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Abstract

We describe a prototype of trading system platform pop-
ulated by agents who autonomously decide to buy and/or
sell items according to a set of local needs which arise dy-
namically (also by possibly accessing information provided
by pervasive devices) by in the process of fulfilling a given
overall utility. The market has combinatorial nature in a
way that items to be traded are combined into packages, in
accordance with a principle that drives the nature of many
current markets. However, differently from these, items be-
long to a number of distinct sellers distributed in the plat-
form, and are chosen singularly on the basis of buyers pref-
erences and needs. Agents are thus situation-aware, with
sellers coming acquainted of the market demand, and buy-
ers price offers, through a Knowledge Network that drives
the way the market balances by gathering the needed in-
formation in an autonomous way and taking advantage of
pervasive devices. Packaging is realized by agent aggre-
gation into Virtual Sellers, in an autonomous fashion, and
we propose an opportunistic policy whereby aggregation
is governed by a Combinatorial Auction. The market is
studied through proof-of-concept simulation, where the ef-
ficiency deriving from the opportunistic aggregation based
on Combinatorial Auctions and the influence of contextual
self-awareness are studied.

1 Introduction
The increasing interest of enterprises for the Internet is

changing the way of conducting business, and determining
the growth of virtual markets. In these, the distance between
producers, distributors and consumers is seen to collapse
[12]. Enormous business possibilities are thus created, and
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it is natural for the parties involved to take full advantage of
them. Among these possibilities, particularly advantageous
is the one of selling items in packages in a trend called Com-
binatorial Trading (CT). CT is attractive for both seller and
buyer, with the first benefitting of the complementarity of
items (which acquire a higher value when in a package), and
the second maximizing expressiveness by selecting items in
a package according to its very own needs. Examples, even
though basic, can be found in today’s markets where, for
instance, holiday offers combine heterogeneous commodi-
ties (flight, accommodation, car rental, etc.) into a single
package.

As we testify the growth of virtual markets, we foresee
them to enter increasingly important business contexts, and
their role to become critical in future economies. Thus, fu-
ture virtual markets might see scenarios where companies
offering diverse transport means engage in partnerships dy-
namically in order to combine their services in an attempt
to predict – and meet – with an increasing degree of accu-
racy users (dynamic) requirements according to an accurate
evaluation of their preferences .

This paper builds in the direction of such future scenar-
ios, and presents a prototype system enabling services capa-
ble of satisfying the above needs. In the prototype, sellers
proactively build packages of items known to be demanded
in the market. Bundling is realized by self-aggregating into
Virtual Sellers (VSs) whose existence is bound to the ex-
istence of the package itself. This process is carried out
opportunistically upon detection of buyers requests through
an analysis of contextual information provided by a Knowl-
edge Network [8] (KN), which can taqke advantage of per-
vasive devices to detect the needed information and which
also allows buyers to dynamically point out the need for
specific packages. Thus, the KN drives the way the sys-
tem reacts to buyers needs in the same way as the nervous
system drives reactions in the human body.

The result of these interactions is that agents decide
when and/or what to buy and/or sell in the system in an au-
tonomous fashion on the basis of opportunistic behaviour.
This latter is also exploited in occasions where sellers re-
ceive multiple concurrent requests for items, in which case
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allocation is decided in a way to enhance economic effi-
ciency. To this end, agents in our system employ a Combi-
natorial Auction [4, 9], and efficiency of this latter method
is studied through comparison with the traditional First
Come First Served (FCFS) aggregation policy. Our pro-
totype is made pervasive through integration of pervasive
devices as constitutive elements for its real-time nature. In
fact, our scenario foresees users to interact with the plat-
form, i.e. require and obtain packages, through Bluetooth-
GPS- and/or RFID-enabled devices. This information is
gathered dynamically and forwarded to the KN through ap-
propriate receptors.

Related work on combinatorial trading is mainly in the
area of algorithmic e-commerce [4], while relevant litera-
ture in the area of Multi-Agent Systems focuses on topics
such as dynamics of coalition formation [12] or techniques
for task allocation [7]. In advancing these works, this paper
makes three significant contributions: it presents an agent-
based pervasive system to fulfill the needs of a future sce-
nario, studies the influence of self-awareness in a CT con-
text, and shows effectiveness of CAs to drive the agents’
self-aggregation process.

The paper is structured as follows: section 2 describes
the system model, also putting emhpasis on its distinctive
characteristics. Section 3 provides an example future sce-
nario where our system would naturally suit. Section 4 val-
idates our ideas by describing simulation results, while sec-
tion 5 draws some conclusions.

2 System Model
General Architecture. The system is populated with users
and services, as described in [6]. Both are agents acting to
satisfy a set of needs arising dynamically, over time, in the
local context as a consequence of actions taken to fulfill an
overall utility provided by agent owners. We consider users
to be interested in packages composed of items chosen sin-
gularly. On the other hand, services own items which can be
aggregated, upon request, into packages in order to be sold.
Users are thus buyers in the system, while services are sell-

ers. These roles are symmetric in a way that users of certain
transactions can be services in other transactions, and vice-
versa. The marketplace populated by a number of sellers
and bidders, which trade items whose type is chosen among
a finite set. Sellers own items are owned in stocks, which
are renewed instantaneously only when all items from the
previous stock are sold. The length of packages is finite –
but variable – and bound to specific needs of the buyer. In
particular, buyers might be interested also in packages of
length 1, i.e. single items. In this case, we assume them
to form a coalition, for the reasons, and according the tech-
niques, described in [12].

All agents in the platform have been developed as Auto-
nomic Communication Elements [1] (ACEs), whose frame-
work allows agents to natively handle self-* capabilities
(such as self-configuration, self-healing, etc.) easing the
application-level interaction model from the burden of hav-
ing to take these issues into account. Referring to this fig-
ure, role-specific functionalities are defined in the top-most
Application Level, where high-level agent behaviour speci-
fication allows to determine the nature of each single ACE.
Underneath, the network of ACEs provides the ground for
the autonomic application behaviour through sophisticated
functionalities (such as for instance, reliable contract-based
communication and peer discovery, but also agent mobility
and aggregation) which, in turn, rely on standard network
infrastructures.

Agents interact, in the system, according to the model
described in Figure 2. When the need for an item or package
arises at some buyer, as per own utility or explicit request
by the owner, the agent queries the KN to check availability
(interaction(1a) in Figure 2). If the package is already avail-
able, then the agent contacts the seller directly and negoti-
ates the price, according to each party’s needs and expecta-
tions, starting from the base of the proposed price. Other-
wise, the buyer notifies its interest in such a package, along
with the price offered, and waits for the bundle to be even-
tually available. The KN gathers this information and pro-
cesses these notifications so as to build aggregate views on
market-wide desirability trends for packages which can be
queried by sellers (interaction (1b) in figure). According to
these trends, sellers may decide, on the basis of desirabil-
ity, to build packages or not. When the desirability is high
enough and the seller retains worth building the package,
owners of items necessary to the package are individuated
and requested to aggregate (interaction (2) in the figure).
At destination, such requests are handled opportunistically,
where a Combinatorial Auction is employed to enhance lo-
cal economic efficiency. Aggregation requests remain valid
for a specified time, and conflicts on sellers trying to build
the same package with the same items are solved with the
seller having received less consensus, by other sellers, at a
certain time dropping the request. This process leads to for-
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System.

mation of a Virtual Seller, leaded by the seller who initially
involved others in the aggregation, if and only if all involved
sellers accept the aggregation request (i.e. the package can
be built). In this case, the VS is formed (interaction (3)) and
availability of the new package is notified at the KN which,
in turn, notifies relevant buyers. A point-to-point buyer-VS
negotiation starts and involved parties may agree a price for
the package. When many buyers compete for the package,
the negotiation indeed results in a proper auction, aimed to
find the buyer who values the package the best, in a way
similar to [5]. Packages, and thus VSs, remain available in
the market for a limited time. If not sold within this time,
they are removed from the list of available ones, the VS van-
ishes and sellers are freed from any commitment on the VS
itself and their corresponding items in the package.

Indeed, the use of ACEs makes our system a prototype of
a truly autonomic system. Its distinctive characteristic can
be found in its efficiency which, in turn, is achieved with
a combination of high degree of accuracy with which mar-
ket demands are matched by offers and exploitation of op-
portunistic behaviour. The first feature derives by the plat-
form’s pervasive features, while the second is obtained by
employing combinatorial dynamics in the self-aggregation
model. These are the main novelties of our approach, and
the remainder of this section provides a more detailed de-
scription of these two features.
Knowledge Networks. The term KN refers to an ontology-
based structured collection of knowledge atoms describing
specific situations. The KN facilitates the pervasive be-
haviour in the platform and supports the process of agents
acquiring high degrees of situation-awareness in an efficient
way, with the effect of refining the degree of accuracy with
which the market reacts to buyers needs. Figure 3 shows
the archtecture of the KN architecture used in our platform
[2]. Two layers compose the architecture of the KN used in
our system; the bottom-most contains a sensitive amount of
unprocessed data, typically gathered through communica-

tion with pervasive devices. Such data is then processed, by
agents contained in the top-most layer, in a way to highlight
relations and recurrences among raw data. Finally, infor-
mation is given the shape of knowledge by being structured
according the so called W4 tuples [3] model, that relies on
the consideration that most information can be represented
in terms of four ”coordinates” – Who, What, Where, When
– to enable very expressive and flexible context-aware usage
of data. The model also relies on the reasonable assumption
that software agents are associated with data sources. Thus,
they are in charge of creating and inserting W4 tuples in
shared data spaces, called tuple spaces, where the “Who”
refers to the user, and “What”, “Where” and “When” are
obtained by pervasive technologies (i.e. Bluetooth, GPS
or RFID) that equip devices. Once data is fully organized
into W4 tuples, aggregated views of the world emerge from
querying the KN about the tuple space of one of more terms.
Thus, querying with coordinates ”when= from 9pm to 6am”
and ”where=by bus”, the KN would provide an aggregate
view of profiles of people traveling on night time, eventu-
ally by bus.

Such information, if accurate and properly exploited, is
valuable for agents in the platform. Referring to our case,
knowledge of such data enables sellers to meet the market
demand with obvious repercussions on their local revenue,
while also allowing buyers to benefit of packages built pur-
posely for their needs. Information in the KN is not limited
to quantities, but also includes average prices for packages.
These are gathered by asking buyers and sellers to specify
a referring price when notifying the need and availability,
respectively, of a package. These figures are then consulted
by both sellers and buyers so that a ground for the expected
revenue (for sellers) or cost (for buyers) on a transaction
involving a package can be estimated.

Combinatorial Dynamics. In situations where bidders out-
number sellers and the set of items in the market is small,
it is foreseeable that sellers will receive high numbers of
concurrent requests for items. Furthermore, given that the
number of items available at a seller is limited, it is equally
reasonable to think that many of these offers will over-
lap in terms of items requested. Therefore, it becomes of
paramount importance to be able to govern such decisions
in a way to enhance items allocation. As an example, con-
sider the situation in Figure 4: a seller receives three re-
quests for aggregation, at different times, each leading to
formation of a different Virtual Seller. This type of occur-
rences is traditionally handled in a First Come First Served
(FCFS) basis, whereby requests are accepted as they come
in a best-effort way to satisfy as many requests as it is pos-
sible with the items owned. Referring to figure 4, a FCFS
basis would imply accepting the request received at time t1
which would prevent acceptance of the requests received at
times t2 and t3 that, in turn, would lead to allocation of a
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higher number of items.

Combinatorial Auctions seem to provide an ideal ground
for solving such type of problems. In the classical scenario,
bidders submit offers for a subset of items owned by a seller.
This, in turn, receives a number of offers, each on a differ-
ent subset of items, and needs to decide the combination of
offers that enhances economic efficiency. This latter prob-
lem is known in relevant literature as the Winner Determina-
tion Problem[4] (WDP), and is known to be NP-complete
[10].Thus, a solution can be found in polynomial time, or
approximated, only if the number of items is small at the
seller. The WDP poses serious limitations to the applicabil-
ity of CAs as solution for combinatorial problems in scal-
able systems (such as Multi-Agent Systems), and for this
reason many approaches found in literature make assump-
tions in the direction of reducing complexity [11].

In our case, we propose a variation whereby items are
spread among a set of sellers which are distributed in the
platform. This allows our assumption on these having a
small amount of items not to loose generality, so that each
seller is faced the WDP over a small number of items. As a
result, the complexity of the WDP can be reduced, and sell-
ers can decide a nearly optimal allocation. In detail, sellers
in our system set a timeout within which they expect to re-
ceive requests for aggregation. Upon expiration, requests
received are handled and the number of items allocated in
each of the possible subsets of offers is calculated. Then,
the optimal possible combination of offers is determined as
the one that maximizes such number. With respect to the
example in Figure 4, application of a CA would result in al-
location of items to the requests received at t2 and t3, which
would altogether allow an efficient allocation of items while
uncompromising final revenue.

3 Example: A Future Transport Scenario
It is becoming increasingly common, for transport com-

panies, to keep information about clients and their mobility
patterns. This is done (through fidelity cards, online surveys
or smart tickets) to the extent of characterizing a variety of
attributes such as clients satisfaction levels, mobility trends,
preferences and service pros and cons.

An example of such trend is the London Transport Sys-
tem, whose authority in 2003 decided to equip tickets with
Radio-Frequency Identification (RFID) tags so as to cap-
ture sensible information on the transport system (e.g. most
crowded stations, clients mobility and hourly flow patterns,
etc.) and focus improvement interventions on relevant areas
according to information gathered.

A hypothetical next evolutionary step might build in the
direction of broadening the scale of such information and
introduce a personal “travel profiler” (in the form of badge
or device) that replaces travel tickets altogether while col-
lecting information on personal mobility patterns in a pro-
file. Such type of tool would constitute the terminal for our
pervasive combinatorial trading system, which would allow
users needs to be accounted as travel prerequisites and be
autonomically translated into effective pervasive travel pos-
sibilities – built around patterns extracted from the profiler
– to be bought instantaneously.

Suppose a number of travel agents and (travel) service
providers populate a pervasive combinatorial transport mar-
ket as sellers. Whenever needed, a user notifies, through
the profiler or any device, the need for a specific travel ar-
rangement and complements this information with the own
profiler ID. This information is routed to the Knowledge
Network, where stigmergic interactions among constitutive
elements (as in figure 3) generate knowledge – on the basis
of information in the profiler – such as, for instance, pre-
ferred leave and arrival time and venues, favorite and worse
travel mean and average ideal price etc. This information



flows into aggregate views of single and/or group profiles,
which are made available to sellers that proactively start
building packages accordingly. This determines availability
of a number of VSs offering packages needed. Each offer,
through VSs, is notified to the device as a possible travel op-
tion, and the original user request is finally answered with a
set of these.

Once eventually chosen the ideal option, the user can buy
it directly through the device with the result of his/her travel
profiles being enabled on the corresponding travel means
and venues. Finally, as the travel starts, the profiler is used
as an electronic ticket and the user’s profile is updated so
so as to be more accurately processed next time another ar-
rangement is needed. It is worth noting that, although ap-
parently similar, the type of offer described here differ from
the ones that can be found in today’s markets in a way that
the choice of constituting elements is based on user’s pref-
erence validated by a profile of dynamic generation. This
might also be reflected on the price associated to each op-
tion, whereas combinations expected to be less attractive
might be associated with smaller costs, and would give the
user incentives to select them, while still offering service
providers possibilities to widen customership to users who
would not otherwise consider such options.

4 Simulation Results
System performances have been evaluated, through

proof-of-concept simulations, to the extent of testing our
ideas and studying the overall efficiency of the market pro-
posed. We put emphasis on two aspects: (i) influence of
opportunistic behaviour as brought by the use of Combina-
torial Auctions in the self-aggregation process; (ii) financial
spin-off in the market as influenced by the accuracy of the
information in the Knowledge Network.
Opportunistic Behaviour: opportunistic behaviour was
evaluated by simulating a seller, owning a randomly gen-
erated number of items, receiving a number of requests for
aggregation. A comparison on the number of items allo-
cated with both the FCFS and CA aggregation policies is
performed, and results are shown. The simulation model
implies the use of a virtual slot of time of fixed length re-
quests fall into. Thus, the FCFS policy implies the seller
to accept requests instantaneously in the order they come
(given the random nature of requests, this equals to allocat-
ing items on a random basis), while the CA policy involves
the seller to wait for the end of the slot before deciding the
best possible combination of offers as the subset of requests
that maximizes the number of items allocated. Item types
are uniformly selected within a set of 5, while the number
of items owned by the seller is randomly generated in the
range [100, 200]; bundles have randomly generated length,
while the number of requested items in each request is ran-
domly generated in the range [0, 200]. In the graphs soon

to be described, sampling points contain an average value
calculated with 100,000 executions.

Figure 5 shows the rate at which items are allocated, in-
dicated as item allocation rate in the vertical axis, as a func-
tion of the rate at which requests are made, indicated in the
horizontal axis as allocation request rate. The two lines in
the graph denote results of the use of the classical FCFS pol-
icy and the one based on CAs. When the number of requests
is small, policies are shown to behave similarly. However,
as the number of requests increases, the opportunistic opti-
mization introduced by the CAs allows for a higher number
of items to be allocated, as compared to the FCFS policy.
This trend seems to become further established as the ag-
gregation rate increases. The graph in Figure 6 shows the
ratio of successful aggregations, indicated as request suc-
cess ration in the vertical axis, as a function of the request
rate, indicated as allocation request rate in the horizontal
axis. Again, both policies are found to perform similarly for
small request rates, and thus they are capable of accepting
all requests for aggregation. However, the trend highlighted
previously seems to be confirmed as when more requests
are received, the policy based on CAs outperforms the pol-
icy based on FCFS by allowing a higher rate of requests to
be accepted.
Pervasive Features: the second set of simulations aimed to
study the influence of pervasive features on the platform’s
economic efficiency in the following way: a market demand
is randomly generated through a set of pairs (package, dl),
where package is the actual package generated, of random
length, and dl is its desirability level, i.e. the number of buy-
ers in need of the corresponding package. Introduction of
such information in the KN takes place by associating two
values (α, γ) representing the probabilities to store accurate
information for package and dl respectively. When relevant
information results to be inaccurate, as per such probabili-
ties, it is substituted with a newly generated data before be-
ing included in the KN. Sellers are then assumed to build
packages as per information in the KN, and finally the ra-
tio (sold/produced) is calculated and observed assuming
packages being equally priced. Figure 7 shows results of
this simulation. The ratio above is expressed as a function
of α, and lines in the graph show results for different values
of γ. The graph clearly shows that as α and γ tend to 1,
i.e. information is more accurate, the ratio increases. More
packages are thus sold, the market offer better meets to de-
mand and the economic efficiency of the market improves.

5 Conclusions
We have presented a prototype system for pervasive

combinatorial trading populated by agents who act au-
tonomously as bidders and/or sellers to the extent of satis-
fying the needs of their own local utility. We have described
the interaction model, along with its distinctive characteris-
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tics of opportunistic behaviour and self-awareness features.
The former is exploited through a self-aggregation model
based on Combinatorial Auctions, while the latter allows
the market demand to be balanced with an appropriate offer.
In particular, this is made possible by the use of a Knowl-
edge Network, that gathers information and processes into
aggregate flows to usable in the market.

We have estimated efficiency of this market by study-
ing results of simulations on the advantages of opportunis-
tic self-aggregation, through comparison with the classical
First Come First Served aggregation policy, and economic
spin-off deriving from the accuracy of the KN. Both simu-
lations show positive results, and our future work builds in
the direction of finalizing the prototype and take real-world
measurements.
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