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ABSTRACT
Recommender systems have become increasingly popular.
Most of the research on recommender systems has focused
on recommendation algorithms. There has been relatively
little research, however, in the area of generalized system
architectures for recommendation systems. In this paper,
we introduce weHelp - a proposed reference architecture for
community driven recommender systems. weHelp systems
are community driven in the sense that the recommenda-
tions are derived automatically from the aggregate of logged
activities conducted by the system’s users and thus reflect
community interests and/or behaviors. Our architecture is
designed to be application and domain agnostic. We de-
scribe the various components of our reference architecture
and also show how various existing recommender system ar-
chitectures map closely to weHelp. The main contribution
of this paper is to present a possible reference architecture
for community driven recommender systems. We feel that a
good reference architecture will make designing a recommen-
dation system easier; in particular, weHelp aims to provide
a practical design template to help developers design their
own well-modularized systems. We hope that our reference
architecture will act as a useful starting point for people
interested in building their own recommendation systems.
Finally, we seek participation by the recommender system
development community in discussions towards a future im-
proved reference architecture, to enhance community com-
munication and, eventually, component interoperability.

Categories and Subject Descriptors
D.2.11 [Software]: Software Architectures—Domain-specific
architectures; K.4.0 [Computing Milieux]: Computers and
Society—General

General Terms
Human Factors, Design
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1. INTRODUCTION
In the past few years, recommender systems have become

increasingly popular and ubiquitous. Recommendation sys-
tems are being used in a variety of different domains such as
suggesting movies we might enjoy watching [28], things we
might want to buy [3], music we may like [20, 30], and people
we may know [12], often based on community driven “people
like you . . . ” paradigms. There has been keen public inter-
est in improving such systems’ recommendations, such as
the Netflix Prize competition [29]. In the academic commu-
nity, there has been much research on recommender systems,
mostly focused on common issues of recommender systems
such as recommendation algorithms [16, 31, 40], implica-
tions of social networks in recommendation systems [14, 39]
and security and privacy issues [5, 22]. We have found rela-
tively little research to date, however, in the area of system
architectures for recommendation systems outside specific
domains; work such as [15, 32] has focused on their own ar-
chitectures and implementations, without aiming to propose
a general-purpose reference architecture, as we do here.

In this paper, we introduce weHelp - a proposed reference
architecture for community driven recommender systems. A
reference architecture here is a collection of best practices
and acts as a blueprint for building applications. Our ar-
chitecture is designed to be independent of any specific ap-
plication or domain. It consists of several components, each
dealing with a specific task needed for most recommenda-
tion systems. weHelp’s three main components are called
the Watcher, the Learner, and the Advisor. The Watcher
observes the users’ activities. The Learner uses this data to
infer patterns and/or recommendations. These recommen-
dations are then provided to the user via the Advisor.

Our proposed reference architecture is targeted towards
community driven recommender systems in which the rec-
ommendations are based on the activities of an effective
community of users. Commercial examples of community
driven recommender systems include Amazon [3] and Net-
flix [28], which use recorded user activities such as buying
goods and renting movies, respectively, to recommend what
might be a useful product to buy or an interesting movie
to watch. We contrast community driven recommendation
systems with what we call “knowledge driven recommenda-
tion systems”, such as ACE [24] or WebMD [37], which are
essentially rule-based systems and do not take into account



the activities of the users. Such systems – which might be
referred to collectively by a term like “iHelp” – do not learn
by observing the activities of the users, but instead rely on a
hard-coded set of rules and are, hence, relatively static. we-
Help community driven recommender systems, in contrast,
are dynamic as they learn (and generally over time refine)
their recommendations by observing their users.

The main contribution of this paper is our weHelp pro-
posed reference architecture for community driven recom-
mender systems. A good reference architecture should make
designing a new recommendation system simpler. weHelp is
intended to provide a template to help developers design a
well-modularized system. In the longer term, we hope to en-
courage the community towards participating in collectively
devising a future improved reference architecture that may,
eventually, lead to standard interfaces enabling interoper-
ability and reuse among recommender system components.

Section 2 discusses our background and motivation along
with related work. Section 3 presents our reference archi-
tecture and explains its proposed components. In Section 4,
we discuss how various existing recommender systems map
to the weHelp reference architecture along with some limi-
tations. Finally, in Section 5, we call for community partici-
pation in further development of a reference architecture for
recommender systems.

2. BACKGROUND AND MOTIVATION
The authors are collectively working on three otherwise

unrelated research projects that share a similar theme: pro-
viding suggestions aimed to help users employ particular
software tools in some better way. From that ongoing body
of work we reverse engineered the common components and
structure that led to weHelp.

2.1 Background
The following paragraphs give some background on the

three systems prototyped as part of our projects: genSpace,
Retina, and COMPASS. These three systems were designed
independently, and were not intended a priori to exhibit a
common architecture. But we then realized that the ar-
chitectures for these systems are very similar, and we have
distilled a common architecture and the best practices that
we discovered along the way into our proposed reference ar-
chitecture.

The genSpace project [27] is being conducted in collab-
oration with Columbia University’s Center for Computa-
tional Biology and Bioinformatics (C2B2) and its Multiscale
Analysis of Genomics and cellular Networks center (MAG-
Net). Researchers at C2B2 have developed geWorkbench [7],
which is an open-source Java-based system for integrated ge-
nomics targeted to biomedical researchers. As geWorkbench
includes more than 50 plugin tools for genomics data analy-
sis and visualization, it can be very daunting for a new user
who does not know which tools to use with which data set,
the order in which to use these tools, etc. A recommender
system can be particularly beneficial for such users. At the
same time, such a system can be very useful for experienced
users as well, as it can provide certain insights about their
peers’ geWorkbench usage that they may not be aware of.

The main goal of genSpace is to provide collaborative fil-
tering and knowledge sharing features to geWorkbench users
through recommendations presented via social networking
metaphors such as“people like you . . . ”. The genSpace mod-

ule of geWorkbench records certain aspects of user activities
and sends these logs back to a central server periodically.
At the server side, the data is aggregated, patterns and sug-
gestions are derived, and these are used to generate rec-
ommendations for the users. Example recommendations to
a given user include suggesting in real-time which analysis
most people perform next given that they had started with
the analysis most recently completed by this user, as well
as listing on demand the most commonly used workflows
(series of analysis tools) and most popular tools.

We are separately investigating community driven recom-
mendation in the domain of computer science education.
Our Retina system [26] is targeted towards CS1 (intro to
programming) courses. Because students in these classes
have little prior programming experience on which to draw,
they may be unable to accurately estimate how long a pro-
gramming assignment should take to complete, or how to
address the often cryptic compiler and runtime error mes-
sages that they encounter. Thus, a recommendation system
that is targeted to their individual needs could be very ef-
fective in helping them to be more efficient, and spend more
time focused on algorithmic thinking and problem solving
than on syntax and exceptions.

Retina collects objective observational data about stu-
dents’ programming activities, specifically how long they
have worked on an assignment, the compilation errors that
were reported, and the runtime errors (uncaught exceptions)
that they have encountered. Once data has been collected
and aggregated, Retina makes real-time recommendations
to students as they are working on their assignments. In
particular, Retina warns the given student if she is encoun-
tering an especially high number of errors per compilation,
if she is spending too long on the assignment, or if the same
error has occurred a high number of times; all of these de-
pend on thresholds set by the instructor. Retina can also
send expert (as opposed to community driven) recommen-
dations about how to fix certain programming errors, based
on observing the student’s code and predefined rules.

Retina also supports longer term “organizational mem-
ory”, enabling it to make suggestions to students about what
to expect from the assignment, for instance how much time
to expect to spend on it or what errors to look out for (as-
suming homework is assigned from semester to semester).
Last, Retina provides informative reports based on the ag-
gregation of that data. These reports allow instructors to
answer such critical questions as “how long are students tak-
ing to complete the programming assignments?”, or “what
sorts of compilation and runtime errors are they making?”
so that upcoming lectures can be revised accordingly.

In our third recommender system project, where the ini-
tial design effort is still in progress, we are considering the
problem that parallel hardware is becoming a ubiquitous
component in computer processing technology but exploit-
ing the full potential of such platforms has foxed program-
mers for a very long time. COMPASS (Community Driven
Parallelization Advisor for Sequential Software) [33] pro-
poses to leverage aspects of social networking to suggest
multi-core (multi-threading) optimizations to both profes-
sional and student programmers.

The COMPASS design assumes a base of expert users who
will parallelize existing sequential code using one or more of
the numerous techniques for parallelization. It records their
code changes, summarizes this information, and stores it in



a central database. When an inexperienced user wishes to
parallelize her code, COMPASS will first identify the re-
gions of code most warranting performance improvement
(via profiling), and then prioritize a list of potential opti-
mizations mined from previous parallelizations, i.e., match-
ing previously observed “before” serial code to retrieve the
corresponding “after” parallel code - thus propagating com-
munity knowledge. The suggested optimizations will then
be presented in a stylized template so as to make it easier
to understand.

2.2 Related Work
Previous research into community driven recommender

systems has investigated the rationale behind such tools,
e.g., the psychology of collaborative technical help and help-
giving [11, 36] and using organizational memory for collabo-
rative help [2]. The KnoSoS project [9] seeks to apply social
networking concepts to knowledge sharing by investigating
how to create group boundaries and track content. Carroll
et al. have looked at extending the idea of knowledge shar-
ing (what they term “knowledge in common”) to concept
sharing, and eventually activity sharing and activity aware-
ness [8]. We build on these important works by considering
the challenges of designing a reference architecture that sup-
ports such techniques, and hope that our work facilitates the
building of such systems in the future.

There has been other work [15, 32] in which recommender
system architectures are discussed. Most of this research,
however, focuses only on the authors’ own architectures and
implementations without aiming to propose a generic refer-
ence architecture. Through weHelp, on the other hand, we
define a general-purpose reference architecture that can be
used in myriad domains. We also hope that the component
structure of our proposed reference architecture will provide
a template for designing modularized recommender systems,
and that community participation in collectively designing a
future improved reference architecture will lead to standard
interfaces and interoperability among recommender system
components.

3. PRELIMINARY WEHELP REFERENCE
ARCHITECTURE

A Reference Architecture [17] is a collection of best prac-
tices for a certain domain. It is a design template and acts
as a blueprint for building applications. Reference Architec-
tures also define a common vocabulary with the goal of stan-
dardizing different independent implementations. Reference
Architectures usually define different modules and specify
the functionality of each module along with the interaction
and interfaces between the different modules.

There have been many examples of reference architectures
in varying domains such as scientific workflow management
[21], multimedia services [35], web servers [17], and peer-to-
peer overlay networks [1]. In this paper, we define a reference
architecture for community driven recommender systems.

The weHelp Reference Architecture is shown in Figure
1. It consists of three main components: the Watcher, the
Learner, and the Advisor. The Watcher is responsible for
monitoring user activities. The Learner is responsible for
deriving patterns and recommendations after looking at the
user activities provided by the Watcher. The Advisor is re-
sponsible for providing recommendations and feedback to

Figure 1: weHelp Reference Architecture

the users. All of these components have their own task list,
which is a required set of tasks they must perform, and their
own optional set of plugins for providing added functionality.
These plugins are conceptual, and in a given implementation
might be hard-wired into the design/code or indeed be sup-
plied in a replaceable plugin form. What we envision for
a future improved reference architecture is a more sophisti-
cated model for plugins that could lead to interoperability
of plugins across different realizations of the architecture.

There are also two other components in the reference ar-
chitecture: the database, and the security and privacy layer.
Finally, there is the user cloud, which has the users of the
system. We could distinguish between different types of
users (e.g., novices vs. experts) depending on the system
domain.

The following subsections describe the various components
of the weHelp reference architecture. We use Amazon [3]
as a running example to present how its recommender sys-
tem behavior maps to weHelp1. We also discuss how the
architectures of our three systems - genSpace, Retina, and
COMPASS - map closely to weHelp.

In Section 4, we describe how various other recommenda-
tion system architectures also map closely to weHelp.

3.1 Watcher
The Watcher module is an observer of user activities. It

“watches” what a user does with the tools or software in
question and logs this information. These observations may
be explicit or implicit as far as the user is concerned. Ex-
plicit observations enable the user to annotate or tag the
data and/or her activities. Other forms of explicit feedback
include asking the user to fill out a form or answer a sur-
vey. Implicit observations, on the other hand, work in the
background and monitor what the user is doing. Exam-
ples of implicit observations include counting the number of
times a particular item was bought, number of times a link
was clicked, or number of times a query was given to a rec-
ommender system. Implicit observation is usually a better

1The authors have no affiliation with Amazon except as cus-
tomers. The Amazon architecture discussed here has been
inferred from the functionality provided by the website and
may bear little or no relationship to the true architecture.



option, where possible, as it does not require any extra effort
by the user and is also unobtrusive. The Watcher needs to
generate an easily parseable representation of the user ac-
tivities. Periodically, a log of users’ activities needs to be
stored in a database or web repository.

Optional plugin functionality provided by the Watcher
may include allowing the user to provide extra domain spe-
cific information and allowing users to rate certain activities.

In the case of Amazon, we can imagine that the Watcher
module keeps track of user activities by observing the web
pages visited. Consider an example where a user wishes to
buy an MP3 player. The Watcher module can, implicitly,
keep track of information such as the different kinds of MP3
players looked at. If the user decides to buy a particular
MP3 player, the Watcher can also keep track of details such
as the color, the capacity, and the vendor. The user can also
provide explicit feedback to the Watcher module by rating
the product he bought and writing a review for it. Amazon’s
Watcher module would conceivably log this information and
it will later be used by the Learner module to infer recom-
mendations for other users.

The following paragraphs describe how our three systems
implement the Watcher module.

The Watcher module in genSpace transparently monitors
the users’ activities as they use geWorkbench. Whenever
any data analysis is executed, different kinds of information
are captured such as the name of the analysis, the type of
the data set, and the current time. geWorkbench has a
core engine which provides basic functionality and allows
developers to add new functionality via the use of plugins
in a publish/subscribe framework. The Watcher module of
genSpace is one such plugin and receives notifications from
the core engine whenever any analysis is started.

The Watcher module also allows users to choose how their
data is logged: with their user names, anonymously, or not
at all. Finally, in genSpace, all users are treated equally;
there is no differentiation between “novice users” and “ex-
pert users”. Thus, all the user logs are weighted equally
when being considered as source data for the recommenda-
tions. This allows genSpace to work on the principle that if
a particular tool is used in a certain way by a majority of
the users, that is likely the “right” way to use that tool.

Just as genSpace transparently records the execution of
analysis tools in geWorkbench, the Watcher module in Retina
transparently records students’ compilation attempts and
compiler errors, either using a plugin for the Eclipse or BlueJ
programming environment, or via a wrapper around the
Java command-line compiler. When the student invokes the
compiler, the student’s name (or user ID) and the current
date and time are recorded. Additionally, any compilation
errors are reported to the student as normal, but for each
error, the type of error, the file name and line number, and
the associated error message are all recorded as well. This
information is accumulated completely transparently from
the students’ perspective without any manual intervention.

To address privacy issues, the Watcher in Retina allows
the student to opt out of the collection of data entirely. Al-
ternatively, the student can specify that information be col-
lected anonymously so that it contributes only to the overall
data for the class, and cannot be tied back to the individual
student.

Note that the Watcher module in Retina does not dif-
ferentiate between “expert users” and “novices”. In fact,

all Retina users are considered to be novices; similar to
genSpace, Retina is built on the notion that a majority of
users represent what is common across all users and that
recommendations should be based on general observations,
without delineating who is an expert and who is not.

On the other hand, COMPASS will distinguish between
“novice users” and “expert users”. The Watcher module of
COMPASS is meant specifically for experienced program-
mers, also known as “gurus”. COMPASS assumes that a
guru is an expert at writing optimizations for the corre-
sponding input program. In contrast to Retina and genSpace,
recording observations is not transparent to the user in COM-
PASS. The COMPASS IDE will allow the user to select por-
tions of the input program (hot-spots) for parallelization.
The expert user will then write a corresponding parallel pro-
gram in the IDE. The Watcher module parses and stores the
input program and the corresponding parallel solution in an
unique signature format. If later the Learner module en-
counters a similar input program, the signature is used for
code matching.

The Watcher module will have an additional plugin that
allows users to give domain information. This information
pertains to knowledge of the target architecture for which
the given parallel solution is suited. Furthermore, informa-
tion regarding files that may be required to run the program
and miscellaneous comments may also be added by the user.

3.2 Learner
In the previous subsection, we discussed the Watcher mod-

ule and how it is used for monitoring the users’ activities. We
also discussed how our three systems implement the Watcher
module. In this subsection, we describe the Learner module.

The Learner module is responsible for inferring patterns
and/or recommendations. It will use the data that the
Watcher module stores in the database. Depending on the
problem domain, the Learner module can either use a sim-
ple rule-based system, data aggregation, or complex data
mining algorithms. Also, depending on the type of recom-
mender system, the Learner module can perform different
activities. For example, in the case of collaborative filtering
approaches [18], the Learner can have different rank based
search algorithms that could be based on different features
rated by the user. In the case of content-based approaches
[4], the Learner can form personalized user profile models
(using the feedback provided by the users via the Advisor)
and use, e.g., Bayesian or Decision-Tree approaches to infer
rules.

Optional plugins to the Learner module include the ability
to have different ranking algorithms. The Learner module
may also weigh the user data in many different ways. Exam-
ples of this would be weighing data from experts more than
the data from novice users, or weighing recent data more
than older data. The Learner module may also generate
overall statistics about system usage. Finally, the Learner
module may include optimizations such as caching the re-
sults and data to improve the response time to user queries.

Continuing our Amazon example, we can imagine that
the Learner module uses the user information recorded by
the Watcher module to infer patterns and recommendations.
An example of these recommendations is suggesting alter-
nate products to buy after considering other similar prod-
ucts viewed by the user. The Learner module also generates
overall statistics such as the highest rated products and the



most popular products in different categories.
The following paragraphs describe how our three systems

implement the Learner module.
In genSpace, the Learner module uses data aggregation

to provide the recommendations. For example, one of the
suggestions provided by genSpace is ‘what is the next tool to
use’. The Learner module uses the accumulated user data
to find the most common workflows that are supersets of
the user’s current workflow. Looking at the most common
workflows, it can suggest the best tool to use next.

The genSpace Learner module uses an exponential time-
decay formula [10] to weigh the data; user data that is recent
is weighted more heavily. This allows us to address the prob-
lem of concept drift [38], i.e., workflows performed by users
a long time ago may not be relevant today. The Learner
module in genSpace also generates overall system statistics
such as the most popular tools and most popular workflows.

In the case of Retina, although many of the recommenda-
tions are rule-based, the Learner module does perform some
analysis of the data to determine the suggestions to make
to individual students. For instance, one of Retina’s sugges-
tions is the amount of time that the student can expect to
spend on the next programming assignment. This is done
by considering the student’s past performance on previous
assignments with respect to the class average of time spent,
and then finding the time that it took similarly-ranked stu-
dents to complete the assignment in previous semesters. An-
other suggestion made by Retina involves the types of com-
piler errors that it feels the student is likely to make. This is
achieved by noting any errors that the student has frequently
made on previous assignments, especially those that fall out-
side the list of most common errors across all students in the
class.

The Learner module in Retina also has plugins for gen-
erating statistics that can be used in reports for the course
instructor. The instructor can get an understanding of an
individual student’s efforts on a particular assignment, by
seeing a list of all of the student’s compilation and runtime
errors, as well as aggregate data about the total number
of compilation errors, the most common compilation error,
and an approximation of how much time was spent on the
assignment. The instructor can also select a single assign-
ment and see an overview of how the class has performed
as a whole, e.g., the most common compilation and runtime
errors. The instructor can also get a report of how much
time each student has spent on the assignment, and the av-
erage time spent for all students in the class. This lets the
instructor gauge the difficulty of a particular assignment.

In COMPASS, the Learner module will search for paral-
lelizations performed by gurus so as to help inexperienced
users. It takes the sequential program given by the user
as the input query and searches for a corresponding par-
allelization in the database. The workflow of the Learner
module is as follows: the sequential code input by the user
is first instrumented and its coverage data is analyzed to ex-
tract hot-spots (frequently executed parts of code). These
hot-spots are then parsed to generate a unique representa-
tion, which will act as the input query to the database. The
Learner module will then use a code matching and ranking
algorithm to extract various parallelizations for the user.

The Learner module also asks the user to give system
information (e.g., architectural information). The Learner
can then use this system information to get the best possible

match for the current user.

3.3 Advisor
In the previous subsection, we described the Learner mod-

ule and how it can infer patterns and/or recommendations.
We gave examples of how genSpace, Retina, and COMPASS
implement the Learner module. In this subsection, we dis-
cuss how these patterns and recommendations are provided
to the user via the Advisor module.

The Advisor module is responsible for providing recom-
mendations to the users. These recommendations are given
using the data inferred by the Learner module. The Advi-
sor module can be implemented using a variety of different
user interface options, depending on how exactly these rec-
ommendations should be provided, based on the problem
domain. Furthermore, the recommendations can either be
pushed to the user or pulled by the user. Pulled recommen-
dations are very beneficial as users can ask for particular
recommendations when they need them the most. Pushed
recommendations can also be useful as they can be dynamic
and take into account the user’s current activities. Care
needs to be taken, however, to avoid the “Clippy Effect”
[13], which would only serve to annoy the user.

Optional plugins may include allowing the user to rate the
suggestions. Users may also provide feedback, e.g., through
comments, to the other users as well as to the recommender
system. This form of feedback can be extremely useful as
some recommendations might work better than others.

In the example of Amazon, the Advisor provides the rec-
ommendations inferred by the Learner module to the user.
The user interface is through HTML web pages. For ex-
ample, when a user is viewing the details of a particular
product, the Advisor module provides information such as
other similar products viewed by users who also viewed the
current product, or other products purchased by users who
also purchased this product.

The following paragraphs describe how our three systems
implement the Advisor module.

In genSpace, the Advisor module is implemented as an-
other component for geWorkbench. The user interface is
Java Swing. The Advisor provides both pushed and pulled
recommendations. Users can ask for recommendations such
as finding common workflows that include a particular tool
or workflows that begin with a certain tool. Users can also
view overall system usage statistics such as the top three
most popular workflows, and the most popular tools.

Users can also get pushed recommendations using “Real-
Time Workflow Suggestions”. As a user interacts with geWork-
bench and runs different analyses, genSpace can provide
real-time suggestions. Examples of the feedback provided
include suggesting the most popular tool to use next and
common superflows including the user’s current workflow.
Users can also rate the tools and workflows, write comments,
and read other users’ comments.

Similar to genSpace, the Advisor module in Retina sup-
ports two different models for providing advice and sugges-
tions based on what has been observed about the particular
student, her classmates, and students who took the class
in previous semesters. Students can request suggestions by
accessing a web application and getting reports about their
own behavior, and what to expect from upcoming program-
ming assignments. These suggestions include the amount of
time that the student will likely spend on the assignment,



and different errors to look out for.
Additionally, Retina can produce immediate, real-time

recommendations that are proactively sent to students based
on their observed programming activities. These recommen-
dations are sent to the students as they are programming
and as their event logs are being captured by the Watcher
module. Retina uses Instant Messaging (IM) applications
as the user interface for its recommendations. Using the
JClaim [19] API, these recommendations are sent via an IM
server bot that works with the Yahoo! Messenger, Windows
Live Messenger, and Google Talk chat networks. A student
initiates a chat session with Retina, and identifies herself via
a username. When Retina determines that a recommenda-
tion is in order, a message is sent to the student so that she
can get a better understanding of what to do next.

The current implementation of the Advisor module in
Retina is rule-based: when event logs are received, Retina
checks whether any of the conditions (set by the instruc-
tor) have been met, and sends a message accordingly. These
include spending too long on an assignment or making too
many compiler errors. However, the module could easily be
modified so as to take into account other students’ activ-
ities, so that the real-time recommendations are triggered
by deviations from what is observed to be “normal” student
behavior.

With COMPASS, on the other hand, we realize that sim-
ply providing relevant advice to inexperienced users is not
enough; this advice also needs to be coherent to the user.
This is more of a problem with COMPASS than with genSpace
or Retina. With minimal previous experience, it may be a
tough task for a programmer to understand how to map the
recommendations to her current problem. The proposed Ad-
visor will aid the user by providing suggestions in stylized
templates know as ‘sketches’. These sketches will be shown
in the form of graphical overlays on the existing source code,
which will be easily understood by the user. Users can ac-
cept the suggestion as is, or alter them according to their
requirements. As future work, COMPASS will allow the
user to give feedback to the system regarding the usefulness
of the suggestion.

3.4 Discussion
Figure 2 presents a summary of the different modules of

our reference architecture and the functionality of each mod-
ule. In addition to the three major modules described above,
the weHelp reference architecture also contains two other
components described here.

The Database component is used as a data store for the
user activities. The Watcher module sends the logs of user
activities to the database. The Learner module uses this
database to infer the recommendations, which are then sent
to the user via the Advisor module.

Depending on the problem domain, security and privacy
issues can be critical as the recommendations provided by
the system may be used to identify individual users or invade
the privacy of users by inferring how a particular user uses
the system. The Security and Privacy Layer can be
used to provide the necessary functionality to ensure that
the users’ privacy is maintained and that security threats
are mitigated.

Of course, a recommendation system is not useful with-
out users in the so-called “user cloud”. Broadly speaking,
users can be separated into two types: those from whom the

Watcher
• Monitor users’ activities
• Generate a representation of the user activities
• Periodically send user activity logs to database
• Optional Plugins:

� Allow users to provide extra domain specific information
� Allow users to rate certain activities

Learner
• Infer patterns and/or recommendations
• Optional Plugins:

� Different ranking algorithms and constraint-based search
� Generate overall statistics
� Weigh user data
� Optimizations such as caching

Advisor
• Provide recommendations using different UI options
• Optional Plugins:

� Allow the user to rate the recommendations
� Allow users to provide feedback to other users

Other Components
• Database
• Security and Privacy Layer

Figure 2: Summary of weHelp modules

recommendation system learns, and those who benefit from
the aggregated knowledge. Sometimes those user groups can
overlap. For instance, in genSpace all users are considered
the same: anyone can contribute to the store of knowledge,
and anyone can benefit from it.

On the other hand, sometimes these user roles can be ex-
plicit. For instance, in COMPASS, users can either be “gu-
rus” (those whose parallelization activities have been moni-
tored) or “novices” (those who are trying to parallelize code
and need assistance).

Retina presents an interesting case of user roles. In Retina,
there are instructors and students; however, unlike in the
case of COMPASS, Retina does not attempt to learn from
the instructors. Rather, Retina learns from the students and
then makes recommendations to other students. But the in-
structor can receive recommendations, too. Because Retina
observes what the students have done, it can make recom-
mendations to the instructor, for instance which topics to
spend more time discussing, or whether the assignment is
too difficult.

4. ANALYSIS
In this section, we discuss various types of recommender

systems and see how their architectures map closely to the
weHelp reference architecture.

4.1 Published Architectures
There has been a variety of research on recommender sys-

tem architectures [23]. However, to the best of our knowl-
edge there is no definitive work that describes a generic
end-to-end architecture for recommender systems. This sec-
tion briefly describes a few systems classified by different
approaches for developing recommender systems, and com-
pares them to our reference architecture.

The most common and well-known approach for imple-
menting recommender systems is “collaborative filtering”.
Collaborative filtering [18] summarizes preferences of users
in order to make suggestions to other users User prefer-
ences can be either explicit, wherein the user explicitly states



whether or not she likes a given item; or they can be implicit,
whereby the usage data is analyzed to infer the popularity of
the item based on statistics, such as the number of queries,
number of sales, or links associated with the given item.

Initial work in collaborative filtering systems includes sys-
tems such as Tapestry [15] (filtering e-mails), GroupLens [32]
(filtering news articles) and ringo [34] (recommending music
CDs). The GroupLens system is used to suggest relevant
news articles to users. In the Watcher module of the Grou-
pLens system, we could observe users rating the articles.
The Learner predicts how much the user will like an article
based upon different scores (ratings) provided by previous
users. The Advisor translates the predictions made by the
learner into letter grades to give a prediction of how much
the user would be interested in the article.

Another approach commonly used in recommender sys-
tems is a content-based approach [4], whereby systems rec-
ommend an item to a user based on its attributes and the
user’s profile. User profiles are derived from learning models
such as decision trees or Naive Bayes and are used to support
long-term models based on features (attributes) of objects
rated by users. This approach has the advantage of being
able to recommend previously unrated items to users. Take,
for example, the book recommender by Mooney et al. [25].
The Watcher module in their system can be used to observe
explicit ratings done by the user. The Learner module, on
the other hand, could implement and maintain models based
on user profiles. In addition to providing the suggestions to
the user, the Advisor module is also used to gather feedback
and assist in the learning phase of the Learner module.

4.2 Inferred architectures
We had used Amazon as a running example in section 3

and discussed how its architecture maps to weHelp.
Facebook [12] 2 is a well known social networking website,

which uses social networking patterns to suggest friends, and
groups that the user might be interested in. The Watcher
module in Facebook can be imagined to keep a log of the
users’ friends and groups. The Learner module can then use
a variety of aggregation and mining algorithms to infer the
people that a user may know or groups that she may be
interested in. The Advisor, through the HTML interface,
shows these recommendations to the user.

4.3 Limitations
One of the approaches towards developing recommender

systems is a knowledge-based approach. These systems are
very similar to expert systems and may not utilize any as-
pects of social networking. Knowledge-based recommen-
dation systems use domain knowledge to gather inferences
about the requirements of the user and to understand how a
particular item meets a user’s need. The Entree [6] restau-
rant recommender system uses a rule-based system to give a
range of suggestions to its users. A limitation of the weHelp
architecture is that systems that depend purely on domain
knowledge and do not use any knowledge gained from usage
data cannot be mapped to the weHelp reference architec-
ture. In knowledge based recommender systems there will
be no Watcher module that keeps track of user activities,
the rule-based logic could be a part of the Learner, and the
Advisor displays the suggestions to the user.

2The authors have no affiliation with Facebook and have
inferred the architecture from usage.

5. CONCLUSION
We have described a reference architecture for community

driven recommender systems. Our reference architecture,
weHelp, is designed to be generic and domain agnostic. We
have described the various components of our architecture
and their functionality. We have also discussed how a va-
riety of recommender systems’ architectures map closely to
weHelp. Some of the future challenges would involve ex-
panding on and providing more concrete modules for the
Security and Privacy layer.

We are seeking community involvement towards a future
improved reference architecture, to further community re-
search and development. We hope that the community can
help in designing standard interfaces and developing com-
ponents that adhere to these interfaces to enable interoper-
ability among recommender system components. We have
set up a mailing list for this purpose, wehelp@lists.cs.

columbia.edu, and we invite everyone to join this mailing
list and participate in the design.
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