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In the cardinality estimation solutions based on multi-dimensional self-tuning his-
tograms, periodical data scans are avoided and self-tuning histograms are constructed
according to query feedback records (QFRs). We call this kind of cardinality estimation
solutions the reactive solutions. In the existing reactive solutions, self-tuning histograms
are constructed over the entire value ranges of the queried attributes and have large scales.
The bucket number of a multi-dimensional self-tuning histogram increases exponentially
with the dimension. That means the existing reactive solutions are stuck with the issue of
“curse of dimension”. Simultaneously, to construct and maintain a multi-dimensional
self-tuning histogram over the entire value ranges of the queried attributes, a large num-
ber of QFRs must be accumulated at a long time span, and the cumbersome operations
have to be executed repeatedly to meet a space budget, which makes the existing reactive
solutions unpredictable and time-consuming.

To address above issues, a new reactive solution is proposed in the paper. In the
solution, the global self-tuning histogram covering the entire value range of the queried
attributes is abandoned. When a new predicate p is executed, the Ward’s minimum
variance method is used to find & nearest QFRs with p from the QFR warehouse. Based
on the found £ QFRs, a micro self-tuning histogram only covering the neighborhood of p
is constructed to help estimate the cardinality of p. The solution can be considered as a
beneficial attempt to improve the cardinality estimation efficiency under high dimensions,
and notably alleviate the issue of “curse of dimension”. Furthermore, old QFRs can be
replaced rapidly by the new QFRs and the data and workload changes can be timely
reflected by micro self-tuning histograms. The process of meeting a space budget is
eliminated completely, which makes the whole solution reliable and dexterous.

Keywords: cardinality estimation, cluster analysis, ward’s minimum variance method,
self-tuning, query feedback record

1. INTRODUCTION

In a query optimizer, cardinality estimation plays an important role in choosing op-
timal query plans. For a predicate referring to multiple attributes, if the cardinality is es-
timated only based on 1-dimensional data summarization techniques, the correlations
among multiple attributes are ignored and the accuracy of cardinality estimation cannot
be guaranteed. Therefore, multi-dimensional data summarization techniques have im-
portant practical significance for cardinality estimations.
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Traditional multi-dimensional cardinality estimation solutions rely on data scans.
Therefore, these solutions are called the proactive solutions in the paper. The first proac-
tive solution is based on the multi-dimensional equi-depth histogram [1]. And then, the
improved proactive solutions are proposed continuously [2-7]. The proactive solutions
proposed in [8, 9] are based on the multi-dimensional wavelet transforms [10, 11]. But
none of the existing proactive solutions is actually adopted in the mainstream databases
because of two serious deficiencies:

(1) Lots of system resources are occupied by periodical data scans and the performance
of routine queries are influenced seriously.
(2) The solutions are stuck with the “curse of dimension”.

The cardinality estimation solution in [12] is different from the proactive solutions.
It uses the multi-dimensional self-tuning histogram to replace the proactive data summa-
rization technologies. A multi-dimensional self-tuning histogram is constructed and
maintained based on query feedback records (QFRs). We call this kind of multi-dimen-
sional cardinality estimation solutions the reactive solutions in the paper. The succeeding
reactive solution in [13] shows how to build low-dimensional self-tuning histograms
from high-dimensional queries using the delta rule. The reactive solution in [14] im-
proves the accuracy of a self-tuning histogram by subtilizing the granularity of QFRs.
The information-theoretic principle of maximum entropy is introduced in [15]. [16] uses
the equi-width approach and the sparse-vector recovery based approach to maintain
self-tuning histograms. [17] initializes a multi-dimensional self-tuning histogram based
on subspace clustering. [18] tries to improve the efficiency of maintaining self-tuning
histograms by constructing two level histograms.

Summing up the existing reactive solutions, periodical data scans are avoid, but they
are not yet practical due to the following common issues:

(1) Reactive solutions are still stuck with the “curse of dimension”. In the existing reac-
tive solutions, self-tuning histograms are constructed and maintained over the entire
value range of the queried attributes (henceforth called global self-tuning histograms).
As dimension increases, the bucket number of a global self-tuning histogram in-
creases exponentially just as a proactive histogram.

(2) To construct and maintain a global self-tuning histogram, a large number of QFRs
must be accumulated at a long time span. As the changes of data and workload, the
accumulated QFRs may become inaccurate and contradictory for each other.

(3) To limit the bucket number of a global self-tuning histogram, the space budgets is
widely adopted, which leads to accuracy deterioration of cardinality estimation. Fur-
thermore, the process of reducing bucket number may be called more than once,
which makes reactive solutions unpredictable and time-consuming.

To address above issues, a new reactive solution — the Cardinality Estimation solu-
tion applying Ward s minimum variance Method (CEWM) is proposed in the paper. When
a new predicate p is executed, the Ward'’s minimum variance method (Ward method for
short) [19] is used to find & nearest QFRs with p from the QFR warehouse. And a micro
self-tuning histogram only covering the neighborhood of p is constructed to help estimate
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the cardinality of p. The main contributions of CEWM can be summarized as:

(1) The Ward method is introduced firstly to find k& nearest QFRs for a new predicate p.
The executed predicates which locate in the neighborhood of p have the relatively
similar cardinalities with p. The Ward method is used to find these predicates ac-
cording to its function of clustering similar classes.

(2) Instead of using a global self-tuning histogram, a micro self-tuning histogram is con-
structed swiftly based on a small number of QFRs of the similar executed predicates.
It only covers the neighborhood of a new predicate and can be considered as a bene-
ficial attempt to alleviate the issue of “curse of dimension”.

(3) After the execution of each new predicate, QFR warehouse is updated by the corre-
sponding new QFR, and the data and workload changes can be timely reflected by
the micro self-tuning histogram.

(4) Due to the small scale of a micro self-tuning histogram, space budget is unnecessary
and the process of reducing bucket number can be eliminated completely, which
make the whole solution reliable and dexterous.

The rest of the paper is organized as follows. Section 2 gives the notations. Section
3 describes the details of finding k nearest QFRs using the Ward method. The micro his-
togram and its construction process are analyzed in Section 4. Based on the micro histo-
gram, the processes of cardinality estimation for different cases are given in Section 5.
The new QFR update mechanism is explained in Section 6. The results of extensive ex-
periments are demonstrated in Section 7. Section 8 discusses the related work, and Sec-
tion 9 summarizes the paper and discusses future directions.

2. NOTATIONS
All notations used in the paper are shown in Table 1.

Table 1. Notations.

basic notations meanings

min(x), max(x) the minimum and the maximum of the data set x

the usual Euclidean volume of the area x when the data are real-valued;

b for discrete data, |x| denotes the number of discrete points that lie in x.

rand its subscripted forms relation
t and its subscripted forms tuple
a and its subscripted forms attribute
g and its subscripted forms query
v and its subscripted forms value

predicate: a predicate p has the form (vi;<ai;<vi)) A (Vi@ <vn) AL A
(V1 La@n<vup) Where ay, ay, ..., a, are the different attributes in one rela-
tion. v;; and v, are two values within the value range of a; which satisfy
vi<vp for i=1,2,...,m. Given a predicate p, if it is just submitted and
will be executed soon, p is called a new predicate; if p has been executed
and the QFR of p has been collected, p is called an executed predicate.

p and its subscripted forms

h and its subscripted forms histogram

b and its subscripted forms the bucket of a histogram
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notations related to an attribute

meanings

d(a) the value range of a
d(b, a) the value range of a which is covered by b
d(p, a) the value range of a where p is true

notations related to a bucket

meanings

the value range of b: for a bucket b of & over the attributes a1, ..., a4 in

d(b) the relation r, d(b) = [min(d(b, as+1)), max(d(b, as))] * ... * [min(d(b, as)),
max(d(b, a,«))]
fib) the frequency of b, i.e., the number of tuples which fall in b

notations related to a histogram

meanings

the value range of /4: a k-dimensional histogram % over the attributes

dgi1, .., A5 in the relation 7 is obtained by partitioning the value space

d(h) [min(d(as)), max(d(as))] * ... * [min(d(asw)), max(d(as))] into one or
more buckets and records the number of tuples falling in each buckets.
d(h) = [min(d(as+1)), max(d(asi))] * ... * [min(d(asw)), max(d(as))]
B(h) the bucket set composed of all buckets of /
notations related to a predicate meanings
n(p) the real number of tuples which satisfy the predicate p
esp(p) the estimated number of tuples which satisfy the predicate p
the estimated number of tuples which fall in the bucket b and satisfy the
espi(p) predicate p
the value range of p: for a p = (vi1 <a; <vi)A(va1 La2 SVv)A AWV L@, <
d(p) V), d(p) = [min(d(p, a\)), max(d(p, a)))] * ... * [min(d(p, a,)), max(d(p,
an))]
s(p) The dimension of p: forap = (v;; < a Svi)A( LA SN AWV £ a, <
Vi), S(p) denotes the number of attributes ay,az, ..., ay.
qfr(p) the QFR of p: gfi(p) = (p, n(p), m,) where m, is the executing moment of p

3. FIND K NEAREST QFRS USING WARD METHOD

3.1 Ward Method

Cluster analysis [20, 21] is the process of grouping a set of objects in such a way
that objects in the same group (called a cluster) are more similar than those in other

groups (clusters).

As a hierarchical cluster analysis method, the Ward method measures the distance
between two classes based on the increment of the Sum of Squares of Deviations (SSD).

Assuming n samples are categorized into & classes Gy, G,

..., Gi, X;; 1s the vector com-

posed of the relevant variables of the i sample in G;, and 7, denotes the number of sam-
ples in G.. X, is the center of gravity of G,. The SSD of G, can be expressed as:

Si=>" (= X) (Xi— X).

)

It reflects the degree of dispersion of the internal samples of G,
Assuming two classes G, and G, are merged into a new class G,, SSD will increase.
Based on the increment of SSD, the distance between G, and G, can be calculated as:

D, =./S,-S,-5,.

(@)

This distance is called the Ward distance in the paper.
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3.2 Ward Distance between Predicates

In CEWM, each predicate is considered as a sample in the Ward method. We define
the Ward distance between predicates firstly, and then, the &k nearest QFRs with a new
predicate can be found using the Ward method.

For a predicate p = (vi; < a1 S vip)A(a1 £ a3 V)AL AWV £ a, < V), the vector
composed of its location variables can be expressed as:

T
X,= V11, Vi2, Va1, V22, <5 Vinls Vi2) - (3)

Supposing the class G,, and G,, contain the predicate p; and p, respectively. Simul-
taneously, the class G, ,, contains both p, and p,. Based on Egs. (1), (2) and (3), the Ward
distance between p; and p, can be defined as:

2 - T -
S[’|l’z B Spl B Sp: = \/Zizl (Xp, B Xm’:) (Xp, h Xﬁlpz ). “

3.3 Algorithm of Finding k£ Nearest QFRs

Given a new predicate p,; and the QFRs ¢fi(p)), ..., gfr(p,) corresponding to the
executed predicates py, ..., p,, finding k (1 <k<n) nearest QFRs with p,; from gfi(p,), ...,
qfr(p,) 1s to find k executed predicates from py, ..., p, which have the 1st shortest Ward
distance to the kth shortest Ward distance with p,;. The algorithm of finding k nearest
QFRs is shown as Algorithm 1:

Algorithm 1: finding & nearest QFRs with the new predicate p,
Jkqfr(par, p[1...n])

1 Gpn1<_pn1

2 for (eachie[l...n]) do

3 G pry<=pli]

4 wad[il<—calWardDis(Gpm, Gpi1) //calculating Ward distances

5 loc<sort(wd[l1], ..., wd[n]) //sorting Ward distances

6 k<—configK(p,1, p[l...n], loc[1...n]) //configuring k, elaborated in Algorithm 2
7 return loc[1...k]

For Algorithm 1, the pseudo-codes in Line 2 to Line 4 calculate all Ward distances
with the time complexity of O(n*2s(p,1)) because one predicate corresponds to two coor-
dinates in each dimension. The pseudo-code in Line 5 sorts the Ward distances with the
time complexity of O(n*log(n)). From Section 3.4, we can know the time complexity of
the pseudo-code in Line 6 is O(UL"2#4s(p,;)) where UL is the upper limit of k£ value and
will be explained in Section 3.4. In general, s(p,;) and UL are less than 10. Therefore, the
time complexity of the whole Algorithm 1 is about O(m*n).

For example, a 2-dimensional new predicate p,; and ten executed predicates py, ...,
P10 are shown in Fig. 1. The new predicate is shown as a grey rectangle and the rectan-
gles with dashed borders denote the executed predicates. Configure k=3, the executed
predicates corresponding to the k& nearest QFRs with p,; are shown as the rectangles with
bold solid borders. They can be efficiently obtained by Algorithm 1.
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Fig. 1. A new predicate and ten executed predi- Fig. 2. A skewed query workload example.
cates.
3.4 The Choice of k Value

Using Algorithm 1, the & nearest QFRs with a new predicate can be found. But &
value must be chosen carefully. To choose an appropriate £ value, the distribution feature
of query workload should be analyzed firstly. For an actual database, especially an OLTP
system, the query workload often shows a certain skewed distribution feature where
some tuples are frequently queried but many tuples are not [22, 23]. Fig. 2 shows a
skewed query workload example in a 2-dimensional space. Each predicate is denoted by
a rectangle. From the figure, we can observe that the area surrounded by a rectangle with
bold solid borders is more frequently queried than the other areas.

For a new predicate p, the k value can be chosen as follow:

k=min(C,, UL). (5)

When k& = min(C,, UL) = C,, the top C, QFRs in the ascending QFR sequence ob-
tained in Algorithm 1 fulfill: (1) the value range union of the corresponding C, executed
predicates can cover d(p); (2) the value range union of the corresponding C,— 1 executed
predicates cannot cover d(p).

When k = min(C,, UL)=UL, the value range union of the UL —1 executed predicates
corresponding to the top UL— 1 QFRs in the ascending QFR sequence obtained in Algo-
rithm 1 cannot cover d(p).

For a new predicate p,, the drilling hole operation [15] will be executed to calculate
k value. The pseudo-codes of configuring & value are shown as Algorithm 2.

Algorithm 2: Configuring k value for the new predicate p,;

configK(p,1, p[1...n], loc[1...n])

1 k<UL //UL is the upper limit of &

2 ucas<ucasJuca,, //the array ucas stores all uncovered areas inside d(p,;) according to the k
executed predicates. It is initialized with the area uca,; covering the
whole d(p,;).

3 for (cachie[1...UL-1]) do

4 if(jucas| == 0)
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5 ki

6 break

7 else

8 tempUcas<J

9 for (each ucacucas) do

10 if (dyea dp[loc[i]])

11 ucas<—ucas — uca

12 else if (duca U dp[loc[i]] ES @)
13 tempUcas<tempUcas U holeDrilling(p[loc[i]], uca)
14 ucas<—ucas — uca

15 ucas<—ucas U tempUcas

16 return k

For Algorithm 2, the time complexity is O(UL*|ucas|,q*2s(pq1))- |ucas| is different
in each outer loop beginning from Line 3, and |ucas|,,,, denotes the maximum of all |ucas|
in the UL-1 outer loops. It is difficult to deduce the precise |ucas|,, because the number
of uncovered areas generated by each drilling hole operation can be different. From ex-
periments, we know the drilling hole operations based on x predicates can generate 1.5x
to 2.0x uncovered areas. Therefore, the time complexity of Algorithm 2 can be estimated
as O(UL"2*4s(p,1)).

For the new predicate shown in Fig. 1, the process of configuring k value is shown
in Fig. 3. The uncovered areas inside the value range of the new predicate are filled with
grey. After the drilling hole operations according to 3 executed predicates, no any uncov-
ered areas can be found. Therefore, the & value can be configured as 3.

80 80
& 60
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20 20
0 20 40 6 0 20 40 &0
80 80 A4
l- ------- |
1 Tl e [Tm=--=-- I
6o ! H 60 .
] 1 :
1 1
40 H [] « 40 .
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----------------- !
2 20
0 20 4 & 0 20 4060

Fig. 3. Process of configuring & value.

4. CONSTRUCT MICRO HISTOGRAM
4.1 Micro Histogram and Global Histogram
A micro histogram is a histogram only covering a local of the value ranges of the

queried attributes. In contrast, a histogram covering the entire value ranges of the queried
attributes is called a global histogram. The reason that we adopt the micro histogram but
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not the global histogram in CEWM is: (1) the cardinality of a predicate is only decided
by the data distribution of its neighborhood but not the entire value ranges of the queried
attributes; (2) it is more efficient to construct and maintain a micro histogram because a
micro histogram only contains very few buckets and the number of QFRs participating in
the construction of a micro histogram is very limited; (3) due to the efficient performance
of construction, an micro histogram can be constructed for each new predicate, and the
changes of the underlying data can be embedded into a micro histogram in a more timely
manner.

4.2 Construct Micro Histogram

For a multi-dimensional micro histogram #, each bucket b; € B(h) covers a hyper
rectangle with two constant boundaries in each dimension. Inside each hyper rectangle,
there may be mutually disjoint sub hyper rectangles which are covered by the other
buckets by, ..., b;. We say b;, ..., b; are the children of b; and all buckets in the histo-
gram /& compose a tree structure. The value range of b; can be calculated as follow:

db)=dr)-J_ d,). ©)

Here d(R»,;) denotes the entire value range of the hyper rectangle covered by b;. An
example of the buckets in a multi-dimensional micro histogram and the corresponding
bucket tree are shown in Figs. 4 (a) and (b) respectively.

b,
L]

(@ (b)

Fig. 4. A micro histogram and the corresponding bucket tree.
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Fig. 5. Process of generating all buckets in a micro histogram.

The construction of a multi-dimensional micro histogram in CEWM includes two
steps: firstly, the drilling hole operation is executed to get the value range of each bucket;
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secondly, the frequency of each bucket is calculated based on the information-theoretic
principle of maximum entropy [24, 25]. For the new predicate shown in Fig. 1, the pro-
cess of generating all buckets in the micro histogram is shown in Fig. 5, where the new
predicate is shown as a grey rectangle.

The pseudo-codes of constructing a micro histogram are shown as Algorithm 3:

Algorithm 3: constructing the micro histogram % for the new predicate p,

constLh(p,, p[1...n], loc[1...k])
1 Tp<—Tp,Uby  //The bucket tree T, is initialized with the bucket b covering the whole d(pjoc(17)-
2 for (each ieloc[2...k]) do

3 if (srhEqu(Tgy, pli]))  //searching the bucket b’ satisfying d(b’) = d(p;)
4 Ttemp<_®

5 for (each (beTy,) * (dyNd,;2L)) do

6 Tremp<—Tremp U holeDrilling (p[i], b)

7 TopeTpn— b

3 T, Bh<_TBh S Ttemp

9  h<is(Tgy, n(p[loc[1]])...n(p[loc[k]])  //executing the IS algorithm

For Algorithm 3, the pseudo-codes in Lines 1 to 8 generates all buckets in the micro
histogram with the time complexity of O(k*|Ts|ma *25(ps1)). And Line 9 executes the IS
algorithm with the time complexity O(A™2*|Tgplmax *25(pa1)) [26]. |T3s| is different in each
outer loop beginning from Line 2, and |7y, denotes the maximum of all |T,| in the k—
1 outer loops. From experiments, we know the drilling hole operations based on x predi-
cates can generate 1.5x to 2.0x buckets. Therefore, the time complexity of Line 1 to Line
8 can be estimated as O(k"2*4s(p,1)). According to the actual efficiency experiments, it
only spends several 10ms to construct a micro histogram in general. Therefore, a micro
histogram can be constructed for each new predicate.

5. CARDINALITY ESTIMATION

Definition 1: Cardinality Estimation Before executing a predicate p, the estimation
about the tuples satisfying p is called the cardinality estimation of p.

Assuming the micro histogram % is constructed to estimate the cardinality of the

new predicate p. For a bucket b,eB(h) satisfying d(p) Nd(b;)#J, the number of tuples
which fall in b, and satisfy p can be estimated according to the uniformity assumption:

esty(p) = fbi)*|d(b:) N d(p)|/|d(b))]- (7)

Based on Eq. (7), the cardinality of p can be estimated in three different cases:

Case 1: If there exist the bucket set B'(h) < B(h) satisfying d(p) = U ,cryd(b;), and for
each b; € B'(h), d(p) Nd(b;) # D, the cardinality of p is:

est(p) = zb’ (&St (P)- ®)
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Case 2: if no bucket set B'(h) < B(h) satisfying d(p) = U ,.crd(b;) can be found, but
there exist a bucket set B"(h) < B(h) satisfying d(p)Nd(b;) # D for each b, € B"(h), the
cardinality of p is:

est(p) =2, sty (D) AP /22, Ly |d@BINA(p)). ©)
Case 3: if no any bucket b; € B(h) satisfies d(p) Nd(b;) # J, the cardinality of p is:
est(p) =2, Lo SO D[, L ld@). (10)

For example, the cardinalities of the new predicates p,;, p,» and p,; in Fig. 6 can be
calculated using Egs. (8), (9) and (10) respectively.

For a new predicate p in Case 1, the error of cardinality estimation only originates
from the uniformity assumption. For a new predicate p in Case 2, the extra error of car-
dinality estimation may be introduced by estimating the entire cardinality in the value
range d(p) with the local cardinality in the value range U bermd(b)Nd(Pp).

For the new predicate p in Case 3, no information about the data distribution in its
value range can be provided by /4, and the remarkable error of cardinality estimation may
be caused by the possible different data distributions between d(p) and d(). Due to the
high degree of overlap of the predicates in the frequently queried areas, the cardinalities
of such predicates can be estimated using Eq. (8) or (9). Therefore, the holistic accuracy
of cardinality estimation can be fully guaranteed in CEWM.

6. QFR UPDATE MECHANISM
In CEWM, we adopt the following QFR update mechanism: for a new predicate p
and its k nearest QFRs, qfr(p) will replace the oldest one of the k nearest QFRs after p is
executed.
1001
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Fig. 6. Cardinality estimations in different cases.

Assuming the value ranges of ten successively executed predicates p; to pj, are
shown in Fig. 7 (a). We can observe the skewed distribution feature of p; to p;y and most
of them locate in 4, area. The QFRs gfr(p;) to gfr(p;o) are stored into a QFR warehouse
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after the executions of p; to py,.

Subsequently, ten new predicates p,; to p,o0 which have the same distribution fea-
ture with p; to pjo are executed successively. Based on the QFR update mechanism, the
changes of the QFR warehouse are shown in Figs. 7 (b)-(d) respectively (Some medium
statuses are omitted).

For p,; shown as a grey rectangle in Fig. 7 (b), k=3 and the k nearest QFRs are
shown as rectangles with bold borders. We assume that the oldest one is shown as a rec-
tangle with dashed bold borders, and it will be replaced by ¢fi(p,;) after p,; is executed.

For p,, to pu10, the corresponding QFRs can be updated in the same manner as p,,.
qfr(p)) to gfr(p1o) can be replaced by gfi(p,1) to gfr(p.10) gradually, and the final status of
the QFR warehouse is shown in Fig. 7 (d). The possible underlying data changes can be
timely reflected by the new QFRs.
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40 ‘ | 40 NN
20 20 —
0 50 100 0 50 100
(c) @

Fig. 7. QFR updates without query workload changes.

We also assume the other ten successively executed new predicates p,;; to p,20 have
the different distribution feature with p; to pjo. The changes of the QFR warehouse are
shown in Figs. 8 (b)-(d) respectively (Some medium statuses are omitted). The frequently
query area moved from A4, to A, which is shown in Fig. 8 (d). Therefore, we say the QFR
update mechanism in CEWM can make a micro histogram matches not only the changes
of underlying data but also the changes of query workload distribution.
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Fig. 8. QFR updates with query workload changes.



212 XIAONING ZENG, XUDONG LIN, CAIYAN PEI AND JING CAO

7. EXPERIMENTS

The experiments are performed on a 3.2GHz Intel CPU machine running Windows
7 spl, with 4GB memory and 1TB hard disk.

7.1 Experimental Settings
7.7.1 Data sets

To test CEWM comprehensively, a real data set [27] and the TPC-H benchmark [28]
with scale factor of 1 are used for the experiments. The distribution of the former shows
skewed feature and the latter is a uniform data set.

Real data set (denoted by ds)): It contains the census data of U.S. with 2,458,285 tuples.
The experiments are carried out over the attributes incomel and income2.

TPC-H benchmark (denoted by ds,): It contains 1,500,000 tuples which are generated
by the DBGEN program. The experiments are carried out over the attributes o_orderdate
and o_orderld.

7.1.2 Query workloads
In our experiments, two query workload models gw; and gw, are adopted.

gwi: It follows the 2-dimensional Zipfian distribution [29] with the skew parameter z=1.
The domains of the queried attributes are divided into 5 mutually disjoint parts. The
sizes of the 5 parts follow the 2-dimensional Zipfian distribution; the numbers of
predicates within the 5 parts follow the reverse 2-dimensional Zipfian distribution.

gwy: It follows the superposition of three 2-dimensional Gaussian distributions [30], and
3 median pairs are selected at random from the domain of the queried attributes.
Around each median pair, the predicates are generated following a 2-dimensional
Gaussian distribution with the same standard deviation d. The parameter d is con-
figured as 5 percent of the width of the domains of the queried attributes.

7.1.3 Metrics
Firstly, we can define re(p), the relative error of a predicate p using Eq. (11):

abs(n(p) —est(p) an
n(p)

re(p) =

Based on relative errors, we define the relative accuracy rate, rar(ce), of a cardinal-
ity estimation solution ce as the criterion to measure the accuracy of a cardinality estima-
tion solution:

rar(ce) = cn, (ce) 5 (12)
tn(ce)
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where ce denotes a cardinality estimation solution, cny(ce) denotes the number of predi-
cates whose relative errors are lower than s, and tn(ce) denotes the total number of pred-
icates. In our experiments, we configure s =0.2.

7.1.4 Programs

In our experiments, the comparison solutions include CEWM proposed in the paper
and the representative reactive solution ISOMER.

CEWM and ISOMER are realized under JDK 1.6.0 10. For CEWM, the initial ca-
pacity of QFR warehouse and the upper limit of k£ value are configured as 300 and 10
respectively. For ISOMER, the space budget of histogram affects the experimental results
remarkably. Therefore, we compare two kinds of ISOMER solutions — the ISO2 solution
and the ISO3 solution with 200 and 300 space budgets of histogram respectively.

Static and dynamic experiments are carried out based on each combination of data
set and query workload. In static experiments, the underlying data and the distribution
features of query workloads remain unchanged. In dynamic experiments, the underlying
data and the distribution features of query workloads are always changing.

7.2 Static Experiments

At the preparation stage of each static experiment, 300 training predicates are exe-
cuted and the corresponding QFRs are stored into the QFR warehouse for CEWM. And
for ISO2 and ISO3, the initial histograms with about 200 and 300 buckets are constructed
using 150 and 200 training predicates.

And then, in the formal experimental stage, 1,000 validation predicates with the
same distribution feature as the training predicates are executed using different solutions.
During the execution of the 1,000 validation predicates, for each 100 ones, and the rela-
tive accuracy rate and the overall execution time are recorded for each solution.

The results of the static experiments based on ds; and gw, are shown in Fig. 9 (I).
From Fig. 9 (I.a), we can see that CEWM shows excellent accuracy of cardinality esti-
mation and the relative accuracy rates of CEWM are always higher than 80 percent.

For ISOMER, the accuracy of ISO3 is better than the one of ISO2 due to the im-
proved space budget of histogram, but the overall accuracy level of ISOMER is about 20
to 30 percent lower than CEWM. Furthermore, in Fig. 9 (I.a), we can observe obvious
fluctuations from the relative accuracy rate curves of ISO2 and ISO3. In ISOMER, sev-
eral hundreds of QFRs are needed to calculate a global histogram together. In this case,
the IS algorithm adopted in ISOMER shows some instability. For CEWM, the adopted
micro histograms only contain few buckets and the IS algorithm can always provide the
relatively accurate results.

From Fig. 9 (I.b), we can also see the superiority of CEWM in efficiency. CEWM
can finish the cardinality estimations of each 100 predicates within 10 seconds in general.

But for ISOMER, the time costs are 10 to 50 multiples of CEWM due to the period-
ical reconstructions of global histograms. Furthermore, as the space budgets of histo-
grams increase, the efficiency of ISOMER deteriorates rapidly.

Fig. 9 (II) shows the results of the static experiments based on ds; and gw,. CEWM
is still accurate, stable and efficient. And the fluctuation of ISOMER is still obvious.
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Fig. 9. Static experiments.

Fig. 9 (II) shows the results of the static experiments based on ds, and gw,. The
relative accuracy rates of all solutions improve to different degrees. But the overall accu-
racy level of CEWM is still higher than ISOMER.

The results of the static experiments based on ds, and gw, are shown in Fig. 9 (IV).
The tiny difference of skewness between ds; and ds, is the main reason leading to the
slight deterioration of CEWM in accuracy and stability over ds,.

The averages in different static experiments are summarized in Table 2. CEWM
shows excellent performance in static experiments. Compared with ISOMER, CEWM
can finish cardinality estimations more accurately in much shorter time.

Table 2. Averages in different static experiments.

Solutions averages of RAR(%)/Time(s)
ds, and gw,; ds, and gw, ds, and gw, ds, and gw,
CEWM 85.8/5.2 83.2/5.5 96.1/4.1 93.2/2.9
1SO2 55.4/122.4 51.0/121.3 88.4/89.1 88.3/89.0
1SO3 63.1/201.1 58.2/192.5 92.9/137.4 90.9/131.3

7.3 Dynamic Experiments

The preparation stage and the formal stage of each dynamic experiment are similar
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with the static experiment.

In each dynamic experiment, as the main process is being executed, another data
updating process is running simultaneously. For the data set ds;, the data updating pro-
cess contains two refresh functions /NS and DEL, which can insert 10 percent new tuples
and delete 10 percent old tuples respectively. Both /NS and DEL will be executed once
before each 100 of the 1,000 validation predicates are executed, which can ensure at least 20
percent of the data in ds; can be updated. For the data set ds,, the refresh functions RF'1
and RF2 which are defined in the TPC-H benchmark will be used to finish the update of
the underlying data. Before each 100 of the 1,000 validation predicates are executed, RF'1
and RF2 will be executed 100 times continuously to ensure at least 20 percent of the data
in ds, can be updated.

As the underlying data are updated by the refresh functions, the query workloads
are also changed. For the data set ds,, each 100 of the 1,000 validation predicates will satis-
fy the 2-dimensional Zipfian distribution with the new centers for the 5 mutually disjoint parts.
And for the data set ds,, each 100 of the 1,000 validation predicates will satisfy the superposi-
tion of 2-dimensional Gaussian distributions with 3 new median pairs.
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Fig. 10. Dynamic experiments.

The results of the dynamic experiments based on ds; and gw; are shown in Fig. 10
(I). Compared with the results of the corresponding static experiments in Fig. 9, we can
observe the relative accuracy rates of all solutions decline. The difference between the
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maximum and the minimum of the relative accuracy rates of CEWM increase, which
shows larger fluctuations. But compared with ISOMER, CEWM is still a much more
stable solution. It can always provide accurate cardinality estimations for more than 70
percent validation predicates with only 5 percent to 10 percent time costs of the ISO2
solution. Furthermore, CEWM is more adaptive to the changes than ISOMER, which
owe to the micro histogram and the QFR update mechanism adopted in CEWM.

Fig. 10 (II) shows the results of the dynamic experiments based on ds; and gw,. The
changing tendencies of the relative accuracy rate and the execution time are similar with
the ones in Fig. 10 (I).

Fig. 10 (IIT) shows the results of the dynamic experiments based on ds, and gw.
Apparently, the instability is always a serious deficiency of ISOMER. For the 600™ to the
700" predicates, the relative accuracy rate of the ISO3 solution is only 69 percent, but for
the 400™ to the 500™ predicates, the value is 86 percent. ISOMER cannot stably provide
accurate cardinality estimation even for the uniform underlying data.

The results of the dynamic experiments based on ds, and gw, shown in Fig. 10 (IV)
show more fluctuations than the ones shown in Fig. 10 (III).

The averages in different dynamic experiments are summarized in Table 3. CEWM
can adapt to the changes of the underlying data and the query workloads much better
than ISOMER.

Table 3. Averages in different dynamic experiments.

Solutions averages of RAR(%)/Time(s)
ds; and gw, ds; and gw, ds, and gw,; ds, and gw,
CEWM 77.3/6.6 74.4/7.1 90.2/7.1 90.5/8.3
1SO2 39.3/123.5 41.4/122.9 73.3/90.8 67.9/85.7
1SO3 40.5/199.6 45.2/199.9 76.9/133.5 74.6/129.0

7.4 Parameter Influence Experiments

During the execution of CEWM, two parameters can be configured freely: the initial
capacity of the QFR warehouse and the upper limit of & value. The influences of the two
parameters influence are tested by the corresponding experiments.

To test the influence of the initial capacity of the QFR warchouse, we configure it as
100, 300, 500, 700 and 900 (QFRs) respectively. And then the results of the dynamic
experiments based on ds; and gw; are shown in Fig. 11 (I), where ic denotes the initial
capacity of the QFR warehouse. When the initial capacity of the QFR warehouse equals
100, the relative accuracy rate of CEWM is a little lower. When the initial capacity of the
QFR warehouse increases to 300 or more, we cannot observe the apparent differences for
the relative accuracy rates. Based on the experimental results, we conclude that 100 is not
an enough initial capacity of the QFR warehouse for CEWM, and the cardinalities of
some predicates cannot be estimated accurately because of inadequate similar QFRs. As
the initial capacity of the QFR warchouse increases to 300, the frequently queried areas
can be fully covered by the QFRs of the executed predicates.

From Fig. 11 (I.b), we know the efficiency of CEWM cannot be influenced by the
initial capacity of the QFR warehouse remarkably.
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Fig. 11 (I) shows the experimental results of the initial capacity of the QFR ware-
house based on ds; and gw,. No remarkable difference can be observed.

We also carry out the experiments about the influence of the upper limit of & value.
The results based on ds; and gw,, ds; and gw, are shown in Figs. 12 (I) and (II) respec-
tively. The upper limit of £ value (denoted by k) is configured as 10, 20, 30, 40 and 50
respectively. No obvious difference can be found from the relative accuracy rates under
different upper limits of & value.
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Fig. 12. Experiments for different & based on ds, and gw;.

But from Figs. 12 (I.b) and (IL.b), we can see different upper limits of £ value main-
ly influence CEWM on efficiency. As the increase of the upper limit of k£ value, the av-
erage time of cardinality estimation of each predicate increases from 90ms to 650ms.
Especially when the upper limit of £ value is 40 or more, the deterioration of efficiency be-
comes faster. Therefore, it is unnecessary to adopt an upper limit of k£ value more than 10.

In summary, the performance of CEWM is not seriously influenced by the initial
capacity of the QFR warehouse and the upper limit of k£ value. In general, CEWM can
work well under the initial capacity of the QFR warehouse 300, and the upper limit of &
value 10.
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8. RELATED WORKS

The first solution which applies the 1-dimensional histogram in cardinality estima-
tion is proposed in [31]. And then, the improved solutions [1, 22, 32-34] are continuously
proposed. In the mainstream relational databases, 1-dimensional histograms have been
widely used to help estimate cardinality. 1-dimensional equi-depth histograms, com-
pressed histograms and maxdiff histograms are adopted in Oracle [35], DB2 [36] and
SQL Server [37] respectively. To keep a 1-dimensional histogram consistent with chang-
ing data and query workload distribution, the underlying data is scanned periodically in
an actual database.

But for a predicate referring to multiple attributes, the cardinality estimation based
on a l-dimensional histogram ignores the correlations among multiple attributes and
leads to serious cardinality estimation errors inevitably. Multi-dimensional histograms
have more practical values for the cardinality estimation because few actual data satisfy
the attribute value independence assumption. The experimental multi-dimensional histo-
grams have been researched for many years [1-5]. But in the existing solutions, the buck-
et number in a multi-dimensional histogram will increase exponentially with dimension-
ality and it is very time-consuming to maintain a multi-dimensional histogram according
to the data changes. This is the main reason that no multi-dimensional histogram is
adopted in the mainstream databases until now.

[38] begins to use QFRs to help estimate cardinality, but no histogram is constructed
in it. The first self-histogram based on QFRs appears in [12]. The solutions in [12] and
[13] adopt heuristics mechanism to update self-tuning histograms, which leads to incon-
sistency between a histogram and the corresponding QFRs. The solution in [14] improves
the accuracy of a self-tuning histogram by subtilizing the granularity of QFRs, but the
extremely detailed feedback information requirements in the solution leads to expensive
time cost. The self-tuning histogram structure in [14] is also used in [15], but the histo-
gram in [15] can be consistent with all currently valid QFRs by introducing the infor-
mation-theoretic principle of maximum entropy. [39] proposes an alternative formulation
for consistency to improve the performance of the maximum entropy based solution. [40]
leverages all available query feedback information based on the information-theoretic
principle of maximum entropy and is scalable to multiple dimensions and large number
of QFRs. [16] proposes a simple learning-theoretic formalization of self-tuning histo-
grams. A self-tuning histogram is learned based on QFRs to minimize the expected car-
dinality estimation error on future queries. [17, 41] improve the accuracy of a self-tuning
histogram by starting with a carefully chosen initial configuration. [18] tries to improve
the efficiency of maintaining self-tuning histograms by constructing two level self-tuning
histograms. But the first-level histogram must be constructed by scanning data.

9. CONCLUSION

In the paper, a new cardinality estimation solution using micro self-tuning histo-
grams is proposed. The Ward method is introduced to find &k nearest QFRs for a new
predicate, and the micro self-tuning histogram is constructed based on the k nearest QFRs
to alleviate the issue of “curse of dimension” and improve the efficiency of the solution.
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Simultaneously, after the execution of each new predicate, QFR warehouse is updated by
the corresponding new QFR, and the data and workload changes can be timely reflected
by the micro self-tuning histogram. The complex and cumbersome operations in the pro-
cess of meeting a space budget are eliminated completely, which make the whole solu-
tion reliable and dexterous. Extensive comparison experiments have shown that our solu-
tion is satisfactory in the accuracy and the efficiency of cardinality estimation.

In the future, we will try to use the application framework in the paper to improve
the cardinality estimation of join predicates which are related to multiple attributes in
different relations.

ACKNOWLEDGMENT

This work is supported in part by the research funds from the science and technolo-
gy plan of Hebei Province under Grant No. 16210348, and the humanities and social
sciences major research project of Hebei Provincial Department of Education under
Grant No. ZD201710. We would like to thank the anonymous reviewers for their con-
structive suggestions.

REFERENCES

1. M. Muralikrishna and D. J. DeWitt, “Equi-depth histograms for estimating selectivi-
ty factors for multi-dimensional queries,” in Proceedings of ACM International Con-
ference on Management of Data, 1988, pp. 8-36.

2. V. Poosala and Y. loannidis, “Selectivity estimation without the attribute value in-
dependence assumption,” in Proceedings of ACM International Conference on Very
Large Data Bases, 1997, pp. 486-495.

3. D. Gunopulos, G. Kollios, V. Tsotras, and C. Domeniconi. “Approximating multi-
dimensional aggregate range queries over real attributes,” in Proceedings of ACM
International Conference on Management of Data, 2000, pp. 463-474.

4. A. Deshpande, M. Garofalakis, and R. Rastogi, “Independence is good: Dependen-
cy-based histogram synopses for high-dimensional data,” in Proceedings of ACM
International Conference on Management of Data, 2001, pp. 199-210.

5. N. Thaper, S. Guha, P. Indyk, and N. Koudas, “Dynamic multi-dimensional histo-
grams,” in Proceedings of ACM International Conference on Management of Data,
2002, pp. 428-439.

6. H. Wang and K. C. Sevcik, “A multi-dimensional histogram for selectivity estima-
tion and fast approximate query answering,” in Proceedings of Conference of the
Centre for Advanced Studies on Collaborative Research, 2003, pp. 328-342.

7. L. Baltrunas, A. Mazeika, and M. H. Bohlen, “Multi-dimensional histograms with
tight bounds for the error,” in Proceedings of International Database Engineering
and Applications Symposium, 2006, pp. 105-112.

8. J. S. Vitter and M. Wang, “Approximate computation of multidimensional aggre-
gates of sparse data using wavelets,” in Proceedings of ACM International Confer-
ence on Management of Data, 1999, pp. 193-204.

9. K. Chakrabarti, M. Garofalakis, R. Rastogi, and K. Shim, “Approximate query pro-



220

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

XIAONING ZENG, XUDONG LIN, CAIYAN PEI AND JING CAO

cessing using wavelets,” in Proceedings of International Conference on Very Large
Data Bases, 2000, pp. 111-122.

E. J. Stollnitz, T. D. DeRose, and D. H. Salesin, Wavelets for Computer Graphics —
Theory and Applications, Morgan Kaufmann Publishers, CA, 1996.

F. Dubeau, S. Elmejdani, and R. Ksantini “Non-uniform Haar wavelets,” Applied
Mathematics and Computation, Vol. 159, 2004, pp. 675-693.

A. Aboulnaga and S. Chaudhuri, “Self-tuning histograms: Building histograms with-
out looking at data,” in Proceedings of ACM International Conference on Manage-
ment of Data, 1999, pp. 181-192.

L. Lim, M. Wang, and J. Vitter, “SASH: A self-adaptive histogram set for dynami-
cally changing workloads,” in Proceedings of International Conference on Very
Large Data Bases, 2003, pp. 369-380.

N. Bruno, S. Chaudhuri, and L. Gravano, “STHoles: A multi-dimensional workload-
aware histogram,” in Proceedings of ACM International Conference on Management
of Data, 2001, pp. 294-305.

U. Srivastava, P. J. Haas, V. Markl, M. Kutsch, and T. M. Tran, “ISOMER: Consis-
tent histogram construction using query feedback,” in Proceedings of International
Conference on Data Engineering, 2006, pp. 39-51.

R. Viswanathan, et al., “A learning framework for self-tuning histograms,” CoRR,
abs/1111.7295, 2011.

A. Khachatryan, et al., “Improving accuracy and robustness of self-tuning histo-
grams by subspace clustering,” IEEE Transactions on Knowledge & Data Engineer-
ing, Vol. 27,2015, p. 1.

X. Lin, et al., “A cardinality estimation approach based on two level histograms,”
Journal of Information Science and Engineering, Vol. 31, 2015, pp. 1733-1756.

F. Murtagh and P. Legendre, “Ward’s hierarchical clustering method: Clustering
criterion and agglomerative algorithm,” CoRR, abs/1111.6285, 2011.

G. A. Mauser, R. A. Peterson, and R. A. Kerin, “Clustering algorithms,” Journal of
Marketing Research, Vol. 14, 1977, p. 124.

A. K. Jain, “Data clustering: 50 years beyond k-means,” Pattern Recognition Letter,
Vol. 31, 2010, pp. 651-666.

Y. E. loannidis and V. Poosala, “Balancing histogram optimality and practicality for
query result size estimate,” in Proceedings of ACM International Conference on
Management of Data, 1995, pp. 233-244.

J. J. Levandoski, P. A. Larson, and R. Stoica, “Identifying hot and cold data in main-
memory databases,” in Proceedings of International Conference on Data Engineer-
ing, 2013, pp. 26-37.

E. T. Jaynes, Probability Theory: the Logic of Science, Cambridge University Press,
Cambridge, UK, 2003.

V. Markl, P. Haas, M. Kutsch, N. Megiddo, U. Srivastava, and T. Tran, “Consistent
selectivity estimation via maximum entropy,” The VLDB Journal, Vol. 16, 2007, pp.
55-76.

J. N. Darroch and D. Ratcliff, “Generalized iterative scaling for log-linear models,”
The Annals of Mathematical Statistics, Vol. 43, 1972, pp. 1470-1480.

D. Aha and P. Murphy, “UCI repository of machine learning databases,” http://archive.
ics.uci.edu/ml/index.html, 2013.



28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

CARDINALITY ESTIMATION BASED ON CLUSTER ANALYSIS 221

Transaction Processing Performance Council, “TPC benchmark H standard specifi-
cation revision 2.17.0,” http://www.tpc.org/tpch/spec/tpch2.17.0.pdf, 2014.

G. K. Zipf, Human Behavior and the Principle of Least Effort, Addison-Wesley,
Reading, MA, 1949.

S. A. William, H. Press, B. P. Flannery, and W. T. Vetterling, Numerical Recipes in
C: The Art of Scientific Computing, Cambridge University Press, UK, 1993.

R. P. Kooi, “The optimization of queries in relational databases,” PhD Thesis, De-
partment of Electrical Engineering and Computer Science, Case Western Reserve
University, 1980.

G. Piatetsky-Shapiro and C. Connell, “Accurate estimate of the number of tuples
satisfying a condition,” in Proceedings of ACM International Conference on Man-
agement of Data, 1984, pp. 256-276.

V. Poosala, Y. E. loannidis, P. J. Haas, and E. J. Shekita, “Improved histograms for
selectivity estimate of range predicates,” in Proceedings of ACM International Con-
ference on Management of Data, 1996, pp. 294-305.

H. To, K. Chiang, and C. Shahabi, “Entropy-based histograms for selectivity esti-
mate,” in Proceedings of ACM International Conference on Information and Know-
ledge Management, 2013, pp. 1939-1948.

D. R. Augustyn, “Applying advanced methods of query selectivity estimation in ora-
cle DBMS,” Advances in Intelligent and Soft Computing, Vol. 59, 2009, pp. 585-
593.

M. Stillger, G. Lohman, V. Markl, and M. Kandil, “LEO-DB2’s learning optimizer,”
in Proceedings of International Conference on Very Large Data Bases, 2001, pp. 19-
28.

S. Agrawal, S. Chaudhuri, L. Kollar, A. P. Marathe, V. R. Narasayya, and M. Sya-
mala, “Database tuning advisor for Microsoft SQL server 2005,” in Proceedings of
International Conference on Very Large Data Bases, 2004, pp. 1110-1121.

C. M. Chen and N. Roussopoulos, “Adaptive selectivity estimation using query feed-
back,” in Proceedings of ACM International Conference on Management of Data,
1994, pp. 161-172.

R. Kaushik, C. Ré, and D. Suciu, “General database statistics using entropy maximi-
zation,” in Proceedings of the 12th International Symposium on Database Program-
ming Languages, 2009, pp. 84-99.

C. Ré and D. Suciu, “Understanding cardinality estimation using entropy maximiza-
tion,” in Proceedings of ACM SIGMOD/PODS Conference, Vol. 37,2012, p. 6.

A. Khachatryan, et al., “Efficient selectivity estimation by histogram construction
based on subspace clustering,” Scientific and Statistical Database Management,
Springer Berlin Heidelberg, 2011, pp. 351-368.

Xiaoning Zeng (Z#ET) received her M.S. degree in School
of Information Science and Engineering from Yanshan University
of China in 2006. She is currently an Associate Professor at Hebei
Normal University of Science and Technology. Her main research
interests include relational database, query optimization, efc.



222 XIAONING ZENG, XUDONG LIN, CAIYAN PEI AND JING CAO

Xudong Lin (BEZR) received his Ph.D. degree in School of
Computer and Information Technology from Beijing Jiaotong Uni-
versity of China in 2010. He is currently an Associate Professor of
Information Engineering at Hebei University of Environmental En-
gineering. His main research interests include query optimization,
keyword search, semi-structural data, ezc.

Caiyan Pei (328¥%) received her M.S. degree in School of
Information Science and Engineering from Yanshan University of
China in 2009. She is currently a Lecturer at Hebei Normal Uni-
versity of Science and Technology. Her main research interests
include query optimization, information retrieval, etc.

Jing Cao (&%) received her M.S. degree in School of In-
formation Science and Engineering from Yanshan University of
China in 2009. She is currently an Associate Professor at Hebei
Normal University of Science and Technology. Her main research
interests include information retrieval, algorithm analysis, etc.





<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /CMYK
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


