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Abstract— We study community detection based on state
observations from gossip opinion dynamics over stochastic
block models (SBM). It is assumed that a network is generated
from a two-community SBM where each agent has a community
label and each edge exists with probability depending on
its endpoints’ labels. A gossip process then evolves over the
sampled network. We propose two algorithms to detect the
communities out of a single trajectory of the process. It is
shown that, when the influence of stubborn agents is small and
the link probability within communities is large, an algorithm
based on clustering transient agent states can achieve almost
exact recovery of the communities. That is, the algorithm can
recover all but a vanishing part of community labels with high
probability. In contrast, when the influence of stubborn agents
is large, another algorithm based on clustering time average
of agent states can achieve almost exact recovery. Numerical
experiments are given for illustration of the two algorithms and
the theoretical results of the paper.

I. INTRODUCTION

Networks exist ubiquitously in various fields such as
computer science, biology, and sociology. It is common
that nodes in a network connect densely within subgroups
but sparsely in general. Such subgroups are referred to
as communities [1]. Community detection is one of the
central questions in network science and studies how to
find communities of a network. Often only state dynamics
evolving over the network are observable, rather than the
network itself. Hence, a growing number of studies have been
investigating community detection based on state observa-
tions [2], [3], [4], [5], [6], [7]. Lacking network information
makes community detection difficult, and it is still not clear
how to detect communities based on a single trajectory of
networked dynamics, which is considered in this paper.

A. Related Work

Community detection has been studied for two decades
in multiple domains including physics and computer sci-
ence [1], [8]. Traditional methods apply agglomerative or
divisive clustering to pairs of nodes with given weights [9].
A popular concept for communities, called modularity, is
introduced in [10]. The modularity measures the quality
of a given graph partition from a random partition. The
Louvain method [11] is a renowned fast community detection
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algorithm based on modularity. A statistical approach mod-
eling communities is to introduce generative network models
that have planted community structures. A canonical model
is the stochastic block model (SBM), in which each node
has a pre-assigned community label and each edge exists
with independent probability depending on its endpoints’
labels. Spectral clustering and belief propagation methods
are commonly used for the detection problem [12]. Another
detection approach is to execute dynamical processes over
the network, for example, the Infomap algorithm [13]. The
authors in [14] introduces a bounded-confidence model,
in which agents eventually form clusters coinciding with
communities of the network.

In the aforementioned approaches, the network is assumed
to be known. However, in practice it is likely the dynamic
state data are available, instead of the network itself. As a
result, there is a growing interest in community detection for
networked systems based on state observations. Maximum
likelihood methods applied to cascade data are introduced
in [2], [7]. The paper [2] also proposes a two-step procedure:
first the underlying network is recovered and then agents
are grouped from the network estimates. Blind community
detection [4], [5], [6] uses sample covariance matrices of
agent states to recover the community structure. Estimating
covariance matrices requires capturing a single snapshot
from each of multiple trajectories. The paper [3] investigates
learning the network topology and the community structure
at the same time, for epidemics and an Ising model. The
papers [15], [16] consider a gossip model over a weighted
graph with two communities, where agents within the same
community have the same interaction probability, different
from the interaction probability between communities. It is
shown that the community structure can be recovered by
clustering the state time average of the process. There is
a need to investigate how detection algorithms based on a
single trajectory can be applied to general graphs.

In this paper we study the detection of communities from
the gossip model with stubborn agents. The problem is
related to recently increasing research of estimating network
structure from social dynamics [17]. Network information
is useful in applications, but directly collecting such data is
hard because networks are topic specific [18] and perturbed
by noise [19]. Detecting communities for a coarse charac-
terization of a network is a better choice than estimating all
edges of that network, which is computationally expensive.
The gossip update rule describes the stochastic nature of
personal encounters and is a key building block of more
complex opinion models [20]. In social network modeling,
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media, influential bloggers, and opinion leaders can be seen
as stubborn agents, whose existence may have a great effect
on the dynamics and result in opinion fluctuation [21].

B. Contributions

This paper studies community detection based on a single
trajectory of gossip opinion dynamics over a two-community
SBM. Two detection algorithms are proposed. The first
algorithm (Algorithm 1) is based on applying the k-means
algorithm to agent states in a given transient time interval. It
shown in Theorem 1 that, if the influence of stubborn agents
is small and the link probability within communities is large,
the algorithm can recover all but a vanishing proportion of
community labels of the SBM with high probability (i.e.,
almost exact recovery). The time interval depends on the
relative magnitude of link probability within and between
communities. The second algorithm (Algorithm 2) deals with
the case where the influence of stubborn agents is large.
The algorithm computes the time average of agent states and
returns community estimates by clustering the time average
after a given time step. Theorem 2 states that this algorithm
can also achieve almost exact recovery.

The results generalize the earlier works [15], [16], in
which the graph with two communities is deterministic and
fixed. The difficulty lies in theoretically characterizing the
relation between agent states and the community structure
of the SBM. We verify almost exact recovery by using new
concentration results developed in [22], [23].

The results show that a single trajectory of the gossip
model can be enough for achieving almost exact recovery.
Also, the proposed algorithm based on transient states in-
dicates that excitation from stubborn agents may not be
necessary to guarantee recovery. The analysis framework
provides insight into design and analysis of community
detection algorithm based on state observations. Given a
process evolving over a structured network, we can first
study how the community structure influences the dynamics,
and then exploit the obtained properties to design detection
algorithms.

C. Outline

Section II introduces the SBM and the gossip model.
Section III defines almost exact recovery of the SBM and
formulates the problem. Section IV provides two algorithms
and their performance analysis. Numerical experiments are
presented in Section V. Section VI concludes the paper.
Notation. Let Rn, Rn×m, and N be the n-dimensional
Euclidean space, the set of n×m real matrices, and the set
of nonnegative integers, respectively. Denote N+ = N \ {0}.
For x ∈ R, log x is the natural logarithm of x. Denote the n-
dimensional all-one vector and the unit vector with i-th entry
being one by 1n and e(n)i , respectively. The superscript (n) is
omitted if the context is clear. In is the n×n identity matrix,
and 1m,n (0m,n) is the m × n all-one (all-zero) matrix.
Denote the Euclidean norm of a vector and the spectral
norm of a matrix by ‖ · ‖. For x ∈ Rn, xi is its i-th entry,
and for A ∈ Rn×n, aij or [A]ij is its (i, j)-th entry. The

cardinality of a set S is |S|. The function I[property] is the
indicator function, which is one if the property in the bracket
holds, and is zero otherwise. Denote the probability of an
event A by P{A} and the expectation of a random vector
X by E{X}. For real numbers a(n) and b(n) > 0, n ∈ N,
denote a(n) = O(b(n)) if |a(n)| ≤ Cb(n) for all n ∈ N and
some C > 0, a(n) = o(b(n)) if |a(n)|/b(n)→ 0. If further
a(n) > 0, n ∈ N, denote a(n) = ω(b(n)) if b(n) = o(a(n)),
a(n) = Ω(b(n)) if b(n) = O(a(n)), and a(n) = Θ(b(n))
if both a(n) = O(b(n)) and a(n) = Ω(b(n)). We will use
subscripts to emphasize the dependence on n, for example,
a(n) = on(b(n)). Denote x ∨ y := max{x, y} and x ∧ y :=
min{x, y}, x, y ∈ R. An undirected graph G = (V, E , A)
has the agent set V , the edge set E , and the adjacency matrix
A = [aij ] with aij = 1 (aij = 0) if {i, j} ∈ E ({i, j} 6∈ E).
The degree of i ∈ V is di =

∑
j∈V aij .

II. PRELIMINARIES

A. Two-Community SBM

In this subsection, we define a two-community SBM. The
SBM characterizes the community structure of real networks.
For a graph G, we assume that its agent set V can be
represented by the union of two disjoint sets Vr1 and Vr2. Let
the vector C ∈ {1, 2}n be such that Ci = 1 if i ∈ Vr1 and
Ci = 2 if i ∈ Vr2. In other words, agents in Vr1 (in Vr2) have
the label 1 (label 2). We call Vr1 and Vr2 the communities
of the graph and C the community structure.

Definition 1 (SBM): Let n ∈ N+ be an even number, l =
[ls ld]T = [ls(n) ld(n)]T ∈ (0, 1)2. The SBM(n, l) is a random
graph. The SBM assigns agents 1, . . . , n/2 (agents 1+n/2,
. . . , n) with label 1 (label 2). Then it generates an undirected
graph G = (V, E , A), without self-loops, by independently
adding {i, j} with i 6= j to E with probability lsI[Ci=Cj ] +
ldI[Ci 6=Cj ].

From this definition, we know that a graph generated from
an SBM has communities Vr1 = {1, . . . , n/2}, Vr2 = {1 +
n/2, . . . , n}, and community structure C = [1T

n/2 21T
n/2]T.

Remark 1: The size of communities can be a random vari-
able instead of a fixed number as assumed in the definition
(see Remark 3 of [12]).

B. Gossip Model with Stubborn Agents

This subsection introduces the gossip model with stubborn
agents. The model captures random personal encounters. The
gossip model is a random process over an undirected graph
G = (V, E , A). The agent set V = Vr∪Vs (disjoint) has both
regular and stubborn agents. For convenience, denote Vr =
{1, . . . , nr} and Vs = {1+nr, . . . , ns+nr}, so |V| = n = nr+
ns. Here nr (ns) is the number of regular (stubborn) agents,
and n is the network size. Regular agents have opinion vector
X(t) ∈ Rnr at time t ∈ N, and Xi(t) is the opinion of the
agent i. Stubborn agents have opinion vector z(s) ∈ Rns

with z(s)
j being the opinion of the stubborn agent j+nr. An

edge {i, j} is chosen at each time t independent of previous
updates, with an interaction probability wij = wji = aij/α,
where α =

∑n
i=1

∑n
j=i+1 aij = |E| and W = [wij ] ∈ Rn×n

is the interaction probability matrix. The two corresponding
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Fig. 1. Illustration of the gossip model over an SBM-S. On the left side of the figure, a network is generated from the SBM-S and then fixed. Circles
and squares represent regular and stubborn agents, respectively. The black and white are two communities. On the right, the gossip model evolves over
the generated network. An edge is selected at a time.

agents then update according to the following rule: If i and j
are regular, then Xi(t+1) = Xj(t+1) = (Xi(t)+Xj(t))/2.
If one of them is stubborn, for example j, then j does not
update, but Xi(t + 1) = (Xi(t) + z

(s)
j )/2. All other agents

keep their states at t. The compact form of the update is

X(t+ 1) = Q(t)X(t) +R(t)z(s), (1)

with {[Q(t) R(t)]} a sequence of i.i.d. random matrices.
With probability wij if i, j ∈ Vr then [Q(t), R(t)] = [Inr −
1
2 (e

(nr)
i − e(nr)

j )(e
(nr)
i − e(nr)

j )T, 0nr,ns ], and if i ∈ Vr, j ∈ Vs

then [Inr − 1
2e

(nr)
i (e

(nr)
i )T, 1

2e
(nr)
i (e

(ns)
j )T]. Here we replace

e
(ns)
j−nr

with e(ns)
j for j ∈ Vs for convenience.

C. SBM with Stubborn Agents

To define a gossip model over an SBM, in this section
we introduce an SBM with stubborn agents based on Defi-
nition 1.

Definition 2 (SBM with stubborn agents, SBM-S): Let
the number of regular agents nr ∈ N+ be an even
number, the number of stubborn agents ns ∈ N+, the
network size n = nr + ns, the link probability between
regular agents l = [ls ld]T = [ls(n) ld(n)]T ∈ (0, 1)2,
and the link probability matrix between regular and
stubborn agents L(s) = [l(s)

ij ] = [l(s)
ij (n)] ∈ [0, 1)nr×ns .

The SBM-S(nr, ns, l, L
(s)) is a random graph which first

generates an undirected graph on the nr regular agents
from SBM(nr, l) and then add each edge {i, j} to the
graph with probability l(s)

ij−nr
for i ∈ Vr = {1, . . . , nr} and

j ∈ Vs = {1 + nr, . . . , n}.
The SBM-S includes stubborn agents in a network. The

probability l(s)
ij measures the possibility of the regular agent i

connected to the stubborn agent j + nr. Let r0 := nr/n ∈
(0, 1) be the proportion of the regular, and s0 := ns/n ∈
(0, 1) that of the stubborn. Hereafter by a gossip model
we mean a gossip model that evolves over a sample graph
generated by an SBM-S (see Fig. 1 for an illustration).

III. PROBLEM FORMULATION

We study how to detect the community structure of an
SBM-S out of state observations. To measure the perfor-
mance of a detection algorithm, denote the accuracy of an

estimate Ĉ of the community structure C by

Acc(C, Ĉ) :=
1

n
max

{ n∑
i=1

I[Ci=Ĉi],
n∑

i=1

I[Ci=3−Ĉi]

}
. (2)

The first summation in (2) represents the number of identical
entires between C and Ĉ. Note that Ci ∈ {1, 2}, so 3 − Ĉi
swaps the community label of i, and the second term in (2)
represents the number of identical entires between C and the
swapped estimated labels. That is, the accuracy is defined
up to a permutation of labels. Now define almost exact
recovery of an algorithm detecting communities in SBMs
as follows [12].

Definition 3: For an SBM with n agents and a community
structure C, suppose that a detection algorithm outputs an
estimation of the community structure Ĉ. We say that the
algorithm achieves almost exact recovery, if

P{Acc(C, Ĉ) = 1− on(1)} = 1− on(1).
Remark 2: Almost exact recovery means that the algo-

rithm can detect most community labels (up to a permutation)
except for a vanishing part with probability approaching one,
as the network size increases.

The problem considered in this paper is as follows:
Problem: For an SBM-S and the gossip model

over this SBM-S, given a trajectory of the model,
{X(0), . . . , X(t), . . . }, propose algorithms that use the tra-
jectory data to achieve almost exact recovery of the regular
agents’ community structure.

In the next section, we will show that almost exact recov-
ery can be achieved from clustering transient agent states
(Theorem 1). If the influence of stubborn agents is large
enough, then almost exact recovery can be achieved from
clustering state time averages of the model (Theorem 2).

IV. DETECTION ALGORITHMS AND PERFORMANCE

In this section we propose two detection algorithms using
a single trajectory of the gossip model, and show that the al-
gorithm using transient states (Algorithm 1) achieves almost
exact recovery (Theorem 1), and so does the algorithm using
state time average (Algorithm 2 and Theorem 2).

First, we introduce the following assumptions.
Assumption 1: Suppose that the following hold.

(i) There exists l(s) ≥ 0 such that
∑

1≤j≤ns
l
(s)
ij = l(s) =
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Algorithm 1 (Recovery Based on Transient States)
Input: Trajectory {X(t), t ∈ N}.
Output: Community estimate Ĉ.

1: Select a vector X(t) with t ∈ (Θ(n logn), o(nls/ld)).
2: Obtain Ĉ by applying k-means to X(t).

l(s)(n) for all i ∈ Vr.
(ii) The vectors X(0) and z(s) are deterministic, and satisfy
that |Xi(0)| ≤ cx and |z(s)

j | ≤ cx, for all 1 ≤ i ≤ nr and
1 ≤ j ≤ ns, and some constant cx > 0.
(iii) The proportion of regular agents r0 is a constant and
r0n is an even number.

Remark 3: In (i), l(s) represents the total influence of
stubborn agents on one regular agent. We impose the first
assumption for simplicity. It is possible to analyze the general
problem by using matrix perturbation theory and the upper
and lower bounds of

∑
1≤j≤ns

l
(s)
ij . The assumption (ii)

implies that the process is bounded. Finally, note that r0
in (iii) is fixed but can be any number in (0, 1). The case
where r0n is an odd number can be studied similarly to the
case of even numbers.

We also need the following assumption for the link prob-
abilities of the SBM-S.

Assumption 2: It holds that ls = ω((log n)/n) and l(s) =
ω(log n).

Remark 4: The assumption show that we consider the
logarithm regima of SBMs, where an SBM generates con-
nected graphs [12]. The condition l(s) = ω(log n) is required
because the influence of stubborn agents needs to be large
enough to ensure concentration. This condition may be
removed, which is left to future work.

We now propose the first detection algorithm (Algo-
rithm 1), based on the intuition that regular agents within
communities may have similar states when the process has
not evolved too long, if the influence of stubborn agents is
small. Although simple, proving the recovery result needs
analysis of concentration of X(t), which is not trivial
(see [22] for the details). In application, ls and ld are
unknown, so we can use X(t) with t = Θ(n log n) for
clustering. Improvement of the algorithm will be studied in
the future. The recovery performance of Algorithm 1 is given
in the following theorem.

Theorem 1: Suppose that Assumptions 1 and 2 hold. If
ls/(log n) = ω(ld), (ls ∧ ld)n/(log n) = ω(l(s)), ld =
ω([ls(log n)/n]1/2) and

∑
i∈Vr1

Xi(0) 6=
∑

j∈Vr2
Xj(0),

then Algorithm 1 achieves almost exact recovery.
Proof Sketch: The main idea of the proof is to com-

pare the gossip dynamics over an SBM-S with a gossip
dynamics over an averaged graph. The averaged graph Ḡ =
(V, Ē ,E{A}) is obtained by averaging all possible graphs
G = (V, E , A) generated from the SBM-S, where E{A} is
the weighted adjacency matrix and [E{A}]ij = lsI[Ci=Cj ] +
ldI[Ci 6=Cj ] for i 6= j ∈ Vr. A gossip dynamics taking place
over this averaged graph has an interaction probability matrix
W = E{A}/E{α}.

As shown in Theorem 1 of [22], agent states of the

Algorithm 2 (Recovery Based on State Time Average)
Input: Trajectory {X(t), t ∈ N}, time step for clustering T ∈ N+.
Output: Community estimate Ĉ.

1: Set S(0) = X(0).
2: for t = 1, . . . , T do
3: Compute

S(t) =
t

t + 1
S(t− 1) +

1

t + 1
X(t).

4: end for
5: Obtain Ĉ by applying k-means to S(T ).

gossip dynamics over the averaged graph are close to opinion
averages within their corresponding communities, under the
assumptions of the current theorem. By using Bernstein
concentration inequalities [24], [25], we can show that the
variance of agent states X(t) of the original gossip dynam-
ics is close to that over the averaged graph. Hence agent
states of the original gossip dynamics are also close to the
corresponding community averages. Note that the k-means
problem on the real line can be solved optimally [26]. By
a counting argument, it is possible to show that the optimal
partition of X(t) is the same as the community structure,
except for a vanishing set of agents. The conclusion then
follows.

Remark 5: The theorem indicates that, if the influence
of stubborn agents is small and the link probability within
communities is large, then it is possible to recover most
labels based on agent states at a time step smaller than nls/ld.
The possible time interval depends on the relative magnitude
of link probability within and between communities. More
careful analysis can remove the term log n in the condition.
The condition (ls ∧ ld)n/(log n) = ω(l(s)) implies that
link probability between regular agents grows faster with n
than the influence of stubborn agents. This represents the
maximum allowable effect of stubborn agents on regular
agents for guaranteeing almost exact recovery.

When the influence of stubborn agents is large, the process
can reach its steady states quickly [22], so it is difficult to
find an interval suggested by Algorithm 1. For this case, we
compute the state time average and cluster this vector to ob-
tain an estimate of the community structure (Algorithm 2). In
the algorithm, the state time average S(t) = (

∑t−1
j=0X(i))/t

is computed recursively. In practice, the link probabilities
are unknown, so it may be hard to decide how to set T in
Algorithm 2. A possible way is to cluster S(t) for every
t ∈ N and to terminate the process when the change of
community estimates is below a given threshold.

To guarantee exact recovery of Algorithm 2 and simplify
analysis, we need the following technical assumption.

Assumption 3: For the SBM-S and the stubborn agent
states z(s), it holds that L(s)z(s) = [ζ11

T
nr/2

ζ21
T
nr/2

]T with
ζ1, ζ2 ∈ R and ζ1 6= ζ2.

Remark 6: The assumption means that the weighted av-
erage of stubborn-agent states for each regular agent is the
same within communities, and the averages are different
between the two communities. We introduce this condition
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Fig. 2. Accuracy of Algorithm 1.

to ensure that the expected steady agent states between com-
munities are different. Thus the community structure can be
recovered based on these different values. The condition can
be replaced by a bound controlling the difference between
[L(s)z(s)]i and [L(s)z(s)]j for i ∈ Vr1 and j ∈ Vr2.

The almost exact recovery by Algorithm 2 is stated in the
following theorem.

Theorem 2: Suppose that Assumptions 1–3 hold. If ls =
ω(ld) and l(s) ≥ lsn, then Algorithm 2 achieves almost exact
recovery if T = Ω(n3l(s)).

Proof Sketch: Similar to the proof of Theorem 1, here
we compare the expected final opinions xG,n := (I −
E{Q(t)})−1E{R(t)}z(s) with the expected final opinions of
the gossip dynamics over the averaged graph. Theorem 4.3
of [23] guarantees that with high probability the difference
between these two vectors can be bounded by a vanishing
error. Moreover, Theorem 4.11 and Remark 4.12 of [23]
yield that the state time average S(t) is close to xG,n for
t = Ω(n3l(s)). Hence applying k-means to S(t) yields the
desired partition with high probability.

Remark 7: The theorem indicates that almost exact recov-
ery can be achieved if the stubborn agent influence and the
link probability between communities are large enough. The
bound for the clustering time Θ(n3l(s)) can be relaxed, as
observed in the numerical experiments in Section V.

V. NUMERICAL SIMULATION

In this section we present numerical experiments to val-
idate the main results. We test the proposed algorithms for
gossip dynamics over an SBM-S and dynamics over a real
network.

To generate an SBM-S with n agents, set the proportion of
regular agents to be r0 = 0.9, so the proportion of stubborn
agents is s0 = 0.1. Recall the link probability within
communities ls and the link probability between communities
ld. For the link probability between regular and stubborn
agents, let

L(s) =

[
l(s)
1 1nr/2,ns/2 0nr/2,ns/2

0nr/2,ns/2 l(s)
1 1nr/2,ns/2

]
.

Intuitively this matrix shows that the stubborn agents also
form two communities, and each stubborn community in-
fluences only one regular community, with link probability
l(s)
1 . In this way we define an SBM-S(nr, ns, l, L

(s)), where
l = [ls ld]T. For the gossip model, we set the states of the
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Fig. 3. Accuracy of Algorithm 2.

first half of stubborn agents to be 1 and the other half to be
−1.

To show the almost exact recovery of Algorithm 1, we
set ls = (log n)2.5/n, ld = (log n)/n, and l(s)

1 = log n/n.
Generate the initial agent states in Vr1 independently from
the uniform distribution on (−1, 0), and those in Vr2 inde-
pendently and uniformly from (0, 1). Then run the gossip
dynamics over the SBM-S for different n from 10 to 104. For
each n, 20 graph samples of the SBM-S are generated and for
each graph sample 20 trajectories are collected. Algorithm 1
is applied to X(t) with t = [n log n] for each trajectory,
where [·] is the rounding function. Recall the accuracy of an
algorithm is the proportion of correctly detected community
labels up to a permutation, as given in (2). Fig. 2 shows that
the probability of the algorithm achieving a given accuracy
increases with the number of agents. In addition, the accuracy
of the algorithm also increases with the network size, when
considering a given probability. These observations indicate
that the algorithm achieves almost exact recovery.

For the almost exact recovery of Algorithm 2, we set set
ls = (log n)2/n, ld = (log n)/n, and l(s)

1 = (log n)2.5/n.
Generate the initial states of all regular agents independently
from the uniform distribution on (−1, 1). Run the gossip
model over the SBM-S for different n from 10 to 103.
As previously, 20 graph samples are generated for each
n and 20 trajectories are collected for each graph sample.
Algorithm 2 is applied to each trajectory with the final step
T = [n(log n)2.5]. Almost exact recovery of the algorithm is
shown in Fig. 3. The result also indicates that Algorithm 2
performs better than Algorithm 1, and Algorithm 2 can
recover all labels even for relatively small n. This may be
because stubborn agents produce more excitation. Also note
that T is much smaller than the condition given in Theo-
rem 2, suggesting the possiblity of improving the results.

To test the performance of the proposed algorithms, we
also conduct a numerical experiment over Zachary’s karate
club network, shown in Fig. 4(a). This network with two
communities has been widely used as a benchmark in
community detection. In the network, an edge represents
interactions between agents. We assume that gossip dynamics
take place over the network and we can observe only agent
opinions but not interactions or the network. Agents 1 and
34 are leaders of the two communities, so they are set
to be stubborn agents holding opinions 1 and −1, respec-
tively. Other agents are regular ones with initial opinions
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(a) The community structure of Zachary’s karate club network. Red
squares and green triangles show two communities.
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(b) Accuracy of Algorithms 1 and 2 for community detection in
gossip dynamics over Zachary’s karate club network.

Fig. 4. Numerical experiment over Zachary’s karate club network.

uniformed generated from (−1, 1). During evolution, an edge
in Fig. 4(a) is uniformly randomly selected at each time. We
run the model for 400 times and apply Algorithms 1 and 2
to every time step of each trajectory. Fig. 4(b) shows that
Algorithm 1 achieves high accuracy with high probability
at the initial phase of the process, but Algorithm 2 performs
better when the process reaches steady state. The experiments
indicate the applicability of both algorithms.

VI. CONCLUSION

We studied community detection based on state observa-
tions from gossip opinion dynamics over a two-community
SBM. Two algorithms were proposed and both of them use
only a single trajectory of the process. When the influence
of stubborn agents is small and the link probability within
communities is large, it was shown that the algorithm based
on clustering transient agent states can achieve almost exact
recovery. In contrast, when the influence of stubborn agents
is large, the algorithm based on clustering state time average
can achieve almost exact recovery. Future work includes
investigating the general SBM case and generalizing the
algorithm to other networked dynamics.
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