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ABSTRACT

Artificial Intelligence has changed our world in various ways. People have started to interact
with a variety of intelligent systems on a daily basis. As the interaction between human and
Al systems increases day by day, the factors influencing their communication have become
more and more important especially in the field of human-agent negotiation. Therefore, it is
necessary to study the factors affecting human-human negotiation while designing agents
negotiating with their human counterparts. As familiarity is one of these factors, this work
aims to investigate the effect of familiarity on human-agent negotiation so that we can design
more effective negotiation systems.

Being familiar to other party may influence how we interact and hence the process and
outcome of the negotiation. Our hypothesis is that negotiating with a familiar opponent
would create a difference in terms of negotiation process and outcome. In order to study this
effect in human-agent negotiations, we developed negotiation framework in which human
participants negotiate with an avatar in a bilateral fashion. To measure the effect of the
appearance familiarity in negotiation, two control variables are defined: negotiating with a
celebrity avatar and negotiating with a non-celebrity avatar. In order to avoid the learning
effect, we adopt a between-subject experiment design. We recruited 67 participants and
analyzed their negotiation data elaborately as well as their subjective opinions specified in
the questionnaires. Our experimental results showed that being familiar with the opponent
affected both negotiation process and outcome. Particularly, human participants had a
tendency to be more collaborative when their opponent is a celebrity avatar versus a non-

celebrity avatar.
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OZETCE

Yapay zeka calismalar1 hayatimizi bircok yonden degistirmektedir. Insanlar giinliik yasan-
tilarinda akilli sistemlerle cesitli sekillerde etkilesime girmektedirler. insan ve yapay zeka
sistemleri arasindaki etkilesim arttikca bu etkilesimi etkileyen faktorler 6zellikle insan-
etmen miizakereleri alaninda cok daha fazla onem kazanmaktadir. Bu nedenle, insanlarla
pazarlik yapabilen akilli sistemler gelistirirken, insanlar arasindaki etkilesime etki eden
faktorleri de gdz Oniinde bulundurmak 6nemli hale gelmektedir. Bu tez ¢alismasinda daha
etkili miizakere sistemleri tasarlayabilmek icin insan etmen miizakerelerinde insanlardaki
etkilesimi etkileyen faktorlerden gorsel asinaliin etkisi arastirilmistir.

Kargi tarafi taniyor olmak, karg: taraf ile etkilesime girme yollarimizi degistirebilir
ve bu yiizden miizakere siirecini ve sonucunu da etkileyebilir. Bizim hipotezimiz karsi
tarafin tanidik biri olup olmadiginin miizakere siirecini ve sonucunu etkileyecegi yoniindedir.
Bu etkiyi test edebilmek icin insanlarin sanal bir avatarla belirli bir konuda miizakere
edebilecegi bir sistem tasarladik. Bu sistemde katilimcilarin yarisi iinlii goriiniimlii bir
avatar ile pazarlik yaparken, katilimcilarin diger yaris1 daha once hi¢ gérmedikleri ve iinli
goriiniimlii olmayan bir avatar ile pazarlik yaptilar. Ogrenme etkisini ortadan kaldirmak igin
67 kisinin katildig1 ana deneyimizde gruplar arasi tasarimi kullandik. Katilimcilarin pazarlik
verileri ve doldurduklari anket verileri detaylica incelenmistir. Deneysel sonu¢larimiz, rakibe
asina olmanin hem miizakere siirecini hem de sonucunu etkiledigini gosterdi. Ozellikle
rakipleri {inlii goriiniimlii olan bir avatar ile pazarlik yapan katilimcilarin rakipleri iinlii
goriiniimlii olmayan avatar ile pazarlik yapanlara kiyasla daha ¢ok isbirligi yapma egiliminde

olduklar1 gézlemlenmistir.
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CHAPTERII

INTRODUCTION

With the ongoing development in the field of Artificial Intelligence, use of intelligent agents
in different parts of our lives has become more and more prevalent. In some cases, those
agents may need to communicate and collaborate with each other in order to achieve a
common goal. In the case of any conflict between them, negotiation — process of resolving
conflicts may take a place to find an agreement [4]. Without doubt, this kind of interaction
may be necessary with their human counterparts. Al agents, compared to humans, can
be far more efficient at optimizing bids in negotiations. Combined with recent advances
in human-computer interaction in automatic speech recognition and text-to-speech, these
agents can have the ability to negotiate with a human via a natural dialogue. One can foresee
a future where humans negotiate with Al agents or along with Al agents. Therefore, it is
important to design and develop a human-agent negotiation framework, which involves
different kinds of challenges [3].

Designing such interactive systems may require taking human factors into account
and benefit from theories introduced by different fields such as psychology, economics,
behavioral sciences and cognitive science. Especially, understanding psychological factors
affecting human negotiators’ behaviours and attitudes plays a key role in the development of
human-agent negotiation systems. The best course of action to build up such systems may
be studying human-human negotiations and derive the important factors influencing their
decisions [2, 16, [7]. Another way is to develop a virtual human-agent negotiation framework
that can allow researchers to study the effect of the chosen factor. While some works
investigate the effect of facial expressions and emotions on negotiation outcome and process

[8, 9], some focus on the effect of gender in different forms [10, 11, [12]. Accordingly,



our work pursues the effect of familiarity to the opponent on negotiator’s attitude and
consequently on negotiation outcome.

As far as studies in the field of psychology are concerned, it has been shown that
familiarity plays an important role on negotiation outcome in human-human negotiations
[6, [7]. For instance, Druckman and Broome show that a decrease in familiarity to the
opponent causes a decrease in human negotiator’s willingness to act collaboratively and
consequently reach an agreement. Moreland and Zajong investigate the effect of visual
familiarity on the perceived similarity [7]. According to the experiments conducted in that
study, participants believed that they shared similar preferences and values with the people
whom they are more visually familiar than the people whom they saw first time. Those works
encourage us to explore whether the effect of familiarity in human-human negotiations will
transfer to human-agent negotiation in which agents present themselves as humanoid avatars.
Our contributions are two-fold. Firstly, we introduce a human-agent negotiation framework
in which the virtual avatar employing a novel negotiation strategy inspired from the existing
strategies. The proposed strategy considers opponent’s behavior and preferences as well
as the remaining negotiation time. Secondly, we conduct a user experiment in which some
participants negotiated with an agent that looks like a celebrity whereas others negotiated
with an agent whose appearance is not familiar to them (non-celebrity). We compared the
negotiation process and outcome of those groups to find out the effect of familiarity in
negotiation. Our main finding is that participants had a tendency to collaborate more with
the celebrity agent. To the best of our knowledge, our work is the first study pursuing this
research question in human-agent negotiations.

The remainder of this thesis is organized as follows. First, we discuss related work
(Section [2)) and describe the general negotiation setting that we have considered (Section [3).
Section 4{explains our human-agent negotiation framework while Section 4.2 introduces
a novel negotiation strategy that is employed by our agent during the user experiments.

Afterwards, Section [5]explains pilot studies and shows findings of these studies. Section [6]



explains the user experiments that we conducted to study the effect of human negotiator’s
familiarity to their opponent and analyzes our findings. Finally, Section [/| concludes our

work with future research directions.



CHAPTER 11

RELATED WORK

Automated agent negotiation has been taken attention for several decades and a variety of
research studies have been conducted in this field [[13, 14, 15, 4. 16,17, 18,19, 20, 21, [22]].
Moreover, the research community has been organizing international competition in the
field of agent-based negotiation to facilitate the research and to provide benchmarks for the
community [23]]. The community has largely focused on agent-agent negotiations where
one agent outperforms the other in one or many ways like monetary gain, user interactions,
etc. Recently, new leagues in this competition regarding human-agent negotiation have
been introduced [24, 25]], which indicates that human-agent negotiation has become more
and more interesting for the community in terms of the challenges required to build agents
interacting with human negotiators. There are a number of challenges in human-agent
negotiation [5, 26]]. That is, the designers of the agents should concern the human factor
[27, 128, 29]. In a limited number of interactions, agents should be able to reach a consensus
with their human counterparts. One of the main research questions is how a negotiating
agent effectively interacts with human negotiators, which is the focus of this work. In
the literature, human-agent interaction aspects of negotiating agents are being explored
currently from a variety of perspectives: finding a way to outperform people by considering
culture differences of the opponents in negotiation [30]; the use of facial expressions and
emotions to explore affect on outcomes [31, 18, 32]; exploring the effect of argument usage
in negotiation [33, 2]]; including the use of multiple modalities to explore human-agent
negotiation dynamics [34, 27] and using agents to train people in the art of negotiation
[35, 136,137, 138].

In several of these use cases involving human-agent negotiation interactions, agents are



embodied in various forms that fit best. Some include humanoid animated avatars that can
see and hear the human participant [35, 27] while some agents are accessed through a text-
based chat window [39, 140, 41]. Divekar et al. uses an immersive room where agents appear
as human-scale animated avatars in an extended reality environment [35]]. Their goal is to
make a user feel as if they are somewhere else, negotiating with street market shopkeepers
in a foreign country. An important aspect of their work is making the agents believable in
the sense that users engage with it as if they are believed to be human beings. Especially in
such settings, the effect of familiarity could be important to the human interlocutors and this
is the focus of this thesis. As research gears towards representations of agents where agents
look and communicate like humans, we ask the question whether such a representation
will also mean that some characteristics of human-human negotiations will translate into
human-agent negotiations where the agent is humanoid. We focus on a specific aspect of
human-agent negotiations, specifically the effect of familiarity on negotiation. Sid, Peter,
and Donald have stated that familiarity plays an important role on negotiation outcome [42].
Accordingly, we aim to investigate the effect of familiarity to the opponent on negotiation
process in human-agent negotiations.

Yuasa and Mukawa study facial expression and history effect on decision making process
in a negotiation game, a variation of Prisoner’s Dilemma [8]]. In their study, participants
are asked to negotiate a couple of times with software agents that can show different facial
expressions (i.e., bow, avert, happy, angry and cool). In some cases, they negotiate with the
same opponent to study the effect of the history. Their experimental results showed that
happy agents made participants act more collaboratively. Furthermore, negotiation result of
previous sessions with the same appearance agents affected participant’s current decisions
since familiarity to the current opponent builds up a certain level of trust. For example,
participants have a tendency to cooperate more if their opponent acted collaboratively in the
past. Although we investigated the effect of familiarity from a different perspective (i.e.,

negotiating with a celebrity versus negotiating with the same person repeatedly), our results



support each other.

De Melo, Carnevale, and Gratch study the effect of agent’s emotion, particularly anger
and happiness, on negotiation [31]]. Participants are asked to negotiate with virtual agents
adopting different facial expressions. The results showed that when participants negotiated
with the virtual agent expressing anger, it was observed that they conceded more than the
case of negotiating with a neutral or happy opponent. During our experiment, we observed
that participants took their opponent’s facial expression into account while generating their
bids. Therefore, it is very important to use the right facial expression while designing a
virtual negotiating agent.

Mell, Gratch, and Lucas study how human counterparts can be affected by competitive
or collaborative agent opponents [43]]. Their results show that competitive strategies made
the human participants concede more. On the other hand, a study [32]] advocates that people
are more willing to renegotiate with warm agents all though there is no significant difference
found on negotiation outcome in their experiments. Another study exploring the effect of
aggressive attitudes on human-agent negotiations [44] shows that aggressive attitudes in
virtual environments affect participants’ emotional states similar to the real environment.
Note that the degree of this impact is lower in the virtual environment than the real one.
Lin, Hu, and Lai measure the effect of gender in negotiation [10]. Their results show that
negotiators change their strategy according to the opponent’s gender.

On the other hand, familiarity effect has been studied in different context [45,46]. Wauck
et al. developed a search and rescue game in a virtual environment where the main characters
look like participants or another avatar appearance [45]. Their experimental results show
there is no significant effect of using self-similar characters on the performance for designed
games. Another study [46] investigates the familiarity effect on negotiation in a task-based
game environment. For this purpose, participants were divided into two groups: participants
in the former group were not allowed to communicate with each other before the game

begins whereas participants in the later group are allowed to communicate with each other.



During the game, the participants do not see each other but they know with whom they are
playing. In this virtual environment, each player is demonstrated by a robot-like avatar. The
results showed that the participants felt more comfortable working with a partner whom they
had met face-to-face first although there is no significant performance difference between
groups. No significant difference in their performance may stem from the simplicity of
the rules in the game. In our work, we have two groups negotiating with a virtual avatar.
Similarly, one group negotiated with an avatar who looks like a celebrity they know before
while the other group negotiated with an avatar who is not familiar to the participants. Our
results showed that participants collaborated more when they negotiated with the celebrity
avatar.

Since there is an undeniable effect of humans’ perception and their psychological
tendencies on the human-human relations, it is worthy to take a look at the studies in the
field of psychology. As far as the studies conducting experiments on the familiarity effect
in the field of psychology are concerned, it can be seen that our findings are supported.
Moreland and Zajong measure the influence of the mere exposure effect on the perceived
similarity [7]. They divided participants into two groups where photos of different people
were shown to the first group while the photos of the same people were shown to the second
group each week. Afterwards, they studied participants’ attitudes toward the people they saw
in the photos and their beliefs about in which degree these persons are similar to them and
share their values. They found a positive correlation between attraction, perceived similarity
and familiarity. The results showed that the mere exposure to the same individual’s photo
each week increased their familiarity with this stranger and hence it increased attraction
toward this person and participants’ perceived similarity between their values and this
individual’s values. They considered this person’s preferences more and more similar to
their preferences. Furthermore, Reder and Ritter claim that the participants respond faster
and put less efforts when they are familiar with the given problem [47].

In another study, Druckman and Broome aim to understand the effect of liking and



familiarity on the negotiation outcome [6]]. They design a game where the participants play
a representative of a culture and negotiate with a representative of a totally different culture
to reach an agreement on a variety of issues. They investigated three conditions: (1) high
familiarity and high liking; (2) low familiarity, high liking and (3) high familiarity, low
liking. Their experimental results showed that decrease in either of liking or familiarity
followed by a decrease in the participants’ willingness in reaching mutual agreement and

being collaborative.



CHAPTER III

BACKGROUND

In this section, we introduce how the preferences of the negotiating parties are represented
and elicited in our framework. Basically, we construct the preference profiles by using
Analytic Hierarchy Process (Section[3.2)) and model them in terms of additive utility function
(Section [3.1)). After that, we provide background knowledge about an opponent modeling
called Frequency Model (Section [3.3).

3.1 Additive Utility Function

In our framework, negotiating parties negotiate over multiple issues particularly on their
future holiday similar to the work [2]. According to the negotiation scenario, there are
Z ={1,2,...,n} negotiation issues whose possible values are defined in D. The set of all
possible offers according to the negotiation domain is represented by O and an offer from
this set is represented by o. The representation of the agent’s preferences is given by using
additive utility function [48] as follows:
U(o) =Y w; x Vi(o;) (1)
i€T
Regarding the equation, w; represents the importance of the negotiation issue ¢ for the
agent, o; stands for the value for issue i in offer o, and V;(.) represents the valuation function
for issue 7, which denotes to what extent that issue value is preferred by the agent. It is
worth noting that the sum of weight values adds up to 1 represented by » . _; w; = 1 and
the domain of V;(.) is [0,1] for any i.
To determine the values of w; and V; in the equation, we use the analytic hierarchy
process. In the next subsection, we will be giving the details about how we use this approach

to construct the preference profiles of the participants as well as the agent.



3.2 Analytic Hierarchy Process

Analytic Hierarchy Process (AHP) is a technique to determine importance of a set of
evaluation criteria and related possible alternatives in multi-criteria decision making [49]]. To
achieve an objective, a set of evaluation criteria and possible set of alternatives are defined.
Afterwards, pairwise comparisons of evaluation criteria are elicited from the user to construct
a pairwise comparison matrix. Eigenvalues of this matrix denote the relative ranking of
priorities. Note that those relative rankings are normalized so that the sum of those weights
is equal to 1. Similar operation is also performed on alternatives by taking each criterion into
account separately. In our setting, w; values are assigned from eigenvalues calculated from
issue pairwise comparisons. Additionally, V; values are assigned by eigenvalues, which is

divided maximum possible value for the related issue.

3.3 Frequency Model

Frequency model is a basic but most widely-used opponent modeling technique in automated
negotiation [50, 51]]. This model assumes that the opponent’s preferences are represented
in terms of additive utility function and opponent employs a concession-based strategy.
It is based on two heuristics: (1) If an issue value is often changed, then the issue gets a
low weight and (2) a preferred value will appear more often in agent’s offers than a less
preferred value. Algorithm[I|shows how this model estimates opponent’s preferences. The
algorithm compares opponent’s consecutive bids during the negotiation and update its model.
In the bid sequences, if the value of an issue does not change, the importance of that issue
is increased by adding a parameter 6 (Lines 1-5). For evaluation values, the number of
appearance of an issue value is updated over time (Lines 6-8). Afterwards, those values are

normalized between zero and one (Line 9-10).
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Algorithm 1: Basic Frequency Model

Oprev <— Opponent previous offer
Ocur < Opponent current offer
6 denotes the importance update parameter
> Updating issue importance
1: for each issue ¢ in o, do
2 if ., [i].value == o, [i].value then
3: importance[i] += 6
4 end if
5: end for
> Updating issue value importance
for each issue value v; in o,,[1] do
evaluationValue[v;] += 1
end for
normalize(importance);
10: normalize (evaluationValuation);

eI D
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CHAPTER IV

VIRTUAL NEGOTIATING AVATAR FRAMEWORK

For examining human-agent negotiations experimentally, we have designed and developed
a Web-based negotiation framework where a virtual avatar agent negotiates with a human
counterpart in a bilateral fashion. The framework allows us to design and integrate ne-
gotiation strategies, and to change the avatar character interacting with the human. The
framework adopts alternating offers protocol [52]] where negotiating parties make offers
iteratively in a turn-taking fashion until reaching a termination condition (i.e., reaching a
predefined deadline or reaching an agreement). In our framework, human negotiator initiates
the negotiation by making an offer and the framework counts down the timer after sending

her/his first bid.

4.1 Framework Design

Our framework consists of five main components: Virtual Avatar Character, Human Offer
Generator, Conversation History, Time Remainder, and Preference Profile Chart. Illustration

of the framework is shown in Figure [T]including those components.

otal Offer Score : 6282
I wantto go Berlin for Trekking and stay
ina 5 star luxury hotel for 1 week

Figure 1: Human-Agent Negotiation Interface

12



In the next sections, we explain main components in a detailed way.
4.1.1 Virtual Avatar Character

A virtual embodied avatar character interacts with the user through his/her facial expression
as well as speech. We can use different facial expressions for the avatar in order to express its
feelings. During the negotiation, this character can change its facial expression in line with
the designed strategy. We have used five facial expressions for the virtual avatar character:
neutral, happy, frustrated, sad, and excited. Figure 2] shows those facial expressions that we

used during the study.

Neutral Happy

Excited

Figure 2: Facial Expressions Used in Our Study [3]]

In addition to the textual offer information, this character provides the content of its
offers via speech. Since our research focus is on analyzing the effect of the familiarity of
the opponent in negotiation, this component plays a key role in our setting. Virtual avatar
is located in the center and its size is bigger than the other user interface components so
that human participants can focus on avatar’s facial expression straightforwardly. Figure
[T] shows the avatar that we used in training session. It is worth noting that celebrity and
real human face appearances are used during the real negotiation sessions. To give the real
human effects periodically such as blinking effect and minor head movements as well as

speaking effect and emotional facial expression such as sadness or happiness, a software

13



toolkit has been used [3]]. When participants negotiate with the chosen celebrity, the voice
of the avatar should be inline with that celebrity’s own voice. To achieve this, we use a
web service, which generates celebrity’s voice from predefined sentences [S3]. Note that
there are limited number of celebrity options for this tool, which restricts the set of celebrity

options we used in our experiments.
4.1.2 Human Offer Generator

In our framework, human negotiators specify their offers through a textual interface. This
interface provides a predefined offer sentence form, which allows users to alter the content
of the offers by using drop-down in a user-friendly way. If the human negotiator wants to
modify the content of the offer, s/he can click the related issue (e.g, location, accommodation,
etc. in our holiday domain) value, which is underlined in the interface. It is worth noting
that when the human negotiator enters a complete offer, a score box above the offer sentence
appears and shows the utility score of that offer for human negotiator. A utility score of an
offer can take a real number between 0 and 100. Note that each negotiating party knows
only their own preferences and does not have access to other side’s preferences. On one
hand, this utility score bar enables human negotiators to see their score without making any
calculations; consequently, human participants can act according to their given roles during
the experiments. On the other hand, being aware of received score while making offers may
influence their negotiation attitude. In order to send his/her offer to the avatar, the human
negotiator should click the “Offer” button while s/he should click the “Accept” button to

accept the given counter offer by the avatar.
4.1.3 Conversation History

To enable the keep track of bidding history, the framework provides a conversation history
showing the exchanged offers with the utility scores for the human participants. This

component is designed in a way that it gives the impression of chat-based communication.

14



4.1.4 Time Remainder

As mentioned above, the negotiating parties have a deadline in term of minutes (e.g. 5 or 10
minutes) to come up with an agreement. For a fair negotiation, the framework provides a
time reminder denoting the remaining minutes and seconds. The indicator is in green color
at the beginning of the negotiation while it becomes yellow after a while and finally turns
into red color when it reaches a critical time point (e.g., last minute). Note that if time is
up and no agreement occurs, then negotiation ends with a failure and both sides will take a

utility of zero points.
4.1.5 Preference Profile Chart

In experiments, human participants are given a particular preference profile and are asked to
act according to the given preferences. Before their negotiation, they have enough time to
study their profiles. However, due to the nature of humans, they may forget some details
regarding these preferences, which may influence their negotiation significantly. Therefore,
for our experiments, a user friendly multi-level pie chart graph is created to show the
preference profile visually, which is modelled in terms of a additive utility function. The
inner part of this graph represents the importance levels of negotiation issues while the outer
part denotes preferences on issue values accordingly. The larger the segment associated
with the issue becomes, the more important that the issue is. Similarly, larger segments for
issue values mean “more preferred”. For instance, if Paris is more preferred over Tokyo for
location, it is expected to have a larger segment than Tokyo as seen in Figure (3| For the
sake of simplicity, every issue and related issue values have the same color to distinguish
categories easily. When the user hovering the issue values in the chart, they can see the
exact utility score of that issue. In addition to this, they can see the utility distribution of
each issue by hovering the percentage sign located next to the graph.

During the design stage of this framework, we did some pilot studies and got feedback

regarding the design and location of those components. We finalized the design and location
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Figure 3: Holiday Preference Graph - Multi-Level Pie Chart
of those components based on those feedback accordingly.

4.2 Agent Design

Human-agent negotiations are fundamentally different from the agent-agent negotiations
[250127,154]. To investigate the effect of opponent’s familiarity in human-agent negotiation,

we design a basic negotiating agent, which takes human factors into account.
4.2.1 Negotiation Strategy

One of the concerns regarding human-agent interaction is the time limitation and human
patience. As our agent negotiates with its human counterparts, it does not have enough time
to make random or same offers again and again to observe its opponent behaviour change.
Moreover, repeating the same offer many times may bother the human partner and make
them walk away. Therefore, our agent avoids falling repetition as much as possible.

On the other hand, it is required to consider opponent’s behaviour during the negotiation
while generating the counter offer. In [55} 2], a negotiating party’s behavior is classified into
five categories: competing, avoiding, compromising, accommodating, collaborating. In our

study, our agent also adopts this classification and tries to predict its opponent’s attitude
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based on exchanged bids during the negotiation. Behaviour classification is determined by
considering assertiveness and cooperativeness categorization of the opponent as it is defined
in [2]]. To achieve this, we first calculate each participant’s sensitivity to their opponent’s

preferences according to Equation 2] proposed by [1].

) o %Fortunate + %Nice + %Concession

Sensitivity,(t) = (2)
( %Selfish + %Unfortunate + %Silent

Here, sensitivity is calculated by taking into account the percentages of negotiator’s
different moves. A move is determined based on the utility difference of negotiator’s
subsequent offers for both sides. There are six different move types (fortunate, nice,
concession, selfish, unfortunate and silent). Table [1|demonstrates the calculation of move
types of a player where AU, and AU, represent the utility difference for negotiator itself
and that for opponent respectively. If sensitivity > 1, we consider player as cooperative
(O), if sensitivity < 1 we classify player as uncooperative (U). Otherwise, the player is

considered as neutral (N) to opponent’s preferences.

Table 1: Move Specification of a Negotiator [[1]]

Self Difference Opponent Difference

Silent AU, =0 AU,=0
Nice AU, =0 AU, >0
Fortunate AU, >0 AU, >0
Unfortunate AU, <0 AU, <0
Concession AU, <0 AU, >0
Selfish AU, >0 AU, <0

Since cooperativeness level is determined by using sensitivity value, assertiveness level

of the opponent is determined according to the agent’s own utility function as follows:

e High assertive : The utility of the bid is between [68-100],
e Moderate assertive : The utility of the bid is between [34-67], and

e Low assertive : The utility of the bid is between [0-34].
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Finally, the classification of the opponent behaviour is determined by the rules defined

in Table 2| Accordingly, our agent adapts its bidding and communication way (e.g., facial

expressions). To sum up, our agent follows a hybrid bidding strategy considering both

remaining time and behavior of the opponent.

Table 2: Behaviour Classification [2]

Assertiveness Cooperativeness Behaviour

High Cooperative Collaborating
High Neutral Competing

High Uncooperative Competing
Moderate Cooperative Accommodating
Moderate Neutral Compromising
Moderate Uncooperative Avoiding

Low Cooperative Accommodating
Low Neutral Avoiding

Low Uncooperative Avoiding

As mentioned above, our agent’s bidding behavior changes according to the remaining

time. It considers three stages during the negotiation according to the normalized current

time as follows and adopts a different strategy accordingly:

stage =

(

mitial, ift < 0.1
main, if0.1 <t<0.9 3)

final, ift>0.9

Our agent’s negotiation strategy is illustrated in Algorithm[2] When the agent gets an

offer from the opponent, it first checks if the offer is acceptable. Our agent adopts AC),..;

[S6l] approach for this purpose. It accepts the opponent’s offer if the utility of that offer is

higher than or equal to the utility of our agent’s coming offer, 02 . . (Lines 1-2). Otherwise,

it generates its counter offer as explained below. Note that the first offer of our agent is

always the most preferred offer according to its own preferences.

In the initial stage, the agent tries to recognize its opponent’s attitude in terms of

cooperativeness. To achieve this, it simply compares the utility of the bids coming from its
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Algorithm 2: Next Offer Decision

A H > ’ . . . A
Oprey ANd 0y, Tepresents agent’s and human’s previous offer respectively while 0z,

and ot _ . denote their current offers. vy is the minimum acceptable value for the agent,

also called as reservation value. s. and py., denote current state and estimated opponent
behaviour respectively.

1: if U(Ogrrent >= U(Ogn“rent> then
2: acceptOffer ()
3: else
4: switch s. do
5: case initial
6: if isCooperative(oll,,, 0l cns) then
7: Unert = max(U (oﬁrev) — Ugif,Y)
8: Jeap = happy
9: else
10: Unegt = min(U(05,,) + Uaif, 1)
11: feap = frustrated
12: end if
13: case main
14: switch py.;, do
15: case competing
16: Unegt = Max(U (04h.,) ,7)
17: feap = frustrated
18: case avoiding
19: Unest = getNextBestOffer (U(o)..,))
20: feap = sad
21: case compromising
22: Upeyt = Nearest (U(O;‘Tev))
23: feap = neutral
24: case accommodating
25: Unegt = Max(U(0%.0,) — Udif: )
26: fexp = happy
27: case collaborating
28: Qpest = SelectBestForBothFromEstimatedPareto ()
29: feap = excited
30: case final
31: Qnept = S€lectBestForBothFromEstimatedPareto ()
32: feap = frustrated
33: if av,e.¢ 1s NOt assigned then
34: Opert = P1ickOfferWithUtility (Upext)
35: end if
36: sendOffer (nests feap)
37: end if
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opponent according to its own preferences. If the utility of the opponent’s offer is greater
than that of its previous offer, our agent considers its opponent as cooperative; otherwise, it
is considered as uncooperative (Line 6). If the opponent is cooperative, then the agent also
concedes and reduces its target utility value (Line 7); otherwise, it increases its target utility
accordingly (Line 10). If the human opponent acts cooperatively, the agent demonstrates a
happy facial expression (Line 8). Otherwise, it shows a frustrated facial expression (Line
11).

In the main stage, our main focus is to detect our opponent’s attitude in terms of the
aforementioned classification and act accordingly. If its opponent’s behaviour is determined
as competing, our agent adopts a frustrated facial expression and makes an offer whose
utility is the same with its previous one (Lines 15-17). For the avoiding opponent, it selects
next best offer according to the utility of its previous bid and shows a sad facial expression
(Line 18-20). Compromising opponent makes a silent move so our agent does too by making
an offer whose utility approximately the same with its previous offer and adopts a neutral
facial expression (Line 21-23). For the accommodating opponent, happy face is adopted to
express appreciation and the agent concedes with the same concession value (Line 24-26).
When the opponent’s attitude is detected as collaborating, the agent tries to make an offer,
which is good for both sides. To do this, the agent estimates Pareto optimal offers and makes
the best offer from these candidates with an excited facial expression (Line 27-29). The best
offer is determined by ordering multiplication of both sides’ utility (Nash product) in the
Pareto optimal offers.

In the final stage of the negotiation (i.e, approaching the deadline), our agent orders
the estimated Pareto optimal offers according to the Nash product and stores them in a list.
Then, the agent asks offers in descending order from top of the list in this stage. To create a

pressure on its opponent, it shows frustrated facial expression in this stage.
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4.2.2 Opponent Modelling Strategy

Understanding opponent’s preferences in agent-based negotiation mostly means to get
insight about the importance of negotiation issues (i.e., the most/least important issue and
which issue is more important than others etc.) and preference ordering of alternative values
for each issue (e.g., Tokyo is more preferred over Rome three times, the estimated utility
of Tokyo and Rome are 0.8 and 0.5 respectively). In this work, we assume that opponent’
preferences are represented by means of an additive utility function (See Equation [I)) and
we aim to estimate this function by analyzing the bid exchanges during the negotiation. In
automated negotiation, a variety of opponent modeling models have been proposed [50].
Among those models, it is seen that Frequency Model [S1] has been widely-used due to its
simplicity and relatively good performance over other models. Our model is also based on
the heuristics proposed by this model. Similarly, our main intuition is that most frequently
values appeared in opponent’s offers during the negotiation are directly proportional with
their actual utility values of these options, and if the value of an issue does not change for a
long time, it also means that importance value of this issue is higher than the others whose
issue value is changed frequently.

Algorithm [3]illustrates how we estimate the opponent’s utility function by comparing
opponent’s consecutive bids during the negotiation. Similar to the Frequency Model, we
update the importance values of each issue. In the bid sequences, if the value of an issue
does not change, we increase the importance of that issue by adding a parameter 6 (Lines
1-5). Likewise, we update the number of appearance of an issue value (Lines 6-8). To
estimate the final importance and evaluation values, we apply AHP to those vectors (Line 9)
as explained in Algorithm

In order to apply the AHP, pairwise comparison matrix is needed. We calculate these
matrices from the importance (Lines 1-5) and evaluation value vectors (Lines 7-12). The
Eigen values of those matrices are taken as updated importance (Line 6) and evaluation

values (Line 13).
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Algorithm 3: Proposed AHP-Frequency Model

Oprev <— Opponent previous offer
Ocur <— Opponent current offer
6 denotes the importance update parameter

AN

> Updating issue importance

for each issue 7 in o, do
if ., [1].value == 0},¢,[i].value then
importance[i] += 6
end if
end for
> Updating issue value importance

6: for each issue value v; in 0.,,[1] do

evaluationValue[v;] += 1

8: end for

> After that, AHP modelling is applied
applyAH P(importance, evalautionV alue)

~

10:
11:
12:
13:
14:

SANR AN S ey

Algorithm 4: Applying AHP

> Creating issue matrix first by using pairwise comparisons

forj=1...ndo
fork=1...ndo
issueMatrix[j][k] = importance[issueList[j]] / importance[issueList[k]]
end for
end for
1mportance <—calculateEigenValue(issueMatrix)
> Creating issue value matrix for every issue with same way
for each issue ¢ from issueList do
for j = 1...IssueValueList[j].size do
for k = 1...IssueValueList[j].size do
issucValueMatrin[lIk] = Satent deceney et ]
end for
end for
evaluationV alue <—calculateEigenValue(issue ValueMatrix)
end for

22



In automated negotiation, frequency model is one of the most widely used model [S1]].
Despite of the simplicity of the model, the model performs well in compared to more
complex models such as Bayesian model because more sophisticated models tend to overfit
[55]] in this field. In order to evaluate the performance of the proposed AHP extension of
frequency modeling namely AHP-Frequency, we asked 43 human participants to specify
their first 10 offers irrespective of their opponent’s behavior. Note that each participant
studied the given preference profile and specify their offers by considering those given

preferences. Figure 4] shows how we elicited those offer sequences from the user.

FINAL SECTION

# OFFER SCORE

stayina Guest Home for 3 weeks

Iwantto go Berlin for Art museum tou

Figure 4: Eliciting Opponent’s Offers to Evaluate Opponent Modelling

By using those bid sequences, we trained our model and classical frequency model
separately and compared the performance of the estimated models. As a performance metric,
we consider Kendall Tau Distance to the ranking of the offers according to the ground truth
preferences. Kendall Tau distance metric is a well-known metric for comparing two rankings
[S7]]. The rankings are compared by counting the number of pairwise disagreements between
those rankings. To do this, for every pair from the first ranking, if the order of the pair is the
same as in the second ranking, it is considered as concordant pairs denoted as c. Likewise,
if there is a conflict of order between them, it is considered as discordant pairs denoted as
d. Kendall tau coefficient is found by the Equation 4| where n is the number of total pairs,

|c| and |d| are the number of ¢ and d respectively. The value of the Kendall Tau distance is
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between zero and one where 1 means given two lists’ order are completely different while 0

means they have same order.

) )

Table[3]shows the distance between estimated ranking and true ranking for both opponent
models for each participant. Every row in the table corresponds to a participant. The average
Kendall Tau Distance between the true ranking and estimated ranking by Frequency Model
is 0.18 while the mean value of this distance for AHP-Frequency is 0.21. The standard
deviations for AHP-Frequency and Frequency, 0.07 and 0.09 respectively. Our extension
did not perform better than the classic model, but the average distance to the actual ranking

shows that the performance of the model is reasonably good enough.
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Table 3: Kendall Tau Distance to Actual Ranking

# | AHP-Frequency | Frequency
1 |0.168 0.113
2 10.231 0.171
3 10.189 0.147
4 10.240 0.249
5 10.209 0.186
6 | 0.257 0.188
7 10.126 0.103
8 |0.205 0.157
9 10.279 0.291
10 | 0.165 0.105
11 | 0.575 0.606
12 | 0.136 0.113
13 ] 0.244 0.232
14 | 0.226 0.170
15 | 0.239 0.217
16 | 0.214 0.192
17 | 0.252 0.237
18 | 0.185 0.122
19 | 0.175 0.145
20 | 0.141 0.119
21 | 0.174 0.139
22 1 0.276 0.220
23 | 0.211 0.164
24 |1 0.213 0.177
25 | 0.188 0.145
26 | 0.107 0.076
27 | 0.194 0.165
28 | 0.126 0.078
29 1 0.234 0.224
30 | 0.230 0.183
31 | 0.185 0.151
32 1 0.199 0.159
33 1 0.183 0.138
34 | 0.165 0.104
35 | 0.185 0.110
36 | 0.328 0.298
37 | 0.203 0.178
38 | 0.265 0.255
39 1 0.185 0.154
40 | 0.133 0.118
41 | 0.201 0.172
42 | 0.167 0.123
43 | 0.229 0.224

N
()}



CHAPTER V

PILOT STUDIES

Before our main user experiment regarding the studying the effect of opponent familiarity,
two pilot studies were conducted. It is worth noting the adjustments we made after these pilot
studies shows the importance of the pilot studies before conducting the actual experiments.

During the first pilot study in which the framework is designed as shown in Figure [5
we had the opportunity to have a debriefing session with the participants to understand
the usability of the framework and the applicability of the experiment. They informed
us that they had a difficulty in grasping the utilities from the preference graph; therefore,
a percentage icon was added at the right bottom of the graph to display the respective
importance percentages for each value and issues. Secondly, they suggested us to change
the flow of the conversation history. Initially, last offer was shown at the top of conversation
history frame while their first offer was shown at the bottom. We reverse the ordering in the
second pilot study as shown in Figure [6]

Furthermore, we made more critical changes in the design of the framework after the

second pilot study. For instance, avatar was displayed on the right side of the screen in

‘Conversation History.

aaaaaaaaaaaa

I wantto go Paris for Trekking and stay ina | want to go Bali for Art museum tours and stay

5 star luxury hotel for 1 week in a Guest Home for 2 weeks

Figure 5: User Interface Used in the First Pilot Study

26



Location %40.00]
%47.59

Time %25.00
3 days %6.40
62.2(0

[Accommodation %22.00
3 star hotel %44.40
tel %28.79

Tokyo %5.21 Guest 7.8
Beriin %20.30 (Camping %19.00
Bali %5.20

525.00
3 weeks %6.40

nnnnnnnnnnnnnn

I want to go Paris for Historical places and stay in a 1 want to go Bali for Trekking and stay ina
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Offerit ]

Figure 6: User Interface Used in the Second Pilot Study

pilot studies. However, we noticed that they did not look at the avatar directly. Since we
study the opponent familiarity, the appearance of the avatar plays a key role; therefore, the
participants should focus on the avatar’s face. Consequently, we moved the avatar into center
of the screen and increased its size as shown in Figure[I] We also made some changes in
the agent’s negotiation strategy after analyzing the feedback given by some participants.
Furthermore, we had an offer generation box for the avatar as well as the participant. We
removed that box to have a more compact interface.

Finally, our experimental design was within-subject design in the pilot studies. We
found out that some participants changed their negotiation behavior in order to beat the
agent irrespective of the negotiation setting. This would prevent us to understand whether
or not their behavior change was due to their familiarity to their opponent. Therefore, we
had to change our experimental design and adopted a between-subject design for the actual
experiment. Accordingly, we adopted the questionnaires.

All participants in the pilot studies were Engineering students or graduates. For the
analysis of the collected data, we first apply some normality tests (Kolmogorov-Smirnov and
Shapiro-Wilk Tests) in order to decide which statistical test (parametric or non-parametric)
should be applied. Since the data was not normally distributed, the Wilcoxon signed-rank

test was used to analyze them in our pilot studies. In the following part, we discuss those
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results and mention the experimental changes we made for the main experiments.

5.1 Results of the First Pilot Study

In the first pilot study, there were 14 participants (11 males and 3 females): 11 Computer
Science graduate students and 3 Electronic Engineering graduate students. Each participant
negotiates with the avatar in both settings: celebrity and non-celebrity. Note that 7 of
the participants negotiated with the non-celebrity avatar and the rest of the participants
negotiated with the celebrity avatar in their first sessions. The average scores of the user
utilities, agent utilities, total negotiation time, social welfare and utility product for this
group were listed in Table @] and illustrated in Figure 7]

Table 4: Statistical Results of the First Pilot Study

N | Mean | Standard Deviation | Variance | Min | Max
User Utility (Non-C.) 14 | .8164 0751 .006 .69 | 1.00
User Utility (C.) 14 | .7586 1248 .016 40 | .88
Agent Utility (Non-C.) 14 | .8207 0755 .006 .61 | .88
Agent Utility (C.) 14 | .8736 .0683 .005 .80 | 1.00
Total Time (Non-C.) 14 | .3936 .1626 .026 16 | .67
Total Time (C.) 14 | .4493 2618 .069 19 | .99
Social Welfare (Non-C) | 14 | 1.6371 .0645 .004 1.48 | 1.68
Social Welfare (C.) 14 | 1.6321 0725 .005 1.40 | 1.68
Utility Product (Non-C.) | 14 | .6667 .0541 .003 S5 .70
Utility Product (C.) 14 | .6557 .0794 .006 40 | .70

Although the average individual utilities gained by human participants are higher in
non-celebrity setting than those ones in celebrity setting, there is no statistically significantly
differences between those means. Result of the Wilcoxon signed-rank test shows that there is
no significant difference between the user utilities in two paired sessions (z=-1.481, p=.139).
Also, there is no significant difference between the agent utilities (z=-1.890, p=.059) and
between the negotiation time averages (z=-.440, p=.660). The agent and user utilities
were added and multiplied to observe whether there is a difference between them from the
social welfare perspective and between their Nash products. There is found no significant

difference in terms of social welfare (z=.000, p=1.000) and Nash product (z=-313, p=754).
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Figure 7: Analysis of Negotiation Results for the First Pilot Study

There is no significant difference between the mean values in terms of user utility, agent
utility, total time, social welfare and utility product. Therefore, we cannot make any claims
regarding those metrics.

In addition to mean values, the frequencies of acceptance were also analyzed and given
as a pie-chart. Considering the sessions with celebrity avatar, from 14 negotiation sessions,
4 of them were accepted by the agent and the other 10 were accepted by the user and for
the sessions with non-celebrity avatar, again from 14 negotiation sessions, 9 of them were

accepted by the user and 5 of them were accepted by the agent (Figure [g).

Acceptance rate (Sessions with Non-celebrity Avatar) Acceptance rate (Sessions with Celebrity Avatar])

2

m User = Agent m User = Agent

Figure 8: Acceptance Rates for the First Pilot Study
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After each negotiation session, participants filled out a questionnaire involving some
questions about the fairness of the avatars, whether participants perceive their negotiation
partner collaborative or competitive, whether the avatar were human-like or not, participant’s
frustration levels during their negotiation sessions and their deadline considerations were
asked after each session. For the surveys, 9 point likert scale was used in the questions
(1-strongly disagree, 9-strongly agree). Finally the questionnaires were also analyzed to
understand whether there happened significant changes in the perception of the participants.

The results of the first pilot study showed that there is no significant difference between
the participants’ perceptions about the celebrity and non-celebrity avatar. Only the question
by which we asked participants’ frustration level when their negotiated with the celebrity
avatar or non-celebrity avatar in their first sessions shows a significant difference between the
two groups (U=5.000, p<.05). Participants who negotiated with non-celebrity avatar showed
significantly higher level of frustration than the group who negotiate with celebrity avatar
in their first sessions regarding results coming from their responses to the aforementioned
question. Figure [9] shows the mean score of each question in the post-survey involving

questions comparing their negotiations with celebrity and with non-celebrity avatar.

Responses

considered theremaining time more when | negotiated with the celebrity
avatar.

I ©.214285714

was mor e comfortable when | negotiaied with the virtual avatar then the
celebrity avatar.

N £.142857143
The popularity of thecelebrity avatar affected theinteraction process. | S 714285714
Celebr ity avatar understood me in a better way than thevirtua avatar.  [NNNNINGNGGEGEEGEGEGE G5
Celebr ity avatar were mor e aggresive than thevirtud avatar. [ 5.5
felt more familiar with the celebrity avatar than the virtuzl avatar. [
Virtual avatar was friendlier to me than the celebrity. |GGG 5. 142857143

Celebr ity avatar'sfacial expr essions were more important for me than the
virtud avatar's facial expression.

Celebrity avatar acted more competitively than thevirtud avatar. [ - 755714286

acted mor ecolisboratively in negotiating with the celebrity avatar than
the virtua avatar.

mter action with the celebrity avatar was easier than the interaction with
the virtua avatar.

I ©.785714286

N 4357142857
I 5142857143

1 2 3 4 5 6 7

m
w

Figure 9: Questionnaire Responses in the First Pilot Study
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5.2 Results of the Second Pilot Study

In the second pilot study, there were 29 bachelor and graduate engineering students (23

males and 6 females) at Ozyegin University. The age of participant ranges from 21 to 37. We

adopted the same experimental design with the first pilot study. 15 participants negotiated

with the celebrity avatar and 14 participants negotiated with the non-celebrity avatar in

their first negotiation sessions. The average scores of the user utilities, agent utilities, total

negotiation time, social welfare and utility product for this group were listed in Table [5]and

illustrated in Figure 10}

Table 5: Statistical Results of the Second Pilot Study

N | Mean | Standard Deviation | Variance | Min | Max
User Utility (Non-C.) 29 | .7628 .0810 .007 .61 .88
User Utility (C.) 29 | .7628 .0924 .009 .61 .88
Agent Utility (Non-C.) 29 | .8690 .0812 .007 .60 | 1.00
Agent Utility (C.) 29 | .8697 .0751 .006 73 | 1.00
Total Time (Non-C.) 29 | 4074 2261 .051 .09 | 98
Total Time (C.) 29 | .4047 .2489 .062 02 | .97
Social Welfare (Non-C.) | 29 | 1.6317 0775 .006 1.29 | 1.68
Social Welfare (C.) 29 | 1.6324 .0481 .002 1.51 | 1.68
Utility Product (Non-C.) | 29 | .6594 .0618 .004 41 .70
Utility Product (C.) 29 | .6576 .0459 .002 57 | 70

1w

Uszr Utility

Mean and Error Bar Graph

Agent Uility

TotalTime Social WeFare

m Non-Celebrity  m Celebrity

Nzsh Product

Figure 10: Analysis of Negotiation Results for the Second Pilot Study
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It can be seen that the average values are really close and the result of the Wilcoxon
signed-rank test shows that there is no significant difference between the user utilities in two
paired sessions (z=-.011, p=.991). Also, there is no significant difference between the agent
utilities (z=-.160, p=.873) and between the negotiation time averages (z=-.324, p=.746).
Also, there is no significant difference between the two groups in terms of social welfare
(z=-.613, p=.540) and utility product (z=-.602, p=547). To sum up, there is no significant
difference between the mean values in terms of user utility, agent utility, total time, social
welfare and utility product. Therefore, we cannot make any claims regarding those metrics.

Regarding the acceptance rates shown in Figure[IT] our agent accepted the participants’
offers in 14 out of 29 negotiations while 15 human participants accepted our agent’s offer.
For the sessions with celebrity avatar, our agent’s offers were accepted by 18 participants

while 11 human participants’ offers were accepted by our agent.

Acceptance rate (Sessions with Non-celebrity Avatar) Acceptance rate (Sessions with Celebrity Avatar)

m User mAgent = User = Agent

Figure 11: Acceptance Rates for the Second Pilot Study

Analysis of the questionnaire also showed that there is no significant difference between
the participants’ perceptions about the celebrity and non-celebrity avatar in general. For the
second pilot study, questionnaire results show that there is a significant difference between
the two groups for the question stated that “My partner’s reactions during negotiation

pushed me away.” (U=56.000, p<.05). Participants negotiated with non-celebrity avatar
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had higher mean for this question than the other group according to the results. Also, the
group negotiated with the celebrity avatar in their first sessions found their partner more
collaborative. Result shows that there is a significant difference between the two groups in
accepting their partner as collaborative (U=50.000, p<.05). Figure [I2] shows the mean score
of each question in the post-survey involving questions comparing their negotiations with

celebrity and with non-celebrity avatar.

Responses
considered theremaining time more when | negotiated with the
celebrity avatar.

wasmor ecomfortable when | negotiaed with the virtual avatar
. |
then thecelebrity avatar. 3.655172414

I 3517241379

T pularity of the celebr ity avata affected the interact
1e popuEr cfhecsieby y 2o e RIS O 3 567068966

Celebrity avaar undemo‘:d;:t:r a better way than the virtu 2 D - 544527586

Celebr ity avatar were more aggr essive than the virtual avatar. [N  S.10344B276
fielt mare familiar with the celebrity avatar than the virtual avatar. [ - 75862069

Vircual avatar was friend lier to me than the cekebrity. [ NG © 206551724

Celebrity avaar's facial expressions were more important for me
than the virtual avatar's facial expression.

Celebrity avatar acted more competitively than the virtua avatar. [T 172413793

acted more collaboratively n negotigting with the celebrity avatar
than the virtual avatar.

nterzction with the celebrity avatar was easiar than the interaction
with thevirtual avatar.

I 068365517

I 4 827586207
I 5.034482753

1 2 3 4 5 G 7

m
[r=]

Figure 12: Questionnaire Responses in the Second Pilot Study

After analyzing these results and the discussion the debriefing sessions we made fol-
lowing the experiment, we decided to change the experimental design from within subject
to between subject because participants stated that they applied different strategies in the
second session in order to beat our agent. This shows us the influence of the learning effect
on negotiation. To avoid this effect, by increasing our anticipated sample size, we chose to
change our design to between subject. Within subject design was more preferable because a
smaller sample size is feasible for the within subject design, nevertheless for the between
subject design it is vital to increase the number of the participant for making the evaluation

appropriately.
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CHAPTER VI

STUDYING THE EFFECT OF FAMILIARITY

In order to study the effect of familiarity of the opponent in human-agent negotiation, we
conducted a user experiment based on the results and feedback coming from the previous
pilot studies. In the following section, we first explain our final experimental setup and

report our main findings.

6.1 Experimental Setup

In our experiments, we aim to investigate the effect of negotiating with a celebrity virtual
agent versus negotiating with a non-celebrity virtual agent on both negotiation process
and outcome. In our first attempt, we adopted a within-subject design where each subject
is asked to experience all possible conditions because a between-subject design requires
relatively larger number of subjects to get significant results [58]. In our pilot studies in
which each participant negotiated with the virtual agent in both conditions, we observed that
participants had a tendency to change their strategy deliberately to beat the virtual agent in
their second negotiations. This trial-error method of human participants prevents us to study
the effect of the independent variable named “familarity” accurately. Therefore, we had to
switch to between-subject design.

We have recruited 67 participants (i.e., some acquaintances and university students; 39
males, 28 females; median age: 25) for conducting our human-virtual agent experiments.
49 participants had an engineering background while the rest have different backgrounds
such as social sciences, business management and law. We divided the participants into
groups: A (the control group) and B (experimental group) where the participants in Group
A negotiate with a non-celebrity agent while Group B negotiates with a celebrity agent.

Note that there were 33 and 34 participants in Group A and Group B respectively.
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In the experiment, a negotiation profile is given to each participant. As a role-playing
game, they are asked to study their preference profiles elaborately before their negotiation.
After studying their profiles, they are asked to answer three questions regarding their
preferences in order to understand whether they grasp their preferences accurately. These
questions are specifying the best and worst offer and deciding which offer is better for a
given offer pair.

At the beginning, all participants are informed about the experiment and asked to fill
out a short survey form in which demographics of the participants were collected. At this
stage, consents of the participants were taken. In order to protect their privacy, the system
generates a unique number, which will be used by the participants during their interaction
with the system. That is, our system logs do not involve any personal information of the
participants. Each participant is represented by the given unique number in the log files.

Before starting their real negotiation session, there was a training session for participants
to experience the negotiation process and the framework. For the training session, a different
profile from the real experiment was given to participants. Same process with the real
experiment is used. Participants first watched a demonstration video and performed a five-
minute negotiation on the given training scenario. During the training session, participants
negotiated with a computerized virtual agent (Figure [T)) employing a simple time-based
negotiating strategy. It is worth noting that the virtual character and agent strategy are
different from the ones that we used in the real experiment.

After the training session, the participants were asked to study the preference profile for
the real negotiation session. Regardless of the group, all participants are asked to choose
a celebrity that they would like to negotiate with, among six celebrities provided by the
framework. While the participants negotiate with the chosen celebrity in Group B, the
participants negotiate with a non-celebrity agent in Group A, which has the same gender of
their choice. The deadline for this negotiation is set to 10 minutes. The time is initiated after

human participant’s first offer. If participants cannot reach an agreement within 10 minutes,
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both parties receive zero points. Note that the goal of the participants is to maximize their
individual utility scores and participants could see their preference profiles at any time
during the negotiation. It is also worth noting that participants were advised to look at the
facial expression of the avatar agent during their negotiation.

According to our scenario, our participants are asked to negotiate with the virtual agent
on their joint holiday plan similar to the one [2]. There are four negotiation issues: Location
(Tokyo, Bali, London, Paris, Berlin), Accommodation (3-star hotel, guest home, 5-star
luxury hotel and camping), Duration (3 days, 1 week, 2 weeks, and 3 weeks) and Activities
(Museum tours, trekking and historical places). That is, there are 240 possible outcomes.
Figure[I3] shows the utilities of each possible bid in the given scenario. It can be seen that

the bargaining power of the two parties is almost the same.

100

Figure 13: Utility Distribution of Outcome Space for the Given Scenario

After their negotiation session, the participants are asked to fill out a post-survey form
consisting of general questions regarding their current negotiation and opinion questions

about their negotiating partner.
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6.2 Experiment Results: Negotiation Qutcome

We first investigate the success rate (i.e., the percentage of reaching an agreement). Recall
that 33 participants and 34 participants negotiated with the non-celebrity avatar and with
the celebrity avatar respectively. Figure [I4] shows the acceptance rate of each setting by
specifying the number of negotiation sessions by whom the agreement is reached. It can be
seen that 2 of 33 sessions with non-celebrity avatar resulted in failure to find a consensus
while all sessions ended with an agreement for celebrity sessions. As seen from the charts,
the percentage of sessions in which avatar’s offer was accepted by the participants is higher
in the celebrity setting than in the non-celebrity setting (% 61.8 versus % 48.5).

Acceptance rate (Sessions with Non-celebrity Avatar)  Acceptance rate (Sessions with Celebrity Avatar)

) ©

m User w Agemt  w Timeouts w Uszr = Agert =

Figure 14: Acceptance Rates for the Main Experiment

After analyzing the acceptance rates, we study the negotiation results of the sessions
ended successfully in terms of a variety of performance metrics: utility received by user
(i.e, user utility), utility received by agent (i.e., agent utility), negotiation time to reach an
agreement, the sum of user and agent utilities (i.e., social welfare) and the product of user
and agent utilities (i.e., utility product). Note that when time out occurs and no agreement is
reached, both party receives zero utility. Considering unsuccessful negotiations would act
like outliers. Therefore, we filtered them out in our analysis. To apply the right statistical
test, we first used a normality test to see whether or not the data is normally distributed.

To achieve this, we applied Kolmogorov-Smirnov and Shapiro-Wilk normality tests on the
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data distribution regarding user and agent utility of the agreements, negotiation time, social
welfare and utility product. As Table[6] shows, data is not normally distributed for all metrics
except negotiation time. Therefore, we applied a non-parametric statistical test, namely

Mann-Whitney U test.

Table 6: Results of Normality Tests

Kolmogorov-Smirnov Shapiro-Wilk

Statistics | P-value | Statistics | P-value
User Utility (Non-C.) .289 .000 .868 .001
User Utility (C.) 281 .000 .858 .000
Agent Utility (Non-C.) 253 .000 .868 .001
Agent Utility (C.) 258 .000 919 .015
Total Time (Non-C.) 139 135 945 112
Total Time (C.) 143 074 925 .022
Social Welfare (Non-C.) 263 .000 729 .000
Social Welfare (C.) 261 .000 871 .001
Utility Product (Non-C.) 249 .000 810 .000
Utility Product (C.) 296 .000 813 .000

At the same time, Table[7|shows the statistics such as mean values, standard deviations,
variances, minimum and maximum values for each performance metric on both non-celebrity

and celebrity settings.

Table 7: Statistical Results of the Main Experiment

N | Mean | Std. Deviation | Variance | Min | Max
User Utility (Non-C.) 31 | .5881 .1360 .018 29 |75
User Utility (C.) 34 | .4950 1514 .023 25 | 94
Agent Utility (Non-C.) 31 | .7526 .0826 .007 .62 | .90
Agent Utility (C.) 34 | 8144 .1002 .010 54 1 1.00
Total Time (Non-C.) 31 | .5748 2388 .057 19 | .99
Total Time (C.) 34 | 5874 2878 .083 .08 | .99
Social Welfare (Non-C.) | 31 | 1.3406 .0979 .010 1.04 | 1.42
Social Welfare (C.) 34 | 1.3094 .0766 .006 1.08 | 1.48
Utility Product (Non-C.) | 31 | .4350 .0760 .006 22 1 .50
Utility Product (C.) 34 | .3900 .0760 .006 24 | 51

An error bar chart graph was also provided based on the mean and standard deviation

values in Figure [I5] In terms of user utility and agent utility, the results are statistically
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Mean and Error Bar Chart
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Figure 15: Analysis of Negotiation Results for the Main Experiment

significantly different according to Mann-Whitney U test (p=0.018 and 0.014 <.05 and U =
350.5 and 342 respectively). As expected, average agent utility received in celebrity setting
is higher than that in non-celebrity setting. In line with those results, the average user utility
is higher when the participants negotiate with a non-celebrity. We may draw a conclusion
that participants conceded more against a celebrity opponent than a non-celebrity opponent.
For negotiation time, there is no significant result (p=0.773 and U=505).

In terms of social welfare, the difference between the two settings is statistically sig-
nificant (p=0.08 and U=328.5). It showed that the setting with non-celebrity resulted in
higher social welfare on average (1.34 versus 1.30). Similarly, the higher product utilities
are received when people negotiate with non-celebrity opponent (0.43 versus 0.39). It seems
that more fair or socially balanced results are gained against to a non-celebrity opponent.
Since participants had a tendency to concede more against a celebrity opponent, they may

not consider fairness of the negotiation outcome much.
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6.3 Experiment Results: Negotiation Process

In addition to the analysis of the negotiation outcome, we also analyze the negotiation process
in terms of the participant’s cooperativeness level as described in Section[4.2] According to
this process analysis, out of 33 participants who negotiated with the non-celebrity avatar,
16 of them approached our agent collaboratively, 15 of them preferred a more competitive
approach, and the rest were more neutral, neither collaborative nor competitive. For the
participants who negotiated with the celebrity avatar, out of 34 participants, 23 of them were
more collaborative and 8 of them acted competitively and again the 3 of them approached
in a more neutral way. The percentage wise, 48.5 % and 69.7 % of the participants
negotiated collaboratively when they negotiated with non-celebrity agent and celebrity agent
respectively. These results are inline with our findings on the negotiation outcome. That is,

the participants acted more collaboratively when they negotiated with the celebrity avatar.

6.4 Experiment Results: Questionnaires

We asked the participants their perceptions on their performances, their perceptions on the
avatar’s strategy, about the framework and the experimental setup. Results coming from the
questionnaires show that the participants’ perception who negotiated with the celebrity and
the non-celebrity avatar didn’t differ in significant level as seen Figure [[6| where Group A
and Group B negotiated with the non-celebrity and celebrity avatar respectively. We noticed
that most of the participants found the virtual agent competitive in general. Regarding the
responses to the experimental setup questions showed that participants understood the given

profile and they took into account the avatar’s facial expressions during their negotiation.
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Questionnaire Responses

I found my partner collsborative.

My partner negotiated with mein a fair way.

My partner was manipulative.

| was frustrated with my partner's attitude during negotistion.

My partner negotigted with me like a human negotiator

My partner'sreactions made me concede more.

| found my partner's offer s convincing.

My partner was competitive.

My partner had a d#ficulty in und erstanding my interests during the negotistion
My partner understood my preferences during negotiation process and generalize the bids accordingty.
I'would iketo negotiate with my partner one more tme.

| took into account my partner's facial expressions during negotiation process

| understood thegiven profile for me.

o
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Figure 16: Questionnaire Responses in the Main Experiment
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CHAPTER VII

CONCLUSION AND DISCUSSION

This work introduces a human-agent negotiation framework where a human negotiator
can negotiate with a virtual avatar so that researchers can investigate the effect of the
avatar’s appearance on their human opponent’s negotiation behavior. The main aim of
this work is to study the effect of human negotiator’s familiarity to their opponent in their
negotiation attitude and also outcome. To achieve this, a user experiment was conducted
where some participants negotiated with an avatar looks like a celebrity they preferred
while others negotiated with a non-celebrity avatar. The experimental results showed that
human participants had a tendency to concede more against their celebrity opponent than
a non-celebrity opponent. That is, the participants acted more collaboratively when they
negotiated with the celebrity avatar. While designing a virtual agent negotiating with a
human, it might be beneficial to build a virtual avatar, which looks like a celebrity that the
user likes.

The paradigm of conversationally negotiating with agents that appear like humans
brings a naturalness to the interaction. In this new paradigm, many phenomena seen in
human-human interactions could be translated to human-agent interactions. For example,
in addition to visual similarity, rapport has shown to play a big effect on the process and
outcome of negotiations between two parties [59]]. It would be of interest to see how an Al
agent is able to create such a rapport. Especially in a multi-modal paradigm where users
also see the embodiment of the Al agent as well as converse with it, it would be of interest
to explore how Al agents can express themselves using voice, emotion, facial expressions,
gestures, etc. to develop rapport and come-off as a fair, trustworthy negotiation partner; an

important prerequisite to successful negotiations. Further, the result of negotiations can be
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analyzed according to other metrics such as satisfaction level (i.e., is the human party more
satisfied/comfortable with Al agents than fellow humans?), convincing power (i.e., can the
Al agent convince a human to take a second-best deal compared to a human?), and so on.
We are planning to investigate those kind of questions as a future work.

Furthermore, it would be interesting to study the effect of their opponent’s gender on the

negotiation outcome in the proposed negotiation framework as the work [[10] did.

43



Bibliography

[1] K. V. Hindriks and D. Tykhonov, “Let’s dans! an analytic framework of negotiation
dynamics and strategies,” Web Intelligence and Agent Systems, vol. 9, no. 4, pp. 319—
335, 2011.

[2] O. Giingér, U. Cakan, R. Aydogan, and P. Oztiirk, “Effect of awareness of other side’s
gain on negotiation outcome, emotion,argument and bidding behavior,” in Procedings
of Twelfth International Workshop on Agent-based Complex Automated Negotiations,

(Macao), pp. 377-384, ACAN2019, 2019.

[3] I. MotionPortrait, “Motion portrait.” https://www.motionportrait.com/,
2020 (accessed: 01.07.2020).

[4] N.R. Jennings, P. Faratin, A. R. Lomuscio, S. Parsons, C. Sierra, and M. Wooldridge,
“Automated negotiation: prospects, methods and challenges,” International Journal of
Group Decision and Negotiation, vol. 10, no. 2, pp. 199-215, 2001.

[5] Y. Oshrat, R. Lin, and S. Kraus, “Facing the challenge of human-agent negotiations via
effective general opponent modeling,” in AAMAS (1), pp. 377-384, IFAAMAS, 2009.

[6] D. Druckman and B. J. Broome, “Value differences and conflict resolution: Familiarity
or liking?,” Journal of Conflict Resolution, vol. 35, no. 4, pp. 571-593, 1991.

[7] R. L. Moreland and R. B. Zajonc, “Exposure effects in person perception: Familiarity,
similarity, and attraction,” Journal of Experimental Social Psychology, vol. 18, no. 5,
pp- 395 — 415, 1982.

[8] M. Yuasa and N. Mukawa, “The facial expression effect of an animated agent on the
decisions taken in the negotiation game,” in CHI’07 Extended Abstracts on Human
Factors in Computing Systems, pp. 2795-2800, 2007.

[9] M. Yuasa, Y. Yasumura, and K. Nitta, “A negotiation support tool using emotional
factors,” in Proceedings Joint 9th IFSA World Congress and 20th NAFIPS International
Conference (Cat. No. 01TH8569), pp. 2906-2911, IEEE, 2001.

[10] W.-]. Lin, C.-H. Hu, and H. Lai, “The impact of gender differences on response strategy
in e-negotiation,” in Workshop on E-Business, pp. 192-205, Springer, 2009.

[11] A.FE Stuhlmacher, M. Citera, and T. Willis, “Gender differences in virtual negotiation:
Theory and research,” Sex Roles, vol. 57, no. 5-6, pp. 329-339, 2007.

[12] L. M. van der Lubbe and T. Bosse, “Studying gender bias and social backlash via
simulated negotiations with virtual agents,” in International Conference on Intelligent
Virtual Agents, pp. 455-458, Springer, 2017.

[13] S. Fatima, S. Kraus, and M. Wooldridge, Principles of automated negotiation. Cam-
bridge University Press, 2014.

44


https://www.motionportrait.com/

[14] T. Baarslag, M. Kaisers, E. H. Gerding, C. M. Jonker, and J. Gratch, “When will negoti-
ation agents be able to represent us? The challenges and opportunities for autonomous

negotiators,” in Proceedings of the Twenty-sixth International Joint Conference on
Artificial Intelligence, IJICAT’ 17, pp. 4684-4690, 2017.

[15] T. Sandholm, “Automated negotiation,” Communications of the ACM, vol. 42, no. 3,
pp. 84-85, 1999.

[16] K. Fujita, T. Ito, and M. Klein, “Efficient issue-grouping approach for multiple interde-
pendent issues negotiation between exaggerator agents,” Decision Support Systems,
vol. 60, pp. 10-17, 2014.

[17] 1. Marsa-Maestre, M. Klein, C. M. Jonker, and R. Aydogan, ‘“From problems to
protocols: Towards a negotiation handbook,” Decision Support Systems, pp. 39-54,
2014.

[18] R. Aydogan, T. Baarslag, K. V. Hindriks, C. M. Jonker, and P. Yolum, “Heuristics for
using cp-nets in utility-based negotiation without knowing utilities,” Knowledge and
Information Systems, vol. 45, no. 2, pp. 357-388, 2014.

[19] R. Aydogan and P. Yolum, “Learning opponents preferences for effective negotiation:
An approach based on concept learning,” Journal of Autonomous Agents and Multi-
Agent Systems, vol. 24, no. 1, pp. 104-140, 2012.

[20] O. Tunali, R. Aydogan, and V. Sanchez-Anguix, ‘“Rethinking frequency opponent
modeling in automated negotiation,” in International Conference on Principles and
Practice of Multi-Agent Systems, pp. 263-279, Springer, 2017.

[21] V. Sanchez-Anguix, R. Aydogan, V. Julian, and C. Jonker, “Unanimously acceptable
agreements for negotiation teams in unpredictable domains,” Electronic Commerce
Research and Applications, vol. 13, no. 4, pp. 243-265, 2014.

[22] M. Cao, X. Luo, X. R. Luo, and X. Dai, “Automated negotiation for e-commerce
decision making: a goal deliberated agent architecture for multi-strategy selection,”
Decision Support Systems, vol. 73, pp. 1-14, 2015.

[23] C. M. Jonker, R. Aydogan, T. Baarslag, K. Fujita, T. Ito, and K. Hindriks, “Automated
negotiating agents competition (ANAC),” in Proceedings of the Thirty-First AAAI
Conference on Artificial Intelligence (AAAI-17), pp. 5070-5072, AAAI Press, 2017.

[24] J. Mell, J. Gratch, T. Baarslag, R. Aydogan, and C. M. Jonker, ‘“Results of the first
annual human-agent league of the automated negotiating agents competition,” in

In Proceedings of the 18th International Conference on Intelligent Virtual Agents,
pp- 23-28, ACM, 2018.

[25] J. Mell, J. Gratch, R. Aydogan, T. Baarslag, and C. M. Jonker, “The likeability-
success tradeoff: Results of the 2 nd annual human-agent automated negotiating

agents competition,” in 2019 8th International Conference on Affective Computing
and Intelligent Interaction (ACII), pp. 1-7, IEEE, 2019.

45



[26] J. Mell and J. Gratch, “Grumpy & pinocchio: Answering human-agent negotiation
questions through realistic agent design,” 05 2017.

[27] R. Aydogan, O. Keskin, and U. Cakan, “Let’s negotiate with jennifer! towards a
speech-based human-robot negotiation,” in Advances in Automated Negotiations (T. Ito,
M. Zhang, and Aydogan, eds.), pp. 3—16, Springer, 2020.

[28] C. M. Jonker and R. Aydogan, “Deniz: A robust bidding strategy for negotiation
support systems,” in Advances in Automated Negotiations (T. Ito, M. Zhang, and
Aydogan, eds.), pp. 31-47, Springer, 2020.

[29] J. Gratch and G. Lucas, “Negotiation as a challenge problem for virtual humans,” 08
2015.

[30] G. Haim, Y. Gal, M. Gelfand, and S. Kraus, “A cultural sensitive agent for human-
computer negotiation,” in Proceedings of the 11th International Conference on Au-
tonomous Agents and Multiagent Systems-Volume 1, pp. 451-458, 2012.

[31] C. M. de Melo, P. Carnevale, and J. Gratch, “The effect of expression of anger and
happiness in computer agents on negotiations with humans,” in The 10th International

Conference on Autonomous Agents and Multiagent Systems-Volume 3, pp. 937-944,
2011.

[32] P. Prajod, M. Al Owayyed, T. Rietveld, J.-J. van der Steeg, and J. Broekens, “The
effect of virtual agent warmth on human-agent negotiation,” in Proceedings of the 18th
International Conference on Autonomous Agents and MultiAgent Systems, AAMAS
’19, (Richland, SC), p. 71-76, International Foundation for Autonomous Agents and
Multiagent Systems, 2019.

[33] I. Rahwan, S. D. Ramchurn, N. R. Jennings, P. Mcburney, S. Parsons, and L. Sonenberg,
“Argumentation-based negotiation,” Knowledge engineering review, vol. 18, no. 4,
pp- 343-375, 2003.

[34] R. R. Divekar, H. Su, J. O. Kephart, M. G. DeBayser, M. Guerra, X. Mou, M. Peveler,
and L. Chen, “Humaine: Human multi-agent immersive negotiation competition,” in
Extended Abstracts of the 2020 CHI Conference on Human Factors in Computing
Systems, pp. 1-10, 2020.

[35] R.R. Divekar, X. Mou, L. Chen, M. G. De Bayser, M. A. Guerra, and H. Su, “Embodied
conversational ai agents in a multi-modal multi-agent competitive dialogue.,” in IJCAI,
pp. 6512-6514, 2019.

[36] J. Gratch, D. DeVault, and G. Lucas, “The benefits of virtual humans for teaching
negotiation,” vol. 10011, pp. 283-294, 09 2016.

[37] J. Broekens, M. Harbers, W.-P. Brinkman, C. Jonker, K. Bosch, and J.-j. Meyer, “Virtual
reality negotiation training increases negotiation knowledge and skill,” vol. 7502,
pp. 218-230, 09 2012.

46



[38] D. Ding, F. Burger, W.-P. Brinkman, and M. A. Neerincx, “Virtual reality negotiation
training system with virtual cognitions,” in International Conference on Intelligent
Virtual Agents, pp. 119-128, Springer, 2017.

[39] A. Rosenfeld, I. Zuckerman, E. Segal-Halevi, O. Drein, and S. Kraus, “Negochat: a
chat-based negotiation agent,” in AAMAS, pp. 525-532, IFAAMAS/ACM, 2014.

[40] J. Mell and J. Gratch, “lago: interactive arbitration guide online,” in Proceedings
of the 2016 International Conference on Autonomous Agents & Multiagent Systems,
pp- 1510-1512, International Foundation for Autonomous Agents and Multiagent
Systems, 2016.

[41] C. M. Jonker, R. Aydogan, T. Baarslag, J. Broekens, C. A. Detweiler, K. V. Hindriks,
A. Huldtgren, and W. Pasman, “An introduction to the pocket negotiator: A general
purpose negotiation support system,” in EUMAS 2016, pp. 13-27, Springer, 2016.

[42] S. L. Huff, E. P. Newson, and D. Amoroso, “Efficiency in computer-mediated negotia-
tion: The familiarity factor,” 1988.

[43] J. Mell, J. Gratch, and G. Lucas, “The effectiveness of competitive agent strategy in
human-agent negotiation,” 01 2018.

[44] R. Blankendaal, T. Bosse, C. Gerritsen, T. de Jong, and J. de Man, “Are aggressive
agents as scary as aggressive humans?,” in Proceedings of the 2015 International
Conference on Autonomous Agents and Multiagent Systems, AAMAS ’15, (Richland,
SC), p. 553-561, International Foundation for Autonomous Agents and Multiagent
Systems, 2015.

[45] H. Wauck, G. Lucas, A. Shapiro, A. Feng, J. Boberg, and J. Gratch, “Analyzing the
effect of avatar self-similarity on men and women in a search and rescue game,” in
Proceedings of the 2018 CHI Conference on Human Factors in Computing Systems,
CHI ’18, (New York, NY, USA), p. 1-12, Association for Computing Machinery, 2018.

[46] H. Adams, C. Thompson, D. Thomas, F. Sharis, C. G. Jernigan, C. Moore, and
B. Williams, “The effect of interpersonal familiarity on cooperation in a virtual envi-
ronment,” in Proceedings of the ACM SIGGRAPH Symposium on Applied Perception,
SAP ’15, (New York, NY, USA), p. 138, Association for Computing Machinery, 2015.

[47] L. Reder and F. Ritter, “What determines initial feeling of knowing? familiarity with
question terms, not with the answer,” Journal of Experimental Psychology: Learning,
Memory, and Cognition, vol. 18, pp. 435-451, 05 1992.

[48] A. Tversky and S. Sattath, “Preference trees.,” Psychological Review, vol. 86, no. 6,
p- 542, 1979.

[49] D. Boukredera and K. Hariche, “Decision-making in multi-agent multi-issue negoti-
ation using analytic hierarchy process,” in 11th European Workshop on Multi-Agent
Systems, pp. 1-4, Toulouse, 2013.

47



[50] T. Baarslag, M. J. Hendrikx, K. V. Hindriks, and C. M. Jonker, “A survey of opponent
modeling techniques in automated negotiation,” 2016.

[51] T. Van Krimpen, D. Looije, and S. Hajizadeh, “Hardheaded,” in Complex Automated
Negotiations: Theories, Models, and Software Competitions, pp. 223227, Springer,
2013.

[52] R. Aydogan, D. Festen, K. V. Hindriks, and C. M. Jonker, “Alternating offers pro-
tocols for multilateral negotiation,” in Modern Approaches to Agent-based Complex
Automated Negotiation, pp. 153—-167, Springer, 2017.

[53] H. Voice, “Headliner voice.” https://voice.headliner.app/, 2020 (ac-
cessed: 01.07.2020).

[54] R. Lin and S. Kraus, “Can automated agents proficiently negotiate with humans?,”
Commun. ACM, vol. 53, no. 1, pp. 78-88, 2010.

[55] G. Koley and S. Rao, “Adaptive human-agent multi-issue bilateral negotiation using
the thomas- kilmann conflict mode instrument,” in 2018 IEEE/ACM 22nd International
Symposium on Distributed Simulation and Real Time Applications (DS-RT), pp. 1-5,
2018.

[56] T. Baarslag, K. V. Hindriks, and C. M. Jonker, “Acceptance conditions in automated
negotiation,” in Proceedings of ICT.Open 2011, 2011.

[57] M. G. Kendall, “A new measure of rank correlation,” Biometrika, vol. 30, no. 1/2,
pp- 81-93, 1938.

[58] J. Lazar, L. H. Feng, and H. Hochheiser, Research Methods in Human-Computer
Interaction. Willey, 2010.

[59] N. L. C. Kihwan Kim and S. B. Choi, “Emotional intelligence and negotiation out-
comes: Mediating effects of rapport, negotiation strategy, and judgment accuracy,”
Group Decision and Negotiation, vol. 24, no. 3, p. 495, 2014.

48


https://voice.headliner.app/

	Titlepage
	Signatures
	Dedication
	Abstract
	Özetçe
	Acknowledgements
	Table of Contents
	List of Tables 
	List of Figures 
	LIST OF SYMBOLS/ABBREVIATIONS
	Chapter 1 — Introduction
	Chapter 2 — Related Work
	Chapter 3 — Background
	Additive Utility Function
	Analytic Hierarchy Process
	Frequency Model

	Chapter 4 — Virtual Negotiating Avatar Framework
	Framework Design
	Virtual Avatar Character
	Human Offer Generator
	Conversation History
	Time Remainder
	Preference Profile Chart

	Agent Design
	Negotiation Strategy
	Opponent Modelling Strategy


	Chapter 5 — Pilot Studies
	Results of the First Pilot Study
	Results of the Second Pilot Study

	Chapter 6 — Studying the Effect of Familiarity
	Experimental Setup
	Experiment Results: Negotiation Outcome
	Experiment Results: Negotiation Process
	Experiment Results: Questionnaires

	Chapter 7 — Conclusion and Discussion
	References

