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Outline

• Social Search Engine

• Social Recommender Systems

• Social Media Analysis
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Macro Definition

• Search in

• Shared bookmarks

• Collaborative directories

• Collaborative news/opinions

• Social Q&A sites

• etc...
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Micro Definition
Leveraging Your Social Networks for Searching
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Leveraging All Kinds of Web 
Accounts
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Google’s Social Search
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Google’s Social Search
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Aardvark
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Evolution of Search

• Question

• Contents

• Machine Intelligence (Dialog systems)

• People

• Friends

• Hybrid



Introduction to Social Computing, Irwin King,  2010 EII PhD School: Cloud Computing, Service Computing 
& Social Networks, November 23-27, 2010, Brisbane, Australia

The Anatomy of A Large-Scale Social Search Engine

[D. Horowitz et al., WWW2010]
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• Main components

• Crawler and Indexer

• Query Analyzer

• Ranking Function

• UI

2. Query Analyzer. To understand the user’s information

need (Section 3.4).

3. Ranking Function. To select the best resources to pro-

vide the information (Section 3.5).

4. UI. To present the information to the user in an ac-

cessible and interactive form (Section 3.6).

Most corpus-based search engines have similar key com-

ponents with similar aims [4], but the means of achieving

those aims are quite different.

Before discussing the anatomy of Aardvark in depth, it is

useful to describe what happens behind the scenes when a

new user joins Aardvark and when a user asks a question.

2.2 The Initiation of a User
When a new user first joins Aardvark, the Aardvark sys-

tem performs a number of indexing steps in order to be able

to direct the appropriate questions to her for answering.

Because questions in Aardvark are routed to the user’s ex-

tended network, the first step involves indexing friendship

and affiliation information. The data structure responsible

for this is the Social Graph. Aardvark’s aim is not to build

a social network, but rather to allow people to make use of

their existing social networks. As such, in the sign-up pro-

cess, a new user has the option of connecting to a social net-

work such as Facebook or LinkedIn, importing their contact

lists from a webmail program, or manually inviting friends

to join. Additionally, anybody whom the user invites to

join Aardvark is appended to their Social Graph – and such

invitations are a major source of new users. Finally, Aard-

vark users are connected through common “groups” which

reflect real-world affiliations they have, such as the schools

they have attended and the companies they have worked

at; these groups can be imported automatically from social

networks, or manually created by users. Aardvark indexes

this information and stores it in the Social Graph, which is

a fixed width ISAM index sorted by userId.

Simultaneously, Aardvark indexes the topics about which

the new user has some level of knowledge or experience.

This topical expertise can be garnered from several sources:

a user can indicate topics in which he believes himself to

have expertise; a user’s friends can indicate which topics

they trust the user’s opinions about; a user can specify an

existing structured profile page from which the Topic Parser
parses additional topics; a user can specify an account on

which they regularly post status updates (e.g., Twitter or

Facebook), from which the Topic Extractor extracts top-

ics (from unstructured text) in an ongoing basis (see Sec-

tion 3.3 for more discussion); and finally, Aardvark observes

the user’s behavior on Aardvark, in answering (or electing

not to answer) questions about particular topics.

The set of topics associated with a user is recorded in

the Forward Index, which stores each userId, a scored list of

topics, and a series of further scores about a user’s behavior

(e.g., responsiveness or answer quality). From the Forward

Index, Aardvark constructs an Inverted Index. The Inverted

Index stores each topicId and a scored list of userIds that

have expertise in that topic. In addition to topics, the In-

verted Index stores scored lists of userIds for features like

answer quality and response time.

Once the Inverted Index and Social Graph for a user are

created, the user is now active on the system and ready to

ask her first question.
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Figure 1: Schematic of the architecture of Aardvark

2.3 The Life of a Query
A user begins by asking a question, most commonly through

instant message or text message The question gets sent from

the input device to the Transport Layer, where it is normal-

ized to a Message data structure, and sent to the Conversa-
tion Manager. Once the Conversation Manager determines

that the message is a question, it sends the question to the

Question Analyzer to determine the appropriate topics for

the question. The Conversation Manager informs the asker

which primary topic was determined for the question, and

gives the asker the opportunity to edit it. It simultaneously

issues a Routing Suggestion Request to the Routing Engine.
The routing engine plays a role analogous to the ranking

function in a corpus-based search engine. It accesses the

Inverted Index and Social Graph for a list of candidate an-

swerers, and ranks them to reflect how well it believes they

can answer the question, and how good of a match they

are for the asker. The Routing Engine returns a ranked list

of Routing Suggestions to the Conversation Manager, which

then contacts the potential answerers — one by one, or a

few at a time, depending upon a Routing Policy — and asks

them if they would like to answer the question, until a sat-

isfactory answer is found. The Conversation Manager then

forwards this answer along to the asker, and allows the asker

and answerer to exchange followup messages.

3. ANATOMY

3.1 The Model
The core of Aardvark is a statistical model for routing

questions to potential answerers. We use a network variant

of what has been called an aspect model [12], that has two

primary features. First, it associates an unobserved class

variable t ∈ T with each observation (i.e., the successful

answer of question q by user ui). In other words, the proba-

bility p(ui|q) that user i will successfully answer question q
depends on whether q is about the topics t in which ui has

expertise
1
:

p(ui|q) =

X

t∈T

p(ui|t)p(t|q) (1)

1
Equation 1 is a simplification of what Aardvark actually

uses to match queries to answerers, but we present it this

way for clarity and conciseness.

The Anatomy of A Large-Scale Social Search Engine

[D. Horowitz et al., WWW2010]
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• The model

• With the topics T, the probability that user i will 
successfully answer question q is defined as 

• Given a question q from user j, return a ranked list of 
user i that maximizes

[D. Horowitz et al., WWW2010]
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instant message or text message The question gets sent from

the input device to the Transport Layer, where it is normal-

ized to a Message data structure, and sent to the Conversa-
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Question Analyzer to determine the appropriate topics for

the question. The Conversation Manager informs the asker

which primary topic was determined for the question, and

gives the asker the opportunity to edit it. It simultaneously

issues a Routing Suggestion Request to the Routing Engine.
The routing engine plays a role analogous to the ranking

function in a corpus-based search engine. It accesses the
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then contacts the potential answerers — one by one, or a

few at a time, depending upon a Routing Policy — and asks

them if they would like to answer the question, until a sat-

isfactory answer is found. The Conversation Manager then

forwards this answer along to the asker, and allows the asker

and answerer to exchange followup messages.

3. ANATOMY

3.1 The Model
The core of Aardvark is a statistical model for routing

questions to potential answerers. We use a network variant

of what has been called an aspect model [12], that has two

primary features. First, it associates an unobserved class

variable t ∈ T with each observation (i.e., the successful

answer of question q by user ui). In other words, the proba-

bility p(ui|q) that user i will successfully answer question q
depends on whether q is about the topics t in which ui has

expertise
1
:

p(ui|q) =

X

t∈T

p(ui|t)p(t|q) (1)

1
Equation 1 is a simplification of what Aardvark actually

uses to match queries to answerers, but we present it this

way for clarity and conciseness.

The second main feature of the model is that it defines

a query-independent probability of success for each poten-

tial asker/answerer pair (ui, uj), based upon their degree of

social connectedness and profile similarity. In other words,

we define a probability p(ui|uj) that user ui will deliver a

satisfying answer to user uj , regardless of the question.

We then define the scoring function s(ui, uj , q) as the com-

position of the two probabilities.

s(ui, uj , q) = p(ui|uj) · p(ui|q) = p(ui|uj)

X

t∈T

p(ui|t)p(t|q)

(2)

Our goal in the ranking problem is: given a question q
from user uj , return a ranked list of users ui ∈ U that

maximizes s(ui, uj , q).
Note that the scoring function is composed of a query-

dependent relevance score p(ui|q) and a query-independent

quality score p(ui|uj). This bears similarity to the ranking

functions of traditional corpus-based search engines such as

Google [4]. The difference is that unlike quality scores like

PageRank [18], Aardvark’s quality score aims to measure

intimacy rather than authority. And unlike the relevance

scores in corpus-based search engines, Aardvark’s relevance

score aims to measure a user’s potential to answer a query,

rather than a document’s existing capability to answer a

query.

Computationally, this scoring function has a number of

advantages. It allows real-time routing because it pushes

much of the computation offline. The only component prob-

ability that needs to be computed at query time is p(t|q).
Computing p(t|q) is equivalent to assigning topics to a ques-

tion — in Aardvark we do this by running a probabilistic

classifier on the question at query time (see Section 3.4).

The distribution p(ui|t) assigns users to topics, and the dis-

tribution p(ui|uj) defines the Aardvark Social Graph. Both

of these are computed by the Indexer at signup time, and

then updated continuously in the background as users an-

swer questions and get feedback (see Section 3.3). The com-

ponent multiplications and sorting are also done at query

time, but these are easily parallelizable, as the index is

sharded by user.

3.2 Social Crawling
A comprehensive knowledge base is important for search

engines as query distributions tend to have a long tail [13].

In corpus-based search engines, this is achieved by large-

scale crawlers and thoughtful crawl policies. In Aardvark,

the knowledge base consists of people rather than docu-

ments, so the methods for acquiring and expanding a com-

prehensive knowledge base are quite different.

With Aardvark, the more active users there are, the more

potential answerers there are, and therefore the more com-

prehensive the coverage. More importantly, because Aard-

vark looks for answerers primarily within a user’s extended

social network, the denser the network, the larger the effec-

tive knowledge base.

This suggests that the strategy for increasing the knowl-

edge base of Aardvark crucially involves creating a good

experience for users so that they remain active and are in-

clined to invite their friends. An extended discussion of this

is outside of the scope of this paper; we mention it here only

to emphasize the difference in the nature of “crawling” in

social search versus traditional search.

Given a set of active users on Aardvark, the effective

breadth of the Aardvark knowledge base depends upon de-

signing interfaces and algorithms that can collect and learn

an extended topic list for each user over time, as discussed

in the next section.

3.3 Indexing People
The central technical challenge in Aardvark is selecting

the right user to answer a given question from another user.

In order to do this, the two main things Aardvark needs

to learn about each user ui are: (1) the topics t he might

be able to answer questions about psmoothed(t|ui); (2) the

users uj to whom he is connected p(ui|uj).

Topics. Aardvark computes the distribution p(t|ui) of

topics known by user ui from the following sources of infor-

mation:

• Users are prompted to provide at least three topics

which they believe they have expertise about.

• Friends of a user (and the person who invited a user)

are encouraged to provide a few topics that they trust

the user’s opinion about.

• Aardvark parses out topics from users’ existing online

profiles (e.g., Facebook profile pages, if provided). For

such pages with a known structure, a simple Topic

Parsing algorithm uses regular expressions which were

manually devised for specific fields in the pages, based

upon their performance on test data.

• Aardvark automatically extracts topics from unstruc-

tured text on users’ existing online homepages or blogs

if provided. For unstructured text, a linear SVM iden-

tifies the general subject area of the text, while an

ad-hoc named entity extractor is run to extract more

specific topics, scaled by a variant tf-idf score.

• Aardvark automatically extracts topics from users’ sta-

tus message updates (e.g., Twitter messages, Facebook

news feed items, IM status messages, etc.) and from

the messages they send to other users on Aardvark.

The motivation for using these latter sources of profile

topic information is a simple one: if you want to be able

to predict what kind of content a user will generate (i.e.,

p(t|ui)), first examine the content they have generated in

the past. In this spirit, Aardvark uses web content not as a

source of existing answers about a topic, but rather, as an

indicator of the topics about which a user is likely able to

give new answers on demand.

In essence, this involves modeling a user as a content-

generator, with probabilities indicating the likelihood she

will likely respond to questions about given topics. Each

topic in a user profile has an associated score, depending

upon the confidence appropriate to the source of the topic.

In addition, Aardvark learns over time which topics not to

send a user questions about by keeping track of cases when

the user: (1) explicitly “mutes” a topic; (2) declines to an-

swer questions about a topic when given the opportunity;

(3) receives negative feedback on his answer about the topic

from another user.

Periodically, Aardvark will run a topic strengthening algo-

rithm, the essential idea of which is: if a user has expertise

in a topic and most of his friends also have some exper-

tise in that topic, we have more confidence in that user’s
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aardvark:  You there? I have a question about **tennis** that I think 

you might be able to answer.  (Type 'sure', 'pass'‚ or 'busy'.)

me:  sure

aardvark:  (From Michael B./29/M/NewYork,US)

Does anyone know which health clubs in Manhattan have tennis 

courts?  Or are all the good options in the other boroughs?

    (Type 'pass' to skip, or 'more' for extra options.)

me:  why

aardvark:  I thought of you for Michael's question because

    - Michael is a friend of your friend Sally Johnson.

    - You know a lot about **racquet sports** and **fitness**

    - You and he have similar interests in **sports**

    (Type 'more' or change settings at http://vark.com/a/XXXXX)

me:  Well there is always the Midtown Tennis Club on 8th ave @27th 

if you really want to stay in manhattan -- but the quality isn't great.  

You'd do just as well to use the public courts in Central Park.  Or 

another good option is to join NYHRC or NYSC in manhattan, and 

use their courts in other boroughs...

aardvark:  Great -- I've sent that to Michael. Thanks for the fast 

answer! (Type 'Michael:' followed by a message to add something, or 

'more' for options.)

Figure 3: Example of Aardvark interacting with an
answerer

a chat-like interface that enables ongoing conversational in-
teraction. A private 1-to-1 conversation creates an intimacy
which encourages both honesty and freedom within the con-
straints of real-world social norms. (By contrast, answering
forums where there is a public audience can both inhibit po-
tential answerers [17] or motivate public performance rather
than authentic answering behavior [22].) Further, in a real-
time conversation, it is possible for an answerer to request
clarifying information from the asker about her question, or
for the asker to follow-up with further reactions or inquiries
to the answerer.

There are two main interaction flows available in Aard-
vark for answering a question. The primary flow involves
Aardvark sending a user a message (over IM, email, etc.),
asking if she would like to answer a question: for example,
“You there? A friend from the Stanford group has a ques-
tion about *search engine optimization* that I think you
might be able to answer.”. If the user responds affirma-
tively, Aardvark relays the question as well as the name of
the questioner. The user may then simply type an answer
the question, type in a friend’s name or email address to
refer it to someone else who might answer, or simply “pass”
on this request.5

A key benefit of this interaction model is that the avail-
able set of potential answerers is not just whatever users
happen to be visiting a bulletin board at the time a question
is posted, but rather, the entire set of users that Aardvark
has contact information for. Because this kind of “reach-
ing out” to users has the potential to become an unwelcome
interruption if it happens too frequently, Aardvark sends
such requests for answers usually less than once a day to

5There is no shame in “passing” on a question, since nobody
else knows that the question was sent to you. Similarly,
there is no social cost to the user in asking a question, since
you are not directly imposing on a friend or requesting a
favor; rather, Aardvark plays the role of the intermediary
who bears this social cost.

Figure 4: Screenshot of Aardvark Answering Tab on
iPhone

a given user (and users can easily change their contact set-
tings, specifying prefered frequency and time-of-day for such
requests). Further, users can ask Aardvark “why” they were
selected for a particular question, and be given the option to
easily change their profile if they do not want such questions
in the future. This is very much like the real-world model
of social information sharing: the person asking a question,
or the intermediary in Aardvark’s role, is careful not to im-
pose too much upon a possible answerer. The ability to
reach out to an extended network beyond a user’s imme-
diate friendships, without imposing too frequently on that
network, provides a key differentiating experience from sim-
ply posting questions to one’s Twitter or Facebook status
message.

A secondary flow of answering questions is more similar to
traditional bulletin-board style interactions: a user sends a
message to Aardvark (e.g., “try”) or visits the “Answering”
tab of Aardvark website or iPhone application (Figure 4),
and Aardvark shows the user a recent question from her
network which has not yet been answered and is related to
her profile topics. This mode involves the user initiating
the exchange when she is in the mood to try to answer a
question; as such, it has the benefit of an eager potential
answerer – but as the only mode of answering it does not
effectively tap into the full diversity of the user base (since
most users do not initiate these episodes). This is an im-
portant point: while almost everyone is happy to answer
questions (see Section 5) to help their friends or people they
are connected to, not everyone goes out of their way to do so.
This willingness to be helpful persists because when users
do answer questions, they report that it is a very gratifying
experience: they have been selected by Aardvark because
of their expertise, they were able to help someone who had
a need in the moment, and they are frequently thanked for
their help by the asker.

In order to play the role of intermediary in an ongoing
conversation, Aardvark must have some basic conversational
intelligence in order to understand where to direct messages

aardvark:  You there? I have a question about **tennis** that I think 

you might be able to answer.  (Type 'sure', 'pass'‚ or 'busy'.)

me:  sure

aardvark:  (From Michael B./29/M/NewYork,US)

Does anyone know which health clubs in Manhattan have tennis 

courts?  Or are all the good options in the other boroughs?

    (Type 'pass' to skip, or 'more' for extra options.)

me:  why

aardvark:  I thought of you for Michael's question because

    - Michael is a friend of your friend Sally Johnson.

    - You know a lot about **racquet sports** and **fitness**

    - You and he have similar interests in **sports**

    (Type 'more' or change settings at http://vark.com/a/XXXXX)

me:  Well there is always the Midtown Tennis Club on 8th ave @27th 

if you really want to stay in manhattan -- but the quality isn't great.  

You'd do just as well to use the public courts in Central Park.  Or 

another good option is to join NYHRC or NYSC in manhattan, and 

use their courts in other boroughs...

aardvark:  Great -- I've sent that to Michael. Thanks for the fast 

answer! (Type 'Michael:' followed by a message to add something, or 

'more' for options.)

Figure 3: Example of Aardvark interacting with an
answerer
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you are not directly imposing on a friend or requesting a
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a given user (and users can easily change their contact set-
tings, specifying prefered frequency and time-of-day for such
requests). Further, users can ask Aardvark “why” they were
selected for a particular question, and be given the option to
easily change their profile if they do not want such questions
in the future. This is very much like the real-world model
of social information sharing: the person asking a question,
or the intermediary in Aardvark’s role, is careful not to im-
pose too much upon a possible answerer. The ability to
reach out to an extended network beyond a user’s imme-
diate friendships, without imposing too frequently on that
network, provides a key differentiating experience from sim-
ply posting questions to one’s Twitter or Facebook status
message.

A secondary flow of answering questions is more similar to
traditional bulletin-board style interactions: a user sends a
message to Aardvark (e.g., “try”) or visits the “Answering”
tab of Aardvark website or iPhone application (Figure 4),
and Aardvark shows the user a recent question from her
network which has not yet been answered and is related to
her profile topics. This mode involves the user initiating
the exchange when she is in the mood to try to answer a
question; as such, it has the benefit of an eager potential
answerer – but as the only mode of answering it does not
effectively tap into the full diversity of the user base (since
most users do not initiate these episodes). This is an im-
portant point: while almost everyone is happy to answer
questions (see Section 5) to help their friends or people they
are connected to, not everyone goes out of their way to do so.
This willingness to be helpful persists because when users
do answer questions, they report that it is a very gratifying
experience: they have been selected by Aardvark because
of their expertise, they were able to help someone who had
a need in the moment, and they are frequently thanked for
their help by the asker.

In order to play the role of intermediary in an ongoing
conversation, Aardvark must have some basic conversational
intelligence in order to understand where to direct messages
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Figure 7: Aardvark user growth

asker; the second answer came from a coworker; and the

third answer came from a friend-of-friend-of-friend. The

third answer, which is the most detailed, came from a user

who has topics in his profile related to both “restaurants”

and “dating”.

One of the most interesting features of Aardvark is that

it allows askers to get answers that are hypercustomized to

their information need. Very different restaurant recommen-

dations are appropriate for a date with a spunky and spon-

taneous young woman, a post-wedding small formal family

gathering, and a Monday evening business meeting — and

human answerers are able to recognize these constraints. It

is also interesting to note that in most of these examples (as

in the majority of Aardvark questions), the asker took the

time to thank the answerer for helping out.

5. ANALYSIS

The following statistics give a picture of the current usage

and performance of Aardvark.

Aardvark was first made available semi-publicly in a beta

release in March of 2009. From March 1, 2009 to October

20, 2009, the number of users grew to 90,361, having asked

a total of 225,047 questions and given 386,702 answers. All

of the statistics below are taken from the last month of this

period (9/20/2009-10/20/2009).

Aardvark is actively used As of October, 2009, 90,361

users have created accounts on Aardvark, growing or-

ganically from 2,272 users since March 2009. In this

period, 50,526 users (55.9% of the user base) generated

content on Aardvark (i.e., asked or answered a ques-

tion), while 66,658 users (73.8% of the user base) pas-

sively engaged (i.e., either referred or tagged other peo-

ples questions). The average query volume was 3,167.2

questions per day in this period, and the median active

user issued 3.1 queries per month. Figure 7 shows the

number of users per month from early testing through

October 2009.

Mobile users are particularly active Mobile users had

an average of 3.6322 sessions per month, which is sur-

prising on two levels. First, mobile users of Aardvark

are more active than desktop users. (As a point of

comparison, on Google, desktop users are almost 3
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Figure 9: Distribution of questions and answering
times.

times as active as mobile users [14].) Second, mo-

bile users of Aardvark are almost as active in absolute

terms as mobile users of Google (who have on average

5.68 mobile sessions per month [14]). This is quite sur-

prising for a service that has only been available for 6

months.

We believe this is for two reasons. First, browsing

through traditional web search results on a phone is

unwieldy. On a phone, it’s more useful to get a sin-

gle short answer that’s crafted exactly to your query.

Second, people are used to using natural language with

phones, and so Aardvark’s query model feels natural in

that context. These considerations (and early exper-

iments) also suggest that Aardvark mobile users will

be similarly active with voice-based search.

Questions are highly contextualized As compared to web

search, where the average query length is between 2.2

– 2.9 words [14, 19], with Aardvark, the average query

length is 18.6 words (median=13). While some of this

increased length is due to the increased usage of func-

tion words, 45.3% of these words are content words

that give context to the query. In other words, as

compared to traditional web search, Aardvark ques-

tions have 3–4 times as much context.

The addition of context results in a greater diversity of

queries. While in Web search, between 57 and 63% of

queries are unique [19, 20], in Aardvark 98.1% of ques-

tions are unique (and 98.2% of answers are unique).

Questions often have a subjective element A manual

tally of 1000 random questions between March and Oc-

tober of 2009 shows that 64.7% of queries have a sub-

jective element to them (for example, “Do you know of

any great delis in Baltimore, MD?” or “What are the

things/crafts/toys your children have made that made
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asker; the second answer came from a coworker; and the

third answer came from a friend-of-friend-of-friend. The

third answer, which is the most detailed, came from a user

who has topics in his profile related to both “restaurants”

and “dating”.

One of the most interesting features of Aardvark is that

it allows askers to get answers that are hypercustomized to

their information need. Very different restaurant recommen-

dations are appropriate for a date with a spunky and spon-

taneous young woman, a post-wedding small formal family

gathering, and a Monday evening business meeting — and

human answerers are able to recognize these constraints. It

is also interesting to note that in most of these examples (as

in the majority of Aardvark questions), the asker took the

time to thank the answerer for helping out.

5. ANALYSIS

The following statistics give a picture of the current usage

and performance of Aardvark.

Aardvark was first made available semi-publicly in a beta

release in March of 2009. From March 1, 2009 to October

20, 2009, the number of users grew to 90,361, having asked

a total of 225,047 questions and given 386,702 answers. All

of the statistics below are taken from the last month of this

period (9/20/2009-10/20/2009).

Aardvark is actively used As of October, 2009, 90,361

users have created accounts on Aardvark, growing or-

ganically from 2,272 users since March 2009. In this

period, 50,526 users (55.9% of the user base) generated

content on Aardvark (i.e., asked or answered a ques-

tion), while 66,658 users (73.8% of the user base) pas-

sively engaged (i.e., either referred or tagged other peo-

ples questions). The average query volume was 3,167.2

questions per day in this period, and the median active

user issued 3.1 queries per month. Figure 7 shows the

number of users per month from early testing through

October 2009.

Mobile users are particularly active Mobile users had

an average of 3.6322 sessions per month, which is sur-

prising on two levels. First, mobile users of Aardvark

are more active than desktop users. (As a point of

comparison, on Google, desktop users are almost 3
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times as active as mobile users [14].) Second, mo-

bile users of Aardvark are almost as active in absolute

terms as mobile users of Google (who have on average

5.68 mobile sessions per month [14]). This is quite sur-

prising for a service that has only been available for 6

months.

We believe this is for two reasons. First, browsing

through traditional web search results on a phone is

unwieldy. On a phone, it’s more useful to get a sin-

gle short answer that’s crafted exactly to your query.

Second, people are used to using natural language with

phones, and so Aardvark’s query model feels natural in

that context. These considerations (and early exper-

iments) also suggest that Aardvark mobile users will

be similarly active with voice-based search.

Questions are highly contextualized As compared to web

search, where the average query length is between 2.2

– 2.9 words [14, 19], with Aardvark, the average query

length is 18.6 words (median=13). While some of this

increased length is due to the increased usage of func-

tion words, 45.3% of these words are content words

that give context to the query. In other words, as

compared to traditional web search, Aardvark ques-

tions have 3–4 times as much context.

The addition of context results in a greater diversity of

queries. While in Web search, between 57 and 63% of

queries are unique [19, 20], in Aardvark 98.1% of ques-

tions are unique (and 98.2% of answers are unique).

Questions often have a subjective element A manual

tally of 1000 random questions between March and Oc-

tober of 2009 shows that 64.7% of queries have a sub-

jective element to them (for example, “Do you know of

any great delis in Baltimore, MD?” or “What are the

things/crafts/toys your children have made that made
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Figure 10: Distribution of questions and number of
answers received.

them really proud of themselves?”). In particular,

advice or recommendations queries regarding travel,

restaurants, and products are very popular. A large

number of queries are locally oriented. About 10%

of questions related to local services, and 13% dealt

with restaurants and bars. Figure 8 shows the top

categories of questions sent to Aardvark. The distri-

bution is not dissimilar to that found with traditional

web search engines [3], but with a much smaller pro-

portion of reference, factual, and navigational queries,

and a much greater proportion of experience-oriented,

recommendation, local, and advice queries.

Questions get answered quickly 87.7% of questions sub-

mitted to Aardvark received at least 1 answer, and

57.2% received their first answer in less than 10 min-

utes. On average, a question received 2.08 answers

(Figure 10),
7

and the median answering time was 6

minutes and 37 seconds (Figure 9). By contrast, on

public question and answer forums such as Yahoo! An-

swers [11] most questions are not answered within the

first 10 minutes, and for questions asked on Facebook,

only 15.7% of questions are answered within 15 min-

utes [17]. (Of course, corpus-based search engines such

as Google return results in milliseconds, but many of

the types of questions that are asked from Aardvark

require extensive browsing and query refinement when

asked on corpus-based search engines.)

Answers are high quality Aardvark answers are both com-

prehensive and concise. The median answer length

was 22.2 words; 22.9% of answers were over 50 words

(the length of a paragraph); and 9.1% of answers in-

cluded hypertext links in them. 70.4% of inline feed-

back which askers provided on the answers they re-

ceived rated the answers as ‘good’, 14.1% rated the

answers as ‘OK’, and 15.5% rated the answers as ‘bad’.

There are a broad range of answerers 78,343 users (86.7%

of users) have been contacted by Aardvark with a re-

quest to answer a question, and of those, 70% have

7
A question may receive more than one answer when the

Routing Policy allows Aardvark to contact more than one

candidate answerer in parallel for a given question, or when

the asker resubmits their question to request a second opin-

ion.
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Figure 11: Distribution of percentage of users and
number of topics

asked to look at the question, and 38.0% have been

able to answer. Additionally, 15,301 users (16.9% of

all users) have contacted Aardvark of their own initia-

tive to try answering a question (see Section 3.6 for

an explanation of these two modes of answering ques-

tions). Altogether, 45,160 users (50.0% of the total

user base) have answered a question; this is 75% of all

users who interacted with Aardvark at all in the pe-

riod (66,658 users). As a comparison, only 27% of Ya-

hoo! Answers users have ever answered a question [11].

While a smaller portion of the Aardvark user base is

much more active in answering questions – approxi-

mately 20% of the user base is responsible for 85% of

the total number of answers delivered to date – the dis-

tribution of answers across the user base is far broader

than on a typical user-generated-content site [11].

Social Proximity Matters Of questions that were routed

to somebody in the asker’s social network (most com-

monly a friend of a friend), 76% of the inline feedback

rated the answer as ‘good’, whereas for those answers

that came from outside the asker’s social network, 68%

of them were rated as ‘good’.

People are indexable 97.7% of the user base has at least

3 topics in their profiles, and the median user has 9

topics in her profile. In sum, Aardvark users added

1,199,323 topics to their profiles; not counting over-

lapping topics, this yields a total of 174,605 distinct

topics which the current Aardvark user base has ex-

pertise in. The currently most popular topics in user

profiles in Aardvark are “music”, “movies”, “technol-

ogy”, and “cooking”, but in general most topics are

as specific as “logo design” and “San Francisco pickup

soccer”.

6. EVALUATION

To evaluate social search compared to web search, we ran

a side-by-side experiment with Google on a random sample

of Aardvark queries. We inserted a “Tip” into a random

sample of active questions on Aardvark that read: ”Do you

want to help Aardvark run an experiment?” with a link to

an instruction page that asked the user to reformulate their

question as a keyword query and search on Google. We

asked the users to time how long it took to find a satisfac-

tory answer on both Aardvark and Google, and to rate the

answers from both on a 1-5 scale. If it took longer than 10

minutes to find a satisfactory answer, we instructed the user

to give up. Of the 200 responders in the experiment set, we
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them really proud of themselves?”). In particular,

advice or recommendations queries regarding travel,

restaurants, and products are very popular. A large

number of queries are locally oriented. About 10%

of questions related to local services, and 13% dealt

with restaurants and bars. Figure 8 shows the top

categories of questions sent to Aardvark. The distri-

bution is not dissimilar to that found with traditional

web search engines [3], but with a much smaller pro-

portion of reference, factual, and navigational queries,

and a much greater proportion of experience-oriented,

recommendation, local, and advice queries.

Questions get answered quickly 87.7% of questions sub-

mitted to Aardvark received at least 1 answer, and

57.2% received their first answer in less than 10 min-

utes. On average, a question received 2.08 answers

(Figure 10),
7

and the median answering time was 6

minutes and 37 seconds (Figure 9). By contrast, on

public question and answer forums such as Yahoo! An-

swers [11] most questions are not answered within the

first 10 minutes, and for questions asked on Facebook,

only 15.7% of questions are answered within 15 min-

utes [17]. (Of course, corpus-based search engines such

as Google return results in milliseconds, but many of

the types of questions that are asked from Aardvark

require extensive browsing and query refinement when

asked on corpus-based search engines.)

Answers are high quality Aardvark answers are both com-

prehensive and concise. The median answer length

was 22.2 words; 22.9% of answers were over 50 words

(the length of a paragraph); and 9.1% of answers in-

cluded hypertext links in them. 70.4% of inline feed-

back which askers provided on the answers they re-

ceived rated the answers as ‘good’, 14.1% rated the

answers as ‘OK’, and 15.5% rated the answers as ‘bad’.

There are a broad range of answerers 78,343 users (86.7%

of users) have been contacted by Aardvark with a re-

quest to answer a question, and of those, 70% have

7
A question may receive more than one answer when the

Routing Policy allows Aardvark to contact more than one

candidate answerer in parallel for a given question, or when

the asker resubmits their question to request a second opin-

ion.
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asked to look at the question, and 38.0% have been

able to answer. Additionally, 15,301 users (16.9% of

all users) have contacted Aardvark of their own initia-

tive to try answering a question (see Section 3.6 for

an explanation of these two modes of answering ques-

tions). Altogether, 45,160 users (50.0% of the total

user base) have answered a question; this is 75% of all

users who interacted with Aardvark at all in the pe-

riod (66,658 users). As a comparison, only 27% of Ya-

hoo! Answers users have ever answered a question [11].

While a smaller portion of the Aardvark user base is

much more active in answering questions – approxi-

mately 20% of the user base is responsible for 85% of

the total number of answers delivered to date – the dis-

tribution of answers across the user base is far broader

than on a typical user-generated-content site [11].

Social Proximity Matters Of questions that were routed

to somebody in the asker’s social network (most com-

monly a friend of a friend), 76% of the inline feedback

rated the answer as ‘good’, whereas for those answers

that came from outside the asker’s social network, 68%

of them were rated as ‘good’.

People are indexable 97.7% of the user base has at least

3 topics in their profiles, and the median user has 9

topics in her profile. In sum, Aardvark users added

1,199,323 topics to their profiles; not counting over-

lapping topics, this yields a total of 174,605 distinct

topics which the current Aardvark user base has ex-

pertise in. The currently most popular topics in user

profiles in Aardvark are “music”, “movies”, “technol-

ogy”, and “cooking”, but in general most topics are

as specific as “logo design” and “San Francisco pickup

soccer”.

6. EVALUATION

To evaluate social search compared to web search, we ran

a side-by-side experiment with Google on a random sample

of Aardvark queries. We inserted a “Tip” into a random

sample of active questions on Aardvark that read: ”Do you

want to help Aardvark run an experiment?” with a link to

an instruction page that asked the user to reformulate their

question as a keyword query and search on Google. We

asked the users to time how long it took to find a satisfac-

tory answer on both Aardvark and Google, and to rate the

answers from both on a 1-5 scale. If it took longer than 10

minutes to find a satisfactory answer, we instructed the user

to give up. Of the 200 responders in the experiment set, we
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Outline 

• Social Search Engine

• Social Recommender Systems

• Social Media Analysis
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Social Recommender Systems

• Introduction

• Collaborative Filtering

• Trust-aware Recommender Systems

• Social-based Recommender Systems
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How Much Information Is on the Web?
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Information Overload
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Real Life Examples
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Real Life Examples

Five scales rating
                          I hate it
                          I don’t like it
                          It’s ok
                          I like it
                          I love it
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Real Life Examples
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Real Life Examples
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Basic Approaches
• Content-based Filtering 

• Recommend items based on key-words

• More appropriate for information retrieval

• Collaborative Filtering (CF)

• Look at users with similar rating styles

• Look at similar items for each item

Underling assumption: personal tastes are correlated-- 
Active user will prefer those items which the similar 

users prefer.
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Framework
Items

Users

• The tasks

• Find the unknown rating?

• Which item should be recommended?

 i1  i2 ij im
u1

u2 1 3 4 2 5 3 4

ui 3 4  rij 3 4 3 4 4

un 1 3 5 2 4 1 3
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Social Recommender Systems

• Introduction

• Collaborative Filtering

• Trust-aware Recommender Systems

• Social-based Recommender Systems
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Collaborative Filtering

• Memory-based (Neighborhood-based)

• User-based

• Item-based

• Model-based

• Clustering Methods

• Bayesian Methods

• Matrix Factorization

• etc.
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User-User Similarity

5

4
3

3
2

?

Q1: How to measure 
the similarity?

Q2: How to 
select neighbors?

target
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User-based Collaborative Filtering
Items

Users

u1

u2 1 3 4 2 5 3 4

u3

u4 3 4 3 4 3 4 4

u5

u6 1 3 5 2 4 1 3
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User-based Collaborative Filtering
Items

Users

u1

u2 1 3 4 2 5 3 4

u3

u4 3 4 3 4 3 4 4

u5

u6 1 3 5 2 4 1 3
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User-based Collaborative Filtering
Items

Users

u1

u2 1 3 4 2 5 3 4

u3

u4 3 4 3 4 3 4 4

u5

u6 1 3 5 2 4 1 3
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User-based Collaborative Filtering
Items

Users
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u2 1 3 4 2 5 3 4

u3

u4 3 4 3 4 3 4 4
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User-based Collaborative Filtering
Items

Users

u1

u2 1 3 4 2 5 3 4

u3

u4 3 4 3 4 3 4 4

u5

u6 1 3 5 2 4 1 3
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User-based Collaborative Filtering
• Predict the ratings of active users based on the ratings 

of similar users found in the user-item matrix

• Pearson correlation coefficient

• Cosine measure

w(a, i) =
�

j(raj − r̄a)(rij − r̄i)��
j(raj − r̄a)2

�
j(rij − r̄i)2

j ∈ I(a) ∩ I(i)

c(a, i) =
ra · ri

||ra||2 ∗ ||ri||2
ui 1 3 4 2 5 3 4

ua 3 4 3 4 3 4 4

1 3 5 2 4 1 3
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Collaborative Filtering

• Memory-based (Neighborhood-based)

• User-based

• Item-based

• Model-based

• Clustering Methods

• Bayesian Methods

• Matrix Factorization

• etc.
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Item-Item Similarity

• Search for similarities among items

• Item-Item similarity is more stable than user-user 
similarity
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Correlation-based Methods

• Same as in user-user similarity but on item vectors

• Pearson correlation coefficient

• Look for users who rated both items

• u: users rated both items

sij =
�

u(ruj − r̄j)(rui − r̄i)��
u(ruj − r̄j)2

�
u(rui − r̄i)2

 i1  i2 ii ij im

u1

u2 1 3 4 2 5 3 4

ui 3 4 3 4 3 4 4

un 1 3 5 2 4 1 3

[Sarwar, 2001]
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Collaborative Filtering

• Memory-based (Neighborhood-based)

• User-based

• Item-based

• Model-based

• Clustering Methods

• Bayesian Methods

• Matrix Factorization

• etc...
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Matrix Factorization
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Matrix Factorization

• Matrix Factorization in Collaborative Filtering

• To fit the product of two (low rank) matrices to the 
observed rating matrix.  

• To find two latent user and item feature matrices.

• To use the fitted matrix to predict the unobserved ratings. 

Instruction

! Definition of MF in CF:
" To fit the product of two (low rank) matrices to the observed 

rating matrix.  

" To find two latent user and item feature matrices.

" To use the fitted matrix to predict the unobserved ratings.

11 1 11 1

1 1

k n

m mk k kn

u u v v

Y UV

u u v v

! "! "
# $# $

% & # $# $
# $# $
' (' (

! !

" # " " # "

$ $

Item-specific latent 

feature column vector
User-specific latent 

feature vector
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Matrix Factorization

• Optimization Problem

• Given a m x n rating matrix R,  to find two matrices
                 and                 ,

where                      , is the number of factors
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Matrix Factorization

• Models

• SVD-like Algorithm

• Regularized Matrix Factorization (RMF)

• Probabilistic Matrix Factorization (PMF)

• Non-negative Matrix Factorization (NMF)
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SVD-like Algorithm

• Minimizing

• For collaborative filtering

where     is the indicator function that is equal to 1 if 
user ui rated item vj and equal to 0 otherwise.
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Regularized Matrix Factorization
• Minimize the loss based on the observed ratings with 

regularization terms to avoid over-fitting problem

where                 . 

• The problem can be solved by simple gradient descent 
algorithm.

Regularization terms
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Regularized Matrix Factorization
• Algorithm for RMF

• Not convex & local optimal

• Gradient-decent algorithm

• Gradient computation with randomly initialized U and V

• Update U and V alternatively

MF Models in CF

! Algorithm for RMF

" Not Convex & Local Optimal.

" Gradient decent algorithm:

! Step 1: Gradient computation with randomly 

initial U and V:

!

!

|( , )

|( , )

( )

( )

il ij ij jl

j i j Sil

il ij ij jl

j i j Sil

L
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L
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v
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!

"

"
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MF Models in CF

! Gradient Decent Algorithm for RMF:

" Step 2: Update U and V alternatively

is the step size of gradient decent.
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Probabilistic Matrix Factorization

• PMF

• Define a conditional distribution over the observed ratings 
as:
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Probabilistic Matrix Factorization

• PMF

• Assume zero-mean spherical Gaussian priors on user and 
item feature:
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Probabilistic Matrix Factorization

• PMF

• Bayesian inference
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Non-negative Matrix Factorization

• NMF

• Given an observed matrix Y, to find two non-negative 
matrices U and V

• Two types of loss functions

• Squared error function

• Divergence

• Solving by multiplicative updating rules
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Social Recommender Systems

• Introduction

• Collaborative Filtering

• Trust-aware Recommender Systems

• Social-based Recommender Systems
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Challenges
•Data sparsity problem

My Blueberry Nights (2008)
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Challenges
My Movie Ratings
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Number of Ratings per User

Extracted From Epinions.com
114,222 users, 754,987 items and 13,385,713 ratings
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Challenges
•Traditional recommender systems ignore the social 

connections between users

Which 
one should I 

choose?

Recommendations 
from friends
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Social Recommendation Using 
Probabilistic Matrix Factorization

[Hao Ma, et al., CIKM2008]
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Motivations
• “Yes, there is a correlation - from social networks to 

personal behavior on the web”

Parag Singla and Matthew Richardson (WWW’08)

• Analyze the who talks to whom social network over 10 
million people with their related search results

• People who chat with each other are more likely to share 
the same or similar interests

• To improve the recommendation accuracy and solve the 
data sparsity problem, users’ social network should be 
taken into consideration
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Social Trust Graph User-Item Rating Matrix

Problem Definition
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R. Salakhutdinov and A. Mnih (NIPS’08)

User-Item Matrix Factorization
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SoRec

SoRec
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SoRec
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SoRec
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• For the Objective Function

•For     , the complexity is 

• For     , the complexity is

• For     , the complexity is  

• In general, the complexity of our method is linear with the 
observations in these two matrices

Complexity Analysis
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• Lack of interpretability

• Does not reflect the real-
world recommendation 
process

SoRec

Disadvantages of SoRec
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Learning to Recommend with Social Trust Ensemble

[Hao Ma, et al., SIGIR2009]
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1st Motivation
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 1st Motivation
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1st Motivation

•Users have their own characteristics, and they have 
different tastes on different items, such as movies, 
books, music, articles, food, etc.
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Where to have 
dinner? Ask

Ask

Ask

Good

Very 
Good

Cheap & 
Delicious 

2nd Motivation
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2nd Motivation

•Users can be easily influenced by the friends they 
trust, and prefer their friends’ recommendations.

Where to have 
dinner? Ask

Ask

Ask

Good

Very Good

Cheap & Delicious 
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•Users have their own characteristics, and they have 
different tastes on different items, such as movies, books, 
music, articles, food, etc.

•Users can be easily influenced by the friends they trust, 
and prefer their friends’ recommendations.

•One user’s final decision is the balance between his/her 
own taste and his/her trusted friends’ favors.

Motivations
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[R. Salakhutdinov, et al., NIPS2008]

User-Item Matrix Factorization
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Recommendations by Trusted Friends
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Recommendation with Social Trust Ensemble
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Recommendation with Social Trust Ensemble
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• In general, the complexity of this method is linear with 
the observations the user-item matrix

Complexity
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• 51,670 users who rated 83,509 items with totally 
631,064 ratings

•Rating Density 0.015%

•The total number of issued trust statements is 511,799

Epinions Dataset
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•Mean Absolute Error and Root Mean Square Error

Metrics
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NMF --- D. D. Lee and H. S. Seung (Nature 1999)
PMF --- R. Salakhutdinov and A. Mnih (NIPS 2008)

SoRec --- H. Ma, H. Yang, M. R. Lyu and I. King (CIKM 2008)
Trust, RSTE --- H. Ma, I. King and M. R. Lyu (SIGIR 2009)

Comparisons
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•Group all the users based on the number of observed 
ratings in the training data

•6 classes: “1 − 10”, “11 − 20”, “21 − 40”, “41 − 80”, “81 − 
160”, “> 160”,

Performance on Different Users
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Performance on Different Users
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Impact of Parameter Alpha 
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MAE and RMSE Changes with Iterations

90% as Training Data
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• Improving Recommender Systems Using Social Tags

MovieLens Dataset
71,567 users,  10,681 movies,  

10,000,054 ratings, 95,580 tags

Further Discussion of SoRec
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Further Discussion of SoRec

• MAE
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Further Discussion of SoRec

• RMSE
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•Relationship with Neighborhood-based methods

•The trusted friends are actually the 
explicit neighbors

•We can easily apply this method to 
include implicit neighbors

•Using PCC to calculate similar users 
for every user

Further Discussion of RSTE
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• Propagation of trust

What We Cannot Model Using SoRec and RSTE?

•Distrust
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Recommend with Social Distrust
[Hao Ma, et al., RecSys2009]
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•Users’ distrust relations can be interpreted as the 
“dissimilar” relations

•On the web, user Ui distrusts user Ud indicates that user Ui 
disagrees with most of the opinions issued by user Ud.

Distrust
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Distrust
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•Users’ trust relations can be interpreted as the “similar” 
relations

•On the web, user Ui trusts user Ut indicates that user Ui 
agrees with most of the opinions issued by user Ut.

Trust
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Trust



Introduction to Social Computing, Irwin King,  2010 EII PhD School: Cloud Computing, Service Computing 
& Social Networks, November 23-27, 2010, Brisbane, Australia

Trust Propagation
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Distrust Propagation?
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•Dataset - Epinions

•131,580 users, 755,137 items, 13,430,209 ratings

•717,129 trust relations, 123,670 distrust relations

Experiments
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Data Statistics
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RMSE

Experiments



Introduction to Social Computing, Irwin King,  2010 EII PhD School: Cloud Computing, Service Computing 
& Social Networks, November 23-27, 2010, Brisbane, Australia

Alpha = 0.01 will get the best performance!
Parameter beta basically shares the same trend!

Impact of Parameters
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Social Recommender Systems

• Introduction

• Collaborative Filtering

• Trust-aware Recommender Systems

• Social-based Recommender Systems
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Comparison
• Trust-aware 

Recommender 
systems

• Trust network

• Trust relations can be 
treated as “similar” 
relations

• Few dataset available 
on the web

• Social-based 
Recommender 
Systems

• Social friend network, 
mutual relations

• Friends are very 
divers, and may have 
different tastes

• Lots of web sites have 
social network 
implementation
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Outline 

• Introduction

• Social Search Engine

• Social Recommender Systems

• Social Media Analysis
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Social Media Analysis

• Social Media Ranking

• Tag Recommendation

• News Recommendation

• User Recommendation

• Twitter-powered Recommendation
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Social Media Ranking

• Pulse Rank - OneRiot

• Reddit Algorithm

• Digg Algorithm

• Google’s Page Rank
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Pulse Rank - OneRiot
• A realtime web search engine, which archives and makes 

searchable news, videos and blogs being discussed on 
the web, ordered to reflect current social relevance.
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Pulse Rank - OneRiot

• “Pulse Rank” algorithm looks at dozens of factors that 
give “weight” to certain results

• Freshness: Is the most recently published content 
necessarily the most relevant?

• Domain Authority: An article about Obama on New 
York Times should weight higher than the article on my blog.

• People Authority: Who is sharing this link on the social 
web?

• Acceleration: Is this page increasing in hotness or 
decreasing in hotness?

From http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/

http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/
http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/
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Reddit Algorithm
• Reddit is a social news website on which users can post links 

to content on the Internet. Other users may then vote the 
posted links up or down, causing them to become more or less 
prominent on the reddit home page.
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Reddit Algorithm

• Time differences

• Differences of the up votes and down votes

• Ranking functions

From http://uggedal.com/reddit.cf.algorithm.png

ts = A−B

x = U −D

y =






1 if x > 0
0 if x = 0
−1 if x < 0

z =
�

|x| if |x| ≥ 1
1 if x < 1

f(ts, y, z) = log10 z +
yts

45000

http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/
http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/
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Digg Algorithm
• A social news website made for people to discover and 

share content from anywhere on the Internet, by 
submitting links and stories, and voting and commenting 
on submitted links and stories
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Digg Algorithm
• The rapidity of the votes

If you get 40-50 votes (no matter what users digg) in the first 30 minutes, you’re 
probably on the frontpage.

• The rank of the users that vote the article
The highest it is on the top list, the better.

• The number of comments, and the positive diggs that 
each article receives
If you have a lot of negative rated comments that can hurt more then help actually.

• The number of buries your story gets

• The submitted / promoted stories ratio of the users 
that vote
If 12-14 users with at least a 70% ratio, vote your article, you can make the frontpage 
much easier.

From http://www.seopedia.org/tips-tricks/social-media/the-digg-algorithm-unofficial-faq/

http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/
http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/
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How Google Ranks Tweets
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How Google Ranks Tweets

• The key is to identify “reputed followers”

• You earn reputation, and then you give reputation

• One user following another in social media is analogous 
to one page linking to another on the Web. Both are a 
form of recommendation

• Page Rank on follow graph

From http://www.technologyreview.com/web/24353/?a=f

http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/
http://blog.oneriot.com/content/2009/06/oneriot-pulse-rank/
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Social Media Analysis

• Social Media Ranking

• Tag Recommendation

• News Recommendation

• User Recommendation

• Twitter-powered Recommendation 
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Why Users Tag?

• Tagging means something specific to the user

• It is easy -- anyone can do it

• Finding things on the Internet

• Serendipitous discovery

• It is social

• New ways to share and discover
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Why need Tag Recommendation?

• User tags contain noises

• Automating the tagging process

• Assisting users to tag



Introduction to Social Computing, Irwin King,  2010 EII PhD School: Cloud Computing, Service Computing 
& Social Networks, November 23-27, 2010, Brisbane, Australia

Flickr Tag Recommendation based on Collective 
Knowledge

[B. Sigurbjörnsson, et al., WWW2008]
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Figure 1: Distribution of the Tag Frequency in
Flickr.

by a power law [19, 1], and the probability of a tag having
tag frequency x is proportional to x−1.15. With respect to
the tag recommendation task, the head of the power law
contains tags that would be too generic to be useful as a
tag suggestion. For example the top 5 most frequent occur-
ring tags are: 2006, 2005, wedding, party, and 2004. The
very tail of the power law contains the infrequent tags that
typically can be categorised as incidentally occurring words,
such as mis-spellings, and complex phrases. For example:
ambrose tompkins, ambient vector, and more than 15.7 mil-
lion other tags that occur only once in this Flickr snapshot.
Due to their infrequent nature, we expect that these highly
specific tags will only be useful recommendations in excep-
tional cases.
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Figure 2: Distribution of the number of tags per
photo in Flickr.

Figure 2 shows the distribution of the number of tags per
photo also follows a power law distribution. The x-axis rep-
resents the 52 million photos, ordered by the number of tags
per photo (descending). The y-axis refers to the number
of tags assigned to the corresponding photo. The proba-
bility of having x tags per photo is proportional to x−0.33.
Again, in context of the tag recommendation task, the head
of the power law contains photos that are already exception-

28%

16%

13%

9%

7%

27%

Unclassified Location Artefact or Object Person or Group Action or Event Time Other

48%

Figure 3: Most frequent WordNet categories for
Flickr tags.

ally exhaustively annotated, as there are photos that have
more than 50 tags defined. Obviously, it will be hard to
provide useful recommendations in such a case. The tail of
the power law consists of more than 15 million photos with
only a single tag annotated and 17 million photos having
only 2 or 3 tags. Together this already covers 64% of the
photos. Typically, these are the cases where we expect tag
recommendation to be useful to extend the annotation of
the photo.

To analyse the behaviour of the tag recommendation sys-
tems for photos with different levels of exhaustiveness of the
original annotation, we have defined four classes, as shown
in Table 1. The classes differentiate from sparsely annotated
to exhaustively annotated photos, and take the distribution
of the number of tags per photo into account as is shown in
the last column of the table. In Section 6, we will use this
categorisation to analyse the performance for the different
annotation classes.

Tags per photo Photos
Class I 1 ≈ 15,500,000
Class II 2 – 3 ≈ 17,500,000
Class III 4 – 6 ≈ 12,000,000
Class IV > 6 ≈ 7,000,000

Table 1: The definition of photo-tag classes and the
number of photos in each class.

3.3 Tag Categorisation
To answer the question “What are users tagging?”, we

have mapped Flickr tags onto the WordNet broad cate-
gories [10]. In a number of cases, multiple WordNet cat-
egory entries are defined for a term. In that case, the tag is
bound to the category with the highest ranking. Consider
for example the tag London. According to WordNet, London
belongs to two categories: noun.location, which refers to
the city London, and noun.person, referring to the novelist
Jack London. In this case the location category is ranked
higher than the person. Hence, we consider the tag London
to refer to the location.

Figure 3 shows the distribution of Flickr tags over the
most common WordNet categories. Following this approach,
we can classify 52% of the tags in the collection, leaving 48%
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Flickr Tag Recommendation based on Collective 
Knowledge

[B. Sigurbjörnsson, et al., WWW2008]
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Figure 4: System overview of the tag recommendation process.

Vote. The voting strategy computes a score for each candi-
date tag c ∈ C, where a vote for c is cast, whenever c ∈ Cu.

vote(u, c) =

�
1 if c ∈ Cu

0 otherwise
(3)

A list of recommended tags R is obtained by sorting the
candidate tags on the number of votes. A score is therefore
computed as:

score(c) :=
�

u∈U

vote(u, c), (4)

Sum. The summing strategy also takes the union of all can-
didate tag lists (C), and sums over the co-occurrence values
of the tags, thus the score of a candidate tag c ∈ C as cal-
culated as:

score(c) :=
�

u∈U

(P (c|u) , if c ∈ Cu) (5)

The function P (c|u) calculates the asymmetric co-occurrence
value, as defined in Equation 2. Note that the score of candi-
date tag c is obtained by only summing over the tags c ∈ Cu.

We will use these two aggregation strategies as the base-
line for our evaluation as is presented in Section 6.

Promotion. In Section 3 we have made a number of obser-
vations with respect to tagging behaviour. In this section,
we translate these observations into a “promotion function”
to promote more descriptive tags for recommendation.

From the tag frequency distribution presented in Figure 1,
we learnt that both the head and the tail of the power law
would probably not contain good tags for recommendation.
Tags in the tail were judged to be unstable descriptors, due
to their infrequent nature. The head on the other hand
contained tags that would be too generic to be useful (2006,
2005, wedding, etc.).

• Stability-promotion. Considered that user-defined
tags with very low collection frequency are less reliable
than tags with higher collection frequency, we want to
promote those tags for which the statistics are more
stable. This is achieved with the following function:

stability(u) :=
ks

ks + abs(ks − log(|u|)) (6)

In principle this is a weighting function that weights
the impact of the candidate tags for a given user-
defined tag. |u| is the collection frequency of the tag
u and ks is a parameter in this function, which is de-
termined by training. The function abs(x) returns the
absolute value of x.

• Descriptiveness-promotion. Tags with very high
frequency are likely to be too general for individual
photos. We want to promote the descriptiveness by
damping the contribution of candidate tags with a very
high-frequency:

descriptive(c) :=
kd

kd + abs(kd − log(|c|)) (7)

This is another weighting function, now only applied to
re-value the weight of a candidate tag. kd is parameter
in this function, and is configured by training.

• Rank-promotion. The co-occurrence values of tags
provide good estimates of the relevance of a candi-
date tag for a user-defined tag. In principle, this is
already used by the aggregation strategy for summing,
but we observed that the co-occurrence values decline
very fast. The rank promotion does not look at the co-
occurrence value, but at the position r of the candidate
tag c ∈ Cu for a given user-defined tag u:

rank(u, c) =
kr

kr + (r − 1)
(8)
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Flickr Tag Recommendation based on Collective 
Knowledge

[B. Sigurbjörnsson, et al., WWW2008]

• Define the Tag Co-occurrence between two tags to be 
the number of photos where both tags are used in the 
same annotation

• Symmetric measure: Jaccard Coefficient

• Asymmetric measure: 
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of the tags unclassified, as depicted in the in-set of Figure 3.

When focussing on the set of classified tags, we find that

locations are tagged most frequent (28%); followed by arti-
facts or objects (16%), people or groups (13%), actions or
events (9%), and time (7%). The category other (27%) con-

tains the set of tags that is classified by the WordNet broad

categories, but does not belong any of the before mentioned

categories. From this information, we can conclude that

users do not only tag the visual contents of the photo, but

to a large extent provide a broader context in which the

photo was taken, such as, location, time, and actions.

4. TAG RECOMMENDATION STRATEGIES

In this section we provide a detailed description of the tag

recommendation system. We start with a general overview

of the system architecture, followed by an introduction of

the tag co-occurrence metrics used. Finally, we explain the

tag aggregation and promotion strategies that are used by

the system and evaluated in the experiment.

4.1 Tag Recommendation System

Figure 4 provides an overview of the tag recommenda-

tion process. Given a photo with user-defined tags, an or-

dered list of m candidate tags is derived for each of the

user-defined tags, based on tag co-occurrence. The lists of

candidate tags are then used as input for tag aggregation

and ranking, which ultimately produces the ranked list of n
recommended tags. Consider the example given in Figure 4,

there are two tags defined by the user: Sagrada Familia and

Barcelona. For both tags, a list of 6 co-occurring tags is

derived. They have some tags in common, such as Spain,

Gaudi, and Catalunya, while the other candidate tags only

appear in one. After aggregation and ranking 5 tags are

being recommended: Gaudi, Spain, Catalunya, architecture,
and church. The actual number of tags being recommended

should of course depend on the relevancy of the tags, and

varies for each different application.

4.2 Tag Co-occurrence

Tag co-occurrence is the key to our tag recommendation

approach, and only works reliable when a large quantity

of supporting data is available. Obviously, the amount of

user-generated content that is created by Flickr users, satis-

fies this demand and provides the collective knowledge base

that is needed to make tag recommendation systems work in

practise. In this sub-section we look at various methods to

calculate co-occurrence coefficients between of two tags. We

define the co-occurrence between two tags to be the number

of photos [in our collection] where both tags are used in the

same annotation.

Using the raw tag co-occurrence for computing the quality

of the relationship between two tags is not very meaningful,

as these values do not take the frequency of the individual

tags into account. Therefore it is common to normalise the

co-occurrence count with the overall frequency of the tags.

There are essentially two different normalisation methods:

symmetric and asymmetric.

Symmetric measures. According to the Jaccard coefficient

we can normalise the co-occurrence of two tags ti and tj by

calculating:

J(ti, tj) :=
|ti ∩ tj |
|ti ∪ tj |

(1)

The coefficient takes the number of intersections between

the two tags, divided by the union of the two tags. The

Jaccard coefficient is know to be useful to measure the sim-

ilarity between two objects or sets. In general, we can use

symmetric measures, like Jaccard, to induce whether two

tags have a similar meaning.

Asymmetric measures. Alternatively, tag co-occurrence can

be normalised using the frequency of one of the tags. For

instance, using the equation:

P (tj |ti) :=
|ti ∩ tj |

|ti|
(2)

It captures how often the tag ti co-occurs with tag tj nor-

malised by the total frequency of tag ti. We can interpret

this as the probability of a photo being annotated with tag

tj given the it was annotated with tag ti. Several variations

of asymmetric co-occurrence measure have been proposed in

literature before to build tag (or term) hierarchies [20, 17,

21].

To illustrate the difference between symmetric and asym-

metric co-occurrence measures consider the tag Eiffel Tower.
For the symmetric measure we find that the most co-occurring

tags are (in order): Tour Eiffel, Eiffel, Seine, La Tour Eiffel
and Paris. When using the asymmetric measure the most

co-occurring tags are (in order): Paris, France, Tour Eif-
fel, Eiffel and Europe. It shows that the Jaccard symmetric

coefficient is good at identifying equivalent tags, like Tour
Eiffel, Eiffel, and La Tour Eiffel, or picking up a close by

landmark such as the Seine. Based on this observation, it is

more likely that asymmetric tag co-occurrence will provide a

more suitable diversity of candidate tags than its symmetric

opponent.

4.3 Tag Aggregation and Promotion

When the lists of candidate tags for each of the user-

defined tags are known, a tag aggregation step is needed

to merge the lists into a single ranking. In this section, we

define two aggregation methods, based on voting and sum-

ming that serve this purpose. Furthermore, we implemented

a re-ranking procedure that promotes candidate tags having

certain properties.

In the this section we refer to three different types of tags:

• User-defined tags U refers to the set of tags that

the user assigned to a photo.

• Candidate tags Cu is the ranked list with the top m
most co-occurring tags, for a user-defined tag u ∈ U .

We denote C to refer to the union of all candidate tags

for each user-defined tag u ∈ U .

• Recommended tags R is the ranked list of n most

relevant tags produced by the tag recommendation sys-

tem.

For a given set of candidate tags (C) a tag aggregation

step is needed to produce the final list of recommended tags

(R), whenever there is more than one user-defined tag. In

this section, we define two aggregation strategies. One strat-

egy is based on voting, and does not take the co-occurrence

values of the candidate tags into account, while the summing
strategy uses the co-occurrence values to produce the final

ranking. In both cases, we apply the strategy to the top m
co-occurring tags in the list.
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of the tags unclassified, as depicted in the in-set of Figure 3.

When focussing on the set of classified tags, we find that

locations are tagged most frequent (28%); followed by arti-
facts or objects (16%), people or groups (13%), actions or
events (9%), and time (7%). The category other (27%) con-

tains the set of tags that is classified by the WordNet broad

categories, but does not belong any of the before mentioned

categories. From this information, we can conclude that

users do not only tag the visual contents of the photo, but

to a large extent provide a broader context in which the

photo was taken, such as, location, time, and actions.

4. TAG RECOMMENDATION STRATEGIES

In this section we provide a detailed description of the tag

recommendation system. We start with a general overview

of the system architecture, followed by an introduction of

the tag co-occurrence metrics used. Finally, we explain the

tag aggregation and promotion strategies that are used by

the system and evaluated in the experiment.

4.1 Tag Recommendation System

Figure 4 provides an overview of the tag recommenda-

tion process. Given a photo with user-defined tags, an or-

dered list of m candidate tags is derived for each of the

user-defined tags, based on tag co-occurrence. The lists of

candidate tags are then used as input for tag aggregation

and ranking, which ultimately produces the ranked list of n
recommended tags. Consider the example given in Figure 4,

there are two tags defined by the user: Sagrada Familia and

Barcelona. For both tags, a list of 6 co-occurring tags is

derived. They have some tags in common, such as Spain,

Gaudi, and Catalunya, while the other candidate tags only

appear in one. After aggregation and ranking 5 tags are

being recommended: Gaudi, Spain, Catalunya, architecture,
and church. The actual number of tags being recommended

should of course depend on the relevancy of the tags, and

varies for each different application.

4.2 Tag Co-occurrence

Tag co-occurrence is the key to our tag recommendation

approach, and only works reliable when a large quantity

of supporting data is available. Obviously, the amount of

user-generated content that is created by Flickr users, satis-

fies this demand and provides the collective knowledge base

that is needed to make tag recommendation systems work in

practise. In this sub-section we look at various methods to

calculate co-occurrence coefficients between of two tags. We

define the co-occurrence between two tags to be the number

of photos [in our collection] where both tags are used in the

same annotation.

Using the raw tag co-occurrence for computing the quality

of the relationship between two tags is not very meaningful,

as these values do not take the frequency of the individual

tags into account. Therefore it is common to normalise the

co-occurrence count with the overall frequency of the tags.

There are essentially two different normalisation methods:

symmetric and asymmetric.

Symmetric measures. According to the Jaccard coefficient

we can normalise the co-occurrence of two tags ti and tj by

calculating:

J(ti, tj) :=
|ti ∩ tj |
|ti ∪ tj |

(1)

The coefficient takes the number of intersections between

the two tags, divided by the union of the two tags. The

Jaccard coefficient is know to be useful to measure the sim-

ilarity between two objects or sets. In general, we can use

symmetric measures, like Jaccard, to induce whether two

tags have a similar meaning.

Asymmetric measures. Alternatively, tag co-occurrence can

be normalised using the frequency of one of the tags. For

instance, using the equation:

P (tj |ti) :=
|ti ∩ tj |

|ti|
(2)

It captures how often the tag ti co-occurs with tag tj nor-

malised by the total frequency of tag ti. We can interpret

this as the probability of a photo being annotated with tag

tj given the it was annotated with tag ti. Several variations

of asymmetric co-occurrence measure have been proposed in

literature before to build tag (or term) hierarchies [20, 17,

21].

To illustrate the difference between symmetric and asym-

metric co-occurrence measures consider the tag Eiffel Tower.
For the symmetric measure we find that the most co-occurring

tags are (in order): Tour Eiffel, Eiffel, Seine, La Tour Eiffel
and Paris. When using the asymmetric measure the most

co-occurring tags are (in order): Paris, France, Tour Eif-
fel, Eiffel and Europe. It shows that the Jaccard symmetric

coefficient is good at identifying equivalent tags, like Tour
Eiffel, Eiffel, and La Tour Eiffel, or picking up a close by

landmark such as the Seine. Based on this observation, it is

more likely that asymmetric tag co-occurrence will provide a

more suitable diversity of candidate tags than its symmetric

opponent.

4.3 Tag Aggregation and Promotion

When the lists of candidate tags for each of the user-

defined tags are known, a tag aggregation step is needed

to merge the lists into a single ranking. In this section, we

define two aggregation methods, based on voting and sum-

ming that serve this purpose. Furthermore, we implemented

a re-ranking procedure that promotes candidate tags having

certain properties.

In the this section we refer to three different types of tags:

• User-defined tags U refers to the set of tags that

the user assigned to a photo.

• Candidate tags Cu is the ranked list with the top m
most co-occurring tags, for a user-defined tag u ∈ U .

We denote C to refer to the union of all candidate tags

for each user-defined tag u ∈ U .

• Recommended tags R is the ranked list of n most

relevant tags produced by the tag recommendation sys-

tem.

For a given set of candidate tags (C) a tag aggregation

step is needed to produce the final list of recommended tags

(R), whenever there is more than one user-defined tag. In

this section, we define two aggregation strategies. One strat-

egy is based on voting, and does not take the co-occurrence

values of the candidate tags into account, while the summing
strategy uses the co-occurrence values to produce the final

ranking. In both cases, we apply the strategy to the top m
co-occurring tags in the list.
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Tag: Eiffel Tower Symmetric Measure:
Tour Eiffel

Eiffel
Seine

La Tour Eiffel
Paris

Aymmetric Measure:
Paris

France
Tour Eiffel

Eiffel
Europe

Good at identifying 
equivalent tags

Good at suggesting 
diverse tags

Flickr Tag Recommendation based on Collective 
Knowledge

[B. Sigurbjörnsson, et al., WWW2008]
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• Aggregation 

• Vote

• The voting strategy computes a score for each candidate tag c

A score is therefore computed as 

• Sum

• The summing strategy sums over the co-occurrence values of the 
tags

where P(c|u) calculates the asymmetric co-occurrence values, and 
u is the user defined tags
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Figure 4: System overview of the tag recommendation process.

Vote. The voting strategy computes a score for each candi-
date tag c ∈ C, where a vote for c is cast, whenever c ∈ Cu.

vote(u, c) =

�
1 if c ∈ Cu

0 otherwise
(3)

A list of recommended tags R is obtained by sorting the
candidate tags on the number of votes. A score is therefore
computed as:

score(c) :=
�

u∈U

vote(u, c), (4)

Sum. The summing strategy also takes the union of all can-
didate tag lists (C), and sums over the co-occurrence values
of the tags, thus the score of a candidate tag c ∈ C as cal-
culated as:

score(c) :=
�

u∈U

(P (c|u) , if c ∈ Cu) (5)

The function P (c|u) calculates the asymmetric co-occurrence
value, as defined in Equation 2. Note that the score of candi-
date tag c is obtained by only summing over the tags c ∈ Cu.

We will use these two aggregation strategies as the base-
line for our evaluation as is presented in Section 6.

Promotion. In Section 3 we have made a number of obser-
vations with respect to tagging behaviour. In this section,
we translate these observations into a “promotion function”
to promote more descriptive tags for recommendation.

From the tag frequency distribution presented in Figure 1,
we learnt that both the head and the tail of the power law
would probably not contain good tags for recommendation.
Tags in the tail were judged to be unstable descriptors, due
to their infrequent nature. The head on the other hand
contained tags that would be too generic to be useful (2006,
2005, wedding, etc.).

• Stability-promotion. Considered that user-defined
tags with very low collection frequency are less reliable
than tags with higher collection frequency, we want to
promote those tags for which the statistics are more
stable. This is achieved with the following function:

stability(u) :=
ks

ks + abs(ks − log(|u|)) (6)

In principle this is a weighting function that weights
the impact of the candidate tags for a given user-
defined tag. |u| is the collection frequency of the tag
u and ks is a parameter in this function, which is de-
termined by training. The function abs(x) returns the
absolute value of x.

• Descriptiveness-promotion. Tags with very high
frequency are likely to be too general for individual
photos. We want to promote the descriptiveness by
damping the contribution of candidate tags with a very
high-frequency:

descriptive(c) :=
kd

kd + abs(kd − log(|c|)) (7)

This is another weighting function, now only applied to
re-value the weight of a candidate tag. kd is parameter
in this function, and is configured by training.

• Rank-promotion. The co-occurrence values of tags
provide good estimates of the relevance of a candi-
date tag for a user-defined tag. In principle, this is
already used by the aggregation strategy for summing,
but we observed that the co-occurrence values decline
very fast. The rank promotion does not look at the co-
occurrence value, but at the position r of the candidate
tag c ∈ Cu for a given user-defined tag u:

rank(u, c) =
kr

kr + (r − 1)
(8)
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Figure 4: System overview of the tag recommendation process.

Vote. The voting strategy computes a score for each candi-
date tag c ∈ C, where a vote for c is cast, whenever c ∈ Cu.

vote(u, c) =

�
1 if c ∈ Cu

0 otherwise
(3)

A list of recommended tags R is obtained by sorting the
candidate tags on the number of votes. A score is therefore
computed as:

score(c) :=
�

u∈U

vote(u, c), (4)

Sum. The summing strategy also takes the union of all can-
didate tag lists (C), and sums over the co-occurrence values
of the tags, thus the score of a candidate tag c ∈ C as cal-
culated as:

score(c) :=
�

u∈U

(P (c|u) , if c ∈ Cu) (5)

The function P (c|u) calculates the asymmetric co-occurrence
value, as defined in Equation 2. Note that the score of candi-
date tag c is obtained by only summing over the tags c ∈ Cu.

We will use these two aggregation strategies as the base-
line for our evaluation as is presented in Section 6.

Promotion. In Section 3 we have made a number of obser-
vations with respect to tagging behaviour. In this section,
we translate these observations into a “promotion function”
to promote more descriptive tags for recommendation.

From the tag frequency distribution presented in Figure 1,
we learnt that both the head and the tail of the power law
would probably not contain good tags for recommendation.
Tags in the tail were judged to be unstable descriptors, due
to their infrequent nature. The head on the other hand
contained tags that would be too generic to be useful (2006,
2005, wedding, etc.).

• Stability-promotion. Considered that user-defined
tags with very low collection frequency are less reliable
than tags with higher collection frequency, we want to
promote those tags for which the statistics are more
stable. This is achieved with the following function:

stability(u) :=
ks

ks + abs(ks − log(|u|)) (6)

In principle this is a weighting function that weights
the impact of the candidate tags for a given user-
defined tag. |u| is the collection frequency of the tag
u and ks is a parameter in this function, which is de-
termined by training. The function abs(x) returns the
absolute value of x.

• Descriptiveness-promotion. Tags with very high
frequency are likely to be too general for individual
photos. We want to promote the descriptiveness by
damping the contribution of candidate tags with a very
high-frequency:

descriptive(c) :=
kd

kd + abs(kd − log(|c|)) (7)

This is another weighting function, now only applied to
re-value the weight of a candidate tag. kd is parameter
in this function, and is configured by training.

• Rank-promotion. The co-occurrence values of tags
provide good estimates of the relevance of a candi-
date tag for a user-defined tag. In principle, this is
already used by the aggregation strategy for summing,
but we observed that the co-occurrence values decline
very fast. The rank promotion does not look at the co-
occurrence value, but at the position r of the candidate
tag c ∈ Cu for a given user-defined tag u:

rank(u, c) =
kr

kr + (r − 1)
(8)
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Figure 4: System overview of the tag recommendation process.

Vote. The voting strategy computes a score for each candi-
date tag c ∈ C, where a vote for c is cast, whenever c ∈ Cu.

vote(u, c) =
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1 if c ∈ Cu

0 otherwise
(3)

A list of recommended tags R is obtained by sorting the
candidate tags on the number of votes. A score is therefore
computed as:
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u∈U

vote(u, c), (4)

Sum. The summing strategy also takes the union of all can-
didate tag lists (C), and sums over the co-occurrence values
of the tags, thus the score of a candidate tag c ∈ C as cal-
culated as:

score(c) :=
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(P (c|u) , if c ∈ Cu) (5)

The function P (c|u) calculates the asymmetric co-occurrence
value, as defined in Equation 2. Note that the score of candi-
date tag c is obtained by only summing over the tags c ∈ Cu.

We will use these two aggregation strategies as the base-
line for our evaluation as is presented in Section 6.

Promotion. In Section 3 we have made a number of obser-
vations with respect to tagging behaviour. In this section,
we translate these observations into a “promotion function”
to promote more descriptive tags for recommendation.

From the tag frequency distribution presented in Figure 1,
we learnt that both the head and the tail of the power law
would probably not contain good tags for recommendation.
Tags in the tail were judged to be unstable descriptors, due
to their infrequent nature. The head on the other hand
contained tags that would be too generic to be useful (2006,
2005, wedding, etc.).

• Stability-promotion. Considered that user-defined
tags with very low collection frequency are less reliable
than tags with higher collection frequency, we want to
promote those tags for which the statistics are more
stable. This is achieved with the following function:

stability(u) :=
ks

ks + abs(ks − log(|u|)) (6)

In principle this is a weighting function that weights
the impact of the candidate tags for a given user-
defined tag. |u| is the collection frequency of the tag
u and ks is a parameter in this function, which is de-
termined by training. The function abs(x) returns the
absolute value of x.

• Descriptiveness-promotion. Tags with very high
frequency are likely to be too general for individual
photos. We want to promote the descriptiveness by
damping the contribution of candidate tags with a very
high-frequency:

descriptive(c) :=
kd

kd + abs(kd − log(|c|)) (7)

This is another weighting function, now only applied to
re-value the weight of a candidate tag. kd is parameter
in this function, and is configured by training.

• Rank-promotion. The co-occurrence values of tags
provide good estimates of the relevance of a candi-
date tag for a user-defined tag. In principle, this is
already used by the aggregation strategy for summing,
but we observed that the co-occurrence values decline
very fast. The rank promotion does not look at the co-
occurrence value, but at the position r of the candidate
tag c ∈ Cu for a given user-defined tag u:
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Flickr Tag Recommendation based on Collective 
Knowledge

[B. Sigurbjörnsson, et al., WWW2008]
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Social Media Analysis

• Social Media Ranking

• Tag Recommendation

• News Recommendation

• User Recommendation 

• Twitter-powered Recommendation 
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Google News Recommendation
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News Recommendation

• Online news reading has become very popular

• Web provides access to news articles from millions of 
sources around the world

• Key challenge: help users find the articles that are 
interesting to read
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Personalized News Recommendation Based on Click 
Behavior

• News click logs analysis

• Data

• Google News, over 12-month period, from 2007/07/01 to 
2008/06/30

• Randomly sampled 16,848 users from users who made at least 10 
clicks per month

• Users are from more than 10 different countries and regions

[J. Liu, et al., IUI2008]
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Personalized News Recommendation Based on Click 
Behavior [J. Liu, et al., IUI2008]



Introduction to Social Computing, Irwin King,  2010 EII PhD School: Cloud Computing, Service Computing 
& Social Networks, November 23-27, 2010, Brisbane, Australia

• Observations

• The news interests of individual users do change over time

• The click distributions of the general public reflect the news 
trend, which correspond to the big news events

• There exists different news trends in different locations

• To a certain extent, the individual user’s news interests 
correspond with the news trend in the location that the users 
belongs to

Personalized News Recommendation Based on Click 
Behavior [J. Liu, et al., IUI2008]



Introduction to Social Computing, Irwin King,  2010 EII PhD School: Cloud Computing, Service Computing 
& Social Networks, November 23-27, 2010, Brisbane, Australia

• Bayesian Framework for User Interest Prediction

• Predicting user’s genuine news interest

• For a specific time period t in the past, the genuine interest of a user in 
topic category ci is modeled as 

• Using Bayesian rule
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Personalized News Recommendation Based on Click 
Behavior [J. Liu, et al., IUI2008]
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• Bayesian Framework for User Interest Prediction

• Combining predictions of past time periods

     is the total number of clicks by the user in time period t

• Assume              is a constant, then we get
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Personalized News Recommendation Based on Click 
Behavior [J. Liu, et al., IUI2008]
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& Social Networks, November 23-27, 2010, Brisbane, Australia

• Bayesian Framework for User Interest Prediction

• Predicting user’s current news interest

• Use the click distribution of the general public in a short current time 
period (e.g. in the past hour), represented as                            , by using 
Bayesian rule:

• Estimate                                   with genuine interests
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Personalized News Recommendation Based on Click 
Behavior [J. Liu, et al., IUI2008]



Introduction to Social Computing, Irwin King,  2010 EII PhD School: Cloud Computing, Service Computing 
& Social Networks, November 23-27, 2010, Brisbane, Australia

• Bayesian Framework for User Interest Prediction

• Predicting user’s current news interest

• Adding a set of virtual clicks G, which is set to be 10 in the system. It can 
be regarded as a smooth factor.
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Personalized News Recommendation Based on Click 
Behavior [J. Liu, et al., IUI2008]
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& Social Networks, November 23-27, 2010, Brisbane, Australia

• Live traffic experiment

• Experiments conducted on a fraction (about 10,000 users) 
of the live traffic at Google News

• Users were randomly assigned to a control group and a test 
group. Two groups have the same size

• Control group uses old recommendation algorithm, while 
the test group uses the proposed recommendation 
algorithm

Personalized News Recommendation Based on Click 
Behavior [J. Liu, et al., IUI2008]



Introduction to Social Computing, Irwin King,  2010 EII PhD School: Cloud Computing, Service Computing 
& Social Networks, November 23-27, 2010, Brisbane, Australia
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Personalized News Recommendation Based on Click 
Behavior [J. Liu, et al., IUI2008]
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Social Media Analysis

• Social Media Ranking

• Tag Recommendation

• News Recommendation

• User Recommendation

• Twitter-powered Recommendation
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User Recommendation
• Facebook Service - People You May Know

- Based on “friend-of-a-friend” approach 
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User Recommendation
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“Make New Friends, but Keep the Old” - 
Recommending People on Social Networking Sites

• On social networking sites, people recommendation 
algorithms are designed to help users:

• Find known, offline contacts

• Discover new friends

• Both are challenging problems

[Jilin Chen, et al., CHI2009]
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“Make New Friends, but Keep the Old” - 
Recommending People on Social Networking Sites

• Two research questions:

• How effective are different algorithms in recommending 
people as potential friends?

• Can a people recommender system effectively increase the 
number of friends a user has?

[Jilin Chen, et al., CHI2009]
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“Make New Friends, but Keep the Old” - 
Recommending People on Social Networking Sites

• Test bed

• Beehive, an enterprise social networking site within IBM

• Four different algorithms are tested

• The survey was targeted at a group of 500 users who 
were asked to answer questions related to their 
friending behavior

[Jilin Chen, et al., CHI2009]
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“Make New Friends, but Keep the Old” - 
Recommending People on Social Networking Sites

• Algorithms

1. Content Matching

• Based on the intuition that “if we both post content on similar 
topics, we might be interested in getting to know each other”

• Based on TFxIDF method

2. Content-plus-Link (CplusL)

• Enhances the content matching algorithm with social link 
information derived from social network structure

• Based on the intuition that “By disclosing a network path to a 
weak tie or unknown person, the recipient will be more likely to 
accept the recommendation.”

[Jilin Chen, et al., CHI2009]
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“Make New Friends, but Keep the Old” - 
Recommending People on Social Networking Sites

• Algorithms

3. Friend-of-Friend (FoF)

• Only leverages social network information of friending

• Based on the intuition that “if many of my friends consider Alice a 
friend, perhaps Alice could be my friend too”

4. SONAR

• Based on the SONAR system, which aggregates social relationship 
information from different public data sources within IBM:
(1) Organizational chart; (2) Publication database; (3) Patent 
database; (4) Friending system; (5) People tagging system; (6) 
Project wiki; and (7) Blogging system.

[Jilin Chen, et al., CHI2009]
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“Make New Friends, but Keep the Old” - 
Recommending People on Social Networking Sites

[Jilin Chen, et al., CHI2009]
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“Make New Friends, but Keep the Old” - 
Recommending People on Social Networking Sites

[Jilin Chen, et al., CHI2009]
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“Make New Friends, but Keep the Old” - 
Recommending People on Social Networking Sites

[Jilin Chen, et al., CHI2009]
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“Make New Friends, but Keep the Old” - 
Recommending People on Social Networking Sites

[Jilin Chen, et al., CHI2009]
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“Make New Friends, but Keep the Old” - 
Recommending People on Social Networking Sites

• Conclusions

• Relationship based algorithms (FoF and SONAR) 
outperform content similarity ones (Content and CplusL) in 
terms of user response

• Relationship based algorithms are better at finding known 
contacts whereas content similarity algorithms were 
stronger at discovering new friends

[Jilin Chen, et al., CHI2009]
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Social Media Analysis

• Social Media Ranking

• Tag Recommendation

• News Recommendation

• User Recommendation

• Twitter-powered Recommendation
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Twitter Recommendation Engine
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Twitter-powered Recommendation
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Twitter-powered Recommendation
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Twitter-powered Recommendation
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Are You Social Computing Ready?
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