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Figure 10: Fractured UPI Runtime
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Figure 11: #Cutoff-Pointers Estimation
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Figure 12: Cutoff Index Cost Model
(20+50 [ms/MB]) and conforms to our cost model.

Finally, we test the query runtime when a UPI has to access a
cutoff index, and we verify that our cost model can predict the be-
havior. We again used Query 1 and varied both QT and C. First,
we checked the accuracy of selectivity estimation described in Sec-
tion 6.1 because our cost model relies on accurate estimates of the
number of pointers returned from the cutoff index. Figure 11 com-
pares the true number and the estimated number of cutoff pointers
for various QT and C settings (except QT > C). The result shows
that our selectivity estimation is accurate.

Figure 12 shows the runtimes estimated by our cost model with
the exact same setting as Figure 3 in Section 6.3. As the two figures
show, our cost model (which estimates disk seek costs and satura-
tion of cutoff pointers using a sigmoid function) matches the real
runtime very well for both selective and non-selective queries.

These results above confirm that our cost models can accurately
estimate the query costs in various settings. These cost models will
be useful for the query optimizer to choose execution plans and for
a database administrator or auto tuning program to choose tuning
parameters for UPIs.

8. RELATED WORK
The most closely related work to UPIs relates has to do with

the use of indices for uncertain data. Some work [4] uses tradi-
tional B+Trees to index uncertain data. Other work has shown that
a special index can substantially speed up queries over uncertain
data. For example, Cheng et al [5] developed the PTI (Proba-
bilistic Threshold Indexing) based on R-Trees to speed up PTQs on
uncertain attributes with one dimensional continuous distributions.
Other research has extended these ideas to higher dimensions (U-
Trees [16]) and more variable queries (UI-Trees [17]). Similarly,
Singh et al [13] proposed the PII (Probabilistic Inverted Index) for
PTQs on uncertain attributes with discrete distributions based on
inverted indexes as well as the PDR-tree (Probabilistic Distribu-
tion R-tree) based on R-Trees.

Although these indexes successfully speed up query execution in
some cases, they are essentially secondary indexes and can lead to
many random disk seeks when the query needs to retrieve other at-
tributes from the heap file. This problem arises especially when the
query is not selective as shown in Section 7. Hence, UPIs comple-
ment this prior work by adding support for primary indexes on un-
certain attributes, which are particularly useful for analytical PTQs
which process thousands or millions of tuples.

9. CONCLUSION AND FUTURE WORK
In this paper, we developed a new primary index for uncertain

databases called a UPI. Our empirical results on both discrete and
continuous uncertain datasets show that UPIs can perform orders
of magnitude faster than prior (secondary) indexing techniques for
analytic queries on large, uncertain databases. We proposed sev-
eral techniques to improve the performance of UPIs, including cut-
off indexes to reduce their size, and tailored indexes to improve

the performance of secondary indexes built on top of UPIs. We
also discussed Fractured UPIs that help handle data updates and
eliminate fragmentation, further improving query performance. Fi-
nally, we provide accurate cost models to help the query optimizer
to choose execution plans and the DBA to select tuning parameters.

As future work, we plan to apply UPIs for queries other than
PTQs, especially Top-k. Ilyas et al suggested a query processing en-
gine to determine probabilistic top-k answers with a minimal num-
ber of tuples extracted from a Tuple Access Layer (TAL) which
provides tuples in probability order [14]. A UPI can work as an ef-
ficient TAL. One approach is to estimate the minimum probability
of tuples required to answer the top-k query and use this probabil-
ity as a threshold for the UPI. Another approach is to access UPI
a few times with decreasing probability thresholds until the answer
is produced. Both approaches are promising future work.
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