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Abstract

View-ob jects are complex ob jects that are instan tiated b y deliv ering a query to a database and

con v erting the query result in to a nested structure. Query results are con v en tionally retriev ed

as a single 
at relation in relational databases. It con tains duplicate subtuples in its comp osite

tuples. The duplicate subtuples increase the amoun t of data to b e handled and th us degrade

the p erformance.

In this pap er, w e describ e t w o new metho ds whic h retriev e a query result in other structures

than a single 
at relation. One metho d retriev es a set of relation fragmen ts, and the other

retriev es a single nested relation. W e �rst describ e their algorithms and cost mo dels and then

presen t the cost comparison results in a clien t-serv er arc hitecture with a relational main memory

database residing on a serv er.

1 In tro duction

Relational databases are not su�cien t to supp ort non-traditional applications suc h as engineering

information systems and o�ce information systems. In these new applications, users often w an t to

deal with information in a more abstract form than relations. An ob ject, taking the form of a user-

de�ned aggregate data structure, is used in programming languages as an abstraction mec hanism.

In [1 ], Wiederhold noted that views pro vide a similar abstraction in databases, and prop osed to use

a view-obje ct as an `arc hitectural to ol' for in terfacing b et w een ob ject-based programs and relational

databases. Subsequen t to the prop osal, Lee and Wiederhold dev elop ed a system mo del [2 , 3] for

em b o dying the view-ob ject concepts. In the system mo del, a view is not just a relational query but

also con tains a function { called attribute mapping function { for mapping b et w een ob ject attributes

and relation attributes. The query is used to materialize necessary data in to a relation, and the

function is used to restructure the materialized relation in to a nested relation [5, 6].

The view-ob ject approac h pro vides an e�ectiv e mec hanism for building complex ob ject-based

applications on top of relational databases. Applications are built using complex ob jects [7 , 8 , 9 ,

10 , 11 ] as structural units and b ene�t from the nonredundan t storage of information in a nested

structure (compared to a 
at non-nested structure). A t the same time, relational databases pro vide

sharing and 
exibilit y , whose b ene�t b ecomes magni�cen t as the size of databases b ecomes larger.

Curren tly there are engineering design applications [15 , 16 , 17 , 18 ] and medical applications [14 ]

that are b eing built at the Stanford Univ ersit y as part of the PENGUIN pro ject [19 ]. Complex

ob ject-based applications run on a clien t w orkstation and cac he view-ob jects from a relational

database residing on a serv er.

There are three problems in the view-ob ject arc hitecture: (1) view up date am biguit y , (2) tuple

loss, and (3) p erformance. If w e up date cac hed view-ob jects and w an t to up date the underlying
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relations accordingly , sometimes w e cannot b ecause w e lost information ab out normalized relation

sc hema while p erforming joins for view materialization. This problem has b een addressed b y

Thierry Barsalou, et al. in [12 , 13 ]. T uple losses o ccur for dangling tuples in a view materialization.

F requen tly the seman tics of view-ob jects requires that a tuple should b e retriev ed as the result of

joins ev en if it is a dangling tuple. In [2, 3 ], Lee and Wiederhold in tro duced a left outer join and

dev elop ed a mec hanism for prev en ting tuple losses. The last, but not the least, problem is the

p erformance of view-ob ject cac hing in the clien t-serv er arc hitecture, esp ecially when the net w ork

comm unication o v erhead is signi�can t. W e address the p erformance problem in this pap er.

The p erformance is in
uenced b y three factors: query pr o c essing on a serv er, tr ansmission of

the query result to a clien t, and tr anslation of the retriev ed query result in to view-ob jects. W e ha v e

seen other w ork for sp eeding up the query pro cessing, suc h as a high p erformance serv er utilizing

parallelization, and do not pursue the same w ork in the PENGUIN pro ject. Instead, w e fo cus on

the other t w o p erformance factors { transmission and translation. The k ey idea is then to reduce

the amoun t of redundan t data the system should handle in order to instan tiate view-ob jects.

Since the adv en t of the relational databases, it has b een univ ersally accepted to retriev e a query

result as a single 
at r elation (SFR). This SFR metho d has the adv an tage of b eing able to apply

the same relational query language uniformly on b oth base relations and query results, but is no

longer useful in the view-ob ject arc hitecture b ecause what an applications needs is a nested relation.

A 
at relation con tains redundan t duplicate subtuples inserted just to comp ose them in to a `
at'

relation. Their n um b ers are in prop ortion to the cartesian pro ducts of join selectivities, and they

do not carry an y additional information but just bring on the o v erhead of handling redundan t data.

W e presen t in this pap er t w o alternativ e metho ds than the SFR metho d. One is to retriev e

a set of relation fragmen ts (RF's) and the other is to retriev e a single nested relation (SNR).

RF's are materialized from base relations b y reducing them with the selection, pro jection, and join

op erations as sp eci�ed in the query , and con tain all information required for restructuring them

in to an SNR. An SNR is a set of nested tuples in whic h an attribute can de�ne another relation

{ called a neste d subr elation . W e dev elop the SFR, RF, and SNR metho ds and demonstrate that

the RF and SNR metho ds are far more e�cien t than the SFR metho d in terms of b oth time and

memory space

1

.

W e assume main memory databases
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[21 , 22 ] on b oth the clien t and serv er sides. The case

of main memory o v er
o w is not considered. Note that the RF or SNR metho d is less sub ject to

memory o v er
o w than the SFR metho d b ecause they carry less amoun t of redundan t data. Here

w e emphasize that main memory databases is the en vironmen t that b ene�ts most from the new

metho ds but not the only one. Sample case studies sho w ed that disk storage database systems

b ene�t as w ell, although relativ ely less.

F ollo wing this in tro duction, w e �rst pro vide some bac kground framew ork that are useful for

understanding the rest of the pap er. Second, w e describ e the SFR, RF, and SNR metho ds in

Section 3. Third, w e dev elop the cost mo dels for the three metho ds in Section 4 and compare their

costs in Section 5. Conclusion follo ws in Section 6.

1

There m ust b e some price w e pa y for this. It can b e that w e ha v e to use t w o query pro cessing framew orks - one

on a clien t and one on a serv er - if w e w an t to pro cess view-ob jects further, b ecause they are no longer 
at relations.

2

A `main memory database' indicates that the en tire database or an activ ely used subset of a database �ts within

main memory at the same time. As high densit y main memory c hips b ecome a v ailable at a lo w er cost, the n um b er

of applications running on main memory databases is increasing. Besides, according to [20 ], \appro ximately 50 { 75

% of all disk accesses o ccur on data stored on 2 { 3 % of the disk media".
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2 Bac kground F ramew ork

W e review some relev an t p ortions of the system mo del and in tro duce a nesting format . A full

description of the system mo del app ears in [2 , 3 ].

2.1 System Mo del

The system mo del has three elemen ts: view-ob ject t yp es, views, and data. Figure 1 sho ws a

sc hematic example of a view-ob ject t yp e and a view. A t yp e de�nes the structure of view-ob jects.

A view con tains a relational query and de�nes a mapping b et w een view-ob jects and relations. The

data mo del uses the con v en tional relational mo del [23 ].

2.2 View-ob ject T yp e Mo del

A view-ob ject t yp e is de�ned formally as a tuple of attributes, where eac h attribute is either a

simple or complex attribute. A simple attribute has an atomic v alue or a set of atomic v alues. It

is either in ternal or external to the ob ject. An internal attribute has a primitiv e data t yp e suc h

as string or in teger, while an external (or r efer enc e ) attribute has another ob ject t yp e as its data

t yp e. The v alue of an external attribute is the iden ti�er of a referenced ob ject. A c omplex attribute

de�nes an em b edded ob ject or a set of em b edded ob jects.

W e use v alue-orien ted ob ject iden ti�ers (oids) [24 , 25 ] and retriev e them from the k eys of

relations

3

. Those relations pro viding oids are called pivot r elations [19 , 11 , 17 ]. An em b edded

ob ject also has an asso ciated oid whic h is mapp ed from the k ey of another relation. F or instance,

the em b edded ob jects Bo and Co ha v e hidden oids, whic h are not sho wn in Figure 1. As a result,

there are more than one piv ot relation, one for eac h oid. The oids of all emb e dde d ob jects are

needed only for mapping them to piv ot relation k eys and are not retriev ed from the database. Not

ha ving an oid, an em b edded ob ject is not a `stand-alone' ob ject.

W e do not consider deriv ed attributes for our view-ob ject t yp e. Deriv ed attributes ha v e no direct

mapping to relation attributes and therefore are computed separately from relation attributes.

Giv en a view-ob ject t yp e O , w e can build a tree ( O-tr e e ) de�ned as follo ws: (1) The ro ot is

lab eled b y ` O '; (2) A leaf is lab eled b y a simple attribute of the ob ject O or its oid; (3) A non-leaf

no de is lab eled b y a complex attribute of the ob ject O .

2.3 View Mo del

A view consists of t w o parts: a query part and a mapping part. W e restrict queries to an acyclic

select-pro ject-conjunctiv e join query for simplicit y . Its join tree (JT) is ro oted b y the piv ot relation.

Tw o o ccurrences of the same relation are distinct. The mapping part in turn consists of an attribute

mapping function (AMF) and a piv ot description (PD).

AMF de�nes a mapping b et w een view-ob ject attributes and relation attributes. Since a view-

ob ject has no deriv ed attribute, there exists a one-to-one mapping b et w een view-ob ject attributes

and relation attributes. Figure 1c sho ws an example b et w een O 's attributes and relation attributes.

There is a constrain t on the de�nition of an AMF: t w o view-ob ject attributes at the same lev el of

an O-tree (e.g., Do and Eo ) m ust b e mapp ed to the relation attributes that b elong to either the

same relation or t w o di�eren t relations with one-to-one cardinalit y relationship.

3

T uple iden ti�ers are usable as w ell. Otherwise w e assume the system generates oids and maps them to the k eys

of corresp onding relations.
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a. A view-ob ject t yp e: ( `simple' denotes a simple attribute. )

T yp e O

[ Ao : simple,

Bo : [ Do : simple, Eo : simple,

Fo : [ Ho : simple, Go : simple] ] ,

Co : [ Io : simple, Jo : simple] ]

b. Query part of a view:

� Query: ( Each r elation name is made up of its attribute names. )

�

KADEHGIJ

( �

1

KAD

0

M . /. /

D

0

� D

�

2

DG

0

EN . /. /

G

0

� G

�

3

HGP . /. /

A � A

0

�

4

A

0

IL

0

Q . /. /

L

0

� L

�

5

LJS )

where � 2 f = ; 6= ; <; � ; >; �g .

� Join tree (JT) of the query:

KAD'M

LJSA'IL'Q

HGPDG'EN

c. A ttribute mapping part of a view ( `Oid' denotes an obje ct identi�er. )

JI

attribute mapping

GHEDAK

GoHo

JoIoFoEoDo

CoBoAooid

O

O-tree

(projection  set)
relation attributes

Figure 1: Example of the system mo del comp onen ts
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PD consists of a set of piv ot relations (PS) and a piv ot mapping function (PMF). PMF de�nes a

mapping b et w een the k eys of piv ot relations and the oids of a view-ob ject or its em b edded ob jects.

PS and PMF are irrelev an t to the con ten t of this pap er.

2.4 Nesting format

A nesting format [6 ] is the sc hema of a nested relation, and is generated from an O-tree and an

AMF as follo ws: (1) Starting from the ro ot of the O-tree, recursiv ely replace eac h no de b y the list

of its c hildren and (2) Replace eac h ob ject attribute in the list with the relation attribute mapp ed

b y the AMF. F or example, giv en the O-tree and AMF sho wn in Figure 1, w e generate the nesting

format KA(DE(HG))(IJ) .

W e can dra w out the hierarc h y of nested subrelations from a nesting format. The ro ot of the

tree represen ts a subrelation whic h is not nested within an y other subrelation, and its descenden ts

represen ts subrelations nested within their paren ts. W e call suc h a tree a nesting format tr e e (NFT).

In particular, the subrelation represen ted b y the ro ot is called a pivot subr elation b ecause the ro ot

alw a ys con tains an attribute whic h is mapp ed to an oid.

3 Dev elopmen t of View-ob ject Instan tiation Metho ds

W e �rst giv e an o v erview of the SFR, RF, and SNR metho ds, and then giv e a detailed description

of their steps. As will b e explained, the SNR metho d is basically the same as the RF metho d except

that nesting step is carried out b y a serv er. Therefore w e �rst fo cus on the SFR and RF metho ds

together and then discuss the SNR metho d separately .

3.1 Ov erview of the Three Metho ds

The o v erall pro cess is divided in to three phases: materialization , tr ansmission , and tr anslation . In

the SFR metho d, a query is materialized in to an SFR b y a serv er, transmitted as suc h, and is

translated in to view-ob jects b y a clien t. T ranslation is done in t w o steps: nesting and reference

resolution. The nesting step restructures a retriev ed SFR in to a nested relation. The reference

resolution step resolv es references among view-ob jects, th us con�guring the retriev ed view-ob jects

in to a net w ork of references.

In the RF metho d, a query is materialized in to a set of RF's b y a serv er, transmitted as suc h,

and is translated in to view-ob jects b y a clien t. T ranslation is done in t w o steps { nesting and

reference resolution { as in the SFR metho d, but a di�eren t pro cess is used for the nesting step

due to the di�eren t structure of retriev ed data. Since a clien t receiv es no separate information

for linking tuples among the RF's, it creates the link age information b y building indexes on join

attributes. Then, joins are p erformed starting from eac h tuple of the piv ot RF and na vigating

along the joins to link ed RF's. The result is an SNR, the same one that w ould b e pro duced b y

the nesting step of the SFR metho d. The reference resolution step is the same as that of the SFR

metho d.

In the SNR metho d, a query is materialized in to an SNR, transmitted as suc h, and is translated

in to view-ob jects b y a clien t. A serv er �rst materializes a query using the RF metho d and then

nest the query result in to an SNR. W e once considered materializing a query directly in to an SNR

but did not tak e that approac h b ecause it imp eded join reordering b y a query optimizer (i.e., joins

m ust b e p erformed strictly in the nesting order). A clien t has only to do the reference resolution

step. The reference resolution step is the same as in the other metho ds. Consequen tly the SNR
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metho d is the same as the RF metho d except that the nesting step is done on a serv er. (Of course,

the SNR metho d can b e based on the SFR metho d. But, it will b e less e�cien t.)

Figure 2 sho ws an example of tuples obtained for eac h metho d b y ev aluating the query of

Figure 1b with ` � ' � `='. These three metho ds ha v e di�eren t sources of redundan t data. An SFR

con tains duplic ate subtuples , as discussed in the in tro duction. An RF con tains no suc h duplicate

subtuple. Ho w ev er, some RF's con tain attributes that are not sp eci�ed in the pro jection set of a

query (e.g., D' , G' , A' , L' ). These attributes are materialized in extra to the pro jection set and

are needed to p erform joins in the nesting step. W e call them extr a join attributes (EJAs). An

SNR ob viously con tains less redundan t subtuples than a corresp onding SFR, but it still con tains

some subtuples duplicated in di�eren t nested subrelations. W e call them duplic ate neste d subtuples .

W e can mak e the follo wing observ ations/h yp otheses ab out their trade-o�s: (1) The SNR metho d

alw a ys carries less redundan t data than the SFR metho d; (2) The RF metho d carries less redundan t

data than the SFR metho d, although there is a theoretical trade-o�. (3) The amoun ts of redundan t

data in the RF and SNR metho ds are comparable.

Notation : Throughout this pap er, T denotes an SFR, F

i

an RF, S

i

a nested subrelation within

an SNR, v

i

a JT no de, and u

i

an NFT no de. Note there is a one-to-one mapping b et w een f F

i

g

and f v

i

g , and b et w een f S

i

g and f u

i

g . W e use t w o functions de�ning these one-to-one mappings {

RFJT from f F

i

g to f v

i

g and NSRNFT from f S

i

g to f u

i

g .

3.2 Materialization in the SFR and RF Metho ds

Materialization phase consists of t w o steps: query pr o c essing and duplic ate elimination .

3.2.1 Query Pro cessing

In main memory databases, the c hoice of query pro cessing strategies [33 , 34 , 27 , 30 , 29 , 32, 31 ] is

based on the n um b er of CPU cycles and memory space e�ciency rather than the n um b er of disk

accesses and disk space e�ciency . The results of comparing di�eren t query pro cessing strategies

obtained b y some researc hers [33 , 34, 27 ] sho w ed that hash-based query pro cessing strategies are

faster than others when large main memory is a v ailable. On the other hand, a main memory

database system used in OBE [28 , 29 , 31 ] implemen ted a pip eline d neste d lo op join with arra y

indexes and obtained go o d p erformance in b oth time and memory space. One adv an tage of using

this join algorithm is that it do es not create in termediate relations during query pro cessing.

Using the pip elined nested lo op join strategy , the SFR query pro cessing algorithm b ecomes as

follo ws.

Algorithm 3.1 (SFR Query pro cessing)

Input: base relations R

i

; i = 1 ; 2 ; � � � ; n ; query

Output: SFR comp osite tuples.

F or eac h t

1

2 �

1

R

1

F or eac h t

2

2 �

2

R

2

satisfying �

2

.

.

.

F or eac h t

n

2 �

n

R

n

satisfying �

n

Output t

1

:�

1

k t

2

:�

2

k � � � k t

n

:�

n

. /* k denotes a `concatenation'. */

where �

i

denotes a selection condition on R

i

, �

i

denotes a conjunction of join predicates b et w een

R

i

and eac h R

1

; R

2

; � � � ; R

i � 1

, and �

i

denotes a subset of the pro jection set that comes from R

i

.

F or the RF query pro cessing, w e mo dify Algorithm 3.1 to materialize a set of RF's instead of an

SFR, rather than in v en ting a new algorithm. First, the single Output statemen t in Algorithm 3.1
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KADEHGIJ

k

2

a

2

d

4

e

2

h

2

g

3

i

1

j

1

k

1

a

1

d

2

e

2

h

4

g

2

i

2

j

4

k

3

a

3

d

5

e

4

h

1

g

1

i

2

j

2

k

2

a

2

d

5

e

4

h

5

g

1

i

1

j

1

k

1

a

1

d

2

e

2

h

4

g

2

i

2

j

2

k

3

a

3

d

5

e

4

h

5

g

1

i

2

j

2

k

1

a

1

d

2

e

2

h

2

g

3

i

2

j

4

k

3

a

3

d

5

e

4

h

1

g

1

i

2

j

4

k

1

a

1

d

2

e

2

h

2

g

3

i

2

j

2

k

3

a

3

d

5

e

4

h

5

g

1

i

2

j

4

k

2

a

2

d

5

e

4

h

1

g

1

i

1

j

1

(a) SFR

KAD

0

k

2

a

2

d

4

k

1

a

1

d

2

k

3

a

3

d

5

k

2

a

2

d

5

DG

0

E

d

5

g

1

e

4

d

2

g

2

e

2

d

2

g

3

e

2

d

4

g

3

e

2

HG

h

1

g

1

h

4

g

2

h

5

g

1

h

2

g

3

A

0

IL

0

a

3

i

2

l

3

a

1

i

2

l

3

a

2

i

1

l

1

LJ

l

1

j

1

l

3

j

2

l

3

j

4

(b) RF's

KA ( DE ( HG )) ( IJ )

k

2

a

2

d

4

e

2

h

2

g

3

d

5

e

4

h

1

g

1

h

5

g

1

i

1

j

1

k

1

a

1

d

2

e

2

h

2

g

3

h

4

g

2

i

2

j

2

i

2

j

4

k

3

a

3

d

5

e

4

h

1

g

1

h

5

g

1

i

2

j

2

i

2

j

4

(c) SNR

Figure 2: Example of an SFR, RF's, and an SNR
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m ust b e decomp osed in to m ultiple Output statemen ts, i.e., one Output for eac h RF. Second, join

attributes ( �

i

) should b e materialized in addition to the pro jection set. Accordingly , the Output

statemen t of Algorithm 3.1 is mo di�ed to `Output t

1

: ( �

1

[ �

1

); t

2

: ( �

2

[ �

2

); � � � ; t

n

: ( �

n

[ �

n

)'. Third,

a tuple from an outer nested lo op need not b e emitted unless it is a new tuple. F or example, t

1

2 R

1

in the outermost lo op needs to b e emitted only once for eac h completion of all the inner lo ops. W e

can use switc hes (sw

i

's) for signaling whether a new tuple has b een obtained from the outer lo op

in order to a v oid these unnecessary emissions. These mo di�cations result in Algorithm 3.2.

Algorithm 3.2 (RF Query pro cessing)

Input: base relations R

i

; i = 1 ; 2 ; � � � ; n ; query

Output: RF's F

i

; i = 1 ; 2 ; � � � ; n .

F or eac h t

1

2 �

1

R

1

,

Set sw

1

.

F or eac h t

2

2 �

2

R

2

satisfying �

2

,

Set sw

2

.

.

.

.

F or eac h t

n

2 �

n

R

n

satisfying �

n

,

Set sw

n

.

F or eac h sw

i

; i = 1 ; 2 ; � � � ; n ,

If sw

i

is set then b egin

Output t

i

: ( �

i

[ �

i

).

Reset sw

i

.

end

By comparing Algorithm 3.1 and Algorithm 3.2, w e can see that b oth execute the same nested

lo ops and tak e appro ximately the same time. Ho w ev er, they di�er in the amoun t of data emitted b y

the Output statemen ts. In Algorithm 3.1, an SFR comp osite tuple is emitted for ev ery execution

of the innermost lo op, whereas in Algorithm 3.2, an RF tuple is emitted only if all inner lo ops are

completed. Therefore, the RF metho d emits less data than the SFR metho d.

3.2.2 Duplicate Elimination

An SFR or RF's pro duced b y the query pro cessing step ma y ha v e duplicate tuples. These result

in duplicate view-ob jects ev en tually , whic h are di�cult to manage b y applications. Therefore,

duplicate tuples are remo v ed b eforehand. It can b e done using either sorting or hashing. W e use

hashing here b ecause hashing is usually faster than sorting and its result can b e pip elined to the

transmission step (not for sorting).

W e use a simple c hained buc k et hashing [35 ] for whic h the buc k et header is an arra y of p oin ters

to buc k ets and eac h c hained buc k et is a record of a hashed tuple and a p oin ter to the next buc k et.

Giv en this structure, the algorithm for eliminating duplicates in pip elining with transmission b e-

comes as follo ws.

Algorithm 3.3 (Duplicate elimination)

1. Allo cate a hashing buc k et header.

2. F or eac h tuple t

o

emitted from the query pro cessing,

(a) Compute a hashed address h ( t

o

). ( h : a hashing function)

(b) F or eac h buc k et in the c hain starting at h ( t

o

),

i. If t

o

= t

b

then con tin ue step 2. ( t

b

: the tuple in the buc k et)

(c) Insert a new buc k et con taining t

o

in to the c hain and transmit t

o

. /* t

o

is new. */

8
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. . . . . .
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lc rc

lc rc

lc

Figure 3: The structure of an SNR

3.3 T ranslation in the SFR and RF Metho ds

As men tioned in Section 3.1, the translation phase has t w o steps: nesting and r efer enc e r esolution .

The nesting step is carried out di�eren tly in the SFR and RF metho ds. In the SFR metho d, it

is done b y decomp osing receiv ed comp osite tuples in to subtuples corresp onding to di�eren t nested

subrelations and assem bling the decomp osed subtuples in to nested tuples. In the RF metho d, it

is done b y cr e ating indexes on the join attributes of the RF's and p erforming navigational joins .

Na vigation starts from the piv ot RF and follo ws the join links to �nd matc hing tuples in the RF's.

F ound matc hing tuples are assem bled in to nested tuples according to an assembly plan , whic h is

generated b y comparing a JT and an NFT. Prior to the index creation, one arbitrary join predicate

is selected from eac h conjunction of join predicates in the join pur ge step. The reference resolution

step is out of our scop e b ecause its pro cess is sp eci�c to the view-ob ject sc hema de�ned b y the

application. Besides, omitting this step do es not a�ect the cost comparison result b ecause its

pro cess is iden tical in all three metho ds.

3.3.1 The Structure of an SNR

Subtuples decomp osed from an SFR ma y ha v e duplicates ev en though the comp osite tuples do

not. RF's ma y ha v e duplicate tuples as w ell after b eing stripp ed of EJAs (with pro jections).

Therefore, ev ery insertion in to an output SNR m ust b e preceded b y a searc hing for duplicates, and

consequen tly searc hings are p erformed more frequen tly than insertions in the nesting step. (It is

more manifest for an SFR.) This leads to the fact that the structure of an SNR should sho w go o d

se ar ching p erformance.

Figure 3 sho ws the structure of an SNR w e used. Eac h nested subrelation is implemen ted as

9



a binary searc h tree (BST). The top-most ro ot ( KA ) con tains a p oin ter to the BST of the piv ot

subrelation, and eac h no de of a BST con tains a tuple, p oin ters to the nested BST's, and p oin ters to

its left c hild and righ t c hild. Searc hing or insertion of a tuple tak es O (log

2

N ) time for eac h BST,

where N is the n um b er of tuples in a BST.

3.3.2 Nesting of an SFR

In [4 ], NEST w as in tro duced as an op erator for restructuring a 
at relation in to a nested relation.

Similar concepts w ere also discussed in [5 , 6]. Our nesting pro cess is an instance of implemen ting

the NEST op erator. Figure 3 sho ws the SNR after inserting the �rst three SFR tuples of Figure 2a.

SFR nesting can b e p erformed pip elined with the reception of data from a serv er.

Algorithm 3.4 (SFR Nesting)

Input: receiv ed SFR tuples f t

r

g ; NFT.

Output: SNR.

1. Allo cate an empt y (ro ot only) SNR.

2. w

p

:= the ro ot of the empt y SNR.

3. u

p

:= the ro ot of NFT.

4. F or eac h t

r

, Assem ble( w

p

, u

p

, t

r

).

where Assem ble( w

p

; u

p

; t

r

) inserts a decomp osed subtuple �

u

p

t

r

in to a BST p oin ted b y w

p

:u

p

.

Algorithm 3.5 (SFR Assem ble)

Input: SNR no de w

i

; NFT no de u

i

; comp osite tuple t

r

.

Output: SNR with t

i

inserted if t

i

is new.

1. t

i

:= �

u

i

t

r

/* Pro ject t

r

on u

p

. */

2. w

r

:= the BST no de p oin ted b y w

i

:u

i

. /* w

r

is the ro ot of a BST to b e searc hed. */

3. If ( w

c

:= Searc h( w

r

; t

i

)) = NOT F OUND then Insert-tuples( w

i

; u

i

; t

i

)

else /* t

i

already exists. */

(a) 	 := the set of u

i

's c hildren ( u

c

) in NFT.

(b) If 	 = f g then return

else for eac h u

c

2 	, Assem ble( w

c

; u

c

; t

r

).

where Searc h( w

r

; t

i

) �nds a no de con taining t

i

from the BST ro oted b y w

r

; and Insert-tuples( w

i

; u

i

; t

i

)

inserts a tuple t

i

in to the BST p oin ted b y w

i

:u

i

, and recursiv ely inserts all nested subtuples of t

i

(corresp onding to u

i

's descenden ts in the NFT).

Algorithm 3.6 (Searc h)

Input: SNR no de ( w

i

); tuple t

i

to b e searc hed for.

Output: return NOT F OUND or the found no de.

1. If w

i

= nil then return NOT F OUND

else if w

i

.tuple = t

i

then return w

i

else if ( w

i

.tuple < t

i

) then return Searc h( w

i

.lc, t

i

)

else return Searc h( w

i

.rc, t

i

).
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Algorithm 3.7 (Insert-tuples)

Input: SNR no de w

i

; NFT no de u

i

; tuple t

i

to b e inserted.

Output: SNR with t

i

inserted.

1. Allo cate an empt y no de w

m

and cop y t

i

to w

m

.tuple.

2. w

e

:= Insert( w

i

; u

i

; w

m

). /* Insert t

i

. */

3. /* Insert t

i

's nested subtuples. */

	 := the set of u

i

's c hildren in the NFT.

If 	 = f g then return

else for eac h u

c

2 	, Insert-tuples( w

e

; u

c

; t

r

:u

c

).

where Insert( w

i

; u

i

; w

m

) inserts a new no de w

m

in to the BST p oin ted b y w

i

:u

i

and returns the

inserted no de.

Algorithm 3.8 (Insert)

Input: SNR no de w

i

; NFT no de u

i

; new no de w

m

.

Output: return the inserted no de.

1. If w

i

:u

i

= nil then return w

i

:u

i

:= w

m

/* Insert w

m

. */

else if t

i

< w

i

:u

i

.tuple then Insert( w

i

:u

i

:l c , u

i

, w

m

)

else Insert( w

i

:u

i

:r c , u

i

, w

m

).

3.3.3 Nesting of RF's

Nesting of retriev ed RF's is p erformed in four steps: join purge, assem bly planning, index creation,

and na vigational join.

3.3.3.1 Join purge

In the join purge step, a conjunction of join predicates in a query is reduced to a single join

predicate b y c ho osing one of them arbitrarily

4

. This join reduction do es not a�ect the result of the

nesting step, as v eri�ed b y the follo wing theorem.

Theorem 3.1 Let us consider a conjunctiv e join predicate A

1

�

1

B

1

^ A

2

�

2

B

2

^ � � � ^ A

n

�

n

B

n

b et w een

t w o RF's F

1

and F

2

retriev ed from a serv er. Then, for an arbitrary pair of tuples h t

1

2 F

1

; t

2

2 F

2

i ,

( t

1

:A

1

�

1

t

2

:B

1

) ^ ( t

1

:A

2

�

2

t

2

:B

2

) ^ � � � ^ ( t

1

:A

n

�

n

t

2

:B

n

) (1)

if and only if

t

1

:A

i

�

i

t

2

:B

i

for some i 2 [1 ; n ] (2)

Pro of : Since the `only if ' part is ob vious, w e pro v e only the `if ' part: Let us assume Equation 1

is not satis�ed although Equation 2 is satis�ed. Then, there exists at least one j 2 [1 ; n ] suc h that

j 6= i and : ( t

1

:A

j

�

j

t

2

:B

j

). Ho w ev er, if t

1

:A

j

�

j

t

2

:B

j

is false, t

1

62 F

1

if t

2

2 F

2

and t

2

62 F

2

if t

1

2 F

1

b y the de�nition of join. It con tradicts with the giv en assumption that t

1

2 F

1

and t

2

2 F

2

. Q.E.D.

3.3.3.2 Assem bly planning

In this step, w e prepare a plan of ho w to assem ble the tuples that will b e collected b y na vigational

joins. An assem bly plan (AP) is a transformation from JT no des ( f v

i

g ) to NFT no des ( f u

i

g ).

Figure 4 illustrates it for the view-ob ject sho wn in Figure 1. An NFT no de is obtained from one

4

It will b e more practical to select one that is easy to compute, suc h as an equijoin b et w een in teger attributes.
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KAD'

: join: projection

(b) Nesting format tree(a) Join tree

IJDE

HGLJHG

A'IL'DG'E

KA

.

Figure 4: Example of an assem bly plan

or more JT no des via relational pro jections and joins. A JT no de represen ts an RF while an NFT

no de represen ts a nested subrelation of an SNR. Joins are needed only if the sc hema of an NFT

no de is not a subset of the sc hema of an y RF but spans the sc hemas of t w o or more RF's. The

IJ no de of the NFT in Figure 4 is suc h a case. It is merged from the JT no des A

0

IL

0

and LJ via a

join and pro jection. It is alw a ys the case that an y merged JT no des (i.e., RF's) ha v e a one-to-one

cardinalit y relationship.

An AP is represen ted b y a set of expressions of the follo wing form.

u := �

u

( v

1

. /. / v

2

� � � . /. / v

k

)

The follo wing example sho ws the assem bly plan (name this AP-1 ) for the JT and NFT of Figure 4:

f KA := �

KA

KAD

0

; DE := �

DE

DG

0

E ; HG := HG ; IJ := �

IJ

( A

0

IL

0

. /. /

L

0

� L

LJ ) g . W e use the same denotations

( v

i

, u

i

, and AP) for the sc hema and tuples of JT and NFT no des. F or example, AP( A

0

IL

0

, LJ )

returns IJ and AP( a

3

i

2

l

3

; l

3

j

2

) returns i

2

j

2

.

The algorithm for generating an AP is as follo ws.

Algorithm 3.9 (Assem bly planning)

Input: JT; NFT.

Output: AP .

1. F or eac h no de v newly visited while tra v ersing JT starting from the ro ot,

(a) Find an NFT no de u suc h that u � v .

(b) If found then

i. If u = v then add ` u := v ' to AP

else add ` u := �

u

v ' to AP

ii. Mark v as `visited'.

else

i. Find the no des f v

1

; v

2

; � � � ; v

k

g of a minimal subtree of JT ro oted b y v suc h that for

some NFT no de u , u � v

1

[ v

2

[ � � � [ v

k

.

ii. Add ` u := �

u

( v

1

. /. / v

2

� � � . /. / v

k

)' to the AP .

iii. Mark v

1

; v

2

; � � � ; v

k

as `visited'.

12



3.3.3.3 Index creation

Once redundan t joins are remo v ed, indexes are created on the join attribute of eac h RF except

the piv ot RF. According to the p erformance study b y Lehman, et al. [26 ], a c hained buc k et hashing

giv es the b est p erformance among all main memory index op erations except for a range query .

Since w e do not need a range query , it is appropriate for our use. The index is con�gured of a

buc k et header table and c hained buc k ets link ed to eac h header. Eac h buc k et header and c hained

buc k et con tains a p ointer to a tuple instead of an actual tuple unlik e the one of Section 3.2.2. An

index organized this w a y sho ws the b est storage cost/p erformance ratio when its buc k et header

table sizes appro ximately half the n um b er of indexed tuples [26 ]. The algorithm for creating an

index is as follo ws.

Algorithm 3.10 (Index creation)

Input: RF F

i

; join attribute A

i

of F

i

.

Output: a c hained buc k et hashing index on the attribute A

i

of F

i

.

1. Allo cate a buc k et header table.

2. F or eac h v alue a of F

i

:A

i

,

(a) Compute the hashed address h ( a ). ( h : hashing function)

(b) Insert a new buc k et con taining a at the hashed address h ( a ) (without duplicate c hec king).

Index creation cannot start un til the en tire tuples of all RF's are receiv ed b ecause (1) a hashing

index requires the n um b er of indexed tuples to b e kno wn b efore an index is created and (2) the

tuples of RF's are receiv ed in ro w-wise order, i.e., di�eren t tuples from di�eren t RF's are in termixed.

3.3.3.4 Na vigational join

Once indexes are created and an assem bly plan is prepared, w e p erform na vigational joins on

the RF's staring from the piv ot RF and follo wing the index paths. There alw a ys exists one or more

matc hing tuples b ecause non-matc hing tuples ha v e already b een discarded in the materialization

step. The set of matc hing tuples th us found are assem bled in to nested tuples according to the

assem bly plan. F or example, starting from the third tuple [ k

3

a

3

d

5

] of KAD

0

in Figure 2b, w e �nd

the follo wing set of matc hing tuples from the other RF's: [ d

5

g

1

e

4

] from DG

0

E , [ h

1

g

1

] ; [ h

5

g

1

] from HG ,

[ a

3

i

2

l

3

] from A

0

IL

0

, and [ l

3

j

2

] ; [ l

3

j

4

] from LJ . These tuples are assem bled in to the last nested tuple

of Figure 2c with the assem bly plan AP-1 (Section 3.3.3.2). The follo wing algorithms describ e this

pro cedure more rigorously .

Algorithm 3.11 (Na vigational join)

Input: F

i

's ( F

1

is the piv ot RF); JT; NFT; AP .

Output: SNR.

1. Allo cate an empt y SNR.

2. w

p

:= the ro ot of the empt y SNR.

3. u

p

:= the ro ot of NFT.

4. F or eac h tuple t

p

2 F

1

, Assem ble( w

p

; u

p

; t

p

).

Assem ble( w

p

; u

p

; t

p

) starts na vigation from t

p

and collects a set of matc hing tuples from F

i

; i =

2 ; 3 ; � � � ; n g . Then, for eac h set of matc hing tuples, it �nds an asso ciated expression from the AP

and executes the expression on the tuples. The resulting tuples are inserted in to the SNR.
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Algorithm 3.12 (RF Assem ble)

Input: SNR no de w

i

; NFT no de u

i

; tuple t

0

from whic h to start na vigation.

Output: SNR with newly inserted tuples.

1. w

r

:= the no de p oin ted b y w

i

:u

i

. /* w

r

is the ro ot of a BST to b e searc hed. */

2. Find f v

1

; v 2 ; � � � ; v

k

g from AP suc h that u

i

= AP( v

1

; v

2

; � � � ; v

k

) .

/* k > 1 if and only if a merging is required. */

3. /* F or i = 1 ; 2 ; � � � ; k , let F

i

b e RFJT

� 1

( v

i

), and �

i

b e the join predicate b et w een F

i

and F

j

where RFJT( F

j

) is the paren t of RFJT( F

i

) in the JT. */

F or eac h t

1

2 Matc h( t

0

; F

1

; �

1

),

F or eac h t

2

2 Matc h( t

1

; F

2

; �

2

),

.

.

.

F or eac h t

k

2 Matc h( t

k � 1

; F

k

; �

k

),

(a) t

c

:= AP( t

1

; t

2

; � � � ; t

k

). /* Execute the assem bly plan. */

(b) If ( w

c

:= Searc h( w

r

; t

c

)) = NOT F OUND then w

c

:= Insert( w

i

; u

i

; t

c

).

(c) 	 := the set of u

i

's c hildren in NFT.

(d) If 	 = fg then return

else for eac h u

c

2 	, Assem ble( w

c

; u

c

; t

c

).

where Searc h and Insert are the same as Algorithm 3.6 and Algorithm 3.8. No duplicate c hec king

is necessary for an insertion unless a pro jection is prescrib ed in the AP . Giv en a tuple t

i

2 F

i

,

Matc h( t

i

, F

j

,�

j

) �nds matc hing tuples from F

j

through an index built for the join predicate �

j

.

Algorithm 3.13 (Matc h)

Input: t

i

2 F

i

; F

j

; join predicate ` F

i

:A� F

j

:B '.

Output: f t

j

j t

j

2 F

j

; t

i

:A� t

j

:B g .

1. Compute the hashed address h ( t

i

:A ). ( h : hashing function)

2. F or eac h buc k et from the buc k et header through the end of the c hain,

If t

i

:A� t

j

:B then collect t

j

. ( t

j

: a tuple p oin ted b y the buc k et en try .)

3.4 The SNR Metho d

Since the SNR metho d is based on the RF metho d, w e fo cus only on the mo di�cations needed to

adapt the RF metho d to the SNR metho d. Query pro cessing and duplicate elimination is exactly

the same as in the RF metho d, except that emitted tuples are written to an output bu�er instead of

b eing transmitted to a clien t. Once the tuples of all RF's are collected in the output bu�er, they are

con v erted in to an SNR on a serv er using the the same steps as in the RF metho d. The na vigational

join step needs to b e mo di�ed so that matc hing tuples are not only assem bled in to nested tuples

but also transmitted to a clien t. According to Algorithm 3.12, the tuples of nested subrelations are

transmitted in a depth-�rst searc h order of an NFT. Delimiters are needed to distinguish b et w een

the tuples of di�eren t nested subrelations. F or example, the data stream transmitted for the SNR

of Figure 2c lo oks as follo ws. (` h ' and ` i ' are delimiters.)

h KA h DE h HG iih IJ ii h k

2

a

2

h d

4

e

2

h h

2

g

3

iih d

5

e

4

h h

1

g

1

h

5

g

1

iih i

1

j

1

iih k

1

a

1

h d

2

e

2

h h

2

g

3

h

4

g

2

iih i

2

j

2

i

2

j

4

ii

h k

3

a

3

h d

5

e

4

h h

1

g

1

h

5

g

1

iih i

2

j

2

i

2

j

4

ii
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where h KA h DE h HG iih IJ ii is a header describing the format of the follo wing data stream. A data

stream is comp osed of segmen ts. A segmen t con tains the tuples that will b elong to the same nested

subrelation when assem bled in to an SNR. The ab o v e example sho ws three segmen ts starting with

k

1

a

1

; k

2

a

2

, and k

3

a

3

, resp ectiv ely .

A clien t has only to parse the receiv ed data stream and assem ble the extracted tuples in to an

SNR. Algorithm 3.14 describ es the assem bly pro cess. F or eac h tuple t

i

read from the data stream, t

i

is inserted as a nested subtuple of the previous tuple if t

i

is preceded b y ` h '. Otherwise, t

i

is inserted

in the same nested subrelation as the previous tuple. w

c

denotes the curren tly inserted no de and

w

p

denotes the previously inserted no de. They are mo v ed one lev el up for eac h ` i '. Sup er( w

p

)

returns the no de in whic h w

p

is nested

5

.

Algorithm 3.14 (SNR Assem ble)

Input: formatted stream of SNR tuples; NFT.

Output: assem bled SNR.

1. Allo cate an empt y SNR.

2. w

c

:= the ro ot of the empt y SNR.

3. F or eac h item d read from the data stream,

� If d = ` h ' then w

p

:= w

c

.

� If d = t

i

(a tuple) then

Find the sc hema S

i

of t

i

from the header.

u

p

:= NSRNFT( S

i

).

w

c

:= Insert( w

p

; u

p

; t

i

).

� If d = ` i ' then w

c

:= w

p

; w

p

:= Sup er( w

p

).

where Insert is the same as Algorithm 3.8. Note that w e need no searc hing preceding an insertion

b ecause duplicates ha v e already b een eliminated on a serv er.

4 Dev elopmen t of a Cost Mo del

4.1 A Platform for Cost Mo deling

It is a to o complicated task to obtain a cost mo del of main memory-residen t op erations b ecause the

cost dep ends on so man y factors suc h as hardw are, programming language, programming st yle, and

system load. Since our purp ose is c omp aring costs as opp osed to estimating them, w e mak e some

simpli�cations in the cost mo dels without a�ecting the comparison results. First, the cost items

that are common to all three metho ds are excluded. These are the costs of the query pro cessing and

reference resolution steps. Secondly , w e exclude the cost of accessing sc hema information, whic h

is negligible compared to the cost of op erations on data tuples. Thirdly , w e ignore the di�erence

b et w een the serv er sp eed and clien t sp eed. Its e�ect on the cost comparison result is marginal,

particularly in an en vironmen t with signi�can t net w ork comm unication o v erhead.

W e use only the execution time as the measure of cost { although required main memory space

is another imp ortan t measure { b ecause there is no trade-o� b et w een time and space in our case.

The total cost is the sum of lo cal pro cessing cost and transmission cost. Lo cal pro cessing cost is

5

In order to implemen t this function, w e need to k eep either bac k-p oin ters to previous no des or a c hain of inserted

no des.
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P arameter Description V alue

C

bs

The cost of elemen tary binary searc h op eration (com-

pare and mo v e left or righ t).

19 � sec

C

cm

The cost of comparing t w o tuples. 9.2 � sec

C

ci

The initial cost of cop ying a tuple. 11 � sec

C

cb

The p er-b yte cost of cop ying a tuple. 0.17 � sec/b yte

C

e

The cost of ev aluating a join predicate (equijoin on in-

teger attributes).

16 � sec

C

f l

The p er-b yte cost of folding a tuple in to an in teger. 0.92 � sec/b yte

C

hc

The cost of computing a hashed address for an in teger

hashing k ey .

9.5 � sec

C

ma

The cost of allo cating memory within w orkspace. 1.2 � sec

C

mp

The cost of mo ving (reading or writing) a p oin ter. 0.88 � sec

C

pi

The initial cost of p erforming a pro jection on a tuple. 4.3 � sec

C

pb

The p er-b yte cost of p erforming a pro jection on a tuple. 1.1 � sec/b yte

C

si

The initial cost of computing an in teger hashing k ey

from a scanned relation column.

17 � sec

C

sn

The p er-tuple cost of computing an in teger hashing k ey

from a scanned relation column.

14 � sec/tuple

(a) Main memory cost parameters (CPU time)

P arameter Description V alue

LAN W AN

C

l

The latency of sending a message. 2.5 msec 53 msec

C

b

The p er-b yte data transmission cost. 3.4 � sec/b yte 60 � sec/b yte

(b) Comm unication cost parameters (elapsed time)

T able 1: Cost parameters

the total execution time sp en t on a serv er and a clien t. T ransmission cost is the time for sending

a query result to a clien t.

W e consider only complex queries, i.e., queries with one or more joins. SFR, RF, and SNR

metho ds b ecome iden tical if a query is a simple query (i.e., has no join): The base relation sp eci�ed

in a simple query is reduced to a single fragmen t, transmitted to a clien t, and link ed to other

view-ob jects through reference resolution step. Nesting step is not needed for the single fragmen t.

4.1.1 Cost and Data P arameters

T able 1 sho ws the cost parameters for elemen tary main memory and net w ork comm unication op er-

ations. They w ere measured on a SUN-3 w orkstation, b et w een t w o SUN-3's on the same Ethernet

LAN, and b et w een a SUN-3 on the Stanford campus and another SUN-3 on the Univ ersit y of

Illinois campus. W e use CPU time for main memory op erations b ecause it is quite insensitiv e to

the system load, whereas use elapse d time for net w ork comm unication op erations b ecause most

comm unication time is sp en t on the net w ork. T able 2 sho ws the data parameters of an SFR, RF's,

and an SNR.
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SFR ( T )

P arameter Description

N

t

The cardinalit y after duplicate elimination.

d

t

The ratio b et w een the cardinalities after and b efore duplicate elimination.

(0 < d

t

� 1)

T

t

T uple size.

RF ( F

i

; i = 1 ; 2 ; � � � ; n

f

where F

1

is the piv ot RF)

n

f

The n um b er of RF's. ( n

f

> 1 for complex queries)

N

f

i

The cardinalit y of F

i

after duplicate elimination.

d

f

i

The ratio b et w een the cardinalities of F

i

after and b efore duplicate elimi-

nation. (0 < d

f

i

� 1)

D

f

ij

The domain cardinalit y (i.e., the n um b er of distinct v alues) of F

i

's join

attribute for the join b et w een F

i

and F

j

.

T

f

i

The tuple size of F

i

.

�

f

i

The extra join attribute (EJA) ratio, i.e., the ratio b et w een the size of

EJA's in F

i

and T

f

i

. (0 � �

f

i

� 1)

SNR ( S

i

; i = 1 ; 2 ; � � � ; n

s

where S

1

is the piv ot nested subrelation)

n

s

The n um b er of nested subrelations in an SNR.

N

s

i

The cardinalit y of S

i

.

T

s

i

The tuple size of S

i

.

T able 2: Data P arameters

4.1.2 Alternativ e Data P arameters: �

ij

and �

ij

W e de�ne �

ij

as the domain selectivit y (i.e., the a v erage n um b er of tuples with the same v alue) of

F

j

's join attributes. Then, �

ij

is related to N

f

j

and D

f

ij

as follo ws.

�

ij

=

N

f

j

D

f

ij

(3)

Since all non-matc hing tuples of RF's ha v e already b een discarded in the query materialization

step, D

f

j i

= D

f

ij

. Hence, �

ij

can b e in terpreted as the a v erage n um b er of matc hing tuples in F

j

for eac h tuple of F

i

. W e call �

ij

as a sele ctivity fr om F

i

to F

j

. Since D

f

j i

= D

f

ij

, the follo wing is

alw a ys true.

N

f

j

� N

f

i

�

ij

(4)

where the equalit y holds if and only if D

f

j i

= N

f

i

, i.e., F

i

's join attributes ha v e unique v alues.

�

ij

is de�ned as the aver age de gr e e of nesting , whic h is the a v erage n um b er of tuples in S

j

for

eac h tuple of S

i

where S

j

is an immediate nested subrelation of S

i

. Put in another w a y ,

�

ij

=

N

s

j

N

s

i

(5)

Note that �

ij

� 1.
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4.2 Deriv ation of Cost F orm ulas

In this section, w e dev elop the cost form ulas of all but the query pro cessing and reference resolution

steps. The follo wing short-hand notations are used in the cost form ulas.

C

col scan

( N ) = C

si

+ C

sn

N for scanning N tuples. (6)

C

copy

( T ) = C

ci

+ C

cb

T for cop ying a tuple of size T b ytes. (7)

C

pr oj ect

( T ) = C

pi

+ C

pb

T for pro jecting a subtuple of size T b ytes out of a tuple. (8)

4.2.1 Duplicate Elimination Cost

The duplicate elimination pro cess is the same for all three metho ds except that it is applied to dif-

feren t structures. W e mak e the follo wing t w o assumptions for the hashing of tuples (Algorithm 3.3):

(1) W e allo cate as man y buc k et headers as half the cardinalit y of a hashed relation, whic h can b e

estimated b y a query optimizer. (Otherwise, w e could use a linear hashing.) (2) The shift folding

tec hnique [37 , 38 ] is used for the hashing of tuples. (A tuple is divided in to in teger parts, whic h

are then added to obtain an in teger hashing k ey .)

Let N b e the relation cardinalit y after duplicate elimination; T b e the tuple size; and d b e the

ratio of the cardinalities after and b efore duplicate elimination (0 < d � 1). The allo cation of a

buc k et header costs C

ma

. Step 2 of Algorithm 3.3 is rep eated N =d times. The cost of computing a

hashed address is computed as a function of T as follo ws.

C

tuphash

( T ) = C

f l

T + C

hc

(9)

Among the N =d hashed tuples, N tuples are actually inserted and the other N =d � N tuples are

discared. If the same tuple already exists, it tak es the cost of tra v ersing a v erage half of a buc k et

c hain, C

mp

+ ( N

b

= 2)( C

cm

+ C

mp

) where N

b

is the n um b er of buc k ets that has b een inserted in the

c hain so far. Otherwise, it costs tra v ersing the en tire buc k et c hain ( C

mp

+ N

b

( C

cm

+ C

mp

)) and

inserting a new buc k et in the c hain ( C

ma

+ C

copy

( T ) + 2 C

mp

).

N

b

is obtained as follo ws. N hashed en tries are inserted to N = 2 d buc k et headers. If N > N = 2 d ,

all buc k ets headers are �lled assuming that the hash function distributes a hashing k ey uniformly

o v er the buc k et header table. In this case, the ultimate v alue of N

b

b ecomes N = ( N = 2 d ) = 2 d .

Otherwise, only N buc k et headers out of N = 2 d headers are �lled and the ultimate v alue of N

b

b ecomes 1. Using half the ultimate v alues as exp ected v alues,

N

b

= MAX

�

d;

1

2

�

(10)

The cost of inserting a hashed tuple in to the hash is computed as a function of T and d as

follo ws. (The cost of transmitting the inserted tuple is part of the transmission cost and is not

included here.)

C

tupinser t

( d; T ) = d ( C

mp

+ N

b

( C

cm

+ C

mp

) + C

ma

+ C

copy

( T ) + 2 C

mp

) +

(1 � d )( C

mp

+

N

b

2

( C

cm

+ C

mp

)) (11)

Using Equation 9 and Equation 11, the SFR duplicate elimination cost is

C

sf r de

= C

ma

+

N

t

d

t

( C

tuphash

( T

t

) + C

tupinser t

( d

t

; T

t

)) (12)
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and for all RF's it is computed as follo ws.

C

r f de

=

n

f

X

i =1

( C

ma

+

N

f

i

d

f

i

( C

tuphash

( T

f

i

) + C

tupinser t

( d

f

i

; T

f

i

))) (13)

Since SNR query pro cessing also pro duces RF's, SNR duplicate elimination incurs the same

cost as the RF metho d except that there is an additional cost of writing non-duplicate tuples to an

output bu�er. This cost for eac h RF is C

copy

( T

f

i

) N

f

i

. Th us, the total cost is:

C

snr de

= C

r f de

+

n

f

X

i =1

C

copy

( T

f

i

) N

f

i

(14)

4.2.2 Nesting Cost

4.2.2.1 Binary Searc h T ree Searc hing and Insertion Costs

The searc hing (Algorithm 3.6) and insertion (Algorithm 3.8) of one tuple are used commonly

for all three metho ds and therefore w e deriv e their cost form ulas separately here. W e assume that

the binary searc h trees (BSTs) implemen ting nested subrelations are w ell-balanced

6

.

Let M b e the n um b er of tuples that are attempted to b e inserted in to a BST. Ev ery insertion

attempt requires one searc hing to c hec k out duplicates. Let N denote the n um b er of tuples that are

actually inserted in to a BST. According to Kn uth [35 ], a single searc hing requires ab out 1 : 386 log

2

k

comparisons ( k is the n um b er of no des curren tly in the BST) for a w ell-balanced BST, considering

b oth a successful searc h and an unsuccessful searc h. If w e assume that the insertions of the N

tuples out of M tuples o ccur at a regular in terv al, the v alue of k is incremen ted at ev ery M = N

insertion attempts. Then, the total searc hing cost for inserting N tuples out of the attempted M

tuples is computed as follo ws.

C

binsear ch

( M ; N ) =

N

X

k =1

(

M

N

1 : 386 C

bs

log

2

k ) (15)

Insertion cost is the sum of the costs of searc hing for a no de unsuccessfully and inserting it as

a leaf of the BST. An unsuccessful searc h of a BST requires l og

2

( k + 1) comparisons. Insertion at

a leaf requires allo cating an empt y no de ( C

ma

), cop ying a tuple in to it ( C

copy

( T )), and writing a

p oin ter to it ( C

mp

in its paren t no de). Th us, the total cost of inserting N tuples in to a BST is

computed as follo ws.

C

bininser t

( N ; T ) =

N

X

k =1

( C

bs

log

2

( k + 1) + C

ma

+ C

copy

( T ) + C

mp

) (16)

There will b e N

s

i

tuples inserted in to a nested subrelation S

i

of the �nal output SNR. Let

S

par ( i )

denote the nested subrelation suc h that NSRNFT( S

par ( i )

) is the paren t of NSRNFT( S

i

).

Then, there exist N

s

par ( i )

BST's implemen ting S

i

, i.e., one BST for eac h tuple of S

par ( i )

. Let M

s

i

denote the n um b er of tuples that are attempted for an insertion in to S

i

. If w e assume tuples are

uniformly distributed in to ev ery BST of S

i

, M

s

i

= N

s

par ( i )

tuples are attempted for an insertion and

6

In fact, w ell-balanced trees are common and degenerate trees are v ery rare [35 ]. Ev en if a BST should b e balanced

sometimes, a tree balancing in v olv es only p oin ter mo v emen ts and incurs negligible cost.
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N

s

i

= N

s

par ( i )

tuples are actually inserted in to eac h BST of S

i

. Th us, the total cost of inserting N

s

i

tuples in to S

i

out of the attempted M

s

i

tuples is computed as follo ws.

C

sisear ch

( M

s

i

; N

s

i

; N

s

par ( i )

) = N

s

par ( i )

C

binsear ch

(

M

s

i

N

s

par ( i )

;

N

s

i

N

s

par ( i )

) (17)

C

siinser t

( N

s

i

; T

s

i

; N

s

par ( i )

) = N

s

par ( i )

C

bininser t

(

N

s

i

N

s

par ( i )

; T

s

i

) (18)

4.2.2.2 SFR Nesting Cost

W e consider only the costs of pro jecting, searc hing (Algorithm 3.6), and inserting tuples (Al-

gorithm 3.7), whic h are op erations on data tuples and whose costs are dominan t.

According to Algorithm 3.4, N

t

comp osite tuples are decomp osed in to subtuples of S

1

; S

2

; � � � ; S

n

s

b y pro jections and assem bled in to an SNR. F or eac h subtuple of S

i

, pro jecting it from a comp osite

tuple costs C

pr oj ect

( T

s

i

), searc hing for it from S

i

costs C

sisear ch

( N

t

; N

s

i

; N

s

par ( i )

), and inserting it

in to S

i

costs C

siinser t

( N

s

i

; T

s

i

; N

s

par ( i )

). Hence, the total cost is computed as follo ws.

C

sf r nest

=

n

s

X

i =1

( C

pr oj ect

( T

s

i

) N

t

+ C

sisear ch

( N

t

; N

s

i

; N

s

par ( i )

) + C

siinser t

( N

s

i

; T

s

i

; N

s

par ( i )

)) (19)

4.2.2.3 RF Nesting Cost

W e ignore the costs of the join purge step and the assem bly planning step b ecause they are

not op erations on data tuples. Accordingly , w e appro ximate the RF nesting cost as the sum of the

index creation cost and the na vigational join cost.

C

r f nest

� C

ixcr t

+ C

nav j n

(20)

The n um b er of joins among RF's is alw a ys one less than the n um b er of the RF's (i.e., n

f

� 1)

after the join purge step.

Index creation (Algorithm 3.10): A buc k et header allo cation costs C

ma

. The linear scan of

F

i

costs C

col scan

( N

f

i

). W e assume all join attributes are in tegers so that no folding is required. A

hashing computation costs C

hc

. An insertion to a hashing buc k et c hain tak es the cost of allo cating

a buc k et ( C

ma

), writing a p oin ter ( C

mp

) to the hashed tuple, and t w o p oin ter writings (2 C

mp

) to

mak e connections to other buc k ets. No searc hing for duplicate c hec king is necessary . Hence, the

cost of creating n

f

� 1 indexes on F

i

:A

i

's for i = 2 ; 3 ; � � � ; n

f

, where F

1

is the piv ot RF, is computed

as follo ws.

C

ixcr t

=

n

f

X

i =2

( C

ma

+ C

col scan

( N

f

i

) + ( C

hc

+ C

ma

+ 3 C

mp

) N

f

i

) (21)

Na vigational join (Algorithm 3.11): Allo cating an empt y SNR costs C

ma

. F or the assem bly

cost (Algorithm 3.12), w e consider only the costs of the follo wing op erations on data tuples: �nding

matc hing tuples (Algorithm 3.13), executing assem bly plans (AP) on the found tuples, and inserting

(Algorithm 3.8) the resulting tuples in to the SNR after duplicate c hec king (Algorithm 3.6).

Matching (Algorithm 3.13): The cost of Matc h( t

i

; F

j

; t

i

:A� t

j

:B ), denoted b y C

match

ij

, is com-

puted as follo ws. First, hashing a join attribute costs C

hc

. Let N

b

denote the exp ected length of

the buc k et c hain including the header buc k et. Then, in Step 2, it costs N

b

(2 C

mp

+ C

e

) to follo w

the buc k et c hain { one C

mp

for reading a p oin ter to the tuple t

j

2 F

j

, another C

mp

for reading

a p oin ter to the next buc k et, and C

e

for ev aluating the join predicate t

i

:A� t

j

:B . �

ij

tuples of F

j
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are collected from Matc h( t

i

; F

j

; t

i

:A� t

j

:B ). Collecting the matc hing tuples incurs only the cost of

writing �

ij

p oin ters, i.e., C

mp

�

ij

. Th us, the cost of �nding matc hing tuples from F

j

for all tuples

( t

i

's) of F

i

is computed as a function of �

ij

as follo ws.

C

match

ij

( �

ij

) = C

hc

+ N

b

(2 C

mp

+ C

e

) + C

mp

�

ij

(22)

where N

b

is obtained as

N

b

= MAX

�

N

f

j

=D

f

ij

; 2

�

(23)

= MAX ( �

ij

; 2) b y Equation 3 (24)

in the same w a y as for Equation 10. (As men tioned in Section 3.3.3.3, w e assume the allo cate

buc k et header size is half the hashed RF cardinalit y .)

The cost of the en tire matc hing pro cess is the sum of the cost of scanning the piv ot RF linearly

and the cost of �nding matc hing tuples from the other RF's.

C

match

= C

col scan

( N

f

1

) +

X

i 62 Leaf(JT)

L

f

i

C

match

ij

( �

ij

) (25)

where Leaf(JT) denotes the set of the JT lea v es, and L

f

i

is obtained as follo ws.

L

f

i

= N

f

1

Y

h RFJT ( F

p

) ; RFJT ( F

q

) i 2 P

1 i

�

pq

(26)

where P

1 i

is a path from RFJT( F

1

) to RFJT( F

i

).

Exe cution of assembly plans (Step 3a of Algorithm 3.12): RF tuples that are found b y the

matc hing pro cess are merged as prescrib ed in the assem bly plan. If w e let m

i

b e the n um b er of

RF tuples that are merged to pro duce S

i

tuples, and let T

0

s

j

; j = 1 ; 2 ; � � � ; m

i

; denote the size of the

attributes pro jected from eac h to-b e-merged RF, then

T

s

i

=

m

i

X

j =1

T

0

s

j

(27)

Merging t w o RF tuples requires t w o pro jections. Generalizing this case, w e obtain the cost of

merging m

i

RF tuples in to one S

i

tuple as

P

m

i

j =1

C

pr oj ect

( T

0

s

j

). Using Equation 8 and Equation 27,

it can b e rewritten as a function of T

s

i

and m

i

as follo ws.

C

apexec

i

( T

s

i

; m

i

) = ( m

i

� 1) C

pi

+ C

pr oj ect

( T

s

i

) (28)

Since n

s

nested subrelations are pro duced out of n

f

RF's, n

f

� n

s

mergings are p erformed. It

dep ends on a query to determine whic h RF's are merged to pro duce eac h nested subrelation S

i

. Let

us consider a set of n

f

� 1 �

ij

's that are de�ned among n

f

RF's. W e de�ne a partition on this set,

i.e., [ �

1

j �

2

j � � � j �

n

s

] where eac h �

k

; k = 1 ; 2 ; � � � ; n

s

, is the set of F

i

's that are merged to pro duce

S

k

. Let 


k

denote the com bined v alue of all �

ij

's to the F

j

's in �

k

and b e de�ned as follo ws.




k

=

Y

F

j

2 �

k

�

ij

where �

i 1

= 1 (29)

Then, the total cost of executing an assem bly plan is computed as follo ws.

C

apexec

=

n

s

X

i =1

M

f

i

C

apexec

i

( T

s

i

; m

i

) (30)
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where M

f

i

is the n um b er of tuples pro duced for S

i

and is computed as follo ws.

M

f

i

= N

f

1

Y

NSRNFT( S

p

) 2 P

1 i




p

(31)

where P

1 i

is the path from NSRNFT( S

1

) (i.e., the NFT ro ot) to NSRNFT( S

i

).

Se ar ching (Algorithm 3.6) and Insertion (Algorithm 3.8): The M

f

i

tuples are attempted to b e in-

serted in to S

i

. F or eac h tuple, searc hing (for duplicate c hec king) costs

P

n

s

i =1

C

sisear ch

( M

f

i

N

s

i

; N

s

par ( i )

)

and insertion costs

P

n

s

i =1

C

siinser t

( N

s

i

; T

s

i

; N

s

par ( i )

).

Th us, the total cost of p erforming na vigational joins on RF's is obtained as follo ws.

C

nav j n

= C

match

+ C

apexec

+

n

s

X

i =1

( C

sisear ch

( M

f

i

; N

s

i

; N

s

par ( i )

) + C

siinser t

( N

s

i

; T

s

i

; N

s

par ( i )

)) (32)

4.2.2.4 SNR Nesting Cost and Assem bly Cost

Nesting : Ignoring the di�erence b et w een serv er and clien t sp eeds, the only di�erence b et w een the

SNR nesting and RF nesting is that tuples pro duced in the na vigational join step are transmitted

to a clien t. The transmission cost is considered separately in Section 4.2.3 and therefore the SNR

nesting cost is the same as the RF nesting cost.

C

snr nest

= C

r f nest

(33)

Assembly (Algorithm 3.14): There is an additional cost of assem bling the receiv ed data stream

in to an SNR on a clien t. Considering only the cost of op erating on tuples (not on the delimiters),

the assem bly cost is computed as follo ws.

C

snr assem

=

n

s

X

i =1

C

siinser t

( N

s

i

; T

s

i

; N

s

par ( i )

) (34)

4.2.3 T ransmission Cost

W e use a simple mo del [36 ] of data transmission cost de�ned as follo ws .

T ransmission cost = C

l

+ C

b

� Size (35)

where Size is the n um b er of b ytes of the transmitted data.

In the SFR metho d, Size is the SFR size N

t

T

t

.

C

sf r tx

= C

l

+ C

b

N

t

T

t

(36)

In the RF metho d, it is the total RF sizes ( N

f

i

T

f

i

; i = 1 ; 2 ; � � � ; n

f

).

C

r f tx

= C

l

+ C

b

n

f

X

i =1

N

f

i

T

f

i

(37)

In the SNR metho d, it is the total SNR sizes ( N

s

i

T

s

i

; i = 1 ; 2 ; � � � ; n

s

), ignoring the size of the

header and delimiters.

C

snr tx

= C

l

+ C

b

n

s

X

i =1

N

s

i

T

s

i

(38)

22



@

@

@

@

�

�

�

�

@

@

@

@

�

�

�

�

H

H

H

H

H

H

�

�

�

�

�

�

�

�

�

�

�

�

H

H

H

H

H

H

�

�

�

�

@

@

@

@

�

�

�

�

@

@

@

@

�

25

�

37

�

36

�

24

�

25

�

13

�

12

�

36

�

37

�

24

�

13

�

12

S

1

S

3

S

2

S

7

S

6

S

5

S

4

F

7

F

6

F

5

F

4

F

3

F

2

F

1
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Figure 5: Sample query for the sim ulation

5 Comparison of Costs

W e selected RF data parameters, �

ij

's, and d

t

as a base set and deriv ed the v alues of the other data

parameters using the form ulas sho wn in App endix A. Besides, w e selected t w o data parameters {

the selectivit y ( �

ij

's) and the extra join attribute (EJA) ratio ( �

f

i

's) { as the v arian t parameters.

The v alue of �

ij

is an indicator of the o v erhead on an SFR due to duplicate subtuples or on an

SNR due to duplicate nested subtuples. Higher selectivities implicate more tuples in an SFR or

nested subrelations of an SNR for a giv en set of RF's. On the other hand, the v alue of �

f

i

is an

indicator of the o v erhead on RF's due to EJAs. Higher EJA ratios implicate smaller tuples in an

SFR or nested subrelations of an SNR for a giv en set of RF's.

W e carried out the cost comparison in t w o w a ys: sim ulation and sample case test. W e �rst

sho w the sim ulation result obtained using random v alues of data parameters. Then, w e observ e the

cost dep endency on the v arian t data parameter v alues. This observ ation is reinforced b y another

round of sim ulation, this time with biases giv en to the v alue ranges of the v arian t data parameters.

5.1 Ov erall Comparison using Sim ulation

W e computed the a v erage costs of the SFR, RF, and SNR metho ds, and tallied the winning coun ts

{ the n um b er of times eac h metho d incurred the minim um cost among the three metho ds. W e used

a query whose JT and NFT are b oth a complete binary tree of 7 no des

7

. (Figure 5). The base

data parameter v alues w ere randomly selected from the follo wing ranges. (	 denotes f < 1 ; 2 >; <

1 ; 3 >; < 2 ; 4 >; < 2 ; 5 >; < 3 ; 6 >; < 3 ; 7 > g . The numb ers tagge d with a y ar e arbitr ary `r e alistic'

values. Others ar e the or etic al b ounds. )

� 10

y

� N

f

1

� 500

y

; 10

y

� N

f

j

� N

f

i

�

ij

for j = 2 ; 3 ; � � � ; 7 (satisfying Equation 4).

� 10

y

� T

f

j

� 500

y

for j = 2 ; 3 ; � � � ; 7.

� 1 : 00 � �

ij

� 10 : 00

y

for < i; j > 2 	.

� 0 : 50

y

�

1 j

� �

1 j

� 1 : 00 �

1 j

for j = 2 ; 3 (See Equation 41),

0 : 50

y

�

ij

� �

ij

� 1 : 50

y

�

ij

for < i; j > 2 	 and i 6= 1.

7

F or simplicit y w e assumed that no merging of RF's w as needed in the nesting step. Its e�ect on the total cost

is negligible. As a result, w e used 


1

= 1 ; 


j

= �

ij

for < i; j > 2 	 and j 6= 1, and m

i

= 1 for i = 1 ; 2 ; � � � ; 7 (See

Equation 28).
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T ransmission P artial lo cal pro cessing

Metho d Av erage Av erage cost #wins Av erage cost #wins

data size LAN W AN

SFR 3413 Mb ytes 3.2 hours 2.4 da ys 0% 2.9 hours 0%

RF 2.4 Mb ytes 8.1 secs 2.4 mins 67% 15.2 secs 100%

SNR 3.2 Mb ytes 11.1 secs 3.2 mins 33% 17.5 secs 0%

(T ransmission time is elapsed time and lo cal pro cessing time is CPU time.)

T able 3: Sim ulation result

� 0 : 00 < �

f

i

� 1 : 00 for i = 1 ; 2 ; � � � ; 7.

� 0 : 30

y

� d

f

j

� d

t

� 1 : 00 for j = 1 ; 2 ; � � � ; 7.

Some of the v alue ranges need a justi�cation. First, an �

ij

v alue is t ypically far less than 1

[39 , 40] for a con v en tional relational join. In the case of a join b et w een RF's ho w ev er, it is alw a ys

� 1 b ecause non-matc hing tuples ha v e already b een discarded in the query materialization step.

Secondly , there is a corresp ondence b et w een �

ij

and �

ij

as w e can see from the JT and NFT of

Figure 5. Their v alues are similar but not the same b ecause nested subrelations in an SNR do

not ha v e EJAs and so ma y ha v e some duplicate tuples eliminated in the nesting step. W e pic k ed

up �

ij

v alues from within � 50% of �

ij

v alues, except �

1 j

for whic h the upp er limit is �

ij

b ecause

N

s

1

= N

f

1

(Equation 41). Thirdly , d

f

j

� d

t

is alw a ys true except when the com bined domain

cardinalit y { the n um b er of distinct v alues { of the EJAs is higher than that of the other attributes.

(This case is rare.)

T able 3 sho ws the a v erage v alues and the winning coun ts (in %) obtained from 5,000 random

test cases. The RF and SNR metho ds sho w ed orders of magnitude impro v emen t compared to the

SFR metho d for b oth the transmission and lo cal pro cessing costs. The RF metho d w on o v er the

SNR metho d more frequen tly , and there w as no case where the RF metho d lost to the SFR metho d

although it could happ en in theory . Since w e assumed that a serv er and a clien t run at the same

sp eed, the SNR metho d alw a ys tak es the same cost as the RF metho d and an additional cost

(Equation 34) of assem bling an SNR. Therefore, the RF metho d alw a ys sho ws less lo cal pro cessing

cost than the SNR metho d. The LAN and W AN transmissions sho w ed the same relativ e cost

b et w een an y t w o metho ds.

5.2 Dep endency on Selectivit y and Extra Join A ttribute Ratio

5.2.1 Observ ation using Sample Case T est

W e con tin ued cost comparisons using sample v alues of data parameters and observ ed the dep en-

dency of the costs on the v alues of a single �

ij

and a set of �

f

i

; i = 1 ; 2 ; � � � ; 5. Figure 6 sho ws the

JT, NFT, and their asso ciated assem bly plan of a sample query . Note that F

3

and F

5

are merged

(b y a join and pro jection) to pro duce S

3

. The sample v alues of the base data parameters are as

follo ws.

� N

f

i

= 500 ; 800 ; 300 ; 120 0 ; 3 00 for i = 1 ; 2 ; 3 ; 4 ; 5 resp ectiv ely (satisfying Equation 4).

� T

f

i

= 200 ; 300 ; 250 ; 100 ; 4 00 for i = 1 ; 2 ; 3 ; 4 ; 5 resp ectiv ely .

� �

12

= 3 : 0 ; �

13

= 1 : 0 � 10 : 0 ; �

34

= 4 : 0 ; �

35

= 1 : 0. ( �

35

= 1 : 0 b ecause F

3

and F

5

are merged.)

� �

12

= 2 : 7 ; �

13

= 0 : 9 �

13

; �

34

= 3 : 8 (satisfying �

1 j

� �

1 j

discussed in Section 5.1.)
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Figure 6: Sample query for the sample case test

� �

f

i

=

(

0 : 05 ; 0 : 1 ; 0 : 15 ; 0 : 05 ; 0 : 05 (lo w er v alues)

0 : 8 ; 0 : 9 ; 0 : 7 ; 0 : 6 ; 0 : 9 (higher v alues)

for i = 1 ; 2 ; 3 ; 4 ; 5 resp ectiv ely .

� d

t

= d

f

i

= 0 : 8 for i = 1 ; 2 ; 3 ; 4 ; 5.

W e ev aluated the costs while v arying the v alue of �

13

from 1 through 10. The same ev aluation

has b een rep eated for the t w o sets of �

f

i

v alues. Figure 7 sho ws the costs of the three metho ds

with resp ect to the v alues of �

13

and �

f

i

's.

It sho ws that b oth the transmission and the lo cal pro cessing costs increase as the v alue of �

13

increases, and the slop e w as in the order of the SFR, SNR, and RF metho ds from the highest �rst.

Increasing the v alue of �

13

without c hanging the v alue of D

f

13

is equiv alen t to increasing the v alue

of N

f

3

(Equation 3). In the RF metho d, this increases the size of only F

3

and has no e�ect on the

sizes of the other RF's. On the other hand, it has a `ripple e�ect' on the size of an SFR or SNR.

Increasing N

f

3

also increases �

13

, whic h is ampli�ed b y a factor of N

s

1

�

12

�

34

(Equation 39).

It also sho ws that costs are smaller for the higher v alues of �

f

i

's. One exception w as the

RF transmission cost, in whic h case the transmission cost is indep enden t of the �

f

i

v alues (see

Equation 37). In particular, the SNR transmission incurred less cost than the RF's for the higher

v alues of �

f

i

's.

5.2.2 Observ ation using Sim ulation

W e p erformed another sim ulation using the same ranges as in Section 5.1 except for �

ij

's and �

f

i

's.

The follo wing t w o di�eren t ranges w ere used for these t w o.

� Range HL: (Higher �

ij

and lo w er �

f

i

.)

5 : 00 � �

ij

� 10 : 00 for < i; j > 2 	 and 0 : 00 < �

f

i

� 0 : 50 for i = 1 ; 2 ; � � � ; 7.

� Range LH: (Lo w er �

ij

and higher �

f

i

.)

1 : 00 � �

ij

� 5 : 00 for < i; j > 2 	 and 0 : 50 � �

f

i

� 1 : 00 for i = 1 ; 2 ; � � � ; 7.

T able 4 sho ws the sim ulation result. The RF metho d sho ws b etter p erformance than in T ables 3

for Range HL, and w orse p erformance for Range LH. There are ev en some cases in Range LH where

the SFR metho d is b etter than the RF metho d for the partial lo cal pro cessing cost. These results

con�rmed that the observ ations made in Section 5.2.1 are generally true.
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Figure 7: Sample case test result
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T ransmission P artial lo cal pro cessing

Metho d Av erage Av erage cost #wins Av erage cost #wins

data size LAN W AN

SFR 33878 Mb ytes 32.0 hours 23.5 da ys 0% 30.2 hours 0%

RF 4.1 Mb ytes 14.0 secs 4.1 mins 93% 31.7 secs 100%

SNR 8.8 Mb ytes 29.9 secs 8.8 mins 7% 36.6 secs 0%

(a) Range HL (5 : 00 � �

ij

� 10 : 00 ; 0 : 00 < �

f

i

� 0 : 50)

T ransmission P artial lo cal pro cessing

Metho d Av erage Av erage cost #wins Av erage cost #wins

data size LAN W AN

SFR 47.0 Mb ytes 2.7 mins 46.9 mins 0% 2.0 mins 0.8%

RF 0.86 Mb ytes 2.9 secs 51.8 secs 22% 4.0 secs 99.2%

SNR 0.53 Mb ytes 1.8 secs 31.8 secs 78% 4.6 secs 0%

(b) Range LH (1 : 00 � �

ij

� 5 : 00 ; 0 : 50 � �

f

i

� 1 : 00)

(T ransmission time is elapsed time and lo cal pro cessing time is CPU time.)

T able 4: Sim ulation results for biased v arian t data parameter ranges

6 Conclusion

W e ha v e dev elop ed three di�eren t metho ds { SFR and t w o new metho ds (RF and SNR) { for

instan tiating view-ob jects from a remote relational (preferably main memory) database serv er b y

materializing a view query , restructuring the query result in to a nested relation, and resolving

references among them. Rigorous algorithms ha v e b een dev elop ed for eac h step of the metho ds

with a primary fo cus on the transmission step and the nesting step, and a partial cost mo del has

b een dev elop ed.

Cost comparison results sho w ed that the RF and SNR metho ds are far more e�cien t than the

SFR metho d. The RF metho d wins o v er the SNR metho d more frequen tly and therefore is the

most preferred metho d if w e ha v e to c ho ose one. Alternativ ely , there remains an optimization issue

of c ho osing either the RF or SNR metho d dep ending on the query and the sp eeds of the serv er

and clien t. The RF and SNR metho ds are useful in a lo cal database system en vironmen t as w ell

b ecause they p erform b etter ev en for the lo cal pro cessing costs alone.

W e assumed unlimited main memory for the cost mo del, whic h is not alw a ys true in a real situ-

ation. It ma y rev eal in teresting (not opp osite) results to elab orate on the cost mo del b y considering

the a v ailable main memory size in a virtual memory arc hitecture.

App endix

A Deriv ation of Non-base Data P arameters

Pro vided with the base set of data parameters (Section 5), the other data parameters are deriv ed

as follo ws.

W e can think of N

t

as the n um b er of tuples generated when w e `
atten' a corresp onding SNR.

The cardinalit y of S

1

is N

s

1

, and eac h tuple of S

i

is replicated �

ij

times when 
attened with its
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nested subrelation S

j

. Hence,

N

t

= N

s

1

Y

h NSRNFT ( S

i

) ; NSRNFT ( S

j

) i 2 E (NFT)

�

ij

(39)

where E (NFT ) denotes the set of edges in the NFT. h NSRNFT( S

i

), NSRNFT( S

j

) i 2 E (NFT) means

that S

j

is an immediate nested subrelation of S

j

.

Since corresp onding SFR and SNR ha v e the same set of attributes,

T

t

=

n

s

X

k =1

T

s

k

(40)

Since b oth S

1

and F

1

con tain the piv ot relation k ey ,

N

s

1

= N

f

1

(41)

and the other N

s

i

's ( i 6= 1) are computed from Equation 5 as follo ws.

N

s

k

= N

s

1

Y

h NSRNFT( S

p

) ; NSRNFT( S

q

) i 2 P

1 k

�

pq

for k = 2 ; 3 ; � � � ; n

s

(42)

where P

1 i

denotes the path from NSRNFT( S

1

) to NSRNFT( S

i

) in the NFT.

A nested subrelation S

k

has no EJAs. Therefore, T

s

i

= T

f

i

(1 � �

f

i

) if no merging of RF's is

needed. In general, T

s

k

is the total size of RF tuples merged to pro duce S

k

after stripp ed o� their

EJAs. (See Section 4.2.2.3 for �

k

.)

T

s

k

=

X

F

i

2 �

k

T

f

i

(1 � �

f

i

) (43)
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