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ABSTRACT
The main question addressed in this paper is whether a theoretical
outcome determined by an auction mechanism can be reasonably
approximated by negotiation among agents in order to drop some
of the unrealistic constraints or assumptions presupposed by the
mechanism. In particular, we are interested in whether the assump-
tion that a buyer publicly announces her preferences in order to
guarantee perfect knowledge of these preferences can be dropped
if a negotiating agent is used that can learn preferences. We show
how to setup a multiplayer multi-issue negotiation process where
preferences are learned, and we investigate how the results of this
process relate to the theoretical result of holding an auction in the
case of complete knowledge about the preferences of the buyer. Ex-
periments show that the outcomes obtained by negotiating agents
that learn opponent preferences approximate the outcome predicted
by the mechanism. It thus follows that the assumption of perfect
knowledge about buyer preferences can be removed when players
are equipped with proper learning capabilities. We also investigate
whether the procedure dictated by the mechanism can be further
relaxed but in that case experiments indicate that more complex
considerations about the market need to be taken into account.

1. INTRODUCTION
When two parties jointly try to reach an agreement, they follow

some kind of negotiation process. When the goal is to make an
agreement between one party (the buyer) and one among a num-
ber of service providers (sellers), some type of auction can be held.
When the agreement involves a number of different issues, for ex-
ample on the criteria and constraints of a service, a multi-attribute
auction is suitable. However, such auctions have several require-
ments. The most important one being that the sellers must have
perfect knowledge about the preferences of the buyer.

If the service request is completely specified, this assumption
is easily satisfied (cheaper is better), but often the buyer can have
complex preferences over a set of issues. In most such settings it
is unrealistic to assume that service providers have perfect knowl-
edge about the preferences of the buyer. This invalidates the use of
an auction. However, through negotiation beliefs about the prefer-
ences of a buyer can be formed. This led us to the question whether
we could achieve a similar outcome by using some kind of multi-
player multi-issue negotiation process, where the sellers learn the
preferences of the buyer during this process.

In the next section we define a general multi-issue problem, which
also captures the setting of selecting a service from one of a set of
potential service providers. Then we briefly describe an auction-
like approach that can be used in a setting where the buyer is able
to announce its preferences to all sellers. For situations where this
is undesirable, we propose a multi-player negotiation method to

approximate the outcome of this mechanism in Section 4. The out-
comes of this method are then experimentally compared to the out-
comes of the auction mechanism in Section 5. The paper is con-
cluded in Section 6 with a discussion of the results, some related
work, and directions for future research.

2. PROBLEM DEFINITION
In a setting where a buyer is interested in obtaining a service

from one of a set of service providers, an outcome is an agreement
x = 〈x1, . . . , xm〉 ∈ X over all m issues in a domain X = X1 ×
. . . × Xm. These issues define all aspects of the agreement, such
as price, quality, start time, duration, guarantees, penalty, etc. With
each agreement both the buyer and each service provider (seller)
associate a utility value.

We introduce the following notation. Sellers are denoted by
i ∈ {1, . . . , n}, the buyer is denoted by 0. Each player i has a
reservation value vi which indicates the smallest value an agree-
ment should have to be acceptable to the player, and a utility func-
tion ui : X → R which defines the utility of a certain agreement
to player i. In such domains there is for each seller at least one
issue for which the preferences of the sellers and the buyers are
opposing.

The goal is to find an agreement between the buyer and one of
the sellers that is not only acceptable to both, but that is also Pareto-
optimal, i.e., there should not be another agreement with the same
or higher utility for both players, and strictly higher for at least
one of them. Furthermore, if possible, we would like to deal with
the issue of fairness. In two player negotiations, fairness can be
defined formally by for example the Nash or Kalai-Smorodinsky
solution (see e.g., Thomson, 1994). However, in this setting with
one buyer and multiple sellers, the buyer has in general more ne-
gotiation power than the sellers, and agreements therefore may be
expected to deviate from these particular solution concepts. In the
next section a mechanism is introduced that has a dominant strat-
egy equilibrium that yields a Pareto efficient outcome, provided
there are two or more sellers.

3. AUCTION MECHANISM
Earlier work has shown how to reach an agreement between a

buyer and one of a set of sellers using a closed-bid auction-like
mechanism (Harrenstein et al., 2008). Intuitively, this mechanism
captures the negotiation power of the buyer. If there are many sell-
ers, the buyer will end up with some very good offers, but if there
is only one seller that has a sufficiently good offer, the agreement
is not that good for the buyer. This interpretation can be given to
most auction mechanisms. The mechanism described below has
the special feature that it also works if none of the issues is about
money. (If money is involved, the relative value of alternatives for



other issues may be assigned a price, i.e. be translated into money.)
The mechanism can be thought of as consisting of two rounds. In
the first round (1a-c), the buyer publicly announces her preferences,
potential service providers (sellers) submit offers in response, and
a winner is selected by the buyer. The winner selected is the seller
who has submitted the best offer from the point of view of the
buyer. After establishing the winner, in a second round (2a-b),
the buyer determines the second-best offer (from her perspective
again) she received from another seller, announces this publicly,
and then the winner is allowed to select any agreement that has at
least the same utility to the buyer as the second-best offer (which
can be determined by the winner since the preferences of the buyer
are publicly announced). We assume the bids offered in the first
round all go through a trusted third party, such as a sollicitor, who
can check whether the buyer keeps the protocol. Summarizing, the
steps of the procedure are:

1a. The buyer announces her preferences.

1b. Every seller submits an offer.

1c. The buyer selects the winner according to her preferences.

2a. The buyer announces the second-best offer she received.

2b. The winner may select any agreement that has at least the
same utility for the buyer as the second-best offer.

One of the nice properties of this mechanism is not only that the
seller wins that can make the best offer, but also that it is a domi-
nant strategy for a seller to bid an offer that is acceptable to itself
and ranks highest in the buyer’s preferences. An offer is acceptable
to a seller if her utility is at least the reservation value. In the prob-
lem domain defined in the previous section, this dominant strategy
comes down to proposing an offer with exactly the same utility as
its reservation value. Formally, the winner in a given problem do-
main X is defined by:

i∗ = arg maxi∈{1,...,n}max {u0 (x) | x ∈ X, ui (x) ≥ vi} .1

where vi denotes the reservation value of seller i.
To determine the outcome, we also need the second-best of-

fer. Again, assuming all sellers follow the dominant strategy, the
second-best offer x̂ is given by

x̂ = arg maxx∈{x|ui(x)≥vi, i∈{1,...,n}\{i∗}}u0 (x) .

The outcome then is the best possible for the winner i∗, given
that it is at least as good for the buyer as the second-best offer x̂.

ω = arg maxx∈{x|u0(x)≥u0(x̂)}ui∗ (x) .

This outcome of the auction-like mechanism is Pareto-efficient,
because in the last step the winner maximizes its utility given a
constraint on the utility for the buyer (and full knowledge of both
preferences). Note that in this paper we assume that the utility
functions of the buyer and the sellers are not completely aligned.
Therefore, the best outcome for the winner actually lies on the
boundary defined by the constraint on the utility for the buyer (i.e.,
u0(ω) = u0(x̂)). Figure 1 illustrates this outcome using the Pareto
fronts of the buyer with the winner and the buyer with the second-
best seller. Two different figures are provided to illustrate that the
outcome for the buyer depends on the available offers of sellers,
i.e. the seller market. In a market where few sellers are available
the second-best outcome from the buyer’s perspective may not be
1We assume ties are broken by the buyer using a given ordering
over the sellers.
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Figure 1: The theoretical outcome for the winner depends on
the highest acceptable offer of the second-best seller.

as good as a market where many sellers compete and a buyer may
hope for a better outcome (compare bottom figure with top figure
in Figure 1).

To see that it is a dominant strategy for the sellers to bid their
highest acceptable offer, consider the following two cases for a
seller i. Let x denote i’s highest-ranked acceptable offer, and x̂
the highest ranked offer over all other players. If x̂ > x, then i
should bid below x̂ according to the buyer’s preferences, because
if she wins, she can only select unacceptable outcomes. If x > x̂,
then i should bid above x̂ in the buyer’s preferences, because then
her outcome is highest and she will be the winner. In both cases,
the optimal strategy for i is to offer x.

This mechanism is similar to the one described by Harrenstein
et al. (2008) except for the model of the preferences of the players.
In this paper we assume that every player assigns a utility to each
possible outcome, while in the original work the only assumption
is that every player has an ordering over outcomes.

The main problem with a realistic implementation of the mech-
anism described above is that the buyer needs to communicate her
preferences to all sellers. This is impractical for various reasons.
Firstly, in many settings it is undesirable for the buyer to commu-
nicate all her preferences to all sellers, because the buyer may not
want to disclose all details for strategic reasons. Secondly, this
preference function can be quite a complex function over a large
domain, which is difficult to communicate efficiently. Finally, a
buyer may not even know the complete domain of agreements on
forehand, even though she is able to rank any given subset of agree-
ments. The latter holds for example when a government sends out
a request for proposals to construct a bridge over a river within a
given budget. It is impossible to list all possible types of bridges
designers may come up with. In the next section we describe an
approach based on negotiation that may be used to approximate the
mechanism and where there is no need to publicly announce the
preferences of the buyer.

4. APPROXIMATION BY NEGOTIATION
An alternative available to sellers that need to make offers to

a buyer that does not publicly announce her preferences is to learn



these preferences during a negotiation session. Here we use a Bayesian
technique for learning opponent preferences in single-shot negoti-
ations (Hindriks and Tykhonov, 2008a). By using this learning ca-
pability, it is possible to implement a negotiation setup that mimics
the steps to compute the mechanism outcome in which the prefer-
ences of the buyer need not be revealed. The negotiation is struc-
tured in two rounds to match the structure of the mechanism. In the
first round negotiation sessions are performed between the buyer
and every potential seller. An alternating offers protocol is used
in each of the negotiations. Moreover, the negotiation sessions are
assumed to be independent. At the end of the first round, a winner
(one of the sellers) is determined. Before starting the second round,
the agreement between the seller and buyer that is second-best from
the perspective of the buyer is revealed to all sellers, in particular to
the winner. In the second round an agreement between the winner
and the buyer is established.

We discuss two different negotiation setups that we have exper-
imented with in order to verify how closely they approximate the
mechanism outcome. In both setups the buyer will not reveal her
preferences. The idea is that in the first round agents try to learn
these preferences. In the first setup we discuss, the agents are re-
quired to use a negotiation procedure that implements the steps of
the mechanism otherwise quite closely. That is, in the first round
all offers proposed by sellers are required to have a utility equal to
their reservation value. This constraint is derived from the fact that
the dominant strategy for sellers is to propose such offers given the
mechanism discussed in the previous section. In the second round
all offers proposed by the buyer are required to have a utility equal
to that of the second-best outcome of the first round. Again, this
constraint is derived from the rule to compute the final outcome of
the mechanism. The intuition is that the buyer knows it can have a
deal with another seller. It informs the winner of this alternative to
reduce the negotiation space. An alternative way of putting this is
that the winner of the first round is required to adjust its reservation
value and increase it to the utility it associates with the second-best
outcome as revealed by the buyer (if that outcome has a higher util-
ity than its initial reservation value; otherwise, the seller would not
change its reservation value and the other sellers would have done
a very bad job negotiating against the buyer). Given that utilities
are either fixed for the buyer or the seller, it is rational for these
agents to try to propose the best deal possible for the other party. In
general this is the case since negotiators need to take into account
that an offer needs to be reasonable for the other party in order to
reach an agreement at all. More specifically, for sellers, in the first
round, this is also the case because they need to win in this round
to go through to the second. Given this setup, our hypothesis about
the feasibility to approximate the mechanism outcome by means of
negotiation is the following.

HYPOTHESIS 1. The outcome determined by the mechanism can
be approximated by a negotiation setup in which: (i) the buyer does
not reveal her preferences, (ii) the negotiating agents can learn an
opponent’s preference profile, and (iii) these agents use the negoti-
ation procedure discussed above.

Note that in the first round, the buyer is free to chose the offers
she proposes. This makes it possible for the seller to learn the pref-
erences the buyer has during this negotiation. Also note that as the
seller is supposed to propose offers with a fixed utility value (equal
to its reservation value) it is difficult if not impossible for the buyer
to learn the preferences of sellers in this round. Figure 2 illustrates
the first setup and the constraints on the negotiation moves of the
sellers in the first round and the buyer in the second round.

Figure 2: Negotiation Moves in the First Setup

Figure 3: Negotiation Moves in the Second Setup

In the first setup, we only drop the assumption that the buyer re-
veals its true preferences to all sellers. It is natural to ask whether
we can further relax the procedure, i.e. the constraints on the strate-
gies that are imposed on the negotiating agents in the first setup.

In the second setup we have investigated, we additionally drop
the assumption that the seller in the first round and the buyer in
the second round have to propose offers with a utility value that is
fixed. Effectively, this means that a closed bilateral negotiation as
any other negotiation is started in the first round where both players
may learn from this round about the preferences of the other party.
In particular, there are no constraints on the strategy used by either
of the negotiating parties, although in the experiments we used the
agents proposed by Hindriks and Tykhonov (2008a).

Apart from this, the basic structure of the negotiation is kept,
and a second round is started after the second-best outcome of the
first round has been made public by the buyer. The winner of the
first round negotiates with the buyer to reach a final agreement in
this round. The effect of making the second-best outcome public
is modeled by having both players adjust their reservation values
given the utilities they associate with it (of course, the seller would
only do this if it improves its current reservation value). In line with
these adjustments and the public announcement of the second-best
outcome, negotiation in the second round moreover starts with dif-
ferent offers than in the first round (see figure on the right in Fig-
ure 3). It is assumed that both players start with an offer that has
a utility equal to the reservation value of its opponent and lies on
the Pareto curve. This offer by necessity is only an approximation
of this point as it has to be determined by means of the learned
opponent model which was learned in the first round. This sec-
ond round negotiation therefore depends also on the quality of the
learning mechanism.

5. EXPERIMENTAL EVALUATION
In this section, we first discuss the design of the experiment. We

then present the experimental results of the first and second setup
and discuss our findings. The results for the first setup are in line
with the hypothesis formulated in Section 4. The results obtained
for the second setup, however, show major deviations from the win-



ner and outcomes as determined by the mechanism, and we discuss
why this is the case.

5.1 Experimental Design
The original theoretical mechanism does not limit the number of

sellers in the auction. To create an experimental setup the negoti-
ation mechanism must be able to select a winner and the second-
best offer. Therefore, only a setup with two sellers is sufficent to
test the proposed approach. The setup can easily be generalized to
any number of sellers. Observe that given any two sellers in the
proposed negotiation setup the addition of a new one would not de-
crease the buyer’s utility. If the newcomer has a preference profile
that does not suit the buyer’s needs it would neither be selected as
a winner nor used as a second-best offer. On the other hand, if
it would better satisfy the buyer’s need it would only increase the
competition among the sellers. In the latter case, the sellers com-
petition would strengthen the buyer’s position and, as a result, lead
to a better outcome for the buyer.

In the experiments, we use the so-called Service-Oriented Ne-
gotiation domain, taken from Faratin et al. (2003). This domain
consists of 4 issues. These issues are supposed to represent various
attributes important and relevant with respect to a service being of-
fered, such as price, quality, time, and penalty. Here, we do not
assume that any of these issues are predictable, i.e. it is not possi-
ble to make reasonable estimates about the preferences by an op-
ponent before negotiation is started. This means that we have more
variation in the profiles we used in the experiments than one would
typically expect in this domain. As a consequence, our results are
more easily generalized to other settings. A range of profiles were
used with different reservation values, importance weights associ-
ated with issues, and evaluation of alternatives associated with each
issue. More specifically, a set of 12 preference profiles per role are
created for the experimental setup. The following values for each
of the parameters were used:

1. To model the relative importance of the value of the issues,
two different sets of weights are used. One representing
equal importance of all issues, using 0.25 as weight for each
of the four issues, and a set of weights representing dom-
inance of two issues over the other two, using the weights
0.30, 0.50, 0.05, and 0.15.

2. The reservation value of each agent is set to either 0.3 or 0.6.

3. The relative value associated with each of alternatives for
an issue is represented by a linear "uphill" function, a linear
"downhill" function, or a combination of the two (resulting
in a triangular shape). That is, three types of evaluation func-
tions were used to assign relative value to issue alternatives.

Figure 4 shows an example of a preference profile for a buyer.
For presentation purposes, the utility function of an individual issue
on the figure is mutiplied by the corresponding weight. Utility of
a complete bid can be calculated by summation of the utilities of
individual issues.

Using these parameter values, a sample of 50 different negotia-
tion setups is created by means of random selection of one of the
twelve profiles for each role. Moreover, as a seller with a lower
reservation value in such a setup has a higher chance of winning
the first round (due to convexity of the Pareto efficient frontier), the
sample is balanced such that in 80% of the cases the sellers have
equal reservation values.

In the experiments, the negotiating agents build a model of the
opponent preferences, by means of learning a probability distribu-

Figure 4: Example of a preference profile of a buyer with
weights 0.30, 0.50, 0.05, and 0.15. Issues 1, 3, and 4 have "up-
hill" utility function, issue 2 has a "triangular" shape utility
function.

tion over a set of hypotheses about the utility function (i.e. the eval-
uation functions and weights of issues) of the opponent (Hindriks
and Tykhonov, 2008a). The probability distribution is defined over
the set of hypotheses that represent an agent’s beliefs about an op-
ponent’s preferences. Structural assumptions about the evaluation
functions and weights are made to decrease the number of param-
eters to be learned and simplify the learning task. Each hypothe-
sis represents a complete utility space as a combination of weights
ranking and shapes of the issue evaluation functions.

During a negotiation every time when a new bid is received from
the opponent the probability of each hypothesis is updated using
Bayes’ rule. This requires a conditional probability that represents
the probability that the bid might have been proposed given a hy-
pothesis. Therefore the utility of the bid is calculated according to
this hypothesis and compared with the predicted utility according
to the assumption about rationality of the opponent’s negotiation
tactics. To estimate the predicted utility value an assumption about
the opponent concession tactics is used based on a linear function.
The linear function is the most plausible model of the negotiation
concession tactic used by the opponent.

5.2 First Setup
The results for the first set of experiments validate our hypoth-

esis that negotiating agents that can learn are able to approximate
the outcome determined by the mechanism quite well. In Figure
5, a subset of the outcomes are presented to illustrate some of the
results obtained (we selected 13 results out of a total of 48 experi-
ments we performed to provide a good, representative sample). In
the left column labeled Theoretical Results the winners of the first
round and the outcomes of the second round as determined by the
mechanism are listed. In the right column labeled Experimental Re-
sults the winners of the first round and the resulting outcomes of the
second round as obtained by the negotiating agents are presented.
The difference as a percentage of the buyer and seller outcomes
respectively are listed last in each row.

First, note that the winner predicted by the mechanism and the
negotiation setup coincide 100%. This means that the negotiation
setup does not change the results of the first round in which a seller



Figure 5: Example Results Obtained in the First Setup

is selected as winner. Moreover, in the second round, in general the
outcomes obtained by negotiation are also quite close to those de-
termined by the mechanism. That is, in 78% of the experiments the
deviation is less than 5%. The standard deviation of the difference
between the mechanism outcome and the experimental results is
4%, and in 94% of the experiment the deviation did not differ with
more than 10%, indicating that overall outcomes were reasonably
close to the mechanism outcome with a few exceptions.

The Bayesian learning agent has been shown to be capable of
learning various preference profiles (Hindriks and Tykhonov, 2008b).
However, a decay of the buyer’s utility was observed in the cases
where its preference profile had the 〈0.30; 0.50; 0.05; 0.15〉 vec-
tor of weights. This can be explained by the fact that the Bayesian
learning agents use only linear ranking of the issues in the hypothe-
ses and the closest one would be 〈0.30; 0.40; 0.20; 0.10〉. The dif-
ference in the absolute values of the weights results in less perfect
learning in these cases. A drop in the utility of the buyer was usu-
ally compensated by an increase of the seller’s utility. The utility
of the buyer is in fact determined in the first round of negotiations
by the quality of the second-best offer. Therefore, it is in the inter-
est of the buyer to allow the potential sellers to learn its preference
profile and be at least somewhat transparent.

In this setup all agents try to maximize opponent’s utility when
following the negotiation strategy using the learned model of op-
ponent preferences. Therefore, selection of the winner as well as
the second-best offer depends on the abililty of a buyer to learn the
preference profile of the seller. Furthermore, the utility of the win-
ning buyer in the final agreement is determined by the seller’s abil-
ity to learnit the buyer’s preference profile. From this we conclude
that in this setup the ability of an agent to learn opponent prefer-
ences is a key factor in a successful approximation of the auction
mechanism.

As predicted in the previous section a low reservation value of
the seller increases chances of winning the first round of negoti-
ations. Indeed, as the results show, in 8 out of 10 setups where
sellers had different reservation values the seller with the lowest
reservation value won the first round.

5.3 Second Setup
Results of the second setup show much stronger deviation of the

reached negotiation outcomes from the theoretical results. Figure
6 presents the results obtained in the second setup. In 33% of the
experiments the winner was not the same as the predicted one. The
standard deviation of the absolute difference between the theoret-
ical and the experimental results is now 12%. Because this ap-

Figure 6: Example Results Obtained in the Second Setup

proximation setup was tested in the same experimental setup the
learning performance was as good as in the first setup and the ne-
gotiation strategy is able to find agreements close to the Pareto ef-
ficient frontier. This is supported by the fact that a decrease in the
buyer’s utility was compensated by a increase in the seller’s util-
ity of an agreement. As such, we conclude that other factors must
explain the deviation of the results obtained in this setup. In par-
ticular, dropping the constraints on the strategies of both buyer and
seller in the way proposed in this setup decreases the power of the
buyer significantly (as can also be concluded from some of the dra-
matic improvements sellers reached in some of the experiments).
The setup does not reflect the fact that sellers need to take into ac-
count that they are in competition with other sellers to be selected
as service provided. Basically, the assumption that negotiations are
independent is invalid in this context and sellers need to adapt their
strategy to take other competitors explicitly into account.

One idea to improve this setup in order to obtain a better ap-
proximation of the mechanism outcome is to use estimates of the
reservation value of other sellers to select negotiation moves, i.e. to
adapt one’s negotiation strategy. As we saw in the previous section,
the reservation value of sellers plays a significant role in determin-
ing the winner and, consequently, the buyer’s outcome. A modified
negotiation setup could take possible values of the reservation val-
ues of other sellers into account when selecting an offer.

6. CONCLUSION
The work in this paper is a first step towards dealing with the

main undesirable feature of an auction mechanism, being that the
preferences of the buyer need to be publicly known.

The first experiment shows that given certain restrictions on the
negotiation strategies, it is possible to approximate the outcome of
such an auction mechanism by multiplayer negotiations, and thus
this eliminates the need to publish the preferences of the buyer.
The results in this setup could not have been so good if the learned
models had been far from correct. An incorrectly learned model
explains the results where the agreement diverted from the mecha-
nism outcome.

The results of the second experiment indicate that independent
negotiations cannot be used in a setting where one buyer interacts
with multiple sellers. Sellers should take into account that other
sellers may outbid them, and therefore follow a different strategy,
which is dependent on (the expectation of) the behavior of other
sellers. The first experiment can be seen as an extreme way of
dealing with this, by following the strategy of staying near your
reservation value.



Other work has dealt with this problem only from the buyer’s
side. Rahwan et al. (2002) and later Nguyen and Jennings (2003)
proposed a negotiation framework where the buyer negotiates with
a number of sellers concurrently, and updates its reservation value
in all other negotiation threads with the value of an agreement,
whenever one is made. The latter work presents experimental re-
sults on the effect of a number of negotiation strategies in a setting
where each utility function is a standard linear combination of the
issues. It seems that in such a parallel setting the speed of the ne-
gotiation threads may influence the changes in reservation value of
the buyer and thus the result. The effect of this has not yet been
studied, but if this leads to undesirable results, it may be interesting
to try an approach in two rounds, like the one proposed in our work
here.

Another line of work in this field includes an expectation about
results obtained in other threads (Li et al., 2004). Like in the work
discussed above, the reservation value for the buyer is set based
on events in the other threads. The interesting extension here is
that the reservation value can be set at the expected best offer in
other threads, or even in future threads. Though the negotiations
in this work are only about price, it seems that this idea could be
generalized to a setting with multiple issues as well.

An empirical study of comparing an auction mechanism with a
negotiation mechanism was conducted by Kjerstad (2005). The
aim of this study is to estimate the impact of trading mechanisms
on the price of an agreement. The paper considers data of 216
trades that result from either using an auction or a negotiation as
the trade mechanism. It is concluded that trade mechanisms can
have an influence on the number of suppliers due to, i.e., costs as-
sociated with a particular mechanism. The results show that the
choice of the trading mechanism does not influence the price of an
agreement, however.

An interesting direction for future research is to study the role of
the sellers’ market in our setting. As the results showed, the prefer-
ence profile and the reservation value of a seller have a strong influ-
ence on the buyer’s utility of the outcome. Increase in the number
of sellers in the setup would result in an increase of the competition
among the sellers. In the current setup, we assumed independence
of negotiations in the first round. It would be interesting to see how
the strategy of the sellers would need to change if they become
aware of each other and how this would influence the outcome, in
particular whether it would provide for a better approximation of
the auction mechanism discussed here.
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