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Abstract—In any connected network, resource scarcity, per-
ceived road blocks, and incongruent objectives can potentially
ensue conflicts among stakeholders. In the existing literature,
trust has been cited as a crucial component in effective conflict
management. Besides trust, empathy, and social intelligence play
decisive roles in enhancing cooperation, encouraging information
sharing, and promoting problem solving. In this paper, we
discuss the three major components of conflict management and
propose a computational model, which is inspired from social
psychology for conflict management in connected vehicles (CV).
Our mathematical algorithm focuses on three factors, namely
trust, empathy, and social intelligence that are learned via social
interactions among vehicles to ensure safety of vehicles and
passengers. The triad of trust, empathy, and social intelligence is
used to aid reinforcement learning (RL) for obtaining the optimal
g-values and rewards in the shortest duration of time in the
CV network. We have examined how the three factors influence
the learning process and analysed their conflict management
potentials. Results show that the proposed model is 118:18%
more efficient than the trust-only-based RL algorithm.

Index Terms—Trust, social intelligence, empathy, conflict man-
agement, connected vehicles, reinforcement learning.

I. INTRODUCTION

Conflicts, at multiple levels, might emerge in any network
over a period of time as different stakeholders interact with
each other [1]. Since ancient times, conflict resolution has
played a key role in how human civilizations have evolved [2].
Even to this day, harmonious coexistence of nations faces
great challenges [3]. In a social context, examples of networks
include families, circles of friendship, or web of professional
acquaintances. We refer to these stakeholders that participate
and negotiate their way through their networks as parties.
Conflict management is a practical and methodical approach to
help parties find an amicable solution for a problem appear-
ing on domestic, professional, social, or political fronts [4].
Some models have been proposed over time to explain how
systems sustain cooperation when presented with conflicts
and challenges [5]. A prerequisite to conflict management
is effective negotiation, which builds upon teamwork and
collaboration [6].

Connected vehicles (CV) are designed to communicate with
each other and with infrastructure to enhance safety on the
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road. However, conflicts can arise when multiple vehicles
try to access the same resources or space particularly at
intersections [7]. These challenges arise due to the lack of
understanding of the measuring environment and the limited
accuracy of data sources, leading to data conflicts across
diverse sources [8]. These challenges can ultimately affect
traffic navigation systems and the safety of passengers. To
address these challenges, building trust and reputation of CVs
has emerged as a topic of interest [9], [10]. By improving
the reliability and accuracy of information exchange, trust and
reputation models can reduce the potential for accidents and
improve the overall safety of the CV system [11].

Trust is the foundation for establishing and maintaining any
relationship [12]. It is the conviction, existing among the par-
ties of relationship, of mutual benevolence, and additionally, a
social capital which ensures a solid social structure [13].
Absence of trust and understanding results in conflict, and fur-
thermore, hampers any attempts of negotiation. Furthermore,
paying attention to others’ point of view in decision-making
promotes cooperation and harmony [14]. In non-social circum-
stances, reinforcement models provide persuasive descriptions
of feedback-based learning, but social interactions frequently
involve inferences of others’ attribute traits [15], which are not
captured with taking trust as the only parameter. Therefore,
the concepts of trust, empathy and social intelligence that are
adopted from social psychology are incorporated in reinforce-
ment learning (RL) framework to evaluate the interactions
among entities. We believe that our work is significant since
all the above three attributes together are not modelled in the
state-of-the-art algorithms. Furthermore, we use these factors
to reach to an optimal conflict state for a constructive and
mutually beneficial outcome [16].

The paper introduces a model, which focuses on the triad of
trust, social intelligence and empathy, to achieve conflict free
actions in CV networks. The organization of the paperis as
follows: Section |l examines the status of contemporary
research on conflict management. Section |11 provides insights
on concepts such as trust and understanding and elucidates
major implications of the concepts. Additionally, the section
provides an argument that conflicts may be avoided by focus-
ing on root causes and proposes a framework for minimizing
conflicts. Section 1V presents results of the proposed algorithm
in CV networks and a comparative analysis of the results.
Finally, in Section V, we present the conclusions drawn and
the scope for future work.
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Fig. 1: (a) Conflict management strategies based on five states. (b) Computational Model for Conflict Management. (c) State
diagram that illustrates transition between different strategies in the conflict management process.

II. BACKGROUND AND RELATED WORKS

A. Related Works in Social Psychology

Occurrence of conflicts is unavoidable in any relationship
among individuals. This is because each individual manifests
differences in physical constitution, behavioural patterns, pri-
orities, and preferences. To ensure harmony in relations, it
is imperative to explore possible ways of managing conflicts
and it is unwise to overlook conflicts or tolerate it for long.
Achieving mutual trust and understanding is central to man-
aging conflicts, and furthermore, crucial in ensuring collective
welfare any organization. This may be easier said than done
since individuals may have dissimilar objectives that they pre-
fer to achieve, which can be difficult to achieve simultaneously.
Major types of conflicts that appear in multiple levels of social
network are individual or social clashes, instrumental clashes,
circumstantial clashes and resource conflict [17]-[18].

Irrespective of the source and the nature of the conflict,
we believe, a timely intervention is the best way to manage,
and if possible, to resolve a conflict. Delayed attempts of
resolution might claim more resources and leave marks of
grudge and resentment. These remnants can lead to latent
hostility among the parties that may manifest itself in other
completely unrelated contexts [19]-[20]. The five strategies,
considering inter and intra party responses, proposed by
Floyd [21], for resolving conflicts are described below and
graphically presented in Figure 1(a) and (c). The first three
strategies have deep psychological bearings and are closely
related to the Fight, Flight, Freeze responses, often shown both
by humans and animals.

Fight is a strategy when the parties fight and aggressively
compete for resources without any consideration for
emotions and feelings of others.

Avoidance is a strategy when the parties try to move away
from the conflicting situation, possibly as if “kicking the
can further down the road,” in the hope that time will
resolve the problem.

Accommodation is the strategy when, in order to maintain
harmony, the parties acknowledge conflicts to be normal
or deemed existential.

Collaboration is a strategy which, if handled properly,
has a higher probability of mutual welfare as the parties
try to work together to achieve a common goal [22].
Negotiation is a strategy that lies midway between accom-
modation and collaboration, wherein the parties compro-
mise on the issue and resources.

Any technique that manifests the virtue that all affected
parties are happy about the solution is probably the best one
for resolving conflicts. It is prudent for the involved parties to
negotiate on common grounds and clearly express their
willingness to collaborate.

B. Related Works in Conflict Management in CV

In this section we present related works of managing
conflicts in CV networks. In most of the available state of
the art studies, conflicts in CV are studied at unsignalized
intersection. For instance, the authors in [23] proposed a differ-
ential game theory approach based on collision risk assessment
algorithm along with Gaussian potential field approach to
prevent conflicts at multilane intersections. They implemented
the strategy on a hardware testing platform taking three and
five vehicles at the intersections and modelled the behavior
with aggressiveness parameter. A subset of recent works,
which validates data shared in CV using information obtained
from vehicle’s onboard sensors, focuses on trust estimation
workflows [28]-[29], [47]. However, these trust and reputation
models do not capture other social principles namely empathy
and social intelligence which can be measured through peer-
reported estimates. Moreover they have poor interpretability
when under unforeseen circumstances such as errors, it is hard
to track down the root cause analysis [23].

This paper addresses the above listed shortcomings related
to conflict management in CV and proposes a RL framework.
RL [26] can be used to implement conflict mitigation because it
can enable vehicles to learn from past experiences and make
decisions based on the current situation [48]. RL can also
handle complex and dynamic environments, and uncertain and
incomplete information. By using RL, CV can learn to make
better decisions in conflict situations, which can improve safety
and efficiency on the roads. The authors in [24] pro-posed the
non-cooperative game hypothesis with Q-learning to
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improve the decision making and address the driving conflicts
of CV. The authors use semi-cooperative Nash Q-learning and
Stackelberg Q learning which improved the traffic condition
by 3.50% and 13.32% respectively as compared to constant
strategy. Similarly, authors in [25] have proposed a distributed
conflict free cooperation for multiple connected vehicles at
intersections. They transform the vehicle cluster intersection
to a platoon based on the conflict relationship of different
traffic movements. They used linear feedback controller along
with matrix decomposition to organize the movements of the
vehicles. The state of the art techniques in this domain do
not discuss the different types of resolution techniques that
can be applied and can help in building a recommendation
system [27].

This paper, proposes a better conflict management algo-
rithm which incorporates trust, empathy and social intelligence
factors in Q-learning based RL algorithm. In our earlier
work [30]-[31] we used a distributed ledger technique based
on a directed acyclic graph to mitigate the effects of data
tampering attacks in CV. Social pyshcology factors such as
ability, integrity, and benevolence of the vehicles were used
to calculate the trust factors, which in turn determine the
reputation of the vehicle [35]. We postulate that a similar
approach can be used for conflict resolution in a CV network
with additional cooperative factors such as empathy and social
intelligence.

I1l. PROPOSED WORK: A FRAMEWORK FOR CONFLICT
MANAGEMENT

In this section, we propose a framework for conflict man-
agement that focuses on the principles of trust (T), social
intelligence (S1), and empathy (E).

A. Building Blocks for Conflict Management: Trust, Social
Intelligence, and Empathy

1) Trust: is the conviction prevailing among the parties that
each one is benevolent to others. This conviction serves as the
foundation for both establishing and retaining all relationships.
Stated otherwise, no relationship can be established or retained
in the absence of trust. Trust is a subject-dependent and
dynamic phenomenon [13], and cognition and affection are
the two building blocks that construct trust [32] and under-
standing [33] (See Figure 1(b)). Cognition is the ability of
human being to observe the environment, learn from it, and
make decisions. Cognition depends on the following factors:

Memory which captures the success or failure of past
interactions and relationships
The perceived value and status of the relationship

The qualities possessed by the parties

T is a dynamic and persistent variable which increments
through the gathering of cognition [33]-[34]. Affection is
induced and nurtured by both the cadence and process of
performing interactions. Higher levels of trust can be achieved if
cognition and affection are present throughout interactions.
Nevertheless, stable and intense presence of affection may
invalidate the need for cognition.

2) Social Intelligence: is another major trait that helps
individuals cooperate with each other to improve relation-
ships [36]- [37]. The presence of social intelligence facilitates
better adaptation through a favorable mindset that promotes
emotional sharing and collaborative behavior. S| primarily
depends on three grounds, such as emotional intelligence,
behavioral style, and mindset:

Emotional intelligence is the capability to improve the
relationship skills by strengthening interactions between
the parties

Behavioral style is the characteristic to improve on per-
sonal skills to strengthen one self optimally in accordance
to others

Mindset signifies the ability for self-adapting and self-
evolving, learning from previous interactions

In practical situations, emotional intelligence can be built by
affection, mindset can be molded through cognition, and be-
havioral style can be improved by self learning and adaptation.

3) Empathy: is another major building block that shapes
relationships [38]. It is the disposition to identify and under-
stand others’ emotions and feelings and to consider their needs
and concerns. It comprises of two aspects, such as cognitive
empathy and emotional empathy, where cognitive empathy
signifies mental disposition and emotional empathy denotes
emotional sharing. The two aspects complement each other
and are indispensable for perfect amalgamation of collective
existence. The cognitive aspect makes individuals capable
to understand each other and emotional empathy promotes
social bonding among parties. In practical situations, cognitive
empathy and emotional empathy can be correlated to trust
cognition and trust affection respectively.

The optimum relationship appears when there exists a
perfect congregation of T; SI; and E as shown in Figure 1(b).
The following equation represents the relationship between the
three factors and conflict management (CM).

CM = f(T;SI;E) (1)

For the present work, we have given equal importance to all
the three factors. This is further explained in Section I11 (b). As
elucidated in the previous section there are five strategies, such
as to fight, avoid, accommodate, collaborate, and negotiate, for
conflict resolution which is intended to maintain collaboration,
harmony, and happiness among all parties. We can make the
below hypothesis for all these states:

Fight: In this state, since the parties compete with each
other, there is negligible affection, behavioral style, and
cognition.

Avoiding: Avoiding is a state when the parties change
their behavioral style. Here, improving S| for a team is
easier as compared to T and E. S| of a team depends
on affection, mindset, and behavior existing within the
network. Among the three elements, behavior of the team
plays significant role in improving S1. Behavior does not
affect the T and the E of the team, and therefore all the
resources from behavior are useful for S1I.
Accommodating: This is a state which manifests efforts
from the parties to accommodate each other. Here, it is
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comparatively easier for the network to gain T. Cognition
helps in understanding others’ emotional values. In this
scenario, any conflict that might occur among the units
of the network that were working together successfully
can be mitigated by regaining and leveraging T.

Negotiation: Negotiation is a scenario in which the parties
attempt to compromise so that the optimal level of
cooperation is achieved.

Collaboration: Collaboration is the state which the parties

the
aim for working together to achieve a goal.

B. Reinforcement Learning

People learn the environment by making decisions and
receiving feedback, a process characterized by RL models
in which agents learn by taking actions which leads to posi-
tive consequences. In nonsocial circumstances, reinforcement
models provide persuasive descriptions of feedback-based
learning, but social interactions frequently involve inferences
of others’ attribute traits, which may be independent of their
reward value. RL is a field of machine learning which studies
how rational agents take actions in any given environment
with an intention to maximize cumulative reward. Q-learning
algorithms are a class of methods [39] where we determine a
value of an action in a particular state. In other words, the goal
is to learn optimal Q-values for each state and action pairs.
Value function over states defines how an agent goes through
the entire action space (which contains all the possible list of
actions) using the below equation:

X
Vv (s) = max (R(s;a) + P(s;a;s9 v (s°))(2)
SD
where, s = specific state from the entire state space (conflict)
p @ = spec fic act on from the act on space

mdvihg between different states i w

between the pair of agents s° = state to which the parties transition to, starting from state

S
consensy n{e%tat%llshed between the
R(s; a) = a reward as a function of state s and action a which

coule be Ilnear piec W|se continuous, or discontinuous [42].

P s;a;s” - the probab
WitH action 3 ili i

sOP(s; a;s°)U(s0)- expectation of the situation that the
parties incurs randomness.
V (s)- alue of being in a particular state.

The \Q-function takes the optimal action a in state s and

is defined as the expected return starting from s, taking the
action a defined below.

Qi(s;a) = Qr 1(s; a)+[R(s; a)+Qmax(
(3)
Q-values are also known as the action state values which
proves as an estimation of how good it is to take a particular
action at some specific state, hence it defines the state action
pair. Q-value is thus used iteratively to improve the
learning of an agent. Kindly note while the Q-value does
indeed talk about how attractive a particular state action pair
is, it does not guarantee the agent will take decision on
the basis of the g-value as it may try to explore instead.

In our experimentation, the states are chiefly the values of
Empathy, Trust and Social Intelligence which is grouped with
the possible actions that one can take (i.e. “Fight”, “Avoiding”,
“Negotiation”, “Accommodate”, “Collaboration”).

In this algorithm, predicted state $(t) is defined as

8(t) = [T (t); SI(t); E(t)] (4)
T,S| and E parameters are defined as trust, social intelligence
and empathy W hich is described i n next subsecti on. With

given T, S| and E parameters we seek to locate the action
which gives us the maximum reward. The actions which gives
us the maximum reward with the particular value of these
parameters is thus chosen and is cached by the algorithm for

the later use in calculating the Q values.

C. Unification of All the Above Findings

The mapping of trust (T), social intelligence (SI), and

empathy (E) to CV use case is as follows.

T is analogous directly to the confidence that vehicles
have in each other in knowing that they will be sup-
ported by the other vehicles in the network. This can be
facilitated by a long history (memory) of honest (correct)
information sharing between vehicles [33].

S| is analogous to accepting published driving rules
and guidelines to decision making (or actions). It is
similar to the human cognitive system which completes
the perception-action cycle of decision making through
the diverse processes of social learning [43]-[44].

E is analogous to fair and ethical decision making
in connected networks. Authors in [38] have described
empathy as the ab. oty of someone to change theI r

h ch er%fba &ode based on what other nodes think of that node.

In the proposed algorithm, (T)
is primarily based on the

agents as d scribed i [33]-[34], by t8king intoMaccount the

factors of benevolence (B) and integrity (I). The algorithm
keeps track of the previous consensus between the pair of

agents and therefore at every iteration a benevolence parameter

ty of mov ng from state s to stafé g@lculated which is dependent on the mean of the previous

consensus (X°) and current distance between the pair of
agents

(x).
B, = ex X9 (5)

If the benevolence parameter is below a certain threshold

positive value is incremented between the agents that affects
the integrity actor. We define positive jutcom, using the

inter-vehicle distance model, also called headway, as described

s%a% Q: 1(s;a)]in [46].

pr = pet 1if <
. (6)
nt = nt+ 1 otherwise
where = max;;jon(djj);i = j and djj is the distance value

between the ith and jth objects. is the threshold value chosen
for to define safe driving, where > 0. = 0 implies a fatal
crash, state fight. Later integrity is defined as:
Pt
Pt + Nt

7)
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The final trust value is calculated by taking the weighted
mean of (B) and (I) factors where w1 and ws is equal to 0.5
T(t) = w1 B=5+ wy |

(8)

B is divided by 5, so that the value does not become not a
number. Meanwhile the benevolence parameter calculated is
added to the consensus list maintained by the agent and thus
changing the benevolence parameter which is used to updatein
the future iterations.

Factor (E(t)) is formulated as described in [38] by assum-
ing the pair of agent where one agent has some cost defined
namely \b". This particular agent if it agrees to cooperate
with the other agent it will pay an altruistic cost namely \c"
from \b", while the other agent will get the benefit of \b". If
however the first agent refuses to cooperate, the first agent will
pay no cost while the other agent will get no benefit. However,
being a cooperative environment it is possible the cooperative
act is erroneously executed with an error value denoted by
\E1". Similarly the observer in mishap might assign a bad
reputation instead of good one with error \E2". According to
[38], if the initial level of empathy observed exceeds a given E
SH value the population will tend to move towards the
complete empathy which is given by parameter E1. Similarly,
if the initial empathy observed is below the E SH value, the
population on the contrary will evolve towards a lack of
empathetic situation with the empathy level of 0. The authors
hypothesis the value of cooperation which here is denoted by
value \b" and \c", directly influence the population empathy
as higher the cooperation lesser would be the E SH value and
hence higher the chances of population empathy.

S1(t), the third variable used in the simulation, is calculated
by taking the average of the memory, perception and language
parameters as described in [40] and is passed through the
sigmoid function to constraint the output within a range of 0
and 1.

1
Si(t) = 1+ e (Pe+Mp+ly) (%)
The equation is motivated by the fact that S1 is directly

proportional to each of the individualistic parameters namely
perception (P), memory (M), and language(L) [45]. The
principal activities accomplished for CV are as follows:

Informed object identification via perception using cam-
eras. This also includes dynamic (time-variant) represen-
tation of the environment via perception (using radars,
lidars)

Language is the sharing of vehicle information using
basic safety messages among other vehicles.

Retrieving prior experience using information stored in
memory. Making intelligent decisions employing histori-
cal information and learning algorithms to adapt to new
scenarios.

Based on the above learning through T; E and S1, conflict
state is defined. Figure 2 shows the mapping of states and
actions with respect to T; E and SI. We say when vehicle
has high T;E and S| values, it is in collaborate state and
the reward is given as 1. Algorithm 1 describes the model

Collaborate

Negg tiate Accommodating

Fight

Avoiding.

Fig. 2: Mapping of states and actions

parameters and the state/action relationship:

Algorithm 1: Model Parameters and State/Action Re-
lationship

1 Input: States of the two parties, Tp= threshold set as
0.5

2 Output: State and Action

3 Data: Particular state of Trust (T), Social Intelligence
(SI) and Empathy (E)

4 while true do

5 if T, SI, & E is < T and a; = Fight then

6 L then Ry = -1

7 else if T, E is > Th, and Sl is < Ty and at =

Avoiding then

8 L then Ry = 0.5

9 else if E and Sl is > Th, and Tis < Ty and at =
Accommodating then
10 L then Rty = 0.5

11 else if T, Sl is > Ty, and E is < Th at = Negotiate
then

12 L then Ry = 0.5

13 else if T, SI, E are > Ty and at = Collaborate
then

14 L then Ry = +1

15 else if T, SI, E are > Ty and a; = Avoiding or

Negotiate or Accommodate then
16 | then R¢ = 0.75

17 else Rt =0

IV. SOCIAL PSYCHOLOGY INSPIRED REINFORCEMENT
LEARNING FOR CONFLICT MANAGEMENT IN CONNECTED
VEHICLES

In this section, we apply the proposed algorithm to CV
network, wherein vehicles may use information received from
their own sensors and messages received from other vehicles.
Additionally, vehicles may also rely on their prior experience,
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Fig. 3: (a) Environment containing a car (Object1) with multiple passengers, a person (Object2) who suddenly decides to cross the
road, a brick wall (Object3) to the right of Objectl, a high-speed truck (Object4) behind Objectl and a car (Object5) in the
opposite lane, (b) Only E, (c) Only SI, (d) Only T, (d) All three factors

using historical data stored in the form of transactions in
memory.

A. Analytical Description

In this section, the conflict management model introduced in
the previous section is incorporated into a computer algorithm
that identifies optimal levels of the factors for facilitating
conflicts management. In Figure 3(a), the environment is
described in terms of objects: pedestrians, vehicles, and struc-
tures. The algorithm uses sensors in the car, such as cameras,
which perform the act of seeing as done in human driven
vehicles; thereby providing static (time-invariant) information
of the object such as color and size. It then retrieves apriori
information stored in the memory from previous interactions
with similar objects to make decisions about objects being
seen currently. The decision making process in the algorithmis
based on object and environment detection using current and
historical information and is built on an inference-level
hierarchy [41]. The observation matrix O(t), representing
color, size, position, and speed, is defined as:

2 \Blue" \Medium" Xi(t) V1(t)3
\NA" \Medium" X (1) Vz(t)%
O(t) = Y \Brick" \Large" X3(t) 0
\Purple" \Large" Xa(t) V4(t)g
\Red" \Large" Xs(t) Vs(t)

wherein the first row refers to the agent (O1), the second row
refers to the pedestrian (O2), the third row refers to wall (O3),
the fourth row refers to the truck in same lane (O4) and the
fifth row refers to the car in the opposite lane (O5). While
color and size are considered to be constant (time-invariant),

position and speed are considered as varying temporally. Note
that, while position is generally defined using values in the X
and Y coordinates, for the sake of notational simplicity, in this
paper we define position only with one coordinate X (t).

Let us first consider the case, denoted as Casel, when the
agent makes a decision with no factors taken into account.
With a static snapshot of the environment, the vehicle does not
have sufficient information to prefer one action over the other
and will be going straight. Here, the probability distribution
function for the action space is uniform as seen in Figure 4(a).

Next, we consider the case, denoted as Case2, when the
agent makes a decision exclusively based on either T (See
Figure 3(b)) or S| (See Figure 3(c)) or E (See Figure 3(d)).
Agent recalls from memory that red cars generally have a
history of driving fast. Agent makes a judgement that the red
car is not going to slow down and that the pedestrian is not
going to back off. The agent makes this decision with an
additional assumption that the fast moving truck behind the
agent can see the pedestrian crossing the road. When T is
present between parties in conflict, it can lead to collaboration
because parties may be more willing to work together and
share information or can lead to fight, especially if there are
underlying power dynamics or if trust is violated in some way.
In the case of SI, it can lead to negotiation or fight as the
possible state depending on how it is applied. Similarly, E
can lead to collaboration, avoiding, or fight as possible states
because it helps parties understand each other’s perspectives.
In either case, the probability distribution function is shownin
Figure 4(b).

In the proposed work algorithm, denoted as Case3, the agent
makes decision based on T, SI and E. Social intelligence
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Fig. 4: X = 0.5 denotes the position of the vehicle driving straight. X > 0.5 indicates vehicle swerving to the right. X < 0.5

indicates vehicle swerving to the left.

allows the agent to communicate with other agents using a
commonly understood standard syntax. The agent learns that
the red car is actually slowing down, whereas the truck behind
the agent is not slowing down or changing direction. In this
situation, the agent decides that swerving to the leftis the best
option that is most likely to yield positive rewards leading to
collaborative state (See Figure 3(e)). The probability distribution
function of the reward signal is a beta distribution function, as
shown in Figure 4(c).

B. Performance Analysis

The experiment was further conducted in a 3X3 grid world
environment with two vehicles. The two vehicles face the
opposite direction along the same column of the grid world
such that two of them face each other. As the experiment
proceeds both the vehicles will travel opposite to each other
until there is no square separation between the cars. The
vehicle will then take the action to minimize the conflict
between them too. The experiments ran for specific loops,
each of the loops consist of 100 steps taken. There is also an
obstacle situated at the periphery of the grid world which is at
(1,0). Following test cases were formulated:

1) Scenario 1: When only one factor is taken into account:

T only: Figure 5(a) illustrates the observation when we
controlled the experiment by keeping the T parameter
high. The other two parameters were kept low. Here,
it is observed that the agent has a stronger preference
for a accommodate than any of the other actions. Thus,
accommodate action dominates in this case while for
the secondary preferences all other action was likely be
preferred by the agent.

E only: Figure 5(b) illustrates the observation when we
controlled the experiment by keeping the E parameters
high. Here, also the agent exhibits a greater inclination
towards the “accommodate” action compared to any of
the other available actions. The agent is likely to have
a preference for the remaining actions as secondary
choices.

S| only: Figure 5(c) illustrates the observation when we
controlled the experiment by keeping the S| parameter

high. Here we observe that the agent prefers negotiate
followed by accommodate for the entire simulation.

2) Scenario 2: When two factors are taken into account:

High E, High SI, Low T: Figure 6(a) illustrates the obser-
vation when we controlled the experiment by keeping the
T parameter low. Here we see the agents tend to prefer
accommodate action more than any of the other actions.
While for the secondary preferences any of the other
four actions are equally like to be preferred by agents.
However, it can be seen that the Q-values are higher than
the Scenario 1 simulations.

High E, Low SI, High T: Figure 6(b) illustrates the ob-
servation when we controlled the experiment by keeping
the S| parameter low. While it was difficult initially to
discern the actions that the agents prefer, it is observed
that the agent starts to prefer negotiate followed by
accommodate more than any of the actions by the end
of the simulation interval.

Low E, High SI, High T: Figure 6(c) illustrates the ob-
servation when we controlled the experiment by keeping
the E parameter low. We observed that the accommodate
is preferred in every iteration.

3) Scenario 3: When all three are taken into account:

Low E, Low SI, Low T: Figure 7(a) illustrates the
observation when we set low values for trust, social in-
telligence, and empathy and let the algorithm run without
any constraints. We observe that as the simulation runs,
all the Q-values are below zero and fight is preferred over
all other action values.

High E, High SI, High T: Figure 7(a) illustrates the
observation when we set high values for T;SI and E
and let the algorithm run without any constraints. We
observe that as the simulation runs for more epochs, the
agents tend to prefer collaboration over the other actions.
This is consistent with the above scenarios where the
individual parameter of T, SI, and E were high. To
the contrary, if we set any of the variables to low, then
we observe undesirable actions such as the tendency to
accommodate and no strict preference for collaboration.
Thus we conclude that all the variables should necessarily
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Fig. 8: Cummulative reward with different epoch values when
only one, two or all the three factors are taken into account

be included and enhanced for for cooperative decision
making and conflict management.

C. Comparative Analysis

Table | presents the comparative analysis of the three
factors. As seen from the table, when all the three factors
are considered the Q-values is maximum and the agent tends
to select collaborate (the optimum choice under conflict).
Furthermore, when none of the factors are taken into account,
the g-values are below 0 with the fight state being favoured.
Another thing we can observe from the results is that when
only one or two factors are considered, the agent tends to
select accommodate action with the highest Q-values being
0.4 and 0.8 respectively. Most of the state of the art algorithms
are based on one factor that can help in resolving immediate
conflict, but are not favoured in the long run. Collaborating is
seen as a cooperative approach to conflict resolution because it
leads to more sustainable and equitable solutions [16].

TABLE |: Comparative analysis

No.|[ Empathy | Social Trust Highest ConfTict State
Intelli- Q values
gence
1 Low Low Low <0 Fight
2 Low Low High 0.45 Accommodate
3 Low High Low 0.4 Negotiate
4 High Low Low 0.45 Accommodate
5 High Low High 0.84 Negotiate
6 High High Low 0.65 Accommodate
7 Low High High 0.7 Accommodate
8 High High High 1.75 Collaborate

We also ran the simulations to understand the significance
of rewards for different number of epoch values. Figure 8
illustrates how rewards change for various numbers of epochs
depending on whether one, two, or all three parameters are
taken into account. It is evident from the results that the three
factors are 118.18% and 70.27% more effective than only one
factor and two factors respectively. Based on these results,
we summarize the key advantages of the proposed work as
follows:

A baseline framework for future conflict management to
take trust, social intelligence, and empathy principles in
resolving conflicts is proposed.

This work also identifies five styles of conflict resolution:
fight, collaborating, negotiating, avoiding, and accommo-
dating based on the state of the agent.

It shows how the social psychology components influence
individuals’ choice of conflict style and can help them
find a mutually beneficial solution.

V. CONCLUSION AND FUTURE WORK

We have presented a RL based technique for resolving con-
flicts among multiple entities. The proposed algorithm is based
on agents participating in actions by virtue of observations
from the environment and attempting to reach the goal of
getting a high reward in return. Importantly, a triad of trust,
empathy and social intelligence is integrated in RL framework,
wherein the environment is specified as the parties under
conflict having different states of fight, avoidance, accom-
modation, negotiation, and collaboration. Results discussed in
the paper demonstrate how the number of iterations needed to
reach ideal state varies when each of factors are changed.
Simulation results show that the proposed method is 118.18%
more efficient than the trust only based models in reaching the
optimal reward state. Our simulation technique can be further
extended to more scenarios and experiments under different
contextual demands. The current experimentation involved a
couple of agents in the grid world simulated environment. The
future scope of the project will include multiple agents in
the grid world environments. We will also be adding weights to
the each of the factors for future experiments to signify the
importance of each. Additionally, static obstacles will also
be incorporated. The motivation here is to explore the
characteristics of the agents where the environment scope is
quite large with more static and dynamic objects.
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