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Abstract Random sampling is one of the most funda-
mental data management tools available. However, most
current research involving sampling considers the prob-
lem of how to use a sample, and not how to compute one.
The implicit assumption is that a “sample” is a small
data structure that is easily maintained as new data are
encountered, even though simple statistical arguments
demonstrate that very large samples of gigabytes or ter-
abytes in size can be necessary to provide high accuracy.
No existing work tackles the problem of maintaining very
large, disk-based samples from a data management per-
spective, and no techniques now exist for maintaining
very large samples in an online manner from stream-
ing data. In this paper, we present online algorithms for
maintaining on-disk samples that are gigabytes or ter-
abytes in size. The algorithms are designed for streaming
data, or for any environment where a large sample must
be maintained online in a single pass through a data set.
The algorithms meet the strict requirement that the sam-
ple always be a true, statistically random sample (with-
out replacement) of all of the data processed thus far.
We also present algorithms to retrieve small size random
sample from large disk-based sample which may be used
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1 Introduction

Despite the variety of alternatives for approximate query
processing (including several references listed at the end
of this paper [13,14,20,18,39]), sampling is still one of
the most powerful methods for building a one-pass syn-
opsis of a data set, especially in a streaming environment
where the assumption is that there is too much data to
store all of it permanently. Sampling’s many benefits in-
clude:

– Sampling is the most widely-studied and best under-
stood approximation technique currently available.
Sampling has been studied for hundreds of years, and
many fundamental results describe the utility of ran-
dom samples (such as the Central Limit Theorem,
Chernoff, Hoeffding and Chebyshev bounds [9,35]).

– Sampling is the most versatile approximation tech-
nique available. Most data processing algorithms can
be used on a random sample of a data set rather than
the original data with little or no modification. For
example, almost any data mining algorithm for build-
ing a decision tree classifier can be run directly on a
sample.

– Sampling is the most widely-used approximation tech-
nique. Sampling is common in data mining, statistics,
and machine learning. The sheer number of recent
papers from ICDE, VLDB, and SIGMOD [1,3,5,8,
7,16,17,19,22,24,25,36] that use samples testify to
sampling’s popularity as a data management tool.

Given the obvious importance of random sampling,
it is perhaps surprising that there has been very little
work in the data management community on how to ac-
tually perform random sampling. The most well-known
papers in this area are due to Olken and Rotem [32,
31], who also offer the definitive survey of related work
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through the early 1990’s [33]. However, this work is rele-
vant mostly for sampling from data stored in a database,
and implicitly assumes that a “sample” is a small data
structure that is easily stored in main memory.

Such assumptions are sometimes overly restrictive.
Consider the problem of approximate query processing.
Recent work has suggested the possibility of maintaining
a sample of a large database and then executing analytic
queries over the sample rather than the original data as a
way to speed up processing [2,21]. Given the most recent
TPC-H benchmark results1, it is clear that processing
standard report-style queries over a large, multi-terabyte
data warehouse may take hours or days. In such a situa-
tion, maintaining a fully materialized random sample of
the data (or “sample view” [30]) may be desirable. In or-
der to save time and/or computer resources, queries can
then be evaluated over the sample rather than the origi-
nal data, as long as the user can tolerate some carefully
controlled inaccuracy in the query results.

This particular application has two specific require-
ments that are addressed by our work. First, it may be
necessary to use quite a large sample in order to achieve
acceptable accuracy; perhaps on the order of gigabytes
in size. This is especially true if the sample will be used
to answer selective queries or aggregates over attributes
with high variance (see Section 2). Second, whatever the
required sample size, it is often independent of the size
of the database, since estimation accuracy depends pri-
marily on sample size 2. In other words, the required
sample size will generally not grow as the database size
increases, as long as other factors such as query selec-
tivity remain relatively constant. Thus, this application
requires that we be able to maintain a large, disk-based,
fixed-size random sample of the archived data, even as
new data are added to the warehouse. This is precisely
the problem we tackle in the paper.

For another example of a case where existing sam-
pling methods can fall short, consider stream-based data
management tasks, such as network monitoring (for an
example of such an application, we point to the Gigas-
cope project from AT&T Laboratories [11,12,10]). Given
the tremendous amount of data transported over today’s
computer networks, the only conceivable way to facili-
tate ad-hoc, after-the-fact query processing over the set
of packets that have passed through a network router is
to build some sort of statistical model for those pack-
ets. The most obvious choice would be to produce a very
large, statistically random sample of the packets that
have passed through the router. Again, maintaining such
a sample is precisely the problem we tackle in this pa-
per. While other researchers have tackled the problem of

1 http://www.tpc.org
2 The unimportance of database size for certain queries is

due to the fact that the bias and variance of many sampling-
based estimators are related far more to sample size than to
the sampling fraction (see Cochran [9] for a thorough treat-
ment of finite population random sampling).

maintaining an online sample targeted towards more re-
cent data [6], no existing methods have considered how
to handle very large samples that exceed the available
main memory.

If one accepts the notion that being able to main-
tain a very large (but fixed size) random sample from a
data stream is an important problem, it is reasonable to
ask: Is maintaining such a sample difficult or costly using
modern algorithms and hardware? Fortunately, modern
storage hardware gives us the capacity to inexpensively
store very large samples that should suffice for even diffi-
cult and emerging applications. A terabyte of commodity
hard disk storage now costs less than $1,000. Given cur-
rent trends, we should see storage costs of $1,000 per
petabyte by the year 2020. However, even given such
large storage capacities, it turns out that maintaining
a large sample is difficult using current technology. The
problem is not purchasing the hardware to store the sam-
ple; rather, the problem is actually getting the samples
onto disk, so as to guarantee the statistical randomness
of the sample, in the face of data streams that may ex-
ceed tens of gigabytes per minute in the case of a network
monitoring application.

Current techniques suitable for maintaining samples
from a data stream are based on reservoir sampling [15,
28]. Reservoir sampling algorithms can be used to dy-
namically maintain a fixed-size sample of N records from
a stream, so that at any given instant, the N records in
the sample constitute a true random sample of all of the
records that have been produced by the stream. How-
ever, as we will discuss in this paper, the problem is that
existing reservoir techniques are suitable only when the
sample is small enough to fit into main memory.

Given that there are limited techniques for maintain-
ing very large samples, the problem addressed in this
paper is as follows:

Given a main memory buffer B large enough to hold
|B| records, can we develop efficient algorithms for dy-
namically maintaining a massive random sample con-
taining exactly N records from a data stream, where N �
|B|?

Key design goals for the algorithms we develop are:

1. The algorithms must be suitable for streaming data,
or any similar environment where a large sample must
be maintained on-line in a single pass through a data
set, with the strict requirement that the sample al-
ways be a true, statistically random sample of fixed
size N (without replacement) from all of the data
produced by the stream thus far.

2. When maintaining the sample, the fraction of I/O
time devoted to reads should be close to zero. Ide-
ally, there would never be a need to read a block of
samples from disk simply to add one new sample and
subsequently write the block out again.
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3. The fraction I/O of time spent performing random
I/Os should also be close to zero. Costly random disk
seeks should be few and far between. Almost all I/O
should be sequential.

4. Finally, the amount of data written to disk should be
bounded by the total size of all of the records that
are ever sampled.

Our Contributions

In this paper, we describe a new data organization called
the geometric file for maintaining a very large, disk-based
sample from a data stream (where “sample” refers to a
simple random sample without replacement from the un-
derlying data set). The geometric file meets each of the
requirements listed above. With memory large enough
to buffer |B| > 1 records, the geometric file can be used
to maintain an online sample of arbitrary size with an
amortized cost of O(ω × log|B|/|B|) random disk head
movements for each newly sampled record (see Section
6.2). The multiplier ω can be made arbitrarily small by
making use of additional disk space. A rigorous bench-
mark of the geometric file demonstrates its superiority
over the obvious alternatives.

Paper Organization

The rest of the paper is organized as follows. In Section
2, we give an explanation as to why very large sample
sizes can be mandatory in common situations. Section 3
describes three initial alternatives for maintaining very
large, disk-based samples in a streaming environment. In
Sections 4 and 5 we describe the geometric file. Section
6 describes how multiple geometric files can be main-
tained all-at-once to achieve considerable speed up with
the same target sample size. In Section 7 we discuss al-
gorithms to retrieve small size random sample from large
disk-based sample. In Section 8 we present some bench-
marking results. Section 9 discusses related work, and
the paper is concluded in Section 10.

2 Sampling: Sometimes a Little Is Not Enough

One advantage of random sampling is that samples usu-
ally offer statistical guarantees on the estimates they are
used to produce. Typically, a sample can be used to pro-
duce an estimate for a query result that is guaranteed to
have error less ε than with a probability δ (see Cochran
for a nice introduction to sampling [9]). The δ value is
known as the confidence of the estimate.

Very large samples are often required to provide ac-
curate estimates with suitably high confidence. The need
for very large samples can be easily explained in the con-
text of the Central Limit Theorem (CLT) [31]. The CLT

implies that if we use a random sample of size N to
estimate the mean µ of a set of numbers, the error of
our estimate is usually normally distributed with mean
zero and variance σ2/N , where σ2 is the variance of the
set over which we are performing our estimation. Since
the “spread” of a normally distributed random variable
is proportional to the square root of the variance (also
known as the standard deviation), the error observed
when using a random sample is governed by two factors:

1. The error is inversely proportional to the square root
of the sample size.

2. The error is directly proportional to the standard de-
viation of the set over which we are estimating the
mean over.

The significance of this observation is that the sample
size required to produce an accurate estimate can vary
tremendously in practice, and grows quadratically with
increasing standard deviation. For example, say that we
use a random sample of 100 students at a university to
estimate the average students age. Imagine that the av-
erage age is 20 with a standard deviation of 2 years. Ac-
cording to the CLT, our sample-based estimate will be
accurate to within 2.5% with confidence of around 98%,
giving us an accurate guess as to the correct answer with
only 100 sampled students.

Now, consider a second scenario. We want to use a
second random sample to estimate the average net worth
of households in the United States, which is around $140,
000, with a standard deviation of at least $5,000,000. Be-
cause the standard deviation is so large, a quick calcu-
lation shows we will need more than 12 million samples
to achieve the same statistical guarantees as in the first
case.

Required sample sizes can be far larger when stan-
dard database operations like relational selection and
join are considered, because these operations can effec-
tively magnify the variance of our estimate. For example,
the work on ripple joins [22] provides an excellent exam-
ple of how variance can be magnified by sampling over
the relational join operator.

3 Very Large Samples In a Single Pass

This Section gives some background on maintaining very
large samples in a streaming environment. We begin by
discussing a classical algorithm for maintaining an on-
line sample from a data stream, and then discuss a few
adaptations for disk-based samples.

3.1 Reservoir Sampling

The classic algorithm for maintaining an online random
sample of a data stream is known as reservoir sampling
[15,28]. To maintain a reservoir sample R of target size
|R|, the following loop is used:
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Algorithm 1 Reservoir Sampling
1: Add first |R| items from the stream directly to R
2: for int i = |R|+ 1 to ∞ do
3: Wait for a new record r to appear in the stream
4: with probability |R|/i do
5: Remove a randomly selected record from R
6: Add r to R

A key benefit of the reservoir algorithm is that af-
ter each execution of the for loop, it can be shown that
the set R is a true, uniform random sample (without re-
placement) of the first i records from the stream. Thus,
at all times, the algorithm maintains an unbiased snap-
shot of all of the data produced by the stream. The name
“reservoir sampling” is an apt one. The sample R serves
as a reservoir that buffers certain records from the data
stream. New records appearing in the stream may be
trapped by the reservoir, whose limited capacity then
forces an existing record to exit the reservoir.

Reservoir sampling can be very efficient, with time
complexity less than linear in the size of the stream.
Variations on the algorithm allow it to “go to sleep” for
a period of time during which it only counts the number
of records that have passed by [37]. After a certain num-
ber of records have been seen, the algorithm “wakes up”
and capture the next record from the stream.

3.2 Reservoirs For Very Large Samples

Reservoir sampling is very efficient if the sample is small
enough to be stored in main memory. However, efficiency
is difficult if a large sample must be stored on disk. Obvi-
ous extensions of the reservoir algorithm to on-disk sam-
ples all have serious drawbacks:

– The virtual memory extension. The most obvious adap-
tation for very large sample sizes is to simply treat the
reservoir as if it were stored in virtual memory. The
problem with this solution is that every new sample
that is added to the reservoir will overwrite a ran-
dom, existing record on disk, and so it will require
two random disk I/Os: one to read in the block where
the record will be written, and one to re-write it with
the new sample. This means we can sample only on
the order of 50 records per second at 10ms per ran-
dom I/O per disk. Currently, a terabyte of storage
requires as few as five disks, giving us a sampling
rate of only 5× 50 = 250 records per second. To put
this in perspective, it would take months to sample
enough 100 byte records to fill that terabyte.

– The massive rebuild extension. As an alternative, when
new samples are selected from the stream, they are
not added to the on-disk reservoir immediately. Rather,
we make use of all of our available main memory to
buffer new samples. At all times, the records stored
in the buffer B logically represent a set samples that
should have been used to replace on-disk samples in

order to preserve the correctness of the reservoir algo-
rithm, but that have not yet been moved to disk for
performance reasons. When the buffer B fills, we sim-
ply scan the entire reservoir R, and replace a random
subset of the existing records with the new, buffered
samples. The modified algorithm is given as Algo-
rithm 2. Count(B) refers to the current number of
records in B. Note that since the records contained
in B logically represent records in the reservoir that
have not yet been added to disk, a newly-sampled
record can either be assigned to replace an on-disk
record, or it can be assigned to replace a buffered
record (this is decided in Step (7) of the algorithm).

Algorithm 2 Reservoir Sampling with a Buffer
1: for int i = 1 to ∞ do
2: Wait for a new record r to appear in the stream
3: if i ≤ |R| then
4: Add r directly to R and continue
5: else
6: with probability |R|/i do
7: with probability Count(B)/|R| do
8: //new samples can overwrite buffered samples
9: Replace a random record in B with r

10: else do
11: Add r to B
12: if Count(B) == |B| then
13: Scan the reservoir R and empty B in one pass
14: B = �

In a realistic scenario, the ratio of the number of disk
blocks to the number of records buffered in main
memory may approach or even exceed one. For ex-
ample, a 1 TB database with 128 KB blocks will
have 7.8 million blocks; and for such a relatively large
database it is realistic to expect that we have access
to enough memory to buffer millions records. As the
number of buffered records per block meets or exceeds
one, most or all of the blocks on disk will contain a
record that has been randomly selected for replace-
ment by line (9) of Algorithm 2, and so all of the
database blocks must be updated. Thus, it makes
sense to rely on fast, sequential I/O to update the
entire file in a single pass. The drawback of this ap-
proach is that every time that the buffer fills, we are
effectively rebuilding the entire reservoir to process
a set of buffered records that are a small fraction of
the existing reservoir size.

– The localized overwrite extension. We will do bet-
ter if we enforce a requirement that all samples are
stored in a random order on disk. If data are clus-
tered randomly, then we can simply write the buffer
sequentially to disk at any arbitrary position. Be-
cause of the random clustering, we can guarantee that
wherever the buffer is written to disk, the new sam-
ples will overwrite a random subset of the records
in the reservoir and preserve the correctness of the
algorithm. The problem with this solution is that af-
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ter the buffered samples are added, the data are no
longer clustered randomly and so a randomized over-
write cannot be used a second time. The data are now
clustered by insertion time, since the buffered sam-
ples were the most recently seen in the data stream,
and were written to a single position on disk. Any
subsequent buffer flush will need to overwrite por-
tions of both the new and the old records to pre-
serve the algorithm’s correctness, requiring an addi-
tional random disk head movement. With each sub-
sequent flush, maintaining randomness will become
more costly, as data become more and more clustered
by insertion time. Eventually, this solution will dete-
riorate, unless we periodically re-randomize the en-
tire reservoir. Unfortunately, re-randomizing the en-
tire reservoir is as costly as performing an external-
memory sort of the entire file containing samples, and
requires taking the sample off-line.

4 The Geometric File

The three extensions to Algorithm 1 can be used to main-
tain a large, on-disk sample, but all of them have draw-
backs. In this section, we discuss a fourth algorithm and
an associated data organization called the geometric file
to address these pitfalls. The geometric file is best seen as
an extension of the massive rebuild option given as Algo-
rithm 2. Just like Algorithm 2, the geometric file makes
use of a main-memory buffer that allows new samples
selected by the reservoir algorithm to be added to the
on-disk reservoir in a lazy fashion. However, the key dif-
ference between Algorithm 2 and the algorithms used by
the geometric file is that the geometric file makes use
of a far more efficient algorithm for merging those new
samples into the reservoir.

4.1 Intuitive Description

Except for Step (13) of Algorithm 2, the basic algorithm
employed by the geometric file is not much different. As
far as Step (13) is concerned, the difference between the
geometric file and the massive rebuild extension is that
the geometric file empties the buffer more efficiently, in
order to avoid scanning or periodically re-randomizing
the entire reservoir.

To accomplish this, the entire sample in main mem-
ory that is flushed into the reservoir is viewed as a single
subsample or a stratum [9], and the reservoir itself is
viewed as a collection of subsamples, each formed via a
single buffer flush. Since the records in a subsample are
non-random subset of the records in the reservoir (they
are sampled from the stream during a specific time pe-
riod), each new subsample needs to overwrite a true,
random subset of the records in the reservoir in order to

maintain the correctness of the reservoir sampling algo-
rithm. If this can be done efficiently, we can avoid re-
building the entire reservoir in order to process a buffer
flush.

At first glance, it may seem difficult to achieve the de-
sired efficiency. The buffered records that must be added
to the reservoir will typically overwrite a subset of the
records stored in each of the existing subsamples during
a buffer flush. Though we may be able to avoid rebuild-
ing the entire file, the fact that the buffer must over-
write a subset of each on-disk subsample presents a chal-
lenge when trying to maintain acceptable performance,
because this naturally leads to fragmentation (see the
discussion of the localized overwrite extension in Section
3.2). For example, if there are 100 on-disk subsamples,
the buffer must be split 100 ways in order to write to
a portion of each of the 100 on-disk subsamples. This
fragmented buffer then becomes a new subsample, and
subsequent buffer flushes that need to replace a random
portion of this subsample must somehow efficiently over-
write a random subset of the subsample’s fragmented
data.

The geometric file uses a careful, on-disk data orga-
nization in order to avoid such fragmentation. The key
observation behind the geometric file is that the number
of records of a subsample that are replaced with records
from buffered sample can be characterized with reason-
able accuracy using a geometric series (hence the name
geometric file). As buffered samples are added to the
reservoir via buffer flushes, we observe that each existing
subsample loses approximately the same fraction of its re-
maining records every time, where the fraction of records
lost is governed by the ratio of the size of a buffered
sample to the overall size of the reservoir. By “loses”, we
mean that the subsample has some of its records replaced
in the reservoir with records from a subsequent subsam-
ple. Thus, the size of a subsample decays approximately
in an exponential manner as buffered samples are added
to the reservoir.

This exponential decay is used to great advantage in
the geometric file, because it suggests a way to organize
the data in order to avoid problems with fragmentation.
Each subsample is partitioned into a set of segments of
exponentially decreasing size. These segments are sized
so that every time a buffered sample is added to the reser-
voir, we expect that each existing subsample loses ex-
actly the set of records contained in its largest remaining
segment. As a result, each subsample loses one segment
to the newly-created subsample every time the buffer
is emptied, and a geometric file can be organized into
a fixed and unchanging set of segments that are stored
as contiguous runs of blocks on disk. Because the set
of segments is fixed beforehand, fragmentation and up-
date performance are not problematic: in order to replace
records in an existing subsample with the records from a
new buffer flush, a simple, efficient, sequential overwrite
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of the existing subsample’s largest segment generally suf-
fices.

4.2 Characterizing Subsample Decay

To describe the geometric file in detail, we begin with
an analogy between the samples in a subsample S that
are lost over time, and radioactive decay. Imagine that
we have 100 grams of Uranium at an initial point of
time (U0 = 100), and a decay rate (1 − α) = 0.1 with
a retention rate of α. On day one, the mass of Uranium
decays to U0×α = 90 grams, because the Uranium loses
U0 × (1 − α) = 10 grams of its mass. We define n =
U0× (1−α) to be the mass of Uranium lost on the very
first day, giving n = 10 for our example.

On day two, (with U1 = 90) the Uranium further
decays to U1 × α = 81 grams, this time losing U1 × (1−
α) = U0×α× (1−α) = n×α = 9 grams of its mass. On
day three, it further decays by n× α2 = 7.2 grams, and
so on. The decay process is allowed to continue until we
have less than β grams of Uranium remaining.

Continuing with the Uranium analogy, three ques-
tions that are relevant to our problem of maintaining
very large samples from a data stream are:

– What is the amount of Uranium lost on any given ith
day?

– How can the initial mass of Uranium, 100 grams, can
be expressed in terms of n and α?

– How many days it will take for us before we are left
with β grams or less of Uranium?

These questions can be answered using the following
three simple observations related to geometric series:

Observation 1: Given a retention rate α < 1 and n to
be the first term of a geometric series, the ith term is
given by n× αi−1 for any n ∈ R.

Observation 2: Given a retention rate α < 1, it holds
that

∑∞
i=1 n× αi−1 = n

1−α for any n ∈ R.

Observation 3: Given a retention rate α < 1, define
f(j) as n

1−α×αj . From Observation 2, it follows that the

largest j such that f(j) ≥ β is j = b log β−log n+log(1−α)
log α c.

We denote this floor by Ψ .

To relate this back to the task of reservoir sampling,
imagine that our large, disk-based reservoir sample R
is maintained using a reservoir sampling algorithm in
conjunction with a main memory buffer B (as in Algo-
rithm 2). Recall that the way reservoir sampling works
is that new samples from the data stream are chosen
to overwrite random samples currently in the reservoir.
The buffer temporarily stores these new samples, delay-
ing the overwrite of a random set of records that are
already stored on disk. Once the buffer is full, all new

samples are merged with the R by overwriting a random
subset of the existing samples in R.

Consider some arbitrary subsample S of R (so S ⊂
R), with capacity |S|. Since the buffer B represents the
samples that have already over-written the equal num-
ber of records of R, a buffer flush overwrites exactly |B|
samples of R. Thus, on expectation the merge will over-
write |S|×|B|

|R| samples of S. If we define |B|
|R| = 1 − α ,

then on expectation, S should lose |S| × (1 − α) of its
own records due to the buffer flush1. We refer this loss
as subsample decay.

We can roughly describe the expected decay of S af-
ter repeated buffer merges using the three observations
stated before. If the subsample retention rate α = 1− |B|

|R| ,
then:

– From Observation 1, it follows that the ith buffer
merge, on expectation, removes n×αi−1 samples from
what remains of S.

– From Observation 2, it follows that the initial size of
a subsample |S| = n

1−α .
– From Observation 3, it follows that the expected num-

ber of merges required until S has β or less samples
left is Ψ .

The net result of this is that it is possible to characterize
the expected decay of any arbitrary subset of the records
in our disk-based sample as new records are added to
the sample through multiple emptyings of the buffer. If
we view S as being composed of Ψ on-disk “segments”
of exponentially decreasing size, plus a special, a single
group of final segments of total size β that are buffered
in main memory (subsequently referred to as the “beta
segment”), then the ith buffer flush into R will on ex-
pectation overwrite exactly one on-disk segment from S.
S loses an additional segment with every buffer flush un-
til the subsample has only its beta segment remaining.
At the point that only the subsample’s beta segment
remains, the samples contained therein can be replaced
directly. The reason that the beta segment is buffered in
main memory is that overwriting a segment requires at
least one random disk head movement, which is costly.
By storing the beta segment in main memory, we can
reduce the number of disk head movements with little
main-memory storage cost. The process is depicted in
Figure 1.

4.3 Geometric File Organization

This decay process suggests a file organization for effi-
ciently maintaining very large random samples from a
data stream. Let a subsample S be the set of records

1 Actually, this is only a fairly tight approximation to the
expected rate of decay. It is not an exact characterization
because these expressions treat the emptying of the buffer
into the reservoir as a single, atomic event, rather than a set
of individual record additions (See Section 4.4).
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Fig. 1 Decay of a subsample after multiple buffer flushes.

that are loaded into our disk-based reservoir sample R
in a single emptying of the buffer. Since we know that
the number of records that remain in S will on expec-
tation decay over time as depicted in Figure 1, we can
organize our large, disk based sample as a set of decaying
subsamples. At any point of time, the largest subsample
was created by the most recent flushing of the buffer
into R, and has not yet lost any segments. The second
largest subsample was created by the second most re-
cent buffer flush; it lost its largest segment in the most
recent buffer flush. In general, the ith largest subsam-
ple was created by the ith most recent buffer flush, and
it has had i− 1 segments removed by subsequent buffer
flushes. The overall file organization is depicted in Figure
2.

4.4 Reservoir Sampling With a Geometric File

Given this organization, processing a buffer flush be-
comes an easy task. The overall reservoir sampling al-
gorithm for the geometric file organization is given as
Algorithm 3. The terms n, α, and Ψ carry the mean-
ing discussed in Section 4.2. This process described by
Algorithm 3 is depicted graphically in Figure 3.

This file organization has several significant benefits
for use in maintaining a very large sample from a data
stream:

– Performing a buffer flush requires absolutely no reads
from disk.

– Each buffer flush requires only Ψ random disk head
movements; all other disk I/Os are sequential writes.
To add the new samples from the buffer into the geo-
metric file to create a new subsample S, we need only
seek to the position that will be occupied by each of
S’s on-disk segments.

– Even if segments are not block-aligned, only the first
and last block in each over-written segment must
be read and then re-written (to preserve the records
from adjacent segments).

4.4.1 Introducing the Required Randomness

One issue that needs to be addressed is the partitioning
the buffer into segments in Algorithm 3 Step (21). In
order to maintain the algorithm’s correctness, when the
buffer is flushed to disk it must overwrite a truly random
subset of the records on disk. Thus, when performing the
flush, we need to randomly choose records from the reser-
voir to replace. This implies that the on-disk subsamples
(which are expectedly of size n

1−α , nα
1−α , nα2

1−α , and so on)
will lose around n, nα, nα2 records, and so on, respec-
tively. However, while the number of records replaced in
a subsample S will on expectation be proportional to the
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Fig. 2 Basic structure of the Geometric File.

size of S (and hence equal to the size of S’s largest on-
disk segment) this replacement must be performed in a
randomized fashion. The situation can be illustrated as
follows. Say we have a set of numbers, divided into three
buckets, as shown in Figure 4. Now, we want to add
five additional numbers to our set, by randomly replac-
ing five existing numbers. While we do expect numbers
to be replaced in a way that is proportional to bucket
size (Figure 4 (b)), this is not always what will happen
(Figure 4 (c)).

In order to correctly introduce this variance into the
geometric file, we need to add a few additional steps to
Algorithm 3. Before we add a new subsample to disk
via a buffer flush in Step (21), we first perform a logi-
cal, randomized partitioning of the buffer into segments,
described by Algorithm 4. In Algorithm 4, each newly-
sampled record is randomly assigned to replace a sample
from an existing, on-disk subsample so that the probabil-
ity of each subsample losing a record is proportional to
its size. The result of Algorithm 4 is an array of Mi val-
ues, where Mi tells Step (21) of Algorithm 3 how many
records should be assigned to overwrite the ith on-disk
subsample.

4.4.2 Handling the Variance

Of course, there is no guarantee that M1 = n, M2 =
nα,M3 = nα2, and so on, so there is no guarantee that
Algorithm 3 will overwrite exactly the number of records
contained in each subsample’s largest segment. To han-
dle this problem, we associate a stack (or buffer1) with
each of the subsamples. The stack associated with a sub-
sample will buffer any of a subsample’s records that log-
ically should not have been over-written during buffer
flush into the subsample (because Mi for some buffer
flush for that subsample was smaller than expected), but
whose space had to be claimed by the buffer flush in or-
der to write a new subsample to disk. If the size of the
stack is positive, it means that the corresponding sub-
sample is larger than expected because it has had fewer
of its records over-written than expected. We also allow
a negative stack size. This simply means that some of the
subsample’s records should have been over-written but
were not, because an Mi value for that subsample was

1 We use the term “stack” rather than “buffer” to clearly
differentiate the extra storage associated with each subsample
from the buffer B.
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low address on disk
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high address on disk

low address on disk

...

high address on disk

low address on disk

...

... ... ...

(a) (b) (c)

(d) (e) (f)

new
samples

new
samples new

samples

new
samples new

samples new
samples

Fig. 3 Building a geometric file. First, the file is filled with the initial data produced by the stream (a through c). To add
the first records to the file, the buffer is allowed to fill with samples. The buffered records are then randomly grouped into
segments, and the segments are written to disk to form the largest initial subsample (a). For the second initial subsample,
the buffer is only allowed to fill to |B|α of its capacity before being written out (b). For the third initial subsample, the
buffer fills to |B|α2 of its capacity before it is written (c). This is repeated until the reservoir has completely filled (as was
shown in Figure 2). At this point, new samples must overwrite existing ones. To facilitate this, the buffer is again allowed
to fill to capacity. Records are then randomly grouped into segments of appropriate size, and those segments overwrite the
largest segment of each existing subsample (d). This process is then repeated indefinitely, as long as the stream produces
new records (e and f).

larger than expected. A stack size of −k means that k
of the subsample’s on-disk records logically are not part
of the reservoir (even though they are physically present
on disk), and should be ignored during query processing.

Making use of the set of stacks is fairly straightfor-
ward. Imagine that nα(i−1) of a buffer’s records are sent
to overwrite a segment from an existing subsample Si,
but according to Algorithm 4, Mi should have been.
Then, there are two possible cases:

– Case 1: Mi is smaller than nα(i−1) by some num-
ber of records ε . In this case, ε records are removed
from the segment that is about to be over-written and
pushed onto Si’s stack in order to buffer them. This is
necessary because these records logically should not
be over-written by the records that are going to be
added to the disk, but they will be.

– Case 2: Mi is larger than nα(i−1) by some number
of records ε. In this case, ε records are popped off of
Si’s stack to reflect the additional records that should
have been removed from Si, but were not.

These stack operations are performed just prior to Step
(23) in Algorithm 3. Note that since the final group of
segments from a subsample of total size β are buffered
in main memory, their maintenance does not require any
stack operations. Once a subsample has lost all of its on-
disk samples, overwrites of records in this set can be
handled by simply replacing the records directly.

4.4.3 Bounding the Variance

Because the stacks associated with each subsample will
be used with high frequency as insertions are processed,
each stack must be maintained with extreme efficiency.
Writes should be entirely sequential, with no random
disk head movements. To assure this efficiency and avoid
any sort of online reorganization, it is desirable to pre-
allocate space for each of the stacks on disk.

To pre-allocate space for these stacks, we need to
characterize how much overflow we can expect from a
given subsample, which will bound the growth of the



10 Abhijit Pol et al.

5

3/5 of total1/5 of total

(a) Five new samples randomly replace existing samples which are grouped into three

(b) Most likely outcome: new samples distributed proportionally

(c) Possible (though unlikely) outcome: new samples all distributed to smallest bucket

2 6 8 7 3
7

1 9
3

1
1/5 of total

8
3 5 6 4 55

4 6
5

1 2

5 1 2 8 5
1

8

52 6 6 7 3
4

1 9
3

1

6
8 5 3 4 55

4 6
5

1 2

5 1 2 8 5
1

8

88 3 8 6 5
7

1 9
3

1

8
3 5 6 4 55

4 6
5

1 2

5 1 2 8 5
1

8

Fig. 4 Distributing new records to existing subsamples.

Algorithm 3 Reservoir Sampling with a Geometric File
1: Set numSubsamples = 0
2: for int i = 1 to ∞ do
3: Wait for a new record r to appear in the stream
4: if i ≤ |R| then
5: Add r to B
6: if Count(B) == |B|αnumSubsamples then
7: Randomize the ordering of the records in B
8: Set n = Count(B)× (1− α)
9: Partition B into segments of size n, nα, nα2, and

so on
10: Flush the first Ψ segments to the disk
11: Store the group of remaining segments in main

memory
12: numSubsamples + +
13: B = �
14: else
15: with probability |R|/i do
16: with probability Count(B)/|R| do
17: Replace a random record in B with r
18: else do
19: Add r to B
20: if Count(B) == |B| then
21: Partition the buffer into segments of size

n, nα, nα2, and so on (see Section 4.4.1)
22: for each segment sgj from B do
23: Overwrite the largest segment of jth largest

subsample of R with sgj

24: B = �

Algorithm 4 Randomized Segmentation of the buffer
1: for each subsample i in the reservoir R do
2: Set Ni= Number of records in Si

3: Set Mi = 0
4: for each record r in the buffer B do
5: Randomly choose a victim subsample Si such that

Pr[choosing Si] = Ni/
P

sj
Nj

6: Ni −−; Mi + +

subsample’s stack. It is important to have a good charac-
terization of the expected stack growth. If we allocate too
much space for the stacks, then we allocate disk space for
storage that is never used. If we allocate too little space,
then the top of one stack may grow up into the base of
another. If a stack does overflow, it can be handled by
buffering the additional records temporarily in memory
or moving the stack to a new location on disk until the
stack can again fit in its allocated space. This is not a
catastrophic event, but it increases the disk I/O associ-
ated with stack maintenance and leads to fragmentation,
and so it is an event that we would like to render very
rare.

To avoid this, we observe that if the stack associated
with a sub-sample S contains any samples at a given
moment, then S has had fewer of its own samples re-
moved than expected. Thus, our problem of bounding
the growth of S’s stack is equivalent to bounding the
difference between the expected and the observed num-
ber of samples that S loses as |B| new samples are added
to the reservoir, over all possible values for |B|.

To bound this difference, we first note that after adding
|B| new samples into the reservoir, the probability that
any existing sample in the reservoir has been over-written

by a new sample is 1−
(
1− 1

|R|

)|B|
. During the addition

of new records to the reservoir, we can view a subsample
S of initial size |B| as a set of |B| identical, indepen-
dent Bernoulli trials (coin flips). The ith trial determines
whether the ith sample was removed from S. Given this
model, the number of samples remaining in S after |B|
new samples have been added to the reservoir is bino-
mially distributed with |B| trials and P = Pr[s ∈ S

remains] = 1 −
(
1− 1

|R|

)|B|
. Since we are interested in
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characterizing the variance in the number of samples re-
moved from S primarily when |B|P is large, the binomial
distribution can be approximated with very high accu-
racy using a normal distribution with mean µ = |B|P
and standard deviation σ =

√
|B|P (1− P ) [29]. Simple

arithmetic implies that the greatest variance is achieved
when a subsample has on expectation lost 50% of its
records to new sample (P = 0.5); at this point the stan-
dard deviation σ is 0.5

√
|B|. Since we want to ensure

that stack overruns are essentially impossible, we choose
a stack size of 3

√
|B|. This allows the amount of data

remaining in a given subsample to be up to six standard
deviations from the norm without a stack overflow, and
is not too costly an additional overhead. A quick lookup
in a standard table of normal probabilities tells us that
this will yield only around a 10−9 probability that any
given subsample overflows its stack. While achieving such
a small probability may seem like overkill, it is impor-
tant to remember that many thousands of subsamples
may be created in all during the life of the geometric
file, and we want to ensure that very few of them over-
flow their respective stacks. If 100, 000 on-disk segments
are replaced, then using a stack of size 3

√
|B| will yield a

very reasonable probability that we experience no over-
flows of (1 − 10−9)100,000, or 99.990%. In practice, the
actual probability of experiencing no overflows will be
even greater. This is due to the fact that the standard
deviation in subsample size for most of a subsample’s
lifespan will be much less than 0.5

√
|B|, due to the high

percentage of its lifespan that it has an associated P of
less than 0.5 as it slowly loses all of its samples.

5 Choosing Parameter Values

Given a specified file size and buffer size, two parameters
associated with using the geometric file must be chosen:
α, which is the fraction of a subsample’s records that
remain after the addition of a new subsample, and β,
which is the total size of a subsample’s segments that
are buffered in memory.

5.1 Choosing a Value for Alpha

In general, it is desirable to minimize α. Decreasing α
decreases the number of segments used to store each sub-
sample. Fewer segments means fewer random disk head
movements are required to write a new subsample to
disk, since each segment requires around four disk seeks
to write (one to read the location and one to write a new
segment, and similarly two more considering the cost of
subsequently adjusting the stack of the previous owner).

To illustrate the importance of minimizing α, imagine
that we have a 1GB buffer and a stream producing 100B
records, and we want to maintain a 1TB sample. Assume
that we use an α value of 0.99. Thus, each subsample is

originally 1GB, and |B| = 107. From Observation 2 we
know that n

1−α must be 107, so we must use n = 105.
If we choose β = 320 (so that β is around the size of
one 32KB disk block), then from Observation 3 we will
require b log 320−log 105+log(1−0.99)

log 0.99 c = 1029 segments to
store the entire new subsample.

Now, consider the situation if α = 0.999. A simi-
lar computation shows that we will now require 10, 344
segments to store the same 1GB subsample. This is an
order-of-magnitude difference, with significant practical
importance. With four disk seeks per segment, 1029 seg-
ments might mean that we spend around 40 seconds of
disk time in random I/Os (at 10ms each), whereas 10, 344
might mean that 400 seconds of disk time is spent on
random disk I/Os. This is important when one considers
that the time required to write 1GB to a disk sequen-
tially is only around 25 seconds. While minimizing α is
vital, it turns out that we do not have the freedom to
choose α. In fact, to guarantee that the sum of all exist-
ing subsamples is |R|, the choice of α is governed by the
ratio of |R| to the size of the buffer |B|:

Lemma 1.
(The size of a geometric file is |R|) ⇔

(
(1− α) = |B|

|R|

)
Proof. In the proof, (and consequently the Lemma) we
ignore the fact that |B| × αi−1 may not be integral, we
also ignore the storage associated with auxiliary struc-
tures such as the stacks and the beta segments. In this
case, the geometric file is simply collection of subsamples
of decaying size. We know that the largest subsample on
disk is created by the most recent buffer flush and has
|B| records in it. From Observation 1 the size of the ith
subsample of a file is |B| × αi−1. It then follows from
Observation 2 that the total size of all subsamples of
a geometric file is

∑∞
i−1 |B| × αi−1 = |B|

1−α , and thus

(1− α) = |B|
|R| . ut

We will address this limitation in Section 6.

5.2 Choosing a Value for Beta

It turns out that the choice of β is actually somewhat
unimportant, with far less impact than α. For example,
if we allocate 32KB for holding our β in-memory samples
for each subsample, and |B|/|R| is 0.01, then as described
above, adding a new subsample requires that 1029 seg-
ments be written, which will require on the order of 1029
seeks. Redoing this calculation with 1MB allocated to
buffer samples from each on-disk subsample, the num-
ber of on-disk segments is b log 104−log 105+log(1−0.99)

log 0.99 c or
687. By increasing the amount of main memory devoted
to holding the smallest segments for each subsample by
a factor of 32, we are able to reduce the number of disk
head movements by less than a factor of two. Thus, we
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will not consider optimizing β. Rather, we will fix β to
hold a set of samples equivalent to the system block size,
and search for a better way to increase performance.

6 Speeding Things Up

As discussed above, the value of α can have a significant
effect on geometric file performance. If α = 0.999, we
can expect to spend up to 95% of our time on random
disk head movements. However, if we were instead able
to choose α = 0.9, then we reduce the number of disk
head movements by factor of 100, and we would spend
only a tiny fraction of the total processing time on seeks.
Unfortunately, as things stand, we are not free to choose
α. According to Lemma 1, α is fixed by the ratio |B|/|R|.
That is, for a fixed desired size of reservoir we need a
larger buffer to lower the value of α.

However, there is a way to improve the situation.
Given a buffer of fixed capacity |B| and desired sample
size |R|, we choose a smaller value α′ < α, and then
maintain more than one geometric file at the same time
to achieve a large enough sample. Specifically, we need to
maintain m = (1−α′)

(1−α) geometric files at once. These files
are identical to what we have described thus far, except
that the parameter α′ is used to compute the sizes of a
subsample’s on-disk segments and size of each file is |R|

m .
The remainder of this Section describes the details of
how multiple geometric files are used to achieve greater
efficiency.

6.1 Reservoir Sampling with Multiple Geometric Files

The reservoir sampling algorithm with multiple geomet-
ric files is similar to the Algorithm 3. Each of the m
geometric files is still treated as a set of decaying sub-
samples, and each subsample is partitioned into a set of
segments of exponentially decreasing size, just as is done
in Algorithm 3, Steps (5)-(13). The only difference is that
as each file is created, the parameter α′ is used instead
of α in Steps (6), (8)-(9), and each of the m geometric
files is filled after one another, in turn. Thus, each sub-
sample of each geometric file will have segments of size
n, nα′, nα′

2
and so on.

Algorithm 5 Randomized Segmentation of the Buffer
for Multiple Geometric Files
1: for each Sij , the ith subsample in jth file do
2: Set Nij= Number of records in Sij

3: Set Mij = 0
4: for each record r in the buffer B do
5: Randomly choose a victim subsample Sij such that

Pr[choosing ij] = Nij/
P

skl
Nkl

6: Nij −−; Mij + +

However, processing additional records from the stream
is somewhat different. As more and more records are pro-
duced by the stream, new samples are captured and are
added to the buffer exactly as in Algorithm 3 Steps (15)-
(20) until buffer is full. Once the buffer is full, its record
order is then randomized, just as is in a single geomet-
ric file. Next the buffer is flushed to disk. This is where
the algorithm is modified. Overwriting records on disk
with records from the buffer is somewhat different, in
two primary ways:

– Partitioning the buffer : In Algorithm 4, the buffer is
partitioned so that the size of each buffer segment
is on expectation proportional to the current size of
subsamples in a single file. In case of multiple geomet-
ric files, we partition the buffer just like in Algorithm
4; however, we randomly partition the buffer across
all subsamples from all geometric files. The number
of buffer segments after the partitioning is the same
as the total number of subsamples in the entire reser-
voir, and the size of each buffer segment is on expec-
tation proportional to the current size of each of the
subsamples from one of the geometric files. This al-
lows us to maintain the correctness of the reservoir
sampling algorithm. The buffer partitioning steps in
case of multiple geometric files are given in Algorithm
5.

– Merging buffer segments with multiple geometric files:
This step requires quite a different approach com-
pared to Algorithm 3’s buffer merge algorithm. We
discuss all the intricacies subsequently, but at high-
level, the largest segment of each subsample from only
one geometric file is over-written with samples from
the buffer. This allows for considerable speedup, as
we discuss in Section 6.2. At first, this would seem
to compromise the correctness of the algorithm: log-
ically, the buffered samples must over-write samples
from every one of the geometric files (in fact, this
is precisely why the buffer is partitioned across all
geometric files, as described in the previous bullet).
However, the correctness can be maintained by mak-
ing use of some additional buffer space. In Sections
6.1.1 to 6.1.3, we describe in detail an algorithm that
is able to maintain the correctness of the sample.

6.1.1 Consolidation And Merging

As stated previously, the process of flushing a buffer to
disk once it has been partitioned must be altered. The
first step in flushing the buffer to disk is the consolida-
tion of the many small buffer segments that result from
partitioning the buffer across all files to form larger seg-
ments that are then used to over-write segments in only
a single geometric file. To form the largest consolidated
segment, we group the m buffer segments assigned to the
largest subsample from every file. The next largest con-
solidated segment is formed by grouping the m buffer
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segments corresponding to the next largest subsample
across every files, and so on.

Once the segments assigned to the various files have
been consolidated, the resulting segments are used to
overwrite subsamples from a single geometric file using
exactly the algorithm from Section 4, subject to the con-
straint that the jth buffer merge overwrites subsamples
from the (j mod m)th geometric file.

6.1.2 How Can Correctness Be Maintained?

Logically, samples from the buffer have been partitioned
so as to preserve the correctness of the reservoir algo-
rithm: each record has been assigned to a subsample
with probability proportional to the subsample’s size.
However, the fact that these partitions are then consol-
idated and merged into a single subsample would seem
to compromise algorithm correctness, since the subsam-
ples in the (j mod m)th geometric file are over-written
with too many new samples. Thus, this file physically
loses many of its samples before it should. This results
in a subsample with fewer samples stored on disk than
it should have in order to preserve the correctness of the
reservoir sampling algorithm.

Our remedy to this problem is to delay overwriting
a subsample’s largest segment until the time that all (or
most) of the records that will be over-written on disk
are invalid, in the sense that they have logically been
“over-written” by having records from subsequent buffer
flushes assigned to replace them. In order to accomplish
this, we note that if we did not perform consolidation
and instead replaced a segment from each subsample
with exactly those records assigned to overwrite records
from that subsample, then on expectation a subsample
would lose all of the records in its largest segment after
m buffer flushes. Thus, if we somehow delay overwriting
the largest segment in each file for m buffer flushes, we
could sidestep the problem of losing too many records
due to consolidation.

The way to accomplish this is to overwrite subsam-
ples in a lazy manner. We merge the buffer with the (j
mod m)th geometric file, but we do not overwrite any of
the valid samples stored in the file until the next time we
get to the file. We can achieve this by allocating enough
extra space in each geometric file to hold a complete,
empty subsample in each geometric file. This subsample
is referred to as the dummy. The dummy never decays
in size, and never stores its own samples. Rather, it is
used as a buffer that allows us to sidestep the problem
of a subsample decaying too quickly. When a new sub-
sample is added to a geometric file, the new subsample
overwrites segments of dummy rather than overwriting
largest segment of any existing subsamples. Thus, we
have protected segments of subsamples that contain valid
data by overwriting dummy’s records instead.

When records are merged from the buffer into the
dummy, the space previously owned by the dummy is

given up to allow storage of the file’s newest subsample.
After this flush, the largest segment from each of the
subsamples in the file is given up to reconstitute the new
dummy. Because the records in (new) dummy’s segments
will not be over-written until the next time that this
particular geometric file is written to, all of the data
that is contained within it is protected.

Note that with a dummy subsample, we no longer
have a problem with a subsample losing its samples too
quickly. Instead, a subsample may have slightly too many
samples present on disk at any given time, buffered by
the file’s dummy. These extra samples can easily be ig-
nored during query processing. The only additional cost
we incur with dummy is that each of the geometric files
on disk must have |B| additional units of storage allo-
cated. The use of a dummy subsample is illustrated in
Figure 5.

6.1.3 Handling the Stacks in Multiple Geometric Files

One final issue that should be considered is maintenance
of the stacks associated with each subsamples of the (j
mod m)th geometric file. Just as in the single file case,
the purpose of the stack associated with a subsample
is to store samples that are still valid, but whose space
must be given up in order to store new samples from
the buffer that have been flushed to disk. With multiple
geometric files, this does not change. It is possible that
when the buffer is written to the dummy subsample in
a file, the dummy may still contain valid samples from
a subsample in that file. Specifically, one or more of the
dummy’s segments may contain valid samples from the
last subsample to own the segment. In that case, the
valid samples are saved to that subsample’s stack before
the dummy is over-written.

6.2 Speed-up Analysis

The increase in speed achieved using multiple geometric
files can be dramatic. The time required to flush a set of
new samples to disk as a new subsample is dominated by
the need to perform random disk head movements. For
each subsample, we need two random movements to over-
write its largest segment (one to read the location and
one to write a new segment) and then two more seeks for
its stack adjustment; a total of around 40 ms/segment.
The number of segments required to write a new sub-
sample to disk in the case of multiple geometric files
(and thus the number of random disk head movements
required) is given by Lemma 2.

Lemma 2.
Let ω = (log(1/α′))−1. Multiple geometric files can be
used to maintain an online sample of arbitrary size with
a cost of O(ω×log |B|/|B|) random disk head movements
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Fig. 5 Speeding up the processing of new samples using multiple geometric files.

for each newly sampled record.

Proof. We know that for every buffer flush, m segments
in the buffer are grouped to form a consolidated seg-
ment. All such consolidated segments are then used to
overwrite the largest on-disk segments of the subsamples
stored in a single geometric file. From Observation 3, we
know that the number on-disk segments of a subsam-
ple (and thus the number of consolidated segments) is
b log β−log n+log(1−α′)

log α′ c. Substituting n = (1 − α′) × |B|
and simplifying the expression (as well as ignoring the
floor) we compute the number of segments to write as

1
log α′ (log β − log |B|). If we let ω = (log(1/α′))−1 the
number of segments can be expressed as ω(log |B| −
log β). Assuming a constant number c of random seeks
per segment written to the disk, the total random disk
head movements required per record is ωc ((log |B| −
log β)/|B|), which is O(ω × log |B|/|B|). ut

In case of multiple geometric files we use additional space
for m dummy subsamples. Thus, the total storage re-

quired by all geometric files is |R| + (m × |B|). If we
wish to maintain a 1TB reservoir of 100B samples with
1GB of memory, we can achieve α′ = 0.9 by using only
1.1TB of disk storage in total. For α′ = 0.9, we need to
write less than 100 segments per 1GB buffer flush. At 40
ms/segment, this is only 4 seconds of random disk head
movements to write 1GB of new samples to disk.

7 Sampling the Sample

A geometric file is a simple random sample (without re-
placement) from a data stream. In this Section we de-
velop techniques which allow a geometric file to itself be
sampled in order to produce smaller sets of data objects
that are themselves random samples (without replace-
ment) from the original data stream. The goal of the
algorithms described in this Section is to efficiently sup-
port further sampling of a geometric file by making use
of its own structure.
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7.1 Why Might We Need To Sample From a Geometric
File?

In Section 2, we argued that small samples frequently
do not provide enough accuracy, especially in the case
when the resulting statistical estimator has a very high
variance. However, while in the general case a very large
sample can be required to answer a difficult query, a huge
sample may often contain too much information. For ex-
ample, reconsider the problem of estimating the average
net worth of American households as described in Section
2. In the general case, many millions of samples may be
needed to estimate the net worth of the average house-
hold accurately (due to a small ratio between the aver-
age household’s net worth and the standard deviation of
this statistic across all American households). However,
if the same set of records held information about the size
of each household, only a few hundred records would be
needed to obtain similar accuracy for an estimate of the
average size of an American household, since the ratio of
average household size to the standard deviation of sam-
ple size across households in the United States is greater
than 2. Thus, to estimate the answer to these two queries,
vastly different sample sizes are needed.

7.2 Different Sampling Plans for the Geometric File

Since there is no single sample size that is optimal for
answering all queries and the required sample size can
vary dramatically from query to query, this Section con-
siders the problem of generating a sample of size N from
a data stream using an existing geometric file that con-
tains a large sample of records from the stream, where
N ≤ R. We will consider two specific problems. First, we
consider the case where N is known beforehand. We will
refer to a sample retrieved in this manner as a batch sam-
ple. Batch samples of fixed size have been suggested for
use in several approximate query processing applications
[13,14,20,18,39]. In general, the drawback of making use
of a batch sample is that the accuracy of any estimator
which makes use of the sample is fixed at the time that
the sample is taken, whereas the benefit of batch sam-
pling is that the sample can be drawn with very high
efficiency.

We will also consider the case where N is not known
beforehand, and we want to implement an iterative func-
tion GetNext. Each call to GetNext results in an addi-
tional sampled record being returned to the caller, and
so N consecutive calls to GetNext results in a sample of
size N . We will refer a sample retrieved in this manner
as an online or sequential sample. The drawback of on-
line sampling compared to batch sampling is that it is
generally less efficient to obtain a sample of size N using
online methods. However, since the consumer of the sam-
ple can call GetNext repeatedly until an estimator with
enough accuracy is obtained, online sampling is more

flexible than batch sampling. An online sample retrieved
from a geometric file can be useful for many applications,
including online aggregation [22,24]. In online aggrega-
tion, a database system tries to quickly gather enough
information so as to approximate answer to an aggregate
query. As more and more information is gathered, the
approximation quality is improved, and the online sam-
pling procedure is halted when the user is happy with
the approximation accuracy.

7.3 Batch Sampling From a Geometric File

7.3.1 A Naive Algorithm

The most obvious way to implement batch sampling is
to make use of the reservoir sampling algorithm to raw
a sample of size N from a geometric file of size |R| in a
single pass. As the following lemma asserts, the resulting
sample is also a sample of size N from the original data
stream.

Lemma 3.
The reservoir sampling algorithm over a geometric file
produces a correct random sample of the stream.

Proof. If S is the batch sample of size N retrieved from
a geometric file R of size |R| using the reservoir sam-
pling algorithm, then we know from the correctness of
the reservoir sampling algorithm that:

Pr[S ∈ R] =
# of subsets of size N ∈ R

# of such subsets in a data stream D

=

(|R|
N

)(|D|
N

)
Now, imagine that S ∈ R. If we obtain a sample of size
N from R using the reservoir algorithm, the probability
that we choose precisely S is:

Pr[S sampled from R|S ∈ R] = 1/

(
|R|
N

)
Thus we have:

Pr[S sampled from R] = Pr[S sampled from R|S ∈ R]
× Pr[S ∈ R]

=
1(|R|
N

) (|R|
N

)(|D|
N

)
=

1(|D|
N

)
This is precisely the probability we would expect if we
sampled directly from the stream without replacement.

ut
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Unfortunately, though it is very simple, the naive algo-
rithm will be inefficient for drawing a small sample from
a large geometric file since it requires a full scan of the
geometric file to obtain a true random sample for any
value of N . Since the geometric file may be gigabytes in
size, this can be problematic.

7.3.2 A Geometric File Structure Based Algorithm

We can do better if we make use of the structure of a ge-
ometric file itself. The intuitive outline of this approach
is as follows. To obtain a batch sample of size N , we
pre-calculate how many records from each on-disk sub-
sample will be included in the batch sample, and then we
read the appropriate number of records sequentially from
the various segments of each subsample. The process of
choosing the number of records to select from each sub-
sample is analogous to Olken and Rotem’s procedure for
choosing the number of records to select from each hash
bucket when performing batched sampling from a hashed
file [33]. Once the number of sampled records from each
segment has been determined, sampling those records
can be done with an efficient sequential read since within
each on disk segment, all records are store in a random-
ized order. The key algorithmic issue is how to calculate
the contribution of each subsample. Since this contribu-
tion is a multivariate hypergeometric random variable,
we can use an approach analogous to Algorithm 4, which
is used to partition the buffer to form the segments of
a subsample. In other words, we can view retrieving N
samples from a geometric file analogous to choosing N
random records to overwrite when new records are added
to the file.

The resulting algorithm can be described as follows.
To start with, we partition the sample space of N records
into segments of varying size exactly as in Algorithm 4.
We refer to these segments of the sample space as sam-
pling segments. The sampling segments are then filled
with samples from the disk using a series of sequential
reads, analogous to the set of writes that are used to add
new samples to the geometric file. The largest sampling
segment obtains all of its records from the largest sub-
sample, the next largest sampling segment obtains all its
record from second largest subsample, and so on.

When using this algorithm, some care needs to be
taken when N approaches to the size of a geometric
file. Specifically, when all disk segments of a subsample
are returned to a corresponding sampling segment, we
must also consider the subsample’s in-memory buffered
records and any records contained in its stack in order
to obtain desired size sample. The detailed algorithm is
presented as Algorithm 6.

It is clear that this algorithm obtains the desired
batch sample by scanning exactly N records as against
the entire scan of the reservoir sampling at the cost of few
random disk seeks. Since the sampling process is analo-

Algorithm 6 Batch Sampling a Geometric File
1: Set NS = Number of subsamples in a geometric file
2: for i = 1 to NS do
3: Set RecsInSubsam[i] = Size of ith subsample
4: Set RecsToRead[i] = 0
5: for i = 1 to NS do
6: Choose j such that Pr[choosing j] = RecsInSubsam[j]

/|R|
7: RecsInSubsam[j]−−
8: RecsToRead[j] + +
9: for i = 1 to NS do

10: Append to batchsample RecsToRead[i] records from
the ith subsample

gous to the process of adding more samples to the file,
it is just as efficient, requiring O(ω× log |B|/N) random
disk head movements for each newly sampled record, as
described in Lemma 2.

7.3.3 Batch Sampling Multiple Geometric Files

A geometric file structure based batch sampling algo-
rithm can be extended to allow efficient batch sampling
from multiple geometric files in the same way that the
insertion algorithm for new samples into the geometric
file can be extended to allow insertions into multiple geo-
metric files. The extension is fairly straightforward with
additional first step where we determine the number of
records to be sampled from each geometric file. Once this
number is determined, we execute Algorithm 6 on each
file in order to obtain the desired batch sample.

7.4 Online Sampling From a Geometric File

7.4.1 A Naive Algorithm

One straightforward way of supporting online sampling
from a geometric file is to implement the iterative func-
tion GetNext as follows. For every call to GetNext, we
simply generate a random number i between 1 and size
of the file |R|, and then return a record at the ith position
in the geometric file. Care must be taken to avoid choos-
ing same record of R more than once in order to obtain
a correct sample without replacement. For example, to
sample N records from R, the numbers 0 through N − 1
could be hashed or randomized using a bijective pseudo-
random function onto the domain 0 through |R|−1, and
the resulting N numbers used to generate the sample.
To pick the next record to sample, we simply hash N .

It is easy to see that a naive algorithm will give us
a correct online sample of a geometric file. However, we
will use one disk seek per call to GetNext. Since each
random I/O requires around 10 milliseconds, the naive
algorithm can only sample around 6, 000 records from
the geometric file per minute per disk. This performance
is unacceptable for most applications.
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7.4.2 A Geometric File Structure-Based Algorithm

As in the case of batch sampling algorithm, we can make
use of the structure of a geometric file to efficiently sup-
port online sampling.

Instead of selecting a random record of a geometric
file, we randomly pick a subsample and choose its next
available record as a return value of GetNext. This is
analogous to the classic online sampling algorithm for
sampling from a hashed file [33], where first a hash bucket
is selected and then a record is chosen. Since the selection
of a random record within a subsample is sequential, we
may reduce the number of costly disk seeks if we read
the subsample in its entirety, and buffer the subsample’s
records in memory. Using this basic methodology, we now
describe how a call to the GetNext will be processed:

– We first randomly pick a subsample Si, with the
probability of selecting i proportional to the size of
ith subsample.

– Next, we look for buffered records of Si; if such records
exist, we choose and return the first available record
as the return value of GetNext. If no buffered records
are found, we fetch and buffer a number of blocks
of records from subsample Si; these records are then
buffered. We return the first buffered record as the
return value of GetNext.

Since the records from each subsample are read and
buffered in memory sequentially, we are guaranteed to
choose each record of the reservoir at most once, giving
us desired random sample without replacement. A proof
of this is simple, and analogous to the proof of Lemma
3. However, thus far we have not considered a very im-
portant question: How many blocks of a subsample Si

should we fetch at the time of buffer refill? In general
there are two extremes that we may consider:

– Fetch many. If we fetch a large number of blocks at
the time of the buffer refill, we reduce the overall time
to sample N records for large N . This is due to the
fact that by fetching many blocks using a sequential
read, we amortize the seek time over a large num-
ber of blocks and at the same time we prepare our-
selves for future calls to GetNext ; once the records
are fetched from disk, the response time for subse-
quent calls to GetNext is almost instantaneous (only
in-memory computations are required). However, the
drawback of this approach is that the more records
we fetch sequentially from the disk during a single
call to GetNext, the longer the response time will be
for the particular call to GetNext during which we
fetch those blocks. This is particularly worrisome if
we spend a lot of time to fetch blocks which are never
used (which will be the case if the user intends to
draw only a relatively small-sized sample.)

– Fetch few. If we fetch small number of blocks at the
time of buffer refills, we reduce the maximum re-
sponse time for any given GetNext call. However, we

then need more seeks to sample N records. The ap-
proach can be problematic if user intends to draw a
relatively large sample from the file.

In order to discuss such considerations more concretely,
we note that the time required to process GetNext call
is proportional to the number of blocks fetched on the
call, assuming that the cost to perform the required in-
memory calculations is minimal. If b blocks are fetched
during a particular call, we spend s + br time units on
that particular call to GetNext, where s is the seek time
and r is time required to scan a block. Once these b
blocks are fetched we incur zero cost for next bn calls
to GetNext, where n is the blocking factor (number of
records per block). Thus, in the case where blocks are
fetched at the first call to GetNext, we incur the total
cost of s + br to sample bn records, and have a response
time of s + br units at the first call to GetNext, with all
subsequent calls having zero cost.

Now imagine that instead we split b blocks into two
chunks of size b/2 each, and read a chunk-at-a-time.
Thus, the first GetNext call will cost us s + br/2 time
units. Once these bn/2 records are used up we read next
chuck of blocks. The total cost in this scenario is 2s + br
with a response time of s + br/2 time units once at the
starting point and other mid-way through. Note that al-
though the maximum response time on any call to Get-
Next is reduced by half, we required more time to sample
bn records. The question then becomes, How do we rec-
oncile response time with overall sampling time to give
the user optimal performance?

The systematic approach we take to answering this
question is based on minimizing the average square sum
of response time over all GetNext calls. This idea is sim-
ilar to the widely utilized sum-square-error or MSE cri-
terion, which tries to keeps the average error or “cost”
from being too high, but also penalizes particularly poor
individual errors or costs. However, one problem we face
using this strategy in the context of online sampling is
that we do not know before hand the value of N , the
number of records to be sampled.

Algorithm 7 GetNext for Online Sampling
1: Set NS = Number of subsamples in a geometric file
2: for i = 1 to NS do
3: Set RecsInSubsam[i] = Size of ith subsample
4: Set BufferedSubsamSize[i] = 0
5: Randomly choose a subsample Si such that Pr[choosing

i] = RecsInSubsam[i] /|R|
6: RecsInSubsam[i]−−
7: if BufferedSubsamSize[i] == 0 then
8: Set numRecs to minimum of sf/r and

RecsInSubsam[i]
9: Read and buffer numRecs records of Si

10: BufferedSubsamSize[i] = numRecs
11: BufferSubsamSize[i]−−
12: Return the next available buffered record of Si
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To address this issue, we use a simple heuristic. Every
time we refill a buffer, we look at the number of records
already sampled from a subsample and assume that the
user will ask for the same number of samples as the al-
gorithm progresses. This gives us the planning horizon
for which we can determine the number of blocks to be
fetched. We also use the obvious constraint that the to-
tal number of samples fetched from the subsample should
not exceed the number of records in a subsample. Given
this, an analytic solution to the problem of minimizing
the average squared cost over all calls to GetNext is as
follows:

– If there are b number of records per blocks then let
N/b be the number of blocks in the planning horizon,
and let X be the number of equal size chunks that
we read on every buffer refill. Our goal is to deter-
mine the value of X and the number of blocks in each
chunk.

– We know that the time to read a chunk is propor-
tional to s + (N/b× r)/X, and thus the square sum
of response time of all GetNext calls is X(s+(N/b×
r)/X)2.

– In order to derive a formula for the value of X that
minimizes this, we simply differentiate it with respect
to X and then solve for the zero.

=
d

dX
(X(s + (N/b× r)/X)2)

=
d

dX
(Xs2 + 2Nsr + (N/b× r)2/X)

= s2 − (N/b× r)2/X2

Setting this to zero, we have X = Nr/bs. Thus, we divide
N/b blocks into Nr/bs chunks and read bs/r number of
blocks from a subsample every time we refill the buffer.
It turns out that when this solution is used, the number
of blocks read at the time of buffer refill depends on
the ratio of the seek time to the block scan time. Since
this solution is independent of the planning horizon, we
always read bs/r blocks irrespective of the number of
records sampled so far. Algorithm 7 gives the detailed
online sampling algorithm.

8 Benchmarking

In this Section, we detail two sets of benchmarking ex-
periments. In the first set of experiments, we attempt
to measure the ability of the geometric file to process
a high-speed stream of data records. In the second set
of experiments, we examine the various algorithms for
producing smaller samples from a large, disk-based geo-
metric file.

8.1 Processing Insertions

In order to test the relative ability of the geometric file
to process a high-speed stream of insertions, we have im-
plemented and benchmarked five alternatives for main-
taining a large reservoir on disk: the three alternatives
discussed in Section 3, the geometric file, and the frame-
work described in Section 6 for using multiple geometric
files at once. In the remainder of this Section, we refer
to these alternatives as the virtual memory, scan, local
overwrite, geo file, and multiple geo files options. An α′

value of 0.9 was used for the multiple geo files option.
All implementation was performed in C++. Bench-

marking was performed using a set of Linux worksta-
tions, each equipped with 2.4 GHz Intel Xeon Proces-
sors. 15,000 RPM, 80GB Seagate SCSI hard disks were
used to store each of the reservoirs. Benchmarking of
these disks showed a sustained read/write rate of 35-50
MB/second, and an “across the disk” random data ac-
cess time of around 10ms.

8.1.1 Experiments Performed

The following three experiments were performed:

Insertion Experiment 1: The task in this experiment
was to maintain a 50GB reservoir holding a sample of 1
billion, 50B records from a synthetic data stream. Each
of the five alternatives was allowed 600MB of buffer mem-
ory to work with when maintaining the reservoir. For
the scan, local overwrite, geo file, and multiple geo files
options, 100MB was used as an LRU buffer for disk
reads/writes, and 500MB was used to buffer newly sam-
pled records before processing. The virtual memory op-
tion used all 600MB as an LRU buffer. In the experi-
ment, a continual stream of records was selected to be
inserted into the reservoir (as many as each of the five
options could handle). The goal was to test how many
new records could be added to the reservoir in 20 hours,
while at the same time expelling existing records from
the reservoir as is required by the reservoir algorithm.
The number of new samples processed by each of the
five options (that is, the number of records added to
disk) is plotted as a function of time in Figure 6 (a). By
“number of samples processed” we mean the number of
records that are actually inserted into the reservoir, and
not the number of records that have passed through the
data stream.

Insertion Experiment 2: This experiment is identical
to Experiment 1, except that the 50GB sample was com-
posed of 50 million, 1KB records. Results are plotted in
Figure 6 (b). Thus, we test the effect of record size on
the five options.

Insertion Experiment 3: This experiment is identical
to Experiment 1, except that the amount of buffer mem-
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ory is reduced to 150MB for each of the five options.
The virtual memory option used all 150MB for an LRU
buffer, and the four other options allocated 100MB to
the LRU buffer and 50MB to the buffer for new samples.
Results are plotted in Figure 6 (c). This experiment tests
the effect of a constrained amount of main memory.

8.1.2 Discussion of Experimental Results

All three experiments suggest that the multiple geo files
option is superior to the other options. In Experiments
1 and 2, the multiple geo files option was able to write
new samples to disk almost at the maximum sustained
speed of the hard disk, at around 40 MB/sec.

It is worthwhile to point out a few specific findings.
Each of the five options writes the first 50GB of data
from the stream more or less directly to disk, as the
reservoir is large enough to hold all of the data as long
as the total is less than 50GB. However, Figure 6 (a) and
(b) show that only the multiple geo files option does not
have much of a decline in performance after the reser-
voir fills (at least in Experiments 1 and 2). This is why
the scan and virtual memory options plateau after the
amount of data inserted reaches 50GB. There is some-
thing of a decline in performance in all of the methods
once the reservoir fills in Experiment 3 (with restricted
buffer memory), but it is far less severe for the multiple
geo files option than for the other options. Furthermore,
this degeneration in performance could probably be re-
duced by using a smaller value for α′.

As expected, the local overwrite option performs very
well early on, especially in the first two experiments (see
Section 3 for a discussion of why this is expected). Even
with limited buffer memory in Experiment 3, it uni-
formly outperforms a single geometric file. Furthermore,
with enough buffer memory in Experiments 1 and 2, the
local overwrite option is competitive with the multiple
geo files option early on. However, fragmentation be-
comes a problem and performance decreases over time.
Unless offline re-randomization of the file is possible pe-
riodically, this degradation probably precludes long-term
use of the local overwrite option.

It is interesting that as demonstrated by Experiment
3 (and explained in Section 5) a single geometric file is
very sensitive to the ratio of the size of the reservoir
to the amount of available memory for buffering new
records from the stream. The geo file option performs
well in Experiments 1 and 2 when this ratio is 100, but
rather poorly in Experiment 3 when the ratio is 1000.

Finally, we point out the general unusability of the
scan and virtiual memory options. scan generally outper-
formed virtual memory, but both generally did poorly.
Except in experiment 1 with large memory and small
record size, with these two options more than 97% of
the processing of records from the stream occurs in the
first half hour as the reservoir fills. In the 19.5 hours or
so after the reservoir first fills, only a tiny fraction of ad-

ditional processing occurs due to the inefficiency of the
two options.

8.2 Sampling from a Geometric File

We have also implemented and benchmarked four sam-
pling techniques to sample geometric files discussed in
the Section 7. Specifically, we have compared the naive
batch sampling and the online sampling algorithms against
a geometric file structure based batch sampling and on-
line sampling algorithms. We have also tested these four
techniques with the framework that make use of multiple
geometric files. All of the algorithms were implemented
on top of the geometric file prototype that was bench-
marked in the previous Subsection.

8.2.1 Experiments Performed

To compare the various options, we used the following
setup. We first initialize a geometric file by sampling and
adding records from a synthesized data stream to the
files for a period of several hours. This ensures a real-
istic scenario for testing: the reservoir in the file that
is to be tested has been filled, a reasonable portion of
each initial subsample has been over-written, and some
of the smaller initial subsamples have been removed from
the file, and a number of new subsamples have been cre-
ate. The parameters used in building the geometric file
are the same as those describe in Experiment 2 of the
previous Subsection (a 50GB file with 50 million, 1KB
records). Given such a file, the following set of experi-
ments were performed:

Sampling Experiment 1: The goal of this experiment
was to compare the two options for obtaining a batch
sample from a geometric file: the naive algorithm, and
then the geometric file structure based algorithm. For
both algorithms, we plot the time to perform the sam-
pling as a function of the desired sample size. Figure 7
(a) depicts the plot for a single geometric file; Figure 7
(b) shows an analogous plot for the multiple geometric
files option.

Sampling Experiment 2: This experiment is analo-
gous to Sampling Experiment 1, except that online sam-
pling is performed via multiple successive calls to Get-
Next. The number of records sampled with multiple calls
to GetNext versus the elapsed time is plotted in Fig-
ure 7 (c) for both the naive algorithm and the more
advanced, geometric file structure based algorithm de-
signed to increase the sampling rate and even out the
response times. The analogous plot for multiple geomet-
ric file case is shown in Figure 7 (d). We also plot the
variance in response times over all calls to GetNext as
a function of the number of calls to GetNext in Figures
7(e) and 7(f) (the first is for a single geometric file; the
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Fig. 6 Results of benchmarking experiments (Processing Insertions).

second is with multiple files). Taken together, these plots
show the trade-off between overall processing time and
the potential for waiting for a long time in order to ob-
tain a single sample.

8.2.2 Discussion of Experimental Results

Not surprisingly, these results suggest that the geometric
file structure based sampling methods are superior over

the more obvious naive algorithms, both in the batch and
online case. As expected, the naive batch sampling algo-
rithm took almost constant time to obtain batch sample
of any size as it requires scan of the entire geometric file
to retrieve any batch sample. The geometric file structure
based algorithm can produce a small-size batch sample
very fast, and the total sampling time increases linearly
with sample size. The time required for the geometric file
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Fig. 7 Results of benchmarking experiments (Sampling from a Geometric file).

structure based algorithm is well below the time required
by the naive approach even when 1/10 of file is sampled.
In case of online sampling, geometric file structure based
algorithm clearly outperformed naive approach and this
was not surprising as it must expend one disk seek per
sample. For both, batch and online sampling multiple
geometric files framework showed results analogues to
single geometric file case.

As expected and then demonstrated by variance plots,
the variance of online naive approach is smaller than geo-
metric file structure based algorithm. Although with this
little larger variance (less than 10 times for 100k samples)
in the response times, the structure based approach exe-
cuted order of magnitude faster (more than 100 times for
100k samples) than the naive approach for any number of

records sampled, justifying our approach of minimizing
the average square sum of the response time. In other
words, we got enough added speed for a small enough
added variance in response time to make the trade-off
acceptable. As more and more samples are obtained the
variance of structure based algorithm approached vari-
ance of the naive algorithm making the trade-off even
more reasonable for large intended sample sizes.

Finally, we point out that both the geometric file
structure based algorithms, batch and online case, were
able to read sample records from disk almost at the max-
imum sustained speed of the hard disk, at around 45
MB/sec. This is comparable to the rate of a sequential
read from disk, the best we can hope for.
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9 Related Work

Sampling has a very long history in the data manage-
ment literature, and research continues unabated today
[1,3,5,8,7,16,17,22,24,25,36]. However, the most previ-
ous papers (including the aforementioned references) are
concerned with how to use a sample, and not with how
to actually store or maintain one. Most of these algo-
rithms could be viewed as potential users of a large sam-
ple maintained as a geometric file.

As mentioned in the introduction, a series of papers
by Olken and Rotem (including two papers listed in the
References section [32,31]) probably constitute the most
well-known body of research detailing how to actually
compute samples in a database environment. Olken and
Rotem give an excellent survey of work in this area [33].
However, most of this work is very different than ours,
in that it is concerned primarily with sampling from an
existing database file, where it is assumed that the data
to be sampled from are all present on disk and indexed
by the database. Single pass sampling is generally not the
goal, and when it is, management of the sample itself as
a disk-based object is not considered.

The algorithms in this paper are based on reservoir
sampling, which was first developed in the 1960’s [15,
28]. In his well-known paper [37], Vitter extends this
early work by describing how to decrease the number of
random numbers required to perform the sampling. Vit-
ter’s techniques could be used in conjunction with our
own, but the focus of existing work on reservoir sam-
pling is again quite different from ours; management of
the sample itself is not considered, and the sample is im-
plicitly assumed to be small and in-memory. However, if
we remove the requirement that our sample of size N be
maintained on-line so that it is always a valid snapshot
of the stream and must evolve over time, then sequential
sampling techniques related to reservoir sampling that
could be used to build (but not maintain) a large, on-
disk sample (see Vitter [38], for example).

Several data structures and algorithms have been pro-
posed to speed up index inserts such as LSM Tree [34],
Buffer Tree [4], and Y-Tree [26]. These papers consider
problem of providing I/O efficient indexing for a database
experiencing a very high record insertion rate with which
it is almost impossible to insert into traditional B+- tree
indexing structure. Any of these methods could be very
well used to maintain a large random sample of a data
stream as geometric file does. If we consider a reservoir
as a bitmap of R entire, a record can be interested at a
random bitmap location using above index inserts meth-
ods. This technique works because in LSM, Buffer, and
Y-Tree inserted record goes to a fix position on disk and
remains their until it gets over-written by a newer record.
However, none of these methods can come close to the
raw write speed of the disk, as the geometric file can [27].
In a sense, the issue is that while the indexing provided
by these structures could be used to implement efficient,

disk-based reservoir sampling, it is too heavy-duty a so-
lution. We would end up paying a lot in terms of disk
I/O to send a new record to overwrite a specific, exist-
ing record chosen at the time the new record is inserted,
when all you really need is to have a new record overwrite
any random, existing record.

There has been much recent interest in approximate
query processing over data streams (a very small subset
of these papers is listed in the References section [13,14,
18]); even some work on sampling from a data stream [6].
This work is very different from our own, in that most
existing approximation techniques try to operate in very
small space. Instead, our focus is on making use of to-
day’s very large and very inexpensive secondary storage
to physically store the largest snapshot possible of the
stream.

Finally, we mention the U.C. Berkeley CONTROL
project [23] (which resulted in the development of online
aggregation [24] and ripple joins [22]). This work does
address issues associated with randomization and sam-
pling from a data management perspective. However, the
assumption underlying the CONTROL project is that
all of the data are present and can be archived by the
system; online sampling is not considered. Our work is
complementary to the CONTROL project in that their
algorithms could make use of our samples. For example,
a sample maintained as a geometric file could easily be
used as input to a ripple join or online aggregation.

10 Conclusions and Future Work

Random sampling is a ubiquitous data management tool,
but relatively little research from the data management
community has been concerned with how to actually
compute and maintain a sample. We have considered
the problem of random sampling from a data stream,
where the sample to be maintained is very large and
must reside on secondary storage. The main contribu-
tion of the paper is the development of the geometric
file. The geometric file can be used to maintain an on-
line sample of arbitrary size with an amortized cost of
O(ω×log |B|/|B|) random disk head movements for each
newly sampled record. The multiplier ω can be made
very small by making use of a small amount of addi-
tional disk space.

One obvious direction for future work is handling
the case where record size is variable. Another problem
is efficient index maintenance for the geometric file, so
that samples with specific characteristics can be found
quickly. This would be useful, for example, for handling
a stream that included deletions as well as insertions, or
for use during query processing.
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