A logic-based framework to compute Pareto agreements
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Abstract. We propose a logic-based approach to automated onen the negotiation process, it is usually the case that the issues are
shot multi-issue bilateral negotiation. We use logic in two ways: (1)not completely independent; sometimes an issue implies another one
a logic theory to represent relations among issuesy-logical im- (for instanceSatelliteAlarm impliesAlarmSystem in an au-
plication — in contrast with approaches that describe issues as utemotive domain), sometimes their relation is more complex (as in
correlated with each other; (2) utilities over formulas to represenbundles of optionals). We propose to fill this lack of expressiveness
agents having preferences over different bundles of issues. In thisy relating with each other the issues involved in the process via a
case, the utility assigned to a bundle is not necessarily the sum of utilegical theory. In particular, here we present a framework for auto-
ities assigned to single elements in the bundle itself. We illustrate thenated multi-issue bilateral negotiation where logic is exploited both
theoretical framework and the one-shot negotiation protocol, whichio represent existing relations between issues and in utilities over for-
makes use of a facilitator to compute some particular Pareto-efficiennulas. The rest of the paper is structured as follows: next section
outcomes. We prove the computational adequacy of our method bgresents a brief summary of the huge literature on bilateral nego-
studying the complexity of the problem of finding Pareto-efficient tiation. Section 3 presents the reference scenario and assumptions
solutions in a propositional logic setting. we make. In Section 4 thd ulti-issueBilateralNegotiation problem
(MBN) is formally defined based on a logic framework. We define

. utility functions over a set of logic formulas representing preferences
1 Introduction on bundles of interrelated issues. In Section 5, we prove the compu-

Many recent research efforts have been focused on automated neddtional adequacy of our method by studying the complexity of the
tiation among agents in various contexts, including e-marketplace?,mb'em of finding Pareto-efficient solutions in a propositional logic
resource allocation settings, online auctions, supply chain managé&€tting. The bargaining process is detailed in Section 6 and an illus-
ment and, generally speaking, e-business processes. Basically, tAi@tive example is given in Section 7. Conclusion and future work
different approaches to automated negotiation egettralisedand  close the paper.

distributedones. In the first ones, agents elicit their preferences and
then a facilitator, or some central entity, selects the most suitable de
based on them. In the latter ones, agents negotiate through various ne- Related Work

g(_)tiation steps reaching the final deal by meangofintermediate dealﬁ\utomated bilateral negotiation among agents is a challenging re-
without any external help [3]. Although the main target of an agentgech topic, widely investigated, both in artificial intelligence (Al)

is reaching a satisfying agreement, knowing if it is Pareto-effi¢ient ;4 in microeconomics research communities. Several definitions
is a matter that cannot be left out. Furthermore it is fundamental 19, ave been proposed in the literature. Rubinstein [19] defineBahe
assessiow hardit is to find a Pareto-efficient agreement, and if such gaining Problemas the situation in which "two individuals have be-

an agreement actually exists. Recently, there has been a growing i5e them several possible contractual agreements. Both have inter-
terest toward multi-issue negotiation, also motivated by the idea thaésts in reaching agreement but their interests are not entirely iden-

richer and expressive descriptions of demand and supply can boogt,| \what will be’ the agreed contract, assuming that both parties

e-marketplaces (seeg, [21] for a reasonable set of motivations) but |, p4ve rationally?” Also Nash [13] defined: "a TWO-PERSON bar-

—to the best of our knowledge— also in recent literature, issues are St'aaining situation involves two individuals who have the opportunity

described as uncorrelated terms, without considering any underlying, - aborate for mutual benefit in more than one way.” The nego-

semantics, which could instead be exploited —among other reasongiion js distributive also called Win-Lose negotiation [18], when

to perform a pre-selection of candidate deals. Moreover, agents cal gingle item is involved and bargainers have opposite interests: if

have different preferences over different bundles of issues, and utility,e gets more the other part gets less. If several items are negotiated

assigned to each bundle is not merely the sum of utilities assigned @, taneously the negotiation is calleegrative(Win-Win negoti-

a single resource in that bundle. When multiple issues are involvedy;ny ‘each issue has a different utility (or score) for each player and

I SisInfLab - Technical University of Bari, Italy, emaifa.ragone, t.dinoia, dlff(_arently from the distributive cage, the players are not strict com-
disciascig @poliba.it petitors: they can cooperate and if one gets more, the other player

2 University of Tuscia, Italy, email: donini@unitus.it does not necessarily get less. Finally it is possible to maagy is-

3 An agreement is Pareto-efficient if there is no other agreement that wilsyesto be negotiated amonmany partiesthis is a more complex

make at least one participant better off without making at least one othef. ... ; . i . ;
participant worse off. If a negotiation outcome is not Pareto-efficient, thengemng’ because of the interplay among shifting coalitions: parties

there is another outcome that will make at least one participant happiegan join and act against other parties involved [17]. In game theory,
while keeping everyone else at least as happy [7]. the bargaining problem has been modeled eithercaperativeor




non-cooperativeggames [6]. The first approach, given a set of ax- mediation. We adopt in this paper the centralized approach, so we
ioms and a coalition, determines how to split the surplus among théypothesize the presence of an electronic facilitator, who may auto-
participants; so the aim is finding a solution given a set of possi-matically explore the negotiation space and discover Pareto-efficient
ble outcomes. Instead, in non-cooperative games there are a wellgreements to be proposed to both parties. The presence of a facili-
defined set of rules and strategies; in such a game it is possible tator and the one-shot protocol is an incentive for the two parties to
define arequilibrium strategy, which ensures the rational outcomesreveal the true preferences, because they can trust in the facilitator
of a game: no player could benefit by unilaterally deviating from herand they have a single possibility to reach the agreement with that
strategy, given the other players follow their own strategies [9]. Oncounterpart. Usually bargainers may not want to disclose their pref-
the other hand, Al-oriented research has been more focused on aerences or utility function to the other party, but they can be ready to
tomated negotiation among agents and on designing high-level praeveal these information to a trusted — automated — facilitator help-
tocols for agent interaction [10]. Agents can play different roles: acting negotiating parties to achieve efficient and equitable outcomes
on behalf of buyer or seller, but also play the role of a mediator or fa{18, p.311]. Therefore we propose a one-shot protocol with the in-
cilitator. Agents are considered individually rational: they will never tervention of afacilitator with a proactive behavior: it suggests to
accept a deal which involves a los®,., a disadvantageous deal [5]. each participant the solution which is Pareto-efficient. For what con-
Different approaches exist to automate negotiation. Many of theseernsstrategy the players can choose to accept or refuse the solution
consider self-interested agents negotiate over a set of resources pnoposed by facilitator; they refuse if they think possible to reach a
order to obtain an optimal allocation of such resources [5, 4, 3]. Enbetter agreement looking for another partner, or another shot, or for a
driss et al. [5] propose an optimal resource allocation in two dif-different set of bidding rules. Here we do not consider the influence
ferent negotiation scenarios: one, with money transfer, results in aof the outside optionsn the negotiation strategy [12]. Obviously,
allocation with maximal social welfare; the second is a money-freein e-marketplaces, both buyer and seller know that the opponent is
framework which results in a Pareto outcome. In [3] agents negotiatprobably not the only partner available for negotiating with, and that
over small bundles of resources and a mechanism of resource allthere might be more than one single e-marketplace.

cation is investigated, which maximizes the social welfare by means

of a sequence of deals involving at méstems each. Both papers . . . o

[5, 3] extend the framework proposed in [20] concerning negotia4 Logic-based Multi Issue Bilateral Negotiation

tion for (re)allocating tasks among agents. We share with [22] the

definition of agreement as a model for a set of formulas from both/V€ use propositional formulas to model the buyer's demand and the

agents. However, in [22] only multiple-rounds protocols are stud-s‘eIIerS supply. Relations among issues are represented byla-set

ied, and the approach taken leaves the burden to reach an agreem{a(ﬂfh?ory - _of_proposmonal formulas. We point C.)Ut that gach qf Fhe
to the agents themselves, although they can follow a protocol. ReoWIng definitions can be reformulated and sitill keep its validity
sults do not take preferences into account, so that it is not possible Wth',n First Order Lpglc as long as only closed. fprmulas are used.
guarantee the reached agreement is Pareto-efficient. Our approachG'Ven a setd = {_Al’ - oAn} of propogl_tlonal atoms (At
instead, aims at giving amutomatedsupport to negotiating agents to tributes), we denote it 4 the S?t of propOSIt_lonaI formulas (de-
reach, in one shot, Pareto agreements. In [16] an initial propositiona{TOted by greek Iettgrg, o5 -) built from A usmg/\, Vi, = A
logic framework was presented. Here we extend and generalize th%roposmonal_theorys a finite sgbset 0L 4, which we denote by
approach, study the computational complexity of the problem show? C £ Aninterpretationn assigns valuesue, false to elements

ing how to compute a solution of the problem through combinatorial®f - dewe etXter,‘th to E,Lt‘hacfco:(#]n%;o truth ;ablets for ccznnec-
optimization techniques, and prove the computational adequacy ves. Ve genote wit =8 € factthain assignsrue 0/ € La.
our method. A modelof 7 is an interpretationn assigningtrue to all formulas

of 7, writtenm = 7. A theory issatisfiableif it has a model.T
logically implies a formulap, denoted byZ = ¢ iff ¢ is true in all
3 Scenario and assumptions models of7. We denote withm7 = {m,...,m,}, the set of all
) ) o ) models for7, and omit the subscript when no confusion arises.
We illustrate our logic-based negotiation framework in accordance gyally, in a bilateral negotiation the issues within both the buyer’s
with [8], which defines: theSpace of possible dealhat is the set  request and the seller's offer can be split istrict requirementsnd
of potential agreements; théegotiation Protocqlthe set of rules  preferencesThe former are constraints the buyer and the seller want
that an agent follows in order to reach an agreement\igotiation 1 e necessarily satisfied to accept the final agreement — this is what
Strategythat an agent adopts given the set of rules specified in thg, calldemand/supply while the latter are issues they may accept
negotiation protocol. In our framework ti8pace of possible dedls ¢, negotiate on — this is what we calleferences
computed with the aid of a logic language. TRegotiation Protocol Anticipating our illustrative example, let us consider an au-
we adopt here is ane-shoprotocol. We refer t&ingle-shobargain-  1gmotive domain and suppose the buyer is asking faedan
ing [17], also calledultimatum gamewhere one player proposes a ith |eather seats, preferably red with car
deal and the other player may only accept or refuse it [2]. Thereforgp reader . She strictly wants asedan with leather
we focus our initial investigation on a one-shot protocol, althoughgeats  and expresses her preferences (she is willing to negotiate

several other negotiation protocols exist, liggy, alternate-offers on) on the colored and thecar CD reader in order to reach
protocol [19] ormonotonic concessioprotocol [8]. In some nego- 5 agreement with the seller.

tiations the parties cannot reach an agreement without some external

help, that is without the intervention of a third-party. The third-party Definition 1 (Demand, Supply, Agreement)Let A be a set of
can be defined asfacilitator, mediatoror arbitrator, depending on  propositional atoms, an™ C £.4.

her influence and power in the negotiation, that is depending on her

role: the more the role is evaluative, more appropriate is to defin@ a buyer'sdemands a propositional formulas (for Buyer) in£ 4
the third-party intervention as arbitration rather than facilitation or  such thatZ” U {3} is satisfiable.



e a seller'ssupplyis a propositional formulas (for Seller) in £ 4
such that7 U {c} is satisfiable.

e m is apossible deabetween3 ando iff m = T U {o, 8}, that
is, m is a model for7, o, and 3. We also calin anagreement

Intuitively, o and 8 stand for the minimal requirements that each

a deal which, although satisfying strict requirements, it is not worth
the transaction effort.

Obviously among all possible agreements that we can compute
given a theoryZ, we are interested in agreements that are Pareto-
efficient, so we define:

partner accepts for the negotiation. On the other hand, if seller anBefinition 5 (Pareto) A Pareto agreemeffidor an MBN is an agree-
buyer have settled strict attributes that are in conflict with each othemmentm, such that for no agreement’ bothug(m’) > ug(m) and

that isM 7y, 63 = 0, the negotiation ends immediately because,
sic stantibus rebyst is impossible to reach an agreement. If the par-

ticipants are willing to avoid theonflict deal[8], and continue the

negotiation, it will be necessary they revise their strict requirements.

us(m') > ue(m), with at least one strict inequality.

We can also define the search of particular agreements for an
MBN, maximizing the welfareus + u., or maximizing the prod-

In the negotiation process both the buyer and the seller set somléCtuﬁ "o
preferences on attributes, or combination of attributes, they want t¢,.¢nition 6 Given an MBN, we define the following problems:
negotiate on. The utility function is usually defined based on these
attributes. We start defining buyer’s and seller’s preferences and the MAX-suM-MBN is the problem of finding an agreement for
associated utilities. Obviously, in a negotiation process there are two whichu, (m) + ug(m) is maximal

utility functions:ug for the buyer, and.. for the seller.

Definition 2 (Preferences) Let A be a set of propositional atoms,
and7 C L.

e the buyer'snegotiation preference8 = {3:,...,0:} are a set
of propositional formulas inC 4, each of them representing the
subject of a buyer’s preference, and a utility functiepn : 5 —
RT assigning a utility to each formula, such th@i ug(B;) = 1.
analogously, the seller's negotiation preferenceS
{o1,...,0n} are a set of propositional formulas inC.4,

and a utility functionu, : § — R* such that) " us(0;) = 1.

Buyer’s/seller’s preferences are used to evaluate how good is a posé\lI
ble agreement and to select the best one. As usual, both agents’ util
ties are normalized to 1 to eliminate outliers, and make them compa-

rable. Since we assumed that utilities are additivegthbal utility is

just a sum of the utilities of preferences satisfied in the agreement. T

lower the number of symbols, we usg andu, also to denote the
functions computing the global utility of agents over an agreement.

Definition 3 (Global Utilities) Let 5 and S be respectively the
buyer's and seller’s preferences, aid be their agreements set. The
global utility of an agreementn € M for a buyer and a seller, re-
spectively, are defined as:

ug(m) = X{up(B:i) [ m = Bi},

whereX{. ..} stands for the sum of all elements in the set.

g (m) = X{us(0i) | m = oi}

e MAX-PROD-MBN is the problem of finding an agreementfor
whichus (m) - ug(m) is maximal

Clearly, every solution fomAx -suM-MBN andMAX -PROD-MBN
is also a Pareto agreement, but not vice versa.

5 Computational issues

In this section we start by proving membershigNR O [1] of MAX -
SuM-MBN andMAX -PROD-MBN. Then, we outline how to com-
pute solutions fomAX -suM-MBN andmAx -PROD-MBN through
general combinatorial optimization techniques. Finally, we prove
IPO-hardness of both problems, that is, tailored algorithms yield-
LY solutions approximated within a polynomial bound from the op-
timum are unlikely to exist.

Theorem 1 Given an instance of MBN, deciding whether it has a
olution can be checked in nondeterministic polynomial-time, even if
a lower boundk > 0 is given on either the sum or the product of
Us, UG-

Proof. Simply guess an interpretatiom, and check in polyno-
mial time that it is a model ol U {o, 8} and thatu,(m) > t,,
ug(m) > tg. If a lower boundk is given, also checking that either
ue(m) + ug(m) > k orus(m) - ug(m) > k can be done in poly-
nomial time. O

Hence bothmax-sumM-MBN and MAX-PROD-MBN belong to
NPO. We now outline how an actual solution to both problems can
be found by Integer Linear Programming (ILP).

Based on the previous definitions it is possible now to define a Regardinguax-sum-MBN, proceed as follows. First of all, let

Multi-issue Bilateral Negotiation problem. The only other elemenIS{Bl’ ...,By, S,

we still need to introduce are tldgsagreement thresholdalso called
disagreement payoffs, or reservation valugsi., that are the min-

...,Sr} bek + h new propositional atoms, and let
T = TU{Bz = ﬁz"L =1,.. .,k}U{Sj = O']"j =1,... ,h}—that
is, every preference iBUS is equivalent to a new atom if’. Then,

imum utility that each agent requires to pursue a deal. They may inby using standard transformations in clausal form [11] obtain a set of
corporate an agent’s attitude toward concluding the transaction, bwlause<”” which is satisfiable i7" U{o, 3} does. Then, use a well-

also overhead costs involved in the transaction iteglf, fixed taxes.

Definition 4 (MBN) Given a demangs and a set of buyer’s pref-
erencesB with utility functionug, a supplyc and a set of seller’s
preferencesS with utility function u,, a propositional theoryZ
and two disagreement thresholds, ¢,, a Multi-issue Bilateral
Negotiation problem (MBN) is finding a model (agreement) such
thatm = 7 U {0, 8} and bothug(m) > tg andus(m) > to.

Observe that not every agreementis a solution of an MBN, if

known encoding of clauses into linear disequatiang,([14, p.314])
so that every solution of the disequations identifies a mod@l’af
Let {b1,...,bx} the (0,1)-variables one-one wi{Bs, ...,Bx} and
similarly {s1,...,sn}. Then, maximize the linear function

k h
Z biug(Bi) + Z 5o (05)
i=1 j=1

Regardinguax -PROD-MBN, let{B;; |i=1...,kj=1,...,h

eitheru,(m) < ¢, orug(m) < tg. Such an agreement represents be a set ofc - h new propositional atoms. L&’ = 7 U {B;; =



BiNoj|li=1...,kj=1,...,h} —thatis, this time everpair

Initial phase. The facilitator computes Mzy(,py. If

of conjoined preferences is equivalent to a new atom. Then, transM .53 = 0 the facilitator requests the buyer and the seller to
form 7' into a set of clauseg"’, code clauses as disequations andrefine —respectively— thei8 and ¢ and recomputes\y . s}.

maximize

DD bius(Bi)us(oy)

i=1 j=1

Once/If buyer and seller solve any conflicts about reservation
requirements, the negotiation can start.

Negotiation-Core phase The facilitator proposes one of the two
agreements mutually beneficial for both the buyer and the seller: an

Hence, alsavax -PROD-MBN can be solved by ILP as a problem agreement which maximizes the social welfare and one which max-

whose size is at most quadratic in the size of the origiet -PROD-
MBN.
When an optimization problem idlP-complete, one can ask

imizes the product of utilities. If either one of the participants re-

jects it, then the facilitator proposes the second one. Since both of

the agreements are Pareto-efficient, the order they are proposed to the

whether there exists an algorithm approximating the optimum. Foparticipants is not relevant. From this point on, it islke-it-or-leave-

instance, it is known that the following problemmX -WEIGHTED-
SAT is not approximable [1] within any polynomial.

Definition 7 MAX -WEIGHTED-SAT is the followingNPO-complete
problem: given set of atom4, a propositional formulay € £ 4 and
a weight functionw : A — N, find a truth assignment satisfying
such that the sum of the weights of true variables is maximum.

If MAX-SUM-MBN or MAX -PROD-MBN admitted some approxi-

it offer, because the participants can either accept or reject it [7]. No-
tice that since both the proposed deals are Pareto-efficient, although
the participants can move from the proposed deals, they might end in
a less (no-Pareto) efficient agreement. Once the facilitator computes
the space of all possible dealsl 7 ¢, g3, it evaluates the utility of
each modein € Mz, g3, both for the buyer «s(m) — and for
the supplier - (m).

Among all possible models, it choosesmaximizing the product
ug(m)*us(m) andm maximizing the sum. The facilitator proposes

mation algorithm, using general ILP for solving them might be ansych solutions to the opponents. If one of the opponents, or both
overshoot. However, the theorem below proves that this is not thef them, refuse the deals proposed by the facilitator, they reach a

case, by giving an L-reduction [1] ofiAX -WEIGHTED-SAT to both
problems.

Theorem 2 MAX-SUM-MBN and MAX-PROD-MBN are NPO-
complete problems, evenfis in 3CNF and both3 and S are sets
of positive literals.

Proof. Let W = (¢, w) be an instance oflAX -WEIGHTED-SAT,
with ¢ in 3CNF. Define an instanck/; of MAX -suM-MBN as fol-
lows. LetT = ¢, B = {A1,..., A} withanyk =1,...,n — 1,
and letS = {Ax41,..., An}. Moreover, letug(A;) = w(A;) for
i=1,...,kandus(A;) = w(A;) forj = k+1,...,n. Finally,
lettg = t, = 0. Clearly, every solution fof/ is also a solution
for M, and for every modet, the value of the objective function
ug(m) 4+ u-(m) is the same as the one fdr. Hence, the above is
an L-reduction withoe = 6 = 1.

Similarly, define an instanck/ « of MAX-PROD-MBN as follows.
LetT = ¢, B= A, S = {Ao} whereA, is a new atom not in.
Moreover, letug(A;) = w(A;) fori = 1,...,n andus(A4o) = 1.
Finally, lettg = t, = 0. Also in this case, every solution for
W satisfies alsd@, and for every modem the objective function
ug(m) - us(m) of My has the same value &’s one. Hence, also
the above reduction is an L-reduction with= 5 = 1. O

The proof of the above theorem highlights the fact that a source of2 = DriverAirbag

complexity formax -sum-MBN andMAX -PROD-MBN comes from
the inherent conflicts between the preferences of a single agent.

6 The bargaining process

conflict dealand then they will likely look for other partners in the
e-marketplace.

7 Anillustrative example

In the following we illustrate our logic based approach to automate
negotiation process with the aid of a simple example, which refers to
an e-marketplace related to the automotive domain. Buyer and seller
express their demand/supply and preferences. According to the pre-
vious definitions, a simple instance of an MBN can be formalized as
follows:

[ = StationWagon

SatelliteAlarm

B = —ExternalColorRed A
InteriorColorBlack

B2 =Gasoline V Diesel

A AirConditioning A DriverAirbag A

ExternalColorBlack A

ug(B1) =06
ug(B2) =0.4
tg =0.3

o = StationWagon A Diesel

o1 = (ExternalColorBlack Vv  ExternalColorBlue ) A
(InteriorColorGrey V InteriorColorBlack )

A —PassengerAirbag
o3 =AlarmSystem A —SatelliteAlarm

ugs(o1) =0.2
us(0o2) =0.3
us(o3) =0.5
to =0.2

We now present the bargaining process, which covers the following |, yis example the thresholds are set considering some transaction

phases:
Preliminary Phase The buyer define@ and 3, as well as the
thresholdts, and the seller defines, S andt, . In this paper we are

not interested in how to compute these values; we assume they are
determined in advance by means of either direct assignment methods
(Ordering, Simple Assessing or Ratio Comparison) or pairwise com- 7 =
parison methods (like AHP and Geometric Mean) [15]. Both agents

inform the facilitator about these specifications and the th&otlyey
refer to.

costs likee.g, operating costs for the seller and cost of taxes for the

buyer.

= —ExternalColorBlack

= —ExternalColorRed
= —ExternalColorRed
= —InteriorColorGrey

ExternalColorBlue
ExternalColorBlue
ExternalColorBlack
InteriorColorBlack
Gasoline = —Diesel
SatelliteAlarm = AlarmSystem
PassengerAirbag = FrontAirbag
DriverAirbag = FrontAirbag
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Table 1. M7y, g} and the utility associated to each model. In bold style the values chosen by the facilitator maximizing the sum and the product.

Table 1 shows all the models in the set; . s1. As it is shown [3]
in Table 1, after computings(m) andu, (m) (rows 18 and 23) the

sum and the product of the two utilities are calculated. The facilitator
proposes to the participants (buyer and seller) the deal that maxi-
mizes the product and the sum of utilities (in this case the same). In5]
the final agreement we have the following propositional atoms set

true:

6
m=m =StationWagon , AirConditioning ,DriverAirbag (e
SatelliteAlarm ,Diesel ,AlarmSystem |, FrontAirbag
ExternalColorBlack , InteriorColorBlack [71
where bold style atoms highlight strict attributes, while the others
are preferences. The utilities relatedoare: 8]
(9]
ug(m) =ug (51) + ug(ﬁz):0.6+0.4:l
Ue (M) = uo(01) + us(02)=0.2+0.3=0.5
(10]
while product and sum are:
s () uq (1) =1%0.5=0.5 [11]
ug(m)+tus(m) =1+0.5=1.5 [12]
(13]

8 Conclusion and Future Work

In this paper we proposed a logic based approach to automate muII%lA]
issue bilateral negotiation (MBN), defining a protocol which leads

to a Pareto-efficient deal. The relations among issues are reprg5]
sented through a logic theofy and preferences are elicited by as-
signing utility to formulas, and then considering bundles of interre 1
lated issues. Computational issues were also investigated: we provL:(?]
that MAX -suM-MBN and MAX -PROD-MBN are NPO-complete
problems. In the near future, we plan to extend the approach u$t7]
ing Description Logics, to cope with greater expressiveness in de-
mand/supply descriptions. We are also investigating other negotizggl
tion protocols —also different from one-shot ones— still suitable for
e-commerce applications. A prototype is also being implemented tfi9]
validate the approach through large scale experiments.

(20]
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