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Abstract

Performing data-mining tasks such as clustering, classi-
fication, and prediction on large datasets is an arduous task
and, many times, it is an infeasible task given current hard-
ware limitations. The distributed nature of peer-to-peer
databases further complicates this issue by introducing an
access overhead cost in addition to the cost of sending indi-
vidual tuples over the network. We propose a two-level sam-
pling approach focusing on peer-to-peer databases for max-
imizing sample quality given a user-defined communication
budget. Given that individual peers may have varying car-
dinality we propose an algorithm for determining the opti-
mal sample rate (the percentage of tuples to sample from a
peer) for each peer. We do this by analyzing the variance of
individual peers, ultimately minimizing the total variance of
the entire sample. By performing local optimization of in-
dividual peer sample rates we maximize approximation ac-
curacy of the samples. We also offer several techniques for
sampling in peer-to-peer databases given various amounts
of known and unknown information about the network and
its peers.

1 Introduction

Storage requirements for data warehousing has been in-
creasing rapidly due to the large amounts of data collected
on a daily basis for tasks such as user logging, data-mining,
and other data-intensive applications. With the continual
increase in the amount of data stored in databases, infor-
mation is becoming increasingly distributed. Specifically,
data is quickly outgrowing single system databases and ex-
panding to larger, distributed systems (e.g., Google Bigtable
[9] & OceanStore [7, 24]). Traditional data sampling tech-
niques have proven invaluable for obtaining fast approxi-
mate results [17, 4, 10, 12, 11], particularly where the exact
solution cannot be obtained in a practical amount of time
due to sheer size or churn within the database. In addi-
tion, individual users require fast and accurate responses to
queries regardless of the size of the database; these con-
straints have introduced a need to produce accurate esti-

mates via random sampling.

It has become apparent that sampling is becoming a cru-
cial component in obtaining efficient and accurate samples
for large, distributed databases. Some of the most notable
distributed systems include the eMule [15] and Gnutella
[19] technologies. Peer-to-peer topologies can be parti-
tioned into two distinct subgroups viz. structured' and un-
structured® topologies.

The goal of random sampling is to obtain a subset of the
database such that the distribution of the sample is an accu-
rate representation of the distribution of the entire database.
This can be difficult for distributed databases where there
is varying connectivity and heterogeneity (data and distri-
bution among individual peers may differ) among the data
belonging to different peers. Traditional databases have the
luxury of selecting data in blocks® from the database at ran-
dom due to the random access capabilities of disk storage.
Alternately, for distributed databases the issue of obtain-
ing random blocks (for distributed databases this is synony-
mous with peers) is not as straightforward. In order to ob-
tain unbiased random samples we need to ensure that our
selection of peers are unbiased but also that the selection of
individual tuples within peers is unbiased as well. We do
this through a two-level sampling approach by simultane-
ously optimizing the cost of selecting peers and minimizing
the variance of samples within individual peers.

Our goal is to approximate aggregates such as the av-
erage or PDF (Probability Density Function) using his-
tograms from a sample. For example, given a sample size X
we can estimate the average for attribute Y from a random
sample of size of X. Our approach is not application depen-
dent; the average function above can be replaced with other
aggregates or data-mining tasks such as summation, count,
histogram, Data Cube [20], correlated aggregates [1], and
so on.

I'Structured topologies are networks such that data is organized into
specific peers and contains state information for efficient retrieval of data.

2Unstructured topologies are networks such that the location of specific
data is unknown and there is no state information for individual peers.

3 A block refers to a fixed size contiguous piece of data.



In this paper, we explore new techniques for sampling
large distributed databases with high accuracy. We focus on
providing high accuracy samples utilizing the fact that each
peer contains a unique cardinality and distribution of tuple
values. Consider the following example, suppose we have a
distributed database composed of two peers. The first peer
peery contains two tuples with values {1, 1} and the sec-
ond peer peers contains eight tuples {9,9,9,9,9,9,9, 9}.
Our goal is to obtain a sample such that we minimize the
variance of the final result. Naively, we can sample 50% of
the tuples from each peer and estimate an aggregate query.
For the average aggregate this would give us the following
values AVG(t1) = 1 and AV G(t2) = 9 for a final aggre-
gate value of 5. The actual average is 7.4. The problem
with this approach is that it fails to consider the cardinality
and the variance of data within individual peers. We can
improve upon this naive approach if we analyze individual
peers in such a way to assign each peer an independent sam-
ple rate such that it minimizes the total error of the sample.
Our goal is to sample at such a rate so that the sampling
quality is maximized meeting the user-defined accuracy or
communication budget. We do this by analyzing the vari-
ance of peer; and peers setting individual sample rates for
each peer to maximize the accuracy of the final result.

Our Contributions: The main contributions of this pa-
per are summarized as follows:

e We initiate research on two-level sampling in heteroge-
neous peer-to-peer networks demonstrating the unique
challenges associated with our approach.

e We propose an efficient two-level sampling algorithm
for distributed peer-to-peer databases.

e Our experimental results demonstrate the efficiency
and effectiveness of our approach.

The rest of this paper is organized as follows. We de-
scribe related sampling techniques in Section 2 and formu-
late our problem in Section 3. We introduce sampling tech-
niques associated in distributed networks in Section 4 and
present our solution in Section 5. We provide extensive ex-
perimental evaluations of our technique in Section 6, and
finally in Section 7 we conclude this paper.

2 Related Work

Traditional database sampling techniques [25] have re-
ceived significant attention with the emergence of dis-
tributed databases and ever expanding data sets that need
to be stored and accessed efficiently. Methods for select-
ing nodes at random from distributed networks (i.e., peer-
to-peer) have been amply researched [6, 18, 22, 3]. These
techniques impose a Markov chain random walk from the
requesting node. In addition, it has been show that if cer-
tain structural elements of the network are known (second

eigenvalue) then a sample can be selected from a stationary
distribution with a high probability.

Structured topologies such as Chord [28] and Pastry [26]
contain routing mechanisms that can easily be mapped to
well known sampling techniques for traditional databases
such as [21, 8]. Regretfully, these techniques cannot be
easily extended to more complex distributed databases be-
cause they do not account for the additional overhead in-
curred from sampling from multiple peers or other possible
constraints due to routing. Conversely, unstructured topolo-
gies such as Gnutella [19] offer no routing or state infor-
mation. Unstructured topologies have no straightforward
approach for obtaining random samples. This makes it in-
creasingly difficult to obtain high quality samples from dis-
tributed databases. Sampling techniques for unstructured
topologies have also been proposed by [23, 14, 2]. Finally,
related to our work is the work of [5, 27], which also deals
with the problem of sampling and query evaluation in p2p
networks.

Stratified Sampling [13] is an efficient technique for sam-
pling populations. The algorithm works as follows, it begins
by separating the data into separate homogeneous groups
(e.g., grouping by city, zip-code, etc). The algorithm takes
a random sample from each group (stratum). The final ag-
gregate is computed as the weighted combination of each
of the partial aggregates collected. Stratified Sampling can
increase the accuracy of results by employing Neyman allo-
cation [13], which allows for more samples to be taken from
stratum with higher variance and from stratum of larger
size. However, Stratified Sampling needs to access and per-
form sampling from all the strata (this could be disk blocks,
peers etc) in the database. This will result in large com-
munication consumption especially when the accessing cost
for individual stratum is much larger than the cost of retriev-
ing a tuple within a stratum. With the same communication
budget, it may be more helpful to sample many tuples from
few strata than to sample much less tuples from more peers.
Though applicable in traditional databases, stratified sam-
pling cannot be easily extended into the peer-to-peer do-
main due to the large cost for accessing individual peers.

Bi-level Bernoulli Sampling [21] performs sampling
among database pages and sampling within disk pages (disk
pages can be seen as peers or sensors in distributed net-
works). The goal of Bi-level Bernoulli Sampling is to com-
bine page-level and row-level sampling schemes to provide
the user with a trade-off between speed and statistical pre-
cision through the use of various user-defined parameters.
However, it assumes each node has the same number of tu-
ples and similar distribution of data. This is unrealistic for
distributed networks such as peer-to-peer, where the data
and distribution may vary between peers.



Symbol | Definition
T Set of tuples in the network
U Set of peers in the network
P; Set of tuples in Peer j
n; Number of tuples in Peer j
V; Value of ¢th tuple in the network
a; Sum of all tuples v; in Pj, aij = Ziepj ;.

w; Variable equals 1 if tuple v; satisfied predicate and
equals O otherwise

Bj Sum of w; values in P;, 3; = Ziepj w;.

hij Size of bucket B; in the histogram for P;

hi Size of bucket B; in the histogram for all the data

inT
B Sampling cost budget
Cj The cost to access peer j
c The cost to sample a tuple within a peer

Dj Optimal peer-level sampling probability for Peer j

T Optimal tuple-level sampling rate within Peer j
T Set of tuples in sample
u® Set of peers in sample

pS) Set of sample tuples in P;

Table 1. Symbol Description

3 Problem Definition

Suppose there are n peers in a network D =
{peery, ..., peery }, with peer; having n; data tuples in its
local database. The communication cost of reaching the
peer peer; from the query peer is C}, and the cost of re-
trieving a tuple within a peer is ¢ (the cost of retrieving a
tuple from a peer is constant for all peers). We can simply
define the cost function for data sampling as the sum of the
cost for reaching each peer plus the cost of selecting tuples
from individual peers.

Cost =) s (Cj + mjc)

where U(S) is defined as the selected peers and m; is the
number of tuples selected from each peer. Our optimal two-
level sampling problem can be described as follows:

Optimal Two Level Sampling Problem Given a network
of n peers, the communication cost to reach individual
peers, the cost of retrieving a tuple within a peer, and a sam-
pling budget B, our goal is to sample a subset of tuples from
a subset of peers such that we can approximate aggregate
queries on the network with minimal approximation error
while constraining the communication cost for processing
the query to the pre-defined sampling budget B.

For better understanding of our approaches, we organize
the symbols used throughout the paper in Table 1.

4 Sampling Schemes

In this section we discuss the ideas behind our approach
for obtaining random samples from peer-to-peer databases.

The details of our algorithm are described in section 5.

Sampling schemes such as Row-Level Bernoulli Sam-
pling (RLBS) and Page-Level Bernoulli Sampling (PLBS)
offer powerful techniques for obtaining random samples
from traditional databases. RLBS samples each tuple in a
database with probability p. If the database is stored on disk
we can assume that the data is retrieved one page at a time.
The main drawback for RLBS is the high I/O cost. Retriev-
ing a random row from the database will incur a full page
to be read from disk. Suppose that a database consist of
100,000 tuples and each disk page can store a total of 1,000
tuples. Our goal is to randomly sample 100 tuples from the
database, using RLBS, if each tuple selected is located on
the different disk page this process may require 100 pages
to be read, which will require the entire database to be read
from the disk.

PLBS offers a more efficient sampling scheme but at
the cost of sample quality. Unlike RLBS, PLBS samples
fewer pages from the database but includes the entire con-
tents of the selected pages as samples. PLBS samples each
disk page in the database with probability p and exclusion
of a page with probability 1 — p. Considering our previ-
ous example, suppose we want to sample 100 tuples. In
this example we need to sample only one disk page since
in PLBS for each page sampled the entire contents are in-
cluded. The drawback of this approach is that it does not
truly obtain random samples. The disk pages selected are
unbiased but the tuples contained in each page are not. In
fact, if tuples are clustered on disk (which is most likely the
case for increased database performance), the tuples will be
distributed among pages in sorted order.

Bi-Level Bernoulli Sampling (BLBS) [21] attempts to
merge RLBS and PLBS to address both sample quality and
performance. They do this by offering a tradeoff between
RLBS and PLBS. The drawback of this approach is that it
assumes each disk page has the same number of tuples and
similar data distributions. This is unrealistic for distributed
networks such as peer-to-peer, where individual peers may
contain varying amounts of data with distribution unique
only to that peer.

In peer-to-peer databases these assumptions can pro-
duce less desirable results. Specifically, in a peer-to-peer
databases such as Gnutella the variance between peers may
vary greatly depending upon individual user preferences.
For peer-to-peer it is desirable to sample in such a way that
each peer may be sampled at an independent rate defined on
a per peer basis.

5 Optimal Two-Level Sampling

In this section, we present a two-level optimal sampling
algorithm for a variety of aggregate queries. The general
idea of our approach is to first query a few peers in the
network (peer-level sampling) and then sample a few tu-



ples from the peers we have selected (tuple-level sampling).
We demonstrate how our algorithm performs sampling from
both the peer pool and from each peer’s data set in order
to maximize the approximation accuracy while constraining
the query communication cost within a user-defined budget.

5.1 SUM Queries

In our two-level sampling approach, the tuples at indi-
vidual peers will be sampled with distinct probabilities. If
we sample each tuple v; with probability 7; = p; - r;, ac-
cording to Horvitz-Thompson estimator, we can obtain an
estimate of the total sum « by

ey

Jjeu®) zET(S)

Theorem 1 & is an unbiased estimator of the summation
query o

Proof: We can rewrite the exact summation of all the tuples
asa = > jeu s Where o = Zz‘er v;. Set I; = 1if peer
j is in the sample and I; = 0 otherwise, we observe that
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To derive the variance of &, we use the variance decompo-
sition formula as follows,
Var[X] = Var[E[X|Y]] + E[Var[X|Y]]

where X and Y are random variables. If we take X = &
andY = U, we get
Varla] = Var|Ela|U)] + EVar[@US]  (2)

In the above formula,
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Since the sampled estimate & is an unbiased estimator
of the real summation query «, the variance of & is then an
indicator of how accurate the sample can become. On av-
erage, the smaller the variance of & the more accurate the
estimation while; the larger a variance the less accurate the
estimation. The next problem is then to minimize the vari-
ance of the approximation & which is described as follows,

Problem 1 Given all the tuple values v; from the peers, and
the expected peer sample cost B, the objective is to find the
best sampling probability p; for each peer, in such a way
that the variance of the sampling result is minimized.

Minimize
Var[d]zz__1a+z . ZU
jeu Pj jGU 7’, bayed
subject to
> (Cjp; + enyrip;) < B. “4)
jeu

We can solve this constrained optimization problem by
utilizing the Lagrange Multipliers method. The solution for
this problem has a closed form as follows,

T
B. |-
Cj Cjm;
pj = Cr=y o)
Z(\/chj_Fw/cnjﬂ'j) VAR

jeu
where 7; = af — 3, p v} and 7; = ZZGP . The pa-
rameter v; is the value of the ith tuple and ¢ is the summa-
tion of all tuples in the jth peer.* It can be concluded from

“4In our settings, we assume all the tuple values v; are positive (Vi €
T,v; > 0).



equation (5) that in the optimal two-level sampling solution,
the tuple level sampling rate r; within peer j only depends
on the local information of peer j (i.e. peer access cost C},
tuple values v;, number of tuples n; in peer j), while the
peer level sampling probability p; not only depends on local
information at peer j (i.e. 7;, C;) but also the information

from all other peers (i.e. 3¢/ (v/7:C; + o).

5.2 COUNT Queries

Similar to SUM queries, we can estimate the COUNT
of all the tuples by

8=

(6)
Jjeu® 1€T(S)
and the variance of our estimation can be represented as

SIS HCEE

Jjeu p Jjeu Pj
We can then formulate a similar optimal sampling prob-
lem as Problem 1, and solve the problem using the La-
grange Multipliers method. The optimal solution of the op-
timal sampling for count queries has a close form as fol-
lows,

Var[f] =

=
B. /=L
C; C;B;
p] _ J , Tj — ]- ]. (7)
Z ( TjCj + C?’Ljﬁj) CTiN;
JEU
where 7; = 532- — B;. As described in Table 1, 3; =

Zie p; Wis is the summation of all the predicate values of
the data at peer P;.

5.3 Histogram Queries

To construct a histogram of all the data in the peer-to-
peer network, we first find the domain D of the data tu-
ples (D = [LB,UB]J, where LB and UB are the lower
bound and upper bound of the data separately) and then
compute a sequence of separators sg, 51, ...,5p € D (s; =
LB+ (UB— LB)x*i/b). These separators partition D into
b even-width and non-overlapping buckets Bi, Bo, ..., By
where B; = {v € D|s;—1 < v < s;}. Let h; be the esti-
mated size of (i.e. the number of records in) bucket B; by
our approximation, and h; be the actual size of B;. Accord-
ing to [16], we can use the variance-error metric (the mean
square error across all buckets, normalized with respect to
the mean bucket size) to measure approximation error of the
histogram,

b b
n—; ] (8)

We can represent these histogram queries as b different
count queries (i.e. county, ... , countp) in which each count
query computes the number of tuples within a bucket of
the histogram (i.e. count; computes the bucket size of B;).
Similar to sum queries, the two-level sampling approxima-
tion h; of count query count; is an unbiased estimation for
bucket size h;,

hi = E(h;) 9)

Then we can rewrite the approximation error for histogram
(i.e. equation (8)) as,

A2 = F

|
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where Var(h] = 3 ci (- = Dhi+Y jer 5o (5 = Dhi.

The optimal sampling problem for histograms can be for-
mulated as

Minimize A% = 5 ™0 Var[h ], subject to the equa-
tion ZjeU(ijj +cenjripj) — B =0.

We can also solve this constrained optimization problem
by Lagrange Multipliers, which has a close form solution as
follows,

—
B. /L
o i _ ST 0
pj = A CTiN; (10)
> (\/TjCj +\/an7Tj) A

jeu

where 7 = 320_) h% — S0, g and m; = Y00 hij.
As described in Table 1, h;; is the size of bucket B; in the
histogram for peer P;.

5.4 Approximating Statistics at Different
Peers

In most cases, the information about the tuple value v;
distributed at different peers is unknown a priori. A possi-
ble way to estimate this information is to use a pilot sam-
pling technique. The general idea is to let each peer per-
form a small pilot sampling S’ using a small sampling rate
r’ (r' < r) first, and using these pilot samples to estimate
the tuple v; at all the different peers.

L1
a;:F Z ;. an

(8"
zEPj
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With the estimator & and } . p. v;% for the data at dif-
ferent peers, we can compute the optimal two-level sam-
pling plan for the peer-to-peer network.

5.5 Random Walks in Peer-to-Peer

So far we have presented our optimal two-level sampling
algorithms to compute the optimal sampling plan for peer-
to-peer networks. The optimal sampling plan includes the
peer-level sampling probability for each individual peer and
the tuple-level sampling rate within each peer. Next we dis-
cuss how to implement the optimal sampling plan in a peer-
to-peer network.

Efficiently obtaining a random sample of peers from a
peer-to-peer network is a difficult task considering the de-
gree’ of individual peers may vary greatly. Obviously, if
we perform a random walk in the network, individual peers
with higher degree have a higher probability of being vis-
ited than peers with lower degree. This probability can be
computed for each peer as

degree(peer;
Prob(peer;) = 72|(E| 3)

where Prob(peer;) is a function of the degree of the peer
peer; and |E| the total number of edges in the network.

The length of the random walk can greatly affect the la-
tency of a given query. For example, if the network con-
tains two clusters of peers connected by only one edge then
the random walk must continue for an extended number of
hops to ensure each peer has an equal probability of se-
lection. Conversely, if the network is well connected (ex-
pander) then the random walk may be shorter since only a
few hops are required to reach any peer within the network.

The solution to this problem is Markov chain random
walks [18]. Briefly, the Markov chain random walks start
a walk from the query peer. For each step of the random
walk the goal is to select each peer landed upon with the
same probability. From graph theory we know that if a ran-
dom walk is continued for a sufficient length, the probabil-
ity of selecting any peer reaches a stationary distribution.
An adequate length for the random walk is determined as a
pre-processing step and the results may be used for several
queries.

In order to draw a random sample of peers from the net-
work each peer must have the same probability of being
included in the sample, we can satisfy this constraint by
performing a random walk in the peer-to-peer network and
including each visited peer into the sample with probability

5The number of edges connecting a peer to other peers within the net-
work.

1

Prob N -
roblpeer;) degree(peer;)

where Prob(peer;) is a function of the degree of the peer
peer;. As aresult, for each step of the random walk, a peer
is sampled with the same probability.

Due to the heterogeneity of the individual peers (i.e. dif-
ference in the size and distribution of data in individual
peers), the sampling probability for individual peers tend
to differ. We therefore revise the Markov chain random
walks to address the per peer sampling probability by in-
troducing a weighting factor. With the assigned probabil-
ity p; to sample each individual peer peer;, we perform a
random walk in the peer-to-peer network and include the
visited peer peer; into the sample with probability

1 :
Prob(peer;) = * 5 Pi o
ieU £

 degree(peer;)

Once the optimal two-level sampling plan is computed
by the query peer, we can use the revised Markov chain ran-
dom walks definition described above to sample individual
peers with the assigned probability and draw tuple samples
from the selected peers accordingly.

6 Experimental Evaluation

In this section, we present an extensive performance
evaluation of our Two-level Optimal Sampling algorithm
and other sampling techniques in peer-to-peer networks us-
ing two real world data sets. Our goal is to demonstrate
that our Two-level Optimal Sampling algorithm can effi-
ciently approximate aggregate queries in peer-to-peer net-
works with high accuracy. We have implemented a trace
driven simulator in GNU C++. The simulation was per-
formed on a PC with an Intel Pentium 4 (2.8 GHz) CPU
and 1 GB of memory.

6.1 Data sets

We use synthetic data sets generated by a Zipf generator.
Each data set includes 100,000 data records each having a
random value ranging from 0 to 1000. The parameters that
determine the characteristics of each data set are summa-
rized as below,

e NetworkSize - the number of peers in the network.
In our experiments, we vary the network size from 100
to 1000 peers.

e ClusterRate - the data cluster rate among peers.
The Cluster Rate controls the uniformity of data dis-
tributed among peers. When Cluster Rate = 0, all
the data is distributed randomly among peers. On the
other hand, if Cluster Rate = 1, the data is distributed
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Figure 1. Approximation error for
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rate.

in sorted order (i.e., any tuple in peer; will always be
smaller (or larger) than any tuple in peer;).

e « - the skew parameter for Zipf generator. The Zipf
generator is used to generate data conforming to the
Zipf distribution. In the Zipf distribution, the proba-
bility for the occurrence of the ith largest value is in-
versely proportional to i (i.e. Prob(v;) o< i~%).

e DistributionMode. The DistributionMode deter-
mines how the generated data set is distributed among
peers. Uniform Distribution represents a uniform di-
vision of the data set across the peers. In other words,
in Uniform Distribution, each peer has the same num-
ber of tuples. On the other hand, in Biased Distribu-
tion, the cardinality of individual peers are different,
which is more representative of the real world scenar-
ios.

6.2 Comparison Systems

We evaluate and compare the performance of our Opti-
mal Two Level Sampling algorithm and Haas-Konig Sam-
pling algorithm [21] for aggregate query processing in peer-
to-peer networks:

Optimal Sampling: This is the optimal two-level sam-
pling algorithm we described in Section 5. Optimal Sam-
pling assigns peer-level sampling probabilities and tuple-
level sampling rates to individual peers, adjusting to the
heterogeneity of the data distribution in the network and
greatly increase the sampling accuracy.

Haas-Konig Sampling: This sampling approach also
performs sampling among peers and sampling within in-
dividual peers. Haas-Konig Sampling assumes each peer
has the same number of tuples and similar distribution of
data and therefore cannot adjust itself efficiently to hetero-
geneous peer-to-peer networks.

6.3 Query Types
We report our experimental results using three types of
aggregate queries (i.e., SUM, COUNT, HISTOGRAM). As

0.01
Cluster Rate

Figure 2. Approximation error for
COUNT query with varied cluster

0
0.0001 0.001 0.01

Cluster Rate

0.1 1

Figure 3. Approximation error
for HISTOGRAM query with varied
cluster rate.

stated previously our approach can be easily be extended
to more complex aggregates such as Data Cubes, correlated
aggregates, and so on.

SUM Queries: The SUM aggregate is used to deter-
mine the summation of the all the tuple values in the net-
work, which can easily be extended to answer AVERAGE
and COUNT queries. For SUM queries, we measure the
approximation accuracy in terms of relative error.®

COUNT Queries: The COUNT query computes the
number of tuples that satisfy some user defined predicate.
For example, how many data records have temperature
value larger than 90° F'. For COUNT queries, we also mea-
sure the approximation accuracy in terms of relative error.

HISTOGRAM Queries: The HISTOGRAM query
constructs a histogram utilizing the sensor data sampled
from the network. The approximation error for histogram
queries is defined by Equation (8).

6.4 Clustering Data Among Peers

In the first set of experiments, we want to evaluate the
impact of data clustering on the performance of the Haas-
Konig Sampling technique and our Optimal Sampling algo-
rithm. In real world peer-to-peer networks, we usually ob-
serve homogeneity among the data distributed within each
peer and heterogeneity among the data belongs to differ-
ent peers. We simulate this scenario by introducing data
clustering into the synthetic data set. As mentioned in Sec-
tion 6.1, we use the parameter Cluster Rate to represent
the heterogeneity of the data at different peers. We gener-
ated 100,000 random tuples and 1,000 peers (each with 100
tuples) and compared the performance of Haas-Konig Sam-
pling and our Optimal Sampling algorithm by varying the
clustering parameter Cluster Rate. As shown in figures
1, 2 and 3, as the cluster rate increases from 0.0001 to 1,
the approximation error for both Haas-Konig Sampling and
Optimal Sampling increase. This is because as the value of

%Given a value x and its estimator =, the relative error of the estimation
’
is defined as | =% | x 100%.

x
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Cluster Rate increases the variance among tuples at differ-
ent peers increase as well causing peer-level samples to be
more skewed.

6.5 Data Generator

We also evaluate and compare the performance of Haas-
Konig Sampling and Optimal Sampling on both uniform
and skewed data sets. Zipf distribution is a well-known data
distribution used to represent real world scenarios. The pa-
rameter « represents the skew of the generated data. o = 0
represents uniformly generated data with each value having
the same probability of occurring in the data set. We gen-
erated 100,000 random tuples and 1,000 peers (each with
100 tuples) and compared the performance of Haas-Konig
Sampling and our Optimal Sampling algorithm using Zipf
generated data sets varying the parameter . As shown in
figures 4, 5 and 6, as the value « increases, sampling few
peers will introduce higher biased estimation, increasing the
approximation error for both sampling algorithms.

6.6 Varying Sampling Budget

We first want to compare the approximation accuracies
of the Haas-Konig Sampling technique and our Optimal
Sampling algorithm with different sampling budgets. As
shown in figures 7, 8, and 9, with increasing budget for

Figure 8. Approximation error for
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Figure 9. Approximation error
for HISTOGRAM query with varied
sampling budget.

with varied sampling

data sampling, the approximation accuracies increase for
both Haas-Konig Sampling and Optimal Sampling. This
is because we can draw a higher number of samples from
the network to approximate the aggregate query more ac-
curately. For Uniform Distribution where each peer has
the same number of tuples, Haas-Konig Sampling and Op-
timal Sampling are similar in approximation accuracy as the
data tuples are distributed uniformly across the peers. How-
ever, for Biased Distribution, which we believe is more
representative of real world heterogeneous peer-to-peer net-
works, Optimal Sampling outperforms Haas-Konig Sam-
pling by decreasing approximation error by 20%. This is
due to the fact that Haas-Konig Sampling samples indi-
vidual peers with the same probability and samples tuples
within the peer with the same sampling rate. Therefore,
Haas-Konig Sampling cannot adapt efficiently to the het-
erogeneous data distribution in the network.

6.7 Varying Network Size

With a total data size of 100, 000 tuples, we fixed the en-
ergy budget to 1% of the total energy required to retrieved
all the tuple in the network. As shown in figures 10, 11,
and 12, Haas-Konig Sampling and Optimal Sampling show
similar approximation accuracy for Uniform Distribution,
but both have higher approximation error for Biased Distri-
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Figure 10. Approximation error
for SUM query with varied network

size. work size.

bution since the tuples distributed across individual peers
show much higher variance. In addition, Optimal Sampling
consistently outperforms Haas-Konig Sampling in Biased
Distribution, as it addresses the heterogeneity of the data
distribution in the network. We can also see that as the net-
work size grows, the sampling accuracy increases as well.
This is because with larger network size, the total cost to re-
trieving all tuples is minimized (the cost to accessing a peer
is much larger than to retrieve a tuple from a peer). There-
fore, we may sample more tuples from the selected peers
and approximate the query more accurately.

6.8 Varying Peer Cardinality

The previous two sections show that when the cardi-
nality of individual peers are similar, Optimal Sampling
doesn’t have an advantage over Haas-Konig Sampling. In
real world peer-to-peer networks, the data size at individual
peers tends to show large variance. Our Optimal Sampling
addresses this property by sampling individual peers with
different probabilities and sampling tuples within individ-
ual peers with different sampling rates in order to maximize
the approximation accuracy. In the last experimental se-
ries, we evaluate how Optimal Sampling outperforms Haas-
Konig Sampling when the data size of individual peers are
skewed. Without loss of generality, we generate skewed
data size of individual peers with the Zipf generator. As
shown in figures 13, 14 and 15, as the value of « increases
for the Zipf generator, the approximation error increases for
both Haas-Konig Sampling and Optimal Sampling. This is
because larger values of « introduce higher skew into the
distribution of the data among peers and therefore making
sampling less accurate. In addition, Optimal Sampling con-
sistently outperforms Haas-Konig Sampling and the perfor-
mance difference between them increases when « is larger.
This is due to the fact that Haas-Konig Sampling cannot
efficiently adjust the sampling plan to the heterogeneity of
data distribution among different peers.

Network Size

Figure 11. Approximation error
for COUNT query with varied net-

Network Size

Figure 12. Approximation error
for HISTOGRAM query with varied
network size.

7 Conclusions

We have proposed a two-level sampling approach focus-
ing on peer-to-peer databases for maximizing sample qual-
ity given a user-defined communication budget. The idea of
our approach is to balance the tradeoff between peer-level
and tuple-level sampling, which addresses the varying car-
dinality and the data distribution of individual peers. We
do this by analyzing the variance of individual peers, ulti-
mately minimizing the total variance of the approximation.
By performing local optimization on the tuple-level sam-
pling rates for individual peers we reduce the total number
of tuples sent over the network. Our approach can be ap-
plied to a variety of statistical and data-mining tasks where
the computation over the entire dataset is infeasible or im-
practical. We also offer several techniques for sampling in
peer-to-peer databases given various levels of known and
unknown information about the network and its peers. Our
experiments showed that our technique is efficient and op-
timal for various data scenarios.
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