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Multi-item negotiations surround our daily life and usually involve two parties that share common or
conflicting interests. Effective automated negotiation techniques should enable the agents to adaptively
adjust their behaviors depending on the characteristics of their negotiating partners and negotiation
scenarios. This is complicated by the fact that the negotiation agents are usually unwilling to reveal their
information (strategies and preferences) to avoid being exploited during negotiation. In this paper, we
propose an adaptive negotiation strategy, called ABiNeS, which can make effective negotiations against
different types of negotiating partners. The ABiNeS strategy employs the non-exploitation point to
adaptively adjust the appropriate time to stop exploiting the negotiating partner and also predicts the
optimal offer for the negotiating partner based on the reinforcement-learning based approach.
Simulation results show that the ABiNeS strategy can perform more efficient exploitations against
different types of negotiating partners, and thus achieve higher overall payoffs compared with the state-
of-the-art strategies under negotiation tournaments. We also provide a detailed analysis of why the
ABiNesS strategy can negotiate more efficiently compared with other existing state-of-the-art negotiation
strategies focusing on two major components. Lastly, we propose adopting the single-agent best deviation
principle to analyze the robustness of different negotiation strategies based on model checking
techniques. Through our analysis, the ABiNeS strategy is shown to be very robust against other state-
of-the-art strategies under different negotiation contexts.

© 2014 Elsevier Ltd. All rights reserved.

1. Introduction

Negotiation is a common and important approach to resolve
conflicts and reach agreements between different parties in our
daily life. With the advance and popularity of Web and e-com-
merce, it is expected that a lot of previous negotiation activities
between humans will be moved to electric platforms and greatly
benefit from automated negotiation techniques (Kersten and
Noronha, 1999). Automated negotiation techniques can, to a large
extent, alleviate the efforts of human negotiators, and also aid
human in reaching better negotiation outcomes by compensating
for the limited computational abilities of humans when they are
faced with complex negotiations. Until now, a lot of automated
negotiation strategies and mechanisms have been proposed in
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different negotiation scenarios (Faratin et al., 2003; Saha et al.,
2005; Hindriks and Tykhonov, 2008; Jakub and Ryszard, 2006).
The major difficulty in designing automated negotiation agent
is how to achieve optimal negotiation results given incomplete
information on the negotiating partner. The negotiation partner
usually keeps its negotiation strategy and its preference as its
private information to avoid exploitations. A lot of research effort
has been devoted to better understand the negotiation partner by
either estimating the negotiation partner's preference profile
(Zeng and Sycara, 1998; Hindriks and Tykhonov, 2008; Coehoorn
and Jennings, 2004) or predicting its decision function (Zeng and
Sycara, 1996; Jakub and Ryszard, 2006). On one hand, with the aid
of different preference profile modeling techniques, the negotiating
agents can get a better understanding of their negotiating partners
and thus increase their chances of reaching mutually beneficial
negotiation outcomes. On the other hand, effective strategy predic-
tion techniques enable the negotiating agents to maximally exploit
their negotiating partners and thus receive as much benefit as
possible from negotiation. However, in most of previous work, the
negotiating agents are usually assumed to be situated in a
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negotiation environment that strong limitations are put on the
negotiation scenario or the negotiation opponent. For example,
some work assumes (Saha et al., 2005) that the agents negotiate
over a single item only, however practical negotiation scenarios
usually involve multiple items to negotiate over. There also exists
some work that assumes that the negotiation agents can have
access to their opponents' (partial) preferences. This can be unrea-
listic especially in multi-issue negotiation scenarios in which the
preferences of different agents may vary significantly, and the
agents usually would not like to disclose their preferences to avoid
being exploited. Another assumption commonly adopted (Jakub and
Ryszard, 2006) is that the negotiation opponent is limited to choose
from a specific set of simple strategies, e.g., time-dependent or
behavior-dependent tactics. Those strategies designed under this
assumption may not work well against other negotiation partners
with more complex state-of-the-art strategies.

To this end, in recent years a number of advanced negotiation
strategies taking advantage of existing techniques have been
proposed and agents employing these strategies have participated
in automated negotiating agents competition (ANAC) (Baarslag et al.,
2010, 2013). The ANAC competition provides a negotiation plat-
form which enables different negotiation agents to be evaluated
against a wide range of opponents within a realistic negotiation
environment. During the past three years, dozens of state-of-the-
art negotiation strategies have been extensively evaluated in a
variety of multi-issue negotiation scenarios and valuable insights
have been obtained in terms of the advantages and disadvantages
of different techniques, e.g., the efficacy of different acceptance
conditions (Baarslag et al., 2011). It is still an open and interesting
problem to design more efficient automated negotiation strategies
against a variety of negotiating opponents in different negotiation
domains.

In this paper, we propose an adaptive negotiation strategy
ABiNeS for automated agents to negotiate in bilateral multi-issue
negotiation environments following the settings adopted in ANAC
2012 (The Third International Automated Negotiating Agent
Competition, 2012). Bilateral multi-issue negotiations surround
people's daily life and have received lots of attention in the
negotiation literature. During negotiation, both the agents' nego-
tiation strategies and preference profiles are their private informa-
tion, and for each agent the only available information about the
negotiating partner are its past negotiation moves. Considering the
diversity of the available negotiation strategies that the negotiat-
ing agents can adopt, it is usually very difficult (or impossible) to
predict which specific strategy the negotiating partner is using
based on this limited information. To effectively cope with
different types of opponents, we introduce the concept of non-
exploitation point A to adaptively adjust the degree that an ABiNeS
agent exploits its negotiating opponent. The value of A is deter-
mined by the characteristics of the negotiation scenario and the
concessive degree of the negotiating partner, which is estimated
based on the negotiation history. Besides, to maximize the
possibility that the offer the ABiNeS agent proposes will be
accepted by its negotiating partner, it can be useful to make
predictions on the preference profile of the negotiating partner.
Instead of explicitly modeling the negotiation partner's preference
profile, we propose a reinforcement-learning based approach to
determine the optimal proposal for the negotiating partner based
on the current negotiation history.

We evaluate the performance of the ABiNeS strategy compared
with a number of state-of-the-art negotiation strategies from two
different perspectives: efficiency in terms of the average payoff
obtained under a particular negotiation tournament and robust-
ness in terms of how likely the agents have the incentive to adopt
our strategy rather than other strategies. First, the efficiency
evaluation is conducted under the negotiation tournament setting

following ANAC 2012 using GENIUS' (Lin et al., 2012) platform.
Simulation results show that the ABiNes strategy can make more
effective exploitations against a variety of negotiation partners and
thus obtain higher average payoffs during negotiation tourna-
ments and it is worth mentioning that the ABiNes strategy wins
the champion of ANAC 2012 known as CUHKAgent. Second, we
give a detailed analysis of the ABiNes strategy by investigating the
influence of its two major novel components. Through the detailed
analysis, we aim at providing a clear understanding of why the
ABiNes strategy can win the champion of ANAC 2012, and more
importantly, offering valuable insights for the automated negotia-
tion community for the future negotiation strategy design. Third,
we propose adopting the single-agent best deviation principle to
analyze the robustness of different negotiation strategies based on
model checking techniques. According to the robustness analysis,
the ABiNes strategy is shown to be very robust against other state-
of-the-art strategies under different negotiation contexts.

The remainder of the paper is organized as follows. In Section 2,
we give a description of negotiation model we consider in this
paper. In Section 3, the negotiation strategy ABiNes we propose is
introduced. In Section 4, we give detailed evaluation of the
negotiation efficiency and robustness of ABiNes compared with the
state-of-the-art negotiation strategies under different negotiation
contexts. An overview of related work on automated negotiation
strategies is given in Section 5. Lastly conclusion and future work
are given in Section 6.

2. Negotiation model

In this section, we describe the negotiation model we consider
in this work, which follows the settings adopted in ANAC 2012
(The Third International Automated Negotiating Agent Competition,
2012). We focus on bilateral negotiations, i.e., negotiations between
two agents. Specifically, the alternating-offers protocol is adopted to
regulate the interactions between the negotiating agents, in which
the agents take turns to exchange proposals. For each negotiation
scenario, both agents can negotiate over multiple issues (items), and
each item can have a number of different values. Let us denote the
set of items as M, and the set of values for each item m; e M as V;.2
We define a negotiation outcome @ as a mapping from every item
m; e M to a value v e V;, and the negotiation domain is defined as
the set €2 of all possible negotiation outcomes. For each negotiation
outcome @, we use w(m;) to denote the corresponding value of the
item m; in the negotiation outcome . We assume that the knowl-
edge of the negotiation domain is known to both agents before-
hand, and is not changed during the whole negotiation session.

For each negotiation outcome w, different agents may have
different preferences. Here we assume that each agent i's pre-
ference can be modeled by a utility function u; such that Vw € €2, it
is mapped into a real-valued number in the range of [0,1], i.e.,
u;(w) €[0,1]. In practical negotiation environments, it is usually
associated with certain cost in each negotiation. To take this factor
into consideration, a real-time deadline is imposed on the nego-
tiation process and each agent's actual utilities over the negotia-
tion outcomes are decreased by a discounting factor 6 over time.
Following the setting adopted in ANAC'12, each negotiation ses-
sion is allocated 3 min, which is normalized into the range of [0,1],
i.e, 0 <t < 1. Formally, if an agreement is reached at time t before
the deadline, each agent i's actual utility function Ul(w) over this

! GENIUS is short for General Environment for Negotiation with Intelligent
multi-purpose Usage Simulation.
2 Here V; can be either discrete values or continuous real values.
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