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ABSTRACT

Many applications, such as network monitoring and telecom-
munication applications, depend critically on the efficient
processing of data streams. Maintaining approximate ag-
gregates and summaries over data streams is crucial to han-
dle the OLAP query workload that arises in such applica-
tions. Furthermore, since the entire data is not available
at all times the maintenance task must be done incremen-
tally. We show that R(elaxed)Hist(ogram) is an appropri-
ate summarization under data stream scenario. In order
to reduce query estimation errors, we propose adaptive ap-
proaches which not only capture the data distribution, but
also integrate independent query patterns. We introduce
a workload decay model to efficiently capture global work-
load information and ensure that query patterns from the
recent past are weighted more than queries that are further
in the past. An advanced adaptive algorithm based on suit-
able threshold function is proposed for our workload decay
model. The algorithm adapts the histogram to user query
workloads for more accurate estimate of the range queries
over data streams. We verify experimentally that our ap-
proach successfully adapts to changes in the workload as
well as continuing changing data streams.

1. INTRODUCTION

Although traditional databases and associated operations
are generally designed for static datasets, a large class of
applications need database support in which the datasets
consist of continuous data streams. For example, monitored
information generated continuously from access points to
which pocket PCs connect through a wireless network is
streamed into analysis tools so that a system administrator
is able to monitor and manage network flow among access
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points in real time. Similarly, for stock market applications,
prices and exchange volumes of stocks keep changing with
time. In order to analyze the market status, large amounts
of stock information needs to be processed by stock exchange
analysis software.

In most cases, large volumes of data would be stored and
moved on secondary or tertiary storage. However, access to
data on those media is quite expensive, and moreover, mul-
tiple passes are often not possible due to the large volume
of data on such media. Also many applications need im-
mediate answers from the data stream, thus preventing the
use of secondary or tertiary storage to answer queries over
a data stream. In the context of network management, it
is important to track phenomena such as network conges-
tion, network intrusion, or malicious attacks. In the case of
stock markets, investors need online statistical analysis of
stocks. Most of these applications often involve aggregate
queries over data streams for trend analysis, rather than
retrieving specific tuples with certain properties. In such
applications fast approximate answers for aggregate queries
are often more important than exact answers. This results
in the need to maintain summary statistics to capture the
data distribution of data streams instead of storing the en-
tire data stream.

Continuous data streams are a new research topic that
has recently received significant attention. In this paper,
we consider the problem arising from applications of data
streams that require fast approximate answers for aggregate
queries by mainly using histograms as summary representa-
tion of data streams. Our histogram based approach main-
tains summary statistics by using information derived from
both the data distribution and query patterns. We propose
a dynamic summary representation over data stream, i.e.,
R/(elaxed) Hist(ogram), which is constructed in one pass.
RHist is maintained in memory and is used to answer ag-
gregation queries directly. We present an integrated ap-
proach to adapt the histogram according to changes in the
data distribution as well as changes in the query patterns.
This approach successfully combines the refinement process
of adapting to query-interest regions with the maintenance
process of the data stream. Instead of simply consider-
ing the range of a single query as in prior work [5, 1, 3,
27], which cannot capture the distribution of a global query
workload that evolves over time. We therefore introduce a
workload decay model that represents a weighted summary
of the global query workload. Based on the workload de-
cay model, a multi-threshold function is proposed in order



to efficiently map workload information to the granularity
of buckets of RHist. No prior research exists that combines
summary maintenance with global query workload explicitly
in the context of data streams.

The rest of the paper is organized as follows. Section 2
reviews related work. Section 3 introduces the histogram
model and discusses histogram maintenance issues in dy-
namic environments. Section 4 proposes an initially sim-
ple algorithm for adapting RHist to individual queries while
maintaining the histogram based on the incoming a data
stream. In Section 5, we develop the workload decay model,
and present an advanced adaptive algorithm. We present an
experimental evaluation of the proposed methods in Section
6 and conclude in Section 7.

2. RELATED WORK

Extensive research in the literature has studied static datasets,

especially for query selectivity estimation. As our approach
uses summary representation of a data stream and provides
approximation answers, it is related to histograms [23, 15],
sampling [27] and wavelets [19]. However, because these
techniques work in static settings, they are not applicable
to data streams.

As the need for dynamic datasets arises for an increasing
number of applications, much research has been directed to
incrementally maintaining summary representations. Babu
et al. [2] presented an overview of the problem arising in
this field. [11] proposed approaches for the dynamic main-
tenance of histograms. Incrementally maintainable quan-
tiles have been proposed in [18, 13, ?]. Recent work done
by Gilbert et al. [12] considered small space data summa-
rization, i.e., wavelet, to provide approximate answers for
aggregation queries over data streams from sketch. They
used A-aging data model to keep track of "recent” behavior
of a data set. Gehrke et al. [9] explored the issue of comput-
ing correlated aggregates over data streams. Guha et al. [14]
proposed a fixed window algorithm to process data streams
and allow a tradeoff between accuracy and speed. Datar et
al. [6] proposed stream statistics which can be maintained
over sliding windows. Dobra et al.[?] proposed the frame-
work to process general aggregate SQL queries over data
streams by using randomizing techniques and domain par-
titioning. Unlike our approach, which adapts to both query
workload and the data stream, these techniques maintain
the histograms only based on the changes in the data stream.

As has been observed in the database community, pre-
cisely capturing data distributions may not be enough for
accurately answering queries and hence several proposals
exploit the query answer from a DBMS to adjust summary
statistics. [5] introduced the concept of using query feed-
back from the query execution engine. ST-histograms [1] are
refined by distributing estimation errors over the domain.
STHoles [3] allows nested buckets to capture data regions
and drills holes (buckets) selectively from the area where the
query feedback intersects with STHoles. A sampling-based
approximation [8] proposed weighted tuple sampling adap-
tive to query workload. Wu et al. [28] proposed adaptive
sampling using golden estimation. All the techniques listed
above, use query feedback to adjust the summary represen-
tation. Our work is motivated by these efforts, in the sense
that the summary needs to capture the query patterns in
addition to data distribution.

3. HISTOGRAM MODEL ANDMAINTENANCE

3.1 Preliminaries

Histograms are widely used as a data summarization tool
for selectivity estimation and approximate query process-
ing. Equidepth histograms [22] are simple and form the ba-
sis of several popular and fairly robust histograms. In an
equidepth histogram, all buckets represent the same num-
ber of data-items. Compressed histograms are a variant
of equidepth histograms, which are more appropriate for
data-sets with large skew. Consider an equidepth histogram
where data values with high frequencies may span multi-
ple buckets; this is wasteful since the sequence of spanned
buckets for a data value can be replaced with a single count.
A Compressed histogram has a set of such singleton buckets
and an equidepth bucket over the remaining values. This ap-
proach is currently in use in IBM’s DB2 6000 [23]. Consider
a dataset of size N. A compressed histogram with 8 buck-
ets has ' equidepth buckets and 8 — 3’ singletons, where
1 < B < B. N'is the total number of tuples in equidepth
buckets. For each bucket b;, two values are stored: the
largest value in the bucket b;.MazVal and the number of
items contained in a bucket b;.Count. Thus b; includes all
values € [b;—1.Mazval + 1,b;.MaxzVal]. A compressed his-
togram satisfies the following requirements:

REQ1 No single value “spans” [11] an equidepth bucket, i.e.,
the set of bucket boundaries are distinct;

REQ2 Each equidepth bucket has N'/3" tuples, where N’ is
the total number of tuples in equidepth buckets;

REQ3 Each singleton bucket has depth > N'/3';

3.2 Histogram Maintenanceand Ancillary Stor-
age

Gibbons et al. [11] proposed a fast incremental mainte-
nance algorithm for approximate histograms. We briefly
describe the maintenance process as follows. After initializ-
ing the histogram, we derive a threshold T = (2 +~v)N'/#’,
where v is a threshold control parameter [11]. The buckets
of the histogram are either approximate equidepth buckets
or singletons. When a new data item comes, the depth of
the corresponding bucket increases by one. If the depth of
this bucket exceeds T, the bucket is divided into two and
two other buckets are merged in order to keep the number
of buckets constant. T changes according to incoming data
items and due to changes in the number of singleton buckets.
Furthermore, a singleton may no longer be a singleton when
T increases, while a new singleton bucket is generated due
to a large number of incoming data items with a particular
value. This process guarantees that value points with high
frequencies are captured by singletons and other values are
grouped into approximate equidepth buckets.

As is shown in [11], additional information, i.e. approxi-
mate median, is needed to divide a bucket into two. There
are other summaries, for example wavelet with sketches [12],
which can be incrementally maintained without accessing
ancillary storage. However, in the following section, we will
show that ancillary storage is indispensable to adapt sum-
marization to query workloads. For many applications, such
as telephone system and stock market analysis tools, records
of all the data are maintained. Even if this base informa-
tion is not available, we can maintain backing information on



disk incrementally. Gibbons et al. [11] have exploited reser-
voir sampling [26] to generate backing samples and store
them on disk in order to compute the median for dividing a
bucket.

Other types of backing summarizations can also be used
for backing samples. We maintain a backing frequency dis-
tribution function(fdf) on disk which summarizes the data
streams into distinct values with frequencies. Given data
stream DS with attribute X, the frequency f; of value d; for
attribute X is the number of tuples t € DS with t. X = d;.
The backing fdf is an ordered set of value pairs {(do, fo),
(d1, fr1}, (d2, f2), ..., {dn—1, fn—1)}. There are several tech-
niques that can be applied to lower the overheads of the
algorithm with regard to disk accesses, such as lazy updates.

3.3 RHist: A Relaxed Histogram

In this section, we define the histogram studied in this
paper and evaluate its performance briefly.

Our histogram approximates the exact compressed his-
togram by modifying the three requirements as follows.

REQ1’ No single value belongs to more than one bucket.

REQ2’ The depth of equidepth bucket does not exceed the
threshold T = (2 +~) x N'/B' [11];

REQ3’ The same as REQS.

REQL’ strengthens REQl. REQ1’ not only guarantees that
singleton can be captured in RHist, but also requires to re-
allocate the boundaries of equidepth buckets to include or
exclude data items with the same values. Due to REQ1’,
requirement REQ2 is relazed. Buckets can have approxi-
mately equal depth within the threshold T. We refer the
proposed histogram RHist, since it relaxes the restriction
that all equidepth buckets have the same count.

For performance evaluation, we use the Normalized Rela-

tive Error (NRE) to measure the accuracy of query results

[Aest ()= Aert ()]
Acat (Q) ’

where Acq(Q) is the estimated answer provided by the his-

togram and A.,+(Q) is the exact answer.

MazDiff(v,f) [25] and V-Optimal(v,f) [15] are two his-
tograms known for their good performance in summarizing
static datasets. Figure 1 depicts the difference among his-
tograms in approximating skewed data in terms of normal-
ized relative error of queries with selectivity between 10%
and 20%. The centers of queries are generated by a Gaus-
sian distribution. The dataset is Zipf with different skewness
and the correlation between values and frequencies is ran-
dom. Figure 1 shows that the performance of RHist is not as
good as MaxDiff and V-Optimal histograms. But RHist per-
forms much better than the equidepth histogram. Since it
successfully captures high frequencies. In the following sec-
tions, we are going to reduce the estimation error to lower
than that of MaxDiff and V-Optimal for data streams.

compared with the exact answer: NRE =

4. THE BASIC ADAPTIVE ALGORITHM

In general, the aim of the adaptive approach is to integrate
the information contained in queries into the data summa-
rization so that it can provide more accurate answers for a
particular query-interest region. The information associated
with queries can be the exact answer of a query [5, 3, 27, 8],
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Figure 1: The performance of static histograms

the error in the approximate answer from data summariza-
tions [1], or just a query range. In the database scenario,
the exact answer for a query is provided by the DBMS. Thus
the former two kinds of information are available, even for
free, to the adaptive process. More accurate answers can
be provided by refining the query-interest region, especially
exploiting the exact query answers. In the data stream sce-
nario, data summarization is the only available source for
answering queries. Although the complete dataset may be
stored on disk, it is not realistic to be frequently accessed
due to its large volume. Hence we cannot exploit traditional
approaches to refine RHist. In order to achieve the goal of
adaptive maintenance, we need to refine the granularity of
buckets within the query-interest region, and make coarser
the granularity of buckets out of this region.

41 Motivation

To adapt RHist to varying query patterns, our basic idea
is to ensure that there are more buckets in the ranges where
more queries are expected to occur. The inaccuracies of
queries based on RHist (or any other histogram) arise be-
cause the boundaries of a query may not completely align
with the boundaries of the buckets. In such cases the query
result is extrapolated usually by making the uniform spread
assumption [25] of data distribution within each bucket.
More buckets in the range of interest result in narrower buck-
ets and hence reduces the error during estimation [22]. Our
approach therefore relies on dividing some buckets corre-
sponding to the query range. However, in order to maintain
the overall storage requirements of RHist constant, creating
additional buckets must be offset by reducing some buckets
that are outside the range. We accomplish this by merging
two consecutive buckets, outside of the query range, into
one. Although wider buckets will probably result in higher
estimation errors, we expect the impact to be small since
these buckets are outside the range of query interests.

We establish that if the data in each bucket is monotone
(increasing or decreasing), then dividing a bucket in two will
always reduce the error for a query that is delimited by this
bucket. The metric we use is the normalized relative error.
Lemma 4.1 and Theorem 4.2 show the reduction in error for
queries within a bucket and the proofs are presented in the
appendix.

LEMMA 4.1. Let b; be a bucket with monotone frequency
distribution in histogram H. b; is divided to b} and b} . Let
Q be a query with range (a,c] where a = b;—1.MazVal
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Figure 2: Refine RHist

and ¢ < b;.MazVal. If NRE and NRE' are the respec-
tive normalized relative errors before and after division, then
NRE' < NRE.

Based on Lemma 4.1, we generalize the result to a query
with arbitrary range.

THEOREM 4.2. In histogram H dividing a set of buckets
B = {b;|bi has monotone frequency distribution} reduces the
error introduced by the uniform spread assumption.

Clearly, the above results establish that by refining the
number of buckets in a given query range results in more
accurate answers for monotone frequency distribution. Mo-
tivated by the above analysis, we develop our basic adaptive
algorithm to adjust RHist due to changing query patterns.

4.2 TheBasic Approach

Our basic approach is based on adapting RHist for indi-
vidual queries. The only information a query provides is
the query range. Given a query @ = [a, b], there are several
ways to use the range of a query to refine the histogram.

A simple method is to divide all the buckets b; € B, where
B is the set of buckets covered by the range of ). Let n be
the number of buckets in B and hence after the division, the
depth of those n buckets intersected with @) will decrease.
In order to keep the total number of buckets in RHist un-
changed, before those n buckets are divided, we need to
identify 2n buckets which do not intersect with @ that need
to be merged. Clearly, if n > /3/3, there will not be enough
buckets to merge. Furthermore, if the query load focuses on
a specific range, the overhead for refining the histogram will
double for each incoming query. In order to overcome these
limitations, we propose an alternative method, in which at
most the two buckets containing the boundaries of @, i.e.,
a and b, are considered as candidates for division. For ex-
ample, buckets C' and F in Figure 2. However, before the
buckets can be merged we need to identify the necessary
number of buckets (i.e., 2 or 4) outside [a,b] which can be
merged in a pairwise manner. Buckets A and B as well as
buckets G and H in Figure 2 result in merged buckets AB
and GH. Since the number of divided buckets is bounded
by two, constant time is needed to refine a histogram as a
result of a query.

We consider the maintenance process together with the
refinement process, because incoming data and queries both
modify RHist in the data stream scenario. The algorithm
for bucket refinement is shown in Figure 3.

Before a bucket is divided, several conditions need to be
checked. First, if bucket b; is a singleton, i.e., there is only
one attribute value in bucket b;, bucket b; does not need
to be divided. Second, in order to keep the total number
of buckets unchanged, two other buckets should be merged.

Refine (bkt[i])
/* F is the backing frequency distribution function */

if (!'need _divide(bkt[i])) return; /*singleton or Section 4.3*/

for all j € [1, n-1] /*n is # of buckets*/
if (bkt[j].Count+bkt[j+1].Count)<T)
find Max(bkt[j].Count+bkt[j+1].Count);
if (find j) Merge(bkt[jl, bkt[j+11);
else return;
if bkt[j] or bkt[j+1] is singleton
update N', 3';
total = bkt[i].Count;
k = Find_median(bkt[i]);
sum = F.freq[bkt[j-1].MaxVal+1]+...+F .freq[k];
if ((sum-total/2) > (total/2-(sum-F.freq[i])
k——; /*Find the quantile closest to median*/
divide bkt[i] at k into bkt[i’] and bkt[i’’];
if bkt[i’] or bkt[i’’] is singleton
update N', 8;
update N, T';

Figure 3: Basic Bucket Refinement Algorithm

If there are no such two buckets available, the process to
divide b; terminates.

A bucket should be divided when its depth exceeds the
threshold T or it intersects either boundary of the query. To
keep the depth of the two new buckets balanced, we divide
the bucket at the median (50% quantile). Recall that in
RHist all data items with the same value should be in one
bucket. Using the median to divide a bucket may violate
this constraint of RHist. In order to solve this problem, we
reallocate the boundary of the first new bucket to the value
which is the quantile closest to the median using the backing
information in ancillary storage.

As discussed above, before dividing a bucket, we should
first determine the buckets to merge. If the merge is due to
an update which causes bucket b; to exceed the threshold T,
then two buckets in RHist excluding b; should be merged,
i.e., the set of buckets that are candidates for merging are
B = {bkt;| bkt; # bkt;}. If we need to merge buckets due
to query @, the set of buckets B = {bkt;| bkt;.MaxVal C
[Q.left,Q.right] V bkt;—1.MaxVal+1 C [Q.left,Q.right] }
will not be considered for merging since the buckets that
fall in the range of a query should not be merged. Let B =
{bkt;| bkt; ¢ B}. Candidates to be merged are generated

from B = {bkt;| bkt;.Count+biy1.Count < T with bkt;,bkt; 11 €

B}. We do not want to merge buckets that were just di-
vided due to recent queries and those buckets usually have
low frequencies. The algorithm pick two consecutive buckets

{(bkti,bkti+1)| dbkt;, bkt,1 € B,katj, bkt;j 1 € B,bkt;.Count+

bktj1.Count < bkt;.Count + bkt;+1.Count}, i.e., the two
buckets resulting in the largest summation are merged. Note
that recently divided buckets will usually have a small total
number of tuples and hence are less likely to be candidates



for merging.

Singletons can participate in merging. Hence, after merg-
ing, the number of singletons may decrease, as well as the
total number of items within singletons. On the other hand,
when a bucket is divided into two buckets, new singletons
may be generated. In both cases, we need to update N', 3’
and recompute threshold 7'.

4.3 Controlling over-division

The basic approach adapts RHist by tuning the granular-
ity to be finer for buckets covering the boundaries of queries
and coarser for the buckets out of query ranges. This process
is performed for every incoming query. However the bene-
fit of continually dividing buckets within a particular region
due to a stream of queries will not be significant since the
granularity in that area already results in a small relative
error. Significant inaccuracy may arise if the query interest
region moves out of the refined region. Under these circum-
stances, the benefits of dividing such fine-grained buckets
will be outweighed by the reduced accuracy resulting from
the merging of other coarse-grained buckets. We call this
case over-division. Furthermore, we cannot afford to access
the backing information for each query in order to refine
buckets. Due to these concerns, we introduce a parameter,
referred to as division control ratio (DCR) to control the
degree of division. In the basic adaptive algorithm, when a
bucket b; is a candidate for division, we introduce the fol-
lowing check to control the granularity of the division. If

bi.MaxVal —b;—1.MaxVal <
# of distinct values y 1 (1)
bucket_number DCR

then b; does not need further division. From this constraint,
we can see that, if DCR is large, then buckets with small
range will not be divided. For example, let the average
number of distinct values in a bucket be 20. If DCR is
set to 2, then buckets with range smaller than 10 will not
be divided. If DCR is set to 0.5, then buckets with range
smaller than 40 will not be divided.

Figures 4 depicts the effect of DCR on estimation error
and the number of accesses to backing information. Note
that the number of divisions is the same as the number of
accesses.

80 1000

Zipf dataset-Gauss workload -+~
70 IBM dataset-Uniform workload ——
Gauss dataset-Uniform workload =

100 /*Zipf dataset-Gauss workload -
7 IBM dataset-Gauss workioad ~—

NRE(%)
Number of division

(a) Estimate error (b) Number of division

Figure 4: Effect of DCR

The IBM dataset is a set of daily prices of IBM stock
starting from 1962 to 2000 with 9567 records. For the Zipf
dataset-Gauss workload in Figure 4.(a), as DCR is increased
up to around 1, the normalized relative error decreases as the
number of buckets being divided decreases and thus prevents
the case of over-division efficiently. Note that beyond the

DCR value of 1, NRE increases because not enough buck-
ets have been divided so that future queries will not bene-
fit from previous queries. The other two dataset-workloads
show similar effect of DCR. It is obvious that DCR is an ef-
fective parameter to control the percentage of buckets being
divided and thus prevents over-division efficiently. However,
the value of DCR varies for different data distributions and
query workloads. From our experiments a value between 0.5
and 1.2 is reasonable. Figure 4.(b) shows how DCR controls
the number of division operations over the whole workload.
The number of divisions during maintenance is not included,
because DCR only affects the refinement process. If DCR is
between 0.5 and 1, the number of divisions is quite low.

5. ADVANCEDADAPTIVEALGORITHM WITH

WORKLOAD DECAY MODEL

In the previous section, we developed a basic algorithm to
adapt the granularity of RHist to individual queries. How-
ever, there are several problems which cannot be solved us-
ing the basic adaptive algorithm. First of all, using a single
threshold for all the buckets of the histogram maintains the
depth of the buckets approximately equal. This blocks the
refinement of the histogram thus preventing different gran-
ularity in different query-interest regions. Also the affect
of the division control parameter depends largely on the
data distribution and thus we cannot set it to an appro-
priate value in advance. Furthermore, the range of a sin-
gle query does not represent the interests of most queries.
Lacking knowledge of the global workload information, the
basic adaptive algorithm is not able to determine the dif-
ference between individual interest and group interest. In
this section, in order to solve these problems, we introduce
a generalized workload model and exploit it in our advanced
adaptive algorithm to automatically control the granularity
of the histogram buckets according to current workload in-
formation.

5.1 Workload Decay M odel

The purpose of the adaptive approach is to change the
data summaries to reflect the query-interest region and hence
reduce the estimation error. Most data summaries are built
by assuming that queries will be issued uniformly over the
dataset and most adaptive methods are developed for the
areas of interest to the individual queries. However they
may not be able to reflect the interests of a group of queries.
A global view of the workload should contain a history of
the queries. However, older queries have less affect on the
desired area of interest, while recent queries should have
greater influence. In other words, the affect of a query
should decay with time. In order to capture this kind of
global behavior of the workload, we introduce a novel model,
the Workload Decay Model.

Our construction of the workload decay model is described
as follows. W is a vector which keeps the current workload
information. @; is a vector of the query information at time
j (=t < j <0). Qo is current query vector and Q_; is the
initial query vector.

W =A1=N""Q i 4+A(1=N)"2Q t114-+X-Qo (2)

The invariant for the workload decay model is

max

> Wh=1 (3)

i=min



W i] reflects the query workload on value i. For example, if
the incoming queries uniformly cover the whole domain and
the number of distinct values is 1000, W[i] = 0.001 for all
i € domain.

original workload ——
lambda=0.01 -+
lambda=0.03 -&-- |

Workload Decay Model

query range

Figure 5: Workload Migration

Parameter A\ controls the migration behavior of workload
information W. Take two extremes of A\ as an example:
When A = 0, W keeps the past instead of integrating the
new query into the workload information. When A =1, W
only contains the information of current query and no his-
tory is accessible, and hence it reduces to the basic adaptive
algorithm. From Figure 5, we can see the affect of A on W.
The original workload consists of queries generated from a
Gaussian distribution with mean 3. Then the center point
of queries was shifted to Gaussian with mean 7. The num-
ber of distinct values is 100. With A = 0.03, the workload
curve quickly forgets the past and reflect the new trend very
well. While with A = 0.01, the workload curve still keeps
decayed memory of the past, and thus not only reflects the
new trend, but also remembers the history quite well.

We maintain an workload histogram, referred to as WHist,
with non-integer depth € [0,1] to capture the changes in
the query workload. Initially, we have no query workload
information, so we assume it is uniformly distributed. All
the buckets are initialized to the depth 1/n, where n is the
number of buckets. If the query workload is uniformly dis-
tributed, each distinct value should have the same query in-
terest weight and due to Equation 3, i.e.> " | bi.count =1,
the depth of each bucket should be 1/n. An incoming query
vector @ has Q[i] = 0 for the value ¢ out of query range
and Q[i] = 1 for the value 7 within query range. The depth
of each bucket is decreased by multiplying the factor 1 — A.
Then the depth of bucket b;, which is covered by @, is in-

creased by A x (Q.range Nb;.range) x m.

WHist(n: # of buckets)
for all the bucket b;.count = 1/n;
Decay(Q.left:the left boundary of current query,

Q.right:the right boundary of current query)

{ increment = A/(Q.right-Q.left+1);
pos = Q.left;
for all the bucket b;
b;.count *= 1-);

while ((pos€ b;.range) & (pos€[Q.left, Q.rightl))

pos ++;
b;.count += increment;

}

Figure 6: Incremental workload histogram

5.2 Threshold Function

As discussed in Section 4, the threshold plays a critical
role in controlling the depth of buckets in histogram. Be-
cause there is only one threshold for the whole histogram,
the affect of the threshold is equal for each bucket, namely,
it tries to equalize the depth of buckets within a certain flex-
ible range. However, when the histogram begins to adapt
to incoming queries, the granularity of each bucket tends to
be different due to the query-interest region. Buckets falling
in the query range will have finer granularity and thus tend
to be have less height than buckets out of the query range.
So the shape of RHist changes according to variations in
query ranges. It is obvious that a single threshold restricts
RHist’s ability to adapt to the query workload. It is in fact
detrimental to the adaptive process. In this section, we pro-
pose a multi-threshold solution by introducing a threshold
function. Using this function, we are able to compute the
threshold for a single value or a bucket from the workload
information and data information. Virtually, we can imag-
ine that for each value there is a threshold and later we
introduce the threshold function for a set of values within a
bucket.

Because we use a threshold to control the granularity
of buckets in different query-interest regions, the threshold
function should reflect the shape of the histogram during
the adaptive process, i.e. the buckets in the heavily queried
region have lower depths while buckets in sparsely queried
region have higher depths. The threshold function is based
on a query workload function and a data function, that is,
Threshold(v) = f(W(v)) x g(D(v)). Intuitively, f(W(v))
is inversely related to W (v) and g(D(v)) is proportional to
the domain range, where g(D(v)) = (2+~)N'/B’. Thus the
more queries focus on v, the lower the threshold and the
more data, the higher the threshold.

Now the key to find the threshold function is to derive
fF(W(v)). Let

!

TV (@) = g

e (4)

We add parameter ¢ to the denominator so that when W (v) =
0, f(W(v)) is still meaningful and parameter ¢’ is a multi-
plier. Our goal is to determine the values of ¢ and ¢’. From
Lemma C.1 (see appendix), if the query workload is uni-
formly distributed, then W (v) = %, where d is the number
of distinct values. In this case, we do not need to refine any
bucket in RHist, i.e. f(W(v)) = 1. Thus we have

CI

1/d+c

Given d, we need another equation to solve ¢’ and c.

By observation, the probability that W[j] has large value,
especially close to 1, is fairly small. And the probability that
W{j] is between zero and 1/d is quite large, i.e., approxi-
mately equal to 50%, because 1/d is the unbiased estimator
for Wj] at any value point j by lemma D.1(see appendix).
Normal distribution N(u = 0,0?) can capture this feature
on the positive horizontal axis. In order to check the as-
sumption that W[j] at any j is normally distributed, we
conduct a normal probability plot [21]. The plotted points
fall along a straight line, which confirms that the hypothesis
model is appropriate. The 75 percentile of N(0,0?) is very
close to the mean of the right half when o is very small.
Later we will show that o is actually very small. Thus we

=1 (5)



approximate o from the following equation.

1/d 1 22
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Let random variable T stand for f(W (v)) at point v. Let
X be the random variable for W (v). By equation 4, T =
&=, X € [0,1] and T € [%5, 2] Let Z ~ N(0,02).
Because X has the positive half of the N (0, ¢?) distribution,
we have fx(v) = 2fz(v) for v € [0,1]. By the random
variable transform theory [4],

c Oz
fr(T=t) = fx(X=5-cx |5
! Cl
= ZfZ(— _C) X t_2
2 (-2 €

Because T is a random variable for f(W(v)), we want
the values of T to be centered around 1 so that RHist is
balanced, i.e., no bias.

E(T)

/:{ fr(t)tdt

T+c
% 21 _c_ 2 2 ¢

N N
o V7mo t
T+c

-1 (7)

Now we are able to solve for ¢’ and c. From equation 6, we
obtain o for different values of d. Given d and o, equations
5 and 7 can provide solutions for ¢ and c¢. The following
table shows the respective solutions for different d.

d o c c
10 0.148 0.263 0.363
100 | 0.0145 | 0.031 0.041
1000 | 0.0015 | 0.0024 | 0.0034

Hence, given d, the threshold is computed by

CI

W) +e¢
5.3 The Advanced Adaptive Algorithm

The workload decay model is able to capture the interest
of a group of queries. The threshold function successfully
maps information in the workload decay model and data
information into controlling parameters for different values
in the domain. Now we present the complete algorithm by
integrating all the techniques developed in this section with
the basic adaptive algorithm.

The granularity of data in RHist is buckets. We can-
not use the threshold function directly on RHist, since it
is a mapping from a particular value to a threshold. In
RHist, the threshold controls the depth of a bucket. Hence
a new threshold function for each bucket is needed. For
a bucket b; in RHist, we have the boundary b;.left and
b;.right, where b;.left = RHist.bkt[i — 1].MaxVal + 1 and
bi.right = RHist.bkt[i].MaxzVal. Since each value v €
[bi.left,b;.right] has its own W (v) in WHist, the average of

Threshold(v) = x (24+MNN'/B

W (v) represents the average query interests in [b;.le ft, b;.right].

Thus the threshold value for a bucket is function based on

the average of W (v) for values within this bucket. The for-
mula of the threshold function becomes

CI

 Avgyepi et n;.righ)(W (V) + ¢

Threshold(b;)

x(2+ )N/ (8)

In WHist, the summation of W (v) for all v € [b;.le ft, b;.right]
can be computed by issuing a query on WHist and the query
range is [b;.left,b;.right]. The average of W (v) is the sum-
mation divided by the number of values within this bucket.
We now have two summarizations, i.e. WHist for the work-
load decay model and RHist for the data. Updates on either
one change the threshold, because the threshold function
is related to both workload and data. Thus when a new
query is issued or a data item arrives, we need to check the
threshold and see if the corresponding RHist bucket depth
exceeds the threshold. If a particular RHist bucket exceeds
the threshold, it needs to be refined. The process of re-
fining a bucket is basically the same as the basic adaptive
algorithm except that each bucket has its own threshold in
the advanced adaptive algorithm. The advanced adaptive
algorithm does not use DCR which is essential in the ba-
sic adaptive algorithm. This is because the refinement is
controlled by the workload decay model. The algorithm to
check the threshold is presented in Figure 7.

Check_threshold (WHist, RHist)
//triggered by incoming data
if RHist.bkt[i].isupdated()
if RHist.bkt[i].count>threshold (RHist.bkt[i])
Refine (RHist.bkt [i]);
//triggered by incoming queries
if WHist.bkt[jl.isincreased()
for all RHist.bkt[i]l N WHist.bkt[j]l # 0

if RHist.bkt[i].Count>threshold (RHist.bkt[i])

Refine (RHist.bkt[i]);

Figure 7: Threshold Checking Algorithm

6. EXPERIMENTAL RESULTS

In this section, we describe a set of experiments that eval-
uate the effectiveness and efficiency of our workload-aware
histogram maintenance techniques. First we describe the ex-
perimental setup. Then we describe a set of experiments to
demonstrate the efficiency of using the two adaptive RHist
algorithms. After that, we study the performance of our
adaptive algorithms with mixed query workloads. Finally,
we evaluate their performance with mixed data updates and
query workloads.

6.1 Experimental Setup

Data streams The incoming tuples of a data stream are
generated from an extensive set of both synthetic and real
datasets. The real dataset we consider is the Alexandria
Digital Library(ADL) dataset, which includes relatively large
datasets derived from a spatial domain. The dataset con-
tains 2,339,771 digital spatial objects. We project the cen-
ters of the spatial objects on the longitude to derive the
ADL dataset, as shown in Figure 8.

We also generated synthetic datasets for our experiments
from different data distributions, including Zipf-ian [30],
Gaussian and Uniform distribution. In the Zipf distribution,
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Figure 8: ADL projection in the longitude

the values and frequencies are randomly correlated (uncor-
related) and z varies from 0.1 to 1 for different data skew-
ness. The Gaussian distribution is generated from domain x
Gauss(pt,0*). The values and frequencies are also randomly
correlated. In the uniform distribution, the number of tu-
ples in a data stream varies from 10,000 to 1,000,000. The
default value for the synthetic dataset parameters are de-
scribed as below.

Dataset | Parameter Value
R: # of distinct values 1,000
All N: Length of data streams | 1,000,000
DCR: divide control ratio | 1
Gauss | p: mean 0.5
o: standard deviation 0.005
Zipf z: Skewness 0.4

In our current experimental framework, we restrict data
streams to those with tuple insertions, which is generally
the case with most data streams.

Histograms We studied both static and dynamic histograms.

For static histograms, e.g., MaxDiff, V-Optimal and EquiDepth

histograms, we rebuild them for every incoming data item,
thus giving them extra benefit, which in practice is unrealis-
tic, while we maintain and refine RHist incrementally. The
number of tuples from the data stream to initialize RHist
varies from 1,000 to 10,000. The default number of buckets
of a histogram is set to 100. Threshold T, which controls
the depth of buckets in RHist, equals N’ /3’ x (2+ 1), where
v = 0.5, as [11] has claimed that this is a reasonable value
for limiting the number of computations, i.e., the number
of access to disk, as well as for decreasing errors. We use
RHist, BRHist and ARHist as the abbreviations for non-
adaptive RHist, RHist with the basic adaptive approach
and RHist with the advanced adaptive approach respec-
tively. In the following experiments, we allocate the same
memory space for all types of histograms studied. Since the
equidepth histogram only stores the bucket boundary, the
number of buckets are twice as much as RHist, MaxDiff and
V-Optimal. For ARHist, we count the additional buckets
WHist consumes for the workload decay model.

Query workload We used 3 kinds of query workloads
to generate a range query: 1. Gausstan, the center of a
query is generated by domain x Gauss(p,o?); 2. Uniform,
the center of a query is calculated from a uniform distribu-
tion over the whole domain; 3. Mized workload, in which
queries are created by mixed distribution from Gauss and
uniform, rather than a single distribution. To simplify the
representation of the query workload, the workload with
Gaussian distribution is represented as Gauss(u), short for
domain x Gauss(u,0.005). The default selectivity is 10%.

Metrics To measure the accuracy of answers to aggrega-
tion queries, we used two error metrics: Normalized Rela-
tive Error (NRE) and Confidence Interval for Mean of Error
(CIME). As introduce in Section 3.3, NRE = 1Aet(2=2eat (S]],

CIME represents the interval where the mean of the error
will vary with 90% confidence.

6.2 Effect of A
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Figure 9: Effect of lambda

In order to find a reasonable value for A for ARHist, we
conducted this experiment to observe the performance and
disk access when A changes. Unlike DCR, A controls the
number of bucket divisions in both maintenance and refine-
ment. Hence, we measure the number of divisions due to
both processes. We use a Training workload to set up the
workload decay model, instead of using the default setting,
i.e. uniform distribution. Hence, we are able to observe how
A controls the granularity of buckets under the incoming
data stream. The training workload is Gauss(0.7), then we
generate a Zipf dataset with z=0.4. The query workload is
Gauss(0.3) and size is 1000.

Figure 9.(a) depicts the dramatic improvement in perfor-
mance when X increases from 0 to 0.06. Further increasing
the value of A does not help to reduce the estimation error.
In Figure 9.(b), a rapid increase in the number of divisions
is observed when A is varied from 0 to 0.7. As depicted
by the lower dotted plot, the number of divisions during
maintenance is a constant. In conclusion, the choosing of A
represents a tradeoff between disk accesses and performance,
and 0.01 is reasonable for both concerns.

6.3 Accuracy of histograms

We now compare the effectiveness of various techniques
in approximating histograms under different data streams
and workloads conditions. In this experiment, we subject
the histogram, first to a data stream, and then to a se-
ries of queries. At the end of the data stream, we build the
static histograms, i.e., MaxDiff, V-Optimal and Equi-depth.
RHist is incrementally maintained over the data stream.
BRHist and ARHist incorporate the incoming stream and
then adapt to the query workload.

We implemented 3 workloads. The first two are Gauss(0.7)
and Gauss(0.1). The third is a uniform query workload. We
impose queries on 6 different datasets. In addition to un-
correlated Zipf and Gauss, the tested datasets also include
positively correlated Zipf(Figure 11.(d)) and Gauss (Fig-
ure 11.(e)). Figure 10(a-f) shows that the adaptive RHist
approaches, in general, greatly improve the performance
compared to non-adaptive RHist. In Figure 10.(a)(b)(f)
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ARHist is even better than MaxDiff and V-Optimal his-
tograms, which are built from the whole dataset. The re-
sults establish that the workload decay model successfully
captures the query distribution and that the multi-threshold
function effectively maps workload information to thresh-
olds, which lead to an efficient adaptive algorithm. For non-
uniformly distributed workloads, ARHist is always better
than BRHist and much better than RHist. For uniformly
distributed workloads, the threshold at every data value is
(24 ~v)N'/B" for ARHist, which is the same as in BRHist or
RHist. Thus the performance of those histograms are iden-
tical due to the same granularity distributions. Although
RHist allocates some buckets with equal depth, it outper-
forms equidepth histograms because singleton buckets are
able to capture high frequencies separately. Note that in
Figure 10.(d), for Gaussian(0.7), the NRE of BRHist is quite
higher than RHist. This is because the effect of DCR de-
pends on the dataset and workload distributions.In conclu-
sion, our adaptive algorithms for incrementally maintained

RHist, especially ARHist, compete with static histograms
which are well-known for their good estimation performance,
but would incur unrealistic overheads in a data stream set-
ting.

6.4 Mixed workload

Queries may not always be generated from the same distri-
bution. It is very common that the query workload evolves.
In order to test the robustness of our adaptive approaches,
we used mixed workloads, which are processed after the
stream of data. We mix the workload by either abruptly
or gradually changing from one workload to another.

In Figure 11.(a) we shift the workload abruptly from Gauss(0.3)
to Gauss(0.7) after 500 queries. The NRE keeps decreasing
in the same workload as later queries benefit from divid-
ing and merging buckets due to earlier queries. When the
query workload shifts suddenly to another region, the NRE
increases accordingly. ARHist has very small variation com-
pared to BRHist, which benefits from the effectiveness of



the workload decay model and hence prevents unnecessary
over-divisions. Figure 11.(b) and Figure 11.(c) show the
gradual transformation between two different Gaussian dis-
tributions, and from a uniform distribution to a Gaussian
distribution respectively. In both cases, the z axis repre-
sents the percentage of Gauss(0.7) with the remainder per-
centage representing the other workload. Both BRHist and
ARHist show robustness across workloads with stable NRE
and CIME. ARHist outperforms BRHist, as shown in the
figures, the former has less NRE and smaller CIME.

6.5 Issuing queriesover data streams

In order to observe the performance of adapting RHist
during a continuous stream of data, we mixed query streams
with data streams. The data stream is interrupted, and a set
of queries is issued, then the data stream is resumed. This
process goes on until the end of the data stream. At each
time unit, 50,000 data items arrive from a synthetic dataset
(default Zipf and default Guass). For the ADL dataset,
the stream length is set to 2,090,000 and at each time unit,
110,000 data items are processed. The size of the query set
is 100. And the query workload is Gauss(0.7). For clarity,
we do not plot CIME in Figure 12.(a) and (b).

Figure 12.(a-c) shows that ARHist is quite stable over the
entire data streams. Both BRHist and ARHist perform very
well. In Figure 12.(a), BRHist is comparable to MaxDiff
and V-Optimal histograms while ARHist outperforms these
two static histograms, which are rebuilt at each time unit.
Figure 12.(b) depicts the similar situation, except that V-
Optimal histogram is slightly better than ARHist. In Fig-
ure 12.(c), both BRHist and ARHist outperform MaxDiff
and V-Optimal most of the time. Note that since the y axis
is logscale, the CIME for BRHist and V-Optimal histogram
is much bigger than ARHist. In all the figures, ARHist im-
proves the performance by 20% to 70% compared to BRHist
and is quite robust in the presence of update.

7. CONCLUSION

In this paper we presented a new approach for maintain-
ing summary information over data streams. Our approach
is novel in that we adapt the summary information not
only to the changes in the data distribution, but also to
the changes in the query workload characteristics. We start
by developing a variant of compressed histogram, referred
as RHist. We first developed a basic adaptive algorithm in
which RHist is refined for each incoming query. Since per
query refinement can become prohibitively expensive and to
gracefully incorporate workload changes, we introduced the
concept of a workload decay model. Using this model, we
developed the advanced adaptive algorithm for maintaining
RHist. We conducted an extensive evaluation of these two
approaches and compared them with other well-known his-
tograms. Our results indicate that the adaptive approaches
based on both workload and data distributions are robust
and result in very low estimation errors.
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APPENDI X
A. PROOFFORLEMMA 41

PROOF. Let Acz:(Q) be the exact answer of query Q. The
estimated answer generated from b; is Aest(Q) = bi.Count x

c—a _ |Aesi(Q)_~Aemi(Q)‘
b asvai—a) VRE = ==-1—753 :

The estimated answer from buckets b; and b} is

’ c—a
bi.C’ount x b;.MazVal—a

for ¢ < b}.MaxVal

" c—b;.Manal
bi .Count x bg’.Manalfbg.Manal

for ¢ > b}.MaxVal
1 1AL (@)~ Aeat (Q)]
and NRE = Z.21(0) .
1) Considering the case when ¢ < b,.MazVal
a) Considering the case when the frequencies of values in
this bucket are monotonically non-decreasing.
In bucket b; the frequency starts from f,,in, which is less

than or equal to lh%gﬁ%, i.e., the average frequency,
and grows up to fmaz, which is greater than or equal to the
average frequency. Obviously, using the average frequency
to estimate the distribution will result in over-estimating
the answer. So Aest(Q) > Aert(Q). For the same reason,
est(Q) = Aext(Q).
Since the frequencies of values in the bucket are monotoni-
cally non-decreasing, the average frequency in b} is less than

:zst(Q) =

+ b;.Count

. b} .Count b;.Count
the average frequency in b;. So W MazVal—a = by MazVal—a’
where B AfarVal s 1S the average frequency in b; and M MazVal=a

is the average frequency in b;.

= b..Count x e < bi.Count x

= Aemt(Q) S Alest(Q) S Aest(Q)
AL 4 (Q)—Acat (Q) Acst (Q)— Azt (Q
= Dot IS < A el
= NRE' < NRE
b) Considering the case when the frequency of values in this
bucket are monotonically non-increasing.
As opposed to case (1.a), using the average frequency results
in under-estimating the answer. So Aest(Q) < Aeet(Q) and
est(Q) < Aext(Q).
Since the frequencies of values in the bucket are monotone
decreasing, the average frequency in b} is greater than the
b}.Count b; .Count
b,.MaxVal—a = b;.MazVal—a’
The rest proof for this case is similar to that in case (1.a).
2) Considering the case when ¢ > b;.MazVal
a) Considering the case when the frequencies of values in
this bucket are monotonically non-decreasing.
As we have proved in (1.a), Aest(Q) > Aezt(Q) and A, (Q) >
Aezt(Q)-

c—a

b;.MazVal—a

average frequency in b;. So



Let O be a query with range (c, d], where d equals b;. MazVal.

= Aest(Q) = bi.Count— Acs: (Q) and Ag,, (Q) = b;.Count—
st (Q). : :

This case is symmetric to case(1.b) where the frequencies are

monotonically non-increasing instead of non-decreasing and

the query boundaries are reversed. From (1.b), Aest(Q) <

’
est(Q)
= Aezt(g) < A’est(Q) < Aest(Q)
A’esi(Q)*Aemt(Q) < Aest (Q)=Aecat (Q)
Aczt (Q) = Acet (Q)

b) Considering the case when the frequency of values in this
bucket are monotonically non-increasing.
The proof for this case is similar to that for case(2.a).

Thus we prove that under all cases NRE' is less or equal to
NRE. U

B. LEMMAB.1

LEmMMA B.1. WHist with a decimal fraction depth belongs
to the workload decay model.

PRrOOF. The granularity of workload information in WHist
is bucket with equal width. In WHist Qo[j] = (Q.range N

bj.range)xm. From the initialization, we know, W[j] =
1/nand 3°7_, W[j] = 1. Here W/[j] is the depth of b;. Dur-
ing the decay process, W[j] = (1—X) x W[j]+ A x Qo[j]- By
induction, >37_, W[j] = 3°7_ (1 = A) x W[5l + 37, A x
Qolj] = 1 =) x1T+Ax3% Q] =1-XA+Ax
m > ;—1(Q.range N bj.range) = 1. Thus the defini-

tion and invariant of workload decay model are satisfied by
RHist. [

C. LEMMAC.1

LemmA C.1. If query workload is uniformly distributed,
Wj] ~ % for all j € domain, when the number of queries
tends to infinity, where d is the number of distinct values.

D. LEMMAD.1

LEmMMA D.1. Let X be a random variable of workload W
at any value, i is an unbiased estimator for the erpectation
of X, where d is the number of distinct values.

PrOOF. Let Y be a random mapping function from value
j to W[j] for all j € domain. No matter what kind of map-
ping Y is from domain to W, we have invariant Z;"z‘lri%ial Wij]
1, thus X = i. Because sample mean is the unbiased esti-
mator of expectation, E(X[Y) = X|Y = % for all Y when
number of samples tends to infinity. EX = Ey Ex |y (z|y) =

Evi=1 0O

E. VERIFICATION OF NORMALITY AS
SUMPTION

Normal Probability Plot
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Generally, probability plotting is a graphical technique for
determining whether sample data conform to a hypothesized
distribution based on a visual examination of the data. To
obtain sample points, we first feed 2 sets of 100 queries,
i.e. Zipf and Gaussian distributed queries, into workload
decay model. Because W (j) at each value point j follows
the same distribution. After each query, we collect W (j) at
all value points as observations. To construct a probabil-
ity plot, samples are randomly assigned to be negative or
positive. We conduct this experiment using SAS. And the
plotted points fall along a straight line, which means our
hypothesized model-normality assumption is reasonable.



