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Abstract. We present a simulation study of several prefetching policies
to improve the 1/O performance of external merging using parallel 1/0O.
In particular we consider traditional sequential prefetch, forecast-based
greedy prefetching, and oblivious prefetching. In conjunction with the
prefetching policies we evaluate the benefit of two different data place-
ment strategies: run-level striping and block-random placement, in the
presence of data skew.

We show that the I/O performance is greatly improved by using forecast-
ing techniques. This method outperforms the other policies in achieving
higher disk parallelism, and scales well with increased numbers of disks
and increasing data skew. Additionally, the performance of block-random
data placement is shown to be uniformly good, independent of the data
skew, while the performance of run-level striped placement degrades with
increasing skew.

1 Introduction

The increasing imbalance between the speeds of processors and 1/O devices has
resulted in the I/O subsystem becoming a bottleneck in many applications. The
use of multiple disks to build a parallel /O subsystem has been advocated to
increase I1/O performance and system availability [4], and most high-performance
systems incorporate some form of I/O parallelism. In applications like database
systems that perform large amounts of 1/O the parallelism can provide significant
performance improvements.

External (disk-based) merging is an important I/O-bound problem occurring
frequently in database applications. In our study of parallel I/O we will use this
problem as a representative case study. The input in the external merge problem
consists of a number of sorted runs of data* that need to be merged together
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into a single sorted run. Typically the runs are too large to all fit in primary
storage, and hence the algorithm must perform the merge with only a limited
amount of main memory. In multiple-disk systems it may be possible to improve
the performance of external merging by placing the data on several disks which
can be accessed in parallel. This raises the problem of deciding how to store the
data on the disks (data placement problem), and the problem of deciding which
blocks to read in parallel (prefetching algorithm).

In this paper we consider the data placement and prefetching problems for ex-
ternal merging using multiple disks and a limited amount of main-memory buffer.
We compare using simulation, the relative performance of several prefetching
methods, sequential prefetch, greedy scheduling with forecasting and oblivious
prefetching. In conjunction with the prefetching policies, we compare two data
placement methods, run-level striping and block-random placement.

Sequential prefetch with run-level striping is the traditional method employed
in many commercial database systems (e.g. DB2, SQL/DS). The idea of forecast-
ing was originally proposed by Knuth [8], and has since been adapted to several
different contexts to improve merge performance (see Section 4). In our adapta-
tion for run-level striping on multiple input disks, forecasting can be incorporated
with almost no overhead in an on-line manner. For block-random placement, a
small amount of preprocessing of the blocks during run creation is needed to ob-
tain an on-line schedule [2] (see Section 2.3). Our results show that forecasting
results in markedly reduced I/O times and increased disk parallelism, in com-
parison with both sequential and oblivious prefetching schemes. In fact, by spe-
cializing the results of [16] to this problem, it follows that greedy scheduling with
forecasting is the theoretically optimal prefetching algorithm in our parallel-disk
model. In addition, we empirically compare the relative performance of run-level
striping and block-random placement as a function of data skew. While fore-
casting is easier to implement with run-level striping, block-random placement
has certain advantages in some situations. Since the block-random strategy is
insensitive to the actual data values, it has uniformly good performance even for
highly-skewed data. Secondly, if the output of the merge needs to be stored back
on disk rather than consumed immediately, block-random placement facilitates
parallelism in the writes.

The primary mechanism employed to obtain 1/O parallelism is prefetching.
Prefetching refers to the reading of a data block from a disk before it is needed
by the computation. When a read operation is initiated at a disk, prefetch op-
erations for blocks from other disks may also be scheduled in the same parallel
I/O step, thereby increasing the I/O parallelism. These prefetched blocks are
held in the disk buffer until they are needed. A second benefit of prefetching is
the overlap of CPU and I/O operations, whereby CPU operations on memory-
resident data proceed concurrently with the fetch of data not yet required by
the computation.

Figure 1 shows how sequential 1/Os are converted to parallel I/Os by
prefetching. There are two disks holding blocks A;, As and blocks By, Bs respec-
tively. Suppose the computation required the blocks in the order A, By, B2, As.



Rather than wait to read a block when it is requested (which could result in
four non-overlapped I/O operations as in Fig. 1 (a)), prefetching can reduce the
number of parallel /O operations (Fig. 1 (b)): on the first parallel I/O, By is
prefetched from disk 2 along with the demand I/0O for A; from disk 1; on the
second I/0, Ay is prefetched along with By. Also CPU activity that computes
using blocks A;, By can be overlapped with the prefetch of blocks As, Bs, by
initiating the reads earlier. Prefetching implies the ability to predict the future

CPU A By B, Ao CPU Ay, Bi1|B2, Az
DISK 1A Ao DISK 1|A:| A
DISK 2 By B, DISK 2|B1| B:

Fig.1. (a) No overlap (b) Disk-Disk and Disk-CPU overlap

sequence of 1/O requests. If the entire I/O-request sequence is known a-priori,
a minimal I/O schedule may be constructed using an off-line algorithm. In con-
trast, in the external merging problem the I/O-request sequence depends on the
values of data that are known only at run time. In this case the scheduling al-
gorithm needs to forecast the blocks to fetch based on the current state of the
computation. For external merging using run-level striping we show how this
prediction can be made easily at run-time, thereby obtaining an on-line sched-
ule. For the case of random block placement, a small amount of preprocessing
on the blocks during the run creation phase is needed to support the creation of
an on-line schedule.

The rest of the paper is organized as follows. In Section 2 a model of the /0O
system and the details of the external merging problem are described. Simulation
results on the I/O performance of the algorithms are presented in Section 3. In
Section 4, previous work is discussed and compared, and the contributions of
this paper are summarized.

2 Model

The system consists of D loosely-coupled independent disks that can be accessed
in parallel. Each disk has a private disk buffer that is used to buffer data that
have been read from that disk. In this model we disallow remote buffering, and
require that data from a disk can only be stored at the local disk buffer. The
benefit of remote buffering due to sharing of the buffers versus the increased com-
munication traffic in moving data between buffers is highly system-dependent,
and beyond the scope of this paper.

The smallest unit of disk /O is a block. In order to amortize the disk seek
and rotational latencies over several blocks, I/O is done in units of a chain. A
chain is a sequence of n consecutive blocks from a run; n is called the chain
length. In each parallel 1/O step at most one chain on each disk can be read.
The input consists of N sorted runs of data, R1,Ra,---Ry. A run is a sequence



of sorted elements organized in blocks. In run-level striping all the blocks of a
run are placed on a single disk. Assume that the runs are distributed evenly
across the disks, p = N/D runs to each disk. We will refer to a run by (d,r),
where d € {1,---D} is the disk number and r» € {1,---p} is the local number
of the run on disk d. In block-random placement, each chain is placed on one of
the D disks with independent, uniform probability, 1/D. Since successive chains
of a run need not all be on a single disk, a pointer to the location of the next
chain is maintained with each chain. This information is encoded with the chains
at the time the run is created. In addition, in order to implement forecasting
in this situation, each chain also holds the data value of the first element of
the succeeding chain on that disk. No auxiliary information is necessary for the
run-level striped placement.

The standard algorithm to merge the sorted runs works as follows [8]. The
first chain of each run is read into buffer memory. The elements of these blocks are
merged together in sorted order, until one chain exhausts all its elements. Then
an I/0 for the next chain of that run is made, and the merge temporarily halts
until the T/O is complete. The potential parallelism of the multiple disks is not
exploited by this method. In the next two sections we describe how the sequential
prefetch and forecasting algorithms respectively increase the I/O parallelism by
reading from several disks in parallel.

2.1 Sequential Prefetch using Multiple Disks

Sequential prefetch is employed only with run-level striped data placement, and
is the traditional prefetch method used in single-disk systems to overlap CPU
and I/0 operations. This prefetching method employs T-block read ahead for
each run. The parameter T reflects how much earlier an 1/O request is made for
a block before it is actually required by the computation. When the number of
blocks of a run that have not yet been consumed falls below T', an 1/O request
is made for the next chain of that run. The computation proceeds concurrently
with the I/O; an I/O is initiated for every run whose number of buffered blocks
falls below the threshold. If several such requests are made to the same disk, they
are queued and serviced sequentially. Requests made to different disks proceed
concurrently. The disk parallelism is influenced by the threshold T', and the data
distribution [10]. The worst-case amount of buffer memory required for each run
18 T+ n blocks. A common choice of T' that is used is T' = n, whereby we have
1-chain lookahead. In this case a buffer of 2n blocks is required for each run,
and an I/O for the next chain of the run is initiated at the time that the first
element of a chain is consumed by the merge. We assume 7' = n in this paper.
Consider a hypothetical example assuming four runs labeled A, B, C and D,
and two disks. Runs A and B are assumed to be placed on disk 1 and runs C and
D on disk 2. Each run is assumed to consist of twelve blocks, organized as four
chains of 3 blocks each (see Figure 2(a)). The " chain of run A is referred to
as A;; similarly for the other runs. The numbers within brackets represent the
range of data values in that chain; the first (last) number is the value of the first



(last) element of the first (last) block of that chain. Each disk has a buffer of 12
blocks (two chains per run on that disk).

Initially chains A, Cy, B and D are read into buffer memory in two parallel
I/0 steps. When the first element of the first block of a chain is consumed by
the merge, an I/O request is made for the next chain from that run. Hence,
an I/O request is made to disk 1 for As when the first element of A; (1) is
consumed, and a request is made to disk 2 for C; when the first element of
Cy (3) is consumed. The merge continues until the last element of A; (4) is
consumed, at which point the merge is suspended temporarily until the 1/O for
Ao completes. In the example we have assumed that the CPU takes zero time
to consume an element, so that I/Os for both Ay and Cs begin at the same time
(step 3 in Figure 2(b)). After As is fetched, the merge proceeds until the last
element of Dy (7) is consumed. At this time, I/Os for A3 and B; will be pending
at disk 1 (initiated when the first element of A; (5) and the first element of By
(6) respectively were consumed), and a request for Dy will be pending at disk
2. Hence Az and Ds are fetched at the I/O at step 4. Once Ds is fetched the
merge resumes, but stalls again on consuming the last element of By, waiting
for the 1/O for By to complete. Continuing in this manner we see that the entire
computation requires 9 parallel I/Os.

AfJA =1 4][[ A2 =[5---20] |45 = [24---30]]JAs = [31---33]]|
IB]| B1 =[6---8][|B =[10---15][[Bs = [17--- 21]]| By = [23 - - - 35]]]
IC[[C: =[3---22][|C; =[23 - 26][|C5 = [27--- 29][[Cs = [31--- 37]]|

[ 1]

DD =[---7]|D2=[9---14][[Ds =[16 - - 19]|| Ds = [28-- - 45

| [[StepJi2fs]4[5[6] 7 [ 8 [9]
DISKl Run A Al A2 A3 A4
Run B B1 B2 B3 B4
DISK2 Run C Cl 02 C3 C4
Run D D Do D3| Dy
[CPU | [ [ [ADi[Bi[D2]B:D:][A2B:Ci C5]Cs)

Fig.2. (a) Example Data (b) Trace of Sequential Prefetch

2.2 Greedy Prefetching with Forecasting

they will be used. Associated with each disk is a prefetcher whose task is to keep
the corresponding disk buffer full by repeatedly fetching the next chain that
1s required from that disk. Each disk operates independently of the others and
greedily attempts to keep its buffer full by prefetching blocks that are deemed



to be “useful”. If “incorrect” blocks are prefetched then the buffer may fill up
quickly with “unwanted” blocks, and performance will suffer.

When run-level striped placement is used, one can predict the block on any
disk that will be required next by the merge, by examining the blocks from that
disk that are currently present in the buffer. For each run from a disk, consider
the last block of that run that has already been fetched into the buffer. Call this
the last-buffered block of the run. The block from that disk that will be required
next (called the next-required block) will be from the run whose last-buffered
block is exhausted earliest. This can be determined by a comparison between
the last elements of each of the last-buffered blocks from the disk. The one with
the smallest last element, will be the first to be exhausted; the next block from
that run is the one that is required the earliest. Thus, by keeping track of the
last-buffered blocks from each run, and comparing the last elements in these
blocks against each other, the block to be fetched next from any disk can be
determined at run time.

Begin Initialization /* (done once only) */

Vd = la"'aDa Vr = la"'ap7

{

Read first chain of each run (d,r) into buffer in p parallel 1/Os.

Initialize LastFlement[d][r] to the last element of the last block of the chain for run
(d,r).

}

Vd=1,---,D, BufferAvail[d] = (y — p)n;

End Initialization

Do forever in Parallel for all disks ¢

{

/* Buffer manager will release buffers as they are consumed by the merge*/

Wait until (Buf fer Avail[i]> n);

/¥ Find run with smallest last element in the buffer®/

run[i] = k such that LastElement[i][k] = min{LastElement[i][j], Vi =1,---,p }.
Buf fer Avail[i] = Buf fer Avail[i] —n;

Schedule read of next chain of run[i] from disk ¢;

Wait for I/O from disk 7 to be completed;

Let B; be the last element of the last block of the chain just read from disk :.
LastFElement[i|[run[i]] = B;;

}

End do parallel

Fig. 3. Operation of Greedy Prefetcher using Forecasting

Figure 3 presents the operation of the prefetcher in pseudo-code. Each disk
buffer is assumed to be of size nn blocks; n is the chain size, and p 1s the number
of runs on each disk. The variable LastElement[d][r] is the value of the last



element of the last-buffered block of run (d, r). Variable Buf fer Avail[d] tracks
the number of free blocks of buffer memory for disk d. After the first chain of
each run is fetched, n(n — p) free blocks remain in the buffer; these will be used
to hold prefetched data. The merge process exhausts a block and requests the
next block of that run from the buffer manager. If the block is in the buffer,
the buffer manager returns it immediately to the merge process; else the merge
halts till the block is read in. The variable Buf ferAvail[d] is incremented to
reflect the freed buffer. As each I/O completes, LastElement[d][r] is updated
with the value of last element of the last block of the fetched chain of run (d, ).
The prefetcher for a disk initiates an I/O for the next-required chain whenever
the current 1/O completes and there is sufficient buffer space for the next chain.

Figure 4 shows the I/O schedule created for the same four runs as in Fig-
ure 2(a). As before the CPU time has been shrunk to zero. After the first chain of
each run has been fetched (step 2), the last-buffered blocks of disk 1 (respectively
2) are from chains A; and Bj (respectively Cy, Dy). Since the last element of A
(4) is less than the last element of By (8), the next-required chain from disk 1
18 As. Similarly, since 7 < 22, the next-required chain from disk 2 is Dy. Hence,
chains As and Ds are fetched in a parallel /O at step 3. The last-buffered blocks
on disk 1 now belong to the chains As and B;, and the new next-required chain
from disk 1 is By. For disk 2, the last-buffered blocks are from chains C; and
Dy, and the new next-required chain is Ds. In the next I/O at step 4, the chains
By and Ds are fetched in parallel. Continuing in this fashion, we can see that all
blocks will be fetched in 8 /O steps, which is the best possible, since 16 chains
must be fetched from 2 disks. In contrast, the sequential prefetch scheduling of
Figure 2(b) required 9 I/O time steps. Note, also that although in the example
zero CPU time was assumed, in this method CPU and I/0 fetches are naturally
overlapped. The consumption of the in-buffer blocks proceeds concurrently with
the prefetch of the next-required blocks from disks.

| [Round[ 123 4 [ 5 | 6 [7] 8 |

DISKl Run A Al A2 A3 A4
Run B B B> B3 By

DISK2 Run C Cl 02 C3 C4
Run D Di|D2| Ds Dy

| CPU || | | |A1|D1 B1|D2 B2|D3 A2|B3|C1C2C3|

Fig. 4. Greedy Schedule with Forecasting

2.3 Block-Random Placement

In this section we describe the implementation of block-random placement. A
disadvantage of run-level striping as in Figure 2 (a), is its susceptibility to data
skew. As an extreme example suppose that runs on disk ¢ had values that were
smaller than those on disk ¢ + 1; then clearly the multiple disks provide almost
no parallelism (unless the buffer is large enough to essentially hold the entire



data), as data is required from only one disk at a time. Block-random placement
provides a method to make the performance independent of the skew in the data.

In this placement method, an entire run is not placed on a single disk. Instead
each chain is placed on a disk that is independently chosen at random from the
set of D available disks, with uniform probability 1/D [6]. Each chain maintains
a pointer to the next chain of that run. Figure 5 shows a random placement of
the four runs of Figure 2(a). The entry in parenthesis (d, b) is a pointer to the
next chain of that run, where d is the disk number of the next chain and b the
disk block number on that disk. Thus the first chain of run A, A; is stored on
disk 1 at logical block number 1; the next chain of the run is stored on disk 2
logical block number 1. The entry (2, 1) stored with A; is the logical address of
As.

In order to implement forecasting with a block-random layout each chain
must be further augmented with additional information. In particular, each chain
must store the smallest value in the next chain from this run that is stored on
the same disk [2]. This information is implanted in a chain during run formation.
Thus for instance the smallest value of chain Bjz is stored with chain By, the
smallest value of C5 in Cy, of Dy in Dy and Dy in Ds. Similarly for chains on
disk 2. The prefetcher maintains a D x N table: the (d,:)'* entry indicates the
implanted value in the last-fetched block of run ¢ on disk d. The prefetcher for
disk d fetches from the run that has the smallest value of the entries for disk d.
After every 1/O from disk d the entry corresponding to the run fetched from is
updated.

Bk 1 | 2 [ 3 [ 4 | 5 | 6 | 7 ] 8 |
Dl Al (2, 1) B1 (2, 4) B3 (2, 5) 02 (1, 5) 03(2, 7) D1 (1, 7) D2(2, 8) D4(null)
D2 A2 (2,2) A3 (2,3) A4 (null) B2 (1,3) B4 (null) Cl (1,4) C4 (null) D3 (1,8)

Fig. 5. Block-Random Placement

3 Simulation Results

In this section we study the performance of different prefetching and data place-
ment policies using a process driven simulator, YACSIM [5]. We introduce a
Markov model for generating the access pattern. We call the correlation among
the accesses skew. We then look at the performance of the different prefetching
policies and the different data layout strategies, as the skew of the input data is
varied.

The performance of a prefetching algorithm is measured by the time it takes
to service a specified sequence of 1/O requests. In analytic studies of the parallel
disk model [13, 18] the usual measure used is the total number of parallel 1/Os
required to service the request sequence. However in practice the time taken to
fetch a block is not constant and depends on several factors: the load, the data
placement, and access time variations due to the physical disk geometry, for



instance. Incorporating all these factors together in an analytic model is generally
intractable, and their effect on performance is best evaluated empirically.

To compare the performance of different policies we determine using simula-
tion the total I/O time for a sequence of 1/O requests; this will also be called the
execution time of the algorithm. We also measure the average disk parallelism
achieved by the algorithms and correlate the two. Parallelism refers to the av-
erage (over time) number of disks which are busy at any time. A high value of
parallelism would indicate that the prefetching strategy is good as it means that
fewer number of I/Os need to be performed to fetch all the blocks required in
the merge.

Sector Size 256 Bytes
Track Per Cylinder 8
Sectors Per Track 113
Rotational Speed 4002 RPM
Track (Head) Switch Time 2.5ms
Transfer Rate 4Mbps
Seek Time (d in cylinders)
Short 3.45 4 0.597+/d ms
Long 10.8 +0.012d ms
Boundary 616 cylinders

Table 1. Parameters of the Disk Simulated

3.1 Disk Model

For the simulation study we use the disk model detailed in [14]. The parameters
of the modeled disk are presented in Table 1. The disk 1s modeled to use one
read head per platter, all mounted on a synchronized spindle, so that at any time
all heads access the same cylinder. To accurately model seek times, a nonlinear
seek model is used: seeks are modeled as very short seeks (0 or 1 cylinder), short
seeks (less than boundary) and long seeks (greater than boundary). When the
track seeked is in the same cylinder as the current location of the read head, only
a head switch is required to get to the new track. If the track accessed requires
a move to an immediately adjacent cylinder, then the time taken is the track
switch time. It is only when the track being accessed is more than 1 cylinder
away that an actual seek is performed, and the time taken for the seek depends
upon the number of cylinders traversed. The time for a short seek is dominated
by the acceleration and deceleration of the head and hence varies as the square
root of the distance. During a long seek, considerable time is spent moving at the
maximum velocity and hence the time varies linearly with distance. We model
the rotational latency by using a random variable uniformly distributed over the
time taken to complete one rotation. Finally the transfer time is modeled by the
time taken to read data off the disk at the constant transfer rate.



Seek and rotational latency constitute a significant portion of the overall ac-
cess time and are incurred each time an I/0 is performed. A well-known method
to reduce the average access time is to amortize this overhead over several blocks,
by chaining together requests to physically contiguous blocks which are fetched
in a single I/O operation. In this way repeated seeks are avoided when the data
being fetched reside contiguously on disk. Since runs are read sequentially, chain-
ing is easy to implement with run-level striped layout by simply fetching several
blocks of data from a run in each I/O. In other situations, chains of data blocks
must be explicitly written out to each disk during the run creation phase; to
facilitate chaining during read-back. The performance benefit of chaining dimin-
ishes beyond a certain chain length, as the transfer time becomes the dominant
cost. Moreover the size of the I/O buffer required increases, to account for the
fact that in each I/O multiple blocks of data are fetched. Our studies on the disk
simulated show a benefit of chaining till around 10 4KB blocks, beyond which
the marginal improvement due to chaining was small [6]. Based on this we used
a chaining of 10 in all our simulation studies.

Fig. 6. Two-State Skew Model

3.2 Skew Model

In general, during the merge blocks are not requested uniformly from all disks.
In skewed data, there is often a sizable correlation between the run whose block
has been consumed and the run from which the next block will be consumed.
The more skewed the data, the higher the correlation. We now introduce two
models of skew used in our simulations.

The first model 1s the one-state model, parameterized by the quantity s, that
controls the skew. Assume that at some instant, the last block that was consumed
was from run r. In this skew model, the next block to be consumed is from the
same run r with probability s; the probability of the next block being from any
other run is uniformly (1 —s)/(N —1) where N is the total number of runs being
merged. A state transition diagram for this model consists of N states, one for



each run. A state corresponds to the run from which the last block was consumed.
The self-loop transition indicates that the next block is consumed from the same
run (this occurs with probability s), and there are transitions to each of the other
N — 1 states, each with probability (1 — s)/(N — 1). The one-state model while
simple and intuitive, imposes a sharp switch of locality between runs. With high
skew, the average number of consecutive blocks requested from a run is very
high.

A more elaborate model is required in cases where the average number of
consecutive blocks requested from any particular run is not high, but in any set
of consecutive requests there tend to be a lot of blocks from a particular run.
This model is an extension of the one-state model. The intuition of this model is
that it may be possible that the next block be requested from a different run, but
with a high probability the total number of blocks requested from a particular
run is large in a small window of consecutive requests. This is referred to as a
two-state model.

Informally, in the two-state model at any time one run is called the stuck
run. All other runs are said to be unstuck. The stuck run behaves as in the one-
state model: if the last block consumed was from a stuck run, the next block
1s consumed from it with probability s, and from a different unstuck run, with
uniform probability (1 — s)/(N — 1). When the last block consumed is from
an unstuck run, the next block consumed is from the current stuck run with
probability ¢, and the same unstuck run with probability u 4+ v. In the latter
case, this run may become the current stuck run with probability v (the previous
stuck run becoming unstuck), or it may remain unstuck with probability .

~In general for N runs, there will be a total of N? states in a two-state model:
S7,1< 4,7 < N. State S? represents the state when the last block consumed is
from run i and the current stuck run is j. S! is the state where the last block
consumed is from the stuck run i. Each S! has a self-transition with probability
s, and a transition to state S}, i # j, with probability (1 —s)/(N —1). The latter
state, S}, has a transition back to S! with probability ¢, a self-transition with

probability u, and a transition to S? (making j the stuck run) with probability
v. Typically ¢ is set high to indicate a high probability of requesting the next
block from a stuck run. For our simulations we set ¢ = 0.8 and v = v = 0.1. A
state-transition diagram for the two-state model assuming N = 2 is shown in
Figure 6.

3.3 Performance Comparison

We first present the simulation study on the performance of the greedy fore-
casting algorithm. This policy is compared to a naive method (oblivious policy)
which randomly chooses the next run from which to prefetch. In contrast to the
forecasting method that always prefetches the next-required block from a disk,
the oblivious policy prefetches the next unread block from a randomly-chosen
run on that disk. Figure 7 shows the variation of the normalized number of 1/Os
performed by the oblivious and greedy forecasting policies against the size (in
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Fig. 7. Oblivious vs. Greedy Forecasting Policies

blocks) of each disk buffer. The normalized number of I/Os is the ratio of the
total number of 1/O0s performed to the minimum number of I/Os that would
be required if each 1/O fetched one block from every disk. The simulation was
performed using 5 disks, 20 runs per disk, and merging a total of 50,000 blocks
of size 4KB each. The data was modeled using the one-state model of skew; and
the figures show the variation of the normalized number of 1/Os for both the
policies for different values of the skew parameter s.

As the buffer size increases, the average number of blocks that can be
prefetched during each I/O increases and hence the total number of I/0s de-
creases for both policies. Also as the skew increases the probability of requesting
several contiguous blocks from the same run (and hence the same disk) increases
causing the I/O parallelism to fall. This is manifested as an increase in the to-
tal number of I/Os with increasing skew, in both cases. However for any given
skew and buffer size, the forecasting policy performs fewer number of 1/Os than
its oblivious counterpart. This is because during any I/0, the forecasting pol-
icy exploits its ability to accurately predict which block will be requested next;
however the oblivious policy by making a guess at the next block, can fill up the
buffer with useless blocks degrading the parallelism. Also note the rather stable
performance of the forecasting policy for low and medium skews. This fact will
be illustrated in greater detail later. In all ranges of the skew and buffer size the
forecasting policy outperforms the oblivious policy. As the available buffer size
increases, both policies approach the ideal minimum number of 1/Os, for low and



medium skew. However, the forecasting policy achieves good performance even
with a relatively small number of buffer blocks. Thus it is always beneficial to
use forecasting to decide which block to fetch. We next compare the performance
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Fig. 8. Comparison of Sequential Prefetch and Forecasting

of the greedy forecasting algorithm with the sequential prefetch policy. We sim-
ulated systems consisting of 5 and 10 disks and examined the total execution
time taken by the two policies to service the I/O requests. The load was kept
at a constant 5 runs per disk, with each run consisting of 1000 blocks of size
4KB each. Since the performance of both the policies can be improved by chain-
ing, both the policies use chains of 10 blocks. The trigger, T, of the sequential
prefetch policy is set to the chain length, 10. Hence the buffer per disk needs to
be 20 blocks per run; and thus each disk was simulated with a buffer of 100 4KB
blocks. Skew was modeled using the one-state model.

Figure 8(a) gives the variation of the total execution time with data skew
for both the policies, in systems consisting of 5 and 10 disks. The execution
time has been normalized by the execution time of sequential prefetch in a
system consisting of 10 disks, when data skew is 1. The total execution time
for sequential prefetch policy 1s always higher than the corresponding time for
the greedy prefetch policy. This i1s because the greedy forecasting policy makes
more effective use of the available buffer by allocating it judiciously among the
runs on that disk. The performance of both policies degrade with increasing skew
but the sequential prefetch policy is more sensitive to skew. While the increase
in execution time of the greedy forecasting is noticeable only beyond a skew
of 0.85, the sequential prefetch policy starts degrading even at skew of 0.7. For
skew greater than 0.7 the performance gap between the two widens considerably.
Finally at very high skew close to 1, there can be no parallelism as blocks are
consumed a disk at a time. This causes the performance of both algorithms to
be equally bad at such high skew. The sensitivity of sequential prefetch to skew
in general gets worse as the number of runs on a disk (load) increases.

The variation in execution time can be seen to mirror the variation in 1/0



parallelism with skew, as shown in Figure 8(b). It is interesting to note that
with a skew of 0.75 or higher the average parallelism achieved by the sequential
prefetch policy on a system with 10 disks 1s less than the average parallelism
attained by greedy forecasting on a system with 5 disks.

Scalability With Number of Disks, Constant Load
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Fig. 9. Scalability of Sequential Prefetch and Forecasting

In addition to the variation of execution time with skew, it is also interesting
to see the scalability of the prefetching policies with the number of disks in the
system. To do so we simulated a merge consisting of 5 runs per disk (to keep the
load per disk constant) with each run having 1000 blocks. The buffer at each
disk was of size 100 blocks, and the chain length was 10 blocks. Simulations
were performed for both sequential prefetch and greedy forecasting policies on
systems consisting of different numbers of disks. Skew was modeled using the
one-state model.

Figure 9(a) presents the variation in the execution time with the number of
disks, for the two policies and three sample skews. Again the execution time
has been normalized by the execution time of sequential prefetch in a 25 disk
system with data skew of 0.9. For low (0.01) and medium (0.5) skew, the policies
scale very well, with forecasting being consistently superior. Note that since the
load per disk is constant the overall execution time ought to be constant with
increasing number of disks for linear scalability. However for highly (0.9) skewed
data, the sequential prefetch performs very badly. This can also be seen more
pointedly in Figure 9(b), that shows the variation of parallelism with increasing
number of disks. The parallelism attained by sequential prefetch when data skew
is 0.9 is a constant! In contrast greedy prefetching is much more robust and even
with data skew of 0.9 its parallelism scales as well as that of sequential prefetch
with almost half (0.5 vs. 0.9) the amount of skew.

Finally, we examine the performance of the greedy forecasting policy under
the two different data placements: Run-Level Striping and Block Random. As
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Fig.10. Performance Comparison of Run-Level Striping Layout and Random Block
Layout

before we have 5 runs per disk with each run having 1000 blocks. The buffer was
of size 100 blocks per disk and I/Os fetched blocks in chains of length 10 blocks.
Skew was modeled using the more detailed two-state model.

Figure 10(a) shows the plot of the normalized execution time as the data
skew is varied, in 5 disk and 10 disk systems, for both the data layout strate-
gies. As expected, placing data blocks randomly makes the performance of the
policy completely independent of the data skew, even while the striped layout
deteriorates rapidly with data skew. This fact is confirmed in figure 10(b) which
shows the variation of parallelism against the data skew. While the parallelism
obtained in the random layout case is independent of data skew, 1t is drastically
affected by striped layout. This demonstrates the advantage in combining fore-
casting with random data layout. Not only is the execution time lower than the
corresponding striped layout, but also the performance of the system is virtually
independent of data skew.

4 Discussion

There has been a substantial amount of previous work on the design of I/0-
complexity optimal external sorting algorithms using multiple disks [1, 11, 12,
17, 18]. These include methods based on distribution sorting: both random-
ized [18] and deterministic [12], and variations of merge sorting [1, 11, 17]. These
algorithms are of important theoretical significance, being the first, and in some
cases the only, I/O-optimal algorithms known for these problems. However, the
constants involved with some of these solutions can be relatively large, and no
experimental study of their performance has been reported.

More recently, in [2], a randomized mergesort was proposed which performs
an expected @(N/D) 1/0s to merge N data blocks. The algorithm is for a global
buffer shared among the disks rather than the distributed disk buffers used in this
paper. Theoretical complexity results on randomized merging for the distributed
buffer model were presented in [3]. The forecasting method used in the run-level



striped placement method generalizes the ideas in Knuth [8]; the block-random
placement described here was introduced and analyzed in [3, 6]; the implanting
of forecasting information was suggested in [2]. Once again there has been no
previous performance study of these algorithms relative to traditional methods.

The use of prefetching to speed up parallel 1/O was addressed in [13] in the
context of external merging using a global buffer, and two related prefetching
algorithms were analyzed and compared relative to each other. Prefetching al-
gorithms using sequential prefetch in a multiple disk environment were studied
in [10] using Markov analysis for small configurations and simulation for larger
systems. Both of these works assumed uniformly-random data (no skew) in the
evaluation. Off-line prefetching algorithms in the global and distributed mod-
els were presented in [7] and [16] respectively. Competitive analysis of on-line
prefetching with bounded lookahead has been analyzed in [3, 6] for the global
buffer model, and [16] for the distributed buffer model.

Other works on improving the performance of external sorting and merging
using a single disk system include [8, 9, 15, 19]. In particular, [19] used an off-
line version of forecasting to determine the read order on a disk to minimize
seek time. In the model of [15], it was argued that large block sizes and double
buffering resulted in the best 1/O performance for a single disk system.

In this paper we have presented an empirical evaluation, using simulations,
of several prefetching policies to improve the I/O performance of external merg-
ing using parallel I/O. In particular we considered sequential prefetch used in
many traditional systems today, forecast-based greedy prefetching, and oblivious
prefetching (random choice of run to prefetch). In conjunction with the prefetch-
ing policy we evaluated the benefit of two different data placement strategies:
run-level striping and block-random placement. We also introduced a method to
model correlation in the data (skew), and evaluated the performance of these
methods as the data skew varied.

Based on our study we can conclude that the I/O performance can be im-
proved significantly by using forecasting techniques to determine the block to
prefetch from any disk. Not only does this method result in better disk utiliza-
tion compared to both sequential prefetch and oblivious schemes, but it also is
less sensitive to variations in the data skew. Further it is shown that the perfor-
mance of even the forecasting-based prefetching policy degrades when the skew
gets sufficiently large. To maintain good performance in the presence of skewed
data, a randomized data placement scheme was shown to be very useful. With
such a block-random placement scheme and a forecasting-based greedy prefetch
algorithm, the performance of external merging remains uniformly good inde-
pendent of skew in the data, and scales well with increased numbers of disks.
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