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Abstract

In this paper we propose to model a negotiator's decisiokimgabehavior, expressed as preferences
between an offer/counter-offer gamble and a certain dffgtearning from implicit choices that can be in-
ferred from observed negotiation actions. The agent'®astin a negotiation sequence provide information
about his preferences and risk-taking behavior. We showdffaxs and counter-offers in negotiation can be
transformed into gamble questions providing a basis fariniig implicit preferences. Finally, we present
the results of experiments and evaluation we have undertake

1 Introduction

As agent technology is applied to problems in e-commerceangdeginning to see software agents that are
able to represent and make decisions on behalf of their.usersexample, in Kasbah [6] agents buy and sell
on behalf of their human users. In delegating negotiatioantagent, we would like that agent to be as savvy
a negotiator as possible. In negotiation, a more effectivefilation of proposals can be achieved if an agent
has some knowledge about the other negotiating party’'svimhdn terms of preferences and risk attitude,
since solutions to bargaining problems are affected by [&th, 11]. But such information is private to each
party and we cannot expect that the other negotiating paittypwvide it freely. In addition, the elicitation

of preferences and attitudes towards risk, or utility, isggmneral difficult and continues to be a challenge
to researchers. Although various elicitation techniquesdecision makers have been widely used., see
techniques in [5], they are not readily applicable in theatiegion scenario. An agent, for instance, cannot
simply ask gamble questions to assess its opponent’'sytilitction. On the other hand, the use of learning
mechanisms in negotiation has been investigated in sawa@ht studies, see for example [1, 17], and has been
shown to be an effective tool in handling uncertainty anempleteness.

In this paper, we propose a novel method for constructing defnaf a negotiator’s decision-making be-
havior by learning from implicit preferences that can besirédd from only observed negotiation actions. We
show, in particular, how actions in a negotiation transactian be transformed into offer/counter-offer gamble
guestions which can subsequently be used to construct al mbtlee agent’s decision-making behavior via
machine learning techniques. The model contains infoomatbout the decision maker’s preferences between
a certain offer and an offer/counter-offer gamble which loaexpressed in the form of comparative preference
statements. We present theoretical results that allow aggwit data points implicit in observed actions. We
use multiple layer feed-forward artificial neural netwotismplement and evaluate our approach. Finally, we
present the results of our experiments.

2 Preliminaries

Decision-making based on the principle of maximum expeatéily requires the negotiator to choose from a
set of possible actions that action which maximizes his ebgokutility. An action with uncertain outcomes can
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be viewed as a gamble whose prizes are the outcomes thesdelvegotiations where agents exchange offers
and counter-offers according to an alternating offersquait[12], a counter-offer to a given offer can be viewed
as a gamble with two possible outcomes: either no agreemesdached, or a counter-offer is accepted in which
case an agreement is reached. The probability in this p&atigamble is the decision maker’'s own subjective
probability of reaching an agreement with the other netjotiaparty. A utility maximizing negotiator can
decide between a certain offer and the corresponding gaoytdemparing the utility of the certain offer and
the expected utility of the particular gamble. Thus, theisien-making behavior of a negotiating agent can be
modeled by comparative statements that express his pnegdetween certain offers and particular gambles.

In this paper, we will assume that each party’s utility is @bately unknowrto the other and no trusted third
party exists. Each agent has a limited reasoning capacitjag@ndless outguessing regress does not occur.
We consider &-level agent whose nested modeling capability consistg @i model of its own utilities and
a model of the other agent’s decision-making behavior basaabservations of past actions [16]. As a specific
example that we will use to illustrate our approach, we atersa scenario of two agents negotiating over the
price of an indivisible item: one agent observing the betraef a second agent. The first agent constructs a
model of the second agent’s decision-making behavior kyieg from preferences inferred from the latter's
observed actions. This scenario is similar to an onlineséirst agent) observing a potential buyer’s (second
agent) actions for the purpose of making effective propgosal

We also assume that the item can be delivered as promisee@ taugfer and that the seller is paid for it
at the agreed price. In each negotiation there is neglidghfgaining cost and discount rate. Both bargaining
cost and discount rate are considered private informaWdmassume that the two agents’ bargaining behavior
does not deviate from their true utilities and that the tytfliinctions of the agents are stationary over the period
in which the negotiation takes place. Due to space limitatige will focus only on constructing a model of
an agent’s decision-making behavior from observed nejmti@actions. We will tackle the relaxation of some
of the assumptions above in subsequent work. The claim we mathis paper is that we have a method for
constructing a model of an agent’s decision-making bemasipressed as comparative preference statements
between certain offers and corresponding gambles. The Igasbssociated with the agent's counter-offer
given his opponent’s offer. We will call this the#fer/counter-offer gambjer o/c gamble

Note that the set of comparative preference statementgdhdbe obtained from our model is, in general,
a proper subset of the set of comparative preference statertteat can be obtained from a utility function.
Thus, we can use some of the tools for eliciting utilities émstruct a model of the agent’s decision-making
behavior. An important tool in eliciting utilities is the e®f lottery or gamble questions and the concept of
certainty equivalence.

Definition 1 Let D be a domain[U be a utility function overD, and leto; and o; be outcomes in a gamble
G whereo; occurs with a probabilityp, o; occurs with a probability(1 — p), ando;,0; € D. Let us denote
this gambleG by the shorthando;; p; 0;). If p = 0.5, thenG is called the standard gamble. A certainty
equivalent is an amourit such that the decision maker (DM) is indifferent betwéeand 6. Thus,U(6) =
pU(07) + (1 = p)U(0;) or 6 = U~ [pU (03) + (1 — p)U (0;)].

Using the standard gamble, a decision maker can be askedawivaint he would assign tosuch that he
would be indifferent between the gamble andThe answer to this standard gamble question is the certaint
equivalents. Alternatively, given the outcomes ando; and an amound, the decision maker can be asked
what probabilityp would he assign such that he would be indifferent betweamd the gambléo;; p; o).
Utility functions can be constructed by interviewing theid@n maker and asking him the answers to gamble
guestions [5]. A gamble question is nondegenerate# 0 andp # 1. A decision maker with an increasing
utility function is risk-averse (resp. risk-prone, riskutral) iff his certainty equivalent for any nondegenerate
gamble is less than (resp. is more than, equal to) the expeatae of the gamble. For a decreasing utility
function, a decision maker is risk-averse (resp. risk-pramsk-neutral) iff his certainty equivalent for any
nondegenerate gamble is more than (resp. is less than,tejjtizd expected value of the gambile.

We will model the agents’ exchanges as alternating offe2bljit will use Zeuthen’s concept of probability
to risk a conflict [18] as a basis for transforming negotiatidfers and counter-offers into gamble questions. In
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the alternating offers game we refer to the history of thentgj@ctions as a negotiation sequence. To simplify
the type of actions, we will simply call the first action théial offer and denote all actions after that as either
anacceptaction, arejectaction, or acounter-offeraction. To avoid confusion, we will use subscripts to denote
which agent the action belongs to. The negotiation terramat one of the following ways: either an agent has
accepted an offer, an agent has rejected the offer, or thaiatgn has reached an impasse,, a deadlock. An
impasse happens when no agent makes a concession, givisiescounter-offers they have given previously
for a consecutive finite number of times. We formally defineegatiation sequence below.

Definition 2 Let o, a,r, and ¢ denote offer, accept, reject, and counter-offer, respebti An actiona is a
negotiation action iffc € {o,a,r,c}. LetD = [Pyin, Pnas] be the domain of an attribute over which a
commodity is to be negotiated. Amyc D is called a position. Le#d = {S, B} whereS and B denote the
seller and buyer agents, respectively. A negotiation secpd’ is the sequenc® = (a;,z1), (o, Z2), ...
wherej, k € A, j # k, x; € D, and the last action is ida, r,c}. A negotiation transaction is any pair of
consecutive actions.

Consider the following example where buygmegotiates the price of a certain commodity with sefler

Negotiation Fragment 1

Bj. I would like to offer$45.00 for it.

Sy. This is a fine item. | am selling it fc#66.00.
Bs. | think $45.00 is more reasonable.

Sy4. Alright, $60.00 for you.

Bs. Let's see. I'd be willing to pa@s1.00 for it.
Sg. $60.00 is already a good price.

B;. $1.00 is fair, | think.

Sg. I'll reduce it further to $57.00, just for you.
By. | really like the item but | can only afforfi54.00.
S10. $67.00 is a bargain.

Bi1. $4.00 is my last offer.

S12. Alright. Sold at$54.00.

In Negotiation Fragment 1D = [45,66]. The negotiation sequenc¥ = (op,45), (cs,66), (cp,45),
(es,60), (cp,51), (cs,60), (cp,51), (cs,57), (cp,54), (cs,57), (cp,b4), (ag,54). The buyerB makes
an offer in By by offering $45.00. InS;, the seller counter-offers by quoting a price of $66.00 Far item.
This continues untilS;» where the seller accepts the buyer’s counter-offer. Thaiteting move ijag, 54).
We will now show how counter-offers can be viewed as gambkstions that provide implicit data points for
learning an agent’s decision-making behavior.

3 Negotiation actions as gamble questions

The theoretical results in this section point out impligifarmation that may be exploited from observed
counter-offers. First, we define an agent’s probabilityis& a conflict following Zeuthen.

Definition 3 LetUp andUg be B and S’s utility function, respectively. Letg be B’s position andzs be S’s
position. The probability thaB3 will risk a conflict, 7z, and the probability thafs will risk a conflict, 7g, are
defined as follows:

rp = | BT W Us(ep)>Us(s) (1)
0 otherwise
Ug(zg)—Ug(z .

ro _ | EEEESEEL it Us(es)>Us(ap) @
0 otherwise



The probability that an agent would risk a conflict is projmral to the difference between the agent’s position
and what he is offered. The closer the other agent’s offerliést position, the smaller this probability should be.
The farther away the other agent’s offer is from his posittbe larger the readiness to risk a fight or conflict. If
an agent is offered something equal to his position or igeffsomething better, then his probability of risking
a conflict is zero. We assume the following about the agetilgies:

A.1 B’s utility function, Up, is monotonically decreasing.
A. 2 S’s utility function,Ug, is monotonically increasing.

By computing the expected utility, an agent can decide wdrdth accept the other agent’s offer, reject it,
or insist its own position.

Definition 4 LetUp andUgs be B and S’s utility function, respectively, andg andag be B and S’s action,
respectively. Let the gamblész and G s refer to (conflicty; ps; ) and(conflicty; pg; zg), respectivelyB’s
(resp. S’s) subjective probability thas' (resp. B) will risk a conflict ispg (resp. pg). Also, l[etEU[Gg] =
(1 —ps)Up(zp)+ psUg(conflict;), and EU[Gs] = (1 — pp)Us(zs)+ ppUs(conflicty).

( accept iff Ug(zs) > EU[Gg] A
EU|[Gg] > Up(conflictz)
ap = counter-offer iff Ug(zs) < EU[GRB] A 3)
Ugp(zg) > Up(conflicty)
| reject iff Up(conflict;) >Ug(zs)
( accept iff Us(zp) > EU[Gg] A
EU[Gg] > Us(conflicty)
ag = counter-offer iff Us(zp) < EU[Gs] A 4)
Us(zp) > Us(conflictg)
| reject iff Ug(conflicty) >Us(zp)

Note that(1 — pg) is B’s subjective probability that he himself will succeée,,the probability thatS will
not risk a conflict. The knowledge of eithgror (1 — p) as a subjective estimate guides an agent’s decision.
In the case where an agent’s probability to risk a conflictlmaestimated via empirical frequency, the method
we propose here still applies. The latter, however, usuatiyires a large sample size which may not be easily
available in practice.

Definition 4 specifies what relation is true when a specifiads taken. In particular, counter-offers which
comprise most actions in a negotiation sequence imply pmeée between an o/c gamble and an offer. We do
not know what specific valuesz andps have, but we can learn the relation that triggered the neimi
action. B's estimate, for example, &§’s probability to risk a conflicipg is incorporated in the relation on
which B’s actions are based. According to Savage [14], the use ahbligagquestion as a probability elicitation
function whenB is maximizing the effect of an outcome would induBeto reveal his opinion as expressed
by his subjective probability. This clearly means that foy aounter-offer byB some specific value afs was
used by the decision makér although this value can not be directly observed. Thuspthi@ the gambleG g
of the preference relatiof p - x5 has a specific value. The same can be said aB&subjective probability
of success(1 — pg), when insistinge 5. Although the exact value gfs or (1 — pg) is not known, by learning
the relation that triggered’s action along with the parametets;, x g, andconflict;, instances are learned
where the values gfs and(1 — pg) are taken into account.

Learning relations also offers additional flexibility. He value of conflict is known then we can use it in
the training instances. Note thadnflict; andconflicts is the outcome for the buyer and the seller, respectively,
whenever no agreement is reached. In a buyer-seller soetharivalue of conflict for the buyer might be the
prevailing market priceconflict; could be the highest possible value a buyer could end up gafiould a
non-agreement occur or for the sellegnflicty could be a low constant if the seller ends up having to sell
the item resulting in a deep discount or a zero profit. In treecahere the price of conflict is not known,
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relations can still be learned using some default constarg D providedUg(cg) < Up(zg) in B’s case and
Us(cs) < Us(zp) in S’s case. As long as the same constagt(resp.,cs) used for training is also the one
used in the query, the learned model is expected to outputaitesponding preference information based on
the relations it has learned. In essence, a model of the 'aghrtision-making behavior can be constructed
without necessarily knowing the exact value of conflict.

The next three theorems allow us to generate training seibcitnfrom observed actions. Due to space
limitation, we will only present theoretical results foetbuyer. Analogous results also hold for the seller.

Theorem 1 Let x g be B’s counter-offer,zs be S’s offer, and letiz be B’s certainty equivalent for gamble
G = (conflicty; ps; zB). If (G > zg) then for any nondegenerat@s, ip € (z5,zs).

Proof Gp > zs means(l — ps)Up(zp) +psUg(conflictz) > Up(xzg). Sinceps # 0, it follows that
Ug(zp)> (1 —ps)Up(zp)+psUg(conflictz) and so by transitivity, we havi€g(zg) < (1 — ps)Ug(zp)+
psUp(conflicty) < Ug(zp). Note thatU;'[(1 — ps)Ug(2p) +psUp(conflicty)] = #p. By monotonicity
assumption A.1zp > zp andip < zg. Hencejip € (zp,zg).

Theorem 2 (Inferior Offers) Letxp be B’s counter-offerx g be S’s offer, andG g = (conflicts; ps; z5). Let
P& beS’s readiness to risk a conflict at, zs < z. If (G > zg) then((1 —p§)Ug(zp)+psUs(conflictg)) >
Up(z),V z such thatrg < z.

Proof. SinceUg(zs) > Up(x) foranyz > g, then((1—ps)Up(zr)+psUp(conflictg)) > Ug(z). S’s offer
isatzg, so anyr > xg must be better fof thanz s by A.2. Sincer is better tharb’s position, by definitionS’s
readiness to risk a confligt;, can not increase. By transitivityl — p%)Ug(z ) +psUg(conflicts) > Up(z).

Theorem 3 (Irresistible Offers) Letzp be B’s counter-offerz s be S’s offer, andG g = (conflicty; ps; zp).
Letpt beS’s readiness torisk aconflictat, x5 > z. If (G > zg) then((1—p%)Ug(zp)+p5Ug(conflicty)) <
Up(z),V z such thatcp > x.

Proof By A.1, Ug(z) > Ug(zp). ps # 0 becauseB’s position, xz, is not the same aS’s offer, zg.

Since0 < ps < 1, Up(zg) > (1 — ps)Up(zp). By transitivity, Ug(z) > (1 — ps)Up(zp). However,
Ug(zp) > Ug(conflictg). Thus,Ug(z) > (1 — ps)Ug(zg) + psUg(conflictg). Sincez is less than
S’s position, z5, S's readiness to risk a conflict increases, by definition. p$o> ps. SinceUg(z) >

(1 —ps)Up(zp) + psUg(conflictg), by transitivity Ug(z) > (1 — p§)Up(zp) + psUp(conflictg).

Theorem 1 states that a counter-offer reveals the intenvahich the certainty equivalent lies. According
to Theorem 1, ifB decides to make a counter-offeg to an offerzg by S, we can infer thatB’s certainty
equivalent for gamblé& g lies in the intervalz g, z5). This is useful because, intuitively, fé any offer byS
abovez g can be considered worse thaén; and any offer byS belowzx g is preferred ta7 g. Theorem 2 states
that if B prefers the gamble to an offer of by S then B would also prefer the gamble to any offer Bythat
is greater thamg. Theorem 3 says that an offer Bythat is less than wha® would insist is acceptable tB.

Example 1 Consider the transactionS(y, B11) in Negotiation Fragment 1. According to Theorem 1, the
behavior observed inY;, B11) implies that s lies in the interval($54.00, $57.00). According to Theorem 2,
for all offersz > $57.00, B would prefer the gamble insisting54.00 to . By Theorem 3, for all offers
z < $54.00, B would prefer the offer to a gamble insistifig4.00.

Each distinct pair of exchanges in a negotiation sequenas glifferent information with respect to the
risk attitude that each agent shows throughout the negwtiaequence. In particular, eagly andps may
be different between transactions, hence each pair giditiGadhl information. If a transaction or a pair of
counter-offers are observed repeatedly then the traimistgumces based on this information are also increased,
in effect, adding more evidence to the decision maker'sifipeisk behavior. In summary, Theorems 1-3 state
information that is implicit in each counter-offer. Usirgese, we can generate explicit data points to be used
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as training sets for artificial neural networks. In previeuwk (see [10, 4]), artificial neural networks are used
to construct a decision maker’s utility model. The netwaak e trained to learn from the instances generated
from observed data. In this work, the weights in the netwarkoele the function that describes the decision-
making behavior of the agent being modeled. The networkstakaénput a certain offer, counter-offer, and the
price of conflict, and outputs a prediction of whether or tait to/c gamble is preferred by the decision maker.

We envisage the models discussed here to be used as toolgnioldte effective offers which include
tradeoff exploration, and as heuristic to help guide thectetor efficient solutions in negotiation problems.
Often, models predict actions of negotiating agents uskpe&ations of what a decision maker might do
given relevant information. In game theory literature stspecific sets of relevant information that affect the
decision maker’s decision processes are also knovippas[3]. They may include, for example, reservation
price, cost and profit structure, negotiation style, amafntesources, etc. [17]. Types are often modeled
using a probability distribution. As the negotiation presges, updates using Bayes’ rule on the probability
distribution over these specific sets of relevant infororatire made. A difficulty in the use of types is how
prior probability distribution might be updated over a véayge set of information, possibly one that contains
infinite number of types. As in most cases, the modeler iefibto assume a finite number of types say, strong
and weak types [13] or is forced to choose a smaller set a#vesit’ information say, reservation price as
opposed to everything that affects a decision maker’s mctie exemplified in Zeng and Sycara’s work [17].

A disadvantage in the use of probability distribution is netessarily in determining which information
is relevant but in computing posteriors given the limitetbimation that can be inferred from observed ne-
gotiation actions. For example, if the only observationgured during negotiations are the responses of the
negotiating agents expressed as counter-offers therygleae could not use the observations to directly infer
certain specific sets of relevant information such as thé aod profit structure. As we have shown above,
we can infer the agent’s decision-making behavior in terfinsreferences between a certain offer and an o/c
gamble from observed actions. All that is needed is the agdamthat a rational player evaluates his decision
by taking into consideratioall the relevant information he has which affect the issue(deunegotiation. This
might include indirectly observable information like higst and profit structure, deadline, etc. If, given this
relevant information, an offer is more favorable to him tisay a gamble then he takes it because he prefers its
outcome over that gamble. Hence, whatever observationnage can be taken as a result of such evaluation
that is reflected through the decision maker’s behavior. @xample, one need not explicitly model the cost
and profit structure of the opponent. If the opponent accapisffer then this can be viewed as something that
he prefers, after considering his cost and profit structowver what other consequences might result. In short,
our approach allows the construction of greeticular model that represents the decision maker’s behavior, as
opposed to choosing (via a probability distribution) th@apent's type from a very large, possibly infinite, set
of information.

4 Model construction and evaluation

In the previous section, we have laid out the framework fanstacting a model of a negotiating agent’s
decision-making behavior using implicit data from obsédrmegotiation transactions. We will describe in this
section the construction and evaluation of a modeB¢&f decision-making behavior. The results from our
experiments using synthetic data sets suggest significadigtive accuracy using only an average of 5 pairs
of exchanges per negotiation. For convenience, we haveohosmplement a model d8’s decision-making
behavior using a multilayer feed-forward artificial neurgtwork, a statistical learning method capable of
approximating linear and nonlinear functions. Note thatd¢bncept we discussed above on how implicit data
points maybe generated from observed negotiation actimmependent of the machine learning technique
that maybe used. We believe, however, that the choice of tecglar technique must be made so that the
intended preference relations are learned given the &laikdditional training data. Since artificial neural
networks have been widely studied and used as universaiidangpproximators in various problems across
many disciplines, we believe that a demonstration of oureheid artificial neural networks would make our
technique more accessible to a wider audience. In add@idensions and variants of artificial neural networks



like the knowledge-based artificial neural network [15] patentially be used to improve the model’s predictive
performance as well as reduce its training time [10, 4].

We have assumed th&'s decision-making behavior is guided by his utility fureti We used a control
utility function for B, v(z), to generate negotiation actions where each counter-off@ade byB is such
thaty 1 ((1 — ps)y(z) + psy(c)) < y, for any offery made byS and for a given conflict. This means
that a counter-offer is made becauB& expected utility of the gamble is higher than his utiligrfy. B
acceptsS’s offer when the utility ofy is equal to or exceeds that of the gamble. Moreover, we haiaily
chosen two separate functions fafz) representing risk-averse and risk-prone behavior and haveeveral
experiments varying the following parameters to consteusynthetic data set: probability to risk a conflict
(ps), negotiation domain, and negotiation strategy. Note Watiseps together with other parameters only
to simulate behavior from which actions can be observed. cdmstruction of the model does not assume
knowledge ofps. The control utility function;y(x), allows us to test the predictive performance of our model.
Its purpose is to represeiit’s unknown utility function against which our constructeaael will be tested.
Our data set contains observable actions baseg(op However,v(x) itself is unknown to the system that
constructs the model.

For any nondegenerate gamble the certainty equivalenitigast the offers into two regions: the region
below the certainty equivalent contains offers tliaprefers to a gamble and the region above it contains
those where a gamble is preferred. H{e) curve contains the utility of the certainty equivalenfor any
nondegenerate gamble. According to the previous sectimncdunter-offers in a negotiation sequence can
be used as interval constraints to approximate the ceytamptivalents. We evaluate the effectiveness of our
approach by training the artificial neural networks usintagmints implied by these intervals. We then test the
network’s predictive performance by comparing the learmextiel against the control utility function which
guides the decision maker’s behavior. An effective modelfthdemonstrate a significant improvement over
a random guess.e., given S’s offer and a conflict value held constant, the model shoel@ltle to correctly
classify more thai0% of the time whether a given offer is preferred Byover a gamble.

We generated negotiation sequences and ran experiments g control utility functions:y;(z) =
1— % (risk-averse, decreasing function) amgz) = e~ %9025 (risk-prone, decreasing function). In each
negotiation sequenceg is either generated randomly or is chosen frr50, 0.25,0.60}. The negotiation
usingy; (z) is over the domaiD; = [50, 100] and that ofy,(z) is overDy = [200, 700]. The value of conflict
c is set at the maximum value of the domain. The buyer-sellgotigion strategyy, vary among Boulware-
Conceder, Conceder-Boulware, and Conceder-Concedes. W@ define our Boulware strategy as one where
the agent concedes onl9% of the time and a Conceder strategy as one where concessiequent av0%
of the time. Whenever an agent concedes, concession ismiyndbosen betweefi—50% of the difference
between both agents’ most recent counter-offers.

The artificial neural network used in our experiments hashatéen layer with four nodes. The input layer
contains three input nodes and the output layer containgibgdles. The output nodes represént = =g and
Gp < s WhereGp = (cp;ps;xzp). The input to the network areB’s price of conflictcp, B’s counter-
offer z g, andS’s offer or counter-offerzg. Data fed into the input layer are scaled so that values amge
between0 and1. We point out that the input layer does not include a nodelerdpecificps of the gamble
G . Althoughpg is not directly observable, the observed gamBle which is used to generate the training
instances together withg has a specific value gfs associated with it. Whenever we want to ask the question
whetherGpg = zg or Ggp < xg given certain offercg we are referring to a specifiG g with an associated
specific value ops. Note that the input query in this case would only contginz g, andzg.

Negotiation sequences used for training, tuning, andnigstie randomly generated using a chosen strategy
pair, a control utility functiony(x), a negotiation domain, and a constant conflict value. We aged1 cross
validation method to train and tune the network, wheris the number of negotiation transactions in each
negotiation sequence. Network training is stopped whdreeito improvement in performance is detected
for a successive, 000 epochs or the number of epochs reache@€)00. Among the data generated using
the intervals,90% is used for training and0% is used for tuning. For the examples below the interval, the
network is trained to outputo; = 0.1,09 = 0.9) and for the examples above the interval it is trained to
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Figure 1: Overall Performance Results

output (o; = 0.9,0o = 0.1). Data points used to test the network are separately gedeusing the true

Z g of the gamble in each negotiation transaction. Our datag#ams a total of 97 negotiation sequences.
The total number of negotiation transactions is 477 whickegian average of 5 transactions per negotiation
sequence. The training instances are obtained by gergeeatotal of 200 random data points for each observed
negotiation transaction; 100 random data points for eat¢heofegion below and above the interval. These are
simply data points that are directly inferrable from theerled transaction and help to fill out the data presented
to the neural network. The certainty equivalent, which itaoied from the control utility function, lies inside
each interval. For each of the regions below and above thaiasr equivalent 100 test points are generated.
We then evaluate the approach by comparing how well the mpetébrms when trained using the intervals
against the test points from the control utility functione\dbnsider data points to be correctly classified when
01 €10,0.2], 00 € [0.8, 1] for test points below theé 3 and whem; € [0.8, 1], 02 € [0, 0.2] for test points above
the 2. All (pseudo)random numbers in the experiment are gertbraimg the Mersenne Twister algorithm
[7].

Intuitively, not all negotiation transactions may be usekor example, an offer that is near the maximum
domain value and a counter-offer that is near the minimumaidomalue has an interval width that is close to
the width of the domain. Since we are using the interval torege the certainty equivalent such a negotiation
transaction would be less useful than one in which both tfer @hd counter-offer are closer to the certainty
equivalent. Moreover, regression analysis indicatestttetlistance of the lower interval limit to the trig
has significant influence on our model’s predictive perfaroga Predictive accuracy 9% or better when the
average distance of the lower interval limit is witlfirs0 (normalized) of the trugé z. In real scenario, however,
we have no idea how far the lower interval limit is to the triye since this is considered private information.
We would, therefore, like to have a practical basis for chpsvhich negotiation transactions are useful as
training examples. We used the interval width of each nagoti transactioni.e., the distance between the
lower and upper limit of the interval, as a basis to elimir@gaa points that may not be useful in constructing
the model.

To test the overall performance, negotiation sequences greuped into subsets where normalized interval
widths are no greater than50, 0.45, 0.40, 0.35, and0.30. A normalized interval width is computed as the
ratio of the interval width to the domain width. The averaggeival width for each of the subset abové.i35,
0.34, 0.31, 0.29, and0.24, respectively. The average network performance of eachesit respective subsets
is shown in Figure 1. The overall network performance insesaas the average interval width corresponding
to the negotiation transactions decreases. The solid alimees the performance of the model in predicting
whether a certain offer is preferred I8/to an o/c gamble using only implicit data points below theinal.
This is important becausB’s counter-offers only correspond to the lower limit of theerrval. The dotted
curve shows the accuracy of the model in predicting whetloerin offer is preferred bys to an o/c gamble



and whetheB prefers an o/c gamble to a certain offer. The mean accuramyténed by averaging the results
using implicit data points belovand above the interval. The results suggest that for intervalk average
width of 0.24 the network can predict aboi2% of the time whether a certain offer is preferred Byto an

o/c gamble . For intervals with average width of less thanquaéto0.31, we are able to predict with more
than60% accuracy whetheB prefers a certain offer to an o/c gamble. In addition, thalisteve accuracy

of the model when implicit data points above and below theriral are used is better than a random guess.
We ran four right-tailedz-tests and one right-tailedtest using the following hypothese#f, : 4 = 0.50 and

H, : u > 0.50. For thet-test the null hypothesis is rejectedaat= 0.005. In each of thez-tests, the null
hypothesis is rejected at= 0.001.

5 Related Work and Summary

Zeng and Sycara [17] propose to model sequential decisidingéy using a subjective probability distri-
bution over an agent’s beliefs about his environment anditais opponent, including the opponent’s payoff
function. A negotiating agent chooses the action that maesnhis expected payoff given the available infor-
mation. Zeng and Sycara use observed actions to obtain erjpostistribution over an agent’s belief set using
Bayesian rules. In their framework, a decision maker’soacts predicted using the posterior distribution. In
our framework, a decision maker’s action is predicted usingarned model that contains information about
the decision maker's preferences between a certain offéittano/c gamble associated with a counter-offer.
As suggested above, our approach aims to avoid the diffiagkbpciated with obtaining posterior distributions
from the limited information that can be inferred from ohsezt actions.

Bui et al. [1] propose to augment a negotiation architecwita an incremental learning module, imple-
mented as a Bayesian classifier. Using information aboutrgagotiations as sample data, agents learn and
predict other agents’ preferences. These predictionsceethe need for communication between agents, and
thus coordination can be achieved even without completanmdtion. Here, preferences are modeled using
a probability distribution over the set of possible agrestse An agent’'s preference is estimated using the
expected value of the distribution. Our work differs from §h several points: first, our model includes both
preferences and risk-taking behavior; second, we use almbde agent’s decision-making behavior to arrive
at a possible offer instead of using a Bayes classifier; aadlffjthe negotiation context in which we consider
is largely adversarial rather than cooperative in that tents can insist on their respective positions even if
this leads to a breakdown in negotiation, agents can notkszlabout their preferences directly, and the only
type of information exchanged between agents are offercamater-offers.

Chajewska et al. [2] propose to elicit utility functions finoobserved negotiation behavior. An elicited
utility function can be used by the decision maker to deteenwihich action gives the maximum utility. The
model we have discussed here does not elicit a utility fonctiut rather represents and learns the negotiating
agent's decision-making behavior in terms of preferenags/déen a certain offer and an o/c gamble. Some
other notable differences between our work and that of @Qskja et al. are as follows: (1) The approach
proposed by Chajewska et al. starts off from a database diglhy decomposable utility functions elicited
via standard techniques. Standard elicitation technjdikesinterviews using gamble questions, is in general
inapplicable in most negotiation scenarios. We have detrairgl how counter-offers can be viewed as gamble
guestions. (2) Observed behavior is used to eliminate gistant utilities and from the consistent ones the
expectation of the distribution of utilities is chosen. Quoproach uses observed behavior to infer and learn
implicit preferences. (3) In our framework, we exploit thégctive probabilities which is an inherent hidden
component in an agent’s move. However, probabilities frompieical frequency, whenever available, can also
be used. The only disadvantage in using objective proliakilas is suggested in [2] is that sufficiently large
sample size is needed which may not be available. We, howageze with Chajewska et al. about the use
of existing knowledge in the elicitation process. In pressavork we have shown that such knowledge can be
used to guide an elicitation process [4] and improve theiptigd performance of a constructed model [10].

In summary, we have presented a novel method for constguatimodel of an agent’s decision-making
behavior by learning from implicit preferences inferrednr observed negotiation actions. In particular, we



have presented theoretical results which allow countier®fo be transformed into gamble questions, providing
the basis for inferring implicit preferences. Trainingtarsces can be generated from intervals implicit in
counter-offers which can then be used to train artificialrabnetworks. Our model, which can be augmented
by existing knowledge, determines whether a certain offgréferred to an o/c gamble or vice-versa. In our
experiments, we have obtained statistically significastiite which indicate ovef0% accuracy for intervals
whose widths are roughl35% of the domain width. Moreover, the accuracy of the model wihgplicit data
points above and below the interval are used is better thandom guess.
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