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Abstract—This work contributes to the field of human-system interaction modeling through
an artificial intelligence approach. It focuses on the cooperative realization of a complex task.
For this purpose, we propose a human-agent interaction model based on game theory to
describe the decision making between the human operator and the assistant agent. The
proposed model is based on searching Nash equilibria for a repeated two-player game in which
each player has a choice between two actions. In particular, the assistant agent knows how to
calculate the equilibrium that depends on information coming from the context (human operator
and work environment). This approach allows us to consider a context aware human-machine
system. Then, the assistant agent knows how to optimize its intervention with regard to the
human operator assisted by this agent during a complex task. For the validation of our model,
we highlight the efficiency of the assistant agent using this principle by considering a road traffic
simulator using Netlogo. An analysis of the simulation results is provided to illustrate the
effectiveness of our approach.
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. INTRODUCTION

Human-computer interaction (HCI) is becoming increasingly important in the design and
implementation of new industrial interactive devices and assistance systems [1]. Since the emergence of
Artificial Intelligence (Al) at the end of the seventies in the world of interactive systems (cf. for example
[2]), the need for efficiency and user-friendliness with interactive systems has been increasing. This cross-
fertilization between HCI and Al leads to co-called intelligent, personalized or context-aware interactive
systems. The new user interfaces constitute devices, aiming at the user being able to interact with the
system with ease, assisted by an agent [3], which is intelligent in the sense of Al. Thus, beyond the visual
aspects, human-user interaction models are implemented. This implies an important dimension of
research on human-machine interaction: the underlying software mechanisms and the principle of
adaptation to ensure intelligent interaction. Several software mechanisms based on Al models have been
used through more and more case studies in intelligent interactions [4]: inference engine, fuzzy systems,
Markov models, and so on, whether in a centralized or distributed framework (in particular, multi-agent
systems (MAS) approaches). Intelligent agents already have their place in several application domains:
e-commerce, Intelligent Transport Systems (ITS), simulation, and so on [5]. If we focus on road traffic
simulation, several studies are based on MAS approaches. For instance, in [6] the authors proposed a
multi-agent approach using the ant colony principle to manage the traffic flow. In addition, several
approaches use intelligent agents on traffic signal controls and commands at each intersection as in [7],
[8] and [9]. However, none of such approaches takes explicitly into account information from human
operator in charge of traffic control in a specific sector; that can lead to poorly coordinated activities
between human beings and intelligent agents. In this research, we are interested in distributed interaction
models for the implementation of human-agent interaction systems. In particular, we focus on the
intelligent agent behavior towards a human being, in the context of a complex task with critical situation.



After this introduction, section Il provides a state of art on intelligent agents in road traffic simulation.
Section Il proposes the principle of interaction between humans and intelligent agents, using game
theory. Section IV presents the framework of the simulation involving a human being and an intelligent
agent in traffic supervision. The results obtained are described in Section V. Finally, the last section
provides a conclusion and research perspectives.

Il. STATE OF ART ON INTELLIGENT AGENT IN ROAD TRAFFIC SIMULATION

Several definitions about agents are available in the literature [10] [11] [12] [13]. An agent is generally
defined as an entity capable of reacting in a given environment using its sensors [10]. By extension, an
intelligent agent is a particular agent that can act without human intervention [11]. This work focuses on
their use in the case of road traffic simulation.

Congestion is a difficult problem to solve in the case of urban road traffic supervision. Several studies
have focused on the use of intelligent agents to solve traffic problems. Traffic light management was the
main topic on the use of intelligent agents [7], while using a technique to predict future traffic conditions
and vehicle movements [8] [14]. To reduce the extent of congestion at road intersections, Yeo et al. [15]
propose an improvement in traffic by trying to capture traffic information around the intersection. In
addition, a multi-agent approach has been proposed to solve these traffic problems, as in [9], [16] and
[17]. In [18], the authors propose Co-Fields, a coordination model for multiagent systems; it is used to
guide the cars toward their destinations avoiding the most crowded areas.

Other solutions based on intelligent agents can be mentioned, for example: the use of Internet of
Things (loTs) for Intelligent Transport Systems (ITS) [19], the use of virtual agents able to interact with
tangible objects in traffic simulation on RFID (Radio Frequency IDentification) tabletops [20]. In [14],
intelligent agents, each dedicated to traffic lights, have a reinforcement learning mechanism. In addition,
a solution to the problem of intersection management is proposed by [16] and [21]; these authors use a
payoff matrix that allows each vehicle to decide whether to stop or continue (go, stop). In order to
improve the road traffic situation, Wang et al. propose a virtual vehicle coordination approach based on
the theory of group consensus to sense environment information efficiently [22]. In [23], a model of a
network of intersections is proposed in order to obtain deadlock-free traffic with a specified route. Finally,
a recent study reviews the state-of-the-art around the application of bioinspired methods in the field of
ITS [24].

However, none of the above-mentioned approaches explicitly takes into account the human operator
to accomplish the traffic road supervision. On this subject, a human operator can be characterized by
several aspects or attributes depending on the context modeling [25]. For example, in the user profile,
one can consider the level of knowledge in relation to the functioning of the system with which the user
interacts [26]. The level of instantaneous workload can also be taken into account, for example according
to five levels as in [27]. It is also possible to take into account user preferences, goal(s), level of expertise,
etc. The following proposal aims to take into account explicitly the human operator’s actions in the context
of human-agent interaction.

I1l. PROPOSAL OF A MODEL BASED ON GAME THEORY

In this section, a multiagent interaction model, in which several human beings and software agents
may be located, is proposed. However, in this paper, we focus the study on a system composed of one
human being and one software agent. After a brief introduction on game theory, a formalization of the
system is presented.

A. Definition of a two-player game

A two-player game is defined as a situation in which two participants can each make their own
decision; one's payoff depends not only on his or her action; it also depends on the other's action. A
game is characterized by the following elements:

1) The players: These are the participants.
2) Actions for each player: These are the choices available for each player at each move of the game.

3) The rules of the game: they determine how the game is played and the rules to be respected:
each player may play simultaneously or successively.

4) The type of game: cooperative or non-cooperative. It is said to be cooperative in the case where
participants can communicate with each other in order to be able to decide together on the strategies to
adopt in order to win; it is non-cooperative in the opposite case.

B. Interaction model based on game theory

Game-based coordination allows each participant to choose the appropriate actions in response to
the actions of other players (in our case, only one other player). In this type of game, we assume that



the agent is rational. The equilibrium of the game is a set of optimal strategies for each player. The
search for this equilibrium thus allows each agent to decide on the optimal action to perform using the
game matrix. The most commonly used is Nash equilibria [28], [29]. In this case, Nash equilibria refers
to the strategy in which neither player has an interest in unilaterally changing his or her strategy.

C. Presentation of a game

A game can be represented as a payoff matrix whose elements are the players' payoffs (Table 1). In
Table 1, the participants of the game are called Player 1 and Player 2. Then, actll and actl2 are the
possible actions for Player 1; act21 and act22 are the possible actions for Player 2 [21] [28]. Thus, the
payoffs (defined by utilities) of each player are expressed as follows: i € {1,2}:

o Uj(actll, act21) refers to the payoff of player i when Player 1 plays actll and the other player
plays act21

o Uj(actll, act22) refers to the payoff of player i when Player 1 plays actll and the other player
plays act22

o Uj(actl2, act2l) refers to the payoff of player i when Player 1 plays actl2 and the other player
plays act21

o Uj(actl2, act22) refers to the payoff of player i when Player 1 plays actl2 and the other player
plays act22.

TABLE 1. PAYOFF MATRIX

Player 2
act21 act22
Uj(actll,
act21) Ui(actll, act22)
actll
Uy(actll, Uy(actll, act22)
act21)
Player 1
Ui(actl2,act21
) Ui(actl2, act22)
actl?
Uy(actl2, Uy(actl2, act22)
ct21)

Given a system modeled by a game, the participants should find the best possible result by trying to
maximize theirs payoffs. One method for optimizing the solution of a game is to look for Nash equilibria
[29], for the benefits of all participants. To determine an equilibrium, we choose the algorithm described
in [30] [31] (its explanation will not be detailed here).

IV. TWO-PLAYER GAME FORMALIZATION

In this section, we propose a model of intelligent interaction between an agent and a human user.
The proposed interaction model is based on the principle of game theory in the case of multi-agent
resolution of a given problem. The players are: a human being and an intelligent agent assisting him or
her in the completion of the task. For both players, several possible actions can be considered as part
of the interaction. However, to simplify the game, we will summarize it in only two actions: the
cooperation that we later note by (C) and the noncooperation noted by (D). Our system will therefore be
modeled by a game with two players and two possible actions for each player [31].

a) Description of the players’ actions

For the human being, (C) means a request for help or an expectation of advice or relevant information
that may influence his or her decision. (D) means that he or she is autonomous: in this case, the human
being simply acts without asking for the help of the assistant (software agent).

For the software agent: (C) means that it acts directly or makes a proposal to the human being about
what he or she can do. (D) means that the agent does nothing (it does not respond) by leaving the
human being to fend for himself or herself, without assistance (in consequence the human being can
learn or continue to learn by doing, which is similar to the concept of learning by doing [32]).

b) Construction of the payoff matrix in two-action game
For the calculation of the matrix, we propose the following formulas, in which:

o wilrefers to the user's workload level (Five levels, according with [27]: No activity (level 1), Relaxed
(level 2), Comfortable (level 3), High (level 4), Excessive (level 5));



e crtrefers to the criticality level of the situation (Five levels, according with [33]: Insensible (level 1),
Harmless (level 2), Unpleasant (level 3), Dangerous (level 4), Uncontrollable (level 5));

o uslrefers to the user's experience level (Five levels, according with [26]: Novice (level 1), Advanced
Beginner (level 2), Competent (level 3), Proficient (level 4), Expert (level 5)).

In our two-game based model, we have chosen the human payoff values according to the following
adaptation principles:

o If the user does not have enough experience on the task (low experience level: less than level 3),
it is preferable for the software agent to act, especially if the workload level and the criticality level
are high.

o If the user has a high level of experience in the field: (values between 3 and 5) in which he or she
is involved, he or she does not need assistance, especially if his or her workload level and the
criticality level are low.

e The human being's payoff that requires cooperation is proportional to the level of his or her
workload and to the criticality level.

o If the user is autonomous (work without assistance by the agent), he or she reduces his or her
payoff according to the criticality level of the situation, especially if the user does not have enough
experience, he or she takes risks not to ask the agent for help (i.e. for assistance).

For the human being, we therefore propose the human utility function noted Un(xh,xa), with xa the
response of the software agent to the human user's action xh.

Un (C,C)=wl+2xcrt—2 x usl
Un (D, C) = usl — (wl + crt)

Un (C,D) =usl— (1 +crt)

Uu (D, D) =usl - crt

For the software agent, the utility function is noted Ua(xh,xa), with xh the user's action and xa the
software agent's response:

1) If the user requests help, the assistant's payoff, if any, is proportional to the workload and criticality
level.

2) If the user has a high level of experience, it can be considered that he or she does not need
assistance, especially if the workload and criticality levels are low. This allows the assistant not to waste
time (and to let the human learn by doing, in the sense of [32]).

3) If the human being requests cooperation and the assistant does not respond, the assistant may
consider that the human being does not need help, except in the case of high workload and criticality
levels.

4) If the user is autonomous, he/she reduces his or her payoff according to the criticality level of the
situation,

Ua(C, C) =wl + crt — usl
Ua(D, C) = usl —wil
Ua(C, D) =—wl

Ua (D, D) = usl —crt

Thus, the cooperative game involving the human operator and the assistant agent is modeled by a
repeated game of N moves, where N is the number of iterations considered in the case study. The
average payoff of human operator depends on the decision history of both players:

1

Gh = " N Uy(x;, %) where: x; the action chosen in the i-th move by the human being and x,

denote the choice of assistant agent.

For the assistant agent, the average payoff is given by the following formula: Ga= %Z?’zl Uys(x,, %)
where: x; designates the action chosen in the i" round by the assistant and X, for the human operator.
Un and Ua are the two utility functions proposed above.

In the following section, we consider a system composed of a software agent and a human operator
in the context of traffic supervision simulation.



V. CASE STUDY USING NETLOGO
A. Presentation of Netlogo platform

Netlogo is a multi-agent programmable modeling environment. The choice of this platform in our
work is justified given its simplicity in terms of agent creation and implementation. In addition, it supports
multi-agent collaborative interaction via its client-server architecture across the network. The simulation
is based on the work of Wilensky and Stroup [34] according to the concept of participatory simulation.
Human beings take on the role of clients that can connect via a hubnet server. Software agents can take
the initiative to act at a traffic junction or send messages to human operators.

B. Description of the traffic simulator
a) The server

The main simulator provides an overview and control of the road traffic. According to the simulator
user interface (server), it is possible to create software agents for road traffic management. To do this,
we use the create-new-assistant button: a wizard is created randomly at any intersection position. To
be able to choose the intersection for the new assistant, we can use the “choose-inter-ass” button: this

allows choosing the intersection of the newly created assistant agent with the mouse (the assistant is
created).

The “suppr-ass” button allows you to delete an assistant from all assistants. On the server (Fig. 1),
it is possible to visualize the values of the traffic information: The average speed of vehicles, the number
of intersections, the number of human beings involved in traffic management, the number of software
agents involved, the number of accidents (vehicles in collision), the average level of human workloads,
the controls allowing to modify some parameters (speed limiter, acceleration...).
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Fig. 1. User interface of the simulator (hubnet server)

On the right-hand side of the server user interface (Fig. 1), one can also see the evolution of the
Nash equilibria, which changes dynamically according to the game payoff matrix. This matrix will reflect
the evolution of parameters such as the user's workload and experience levels (which will have
consequences on the values in the matrix). On the far right of interface, one can see in real time the
evolution of the maximum number of stopped vehicles waiting for the entry of an intersection. The “go”
button is used to launch the simulation of the traffic.

Thus, the criticality level is calculated from a set of information from the traffic simulator: for example,
the density of vehicles, the number of stopped vehicles. This level can take one of ten possible values,

divided into five levels as expressed above: Insensible, Harmless, Unpleasant, Dangerous,
Uncontrollable.

b) The client.

Several clients (i.e. user interfaces) can be connected at the same time for traffic management. The
client allows the human being to intervene on the simulator. So, the client can modify the speed limit via
a slider, choose an intersection and change the colors of the latter's lights (Fig. 2). The client also allows
modifying the workload level of the human being, as well as the level of his or her profile.

c) Software agent

The software agent is an assistant agent created to help the human being in the context of traffic
supervision. This agent intervenes following the human decision, by exchanging the colors of the lights
at one or more intersections. For this purpose, the following algorithm is implemented in the simulator:

1) Update of the game payoff matrix according to the proposed and/or estimated information.
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Fig. 2. User interface of the simulator (hubnet client)
2) Finding an equilibrium.

3) Based on this equilibrium, the agent chooses an action adapted to the current application (for
example, it evaluates the traffic flow, and changes the colour of the lights for a given intersection).

4) Repeat the analysis after a certain number of cycles.

C. Results of the simulation and interpretation

The system consists of an intelligent agent and a human being connected as a hubnet client, with a
number of vehicles equal to 84. This number (84) was chosen for the following reason: in the simulator,
as many vehicles as desired can be created, but it is important not to exceed the available spaces
(roads). In addition, to have a criticality level threshold, the number of vehicles must be large. In our
simulation, we assume an environment with four intersections (it is possible to have many more; but we
think that this choice is sufficient to validate our idea). That leads to generate about 84 vehicles while
keeping an environment that can easily evolve (if the number of vehicles is too large, it would be
necessary to define a space occupation management and an anticipation mechanism for agents that
would exceed the problem of this paper, see for example [35]).

Then, traffic behavior does not depend on the number of iterations. It only depends on the actions of
the human being and whether or not the assistant agent intervenes, according to the Nash equilibria;
the assistant agent calculates these equilibria at each iteration. Of course, the human being does not
calculate this equilibrium. The assistant agent calculates the Nash equilibria and then makes the
decision to intervene or not. If the agent judges that the intervention is not necessary, it may take care
of other tasks, which conditions the result during a current iteration. We believe that the choice of 50 for
the number of iterations is sufficient to be able to vary the parameters of the matrix, and show the interest
of the approach. However, we can of course go beyond 50 depending on the duration of observation.
Thus, the average payoff of the assistant and that of the human being depend on the number of
iterations.

The results provided below are obtained without any human intervention. Fig. 3 thus shows the
evolution of the number of interventions of the agent in relation to the evolution of the state of the human
being during iterations:

o work_load_level: refers to the level of human workload (this level can be modified on the client
interface).

e user_experience_level: level of experience of the human being.
e Number_of_coop: number of interventions of the software agent.

Thus, the curve visible in Fig. 4 shows the evolution of the number of vehicles stopped according to
the instantaneous equilibriums conditioned by the context information considered for 50 iterations. As
explained above, the number of iterations is sufficient in this context. The evolution of the number of
interventions of the agent depends on the workload level and the user's experience level:

e Between iterations 11 and 21, Fig. 3 shows that the software agent does not intervene: this is
justified because during this period, the level of experience is high while the workload level is low.

e There are not many more interventions between iterations 21 to 30 (for the same reasons).

e From 31stiteration, the number of interventions increases. This is due to an increase in the level of
human workload compared to the user's level of experience.
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Thus, the curve in Fig. 5 shows the evolution of the average vehicle speed for the 50 iterations of

D. Results concerning the Nash
During the 50 cycles, we can

observations.

sversge_speed_of_wehicles

iteration
o 10 2o 30 a0 s0

Fig. 5. Average speed of the vehicles

equilibrium
see (Fig. 3) the variation of Nash equilibria according to the evolution

of the context information that determines the payoff matrix of the game: the level of experience of the
human being and his or her workload level. For the number of iterations, we can have any number of
iterations; but for the sake of clarity of the evolution of the number of interventions, the average speed,
the average waiting time of the vehicles, we have considered on Figures 3 to 6 about fifty iterations.
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Fig. 6. Average waiting time of vehicles

ion of the Nash equilibrium is translated by the evolution of the number
This number increases in the case of intervention (CC) for the current

iteration. Otherwise, the number of interventions does not change; but in the case (DD), the assistant
leaves the human operator to deal with other activities.

Scoring in the simulation results: Nash equilibria in the case of two players are given in the form of

[CC], [CD], [DD], [DC]. For each

observation cycle, the task of the software agent is to identify first the

crossroads that have the maximum number of vehicles waiting for the entrance. Then the agent changes
the lights: the green lights turn red and vice versa:

[CC]: means that the human being is waiting for help and that the software agent is acting at one or

more traffic junctions.



[CC] and [CD]: mean that the human being may or may not be autonomous; but the assistant always
acts as long as there is cooperation in the Nash equilibrium calculated at each iteration.

[DD]: means that the human being is autonomous and that the assistant does nothing. In this case,
the human being must act because the assistant will not do anything (for example, the agent can solve
other traffic problems).

E. Interpretation

At any time, the software agent calculates the game payoff matrix. Then it determines the equilibrium
and from it, the agent can examine the action of the human being and then it reacts to this action in
relation to the Nash equilibria obtained. Fig. 4 shows that the increase in the number of assistant
interventions leads to a decrease in the number of stopped vehicles during the simulation. This result
explains the fact that if the human being needs the intervention of the assistant, the latter intervenes by
considering the Nash equilibria. If the human being should be autonomous, for example when the
criticality level and workload level are low and the level of experience is high, the agent does not
intervene in view of the equilibrium result. In this case, if the human being does not intervene, there will
be an overall slowdown of the crossroads. Thus, the evolution of the average speed curve (Fig. 5) and
the average waiting time at lights (Fig. 6) illustrate the result of the work carried out by the software
agent when necessary in terms of traffic flow.

Despite the decrease in the average traffic speed for example (in cases where the human being has
a high level of expertise and a minimal workload), the assistant agent who does not intervene has the
possibility to take special care of other complex tasks. So, in the sense of the payoff of the assistant, we
can say that even if it does not intervene, its payoff can be translated by its availability to other tasks.

These results are promising, despite the relatively simple behavior of the software agent in view of
the complexity of the application in which it is involved. Indeed, these results show the effectiveness of
the intervention (or non-intervention) of the software agent while considering the information related to
the context.

VI. CONCLUSION

This work has presented an interaction model, considering a software agent, based on game theory.
The case study on road traffic supervision shows the interest and simplicity of implementing the software
agent using the game matrix. The agent calculates the equilibrium at any time and decides the
appropriate action based on Nash equilibria. The results thus show the effectiveness of the software
agent in traffic management even in the absence of human intervention. The motivation for the use of
game theory is to be able to consider an agent that can help the operator by taking care of other complex
tasks at the same time. The agent must not waste unnecessary time in its interventions: this is the basic
principle used for the proposal of utility functions. The game considered here is a repeated and
cooperative two-player game between the human operator and the assistant agent. Our research
perspectives focus on the generalization of the approach, by implementing several intelligent agents as
assistants to several human beings for the supervision of road traffic. Another perspective will be to
embed each assistant agent with learning capabilities, in relation to the history of interactions.
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