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Abstract

The consensus protocol is fundamental multi-agent systems protocol which enables syn-
chronization of state trajectories [1]. In semi-autonomous consensus protocols, selected
agents, called leaders, receive external inputs, while others, the followers, rely only on
interactions with their neighbors.

This work addresses the problem of leader identification—determining the leader
nodes by observing only agent trajectories. Using the system dynamics, we focus on
analyzing the Fiedler vector, associated with the smallest non-zero eigenvalue of the
interconnection matrix. Previous work showed a link between this vector and velocity
trajectories of the agents [2]. Our approach involves analyzing a sequence of graphs
with increasing number of nodes and the associated Fiedler vectors. We demonstrate
that the components of the Fiedler vector converge to a quantity related to the degree of
each node. We then provide a sufficient condition for sufficiently large graphs to achieve
a separation of the Fiedler vector components into two distinct groups corresponding
to the leaders and followers. We use this result to provide an estimation algorithm of
the leader nodes by using only measurements of agent velocities. We also provide some
numerical studies to demonstrate our results.
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Chapter 1

Introduction

Multi-agent systems refer to complex configurations of independent dynamic units that
can interact with each other through designated network protocols. In such a net-
worked system, agents interact with each other to fulfill a higher-level purpose. The
rationale for employing such a system lies in the potential to enhance energy efficiency,
cost-effectiveness, and resilience through the utilization of distributed protocols among
agents. There are several examples of employing multi-agent systems, and we will out-
line some key applications in this domain: Applications of multi-agent coordination
span a wide range of domains. One main example is formation flight, which focuses
on establishing spatial coordination among agents to accomplish system-level goals.
This approach has proven useful in surveillance, reconnaissance, search operations, and
environmental monitoring [3]. More recently, it has also found application in space-
borne optical interferometry, where distributed spacecraft carrying optical instruments
are coordinated to enhance the efficiency and robustness of space interferometry mis-
sions [4, 5]. Another important area is sensor networks, where spatially distributed
sensors are deployed to monitor diverse physical or environmental conditions, enabling
applications in areas such as environmental sensing, infrastructure monitoring, and pre-
cision agriculture [6, 7]. Similarly, energy networks illustrate the role of distributed
coordination in the distribution of energy from generators to consumers. This field
has gained increasing attention with the rise of smart grids, which aim to improve the
efficiency, resilience, and sustainability of energy distribution systems [8, 9].

Among the fundamental coordination strategies within multi-agent frameworks lies
the consensus protocol, or sometime called agreement, aiming to accomplish complete
or partial synchronization of state trajectories across all agents. The basic mechanism of
the consensus protocol is that every agent can sense some others agents, usually within
some pre-specified range or ad hoc information exchange network. This information is
then using to compute a control command aimed at achieving the consensus objective
[1]. Numerous studies have addressed the consensus problem, including investigations
of consensus under switching topologies and communication delays [10], agreement over
random networks [11], finite-time consensus [12], and stochastic consensus with noisy
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communication [13].
The term semi-autonomous consensus, or sometimes called leader-follower consen-

sus, characterizes scenarios in which select agents, often denoted as the leaders, receive
external inputs. The usage of an external input to the system can, for example, be used
to maneuver or manipulate the system to some desired trajectory or configuration. In
[14], the use of leader agents is examined to guarantee prescribed performance in the
system’s transient behavior. In other works, such as [15], external noise inputs are
injected into certain agents to evaluate the network’s performance. In [16], the per-
formance of a human-in-the-loop system is analyzed, where some agents are directly
controlled by human operators, and the work in [2] addresses the selection of leader
agents in the network to enhance system performance.

The widespread use of these systems raises concerns about their security from ma-
licious attack. If a malicious attacker strategically directs an attack towards the most
critical agents, the entire system could be disrupted, or even eliminated, with relatively
minimal effort [17]. If an external observer can infer the structure of the network topol-
ogy, they may also be able to identify which agents receive external inputs—an aspect
that is critical to the operation of the system.

The network identification problem concerns the task of reconstructing or in-
ferring the underlying interaction topology of a multi-agent system from observed data.
In other words, given measurements of the agents’ states or outputs, one seeks to de-
termine which agents exchange information and with what strength. This problem is
fundamental in areas such as systems biology [18], neuroscience [19], social networks
[20], and engineering systems [21]. A central challenge is that the observed collective
behavior does not uniquely determine the network structure without additional as-
sumptions or prior knowledge. Accordingly, approaches to network identification can
be viewed along a spectrum: at one end, there are methods that rely on extensive
prior knowledge or the ability to actively perturb the network (e.g., through controlled
inputs), while at the other end there are data-driven approaches that operate with
minimal prior information and limited or no interaction with the network [22, 23, 24].
In the context of multi-agent coordination, identifying the interaction graph is crucial
for understanding how local rules give rise to global behaviors, as well as for designing
control strategies that are robust to uncertainties in the communication topology. An
illustraion of network topology identification is presented in Figure 1.1.

Traditional input–output identification techniques generally assume that both the
external inputs and the system dynamics are known, which allows a straightforward re-
construction of the network model. In adversarial contexts, however, such assumptions
are unrealistic: an attacker may not observe the control inputs at all. Li et al. [17]
demonstrate that even under this information deficit, an adversary can still learn the
interaction rules of a multi-robot formation purely from state observations, and then
strategically exploit this knowledge to disrupt the system through a so-called “sneak
attack.” This perspective emphasizes that security analyses must account not only
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Figure 1.1: Conceptual overview of the network identification problem: (a) the interac-
tion graph is unknown; (b) trajectories are observed; (c) after identification, the edges
are recovered.

for adversaries with full system knowledge, but also for those who incrementally infer
network structure from minimal information before launching an attack.

In this study, we investigate the problem of network topology identification from
the perspective of an external observer, assuming limited prior knowledge about the
network. Our objective is to identify a specific subset of the topology—namely, the
leader agents—which play a critical role in the network’s operation.

1.1 Literature Review

In this section we review the literature on the network identification problem, with
a focus on methods proposed for reconstructing interaction topologies from observed
data. Existing approaches can be grouped into several categories, reflecting different
assumptions about data availability and system structure:

• Full observation: Methods where the states of all agents in the network are fully
observed. These approaches typically assume complete access to the system’s
state evolution and use it to reconstruct the network [25, 23].

• Partial observation: Techniques that rely on observations from only a subset
of agents. These problems are more challenging and often involve inferring the
unobserved part of the network using indirect information [26, 27].

• Leader-follower identification: Focuses on identifying leader nodes or external
input points in the network. These leaders often influence the dynamics of follower
agents and are critical for understanding system behavior [17].

• Spectral approaches: Use the spectral properties (e.g., eigenvalues and eigen-
vectors) of matrices like the Laplacian or adjacency matrix to infer global or local
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network structure. These methods are often analytical and provide insights into
connectivity and topology [28, 29].

• Structural identification: Aims to reconstruct the underlying graph topology
based on system input-output data, interaction patterns, or transfer functions.
This category includes both exact and approximate recovery of the adjacency or
Laplacian matrix [26, 21].

In our work, we focus on identifying leader agents under a full observation setting,
based on input-output relationships, where the input signals are unknown. We begin by
discussing studies that address the full observation setting, where network identification
is based solely on the system’s dynamic response to initial conditions, without any
external input applied.

The work discussed in [30] is focused on the estimation of an undirected weighted
consensus network in the presence of noise, using sparse inverse covariance estimation.
This method involves utilizing the sample covariance matrix of the network’s state to
solve an optimization problem with a regularization term, aiming to achieve a sparse
network topology. It’s important to note that this research focuses on sparse network
topology. In the case of sparse network topology (network with small number of edges),
it has been demonstrated that exact topology identification is attainable for certain
factors of the regularization term in the optimization problem. Conversely, for dense
topology, the research achieves a sparse representation approximation of the network.

The study detailed in [31] focused on the identification of undirected, weighted
consensus dynamics, with presence of noise. They adopt the Wiener filter methodol-
ogy, which require time series measurements of the agents states. In the first phase,
Wiener filtering is constructed by time series measurements of the agents states. This
stage reveal network topology with potentially spurious edges. In the second phase,
they eliminate these spurious edges through an examination of the frequency response
of the Wiener filters. In the limit of large number of samples, this method allows
them to accurately recover the network topology structure (i.e., the edges set, without
necessarily the precise weights).

In [32], they deal with weighted network structure identification of discrete-time
consensus dynamics. The problem consists of multiple independent consensus dynam-
ics with the same network topology. In this context, ”independent” signifies that each
consensus dynamic possesses distinct initial conditions. By observing single snapshot
of the dynamics at some common time Ti for each, and assuming some statistical prop-
erties of the initial conditions, they extract certain spectral properties of the network
Laplacian matrix. Subsequently, they transform the problem into a convex optimiza-
tion problem, with some desire properties like sparsity, to find the optimal estimate of
the network. This method does not guarantee exact recovery of the structure of the
network topology (i.e., the edges set of the graph).
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In the study outlined in [33], the focus lies in network identification for diffusively-
coupled networks. The authors present algorithms designed to address the challenge of
network identification in the general, non-linear case, utilizing the global convergence
properties of the network. They provide an error bound for the identified network in
this general context and further demonstrate that their proposed algorithm is optimal
with respect to time complexity.

Next, we will introduce research that involves partial observation methods. In [34],
the focus is on identifying network topology from partial observations. The protocol em-
ployed is a consensus protocol with a known external input. Additionally, they assume
knowledge regarding how the input interacts with the system, specifically identifying
which agents directly receive the input signal. They utilize subspace techniques derived
from system identification principles, grounded in the input-output interactions of the
system. This leads to the formulation of an optimization problem aimed at identifying
the network’s topology. Numerical examples presented in the study demonstrate the
exact recovery of the structure of the topology directly influenced by the input signal.

The study presented in [35] addresses the challenge of identifying the network topol-
ogy within an undirected, unweighted consensus network that incorporates an external
input. In this context, they make assumptions regarding knowledge of the input signal
and its interaction with the network, specifically identifying which agents are directly
affected by the input. Their approach relies on a method that employs the transfer
function between input and output to identify network parameters. Moreover, they
consider scenarios where the observable agents are also the observed agents. Notably,
the study offers an algorithm capable of retrieving the network’s structural topology
efficiently within polynomial time complexity.

Now, let’s introduce studies that delve into the utilization of the Fiedler vector
within both autonomous and semi-autonomous consensus protocols. In the field of net-
work structure analysis, many works rely on the spectral properties of the network, like
examining the properties of the Fiedler vector. This vector is the eigenvector corre-
sponding to the second smallest eigenvalue of a network’s Laplacian matrix [36]. Under
the context of consensus network protocols, the components of the Fiedler vector con-
tain valuable information regarding the network’s structure [36]. In semi-autonomous
scenarios works such as [37] and [38], researchers explore the relationship between the
second smallest eigenvalue and the corresponding eigenvector concerning graph struc-
ture. Their findings reveal structural properties analogous to Fiedler’s classical results
for the Laplacian: in particular, the eigenvector associated with the second smallest
eigenvalue of the perturbed Laplacian exhibits monotonicity across cut vertices and in-
duces sign–based partitions of the graph, features that are also fundamental in consen-
sus scenarios. Additionally, studies such as [39] and [40] analyze the spectral properties
of the grounded Laplacian matrix in consensus systems with stubborn agents. In par-
ticular, they show that the smallest eigenvalue of the grounded Laplacian determines
the convergence rate to steady state, while the associated eigenvector reveals how the

10

 

 

 



influence of stubborn agents is distributed across the network. These works provide
bounds on the smallest eigenvalue, characterize its dependence on graph structure, and
establish connections to notions such as grounding centrality.

In [2], the authors investigate a scenario involving a single leader, a fixed input, and
a semi-autonomous context. They didn’t investigate the problem of leader identification
directly, but rather the relationship between the components of the Fiedler vector and
the manner in which the input signal interacts with the network. More precisely, they
introduce the term relative tempo between two subgroups of agents, defined as the ratio
of their state differentials which is equal to the corresponding division of the Fiedler
vector components. By establishing this connection between the dynamic behavior
of the system and the Fiedler vector components underlying the network graph, they
assess various aspects of network performance. An intriguing finding from this study
is that, in such scenarios characterized by a fixed input and a single leader, the leader
agent corresponds to the smallest value in the Fiedler vector components.

1.2 Thesis Contribution

Our approach investigates the Fiedler vector components of the Laplacian in a semi-
autonomous consensus scenario. As shown in [2], these components are related to
the transient dynamics (before reaching consensus) in response to a constant external
input sent to the leaders. In our research, we explore conditions, particularly in dense
networks, that lead to a separation in the Fiedler vector components. This separation
distinguishes between the leaders and followers, with leaders having the smallest Fiedler
vector values and followers the largest. This division mirrors the transient dynamics of
the agents, separating them into slow and fast dynamics—where the leaders exhibit slow
dynamics and the followers fast dynamics. This separation enables leader identification
by measuring the agents’ velocity during the transient response to the external input.
The main results can summarize as follow:

• We provide a sufficient condition for sufficiently large graphs to achieve separation
of the Fiedler vector components into two distinct groups corresponding to the
leaders and followers.

• We provide an estimation algorithm for the leader nodes by using only measure-
ments of agent velocities.

• We provide some numerical studies to demonstrate our results.

1.3 Thesis Organization

This work is organized as follows. In Chapter 2 we introduce a basic brief of graph
theory, and also presents the consensus protocol, for both autonomous and semi-
autonomous cases. In Chapter 3 we deal with the leader identification problem of
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semi-autonomous case, which include our main results, i.e, a theorem for leader iden-
tification. In Chapter 4 we give some simulation examples to demonstrate our finding.
In Chapter 5 we conclude this work and raise some open questions for future work.
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Chapter 2

Preliminaries

In this chapter, we provide an introduction to fundamental concepts in graph theory and
present the consensus protocol for both autonomous and semi-autonomous scenarios.

2.1 Graph Theory

Graph theory offers a powerful way to represent systems made up of many intercon-
nected components. Foundational works such as [41, 42] developed key concepts that
remain central in understanding how the structure of a graph shapes the behavior
of the system it models. These ideas have also influenced fields such as control and
multi-agent systems, where graphs provide the basis for studying how agents exchange
information and achieve coordinated behavior [1].

A graph G = (V, E) is defined by a set of vertices and edges. The vertex set denoted
by V, and has n elements, V = {v1, v2, . . . , vn}. The edge set is denoted by E ⊆ V × V.
The notation eij = (vi, vj) ∈ E corresponds to a directed edge from node vi ∈ V to
vj ∈ V, while eij = {vi, vj} is an unordered pair and corresponds to an undirected edge
from vi ∈ V to vj ∈ V. The notation i ∼ j means that eij ∈ E . In a directed graph, the
edges are ordered, while in undirected graphs, the edges are unordered. An example of
directed and undirected graphs is shown in Figure 2.1. In a weighted graph, weights
are assigned to each edge through the map W : E → R, and the weighted graph is the
triple G = (V, E , W). We use the notation wij to denote W(eij).

For directed graphs, the in-neighbours of vertex vi are defined by N in(i) = {vj :
eji ∈ E}, and out-neighbours are N out(i) = {vj : eij ∈ E}. For undirected graphs,
N in(i) = N out(i), and we denote it simply by N (i). The in-degree of vertex vi is
defined by din(i) =

∑
eji∈E wji, and out-degree is dout(i) =

∑
eij∈E wij . In case of

undirected graph, din(i) = dout(i) and we denote it by d(i).
A walk, Γ, is defined by an alternating sequence of vertices and edges. An edge

between two sequential vertices in the sequence means there is an edge from the first
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v1

v2 v3

v4

(a) An undirected graph.

w12 w21

w23

w34

w24

w42

v1

v2 v3

v4

(b) A weighted directed graph.

Figure 2.1: An example of (a) an undirected graph and (b) a weighted directed graph.

vertex to the second. For example, Γij = vieik1vk1ek1k2vk2 ...ekm−1jvj is a walk from
node i to j. A closed walk is a walk where the initial and the final node is the same.
The length of a walk, denoted by ∥Γij∥, is the total number of edges in the walk. The
weight of a walk Γij is defined as WΓij = Πeab∈Γij wab.

w12 w21

w23

w34

w24

w42

w45

w53

w14

w67 w76

v1

v2 v3

v4

v5

v6

v7

Figure 2.2: In the graph above, the vertices v6 and v7, along with their connecting
edges, form a strongly connected subgraph. An example of a cycle is the sequence
v4e45v5e53v3e34v4.

A subgraph is a graph which is contained in a larger graph. The graph is strongly
connected if there is a walk between any two nodes in the graph. For undirected graphs,
we just call it connected. A connected component is a connected subgraph of G that
is not part of any larger connected subgraph. A cycle is a closed walk, where each
edge is traversed only once. In Figure 2.2 the vertices {v6, v7} and their incident edges
form a strongly connected subgraph. Also, an example of a cycle is the closed walk
v4e45v5e53v3e34v4. A strongly connected graph is periodic if the greatest common divisor
of the lengths of all its simple cycles is larger than one. A digraph is aperiodic if it is not
periodic. An example of an aperiodic graph is shown in Figure 2.3. Since there is a cycle
with length 3 (v4e45v5e53v3e34v4) and a cycle with length 4 (v4e41v1e12v2e23v3e34v4),
the greatest common divisor of these lengths is 1, which means aperiodic graph.
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Figure 2.3: An example of aperiodic graph, where the greatest common divisor of its
cycles lengths is one.

A graph can also be represented as a matrix, where the entries of the matrix represent
the connections between vertices. The adjacency matrix of G, denoted A(G), is the
n × n matrix, and it is defined by [A(G)]ij = wij . The diagonal entries are typically
set to zero, i.e., [A(G)]ii = 0, unless self-loops are allowed, in which case [A(G)]ii
equals the weight of the loop at vertex i. The in-degree matrix is defined by the
n × n diagonal matrix Din(G), with [Din(G)]ii = din

i . The out-degree matrix has the
same structure but with [Dout(G)]ii = dout

i . In case of undirected graph, we note the
degree matrix as D(G). The relation between adjacency matrix and degree matrix is
D(G) = diag(A(G)1). For directed graphs, the in-Laplacian and out-Laplacian matrices
are defined by Lin(G) = Din(G) − A(G) and Lout(G) = Dout(G) − A(G). For undirected
graphs, Lin(G) = Lout(G) and we denote it by L(G) = D(G) − A(G). Writing explicitly
the Laplacian for undirected and unweighted graphs gives

[L(G)]ij =


d(i), i = j

−1, i ∼ j

0, otherwise

. (2.1)

For simplicity, we will now drop the notation G and use A, D and L when the context is
clear. From this point forward, the notation G will refer to an undirected graph. When
discussing directed graphs, we will introduce specific notation for each case. We now
state a well known result for the Laplacian eigenvectors and eigenvalues.

Proposition 2.1.1 ([1]). Let G be an undirected and connected graph. The Laplacian
L(G) has the following properties:

• λ = 0 is an eigenvalue with the corresponding eigenvector v = 1;

• The eigenvalues are real and can be ordered as follows: 0 = λ1 < λ2 ≤ · · · ≤ λn.

The term grounded Laplacian or perturbed Laplacian refers to a submatrix of L, noted
as LB ∈ Rm×m, m < n after removing rows and their corresponding columns (the
removed vertices are also called grounded verteces or perturbed vertices) [39].
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Definition 2.1.2 (Grounded Laplacian). Let G be an undirected graph with n nodes.
Select m < n nodes, referred to as the grounded nodes. Without loss of generality,
assume that these grounded nodes correspond to the last m rows and columns of the
Laplacian matrix L(G). Partitioning the Laplacian as

L(G) =
[
L11 L12

L21 L22

]
, L11 ∈ R(n−m)×(n−m),

the matrix LB(G) = L11 is called the grounded Laplacian of L(G).

Like in the regular Laplacian case, the grounded Laplacian can be written as LB =
D11 − A11 where D11, A11 ∈ R(n−m)×(n−m) are the corresponding upper-left block
matrices of D and A.

We call the smallest non-zero eigenvalue of the grounded Laplacian matrix and the
corresponding eigenvector as the Fiedler eigenvalue and Fiedler vector. We will now
give another well known results that deals with the eigenvalues and eigenvectors of the
grounded Laplacian.

Lemma 2.1.3 ([43]). Let G be a connected graph with n + 1 nodes, and let LB ∈ Rn×n

be the grounded Laplacian after removing one row and corresponding column from L(G).
Let G′ ⊂ G be the subgraph obtained from G after removing the corresponding node and
the connected edges from G. If G′ is connected, then LB is non-singular and L−1

B is a
positive matrix.

Corollary 2.1. For the same conditions as Lemma 2.1.3, the Fiedler vector is unique
(up to scaling) and is the only one that can be chosen to have positive values in all its
entries.

Proof. From Lemma 2.1.3 we know that L−1
B is a positive matrix. From Perron-

Frobenius Theorem [44] we know that there is a strictly largest eigenvalue (with absolute
value) of L−1

B and it is simple. Also, we know that the corresponding eigenvector is
unique (up to scaling) and is the only one that can be chosen to have positive values
in all its entries. Since LB is a symmetric matrix, the relation between the eigenvalues
of LB and L−1

B is
λ−1

i (LB) = λi(L−1
B ).

Hence, the Fiedler eigenvector of LB (which is related to the smallest eigenvalue of LB

is unique (up to scaling) and is the only one that can be chosen to have positive values
in all its entries. ■

Proposition 2.1.4 ([39]). For the same conditions as Lemma 2.1.3, the following prop-
erties hold for LB:

i) The smallest eigenvalue of LB is positive and simple, i.e., λ1 > 0.
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ii) The upper bound of the smallest eigenvalue is λ1 ≤ 1.

iii) The upper bound for λ1 is achieved if and only if the removed row and column
correspond to a node that is connected to all other nodes.

An example of the case where the upper bound achieved is shown in Figure 2.4. For

1

2

34

5

(a) Graph G

1

2

3

5

(b) Grounded graph G′

Figure 2.4: Example graph where removing node 4 and its edges yields a grounded
Laplacian with upper bound λ1 = 1.

the graph in Figure 2.4(a), the adjacency matrix is

A(G) =



0 1 0 1 1
1 0 1 1 0
0 1 0 1 1
1 1 1 0 1
1 0 1 1 0


,

and the degree matrix is
D(G) = diag(3, 3, 3, 4, 3).

The graph Laplacian is given by as

L(G) = D(G) − A(G) =



3 −1 0 −1 −1
−1 3 −1 −1 0
0 −1 3 −1 −1

−1 −1 −1 4 −1
−1 0 −1 −1 3


.

If we ground node 4 (remove the fourth row and column), the resulting grounded
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Laplacian is

LB(G) =


3 −1 0 −1

−1 3 −1 0
0 −1 3 −1

−1 0 −1 3

 ,

with rows and columns ordered as (1, 2, 3, 5). The eigenvalues of LB are {1, 3, 3, 5}.
In particular, the smallest eigenvalue satisfies λ1(LB) = 1, which coincides with the
upper bound for this case.

2.2 Consensus Protocol

Prior to introducing the protocols, we establish the groundwork for our problem. We
are dealing with n dynamic agents, and we assume an integrator dynamics for each
agent,

ẋi = ui, i ∈ {1, . . . , n}, (2.2)

where xi, ui ∈ R are the ith agent state and the corresponding input signal, respectively.
The protocol can be distributed, meaning that each agent’s control input depends on
relative measurements taken from its neighbors. This can be represented by an un-
derlying graph that describes the protocol governing how agents exchange information
with one another. For example, the graph in Figure 2.1 represents a network where
agents 1 and 2 exchange information, as do agents 2 and 3, and agents 3 and 4. In our
study, we will deal with connected graphs.

The consensus protocol aims to achieve agreement among multiple agents regarding
their states. By this we mean that the states of all agents converge to a common value,
i.e., xi = xj for all i and j.

Definition 2.2.1. Consider a group of n agents with individual states xi(t) ∈ R,
collected in the vector x(t) = [x1(t), . . . , xn(t)]⊤ ∈ Rn. The agents are said to reach
agreement if

lim
t→∞

|xi(t) − xj(t)| = 0, ∀ i, j ∈ {1, . . . , n}.

The notion of agreement defined above provides the foundation for the consensus
problem in multi-agent systems. In essence, the goal is to design local interaction rules
such that, through information exchange over the underlying communication network,
all agents’ states converge to a common value.

Problem 1. Let the agent dynamics be given by (2.2). Design a distributed control
protocol

ui(t) = Fi
(
xi(t), {xj(t)}j∈N (i)

)
, i ∈ V,

such that all states xi reach agreement.

We will now introduce the consensus protocol, a now classic solution to Problem 1.
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2.2.1 Autonomous Consensus Protocol

The unweighted, undirected consensus protocol is given by [1]:

ẋi =
∑
i∼j

(xj − xi), i ∈ V, (2.3)

where xi ∈ R is the ith agent state. The protocol can be written in a matrix form as

ẋ = −Lx, (2.4)

where x is the state vector, and L is the Laplacian matrix of the underlying graph.
The solution of (2.4) is given by

x(t) = e−λ1t(vT
1 x0)v1 + e−λ2t(vT

2 x0)v2 + · · · + e−λnt(vT
n x0)vn

where vi are the eigenvectors corresponding to the eigenvalues λi of L, and x0 is the
initial state vector.

The steady-state value of the consensus protocol (2.4) can be computed as

lim
t→∞

x(t) = 1
T x0
n

1. (2.5)

The states converge to a consensus value equal to the average of the initial states. The
rate of convergence is determined by the smallest non-zero eigenvalue, λ2 [1].

The consensus protocol is illustrated for five agents with initial states x(0) =
[3.0530, 8.5435, 2.7246, 1.6712, 2.4633]⊤. Figure 2.5 shows the evolution of the state
and the underlying graph. All states converge to the average of the initial conditions,
which equals to 3.69.
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5

(a) Underlying graph.
Time	(s)
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(b) Agent trajectories.

Figure 2.5: Consensus simulation of five agents. The states converge to the average of
the initial values.
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2.2.2 Semi-Autonomous Consensus Protocol

In the semi-autonomous protocol, the nodes are divided into 2 groups: leaders and
followers, denoted by the sets Vℓ and Vf respectively, such that Vℓ ∪Vf = V. The leader
nodes receive an external input in addition to information from neighboring agents in
the network. In this work, we assume these external inputs are constant signals. We
at times refer the leader nodes in this scenario (constant input) as grounded nodes.
Without loss of generality, we assume the nodes of G are ordered such that the first
|Vℓ| nodes are leaders, and the rest are followers.

Assumption 2.2.2. The leaders and followers sets are both nonempty.

The dynamics for both leader and follower agents follow the same model as described
in (2.2), with the leader nodes receiving an additional external signal,

ẋi =

ui + uex
i , i ∈ Vℓ

ui, i ∈ Vf

. (2.6)

The semi-autonomous consensus protocol is then given by

ẋi =


∑

i∼j(xj − xi) + (uex
i − xi), i ∈ Vℓ∑

i∼j(xj − xi), i ∈ Vf

. (2.7)

where xi ∈ R is the ith agent state. The matrix form of this protocol is given by:

ẋ = −L(G)x +
[

−I|Vℓ| 0|Vℓ|×|Vf |

0|Vf |×|Vℓ| 0|Vf |×|Vf |

]
x +

[
I|Vℓ|

0|Vf |×|Vℓ|

]
uex

1
...

uex
|Vℓ|

 . (2.8)

We now define an augmented network Ḡ, in which the external control inputs are
modeled as additional agents in the network, denoted as yi. Each control agent yi is
added to the original network G and connected with a directed edge to the corresponding
node that previously received an external input signal. Specifically, if a node xi in G
receives an external input uex

i , then in the augmented network Ḡ, there is a directed
edge from yi to xi. Since we assume constant external inputs uex

i , this implies the
following dynamics for the control agents yi,

ẏi = 0 and yi(0) = uex
i .

The augmented network, therefore, consists of |V| = n original agents along with
|Vℓ| additional control agents. The augmented state is represented as: x̄ =

[
xT yT

]T
.

An example of augmented graph with two leader nodes is shown in Figure 2.6. To
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express this protocol in terms of x and y, we write:[
ẋ

ẏ

]
= −

[
L̄11 L̄12

0 0

] [
x

y

]
. (2.9)

where L̄ = L(Ḡ) =
[
L̄11 L̄12

0 0

]
is the directed Laplacian of the directed graph Ḡ.

The explicit forms of L̄11 and L̄12 are given as follows:

L̄11 = L(G) +
[

I|Vℓ| 0|Vℓ|×|Vf |

0|Vf |×|Vℓ| 0|Vf |×|Vf |.

]
and L̄12 =

[
−I|Vℓ|

0|Vf |×|Vℓ|

]
. (2.10)

Now we will show that L̄11 corresponds to the grounded Laplacian of some graph.
Define a third graph, Ḡ′, which is the undirected version graph of Ḡ. This graph has
the same Laplacian components L̄11 and L̄12 but in a symmetric structure.

L(Ḡ′) =
[
L̄11 L̄12

L̄T
12 diag(L̄T

121)

]
. (2.11)

We note that the submatrix L̄11 ∈ Rn×n is the grounded Laplacian LB of L(Ḡ′) obtained
by removing the last m rows and columns. So, from (2.10) we have,

LB = L̄11 = L(G) +
[

I|Vℓ| 0|Vℓ|×|Vf |

0|Vf |×|Vℓ| 0|Vf |×|Vf |

]
. (2.12)

Here, L(G) is the regular Laplacian matrix of G.
We can write the grounded Laplacian components in terms of the node degree in G

using the relation LB = D11 − A11, described in Chapter 2.1. Here, D11, A11 are the
corresponding upper left submatrtix of the degree and adjacency matrices of Ḡ′:

[LB]ij =



d(i) + 1 i = j, i ∈ Vℓ

d(i) i = j, i ∈ Vf

−1 i ∼ j

0 otherwise

. (2.13)

Next, we will present algebraic results for the eigenvectors and eigenvalues of the
grounded Laplacian LB and for the directed Laplacian matrix L̄. These results will
later be utilized to analyze the dynamic response in the relative tempo section.

From this point onward, we will refer to the smallest non-zero eigenvalue of LB

as λF (the Fiedler eigenvalue), and the corresponding eigenvector as vF (the Fiedler
eigenvector).
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x1

x2 x3

x4

y1

y2

Figure 2.6: An augmented graph is shown: nodes (x1, . . . , x4) form the original sub-
graph. Red nodes are added agents, green nodes are leaders connected to external
agents by directed edges, and blue nodes are followers. Original edges remain undi-
rected.

Proof. In our setup, the grounded Laplacian matrix LB is results of removing rows
an columns corresponding to the added nodes y (recall (2.11)). Hence, after removing
nodes y we just left with our original graph G which is connected (as outlined in Section
2.2). This satisfies the conditions stated in Corollary 2.1 and Proposition 2.1.4 which
implies our results. ■

Proposition 2.2.3. For the setup described in Section 2.2.2, the Fiedler eigenvalue of
LB (defined in (2.12)) is simple and strictly less than 1, i.e.:

0 < λF < 1.

Also, vF is unique up to a scalar multiple and can be chosen to have all positive entries.

Proof. We will show that LB can be formed by removing a single row and column from
some other Laplacian, then we utilize Proposition 2.1.4 to get our results. Let’s define
the following matrix,

L =

 L̄11

[
−1|Vℓ|×1

0|Vf |×1

]
[
−1|Vℓ|×1 0|Vf |×1

]
|Vℓ|

 , (2.14)

where L̄11 defined from (2.10). This matrix represents a Laplacian matrix of some
undirected graph G′′ where it combined from our original graph G and additional node
s′ that is connected to all leaders. From our Assumption 2.2.2, not all nodes receive an
external signal, i.e., not all nodes are leaders, which imply that s′ is not connected to
all other nodes in G′′. Corollary 2.1 and Proposition 2.1.4 implies our results. ■
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Proposition 2.2.4. For the setup described in Section 2.2.2, The matrix LB (defined
in (2.12)) is non-singular

Proof. We can show that the grounded Laplacian LB can be obtained by removing a
single row and column from another Laplacian, similarly to the procedure in the proof
of Proposition 2.2.3. Hence, the matrix LB is non-singular [43]. ■

We can now discuss the solution to (2.9), which can be expressed as

x(t)

y(t)

 =

e−L̄11t −
∫ t

0
e−L̄11(t−τ)L̄12 dτ

0 I


x0

y0

 .

Since L̄11 is non-singular (from Proposition 2.2.4) we can writex(t)

y(t)

 =
[
e−L̄11t −L̄−1

11
(
I − e−L̄11t

)
L̄12

0 I

]x0

y0

 ,

In the limit, we have
lim

t→∞
x(t) = −L̄−1

11 L̄12y0,

and y(t) remains constant.

Proposition 2.2.5. Let {λi(L̄), vi(L̄)}, {λi(LB), vi(LB)} be the eigenvalues and cor-
responding eigenvectors of L̄ and LB respectively. Then,

λi(L̄) =

0, i = 1, . . . , m

λi−m(LB), i = m + 1, · · · , n + m
. (2.15)

and
vi(L̄) =

[
vi(LB)T 0T

m

]T
, i = m + 1, · · · , m + n. (2.16)

Proof. The matrix L̄ is a square matrix with last m rows equal to zero, therefore the
eigenvalue λ = 0 has algebraic multiplicity of m. The last n eigenvalues and eigenvectors
is achieved by straight-forward calculation,

L̄vi(L̄) =
[
LBvi(LB)

0

]
=
[
λi(LB)vi(LB)

0

]
= λi(LB)vi(L̄).

So, we got that λi(L̄), vi(L̄), i = m + 1, · · · , m + n, are the eigenvalues and the corre-
sponding eigenvectors of L̄. ■

Corollary 2.2. The smallest non-zero eigenvalue of L̄ is simple and positive.

Proof. In Proposition 2.2.5 we showed that the all non-zero eigenvalues of L̄ are the
same as LB. Since the smallest non-zero of LB is positive and simple (from Proposition
2.2.3), then this is true also for L̄. ■
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Also, we have m eigenvector corresponding to the zero eigenvalues. It easy to observe
that one of them is the all one vector: L̄1 = 0. It is unnecessary to bring here the struc-
ture of the rest m − 1 eigenvectors corresponding to the zero eigenvalues. Nevertheless,
we will bring immediately a proposition that deals with the linear independence of all
the eigenvectors of L̄.

Proposition 2.2.6. The directed Laplacian matrix, L̄, has n + m linearly independent
eigenvectors.

Proof. The last n eigenvectors of L̄ are the same as the symmetric matrix LB, aug-
mented with zeros as shown in Proposition 2.2.5. Therefore, there are n linearly inde-
pendent eigenvectors corresponding to the last n eigenvalues.

The first m eigenvectors corresponding to the eigenvalue zero with algebraic mul-
tiplicity of m (from Proposition 2.2.5). Since LB is an n × n full-rank matrix (no zero
eigenvalue), the rank of L̄ is n. Hence, from the rank-nullity theorem in linear algebra,
for any matrix L̄ of size (n + m) × (n + m) we have dim(ker(L)) + rank(L) = n + m.
The geometric multiplicity of the zero eigenvalue of L̄ is defined as the dimension of
its nullspace, i.e., GM(0) = dim(ker(L)). Since rank(L̄) = n, then the rank-nullity
theorem gives GM(0) = dim(ker(L̄)) = (n + m) − rank(L̄) = (n + m) − n = m. Since
the algebraic and geometric multiplicities of zero eigenvalues are equal to m, we have
m independent eigenvectors corresponding to zero eigenvalue.

We therefore have n linearly independent eigenvectors corresponding to the strictly
negative eigenvalues, and m linearly independent eigenvectors corresponding to the zero
eigenvalues. Due to the fact that eigenvectors corresponding to different distinct eigen-
values are linearly independent, we conclude that there are n + m linearly independent
eigenvectors. ■

As shown in Proposition 2.2.6, the matrix L̄ has n+m linearly independent eigenvectors,
so we can write the eigen-decomposition of L̄ as L̄ = V ΛV −1, where V is a matrix whose
ith column is the eigenvector vi of L̄. Hence, the solution of (2.9) using eigenvalues can
be written as follows:

x̄(t) = e−λ1(G)t(q1x̄0)v1 + e−λ2(G)t(q2x̄0)v2 + · · · + e−λn+m(G)t(qn+mx̄0)vn+m (2.17)

where qi is the ith row of V −1, and vi is the ith column of V . We remind that the
external control inputs are constant, so the ui(t) part of x̄(t) is just ui(t) = uex

i .

2.2.3 Relative Tempo

Next, we will introduce the concept of the relative tempo, which essentially captures
the ratio of state derivatives between two agents. The intention behind introducing
this term is to establish a connection between real-time measurable values, the state
derivative of the agents, and the Fiedler vector, which is related to the graph’s spectral
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properties. We will now explicitly illustrate this relationship. Mathematically, the
relative tempo between any two arbitrary agents can be defined as [2],

τij = ẋi

ẋj
. (2.18)

Here, ẋi is the velocity of node i. To establish the relationship between the relative
tempo and the Fiedler vector, we introduce the selector vector ck ∈ Rn+m, defined
component-wise as

[ck]i =

1, i = k

0, otherwise
. (2.19)

By substituting the derivative of the solution from (2.17) into the expression for the
relative tempo, we arrive at the following results:

τij =
˙̄xi

˙̄xj

=
∑m

k=1 λkcT
i (qkx̄0)vke−λkt + λF cT

i (qm+1x̄0)vF e−λF +
∑m+n

k=m+2 λkcT
i (qkx̄0)vke−λkt∑m

k=1 λkcT
j (qkx̄0)vke−λkt + λF cT

j (qm+1x̄0)vF e−λF +
∑m+n

k=m+2 λkcT
j (qkx̄0)vke−λkt

,

(2.20)

i, j ∈ {1, . . . , n + m}.

Here, we substitute the derivative of the states by taking the derivative of (2.17). The
first m eigenvalues are just zero, then we have the Fiedler eigenvalue which is the largest
and simple (negative value). Then we have the remaining n − 1 negative eigenvalues.
We can now utilize our knowledge about the eigenvalues and eigenvectors of L̄ to give
an expression in term of Fiedler vector vF .

The expression in (2.17) is defined in an (n+m)-dimensional space, corresponding to
the dimension of L̄. However, when expressing the relative tempo in terms of the Fiedler
vector components [vF ]i, where vF belong to the n-dimensional subspace associated
with LB, the indices i must be restricted accordingly. This simplification is valid
because the remaining m eigenvalues of L̄ are zero, implying that the corresponding
states y (recall that x̄ =

[
xT yT

]T
) have constant derivatives, i.e., ẏ = 0.

In this direction we have,

τij =
λF (pT

m+1x̄0)[vF ]ie−λF t +
∑m+n

k=m+2 λk(pT
k x̄0)[vk]ie−λkt

λF (pT
m+1x̄0)[vF ]je−λF t +

∑m+n
k=m+2 λk(pT

k x̄0)[vk]je−λkt
, i, j ∈ {1, . . . , n}.

(2.21)

The movement from (2.20) to (2.21) is by eliminate the zero eigenvalue expression.
Also, because the largest non-zero eigenvalue, λF , is non-negative and unique, as shown
in Proposition 2.2.3, for a sufficiently long time period T , we can approximate the
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relative tempo as follows,

τij ≈ [vF ]i
[vF ]j

, t > T, i, j ∈ [1, . . . , n] (2.22)

It is important to note that once consensus is reached, the relative tempo becomes
undefined, as both the numerator and denominator approach zero. However, the anal-
ysis is performed at a sufficiently large time T , before consensus occurs, where the
relative dynamics are still meaningful. This is possible due to the spectral gap between
the Fiedler eigenvalue λF and the next largest nonzero eigenvalue.

Using (2.22), the Fiedler vector (up to a scaling factor) can be estimated by selecting
one agent as a reference and normalizing the other agents’ velocity ratios with respect
to it. Specifically, by choosing an agent j∗ as the reference, the Fiedler vector can be
expressed as

vF ∈ span{τ̄}, (2.23)

where each component is defined as [τ̄ ]i = τij∗ , and the relation holds for t > T .

To extend the semi-autonomous consensus protocol to two dimensions, each agent’s
state is now represented by a vector xi = [xi,1, xi,2]⊤ ∈ R2, where xi,1 and xi,2 denote
its coordinates in the 2D space. The interaction structure and control logic remain
identical to the one-dimensional case; that is, each agent updates its position based on
the relative differences with its neighbors, while the leader agents additionally track
their external reference inputs. The resulting dynamics are obtained by applying the
same protocol component-wise to each coordinate, leading to a two-dimensional semi-
autonomous consensus system that can be compactly written in matrix form as

ẋ = −(L̄ ⊗ I2)x +
([

I|Vℓ|

0|Vf |×|Vℓ|

]
⊗ I2

)
uex, (2.24)

where x = [x⊤
1 , x⊤

2 , . . . , x⊤
n ]⊤ ∈ R2(n+m) is the stacked state vector of all agents, L̄ is the

augmented Laplacian matrix corresponding to the interaction topology, I2 is the 2 × 2
identity matrix, and uex is the vector of external control inputs applied to the leader
agents. This formulation allows the consensus behavior in both spatial dimensions to
evolve simultaneously under the same communication graph.

Example 2.2.7. The following 2D example illustrate the relation between relative tempo
and Fiedler vector. Let define a graph (Figure 2.7) with n = 6 nodes, where nodes 1
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x1
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y1

y2

x5

x6

Figure 2.7: An example of augmented graph that represents a network with 2 leaders
(green), 2 constant inputs (red), and 4 followers (blue).

and 2 are the leaders. The external input to the leaders is uex
i = [20, 20]T for i = 1, 2.

L̄ =



4 −1 −1 0 0 −1 −1 0
−1 4 −1 0 0 −1 0 −1
−1 −1 4 −1 −1 0 0 0
0 0 −1 3 −1 −1 0 0
0 0 −1 −1 2 0 0 0

−1 −1 0 −1 0 3 0 0
0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0


The matrix LB is just the upper left 6 × 6 submatrix of L̄. The Fiedler vector of L̄,
normalized by the first entry of the vector, is given as,

vF =
[
0.33 0.29 0.48 0.41 0.51 0.37

]T
.

The protocol was simulated in Matlab for t = 20 seconds and involves 2D dynamics. In
the figures below, the green curve related to leader agents, and blue related to follower
agents. The trajectories of the agents are depicted in Figure 2.8, while the relative
tempo is shown in Figure 2.9. The relative tempo is calculated using (2.2.3), with the
velocity of the first agent in the denominator. It can be observed that agreement is
achieved with the x, y coordinates of value 20. The relative tempo of the transient
dynamics reaches a constant value in less than 20 seconds, indicating convergence to
the corresponding components of the Fiedler vector.
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Figure 2.8: State values of the agents. The last 2 agents (7,8) are the constant external
input nodes. The green and blue lines correspond to the leader and follower agents,
respectively.
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Figure 2.9: Relative tempo values for each agent. The dashed black lines indicate the
individual components of the Fiedler vector. The green and blue lines correspond to
the leader and follower agents, respectively.
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Chapter 3

Leader Identification in
Semi-Autonomous Consensus
Protocol

In this chapter, we will delve into the problem of leader identification, which encom-
passes our primary results. We will provide theoretical analysis and present simulation
examples.

3.1 Problem Setup

Consider the setup of the semi-autonomous protocol given in Section 2.2.2. Each leader
receives an unknown external constant input signal. The dynamics of the system are
observed from an unknown initial state. In mathematical terms, we have recorded the
state of nodes, denoted as x(ti), at time interval [t0, tf ], where x(ti) corresponds to
time ti. Our objective is to identify the leader nodes within this network.

Problem 2. Consider a network operating under a semi-autonomous consensus protocol,
where both the initial states and the external input signals are unknown. Suppose that
the system states x(t) are observed within the interval [t0, tf ]. The objective is to
identify the leader nodes in the network.

In our next step, we will examine the relation between the Fiedler vector vF and
the original graph structure G. More specific, we will define a normalized adjacency
matrix, and then we will examine the behavior of the corresponding eigenvectors and
its relation to the Fiedler vector.
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3.2 Fiedler Vector of the Semi-Autonomous Consensus
protocol Laplacian

In this section, we will delve into the relationship between the Fiedler vector vF (recall
that in our work vF is related to the Fiedler vector of LB) and the structure of our
original graph G. Our methodology is as follow: (i) in previous chapter we define the
augmented graph Ḡ to develop the connection between the relative tempo (discussed in
Section 2.2.3) and the Fiedler vector vF , and (ii) now we want to define another graph
which will help us to examine the relation between vF and the original graph structure
G. Finally we will combine (i) and (ii) to a theorem that gives sufficient conditions on
the structure of G to identify the leaders based on the relative tempo (which can be
measured).

To start, we will express the Fiedler vector components through walks on a normal-
ized graph, a concept we will define shortly. Specifically, we define the semi-normalized
adjacency matrix as

Â = D̂−1
λF

A ∈ Rn×n, (3.1)

where D̂λF
∈ Rn×n is given by

[D̂λF
]ii =

d(i) + 1 − λF i ∈ Vℓ

d(i) − λF i ∈ Vf

. (3.2)

We recall that d(i) is the degree of node i in G. The invertibility of the matrix D̂λF

follows from our knowledge, as stated in Proposition 2.2.3, that the Fiedler eigenvalue
satisfies 0 < λF < 1. The matrix Â is diagonalizable since it is similar to the symmetric
matrix D̂

−1/2
λF

AD̂
−1/2
λF

, as

Â = D̂
−1/2
λF

(D̂−1/2
λF

AD̂
−1/2
λF

)D̂1/2
λF

. (3.3)

Proposition 3.2.1. The symmetric matrix D̂
−1/2
λF

AD̂
−1/2
λF

∈ R
n×n shares the same

eigenvalues as Â.

Proof. From (3.3) we know that both matrices are similar, and similar matrices share
the same eigenvalues, which imply the proposition statement. ■

Based on the normalized adjacency matrix Â, we can define a weighted graph, denoted
as Ĝ. The graph Ĝ contains the same vertices and edges as G, but with weights on the
edges.

In the following, we present a series of lemmas and corollaries that establish a
connection between weighted walks of length k in the graph Ĝ and the components of
the Fiedler eigenvector vF . In the next chapter, we will focus on identifying graphs
for which length-1 walks alone suffice to provide a good approximation of the Fiedler
vector, leading to simple and analytically tractable expressions for its components.
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The following lemma establishes a connection between a walk on the graph Ĝ and
the corresponding entry in a power of its adjacency matrix.

Proposition 3.2.2. If G is connected, then Ĝ is strongly connected.

Proof. The matrix Â is derived by normalizing the rows of A by some positive numbers
in D̂−1

λF
. Therefore, Â has the same pattern as A (i.e., non-zero entries of A correspond

to non-zero entries of Â, and likewise for zero-entries). In particular, if there is an
undirected edge between nodes i and j in G, then there are directed edges (i, j) and (j, i)
(with potentially different weights) in Ĝ. Therefore Ĝ is strongly connected whenever
G is connected. ■

Now, we will introduce lemmas that establish a connection between the Fiedler vector
and graph walks. These lemmas will form the basis for stating and proving our main
theorem in the upcoming sections.

Lemma 3.2.3 ([45]). The entry [Âk]ij is equal to the sum of weights of all walks with
length k from node i to j, i.e.,

[Âk]i,j =
∑

∥Γij∥=k

WΓij . (3.4)

Next, we present two lemmas that show the largest eigenvalue of Â is 1, with the
corresponding eigenvector vF . These results will later be used to examine the limiting
value as the walk length approaches infinity.

Lemma 3.2.4. The semi-normalized adjacency matrix Â has real, simple, greatest
eigenvalue equal to 1. Furthermore, the corresponding eigenvector is vF (recall that vF

is the corresponding Fiedler vector of LB).

Proof. Define the following diagonal matrix,

[D̂0]ii =

d(i) + 1 i ∈ Vℓ

d(i) i ∈ Vf

.

First, we will show that vF is an eigenvector with corresponding eigenvalue λ = 1.
Based on the definition of LB, we can write the following relation (recall the components
expression for LB from (2.13)),

LB = D̂0 − A.

Subtract λF I from both sides and multiply both side by (D̂0 − λF I)−1 from left to
obtain

(D̂0 − λF I)−1(LB − λF I) = (D̂0 − λF I)−1(D̂0 − λF I) − (D̂0 − λF I)−1A.
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Rearranging above gives

(D̂0 − λF I)−1A = I − (D̂0 − λF I)−1(LB − λF I).

Note that D̂0 − λF I = D̂λF
defined in (3.2), giving

Â = I − (D̂λF
)−1(LB − λF I).

By multiply both sides by vF we get:

ÂvF = vF − (D̂λF
)−1(LB − λF I)vF = vF − (D̂λF

)−1(λF vF − λF vF ) = vF .

Therefore, λ = 1 is an eigenvalue of Â with corresponding eigenvector vF .
We now show that λ = 1 is simple and is also the largest eigenvalue.
The matrix Â is non-negative, and the corresponding graph is strongly connected

which follows from Proposition 3.2.2. From the Perron-Frobenius Theorem [44] we
get that Â has simple greatest eigenvalue, and the corresponding eigenvector is the
only one which has all entries positive. We showed that λ = 1, vF are eigenvalue
and corresponding eigenvector, and also that vF can be determined all entry positive
(Proposition 2.2.3), so we get that λ = 1 is simple eigenvalue of Â. ■

Lemma 3.2.5. Let Ĝ be strongly connected and aperiodic. Then the corresponding Â

has largest eigenvalue equal to 1, and all other eigenvalues have absolute value that is
strictly less than 1.

Proof. From Perron-Frobenius theorem we know that if the graph is strongly connected
and aperiodic, the matrix is called primitive, and the real, positive, largest eigenvalue
is strictly greater than all other in absolute value. From Lemma 3.2.4, we know that
λ = 1 is the spectral radius of Â. ■

We can now state the corollary that establishes the relationship between the limit
of Âkx0 as k → ∞ and the Fiedler vector, for some arbitrary x0. This result will later
be used to connect walks on Ĝ with the Fiedler vector.

Corollary 3.1. Let Ĝ be strongly connected and aperiodic. Then

lim
k→∞

Âkx0 ∈ span(vF ),

for any vector x0.

Proof. Since Â is a diagonalizable matrix, we can write it as

Â = V D̂V −1,

where D̂ is a diagonal matrix with eigenvalues of Â on the diagonal. The ith column
of V is the eigenvector corresponding to the eigenvalue λi. The i row of V −1 is the
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left eigenvector of λi. Without loss of generality, let’s assume the eigenvalues ordered
in a descending order from the top left of D̂. From Lemma 3.2.5, we know that the
largest eigenvalue is strictly larger than all others, with the corresponding eigenvector
vF . Let’s take the limit value:

lim
k→∞

Âkx0 = lim
k→∞

V D̂kV −1x0

= lim
k→∞

[
vF v2 v3 · · · vn

]


λk
1 0 0 0 0

0 λk
2 0 0 0

0 0 λk
3 0 0

0 0 0 . . . 0
0 0 0 0 λk

n





wT
1

wT
2

wT
3
...

wT
n


x0

= vF (wT
1 x0)

where (wT
1 x0) is some scalar value. The final equivalence holds true due to the fact

|λi| < 1, i = 2 . . . n. ■

We can now use the previous results to establish a connection between walks on Ĝ
and the Fiedler vector.

Lemma 3.2.6. Let Ĝ be a strongly connected and aperiodic. Then, the following vector,
v̂:

[v̂]i = lim
k→∞

∑
j

∑
∥Γij∥=k

WΓij , i,j=1...n (3.5)

is proportional to the Fiedler vector vF (recall Fiedler vector of LB), i.e., v̂ ∈ span(vF ).

Proof. Using Lemma 3.2.3, we can multiply Âk by 1 to obtain

[Âk
1]i =

∑
j

∑
∥Γij∥=k

WΓij .

Then, taking k → ∞,

lim
k→∞

[Âk
1]i = lim

k→∞

∑
j

∑
∥Γij∥=k

WΓij = [v̂]i.

Using Corollary 3.1 with x0 = 1, we know that the left side of the equation is in the
span of vF , i.e.,

v̂ ∈ span(vF ). ■

In Lemma 3.2.6, we provide an expression for the Fiedler vector by considering the
limit of traversing the graph through walks. Now, our aim is to establish a bound for
the approximated Fiedler vector when finite-length walks are taken into account. To
do this, we’ll define the error between the approximated Fiedler vector and the actual
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Fiedler vector. In more mathematical terms, our goal is to bound the error between
the vectors

[v̂]i = lim
k→∞

[Âk
1]i, and (3.6)

[v̂]ki = [Âk
1]i. (3.7)

We define the error as the norm of the difference between the vectors, i.e.,

∥vk
e ∥ := ∥v̂ − v̂k∥. (3.8)

In the following, we aim to achieve an error bound based on the graph structure.

Proposition 3.2.7. The error ∥vk
e ∥ is bounded by:

∥vk
e ∥ ≤ λk

2
maxi(

√
[D̂λF

]ii)

mini(
√

[D̂λF
]ii)

√
n.

Proof. We will utilize Proposition 3.2.1 to bound the error. We can represent the
symmetric matrix D̂

−1/2
λF

AD̂
−1/2
λF

in terms of its eigenvalues and eigenvectors as follows:

D̂
−1/2
λF

AD̂
−1/2
λF

=
n∑

i=1
λiϕiϕ

T
i ,

where λi and ϕi are the eigenvalues and normalized eigenvectors (∥ϕi∥ = 1), respec-
tively. From Proposition 3.2.1, we know that λi are also eigenvalues of Â. From lemma
3.2.5, we know that λ1 = 1 and also strictly larger in absolute value from all others
eigenvalues. Now, let’s develop an explicit expression for v̂ and ∥vk

e ∥ in terms of λi and
ϕi,

v̂ = lim
k→∞

Âk
1 = lim

k→∞
D̂

−1/2
λF

(D̂−1/2
λF

AD̂
−1/2
λF

)kD̂
1/2
λF
1 (3.9)

= lim
k→∞

D̂
−1/2
λF

(
n∑

i=1
(λk

i ϕiϕ
T
i )
)

D̂
1/2
λF
1 (3.10)

= D̂
−1/2
λF

(λ1ϕ1ϕT
1 )D̂1/2

λF
1 (3.11)

= D̂
−1/2
λF

(ϕ1ϕT
1 )D̂1/2

λF
1. (3.12)
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Similarly, for ∥vk
e ∥ we have,

∥vk
e ∥ = ∥Âk

1− v̂∥ = ∥Âk
1− v̂∥

= ∥D̂
−1/2
λF

(D̂−1/2
λF

AD̂
−1/2
λF

)kD̂
1/2
λF
1− v̂∥

= ∥D̂
−1/2
λF

n∑
i=1

(λk
i ϕiϕ

T
i )D̂1/2

λF
1− v̂∥

= ∥D̂
−1/2
λF

n∑
i=2

(λk
i ϕiϕ

T
i )D̂1/2

λF
1∥.

The final step is valid as it cancels out for i = 1 with v̂, as shown in (3.12). We can
bound this error by utilizing properties of the norm:

∥D̂
−1/2
λF

n∑
i=2

(λk
i ϕiϕ

T
i )D̂1/2

λF
1∥ ≤ ∥D̂

−1/2
λF

∥∥
n∑

i=2
(λk

i ϕiϕ
T
i )∥∥D̂

1/2
λF

∥∥1∥

≤ λk
2

maxi(
√

[D̂λF
]ii)

mini(
√

[D̂λF
]ii)

√
n,

where λ2 is the second-largest eigenvalue of Â. The transition to the second line is due
to the fact that the norm of the matrix is less than or equal to the spectral norm, i.e.,
∥
∑n

i=2(λk
i ϕiϕ

T
i )∥ ≤ λk

2, Additionally, ∥D̂
−1/2
λF

∥∥D̂
1/2
λF

∥∥ = maxi(
√

[D̂λF
]ii)

mini(
√

[D̂λF
]ii)

. ■

3.3 Leaders Identification Method

In this section, we aim to present theoretical results for the leader identification method,
which will be detailed later. Specifically, we will analyze the behavior of a sequence
of graphs under certain structural conditions. We will provide sufficient conditions
on the graph structure that ensure a gap between the components corresponding to
leaders and followers in the Fiedler vector. We then leverage these results to develop
an algorithm for identifying leaders based on this gap.

Before stating the main lemma, we introduce the notion of a graph sequence, which
allows us to describe the structural properties required in the lemma. The idea is to
consider a sequence of graphs in which the leader nodes remain fixed, while the con-
nectivity among the follower nodes gradually increases in a controlled manner. This
construction is motivated by the goal of analyzing the components of the Fiedler eigen-
vector associated with each graph in the sequence. In particular, by studying how the
Fiedler vector changes along the sequence, we can show that it converges to a simplified
expression that depends explicitly on certain structural features of the graph, providing
an analytically approximation.

Definition 3.3.1 (Graph Sequence). Let σ : N → N be a mapping, and let Gσ(i) =
(Vσ(i), Eσ(i)) denote a sequence of graphs, where the node set is partitioned into disjoint
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leader and follower sets,

Vσ(i) = Vσ(i)
ℓ ∪ Vσ(i)

f , with Vσ(i)
ℓ ∩ Vσ(i)

f = ∅.

Define the follower’s number of follower neighbors and leader neighbors, respectively,
as

d
σ(i)
F (j) =

∣∣{k ∈ Vσ(i)
f | (k, j) ∈ Eσ(i)}

∣∣
d

σ(i)
L (j) =

∣∣{k ∈ Vσ(i)
ℓ | (k, j) ∈ Eσ(i)}

∣∣, j ∈ Vσ(i)
f .

Also, denote the minimum follower degree as

d
σ(i)
F = min

j∈Vσ(i)
f

d
σ(i)
F (j).

The sequence of graphs satisfies the following properties:

i) Gσ(i) is connected for all i;

ii) Vσ(i)
ℓ = Vσ(i+1)

ℓ = Vℓ, |Vℓ| ≥ 1 for all i (the leaders sets are constant);

iii) dj := dσ(i)(j) = dσ(i+1)(j) for all i and for all j ∈ Vℓ (the leaders degree is
constant);

iv) k /∈ N σ(i)(j) for all k, j ∈ Vσ(i)
ℓ (leader nodes are not connected to each other);

v) d
σ(i)
F < d

σ(i+1)
F for all i (minimum follower’s number of followers neighbors is

strictly increasing).

With this construction in place, the subsequent lemma can refer to the graph se-
quence {Gσ(i)} without repeating all of the above conditions. An example of such a
sequence is illustrated in Example 3.3.2, showing the evolution of follower connectivity
while maintaining a constant leader set.

Example 3.3.2. To illustrate Definition 3.3.1, consider the graph sequence shown in
Figure 3.1. We start the sequence with a 4-node connected graph, where nodes 1
and 2 are leaders, and nodes 3 and 4 are followers. Each leader has degree 2, and
the leaders are not directly connected to each other. In this graph, d

σ(i)
F = 1, since

removing the leader nodes and their adjacent edges leaves a 2-node graph, where the
minimum degree is 1. Next, we move to the second graph in the sequence by adding
an additional follower node. According to Definition 3.3.1, d

σ(i)
F is strictly increasing

along the sequence. We also verify that the leader set and the leader degrees remain
constant. The sequence continues by adding more follower nodes while maintaining all
the properties described in the definition.
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Figure 3.1: Sequence of graphs illustrating the addition of nodes and edges. The green
nodes indicate the leader nodes and the blue are the follower nodes.

Lemma 3.3.3. Let Gσ(i) be a sequence of graphs satisfying the conditions in Defini-
tion 3.3.1. Then,

lim
i→∞

[Âσ(i)v̄
σ(i)
F ]j = lim

i→∞
v̄

σ(i)
F

where

[v̄σ(i)
F ]j =


1, j ∈ Vσ(i)

f

dj

dj+1−λ
σ(i)
F

, j ∈ Vℓ

. (3.13)

where λ
σ(i)
F is the Fiedler value of the grounded Laplacian associated with the graph

Gσ(i) and leader set Vℓ.

Proof. The proof is as follows. We will show that the vector v̄
σ(i)
F is an eigenvector

corresponding to eigenvalue 1 of Âσ(i) (defined in 3.1) in the limit as i goes to infinity.
Consider the sequence Âσ(i) representing the semi-normalized adjacency matrix of Gσ(i),
and examine the multiplication of Âσ(i) with v̄

σ(i)
F taken from (3.13). For notational

brevity, set λi := λ
σ(i)
F , Âi := Âσ(i)(G), v̄i := v̄

σ(i)
F , Ni(j) := N σ(i)(j), and di(j) :=

dσ(i)(j). For any node j ∈ V we have

[Âiv̄i]j = 1
di(j) + δj − λi

∑
k∈Ni(j)

[v̄i]k, (3.14)

where δj = 1 if j ∈ Vℓ and δj = 0 otherwise. Using (3.13) and splitting by fol-
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lower/leader neighbors,

∑
k∈Ni(j)

[v̄i]k =
∑

k∈Ni(j)∩Vf

1 +
∑

k∈Ni(j)∩Vℓ

dk

dk + 1 − λi

= di(j) − (1 − λi)
∑

k∈Ni(j)∩Vℓ

1
dk + 1 − λi

,

where we used the identity dk
dk+1−λi

= 1 − 1−λi
dk+1−λi

. Substituting into (3.14) and sepa-
rating the terms yields compact form

[Âiv̄i]j = 1 − δj − λi

di(j) + δj − λi
−

(1 − λi)
di(j) + δj − λi

∑
k∈N σ(i)(j)∩Vℓ

1
dk + 1 − λi

. (3.15)

We now consider (3.15) for j ∈ Vf . Here δj = 0 and [v̄i]j = 1. From (3.15),

[Âiv̄i]j = 1 + λi

di(j) − λi

− (1 − λi)
di(j) − λi

∑
k∈N σ(i)(j)∩Vℓ

1
dk + 1 − λi

.

By Definition 3.3.1(v), d
σ(i)
F → ∞, while λi ∈ (0, 1), and the leader degrees dk are

constant by item (iii). Hence both correction terms vanish, and therefore

lim
i→∞

[Âiv̄i]j = 1 = lim
i→∞

[v̄i]j .

For leader nodes j ∈ Vℓ, by Definition 3.3.1(iv), leaders are not directly connected, so
N σ(i)(j) ∩ Vℓ = ∅. Equation (3.15) then reduces to

[Âiv̄i]j = 1 − 1 − λi

di(j) + 1 − λi
= di(j)

di(j) + 1 − λi

= dj

dj + 1 − λi
= [v̄i]j .

Hence equality holds for all i. To conclude, we have in both cases lim
i→∞

[Âiv̄i]j =
lim

i→∞
[v̄i]j . ■

We now use Lemma 3.3.3 to establish the convergence of the corresponding Fiedler
vectors for the graphs in the sequence.

Corollary 3.2. For the same conditions stated in Lemma 3.3.3, the Fiedler vector of
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Gσ(i) converges to the following values:

lim
i→∞

[vσ(i)
F ]j = c lim

i→∞


1, j ∈ Vσ(i)

f

dj

dj+1−λ
σ(i)
F

, j ∈ Vℓ

, c ∈ R.

Proof. From 3.2.4 we know that Â has eigenvalue λ = 1 with the corresponding eigen-
vector vF which is the Fidler vector. Combined this with Lemma 3.3.3 gives our
results. ■

The result of the last corollary shows that the Fiedler vector converges to the sum
of the rows of Â. This is equivalent to the term we previously developed in (3.7) for
the case when k = 1. The following theorem leverages our previous results to provide
a sufficient condition on the graph structure that ensures a separation between the
Fiedler vector components corresponding to leaders and followers. This separation will
later enable us to identify the leaders.

Theorem 3.3. Let G be graph where the nodes are separated into two groups, leaders
Vℓ and followers Vf . Denote by dF (j) = |{k ∈ Vf | j ∈ Vf , (k, j) ∈ E}| (the follower’s
number of followers neighbors), and dF = minj dF (j) (the minimum follower’s number
of followers neighbors). If the following conditions are met:

i) G is connected;

ii) k /∈ N (j) for all k, j ∈ Vℓ (leader nodes are not connected to each other);

iii) 1 − maxj∈Vℓ

d(j)
d(j)+1−λF

> maxj∈Vℓ
mink∈Vℓ

| d(j)
d(j)+1−λF

− d(k)
d(k)+1−λF

|;

iv) dF is sufficient large,

where λF is the Fiedler eigenvalue of G, then

min
i∈Vf

[vF ]i − max
i∈Vℓ

[vF ]i > max
i∈Vℓ

min
j∈Vℓ

|[vF ]i − [vF ]j |.

Proof. Denote

ϵd = 1 − max
j∈Vℓ

d(j)
d(j) + 1 − λF

− max
j∈Vℓ

min
k∈Vℓ

| d(j)
d(j) + 1 − λF

− d(k)
d(k) + 1 − λF

| > 0.

We define a graph sequence σ : N → N, Gσ(i) = (Vσ(i), Eσ(i)) that satisfies the
following conditions:

i) Gσ(i) is connected for all i;

ii) Vσ(i)
ℓ = Vσ(i+1)

ℓ = Vℓ, |Vℓ| ≥ 1 for all i (the leaders sets are constant);

iii) dσ(i)(j) = dσ(i+1)(j) = dj for all i and for all j ∈ Vℓ (the leaders degree is
constant);
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iv) k /∈ N σ(i)(j) for all k, j ∈ Vσ(i)
ℓ (leader nodes are not connected to each other);

v) d
σ(i)
F < d

σ(i+1)
F for all i (minimum follower’s number of followers neighbors is

strictly increasing).

From Corollary 3.2, we know that

lim
i→∞

∥cσ(i)v
σ(i)
F − v̄

σ(i)
F ∥2 = 0,

where

[v̄σ(i)
F ]j =


1, j ∈ Vσ(i)

f

dj

dj+1−λ
σ(i)
F

, j ∈ Vσ(i)
ℓ

and the scaling factor cσ(i) is chosen such that ∥cσ(i)v
σ(i)
F ∥ = ∥v̄

σ(i)
F ∥.

Now, let Sσ(i) = ∥v̄
σ(i)
F − cσ(i)v

σ(i)
F ∥∞ where ∥x∥∞ = maxi |x|i. The sequence Si

converges to zero, and hence it is also a Cauchy sequence. Therefore, for any arbitrarily
small ϵ > 0, there exists an index i∗ such that for all i > i∗, we have Si < ϵ.

Now, choose i∗ such that d
σ(i∗)
F = m, and pick ϵ small enough to satisfy

ϵ <
ϵd

4
.

This choice ensures that the subsequent analysis holds for the desired level of accuracy.
It follows that,

min
j∈Vf

[cσ(i)v
σ(i)
F ]j − max

j∈Vℓ

[cσ(i)v
σ(i)
F ]j > 1 − max

j∈Vℓ

dj

dj + 1 − λF
− 2ϵ

= max
j∈Vℓ

min
k∈Vℓ

| dj

dj + 1 − λF
− dk

dk + 1 − λF
| + ϵd − 2ϵ

> max
j∈Vℓ

min
k∈Vℓ

cσ(i)|[vσ(i)
F ]j − [vσ(i)

F ]k| + ϵd − 4ϵ

> max
j∈Vℓ

min
k∈Vℓ

cσ(i)|[vσ(i)
F ]j − [vσ(i)

F ]k|

In the first line we use Sσ(i) < ϵ. This bound is applied twice: once to the leaders’
components and once to the followers’. The transition from first to second line is by
using the definition of ϵd. In the third line we are using again Sσ(i) < ϵ. The transition
from third to forth line is by using ϵ < ϵd

4 .
By normalizing both sides with cσ(i) > 0 we obtain,

min
j∈Vf

[vF ]j − max
j∈Vℓ

[vF ]j > max
j∈Vℓ

min
k∈Vℓ

|[vF ]j − [vF ]k|.

Therefore, if our graph G has dG
F > m, we get our results. ■

Based on the results of the theorem, there is a clear separation between the leader
and follower components in the Fiedler vector. Recall that this separation is also
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reflected in the agents’ velocities, as discussed in Section 2.2.3. We can exploit this
separation to propose an algorithm for identifying the leaders using measurements of
the agents’ velocities. Based on the results established in Theorem 3.3, i.e.,

min
i∈Vf

[vF ]i − max
i∈Vℓ

[vF ]i > max
i∈Vℓ

min
j∈Vℓ

|[vF ]i − [vF ]j |, (3.16)

then we can identify the leaders using Algorithm 3.1 (below).

Algorithm 3.1 External Observer Based Leaders Identification
Step 1: Measure the agents velocities to an external constant input until steady state.
Step 2: Calculate the relative tempo and compute the Fiedler vector as described in
Section 2.2.3.
Step 3: Sort the Fiedler vector vFs = sort(vF ) where [vFs ]i ≤ [vFs ]i+1.
Step 4: Calculate the number of leaders nl with

nl = |Vℓ| = arg max
j∈{1,2,3,··· ,n−1}

{[vFs ]j+1 − [vFs ]j}.

Step 5: The leaders correspond to the smallest nl components in vFs .

Algorithm 3.1 provides a systematic method to identify leaders based on the Fiedler
vector derived from agents’ velocity measurements. Step 1 ensures the system reaches
steady state so that transient dynamics do not affect the estimation. Step 2 transforms
the velocity data into the relative tempo, which gives us an estimation of the Fiedler
vector. Sorting the Fiedler vector in Step 3 reveals the natural separation between
leaders and followers, and Step 4 identifies the number of leaders by detecting the
largest gap in the sorted vector. Finally, Step 5 maps these components back to the
actual leader agents.

This algorithm works under the assumptions of Theorem 3.3, where a clear sep-
aration exists between leader and follower components. Potential limitations include
sensitivity to measurement noise, dynamic changes in network topology, or deviations
from the assumed linear dynamics.
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Chapter 4

Simulation Examples

In this chapter, we provide examples of networks that support our findings from The-
orem 3.3 and Algorithm 3.1. To illustrate that our theorem conditions are sufficient
and not necessary, we will present 2 examples:

1) Theorem conditions satisfied, algorithm identified successfully.

2) Theorem conditions unsatisfied, algorithm identified successfully.

The following examples demonstrate a 2D scenario, where the leaders are the green
nodes. We consider a system with n = 10 agents, where {1, 2, 3} ∈ Vℓ. The external
input provided to the leaders are given as

uex
1 = [40, 35]T , uex

2 = [48, 44]T , uex
3 = [16, 45]T .

4.1 Algorithm Results: Theorem Conditions Met

The underlying network graph is illustrated in Figure 4.1. The protocol is simulated,
and the resulting trajectories are shown in Figure 4.2. The relative tempo is depicted
in Figure 4.3. As expected, the leader and follower components are clearly separated.

Next, we verify the conditions outlined in Theorem 3.3. First, let us check condition
(iii):

ϵd = 1 − max
j∈Vℓ

d(j)
d(j) + 1 − λF

− max
j∈Vℓ

min
k∈Vℓ

| d(j)
d(j) + 1 − λF

− d(k)
d(k) + 1 − λF

| = 0.4498 > 0.

We can see that ϵd has a positive value, which means condition (iii) is satisfied. Next,
for condition (iv), we require a sufficiently large dF to ensure ϵ < ϵd

4 .We compute v̄F

for both the leader and follower components as

[v̄F ]j =

1, j ∈ Vf ,

0.5488, j ∈ Vℓ.
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The true Fiedler vector, normalized such that ∥vF ∥ = ∥v̄F ∥, is given by

vF = [0.5072, 0.5054, 0.5108, 0.9243, 0.9308, 0.9210, 1.0697, 1.1019, 1.0209, 1.0771].

Therefore, we obtain
ϵ = ∥vF − v̄F ∥∞ = 0.1019,

and
ϵd = 1 − 0.5488 = 0.4512.

Hence, we have sufficiently large dF , yields that condition (iv) of the theorem is satisfied,
since

ϵ = 0.1019 < 0.1124 = ϵd

4
.

Since all conditions are satisfied, there is sufficient separation between the Fiedler
vector components corresponding to leaders and followers. Therefore, Algorithm 3.1
can be used to identify the leaders. We can validate the theorem result by calculating
the separation of the leader and follower components (we taking the normalized Fiedler
vector such that ∥vF ∥ = 1):

min
i∈Vf

[vF ]i − max
i∈Vℓ

[vF ]i = 0.3276 − 0.1817 = 0.1459 > max
i∈Vℓ

min
j∈Vℓ

|[vF ]i − [vF ]j | = 0.0006.

The following describes how the algorithm operates in this case.
Step 1: Measure the agents’ velocities to an external constant input until steady
state.
Step 2: Calculate the relative tempo and compute the Fiedler vector as described in
section 2.2.3:

vF = [0.1804, 0.1798, 0.1817, 0.3288, 0.3311, 0.3276, 0.3805, 0.3920, 0.3631, 0.3831]

Step 3: Sort the Fiedler vector vFs = sort(vF ) where [vFs ]i ≤ [vFs ]i+1:

vFs = [0.1798, 0.1804, 0.1817, 0.3276, 0.3288, 0.3311, 0.3631, 0.3805, 0.3831, 0.3920].

Step 4: Calculate the number of leaders nl with

nl = |Vℓ| = arg max
j∈{1,2,3,··· ,n−1}

{[vFs ]j+1 − [vFs ]j} = 3.

Step 5: The leaders correspond to the smallest nl components in vFs ,

Vℓ = {1, 2, 3}.

We successfully identified the leader agents in this scenario. In the next example, we
present a graph that does not satisfy the conditions of the theorem, yet we apply the
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algorithm to identify the leaders.
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Figure 4.1: Underlying graph of Example 1.
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Figure 4.2: Trajectories corresponding to the underlying graph in Example 1. Diamonds
mark the initial states. The blue curve corresponds to the followers, while the green
curve represents the leaders.

4.2 Algorithm Results: Theorem Conditions Not Met

The underlying network graph is illustrated in Figure 4.4. Since the leaders connected
between them, condition (ii) is not satisfied. Calculating condition (iii) expression
yields

ϵd = 1 − max
j∈Vℓ

d(j)
d(j) + 1 − λF

− max
j∈Vℓ

min
k∈Vℓ

| d(j)
d(j) + 1 − λF

− d(k)
d(k) + 1 − λF

| = 0.1432 > 0.

which satisfies the condition. As for the final condition, we require

ϵ <
ϵd

4
.
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Figure 4.3: Relative tempo for the network in Example 1. Note the gap between leaders
and follower components. The blue curve corresponds to the followers, while the green
curve represents the leaders.

Numerically,
ϵ = 0.47 and ϵd

4
= 0.0358,

so the inequality does not hold (indeed, 0.47 > 0.0358). Therefore, the condition is
not satisfied. Although the conditions are not satisfied, the algorithm still successfully
estimate the leader agents.

Below is a description of how Algorithm 3.1 operates in this case.
Step 1: Measure the agents velocities to an external constant input until steady state.
Step 2: Calculate the relative tempo and compute the Fiedler vector as described in
Section 2.2.3:

vF = [0.14, 0.15, 0.15, 0.43, 0.5, 0.32, 0.38, 0.25, 0.34, 0.29].

Step 3: Sort the Fiedler vector vFs = sort(vF ) where [vFs ]i ≤ [vFs ]i+1:

vFs = [0.14, 0.15, 0.15, 0.25, 0.29, 0.32, 0.34, 0.38, 0.43, 0.5].

Step 4: Calculate the number of leaders nl with

nl = |Vℓ| = arg max
j∈{1,2,3,··· ,n−1}

{[vFs ]j+1 − [vFs ]j} = 3.

Step 5: The leaders are corresponding to the smallest nl components in vFs .

Vℓ = {1, 2, 3}.

We also obtained an accurate identification of the leaders in this case, demonstrating
that the conditions stated in our theorem are sufficient but not necessary.
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Figure 4.4: Underlying graph of Example 2.
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Figure 4.5: Trajectories corresponding to the underlying graph in Example 2. The blue
curve corresponds to the followers, while the green curve represents the leaders.
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Figure 4.6: Relative tempo for the network in Example 2; note the gap between leaders
and follower components. The blue curve corresponds to the followers, while the green
curve represents the leaders. We observe that although the theorem conditions are not
satisfied, there is still a gap between the relative tempo components associated with
the leaders and the followers, illustrating that the theorem conditions are sufficient but
not necessary.
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Chapter 5

Conclusion and Future Work

In this chapter, we conclude the work conducted for this thesis and also suggest some
future orientation following our results.

5.1 Conclusion

Our findings indicate that certain graph structures are more likely to exhibit a clear
separation between the components of the Fiedler vector. Specifically, the graphs iden-
tified in this research tend to have relatively dense connectivity—characterized by a
high mean node degree—while the leader nodes themselves maintain comparatively
lower degrees.

This structural property enables effective leader identification through external ob-
servation, particularly in scenarios involving constant external input. In such cases, the
agents’ steady-state velocities are directly related to the corresponding components of
the Fiedler vector. This relationship allows us to reliably distinguish and identify the
leader agents within the network.

5.2 Future Work

Future research can extend this work in several directions. One promising direction is
to investigate scenarios involving non-constant external input signals, or inputs that
remain constant only over specific time intervals—corresponding to signals with dis-
crete frequency updates. This can be related to exploring the connection between the
convergence rate of the relative tempo and the graph structure. Another important
avenue is the development of methods for identifying not only the leader nodes but
the complete underlying network structure. Also, the case of directed and weighted
graphs can be investigated. Finally, exploring a broader range of graph topologies that
exhibit component separation in the Fiedler vector could provide deeper insight into
how structural properties influence leader–follower dynamics.
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 תקציר

 אוטונומיים-בפרוטוקולי קונצנזוס חצי מוביליםזיהוי 

פרוטוקול הקונצנזוס הוא אחד המרכיבים המרכזיים והבסיסיים במערכות מרובות־סוכנים, והוא ממלא תפקיד מרכזי 

ים הפועלים בסביבה משותפת. מטרתו של הפרוטוקול היא לאפשר בהבטחת תיאום, שיתוף פעולה וסנכרון בין סוכנ

להגיע  –אשר כל אחד מהם פועל באופן מקומי, עם גישה מוגבלת למידע גלובלי  –לסוכנים המרכיבים את המערכת 

להסכמה או לסנכרון של מצבי המערכת באמצעות החלפת מידע עם שכניהם בלבד. כך, ללא צורך במרכז בקרה יחיד 

שורת ישירה עם כל שאר הסוכנים, מתאפשרת קבלת החלטות מבוזרת ויציבה, התורמת לחסינות, לגמישות או בתק

 .וליכולת הסתגלות של המערכת לשינויים חיצוניים

בפרוטוקולי קונצנזוס חצי־אוטונומיים, המבנה נעשה מורכב יותר: חלק מהסוכנים, המכונים מובילים, מקבלים קלטים 

מעדכנים את מצבם אך ורק בהתאם למידע  –העוקבים  –ני המשפיע על התנהגותם, בעוד שהיתר חיצוניים ממקור חיצו

שמתקבל מהסוכנים הסמוכים להם ברשת. סידור זה מאפשר למערכת להגיב בצורה מבוזרת לקלטים חיצוניים 

תי: כיצד ניתן ולהעביר את ההשפעה של המובילים לשאר הרשת. עם זאת, מבנה זה מעורר גם קושי עקרוני ומשמעו

לזהות מי הם הסוכנים המובילים מתוך צפייה בלבד בהתנהגות הדינמית של המערכת, ובמיוחד כאשר אין ידע מוקדם 

 או על האותות החיצוניים שהמערכת מקבלת. על מבנה הרשת

אנו בוחנים את בפרט, מתוך תצפיות על התנהגות המערכת בלבד.  זיהוי סוכנים מוביליםקת בבעיה זו של העבודה עוס

 ,הווקטור הפידלרילשם כך, נבחנת התנהגות   המערכת. התכנסותד לע של המערכת לקלט חיצונימעבר תגובת ה

הקשור לערך העצמי הקטן ביותר שאינו אפס של מטריצת הלפלסיאן של גרף הקשרים בין הסוכנים. וקטור זה נושא 

ים משפיעים על הדינמיקה הכללית. מחקרים קודמים הצביעו מידע חשוב על מבנה הרשת ועל האופן שבו סוכנים שונ

על קשר בין רכיבי הווקטור הפידלרי לבין תגובת המערכת לקלטים חיצוניים, ובפרט בין ערכיו לבין מהירות הסוכנים 

 ת.בזמן התכנסות המערכ

קטור הפידלרי בין ורכיבי הואת מבנה הגרף על מנת לקבל הפרדה במחקר זה אנו מציעים גישה תאורטית המנתחת ב

 וקטור הפידלרי לבין מהירות הסוכניםבין ערכי הו קשרעקב הערכים של המובילים לבין הערכים של העוקבים. 

 ניתן לנצל הפרדה זו עלניבה גם הפרדה במהירויות הסוכנים. מ , הפרדה ברכיבי הווקטורבתגובת המעבר לקלט חיצוני

רפים אשר מניבים את גת עבודה זו היא למצוא מטרנים. הירויות של הסוכמדידת המהמובילים לפי את מנת לזהות 

דרה של ים ס, אנו בוחנאלופים גר ואמנת למצ עלשל מטריצת הלפלסיאן של הגרף.  פידלריההפרדה הזו בווקטור ה

אנו בפרט, רכיבי הווקטור הפידלרי מתנהגים ככל שמספר הצמתים במערכת גדל.  כיצד יםהולכים וגדלים, ומרא גרפים

מה שמאפשר לנו של כל צומת,  בדרגת הקישוריות המקומיתכי רכיבי הווקטור מתכנסים לערכים התלויים  מראים

בנוסף, על  , עבור מקרה הגבול של הסדרה.לווקטור הפידלרי כתלות במבנה הגרףלפתח ביטוי אנליטי יחסית מפושט 

הפרדה מבנה מסוים, מתקבלת  עבור גרפים גדולים מספיק ובעלי שלפיו תנאי מספיקאנו מציגים  סדרה,התנהגות הסמך 

תוצאה זו מאפשרת לזהות את המובילים על בסיס  .ברורה בין רכיבי הווקטור של המובילים לבין אלה של העוקבים

 .חיצוניים או למידע על מבנה הגרףהקלט הנתוני מידע על בלבד, מבלי להזדקק למדידת מהירות הסוכנים 

תגובת המעבר של ב על מדידות של מהירות הסוכנים בלבד המבוסס ,אלגוריתם לזיהוי סוכנים מוביליםבהמשך מוצע 

אילו סוכנים  לזהותשל רכיבי הווקטור הפידלרי כדי  ההפרדההאלגוריתם מנצל את המערכת לקלט חיצוני וקבוע. 

המדגימות את  סימולציות מספריותלבסוף מוצגות   כמובילים., כלומר מתפקדים מקבלים השפעה חיצונית ישירה

 .יעילות הגישה המוצעת ואת היכולת שלה לזהות במדויק את קבוצת המובילים

באופן כללי, העבודה תורמת להבנה מעמיקה של הקשר בין תכונות ספקטרליות של רשת לבין הדינמיקה של 

פרוטוקולי קונצנזוס, ומדגימה כיצד כלים אנליטיים מתחום תורת הגרפים יכולים לשמש לזיהוי תפקידים מבניים 

 .במערכות מבוזרות

  .סוכנים, פרוטוקול קונצנזוס, זיהוי רשתותרשתות מרובות  :מילות מפתח

 

 

 



 ה /מצהיר   זה  חיבור  ת/מחבר   .ורובוטיקה  וטונומיותא  מערכותל  בפקולטה,  זלזו  דניאל  פרופסור  של  בהנחייתו  בוצע  המחקר

,  ישרה  בצורה  כולו  נעשה,  ’וכו   קודמים  למחקרים   והשוואה  התייחסות ,  והצגתם  עיבודם,  הנתונים  איסוף  כולל,  המחקר  כי

 ותוצאותיו  המחקר  על  הדיווח,  כן  כמו.  האקדמי  העולם  של   האתיות  המידה  אמות  לפי  המבוצע   מדעי  ממחקר  כמצופה

 . מידה אמות אותן לפי, ומלאה  ישרה בצורה נעשה זה בחיבור
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 לשם מילוי חלקי של הדרישות לקבלת התואר מגיסטר למדעים ב

 מערכות אוטונומיות ורובוטיקה
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