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Abstract (NASA 1997). It is a distributed system which sup- 

We propose a strategic negotiation model that takes 
ports archival data and distribution of data at multiple 
and independent data centers (called DAACs). The 

into account the passage of time during the negotia- 
tion process itself in order to solve the problem of data 

current policy for data allocation in NASA is static: 

allocation in environments with self-motivated servers each DAAC specializes in some topics. When new data 

which have no common interest and no central con- arrives at a DAAC, the DAAC checks if the data is rel- 

troller. The model considers situations characterized evant to one of its topics, and, if so, it uses other crite- 
by complete, as well as incomplete, information. Using ria, such as storage cost, to decide whether to accept 
this negotiation mechanism, the servers have simple the data and store it in its database. If the data is not 
and stable negotiation strategies that result in efficient relevant to the DAAC, it may forward it to another 
agreements without delays. We provide heuristics for DAAC whose topics seem more relevant. 
finding the details of the strategies which depend on Previous work on file (data) allocation in distributed 
the specific settings of the environment, and demori- systems (e.g., (Dowdy & Foster 1982; Du & Maryanski 
strate the quality of the heuristics, using simulations. 
We prove that our methods yield better results than 1988)) considers systems in which a central decision 

the static allocation policy currently used for data al- maker exists, who tries to maximize the performance 

location for servers in distributed systems. of the overall system. This assumption is not valid in 
many cases today, when trying to distribute informa- 

Negotiation is proposed in Distributed Artificial In- tion among self-motivated servers. We propose the use 

telligence (DAI) as a means for agents to commu- of negotiation as a solution method for environments 
nicate and compromise to reach mutually beneficial with self-motivated servers which have no common in- 

agreements. Negotiation is especially beneficial in terest and no central controller. We applied the strate- 

multi-agent systems (MA), where the agents are self- gic model of negotiation to such environments and pro- 
motivated, and where there is no central controller vided utility functions for the agents. As it turns out, 
(Rosenschein & Zlotkin 1994). In (Kraus, Wilkenfeld, some of the assumptions made in previous negotiation 
& Zlotkin 1995), a strategic model of negotiation (Os- models, e.g., (Kraus, Wilkenfeld, & Zlotkin 1995), are 

borne & Rubinstein 1990) was developed that takes not valid in our situations. This required the adapta- 

the passage of time during the negotiation itself into tion of the negotiation model and finding new stable 

consideration. It provides simple, efficient, and stable strategies. Using these strategies, the agents reach effi- 

strategies for automated negotiators in a broad range cient agreements without delay. We provide heuristics 

of situations. In this paper, we apply and extend the for finding the details of the strategies, which depend 

strategic model of negotiation to the problem of data on the specific setting of the environment, and we also 

allocation in multi-agent environments. In our appli- demonstrate the heuristics’ quality, using simulations. 
cation, there are several information servers which are We deal with cases of complete information systems, 

self-motivated but share data, and they negotiate on as well as that of incomplete information. We proved 

the allocation of data items. that our methods yield better results than the static 

A specific example of a distributed knowledge sys- allocation policy currently used in such systems. Using 

tern is the Data and Information System component negotiation efficiency by self-motivated servers demon- 

of the Earth Observing System (EOSDIS) of NASA strates the benefits of using a negotiation mechanism 
in real world, multi-agent environments. 
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by SERV, connected with a communication network. 
Each server is located in a different geographical area 
and receives queries from clients in its area. In response 
to a client’s query, a server sends back information 
stored locally or information stored in another server, 
which it retrieves from that server. In our model, each 
server has its own interests and wants to maximize its 
own utility, which is described below. 

The information is clustered in datasets.l Each 
dataset is characterized by a set of keywords and con- 
tains documents, corresponding to a ‘granule’ in EOS- 
DIS. A negotiation session is initiated when a set of 
new datasets, denoted by DS, arrive, and each new 
dataset has to be allocated to one of the servers by mu- 
tual agreement among all of them. The new datasets 
are stored in a temporary buffer until a decision is 
made for their allocation. Negotiation is a process 
that may include several equidistant iterations. We 
assume that agents can take actions in the negotia- 
tion only at certain times in the set Time = (0, 1, a...} 
that are fixed in advance. An aldocation is an assign- 
ment of each dataset to one server, i.e., a function 
Allocation : DS ++ SERV, indicating the server where 
each dataset will be stored. We denote the set of all 
possible allocations by AEZoc. 

Utility Function 

Each server, i, receives queries from clients in its area 
and answers them by sending back documents which 
may belong to a dataset located in i, or to a dataset 
located in another server, j # i. The clients pay server 
i query-price per document which they received. If 
an answer document is located in a remote server, j, 
server i needs to retrieve it from j. The cost for i 
to retrieve a document from server j depends on the 
virtual distance between i and j, which is specified by 
the function distance. The virtual distance is measured 
in terms of delivery time, which plays an important 
role in loaded systems where the documents are very 
large (e.g., images). We denote by retrieve_cost the 
cost for server i of retrieving one document for one unit 
of distance.2 Providing documents to other servers, 
when they need it for answering their queries, is also 
costly. We denote by answer-cost the cost for server 
j of providing another server with one document over 
one unit of distance. 

An important factor that plays a role in the util- 
ity function of a server from an allocation of a specific 
dataset is the expected usage of this dataset by the 
server and other servers. Usage : SERV x DS I--+ R+ 
is a function which associates with each server and 

‘A dataset corresponds to a &step_ in information re- 
trieval, and to a fiZe in the file allocation problem. 

2This cost is relevant only in environments in which each 
client is connected to the nearest server, which answers 
all his queries. In cases where the clients are autonomous 
and send their queries directly to the server which has the 
answer, retrkeve_cost = 0. 

dataset the expected number of documents of this 
dataset which will be requested by clients in the area of 
this server. Finally, consider the storage cost. We de- 
note by storage_cost the cost of storing one data unit 
of a dataset in a server. 3 The function dataset-size 
specifies the size of each dataset in data units. 

Utility from one dataset The utility function of 
an agent from a given allocation of a set of datasets is 
the combination of its utility from the assignment of 
each dataset. Taking the above parameters into con- 
sideration, the utility for a server from the assignment 
of one dataset, (ds), to a certain location, (Zoc), is as 
follows: 
Attribute 1 

ZocaZ(ds) = usage(server, ds) * query-price- 
storaae-cost * dataset_size(ds)- 

and 
distance(d, Zoc) * answer-cost 

remote(ds, Zoc) = usage(server, ds) * query-price- 
usage(server, ds) * distance(server, Zoc)* 
retrieve-cost 

The utility of a server from an allocation consists of 
the utility from the assignment of each dataset. 

Definition I The function U,,,,,, : AZZoc x Time H 
R specifies for this server the utility from each possible 
aZZocation at each time period. It consists of the utility 
from the assignment of each dataset and the cost of 
negotiation delay. 

We will first introduce Userver, ignoring the cost of 
negotiation delay. 

Attribute 2 For each server E SERV, and S E AZZoc: 

According to the above definition, the utility from 
the assignment of one dataset is independent of the 
assignment of the other datasets. This property re- 
flects that we do not take into consideration the overall 
load of the system, which may cause delays in transfer- 
ring information and which yields more transfer costs. 
However, a severe load on one server is prevented, 
since, as we show later, the servers reach fair agree- 
ments. 

Effect of negotiation time on the utility function 
For a server participating in the negotiation process, 
the time when an agreement is reached is very impor- 
tant. There are two reasons for that. First, there is the 
cost of communication and computation time spent on 

3 For simplicity, 
restricted. 

we assume that storage space is not 
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the negotiation. Second, there is the loss of unused 

information: until an agreement is reached, new docu- 
ments cannot be used. Thus, the servers wish to reach 
an agreement as soon as possible, since they receive 
payment from answering queries. Usage of a stored 
dataset is considered to decrease over time, since the 
information becomes less up to date. In our environ- 
ment, if there is a constant discount ratio of dataset 
usage and storage cost, then there is also a constant 
discount ratio of the utility from an allocation. Thus, 
the utility function of an agreement depends on the 
details of the agreement and on its time. 

Attribute 3 For S E Adloc and t E Time, Ui(S, t) = 
S~*Ui(S,O)-t*C, where C is the constant negotiation 
cost for each time delay, and 6 < 1 is the discount rate 
factor of the allocation. 

The Negotiation Process 

One of the attributes of the environment described 
above is that each server cares about the exact location 
of each dataset, even if it is stored in another server. 
Conflicts among the servers may arise with respect to 
their preferences about dataset allocations. We pro- 
pose a negotiation process for solving these conflicts, 
whereby all the servers participate in the negotiation, 
until an agreement is reached concerning the distribu- 
tion of the datasets among the servers. 

Mechanism for Negotiation 

The negotiation protocol is the model of Alternating 
Offers (Osborne & Rubinstein 1990). As we mentioned 
above, it is a process that may include several itera- 
tions and may even continue forever. The mechanism 
only provides a framework for the negotiation process 
and specifies the termination condition, but there is no 
limit on the offers which are made by the agents. 

There are N 2 3 agents, randomly designated 
1,2,... ,N. Each agent represents one server in the ne- 
gotiation, and they all need to reach an agreement 
together on the dataset allocation. In each period 
t E Time, if the negotiation has not terminated ear- 
lier, agent j(t), where j(t)=t mod N, will offer a pos- 
sible allocation for all the datasets considered, (i.e. 
S E Allot), and each of the other agents may either 
accept the offer (choose Yes) or reject it (choose No) 
or opt out of the negotiation (choose Opt). 

If an offer is accepted by all the agents, then the ne- 
gotiation ends, and this offer is implemented. If at 
least one of the agents opts out of the negotiation, 
then the conflict_aZZoc is implemented. We consider 
the conflict allocation to be a static allocation. That 
is, each new dataset will be allocated to a server with 
old datasets with topics which are the most similar to 
the new datasets’ topics, where the similarity is mea- 
sured using any correlation method. If no agent has 
chosen ‘Opt’, but at least one of the agents has rejected 
the offer, the negotiation proceeds to period t+l, agent 

j(t+l) makes 
and so on. 

a counter-offer, the other agents respond, 

Note that the protocol specifies that when an agent 
makes an offer, all the other agents respond simultane- 
ously. Implementing a simultaneous responding proto- 
col can be done by assuring that each agent sends its 
response before it reads new messages it has received. 

An agent’s negotiation strategy, in general, is a func- 
tion of the history of the negotiation to its next move, 
which can be an offer, if it is its turn to move, or Yes, 
No, or Opt, if it needs to respond to an opponent’s 
offer. 

We assume that each agent prefers any agreement 
during any given time period over continuation of the 
negotiation process indefinitely. We also assume that 
the utility of each server from the conflict allocation, 
i.e., the static allocation, is never negative. A non- 
negative utility from a static allocation can be achieved 
when the price of the queries is high enough. We will 
show in the next lemma that, in our case, the relation 
between the utility of an offer and that of the conflict 
allocation does not change over time. This is different 
from the attributes of the model presented in (Kraus, 
Wilkenfeld, & Zlotkin 1995). 

Lemma 1 Opting out vs. other offers: If 
the model satisfies the assumptions above, then for 
each i E SERV, S E Allot, tl, t2 E Time, if 
Ui(S, tl) > Ui(conflict_adloc, tl), then Ui(S, t2) > 
U~(conflict_alloc, t2). 

Lemma 2 Opting out costs over time: If the 
model satisfies the assumptions above, then if tl < t2, 
then Ui(conflict_aldoc, t2) 5 U~(confZict_alloc, tl). 

The following defines the set of offers which is better 
for agent i than is opting out. 

efinition 2 Offers that are preferred over opt- 
iug out: For every t E Time and i E SERV, 

2 
we define OFFERS = {SlS E Alboc, Ui(S,t) 2 
Ui(conflict_alloc, t)}. We denote by OFFERS the set 
of a/Z oglers that are individual rational, which means 
the oglers that are preferred by all agents over opting 

2 
out: OFFERS = niESERV OFFERS’. 

Equilibrium of the Negotiation 

In this section, we present simple strategies for the 
agents in our environment that we could recommend 
to all agent designers to build into their agents. No 
designer will benefit by building agents that use any 
other strategy, and no agent will benefit from deviating 
from its strategy, given that all the other agents follow 
them. 

Subgame Perfect Equilibria We will use the 
strong notion of (subgame) perfect equilibrium (P.E.) 
(Rubinstein 1982). A profile of strategies is a perfect 
equilibrium if in each stage of the negotiation, assum- 
ing that all agents, but one, follow their strategies in 
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the profile, the other agent has no better 
to follow its own strategy in the profile. 

strategy than 

Definition 3 A strategy profile is a subgame perfect 
equilibrium of a model of alternating offers if the strat- 
egy profile induces in every subgame a Nash equilibrium 
(Nash 1953) of that subgame. 

Existence of Multiple Equilibria We have proven 
that for every allocation, S, which is not worse for all 
agents than is the conflict allocation, there is a profile 
of strategies in P.E. which results in accepting S in the 
first period of the negotiation (see also (Haller 1986)). 
We formally state this result in the next theorem. 

Theorem 1 If the moded satisfies the assumptions 
above, then for each ogler S E OFFERS, if S is bet- 
ter than is opting out for all agents, then there is a 
subgame-perfect equilibrium of the model of alternat- 
ing offers, which yields the outcome where S is offered 
and unanimously accepted in period 0. 

A sketch of the proof: Consider the following strat- 
egy, fi, for agent i: for t 2 0, if i = j(t), then offer 
S; if i # j(t) and you were offered S’, then if S’ = S, 
respond with Yes, and if S’ # S, opt out. 
We proved that the strategy profile fi, . . . . f-v is a P.E. 
which yields the outcome where S is offered and unan- 
imously accepted in period 0. •I 

Implement at ion As was shown, if the agents follow 
the negotiation protocol described above, any offer S, 
which is better for all the servers than is the conflict 
allocation, has a subgame perfect equilibrium, which 
leads to the acceptance of S during the first period 
of the negotiation. Since the conflict allocation is the 
same as the static allocation of datasets, negotiation 
can always guarantee, at least, the utility from the 
static allocation. 

The problem is how to choose such an offer S. It 
strongly depends on the exact setting of the negotia- 
tion session and cannot be given to the agents in ad- 
vance. We propose that the designers of the servers 
agree, in advance, on a joint technique for choos- 
ing S. They can decide upon a mechanism which 
will find an allocation which must, at the very least, 
give each agent its conflict utility, and, under these 
constraints, maximize some social-welfare criterion4 
such as the sum of the servers’ utilities, or the gen- 
eralized Nash product of the servers’ utilities,5 i.e., 

*It is possible to reach such results using other negotia- 
tion protocols (e.g., (Rosenschein & Zlotkin 1994)). How- 
ever, our protocol put fewer restrictions on the agents’ 
strategies, which is preferable in environments of au- 
tonomous agents. 

5This solution was proved by Nash to be the unique 
solution, given some basic axioms and when the set of pos- 
sible outcomes of the bargaining problem is compact and 
convex. In our situation, the set of allocation is not convex, 
but we use the generalized Nash product as a reasonable 

bargaining outcome. 

7r(Ui(X) - U~(confZict_alZoc)). 

Then, the designers will provide their agents, in ad- 
vance, with that mechanism and with the strategies of 
Theorem 1, which are in perfect equilibrium and lead 
to the acceptance of a chosen allocation in the first 
negotiation period. When a set of new datasets ar- 
rive, the agents will use the given mechanism to find 
an allocation and will negotiate using the equilibrium 
strategies. If all the designers had agreed, in advance, 
on the mechanism for finding S, it would not be bene- 
ficial for any agent to deviate from using this technique 
and from following the appropriate strategy, which is 
in perfect equilibrium, given that the other agents fol- 
low them. 

In particular, we propose that the designers agree 
upon classic search methods in order to find a global- 
optimal solution, which would be better for all the 
agents than opting out would be. However, we proved, 
by reduction from the Multiprocessor Scheduling prob- 
lem (Carey & Johnson 1979), that the problem of find- 
ing an allocation maximizing a welfare criterion with 
restrictions on the servers’ utilities is NP-complete. 
Thus, searching for an optimal solution is not prac- 
tical in a large system, and the agents should search 
for suboptimal solutions. 

As will be described below, we found that random- 
ized methods may be more beneficial for all the agents 
than deterministic ones. However, the agents must 
jointly agree on the same allocation S, and if they use 
a random mechanism, each will find a different alloca- 
tion. In order to solve this problem, we suggest divid- 
ing the negotiation protocol into two phases in situa- 
tions where randomized methods are beneficial. In the 
first phase, each server will search for an allocation, us- 
ing any (non-deterministic) algorithm and resources it 
has. All the agents will simultaneously broadcast their 
findings to the other agents at the end of the phase, 
and the one with the highest value of the social-welfare 
criterion which were agreed upon by the designers will 
be designated as the chosen S. In the second phase, 
the negotiation will be performed, using the perfect 
equilibrium strategies with respect, to S. We propose 
that in the first phase all the agents try to maximize 
the social-welfare criterion. 

If finding optimal allocation is possible, then the 
strategies which maximize the chosen social-welfare 
criterion are in equilibrium. But, in most of the cases of 
our problem, when the number of servers and datasets 
is large enough, finding the optimal allocation within 
a reasonable time frame is impossible. In such cases, if 
the servers use a non-deterministic mechanism, then it 
may be worthwhile for a server which has significantly 
more computational power than the others to deviate 
and try to find an offer which is primarily good for it- 
self, and only secondarily for society. However, if the 
servers have similar power, then its strategies which do 
not maximize the social-welfare criteria are not stable. 
If we promise a bonus which is high enough for the 
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server whose suggestion has been accepted in the first 
phase, then maximizing the social-welfare criterion be- 
comes the best strategy for all agents. 

Experimental Evaluation 

In order to test different techniques for finding an offer 
which will serve as the basis for equilibrium strategies 
and to examine the effect of different parameters of the 
environment and the servers’ utility functions on nego- 
tiation results, we developed and implemented a sim- 
ulation of our servers’ environment. For lack of space, 
we do not present the details of our simulations, but 
simply discuss briefly the results which were obtained. 

We tested three methods for finding suboptimal so- 
lutions to the problem. The first was a determinis- 
tic backtracking algorithm, the second a heuristic re- 
pair method (Minton et al. 1992) based on a random- 
restart hill-climbing mechanism, and the third a ge- 
netic algorithm (Siegelmann & Frieder 1992). We 
found that backtracking is the best technique when 
the number of datasets and servers is relatively small 

(e.g *, 10 datasets and 11 servers). As the number of 
datasets and servers increases, the performance of hill- 
climbing and genetic algorithms relative to the back- 
tracking increases. Hill-climbing was the best method 
for maximizing the sum of the utilities of the servers, 
and the genetic algorithm was the best for maximizing 
the generalized Nash product of the servers’ utilities. 

As we proved, negotiation always leads to better re- 
suits than does the static approach; however, we would 
like to identify specific cases in which negotiation is es- 
pecially beneficial. We compared the performance of 
our negotiation techniques in different settings, max- 
imizing the sum of the agents’ utilities. In the com- 
parison we used a measurement which excluded the 
gains from queries and the storage costs since their 
influence on the sum of the servers’ utilities does not 
depend on a specific allocation. In particular, we de- 
note by vco&( al&) the variable costs of an alloca- 
tion which consist of the transportation costs due to 
the flow of queries. Formally, given an allocation, its 
variable costs are defined as the following: 

VCOStS(dOC) = xdsEDS zsESERv usage(s, ds)* 
distance(s, aZdoc(ds))* 

(answer-cost + retreive_cost). 

The actual measurement which we use is denoted by 
vcost_ratio, the ratio of the variable costs when using 
negotiation and the variable costs when using the static 
allocation mechanism. The efficiency of the negotia- 
tion technique increases as the cost_ratio decreases. 

By running several simulations, we examined how 
the change in-several parameters of the environment in- 
fluences vcost_ratio. In each set of simulations, we kept 
all but one of the parameters fixed. Each set of simu- 
lat ions cant ained 50-200 runs on randomly generated 
environments, with 11 servers and 100 datasets. In all 
the cases, we ran the hill-climbing algorithm on Sparc- 
works machines, for bounded time, which was linearly 

dependent on the problem size. We took answer-cost 
to be similar to retrieve_cost, and thus, in general, 
theorized that each server prefers to store datasets in 
remote areas rather than locally. 

We examined the effect of the distribution of the 
usage of datasets by servers. First, we considered situ- 
ations where the usage of datasets by the servers has a 
uniform distribution between 0 and mean”2. We dis- 
covered that changing the mean does not significantly 
influence the variable cost ratio. We also considered a 
normal distribution of the usage with a given standard 
deviation (std) and mean. In this case, the variable 
cost ratio decreases as the std of the usage increases, 
i.e., negotiation is more beneficial when the usage of 
datasets is more dispersed. 

We studied the effect of the distance between any 
two servers on the vcost_ratio. We examine a uni- 
form distribution between a given minimal (min) and 
and maximal (max) distances, and a normal distribu- 
tion with a given std and mean of (min+max)/=l. In 
the first case, when the max distance (and thus the 
mean) of the distribution increases, negotiation be- 
comes slightly more beneficial. In the second case, as 
the std of the distance increases, the variable cost ratio 
decreases, i.e., negotiation is of greater benefit when 
there is a greater difference between the distances of 
the servers. 

We also examined the effect of changes in the cost 
factors on the variable cost ratio. Changing the query 
price did not influence the results significantly. How- 
ever, as the retrieve-cost increases, the benefit of ne- 
gotiation also increases. On the other hand, increases 
in answer-cost, as well as increases in the datasets size 
or storage costs, causes negotiation to be less benefi- 
cial. This may be the result of the fact that increases 
of these values cause the storage of datasets to be less 
beneficial, and thus it is more difficult to find a good 
allocation since there are more constraints, and thus 
the improvement rate is lower. 

The number of servers and datasets also influences 
the results. When the number of servers is kept fixed, 
as the number of the datasets increases, the negoti- 
ation becomes more beneficial. On the other hand, 
when the number of datasets is fixed, as the number 
of servers increases, the benefit from the negotiation 
decreases. We suspect that the reason for the first ob- 
servation is that dataset allocations are independent 
of one another. Thus, as the number of datasets in- 
creases, there are more possibilities for increasing the 
benefit to all servers. On the other hand, when the 
number of servers increases, there are more constraints 
in finding possible allocations, and it is much more dif- 
ficult to find a sub-optimal allocation. 

We also studied the effect of the choice of the social- 
welfare criterion on the hill-climbing algorithm’s re- 
sults. We ran 50 experiments with the hill-climbing 
algorithm on randomly generated environments with 
11 servers and 30 datasets. The social welfare criteria 
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Table 1: Comparison of different social criteria. 

which we studied were: the sum of the agents’ utili- 
ties (sum), the generalized Nash product (pred) and 
the sum of agents’ utilities without any constraints 
on the utility obtained by each agent which leads to 
the optimal solution of a centralized system (opti- 
mal). We compared these results with the servers’ 
outcome from the static allocation, which can be ob- 
tained without negotiation (and also served as our opt- 
ing out outcome). The results are presented in Ta- 
ble 1. The second column specifies the average of the 
vcost-ratio. The third column (CU) indicates the av- 
erage of the relative dispersion of the utility among the 
agents (std/mean), and the last one specifies the aver- 
age of the relative dispersion of the added benefit (CI) 
of the negotiation among the agents. The results indi- 
cate that maximizing the sum achieves a slightly lower 
vcost ratio vs. maximizing the Nash product and is 
not far from the optimal. Maximizing Nash product 
achieves a lower dispersion of the utilities and of the 
gains due to the negotiation than maximizing the sum, 
and they both do much better than the optimal w.r.t 
dispersion of the utility among the servers. 

Servers with Incomplete Information 
In the previous sections, we assumed that all the 
servers have complete information about each other. 
In particular, they all know the expectations about fu- 
ture usage of each dataset by the clients located near 
each server. In real world situations, if there is neither 
a central statistical unit nor the ability to enforce true 
reporting, this assumption is not valid. Thus, we will 
present a distributed allocation mechanism for envi- 
ronments with agents with private information about 
the usage level of the datasets: each server knows only 
the usage level of the clients associated with it and the 
usage level of the datasets stored in its database. 

There are several approaches that can be considered 
for reaching agreements on dataset allocation in an in- 
complete information environment, for example, a vot- 
ing protocol, bidding mechanisms (Sandholm 1993), 
revelation principle mechanisms (Myerson 1979)) and 
negotiation models without revelation steps. None of 
these models are applicable in our environment, for 
reasons which cannot be specified here, due to con- 
straints of space. We propose to use a negotiation pro- 
tocol with a revelation phase, as presented below. 

The revelation mechanism includes the following 
steps. In the first step, all the agents are asked to re- 
port, simultaneously, all of their statistical information 
about past usage of datasets. Given this information, 

each server calculates the expected usage function, i.e., 
for each server the expected usage of each dataset for 
the clients around it. After this step, the negotiation 
will proceed as in the complete information case. In 
order to avoid manipulative reports in the first step, 
we have to ensure that, when using such a revelation 
process, no server will have an incentive to lie. 

In presenting the revealing protocol and discussing 
its properties, we will use the notion of local dataset 
w.r.t server i to denote a dataset stored in server i. 
We will use the concept, remote datuset w.r.t. server 
i, to denote a dataset stored in another server. Fur- 
thermore, locud users of server i are the users located 
in its geographical area. We propose that the servers 
use the following protocol: 
(i) Each server i will broadcast the following: 
(a) for each dataset ds the past usage of ds by server i 
(b) for each server, j, and for each local dataset ds 
w.r.t. i, the past usage of ds by j. 
The servers send this data simultaneously. 
(ii) Each server will process the information obtained 
from the other agents, and then negotiation will take 
place, as in the case of complete information. No 
communication is allowed between the servers before 
step (i). The following defines situations in which two 
servers give different reports concerning the same fact. 

Definition 4 Conflicting reports: reports of server 

i and server j are in conflict if there is a local dataset 
ds w.r.t server i, such that i’s and j’s reports on the 
usage of datuset ds by server j are different. 

Conflicting reports by servers i and j indicate that at 
least one of the servers is lying. In such cases, a high 
penalty for both servers provides an incentive for truth- 
telling in most of the reports. The penalty imposed 
on agents i and j should be distributed evenly among 
the other servers. The following lemma shows that an 
agent will tell the truth about its own usage of remote 
datasets and about the usage of other servers of its 
local datasets. 

Lemma 3 Ifthe agents follow the pre-negotiation pro- 
tocol described above, and there is a high penalty ez- 
acted for servers with conflicting reports, then there 
is a Nash equilibrium where each server is telling the 
truth about its usage level of remote dutusets and about 
other servers’ usage of its local datasets. 

The problematic case is that of a server’s reports on 
its usage of its own local datasets, which are motivated 
by queries of its local users. The server is able to lie 
about its usage of local datasets, since there are no 
other reports on the same facts, and thus a lie will not 
be immediately revealed. One possibility is to ignore 
all reports of any server about its own usage of a lo- 
cal dataset. This yields inefficiency in the negotiation 
outcome, but it prevents manipulations by the servers. 

If the servers do use the data about self usage of local 
datasets, a server may change its reports if it expects 
a higher utility when doing so. However, if it reports 
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a lower usage of a dataset ds than the real one, then 
the other servers will believe that its retrieval costs 
of documents of datasets similar to ds are lower than 
are the real retrieval costs. When using an allocation 
mechanism which maximizes the sum or the product of 
the servers’ utilities, such a lie may lead to an alloca- 
tion in which those datasets will be stored far from the 
liar (since it reported a low usage), and thus the liar’s 
utility will be lower than its utility from the allocation 
that might have been chosen had it told the truth. 

If a server reports heavier usage of a dataset ds than 
the real one, then it may cause datasets similar to ds 
to be stored by the liar. This may cause the liar’s stor- 
age and answer costs to be higher than the retrieval 
costs if it had been stored elsewhere (based on an hon- 
est report.) Moreover, in such cases, the other servers 
may believe that its utility from opting out is lower 
than is the real one (since they believe that it has 
high retrieval costs of datasets similar to ds, which are 
allocated remotely according to the static allocation, 
which is implemented if an opting out event occurs). 
Thus, the agreed upon allocation may be worse for the 
liar than is opting out, and again, worse than the sit- 
uation reached when reporting the truth. 

Thus, without knowing exactly the reports of the 
other servers concerning their usage of their local 
datasets, lying may harm the server. Even if it has 
an estimate about the other servers’ usage, it needs 
unreasonable computation time in order to compute 
which lie is beneficial, since the problem of finding an 
optimal allocation itself is NP complete, and the prob- 
lem of finding which lie will lead to an allocation which 
is more beneficial than if it had told the truth is, in gen- 
eral, much more complicated. Thus finding a beneficial 
lie is intractable. 

Conclusion 

This paper presents a negotiation protocol for the data 
allocation problem in multi-agent environments. We 
proved that negotiation is beneficial and that agree- 
ment will be reached in the first time period. For situ- 
ations of agents with incomplete information, a revela- 
tion process was added to the protocol, after which a 
negotiation takes place, as in the complete information 
case. Due to constraints of space, we discussed only 
one variation of the multi-server environment. How- 
ever, we showed that our approach is beneficial in other 
related situations. For example, we examined situa- 
tions in which other utility functions for the servers 
are more appropriate. For example, we studied situa- 
tions where the assumptions which lead to a discount 
factor of time delay in the negotiation are not valid, 
e.g., cases where storage cost is constant and does not 
change over time. In these cases, too, we proved that 
every allocation which is preferred by all the servers 
over opting out, has a perfect equilibrium. 

We also considered situations in which it is not pos- 
sible to implement the negotiation protocol presented 

in this paper, in particular, situations where simulta- 
neous responses in the negotiation protocol cannot be 
guaranteed. In the case of sequential responses of the 
agents in the negotiation, negotiations with bounded 
length are of special interest, for example, situations 
with a deadline, or situations where there is a time pe- 
riod during which no allocation is better than is opting 
out. In these cases, we proved that an efficient solu- 
tion will be reached during the first time period, us- 
ing backward induction (Kraus, Wilkenfeld, & Zlotkin 
1995). As mentioned above, in our environment, a 
bidding mechanism is not applicable. However, when 
retrieve-cost = 0, then bidding mechanisms may be 
preferred over negotiation mechanisms. Another pos- 
sible extension is to allow allocation of data in more 
than one site, which we leave for future research. 
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