the time varying vector term, E(w̃(i − 1) ⊗ r), which appears on

the R.H.S. of (4.52), we have the following,

E(w̃(∞)⊗ r) =
[
(IMN − B)−1 ⊗ IMN

]
fb. (4.53)

Theorem 4. (Mean-Square Stability) Suppose that Assumptions 1-2 hold, and the

matrix B is stable, namely, ρ(B) < 1. Then, MAIC is stable in the mean-square

sense if and only if the matrix E is stable, or equivalently, ρ(E) < 1.

Proof. See Appendix 4.7.2.

To proceed the steady-state network MSD derivation with matrix E directly

makes the analysis intractable. Therefore, in the following, we find an reasonable

alternative for the E which will be used to derive an approximation for the steady-

state network MSD. This approach follows the practice that is commonly adopted

in various works like [16, 42, 66] when analyzing mean-square stability of diffusion

strategies. Recalling (4.33), we let

F = BT ⊗ BT

= [IM2N2 − IMN ⊗MRu −MRu ⊗ IMN

+ (M⊗M) (Ru ⊗Ru)] GA ⊗ GA. (4.54)

Comparing (4.48) and (4.54), we see that E − F = O(M2) and

E‖w̃(i− 1)‖2
Eσ = E‖w̃(i− 1)‖2

Fσ +O(‖M‖2)E‖w̃(i− 1)‖2
σ. (4.55)

When the recursion (4.49) is stable, i.e., MAIC is mean-square stable, the last
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term in (4.55) is negligible when the step-sizes {µk}Nk=1 are chosen to be sufficiently

small since E‖w̃(i− 1)‖2 is bounded. Therefore, by adopting the approximation

E ≈ F , we have E‖w̃(i− 1)‖2
Eσ ≈ E‖w̃(i− 1)‖2

Fσ, and the following approximate

recursion relationship

E‖w̃(i)‖2
σ = E‖w̃(i− 1)‖2

Fσ + [fa + fb + fc(i− 1)]T σ. (4.56)

The above recursion (4.56) is mean-square stable if and only if F is stable, which

is achieved if and only if B is stable as ρ(F) = ρ(B)2. We have from (4.56),

lim
i→∞

E‖w̃(i)‖2
(IM2N2−F)σ = [fa + fb + fc(∞)]T σ, (4.57)

where

fc(∞) = 2
[
B(IMN − B)−1 ⊗ IMN

]
fb, (4.58)

which is obtained by applying Lemma 1 to (4.52). By choosing

σ =
1

N
(IM2N2 −F)−1 vec (IMN) , (4.59)

the steady-state network MSD,

ζ = lim
i→∞

1

N
E‖w̃(i)‖2, (4.60)

can be approximated as

ζ ≈ 1

N
[fa + fb + fc(∞)]T (IM2N2 −F)−1 vec(IMN). (4.61)

4.4 Optimizing The Inter-cluster Cooperation

In this section, we formulate optimization problems to obtain the inter-cluster

cooperation weights that minimize an upper bound of (4.61). For simplicity, we

assume uniform step-sizes, i.e., µk = µ for all k, throughout this section. We show

that this problem is decomposable into local optimization problems at each node,
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and then develop an adaptive implementation for our approach.

The averaging rule (4.9) assigns identical weights for inter-cluster cooperation

irrespective of the noise and data profiles across the nodes as well as the rela-

tionships such as correlation between cluster parameters. Although the MSD per-

formance of clusters whose parameters are highly correlated can be improved by

cooperation under large weights, it might not be a good choice for clusters with

less correlated parameters to use weights of same values, and is probable to cause

performance deterioration (see Section 4.5.2 or examples) which will worsen the

network MSD performance in the end. Therefore, our objective is to optimize the

inter-cluster cooperation weights in (4.15), so that cooperation among nodes from

different clusters can be tailored to improve the network MSD performance.

4.4.1 Formulations of Inter-cluster Weights Optimization

The general idea of our inter-cluster weights selection scheme is to adjust the

weights via optimization of (4.61), by taking into account both the noise and data

profile of each node and the correlation between different parameters. Due to

directly optimizing (4.61) is computationally difficult, we alternatively seek the

inter-cluster cooperation weights that minimize a proxy of (4.61). Technically

speaking, we drop the term of fc(∞) appeared in (4.61), and consider

ζ̂ =
1

N
(fa + fb)

T (IM2N2 −F)−1 vec(IMN) (4.62)

instead. Numerical results in Section 4.5 suggest that this approximation is rea-

sonable since it does not deviate from the actual MSD (4.61) greatly.

It is not difficult to find that when a uniform step-size is applied, i.e., µk = µ

for all k, an upper bound for the ζ̂ in (4.62) is given by

(4.63)c · Tr

[
µ2ATGTSGA+AT(IMN − G)TRw(IMN − G)A

]
.

where c is a positive constant (see Appendix 4.7.4 for the derivation). By focusing

on the terms that are dependent on the inter-cluster cooperation weights matrix

G, (4.63) can be re-written as

c ·
[
vec(G)TK vec(G)− κT vec(G)

]
, (4.64)
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where

K =
[
AAT ⊗ (µ2S +Rw)

]
,

κ = 2 vec
[
RwAAT

]
.

Let y = vec(G), the optimal inter-cluster cooperation weights can be obtained

by solving the following centralized optimization problem, which is a quadratic

programming problem [141]:

(P1) min
y

yTKy − κTy

s.t. g`k ≥ 0,
∑
`∈N+

I,k

g`k = 1, g`k = 0, if ` /∈ N+
I,k.

Although the centralized method can lead to better optimization results in gen-

eral, having a centralized controller to frequently collect network-wise information

and then compute the inter-cluster cooperation weights could be less practical for

some IoT networks. Therefore, in the sequel, we turn to find a distributed optimiza-

tion procedure based on a different upper bound of (4.61) (see Appendix 4.7.4):

c̄ · Tr
[
µ2GTSG + (IMN − G)TRw(IMN − G)

]
, (4.65)

where c̄ is a positive constant. To obtain the bound (4.65), we assume that the

intra-cluster combination matrix A is symmetric and doubly-stochastic1. Although

this additional assumption looks restrictive, combination rules like the Metropolis

rule (see Section 4.5) [44] which leads to symmetric and doubly-stochastic com-

bination matrices are computationally convenient and usually deliver satisfactory

performance compared with non-cooperative strategies [45]. Ignoring all terms in

(4.65) independent of the inter-cluster weights {g`k}, we obtain

(4.66)µ2

N∑
k =1

{ N∑
` =1

[
µ2g2

`kσ
2
v,` Tr(Ru,`)− 2g`k Tr(Rw,`k) + g`k

N∑
m =1

gmk Tr(Rw,`m)
]}
,

where

Rw,`k = Ew◦`w◦k
T, (4.67)

1A doubly stochastic matrix X satisfies XT1N = X1N = 1N .
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which is the (`, k)-th block of matrix Rw. To optimize (4.66), we can decompose

it into N separate local optimization problems for each node k as follows:

(P2) min
qk

qTk (Ωa,k + Ωb,k)qk − 2hTk qk

s.t. 1T
nk
qk = 1, qk ≥ 0nk

.

qk = col
{

(g`k)`∈N+
I,k

}
, (4.68)

hk = col
{

(Tr(Rw,`k))`∈N+
I,k

}
, (4.69)

Ωa,k = diag
{

(µ2σ2
v,` Tr(Ru,`))`∈N+

I,k

}
, (4.70)

Ωb,k = E[W T
k Wk], (4.71)

Wk = [w◦` ]`∈N+
I,k
, (4.72)

nk = |N+
I,k|, (4.73)

where [w◦` ]`∈N+
I,k

denotes a matrix whose columns are w◦` for ` ∈ N+
I,k. The problem

(P2) is a quadratic programming problem, which can be solved independently using

standard techniques by each node k [141].

4.4.2 Adaptive Implementation of the Distributed Method

In Section 4.4.1, we have implicitly assumed that the data profiles σ2
v,k Tr(Ru,k),

for k = 1, . . . , N , are known, which may not be the case in practical applications.

We now present an online estimation procedure similar to those in [44,67,142,143]

to adaptively estimate these statistics and update the inter-cluster cooperation

weights. For each ` ∈ NC,k, let x̂`k(i) be the estimate of µ2σ2
v,` Tr(Ru,`) made by

node k at time instant i. Then x̂`k(i) can be updated recursively by the following

moving-average method:

x̂`k(i) = α · x̂`k(i− 1) + (1− α) · ‖ψ`(i)−wk(i− 1)‖2, (4.74)

where the coefficient α is chosen from [0, 1].

Although in some applications the statistics Rw can be obtained by probing

the underlying environment before the network is deployed, we are interested in
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Algorithm 2 MAIC with adaptive update of inter-cluster cooperation weights

1: Initialized with
wk(0) = 0M , x̂`k(0) = 0 for all k, weights ĝ`k(0) = 0.

2: for every node k at each time instant i ≥ 1 do
3: ψk(i) = wk(i− 1) + µkuk(i)[dk(i)− uk(i)Twk(i− 1)]
4: Receive ψ`(i) from all ` ∈ NC,k and compute:

x̂`k(i) = α · x̂`k(i− 1) + (1− α) · ‖ψ`(i)−wk(i− 1)‖2

5: Receive w`(i− 1) from all ` ∈ N+
I,k and update:

τ̂`k(i) = w`(i− 1)Twk(i− 1)

Ŵk(i) = [w`(i− 1)]`∈N+
I,k

6: Update the following quantities:

ĥk(i) = col
{

(τ̂`k(i))`∈N+
I,k

}
Ω̂a,k(i) = diag

{
(x̂`k(i))`∈N+

I,k

}
Ω̂b,k(i) = Ŵk(i)

TŴk(i)
7: Solve (P2) with quantities

hk, Ωa,k, and Ωb,k replaced by

ĥk(i), Ω̂a,k(i), and Ω̂b,k(i), respectively

to obtain the solution q̂k(i) = col
{

(ĝ`k(i))`∈N+
I,k

}
8: Perform inter-cluster cooperation:

φk(i) =
∑

`∈N+
I,k

ĝ`k(i)ψ`(i)

9: Perform intra-cluster combination:
wk(i) =

∑
`∈NC,k

a`kφ`(i)

10: end for

the cases that the Rw is not accessible and therefore both Rw,`k and Tr (Rw,`k) are

unknown for all ` and k. This is more practical because the correlation information

across the parameters may not be time-invariant, hence the network should be able

to adapt to changes in Rw. For realizing the adaptability over Rw, at time instant

i, each node uses

τ̂`k(i) = w`(i− 1)Twk(i− 1) (4.75)

as an instantaneous approximation for Tr (Rw,`k). Finally, the matrix Ωb,k can be

approximated at each time instant i by

Ω̂b,k(i) = Ŵk(i)
TŴk(i), (4.76)

where Ŵk(i) = [w`(i − 1)]`∈N+
I,k

. Having x̂`k(i), τ̂`k(i), and Ω̂b,k(i) obtained by
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(4.74), (4.75), and (4.76) respectively, the distributed weights optimization method

proposed in Section 4.4.1 can then be implemented adaptively as summarized in

Algorithm 2.

The computational complexity towards solving (P2) will depend on the specific

solver used, which is difficult to characterize explicitly. However, even for a rough

estimate, it is still worth studying the computational complexity of Algorithm 2

without considering the procedure of solving (P2). Let nk be the number of neigh-

bors of node k in its inter-cluster neighborhood as defined in (4.73), and mk be

the number of neighbors of node k in its intra-cluster neighborhood, the number of

multiplications and additions involved in Algorithm 2 is (n2
k + 5nk +mk + 2)M + 1

and (n2
k + 5nk +mk)M − n2

k − 2nk respectively.

4.5 Simulation Results

In this section, we provide examples to compare the network MSD performance

of MAIC to those of some other strategies in the literature. The network we

tested consists of 10 nodes as depicted in Fig. 4-2a. The clusters C1, C2, and

C3 are denoted by pink squares, green circles, and blue triangles, respectively.

The Metropolis rule is adopted because it results in a symmetric doubly-stochastic

intra-cluster combination matrix, and has low complexity and good performance

in terms of both convergence rate and steady-state MSD for single-task diffusion

networks [16]. The Metropolis rule has intra-cluster combination weights given by

a`k =



1
max{|NC,k|,|NC,`|}

, if k 6= ` and ` ∈ NC,k,

1−
∑

`∈NC,k\{k}
a`k, if k = `,

0, otherwise.

(4.77)

All the experiment results are averaged over 10, 000 Monte-Carlo runs.

The performance of the following strategies will be compared in three different

experiments in the sequel:

(i) MAIC with the inter-cluster cooperation weights optimized by the centralized

method in Section 4.4.1 by solving (P1).
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(a) Topology of tested network

(b) Data profile of nodes

Figure 4-2: (a) Data and noise profile of each node. (b) The network topology.
The numbers next to the nodes are node indices.

(ii) MAIC with the inter-cluster cooperation weights optimized by the distributed

method in Section 4.4.1 by solving (P2).

(iii) MAIC with inter-cluster cooperation weights selected adaptively by Algo-

rithm 2.

(iv) MDLMS proposed by [42] with the cooperation weights selected by the aver-

aging rule (4.9).

(v) MDLMS with adaptive regularization proposed in [121].

(vi) The conventional ATC strategy without inter-cluster cooperation. In this

case, each cluster acts as an independent subnetwork that performs ATC
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(a) sv = 0.012

(b) sv = 0.032

Figure 4-3: Distributions of the cluster parameters {w◦Cp
}3
p=1 under two different

settings of the coefficient sv.

using the Metropolis combination rule. In [144], a clustering strategy using

adaptive adjustment of the inter-cluster cooperation weights was proposed,

which leads to no cooperation between clusters with different parameters

if the cluster parameters are known a priori and sensor measurements are

noiseless. This comparison benchmark is then equivalent to the ideal case

in [144], and is used to avoid including errors introduced by the clustering

strategy.
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4.5.1 Illustrative Examples

The cluster parameters are chosen to be M × 1 random parameters with M = 2.

The mean of each random cluster parameter is set to be w = 0.7 × 1M , and the

correlation matrix of the cluster parameters is given by
IM 0.9IM 0.5IM

0.9IM IM 0.5IM

0.5IM 0.5IM IM

 . (4.78)

The zero-mean regressor uk(i) has covariance Ru,k = σ2
u,kIM . Fig. 4-2(a) shows

σ2
u,k and the noise variances σ2

v,k. The covariance matrix of each parameter w◦k

is svσ
2
w,kIM . We vary sv for different experiments while keeping σ2

w,k fixed as

shown in Fig. 4-2(a). We can compute the (`, k)-th block of matrix Rw, i.e.,

Rw,`k = svγ`kσw,`σw,kIM +wwT, where γ`k is the correlation coefficient between w◦`

and w◦k, shown as the scalar multiplier in the (`, k) block entry in (4.78).

In this simulation, we set sv = 0.012, and the realizations of the cluster param-

eters {w◦Cp
}3
p=1 are shown in Fig. 4-3(a), in which the center red bars and black

crosses are the medians and means of realizations of each parameter respectively,

the boxes’ upper and lower edges envelope 50 percent of realizations of each pa-

rameter, red crosses outside the upper and lower black bars represent outliers. The

step-size is set to µ = 0.05 for all the nodes. The learning coefficient is set to

α = 0.7 for Algorithm 2. To make a fair comparison, we make the assumption that

the cluster information is known a priori for the adaptive regularization method

in [121] such that node clustering is not needed and the regularization is now im-

posed on the inter-cluster information exchange only. Fig. 4-4(a) shows that the

MAIC strategies with optimized inter-cluster cooperation weights (i.e., strategy

(i), (ii), and (iii)) achieve lower steady-state MSDs than MDLMS with cooperation

weights selected by the averaging rule given in (4.9), and MDLMS with adaptive

regularization. The regularization weight used is chosen to be η = 1, which mini-

mizes the steady-state network MSD of MDLMS. In Fig. 4-4(a) and (b), we can also

see that the approximate theoretical steady-state network MSDs computed using

(4.62) with inter-cluster cooperation weights obtained by the centralized optimiza-

tion (P1) and the distributed optimization (P2) match well with the simulated

83



(a) Network MSD performance comparison

(b) MSD model validation

Figure 4-4: (a) Network MSD performance comparison amongst different strate-
gies (i)-(vi). (b) Plots of simulated MSDs, theoretical MSDs, and approximate
theoretical MSDs.

MSDs, and do not differ significantly from the theoretical steady-state MSDs ob-

tained from (4.61). Particularly, in Fig. 4-4(b) two experiment settings of sv were

used: comparison with sv = 0.012 is shown in the upper subplots and that with

sv = 0.032 in the lower subplots.

In addition, we also compare the tracking performance of each strategy in a non-

stationary environment where the means and correlations of the cluster parameters

change at the time instants i = 250m, for m = 1, 2, 3. Specifically, we set w = 0.8

84



Figure 4-5: Network MSD comparison in the non-stationary case.

and (4.78) as the correlation matrix for 1 ≤ i < 250 and 750 ≤ i ≤ 1000, and

w = 0.6, γ12 = γ23 = 0.5, γ13 = 0.1, for 250 ≤ i < 500,

w = 1.2, γ12 = γ23 = γ13 = 0.1, for 500 ≤ i < 750.

The regularization weight is now set to η = 12 for both MDLMS with averag-

ing rule and MDLMS with adaptive regularization. From Fig. 4-5 we see that

although MDLMS with adaptive regularization improves over its counterpart with

stationary weights chosen by the averaging rule, the proposed MAIC strategies with

optimized weights still achieve lower steady-state network MSDs. This is because

the adaptive regularization method still needs to tune the weight η that governs

the total degree of inter-cluster cooperation as in the conventional MDLMS [42].

Therefore the improvement by MDLMS with adaptive regularization over MDLMS

with averaging rule is limited.

4.5.2 Benefits of Optimized Inter-cluster Cooperation

In this simulation, we set M = 1 and the means of the cluster parameters {w◦Cp
}3
p=1

are w = 1. The correlation matrix of the cluster parameters is
1 γ12 0.5

γ21 1 0.5

0.5 0.5 1

 ,
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where the correlation coefficients γ12 = γ21. The noise variances σ2
v,k across all

nodes are drawn uniformly from [−15, −5]dB. Here, we use sv = 0.032, step-size

µ = 0.1, η = 5, and all other conditions remain unchanged as in Section 4.5.1. We

first fix γ12 = 0.9. From Fig. 4-6, it can be observed that MDLMS using the aver-

aging rule as well as MDLMS with adaptive regularization lead to a deterioration

in the steady-state MSD performance of C2 and C3 compared to the no inter-

cluster cooperation ATC, although the overall network performance is improved

(see Fig. 4-7(a)). However, the MAIC strategies with optimized weights are able to

achieve better steady-state MSDs for all clusters compared to the no inter-cluster

cooperation ATC. This clearly shows the benefit of the inter-cluster weights selec-

tion scheme proposed in Section 4.4. Next, we let the correlation coefficient γ12

range from 0.1 to 0.9 to examine how much improvement is achieved against ATC

without inter-cluster cooperation by different strategies. As shown in Fig. 4-7, as

γ12 increases, i.e., the parameters w◦C1
and w◦C2

become more correlated, the MSD

gains of the MAIC strategies with optimized weights become larger, whereas the

MSD gain of MDLMS with the averaging rule and adaptive regularization do not

vary significantly.

4.5.3 Performance Comparison under Different Means

In the next simulation, we compare the performance of each strategy when different

cluster parameters have different means. We set sv = 0.032 and keep all the other

settings the same as in Section 4.5.1. Choose a δw ∈ (0, 1) The mean vectors of the

three clusters are set to be wC1 = (1−δw)×1M , wC2 = 1M , and wC3 = (1+δw)×1M .

When δw = 0.06 is small, it can be observed from Fig. 4-8(a) that the MSD of each

multitask diffusion strategy is still better than that for ATC without inter-cluster

cooperation. When δw = 0.3, Fig. 4-8(b) shows that the MSDs for all strategies

except MAIC with weights obtained by centralized optimization, are worse than the

MSD for ATC without inter-cluster cooperation. This is expected since in this case

the cluster parameters are on average more different from each other, and inter-

cluster cooperation introduces errors into the diffusion process instead of improving

the MSD performance. However for MAIC with centralized optimization, the main

diagonal entries of G become dominant and the off-diagonal entries tend to zero
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(a) Performance of cluster C2

(b) Performance of cluster C3

Figure 4-6: Network MSD of clusters (a) C2 and (b) C3, when the regularization
weight of MDLMS is η = 5.
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(a) Network proformance

(b) Network MSD gains

Figure 4-7: Network MSD (a) and comparison of steady-state network MSD gains
with respect to ATC with no inter-cluster cooperation (b) when the regularization
weight of MDLMS is η = 5.
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(a) Network MSD under small mean differences

(b) Network MSD under large mean differences

Figure 4-8: Network MSD performance when differences between parameters are
small (a) and large (b).
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as δw becomes large. This allows MAIC to decrease the degree of inter-cluster

cooperation to avoid estimation bias so that its performance is similar to that of

ATC without inter-cluster cooperation.

4.6 Summary

We have proposed a multitask diffusion strategy that performs adaptation before

inter-cluster cooperation. We showed by error behavior analysis that this new

strategy has the desirable property that mean stability can be achieved regardless

of the inter-cluster cooperation weights, which allows these weights to be adjusted

without compromising the network stability. We also proposed a centralized as

well as distributed method to optimize the inter-cluster cooperation weights in

order to improve the steady-state network MSD. Finally, we presented an adaptive

implementation, which enables the network to update the inter-cluster cooperation

weights according to changes in the noise and data profile as well as the cluster

parameter statistics.
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4.7 Proofs

4.7.1 Proof of Theorem 3

Iterating (4.32) from the time instant i = 1 and then letting i→∞ on both sides

gives

lim
i→∞

Ew̃(i) = lim
i→∞
Bi Ew̃(0) + lim

i→∞

(
i−1∑
j=0

Bj
)
r (4.79)

if and only if the spectral radius of the matrix B, ρ(B), is less than one. We have

‖B‖b,∞ ≤
∥∥ATGT

∥∥
b,∞ · ‖IMN − µRu‖b,∞

= ‖IMN − µRu‖b,∞, (4.80)

where the last equality follows since both A and G are left stochastic matrices and∥∥ATGT
∥∥
b,∞ =

∥∥ATGT
∥∥
∞ = 1 from Lemma D.4 of [16]. Therefore, if

‖IMN − µRu‖b,∞ < 1, (4.81)

then ρ (B) ≤ ‖B‖b,∞ < 1, and MAIC achieves mean-stability. The step-size condi-

tion (4.36) now follows from (4.81).

In addition, when Assumption 3 is satisfied, from (4.34) we have r = Er =

0NM . From (4.79), we then readily obtain lim
i→∞

Ew̃(i) = 0NM if B is stable, which

implies that MAIC achieves an asymptotically unbiased estimation, and the proof

is complete.

Note that the mean stability condition (4.81) and the resulting condition (4.36)

are also valid in the case where the cluster parameters are deterministic. Moreover,

if the parameters are deterministic and are the same for every cluster, then it is

easy to verify that r = 0, and both the proposed MAIC and the multitask diffusion

strategy proposed in [42] reduce to the conventional single-task ATC strategy where

only one cluster (which is the whole network) exists.
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4.7.2 Proof of Theorem 4

Iterating the variance relation (4.49) from i = 1 we have

E‖w̃(i)‖2
σ = E‖w̃(0)‖2

Eiσ + (fa + fb)
T

(
i−1∑
j=0

E j
)
σ +

i−1∑
j=0

[fc(i− j − 1)]T E jσ.

(4.82)

Letting i → ∞, the first and second terms on the R.H.S. of the above equation

converges to zero and a finite value, respectively, if and only if E i → 0 as i → ∞,

i.e., the matrix E is stable. From (4.52), we can rewrite the third term of (4.82) as

2
i−1∑
j=0

[BIE (w̃(i− j − 1)⊗ r)]T E jσ. (4.83)

The matrix BI and vector σ in (4.83) have finite entries. In Appendix 4.7.3, we

show that E (w̃(i− 1)⊗ r) is uniformly bounded if matrix B is stable. In addition,

we have

cξ = ‖E‖ξ < 1, (4.84)

for some norm ‖·‖ξ, if matrix E is stable. Therefore, by applying the Cauchy–Schwarz

inequality to each term of the sum in (4.83), and by norm equivalence we have

∣∣∣[BIE (w̃(i− j − 1)⊗ r)]T E jσ
∣∣∣ ≤ a · cjξ, (4.85)

for some positive constant a. Since cjξ → 0 as j →∞, the series,

i−1∑
j=0

∣∣∣[BIE (w̃(i− j − 1)⊗ r)]T E jσ
∣∣∣ (4.86)

converges as i → ∞, which implies the absolute convergence of (4.83), and the

proof is complete.
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4.7.3 Proof of Lemma 1

From the error recursion (4.26), applying the Kronecker product with r on both

sides we have:

w̃(i)⊗ r = (B(i)w̃(i− 1))⊗ r − s(i)⊗ r + r ⊗ r. (4.87)

Note that

(B(i)w̃(i− 1))⊗ r = (B(i)⊗ IMN)(w̃(i− 1)⊗ r), (4.88)

hence taking expectation on the both sides of (4.87) we obtain

E(w̃(i)⊗ r) = BIE(w̃(i− 1)⊗ r) + E(r ⊗ r). (4.89)

Recalling (4.31) and (4.51), and applying the identity a ⊗ a = vec(aaT), we find

that the last term on the R.H.S. of (4.89) equals to

fb = vec
[
AT(IMN − G)TRw(IMN − G)A

]
.

Since BI = B ⊗ IMN , thus BI is stable if matrix B is stable. Therefore, when B

is stable, (4.89) is a BIBO stable recursion with bounded driving term fb. As a

result, E(w̃(i)⊗ r) converges and thus is uniformly bounded. Letting i→∞, it is

easy to obtain from (4.89) that

E(w̃(∞)⊗ r) =
[
(IMN − B)−1 ⊗ IMN

]
fb. (4.90)
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4.7.4 Upper bounds of Steady-state Network MSD

Since F is required to be stable to ensure the mean-square stability of (4.56), we

have

(IM2N2 −F)−1 =
∞∑
j=0

F j, (4.91)

Then substituting (4.54) and (4.91) into (4.62), and applying identities vec(AXB) =

(BT ⊗ A) vec(X) and Tr(AB) = vec(AT)T vec(B), we have

ζ̂ =
1

N

∞∑
j=0

Tr
(
BjXBTj

)
, (4.92)

where matrix X is given by

X = µ2ATGTSGA

+AT(IMN − G)TRw(IMN − G)A. (4.93)

From Lemma D.2 of [16], we obtain

1

N

∞∑
j=0

Tr
(
BjXBTj

)
≤ b

N
·
∞∑
j=0

∥∥Bj∥∥
b,∞ · ‖X‖b,∞

∥∥∥BTj
∥∥∥
b,∞

≤ b ·

(
∞∑
j=0

‖B‖2j
b,∞‖X‖b,∞

)

≤ b ·

(
∞∑
j=0

β2j‖X‖b,∞

)

≤ b

1− β2
· ‖X‖b,∞ (4.94)

≤ c · Tr (X ) , (4.95)

where we use (4.80) in the third inequality, b and c are positive constants, and

β = ‖IMN − µRu‖b,∞ < 1. The R.H.S. of (4.95) is the bound (4.63) in Section

4.4.1.

Next, we assume that the matrix A is symmetric so that A is as well. From
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the (4.94), we obtain

1

N

∞∑
j=0

Tr
(
BjXBTj

)
≤ b

1− β2
· ‖X‖b,∞

≤ b

1− β2
·
∥∥AT

∥∥2

b,∞ · ‖Y‖b,∞

=
b

1− β2
· ‖Y‖b,∞

≤ c̄ · Tr (Y) , (4.96)

where c̄ is a positive constant. In the third inequality we use the fact
∥∥AT

∥∥
b,∞ = 1,

and the matrix Y is given by

Y = µ2GTSG + (IMN − G)TRw(IMN − G). (4.97)

This is the bound (4.65) in Section 4.4.1.
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Chapter 5

Cooperative CNN-based Face

Recognition using Low-cost

Embedded IoT Devices

5.1 Introduction

In previous Chapter 3 and Chapter 4, we have showed two distributed LMS esti-

mation strategies, the first is able to reduce communication overhead and energy

consumption, the second can improve the learning performance and resource uti-

lization efficiency for the IoT networks. LMS algorithms discussed in the previous

two chapters can be interpreted as online learning from linear regression models,

which is useful for predicating future trends or finding input-output causal rela-

tionships such as system identification problems.

In addition to the techniques of learning from linear models, inference and

learning using complex nonlinear model such as deep CNNs is another important

category of techniques for the IoT applications as mentioned earlier in Section 1.2.

Particularly, in this chapter, we will focus on the CNN-based face recognition

for the applications like smart building where individuals need to be identified

in environments such as classrooms or offices, either for the purpose of security

surveillance or being used as the first step for a human behavior understanding

system.1

1The work in this chapter is part of the results obtained for a research project in the Delta-
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Different from works that have been done in the area of CNN-based face recog-

nition which mainly focus on proposing novel CNN architectures or competing

accuracy, our objective is realizing end-to-end cooperative CNN-based face recogni-

tion pipeline on resource constrained IoT networks that consists of several low-cost

smart camera (SC) nodes, each of which is equipped with a embedded computing

platform and a camera sensor.

In the proposed cooperative face recognition pipeline, deep features are ex-

tracted from light-weight efficient CNN deployed on the SC nodes and then shared

to the other peer SCs for fusion and inference. By doing so, the learning per-

formance can be improved compared to the case where each SC perform end-to-

end CNN-based face recognition pipeline individually. At the meanwhile, by the

proposed cooperative face recognition pipeline, the conventional heavy-duty GPU-

based or cloud-based central processor is replaced by low-cost IoT devices, the local

cooperation between SCs can avoid the need of sending vast amount of continuous

raw image data (video frames) to the remote central processor via wired or wire-

less communication, and therefore a lot communication bandwidth can be saved,

image-to-result response time can be shortened as well.

In the rest of this chapter, we first introduce the overall design of our pipeline

in Section 5.2, in Section 5.3 we describe how each module of the whole pipeline

is established, in Section 5.4 we show the methodology of implementing the CNN

model training and final face recognition, then we demonstrate and discuss the

evaluation test results in the Section 5.5 which is followed by a brief summary in

Section 5.6.

5.2 Problem Statement and Overall Design

In this chapter, we focus on identifying a group of people (such as a group of

students in a class room or a group of staff in an office) by using deep learning-based

face recognition techniques. In the underlying face recognition scenario, we assume

there are N identities to recognize which are indexed by i ∈ I = {1, 2, . . . , N},

where I denotes the set of identities of interests. We use M smart camera (SC)

NTU Corporate Lab for Cyber-Physical Systems. This project is still on going.
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Figure 5-1: Schematic overview of the proposed pipeline. There are three on-line
testing stages: stage 1, 2 and 3, and one off-line stage.

nodes indexed by k = 1, 2, . . . ,M to capture the video frames that contains facial

images of same identity simultaneously. Each SC node has a camera sensor that

is able to capture 1080P (1920×1080) high resolution video frames. Similar to the

typical face recognition systems [145], we also use a pipeline that consists of three

modules, i.e., face detection, feature extraction, and recognition. Let yk = φ(xk)

denote the feature vector extracted from facial images xk that is cropped from video

frames captured by each SC node, where the function φ(·) denotes the nonlinear

mapping from input image space Rm×m to output feature space Rd carried out by

the selected CNN. To facilitate the face recognition procedure, we incorporate an

off-line stage to collect up to pi facial image data {xbi,j} of each identity i, and

store extracted features {ybi,j = φ(xbi,j)} for all j = 1, 2, . . . , pi and i ∈ I, to setup

the feature database D = {Y b
i |i ∈ I}, where Y b

i = {ybi,j|j = 1, 2, . . . , pi} is the

collection of features belongs to i-th identity that are stored in the database (see

Fig. 5-1 for the illustration ).

The stored features {ybi,j} are obtained by face detection and feature extrac-

tion techniques same with on-line stage. During the online stage, recognizing the
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identity appears in the video frames is to assign an identity label i◦ ∈ I to the

extracted feature yk such that

i◦ = arg max
i∈I

si(yk, Y
b
i ), (5.1)

where si(yk, Y
b
i ) denotes similarity among the online extracted feature yk and fea-

tures of identity i stored in the database. The similarity can be computed by

method like euclidean distance, the specific choice of similarity score will be de-

tailed in the sequel.

In this chapter, we shall not assume a dedicated device to be used as an IoT

edge gateway device (EGD). That is to say, any SC node can also play the role

of the EGD. We use this setting to enhance the flexibility and robustness of the

IoT network for two reasons. First, this setting allow each SC node and also the

sensor network to maintain inference ability when the dedicated EGD temporarily

out of access as mentioned earlier in the Chapter 1. Second, in some cases, for

example SCs are a group of mobile robots carrying cameras for surveillance patrol,

it is important that every SC nodes have their own on-board inference ability. For

the purpose of saving energy, SC nodes can take turns to act as the EGD, so that

the network recovers to a decentralized topology from a distributed topology.

Considering that the field of view of each SC node could be constrained by

its geographic locations and the direction that its camera is facing, therefore rec-

ognizing the identities of interest by relying solely on the data obtained by each

single SC may not provide robust and accurate inference results. This calls for the

cooperation among SC nodes to enhance the inference performance. Inspired by

spirit of ATC diffusion strategy and related local cooperation among peer neigh-

bors that has been discussed in previous two chapters, we consider to let each SC

node process its own collected video frames and extract features, and then share

the obtained features with other SC nodes for a feature fusion operation which re-

sembles the combination step of ATC strategy where each node share and combine

intermediate estimate from other peer neighbors.

Unlike traditional video analysis pipelines where continuous video streams are

direcly transmitted to remote central analytic engine, in our pipeline, each SC

only transmit one feature vector extracted from the input video frame at a time
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via wireless local area network. Typically, a single 1080P RGB image can be as

large as a few MBs, whereas a feature vector has dimension less than 1000 is of

only a few of KBs normally. Therefore, by utilizing the local computing power and

cooperation schemes, the communication resources required for face recognition

inference can be significantly reduced compared to centralized solutions.

Moreover, for the real-world implementation, we use Raspberry Pi 3 Model B

which has a 4-core 1.2GHz CPU and only 1GB on-board RAM and Logitech c920

webcam as camera sensors to setup our SC nodes. Compared with some other

choices like the Nivida Jetson TX series equipped dedicated on-board GPU unit,

the cost of a Raspberry Pi-like device is about ten times cheaper, which is more

suitable for massive deployment in IoT applications.

To evaluate the impact of computing power on the inference latency, we consider

both Raspberry Pi and ordinary desktop PC, to represent and compare the case

where features are fused by SC nodes and inference are made by local cooperation,

and the case where dedicated powerful EGD is available to fuse features extracted

by SC nodes and perform inference, which is only for comparison study.

5.3 Design of the Pipeline Modules

Although the adopted edge/fog computing-based architecture is helpful for reduc-

ing the communication overhead, it is essential to select appropriate face detection

algorithm and CNN model so as to reduce the latency at each stage and achieve

a real-time inference performance. To this end, we evaluate several commonly

used methods for face detection as well as some candidate CNN models for face

recognition. All the tests were carried out on two different computing platforms:

a) A desktop PC with a 4-core 3.40GHz Intel i7 CPU and 16GB RAM,

b) A Raspberry Pi 3 Model B with a 4-core 1.2GHz Broadcom BCM2837 ARM

Cortex-A53 CPU and 1GB RAM.

5.3.1 Evaluation of Face Detection Methods

Face detection is the very first step of the entire pipeline, which is critical to the

overall performance. There are two mostly applied off-the-shelf program libraries
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providing face detection toolkits, namely the OpenCV [146,147] and the Dlib [148].

OpenCV provides a cascade classifiers based on Haar feature and related earlier

works [149,150]. In this method, each weak classifier computes multiple Haar fea-

tures by moving a window whose size is same with the input image, then Haar

features are compared to a threshold for obtaining classification results. The final

output is the weighted sum of the results from every week classifiers. The most

appealing advantage of Haar feature-based detectors is the fast processing speed

since they are insensitive to the image size. On the other hand, Dlib implements

face detection function based on the Histogram of Oriented Gradients (HOG) de-

scriptor [151] that is more accurate than Haar feature-based methods. Through

local intensity gradients or directions of edges, the HOG features can describe the

shape of an object and summarize the histogram of different orientations of gradi-

ents within a region on the image [152]. Usually, a SVM classifier will be applied

after the HOG features are obtained. However, the HOG-based face detection re-

quires a window to slide over the image repeatedly, from top to bottom and from

left to right, to search the most likely area that represents a face. To make things

worse, this sliding window scheme can lead to rather long latency if the underlying

image is big in size.

We have tested both two methods, using 1080P live video stream as input.

Besides, we also found that Dlib is slightly more robust to pose variations and oc-

clusions than OpenCV. However, OpenCV is much faster than Dlib which resulted

in a latency even longer than 60 seconds on Raspberry Pi to detect faces over

a stationary 1080P image. Thus, no meaningful test results of detection time for

Dlib was recorded on Raspberry Pi. Although OpenCV is fast enough for real-time

implementation on platforms like Raspberry Pi, it suffers from a less robust detec-

tion performance and a relative narrow field of view according to our real-world

experiments. That is to say, when the yaw angle of the face in the frame is large,

its detection performance will drop substantially.

Therefore, we turned attention to the state-of-the-art CNN-based face detec-

tion methods such as [153–155], among which the MTCNN proposed in [155] is

most attractive. Inspired by both cascaded classifiers like [149] and accuracy of

CNN models for CV applications, MTCNN uses three cascaded light-weight CNNs

102



Table 5.1: Comparison of Processing Time of Different Face Detection Methods

Method On PC On Raspberry Pi
OpenCV 0.03s 0.36s

Dlib 0.25s N.A.
MTCNN 0.05s 0.44s

for multitask learning of face landmarks and face bounding boxes. As a result,

MTCNN is not only more computationally efficient than other CNN-based face

detection methods but also can provide joint face detection and alignment with

impressive performance. We have also tested MTCNN using open-source python

scripts. The results show that it can achieve a similar robustness with Dlib in

terms of pose variations, it is even more robust to occlusions than Dlib. Besides,

MTCNN is indeed fast enough to be run in real time on Raspberry Pi-like low

cost embedded computing platforms. The comparison among OpenCV, Dlib, and

MTCNN for processing time per image is summarized in the Table 5.1. To speed

up the detection in real time, we have used a scaling factor of 0.25 to shrink cam-

era frames to the one fourth of their original size (recall that under a resolution

of 1080P,camera frames are as large as 1920×1080 pixels). In addition, all three

methods we tested can provide an effective range2 about 4 meters.

5.3.2 Selection of CNN Model

To determine a suitable deep CNN model for performing feature extraction on our

SC nodes, we have used stationary image of size 224× 224 have been used as the

inputs, and tested three representative CNN models to evaluate their processing

latencies:

(i) VGG-16 [131] used by VGG-Face [31];

(ii) Inception-V3 [156], an evolved version of GoogLeNet [133] used by FaceNet

[128]. The Inception-V3 improves against original GoogLeNet about 7.8% in

terms of Top-1 error3 of classification tasks, however, at the expense of about

2The effective range means the maximum distance beyond which the rate of successful detec-
tion drops significantly

3The term top-1 error rate is used to benchmark the performance of machine learning models
in the ImageNet classification competition [24]. The tested model is said correctly classify a
given image if the target label coincide with the prediction with highest probability that model
has made.
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Table 5.2: Comparison Among CNN Models

Model Top-1 Accuracy Billion MAC On PC On Raspberry Pi
VGG-16 71.5% 15.3 0.37s N.A.

Inception-V3 69.8% 4.8 0.13s 1.41s
1.0 MobileNet-224 70.6% 0.6 0.08s 0.69s

three times more complex and computation-costly;

(iii) 1.0 MobileNet-224 reported in [136], it is the most complex and most accurate

version among all MobileNets family members.

As mentioned earlier in the Section 2.3, MobileNets are a series of light-weight

and highly efficient CNN models, so it is natural to consider MobileNets as the

target model to use. However, both FaceNet and VGG Face achieve very good per-

formance for face verification tasks. Besides, they are widely adopted by other re-

searchers in this area [157,158], and there is few literatures show whether Inception-

V3 or VGG-16 can also be run smoothly on devices like the Raspberry Pi. Hence,

we were motivated to test and compare these models. All three models we tested

have been pre-trained by their developers, and we implemented these tests by us-

ing Keras [159] which is a popular python library for implementing deep learning

pipelines based on Google’s Tensorflow [160] frameworks.

During the tests, it was noticed that the model of VGG-16 is too large in terms

of memory size (approximately 550MB) to be implementable on our Raspberry

Pi which only has a limited 1GB RAM. The Top-1 accuracy, number of multi-

ply–accumulate (MAC) operations (as are reported in the literatures), as well as

our testing results on average latency over 500 forward processing are summarized

in the Table 5.2.

From the comparisons, it is clear that the MobileNets are most efficient and

suitable to be implemented on embedded systems like Raspberry Pi. However, as

is reported in [136], there are two hyper-parameters affect the trade-off between

performance and model complexity: one parameter α ∈ (0, 1] uniformly shrinks

the size of input channel of every layer of the model, another parameter ρ ∈

{128, 160, 192, 224} controls the input image resolution. Typically, there are 16

options for the choice of {α, ρ} which lead to 16 different variants of MobileNets.

Each of the variants has different computational cost and ability of learning deep

104



Table 5.3: Comparison Among Variants of MobileNets

Model (α, ρ) Top-1 Acc. Million MAC Million Para. APO Rank. APP Rank.
(0.25, 128) 41.3% 14 0.47 1 4
(0.25, 160) 46.0% 21 0.47 2 3
(0.25, 192) 49.0% 34 0.47 3 2
(0.25, 224) 50.6% 41 0.47 4 1
(0.5, 128) 56.2% 49 1.34 5 8
(0.5, 160) 59.9% 77 1.34 6 7
(0.75, 128) 61.8% 104 2.59 7 12
(0.5, 192) 62.1% 110 1.34 8 6
(0.5, 224) 64.0% 150 1.34 9 5
(0.75, 160) 65.2% 162 2.59 10 11
(1.0, 224) 70.7% 569 4.24 16 16

features.

To evaluate the model efficiency of achieving relevant Top-1 accuracy, we ap-

plied two metrics to each variant of MobileNets: accuracy per operation (APO)

and accuracy per parameter (APP) which are given by

APO =
Top-1 Accuracy

Number of MAC incurred
,

APP =
Top-1 Accuracy

Number of Parameters
. (5.2)

The models with top 10 APO ranking together with their accuracy on ImageNet

dataset [24], model complexity and APP ranking are given in the Table 5.3.

Recall that our objective is to build a pipeline that can complete the data-

to-result processing in real time (i.e., to achieve a throughput around 1.0 FPS).

Nevertheless, only the face detection module itself can lead to latencies about 0.5

seconds. Thus, the model 1.0 MobileNet-224 we have tested may not be the best

choice. Due to it takes a Raspberry Pi 0.7 seconds to extract a feature vector, on

average.

From Table 5.3, we can see that the 0.5 MobileNet-224 is about half compu-

tationally complex and three times smaller compared with the baseline variant

1.0 MobileNet-224 (the most accurate one), which means a much faster forward

processing speed as well as a less training time. Among all the models listed above,

0.5 MobileNet-224 is the most accurate among the models whose number of oper-

ations is less than 150 million and number of parameters is less than 2 million. On
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the other hand, it is the second least computationally complex one among all the

listed models while being more accurate than the other simpler variants.

Therefore, 0.5 MobileNet-224 has been selected as our target CNN model. It

worth mentioning that, since the CNN model functions as the feature extractor

in our face recognition pipeline, so we manually removed the last two layers of

the 0.5 MobileNet-224, i.e., the fully connected (FC) layer and softmax classifier,

and used the output of the last global average pooling layer as the feature vector.

Thanks to the removal of FC layer which contains dense parameters, the number of

parameter of the resulting model is only 0.83 million which is 38% fewer than the

original. We will refer to this resulting CNN model as the 0.5 MobileNet-224-FE.

5.4 The Proposed CNN-based Cooperative Face

Recognition

After selected both face detection technique and CNN model for feature extraction,

in this section we first show how the 0.5 MobileNet-224-FE was trained as the

feature extractor of our face recognition application, then introduce the method

adopted for the fusion of features from different SC nodes as well as the algorithm

for recognition process.

5.4.1 Training the CNN Model

In order to obtain a well-trained model, it is essential to choose a suitable training

dataset by considering both availability and quality. Therefore, the first dataset to

consider is the VGG-Face dataset [31] that is constructed by the development team

of VGG-Face. This dataset covers 2622 identities, each with 1000 face images.

Being trained on this dataset by using softmax loss and triplet-like loss, VGG

Face claims an accuracy of 98.95% for face verification over LFW tests. Another

quality-reliable public dataset is the CASIA-WebFace [161] which contains 494, 414

images for 10, 575 identities. It has been used for training a face recognition CNN

model [161] that is able to achieve a performance comparable to some other famous

deep learning face recognition methods like the DeepFace [162] and DeepID-2 [126].

In comparison, the VGG Face dataset is much deeper since it has much more
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Table 5.4: Summary of Training Hyper-parameters

Optimizer SGD with Nesterov momentum of 0.9
Loss Cross-entropy loss (Softmax)
Initial learning rate µ(0) = 0.1
Learning rate scheduling Fold every 20 epochs
Number of epochs 100
Batch size 64

images for each identity. On the other hand, the CASIA-WebFace is wider due

to it covers three times more identities than the VGG dataset, while being four

times fewer in terms of total images. Except for the formidable time cost of train-

ing on VGG Face dataset with limited GPU and hardware resources, recently

some researchers [163] also suggest that using a wider dataset can lead to bet-

ter robustness and face recognition performance especially when the CNN model

being trained is not very deep compared with those super deep models like the

ResNet [164]. Given that the models of MobileNets family are relatively shallower

and simpler than those gigantic ones, so we have chosen CASIA-WebFace as our

training dataset. Moreover, CASIA-WebFace does not overlap with the de facto

testing dataset LFW, so that it is convenient to implementing the entire training-

testing pipeline with “CASIA-WebFace+LFW” framework.

Considering that training a deep model usually takes several days even with

powerful GPUs, therefore we firstly used a small portion of the original dataset to

tune the hyper-parameters used for the training procedure, so as to shorten the

period of trial-and-errors. The small dataset we have used contains 4051 images

and 20 identities which are randomly picked from the CASIA-WebFace. After

several iterations of trials-and-errors on the small dataset, we figured out a set of

proper settings of hyper-parameters (see Table 5.4) to be used for the training on

the entire dataset.

5.4.2 Recognition Method

To recognize the identity appears in the scene, we adopted a SoftMax operator

proposed in [157] to calculate the similarity score si(yk, Y
b
i ) associated with i-th
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identity, which is obtained by:

si(yk, Y
b
i ) =

1

P

P∑
β=0

si,β(yk, Y
b
i ), (5.3)

where

si,β(yk, Y
b
i ) =

∑pi
j=1 s(yk, y

b
i,j) exp

{
βs(yk, y

b
i,j)
}∑pi

j=1 exp
{
βs(yk, ybi,j)

} . (5.4)

In the above equation, β is a non-negative hyper-parameter controls the trade-

off between the effect of averaging the similarity scores or taking the max(·) (or

min(·)) over them [157]. Multiple values of β will be used to compute {si,β(yk, Y
b
i )},

and the final similarity score is averaged over all choice of β. In (5.4), the s(yk, y
b
i,j)

is the pairwise similarity score between two features yk and ybi,j, it is computed by

s(yk, y
b
i,j) =

〈
yk, y

b
i,j

〉
‖yk‖

∥∥ybi,j∥∥ , (5.5)

which also represents the cosine angle between two feature vectors. Besides, the

SoftMax operator (5.4) can be regarded as a weighted average where the weight

associated to each pairwise score s(yk, y
b
i,j) is proportional to the score itself, i.e.,

the higher the score s(yk, y
b
i,j), the bigger the weight. The recognition algorithm we

adopted using the SoftMax operator-based similarity score is summarized in the

Algorithm 3.

Moreover, we choose the above SoftMax operator-based similarity score because

the resulting recognition method only needs a relatively small number of features

(e.g., 20-30 features) for each identity to be collected before the actual deployment.

So that it does not need additional training stage which is usually required by more

complex classifiers like the support vector machine or softmax classifiers (with FC

layers). As such, once a new identity appears and needs to be recognized, the SC

nodes can capture only tens of images of this person in real time, and then append

newly obtained features to the existing database. This is particularly convenient

for adaptation to dynamic environments in the context of IoT, since training a

classifier not only requires sufficiently large data samples to avoid over fitting but

also needs more computation resources as well as additional re-training time, which
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Algorithm 3 Face Recognition using SoftMax Similarity Score

1: for each identity class i in the feature library do
2: for each specific hyper-parameter β do
3: for each feature of identity i stored in the databse, i.e., ybi,j do
4: Calculate pairwise similarity score s(yf , ybi,j) using (5.5).
5: end for
6: Calculate similarity score si,β(yf , Y b

i ) among input feature yf and the
database features of i-th identity using (5.4).

7: end for
8: Find the final similarity score si(y

f , Y b
i ) of the input feature associated with

identity i using (5.3).
9: end for

10: Return the recognized identity label i ∈ I which gives the highest similarity
score,

i = arg max
i∈I

si(y
f , Y b

i )

makes it lacks on-line adaptation flexibility.

5.4.3 Cooperative Face Recognition by Multi-view Feature

Fusion

Recall that each SC node will simultaneously monitor the environment and ex-

tract features from camera frames. In the cooperative scheme mentioned in the

Section 5.2, these independently extracted features will be sent to other SC nodes

for a fusion process prior to the further recognition inference. In the literature, fu-

sion schemes that are commonly adopted for multi-view computer vision scenarios

includes the max fusion, averaging fusion, and concatenation fusion [135,165,166].

Although concatenation fusion can preserve more information about the object,

naively concatenating multiple features without knowing their spatial relationship

may worsen the performance. Hence, it calls for on-line pose estimation process to

enable carefully designed concatenation methods. However, on-line pose estima-

tion can incur additional processing time, which will further increase the pipeline

latency. Therefore, in this chapter, we use both max fusion and averaging fusion

via local cooperation among SC nodes and compare their effects on the pipeline

performance in Section 5.5. To be more specific, under the max fusion scheme,

each SC node k = 1, 2, . . . ,M fuse its own feature yk and features shared by its
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neighbors {y`|` ∈ Nk} via the following way

yf,max
k,m = max

`∈Nk

y`,m, (5.6)

where yf,max
k,m is the m-th entry of the fused feature vector obtained at SC node k,

and y`,m is the m-th entry of feature from `-th neighbor of SC node k. Alternatively,

the averaging fusion is given as below,

yf,avg
k =

1

|Nk|

M∑
`∈Nk

y`. (5.7)

To reduce the dimension of features vectors so that communication overhead can be

cut down and inference latency can be shortened, dimension reduction techniques

such as principal component analysis (PCA) can be applied to the feature before

transmitting them over wireless channels. The effect of applying PCA on the

inference performance will be shown in the following sections.

With the feature fusion method and local cooperation introduced, we the re-

sultant cooperative face recognition algorithm is then summarized in Algorithm 3.

5.5 Evaluation and Results

5.5.1 Experiment Setup

For evaluating the performance of the proposed cooperative face recognition pipeline,

the orientation of cameras is assumed such that each camera can observe the same

person from a different angle like depicted in Fig. 5-2.

We have used the LFW [129] to implement all the tests. Images in the LFW

testing dataset are pre-aligned with deep funneling [167]. Moreover, the yaw angles

of faces in the LFW images are distributed between −50◦ and 50◦ largely [158].

So, in this chapter, we assume that there are M = 3 SC nodes for the exper-

iments, and each of which is able to obtain facial image xk for a same identity

such that the yaw angle of the face appears in xk belongs to a set of interval
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Figure 5-2: Illustration of camera configuration used in cooperative face recog-
nition: three cameras monitor same region from different angles and geometry
positions.

Θ = {θ+2, θ+1, θ0, θ−1, θ−2}, where we set



θ−2 = [−60◦, 30◦),

θ−1 = [−30◦, 15◦),

θ0 = [−15◦, 15◦],

θ1 = (15◦, 30◦],

θ2 = (30◦, 60◦).

(5.8)

We noticed that in the real-world scenarios, the yaw angle of a face in xk may

exceed 60◦ or −60◦. In this situation, it is difficult for face detection to perform

consistently, so that the SC node with that camera might not be able to extract

feature sometimes, due to no face in the camera frame can be detected. Because

we adopt a cooperative face recognition scheme where multiple cameras are placed

at different geometry position and configured to monitor same region, so that

even some of SC nodes fail to provide features, the rest can still work normally

to guarantee the robustness of the entire face recognition pipeline by sharing the

feature vectors via local cooperation, which clearly shows the advantages of such
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cooperative scheme. Nevertheless, in this chapter, for the ease of evaluation, we

shall proceed our experiments with the assumption that each SC node can observe

a face with yaw angle falls in any element in Θ. In addition, since there is only

three SC nodes, we assume a fully-connected distributed topology where each SC

node has access to features obtained by the other SC nodes.

Let X be the set of input frames or images, and let g : X 7→ Θ map an input

frame or image to the interval into where the yaw angle of the underlying face

exhibits. With the above settings, we further supposed that given a triplet of facial

images {x1, x2, x3} of same identity, the triplet {g(xk)|k = 1, 2, 3} is either Θleft =

{θ0, θ−1, θ−2}, or Θfrontal = {θ+1, θ0, θ−1}, or Θright{θ+2, θ+1, θ0}, which corresponds

to the cases where the identity faces to the camera on the left, in the front, and on

the right, respectively.

Moreover, the LFW dataset [167] contains 5749 identities and 13, 233 images

of size 250 × 250 pixels in total. In order to setup our off-line feature database

D, the original LFW dataset needs to be split into two disjoint parts P and Q,

where P is the gallery contains images for on-line testing and Q is the gallery

contains images retained for off-line database. In total, pi images will be picked

from identity i for the Q. We have used a uniform scheme where pi = p,∀i ∈ I for

all experiments in this chapter. However, most of the identities in LFW only have

a few number of images (less than ten images), which makes it difficult to split

the dataset. Therefore, we manually filtered the original LFW such that identities

have a number of images less than 30 were excluded. After this manipulation, we

obtained a dataset contains 34 identity and 2, 370 images. Although the number

of identities is much fewer than the original, it is in line with the number of staffs

or students that one can expect in environments like classrooms or offices, which

still well fits our problem background.

To be specific, we randomly picked p = 20 images from every identity for the

galleryQ to setup our off-line feature databaseD, and use the reset of images for the

gallery P . Similar to the cross validation method usually used for model training

procedure, we repeat this data split process for ten times, so that ten random

splits {Pn,Qn|n = 1, 2, . . . , 10} were obtained for ten independent experiments,

and {Pn,Qn} differ from {Pm,Qm} for any n 6= m and n,m = 1, 2, . . . , 10.
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Figure 5-3: Example of how testing image triplets are selected. From top to bottom:
three identities i = 1, 2, 3, face left camera, frontal camera, and right camera,
respectively.
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Table 5.5: A Summary of Experiment Setups

Num. of identity N = 34
Num. of features per id. in database p = 20
Num. of testing samples per experiment 500 image triplets (1500 images)
Num. of independent experiments 10

To better simulate the real-world scenarios, we also used OpenCV to apply

pose estimation to {Pn} for all n = 1, 2, . . . , 10, to classify images of every identity

into five categories according to the yaw angle intervals in Θ. Then, we randomly

generated 500 tests for every Pn, n = 1, 2, . . . , 10. For each of the tests, we ran-

domly picked an image triplet {xi,1, xi,2, xi,3} from same identity i in Pn, such that

{g(xi,1), g(xi,2), g(xi,3)} is either Θleft, or Θfrontal, or Θright. That is to say, the image

triplet was chosen as if the identity in the images faces either the left, frontal, or

right camera (see Fig. 5-3).

5.5.2 Recognition Accuracy

The experiment setups described in the previous section are summarized in the

Table 5.5. In the experiments, once a face was detected by MTCNN, a patch of

size 224× 224 were then cropped from the bounding box of the face and sent into

0.5 MobileNet-224-FE to extract the feature vector of dimension d = 512.

We ran through all the ten independent experiments by using split testing

datasets {Pn,Qn|n = 1, 2, . . . , 10}. For each individual run, we used 500 testing

samples, i.e., 500 image triplets of same identity that were randomly drawn from

Pn. The recognition accuracy was computed as the ratio of number of correct

recognition against the total number of tests which is same to the definition of

Top-1 accuracy. The final results were then averaged over all ten experiments,

the resulting recognition accuracies are given in the Table 5.6 where we use the

term standard pipeline to refer to the one consists of MTCNN face detection,

0.5 MobileNet-224-FE, and Algorithm 3 without dimension reduction.

We also carried out testings for stand alone case for comparison where each SC

node perform the inference individually without sharing feature vectors. In this

setting, the inference accuracy is only 54.1% on average and is lower than the Top-

1 classification accuracy of 0.5 MobileNet-224, which is expected due to in stand
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Table 5.6: The Test Results on Recognition Accuracy

Tested method Max Fusion Averaging Fusion
Standard pipeline 64.8% 60.9%
Standard pipeline with PCA (d = 128) 65.4% 61.7%
Standard pipeline with PCA (d = 256) 66.9% 62.2%

alone case without cooperation by sharing features, it is relatively hard for a single

SC to recognize an identity accurately when side faces are present to the camera

(i.e. the yaw angle is very large). On the contrary, from the Table 5.6, we can see

that no matter which fusion method is used and no matter if PCA is applied or

not, the accuracies obtained by cooperative face recognition approach are higher

than that obtained in the stand alone case, which clearly shows the value of the

local cooperation by sharing features among SC nodes. Moreover, the max fusion

(5.6) outperforms averaging fusion in accuracy(5.7). This is because max fusion

might keep some of the most important features so that the fused feature can be

more discriminative although the averaging fusion may be able to reduce the noise

embedded in the feature vectors. Besides, it is interesting that using PCA for

dimension reduction can not only reduce the communication overhead but is also

beneficial for improving the recognition accuracy. The highest accuracy achieved

among all the different settings was 66.9% which resulted from the max fusion and

dimension d = 128, which can save 75% communication overhead compared to the

case where dimension of features is d = 512 without using PCA.

However, it could be expected that the recognition accuracies obtained in Ta-

ble 5.6 cannot rival those obtained by sophisticated CNN-based face verification

pipelines like VGG Face, DeepIDs, and FaceNet, etc., thanks to our focus in this

chapter is to address real-time inference problem using only light-weight CNN mod-

els and low-cost IoT devices with limited computing and storage resources rather

than developing performance-centric complex CNN models and using memory-

hungry expensive GPUs. Besides, it is noticed that the original 0.5 MobileNet-224

model achieves a Top-1 classification accuracy of 64.4% on the ImageNet, which

also shows the trade-off between deep learning ability and computation efficiency.

Besides, in Table 5.7, identification accuracy, and data volume that would be

incurred for face recognition is compared between the proposed pipeline and a
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Table 5.7: Comparison with Cloud-based Solution

Pipeline method Accuracy(LFW) Data Volume
Cloud (VGG-based) 74.1% [33] 4055KB(per raw image)
Proposed (d = 256) 66.9% 4.59KB(per feature vector)

cloud-based solution where VGG Face is selected since the memory size of its

model is too big to be deployed on embedded IoT devices like Raspberry Pi. From

Table 5.7 we can see that the accuracy of our pipeline is still comparable to VGG,

considering that the training dataset used by VGG Face is nearly 5 times larger

than the one used to train our CNN model. On the other hand, for each image to

be processed for recognition task, the data volume which could be incurred in our

pipeline is about 900 times less than that in the cloud solution where 1080P raw

images are uploaded from front-end camera sensor, which shows that our pipeline

has great potential for reducing communication overhead.

5.5.3 Pipeline Latency

In addition to the recognition accuracy, processing latency of the proposed pipeline

is also evaluated. Just like what we have done for other processing speed evalua-

tions in previous sections, face recognition inference has also been implemented on

both SC node (i.e., the Raspberry Pi) and desktop PC to evaluate and compare

the resultant latency. We have tested several different settings for implementing

the face detection module, feature extraction module, and recognition module.

The results on processing latencies of tested implementations are summarized in

the Table 5.8, where the time for face detection refers to the results reported in

Section 5.3.1 which are obtained using live video streams as input.

By combining processing time of each module, the latency of the entire pipeline

can then be obtained. From Table 5.8, the shortest image-to-feature latency on

Raspberry Pi is 0.727 seconds, which was achieved by using OpenCV as face de-

tection method. However, it can be expected that OpenCV is less robust to pose

variations so that the overall pipeline performance would be worse than using

MTCNN which is only 0.075 seconds slower than OpenCV on Raspbery Pi.

On the other hand, it is obvious that PCA is also quite effective for reducing

computational complexity and processing latency. When applying PCA with d =
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Table 5.8: Test Results on Processing Latency

Pipeline Module Method Setting PC Raspberry Pi
Face detection OpenCV 0.033s 0.361s
Face detection MTCNN 0.050s 0.436s
Feature extraction 0.5 MobileNet-224-FE 0.071s 0.366s
Recognition Algorithm 3 no PCA 0.067s 0.311s
Recognition Algorithm 3 PCA (d = 256) 0.022s 0.231s
Recognition Algorithm 3 PCA (d = 128) 0.020s 0.195s

128, a latency reduction of 0.047 seconds can be achieved on our PC platform. Even

though the improvement in processing speed become marginal when comparing

PCA with d = 128 and d = 256 for PC, it is still beneficial to adopt PCA techniques

for realizing a higher throughput on low-cost embedded devices whose hardware

specifications are similar to the Raspberry Pi.

To conclude, using MTCNN and max fusion scheme with PCA of d = 256

can enable the entire pipeline to achieve the highest accuracy of 66.9% among all

different settings. More importantly, under this particular configuration, the com-

plete data-to-result processing can be finished in 0.822 seconds and 1.033 seconds,

when implementing the recognition module on the PC and on the Raspberry Pi

respectively, which shows that implementing the pipeline merely using SC nodes is

able to achieve satisfactory real-time performance which is even comparable to the

case where dedicated more powerful EGD is involved for fusion and inference.

5.6 Summary

In this chapter, we have proposed a cooperative face recognition pipeline where deep

face features are extracted from light-weight CNN models deployed on SC nodes

which are made up of low-cost embedded devices. To realize the proposed pipeline,

we evaluated and compared the performance and flexibility of several face detection

methods abd state-of-the-art CNN models, we also identified suitable face datasets

and trained a CNN model as the feature extractor. Besides, we adopted a softmax

operator based algorithm for face recognition, in which similarity scores between

input face feature and features pre-obtained in an off-line stage are computed

and compared. Finally, we evaluated the accuracy and processing latency of the

implemented pipeline. The test results show that our pipeline is able to run in real
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time and provide acceptable recognition accuracy using only low-cost IoT devices.

In the proposed cooperative face recognition scheme, every SC nodes cooperate

with each other to solve the face recognition problem by sharing features among

other peer SC nodes. It is showed that local cooperation by feature fusion can

lead to improved recognition accuracy compared to the stand alone case where

SC nodes perform the entire face recognition pipeline individually. Moreover, the

experimental results reveal that dimension reduction by PCA is not only uesful

for reducing communication overhead and computational complexity but is also

beneficial for improving the inference accuracy as well, which is desirable for IoT

networks with only limited resources.
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Chapter 6

Conclusions and Future Work

With booming development of embedded computing and wireless networking tech-

nologies, IoT applications have been gradually becoming ubiquitous in various fields

of daily life and industries. By leveraging the distributed cooperative inference and

learning schemes, real-time processing and analysis of big data can be realized us-

ing only limited computation, communication, and data storage resources. Insights

of data can also be obtained in real time at places nearer to the data source, so as

to reduce communication overhead and shorten latency.

6.1 Conclusion

In this thesis, distributed inference and learning problems were addressed for

resource-constrained IoT networks, with focuses on saving communication over-

head, reducing energy consumption, and improving performance as well as re-

source utilization efficiency. Specifically, we investigated diffusion strategies for

distributed LMS online learning in the context of both single-task and multitask

IoT networks, we also proposed a cooperative deep learning pipeline for face recog-

nition application that is implementable with real-world low cost IoT devices. The

contributions of each chapter are summarized as below.

In Chapter 3, we studied the problem of reducing unnecessary wireless commu-

nication and saving energy budget for single-task diffusion networks where nodes

perform distributed cooperative LMS estimation to learn a common unknown pa-

rameter. We proposed a modification to the conventional ATC diffusion strategy
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by incorporating an event-based communication scheme, such that each node com-

municates its local intermediate estimate to neighboring nodes only if the local

estimate has changed significantly compared with the one obtained in previous

iteration. This simple-to-implement criterion and resulting event-based commu-

nication scheme can achieve remarkable reduction of communication overhead.

Therefore, nodes in the underlying IoT networks are able to maintain adaptive

tracking ability with much reduced energy consumption, and prolong their battery

life considerably. Meanwhile, the resulting steady-state estimation accuracy can

still be comparable to that obtained by the ATC strategy.

In Chapter 4, we also studied how to optimize the efficiency of inter-cluster

cooperation for clustered multitask diffusion networks. We proposed a strategy,

namely the MAIC, for multitask diffusion LMS estimation of parameters that may

vary randomly over time. With the propopsed MAIC, the inter-cluster cooperation

does not impact the network stability, so that the weights govern the inter-cluster

cooperation can be adjusted to improve the steady-state network MSD perfor-

mance. We developed centralized as well as distributed schemes to optimize the

inter-cluster cooperation weights for every nodes in the network. By doing so, each

cluster in the network is able to benefit from the inter-cluster cooperation rather

than using heuristically selected weights which may deteriorate the clusters’ MSD

performance and thus waste computation as well as energy resources.

At last, other than linear regression models studied in Chapter 3 and Chapter 4,

In Chapter 5 we realized a deep learning-based face recognition pipeline that can

be ran on low-cost embedded devices to perform real-time inference. To achieve

this goal, we carried out extensive evaluations for selecting suitable face detection

method and deep CNN model for feature extraction. Then we trained the selected

CNN model, and applied a softmax operator-based algorithm for recognizing the

identity captured in the images or camera frames. The obtained pipeline is able

to identify a person from tens of candidates with short latency and acceptable

accuracy. Through distributed cooperative scheme, our proposed pipeline could

be more robust and more accurate than the case where each smart camera node

relies solely on its own data. More importantly, our pipeline can save a lot of

communication resources since only a few feature vectors are transmitted over
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wireless channels instead of spending a lot bandwidth to send raw video streams

to remote analytics server.

6.2 Future Work

Except for the current results demonstrated in each chapter, some interesting di-

rections to consider for the future works are summarized as follows.

A natural extension for the work in Chapter 3 would be exploring modifications

or variants of the current EB-ATC. For example, it might be useful to consider the

information theoretic metrics as the triggering criteria. To be specific, each node

may examine if the entropy or mutual information obtained from the newly made

local update change significantly compared with that obtained from intermediate

estimate previously sent. On the other hand, rather than combining the inter-

mediate estimate most recently received from neighbors passively, each node may

adopt a local estimation approach to infer how the latest intermediate estimates at

neighbors will change relative to the ones received last time. A similar concept has

been adopted in [168], it would also be interesting to design a proper estimation

or inference scheme for EB-ATC, and investigate whether using the inferred values

for diffusion combination can lead to an improved performance.

Besides, although in Chapter 3 the algorithm, performance analysis and numer-

ical results have been shown, we have yet to characterize the exact MSD expression

and the rate of convergence, as well as their relationships with the triggering thresh-

old. As a next step in the future, it would be interesting as well to close this gap, for

either the current EB-ATC or any of its potential variants. As such, a theoretical

guide for choosing the triggering threshold may be obtained. Besides, a poten-

tial optimization of the performance over the threshold can also be formulated to

improve the steady-state MSD and rate of convergence jointly.

In multitask diffusion strategies such as the MAIC, quite a lot wireless commu-

nication among nodes is incurred. Since the event-based mechanism has been found

very helpful in the context of WSNs or IoT, it would be interesting to develop suit-

able event-based approaches for either inter-cluster or intra-cluster cooperation, in

order to reduce unnecessary communication overhead and preserve the benefits of
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both two types of diffusion cooperation. As suggested in [43, 169], acquiring more

information in each iteration of the learning process may not always lead to better

steady-state MSD performance. Thus, it might be interesting to examine if a bet-

ter cluster and network performance can be obtained by limiting the frequency of

inter-cluster cooperation where information being exchanged is from heterogeneous

nodes that seek different learning objective.

In Chapter 5, although we have obtained some preliminary but promising results

of using embedded devices to implement complex deep learning tasks, there are

several ways to improve and complement the current pipeline. First of all, instead

of using the cross-entropy loss that is more suitable for general classification tasks,

it is of great interest to use face recognition-specialized loss function to train the

CNN-based feature extractor. For example, the triplet loss used in [128], the center

loss proposed by [170] and the recently proposed large margin cosine loss [32] which

achieve impressive accuracy on face recognition or verification. Secondly, it would

be interesting to explore a better recognition algorithm as well, by making use

of state-of-the-art unsupervised learning or semi-supervised learning. To further

improve the accuracy of the pipeline, it is of interest to leverage multi-view or

multimodal learning techniques [171, 172] to design a more suitable feature fusion

method. Last but not the least, applying the distributed estimation algorithm

proposed in Chapter 3 would be a natural extension to this thesis and interesting

research direction to explore. Finding a suitable and meaningful formulation is the

key to this direction.
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Appendix A

Definitions, Lemmas and Proofs

in References

A.1 Definition of BIBO Stability

According to the definition of BIBO stability given in [173], in a discrete-time linear

time-invariant system as shown in the following

x(k + 1) = Ax(k) +Bu(k),

y(k) = Cx(k) +Du(k), (A.1)

the input sequence u(k) is said to be bounded if the following condition is satisfied,

|u(k)|< umax <∞. (A.2)

Then the system (A.1) is said to be BIBO stable if each eigenvalue of matrix A

has a magnitude less than 1.
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A.2 Definition of the Block Maximum Norm and

Related Lemmas

According to [16], for any N × 1 block column vector x = col {x1, x2, . . . , xN}, its

block maximum norm is defined as

‖x‖b,∞ , max
1≤k≤N

‖xk‖. (A.3)

Then for any N ×N block matrix A, its induced block maximum norm is defined

as

‖A‖b,∞ , max
x 6=0

‖Ax‖
‖x‖

. (A.4)

Furthermore, regarding the block maximum norm, there are some important

lemmas introduced in [16] which are briefly reproduced below (please refer to [16]

for the proofs).

First, according to the Lemma D.2, for any Hermitian and nonnegative-definite

matrix A, it has the following property,

c1 · Tr(A) ≤ ‖A‖b,∞ ≤ c2 · Tr(A), (A.5)

where c1, c2 are positive constants.

Second, according to the Lemma D.3, for any matrix A = A⊗IM , the following

holds

‖A‖b,∞ = ‖A‖∞, and
∥∥AT

∥∥
b,∞ ≤ N · ‖A‖b,∞. (A.6)

Third, the Lemma D.4 says that for any left-stochastic matrix A (namely

AT1N = 1N), let AT = AT ⊗ IM , then the following holds,

‖A‖b,∞ = 1. (A.7)

Forth, the Lemma D.5 says that for an N×N Hermitian block diagonal matrix

D = diag {D1, D2, . . . , DN} whose block entry Dk, k = 1, 2, . . . , N is also Hermi-
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tian, then the following holds,

ρ(D) = max
1≤k≤N

ρ(Dk) = ‖D‖b,∞. (A.8)

Finally, regarding the Lemma D.6, we have that for an N ×N Hermitian block

diagonal matrix D = diag {D1, D2, . . . , DN} whose block entry Dk, k = 1, 2, . . . , N

is also Hermitian, if A1, A2 are both left-stochastic matrices and AT
1 = AT

1 ⊗ IM ,

AT
2 = AT

2 ⊗ IM , then we have

ρ(A1 · D · A2) ≤ ρ(D). (A.9)

A.3 Proof of the Mean Convergence of ATC Strat-

egy

According to [16], the mean error recursion model of the ATC strategy can be

given as below,

E[w̃(i)] = BE[w̃(i− 1)] (A.10)

where the definition of the error vector follows (3.27) and matrix B has been given

in (3.42). Iterating the above equation from the time instant i = 1 and then letting

i→∞ on both sides gives

lim
i→∞

Ew̃(i) = lim
i→∞
Bi Ew̃(0) (A.11)

if and only if the spectral radius of the matrix B is less than one, i.e. ρ (B) < 1.

Because we have

‖B‖b,∞ ≤
∥∥AT

∥∥
b,∞ · ‖IMN − µRu‖b,∞

= ‖IMN − µRu‖b,∞, (A.12)

where Ru has been given in (3.43), and the last equality follows since A is left-

stochastic matrix and
∥∥AT

∥∥
b,∞ =

∥∥AT
∥∥
∞ = 1 from Lemma D.4 in [16]. Therefore,
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if

‖IMN − µRu‖b,∞ < 1, (A.13)

then ρ (B) ≤ ‖B‖b,∞ < 1, so that ATC strategy achieves its mean-stability. The

step-size condition (3.8) just follows from (4.81).
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Appendix B

List of Acronyms

IoT Internet-of-Things

WSN Wireless sensor network

LMS Least mean-squares

MSD Mean-squared deviation

D2D Device-to-device

AI Artificial Intelligence

CV Computer vision

GPU Graphics processing unit

ATC Adapt-then-combine

EB-ATC Event-based adapt-then-combine

BIBO bounded input bounded output

SGD Stochastic gradient descent

ENTR Expected network triggering rate

ACOS Average communication overhead saving

MAIC Multitask adapt, inter-cluster cooperate, and then combine

MDLMS Multitask diffusion LMS strategy

CNN Convolutional neural network

LFW Labelled faces in the wild

EGD Edge gateway device

SC Smart camera

FPS Frame per second

HOG Histogram of oriented gradients
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MAC Multiply–accumulate

FC Fully connected

APO Accuracy per operation

APP Accuracy per parameter

PCA Principal component analysis
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Event-based Diffusion Cooperation,” under preparation.

Conferences

1. Y. Wang, W. P. Tay, and W. Hu, “An energy-efficient diffusion strategy over

adaptive networks,” Proc. Int. Conf. on Info. Comm. and Signal Process.,

Singapore, Jul. 2015.

2. Y. Wang, W. P. Tay, and W. Hu, “Multitask diffusion LMS with optimized

inter-cluster cooperation,” Proc. IEEE Statistical Signal Process. Workshop,

Palma de Mallorca, Spain, Jun. 2016.

3. Y. Wang, W. P. Tay, and W. Hu, “An event-based diffusion LMS strat-

egy,” Proc. IEEE Sensor Array and Multichannel Signal Process. Workshop,

Sheffield, United Kingdom, Jul. 2018.

4. C. Wang, W. P. Tay, Y. Wang and Y. Wei, “A privacy-preserving diffusion

strategy over multitask networks,” Proc. Int. Conf. on Acoustics, Speech

and Signal Process., Brighton, United Kingdom, May 2019.

129



Patents

1. Y. Wang, W. P. Tay, J. S. Kee, K. Thangamariappan, “Wireless sensor

network and parameter optimization method thereof, and warehouse system”,

US Patent Filled, Nov. 2018.
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