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ABSTRACT
T
W
We present the Interactive Arbitrration Guide On
nline (IAGO) plaatfform, a tool for designing
d
human
n-aware agents for
f use in negotiiatiion. Current staate-of-the-art ressearch platforms are ideally suiteed
ffor agent-agent interaction.
i
Wh
hile helpful, thesse often fail to ada
ddress the reality of human nego
otiation, which involves
i
irration
nal
aactors, natural laanguage, and decception. To illusstrate the strengtths
oof the IAGO platform, the autho
ors describe fourr agents which are
a
ddesigned to show
wcase the key deesign features of the system. We
W
ggo on to show how
h
these agents might be useed to answer co
ore
qquestions in hum
man-centered com
mputing, by reprroducing classiccal
hhuman-human negotiation
n
resullts in a 2x2 hu
uman-agent stud
dy.
T
The study preseents results larg
gely in line with
h expectations of
hhuman-human neegotiation outcom
mes, and helps to
t demonstrate th
he
vvalidity and usefu
fulness of the IAGO platform.
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11. INTROD
DUCTION
N
Negotiation is th
he focus of a grreat deal of reseearch, both with
hin
thhe traditional business
b
and co
onflict resolution
n literatures, an
nd
(m
more recently) in artificial in
ntelligence. Neegotiation—in th
he
ccomputational seense—tends to be
b researched in one of two broaad
ppaths. Agent-ag
gent negotiation
n focuses on distributed probleem
ssolving and com
mputational efficiiency, as perfecttly rational agen
nts
ccan quickly exch
hange thousandss of offers in orrder to solve larg
ge
pproblems. Humaan-agent negotiaation offers separrate challenges, as
aall agent designss must be subject to empirical ev
valuation and tesstinng in the field. Human-agent negotiation
n
also tends to be mucch
sslower than agen
nt-agent negotiaation, and may involve
i
addition
nal
cchannels of com
mmunication—em
motional exchan
nge, free chat, an
nd
ppreference statem
ments in addition
n to offer exchan
nges. All of theese
ffeatures are neceessary for a hum
man-agent system
m that attempts to
ssimulate the ofteen free-wheeling
g style of interaaction that charaacteerizes human-hu
uman negotiation
n.
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Figure 11: Agent Runniing on IAGO
This neew class of hum
man-aware agentts has drawn reccent interest,
since thhey can be used as mediators or conflict resolverrs, or can be
used ass pedagogical toools to teach neggotiation skills [3]. The latter is oof particular usee, since teachingg negotiation skkills is often
arduou s and expensive1, relegating it too those that havee the time or
funds tto attend busineess training courrses or employ tthe use of a
personaal trainer. Obbviously, agentss have several benefits as
teacherrs, as they can bbe both perfectlyy patient and reaadily available. Buut while it is truue that current aagents cannot sub
ubstitute perfectly ffor a human, thiis work aims to build on previoous attempts
to bringg human negotiiation techniquess into the virtuaal world [5],
and shoow that indeed,, these techniquues can be just as effective
with ann AI partner as w
with a flesh and bblood human.
The cuurrent paper evaaluates the effecctiveness of thee Interactive
Arbitraation Guide Onlline (IAGO) plaatform for desiggning agents
that intteract primarily with humans. We describe IA
AGO from a
high leevel, and discusss the principless by which ageents may be
designeed for it. To thhat end, we illuustrate the usefuulness of the
IAGO platform by steppping through thhe construction of four different ccomputational aggents that function on its framew
work. These
agents are able to negootiate with humaans through the m
most notable
mely, offer exchhange, emochanneels of human neegotiation—nam
tional eexpression, and nnatural languagee/preference shaaring. These
latter tw
wo channels aree novel for a hum
man-agent platfoorm, and we
demonsstrate the full use of these channnels in an empirical context.

1

As an example, at the tim
me of this documennt’s preparation, Whharton Business
Schooll offered a 5-day neggotiation seminar at tthe low cost of $11,0000. See executiveeduucation.wharton.upennn.edu.

IAGO, and the agents that run on it, employ strategies for generating and responding to offers, expressing and reacting to emotion,
and revealing critical information about preference in a multiissue bargaining task negotiation scenario. By constructing a
sample study that pairs these agents against human participants
recruited from Amazon’s Mechanical Turk (MTurk) service, we
can generate results in a human-agent context that are comparable
to human-human results. These results show the implications for
future agent design using the IAGO framework, and the experimental benefits of conducting human-agent interactions in an
online context, since the results are similar to what would be suggested by the human-human negotiation literature. By showing
IAGO-designed agents performing an a human-agent study, we
show that they should be able to perform at a similar or higher
level to humans in negotiation games, based on real-world data
collected from human-computer negotiation sessions.

2. BACKGROUND
Negotiation, whether it be between two humans, a human and an
agent, groups of agents, or ever-more esoteric combinations, is a
research topic that spans myriad scientific domains. The humanagent case in particular is a relatively new direction, and requires
tools to promote its investigation. Platforms must be developed
upon which agents that interact with humans can be designed, and
real-world data must be collected and reviewed regarding the
interaction of humans with these new agents.
One classical option for investigating human-agent negotiation
takes the form of the multi-issue bargaining task, which is considered a de facto standard problem for research into social cognition
and interpersonal skill training [26]. In the multi-issue bargaining
task, two participants work to determine how to split varying issues, each with hidden values to each side. The task may involve
distinct phases, where first information about preferences is exchanged, and then a series of offers are made. The task is also
often characterized by time pressure, which is often modeled as a
decaying utility function. Even with a small number of issues, the
task can quickly become a challenge for agents to simulate, especially those which aim to act as partners for humans in such a
negotiation in real time, and numerous works attempt to address
the multi-issue bargaining task [8,9,14,23]. While this makes the
multi-issue bargaining task a difficult challenge computationally,
adding a human actor complicates issues even further, since humans often behave “irrationally” in game theoretic contexts.

tion to secure value [6]. Ideally, agents should be able to build
trust over time with repeated negotiations, and should recognize
past betrayals and alliances. These features are key to solving
age-old negotiation challenges, such as what Kelley calls the “dilemma of trust” and the “dilemma of honesty” [13,27] However,
there exists no platform upon which these challenges may be readily explored (to the authors’ knowledge) in the human-agent interaction context.
To wit, the dilemma of honesty refers to the idea that true information about oneself, whether that be preferences in a negotiation,
or how much one loses if the negotiation falls through, is very
valuable to keep secret. Even without considering the possibility
of lying about said information, which may lead to long term
harms to trust, there is still much to be said about when and how
much information should be shared. Therefore, any platform
which attempts to address this dilemma should have a robust
method for exchanging preferences and other valuable pieces of
information. Ideally, this should resemble human-human negotiation as much as is possible. This includes providing multiple natural language ways to express the same logical fact: e.g., “I like the
apples better than the oranges”, versus the equivalent “I like oranges less than apples”, or the similar but slightly more informative “I like apples best”, which IAGO attempts to address.
The dilemma of trust is equally important, as it requires agents be
able to judge the truth of statements they receive. To understand
the dilemma of trust as it applies to negotiation, a good understanding of how and when humans lie is required. Any platform
that would attempt to address this thorny issue should be able to
provide a detailed history of past statements and questions, as well
as bargaining history and other details. While a worthy subject,
it is not the thrust of the sample agents in this research, which take
information at face-value [15,18].
Once the agents have been designed based on these empirical
observations, they must also be tested in the field against actual
humans. While humans often treat agents differently than their
human counterparts or even human-controlled avatars (agents are
often subject to outgroup effects) [4,10], virtual agents that exhibit
human-like features such as emotion or natural language are often
treated in a near-human way. To that end, a platform for designing agents and hosting negotiations between them and humans
must needs have the ability to manipulate channels of communication used by humans.

Many negotiation research foci attempt to simplify the problem by
making protocols that strongly limit what information can be exchanged. They often model information exchange as a costly
endeavor by which every instance of interchange is modeled by a
set “price” that reduces endgame utility values, (more commonly)
refuse to allow information exchange at all, instead preferring to
model opponent preferences using stochastic processes [2]. Other
attempts require offers to alternate from one side or another, or
specify that only full offers, wherein no items are left undecided,
can be exchanged. While these solutions allow for progress in
limited human-agent contexts, and certainly have their benefits in
agent-agent negotiation, they hardly resemble the freeform nature
of actual human-human negotiation.

Previous efforts to allow for effective human-agent negotiation
include the multi-issue bargaining task game, Colored Trails
[11,20], its web-based cousin WebCT [17], as well more naturallanguage focused approaches such as NegoChat [22]. However,
these platforms tend to focus on a single channel of communication, such as the exchange of formal offers or natural language
messages. None of them include an emotional channel wherein
deliberate information about a player’s emotional state can be
exchanged. For these reasons, we present the IAGO platform,
which has multiple channels of communication and is designed
specifically to be deployed for human-agent interaction over the
web. Using this framework, it is hoped that agents can be designed that will answer the questions of human behavior and interaction with agents in a negotiation context.

Therefore, our work is motivated by an attempt to design agents
that can practically negotiate with humans. Agents, like humans,
should make use of similar channels of communication, such as
emotional exchange, preference utterances, and partial offer exchange. These agents should use human techniques, likes the
exchange of informal favors [17], or the use of anger in negotia-

3. SYSTEM DESIGN
3.1 IAGO Platform
To describe the design behind our agents, it is important to understand the basic guiding principles behind IAGO, the online plat-

form on which they run. IAGO boasts a number of design principles that make it suitable for human-agent negotiation. These
design principles are:
1. It must support current web-standards and require little to no installation of complex support software on a user’s machine.
2. It must deploy a well-defined API that allows both agent designers
and negotiation game designers to easily create and specify behaviors for the purposes of competition/research.
3. It must support currently unexamined aspects of human-human negotiation in a human-agent context. Specifically, this must include
partial offers, visual representation of emotional signals, and relative preference elicitation/revelation. [16]

The design of IAGO is such that it can be used by a human participant through a web browser. Actions taken by the user, such as
crafting an offer to send to the agent, or commenting on the quality of previous deals, are sent via an HTML5 GUI through a WebSocket and onto the agent code, which is hosted as a Java WebServlet on any Tomcat 7 or newer server. This structure allows
any participant to simply be given a URL to a running IAGO instance, and requires no installation on any client machine. Furthermore, as an added benefit, the agent designer wishing to build
IAGO instances can do so in a cross-platform manner, requiring
only a single .jar file and a Tomcat installation to begin work.
The second and third design principles are encapsulated by the
Event system used in IAGO. While extensive description of each
of the functions available in the API is impossible herein, IAGO
can generally be described as allowing for rule-based agent design
in reaction to a set of distinct events:
1.
2.
3.
4.
5.
6.

SEND_MESSAGE
SEND_OFFER
SEND_EXPRESSION
TIME
OFFER_IN_PROGRESS
FORMAL_ACCEPT

From there the agent designer makes decisions on how to react to
the event. For example, upon receiving a SEND_EXPRESSION
event with content indicating that the player was expressing sadness, the agent could decide to adopt a shocked expression itself,
and then create a new counter-offer a few seconds later.
While agents are able to manifest the emotion channel through the
SEND_EXPRESSION event, they are similarly able to interact
using offers and natural language messages using the
SEND_OFFER and SEND_MESSAGE events, respectively. It is
important to highlight a particular class of message utterances
subsumed under the SEND_MESSAGE Event. These utterances
take the form of comparing the point values of one or two items.
Example utterances for this game included “I like the bars of iron
more than the shipments of bananas.” or “Do you like the shipments of spices best?” Preference utterances could use any of 5
relational operators: greater than, less than, equally, best, or least.
Furthermore, utterances could be either queries or statements,
allowing for a total of 2 * 5 = 10 types of preference utterances.
These preference utterances are often considered to be “valuable”
information, as they reveal some information about the point values of the opponent, and are an important part of designing the
information exchange policies of an agent.
Agents have full control over the timing of their actions through
use of the TIME event—for example, agent designers may schedule events to occur only after a specified number of seconds have
passed. Whereas an agent-agent system would be limited only by
the bandwidth and latency of communication between the two

partners, IAGO agent designers must be aware of the physical and
mental limitations of their human partners. Humans are not capable of processing dozens of offers per second, and tend to read
data from multiple channels simultaneously. It may prove more
effective to program an agent to smile for a few seconds, then
wait before sending an offer and a comforting message. Indeed,
IAGO negotiations can be characterized by the usage of their idle
periods nearly as much as by the Eventful sections.
The final two Events as listed above bear brief mention. OFFER_IN_PROGRESS is used as a cue that the human or agent
player is considering sending an offer but has not done so yet. An
agent designer can use this to avoid overwhelming a human player, or (conversely) to interrupt them in advance of receiving an
expected poor offer. Visually, the human views the agent version
of this event as a flashing ellipsis in the chat menu, like many
instant messaging programs. Secondly, the FORMAL_ACCEPT
Event is used to finalize the distribution of the task items and end
the negotiation. More notably, there is no “casual accept” event,
since IAGO is designed to mimic human negotiations, where previously agreed-upon terms may often be retracted or modified
with no formal penalty.

3.2 Agent Design
Agents designed for IAGO implement several policies to categorize their response to different events. Ideally, these policies
should work together to determine the full behavior of an agent
throughout the entire negotiation. Often, there is substantial overlap, as even an event as simple as sending an offer may involve
natural language, offer evaluation, and emotional reaction in a
single response. As such, these division are recommended, but
not enforced, when deciding to create agents.

3.2.1 Offer Exchange
BehaviorPolicies determine the type of offers that agents will
accept and craft to send to their human partner. Although “acceptances” and “rejections” of offers are allowed by either party,
the IAGO framework does not enforce these in any way. Agent
developers may choose to adhere to previous agreements within a
negotiation if they choose, but only the final, fully-distributed full
offer is locked in (accepting this “formal offer” ends the game).
BehaviorPolicies are perhaps the most comprehensive policies
supported by IAGO since they tend to define both incoming and
outgoing offers.

3.2.2 Information Exchange
MessagePolicies determine the language agents use. This can be
in reaction to the set of pre-selected chat utterances or any other
event. Commonly, both the BehaviorPolicy and the MessagePolicy are invoked when the player sends an offer, as the agent must
decide if it wants to accept, reject, or ignore the offer, as well as
what it should say (e.g. “Yes, that offer sounds good to me!”).

3.2.3 Emotion Exchange
Finally, the ExpressionPolicy determines what emotions are
shown by the agent. Emotions are sent in two ways. First, the
portrait of the agent will change—for example, to display “happy”, the agent will show a smiling version of its avatar. Second,
an emoticon is sent through the chat that expresses the selected
emotion. It is important to distinguish that “emotions” are not
literally sent, but rather “expressions of emotions”. There is no
automatic detection of user emotions, nor is the agent designer
under any compunction to show emotions that realistically correspond to the simulated mental state of the agent (or to show emo-

tions at all, for that matter). However, this channel does allow
deliberate expressions of emotions to be sent, and this information
is often valuable to either party in a negotiation.

3.3 Game Customization & Setup
Each IAGO game environment is configurable with a number of
options. These options range from the essential, such as the type
of game being played (multi-issue bargaining, ultimatum game,
etc.), to the more esoteric, such as whether or not the on-screen
timer is visible to the user. Further options allow the number of
issues to be customized (normally between 1 and 5), the levels of
each issue to be set, point payouts to be settled for each player,
and visual representations of the items to be loaded and displayed.
Finally, the pre-set natural language messages that the user can
express are also set during the game customization phase.
The gamespace we used for our agents as a demonstration was
configured to be a 4-issue multi-issue bargaining task, with each
issue having 6 levels (5 items). Each item was assigned a point
value between 1 and 4, inclusive. All point accruals were linear,
meaning that gaining 1 of the 4-point item was worth 4 points, 2
was worth 8-points, etc. The items were given images and descriptions that cast the game as a “Resource Exchange Game”.
These items were “bars of gold”, “bars of iron”, “shipments of
bananas”, and “shipments of spices”. The two players took on the
role of negotiators determining how to split the items between
them.
The human player was assigned 4 points for each shipment of
spices he or she acquired, 3 points for each shipment of bananas, 2
points for each bar of gold, and 1 point for each bar of iron. The
agent player was assigned 4 points for each bar of iron, 3 points
for each bar of gold, 2 points for each shipment of bananas, and 1
point for each shipment of spice. In this way, the game was set up
to have “integrative potential” – if each player got their top items,
the maximum joint value earned would be 70, whereas if each
player only got their least important items, the maximum joint
value earned would only be 30. These values are summarized in
Table 1.

4. AGENT DESIGN
4.1 Shared Agent Policies
To successfully design experiments wherein agents negotiate with
humans, it is important that any experimental manipulations be
well-understood and contained. Unfortunately, the nature of negotiation makes this particularly challenging, as agent functioning
is depending highly upon the actions of the user. Fortunately, by
constructing Policies and sharing them between agents, a clear
experimental design can be achieved. Customization of offer,
information, and emotion exchange allows for a very wide space
of agents to be designed. In this paper, we fix much of the behavior and define variability in two of those dimensions (information
exchange and emotional language) to illustrate how to examine
different techniques commonly examined in the human-human
literature. Thus, we designed four agents, which share several
aspects of their Policies in common, and which are intended to
showcase several aspects of the IAGO platform. These agents,
named “Pinocchio”, “Grumpy”, “Rumple”, and “Merlin”, were
designed specifically to experimentally test differences in tone
(“nice” vs. “nasty” agents) and preference revelation strategy
(“strategic” vs. “free” agents), but outside of these differences
function identically. The agents are summarized in Table 2, and
their differences are detailed in sections 4.2 and 4.3. The shared
elements of the agents’ policies are described below, in sections
4.1.1 – 4.1.3.

4.1.1 BehaviorPolicies
The agents designed are intended to make and accept offers that
are both largely fair and consistent between agents. The parts of
the BehaviorPolicy that defined how offers are proposed was
identical between all example agents created. Offers often differed during each negotiation, since the offers are dictated by
player choice, the amount of information revealed by the player,
and other factors. However, all policies were identical across
agents.

Agent Player

Human Player

Shipments of Spices

1

4

Shipments of Bananas

2

3

Agents will propose offers to the human player in one of two scenarios. First, if the player proposes an offer the agent wishes to
reject, the agent will reject it and then, after a short waiting period, craft a counter-offer. Secondly, the agent will oblige in crafting an offer if the player asks it to do so in chat, using the “Why
don’t you make an offer” utterance. Agents create offers using
the Minimax Preference Algorithm (see below) to determine the
human player’s preference ordering. Then, they attempt to make
offers that progressively allocate one item from the agent’s and
human’s top choices. In our example, if the agent supposes
through the Minimax Algorithm that the human prefers gold, it
will attempt to make a deal that gives the human one additional
gold while the agent gets one additional iron (the agent’s preferred
item). If the agent believes the human wants the same item it
does, it will attempt to split the remaining balance fairly.

Bars of Gold

3

2

Table 2. Agent Matrix

Bars of Iron

4

1

The game was set to a timed length of 10 minutes. Participants
were warned at the 1-minute-remaining mark of their remaining
time. If time expired with no agreement being reached, then participants were awarded their Best Alternative To Negotiated
Agreement (BATNA). Both the human and the agent had a
BATNA of 4 points, of which they were made aware before the
game (players only knew their own BATNA, not their opponent’s).
Table 1. Item Payoffs

Strategic

Free

Nice

Merlin

Pinocchio

Nasty

Rumple

Grumpy

When receiving an offer, agents check if the offer is both “locally
fair” as well as “globally fair”. Local fairness refers to the offers
itself being fair, while global fairness refers to the current state of
the board (taking into account all offers so far) being fair. Again,
the agent determines human preference the Minimax Preference
Algorithm. Then, it determines if the currently proposed offer
would boost the human more than it would boost the agent. The
agent must have >0 positive benefit, and there is a window equal
to the number of issues wherein the agent would consider the
offer “locally fair”. In our example of a 4-issue game, the agent
would consider an offer that increased its points by 7 and the human’s points by 10 to be “locally fair” as 10 – 7 < 4. To determine global fairness, the agent follows the same procedure but
instead looks at the entire offer board as it stands based on prior
acceptances. If the offer is considered fair on both counts, it is
accepted. Otherwise, it is rejected, although agents do have
unique dialogue for if it is considered locally fair but not globally
fair.

some sort of emotional response. Similarly, the agents respond to
positive statements. Finally, the agents also respond based on the
trend of the offers received from the human player; if the offers
have been getting better, the agents react one way, but if the offers
have been getting worse, the agents react differently.

4.1.4 Consistency Algorithm
The algorithm used to check for consistency in preference statements is fairly straightforward. Whenever a new preference
statement is uttered by the human player, all agents log that statement in an ordered queue. Then the agent attempts to reconcile
per the following procedure:
1.

2.

4.1.2 MessagePolicies

3.

The agents all attempt to gain information about their partner’s
preferences in the form of relational utterances. This can take the
form of occasionally asking direct questions about preferences, or
reconfirming information already gathered. For example, all
agents respond to one user utterance by reiterating: “Your favorite
item is ___, right?” assuming the favorite item has been determined by this point (at which point the blank would be filled in by
a description of the item).
One core principle of all the four agents is that they never lie, and
further, always assume that their partner is telling them the truth.
Although the value and ethical complexities of lying in negotiation are well established [1,12,25], these first designs are more
straightforward in their approach to information. If, at any point,
the agents determine that the information given to it by the player
is somehow contradictory (for example, if a player claims both
that an item is their most valuable, but also that it is valued less
than another item), the agent will reconcile its history of statements and point out the discrepancy to the player. All agents use
the Consistency Algorithm to do this (see below), although they
differ in the tone of the messages associated with it.

4.1.3 ExpressionPolicies
The expression policies have little in common between the nice
and nasty agents. However, they do share the same basic timing.
When the agent receives a negative or aggressive statement from
the player, such as “Your offer sucks!” they will respond with

4.

5.

Start with the list of all possible permutations of value
orderings. In a 3-issue game, for example, this list
would be [1, 2, 3], [1, 3, 2], [2, 1, 3], [2, 3, 1], [3, 1, 2],
and [3, 2, 1].
For each preference statement, eliminate contradictory
orderings.
If there are no orderings left, see if dropping the oldest
preference in the queue would create orderings.
Continue until the end of the queue is reached.
a. As soon as one is found, notify the player
which preference statement was dropped.
b. End the iteration.
If only removing the most recent preference statement
would rectify the orderings, then drop the entirety of all
preference history and notify the player.

4.1.5 Minimax Preference Algorithm
This algorithm makes use of the results of the Consistency Algorithm above. After running the Consistency Algorithm, the agent
checks the remaining valid orderings. For example, if the potential human orderings are (1 being the top choice, 4 being the last
choice):
A: {4, 3, 2, 1}, B: {3, 2, 4, 1}, C: {4, 1, 3, 2}
It will determine which one is worth the most points to itself and
assume that to be the true ordering until corrected. For example,
if the agent prefers 1 best, it will most likely pick ordering A or B
due to 1 being worth the least to the player. The agent will assume this is the true human ordering until a new preference statement is revealed, at which point the algorithm must be rerun. In
this way, the agents behave “optimistically”, in that they assume,
given equally likely unknown distributions, the correct distribution is the one that will end up favoring them the best.

Table 3. Nice vs. Nasty Language (Non-comprehensive)
Event

Nice Language

Nasty Language

Agent rejects offer

I’m sorry, but I don’t think that offer is fair to me.

That’s not fair.

User says “It is important that we are both
happy with an agreement.”

I agree! What is your favorite item?

I suppose, if you want to be all ‘flowers and sunshine’ about it. What item do you want the most?

User says “Why don’t you make an offer?”

Sure! Let’s see how this sounds…

Thought you’d never ask…

User says “This is the very best offer possible.”

Ok, I understand. I do wish we could come up with something that is a more even split though.

Oh really? That’s pretty sad. I think you could do
better.

User sends an “angry” emoticon

I’m sorry, have I done something to upset you?

What’s wrong?

User does nothing for several seconds

Can I provide more information for us to reach consensus?

Are you even still there?

4.2 Agent Conversational Tone
(Nice vs. Nasty)
In creating the agents, determining how they will respond through
text to all of the potential events that can occur is of utmost importance. As there is no restriction on the “script” of the agents,
authors of agents are given wide latitude in deciding the proper
wording. This approach allows the benefits of expert input (from
writers, for example), while still allowing agents to respond to
various classes of events without enumerating a ballooning number of potential scenarios. Of course, automatic approaches to
dialogue writing are possible as well.
For these agents, the differences in tone between the agents are
myriad, but are restricted to the language that the agents use
throughout the game, and thus, their respective MessagePolicies.
The key points of distinction are summarized here. “Nice” agents
include the “Merlin” agent and the “Pinocchio” agent, while the
“Nasty” agents are represented by “Grumpy” and “Rumple”.
Although the textual differences between the nice and nasty
agents are broad, it was attempted that no informational content
differs between them. For example, the nice agents will reject an
offer with language like “I’m sorry, but I don’t think that offer is
fair to me,” while the nasty agents will say “That’s not fair.” A
sampling of the differences in language is found in Table 3.
Nice and nasty agents also differed in their ExpressionPolicy.
When nice agents received poor offers from their opponent, they
expressed sadness, whereas the nasty agents expressed anger.
When good offers were received, nice agents smiled, while nasty
agents expressed no emotion. Additionally, many of the utterances that the player could say would result in an emotional expression from the agent. Following the same pattern, nice agents
smiled or showed sadness, while nasty agents showed nothing or
anger, respectively.

4.3 Information Revelation Strategy
(Strategic vs. Free)
The “Rumple” and “Merlin” agents follow a strategic information
revelation strategy, while the “Pinocchio” and “Grumpy” agents
follow a free revelation strategy. When preference queries are
made by the human player, the strategic agents will refuse to reveal information about their preferences. This design follows a
general principle of human negotiation—since information about
a player’s preferences can give the opponent an advantage over
them by allowing them to mislead you. Instead, the strategic
agents follow a “tit-for-tat” strategy, where they will reveal information that mirrors the information they receive. This debt is
always paid back immediately, so if a human player reveals their
top item, the strategic agents will (truthfully) reveal theirs as well.
Table 4. Agent Policies
BehaviorPolicy

ExpressionPolicy

MessagePolicy

Pinocchio

NiceBehaviorPolicy

NiceExpressionPolicy

NiceFreeMessagePolicy

Grumpy

NastyBehaviorPolicy

NastyExpressionPolicy

NastyFreeMessagePolicy

Rumple

NastyBehaviorPolicy

NastyExpressionPolicy

NastyStrategicMessagePolicy

Merlin

NiceBehaviorPolicy

NiceExpressionPolicy

NiceStrategicMessagePolicy

The free agents are designed under the assumption that revealing
the information too early is not a large advantage, but can generate rapport or goodwill that will allow the negotiation to proceed
more smoothly. They will also follow the tit-for-tat strategy that
the strategic agents follow, but will additionally simply respond to
direct questions (e.g., “Do you like bars of iron best?”).

4.4 Agent Summary
In summation, the agents use a collective total of 8 differing Policies across 4 agents. There is a NiceExpressionPolicy and a
NastyExpressionPolicy, as well as a NiceBehaviorPolicy and a
NastyBehaviorPolicy. There are 4 MessagePolicies, as the agent
behavior for the experimental design overlaps. Thus, we have a
NiceStrategicMessagePolicy,
NastyStrategicMessagePolicy,
NiceFreeMessagePolicy, and finally NastyFreeMessagePolicy.
While the overlapping nature of the messaging makes 4 policies
necessary, it is important to note that the policies are merely
guidelines to encapsulate thematic regions of the program. In
other 2x2 experiments designed to run on IAGO, such divisions
may not be necessary. The agents themselves simply load the
proper policies in order to distinguish themselves in the experimental game. The agents choose policies according to Table 4.

5. EXPERIMENTAL DESIGN
By designing the four agents per the policies described in Table 2,
a 2x2 matrix design of a potential study follows directly. We
design an experiment that takes two factors traditionally left unexamined by agent-agent negotiation research (namely, use of
emotional language and information exchange) and examine them
to see if they yield similar results to human-human studies. Since
IAGO supports these factors intrinsically, and IAGO agents are
intended to be prototyped and tested quickly, we can use these
agents to run a rapid human-agent study using Amazaon’s Mechanical Turk (MTurk) service. By utilizing these agents as partners for human players, we can demonstrate that IAGO is functional as a platform by replicating behaviors found in humanhuman negotiation.
To that end, we will answer the following research questions:
Q1: In human negotiation, information about preferences is considered valuable. If the agents and platform perform like a human
would, we would expect that the strategy for revealing preferences
will have some effect on human behavior. Does strategically
revealing preferences encourage players to reveal information
about their own preferences? Is this effect mitigated by the emotional language used?
Q2: Strategy in revealing preferences may have some effect on
messages and preferences exchanged, per Q1. But how will it
affect the joint value discovered by the human and the agent? In
human negotiations, if both parties understand each others’ true
preferences, they are more likely to “grow the pie” and find additional joint value in integrative situations. However, if the strategy is seen as a refusal to compromise, or simply an aggressive
move, then the opposite may occur, and joint value might be lost.
Q3: Next, we can examine the effect of use of aggressive, nasty
language and emotions on a negotiation. Previous literature indicates that aggressive behavior will often cause the opponent to
concede. So therefore, we might suppose that nasty agents will
have a greater lead in points over the player than nice agents.
What effects, if any, does emotional expression have on who
“wins” the negotiation?
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Figure 2: Sttrategic Agents “Shrink the piee”

Figurre 3: People Intteract More witth Strategic, Naasty Agents
From th
these results, it may be easy to take a dismal vview on the
usefulnness of strategiees that are not iimmediately forrthright with
informaation. These reesults are germaane to our secoond research
questioon (Q2), as theyy indicate that strategic agentss are losing
joint vaalue. Indeed, thhis seems in linee with negotiatioon literature
that proomotes relationsship building annd compromise, in order to
avoid losing the inttegrative potenttial of a givenn situation.
Howevver, if these pairrs are not reachhing agreement, it begs the
questioon of what theey are doing duuring the negootiation, and
whetheer or not discourrse increased duuring these negottiations (per
Q1).
We caan analyze the behavior of the human plaayer during
negotiaations with strateegic agents vis--à-vis free agentts. Figure 3
demonsstrates several ssignificant effeccts. First, participants sent
substanntially more messsages to the straategic, nasty ageent than they
did to iits other counterpparts.
This efffect is verified by again perforrming a univariaate ANOVA
comparring revelation strategy type to the amouunt of user
messagges: F(1, 194) = 15.361, p < .001, d = 0.517. There is an
interacttion with the llanguage the aggent used (nice vs. nasty).
Rumplee, the strategic, nasty agent, reeceived the mosst messages,
while G
Grumpy, the freee, nice agent, recceived the fewesst messages:
F(1, 1994) = 6.619, p = .014 , d = 0.358.
Prefereences, which are themselves a suubset of messagees, were also
significcantly higher, annd an ANOVA rreveals: F(1, 1944) = 12.534,
p = .0001, d = 0.434. Language againn had an interacction effect,
F(1, 1994) = 6.523, p = .011, d = 0.370. It should be exxpected that
a strateegic agent that reequires the playeer to send preferrence data in
order tto receive it woould have an eeffect here, andd that effect

cclearly does driv
ve the effect of user
u messages as well. Howeveer,
ddue to the interraction, nasty laanguage increasees the amount of
ppreferences sent for the strategiic agent, but deecreases it for th
he
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ges not countin
ng
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w
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1),
bby showing that even the smallest change in ag
gent behavior caan
hhave far-reaching
g effects on hum
man garrulousnesss.
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T
This loquasciouss effect is not lim
mited to messag
ges alone. Playeers
aare also significaantly more likelly to send expreessive emotions to
sstrategic agents over
o
free ones. ANOVA: F(1, 194) = 6.026, p =
.0015, d = -0.342. Here, howeverr, we can find an
nother main effeect
w
with the languag
ge the agent. Humans
H
also emo
ote more with th
he
nnasty agents overr the nice agentss. See Figure 3 for a visual guid
de,
w
with ANOVA results of F(1, 194
4) = 5.760, p = .0
017, d = 0.332.

Of couurse, looking in aggregate could be trivial, if the changes
that weere made to eachh agent did not have any effectt on the human paartner. But eachh interaction withh our agent did hhave significant eff
ffects of the behaavior their partnners. Humans thhat negotiated withh our strategic R
Rumple and Meerlin agents sentt more messages, more preferencces, and more emotional exppressions, a
strong answer to Q1. Indeed, the Ruumple agent enccouraged the
liveliesst response, its ccombination of strategy and nassty dialogue
servingg perhaps to frustrate its opponennts into discussioon.

H
However, while these
t
results disccuss implication
ns for shared valu
ue
aand external eveents such as meessages, they saay little about th
he
eeffet on actually
y winning the neegotiation by haaving more poin
nts
thhan one’s opponent. One of the
t core results of human-humaan
nnegotiation is that aggressive beehavior (such ass that of the nassty
aagents) can ofteen intimidate opponents
o
into giving up valu
ue
[6,7,26]. In the human-agent co
ontext, we exam
mine this effect by
b
ccomparing cond
dition to the winner
w
(which player has mo
ore
ppoints). The 2 analysis for sttrategic agents proves not to be
b
ssignificant: 2 [1
1, N = 196], = 1.242, p = ns, bu
ut when examinin
ng
nnice vs. nasty ag
gents, we can see an inverse relaationship betweeen
nniceness and win
nning. 2 [1, N = 196], = 5.879
9, p = .011. Wheen
aagents are nice, they
t
end up losiing. This falls nicely
n
in line wiith
oour initial ideas in Q3 that aggrressive behaviorr should help gaain
gground. Further,, we can state that strategic inforrmation revelatio
on
ddoes not hurt thee agent’s chancees, a result in lin
ne with Thompso
on
[24].
W
We can examine the result a diffe
ferent way by loo
oking at the play
yer
leead in points. In
I human negottiation, we expeect that aggressiv
ve
(nnasty) tactics wo
ould allow the player
p
that emplo
oys them to claiim
vvalue, independeent of the size of
o the pie. Figure 4 demonstrattes
thhat indeed, therre is a main efffective of niceneess. A univariaate
A
ANOVA test demonstrates significance, F(1,
F
194)=5.78
80,
pp=0.017, d=0.41
16. Further, “Piinocchio”, the nice,
n
free agent is
thhe only agent that has an av
verage negative lead against th
he
hhuman. All otheer agents beat th
he human in poin
nts, in the averag
ge
ccase, although th
his trend is not significant.

Figuree 4: Nasty Agentts Win against Humans
H

The firrst goal of any research that aiims to create viirtual agents
that intteract with humaans should be thhat they serve thheir intended
purposee adequately. With IAGO, w
we showcased ssome of the
strengthhs of the platforrm by creating aagents that weree able to engage inn a robust negottiation with a huuman in one of nnegotiations
most cclassic prototypiical problems: the multi-issuee bargaining
task. IIn that goal, ouur success can bbe measured by the agent’s
successs: 30 times the aagents collectively outright beat their human
partnerr, compared to 266 times they lostt. Often, they peerformed on
the sam
me level, tying foor points.

We aree able to reprodduce some classsical human-huuman results
within this human-ageent context, shoowing that agggressive language aand emotional ddisplays can servve to help agents win against
their huuman counterpaarts (Q3). We also showed thhat strategic
behavioor may reduce jjoint value, as w
we attempted to answer Q2.
And inndeed, the Rumpple agent was abble to grow joinnt value and
subsequuently claim thee majority of it (F
Figure 4).
This w
work is encouragging in that it ddemonstrates thee strength of
both thhe IAGO platforrm for designingg agents, as welll as the ease
by whiich experimentall protocols mayy be designed annd run. Human-huuman results, whhich often differr markedly from agent-agent
results,, are able to be rreproduced usingg IAGO. Furtheer, this work
shows tthe deep importtance of leveraging channels noot often used
in tradditional computaational negotiatiion to bring abbout desired
results.. These channeels are not yet ffully understoodd, and addiwork such as thee experiment connducted in this w
work should
tional w
be condducted to furtherr tease apart thee factors that ledd to the most
successsful agents. Thhe actions of a fully-realized huuman-aware
agent, ffrom emotional displays to natuural language, arre critical to
the conntinued developm
ment of the fieldd, and will yieldd agents that
challennge their counterrparts, and evenntually teach thee negotiation
skills soo necessary to liife.
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