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Abstract.
medium when space is a scarce resource, and it is desirable to
pose many adverts to as wide an audience as possible. Althibag
efficiency of such advertising systems can be improved itlthplay

is aware of the identity and interests of the audience, thisvkedge
is difficult to acquire when users are not actively interagtivith the
display. To this end, we preseBtuScreenan intelligent public dis-
play, which selects and displays adverts in response ts de¢ected
in the audience. Here, users are identified and their adi@sting
history tracked, by detecting any Bluetooth-enabled de/tbey are
carrying (e.g. phones, PDAs, etc.). WittBfuScreerwe have imple-
mented an agent system that utilises an auction-based tplaiteto
efficiently select adverts for the display, and deployed tithin an
installation in our Department. We demonstrate, by mears &m-
pirical evaluation, that the performance of this auctiasdd mech-
anism when used with our proposed bidding strategy, effilyiese-
lects the best adverts in response to the audience preS#atench-
marked our advertising method with two other commonly aggpli
selection methods for displaying adverts on public displapecifi-
cally theRound-Robirand theRandonapproaches. The results show
that our auction-based approach, that utilised the novebti8lue-
tooth detection, outperforms these two methods by up to 64%.

1

Public electronic displaysare increasingly being used to provide in-
formation to users, to entertain (e.g. showing news bulgtior to
advertise products within public environments such asoatsp city
centres, and retail stores. Within these displays, acdegitypically
utilise a variety of delivery methods to maximise the numsedif-
ferent adverts displayed, and thus increase their overpisire to
target audiences [8]. However, these methods are typinallye and
do not take into account the current audience.

On the other hand, a number ioteractivepublic displays have
been proposed that support communication with a user thractive

Introduction

Public electronic displays can be used as an advertising In contrast, we have developed an intelligent public digpleat

utilises a novel approach to detect nearby users, in ordengmove
the selection of adverts for display. The goal of the sebecis to
maximise the exposure of as many adverts as possible to asanid
audience as possible (i.e. to maximise the number of distitheerts
seen by the population of users). In doing so, the main adgantf
our system design is that it achieves this goal without: i) prior
knowledge on the audience, (ii) the need for any specifioadty
the user, or (iii) the need for any client-based softwarerédwoer, un-
like interactive public displays, our detection techngldgcilitates
an awareness of several devices simultaneously.

As no direct feedback is received from the audience and the on
knowledge available is based on the past observations ofpuss-
ence, one of the key challenges of our system is to predicttwhi
advert is likely to gain the highest exposure during the aexertis-
ing cycle. To approximate this prediction, our system zaii history
information of past users’ exposure to certain sets of dg\so that
we don't repeat material they have already seen), along tivélin-
formation about what users are currently viewing on theldisgn
particular, we developed a multi-agent auction-based ar@shm to
efficiently select an advert for each advertising time gtothis sys-
tem, each agent represents a stakeholder that wishes tiselvaend
itis provided with a bidding strategy that utilises a heticit predict
future advert exposure, based on the expected audienceosiiop.

In order to evaluate our design, we deployed a prototype @f th
system in our department (where it advertises informatlmuare-
search projects, press releases and announcements), \ahopeel
a simulator which models user behaviour. Here we report ecapi
results that show that the auction is more efficient in selgadverts
to maximise exposure of this advertising material to a seisefs in
the shortest time possible. Specifically, the auction megyion aver-
age, 36% fewer advertising cycles to display all the adweresach
user, when compared to tlound-Robimapproach (or 64% fewer
adverts when compared to tRendonselection approach).

In more detail, this paper advances the state of the art by:

use of handheld devices such as PDAs or phones, or to a clesed s

of known users with pre-defined interests and requiremeht3][
Such systems assume prior knowledge about the target aedemd
require either that a single user has exclusive access thgplay, or
that users carry specificackingdevices [4, 10] so that their presence
can be identified. These approaches fail to work in publicepa
where no prior knowledge exists regarding users who may thew
display, and where such displays need to react to the presenc
several users simultaneously.
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2 An electronic display can change the advert presented iower t
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1. Deploying theBluScreenprototype which synergistically com-

bines a public screen with the novel detection of nearby heldd
devices using Bluetooth wireless technology.

2. Developing a multi-agent auction-based marketplaceeffec-

tively marketing adverts on thgluScreerprototype.

3. Devising a novel heuristic-based bidding strategy thatte used

by the agents in the auction mechanism.

. Benchmarking our method against two commonly used selec-
tion strategiesRound-RobirandRandomto demonstrate that our
method can efficiently display the best set of adverts given t
current audience.



The remainder of this paper is organised as follows: Se@ion different pervasive projects. However, most require thelaenent

discusses related work and motivates the use of agents atidrau

based marketplaces withBluScreenThe deployed system and use

of Bluetooth-devices is discussed in Section 3 and the lyidgrar-
chitecture and auction mechanism are described in Sectiand 5.
In Section 6, we describe the device simulation and our éxyertal
testbed, and present empirical results. Section 7 conglude

2 Related Work

Targeted advertising has become prevalent through pdradmar-
tising systems, such as recommendation systems or weh-bage
ner adverts [1]. These select content based upon prior leugel of
the individual viewing the material, and such systems woell @wn
personal devices (where the owner’s preferences and sttecan
be gathered and cached locally) or within interactive eminents
which utilise some form of credential to identify the usery(ee-

of specialised hardware, such Astive Badges[4, 10]. The Blue-
tooth wireless protocol, characterised by its relativeurigt market
penetratiof, and emphasis on short-range communication (e.g. 2-3
meters), has emerged as an alternative, generic mechamisdenh-
tifying or interacting with users through small, handhe@ides.
BluScreenrutilises Bluetooth-enabled devices as proxies for iden-
tifying users. Bluetooth sensors attached to an inteltigereen can
be used to identify these deviéds the local environment, and can
record the encounters as a collocation event in terms ofitotand
duration. The duration of this collocation event is assuneectlate
to a possible level of interest in the displayed materiaj; a.user
who is interested in the current advertising material virlger at the
display during the advert.
A BluScreerprototype has been developed and deployed to eval-
uate the feasibility of the auction-based approach. A 28 iftat-
screen display and Bluetooth sensor were deployed outsidéiae

commerce sites such as Amazon.com). Such approaches wirk w&djacent to the corner of two corridors and an exit (thus mésing

when advertising to an individual user, where a rich usefilprexists

visibility to individuals moving within both corridors).ffe environ-

a priori; in contrastBluScreerselects adverts based on the presencement was scanned for Bluetooth devices every 20 seCpand these

of several users, where no profile data is available.
CASy [2] extends this targeted advertising metaphor bygisin
Vickrey auction mechanism to sell advertising space withinod-

scans were logged over six months to determine whether @lnet
tooth devices could be used as a proxy for human presencévelwe
adverts were generated, describing a range of topics imguek-

elled electronic shopping mall. The auction was used to rank a se$earch projects, upcoming events, and general information

of possible advertisements provided by different retatlets, and
select the top ranking advertisements for presentatiorubliqdis-

plays. Feedback is provided through subsequent salesriafam,
allowing the model to build up a profile of a user’s preferencs-

though a number of different consumer models were evalubtat

with static and adaptive bidding strategies, the systermbadeen
deployed, and is not suitable for advertising to many ireiails si-
multaneously, as it requires explicit interaction with aghé user to
initially acquire the user’s interest and preferences.

Device Type | Unique Samples| Devices
Occasional <10 135
Frequent 10-1000 70
Persistent > 1000 6

Table 1. Number of Bluetooth devices observed at different freqiesnc
over a six month sample period.

Table 1 summarises the number of devices detected, splitirge
clusters:occasional whereby devices are observed for only a short

The Hermes Photo Display [3] is an example of a community-y e (such as visitors, etc.jrequentrepresenting devices that reg-

based display that interacts with users via Bluetooth-eagihones.
Although not used for advertising, users can share phottisesich
other by either uploading them from a phone to the displagioam-

loading shared photos to their phone. No specific clientsoft is
required on the phone, as the system utilises the fact thay mad-

ern mobile phones can share multimedia via Bluetooth. Aigo
this display can be used to share photos; unBkeScreenthe pre-
sented content is static, and requires direct user inferagte. via a
touch-screen) to browse the photos.

Groupcast [7] was a project that responded to the local aodie
within a corporate environment to display bespoke mediaadt the
advantage of knowing a priori the profiles of several membétke
audience, and thus could exploit this pre-defined knowletyer
identification was based on an infrared badge system anddefatie
sensors within an office environment. When several usersepdsy
the display, Groupcast compared the user’s profiles toiigeram-

mon areas of interest. WhereBhiScreerselects the best content to

maximise exposure to the current audience, Groupcast woutd
present content that matched this common interest. Howaeeuir-
ing such content a priori, and determining high fidelity usesfiles

were found to be major stumbling blocks, and the mutual adnte

selection was finally abandoned.

3 The BluScreen Prototype

The notion that user presence in front of the intelligenpidig can be
identified remotely, has been explored using several metiadtthin

ularly pass by the display; amkrsistentwhich represents devices
that are regularly found in proximity to the sensor (suchagdps,
etc.) that do not represent individuals passing the sc@gthe 212
unique Bluetooth devices detected, approximately 70 wetected
with some degree of regularity, suggesting that Bluetoetection
could be used as a proxy for individuals passing in front afraen.

4 The Agent Architecture

Several types of agents have been designed withiBkh8creerar-
chitecture that we developed (illustrated in Figure 1):

Bluetooth Device-Detection AgentThis agent monitors the envi-
ronment by periodically sampling it to determine if there any
Bluetooth devices detectable. Current samples are thepareuh
to previous samples to determine if new devices are present o
existing devices have left the environment, and to updaeeih
posure rate of existing devices.

Advertising Agent Each Advertising Agent represents a singkd
vertisemenand is responsible for effectively purchasing advertis-
ing space by generating bids based on their predicted vatuat
the upcoming advertising cycle. This predicted valuaticayrbe

3 In October, 2005, ElectronicsWeekly.com reported thaBfuetooth is ex-
pected to ship around 270 million units during 2005...

4 Only Bluetooth devices in discovery mode are detectable.

5 The choice of a 20 second scanning cycle was determined tiyagiva
different scanning cycle lengths with varying numbers afrbg devices.



based on the expected exposure to an arbitrary audiendesing
seen by as many users as possible) or could be more selectve (
by identifying whether or not users have a preference forthe

of material contained in the agent’s advertisement). Hanesur
deployed prototype described here currently implemerg<ah
mer method. Thus, each advertising agent maintains a yisfor
successful advertising cycles (i.e. for which cycles amag®n
an auction, and thus displayed its advert onrBheScreerdisplay),
and also the time (and duration) of each Bluetooth-deviaevias
detected by that display during each advertising cycle.

dominant strategy in this case, the effective local densiof each
individual agent contribute towards effective overalltsys.

In this section we start by describing the BluScreen modélthe
mechanism we developed, including the strategies of thertiding
agents given their valuation for the next advertising cgcheiction.
However, as our system is a knowledge-poor environmentevher
direct feedback is collected from the users (instead onlynédd
history and the current status of the detected devices itabig),
in the final part of this section we provide the agent with aristic
method to generate this value.

Marketplace Agent The marketplace agent facilitates the sale of

advertising time slots. A repetitive second-price sediedlauc-
tion [9] is used as a selection mechanism (this choice it
below) to determine which advertising agent (if any) wikliay
its advert on the next time slot, and its corresponding payme

1) Device
presence
detected

Bluetooth Device
Detection Agent

1 3)Winning Agent
2) Bids based on * Y displays advert

on the screen
predicted future (L

device presence
Figure 1. The BluScreen Agent Architecture for a single intelligeispthy

5 Auction Mechanism

BluScreeris designed to support a scaleable and a dynamic adverti
ing framework, while maximising the exposure of as many adve
as possible to as wide an audience as possible, within a kdget
poor environment. The main principle of our design is tordiste
the control of the content displayed, in a way that no singtéyecan
dictate who will advertise next. In contrast, the systema aghole,
will decide who will be the most profitable agent (i.e., exigelcto
gain the highest exposure by displaying its advert in the adwxer-
tising cycle) and therefore will be awarded the facility avertis-
ing in that cycle. Note that although the advertising aganésself
interested (i.e. aim to maximise their own exposure to agelan
audience as possible using their fixed budget), this doesanita-
dict our desired overall design goal, since in our contegtassume
that each agent will bid a value that reflects its expectedsx@
from displaying on the next cycle. Specifically, we have iempénted
a repetitive, second-price sealed-bid auction that taleebefore
each of the advertising cycfesThe winner of each auction is the
advertising agent who placed the highest bid, and it is athfgr
the second highest bid. As truth-revealing has been shovire t@

6 We chose this mechanism for several reasons. As one of tiekrequire-
ments of this system is to operate in a timely manner, onrshofuctions
were considered. Novirst-price andsecond-pricesealed-bid auctions are
the most popular forms of such auctions. Here we chose tlmndeqarice
for its superiority in terms of its economically desired pedties. In partic-
ular, it has a dominant strategy of truth revealing. Suctoperty is highly
desired as it frees the agents from requiring expensive astt/cstrategies
in terms of time and computation. In our context, this is erenre signifi-
cant as the system should react in a timely manner. Morethesecond-
price sealed-bid auction is efficient in the sense that tlwticned item,
in our case the right to advertise on the next advertisindecys awarded
to the bidder that values it the most. Our choice can also ppated by
the fact that the continuously repeated second-price ddsdeauction is
also being used for web advertising using search enginesdikogle and
Overture [5].

5.1 The Auction Model

In our model we assume that there is a sinBlaScreeninstance
available for advertising which is managed by the marketpla
agent. The advertising time is divided into discrete intervalsiatth
we term theadvertising cycleC®. During each such cycle, only one
agent can display its corresponding advert, and durindithis only
this agent has the ability to collect information about desiwhich
were detected by thBluScreenHowever, at the end of each adver-
tising cycle, the marketplace agent informs all the adserj agents
about any devices detected in front of the screen at that time

Each advertising agent,;, is assumed to be self interested, and
to be managed by a different stake-holder which credits fb i
fixed budget for advertising. For each advertising cyclehesdver-
tising agent generates its private value (discussed ifil detaw) and
places a corresponding bid in terms of some currency. Onegent
has fully spent its budget, it is deleted from the system.l@nother
hand, at any point in time, new agents may be added to thensyste
gThe goal of each advertising agent is to utilise its budget imay
that maximises its exposure.

The marketplace agent acts as the auctioneer and runs aonauct
before each of the advertising cycles. As part of the auedoduties,
it sets a reservation price that represents the minimumpéaicke
bid®. In the case that none of the agents place bids that meetites p
a default advert is displayed. The marketplace agent issalsomed
to be trusted by the advertising agents. This feature isssacg for
the proper behaviour of the system, as in a second-priceds&id
auction no one observes the whole set of bids except theoaeeti.

5.2 Bidding Strategy for the Advertising Agents

In our model, agents participate inr@petitive second-price sealed
bid auction whilst facing budget constraints. For non-tipe vari-
ants of this auction, it has been shown that the biddingegyat
B(a;) = min {budget(a;), v} @
is adominant strategy [6], wherebudget(a;) is the current balance
of agenta; andw is its private valuation. Now, it is easy to see
that this holds for the repetitive case as well, as in eacindaf
the second-price sealed-bid auction, a new advertising ¢ggy@uc-
tioned. However, there exists a dependence with previousd®in
terms of the devices that were exposed in the past, and thase t
are currently in front of the screen. However, this dependés con-
cealed in the valuation of the bidder for the next advertisigcle.

7 This assumption is made to simplify our task of validating torrectness
and the efficiency of the proposed mechanism and strategg/assumption
will be relaxed in future work.

8 The reservation price is used to avoid selling the advagispace for free,
and to ensure that when competition is low, there is a minirmgome.



But, once the agent has generated its valuation for the idextrts-
ing cycle, its dominant strategy is truth telling.

Although the agents utilise truth telling as a dominanttstyg,
they still face a very challenging problem of being able tneste
their expected exposure, as they are provided only with informa-
tion about past and current audience composition (in terhdeo
tectable Bluetooth devices), and from that alone they needttmate
their future exposure. In the next subsection we describeuastic
method we developed for the bidder valuation estimatiok tas

5.3 Heuristics for Estimating Private Values

Here we provide an advertising ageat, with a heuristic strategy
for generating its valuation (expected utility) for the hagvertising
cycle, C*!. Recall that the main target of an agentis to max-
imise its exposure to as large an audience as possible, g&/én
nancial constraints. The core principle of this heurissida utilise
the information an agent has about past devices’ exposupgetlict
the future expected exposure. Specifically, each time aartising

[ ]
agenta; has to make a decision about its valuation for the next cycle

C*1, it has two types of information on which to base its decision

(i) history observationH (a;), of exposed devices which were col-
lected during the advertising cycles it wa¥,onCycles(a;), in
the pastH (a;) = {(Ct, d, x)} whereC* € WonCycles(ay),

d is the device id, and is the exposure duration; and

(ii) the current set of detected devices which were in franthe

screen at the end @f?, termedend(C").

Using this information, an advertising agedjf, assumes that the de-
vices that will be in front of the screen @+ areend(C?). There-
fore, we propose that; will search through its history to check if
these devices were exposed to its advert in the past, and, fbis

how long. If a device was exposed to the same advert during sev-

eral different advertising cycles, then we propose to asrsonly

the one in which it was exposed to the most. Formaljig valuation

for ¢ is:
v(ay, Ci-H) =

Z 1—mazx {x| {Ct,d,x} € H(aj)}lo
d€end(C?)
(2
Now, we believe this is the best heuristic an agent can usengi

its limited information it faces currently. We intend to orporate
more sophisticated mechanisms for generating statisttb&wviuture

versions oBluScreenthat can provide the agents with more relevant

information, such as the rate of detected devices as a @&mofithe
time in the day. Given that information, agents will be aldepply
learning methods to improve their predictions.

6 Empirical Evaluation

To evaluate the bidding strategy described in the previci@h
within a controlled environment, a simulation was devetbghis is
based on the same architecture as the depl&peScreennstance,

9 If a device only observes part of an advert,still has an incentive to expose
its advert to this device, as we make the assumption thatthhertamay be
dynamic (e.g. contain video). Therefore a device is onlyoeep to all the
information contained in the advert if it observes the atf@rthe whole
advertising cycle. However, having observed a partial gdvil diminish
the devices’ contribution towards bids in future cycles.

10 1n the case where a device is not exposed to any of the predispkays,
we assume the default value ofs zero.

but it additionally supports the modelling of users in thdiance, in
terms of Bluetooth devices pres&nt

The BluScreensimulation modelled devices’ behaviour (i.e. as a
proxy for a user) in terms of their likelihood of arriving and sub-
sequently remaining at, BluScreerdisplay given the currently dis-
played advertisement. Thievice modelvas defined with the follow-
ing assumptions:

e Device presence is measured in discrete sample-inteteadm-
ulate observations made by the Bluetooth sensor;

e The duration of an advert is assumed to be equal to a whole num-
ber of sample-intervals;

e An advert is considered dslly seenonly when a device has been
present for the whole duration of the advert;

e Devices can arrive at any point during an advertising cycle,
whereby the probability that a device will arrives ,rive;

e The probability a device may leave without observing thessub

quent advert iyepqr¢. A device will automatically leave if it has

fully seenthe subsequent advert;

Both Pjcpart and Porrive @assume a uniform distribution.

Two alternate selection methods were compared with theaauct
Round-Robin selection andkandom selection. The former is a fa-
miliar mechanism used to repeatedly cycle through a numbad-o
verts (in order). Given our device model, this approachasgnts the
optimal selection mechanism whéfycpar: = 0 and Parrive = 1.
The latter mechanism randomly selects a new advert to gisgla
the beginning of each new advertising cycle, independeitiyhat
has been previously selected. This method was selectedesebrie
against which the other worst-case methods can be compared.

To simplify this analysis, each experiment consisted ofigverts
of equal duration (i.e. six samples which is equivalent torai2ute
advert), represented by ten advertising agents. In eackriexgnt,
adverts are selected and presented until every devicéulpseen
all ten adverts. To ensure statistical stability, the rssof each ex-
periment are averaged over 10,000 test runs, and the mealtsres
are reported. Where necessary, a Student’s t-test is usaghfiom
statistical significance at the 95% confidence level.

6.1 Experimental Results

In our first experiment, we examine the behaviour of eachcsele
tion mechanism as the number of devices present increaggs (F
ure 2). The number of deviced],;, was varied between 1 and 100,
and the device behaviour was defined usig,., = 0.05 and
P.rrive = 0.5. The graph supports the hypothesis that advert se-
lection using theBluScreen auctioris statistically more significant
than eitherRound-Robinor Random(assuming the modelling pa-
rameters defined above). Specificallydsincreases, there is a cor-
responding exponential rise in the number of required adva@he
mean number of adverts required by BleScreen auctioiis lower
than theRound-Robirselection mechanism or tfigandonselection
mechanism for all numbers of devices tested; e.gNgr= 50, the
auction method required a mean4sf.24 4+ 0.06 advertising cycles
to display all 10 adverts to all the devices, compareddond-Robin
(64.16 £ 0.18) or Random(108.50 £ 0.28). This suggests that al-
though each selection method can scale, a single devicdevibix-
posed to all the adverts in typically 36% fewer advertisipges than

11 Although the deployed prototype could be used to test théaumech-
anism based on observed real-world events, factors sudhmedsdation
of the screen, variances in the advertised material, anduheber of de-
tectable devices can affect the resulting performance.
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Figure 2. The effect of varying the number of observed devices;

Pdepart = 0.05, Parrive = 0.5.

* Random Selection -
Round-Robin Selection -~
Auction-Based Selection ——

500

400

300

200

Number of Adverts Necessary
For Full Exposure
*

100

0

[ 20 40 60 80
Probability of Arrival (%)

100

Figure 3. The effect of varying the probability of a device arrivingrihg
an advertising cyclePyepqr¢ = 0.05, Ng = 50.

til Piepar: = 0.5. Beyond this value, the rise becomes logarithmic.
This rise is more significant for the auction approach, ang beedue

to poor estimates in future device presence, leading tmeaus pri-
vate value predictions. In contrast, the rise in the numbedwerts
required forRandomis almost linear; this result is not surprising as
the selection of each advert is independent of the audienopasi-
tion, and hence is unaffected by the departure of a device.

7 Conclusions

In this paper, we addressed the problem of unobtrusivelyigirgy
audience composition data to an intelligent public displayselect
the optimal advert that maximises exposure of a set of aslvEstthis
end, we proposed the novel use of Bluetooth wireless teoggadb
detect nearby handheld devices, and designed an auctseatbaar-
ketplace and bidding heuristic which predicted the levedxfected
exposure of an advert given the detected audience and kdgevle
of previous exposure the audience members had to diffedwetizs.
A prototype public display that utilises this marketplacaswmple-
mented and deployed in our Department. The logs generatddy
system indicated that a large number of Bluetooth-enabéstceds
could be detected, and that a significant subset was detetdeg-
ular basis. Moreover, we implemented a simulation enviremio
facilitate controlled evaluation of the auction mechaniginen com-

the Round-Robimmpproach, or 64% fewer advertising cycles than thepared with other commonly used advert selection mechaniants

Randomapproach when using tiguScreen auction

The second two experiments therefore explore how the effigie
of the different selection mechanisms change as the deviciehis
varied. In each of these experimendé; = 50. In particular, Fig-
ure 3 plots the results fal < P.rrivar < 1. These results show
that for low values ofP,,ivq1, the number of adverts required is
significantly lower forBluScreen auctiothan for either of the other
methods considered. However, as the probability incretsesrds
100%, the efficiency of bottBluScreen auctiorand Round-Robin
converge. This result is expected, as when all devices aaeagu
teed to be presenBluScreen auctiomill select each advert in turn
(depending on the tie-breaking strategy (e.g. random) bgethe
auctioneer), and thus exhibit the same behaviolR@sd-Robin

Random Selection -
Round-Robin Selection —-—
Auction-Based Selection —+—

200

Number of Adverts Necessary
For Full Exposure

[ 20 40 60 80
Probability of Departure (%)

100

Figure 4. The effect of varying the probability of a device leaving the
audience during an advertising cycle, ;e = 0.5, Ng = 50.

One artefact of assuming low departure probabilities is tinae
a device has arrived, it is unlikely to depart, and hence isemo
likely to remain through a complete cycle of adverts (in thee

of Round-Robi}y or its presence be accurately predicted (when us-

ing BluScreen auction Therefore, asPycpqr: increases, the effi-
ciency of both approaches should degrade. Figure 4 illigstréis.
As one would expect, the performance of b&@luScreen auction
and Round-Robinare statistically equivalent wheRycpar: = 0
However, the number of adverts required increases shanptiid
range Pyepqr: = [0.01...0.1]; and then rises almost linearly un-

[20]

showed that in most cases the auction-based approach foutpgr
the other commonly used approaches. This approach hasytarti
relevance for advertising in environments where users lordgr for
short periods, but often return (such as railway platformsftice
entrances).

In future work, we plan to extend our approach to work with mul
tiple displays, to increase the exposure of adverts to atargm-
munity, and to build user preferences based on the durasensu
spend viewing different adverts that are categorised (ikiag into
account inferred interest, as well as exposure).
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