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In this talk | willintroduce a novelmodel of opiniondynamics that couples an opinionformation
model with a general interaction functionto a coevolving social network in which individuals

buildrelationships through continued meaningfulinteraction.
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I'm already “What an
asleep awesome talk!”



DeGroot model Deffuant-Weisbuch model

Repeated weighted averaging Bounded confidence, pairwise interactions

Friedkin-Johnson model Hegselmann-Krause model

Bias towards initial opinion Bounded confidence, global interactions

Votermodel An explosion of research...
Binary interacting particle system Axelrod’'s model (Including usl)

Dissemination of Culture

Axelrod’s Puzzle: "If people tend to become more alike in their beliefs, attitudes, and behaviour
when they interact, why do not all such differenceseventually disappeare”



Hegselmann-Krause model

Bounded confidence, global interactions

1990s 2010s -

1970s

Bounded confidence set: Bounded confidence dynamics:
100 = {j | — x5 < R) dx; 1 > (- x)
dt 11(x,1)] J ¥

JEI(x,i)






Bounded confidence dynamics:
dx

L1
dt  |1(x 0] Z (% =)

JEI(x,i)

Define the interaction function:

1iflx; —x:|<R
¢R<|xi—xj|)={ i =]

0if |x; — x;| = R

Bounded confidence dynamics:

dx; X br(|x — %) (o — x;)

dt % ¢r(|x — x])




Bounded confidence dynamics:

dx; _ 2. ¢R(|xi — ij(xj — x;)
dt % or(|x:i — %)

Simplify the normalisation

Bounded confidence dynamics:

il NZ dr(|x —x]) (3 — %)



Bounded confidence dynamics:

il NZ br (% — x]) (5 — x)

Define a general interaction function:

gb(|xl- — ij : [0,2] - [0,1]

General opinion dynamics:

aal NZ #(Jx: = x]) (x5 — x,)



Bounded confidence dynamics: General opinion dynamics:

dxi 1 dxi 1
@ e 2, () = ol ) - %)
J

JeI(x,i)

What does ¢ now represente

 The attention/value you give somebody’s opinion?

«  How much an opinion influences you?

« How much dissonance/discomfort the difference in opinion createse
« Some unspecified mix of these effects?



10 -
—
—
0.8
— ¢3
=
=
T 06 -
i
=
=
B 04
i
=
02
0.0

po0 025 050 075 100 125 150 175 200
Distance

Example interaction functions:

lifr <0.3 8
5

1 2
b1(r) = {O s 0g 92 =T, $a(r) = —(r —5) (r+ D) - 2)?




Opinicn

Dynamics with interaction function ¢ Dynamics with interaction function ¢; Dynamics with interaction function ¢3
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Example inferaction functions:

j : 38 1
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Definition: The opinion diameter is given by:

General opinion dynamics:

= qub(m AEEED

D(t) = ml_%_x |xj(t) — xi(t)|.

Definition: The populationreaches consensus if:

lim D(t) = 0.

t—> oo

Proposition: x;(t) € [—-1,1] for all t = 0. Additionally, D(t) convergesto some valuein [0,2] as

t — oo,

Proposition: For any € > 0 there exists a time t* at which, for all pairs of individualsi and j

o (|2 (")

2
I < e

Proposition: If there exists a constant ¢ > 0 such that ¢(r) > ¢ for all r € [0,2]
then consensus is guaranteed for any x(0).



So far...

« Seen some history of opinion
dynamics

« Constructed a general model

« Observed both consensus
and polarisation.







General opinion dynamics:

il NE ®(Jx: = %]) (3 — x:)

Infroduce a network: w

Network opinion dynamics:

dt NEWU o (|x; — x;) (% — x;)



Network opinion dynamics:

dx; 1
B DACLLCREDICRED
J

Account for network in normalisation

ki = z Wij
J
Network opinion dynamics:

dt ~ k ZWU d(|x; — x;|) (27 — x;)



General opinion dynamics: Network opinion dynamics:

dx; 1
- NZ (I = 5 (3 = %) 2t = w2 ok~ 5y~ x)
J

What does w represente

« Spatial constraintse
« Toindicate expertise?
« Social relationships (e.g. trust, confidence)?



Opinion

MNetwork (nodes coloured by initial opinion)

Dynamics with interaction function ¢;
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MNetwork (nodes colourad by initial opinion)

Dynamics with interaction function ¢;

Opinicn

Dynamics with interaction function ¢,
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Definition: The opinion diameteris given by:

Network opinion dynamics:
D(t) = max |x;(t) — x;(t)]. dx. 1
2 =5 2w el =) —x)

J

Definition: The populationreaches consensus if:

lim D(t) = 0.

t—> oo

Proposition: x;(t) € [—-1,1] for all t = 0. Additionally, D(t) convergesto some valuein [0,2] as

t — oo,

Proposition: For any € > 0 there exists a time t* at which, for all pairs of individualsi and j

o (%" — %, @))% = %)

2
< €.

Proposition: If and there exists a constant ¢ > 0 such that ¢(r) >
c for all r € [0,2] then consensus is guaranteed for any x(0).



Bounded confidence on a network:

dx; 1
d_tl = k_lz Wi; ¢R(|xl’ — le)(xj —_ xi)
J

Networks:

« Using Erdos-Renyirandom networks
with edge probability p.

 The expected number of
connections for each node is Np.

Order parameter:

1
0 =57 $allxi—x)
L,J

Case Study:
Bounded Confidence
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So far...
« Constructed a general network model
« Extended analyticresults to include a network.

« Investigatedthe compleximpact of R and p.



Network
Dynamics




coevolvingsocialnetwork in whichindividuals

e —

_buildrelationships through.continued meaningfeiinteraction. f\
w(t)

J

Increasing wy;(t)

Interaction function ¢

Not an instantaneous
change



= xi]) (= xi)

Growth function

Decay function




Iv\emory weight dynamics:

— x| )(1 —wy;) = (1_¢(|xi_ jl))W

Logistic weight dynamics:

= xi|) wij (1 —wyj) = (1 — (| - xj|)) wii (1 —wy;)

Friend-of-a-friend (FOAF) weight dynamics:
dw;
U = ([ — x;]) (wij + 2W2)5)(1 = wyj) - (1 — ¢(|x; - ]|)) Wij




Memory weight dynamics:
dWij

S 2 (=) (1) = (1= b= )
= (| —x5]) —wy;

t

w;; () = e~ tw;;(0) + j eS~t(|x;(s) — x;(s)|) ds

0




Logistic weight dynamics:

dWij

dt ¢(|xi - le) Wi (1 - Wij) — (1 — ¢(|Xi — xj|)) Wij(]- — Wij)
— (2¢(|xi — ]D - 1) Wij(1 - Wij)




Pabal s

Friend-of-a-friend (FOAF) weight dynamics:
dwij

T2 = 9= ) (i + 2002) (1= wi) = (1= @i = ]) wy




Fixed
network

FOAF network «
dynamics
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Exponential interaction function: Case Stu dy

&% (|x; — x;|) = e~ @i Exponential interaction
Fixed Logistic network FOAF network
network dynamics dynamics
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Np Np Np



Network
Dynamics

Opinion dynamics models capture
consensus, polarisation and
fragmentation.

Intfroducing a network creates a
complex pattern of behaviours.

A new model where the interaction
function balances growth and
decay of edge weights.

Network dynamics can both
help create consensusand
entrench polarised views.
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