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Abstract: In this paper, we propose a multi-dimensional opinion formation
model for online social networks. Previous studies have not taken into account
the “curse of dimensionality” that comes from the higher-dimensional state
space used in multi-dimensional opinion formation; the dimensionality is high
as opinions with various types of preferences must be handled simultaneously.
Conventionally, the interactions between users are limited to static models in
which the topics that users discuss are predetermined and do not change.
Our proposed method can avoid the above problems with previous studies
by introducing low-dimensional subspaces for interacting user pairs by using
word distributed representation. We propose a dynamic model that allows
users to discuss various topics at each interaction. Simulations of the proposed
model show that discussion focused on a particular topic encourages opinion
formation.
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1 Introduction

Recently, polarization, in which users on online social networks (OSNs) divided
themselves into groups with opposing opinions, has become a social problem [1].
Opinion formation models have been proposed to elucidate the mechanism of po-
larization. Opinion formation models introduce the opinion vector to quantitatively
represent users’ opinions, and construct rules for opinion change due to interactions
among users. Opinion formation models have been actively developed, and the
presence or absence and strength of interaction are usually determined based on the
distance between opinion vectors [2, 3]. However, these studies did not take account
of the “curse of dimensionality” that occurs in the higher-dimensional space neces-
sary for multi-dimensional opinion formation, which deals with opinions on multiple
topics. In a higher-dimensional Euclidean space, the distances between almost all
vectors tend to be similar. This is because most of the volume in a hypersphere in a
higher-dimensional space is concentrated near the surface. For example, the volume
of the part of n-dimensional hypersphere Sn of radius 1 that is more than 0.9 away
from the center is approximately 19% of the total volume for S1 (circle), 27% for S2

(sphere), and 99.997% for S100; this is called the “curse of dimensionality”. This can
cause problems when measuring the distance between opinion vectors. Also, most
user interaction models deal with only static topics. However, since the topics of
conversation on OSNs change frequently, a dynamic model is needed. We propose
a model in which users interact in a lower-dimensional subspace corresponding to
their communication on a particular topic. This is a dynamic model that interacts
with the topic at each point in time while avoiding the “curse of dimensionality”.

2 Proposed method

We describe our method for constructing the subspace of user interaction and the
interaction rule.

2.1 Subspace construction method
Humans have various values, and trying to express them perfectly creates a high-
dimension vector to encompass the huge variety of values possible. When a user
posts some articles to SNS, it is natural to think that the user’s values are reflected
in it. However, the post should not be taken to reflect the entire personality of the
user, only some of the values associated with the limited topics being discussed.

The characteristics of users’ posts can be categorized by using the word dis-
tributed representation [4]. This representation handles words as vectors with di-
mensionality of several hundred, where the word vector orientation corresponds to
the meaning of the word.

We adopt this approach and assume that the characteristics (or opinions) of users
can be described by vectors in the (higher-dimensional) space spanned by word
vectors of the word distributed representation. Also, we assume the words used in a
post reflect the topic at that time, and construct a subspace with the corresponding
word vector as its basis. Opinion vectors of a user in the higher-dimensional space
represent the whole personality of the user, but a user’s limited opinions on the© IEICE 2022
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topic are projected onto the constructed subspace; interaction between users occurs
between the corresponding projected vectors.

Let word vectors be M-dimensional vectors, and W be the set of words. The
word vector of word j ∈ W is denoted by w j =

∑M
i=1 w

i
j ei, where ei is the standard

basis and M is the dimension of the space in which the word vector is embedded. Let
opinion vectors also be M-dimensional vectors in the same space as word vectors,
and U = {1, 2, . . . , N} be the set of users. The opinion vector xk =

∑M
i=1 xi

k
ei of

user k ∈ U exists in the space where word vectors are embedded.
Suppose that only D words are involved in a particular SNS communication. The

D words are selected the smallest number of word vectors to be linearly independent.
If linearly dependent vectors exist, they are excluded. Consider a D-dimensional
subspace spanned by the selected D vectors. Let w̃ j ( j = 1, . . . , D) be a reindexed
word vector corresponding to D words in the subspace. To assess interactions in
the D-dimensional subspace, opinion vectors are projected to this subspace. The
projection matrix for the subspace span{w̃1, . . . , w̃D} is

P = A
(
A⊤ A

)−1
A⊤, (1)

where A = [w̃1, . . . , w̃D] and the projection vector of user k is pk = Pxk . Projection
vector pk is represented using the basis matrix A of the subspace:

pk = P xk = A ok =
D∑
j=1

o j
k
w̃ j, (2)

where ok =
(
o1
k
, . . . ,oD

k

)⊤ is a column vector of coefficients and is corresponding
to opinion value for each word vector. Using the pseudo-inverse matrix A+ of the
basis matrix A, defined as

A+ =
(
A⊤A

)−1
A⊤,

it is possible to obtain ok as

ok = A+ pk = A+ Pxk,

and we can represent the projection vector as a linear combination of word vectors.
It is a known problem that word vectors are similar between antonyms. In other

words, there is no word vector of antonyms in the opposite direction to a given word
vector. However, in considering user interaction, it is necessary to deal with positive
and negative opinions on a topic. If o j

k
in equation (2) increases, we consider

that user k has more positive opinions about the corresponding word vector w̃ j ,
and if o j

k
decreases, we consider that user k has more negative opinions about the

corresponding word vector.

2.2 Interaction rules
We extend the interaction rules of our previously proposed one-dimensional opinion
formation model [5] to multiple dimensions. In this one-dimensional model, periodic
boundary conditions are imposed at both ends of the interval where opinion values
can be taken, and two types of reactions, empathy and repulsion, are defined by
the same form exponential functions. To extend this model to multiple dimensions,
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we impose periodic boundary conditions on the subspace constructed in section
2.1 and consider the subspace as a multi-dimensional torus. We determine the
type and strength of the interaction by comparing the projection vectors on a multi-
dimensional torus.

We describe the interaction rules step by step. First, for each dimension cor-
responding to each word vector, empathy or repulsion is selected with a certain
probability. Projected vectors of user k and user l, pk and pl, can be represented
by a linear combinations of word vectors. Along the word vector of word j, we
introduce the scaling of opinion value as õ j

k
= a tanh

(
o j
k

)
so that the user’s opin-

ion values take the range (−a,a) (a ∈ R). The projection vector is also written as
p̃k = Aõk =

∑D
j=1 õ j

k
w̃ j . Let ∆j = |õ j

l
− õ j

k
| be the distance in opinion values along

the word vector of word j between user k and user l as shown in Fig. 1(a). Another
distance ∆′j = 2a − ∆j can be defined by considering periodic boundary conditions.
The significant characteristic of this model is that the reaction of empathy and re-
pulsion are described by the same framework by using the distance of vectors with
periodic boundary conditions [5]. Given that smaller differences in opinion make
it easier to establish empathy and that larger differences in opinion make repulsion
more likely, the probabilities of empathy pe, j and repulsion pr, j in dimension j are
defined as follows: 

pe, j =
exp

(
−∆j

)
exp

(
−∆j

)
+ exp

(
−∆′j

) ,
pr, j =

exp
(
−∆′j

)
exp

(
−∆j

)
+ exp

(
−∆′j

) . (3)

Next, the projection vector is changed so that it approaches the interaction partner
on the multi-dimensional torus corresponding to the determined combination of
reactions. As shown in Fig. 1(b), p̃k is changed toward p̃l. Assuming that the closer
the distance is to the interaction partner, the stronger is the influence and the larger
is the change in opinion value, and also assuming that there is no absolute standard
of opinion, the projection vector changes according to the following rule:

p̃k(t) = p̃k(t − 1) + Xcλ exp (−λ∆) u. (4)

Here, u is the unit vector
u =

( p̃l − p̃k)
| p̃l − p̃k |

,

where ∆ = | p̃l − p̃k |. Also, c and λ ∈ (0,1/c] are parameters, and X denotes the
distance that projection vector p̃k can be changed. X can be obtained as X = τ∆
using the minimum τ at the intersection of vector

p̃k + τ( p̃l − p̃k) (b ∈ [0,1]) ,

and the boundaries ± a ( j = 1, . . . , D) of the multi-dimensional torus. An exception
is when p̃k + τ ( p̃l − p̃k) does not intersect any boundaries in the range 0 ≤ τ ≤ 1
(when empathy is selected in all dimensions), in that case X = ∆.© IEICE 2022
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Fig. 1. Illustrations of opinion distances in each dimension
and opinion change rule

Finally, the opinion vector is changed as the projection vector changes in the
subspace. That is, the inverse transformation of õ j(t) = a tanh

(
o j(t)

)
,

o j(t) = 1
2

log
(

a + õ j(t)
a − õ j(t)

)
,

is applied, and the projection vector is changed to pk(t) =
∑D

j=1 o j
k
(t) w̃ j as well.

Using these, opinion vector xk(t) after the interaction is xk(t) = xk(t − 1) +
(pk(t) − pk(t − 1)).

3 Experimental evaluation

We conduct simulations and evaluate the impact of the dimension of the interacting
subspace on opinion formation.
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Fig. 2. Opinion changings in the case of interaction in different
dimensional subspaces

We consider opinion formation through interaction between networked users.
A randomly selected user on the network performs some action such as posting on
an OSN, and neighboring users are influenced and their opinion vector changes;
this process is repeated 5000 times. We conduct this simulation in two different
dimensional subspaces and compare the time evolution of opinion values for a
particular word vector.

The experimental conditions are given below. The network structure is given
by Erdős-Rényi model [6] with 100 nodes with link connection probability of 0.3.
For each node k (k = 1, . . . , 100), each element of the opinion vector xk is given
randomly in the range [−1,1]. We use ten randomly generated vectors as the word
vectors w̃1, . . . , w̃10 and these vectors are normalized. We prepare span{w̃1} and
span{w̃1, . . . , w̃10} as the subspaces in which the interaction occurs. Interaction in a
one-dimensional space corresponds to a situation in which discussion is concentrated
on a specific topic, while interaction in ten-dimensional space corresponds to a
situation in which multiple topics are mixed and the topics of conversation are
unfocused. We compare the time evolution in opinion value o1 of {w̃1} due to
interactions in span{w̃1} and span{w̃1, . . . , w̃10}. The parameters in the interaction
rule (4) are set to c = 0.05 and λ = 14.

The change of o1 when interacting in span{w̃1} is shown in Fig. 2(a). In this case,
two groups with different opinions are formed. On the other hand, Fig. 2(b) shows
the change of o1 for interaction in span{w̃1, . . . , w̃10}. In this case, the opinion value
of each user changes little. This comparison implies that overheated discussions on
specific topics contribute to opinion formation.

4 Conclusion

We proposed a multi-dimensional opinion formation model that can avoid the prob-
lems caused by higher-dimensional state spaces. In addition, we evaluated the effect
of the dimension of the interacting subspace by simulation. The results imply that
smaller subspace dimensionality, i.e., concentration of discussion on a particular
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topic, contributes to opinion formation.
In the simulations, randomly generated vectors were used as word vectors. The

word vectors are approximately orthogonal to each other. Future work will include
evaluations of the effect of the angle of intersection of word vectors and verification
using actual word vectors and text data collected from OSNs.
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