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Introduction

Influence and Belief Flow in Social Networks 

Humans are constantly influencing each other due to being inherently social beings, and we live in a web 
of social networks that shape our opinions and behaviors, sometimes leading to unintended 
consequences such as informational bubbles and public opinions that seem to be at odds with the 
deliberation by citizens that is presupposed by a democratic society (Christoff, 2016).

Recently, it has become evident that online social networks have a great, unpredictable impact on society 
and even democracy at large. Social networks allow users to join groups that share similar interests and 
ideologies, which makes for heavily appealing features that have made social networks the most popular 
media platform for interaction and communication However, the spread of beliefs, knowledge, and 
opinions in social networks is still not well understood, and formal analyses of these issues would make 
it possible to better understand and predict the effects of social networks on public opinion and on 
political processes, and to avoid undesirable situations such as radicalization and the spread of false 
beliefs. Furthermore, social networks have the ability to filter and direct information to a larger amount 
of users based on their social connectivity or group affiliation. This level of connectivity allows for 
individuals with opposing views to strengthen their own bias and reinforce original beliefs, which leads 
to further polarization between viewpoints, causing confirmation bias (Alvim, Knight, Valencia, 2019).   

The aim of this project is to explore utilizing aspects of action models, announcements, runs/histories, 
and dynamic epistemic logic in order to model inaccurate beliefs in social networks through a simple 
example that utilizes these ideas. Specifically, developing a model through equivalence and accessibility 
relations and influence function. 

Online social networks have become a dominant and widespread way to interact with others who have the 
same or different beliefs as one another and the dynamic nature of social networks is useful in modeling 
various interactions to understand how belief and knowledge can change within them, given various 
circumstances. Dynamic Epistemic Logics are extensions of epistemic knowledge-based logic, which are 
logics that can be used to reason about information and information change as agents communicate with 
one another, and concerns itself with logical approaches to knowledge, beliefs and related notions (Kooi, 
2003).  Dynamic Epistemic Logic shows promise for this project, with its focus on analyzing knowledge 
and belief. Since formal logic models have seldom been explored in social networks, the goal of this 
project is to create a logic that provides an accurate model of belief flow in social networks. This work fits 
into Dr. Sophia Knight’s wider project on formally modeling information flow, belief change, and 
polarization in social networks. Knight has already developed and implemented a basic formal model of 
social networks that involves bias-influenced belief updates and interaction models within the network that 
allows for various ways in which society can be interconnected through influence and groups (Alvim, 
Knight, Valencia, 2019).

In “Toward a Formal Model for Group Polarization in Social Networks,” the authors developed a preliminary 
model for social networks along with a measure of the level of polarization in these social networks. Their 
model includes information about each agent’s quantitative strength of belief in a proposition of interest and 
representation of the strength of each agent’s influence on every other agents within the network. They 
consider how the model changes over time as agents interact and communicate with one another, along with 
including various options for belief update. This work addresses the shortcoming in current models that either 
investigate the effect of each bias individually and independently from how individuals interact in society. 
Otherwise, assume the same type of interaction occurs in every pair of agents (Alvim, Knight, Valencia, 2019). 
In relation, Christoff explains the Logic utilized in her work, “Dynamic Logics of Networks: Information Flow 
and the Spread of Opinions.” She touches upon diffusion phenomena, which captures the way information can 
spread over a social network assuming that the social network does not change its inherit structure. She 
developed Facebook Logic, which deals with knowledge change via communications through on online social 
networks. In particular, it takes into account preferences change under peer pressure along with belief change 
under social influence. The logic highlights the attitudes of agents’ knowledge, preference, opinions along 
with the social network structure itself. Christoff asserts that since opinions change under peer pressure, an 
agent can be strongly influenced or weakly influenced depending upon what their friends believe and do not 
believe.  
While the two works are related, there are is a notable differences between Christoff’s work and Alvim, 
Knight, and Valencia’s ongoing work. Christoff does not have any notion of quantitative belief while Alvim, 
Knight, and Valencia’s model utilized varying strength of quantitative belief within the range of -1 to 1.
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In understanding various interactions between agents that can be modeled utilizing a social network, there are 
a range of relevant approaches to consider in order to approach the issue of providing an accurate model of 
belief flow in these networks. The interactions themselves are kept simple to focus on the manner in how 
beliefs can be changed and updated within agents who have influence on one another when given a piece of 
information that transforms each agents’ states.  
Basic Epistemic Logic captures the inherent properties of knowledge and furthermore, reasoning about 
knowledge. Knowledge and belief are represented via modal operators which indicate that the agent holds a 
certain attitude. It allows for formal exploration of the implication of epistemic principles such as what is 
known to be true and what information is known to be known typically in terms of possible worlds through 
Kripke models (SEP).  
Dynamic Epistemic Logic  (DEL) is a set of extensions to the basic forms of epistemic logic The aim of DEL 
is to introduce various epistemic actions with models to formulate logical languages that incorporate these 
actions(van Ditmarsch, Halpbern, Hoek, Kooi, 2015). It is important to note the dynamic nature of this logic 
allows for the shift from a static semantics of truth in a Kripke model, which is a model to characterize the 
knowledge or beliefs of idealized agents in terms of considered possibilities as to what the agent knows or 
believes in certain states, into a dynamic semantics of truth within the model transformations. DEL 
incorporates the use of Public Announcement Logic (PAL) that incorporates an action of informing all agents 
of a sentence and allowing all agents to simultaneously accepting this announcement, changing the current 
states of the agents’ knowledge and beliefs and updating them in a dynamic manner (SEP).  
Histories and Runs are utilized to find ways to think about a situation in over to minimize its complexity when 
considering a system. Instead of taking each agents’ extensive history, only the ones that cover what is needed 
for analysis are necessary. In order to do this, it is assumed that at each point in time, each agent in the system 
is in a unique state and that the global state of a system constantly changes. A run, which is a complete 
description of how the system’s global state over time also constantly changes (Fagin, Halpern, Moses, Vardi, 
2003). 

I have modeled a simple scenario that represents an update in knowledge that influences changes on 
agents’ states in a social network. There are three agents: Agent A, Agent B and Agent C. They are all in 
contact with one  another, but the only agents that have influence on one another are Agents B and C. They 
are all apart of the same Facebook group where they get their news on a particular candidate that they have 
all initially planned to vote for. News is then announced of a scandal that this candidate is involved in on 
the page and all three agents view it. This piece of news then updates their knowledge collectively, but 
influences their opinions on the candidate individually. Agent A considers the news to bear more negative 
weight than Agents B and C, therefore leading Agent A to not vote for the candidate while Agents B and C 
still plan to vote for this candidates.   
The novel part of this project is that it attempts to explore counterfactual belief, in which agents’ beliefs of 
one another’s states are inaccurate since other work assumes that what other agents believe has to be true. 
Agent B and C assume that Agent A will still vote for the candidate because they are still voting for the 
candidate given that they have mutual knowledge that they are all a part of the same group to support this 
candidate. 
Currently, the goal is to find ways to formally model this scenario. The main approach that had been 
utilized are vectors that represent each agent’s state and takes into account histories and runs at various 
timestamps. I have also attempted to explore extending accessibility relations on histories and runs, as 
these relations exhibit that two states for an agent are equal if and only if their histories and runs are 
equivalent, otherwise the states are considered to be different. In particular, exploring recollection of 
memories in states that each agent is in and how these recollections of states would influence the overall 
collection of histories and states. Each agent’s histories and runs are represented by their initial state value, 
intermediate state value, and final state value from 0-1, with 1 being a strong probability that they will vote 
for the candidate. Each sub-state has three values representing different times of the day that exhibit when 
their belief value change, with the intermediate state of each agent representing the timestamp when they 
had received news. Their overall state is then calculated by taking the summation of each agents’ 
individual state and dividing by each vector.  
In addition, I had also explored the belief update function that Alvim, Knight, and Valencia had outlined in 
their paper. In particular, the confirmation-bias update-function. Their function incorporates insight that 
agents may be prone to confirmation bias, which is that they would tend to give more weight to evidence 
that supports their current beliefs as opposed to ones that contradicts. In their function, when agent aj  
presents agent ai with evidence for or against a proposition p, the update function will move agent ai’s 
belief towards the belie of agent aj in proportion to the influence In(aj, ai) that aj has over ai. However, the 
move is stronger when aj’s belief is similar to ai’s than when it is dissimilar and is exemplified by the 
following equation:  

I am currently exploring this function to be utilized fo this scenario. Currently, Agent B and Agent C 
heavily influence each other so the influence function can be utilized in that regard. However, further 
direction includes adding the influence of the message that is being received by the agents and this will be 
represented as a constant, in addition to exploring ways to model counterfactual belief and update 
functions that are unique to each agent’s state. There would ideally be a “real” state and an “assumed” state 
for each agent and their perceptions of each other’s states.  
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