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a b s t r a c t
We study opinion dynamics in multi-agent networks when a bias toward one of two possible opinions exists, for example reflecting a status quo versus a superior alternative. Our
aim is to investigate the combined effect of bias, network structure, and opinion dynamics
on the convergence of the system of agents as a whole. Models of such evolving processes
can easily become analytically intractable. In this paper, we consider a simple yet mathematically rich setting, in which all agents initially share an initial opinion representing the
status quo. The system evolves in steps. In each step, one agent selected uniformly at random follows an underlying update rule to revise its opinion on the basis of those held by its
neighbors, but with a probabilistic bias towards the superior alternative. We analyze convergence of the resulting process under well-known update rules. The framework we propose is simple and modular, but at the same time complex enough to highlight a
nonobvious interplay between topology and underlying update rule.
Ó 2022 The Author(s). Published by Elsevier Inc. This is an open access article under the CC
BY license (http://creativecommons.org/licenses/by/4.0/).

1. Introduction
Opinion formation in social groups has been the focus of extensive research. Even though many models considered in the
literature confer the same intrinsic value to all opinions [13], one might expect a group to quickly reach consensus on a
clearly superior alternative, if present. Yet, phenomena such as groupthink may delay or even prevent such an outcome, a
phenomenon that has been noted in the business world.1,2 This phenomenon has even been considered as a factor behind
France’s defeat by Germany in the second world war [1].
In this perspective, we investigate models of opinion formation in which a bias towards one of two possible opinions
exists, for instance, reflecting intrinsic superiority of one alternative over the other.3 In particular, our aim is to investigate
in a simple and mathematically tractable way the effect of the bias and the network structure on the time it takes for the system
of agents as a whole to converge to the superior opinion. In the remainder, we use labels 0 and 1 for the two opinions and we
assume that 1 is the dominant opinion, that is, the one towards which the agents have a bias. We investigate this question in a
mathematically tractable setting, informally described as follows.
An extended abstract appeared in the Proceedings of IJCAI 2020 [2].
⇑ Corresponding author at: Jakob-Haringer-Straße 2, 5020 Salzburg, Austria.
E-mail address: emilio.cruciani@sbg.ac.at (E. Cruciani).
1
https://smallbusiness.chron.com/can-groupthink-affect-organization-26044.html
2
https://www.linkedin.com/pulse/groupthink-curse-innovation-business-transformation-fisher-chejoski
3
Characterizing the notion of ‘‘superiority” is typically context-dependent and may be far from obvious.
https://doi.org/10.1016/j.ins.2022.01.072
0020-0255/Ó 2022 The Author(s). Published by Elsevier Inc.
This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
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Assume some underlying opinion dynamics D. Starting from an initial state in which all agents share opinion 0, the system evolves in discrete time steps. In each time step, one agent is selected uniformly at random. With some probability a, the
agent adopts 1, and with probability 1  a, the agent follows D to revise its opinion on the basis of those held by its neighbors
in an underlying network.
Although the general model we consider is simple and, under mild conditions on D, the family of processes it describes
always admits global adoption of opinion 1 as the only absorbing state, convergence to this absorbing state exhibits a rich
variety of behaviors, which depends on the interplay between the network structure and the underlying opinion dynamics in
nonobvious ways. The relatively simple, yet general, model we consider allows analytical investigation of the following
question:
How does a particular combination of network structure and opinion dynamics affect convergence to global adoption of
the dominant opinion? In particular, how conducive is a particular combination to rapid adoption?.
Even though results implying a negative effect of the network density on the convergence time have been proposed in the
past, albeit for quite different models (e.g., [34]), our findings suggest that there might be more to the issue. In particular, the
interplay between opinion dynamics and underlying network structure seems more complex than anticipated, with the former playing a key role in amplifying network effects.
In this respect, it is important to note that a number of continuous-time models of (discrete) opinion formation processes
have been proposed in the past (see Section 2). Having their roots in the study of compartmental models of spreading
dynamics [38], these models can often be richer than the ones we consider in this paper. In particular, they afford empirical
investigation of a number of interesting phenomena, typically in regimes in which network size tends to become very large
and correlations can to some degree be neglected. Despite being very useful, these models tend to be extremely complex. The
simplifying assumptions introduced to make them tractable, often prevent a fine-grained, mathematically rigorous investigation of the relationships between opinion formation model, underlying network structure, and bias. This problem is also
acknowledged by recent work in this area (Section I, [39]): ‘‘we still lack a general theoretical framework systematically linking models of information spreading, network structure, and algorithmic bias.” In contrast, our goal here is to trade some
expressivity of the model for the ability to rigorously characterize it, while hopefully retaining enough complexity to capture
basic, yet fundamental phenomena at work.
Organization of the paper and main results. We discuss work that is more or less closely related to the topic of this study in
Section 2, and we present and formalize the general model that we consider in Section 3.
In Section 4, we show that the expected time for consensus on the dominant opinion grows exponentially with the minimum degree under the majority update rule, in which agents update their opinion to the majority opinion in their neighborhoods [29]. Using asymptotic notation and denoting the number of agents in the network by n, we obtain that the
convergence time is super-polynomial in expectation whenever the minimum degree is xðlog nÞ. One might wonder
whether the converse occurs, namely, whether a logarithmic maximum degree admits an (expected) polynomial convergence to the absorbing state. Even though we prove that this is indeed the case for specific topologies such as cycles or
restricted graph families, this does not seem to hold in general (see discussion in Section 7).
The results for the majority rule discussed in the previous paragraph are at odds with those we obtain in Section 5 for the
voter model, in which agents copy the opinion of a randomly selected neighbor [31]. In this case, convergence to the absorb

ing state occurs within O a1 n log n time steps with high probability, regardless of the underlying network structure.
Empirical analysis presented in Section 6 provides results that are consistent with our theoretical findings. In particular,
the behavior predicted for the voter model closely matches empirical results. For majority, empirical analysis complements
our theoretical findings, highlighting a sharp phase transition in absorption times, with a threshold that depends on the bias
and the graph’s degree distribution in a nonobvious fashion.
Finally, in Section 7, we discuss generalizations of our framework and possible directions for further investigation.
To summarize, this study provides a simple mathematical framework to investigate the interplay between opinion
dynamics and underlying network structure in a unified setting, allowing comparison of different update rules with respect
to a common framework. In this respect, we hope that our work moves in the direction of a shared framework to investigate
opinion dynamics, as advocated in [13], complementing the aforementioned more complex, but harder to analyze, models.
The rigorous analysis of the simpler models of this paper, helps us better understand, at least qualitatively, important driving
forces behind the dynamics of agent interactions in the presence of bias.
2. Related Work
The problem we consider touches a number of areas where similar settings have been considered, with various motivations. The corresponding literature is vast and providing an exhaustive review is unfeasible here. In the paragraphs that follow, we discuss contributions that most closely relate to the topic of this paper.
Opinion diffusion and consensus. Opinion dynamics are widely used to investigate how groups of agents modify their
beliefs under the influence of other agents and possibly exogenous factors. A number of models have been proposed in
the more or less recent past, mostly motivated by phenomena that arise in several areas, ranging from social sciences to physics and biology. Refer to [13] and references therein for a recent, general overview of opinion dynamics in multi-agent
50
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systems. A first distinction is between settings in which the set of possible beliefs is continuous, for instance, the interval
½0; 1. This setting has been the focus of extensive research in social sciences and economics [3,17,21,22].
In this paper, we consider the case in which opinions are drawn from a discrete set, a setting that also received significant
attention in the recent past. In particular, we focus on the majority rule and the voter model. Investigation of the majority
update rule originates from the study of agreement phenomena in spin systems [29], whereas the voter model was motivated by the study of spatial conflict between species in biology and interacting stochastic processes and particle systems
in probability theory and statistics [12,26,31]. These two models have received renewed attention in the recent past, the
focus mostly being on the time required to achieve consensus or conditions under which they achieve consensus on one
of the initial opinions with a minimum degree of confidence. The voter model is by now well understood. In particular,
increasingly tight bounds on convergence time for general and specific topologies have been proposed over the recent past
[15,25], and it is known that the probability of one particular opinion to prevail is proportional to the sum of the degrees of
nodes holding that opinion at the onset of the process [18]. In all these works there is not a bias toward one of the alternatives, which is the topic of this paper.
Consensus and network structure. Network structure has been known to play an important role in opinion diffusion and
influence spreading for quite some time [35], under a variety of models. For example, multiple works have studied the consensus under the voter model and the dependence of its convergence on the underlying network topology [15,18,25]. For the
majority dynamics, Auletta et al. [5] characterized the topologies for which an initial majority can be subverted, showing that
this is possible for all but a handful of topologies, including cliques and quasi-cliques. On the other hand, regardless of the
network, there is always an initial opinion distribution such that the final majority will reflect the initial one; however, computing an initial opinion configuration that will subvert an initial majority is topology-dependent and NP-hard in general [8].
A number of recent contributions have investigated (among other aspects) the relationship between network structure
and consensus in opinion formation games [19,20], whereas Auletta et al. [7] studied extensions of the Friedkin-Johnsen
model to evolving networks.
Even though a high expansion of the underlying graph typically implies fast convergence [14,27] in many opinion dynamics, some recent work explicitly points to potentially adverse effects of network structure on the spread of innovation, at
least in scenarios where the opinion update occurs on the basis of private utilities that reflect both the degree of local consensus and the intrinsic value of the competing opinions [34,41].
Some of our findings are qualitatively consistent with previous work albeit under completely different models (in particular, [34]). However, our overall approach is very different, because it completely decouples the mechanism of opinion formation from modelling of the bias, allowing for a clear-cut mathematical characterization of the interplay between bias,
underlying opinion dynamics, and network structure.
Follow-up work to a preliminary version of this paper [2] investigated the role of small sets of high-degree nodes (or
elites) to influence the outcome of the majority dynamics. In particular, Out and Zehmakan [37] identified the addition of
random connections and/or some of degree bias towards the currently held opinion as effective strategies to mitigate the
ability of elites to drive consensus towards a predefined opinion.
Forms of bias different from ours. Bias in opinion dynamics has been considered previously in the literature. We briefly
review contributions that are at least loosely related to our framework. For both voter and majority update rules, Mukhopadhyay et al. [36] introduced bias in the form of different, opinion-dependent firing rate frequencies of the Poisson clocks that
trigger agents’ opinion updates, implicitly enforcing a bias toward the opinion with lower associated rate. Despite being different, their model is similar to ours in spirit and some of their results for the voter model are consistent with ours. Yet, these
results only apply in expectation and to very dense networks with degree XðnÞ, whereas our results for the voter model hold
for every undirected graph. More recently, Bahrani et al. [9] investigated the behavior of majority dynamics when agents’
opinions are initialized to 0 (incorrect) or 1 (correct) with probabilities 1=2  d and 1=2 þ d respectively. The authors prove
high probability of convergence to a majority of correct opinions within Oðn log n= log log nÞ steps.
A form of bias in the communication channels between the agents is considered by Cruciani et al. [16], where one of the
two opinions is always transmitted correctly to the neighbors, whereas there is a fixed probability of incorrectly transmitting
the other one. The results for both voter and majority models are coherent with the ones presented in this paper, even if in
the work of Cruciani et al. they hold for a synchronous setting, where in each round all nodes update simultaneously.
A somewhat related line of research addresses the presence of stubborn agents and of zealots. Loosely speaking, stubborn
agents have a bias toward some (initially or currently) held opinion. Zealots are agents who never deflect from some initial
opinion. Restricting to the discrete-opinion setting, which is the focus of this paper,4 the role of zealots and their ability to
subvert an initial majority have been investigated for the voter model (see [33] and follow-up work), and Auletta et al. [6] investigated majority dynamics in the presence of stubborn agents that are biased toward the currently held opinion, providing a full
characterization of conditions under which an initial majority can be subverted.
Continuous-time dynamics. Continuous-time, discrete-opinion models have been proposed in the past and form an active
research area, following a long-standing tradition that is rooted in the analysis of epidemic processes [38]. We only mention
a few contributions that are representative of this line of research. These approaches generally rely on mean-field or finergrained, continuous approximations [23,24] in which, roughly speaking, the probabilities that characterize discrete models

4

For the continuous case, there is a vast literature; see the seminal paper [22] and follow-up work.
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correspond to transition rates between different opinions across the underlying population of agents. For example, [23,24]
consider a refined mean-field analysis of a number of spreading/opinion diffusion dynamics, including a noisy variant of
majority, whereas a continuous, noisy voter model has been considered recently [11], under the assumption of lack of correlation among network edges. More recent work addresses the issue of bias in the opinion formation process. For example,
Peralta et al. [39] model the presence of (algorithmic) bias by a single parameter, a so-called ‘‘bias intensity,” which modifies
the transition rates defined in [23,24] in a simple way.
Continuous-time models can be rich and afford empirical investigation of a number of interesting phenomena. The resulting systems of differential equations can be accurate approximations of some original (continuous or discrete) model. They
often allow to simulate the evolution of models that are generally more complex than those that are analytically tractable.
Sometimes, these models also allow to derive quantitative predictions on parameters of interest, which empirically prove
accurate under suitable conditions, for example, when the correlations that can be present in the system within subpopulations of the agents can be considered negligible. On the negative side, attempts at a theoretical analysis often require
strong simplifying assumptions to ensure tractability, which in turn can make it harder (when not impossible) to derive rigorous, analytical results. Also, these models can prove inaccurate with respect to the original ones in some cases. For example, mean-field models can behave poorly on sparse networks, or on networks that are close to exhibiting properties that
induce a transition in the behavior of the underlying dinamics [23]. As a result, deriving quantitative, mathematically rigorous characterizations of the complex relationships involving opinion dynamics, bias, and network structure, can become
unfeasible in such settings.
3. Notation and Preliminaries
Let G ¼ ðV; EÞ be an undirected graph with jV j ¼ n nodes, each representing an agent. Without loss of generality, we
assume that V ¼ ½n :¼ f1; . . . ; ng. The system evolves in discrete time steps5 and, at every time step t 2 N, each node v 2 V
ðtÞ

holds an opinion xv 2 f0; 1g. We use the term opinion liberally here, in the sense that 0 and 1 in general represent competing

|
ðtÞ
ðtÞ
the corresponding state of the system at
alternatives, whose meaning is context-dependent. We denote by xðtÞ ¼ x1 ; . . . ; xn
time t. We assume that the initial state of the system is xð0Þ ¼ 0 ¼ ð0; . . . ; 0Þ| ; this assumption is discussed in Section 7. For each
v 2 V, we denote the neighborhood of v by Nv :¼ fu 2 V : fu; v g 2 Eg and the degree of v by dv :¼ jNv j. Finally, D :¼ minv 2V dv is
the minimum degree among the nodes in G.
Our framework assumes that the agents exhibit a bias toward one of the opinions (e.g., reflecting intrinsic superiority of a
technological innovation over the status quo), without loss of generality 1, which we henceforth call the dominant opinion.
We model bias as a probability, with a parameter a 2 ð0; 1. All dynamics we consider are Markovian, that is, given the underlying graph G, the distribution of the state xðtÞ at time t only depends on the state xðt1Þ at the end of the previous time step.
Moreover, they have x ¼ 1 ¼ ð1; . . . ; 1Þ| as the only absorbing state. We use s to denote the absorption time, which is the
number of time steps for the process to reach the absorbing state 1. Finally, for a family of events fEn gn2N , we say that En
occurs with high probability (w.h.p., in short), if a constant c > 0 exists such that P ðEn Þ ¼ 1  Oðnc Þ, for every sufficiently
large n.
4. Absorption Time for Majority Dynamics
In this section, we investigate the time to reach consensus on the dominant opinion under the majority update rule. More
formally, we study the following random process: Starting from the initial state xð0Þ ¼ ð0; . . . ; 0Þ| , in each time t a node u 2 ½n
is chosen uniformly at random and u updates its value according to the rule


xðutÞ ¼

1
MG ðu; xÞ

with probability a;
with probability 1  a;

where a 2 ð0; 1 is the bias toward the dominant opinion 1 and M G ðu; xÞ is the value held in configuration xðt1Þ ¼ x by the
majority of the neighbors of node u in graph G:

MG ðu; xÞ ¼

8
0
>
>
>
<

if

1
>
>
>
:

if

X

v 2Nu

X

v 2Nu

xv < jNu j=2;
xv > jNu j=2;

P
and ties are broken uniformly at random, that is, if v 2Nu xv ¼ jN u j=2 then M G ðu; xÞ ¼ 0 or 1 with probability 1=2, independently of all the other random choices of this process.
It is straightforward to see that for every positive a, the above Markov chain has 1 as the only absorbing state. However,
the rate of convergence is strongly influenced by the underlying graph G. In Section 4.1 we prove a lower bound on the
5

This is equivalent to the asynchronous model in which a node revises its opinion at the arrival of an independent Poisson clock with rate 1 [10].
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expected absorption time, which depends exponentially on the minimum degree. This result implies super-polynomial
expected absorption times for graphs whose minimum degree is xðlog nÞ. On the other hand, in Section 4.2 we prove that
the absorption time is Oðn log nÞ on cycle graphs, and in Section 4.3 we briefly discuss about further graph families with sublogarithmic maximum degree and polynomial (expected) absorption time.
4.1. Convergence on High-Density Graphs
In this section we prove a general lower bound on the expected absorption time, which only depends on the minimum
degree D. To this purpose, we use the following standard lemma on birth-and-death chains6 (see, for example, Section 17.3
[30] for a proof).
Lemma 4.1. Let fX t gt be a birth-and-death chain with state space f0; 1; . . . ; ng, such that for every 1 6 k 6 n  1

PðX tþ1 ¼ k þ 1 j X t ¼ kÞ ¼ p;
PðX tþ1 ¼ k  1 j X t ¼ kÞ ¼ q;
PðX tþ1 ¼ k j X t ¼ kÞ ¼ r;
with p þ q þ r ¼ 1. For every i 2 f0; 1; . . . ; ng let si be the first time the chain hits state i, that is, si ¼ minft j X t ¼ ig. If 0 < p < 1=2,
the probability that starting from state k the chain hits state n before state 0 is

Pk ðsn < s0 Þ ¼

 nk
ðq=pÞk  1
p
6
:
q
ðq=pÞn  1

 
n
First we show that, for a P 1=2 þ e, every graph with minimum degree D ¼ X log
has Oðn log nÞ absorption time, w.h.p.
e2
Lemma 4.2 (Fast convergence for a > 1=2). Assume e > 0 and c > 0 are arbitrarily small constants. Then, if a > 1=2 þ e, every
e
3
graph with minimum degree at least ð1 þ cÞ 1þ2
e2 ln n has absorption time at most 2ð1 þ cÞn ln n, with probability at least 1  nc .
Proof. The proof proceed in two steps. We first prove that, w.h.p., within Oðn log nÞ time steps, every node has revised its
opinion at least once. Let T denote the first time at which every node has revised its opinion at least once. Because every
node is chosen independently with probability 1=n in every time step, this is a case of the coupon collector problem. Indeed,
considering any particular node u, the probability that u is never sampled in any of the first ð1 þ cÞn ln n time steps is

ð1þcÞn ln n
. Hence, using a union bound:
1  1n


ð1þcÞn ln n
1
1
PðT > ð1 þ cÞn ln nÞ 6 n 1 
6 neð1þcÞ ln n ¼ c :
n
n

For the second step, consider again the first time T in which every node has revised its opinion at least once. Moreover, for
every node u, denote by T ðuÞ the last time step prior to T in which u revised its opinion. Next, for every node u we define a
binary variable X u , such that X u ¼ 1 if u adopts 1 at time T ðuÞ; and X u ¼ 0 otherwise. We have PðX u ¼ 1Þ P a > 12 þ e, so that,


P
for every node u, the expected number of u’s neighbors that have adopted opinion 1 at time T is E v 2Nu X v > 12 þ e jN u j.
Moreover, although the X u ’s are in general dependent on each other, for every u we have PðX u ¼ 1Þ > 12 þ e, regardless of
other nodes. This means that every X u stochastically dominates an independent Bernoulli variable Z u with parameter


P
1
þ e. Moreover, if Z ¼ v 2Nu Z v , we have E½Z  ¼ 12 þ e jN u j. We therefore have, for every u:
2

P

X
v 2Nu

!

Xv 6

1
jNu j
2



6 P Z 6 12 jNu j




2e
¼ P Z 6 1  1þ2
e E½Z 
ðaÞ 

6e

2e 2 E ½ Z 
ð1þ2eÞ2

e2

¼ e1þ2ejNu j
ðbÞ

6e

2

e ð1þcÞ1þ2e ln n
1þ2
e
2
e

¼ eð1þcÞ ln n
1
¼ n1þ
c;

6

Birth-and-death chains are Markov processes for which, from state k, a transition can only go to either state k þ 1 or state k  1.
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where ðaÞ follows from a straightforward application of Chernoff’s bound to the sum of the Z u ’s, and ðbÞ holds because
e
minu jN u j P ð1 þ cÞ 1þ2
e2 ln n by the lemma hypothesis. Finally, taking a union bound over all nodes in V we obtain:

P 9u 2 V :

X
v 2Nu

Xv 6

!
1
1
jNu j 6 c :
2
n

The arguments above allow us to conclude that w.h.p., in the very first time T in which each node has revised its opinion at
least once, namely at time T 6 ð1 þ cÞn ln n, w.h.p., every node is surrounded by a majority of neighbors that adopted
opinion 1. Using again a coupon collector argument, we conclude that, with probability at least 1  1=nc , every node will
revise its opinion at least one more time within another ð1 þ cÞn ln n time steps, this time adopting opinion 1 with probability 1. Overall, consensus to opinion 1 is achieved with probability at least 1  3=nc within 2ð1 þ cÞn ln n time steps.
In the next theorem we prove that, as soon as a is smaller than 1=2, the absorption time instead becomes exponential in
the minimum degree.
eÞ
Theorem 4.3 (Slow convergence for a < 1=2). Let G ¼ ðV; EÞ be an undirected graph with minimum degree D. Assume a 6 ð1
2 ,
for an arbitrary constant 0 < e < 1. The expected absorption time for the biased opinion dynamics under the majority update rule is
e2

E½ s  P

e6D
:
6n
ðt Þ

Proof. Let SðtÞ be the set of nodes with value 1 at time t. For each node u 2 V, let nu be the fraction of its neighbors with value
1 at time t:

nðutÞ ¼

jNu \ SðtÞ j
:
jNu j

 be the first time step in which nðutÞ P 1=2 for at least one node
Finally, let s

v 2 V, namely,



s ¼ min t 2 N : nðutÞ P 1=2; for some u 2 ½n :
 all nodes have a majority of neighbors sharing opinion 0, thus the selected agent at time t
Note that for each time t 6 s
. We next prove that
updates its state to 1 with probability a and to 0 with probability 1  a. Moreover, clearly s P s
e2

 P e 6 D =ð6nÞ, which implies our thesis.
E½s
, the
Observe that, for a node u with degree du that has k neighbors with value 1 at some time and for every t 6 s
probabilities pk ðuÞ and qk ðuÞ of increasing and decreasing, respectively, the number of its neighbors by 1 are

pk ðuÞ ¼

du  k
k
a; and qk ðuÞ ¼ ð1  aÞ:
n
n

Hence, because a 6 ð1  eÞ=2, for every k P du =ð2 þ eÞ we have that

pk ðuÞ du  k
a
1e

6 ð1 þ eÞ 
¼ 1  e:
¼
qk ðuÞ
k
1a
1þe
Note that

du
du
e
e
¼ du

P du :
2 2þe
2ð2 þ eÞ
6
From Lemma 4.1 it thus follows that, for each node u, as soon as the number of its neighbors with value 1 enters in the range
ðdu =ð2 þ eÞ; du =2Þ, the probability that it will reach du =2 before going back to du =ð2 þ eÞ is at most

ð1  eÞedu =6 6 ee

2d

u =6

e2

6 e 6 D ;

using ð1  xÞx 6 ex for x 2 ½0; 1. Hence, if we denote by Y u the random variable indicating the number of trials before having at least half of the neighbors of u at 1, we have that for every t P 0
2

2

t
e D
e2
PðY u P t Þ P 1  e 6 D P eð3t=2Þe 6 ;


where in the last inequality we used that 1  x P e3x=2 for every x 2 0; 12 . Thus,
2
e D
6

PðY u < tÞ 6 1  eð3t=2Þe

6

3t e2 D
e 6 ;
2

using 1  ex 6 x for every x. Finally, by using the union bound over all nodes, we have that
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 < tÞ ¼ Pð9u 2 ½n : Y u < t Þ 6 n 
Pð s

3t e2 D
e 6 :
2

2

e
 < tÞ 6 1=2 and the theorem follows from Markov’s inequality:
Thus, for t ¼ e 6 D =3n we have Pðs

t
 P t Pðs
 P t Þ P :
E½ s
2
4.2. Fast Convergence on the Cycle


In this section, we prove that the absorption time on an n-node cycle graph is O a1 n log n , w.h.p. We make use of the following structural lemma.
Lemma 4.4 (Structural property of cycles). Let C n be the cycle of n nodes and let every node v 2 V have an associated state
xv 2 f0; 1g. Let us call Bi and Si the set of nodes in state i such that: every node v 2 Bi has both neighbors in the opposite state and
every node v 2 Si has one single neighbor in the opposite state. The following holds:

jB0 j þ

jS0 j
jS1 j
¼ jB1 j þ
:
2
2

Proof. Given any possible binary coloring of C n each node





v belongs to one of the following categories:

v 2 Bi : node v is in state i and both its neighbors are in state j – i.
v 2 Ri : node v is in state i, its left neighbor is in state i, and its right neighbor is in state j – i.
v 2 Li : node v is in state i, its right neighbor is in state i, and its left neighbor is in state j – i.
v 2 Z i : node v is in state i and zero of its neighbors are in state j – i, that is, both are in state i.

We also call Si ¼ Ri [ Li . Fig. 1 illustrates the eight (counting symmetries) possible categories. Let us consider a clockwise
walk through C n that returns to its starting point. Keeping into account the categories of the nodes previously described
it is possible to generate a graph HC that describes all possible binary configurations of a C n graph, for every n 2 N. We call
HC the cycle binary configuration graph (Fig. 2). The nodes of HC represent the possible categories of the nodes of C n and the
edges the possible neighbors in C n , considering a clockwise walk. For example, there is no edge from B0 to R0 because the
neighbors of B0 are both in state 1, whereas a node in R0 is in state 0.

Fig. 1. Categories of a node v in C n ; node v is black and its left and right neighbors are white.

Fig. 2. The cycle binary configuration graph HC .
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Let us pick any node v in C n and let us walk through clockwise until we return to v. Let us pick the node of HC
corresponding to the category v belongs to and follow the clockwise walk that we do on C n also on HC , by moving on the
corresponding states. It follows that after n steps the walk on C n will be back to v and the walk on HC will be back to the node
representing the category of v. Note that this implies that the walk on HC is a cycle and, in general, that every cycle of length
n on HC represent a possible binary configuration of the nodes of a corresponding cycle graph C n .
Note that every possible cycle in HC is a combination of simple cycles (that go through each node at most once) on HC . We
prove that the structural property of the lemma holds for every simple cycle on HC . By commutativity and associativity of
addition, the property directly transfers also to composition of simple graphs. To reduce the number of simple cycles (which
are 17; they are easy to find on a computer given the small size of the graph HC , even if the problem is #P-hard [4]), we avoid
cycles that pass through Z i , as jZ i j does not appear in the lemma; in fact, every cycle passing through Z i does Li ! Z i ! Ri and
the only other outgoing edge of Li is Li ! Ri . In other words, excluding simple cycles passing through node Z i does not have
any effect on the following calculations. By also taking advantage of symmetries in i and j, all the remaining simple cycles are
the following four, for which the equality of the lemma is true:

 Bi

 Bi

 Ri

 Bi


! Bj : jBi j cancels out with jBj j.

jR jþjL j
! Lj ! Rj : jBi j cancels out with j 2 j .
 jRi jþjLi j
jR jþjL j
! Lj ! Rj ! Li : 2 cancels out with j 2 j .

! Bj ! Li ! Ri ! Lj ! Rj : jBi j cancels out with jBj j;

jRi jþjLi j
2

cancels out with

jRj jþjLj j
.
2

Theorem 4.5 (Cycles). Let G ¼ C n be the cycle on n nodes. Under the majority update rule, we have





s ¼ O 1a n log n , w.h.p.

Proof. Denote by V i the set of nodes in state i. Given a configuration x 2 f0; 1gn of C n , let Bi ¼ fv 2 V i : 8u 2 N v ; xu – ig and
Si ¼ fv 2 V i : 9u; w 2 N v ; xu – xw g (see Lemma 4.4). Let X t be the random variable indicating the number of nodes in state 1 at
time t and observe that for every k, we have:

8
>
< qk
¼ kÞ ¼ r k
>
:
pk

PðX t ¼ h j X t1

if h ¼ k  1;
if h ¼ k;
if h ¼ k þ 1;





where qk ¼ ð1  aÞ jBn1 j þ 12 jSn1 j , pk ¼ a nk
þ ð1  aÞ jBn0 j þ 12
n



jS0 j
n

, and rk ¼ 1  qk  pk . Therefore, the expected value of X t , con-

ditioned on X t1 ¼ k, is

E½X t j X t1 ¼ k ¼ ðk  1Þqk þ kr k þ ðk þ 1Þpk ¼ k  qk þ pk


¼ k þ a nk
þ 1n a jB0 j þ jS20 j  jB1 j  jS21 j
n
ðaÞ

;
¼ k þ a nk
n

where in derivation ðaÞ we use Lemma 4.4. We therefore have:

E½ X t  ¼

n
X
E½X t j X t1 ¼ kPðX t1 ¼ kÞ
k¼0

¼

n
X




 

a þ 1  an k PðX t1 ¼ kÞ

k¼0
n
X

n

X
PðX t1 ¼ kÞ þ 1  an
kPðX t1 ¼ kÞ

¼a

k¼0



¼ a þ 1  an E½X t1 :

k¼0

Solving this recursion with E½X 0  ¼ 0 we get
t1 
X
ai
1  ð1  a=nÞt
E½ X t  ¼ a
1
¼a
:
n
a=n
i¼0

The expected number E½n  X t  of nodes in state 0 at time t is thus


at
a
E½ n  X t  ¼ n 1 
6 nent ;
n
which is smaller than

1
n

for t P 2a n ln n. Hence,
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P



2



 ðb Þ h

i

s > n ln n ¼ P n  X a2n ln n P 1 6 E n  X a2n ln n 6 1=n;
a

where in ðbÞ we use Markov’s inequality.
4.3. More Low-Density Graph Families
It is not difficult to show that convergence times are also polynomial in the cases of disconnected cliques of size Oðlog nÞ
and trees of degree Oðlog nÞ. These results are summarized as the following theorem.
Theorem 4.6 (Disconnected cliques and bounded-degree trees). Let G ¼ ðV; EÞ be a set of ‘ disconnected cliques V 1 ; . . . ; V ‘ such
that jV i j ¼ Oðlog nÞ for every i (respectively a tree of degree Oðlog nÞ and such that root nodes of every subtree have at least 2
children). Then, for every constant a 2 ð0; 1, the expected absorption time is polynomial.
Proof. First we start with the proof for disconnected cliques. Then, using the same notation and in part the same tools, we
move to bounded-degree trees.
Disconnected cliques. Let T 0 ¼ 0 and, for j ¼ 1; 2; 3; . . ., let T j be the first round in which every node has updated its state at
least once after time T j1 . In the beginning of the proof of Lemma 4.2, we proved that for every j, we have that
T j  T j1 6 ð1 þ cÞn ln n with probability at least 1  n1c .
For a given range T j1 ; T j , let T ðuÞ be the last time in which node u updated its state in the range and let X u be the
random variable such that X u ¼ 1 if u adopts opinion 1 at time T ðuÞ and 0 otherwise. Note that every X u stochastically
dominates an independent Bernoulli random variable Z u of parameter a. Therefore, the probability for a given clique V i of
reaching absorption within the given time range is

maxjV i j
Pð8u 2 V i ; X u ¼ 1Þ P Pð8u 2 V i ; Z u ¼ 1Þ ¼ ajV i j P a i
:
Therefore, we can define a family of independent and identically distributed Bernoulli random variables

n o
Y ji

i;j

with

parameter p ¼ amaxi jV i j and a coupling such that, for every clique V i and every range T j1 ; T j , if Y ji ¼ 1 then V i reached absorption within round T j . Hence, for any given clique V i , the checkpoint T k in which clique V i reaches absorption, is dominated by
a geometric random variable Gi , with probability of success in each Bernoulli trial equal to p ¼ amaxi jV i j and expected value
1=p ¼ ð1=aÞmaxi jV i j ¼ OðpolyðnÞÞ, because a ¼ Xð1Þ and maxi jV i j ¼ Oðlog nÞ by our hypothesis. Therefore, the expected value
of the absorption time s is upper bounded by the maximum among ‘ 6 n i.i.d. geometric random variables fGi gi , namely


E½s 6 E max Gi
i¼1;...;‘

"
#
‘
‘
X
X
‘
6E
Gi ¼
E½Gi  ¼ ¼ OðpolyðnÞÞ:
p
i¼1
i¼1

Bounded-degree trees. As a first step, we separately consider the ‘ subtrees, each consisting of a set of sibling-leaves
together with their common parent. Note that, whenever such a subtree locally reaches absorption, it remains stable forever:
leaves have their only neighbor (namely their parent) already in state 1, and the parent has the majority of their neighbors in
state 1 (namely the leaves, given that the number of children is at least 2 by hypothesis). With the same reasoning used for
disconnected cliques in the previous paragraph, we get that the ‘ subtrees become stable within OðpolyðnÞÞ time steps in
expectation.
Once all such structures have become stable, the ‘ parents of the subtrees will become the majority in state 1 of their
respective parents. Thus, it will be sufficient to wait for the parents to update once more within the next checkpoint. Given
that the same reasoning can be applied recursively for each level of the tree, from the bottom and up to the root, another OðnÞ
checkpoints (i.e., as many as the maximum possible height of the tree) will suffice to globally reach absorption, still in
OðpolyðnÞÞ time steps.

5. Absorption Time for the Voter Model
As mentioned in the introduction, the voter model has received considerable attention as an opinion dynamics [31]. It
may be regarded as a linearized form of the majority update rule, in the sense that, upon selection, a node selects each of
the two available opinions with probability proportional to the opinion’s support within the node’s neighborhood. Despite
such apparent similarity, the two update rules result in quite different behaviors of the biased opinion dynamics. Namely, for
the voter model, absorption times to the dominant opinion are polynomial with high probability as long as 1=a is polynomial, regardless of the underlying topology. These results are clearly at odds with those of Section 4.
The biased voter model can formally be defined as follows: Starting from some initial state xð0Þ , at each time t a node
u 2 ½n is chosen uniformly at random and its opinion is updated as
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with probability a;
with probability 1  a;

1
V G ðu; xÞ

where a 2 ð0; 1 is a parameter measuring the bias toward the better opinion 1 and V G ðu; xÞ is the value held in configuration
xðt1Þ ¼ x by a node sampled uniformly at random from the neighborhood of node u. We assume xð0Þ ¼ 0 for simplicity,
though we remark that Theorem 5.1 below holds for any xð0Þ 2 f0; 1gn .
As the proof of Theorem 5.1 highlights, the biased opinion dynamics under the voter update rule can be succinctly
described by a nonhomogeneous Markov chain [40]. Although nontrivial to study in general, we are able to provide tight
bounds in probability for the simplified setting we consider.
Theorem 5.1. Let G ¼ ðV; EÞ be an arbitrary graph. The biased opinion dynamics with voter as update rule reaches state 1


within s ¼ O 1a n log n steps, w.h.p.
Proof. For every node

v 2 V, the expected state of v at time t þ 1, conditioned on xðtÞ ¼ x is

h
i
X
ðtþ1Þ
aÞ
E xv
j xðtÞ ¼ x ¼ 1n a þ ð1
xu
dv
u2N v

!





þ 1  1n xv ¼ an þ 1n ð1  aÞðPxÞv þ ðn  1ÞðIxÞv ;

1

where P ¼ D A is the transition matrix of the simple random walk on G (with D being the diagonal degree matrix and A the
adjacency matrix of the graph) and I is the identity matrix. Considering all the nodes, we can write the vector form of the
previous equation as follows:

E xðtÞ j xðt1Þ ¼ x ¼

a
n

1
1 þ ðð1  aÞP þ ðn  1ÞIÞx:
n

This immediately implies the following equation, relating the expected states at times t  1 and t (with E xð0Þ ¼ x):

E xðtÞ ¼

a
n

1
1 þ ðð1  aÞP þ ðn  1ÞIÞE xðt1Þ :
n

Now, consider 1  xðtÞ , the difference between the absorbing state vector 1 and the state vector at a generic time t. By the


definition of xðtÞ ; 1  xðtÞ v P 0 deterministically, for every v and for every t. As for the expectation of this difference, we
have:

E 1  x ðt Þ



¼ 1  an 1  1n ðð1  aÞP þ ðn  1ÞIÞE xðt1Þ

¼ 1n ðð1  aÞ1 þ ðn  1Þ1Þ  1n ðð1  aÞP þ ðn  1ÞIÞE xðt1Þ
ðaÞ 1
¼ n ðð1 
¼ 1n ðð1 

aÞP þ ðn  1ÞIÞ1  1n ðð1  aÞP þ ðn  1ÞIÞE xðt1Þ
aÞP þ ðn  1ÞIÞE 1  xðt1Þ ;

ð1Þ

where ðaÞ follows from the fact that both matrices P and I have 1 as eigenvector with associated eigenvalue 1.
Moreover, we have


1
a b
ðð1  aÞP þ ðn  1ÞIÞ ¼ 1  P;
n
n
 

b :¼ n1 1a P þ I being a stochastic matrix. This follows immediately by observing that both P and I are stochastic, so
with P
n1
na
that all rows of ð1  aÞP þ ðn  1ÞI identically sum to n  a. By solving the recursion in Eq. (1) we obtain



 ðaÞ 
at b t 
at
at b t ð0Þ
E 1  x ðt Þ ¼ 1 
1  1
P 1  x ð0 Þ ¼ 1 
Px ;
n
n
n

b t is a stochastic matrix, thus with main eigenvalue 1 and associated eigenvector 1. Next,
where in ðaÞ we use the fact that P


h
i 

b t xð0Þ P 0, so we also have E 1  xvðtÞ 6 1  a t 6 eant .
observe that for every v, we have P
n
v

Therefore, for every time t P a2 n ln n, we have

E 1  xvðtÞ 6
for every

1
;
n2

v 2 V. Because the xvðtÞ ’s are binary random variables, we have







1
P xvðtÞ ¼ 0 ¼ P 1  xvðtÞ ¼ 1 6 P 1  xðvtÞ P 1 6 E 1  xvðtÞ 6 2 ;
n



where in the second-to-last inequality we used Markov’s inequality. Hence, in O a1 n log n time steps the process converges
to the absorbing state 1, with high probability.
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Note that Theorem 5.1 implies that the convergence time is still O n1þs log n when a ¼ H n1s for any s > 0, hence polynomial as long as s is constant.

6. Simulations
In this section, we empirically characterize the behavior of the a-biased majority dynamics in specific regimes that are
not addressed by our theoretical analysis in Section 4. In particular, we have proved super-polynomial absorption times
in graphs that have super-logarithmic minimum degree (Theorem 4.3) and fast absorption times in some specific graph
topologies where the maximum degree is Oðlog nÞ. For these reasons, we are particularly interested in cases in which the
average degree is Hðlog nÞ. To characterize more clearly how the absorption time depends on the interplay between a
and the degree in this regime, in our simulations we focus on d-regular graphs.
Even if the behavior of the biased voter model is well characterized by our theoretical analysis in Section 5 (Theorem 5.1),
we also conduct an empirical analysis to compare the absorption times of the a-biased voter with those of the a-biased
majority while a varies. We perform a simulation by choosing a combination of a dense network topology and a small bias
a, to highlight the difference in behavior between the two dynamics. In fact, as shown by Theorems 4.3 and 5.1, the absorption times would be polynomial for the former and exponential for the latter.
Experimental setup. We run the a-biased majority dynamics on regular graphs with n ¼ 1024 nodes, letting d and a vary
in the intervals d 2 f2; 3; . . . ; n  1g and a 2 f0:01; 0:02; . . . ; 1:0g, respectively. In more detail, for each pair ða; dÞ: (1) we
(almost) uniformly sample a d-regular graph G from Gðn; dÞ using the algorithm by Kim and Vu [28]; (2) we perform
50 independent runs of the a-biased majority dynamics on G, for each run estimating the absorption time as explained
below; (3) we take the average of the absorption times over the 50 independent runs. For each run of the a-biased majority dynamics on a graph G sampled from Gðn; dÞ, our estimate of the absorption time is min s; n2 , where s is the number
of steps required for 95% of the nodes to be in state 1.7 Note that this way, we are consistently underestimating absorption
times, when the process does not converge within n2 steps. It should be noted that, for each pair ða; dÞ, in step (1) we only
consider one sample G from Gðn; dÞ. This choice is consistent with our theoretical findings, in particular Theorem 4.3, suggesting that slow convergence occurs for every graph that satisfies conditions that essentially only depend on a and D.
Regarding the a-biased voter dynamics, instead, we only ran it in ‘‘adversarial” cases in which one might expect
some deviation from theoretical predictions. In this perspective, we considered the complete graph with n ¼ 1024 nodes
and very small values of the bias parameter a, namely a 2 f0:0001; 0:0002; . . . ; 0:01g. The rationale behind these choices
was highlighting the modest effect of two factors that instead significantly affect a-biased majority dynamics, namely,
high network density and a small value of the bias a. In fact, the complete graph is the topology that makes the absorption time of the a-biased majority the highest; moreover, the smallest value of the bias we considered is small even
1

with respect to network size, that is, a  ðn log nÞ . Similarly to what we did for biased majority, we performed 50
independent runs of the dynamics and estimated the absorption time as the average of the value min s; n3 measured
in each run.8
Empirical observations. Fig. 3 provides an overview of the results of our simulations, highlighting a sharp phase transition
in absorption times of the a-biased majority dynamics, with a threshold (represented by the narrow whitish line dividing the
blue and red areas), which depends on a and d in a nonobvious fashion. The blue area in the heat map includes ða; dÞ pairs for
which the dynamics rapidly converged to a consensus on opinion 1, with an average absorption time that as a function of n is
compatible with Oðn log nÞ, in particular, consistently smaller than a1 n log n. The red area, instead, includes pairs (a; dÞ for
which the estimated absorption time of the dynamics was always n2 , namely configurations for which the dynamics never
converged to absorption within n2 updates; for those runs, it is possible to observe that the number of nodes in state 1
quickly reaches and remains concentrated at a value around an. This last part is just an empirical observation (not immediately resulting from our plots), which is actually easy to motivate formally, stemming from the fact that, regardless of
the current state, the node selected in any given step has a ground probability a to choose opinion 1.
The zoomed plot in the right pane of the same figure also shows that the scenario dramatically changes for d ¼ 2, that is,
when the graph is a cycle or a collection of disconnected cycles, as one would expect from Theorem 4.5. In this case, absorption is achieved in fewer than n2 steps even for the smallest value of a we considered (0:01), consistently with the upper
bound of Theorem 4.5.
The goal of Fig. 4 is to explore the behavior of the absorption time in the vicinity of the threshold. For this reason, the plots
in this figure only refer to the combinations of ða; dÞ whose average absorption times were strictly less than n2 . Note that a
given combination ða; dÞ appears in the plot even if a single run (out of the 50) reaches absorption in fewer than n2 updates;
thus, the absorption time could be dramatically underestimated. However, our goal here was to investigate how sharp the
transition in absorption times is as we approach the threshold and in this respect, an underestimation only makes this
transition appear smoother than it actually is.
7
This is done to speed up the computation. In particular, given the asynchronous nature of the dynamics, when only a small fraction of nodes is still in state
0, an artificially long delay is introduced for the simple fact that nodes in state 0 are chosen less and less frequently for revising their opinions.
8
The value n3 instead of n2 as in the biased majority is changed in order to handle much smaller values of a.
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Fig. 3. Absorption time s (color) of the biased majority dynamics on G while varying d (x-axis) and a (y-axis). On the left, the results for all values of d and a;
pﬃﬃﬃ
on the right, a zoom with d 2 2; 3; . . . ; 2 n and a 2 f0:01; . . . ; 0:5g.

Fig. 4. Absorption time s (y-axis) of the biased majority dynamics on G while varying a (x-axis) and d (color) vs. 1a n log n. On the left, the results for lowdensity graphs (d 2 f2; 3; . . . ; 2log2 ng; on the right, the results for high-density graphs (d 2 f1 þ 2log2 n; . . . ; ngÞ. The black dots show the value 1a n log n,
which is our theoretical upper bound for the cycle.

We expect, and Fig. 4 indicates, that, for each degree d (color in the figure), there exists a threshold value for a above
which the convergence is fast, whereas below it the convergence is slow; of course this value would depend on d. The figure
highlights the following patterns: (1) the threshold value for a increases with the degree, which intuitively is consistent with
the general insight that increased density slows the convergence of the dynamics; (2) as a approaches 1=2 from below, fast
convergence is ensured for increasingly growing values of the degree, a behavior that is ultimately consistent with Lemma
4.2 and suggesting a limiting behavior of the threshold that goes to 1=2 for d ¼ n  1 (i.e., the complete graph) and n ! 1. As
commented earlier, the scenario is different in the case of d ¼ 2 (leftmost blue points in the left plot) where, differently from
the case of d > 2, the process achieved absorption for all considered values of a within n2 steps; moreover, d ¼ 2 is the only
degree value for which the value of the absorption time never exceeds the black reference line a1 n log n (i.e., our theoretical
upper bound for the cycle) as a increases.
Our simulations further suggest that the lower bound we gave in Theorem 4.3 is asymptotically tight for dense graphs. In
particular, recall that, whenever a ¼ 12 e for a fixed constant 0 < e < 1, Theorem 4.3 states that if s is the absorption time we


2
have E ½s P eDe =6 =ð6nÞ, where D is the minimum degree. In other words, for every arbitrarily large fixed constant K > 0,
there exists a constant C ¼ C ðeÞ such that E ½s > nK , whenever D > C log n. Put otherwise, E ½s > nK , for every fixed constant
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Fig. 5. Absorption time s (y-axis) of the biased majority dynamics on G as a (x-axis) and d (color) vary. We also show as a dashed line the empirical
 D . In the left plot we see the results for low density graphs (d 2 f3; . . . ; 2log2 ng, eight equally distanced values); in the right plot we see the
threshold a
results for high density graphs (d 2 f2log2 n; . . . ; ng, eight equally distanced values).

Fig. 6. Absorption time s (y-axis) of the biased voter dynamics on the complete graph G with n ¼ 1024 nodes as a (x-axis) varies. We also show as a dotted
line the theoretical expected absorption time a2 n and as a dashed line the theoretical high probability upper bound on the expected absorption time 1a n log n.


qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
K > 0, whenever a < aD :¼ 12 1  6ðKþ1DÞ lnð6nÞ . Although meaningless for sparse graphs,9 this condition does apply to dense
pﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ﬃ
6ðKþ1Þ lnð6nÞ
D
 D :¼ 12 e
, which is positive for
graphs in which D > 6ðK þ 1Þ lnð6nÞ. For this reason we propose an empirical threshold a
 D 6 12 (since 1 þ x 6 ex for every x).
all values of D and aD 6 a
 D corresponding to each value of D ¼ d. Even though the empirical threshold
Fig. 5 shows the empirical thresholds a
clearly differs from the actual value of a for which the process has a phase transition, especially for small values of d (left
plot), the agreement becomes increasingly better as d increases (right plot). This suggests that aD and the empirical threshold
might well capture the asymptotic behavior of the phase transition in dense graphs, (asymptotically) capturing the speed of
 D for D ¼ xðlog nÞ and n ! 1, these empirical observations also suggest
the process toward absorption. Given that aD  a
that our lower bound provided in Theorem 4.3 might be asymptotically tight for dense graphs, although we leave this as
an open question.
Fig. 6 shows the results of the simulation of the a-biased voter dynamics. The first observation is the comparison between
the actual behavior of the dynamics with the theoretical prediction of Theorem 5.1. The absorption time of the a-biased voter
dynamics is indeed close to its expected value (i.e., s ¼ a2 n); moreover, the high probability upper bound of the absorption
9

If D < 6ðK þ 1Þ lnð6nÞ then aD < 0.
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time (i.e., s ¼ 1a n log n), is never exceeded. The second observation regards the comparison between the actual absorption
time of the a-biased voter dynamics and the lower bound on the expected absorption time of the a-biased majority dynamics (Theorem 4.3). On the one hand, the biased majority dynamics would need at least exponential time to reach absorption

on a complete graph (for any a < 1=2). On the other hand, the biased voter reaches absorption in expected time O an and in
n

time O a log n with high probability.
7. Discussion and Outlook
In this paper, we considered biased opinion dynamics under two popular update rules, namely the majority [29] and the
voter model [31]. Although related, these two models exhibit substantial differences in our setting. Whereas the voter model
enforces a drift toward the majority opinion within a neighborhood, in the sense that this is adopted with probability proportional to the size of its support, majority is a nonlinear update rule, a feature that seems to play a crucial role in the sce

nario we consider. This is reflected in the absorption time of the resulting biased opinion dynamics, which is O 1a n log n for
the voter model, regardless of the underlying topology, whereas it exhibits a far richer behavior under the majority rule,
being super-polynomial (possibly exponential) in dense graphs. It may be worth mentioning that in the case of two opinions,
the majority rule is actually equivalent to the (unweighted) median rule, recently proposed as a credible alternative to the
weighted averaging of the DeGroot’s and Friedkin-Johnsen’s models [32].
A modular model. Both scenarios we studied are instantiations of a general model that is completely specified by a triple
ðz; a; DÞ, with z an initial opinion distribution, a 2 ð0; 1 a probability measuring the magnitude of the bias toward the dominant opinion, and D an update rule that specifies some underlying opinion dynamics. In more detail, a biased opinion
dynamics can be succinctly described as follows.
The system starts in some state xð0Þ ¼ z, corresponding to the initial opinion distribution; for t > 0, let xðt1Þ ¼ x be the
state at the end of step t  1. In step t, a node v is picked uniformly at random from V and its state is updated as follows:



xvðtÞ ¼

1
with probability a;
DG ðv ; xÞ with probability 1  a;

where DG : V f0; 1gn ! f0; 1g is the update rule.10 When the update rule is probabilistic (as in the voter model), DG ðv ; xÞ is a
random variable, conditioned on the value x of the state at the end of step t  1.
Remark. It is simple to see that 1 is the only absorbing state of the resulting dynamics, whenever a – 0 and D does not
allow update of an agent’s opinion to one that is not held by at least one of the agent’s neighbors, which is the case for many
update rules in the discrete-opinion setting.
We further remark that the initial condition xð0Þ ¼ 0 considered in this paper is not intrinsic to the model, it rather reflects
scenarios (e.g., technology adoption) where a new, superior alternative to the status quo is introduced, but its adoption is
possibly slowed by inertia of the system. Although the reasons behind system’s inertia are not the focus of this paper, inertia
itself is expressed here as a social pressure in the form of some update rule DG . Another reason for choosing a fixed initial
state (0 in our case) is being able to compare the behavior of the biased opinion dynamics under different update rules
on a common basis.
Finally, it is worth mentioning that Theorem 5.1 and the upper bounds given in Section 4.3 hold regardless of the initial
opinion distribution.
Outlook. This paper leaves a number of open questions. A first one concerns an accurate theoretical description of the
phase-transition behavior of the dynamics under the majority update rule, as empirically observed in Section 6 on regular
graphs. In fact, whereas the phenomenon is relatively well understood on dense graphs (with Lemma 4.2 and Theorem 4.3
proving a threshold phenomenon on a ¼ 1=2 for large n), we have not been able to provide any mathematical evidence of the
same phenomenon on sparse graphs. The only exceptions are specific graph topologies for which we proved polynomial
absorption time whenever a is constant, such as the cycle (Theorem 4.5), trees with degree Oðlog nÞ, and disconnected cliques
of size Oðlog nÞ (Theorem 4.6).
A further question is whether the expected absorption time is always Oðn log nÞ when a P 1=2, irrespectively of the
underlying dynamics and topology. This is clearly true for the voter model from Theorem 5.1 and it also holds for the majority model whenever the underlying network has minimum degree Xðlog nÞ from Lemma 4.2.
We finally remark that our results and most results in related work apply to the case of two competing opinions. An obvious direction for further research is the extension of our results to the case of multiple opinions.
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The subscript G highlights the fact that the result of the application of a given update rule D in general depends on both the current state and the underlying
graph G. The above definition can be easily adjusted to reflect the presence of weights on the edges.
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