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ABSTRACT

We consider the problem of a shop agent negotiating bi-
laterally with many customers about a bundle of goods or
services together with a price. To facilitate the shop agent’s
search for mutually beneficial alternative bundles, we de-
velop a method for online learning customers’ preferences,
while respecting their privacy. By introducing extra param-
eters, we represent customers’ highly nonlinear preferences
as a linear model. We develop a method for learning the
underlying stochastic process of these parameters online.

Categories and Subject Descriptors
1.2.6 [Artificial Intelligence]: Learning; 1.2.8 [Artificial

Intelligence|: Problem Solving, Control Methods, and Search

General Terms

Economics, Algorithms

Keywords
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1. INTRODUCTION

We consider the problem of a shop agent negotiating bilat-
erally with many customers about a bundle (configuration)—
an array of bits, representing the presence or absence of each
of the shop’s goods in the bundle—together with a price for
the bundle. Like the work of [3, 2, 4, 1], the techniques devel-
oped in this paper try to benefit from the so-called win-win
opportunities that arise with multi-issue negotiations.

The methods proposed in Faratin et al. [2], and Coehoorn
and Jennings [1] are geared towards finding win-win oppor-
tunities through modeling the preferences of the negotiation
partner, for issues with independent valuations. This pa-
per follows a similar approach; like Klein et al. [3] and our
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earlier work [4], we consider interdependencies between is-
sues, however, which make the problem considerably harder.
The novelty of our current approach lies in the introduction
of a new scalable and very fast method for online learning
these complex customer preferences, while respecting their
privacy. To respect customers’ privacy, the method as devel-
oped only uses anonymous data on past negotiations: i.e.,
the shop cannot determine if he has dealt with a customer
in the past. As the conducted computer experiments show,
the necessary aggregate information, to significantly facili-
tate the search for mutually beneficial alternative bundles in
future bilateral negotiations, is learned quickly for relatively
large problems.

2. NEGOTIATION PROCESS

The shop sells a total of n goods, each of which may be
either absent or present in a bundle, so that there are 2™ —1
distinct bundle-configurations containing at least 1 good,
with n = 20. A negotiation concerns a bundle, together with
a price for that bundle, and it is conducted in an alternating
exchange of offers and counter offers. An example of such a
practice may involve the sales of bundles of news items in
categories like politics, finance, economy, sports, arts, etc.

During the negotiation, the shop will suggest a limited
number of alternative bundles. Hopefully, these suggestions
will lead to the bargainers finding mutually beneficial al-
ternative bundles. Such bundles represents Pareto improve-
ments because switching makes at least one bargainer better
off without making the other worse off. Ideally, the shop will
eventually find a Pareto efficient bundle: a bundle for which
no Pareto improvements exits.

Typically, a customer initiates the negotiation process by
submitting an initial bundle and opening price. The shop
agent constructs an ordered set from all the bundles that lie
in the initial bundle’s neighborhood (i.e., all bundles which
in binary representation have a hamming distance of 1 to
the initial bundle); it orders the bundles based on the likeli-
hood that they will result in Pareto improvements, starting
with the most likely bundle. By advising the first bundle in
this set first, the second bundle second, and so on, the shop
agent searches (locally) for Pareto improvements (cf. [4] for
further details). To assess the likelihood of a Pareto im-
provement requires statistical knowledge of customers’ pref-
erences. The focus of this paper lies on how we can obtain
this knowledge based on anonymous negotiation data.



3. PROBLEM STATEMENT

First we show how we can rewrite customers’ highly non-
linear preferences as a linear model. In the absence of strate-
gic behavior and stochasticity in customers’ preferences, this
will give use a direct solution to the learning problem. In the
next section, we use the obtained insights to develop a fast
method for online learning more about customer preferences
given strategic behavior and stochasticity.

There are n individual goods from which customers can
compile the bundle they wish to purchase. The column vec-
tor b = [b(1),...,b(n)]” denotes the binary representation
of a bundle (i.e., b(i) = 1 if and only if good ¢ is part of
the bundle). Let a; denote a customer’s valuation for ob-
taining good 4 individually and a;,j, as,j,1, etc. denote the
synergy effects exclusively caused by obtaining a subset of
goods {i,7}, {¢,7,1}, etc.: e.g., a;; is equal to the customer’s
valuation for bundle {3, j} minus the valuation for obtaining
the goods individually. There are ('1’) parameters of the type
ai, (g) parameters of the type a;;, and so on; thus there are
at most k = >, (7) = 2" — 1 parameters. In the exper-
iments, we consider problems where n = 20. To make the
number of parameters manageable we assume that beyond
subsets of size 3 the synergy effect are always zero: i.e., there
are only k = (7) + (3) + (5) number of parameters.

Given some (arbitrary but) fixed encoding, denoted by
<->, we can map all k parameters into the (k-dimensional)
vector a. We can now define a customer’s monetary valua-
tion for bundle b, vg(b), as follows:

Z Z ag,;>b(0)b(F) + ...

> acwb(i) +
i=1 i=1 j=i+1

+a<1,___,n>b(1)b(2) - b(n)

va(b)

(1)

From Eq. (1) (and encoding < - >), we can conclude that
the seller can construct a mapping f : {0,1}" — {0,1}*.
For all customers, their monetary valuation for any bundle
b can be expressed as a linear function of their k-parameters
and f(b). For exzample, if there are only 3 goods—good 1,2,
and 3—then b = (1,1, 0) could (depending on the encoding)
give f(b) = (1,1,0,1,0,0,0). Irrespective of the encoding,
£(1,1,0) should contain three 1’s and four 0’s: i.e., the pa-
rameters a<1>, @<2>, and a<1,2> contribute to the valuation
of bundle (1,1,0).

In the absence of strategic behavior and stochasticity, a is
the same for all customers. The seller can then just obtain
a by solving a system of linear equations. For example,
suppose there are t observations and for each ¢ = 1,...,¢
the seller has the observations v; and b;, where v; denotes
customers’ valuations for bundle b;. Then

v =Ba (2)
with v = [v1,...,v]" and B = [f(b1),...,f(b)]” (thus B
is a t X k matrix). Since the seller also knows f, he knows
both v and B. Now if the rank of matrix B is equal to k,
then the (Moore-Penrose) generalized matrix inverse of B,
denoted by BT, can be used to compute a: i.e., a=Btv.

Typically, customer preferences differ from one customer
to the next: i.e., a, which completely describes customers’
preferences, is a random vector. We assume a is normally
distributed with a vector of means pa and covariance matrix
Ya. Moreover, since customers will behave strategically the
seller will not directly observe their valuations.

418

4. LEARNING METHOD

The method we develop for estimating the vector of means
ta and covariance matrix Xa, contains (a) a sub method for
learning pus and X, in the absence of strategic behavior and
(b) a sub method for preprocessing the negotiation data.
First method (b) is applied to the data such that a sufficient
amount of the noise caused by strategic behavior is removed.

(Sub Method A) As was discussed in Section 3, per cus-
tomer we have an instance of the random vector a, which
completely specifies her preferences. For a customer c, let a.
denote such an instance. Suppose the seller would negotiate
for a very long time with this customer ¢, while constantly
suggesting different bundles. In the absence of strategic be-
havior, eventually the seller would have collected the negoti-
ation data v = [vet, - . ., vet]”, and B, = [f(be1), .. ., f(bet)]T
such that B, has rank k. Analogous to Eq. (2), the seller can
then just obtain a. by solving v. = B.a,: i.e., a. = Bl v,,
where B is again the generalized matrix inverse of B..

For large k, bargainers will break off the negotiations or
reach a deal, before the matrix B, grows into a rank k£ ma-
trix. Therefore, the seller suggests instead a sequence of
bundles such that the union of the goods contained in these
bundles has strictly less goods than is possible. (In the ex-
periments, 4, 5, or at most 6 individual goods are being
considered.) In that case, relative to k the matrix B, con-
tains only a few nonzero columns. Whenever k', the rank of
the matrix B., equals the number of nonzero columns, we
can obtain a,—the k'-dimensional vector containing all the
identifiable parameters of a,—by solving v. = Bla; (i.e.,
a, = B/fv.); we get the matrix B], by removing all zero
columns from B.. Based on these newly computed param-
eter values, it is now relatively straightforward to obtain
estimations of the mean, and covariance matrix.

(Sub Method b) With strategic behavior the seller does
not observe v = [vei,- .. ,vct]T. Instead he observes p. =
[Pet, - - -, Dct], the sequence of bids submitted by the cus-
tomers, where there is generally a difference between pc;
and ve;. To deal with strategic behavior requires some im-
plicit or explicit model of customers’ bidding strategies. For
example, in [4, 1] they learn more about customer prefer-
ences based on the difference between two consecutive bids.
This implies some implicit model of a customer’s bidding
behavior, however. We want to make this model explicit so
that we can check whether the model is consistent with a
customer’s bidding behavior.

Strategic behavior of customers can roughly be split into
a fixed and variable component. The fixed component spec-
ifies how much a customer ¢ is at most willing to bid for
a bundle b worth f(b)Ta,, irrespective of the current state
of the negotiation; the variable component specifies how a
customer concedes through time.

Filtering out the fixed component of a customer’s bargain-
ing strategy is impossible. Especially in the case of bundling,
the seller can eradicate most of the second type of noise,
however. The idea is that at the end of a negotiation pro-
cess the seller will use some of the gathered negotiation data
to model how the opponent concedes trough time; the rest
of the data can then be used to check whether the developed
model correctly predicts how a customer concedes through
time. It is very unlikely that such a test is passed incor-
rectly (error of the first kind) because both the correctness
of the estimated values for the identifiable parameters (a;)
and the concession model are tested jointly. The other pos-



sibility, of not being able to model a negotiation process is
even less problematic; the seller can just simple ignore this
negotiation. In real world applications the seller could have
a collection of typical models and check which of the models
fits the data of a particular negotiation best. Consequently,
enough negotiation data can be preprocessed and fed to sub
method (a) to ensure good estimations of pa and X,.

5. NUMERICAL EXPERIMENTS

Customers are at most willing to pay % of their true val-
uation; for each customer z is randomly drawn between 85
and 95. Moreover, customers and shop use time dependent
bidding strategies: the offer submitted by a customer (shop)
is monotonically increasing (decreasing) in both the number
of bidding rounds and the valuation.

We compare our new approach of having no a priori in-
formation and learning customer preferences online (as dis-
cussed in Section 4), to the one where—for example because
of expert knowledge—the shop already knows the underly-
ing joint probability distribution of all bundle valuations.
Besides comparing our new online procedure (referred to as
ML) with the previous method (called S), we also perform
the same series of experiments with a benchmark procedure
(called B), which simply recommends a random bundle from
the current bundle’s neighborhood. That is, the benchmark
does not base the order in which it recommends the next
bundle on the estimated likelihood of Pareto improvements,
as the ML and S-systems do.

Customers initiate the negotiation by submitting an offer
containing an initial bundle bjn;;. To give the shop some
room for improvement, we initialize the customer’s initial
bundle by randomly selecting a bundle b which, in binary
representation, has a Hamming distance of 5 to the bundle
b* that is associated with the highest gains from trade.

Both ML and S-system greatly outperform the B-system.
To illustrate how well the M L-system performs compared to
the S-system, figure 1 shows the relative performance and
the number of rounds within which a deal is reached (if a
deal is reached in the first place) per customer. Relative per-
formance specifies the percentage of the maximal obtainable
Pareto improvements (given the starting point) that is ac-
tually realized at the end of a negotiation. To simplify the
comparison we hard wired the M L-system to stop exploring
after 500 customers. (Remember, learning is completely on-
line, however.) In the exploitation phase of the M L-system,
the two systems generate virtually the same performance.
Figure 1 illustrates the great advantage of using negotiation
data. In the exploration phase 500 customers suffices for
the M L-system, because per customer the system obtains
roughly 55 high quality data points.

6. CONCLUSIONS

We conduct computer experiments with simulated cus-
tomers that have highly nonlinear preferences and are in-
terested in bundles containing up to 20 individual goods.
We compare our new method of having no a priori informa-
tion and learning about customer preferences online, to the
one where—for example because of expert knowledge—the
shop already knows the underlying joint probability distri-
bution of all bundle valuations. Our experiments show how,
after 500 customers, the two approaches have virtually the
same performance. Both methods significantly increase the
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Figure 1: 100-step moving average of the relative %
and the number of rounds to reach a deal.

speed with which deals are reached, as well as the number
and the Pareto efficiency of the deals reached, compared to
a benchmark. Moreover, the experiments show that the new
procedure is able to learn the necessary information online,
even if due to strategic behavior customers’ best offers are
significantly less than their reservation values.
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