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Figure 7: Varying k (Web)
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Figure 8: Varying # keywords
(Web)
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Figure 9: Varying k (Hotel)
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Figure 10: Varying # keywords
(Hotel)

Table 3 depicts the results. Both ES-EBC and S-EBC perform
significantly better than LkT queries that do not take into account
the effects of nearby relevant objects. The approximate S-EBC al-
gorithm performs slightly worse than ES-EBC.

ES-EBC S-EBC LkT [8]
nDCG@5 0.8873 0.8524 0.7061

Table 3: Effectiveness of different algorithms

D.5 Effects of Parameters on Graph Building
Figures 11 and 12 show the runtime when we vary ‚ and » on

Hotel. The runtime increases as we increase ‚ or decrease ». The
reason is that the graphs become denser, making it take longer to
propagate PR scores.

 0

 500

 1000

 1500

 2000

 2500

 3000

0.5 1 2 3 4

R
un

tim
e 

(m
ill

is
ec

on
ds

)

λ (km)

Baseline
ES-EBC

S-EBC

Figure 11: Varying threshold ‚
(Hotel)
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Figure 12: Varying threshold »
(Hotel)

E. ADDITIONAL RELATED WORK
Spatial Keyword Search: Zhou et al. [22] and Chen et al. [7] han-
dle the problem of retrieving web documents relevant to a keyword
query within a pre-specified spatial region. The query processing
there occurs in two stages: One type of indexing (e.g., inverted list)
is used to filter web document in the first stage, and then another
index (e.g., R-tree) is employed in the second stage.

Felipe et al. [10] propose a hybrid index structure that smartly in-
tegrates the R-tree with signature files. The hybrid index structure
enables to utilize both spatial information and text information to
prune the search space at query time. However, this proposal is lim-
ited by its use of signature files (e.g., the number of false matches
is linear in the collection size and there is no sensible way of using
signature files for handling ranking queries [23]).

A hybrid index structure that combines the R*-tree and bitmap
indexing is developed to process a new type of query called the
m-closest keyword query [21] that returns the closest objects con-
taining at least m keywords. This index structure exhibits the same
problems as does the signature-file based indexing [10].

The hybrid index structure called the IR-tree [8] integrates the
R-tree and inverted files to enable the efficient processing of the
location-aware top-k ranking query by utilizing both location and
text information to prune the search space.

Personalized PageRank: In contrast to PageRank [5] that com-
putes the global importance of nodes in a graph, personalized PageR-
ank [16] allows users to favor a set P of preferred nodes. The
nodes in the preference set make a unit preference vector u where
u(p) = 1=|P | if p ∈ P and u(p) = 0 if p =∈ P , rather than
distributing the unit preference score uniformly over all nodes in
PageRank.

Several algorithms [4,12,16] have been proposed to compute the
personalized PageRank vector (PPV). Jeh and Widom propose a re-
markable Hub Decomposition algorithm [16] that pre-computes the
partial vectors for the nodes in a hub set of top-ranked pages. This
algorithm can only compute the PPVs of the nodes in the hub set.
To process the LkPT query, we need to pre-compute PR for every
node, which renders the Hub Decomposition algorithm impractical
in our problem.

Fogaras et al. [12] propose a fingerprint-based algorithm that
simulates random walks. The idea is to compute and store short
random walks from each node in order to compute PPVs at query
time. This works well to compute random walks from every node in
the graph. However, this cannot be applied to computing a random
walk from an arbitrary node, which is prohibitive at query time.
This renders the proposal impractical for computing the PR scores
in our problem.

More recently, Berkhin proposes a bookmark-coloring algorithm
(BCA) [4] that perhaps fits the best with our problem among the
existing algorithms for computing PPVs. Its main idea is to diffuse
scores in preference vector across the graph. A unit amount of
score (called paint) is injected into a selected node (the bookmark
node); a fraction of the paint is held by this node, and the rest flows
by following the links of the graph. This propagation continues
until the paint is distributed over the whole graph. In practice, the
algorithm terminates when the paint to be distributed is smaller than
a threshold.

PPVs are also ised for keyword queries in entity-relation graphs.
In ObjectRank [1], a PPV for each keyword in a graph database is
pre-computed. However, it is impractical to pre-compute the PPVs
for each keyword when the vocabulary size is large [6].

Chakrabarti [6] apply and extend PPVs to the keyword query on
entity-relation graphs. This work is novel in how it chooses a set of
nodes as hub nodes based on query logs; and it adopts the approach
of Fogaras et al. [12] to store approximate PPVs in the form of
fingerprints.
Block PageRank: There is a large body of work on global PageR-
ank computation. Some works consider computations of global
PageRank values over subgraphs (e.g., [2, 17]). The problem of
computing global PageRank is different from computing Prestige-
base Relevance, and these proposals are therefore not directly ap-
plicable to our problem.

A final note is that two works [9, 18] that employ the PageRank
algorithm to do propagation on document similarity graphs focus
on effectiveness without considering efficiency issues.
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