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Abstract «Sampling is the most widely-used approximation technique. Sam-
Random sampling is one of the most fundamental data manage- pling is common in data mining, statistics, and machine learning.
ment tools available. However, most current research involving 1 N€ Sheer number of recent papers from ICDE, VLDB, and SIG-
sampling considers the problem of howueea sample, and not MOD [1][2][4][5][6][12][13][16][18][19][26] that use samples
how tocomputeone. The implicit assumption is that a “sample” is  t€stify to sampling’s popularity as a data management tool.

a small data structure that_is easily .mfiintained as new data aregiven the obvious importance of random sampling, it is perhaps
encountered, even though simple statistical arguments demonStrat%urprising that there has been very little work in the data manage-

that very Iarge_sam_ples of gigabytes or_te_rabytes in size can be NeCinent community orhow to actually perform random sampling
essary to provide high accuracy. No existing work tackles the prob- The most well-known papers in this area are due to Olken and

lem of maintaining very Iarg%, diSk'bﬁsed samples f|_ron; a data pytem [22][24], who also offer the definitive survey of related
mar_lagementl perspectlv:a, and no teﬁ niques n0V¥ exist for main-y, through the early 1990’s [23]. However, this work is relevant
taining very large samples in an online manner from streaming g1y for sampling from data stored in a database, and is not suit-

data._ In this paper, we present online algorithms_ for_ maintaining able for emerging applications such as stream-based data manage-
on-disk samples that are gigabytes or terabytes in size. The algo'ment. Furthermore, the implicit assumption in most existing work

”tﬁms arle deS|gned| for strt'eéimlng. dtaya, (;)r fcl)_r any eny|r0|r1ment is that a “sample” is a small, in-memory data structure. This is not
\t/\kll ereﬁ a(;g;e sanTﬁ m‘fs .t?] main a”t“?h ont |_n(;: In a sing etptisi‘always true. For many applications, very large samples containing

rough a data set. The algonthms meet the strict requirement thabyyiong of records can be required to provide acceptable accuracy.
the sample always be a true, statistically random sample (without

. Fortunately, modern storage hardware gives us the capacity to
replacement) of all of the data processed thus far. Our algorithms .pea 1y store very large samples that should suffice for even diffi-
are also suitable for biased or unequal probability sampling.

cult and emerging applications, such as futuristic “smart dust”

. environments where billions of tiny sensors produce billions of
1 Introduction observations per second that must be joined, cross-correlated, and
Despite the variety of alternatives for approximate query process- SO on. Currently, a terabyte of commodity hard disk storage costs
ing (including several references listed in this paper [8][9] only around $1,000. Given current trends, we should See storage
[10][14][29]), sampling is still one of the most powerful methods ~ costs of $1,000 per petabyte by the year 2020. To put this into con-
for building a one-pass synopsis of a data set in a streaming envi-t€xt, a petabyte is enough storage to store a sample containing 10
ronment, where the assumption is that there is too much data totrillion, 100-byte records.

store all of it permanently. Sampling’s many benefits include: While modern storage hardware might be up to the task of actu-
ally storing large samples, physically getting the sample on a disk

*Sampling is the most widely-studied and best understood approx-and maintaining it in the face of an intense stream of new data is
imation technique currently available. Sampling has been studied another matter. Current techniques suitable for maintaining sam-
for hundreds of years, and many fundamental results describe theples from a data stream are based mservoir sampling
utility of random samples (such as the central limit theorem, [11][20][27]. Reservoir sampling algorithms can be used to
Chernoff, Hoeffding and Chebyshev bounds [7][25]). dynamically maintain a fixed-size sample Wfrecords from a

stream, so that at any given instant, tHeecords in the sample

constitute a true random sample of all of the records that have been

‘produced by the stream. However, as we will discuss in this paper,

the problem is that existing reservoir techniques are suitaile

when the sample is small enough to fit into main memory
Given that there are limited techniques for maintaining very
large samples, the problem addressed in this paper is as follows:

«Sampling is the most versatile approximation technique available.
Most data processing algorithms can be used on a random sam
ple of a data set rather than the original data with little or no
modification. For example, almost any data mining algorithm for
building a decision tree classifier can be run directly on a sample.

Permission to make digital or hard copies of all or part of this work ~ Given a main memory buffer B large enough to hdib

for personal or classroom use is granted without fee provided that records, can we develop efficient algorithms for dynamically
copies are not made or distributed for profit or commercial advan- maintaining a massive random sample containing exactly N
tage and that copies bear this notice and the full citation on the first records from a data stream, where N B}?

page. To copy otherwise, or republish, to post on servers or to redis- . .
tribute to lists, requires prior specific permission and/or a fee. Key design goals for the algorithms we develop are:
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line in a single pass through a data set, with the strict require- (2) The error isdirectly proportional to the standard deviation of
ment that the sample always be a true, statistically random the set over which we are estimating the mean over.
sample of fixed sizé\ (without replacement) from all of the

data produced by the stream thus far. The significance of this observation is that the sample size required

to produce an accurate estimate can vary tremendously in practice,
(2) When maintaining the sample, the fraction of I/O time devoted and grows quadratically with increasing standard deviation.
to reads should be close to zero. Ideally, there would never be a For example, say that we use a random sample of 100 students
need to read a block of samples from disk simply to add one at a university to estimate the average student’s age. Imagine that
new sample and subsequently write the block out again. the average age is 20 with a standard deviation of 2 years. Accord-
. ) ) ing to the CLT, our sample-based estimate will be accurate to
(3) The fraction 1/O of time spent performing random 1/Os should  ithin 2.5% with confidence of around 98%, giving us an accurate
also be close to zero. Costly random disk seeks should be few g ess as to the correct answer with only 100 sampled students.
and far between. Aimost all I/O should be sequential. Now, consider a second scenario. We want to use a second ran-
(4) Finally, the amount of data written to disk should be bounded dom sample to estimate the average net worth of households in the
by the total size of all of the records that are ever Samp|ed_ United States, which is around $140,000, with a standard deviation
o of at least $5,000,000. Because the standard deviation is so large, a
Our Contributions quick calculation shows we will need more thaa million sam-
In this paper, we describe a new data organization callegeloe ples to achieve the same statistical guarantees as in the first case.
metric filefor maintaining a very large, disk-based sample froma  Required sample sizes can be far larger when standard database
data stream. The geometric file meets each of the requirementsoperations like relational selection and join are considered,
listed above. With memory large enough to buffBf>1  records, because these operations can effectively magnify the variance of
the geometric file can be used to maintain an online sample of arbi- our estimate. For example, the work on ripple joins [16] provides
trary size with an amortized cost of less th@an/[B|)log,|B| ~ ran- an excellent example of how variance can be magnified by sam-
dom disk head movements for each newly sampled record. Thepling over the relational join operator.
multiplier w can be made very small (down to 20 or so in practice)

by making use of a small amount of additional disk space. A rigor- 3 Very Large Samples In a Single Pass
ous benchmark of the geometric file demonstrates its superiority __ . . . L
This section gives some background on maintaining very large

over the obvious alternatives. . X h - . ;
samples in a streaming environment. We begin by discussing a

Paper Organization classical algorithm for maintaining an online sample from a data

The rest of the paper is organized as follows. In Section 2, we give Stream, and then discuss a few adaptations for disk-based samples.

an explanation as to why very large sample sizes can be mandatory

in common situations. Section 3 describes three initial alternatives 3.1 Reservoir Samp”ng

for maintaining very large, disk-based samples in a streaming envi- The classic algorithm for maintaining an online random sample of

ronment. In Sections 4, 5, and 6, we describe the geometric file. In 3 data stream is known asservoir sampling[11][20][27]. To
Section 7, we describe how the geometric file can be used for maintain a samplIR of sizeN = |R], the following loop is used:

biased sampling where certain records are considered more
important than others. Biased sampling can be useful in many situ- Algorithm 1: Reservoir Sampling
ations; for example, in sensor data management, queries might ' . .
refer to recent sensor readings far more frequently than older ones. (%) ég?iztr?t_ﬁg;tiqst;gmége stream directly i
In Section 8, we detail some benchmarking results. Section 9 dis- (2) N :

h . : ) Wait for a new record to appear in the stream
cusses related work, and the paper is concluded in Section 10. 4) With probability R| /i

. . . (5) Remove a randomly selected record frem
2 Sampling: Sometimes a Little Is Not Enough (6) Addr toR
One advantage of random sampling is that samples usually offer
statistical guarantees on the estimates they are used to produceA key benefit of the reservoir algorithm is that after each execution
Typically, a sample can be used to produce an estimate for a queryof thefor loop, it can be shown that the $Rts a true, uniform ran-
result that is guaranteed to have error less than  with a probabil- dom sample (without replacement) of the firsecords from the
ity & (see Cochran for a nice introduction to sampling [7]). The stream. Thus, at all times, the algorithm maintains an unbiased
value & is known as theonfidenceof the estimate. snapshot of all of the data produced by the stream. The name “res-
Very large samples are often required to provide accurate esti- ervoir sampling” is an apt one. The sampiserves as a reservoir
mates with suitably high confidence. The need for very large sam- that buffers certain records from the data stream. New records
ples can be easily explained in the context of temtral limit appearing in the stream may be trapped by the reservoir, whose
theorem(CLT) [24]. The CLT implies that if we use a random sam-  limited capacity then forces an existing record to exit the reservoir.
ple of sizeN to estimate the meap  of a set of numbers, the error  Reservoir sampling can be very efficient, with time complexity
of our estimate is usually normally distributed with mean zero and |ess than linear in the size of the stream. Variations on the algo-
variances?/N ’ wheres?  is the variance of the set over which we fithm allow it to “go to sleep” for a period of time during which it
are performing our estimation. Since the “spread” of a normally Only counts the number of records that have passed by [27]. After a
distributed random variable is proportional to the square root of the Crtain number of records have been seen, the algorithm can “wake
variance (also known as tlséandard deviatio) the error observed ~ UP" @nd capture the next record from the stream.
when using a random sample is governed by two factors:

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

(1) The error isinverselyproportional to the square root of the
sample size.



large sample must be stored on disk. Obvious extensions of the res- this solution will deteriorate, unless we periodically re-random-
ervoir algorithm to on-disk samples all have serious drawbacks: ize the entire reservoir. Unfortunately, re-randomizing the entire
reservoir is as costly as performing an external-memory sort of

*The virtual memory extensioifthe most obvious adaptation for  he entire file, and requires taking the sample off-line.

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 over- 4 The Geom,emc Flle_ o
write a random, existing record on disk, and so it will require two The three alternatlves_descrl_bed for maintaining a large sqmple all
random disk I/Os: one to read in the block where the record will have drawbacks. In this section, we discuss a fourth algorithm and
be written, and one to re-write it with the new sample. Currently, &n @ssociated data organization callecgeemetric file
a terabyte of storage requires as few as five disks, giving us a ran- . Lo
dom 1/O capacity of only around 500 disk head movements per 4.1 Intuitive Description
second. This means we can sample only 250 records per second’he geometric file makes use of a main memory buffer to store
at 10ms per random I/O with one terabyte of storage. To put this new samples as they are captured from the data stream. The sam-
in perspective, it would take more thame yearto sample ples collected one at time in the buffer are viewed as a sisigje
enough 100 byte records to fill that terabyte. sampleor a stratum[7]. Thus, the records in a subsample are a

) ) ] ) non-random subset of the records in the file, since they were sam-

*The massive rebuild extensiois an alternative, we could make pled during the sample time period from the data stream.

use of all of our available main memory to buffer new samples. = To maintain the correctness of the reservoir sampling algorithm
When the buffer fills, we simply scan the entire reservoir and that is the basis for the geometric file, each new subsample that is
replace a random subset of the existing records with the new, added to the reservoir must overwrite a true, random subset of the
buffered samples. The modified algorithm is sketched beBw.  records in the reservoir. Because a subsample is a non-random
refers to the buffer, an8||refers to the total buffer capacity. sample of the records from the stream, a new subsample must

- - - - overwrite a random sample of the records store@achof the
Algorithm 2: Reservoir Sampling with a Buffer existing subsamples currently archived in the reservoir. The key
(1) Forinti=1tow do: observation behind the geometric file is that the decay of a subsam-
) Wait for a new record to appear in the stream pI_e as it loses its records to new subse_lmple_s can be characterized
(3) If i < |R| // until the reservoir fills, no buffering with reas_,on_able accuracy usingeometric serieghence _the name
(4) Add r directly toR and continue geometric filg. As new subsamples are added to the file via buffer
(5) Else flushes, we observe th_etach e_xisting s_ut_)sample loses appr(_)xi-
(6) With probability R| /i mately the same fraction of its remaining records every time
(7) With probabilityCount(B) / [R| where the fraction of records lost is governed by the ratio of the
(8) I new samples can rewrite buffered samples ~ Sizé (_)f a new subsample to the overall size of th_e reservoir. Thu_s,
9) Replace a random recordBwith r the size of a subsample decays approximately in an exponential
(10) Else manner as new subsamples are added to the reservoir.
(11) Addr toB ~ This exponential decay is used to great advantage in the geomet-
(12) If Count(B) == |B| ric file. Each subsample is partitioned into a setsefmentsf
(13) Scan the reservoRt and emptyB in one pass exponentially decreasing size. These segments are sized so that
(14) B=0O every time a new subsample is added to disk, we expect that each
existing subsample losexactly the set of records contained in its

largest segmentAs a result, each subsample loses one segment
With a large disk block size and main memory, we can expect every time the buffer is emptied. Since segments are stored as con-
that most disk blocks will receive at least one new sample, so we tiguous runs of blocks on disk, this leads to fast, sequential writes
might as well rely on fast, sequential I/O to update the entire file. and few (if any) reads to process additional samples.
The drawback of this approach is that we are effectively rebuild-
ing the entire reservoir to process a set of buffered records that 4,2 Characterizing Subsample Decay
are a small fraction of the existing reservoir size. To describe the geometric file in detail, we begin with an analogy
between samples in a subsample and water in a bathtub. Say we
have a tub which contains a certain amount of water (e.g., 10 gal-
lons). Imagine that we decide to empty some fraction of the water

- . . " from the tub so that the fraction of the original water that remains
buffer sequentially to disk at any arbitrary position. Because of 9

th d lusteri tee that wh the buff is a (in our example, ler = 0.8). We then measure how much
the random clustering, we can guarantee that wnerever tn€ DUler, e \yas removed, and find that we have takemaurits h=2
is written to disk, the new samples will overwrite a random sub-

. . allons in our example). After this water is removed from the tub,
set of the records in the reservoir and preserve the correctness o

. . . e e again remove the same fraction &r-  of the remaining water.
the algorithm. The problem with this solution is that after the Obviously, this time we will removea = 1.6 gallons of water. We
buffered samples are adqetie data areé no longer clustered ran- next remove the same fraction 1Io-  of the remaining water, this
domly and so a randomized overwrite cannot be used a second;; e removingna® = 1.2 gallons. This process is repeated over
time The data are now clustered by insertion time, since the buff- nd over until the tub has less tan  gallons of water remaining
ered Sa’T‘P'eS were thle most .recentlé/.slfen In thebdata stregln# ang Three questions that are very relevant to our problem of main-
were written to a single position on disk. Any subsequent buffer ..i- Ve large samples from a data stream are-
flush will need to overwrite portions dfoththe new and the old gvery'ang P ] ] ] '
records to preserve the algorithm’s correctness, requiring an *How much water have we emptied afteiterations?
additional random disk head movement. With each subsequente\what would be the sum of all of the water measurements taken if
flush, maintaining randomness will become more costly, as data e completely emptied the tub?
become more and more clustered by insertion time. Eventually,

*The localized overwrite extensiowe will do better if we enforce
a requirement that all samples are stored in a random order on
disk. If data are clustered randomly, then we can simply write the



*How many times must we remove water from the tub before there
aref3 gallons left?

These questions can be answered using the following three simple

observations related to geometric series:

Observation 1 Given a decay ratea<1 , it holds that
m . m+1
Z na' = %_—r-] foranynOR, mOZ+.
i=0

Observation 2 Given a decay ratea<1 , it holds that

i n
na = ——
'zo T-g foranynOR .
| =

Observation 3 Given a decay rater <1 , defirf§) as z na'
i=j
From Observation 1, it follows that the largestsuch that
f(j)=Bisj = POgB—bgn + |Og(1—d)—‘ .
loga

These observations are relevant to our problem of characterizing

subsample decay. Consider some arbitrary subsa®mé our
large, disk-based sampR (so SO R). Imagine thaR is main-
tained using a reservoir sampling algorithm in conjunction with a
Bl _

main memory buffeB, where R 1-a . Recall that the way

segments numbered
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Figure 1: Decay of a subsample after multiple buffer flushes.

that reservoir sampling works is that new samples from the data SUPSampleS be the set of records that are loaded into our disk-
stream are chosen to overwrite random samples currently in theP@sed sample in a single emptying of the buffer. Since we know
reservoir. If we fill a buffer with new samples, and then merge that the number of records that remainSmvill expectedly decay

those new samples witR by overwriting a random subset of the
existing samples iR, then the subsampwill expectedly lose 1-
a |9 of its own records.

We can roughly describe the expected deca$ after repeated
buffer flushings using the three observations stated abovg.4f |

a_il for some numben, then it follows from Observation 2 that

the ith merge from the buffer intdR will expectedly remove

na' -1 records from what remains & Furthermore, the expected

number of merges required urihas onlyB samples left is
logB —logn +log(1-—a)

( loga W

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 mul->

tiple emptyings of the buffer. If we view as being composed of

(IogB—Iogn +log(1-a)
loga

w “segments” of exponentially

over time as depicted in Figure 1, we can organize our large, disk
based sample as a set of decaying subsampledaiigestsubsam-

ple was created by the most recent flushing of the buffer Rito
and has not yet lost any segments. Beeond largessubsample
was created by the second most recent buffer flush; itHestm-

ples to the most recent buffer flush. In general,ithdargest sub-
sample was created by thigdn most recent buffer flush, and it has
hadi - 1 segments removed by subsequent buffer flushes. The
overall file organization is depicted in Figure 2.

Using this file organization to dynamically maintain a random
sample from a data stream is then straightforward. Every time that
the buffer fills, it is loaded into the reservoir. To do this, first ran-
domize the ordering of the sampled records in the buffer. Then
divide the records from the buffer into segments of sizena ,

no?
log —logn + log(1—a)
( loga
size3 which is stored in main memory. After the records from the
buffer have been partitioned into segments, those segments are

3 i
, ha”, and so on. All segments of sizen’ or smaller for

W are put into a single group of total

decreasing size, plus a special, final group of segments of total sizeused to overwrite the largest on-disk segment of each of the exist-

3, then theith buffer flush intoR will expectedly remove exactly
one segment fror8. The process is shown in Figure 1.

4.3 Basic Geometric File Organization

ing subsamples iR. The reason that the large group of very small
segments of total sizB  is buffered in main memory is that over-
writing a segment requires at least one random disk head move-
ment, which is costly. By storing the very small segments in main
memory, we can reduce the number of disk head movements with

This decay process suggests a file organization for efficiently |ixe additional main-memory storage cost. The overall process of

maintaining very large random samples from a data stream. Let a

1. Actually, this is only a fairly tight approximation to the
expected rate of decay. It is not an exact characterization

adding a new subsample to a geometric file is depicted in Figure 3.
As new subsamples are added to the file, the size of each existing
subsample decays geometrically.

This file organization has several significant benefits for use in

because these expressions treat the emptying of the buffer intomaintaining a very large sample from a data stream.

the reservoir as a single, atomic event, rather than a set of indi-
vidual record additions (See Section 4.4).

*Performing a buffer flush requirebsolutely no reads from disk
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Figure 2: Basic structure of the Geometric File.

Each buffer flush requires onlpogB‘logln + '09(1‘0‘)} ran-
oga
dom disk head movements; all other disk 1/Os are sequential
writes. To add the new samples from the buffer into the geomet-
ric file to create a new subsampB we need only seek to the
position that will be occupied by each®d on-disk segments.

*Even if segments araot 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 What If the Unexpected Happens?
Unfortunately, the process is actually not quite so simple. All of
the above analysis is based on a notion of whakjgectedin real-

ity, sampling is a random process, and variance will occur.

Algorithm 3: Partitioning the buffer into segments

(1) For each recordin the bufferB, do:

2 Randomly choose a victim subsam@esuch that
3) Pr[choosing] = SubsampleSizg[/ |R|

(4) SubsampleSizéf-;

5) SubsampleSizepwSubsamp]e+

(6)

Thus, when we add a new subsample to disk via a buffer flush,
we need to perform aandomizedpartitioning of the buffer into
segments, described above by Algorithm 3.

Add r to segmenit in the new subsample

4.4.1 Handling Variance In Subsample Size

The difficulty is that by introducing this additional randomization,
we now have no hard guarantees on the sizes of the various seg-
ments in a given subsample. \@&pectthat the various segments
will be correctly sized, but there will be some variance. To handle
the variance that has been introduced, we will associate a Last-In-
First-Out (LIFO) stack with each of the subsamples held on disk.
The stack associated with a subsample will hold any of a subsam-
ple’s records that cannot fit in the subsample’s segments due to
anomalies experienced during the insertion process.

Making use of this additional storage is fairly straightforward.
Imagine that records from a new subsamf|g, are sent to over-
write a segment from an existing subsam@l@hen, there are two
possible cases (the cases are illustrated in Figure 5).

*Case 1 The amount of data in the new segment froga,3s
smaller thanthe amount of data in the existing segment from S
by some number of records (Shown in Figure 5 (a)). In this
case, records are popped off®f,,s stack to reflect the addi-
tional records that must be added to the segment. Furthermore,
records fromSs segment are moved s stack to reflect the fact
that these records were not removed fRffrigure 5 (c)).

*Case 2 The amount of data in the new segment frojg, &xceeds
the amount of data in the existing segment from S by some num-
ber of recordse (Shown in Figure 5 (b)). In this case, records
are popped off o8s stack to reflect the fact th&has lost some
additional records. Furthermore, records fr&p,,s segment
are moved td,e,S stack, since we do not have enough space to
write these records to disk in their correct position (Figure 5 (d)).

Note that since the final group of segments from a subsample of
total sizef3 are buffered in main memory, their maintenance does
not require any stack operations; overflow or underflow can be
handled efficiently by adding or removing records directly.

4.4.2 Bounding the Variance

In the geometric file, this variance is observed when new sam- Because the LIFO stacks associated with each subsample will be
ples from the buffer are added to disk as a new subsample. When ised with high frequency as insertions are processed, each stack

segment from the new subsamg,,, overwrites some of the

records from an existing subsam@ehe algorithm described thus
far replaces dixed numbelof the samples fron® In reality, we
need to randomly choose records from the reservoir to replace.
While the number of records replacedSwill expectedlye pro-
portional to the current size 8f this is not guaranteed.

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
replacing 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)).

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
exactly how much overflow we can expect from a given subsam-
ple, which will bound the growth of the subsample’s stack.

It is important to have a good characterization of the expected
stack growth. If we allocattoo muchspace for the stacks, then we
allocate disk space for storage that is never used. If we allocate
little space, then the top of one stack may grow up into the base of
another, necessitating a reorganization. This would also introduce
significant additional complexity into the geometric file, since the
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Figure 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 completely fill with samples. The buffered records are then randomly grouped into seg-
ments, and the segments are written to disk to form the largest initial subsample (a). For the second initial subsample, thze buffer is

only allowed to fill to a of its capacity before being written out (b). For the third initial subsample, the buffer fills to a

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 ran-

domly grouped into segments of appropriate size, and those segments overwrite the largest segment of each existing subsample (d).
This process is then repeated indefinititely, as long as the stream produces new records (e and f).

assumption has to be that additional samples will continue to arrive the variance in the number of samples removed f®primarily
from the data stream, meaning that the reorganization would havewhen BJ|P is large, the binomial distribution can be approximated

to be performed concurrently with new data insertion. with very high accuracy using a normal distribution with mean
To avoid this, we observe that if the stack associated with a sub-
sampleS contains any samples at a given moment, tSéras had

fewer of its own samples removed than expected. Thus, our prob-

lem of bounding the growth d8s stack is equivalent to bounding

the difference between the expected and the observed number of 0.5); at this point the standard deviation ~0i5.//B]

samples thaS loses a$ new samples are added to the reservoir,
over all possible values fdax

To bound this difference, we first note that after addingew
samples into the reservoir, the probability that any existing sample
in the reservoir has been overwritten by a new sample is

1P
1 EILL RO
During the addition of new records to the reservoir, we can view
a subsampl&of initial size B| as a set of| identical, independent
Bernoulli trials (coin flips). Theth trial determines whether thth
sample was removed fro® Given this model, the number of sam-
ples remaining irS after b new samples have been added to the
reservoir is binomially distributed wittB| trials andP = Pr[sOd S

1cP

RO Since we are interested in characterizing

remains] = %l

M = bP and standard deviatioo = /|B|[P(1—P) [21]. Simple
arithmetic implies that the greatest variance is achieved when a
subsample has expectedly lost 50% of its records to new sample (

. Since we
want to ensure that stack overruns are essentially impossible, we

choose a stack size &./|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‘i@roba-

bility that any given subsample overflows its stack. While achiev-
ing such a small probability may seem like overkill, it is important

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
none of them overflow their respective stacks. If the buffer is
flushed to disk 100,000 times, then using a stack of SzB|

will yield a very reasonable probability that we experience no

_9,100, 000
overflows of(1-10 ) , 0r 99.990%.
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uted to smallest bucket (© ew

Figure 4: Distributing new records to existing subsamples. Z= [ newsegmentiroye, |+ Case 1

5 Choosing Parameter Values modified € modified stack foScy
Two parameters associated with using the geometric file must be €
chosen:a , which is the fraction of a subsample’s records that (q)

remain after the addition of a new subsample, nd , which is the >, [ NeW Seqment iomugy] = Case 2

total size of a subsample’s segments that are buffered in memory.
] Figure 5: Effect on stack of overwriting an existing segment.

5.1 Choosing a Value for Alpha
In general, it is desirable to minimize . Decreasimg  decreases Proof: From Observation 1, we know that to ensure that the largest
the number of segments used to store each subsample. Fewer Se%'ubsample is of siza|, then n__ B|. Furthermore, we also
ments means fewer random disk head movements are required to _ _ l1-a i
write a new subsample to disk, since each segment requires aroundnow that since théth largest existing subsample has lost its larg-
four disk seeks to write (considering the cost to write the segment est { - 1) segments, it follows that the size of tike subsample is
and to subsequently adjust the stack of the previous owner). o gn

To illustrate the importance of minimizing , imagine that we zj =i-10
have a 1GB buffer and a stream producing 100B records, and we < » o on i Again using observation 1. this
want to maintain a 1TB sample. Assume that we usean  value of 2 = o di=i 1 gl - Agan using vall L
0.99. Thus, each subsample is originally 1GB, @jc|10. From expression can be simplified ten—z . Since= (1-0a)|B
Observation 1 we know thaff—a must be’180 we must usa (1-a)

. . |B B
= 10°. If we choosep = 320 (sothaB is around the size of one the total size of all subsamples(%_‘—a) , ddd-a) = % n
32KB disk block), then from Observation 3 we will require

I Then the size of all subsamples is then

(IogSZO—Iog 10 + l0g(1-0.99 | = 1029 segments to store the We will address this limitation in Section 6.
log0.99

entire new subsample. 5.2 Choosing a Value for Beta

Now, consider the situation i =0.999. A similar computation |t turns out that the choice @ is actually somewhat unimportant,
shows that we will now requirg0,344 segments store the same  with far less impact tham . For example, if we allocate 32KB for
1GB subsample. This is an order-of-magnitude difference, with holding ourp in-memory samples for each subsample, BIR|
significant practical importance. 1028 segments might mean thatjs 0.01, then as described above, adding a new subsample requires
we spend around 40 seconds of disk time in random I/Os (at 10msthat 1029 segments be written, which will require on the order of
each), whereas 10,344 might mean that 400 seconds of disk time is] 029 seeks. Redoing this calculation with 1MB allocated to buffer

spent on random disk I/Os. This is important when one considers samples from each on-disk subsample, the number of on-disk seg-
that the time required to write 1GB to a disk sequentially is only

around 25 seconds. ments is log10° ~ log10° + log(1- 0.99 or 687. By increas-
While minimizing a is vital, it turns out that we do not have the log0.99
freedom to choose . In fact, to guarantee that the sum of all exist- ing the amount of main memory devoted to holding the smallest
ing subsamples i&|, the choice ofx is governed by the ratio Bf | segments for each subsample by a factor of 32, we are able to
to the size of the buffer: reduce the number of disk head movements by less than a factor of
|B| two. Thus, we will not consider optimizing . Rather, we will fix

Lemma 1 (The size of a geometric file B[] = gl—a) = m%



B to hold a set of samples equivalent to the system block size, and (a) Initial configuration. Each of then geometric files has an

search for a better way to increase performance. additional dummy segment that holds no data.

6 Speeding Things Up L [ %% =

As demonstrated in the last section, the valueiof ~ can have a sig- I ——
nificant effect on geometric file performancedf =0.999, we can o N S T I =

expect to spend up to 95% of our time on random disk head move- =
ments. However, if we were instead able to choase  =.9, then we g EEEEEE—
reduce the number of disk head movements by factor of 100, and “E’ ] [
we would spend only a tiny fraction of the total processing time on & ~
seeks. Unfortunately, as things stand, we are not free to chmose SEEEECT0e
According to lemma 1 s fixed by the ratRy/|B|. EEEEDC
However, there is a way to improve the situation drastically. All -
that we have to do is to choose a smaller vailie o , tnedh EEREO0O0S
maintain more than one geometric file at the same time to achieve
a large enough sampleSpecifically, we need to maintain
- (1-a’)
(1-a)

[Ee———

[Em————

owned by the dummy ==
array ofm
geometric files

o (b) Thejth new subsample is added by overwriting the dummy in

geometric files at once. These files are identical t : S
thei = ( modm)th geometric file

what we have described thus far, except that the paranéter s [ .,
used to compute the sizes of a subsample’s on-disk segments. R——
T_he algorlthms described preV|ou$Iy must be change(_:i slightly to e —
maintain them files at once. When thigh new subsample is added =
to the reservoir, it is partitioned into segments exactly as described E I I
by algorithm 3, and all subsamples from all geometric files can be g I N (N newly
partially or fully overwritten by samples from the new subsample. S I ] added
However, to write the new subsample to disk, the segments created e subsample

by algorithm 3 are firstonsolidateda’ <a implies that we need

to create larger segments). Consolidation is performed by grouping
the new subsample’s firgt segments to form the subsample’s first
consolidated segment; the nextsegments are grouped to form
the second consolidated segment, and so on. The consolidated seg
ments are then used to overwrite the largest on-disk segménts

(c) Existing subsamples give their largest segment to reconstitute
the dummy. The data in these segements are protected until the
next time the dummy is overwritten.

only the subsamples stored in {henodm)th geometric file KXXXXXXXXXXROIIIIIIIIIV
In this way, adding a new subsample only affects a single geo- I (XX X XXX XN I IZIIZZI

metric file, and files are written in round-robin order. The reason O —— PIZZZ2
that we can usa’' <a is that when a subsample has its largest on- ; r——

disk segment overwritten with a consolidated segment from a new £ e

subsample, it is giving up its own storage space in lieu of storage = T N I X X2

space from other subsamples stored in the other geometric files. || [sn[mmi%e

Thus, rather than having to write to every subsample in every geo- mEEEOZ

metric file, we only write to the subsample®ieof the files.

The problem with this modified algorithm is that when the sub- )
sample prematurely gives up this unnaturally large segment all at newly reconstituted dummy
once, it is losing samples before it should. The effect is that a sub- (d) The nextm -1 buffer flushes write new subsamples to the other
sample may have fewer samples stored on disk than it needs to m- 1 geometric files, using the same process. iftiebuffer flush
have to preserve the correctness of the reservoir sampling algo- again overwrites the dummy in tligh geometric file, and the pro-
rithm. cess is repeated from step (c).

To remedy this, in each geometric file we allocate enough space MNIMIINNNNIINZZZZZZZZZZZ

to hold a complete, empty subsample. Th_is s_ubsample is referred [ 111 11111111111 7777773
to as thedummyThe dummy never decays in size, and never stores

i
its own samples. Rather, it is used as a buffer that allows us to side- & T— L
step the problem of a subsample decaying too quickly. £ I
When a new subsample is added to a geometric file, it is written © I N (111 77
only to the segments owned by the dummy. The LIFO stacks asso- é----g
ciated with each existing subsample are treated as if the new sub- L ———

sample had overwritten the existing subsamples directly, though
they can be updated lazily, as the subsample’s particular geometric
file is processed. After the new subsample has been written, each
existing subsample then “gives” the dummy its largest segment. _ ) ) )
Because the data in that segment will not be over-written until the Figure 6: Speeding up the processing of new samples using
next time that this particular geometric file is written to, it will be ~ Multiple geometric files.

protected. Thus, we no longer have a problem with a subsample

losing its samples too quickly. Instead, a subsample may haveered by the dummy. These samples can easily be ignored during
slightly too many samples present on disk at any given time, buff- query processing. The only additional cost is that each of the geo-

EEREOOON®
newly added subsample



Definition 1: A biased sample Bf thei records produced by

Algorithm 4: Biased Reservoir Sampling a data stream is a random sample of all of the stream’s

(1) SettotalWeightto O records such that the probability of sampling jtierecord
(2) Forinti=1too do: IR f(r)

(8)  Wait for a new record to appear in the stream from the stream i®r{r; U R] = —,—'—-

(4)  totalWeight+=1(r) Dk=0f(

©®) Ifi < IR, addr directly toR The probability of selecting a record from the stream is propor-

(6) Otherwise, with probabilit R x f('r) tional to the value of the utility functiof applied to the record.
otalWeight This is a fairly simple and yet powerful definition of biased sam-
(7) Remove a randomly selected record fi@m pling, and is general enough to support many applications.

8) AddrtoS

metric files on disk must hav8||additional units of storage allo- 7.2 Biased Sampling With A Reservoir

cated. The use of a dummy subsample is illustrated in Figure 6. We begin our description of biased sampling using the geometric
file by first presenting Algorithm 4, a slightly modified version of

Ana|ysis the reservoir sampling algorithm, suitable for biased sampling.
The increase in speed achieved using multiple geometric files can The difference between this algorithm and algorithm 1 is that
be dramatic. The time required to flush a set of new samples to records are sampled from the stream with probability proportional
disk as a new subsample is dominated by the need to perform ran-to the weight functiorf. The algorithm is a useful tool for biased
dom disk head movements, and around four random movements asampling from a stream, as described by the following lemma.
10ms each are required per subsample segment. We omit the math-

ematics for brevity, but using multiple geometric files, the number Lemma 2 LetRbe a biased sample of the records from a stream.
of segments required to write a new subsample to disk is Let R' be the modified version @t that results from one execution

_ N1 o _ ' IR f(r:
w(log,|B| —¢) for w = (logy ') *, & = log,P +log,(1-a) of steps (3) - (8) of algorithm 4. | ( '.) <1 ,theR’  will
(hence the result given in the introduction). Recall that the total ) otalWeight
(1-a') be a biased sample of the records from the stream.

storage required by all geometric files|R} . If we wish to

(1-a) ]

maintain a 1TB reservoir of 100B samples with 1GB of memory, Proof: We need to prove that for each recardrom the stream,
we can achieven’ = 0.9 by using only 1.1TB of disk storage in pfr OR'] = ‘IR‘A For the new record,, this fact follows
total. Fora' = 0.9, we will need less than 100 segments per 1GB ZJ _ 0f(rj)
buffer flush. At 4 seeks per segment, this is ofilgecond®fran-  irectly from step (6). Thus, we must prove this fact fgrk < i.
dom disk head movements to write 1GB of new samples to disk. gjnce” R is correct. we know that for k < i

. . . — IR f(r,) .
7 Biased Sampling With a Geometric File Pr 0OR] = ———— In step (6), there are 2 cases; either
Thus far, we have described how the geometric file can be used to j=0 Vi

efficiently maintain a very large sample from a data stream. We the new record; is chosen for the reservoir, or it is not.rifis not
have assumed that each record produced by the stream has aohosen, them, remains in the reservoir fdt < i. If rj is chosen,
equal probability of being sampled. A powerful technique with thenr, remains in the reservoir ify is not selected for expulsion
many applications in data managemertiisedor unequal proba- o the reservoir (the chance of this happening i chosen is

bility or stratifiedrandom sampling [7]. Biased sampling is based . o
on the simple observation that the relative importance of all (IR - 1) / R). Thus, the probability that a recorg is in R’ is:

records in a data set is typically not uniform, in which case the ran-
dom sample should over-represent the more important records.
Many applications of biased sampling are described in the data

Pir, OR] = Prir, ORI Pr; O R’]%R‘E 15+ 1-Pir; OR]H

management literature [4][5][6][12][13]. One example in which - Pir, O R]dR\Pr[ri OR]-Prr OR] + [R—IRPr; DR ]D
biased sampling can be useful over streaming data is when one k U IR IR a
wishes to take into account the time at which a record was pro- _ . - (IRI=Prr; ORY)

duced. For example, consider the problem of sensor data manage- Try ] IR

ment. Most queries will be over recent sensor readings, so it makes 0 fr) O i-1 f(r)0
sense to over-represent the most recent data in the sample. = Pr{r, DRl - — i 0= Prr OR] i=o0 )0

BRI St
7.1 A Definition of Biased Sampling 2) PR Dol
To begin with, we assume the existence of a user-defined weight- _ E IR f(r) % - of(r,-)D_ IR f(r)

1
ing functionf which takes as an argument a recordnd returns a -1 ¢ .J PREING ¢
real number greater than 0 that describes the record’s utility in sub- j=0 (rJ) j=o0 (ri)D Zj =0 (rj)
sequent query processinigis defined by the user and is applica- This is exactly the desired probability, and the lemma is praen.
tion-specific. In this paper, we do not consider how to defjraes

this has been the topic of much previous research 7.3 Biased Sampling With the Geometric File
[4][5](6][12][13]. Rather, we assume the existence of such a func- 1o rithm 4 and Lem%a 2gsuggest a simple modification to the
222; ?i?]d gg:ngg?jutz tsotrgz\rlr?l%pivtgra:z é%;#gg;gs'éz 22?“'r‘|;snl'ne geometric file to allow biased sampling. To maintain a biased sam-
f0||0\5)VS' 9 ' p ple, we could simply maintain a running sum of the total weight of



all samples produced by the stream, and then select each incomingDuring start-up. To begin with, the reservoir is filled with the

record from the stream with probabiliyR| f(r;)) totalWeight
However, there is a problem with this solution. Algorithm 4 is

only correct so long agR| f(r;)) tbtalWeightnever exceeds one.

If this value doesexceed one, then the probability calculations

first |R| records from the stream. For each of these initial records,
r.weightis set to one. LetotalWeightbe the sum of(r) over the
first |R| records. When the reservoir is finished fillig;, is set to
totalWeight/ |R| for every one of the initial subsamples. In this

used to prove Lemma 2 are meaningless and the correctness of the Way, the true weight of each of the fir& [records produced by

algorithm is not preserved. Unfortunately, we may see such mean-

ingless probabilities with high frequency early on as the reservoir
is initially filled with samples and the value tftalWeightis rela-
tively small. After some time, the situation will improve as the
number of records produced by the stream is very larget@tadt
Weight grows accordingly, making it unlikely that any single
record will have(|R| f(r;)) / totalWeighe 1.

To handle those early cases wheffR f(r;)) totalWeight
exceeds one, we will require a few algorithmic modifications. Our
goal is try to ensure that the weight of each reaoislexactlyf(r).
However, we will not be able to guarantee this in the case of
streaming data. We describe what we will be able to guarantee in
the context of thérue weightof a record:

Definition 2: The valuet is thetrue weightof a recordr if

and only ifPr[r OR] = totalHTteight'

What we will be able to guarantee is then twofold:

(1) First, we will be able to guarantee that the true weight of record
rj will be exactlyf(r;) if (IRl f(r;))/ totalWeight <1 fori > j.

(2) We can also guarantee that we can computértleeweightfor
a given record to unbias any estimate made using our sample.

In other words, our biased sample can still be used to produce

unbiased estimates that are correct on expectation [7], but the sam-
ple might not be biased exactly as specified by the user-defined

functionf, if the value off(r) tends to fluctuate wildly. While this

the data stream is set to be the mean valugrdfor the first R|
records. Giving the firstR records a uniform true weight is a
necessary evil, since they will all be overwritten by subsequent
buffer flushes with equal probability.

*As subsequent records are produced by the data streandust

as suggested by Algorithm 4, additional records produced by the
stream are added to the buffer with probabil{t§r| f(r)) total-
Weight so that at least initially, the true weight of thk record is
exactlyf(r;). The interesting case is wh o‘t:‘l\j\ierzli)ghf 1
the ith record is produced by the data stream. In this case, we
must scale the true weight of every existing record up so that

IR f(r;) - .
mt = 1. To accomplish this, we do the following:

when

IRIM; F(r;)
otalWeight °
(2) For each sampled record still in the buffgrweightis set to
IRl x r]-.weightx f(r)
totalWeight
(3) Finally, totalWeightis set to|R| f(r;) .

(1) For each on-disk subsampli4; is set to b

As the buffer fills. When the buffer fills and thgh subsample is

to be created and written to diﬂj is setto 1.

Finally, we argue that the above algorithm is correct, in the sense

may seem like a drawback, the number of records not sampledhat the sample maintained by this algorithm is a correct, biased

according tof will usually be small. Furthermore, since the func-

sample for some easily computable weighting functiir f ,

tion used to measure the utility of a sample in biased sampling is \ynere the true weight of recorssample isM(r) x r.weight .

usually the result of an approximate answer to a difficult optimiza-

tion problem [5] or the application of a heuristic [13], having a2 | gmma 3. Using the above algorithm, aftémrecords have been

small deviation from that function might not be of much concern.

7.3.1 Auxiliary Information
To use the geometric file for biased sampling, it is vital that we be

produced

Prir OR] =

the stream, that
IR M(r)r.weight

z'] _oM(r))rj.weight

we are guaranteed

by

for every recordr pro-

able to compute the true weight of any given record. To allow this, duced by the data stream.

we will require that the following auxiliary information be stored:

«Each record will have its effective weight r.weighdtored along
with it in the geometric file on disk. Ona®atalWeightbecomes
large, we can expect that for each new recgrdweight = f(r).

is that when a new record is encountered

Proof outline. The key reason for the correctness of the algorithm

IRIF(r)
totalWeight '

However, for the initial records from the data stream, these two the true weight of all of the existing samples is “bumped up” so as
values will not necessarily be the same. to maintain the relative probabilities of being sampled for all sam-

. . L . ples produced thus far by the data stre@m.
*Each subsampl& will have aweight multiplier M associated

with it. Again, for subsamples containing records produced by the
data stream afteotalWeightbecomes largey; will typically be

one. For efficiencyM; can be buffered in main memory. Along
with the effective weight, the weight multiplier can give us the
true weightfor a given record, which will b&(r) x r.weight .

8 Benchmarking

We have implemented and benchmarked five alternatives for main-
taining a large reservoir on disk: the three alternatives discussed in
Section 3, the geometric file, and the framework described in Sec-
tion 6 for using multiple geometric files at once. We refer to these
alternatives as theirtual memoryscan local overwrite geo file
7.3.2 Algorithmic Changes andmultiple geo fileoptions. Ana’ value of 0.9 was used for the

Given that we need to store this auxiliary information, the algo- Multiple geo filesption. _ .
rithms for sampling from a data stream using the geometric file All implementation was performed in C++. Benchmarking was

will require three changes to support biased sampling. These mod-Performed using a set of Linux workstations, each equipped with
ifications are described now: 2.4 GHz Intel Xeon Processors. 15,000 RPM, 80GB Seagate SCSI



(a) 50 Byte records, 600MB buffer spagg (b) 1KB records, 600MB buffer space _ (c) 50 Byte records, 150MB buffer space
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Figure 7: Results of benchmarking experiments.

hard disks were used to store each of the reservoirs. Benchmarkinghave much of a decline in performance after the reservoir fills (at
of these disks showed a sustained read/write rate of 35-50 MB/sec-least in Experiments 1 and 2). Thaeesomething of a decline in
ond, and an “across the disk” random data access time of aroundperformance in Experiment 3 (with restricted buffer memory), but
10ms. The following three experiments were performed: it is far less severe for theultiple geo filesoption than for the
other options. Furthermore, this degeneration in performance
could probably be reduced by using a smaller valuefor

As expected, thiocal overwriteoption performs very well early
on, especially in the first two experiments (see Section 2 for a dis-
cussion of why this is expected). Even with limited buffer memory
in Experiment 3, it uniformly outperforms a single geometric file.
Furthermore, with enough buffer memory in Experiments 1 and 2,
thelocal overwriteoption is competitive with thenultiple geo files
option early on. However, fragmentation becomes a problem and

buffer. In the experiment, a continual stream of records was pro- . . @
duced (as many as each of the five options could handle). The goa|performance decreases over time. Unless offline re-randomization
. of the file is possible periodically, this degradation probably pre-

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 Ccludes long-term use of thecal overwriteoption. .

the reservoir as is required by the reservoir algorithm. The number It IS interesting that as _demonstrateq b_y Experlment 3 (and
of new samples processed by each of the five options is plotted as £ XPlaineéd in Section 5) a single geometric file is very sensitive to
function of time in Figure 7 (a). These lines can be seen as repre- € ratio of the size of the reservoir to the amount of available
senting the maximum sustained processing capabilities of each ofnémory for buffering new recprds from the stream. Ew f"? .
the five options. In each experiment, it was assumed that every©Ption performs well in Experiments 1 and 2 when this ratio is
record produced by the stream was sampled, so the samples werd00: but rather poorly in Experiment 3 when the ratio is 1000.
biased towards the more recent records produced by the stream,. Finally, we point out the general unusability of tbfaanandwr-

This is probably realistic in many cases. For unbiased sampling, iual memoryoptions.scangenerally outperformedtirtual mem--
fewer samples would be taken from the stream by line (4) of Algo- " but both generally did poorly. Except in experiment 1 with
rithm 1, and so the performance of each of the five methods would large memory and small record size, with these two options more

all be scaled up by the same factor, as each method would need tdhan 97% of the processing of records from the stream occurs in
add only some fraction of the strea?n’s records to the reservoir. the first half hour as the reservoir fills. In the 19.5 hours or so after

) ) ) o i ) the reservoir first fills, only a tiny fraction of additional processing
Experiment 2: This experiment is identical to Experiment 1, occurs due to the inefficiency of the two options.

except that the 50GB sample was composed of 50 million, 1KB

records. Results are plotted in Figure 7 (b). Thus, we test the effect

of record size on the five options. 9 Related Work

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 memory to work with when maintaining the res-
ervoir. For thescan local overwrite geo file andmultiple geo files
options, 100MB was used as an LRU buffer for disk reads/writes,
and 500MB was used to buffer newly sampled records before pro-
cessing. Thervirtual memoryoption used all 600MB as an LRU

. . . . ) . Sampling has a very long history in the data management litera-
Experiment 3: This experiment is identical to Experiment 1, e "and research continues unabated today [1][2][4][5][6][12]
except that the amount of buffer memory is reduced to 150MB for [13][16][18][19][26]. However, the most previous papers (includ-
each of the five options. Theirtual memoryoption used all iy 'the aforementioned references) are concerned with haweo

150MB for an LRU buffer, and the four other options allocated 5 sample, and not with how to actuatijoreor maintainone. Most
100MB to the LRU buffer and S0MB to the buffer for new sam- o these algorithms could be viewed as potential users of a large

ples. Results are plotted in Figure 7 (c). This experiment tests the sample maintained as a geometric file.

effect of a constrained amount of main memory. As mentioned in the introduction, a series of papers by Olken
Discussion and Rotem (including two papers listed in the References section
All three experiments suggest that thiltiple geo fileoption is [22][24]) probably constitute the most well-known body of
superior to the other options. In Experiments 1 and 2ptiétiple research detailing how to actually compute samples in a database

geo filesoption was able to write new samples to disk almost at the environment. Olken and Rotem give an excellent survey of work in

maximum sustained speed of the hard disk, at around 40 MB/sec. tNiS area [23]. However, most of this work is very different than
It is worthwhile to point out a few specific findings. Each of the ©UrS; in that it is concerned primarily with sampling from an exist-

five options writes the first 50GB of data from the stream more or i(ng databaﬁe file, wheredi_t ilf assu_m;d tizjaLthehdzga t% be Sasmp'fd
less directly to disk, as the reservoir is large enough to hold all of oM are all present on disk and indexed by the database. Single

the data as long as the total is less than 50GB. However, Figure 7Pass sampling is ge_nerally not _the goal, an(_i wh_en it is, manage-
(a) and (b) show that only theultiple geo filesoption does not ment of the sample itself as a disk-based object is not considered.



The algorithms in this paper are basedreservoir sampling [4]
which was first developed in the 1960’s [11][20]. In his well-
known paper [27], Vitter extends this early work by describing [5]
how to decrease the number of random numbers required to per-
form the sampling. Vitter's techniques could be used in conjunc-
tion with our own, but the focus of existing work on reservoir
sampling is again quite different from ours; management of the
sample itself is not considered, and the sample is implicitly
assumed to be small and in-memory. However, if we remove the
requirement that our sample of siée maintained on-line so that [7]
it is always a valid snapshot of the stream and must evolve over [8l
time, then sequential sampling techniques related to reservoir sam-
pling that could be used to build (but not maintain) a large, on-disk [9]
sample (see Vitter [28], for example).

There has been much recent interest in approximate query pro-

(6]

B. Babcock, S. Chaudhuri, G. Das: Dynamic sample selection
for Approximate Query ProcessinglGMOD?2003: 539-550

S. Chaudhuri, G. Das, V.R. Narasayya: A Robust, Optimiza-
tion-Based Approach for Approximate Answering of Aggre-
gate QueriesSIGMOD2001

S. Chaudhuri, G. Das, M. Datar, R. Motwani, V.R. Narasayya:
Overcoming Limitations of Sampling for Aggregation Que-
ries.ICDE 2001: 534-542

W. CochranSampling TechniquedViley & Sons, 1977

A. Das, J. Gehrke, M. Riedewald: Approximate Join Process-
ing Over Data StreamSIGMOD2003: 40-51

A. Dobra, M.N. Garofalakis, J. Gehrke, R. Rastogi: Process-
ing complex aggregate queries over data stre&®8iSMOD
2002: 61-72

cessing over data streams (a very small subset of these papers ip10] D. Gunopulos, G. Kollios, V.J. Tsotras, C. Domeniconi:

listed in the References section [8][9][14]); even some work on
sampling from a data stream [3]. 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
today’s very large and very inexpensive secondary storage to phys-
ically store the largest snapshot possible of the stream.

Finally, we mention the U.C. Berkeley CONTROL project [17]
(which resulted in the development @filine aggregatio18] and
ripple joins [16]). This work doesaddress issues associated with

Approximating Multi-Dimensional Aggregate Range Queries
over Real AttributesSIGMOD2000: 463-474

[11] C. Fan, M. Muller, I. Rezucha: Development of sampling

plans by using sequential (item by item) techniques and digi-
tal computers]. Amer. Stat. Assob7: 387-402 (1962)

[12] S. Ganguly, P.B. Gibbons, Y. Matias, A. Silberschatz: Bifocal

Sampling for Skew-Resistant Join Size Estimati®iG-
MOD 1996: 271-281

randomization and sampling from a data management perspective[13] V. Ganti, M.-L. Lee, R. Ramakrishnan: ICICLES: Self-Tun-

However, the assumption underlying the CONTROL project is that
all of the data are present and can be archived by the system;

ing Samples for Approximate Query Answering-DB 2000:
176-187

online sampling is not considered. Our work is complementary to [14] J. Gehrke, F. Korn, D. Srivastava: On Computing Correlated

the CONTROL project in that their algorithms could make use of

Aggregates Over Continual Data StreaBi&SMOD2001

our samples. For example, a sample maintained as a geometric filg15] p.B. Gibbons, Y. Matias, V. Poosala: Fast incremental mainte-

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 rela-

nance of approximate histogram$ODS 27(3): 261-298
(2002)

[16] P.J. Haas, J.M. Hellerstein: Ripple Joins for Online Aggrega-

tion. SIGMOD1999: 287-298

tively little research from the data management community has [17] J.M. Hellerstein, R. Avnur, V. Raman: Informix under CON-

been concerned with how to actually compute and maintain a sam-
ple. We have considered the problem of random sampling from a

TROL: Online Query Processingpata Mining and Knowl-
edge Discovery(4): 281-314 (2000)

data stream, where the sample to be maintained is very large anq1g] 3 M. Hellerstein, P.J. Haas, H.J. Wang: Online Aggregation.

must reside on secondary storage. The main contribution of the
paper is the development of tiggometric file The geometric file

can be used to maintain an online sample of arbitrary size with an
amortized cost of less thaw/|B|)log,|B] random disk head
movements for each newly sampled record. The multiglier
be made very small (down to 20 or so in practice) by making use of

SIGMOD1997: 171-182

[19] C. Jermaine: Robust Estimation With Sampling and Approxi-

mate Pre-AggregatioWLDB 2003: 886-897

can [20] T. Joens: A note on sampling from a tape fmmm. ACN15,

343 (1964)

a small amount of additional disk space. We have considered using[21] N.L. Johnson and S. KotDiscrete Distributions Houghton

the geometric file for biased or unequal probability sampling.

Mifflin, 1969.

One obvious direction for future work is handling the case [22] F. Olken, D. Rotem: Random Sampling from B+ Trees.

where record size is variable. Another problem is efficient index

VLDB 1989: 269-277

maintenance for the geometric file, so that samples with specific 23] F. Olken, D. Rotem: Random Sampling from Database Files:

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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