
1 

POCKET RESTAURANTFINDER: 
A Situated Recommender System for Groups  

Joseph F. McCarthy 
 

Accenture Technology Labs 
161 North Clark Street 

Chicago, IL  60601  USA 
mccarthy@techlabs.accenture.com 

www.accenture.com/techlabs/mccarthy 
+1.312.693.6761 

 
 
Abstract. Most recommender systems are designed to suggest alternatives – 
such as a movie to see or a music CD to buy – to individuals as they browse the 
World Wide Web at their desktop.  POCKET RESTAURANTFINDER is a new re-
commender system that suggests alternatives to a group of people, taking into 
account the different preferences of the members of that group.  Furthermore, 
the system is a situated computing application: designed to run on a kiosk or a 
handheld computer, allowing it to be used in the physical contexts in which it 
may be most useful, such as when a group of conference attendees are trying to 
decide upon a restaurant for dinner.  
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1. Introduction 

A recommender system is a computer program that suggests a course of action to a 
user based on information known or inferred about that user. Recommendations are 
usually based on some combination of three factors: a profile of the user’s preferences 
or history, the profiles of other users who are somehow similar to the user, and/or an 
analysis of the content of the alternatives being recommended [Claypool, et al., 1999; 
Mooney & Roy, 1999]. Examples of application domains developed thus far include 
the recommendation of videos [Hill, et al., 1995], music albums [Shardanand & 
Maes, 1995] and news [Konstan, et al., 1997]. 

 
Most recommender systems are designed to suggest alternatives to a single indi-

vidual.  However, there are a number of domains for which a recommender system 
might make suggestions to help groups of people decide among alternatives.  For 
example, while decisions regarding the purchase of a music CD primarily affects an 
individual, decisions regarding concerts or music clubs to attend often affect groups 
of people who all want to participate in the activity.  Similarly, the purchase of a 
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videotape is often an individual decision, whereas the decision about which movie (or 
other performance) to attend at a theater is a decision often arrived at by group con-
sensus.  Unfortunately, most recommendation systems have no explicit mechanism to 
take into account the preferences of a group of people who all want to participate in 
an activity.1 

 
Furthermore, the most common scenario of use for a recommender system has 

been for a user to seek suggestions while sitting at a desktop computer connected to 
the Internet.  Although wireless Internet access may enable many of these systems to 
be used in more varied contexts, very few systems have taken advantage of this new 
mobility by using contextual features available in the physical world.2 With the ad-
vent of Situated Computing [Gershman, et al., 1999], one can imagine a situated 
recommender system that suggests one or more movies, plays or restaurants that are 
available in the user’s immediate vicinity.  

 
POCKET RESTAURANTFINDER is designed to address both of these issues, recom-

mending restaurants to groups of people all desiring to dine together, based both on 
the location of these people as well as their culinary preferences.  Prospective diners 
fill out a profile of their preferences regarding restaurants, including how far they are 
willing to travel, how much they are willing to spend, what types of cuisine they like 
(and don’t like), and what types of restaurant amenities they like (and don’t like).  
When a group of people is gathered together, POCKET RESTAURANTFINDER pools 
these preferences together and present a list of potential restaurants, sorted in order of 
expected desirability for the group. 

 
One scenario of potential use for such a system is at a workshop or conference, 

where people who may not know much about area dining options nor the other atten-
dees can use the system to find a post-event dining site.  The inquiries and negotia-
tions that take place in such scenarios can often be lengthy, and usually result in the 
selection of sub-optimal restaurants.  We are looking to insert technology into those 
scenarios to allow for quicker and better selections for such groups. 

 
POCKET RESTAURANTFINDER is an extension of many ideas first explored in MU-

SICFX [McCarthy & Anagnost, 1998; Nagendra Prasad & McCarthy, 1999; 
McCarthy, 2000], a system that selects music that will best please a group of people 
working out in a fitness center.  MUSICFX contains a database of user preferences, a 
badge system for determining who is working out at any given time, and a group 
preference arbitration algorithm for determining the best music to play.  We now seek 
to extend these ideas into a new domain and in varying contexts. 

 

                                                           
1 The PolyLens system [O’Connor, et al., 2001] allows MovieLens users to join a group for 

which recommendations will be made for all members, but it does not explicitly support ad-
hoc collections of people who spontaneously decide to jointly participate in an activity. 

2 Notable exceptions include comparison shopping agents that utilize bar code scanners [Brody 
& Gottsman, 1999; Barpoint.com], and location-based services that may use the Global Posi-
tioning System (GPS) data such as go2online.com. 
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The rest of this paper describes the POCKET RESTAURANTFINDER application, the 
social and technical issues that arise in the design of a situated group preference arbi-
tration system, and future extensions envisioned for the specific application as well as 
the class of systems it represents. 

2. System Overview 

POCKET RESTAURANTFINDER consists of several components: a database of restaurant 
information, a database of users’ preferences, an interface for accessing those prefer-
ences and specifying the group of people to be considered as recommendees, and an 
algorithm to decide which alternative[s] to suggest.  Each of these will be described 
below. 

2.1.  Restaurant Database 

The Restaurant Database contains a collection of records, where each record corre-
sponds to a specific restaurant, and each field represents a different attribute for that 
restaurant.  The fields can be partitioned into four general categories of information 
for each restaurant record: 
• The location of the restaurant, represented as the street address and city.  
• The average cost of a meal at the restaurant, rounded to the nearest dollar. 
• The primary cuisine(s) or style of food in which the restaurant specializes, e.g., 

French, pizza or delicatessen.  There are currently 15 types of cuisine in our data-
base, represented as a binary-valued feature vector; each type of cuisine offered 
by the restaurant is represented by a one in the corresponding position of the vec-
tor, with all other elements being zero. 

• A set of features or amenities offered by the restaurant, e.g., non-smoking seat-
ing, vegetarian selections or outside dining.  We again use a binary-valued fea-
ture vector for amenities, with 17 elements; each element corresponding to an 
amenity offered by the restaurant is set to one, all other elements are set to zero. 

 
Ideally, the restaurant database would encompass a rich set of features as contained 

in a guide such as Zagat [zagat.com], including ratings of restaurant features such as 
the food, service and decor.  However, our initial prototype is based on a much sim-
pler list of restaurants near our former office in Northbrook, IL (USA) that was com-
piled by the local Accenture concierge service.  

2.2.  User Database 

The fields in the User Database correspond to the information stored in the Restaurant 
Database.  However, since these fields represent preferences, they are all on a 5-point 
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common scale indicating how important each restaurant feature is to the user.3  The 
values on this scale are interpreted as shown in Table 1. 

 
Value Interpretation 
2 I definitely want this feature 
1 I want this feature 
0 I don’t care about this feature 
-1 I don’t want this feature 
-2 I definitely don’t want this feature 

Table 1: Preference Values and Interpretations 
 
These preference ratings are applied to each of the potential restaurant features, so 

for each user, we store the following information: 
• Distance:  The distance the user is willing to travel to get to a restaurant, meas-

ured in minutes.  Rather than specifying a single value, e.g., an absolute maxi-
mum distance, we have broken this down into three categories: less than 10 min-
utes, 11 to 20 minutes, more than 20 minutes.  The user assigns a preference 
value to each of these categories, e.g., if eating nearby is very important, the user 
may specify values of 5, 1 and 1 for these categories, whereas a weaker prefer-
ence for something close by might be represented by values of 4, 3 and 2. 

• Cost:  The amount the user is willing to pay for a meal, measured in US dollars.  
Again, rather than specifying a single value, we have broken this down into three 
categories: less than $10, $11 to $20, and more than $20.  The user assigns a 
preference value to each of these categories. 

• Cuisine:  A preference value for each of the types of cuisine listed in the Restau-
rant Database. 

• Amenities:  A preference value for each of the types of amenities listed in the 
Restaurant Database. 

 
In addition to these low-level preferences, we have inserted a higher layer that al-

lows each user to specify the relative importance of each of the four categories of 
preferences.  The four values must sum to one.   So, for example, to represent priori-
ties – in decreasing order of importance – of distance, then cost, then cuisine, then 
amenities, one might specify values of 0.4, 0.3, 0.2 and 0.1. 

2.3.  Group Preference Arbitration Algorithm 

When a group of people expresses a desire to dine out together, a group preference 
arbitration algorithm is invoked to create a list of prospective restaurants, sorted in 
order of expected desirability (for that group).  The inputs to the algorithm are the 

                                                           
3 We don’t claim that this scale is optimal, but we believe it corresponds well enough to peo-

ple’s intuitive notion of preference to enable us to test our prototype.  The same scale has 
worked with great success in MUSICFX [McCarthy & Anagnost, 1998], which selects music, 
rather than restaurants, for a group of people. 
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Restaurant Database, the indices into the records in the User Database for each mem-
ber of the group, and the location of that group. 

 
The algorithm first computes each person’s individual preference for each restau-

rant, then takes the average of these values to represent the group preference for each 
restaurant, and uses that single value to sort the restaurant list. 

 
The algorithm for computing the individual preference of person i for restaurant j 

can further be broken down according to the four categories of preferences currently 
encoded within the system.  For simplicity of exposition, assume that there are three 
location values in the Restaurant Database, corresponding to the three location fields 
in the User Database (< 10 minutes, 10-20 minutes, > 20 minutes), exactly one of 
which is one, all others being zero.  Similarly, assume that there are three average 
cost fields in the Restaurant Database that correspond to the three cost fields in the 
User Database (< $10, $10-20, > $20), and that exactly one of these fields is one and 
all others are zero. 

 
We compute the LocationScore for person i and restaurant j as: 

{ }3..1maxarg ,,, =×= klLocationVaefLocationProreLocationSc kikiji  

 
Similarly, we compute the CostScore as 

{ }3..1maxarg ,,, =×= kCostValCostPrefCostScore kikiji  

 
In both cases, we take the maximum amount, since only one of the three elements 

in the LocationVal and CostVal vectors will have a non-zero value. 
 
The CuisineScore is calculated by taking the average of person i’s preference for 

each of the types of cuisine offered by restaurant j: 

∑
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The AmenityScore is calculated similarly: 

∑
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Once we have these four scores, we adjust them according to the relative weights 

specified by the user: 
IndividualPrefi,j =  LocationScorei,j × LocationPriorityi + 

CostScorei,j × CostPriorityi + 
CuisineScorei,j × CuisinePriorityi + 
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AmenityScorei,j × AmenityPriorityi 
 
Once the individual preference for each person and each restaurant is computed, 

we can calculate the group preference for each restaurant j by simply summing the 
individual preferences: 

∑ =
=

NumDiners

i jij PrefIndividualGroupPref
1 ,  

 
The restaurant list is then sorted according to this value, and presented to the users 

for inspection. 

2.4.  User Interfaces 

Two versions of POCKET RESTAURANTFINDER have been developed; one that runs on 
a kiosk another that runs on a handheld device.  Each of these will be described be-
low.  

2.4.1.  Kiosk Interface 

There are two primary activities in which a kiosk user of POCKET RESTAURANT-
FINDER might engage: entering or updating his or her preferences, and seeking a res-
taurant recommendation.  Although these two tasks might eventually be supported 
within the same interface, our current kiosk prototype uses two different applications 
for each of the tasks. 

 
For accessing preferences, the user visits a web page in a standard browser such as 

Internet Explorer or Netscape Communicator, and logs in to the system by entering 
his or her name.4  The user is then presented with a series of web pages that display 
preferences in each of the four categories (distance, cost, cuisine and amenities).  
These pages are generated by Active Server Page (ASP) scripts that format the data 
contained in the User Database.  Each preference can be modified by adjusting the 
value in a listbox. The User Database is then updated to reflect any modifications 
made by the user. 

 
The interface for recommending restaurants in the current prototype is a new but-

ton on our ACTIVEMAP application [McCarthy & Meidel, 1999], running at a kiosk.  
Our workspace contains a network of infrared sensors – mounted in the ceiling above 
each office, meeting room, hallway and open area – and most of our colleagues wear 
infrared badges that emit identification signals every 2 seconds.  ACTIVEMAP displays 
pictures of people on a blueprint-style map of the workspace over the locations they 

                                                           
4 Since the initial prototype is being used in a small group in a closed environment – research-

ers in our lab – we have conveniently ignored security issues.  However, adding password 
protection and other security features will likely be required for more widespread distribution 
and use. 
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were last seen.  We modified the application to include location information for the 
computer upon which ACTIVEMAP is running, and added a “Lunch” button.  When 
this button is pressed, the preferences for the people gathered at the kiosk (or wher-
ever else the application might be running) are used for determining the list of candi-
date restaurants. 

2.4.2.  Handheld Interface 

The handheld interface has been developed for a Palm computer.  The initial screen 
for the application allows the user to update his or her preferences, update the group 
of people whose preferences should be considered, and view a sorted list of restau-
rants based on the preferences of that group. 

 
The interface for preference updates starts of with a menu specifying the four cate-

gories (distance, cost, cuisine, amenities).  Within each main category, the different 
subcategories are listed, across from which a pull-down menu is provided in order to 
allow the user to specify a preference value for each subcategory. 

 
The group management interface allows a user to send his or her preferences to an-

other user (using the Palm infrared beaming capability), receive preferences from 
another user, delete [the preferences of] any person on the current group list, or clear 
the entire list. 

 
The list of restaurants is shown in decreasing order of overall group preferences.  

Tapping on a restaurant shows the individual category scores that contributed to the 
group preference value for that restaurant (the current version is not very user-
friendly, but useful for debugging). 

3. Social Issues 

The selection of a destination or activity that will please a group of people is an itera-
tive, sociopolitical process that can prove quite challenging, depending on the destina-
tion, activity and people involved.  Two of the most vexing challenges have to do 
with a lack of awareness: not knowing everyone’s preferences and not knowing what 
the local alternatives are.  Some people are more apt to express their preferences than 
others, potentially leading to dominance by a vocal minority.  This can be especially 
problematic when there are different power relationships among the members in the 
group.  When the people don’t know each other, other problems arise because no one 
knows how much to rely on others’ recommendations. 
 

Another problem arises when there is little awareness of the alternatives available 
in a location.  The members of the group can examine various guides and brochures, 
but most are incomplete and inconsistent with respect to the kinds of information they 
provide about the alternatives.  A good concierge can be of great assistance in this 
regard, but one is not always available. 
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POCKET RESTAURANTFINDER seeks to solve these issues by providing a means for 
everyone to have a voice in the matter – through the electronic specification of their 
preferences – and by providing a complete and consistent list of alternatives, sorted 
according to the alternatives that are most likely to satisfy the specified preferences. 

 
Privacy is another social issue we need concern ourselves with, since the prefer-

ences of a group of people must somehow be combined in order for the system to 
work, but people may not want to share all their preferences with others.  The hand-
held application currently does not reveal individual preferences of other users; only 
the group preference values are accessible.  The kiosk application has previously 
noted security flaws, for which straightforward solutions exist; thus far, people in our 
group have not expressed any privacy concerns. 

4. Future Work 

We currently have two different implementations of the POCKET RESTAURANT-
FINDER, neither of which can communicate with the other.  We would like to intro-
duce a link between these systems to accommodate those situations in which some 
people have handheld computers and others do not.  For example, people without 
handheld computers planning to attend a conference could enter their preferences via 
a [more secure] browser interface.  Once at the conference, a kiosk computer with 
infrared capability (or docking station) could be used so that people with handheld 
computers could either retrieve preferences of those without handhelds, or send their 
preferences to the kiosk computer, so that all preferences of an ad-hoc group could be 
gathered in one repository.  Another possible solution might incorporate a handheld 
computer with a wireless Internet connection and a barcode scanner; if conference 
attendees had badges with barcodes, these could be scanned in order to retrieve their 
preferences (obviously, some security issues would have to be resolved in this sce-
nario). 

 
Our Restaurant Database currently contains static distance information – the dis-

tance between our research lab and any of the restaurants listed.  Ideally, this informa-
tion would be dynamically computed, either by manually entering information about 
the user’s current (or intended) location, or by using an automatic location sensing 
system such as the Global Positioning System (GPS).  This would be especially useful 
if the group of prospective diners arrives at a restaurant only to find it closed or full, 
and wants to find another restaurant near that location (vs. their starting location). 

 
One important area of future work is to conduct usability studies to see how people 

use the system. We have released the system internally and held some informal dis-
cussions with initial users of the system, and the pilot group has given us generally 
positive feedback.  However, we need to do more extensive studies – including the 
construction of an evaluation scheme – to determine how useful people find POCKET 
RESTAURANTFINDER, and the whole concept of a group preference arbitration system 
for restaurant selection. 



 9

Another area of future work is to enrich our Restaurant Database, e.g., by using 
data compiled by the Zagat restaurant guide.  In addition to its extensive set of cuisine 
types (over 70) and amenities (over 60), the food, décor and service ratings would add 
entirely new dimensions to the kinds of preferences people could express.  For exam-
ple, one could specify a preference for restaurants with a food rating above 20 (the 
Zagat scale for each of these three dimensions ranges from 0 to 30).  Real-time seat-
ing availability information for each restaurant would be another positive enhance-
ment. 

 
We would also like to enhance the User Database with new features.  One area 

we’d like to enhance is the specification of restricted diets.  For example, a vegetarian 
might have a variety of preferences, but having meatless dishes available would be a 
requirement for any restaurant to be acceptable.  Such restrictions would also necessi-
tate enhancements to our Restaurant Database, and collecting data on all restaurants 
for a collection of potential dietary restrictions would be a significant undertaking. 

 
Introducing a history mechanism would also be useful, enabling us to use content-

based or collaborative filtering techniques to supplement the user-specified prefer-
ences.  For example, if the user has specified high ratings for a set of restaurants that 
he or she has dined in previously, any restaurants in the current location that are simi-
lar to those restaurants should also be appealing to that user. Likewise, if people with 
similar profiles to the user have rated a set of local restaurants highly, those restau-
rants are also likely to be appealing to that user.  Of course, incorporating features 
such as these would require a reworking of the group preference algorithm, which is 
based on preferences for features rather than specific restaurants. 

5. Conclusion 

POCKET RESTAURANTFINDER is a situated group preference arbitration system for 
helping a group of people select a restaurant that would best meet their dining prefer-
ences.  Such a system is particularly useful in contexts in which people don’t know 
each other very well, and in locations where people don’t know the restaurants of the 
area very well, such as a gathering of researchers at a conference or workshop. 

 
Initial prototypes of the system have been developed and tested for use at a kiosk 

within our research lab and on handheld computers used in the vicinity of our lab.  
While initial feedback has been promising, we have plans for a number of extensions 
and more extensive studies to assess its usability and utility.  To this end, we hope to 
field test POCKET RESTAURANTFINDER at a conference or workshop in the near future. 

 
We believe that situated group arbitration has broad applicability in a variety of 

contexts.  In addition to restaurant selection, we expect similar systems could be used 
to arbitrate the selection of other group activities such as movies, plays and music 
performances, democratizing the selection process across a broad spectrum of activi-
ties. 
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