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Abstract

mizing I/O performance. While a highly-optimized I/O
platform/hardware is a must for optimal I/O, software op-

This paper introduces a new concept called Multi-

timizations can also play a significant role. This is partic-

Collective I/O (MCIO) that extends conventional collec-

ularly true for a class of large-scale scientific applications

tive I/O to optimize I/O accesses to multiple arrays simul-

whose access patterns can be analyzed by users/compilers

taneously. In this approach, as in collective I/O, multiple

and optimized for the best I/O performance. Previous

processors co-ordinate to perform I/O on behalf of each

work has attacked this growing I/O problem at the oper-

other if doing so improves overall I/O time. However, un-

ating system, runtime libraries, compilers and application

like collective I/O, MCIO considers multiple arrays simul-

levels. One of the major characteristics of most of the

taneously; that is, it has a more global view of the overall

previous approaches to I/O is that they attempt to optiI/O behavior exhibited by application. This paper shows mize I/O access pattern for a single data structure (e.g.,
that determining optimal MCIO access pattern is an NPdisk-resident array) at a time. While this approach can
complete problem, and proposes two different heuristics
be useful for some applications, we believe that considerfor the access pattern detection problem (also called the
ing the interactions between different data structures maassignment problem).
nipulated by the same application opens new opportuniBoth of the heuristics have been implemented within ties for optimization. For example, considering accesses
a runtime library, and tested using a large-scale scientific

to multiple arrays manipulated by an application can en-

application. Our preliminary results show that MCIO out
. Our runtime
performs collective I/O by as much as

able inter-array optimizations such as co-locating arrays

library-based implementation can be used by users as well

of array accesses.

in disk space or performing prefetching based on history

as optimizing compilers. Based on our results, we recom-

This paper introduces a new concept called Multi-

mend future library designers for I/O-intensive applica-

Collective I/O (MCIO) that extends conventional collec-

tions to include MCIO in their suite of optimizations.

tive I/O (CIO) to optimize I/O accesses to multiple arrays simultaneously. In this approach, as in collective I/O,

1 Introduction

multiple processors co-ordinate to perform I/O on behalf
of each other if doing so improves overall I/O time. How-

Significant strides made in microprocessor performances

ever, unlike collective I/O, MCIO considers multiple ar-

in the last decade have increased the importance of opti

rays simultaneously; that is, it has a more global view of

This research was supported in part by Department of Energy under

the overall I/O behavior exhibited by application. This pa-

the Accelerated Strategic Computing Initiative (ASCI) Academic Strate-

per shows that determining optimal MCIO access pattern

gic Alliance Program (ASAP) Level 2, under subcontract No W-7405ENG-48 from Lawrence Livermore National Laboratories, by DOE SCI-

is an NP-complete problem, and proposes two different

DAC SDM center and by a grant for NSF, EIA-0103023.

heuristics for the access pattern detection problem (also
1

of individual sub-files across storage hierarchy depending

called the assignment problem).

on data reuse. MCIO can be utilized to access data that

Figure 1 highlights the difference between MCIO and

has been brought to the disks.

traditional collective I/O. In MCIO, we optimize the accesses from multiple processors to multiple files taking

In this paper, we make the following major contribu-

into account the inter-file access patterns. In CIO, on the

tions:

other hand, accesses to a single file from different pro-

 We introduce the MCIO technique that improves

cessors are combined to a single and larger I/O request to

over the current state-of-the art collective I/O tech-

improve the request time. In MCIO, accesses from sev-

nique;

eral processors to several files are combined to increase
MCIO might be very useful in a number of cases. Many

 We discuss the complexity of the MCIO, and present
two different heuristics (one based on sorting and the

large-scale scientific applications access multiple files in a

other based on maximal matching) to perform effec-

single run. Several of these applications generate separate

tive MCIO; and

the efficiency.

files for the simulated values. This forces the application

 We evaluate the effectiveness of the MCIO by using
both synthetic workloads and a complete large-scale
scientific application.

to access data from multiple files to gather the required
information. A simple analysis of the code reveals this
information, which can be used by the MCIO. MCIO can
also be utilized when data for different variables are ac-

Both of the heuristics have been implemented within

cessed from a single file. For example, astro3d [15], the

a runtime library, and tested using a large-scale scientific

scientific application we have used in this study, accesses

application. Our preliminary results show that MCIO out 
performs conventional collective I/O by as much as
.

six different variables from a single file. These variables
are stored in separate buffers, hence six different I/O calls

Based on our results, we recommend future library de-

have to be performed to access the information required

signers for I/O-intensive applications to include MCIO in

by the application. MCIO can be utilized in this case.

their suite of optimizations.

Note that, accessing different variables from a single file

The remainder of this paper is organized as follows.

is not a separate problem, it is just a special case for the

In the next section, we discuss related work on software-

processor-file configuration in MCIO. Most of the scien-

based I/O optimizations. In Section 3, we summarize col-

tific applications fall either in the first (accessing multiple

lective I/O. In Section 4, we discuss the MCIO in detail,

files in a single run) or into the second (performing con-

and show that finding the optimal access pattern for MCIO

secutive I/O calls to a single file to access different vari-

is NP-complete. In Section 5, we discuss two different

ables) category. Therefore, a large majority of the large-

heuristics for determining suitable access patterns. Sec-

scale scientific applications can effectively utilize MCIO.

tion 6 introduces our experimental environment and dis-

Another usage of MCIO is related to sub-filing. Memik

cusses our preliminary results. Finally, we conclude the

et al. [16] uses sub-filing for optimizing random accesses

paper with a summary and an outline of future work in

to the tape-residing data. In this framework, a large global

Section 7.

file is stored as several independent so called sub-files. In
general, each access to the global file might involve several sub-files. In other words, an access to the global file

2 Related Work

brings only the smallest subset of sub-files (from tape to
disk) that (collectively) contain the required data portion.

In collective I/O, individual I/O requests are combined

This not only reduces the effective latency observed from

to create a single, big I/O request and sent to the stor-

the tape device, but also allows customized management

age system. As a result, the effective I/O bandwidth is
2
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Several parallel I/O APIs provide routines for accessing
multiple files with a single call. For example, HPSS [7]
uses the notion of a ‘file set’ to define a collection of files.
The files in a file set can be manipulated as if they constitute a single file. Similarly, SRB [2] uses ‘collections’ to
define a set of files.
Figure 1: Overview of the MCIO.

3 Collective I/O

significantly increased. This optimization has many variants [19, 13, 22]; although any CIO technique can be

Since MCIO is an extended form of conventional col-

used for MCIO, the one used in this study is two-phase

lective I/O, in this section we briefly review the funda-

I/O as implemented in ROMIO, a portable implementa-

mental idea behind collective I/O. In many parallel I/O-

tion of MPI-IO from Argonne National Laboratories [26].

intensive applications that access large, multidimensional,

ROMIO has been incorporated into several MPI-libraries,

disk-resident datasets, the performance of I/O accesses

including the MPI implementations of several vendors

depends largely on both the layout of data in files (storage

(e.g., HP, SGI, NEC) and MPICH and LAM, two widely-

pattern) and distribution of data across processors (access

used, freely available, portable MPI implementations.

pattern). In cases where storage and access patterns do

Numerous techniques have been proposed in literature

not match, allowing each processor to perform I/O inde-

to optimize I/O accesses. The run-time system optimiza-

pendently might cause processors to issue many I/O re-

tions [14, 12, 6, 4, 5] are the most relevant among these

quests, each for a small amount of consecutive data. Col-

studies. Although these techniques share the same goal

lective I/O can improve the performance in such cases by

with our work (optimizing I/O accesses at the run-time),

first reading the dataset in question in a layout-conforming

they try to optimize only a single file at a time.

(storage layout friendly) manner, and then distributing the

Several researchers focused on implementing easy-to-

data among the processors (using the inter-processor com-

use interfaces that include optimizations for data-intensive munication network) to obtain the target access pattern.
scientific applications [24, 3, 22, 23]. These interfaces try Of course, in this case, the total data access cost should be
to improve the I/O performance with little input from the

computed as the sum of I/O cost and communication cost.

user. MCIO can be employed by these interfaces with

Since, in I/O-intensive applications, I/O costs in general

little or no modification.

dominate communication costs, collective I/O might lead
to large savings in overall execution times.

Characterizing the I/O behavior of the scientific applications has been extensively studied. Cypher et al. [9]

Consider an example file access pattern (to a two-

studied individual parallel scientific applications, measur- dimensional array) depicted in Figure 2. In this figure,
ing temporal patterns in I/O rates. Crandall et al. [8] per-

the circles correspond to data elements and arrows indi-

formed an analysis based on Pablo [1] on three scientific

cate the storage pattern of the elements. Note that in this

applications. Nieuwejaar et al. [18] characterized a mix of

case, the storage pattern is row-major whereas the access

user programs on Intel iPSC and CM-5. All these studies

pattern is column-major. If no collective I/O technique

implicitly motivate the usage of MCIO by illustrating that

is used, every processor make 8 small requests (each for
3
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Figure 4: An access pattern involving four processors and
eight files.

Figure 2: A file access by four processors.

lective request to all I/O nodes. I/O nodes optimize the ac-

P1

cess, perform the request, and send the data directly back
to all compute nodes.

P2
P3

4 Multi-Collective I/O

P4

In this section, we explain the MCIO technique in detail. Consider Figure 4 where four processors are request-

Figure 3: File access using the collective I/O.

ing different portions of eight files. Note that, these files
might contain independent data. The problem is to read

two array elements) for a total of 24 small requests to the

the corresponding data portions from the corresponding

I/O subsystem (the numbers are for illustrative purposes

files as fast as possible. There are several methods to

only). Obviously, this will result in a poor performance as

achieve this. In a naive method, we would use the CIO

the number of elements read per I/O request is very small.

for each of the files. For our example in Figure 4, this

Collective I/O combines these small requests, and sends

will result in 8 different I/O calls (each involving two or

larger requests to the I/O subsystem to improve the per-

three processors). In this method, as the number of files

formance. If, for example, the two-phase I/O technique is

increase, the number of I/O calls will increase linearly re-

used, in the first step, the processors access the data using

gardless of the number of processors available. In this

a row-major access pattern which is compatible with the

paper, we explore methods that improve over this naive

(row-major) storage pattern of the array (see Figure 3).

method. The main idea behind these methods is to assign

Note that this reduces the number of I/O calls as each

different files to different processors, thereby increasing

processor can read as many consecutive data as possible

the I/O parallelism available in the system.

(limited only by available buffer capacity) in a single I/O

In the next subsection, we define the assignment prob-

call. In the second step, the processors engage in all-to-all

lem of MCIO in detail and show that this problem is NP-

inter-processor communication so that each processor re-

complete [11]. There are two important questions that

ceives the portion of array it originally requested (that is,

need to be answered. First, how many files should we

each data item is delivered to its final destination).

assign to each processor, or vice versa? Second, once we

Several variations of the collective I/O technique have have determined the number of processors to be assigned
been proposed in previous research.

In node group-

for each file, how do we decide which specific proces-

ing [20], nodes making I/O requests are partitioned into

sor to assign for each file? In the following subsections,

groups. Then, they take turns in performing the I/O. In

we try to answer these questions. In the rest of this sec-

disk-directed I/O [13], one compute node sends the col-

tion, we concentrate on the I/O accesses where the number
4

6%'&( = - /1. 072#8 9 54 /;: <4 / 8 (the amount of data ac+
cessed by processor subtracted from the amount of data
+
requested by processor ).
In the above formulas, 9 54 / corresponds to the amount
+
of data requested by processor from file = . And,  54 /

of files exceeds the number of processors. Note that the
problem we try to solve here is symmetric. If the number
of files is larger, we try to assign files to processors; otherwise, if the number of processors exceeds the number
of files, we try to assign the processors to files. It is easy

corresponds to the amount of data to be accessed by pro+
cessor from file = .

to see that these two problems are actually duals of each
other.

4.1.2 Complexity of the Assignment Problem

4.1 The Assignment Problem

In this subsection, we show that the assignment problem
In this subsection, we first define the assignment problem

as defined in the previous subsection is NP-complete. We
prove that optimizing the I/O time (when >
and $?>

in detail. Then, we show that the problem of deciding
the files to be read by a processor is NP-complete. After

) is an NP-complete problem.

this, we build a Linear Programming (LP) model of the

Claim: For arbitrary number of processors, number of

problem. As we will show in the following, the assign-

files, and file sizes, finding the optimal assignment to min-

ment variables can either be

imize the I/O time is an NP-complete problem.

or , hence the model we

build is a zero-one integer LP. Since it is slow to construct

Sketch of the Proof: We prove the NP-completeness of

and solve an LP model in a run-time system, we have also

the assignment problem using restriction. More specifi-

developed two heuristics to solve the problem, which we

cally, we show that if we can solve the assignment prob-

discuss in the next section.

lem in polynomial time, then we can solve the multipro-

4.1.1 Definition of the Assignment Problem

cessor scheduling problem [11] in polynomial time, too.
Multiprocessor scheduling problem is finding the  disjoint partitions of a finite task set @ ( @ 2 , @!A , ..., @CB ),

In the assignment problem,
data from

processors are requesting

such that

different files. For simplicity, we assume that

DE -GFIH JLKM5N POQ*R3S UTV)

 . The assignment problem is to assign a processor for each file, such that when processors access their
assigned files, the overall response time for the requests
(total of I/O and communication times) is minimized. We
estimate the I/O time by the amount of data accessed by
a processor. The communication time is estimated by the
amount of data that has to be transfered to/from other processors. So, the assignment problem is to find the optimal assignment of the processors to the files, such that
 !#"$%'&(*) is minimized.  and
$ are constant values indicating the relative cost of I/O
and communication in the system.  ! and %'&( are
the estimated I/O and communication times of processor
+
, respectively. They are estimated using the following
formulas:
, ! = -/1. 032 54 /
(the amount of data accessed by
+
processor )

is minimized. Assume that we have a solver for the assignment problem that finds the optimal solution in polynomial time. Then, given a multiprocessor scheduling
problem, we can easily transform the length of each task
to a corresponding file size and use the assignment problem solver to solve the multiprocessor scheduling problem. Hence, we would be able to solve an arbitrary multiprocessor scheduling problem in polynomial time. Therefore, the assignment problem is NP-complete in the strong
sense, because the multiprocessor scheduling problem is
NP-complete in the strong sense for arbitrary  . W

4.2 Deciding the Number of Processors
Although the general assignment problem is NP-complete
for arbitrary file sizes, for files of equal size, it can be
5

solved in polynomial time. In this section, we discuss how only (the reverse of one processor for each file). The calthe assignments should be done in such a case. Specifi-

culations are similar to the calculations given above. Note

cally, we try to find the number of processors that will be

that in the calculations, we assume a homogeneous distri-

used for accessing each file. In finding this value, we use

bution of the files to the processors. If the file sizes are

the following basic model for the I/O time:

different, this might affect the response time significantly.
This case is discussed in detail in Section 4.3.

% 2 "% A6X S*S5Y  Q UZ \+ [ N 1T  ^S ]`_ a N 9 &cbed 9 f& % fN gg & 9 T1T

Although we have found that we have to assign one

where % 2 (corresponding to constant costs independent of
the request size such as seek time) and % A (correspond-

processor to each file, we still have to determine which
processor to assign to each file. Our selection of the pro-

ing to transfer rate) are system dependent constant values. cessor will have a marginal effect on the I/O times, but it
The intuition behind the model is that in a parallel envi- will have a significant effect on the communication times.
ronment the amount of data read by each processor will
be reduced by increasing the number of processor. Hence

4.3 LP Model of the Assignment Problem

if we omit the communication, there will be a decrease in

We are given a two-dimensional matrix n >po 9 <4 /rq such
that an entry 9 <4 / in n gives the amount of data requested
+
by processor from file = . In our ILP formulation, we
would like to find the entries of a matrix s >to  54 / q . An
+
entry  54 / indicates whether the processor is assigned to

the I/O time.
The total time for the request will be determined by the
processor for which the I/O time is maximum (i.e., the one
that completes the last). If we assume that the data sizes
to be read from each file to be equal and that we assign h

file = ( 54 / >

processors to each file, the response time will be equal to



X % 2 "i

j+ [
X % A X S*S^Y  Q Z N 1T  ^S h T1T

) or not ( <4 / >

). As mentioned ear-

lier, although our selection of the processor for each file
will not affect the I/O time, it will effect the communi-

Eq. 1

cation time significantly. In the following discussion,

where
is the number of files that the slowest proces- corresponds to the number of files to be accessed, corsor is assigned to. If the assignments are done homoge- responds to the number of processors involved and we asneously among the processors, then
sume that `u . So, we try to minimize
m
Blkjm
-  032 -v/1. 032L9 54 /  S : <4 / T
h >
.
This is because minimizing this expression will give us
where is the number of processors and is the number the total amount of data to be communicated. We will
of files. So, Equation 1 can be re-written as
have the following constraints on  54 / :
,<4 /xw  0,1 ) , y +{z =
+\[
 X % 2 "
%

U

Z
N
.m X A X Y Q
<4 / is a decision variable and should be either assigned
For a given number of processors and number of files, this

or not assigned. Hence, the LP model of the problem is

expression takes its minimum for the minimum value of
 . Since we have to assign at least one processor for each

boolean or zero-one integer LP.
 - m 072 ;54 / > , y|=

file the minimum value for 

is S< 

T . That means, we In the previous section, we have found that each file will
have to assign only one processor to each file to minimize be assigned to exactly one processor. The above equation
the response time. Note that, in the naive strategy, several corresponds to this constraint. If the number of processors
processors are assigned to the files, which will increase exceeds the number of files, this constraint becomes
 - /1. 032 <4 / > , y +
the response time according to our model.
resulting in each processor being assigned to only one file.
+
 -/1. 032 <4 / >
.m , y

If the number of processors is larger than the number
of files, then we have to assign one file to each processor
6

5.1 Greedy Heuristic

This constraint makes sure that the assignments are ho-

mogeneous. It states that the number of files assigned to
+
processor equals to .m . Here, we assume that regardless
of the data size read from the files, we are going to as- The first heuristic uses sorting for making the assignsign same number of files to each processor. Although ments. The main idea behind the heuristic is to assign the
this assumption makes the calculation of the assignment

specific processors to the file, from which they are reading

variables easier, it might decrease the performance if the

the largest amount of data. To achieve this, we first cre+
ate an entry for every case, where processor is reading a

variance between the data sizes read is large. In such a
case we can use the constraint
 -G/1. 032 S - m } 032P9 } 4 / T,D;54 /~

part of file = . Then, all these entries are sorted according
d , y +
to non-increasing values of the amount of data the proces+
which means that the total data to be read by each pro- sor is reading from file = . As an example, the request list
cessor should approximately be the same. In this expres- for the pattern shown in Figure 4 is given in Table 2. This
sion, d corresponds to the average data size each proces- list is formed using the request sizes given in Table 1.
sor should access. If the number of processors exceeds
The algorithm tries to pick the first element from the

the number of files, then the constraint becomes
 - m 032  54 / >G / z yU=

list and assign the processor to the corresponding file. If

where  / represents the number of processors to be as-

the file has already been assigned or if the processor has

signed to file = . This number can easily be found using

already completed the number of assignments it should

the amount of data read from the file = and all the other
files. To calculate  / , we use the following formula

and the next entry is checked. The algorithm continues

have (i.e. the processor is full), then the entry is skipped

- K  K< 

-vK -G   K 
processors are distributed according to the portion of the
file = with respect to all the data read.
 } >

until we make



assignments. If the entries in the list are

finished before we make

assignments, we make the rest

of the assignments randomly from the remaining processor pool. We do not have to pay attention in this step,

Note that, in this model, the number of variables is
equal to (number of processors)  (number of files). The

because if the entries are finished, this means that all of

above ZO-ILP model helps us understand the nature of

the remaining files. Thus, we can make the assignments

the problem. But, we cannot use this model in a run-time

arbitrarily because it will not change the amount of data

the remaining processors are not reading any data from

library to make the processor-file assignments, since even communicated. The pseudo code of the algorithm is given
in Figure 5. Returning to our example, the resultant as-

the fastest LP-solvers will require extremely long running
times to find a solution. Consequently, we developed two

signments for the access in Figure 4 are given in Figure 6.

heuristics to solve the problem. We discuss these heuris-

Consequently, file 1 and file 4 are assigned to processor

tics in the next section.

2, file 2 and file 3 are assigned to processor 1, file 5 and
file 8 are assigned to processor 3, and file 6 and file 7 are
assigned to processor 4.

5 MCIO Heuristics
In this section, we explain two heuristics for making the

The insert entry function in Figure 5 inserts a new en+
try into the list with the processor number , file number = , and weight 9 54 / . Similarly, remove entry function

processor-file assignments. The first one uses a sorting

deletes the entry from the list that is equal to its input pa-

algorithm to find the assignment. The second one uses a

rameter. After execution, the algorithm returns the list of

maximal matching solver to make the assignments.

processor–file pairs that have been assigned.
7

Table 1: The amount of data requested by each processor from each file for the access in Figure 4. The files are named
row-major order starting from the upper left corner.
Processor
Number

2

A




2

2\ MB
\2  MB
A'  MB
 MB

A

2 Ar  MB
2 Ar  MB
r A MB
 MB



2 Ar  MB
2 Ar  MB
' A MB
 MB

File Numbers


  MB
  MB
2  2 MB
 MB





MB

 MB
r   MB
2 MB





 
2 rA  

MB
MB
MB
MB





 
2 'A  

MB
MB
MB
MB




MB

 MB
'   MB
r  MB

Table 2: The list formed for the example access in Figure 4.
Access List
 2 A 4  
2   4  A  A 4  A 
   4  
   4     4  232 4  A 
 32 4   
   4  
   4   v  4
    4  
2   4  A 
   4  
   4     4   v A 4   
   4  
 72 4   
  

then some of the vertices in ;A will be left out. Similarly,
if the number of vertices in  2 is larger then the number of

5.2 Maximal Matching Heuristic
The second heuristic uses a maximal matching solver.

vertices in ;A , then some of the vertices in  2 will be left

We have used the solver from the Netflow Solver Pack-

out. Therefore, one has to make sure that the number of

age [25]. The matching problem solver inside Netflow

vertices for processors equals to the number of processors

implements Gabow’s N-cubed weighted matching algo-

for files. We replicate the processor nodes to be able to

rithm [10]. This program is written by Ed Rothberg. To

make the number of processor vertices equal to the number of file vertices. For each file node, we replicate  /
2
times the processor nodes that have an edge to the node .

be able to use an existing maximal matching solver, we
first need to build a graph representing the 9 <4 / s. Then,
we need to modify the graph so that the solver gives the

Since the solver assigns only one node for each file vertex,

answer we seek.

it gives the result we are looking for. This way, we guar-

The first step is straightforward. We build a graph 
(  ,  ), where 

antee that the solver makes

contains a vertex for each processor and

graph is given in Figure 8(c). Note that, in this example,
we assume that  / equals to two for every file node.

file. More specifically, if there are processors and files,
T vertices. The resulting
then the graph will have S< "

Once the graph has been constructed, we give it to the

vertices for the example access in Figure 4 are given in
Figure 8(a). Then, we put an edge (_ ,  ) w  with weight
, when the processor _ reads

assignments. The resulting

matching problem solver as input. The result of the solver
is used as the assignments between the processor and the

bytes of data from file  .

files. The assignments for the replicated nodes are inter-

The resulting graph is shown in Figure 8(b).

preted as if they are assignments to the original node. The

The existing matching problem solvers do not solve the

assignments made by the maximal matching heuristic for

exact problem we are interested in. They instead solve the

the access given in Figure 4 are given in Figure 7. Note
maximum flow problem, given an input graph. For a bithat, if the number of processors is larger than the number
partite graph  (  2C¡  A ,  ) (note that, the graph given
of files, we replicate the file nodes instead of the processor
to the algorithm is bipartite), they try to find a different
nodes so that in the final result several processors might
vertex in  A for each vertex in  2 such that the sum of
be assigned to the same file.
the weight of the edges between the selected node pairs is
maximized (i.e., the flow is maximized). If the number of
vertices in ¢A is larger then the number of vertices in  2 ,

£
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The calculation of ¤c¥ is explained in Section 4.3.

P1
P2
GREEDY ASSIGN (¦§!¨L§!©'ª<« ¥ )

P3

1.

/*p is the number of processors, n is

P4

2.

the number of files, © ª<« ¥

3.

the amount of data read by processor i

4.

from file j.

5.

begin

6.

represents

*/

Figure 6: The result of the greedy heuristic. The colors
denote the processor assigned.

for i ¬ 0 to p do
for j ¬ 0 to n do

7.

if ©'ª« ¥®¬ 

8.

0 then

P1

insert entry (i, j, ©'ª<« ¥ )

9.

P2

end if

10.

end for

11.
12.

end for

13.

sort entries according to (last field)

14.

while (!list empty) AND

15.

(assignments made < n) do

P3
P4

16.

entry = list top

Figure 7: The result of the maximal matching heuristic.

17.

if entry.processor full OR

The colors denote the processor assigned.

18.

entry.file assigned then

19.

remove entry (entry)
else

20.
21.

assign(entry.processor,entry.file)

22.

assignments made ++

F1
F2
F3
F4
F5
F6
F7
F8

P1
P2
P3
P4

end if

23.
24.

end while

25.

assign the remaining files to

26.

remaining processors arbitrarily

27.

return ¯ °±° ¯²'²V³´c¨|µ·¶V¨U¸²

P1
P2
P3
P4

(a)

(b)
P1
P2
P3
P4
P1’
P2’
P3’
P4’

28. end.

F1
F2
F3
F4
F5
F6
F7
F8

F1
F2
F3
F4
F5
F6
F7
F8
(c)

Figure 5: Greedy algorithm for making assignments. The

Figure 8: The creation of the input graph for the match-

algorithm sorts the requests from processors to files ac-

ing problem solver. The weights on the edges are left out

cording to the access size. Then, it tries to assign the pro-

for simplicity. (a) The initial graph with a node for each

cessors to the files such that the resulting assignment will

processor and a file. (b) The graph with an edge added

result in a small communication overhead.

for each case where processor i is reading data from file
j. (c) The graph after the replication of the processor vertices to make the number of processor vertices and the file
vertices to be equal.
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of data types) as argument. In addition, it takes an integer

Table 3: Platform used in the experiments.
Number of Processors
Processor Type
Clock Rate
L1 Cache
L2 Cache
Memory Capacity
Network
Disk Space
Operating System
Parallel File System

argument filecount indicating the number of files involved in the I/O request. Each array element corresponds

128 (120 compute nodes, 8 I/O nodes)
Compute Nodes: RS/6000 Model 370,
I/O Nodes: RS/6000 Model 970
332 MHz
32 KB split, 2-way set-associative
256 KB unified, 2-way set-associative
128 MB per compute node, 256 MB per I/O node
100 Mbs Ethernet, 155 Mbs ATM and
800 Mbs HiPPI
9 GB per I/O node
AIX 4.2.1
PIOFS

to a request from a different file. Without the MCIO, calls
to all the different files would have resulted in a separate
MPI-IO call. In all experiments, we compare the performance of MCIO with that of traditional collective I/O.

6.2 Results for Synthetic Patterns
Figure 9 gives examples of the access patterns we experiment with. Two major types of experiments are conducted: row-major access and column-major access. In

6 Experiments

a row-major access, each processor accesses consecutive

In this section, we discuss the experimental environment rows of the underlying data. In a column-major access,
and discuss our preliminary results. We report experimen- the array is distributed column-wise among the procestal data for both synthetic access patterns and a large-scale

sors (i.e., each processor accesses a group of consecutive
columns). For each category, we experiment with differ-

scientific code.

ent number of processors and files.
For all the access patterns we experimented with, we

6.1 Experimental Environment

evaluated the assignments resulting from the LP-model,

We used the MPI-2 library [17] and an IBM SP-2 in Ar-

greedy heuristic, and the maximal matching heuristic.

gonne National Laboratories to evaluate our scheme pro-

The objective function and the constraints for the access in

posed in this section. The important characteristics of our

Figure 4 are given in Appendix A. The assignments for all

experimental platform are shown in Table 3.

the three methods were the same. This is mainly because

The IBM SP-2 used in the experiments has 128 proces-

of the constant file size we have used in the experiments.

sors, 8 of which are I/O processors. Each I/O server is

Due to this invariance of the results, we do not present

attached to a 9 GB SSA disk, resulting in 72 GB of total

separate execution times for these methods, but discuss

disk space. The operating system on each node is AIX

the advantages and disadvantages of each. Note that, the

4.2.1. PIOFS provides the parallel access to files. It dis-

assignments of greedy algorithm and the maximal match-

tributes a file across multiple I/O server nodes.

ing heuristic will differ only in their communication time,

The MCIO calls are similar to MPI-IO [5] calls. For

not the I/O time. Therefore, there is some difference be-

example, to perform a read operation, the processors call

tween the response times of the assignments made by the

the

two heuristic. The greedy algorithm is faster to find the as-

int MCIO File read all (MPI File *fh,

signments than the maximal matching algorithm. Hence,

int filecount, void **buf, int *count,

in cases where the access sizes from different processors

MPI Datatype *datatype, MPI Status

to different files are the same (similar to the access pat-

*status)

terns in Figure 9), we recommend the use of the greedy

routine. Note that the syntax of the call is very simi-

algorithm. On the other hand, if the request sizes from

lar to MPI File read all call in MPI-IO, except that

different files have a significant difference, the maximal

MCIO routine takes an array of files (similarly, an array

matching algorithm always gives a better communication

of buffers, an array of number of elements, and an array

time. Also, if the total amount of data requested by differ-
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P1

P2

P2

P3

P3

P4

P4
F5

F6

F7

F8

F1

F2

F3

F4

F9

F10 F11 F12 F13 F14 F15 F16

(a)
P1

P2

P4
F1

F2

F2

F3

F3

F4

F4
P6

F6

F7

F8

(b)
P3

F1

P5

F5

P7

P8

P1

P2

P3

P4

P9

P10 P11 P12 P13 P14 P15 P16

(c)

P5

P6

P7

P8

(d)

Figure 9: Examples of the experimented access patterns: (a) Four processor accessing data row-wise from 8 files, (b)
Four processor accessing data row-wise from 16 files, (c) 8 processor accessing data column-wise from four files, (d)
16 processor accessing data column-wise from four files.

Table 4: The improvements for row major accesses (Fig-

Table 5: The improvements for column major accesses

ure 9(a) and (b)) in [%] with respect to the naive I/O ac-

(Figure 9(c) and (d)) in [%] with respect to the naive I/O

cess.

access.
Number of Files
4
8
16
32

Number of Processors
4
8
16

   
{A' A{
{' ¹A
1r {

 2  A1A
{r 1
  2 A
   1A

Number of Files

   
{'  2
{' {
{' 2 

4
8
16
32

Number of Processors
4
8
16

 2  A1
¹r  
¹r A 2
¹r *

1r 1
1r  
1r  
1r  

   
   A{
   A{
   {A

6.2.1 Row-Major Accesses
ent processors have a large variance, maximal matching

The results for the experiments with row-wise access pat-

algorithm gives better performance. Hence, in such cases

terns are summarized in Table 4. The table gives the im-

maximal matching algorithm should be employed.

provements achieved by MCIO technique compared to a
naive access using the CIO technique for each accessed

In the first set of experiments conducted, the file size

file. The MCIO is able to improve the response time in

is set to 32 MB, representing a two-dimensional matrix of

ºf»  º c» floating points for the case of four processors

the base case (4 processors reading data from 4 files) by

»¼|½ ¼
over a naive access pattern, which performs CIO

reading data from four files. Therefore, the total amount

of data read in this case equals to º MB. When the num-

for each of the 4 files separately. The results also reveal

ber of files is increased, the total amount of data accessed

ment also increases. In addition, when the number of files

increases linearly.

is increased, the improvement increases. An exception
11

that as the number of processors increases, the improve-

occurs when the number of processors is increased from
8 to 16 when 4 files are accessed. The reason for a reduction in the improvement is the small parallelism avail-

Table 6: Total I/O times (in seconds) for astro3d application (Data set size is 8 MB).

able for this access. Note that, when 16 processors are accessing 4 files, each file is assigned to 4 processors. This
increases the synchronization cost of the access and re-

Collective I/O
MCIO

4 processors

8 processors

ÁIÂ ÁVÁ
ÅIÂ Æ¹Ç

ÁIÂ ÃIÄ
ÄVÂ ÁVÆ

duces the advantages of MCIO, which utilizes the available parallelism. Similarly, with 16 processors, there is
an insignificant reduction in the improvement when the
number of files is increased from 8 to 16. These results
indicate that MCIO brings significant improvement even
in the case where the number of processors is less than the

To summarize, these results show that the MCIO strategy brings significant amount of improvement over a
naive CIO access method. Specifically, we are able to im 
prove the response time by as much as ½
.

number of files.

7 Conclusions and Future Work
6.2.2 Column-Major Accesses
Table 5 summarizes the experimental results for columnwise access patterns.

Although, the performance im-

provement by MCIO is slightly less for column-major accesses, MCIO still brings substantial amount of improvement of the naive CIO technique. Specifically, MCIO
is able to improve the CIO performance by as much as
  
¢½ º
when 16 processors are requesting data from 32
files. Similar to row-major accesses, MCIO brings better improvement over the naive CIO performance when
the number of processors or files are increased. The case
where the number of processors is increased from 8 to
16 for reading 4 files is again an exception to the general
trend.

In this paper, we have introduced an I/O optimization
technique called multi-collective I/O. As the gap between
the performance of the processor and the storage subsystem increases, more aggressive optimizations are needed
to be able to feed the processor with enough data. Several scientific applications exhibit poor storage access patterns, and hence optimizations like MCIO can bring significant improvement in the execution time of such applications.
We have first shown that finding the optimal access pattern in MCIO is an NP-complete problem. Then, we have
presented two heuristics to perform this task: a greedy
algorithm that uses sorting and a graph algorithm that
uses a matching problem solver. Then, using synthetic
benchmarks and a scientific application, we have shown

6.3 Results for a Scientific Application

that MCIO can bring substantial amount of improvement

We have also applied the MCIO technique to improve the

in the I/O response time over a collective I/O technique.

I/O performance of the astro3d [15] application. Table 6
shows the results for this three-dimensional astrophysics

Specifically, MCIO was able to improve the response time
 
by as much as ½
.

application. Astro3d accesses six different variables from

Our current work focuses on using the scheduling ob-

a single file. In the original application, this corresponds

tained through our approach in developing powerful I/O

to six different collective I/O calls. Using MCIO, same

prefetching techniques. Also in our agenda is evaluat-

data can be accessed using a single call, thereby the par-

ing the effectiveness of MCIO in a sub-file based envi-

allelism in the system is better utilized. For » processors,


this results in a reduction of the I/O time by ¾ ½ ¿º . For

processors, the improvement of MCIO over traditional

collective I/O increases to ÀºU½ ¼ À .

ronment. We also plan to design and implement an opti-

12

mizing compiler framework for generating I/O-optimized
code automatically using the MCIO interface provided by
our runtime library. Such a compiler will relieve applica-

tion developers from low-level details of file systems and

[10] Gabow, H. Implementation of Algorithms for Maximum

runtime libraries, and let them focus instead on high-level

Matching on Non-bipartite Graphs. Ph.D Thesis, Stanford

(application-specific) aspects of their codes.

University, 1973.
[11] Garey, M. R. and Johnson, D. S. Computers and Intractability, A Guide to the Theory of NP-Completeness.
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Note that, we have rounded the request sizes (c13)

Technical Memorandum ANL/MCS-TM-234, Mathematics

from Table 1. In the above model, È;É5Ê Ë ’s are denoted by

È Ì Í and Î is the objective function. The first 8 con;
straints correspond to the ÏÐ ÉÑ7Ò È É5Ê ËGÓÕÔ constraint in
Section 4.3. Constraints 9 through 12 correspond to the
ÏË1Ö Ñ3Ò È É<Ê Ë×Ó Ö constraint which guarantees homogeA PPENDIX A An Example LP Model
Ð
neous distribution of the files among processors.
The result for the above model is as follows:
Ee give the LP model for the access in Figure 4 and also
Variable Name Solution Value
present the result of the solver. We have used the CPLEX
M
82.000000
as the LP-solver, hence the model and the results are given
1.000000
x2 1
using the CPLEX format. The LP-model is as follows:
x2 2
1.000000
minimize
x1 3
1.000000
M
1.000000
x1 4
subject to
x3 5
1.000000
c1: x1 1 + x2 1 + x3 1 + x4 1 = 1
6
1.000000
x4
c2: x1 2 + x2 2 + x3 2 + x4 2 = 1
1.000000
x4 7
c3: x1 3 + x2 3 + x3 3 + x4 3 = 1
x3 8
1.000000
c4: x1 4 + x2 4 + x3 4 + x4 4 = 1
All other variables in the range 1-33
c5: x1 5 + x2 5 + x3 5 + x4 5 = 1
are zero.
c6: x1 6 + x2 6 + x3 6 + x4 6 = 1
The value of ØÙ for M is the optimal communication
c7: x1 7 + x2 7 + x3 7 + x4 7 = 1
that can be achieved. The variables ÈÚ Ê Ò , È;Ú Ê Ú , È ÒVÊ Û , È Ò¹Ê Ü ,
c8: x1 8 + x2 8 + x3 8 + x4 8 = 1
È Û'Ê Ý , È ÜrÊ Þ , È ÜrÊ ß , and È Û'Ê à are Ô . The remaining variables
c9: x1 1 + x1 2 + x1 3 + x1 4 + x1 5 +
are zero. Note that, this assignment is the same as the
x1 6 + x1 7 +x1 8 = 2
maximal matching heuristic has made, which is shown in
c10: x2 1 + x2 2 + x2 3 + x2 4 + x2 5 +
Figure 7.
x2 6 + x2 7 + x2 8 = 2
c11: x3 1 + x3 2 + x3 3 + x3 4 + x3 5 +
x3 6 + x3 7 + x3 8 = 2
c12: x4 1 + x4 2 + x4 3 + x4 4 + x4 5 +
and Computer Science Division, Argonne National Laboratory, IL, Revised July 1998.
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