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In this note, we derive the social ranking function described in equation 2 in [3],
and put it into a context with the personalized ranking functions described in [5, 2,6, 1,
7,4].

Let’s begin with traditional web search, where we wish to score how well document
d answers query g. We can use Bayes’ law to write:

p(q|d)p(d)
p(q)

where p(d|q) is the probability that document d can answer query g.

This can be written as the composition of the query-dependent text IR score p(g|d) /p(q),
which gives how much more frequently the terms in query ¢ appear in document d than
they do in the overall corpus, and a document authority score p(d), which can be given
by a link analysis score like PageRank [8].
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In practice, text IR and document ranking scores are often more sophisticated, but look-
ing at the simplified ranking function described in equation 2 is useful as most ranking
functions build upon this basic model.

Let’s use the same Bayesian framework to derive a similar ranking function for per-
sonalized search. We define p(d|q, u) to be the probability that document d can answer
the query ¢ for a given user u. We can use Bayes’ law to write

plq|d, u)p(d|u)
p(qlu)

If we make the simplifying assumption that p(q|d, u)/p(¢|lu) = p(q|d)/p(q) and rear-
range terms, we get:
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which is a composition of an unpersonalized query-dependent text IR score p(q|d) /p(q)
as in equation 2, and a personalized query-independent document score p(d|u). Indeed,
this is the framework that underlies the body of research on personalized PageRank [6,
7,2,1,4] that resulted in the Kaltix personalized search engine.
Now, we can use a similar framework for social search. In this case, instead of
p(dlg, ), we would like to determine p(u;|q, u;), the probability that user u; can an-
swer question ¢ from user u ;. We use Bayes’ law once again to write

pglui, uj)p(uilu;)
p(qlu )

pug|q,uj) = (5)



We again make the simplifying assumption that p(g|u,, u;)/p(glu;) = p(q|u:)/p(q)
and rearrange terms to get:
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If we take p(u;) to be uniform, then we have
plg|us)
p(uilq) o ®)
(lo) p(q)
Plugging this into equation 6, we get:
p(uilg, uz) o pluilq)p(uilu;) ©)

which is exactly s(u;, u;, ¢) from equation 2 of [3].

Note that in both personalized search and social search as described above, we begin
by suggesting that the asker is important. But then we make simplifying assumptions
that ignore the asker in the query-dependent text IR component of the ranking function.
In personalized search, we make the simplifying assumption that p(q|d, u)/p(glu) =
p(q|d)/p(q), and in social search, we make the simplifying assumption that
p(qlui, u;)/p(qlui) = pqlui)/p(q).

In both cases, the results are nevertheless personalized, because the document au-
thority score (or in the case of social search, user intimacy score) is conditioned on the
asker. However, this idiosyncracy should be noted as it presents an interesting area of
research around developing efficient personalized and social query-dependent text IR
scores.

Mathematics aside, it is interesting to note that while there are many conceptual
similarities between personalized search and social search as described above, in prac-
tice they work well for very different sets of queries. Personalized search as described
above works best for short, ambiguous queries like “IR” [9], while social search as de-
scribed above works best for long, highly contextualized queries like “T am looking for
good books about IR, because I want to build a search engine. I am new to the field, but
have some basic computer science background. Do you have any suggestions?”

In both paradigms, the results are personalized, but they are personalized in different
ways, and thus lend themselves to different classes of queries.
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