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Abstract

Previous works on buflcx allocation are based f~il$lwr

exclusively on the availability of buffers at r{ll)timc or

on the access pat t eras of queries. In this paper We p re-

pose a unified approach for buffer allocation in which

both of these considerations are taken into accou at.

Our approach is based on the notion of marginal y~~ins

which specify the expected reduction cm page faults in

allocating extra buffers to a query. Simulation results

show that our approach is promising, and allocation

algorithms based on marginal gains perform cousidw-

ably better than existing on’es.

1 Introduction

Early stndi<s on buffer allocation in database nutuage-

meut systems focus on aclapting memory man agen lent

techniques nse(i in operating systems [5, 9, 12]. In their

frameworks, allocation is based only on the availal)il-

ity of buffers at, runtlime. On the other hand, rcceu(

works on buffer management [2, 11] focus Cxcltlsively

on the access lmtteras of queries, and they show (hat,

their proposals give better pt=rformallcc WSUIIS [l]all

the former approaches.

In this paper we propose a unified approach for

buffer allocation in which bot,h the access pat hwns of

queries and t Iw availabil it,y of buflbrs a{ runti me a,rr

taken into account. The objective is to provide the

best possible use of buffers; a buffer is well-used if its

allocation results in many page hits. The basis of our

approach is the notion of mar-gin al gains which specify

the expected” number of page bits that would be ol)-

(ainecl in allocating extra. buffers to a query, In the

first half of t,bis paper, we describe how to compute

marginal gains based on (he mathematical models we

establish for each type of accesses patterns exhibited

by re]a.tional operations. Thea we propose a class of

buffer allocation algorithms that make use of marginal

gains to hanclle allocation. Simulation results indicate

that our approach is promising and our algorithms per-

form considerably better than the existing ones.

In section 2 we review related work and motivate

the research described in this paper. In section 3 we

present mat hematlical models for computing the eX-

pected number of page faults for each type of database

references. Then based on those models, we introduce

in section 4 the notion of marginal gains. In section

5 we describe a class of buffer allocation algorithms

based on marginal gains. Finally, we present in sec-

tion 6 simulation results that rolnpare the performance

of our ai,gori(hms with other allocation methods, We

conclude with a discussion on ongoing research.

2 Related Work
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In relational database manngenwnt systems, t]lr I)liffer

manager is responsible for all the operatliolls on buffers,

including buffer assignment. to qiwri&, replacement,

clecisions and buffer reads and writes in (he event of

page faults. As outlined iu Figure 1, it is also inl-

plicitly responsible for load control, When buffers arc>

available, the manager needs to decide whether to ac-

t,ivate a clnery in {he waiting q awe and how many

buffers to allocate to that, query, While these deci-

sions may depeucl on many factors, previous proposals

on buffer allocation focus on the availability of buffers

at runt ime and the access patterns of queries. These
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Figure 1: Buffer Manager and Related Components

proposals can be classified into two groups.

Allocation algorithms in the first group consider

only the availability of buffers at runtime. They in-

clude early stuclies on database buffer nlanagement,[5,

9, 12]. ‘Their focus is on adapting memory manage-

ment techniques used in operating systems to database

systems. Those techniques include variations of First-

h-l? irst-(.lut (FIFO), Ranclorn, Least-Recently-Used

(LRV ), Clock, and JVorking-Set. However, as they

fail to take advantage of the specific access patterns

exhibited by relational database queries, they do not

perform satisfactorily~2].

Allocation strategies in the second group consider

exclusively the access patterns of queries. In the inlple-

mentat$ion of IN C.RES[13], Kaplan [7] proposes alloca-

tion on a relation basis. But Sacca and Schkolnick[l 1]

were the first 10 analyze the reference patterns of re-

lational queries and incorporate such knowledge into

buffer allocation based on a Hot-Set model. This al>-

proach of buffer allocation is culminated in the work

of c’bou and DeJVitt[2]. They introduce the notion of

a locality set of a query, i.e. the number of buffers a

qlwry needs to use without, many page faults. They

propose the DBMIN algorithm that makes allocation

equal to the size of the locality set. Simulation re-

sults show that DBMIN outperforms the IIoi,-,Set algo-

rithm and the algorithms referred to in the first group,

(!ornell and Yu [4] recently propose integrating buffer

mana,gemellt with qllery optimization. ‘rhey also cle-

tcvmine the buffer requirements of queries basecl on

their access patterns, without, considering the’ actual

availabilii,y of 1.)uffers at runtime. Table 1 summarizes

(I1P two ~roups of buffer allocation strategies discussed

above.

\Vhile the strength of DBMIN and other algorithms

referred to in the seconcl group lies in their consid-

eration of the access patterns of queries, their Wf?ali-

ness arises from their obli~iou of runlime conclitions,

such as the availability of bllffers. Thifi imposes heavy

penalties on the performance of the whole system, such

as low buffer utilization and throughput. For example,

suppose the access pattern of a nested loop requires 18

algorithms access patterns avadablllty of

of queries buffers at runtlme

FIFO, Random, LRU, I — I \

Clock, Working-Set

Hot-Set, DBMIN d
proposed algorithms ;

Table 1: Classification of Allocation Algorithms

buffers to be allocated. Now even if there are 17 buffers

available, I)BMIN still insists that this query waits for

18 buffers to be available. Thus, 17 buffers are left idle.

In situations where resources are scarce and buffers are

precious, idle buffers should be minimized.

On the other hand, consider the allocation for

queries requiring random refereu ces, such as selections

using uomclustered index. DBMIN allocates 1 buffer

to a random reference. Suppose there are 5 buffers

available and the only query in the waiting queue is a

random query. Again since DBMIN does not consider

the availability of buffers, DBMIN assigns 1 buffer to

the reference and lets 4 buffers idle.

These problems lead us to study a unified approach

in buffer allocation which simultaneously takes into

account the access patterns of queries and the avail-

ability of buffers at runtime. Consiclering the above

examples again, our aim is to clesign algorithms that

have the flexibility of allocating 17 buffers to the first

query aucl 5 buffers to the random qllery. But then

based on what criteria are those allocations justified?

In particular, when query .4 is competing with query

B for buffers how can the decision of allocating buffers

to /! but not, to B be justified?

The answer we proposed is to give allocations that

make the best, use of buflers. Intuitively, a buffer is

well-usecl if its allocation results in many page hits.

‘llus, in next, section we first present mathematical

models analyzing the expected number ‘of page faults

for relational database references. Based on those for-

mal moclels, we develop the notion of marginal gains

which quantify how well a buffw is used.

3 Models for References

In this section we first review the taxonomy proposed

by Chou and DeW’itt[2] for classifying reference pat-

] [lnder circumst antes very rare in practice, D13MIN may al-

locate b bdfers to a random reference, where b is the Yao est i-

mat e on the average number of pages referenced in a series of

random record accesses [14]. In reality, Yao estimates are usw

ally too high for allocation. For example, for a blocking factor

of 5, the Yao estimate of accessing 100 records of a 1000-record

relation is 82 pages. Thus, DBMIN almost always allocates I

buffer to a random reference.
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terns exhibited by relational database queries. We

analyze in detail the major types of references, and

present mathematical models and formulas calculat-

ing the expected number of page faults using a given

number of buffers. Based on these models, we formal-

ize the notion of marginal gains in the next section.

3.1 Types of Reference Patterns

In [2] Chou and DetVitt show how page references of

relational database queries can be decomposed into se-

quences of simple and regular access patterns. They

identify four major types of references: random, se-

quential, looping and hierarchical. A random refer-

ence consists of a sequence of random page accesses.

A selection using a nomclust,ered index is one exan-

ple. The following definitions formalize this type of

references.

Definition 1 A referen m Re f of length k to a rela-

tion is a sequence < P1, Pz, . . . . P~ > of pages of the

relation to be read in the given order. ❑

Definition 2 A random reference RA. ,jv of length k to

a relation of size N is a reference < PI, . . . . Pk > such

that for all 1 < i, j ~ k, P, is uniformly ~listributed

over the set of all pages of the accessed relation, and

P, is independent, of PJ for i # j. ❑

In a sequential reference, such as a selection using

a clustered index, pages are referenced and processed

one after another without repetition.

‘Definition 3 A seqttentta[ reference Sk,N of length k

to a relation ef size N is a reference < PI, . . . . Pk >

such that for all 1 < i, j ~ k < N, P, + PJ. ❑

W’hen a sequential reference is performed repeat-

edly, such as in a nested loop join, the reference is

called a looping reference.

Definition 4 A looprng referej~ ce Ck ,t of length L is a

reference < P1, . . . PK > such that for some f < k,

i) Pi # Pj, for all 1 < i,j <f, and

ii) P,+ f= P,, forl~i<k–t

The subsequence < PI, . . . . Pt > is called the loop, aud

t is called the length of the loop. ❑

Finally, a hierarchical reference is a sequence of page

accesses that form a traversal path from the root down

to the leaves of au index. In [10] we show how the anal-

yses for random, sequential and looping references can

be applied to hierarchical references and other more

complex types of references. Hence, due to space linli-

tations, here we present mathematical models only for

the three types of references. In particular we give

formulas for computing the expected number of page

faults using a given number of buffers s.

Definition 5 Let Ej(Re$, s) denote the expected

number of page faults caused by a reference Re f using

s buffers, where Ref can be ~~,t, ~.~,N or Sk, N. ❑

3.2 Random References

Throughout this section, we use P(~, k,s, N) to denote

the probability that there are ~ faults in k accesses to

a relation of size N using s buffers, where s ~ 1 and

O s .f s k. Thus for a random reference, the expected

number of page faults is given by:

k

Ef(’R~>N, S) = ~ f * P(f, k, S, N) (1)

.f=l

To model a random reference, we set up a Markov

chain in the following way. A state in the Markov

chain is of the form [f, k] indicating that there are

f faults in k accesses for f < k. In setting up the

transitions from states to states, there are two cases to

deal with. In the first case, the number ~ of faults cloes

not exceed the number s of allocated buffers. Thus,

there must be f distiuct pages kept in the buffers after

f faults. Now consider a state [f, k] in the chain. There

are two possibilities to have j faults in k accesses. If

the last access’ does not cause a page fault, that is

with a prohahility f/N, then there must be f faults

in (k — 1) accesses. In other words, there is an arc

from state [f, k – 1] to state [f, k] with a transition

probability of j’/N. The other arc to state [f, ~] is

from state [f – 1,k – 1]with a transition probability

of (N — f + 1)/N. This corresponds to the case when

there are (f – 1) faults in (k – 1) accesses, and the last

page accessed is not, one of the (f – 1 ) pages being kept,

in the buffers. Hence, the case for f < s is summarized

by the following recurrence equation:

P(j, k,s, N)= f/N* P(f, k-l, s, N)+

(N- f+l)/N* P(~-l, k-l, s, N), f5s (2)

In the second case, the number f of faults exceeds

the number s of allocated buffers. Local replacement?

must, have taken place, and there are always s pages

kept, in the buffers. Similar to the shove aualysis for

the case J ~ s, the situation for j“ > s is summarized

by the following recurrence equation:

P(j, L,s,N) = s/N *P(flk– l, S,N) +

(N–s)/fv *P(j’-l, k-l,.$, N), f>.s (3)

2Since the reference is random, the choice of local replace-

ment policies is irrelevant.
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In addition, the base case is P(O, O,s, N) = 1 for all

s ~ 1. Thus, the expected number of page faults

E~(R~ ,N, S) can be computed according to Equation

1. Unfortunately, except for the case where s = 1,

we do not have a simple closed form formula for

E.f(R~ ,N, s). But the formula below gives very close

approximations to the actual values:

~f(~k,N, S) ~
{

N*[l– (1 – l/N)~],
k <‘0 (4)

s+(k–ko)*(l– s/N), kzko

where k. = in( 1—s/N) / in(l —l/N). Intuitively, k. is

the expected number of page accesses that fill all the s

buffers. Thus, the top row of the formula corresponds

to the case where none of the buffers that have been

filled needs to be replaced. This first case uses Carde-

nas’ formula [1] which calculates the expected number

of distinct pages accessed after k random pages have

been selected out of IV possible ones with replacement.

More accurate results may be obtained with Yao’s for-

mula [14], which assumes no replacement. All these

formulas make the uniformity assumption; its effects

are discussed in [3]. The second row corresponds to

the case when local replacement has occurred. Then,

s faults have been generated to fill the s buffers (which

take k. page accesses on the average); for the remain-

ing (k —ko) requests, the chance of finding the page in

the buffer pool is s/iV.

3.3 Sequential References

Recall from Definition 3 that, each page in a sequen-

tial reference Sk ,N is accessed only once. Thus, the

probability of a page being re-referenced is O. Hence,

a sequential reference can be viewed as a degenerate

random reference, and the formula below is c?bvious:

~f(&,N, S) = k (5)

3.4 Looping References

Recall from condition (i) of Definition 4 that within

a loop, a looping reference .C~,~ is strictJy seqnentia.1.

Thus, based on Equation 5, t page faults are generated

in the first iteration of the loop. Then there are two

cases. Firstly, if the number s of allocated buffers is

not less than the length t of the loop, all pages in the

loop are retained in buffers, and no more page faults

are generated in the remainder of the reference. The

choice of a local replacement policy is irrelevant in this

case.

In the second case, if the number s of allocated

buffers is less than the length t of the loop, the lo-

cal replacement policy plays a major role in determin-

ing the number of page faults generated by a looping

reference. In [10] we present analytical results for loop-

ing references under the replacement policies: First-In-

First-Out, Random, Fix-Set and Most-Recently-Used

(MRU). We also prove that MRU is the optimal re-

placement policy for looping references. Thus, here

we present the results for MRU only. The analysis of

MRU can be best explained by an example.

Example 1 Consider a looping reference with the

loop < a, b, c, d, e >. Suppose s = 3 buffers are avail-

able for the reference. The following table summarizes

the situation under MRU.

1234516789 /10111213
B bcdelab cdl eabc

** %*
a bcde abed eabc

a bbb ea aa deee
aaa beee addd

14 15161711 S1920 21122232425
deablcdea Ibcde
** ** **
de b cdea bcde
c d id bccc abbb
eccc dbbb ca aa

The first row of the table indicates the numbers of

page accesses. The second row shows the order the

pages are accessed for five iterations of the loop. If a

page hit occurs, the access is marked with an asterisk.

The last three rows of the table indicate the pages

kept in the buffers after that page access, with ~he

page most frequently used in the top row.

This example demonstrates a few important prop-

erties of MRU. First note that there are five “mini-

cycles” of length four which may not align with the

iterations of the loop. They are separated by vertical

lines in the table above. These mini-cycles also fol-

low a cyclic pattern, namely the twenty-sixth access

of the table will be exactly the same as the sixth ac-

cess, and so on. Furthermore, within each mini-cycle,

there are two “resident.” pages – those that are not

swapped out in that mini-cycle. For instance, for the

first mini-cycle, the resident pages are a and e. Note

that these resident pages are the pages that begin the

next mini-cycle, avoiding page faults for those accesses;

this property is exactly the reason why MRU is opti-

mal. ❑

In general, given a loop of length t, the mini-cycles

are of length (t – 1). In other words, in (t – 1) it,-

erations of the loop, there are t different mini-cycles.

Furthermore, these mini-cycles recur every (t – 1) iter-

ations of the loop. Then in each mini-cycle, there are

(s – 1) resident pages. Thus, there are (t – s) faults

in each mini-cycle. Hence, on the average, there are

(t – s) * t /(t – 1) faults in each iteration of the loop.
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Thus, the equation below follows immediately:

~f(&,t, s)=t+(t-s) *t*

(k/t - I)/(t - 1), s < i (6)

Thus far, we have described analytical models for

random, sequential and looping references. We have

also presented formulas for computing the expected

number of page faults using a given number of buffers.

We are now in a position to introduce the key concept

of this paper – marginal ga2ns3.

4 Marginal Gains

Definition 6 For s ~ 2, the marginal gain of a refer-

ence Ref using s buffers is defined as:

mg(Ref, s) = Ef(h?ef, s – 1)– Ej(Ref, s),

where Ref can be Lk,t, R.~,N and Sk,N. c1

For any reference Ref, the marginal gain value

n?y(R, ef, s) specifies the expected number of extra

page hits that would be obtained by increasing the

number of allocated buffers from (s – 1) to s. Thus,

marginal gain values specify quantitatively how effi-

ciently a reference uses it; buffers. Moreover, this

quantification is at a granularity level finer than the

Iocalit y set sizes used in DBMIN. For instance, a buffer

allocation algorithm based on marginal gains can now

decide whether it is beneficial to allocate 17 buffers

to a looping reference. which needs 18. In contrast,

DBMIN can only allocate on a per locality-set-size ba-

sis, and can only wait for 18 buffers to be available.

Similarly, when there are idle buffers, an allocation

algorithm based on marginal gains may allocate to a

random query more buffers than specified by its local-

ity set size, provided that the marginal gain values of

the random query are positive. While in the next, sec-

tion we present buffer allocation algorithms based on

marginal gains, here we first analyze how the marginal

gain values vary with the number of buffers. This anal-

ysis is crucial in designing the allocation algorithms to

be presentecl.

To a looping reference ,Ck,t, it is straightforward to

see from Equation 6 that for any allocation s < t, ex-

tra page hits would be obtainecl by allocating more

and more buffers to the reference, until the loop can

be fully accommodated in the buffers. The alloca-

tion s = i is the optimal allocation that generates the

fewest page faults. Furthermore, any allocation s > t

3The concepts of marginal gain and marginal utility have

been widely used in ecomonics theory since the 18th century[8].

Here we merely apply the concept to database buffer allocations.

is certainly wasteful, as the extra buffers are not used.

The graph for looping references in Figure 2 summa-

rizes the situation. The typical marginal gain values

of looping references are in the order of magnitude of

0(10) or 0(102).

As far as looping references are concerned, DBMIN ~

certainly agrees with our analysis in requiring the lo-

cality set size to be the length of the loop. However,

one weakness of DBMIN lies in its insistence on opti-

mal allocation for looping references. Such inflexibility

may impose heavy penalties on performance.

Similarly, based on Equations (2)-(4), it is easy to

check that the marginal gain values of random refer-

ences are positive, but are strictly decreasing as the

number of allocated buffers s increases, as shown in

Figure 2. Eventually, the marginal gain value becomes

zero, when the allocation exceeds the number of ac-

cesses or the number of pages in the accessed relation.

To random references, DBMIN allocates either 1 or

b buffers where b is the Yao estimate on the average

number of pages referenced in a series of random record

accesses[14]. Again DBMIN is not flexible enough to

take advantage of available buffers at runtime. In con-

trast, a buffer allocation algorithm based on marginal

gains may allocate the idle buffers to the random ref-

erence, as long as the marginal gain values of the refer-

ence indicate that there are benefits to allocate more

buffers to the reference. In fact, even if the number

of idle buffers exceeds the Yao estimate, it may still

be beneficial to have an allocation beyond the Yao

estimate. It is however worth pointing out that the

marginal gain values of a random reference are nor-

mally lower than those of a looping reference. The

highest marginal gain value of a random reference is

typically in the order of magnitude of 0( 1) or 0( 10-1 ).

Finally, as shown in Equation 5, the marginal gain

values of sequential references are always zero, indicat-

ing that, there is no benefit to allocate more than one

buffer to such references (cf. Figure 2).

III this section we have formalized the notion of

marginal gains and analyzed how the marginal gain

values vary with the number of buffers. Next we

present buffer allocation algorithms based on the anal-

ysis presented here.

5 Allocation Algorithms Based

on Marginal Gains

As we have shown in the previous section, the marginal

gain values of a reference quantify the benefits of al-

locating extra buffers to the reference. Thus, in a

system where queries compete for a fixed number of
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Figure 2: Typical Curves of Marginal Gain Values

buffers, the marginal gain values provide a basis for

a buffer manager to decide which queries should get

more buffers than others. Ideally, given IV free buffers,

the best allocation is the one that, does not exceed

fV and that maximizes the total marginal gain val-

ues of queries in the waiting queue. However, such an

optimization will be too expensi~:e and complicated

for buffer allocation purposes. Furthermore, to ensure

fairness, we favor buffer allocation on a First-Come-

First-Serve basis. In the following we present a class

MG-x-y of allocation algorithms that are fair, easy to

compute, and thai, achieve high marginal gain values.

5.1 MG-x-y

M“G-x-y is a class of buffer management algorithms

very similar to DBMIN. The only, but very impor-

tant, difference between MG-x-y ancl DBMIN lies in

the initial decision at load control time on the number

of buffers to be allocated to each query (cf. Figure

1). In DBMIN, this number of buffers is always the

locality set size. In MG-x-y, in addition to the locality

set, size, the number of available buffers at load control

time is also taken into consideration. The algorithm

shown below describes how MC7-x-y makes such allo-

cation decisions. Once the number of buffers to be

allocated to a query is decided, MG-x-y operates in

exactly the same way as DBMIN. See [2] for more de-

tails, such as the handling of page faults, and so on.

Whenever buffers are released by a newly completed

query, MG-x-y invokes the algorithm below to try to

activate the query at the head of the waiting queue by

making a positive buffer allocation to the query. As

long as there are buffers left, MG-x-y invokes this al-

gorithm repeatedly, until the query then at the head

of the waiting queue gets an allocation of zero buffers.

Then all the queries in the waiting queue must wait for

more buffers to be released (i.e. strictly First-Come-

First-Serve). Recall from previous sections that we

identify sequential, random and looping references as

the most basic references. For the ease of present a-

tion, the following algorithm only considers these three

types of references.

Algorithm Allocate Let R be the reference at the

head of the waiting queue, and ,4>0 be the number

of available buffers. Moreover, let z and y be the pa-

rameters of MG-x-y to be explained in detail shortly.

Case 1: R is a looping reference ,Ck,t.

If the number A of available buffers exceeds the length

tof the loop, allocate t buffers to the reference. Other-

wise, if the number of available buffers is too low (i.e.

A < (~’%o * t)), allocate no buffers to this reference.

Otherwise (i.e. A z (z% * t)), give all A buffers to

the reference R.

Case 2: R is a random reference ~~,N.

As long as the marginal gain values of R are positive,

allocate to R as many buffers as possible, but not ex-

ceeding the number A of ‘available buffers and y (i.e.

allocation ~ minimum (A, y)).

case 3: R, is a seqt~ential reference Sk ,N.

Allocate 1 buffer. ❑

5.2 Parameters of MG-x-y

MG-x-y has two parameters, r atid y. The x param-

eter is used in determining allocations for looping ref-

erences. As described in Case 1 above, MCkx-y first

checks to see if the number of available buffers exceeds

the length of the loop of the looping reference. Re-

call from the previous section and Figure 2 that the

allocation which accommodates the whole loop nlini-

mizes page faults and corresponds to the highest to-

tal marginal gain values of the reference. Thus, if

there are enough buffers, then like DBMIN, MC;-x-y
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query query selec- access path join access path reference

type operators tivity of selection method of join type

I select(A) 10 % clustered index — S50500
II select(B) 10 % non-clu

—

III select(A) M B 1% sequential scan index join non-clustered index on B 7ZliJo]5
wtered index I

— — 7?30,15
I

1 IV select(A) D(B 4% clustered index nested loop sequential scan on B c30Ll15

Table 2: Summary of Query Types

gives the optimal allocation. However, if there are not

enough buffers, MG-x-y checks to determine whether

a sub-optimal allocation is beneficial, via the use of

parameter x.

In general, the response time of a query has two com-

ponents: the waiting time and the processing time,

where the former is the time from the arrival of the

query to the time the query is activated, and the lat-

ter is the time from activation to completion. The

processing time is minimized with the optimal alloca-

tion. But to obtain the optimal allocation, the waiting

time may become too long. On the other hand, while a

sub-optimal allocation may result in longer processing

time, it may at the end give a response time shorter

than the optimal allocation, if the reduction in waiting

time more than offsets the increase in processing time.

Hence, in trying to achieve this fine balance between

waiting time and processing time, MG-x-y uses the

heuristic that a sub-optimal allocation is only allowed

if the total marginal gain values of that allocation is

not too “far” away from the optimal. This require-

ment, translates to the condition shown in Case 1 that

a sub-optimal allocation must be at, least .C% of the

optimal one.

While the inflexible DBMIN cannot take advantage

of available buffers for allocation to random references,

MCLx-y may allocate extra buffers to a random refer-

ence, as long as those extra buffers are justified by the

marginal gain values of the reference. However, there

is a pitfall simply considering only the marginal gain

values of the random reference. As an example, sLip-

pose a random reference is followed by a looping refer-

ence in the waiting queue. In situations where buffers

are scarce, giving one more buffer to the random ref-

erence implies that there is one fewer buffer to give to

the looping reference. But since the marginal gain va-

lues of a looping reference are usually higher than those

of a random reference, it is desirable to save the buffer

from the random reference and to allocate the buffer

to the looping reference instead. Since MG-x-y oper-

ates on a First-Come-First-Serve basis, MG-x-Y uses

the heuristic of imposing a maximum on the number

of buffers allocated to a random reference. This is the

Table 3: Details of Relations

purpose of the y parameter in MG-x-y.

Notice that MG-1OO-1 is the same as DBMIN. Thus,

the class MG-x-y generalizes DBMIN by allowing more

flexibility in allocation. But note that for the research

described in this paper, it is not our focus to find the

best z and y parameters for MG-x-y for a given mix of

queries. Instead, our main purpose is to show that it

is beneficial to perform flexible buffer allocation based

on marginal gains which incorporate in the allocation

both the access patterns of queries and the availability

of buffers at runtime. Methods of determining the best,

values of z and y are a topic of ongoing research.

6 Simulation Results

In this section we present simulation results on the

performance of h’IG-x-y in a multiuser environment.

As C11OUand DeWitt have shown in[2] that DBMIN

performs better than the Hot-Set algorithm, First-In-

First-Out, Clock, Least-Recently -[Jsed and Working-

Set, we only compare NfC;-x-y with DBMIN.

6.1 Details of Sinmlation

In order to make direct comparison with DBMIN, we

use the simulation program C11OUand DeWitt used for

DBMIN, and we experiment with the same types of

queries. Table 2 summarizes the details of the queries

that are chosen to represent varying degrees of demand

on CPU, disk and memory [2]. Table 3 and Table 4

show the details of the relations and the query mixes

used in the simulation respectively. In the simulation,

the number of concm-rent queries (denoted as the mul-

tiprogramming level in the figures shown in this sec-
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Table 4: Summary of Query Mixes
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Figure 3: Mix 1, no Data Sharing

12

tion) varies from 2 to 16 or 24. Each of these con-

current queries is generated by a query source which

cannot, generate a new query until the last query from

the same source is completed. Thus, the simulation

program simulates a closed system. See [2] for more

details.

6.2 Effectiveness of Allocations to

Randonl References

The first mix of queries consists of 45% of queries of

type II, 45% of queries of type III and 10’%oof queries

of type I. The purpose of this mix is to evaluate the

effectiveness of the policy of MG-x-y on allocating

buffers to random references (e.g. query II and III).

Since there are no looping references in this mix, the

x parameter of MG-x-y is irrelevant and is simply set

to 100. The g parameter is one of the following; 1

(DBMIN), 8, 12, 13, 14 and 15. Figure 3 shows the

throughput at various multiprogramming levels using

35 buffers. TO highlight the increase or decrease rela-

tive to DBMIN, the throughput values are normalized

by the values of DBMIN, i.e. MG-x-y / DBMIN.

Compared with DBMIN, all other MG-100-y algo-

rithms show a significant increase in throughput. As

the y value increases from 1 to 15, the throughput in-

creases gradually until y becomes 15. The increase in
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Figure 4: Mix 2, no Data Sharing

throughput can be attributed to the fact that the ran-

dom queries are benefited by the allocation of more

buffers. But when too many buffers (e.g. y = 15) are

allocated to a random query, some of the buffers are

not used as efficiently as they would have been, had

they been allocated to other queries.

6.3 Effectiveness of Allocations to

Looping References

The second mix of queries consists of 70’%0of queries of

type IV and 10% each of queries of types I, II and III.

The purpose of thii mix is to evaluate the performance

of MG-x-y in situations where there are many looping

references to be executed. The z parameter of MG-x-y

is set to one of the following: 100, 85, 70 and 50. The y

parameter is one of 1, 6, 1’2 and 15. Figure 4 shows the

throughput of MG-1OO-1, MG-1OO-12 and MG-50-y’s

at, various multiprogramming levels using 35 buffers4.

Again, the throughput, values are normalized by the

values of DBMIN.

All four MG-50-y algorithms show considerable im-

provement when compared with DBMIN. In particu-

lar, since the al-locations for random and sequential ref-

erences are the same for both M&50-1 and MG-lOO-

1, the improvement exhibited by MG-50- 1 relative to

MG-1OO-1 is due solely to the effectiveness of allocating

buffers sub-optimally, whenever necessary, to looping

references. As explained in the previous section, the

improvement shown by MG-50-6 ancl MG-50- 12 with

respect to MC~-50- 1 is due to more effective allocations

to random references. The reason why little improve-

4The results for MG-70-y ’s and MG-85-y ’s are similar to

those for MG-50- y ‘s, and they are omitted for brevity.
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ment is shown between MG-50- 12 and MCL50- 1 is that

there is only a small percentage of random queries in

this mix. Finally, for reasons described in the previ-

ous subsection, MG-50-15, though performing better

than DBMIN, does not perform as well as the other

MG-50-y algorithms.

Since the Yao estimates for the random queries used

are 12, the algorithm MC~-100-12 to a certain ex-

tent represents the “optimal” algorithm, as it allocates

buffers to minimize the number of page faults of the

reference. However, such optimal allocations may in-

duce a high waiting time for queries, resulting in low

buffer utilization and throughput of the system. See

[10] for graphs comparing ~he average waiting time

of queries and buffer utilization under MG-x-y algo-

rithms and DBMIN.

Thus far, we have seen how the performance of MG-

x-y varies with -different values of x and y. Figure

5 shows how the relative throughput varies with the

number of total buffers used in running this mix of

queries at a multiprogramming level of 85. It shows

that when the number of total buffers becomes 30,

MG-50-12 allows sub-optimal allocation to a looping

reference, and the throughput of the system increases

significantly. As the total number of buffers increases,

MG-70-12 and MG-85-12 follow MG-50-12 and per-

form better than DBMIN and MG-1OO- 12. The dis-

crepancy is due to the insistence of DBMIN and MG-

100-12 on the optimal allocation to a looping reference

(18 in this case), which is blocking other queries from

using the buffers. Now when this reference finally nlan-

ages to get the optimal number of buffers (i.e. when

5The graphs for other multiprogramming levels show similar

shapes [l O].
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Figure 6: Mix 2, full Data Sharing

the total number of buffers becomes 36), DBMIN per-

forms not too much worse than the others. In this

case, the difference in throughput is due to the effec-

tive allocations to random references by the MG-x- 12

algorithms. If the graph extends to higher numbers of

total buffers, we expect that a similar pattern of di-

vergence in throughput appears before every multiple

of 18, though the magnitude will probably decrease.

6.4 Effect of Data Sharing

In the simulations carried out so far, every query can

only access data in its own buffers. To examine the

effect of data sharing on the relative performance of

MG-x-Y and DBMIN, we also run simulations with

varying degrees of data sharing. Figure 6 shows the

relative throughput of MG-50-y ’s, MG- 100-12 aud DB-

MIN running the second mix of queries with 35 buffers,

when each query has read access to the buffers of all

the other queries, i.e. full data sharing.

Compared with Figure 4 for the case of no data. shar-

ing, Figure 6 indicates that data sharing favors the

MG-x-Y algorithms. This is not surprising because

sub-optimal allocations give higher buffer utilization

which in turn causes higher throughput,, as data can

be shared.

In sum, our simulation results indicate that MG-x-y

shows considerable improvement over DBMIN. With

the first mix of queries, MG-x-y is able to take advan-

tage of idle buffers and allocate extra buffers to ran-

dom queries. With the second mix of queries, MG-x-y

also gives higher throughput, higher buffer utilization

6For other query mixes we have used, the same phenomenon

occurs [1 O].
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and lower waiting time for queries than DBMIN. These

results demonstrate the effectiveness of sub-optimal al-

locations to looping references. Finally, if data sharing

is allowed among queries, the improvement in perfor-

mance using MG-x-y is even bigger.

7 Conclusions

In summary, the principal contributions reported in

this paper are as follows. First, we have proposed a

unified approach for buffer allocation in which both

the access patterns of queries and the availability of

buffers at runtime are taken into consideration. This

is achieved through the notion of marginal gains which

give an effective quantification on how buffers can be

used efficiently. Second, we have designed a class MG-

x-y of allocation algorithms based on marginal gains.

Generalizing DBMIN, these” algorithms maximize the

use of buffers. Simulation results show that our ap-

proach is promising, and our algorithms MG-x-y give

higher throughput, higher buffer utilization and lower

waiting time for queries than DBMIN. These results

confirm our beliefs that idle buffers should be mini-

mized, and that sul>-optirnal allocations, when han-

dled properly, can improve the overall performance of

the system.

In ongoing research, we are investigating extensions

to MG-x-y, where the ruutime conditions considered

in buffer allocation include the characteristics of the

queries already activated into the system[6]. W’e are

also studying methods of finding the optimal z and

y values of MG-x-y. Furthermore, we are considering

derivation of formulas for the marginal gain values of

more complex queries (such as sort-merge joins, etc.),

and formal analysis for data sharing.
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