






of a later iteration. Then, Steps 15-23 are executed. Letek denote
the edge chosen in Step 16;ek must be adjacent toe1, so we can
do an RA probe. Sinceτk is compatible withτ1, tupleτk is among
those returned by the RA probe. Moreover,σ(τk) ≤ Ls1

(ek), as
discussed above. Therefore,PB2 = (PB∗,s1

, e1 → τ1, ek → τk)
is added toS , andB ∈ PB2. We can now repeat this argument
with PB2 instead ofPB1. By induction, we show that after any
iteration there existsPBr ∈ S with r bound edges,r ≤ m, such
thatB ∈ PBr. If r = m andPBm = B is added toS , then it is
never deleted, sinceB is never selected inT .

E. GRAPHS AND DATASETS USED IN EX-
PERIMENTS
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Figure 8: Graphs used in experiments

For testing purposes, we created three different graphs, in or-
der to study the effect of various graph properties on the efficiency
of each method. Figure 8 shows the three graphs used in our ex-
periments (with numbers annotating nodes and letters annotating
edges). Because of limitation of space, we only present results
for Graph 1. In all three graphs, we assume the leftmost and the
rightmost nodes are the source and destination nodes, respectively.
Rather than assigning directions to edges in some arbitrary manner,
we choose to use undirected edges. This is because the number of
undirected paths between the source and destination is higher than
the number of directed paths, making each instance more challeng-
ing. We want to point out, however, that our methods are directly
applicable to both directed and undirected graphs.

Graph 1 has 8 distinct paths between the source and destination
nodes, such asa − b − c anda − g − e − h − c. It also has 9
minimum cuts; for instance, (a, d) or (c, h, d). Graphs 2 and 3 are
designed to have comparable number of nodes and edges as Graph
1, but to significantly differ in either the number of paths, or the
number of cuts. Recall that, by Proposition 1(ii), the lower bound
on the score of a binding increases only when an entire new path
is bound. In graphs with more paths, we expect the lower bounds
to increase more quickly. Conversely, one can see that the upper
bound decreases quickly if we bind an edge that belongs to many
cuts. We expect this to happen for Graph 3, We list the number of
nodes, edges, paths and cuts of the three graphs in Table 6. Graph
1 has similar number of cuts and paths; Graph 2 has more cuts than
paths; while Graph 3 has more paths than cuts.

We test our algorithm using both synthetic and real world
dataset.

[Synthetic Dataset]: We generate a variety of datasets for our
experiments, which model different types of real-life instances. For
each edge in one of the three graphs, we must generate tuples and

Nodes Edges Paths Cuts
Graph 1 6 8 8 9
Graph 2 8 11 9 27
Graph 3 7 10 16 8

Table 6: Graph Statistics

their corresponding scores. Let (vi, vj , score) denote a scored
tuple, wherevi andvj represent the values of the tuple correspond-
ing to the end nodes of its edge, andscore is its score. Each tuple
may join with multiple tuples on other edges. In our dataset, we
set the number of tuples on each edge to 200 and the average fan-
out of each tuple to 4. The tuple scores are generated randomly,
as explained below. We are interested in studying the effect of the
following two parameters on the efficiency of the methods:

• Uniform vs. Skewed score distributionWe generate two
datasets: In the first dataset, scores on an edge are drawn
from the uniform distribution on[0, 1]. In the second dataset,
scores on an edge follow the Zipf’s distribution [16]. With
a traditional Zipf’s distribution (s = 1), the tuple score is the
inverse of its rank.

• Edge-Correlated vs. Uncorrelated scoresTuples that join,
from adjacent edges, may or may not have correlated scores.
We test the performance of our approach in both scenarios.
For correlated datasets, we pick a join path for which a high-
score tuple from one edge implies high scores of the join part-
ners from other edges. We limit the correlations to be among
the top few (10%) tuples on the selected path.

[Real-world Dataset]: We use the motivating example dis-
cussed in Section 2 for the real-world experiment (Figure 8(d)). In
such a query, we are trying to find the top-k bindings (person, loca-
tion, advisor, conference). In particular, edge scores are computed
as follows.

• The scores of edgese1 ande5 are computed based on the re-
searcher’s papers accepted by the conference. For each paper,
the researcher gets a score of 1 divided by the number of au-
thors of the paper. For example, a researcher gets a score of
0.7 if he has two papers with 2 and 5 authors accepted by the
conference. Since this score can reach a value greater than 1,
we set an upper bound of 0.9.

• The scores of edgee2 ande6 are computed as 100 divided by
the distance (in miles) between the researcher and the confer-
ence location, with an upper bound of 0.7.

• We assign a score between 0.3 to 0.9 to edgee3 based on the
conference reputation.

• The relation score between a researcher and his or her advisor
(edgee4) is based on the graduation year: it gets a score of 0.8
when the researcher was still under supervision and decrease
by a factor of 2 every year after graduation.

We extracted data from a snapshot of the DBLife dataset, which
contains the publication and conference information up to the year
of 2006. In order to find genealogy information of researchers, we
use the data from the AI Genealogy Project3, which provides ge-
nealogy information for researchers in AI area. By corroborating
the data from AI Genealogy and DBLife, we were able to check out
59 AI researchers, as well as their advisors. We manually retrieved

3http://aigp.eecs.umich.edu/
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Figure 9: Cost of top-k join queries for the large scale dataset: (a) Uniform uncorrelated; (b) Uniform correlated; (c) Skewed
uncorrelated; (d) Skewed correlated

the affiliation of the researchers and conference locations and com-
puted the distance between researchers and conferences for edge
e2 ande6. Our real world dataset4 contains information for 91 re-
searchers and 110 conferences.

F. LARGE DATASETS
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Figure 10: Cost of top-k join queries as a function of fanout

In previous section, we show the performance of our approaches
in a fairly small dataset, with each edge hosting 200 tuples with a
fanout of 4. Despite the superiority of theSMART method, we are
also interested in how it scales in large dataset and with large fanout
value. Figure 10 plots the cost for theRJ andSMARTmethods over
uniform uncorrelated dataset for a fanout value from 2 to 8. As the
fanout value grows, the cost for theSMART grows steadily in a slow
pace. Compared with a fanout of 2, the cost forSMART method
grows to 5.2 times for a fanout of 8. On the contrary, the cost
for theRJ grows more than 34 times for the same fanout change.
These results demonstrate that our approach is extremely suitable
in datasets where heavy joins are expected (i.e., large fanout).

Figure 9 plots the cost for theRJ and theSMART methods in
large datasets, with the number of tuples on each edge ranging from
20 to 20000 and a fixed fanout of 4. Under four different types
of datasets, theSMART method unanimously demonstrates further
benefits compared the other two methods. By increasing the size
of the dataset by 1000 times, the cost of theSMART method only
grows 117.53, 137.33, 2.22, 3.05 times for each of the four datasets
respectively. This is because theSMART method can prune out a
large set of unnecessary binding processing by maintaining a tight
upper bound. On the contrary, the cost of theRJ method grows by
a factor of 1084 times among all the four datasets simply because
it has to expand all partial bindings on each join path.

4http://paul.rutgers.edu/∼alexng/dataset.txt

870




