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1 Introduction
In typical business intelligence and reporting applica-
tions, ad-hoc queries are very common [3]. Users of-
ten execute range aggregation queries over large and
frequently updated datasets and require low latency.
Sampling-based Approximate Query Processing (S-AQP)
is a popular technique that draws samples from the query
range and computes approximate answers with a form
of probabilistic error guarantee as confidence interval.
With the help of sampling indexes, the total cost of an
approximate query is usually sublinear to database size.

However, the query efficiency of such system, in terms
of the total running time to achieve a given confidence
interval, may vary heavily depending on the data dis-
tribution and query selectivity. It is known that very
selective predicates or heavy data skewness can cause
poor estimations with a given sample size, which makes
them not quite reliable in practice. The root cause is that
the system may have to draw an excessive number of
samples, which involves excessive number of random
accesses in the sampling indexes, to achieve the desired
confidence interval if the inherent data variance is high.
Stratified sampling with Neyman allocation is a well-

known technique for reducing the estimator variance.
Consider an ad-hoc range query on the US airline on-time
performance dataset [1] to count the number of cancelled
flights in some ad-hoc date range for analysis. Most
date ranges have consistently low cancellations, allowing
accurate COUNT estimates with few samples. However,
ranges containing spikes (e.g., due to 9/11) lead to high
variance, requiring more samples and increasing query
latency. However, existing stratified sampling algorithms
in AQP systems [5, 4, 2] require apriori data statistics
or online table scans, and thus cannot leverage sampling
indexes to deliver very low latencies.

2 Proposed System
Motivated by that, we propose a two-phase index-
assisted stratified sampling framework for online aggre-
gation and implement it in PostgreSQL based on a state-
of-the-art index-assisted S-AQP system [6]. When an ad-
hoc approximate query arrives along with a pre-specified

confidence interval, the system will draw samples with
user-specified size from the entire query range in the ini-
tial phase to collect the data statistics, and then perform
a re-partitioning optimization using dynamic program-
ming and compute the optimal sample size allocation
for each partition using modified Neyman allocation. In
the second phase, the samples will be drawn indepen-
dently from each disjoint query range. Experiments show
that the system can significantly improve the approxi-
mate query cost for query ranges with high variances
compared to existing S-AQP systems and exact query
processing by up to 76% and 99.97%. We will also dis-
cuss some possible future extensions for more complex
queries.
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